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Abstract 

Given the importance of lichens for caribou during winters, disturbances to caribou lichens may affect 

caribou migration and distribution patterns, and possibly lead to their population declines. Using remote 

sensing (RS) data, it is possible to monitor forage lichen cover efficiently over large and inaccessible areas. 

In this thesis, three significantly challenging problems in lichen cover mapping (especially Cladonia spp.) 

in different regions of Canada (Newfoundland and Labrador, Quebec, and Northwest Territory) are 

addressed: 1) lichen mapping using limited ground-validation data; 2) deploying a single, universal model 

for lichen mapping in non-atmospherically corrected RS images; and 3) lichen fractional cover mapping 

over rocky landscapes where non-lichen features are spectrally similar to caribou lichens. To address these 

three challenges, we used a wide variety of RS images (micro-plot images, high-resolution aerial optical 

images, high-resolution satellite (HRS) images (WorldView-2 and -3), and airborne hyperspectral imagery 

(AVIRIS-NG)), and different advanced deep learning (DL) models. In the first phase of this research, we 

found that semi-supervised DL for lichen mapping can improve lichen mapping compared to fully 

supervised learning in the presence of limited training data. In the second phase, our experiments showed 

the high potential of Generative Adversarial Networks (GANs) for normalizing non-atmospherically 

corrected HRS images for lichen mapping using a single, universal lichen detector model under different 

atmospheric conditions. In the last phase of this research, we found that using AVIRIS-NG hyperspectral 

imagery, lichen fractional cover mapping was more accurate than using HRS imagery over a rocky 

landscape where non-lichen bright features resembled lichen species of interest (Cladonia spp.). The studies 

conducted in this thesis are significant as they open new insights into how the use of state-of-the-art DL 

solutions and multiple sources of RS data can improve the quality of lichen mapping under different 

challenging circumstances. One of the most important contributions of this study is that all the methods and 

results presented in this thesis can also be readily applied to other vegetation mapping applications using 

RS data as the methods were designed in such a way that they do not depend on a specific land cover type 

or application.     
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Chapter 1 

Introduction 

Caribou are an iconic animal species in Canadian and Indigenous cultures. These animals are also 

ecologically valuable as monitoring them and their habitats can provide direct or indirect 

information on forest health and natural resources. There are several reports showing that many 

global caribou herd populations in recent decades have declined because of different factors ranging 

from climate change to hunting and disease, according to International Union for the Conservation 

of Nature1. Of the three major types of caribou in Canada, the woodland caribou and the barren 

ground caribou are now considered as “threatened”, according to COSEWIC2, whereas some sub-

species, like the Dolphin and Union populations, are listed as “endangered”3.  

Caribou habitats, especially woodland species, cover a diverse spectrum of landscapes 

ranging from coniferous forests to Arctic tundra. Depending on their habitats, woodland caribou 

are typically distributed sparsely so they need to inhabit in vast areas where they can easily forage 

for food and survive from predators. Conservation of caribou populations is necessary to maintain 

biodiversity in coniferous forests across Canada. One of the most important consequences of 

caribou population decline is the degradation of biodiversity over caribou ranges. Historical 

documents support the fact that most of the past declines were caused by overhunting. However, 

because of the strict conservations in recent decades, it is assumed that the current population 

declines in Canada could not be mainly caused by overhunting, although the human role in this 

problem cannot be ignored.    

 
1 https://www.iucnredlist.org/species/29742/22167140 
2 https://wildlife-species.canada.ca/species-risk-registry/species/speciesDetails_e.cfm?sid=636 
3 https://wildlife-species.canada.ca/species-risk-registry/species/speciesDetails_e.cfm?sid=822 
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There are several anthropogenic and natural drivers that may have contributed to this 

dramatic decline, although the main cause of this decline is still ambiguous. However, most current 

environmental issues have been directly or indirectly caused by deleterious human activities. 

Climate change, mainly caused by greenhouse gas emissions, is one of these human-induced 

environmental concerns that has impacted the frequency and extremity of some Earth system 

processes, resulting in unprecedented heat waves, severe droughts and floods, increase in lightning, 

unexpected land-cover changes, etc. These changes can cause irreparable damage to caribou 

habitats; for example, land-cover changes can affect resource availability for caribou, causing them 

to change their distribution and migration patterns when foraging for food. 

Since monitoring caribou directly may not be practically efficient (especially when several 

herds are to be studied), they can be instead monitored indirectly by investigating the changes, as 

well as the resulting effects, occurring to their habitats [1]. This alternative approach is based on 

monitoring and analyzing the resources on which caribou are highly dependent, such as lichens that 

are caribou’s main winter food source [2-4]. An example of lichen cover can be seen in Error! 

Reference source not found.. 

Lichens are composite organisms comprised of a fungus (i.e., providing the structure to the 

lichen) and alga (i.e., enabling photosynthesis) or cyanobacterium (or both in some instances) living 

in a symbiotic relationship functioning as a single stable unit. Lichens are root-less species that 

directly absorb substances and particles from the atmosphere. Lichens can be found in all terrestrial 

ecosystems, especially in the Arctic where they are dominant vegetation species, and cover 6% of 

the Earth’s surface [5]. There are many species of lichens that are categorized into four main 

groups: Foliose, Fruticose, Crustose, and Squamulos. Although lichen structures do not change 

seasonally, they are very sensitive to environmental changes, especially air pollution, and stop 

growing, or do not grow, in disturbed areas. Lichens are valuable species for the environment as 

they significantly contribute to nutrient cycling. Changes of lichen cover, therefore, could be 
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indicative of environmental changes. Lichen cover changes can also affect the organisms depending 

on them, such as caribou.  

Figure 1.1 An example of caribou lichen cover over one of the study sites surveyed in 

Labrador. 

Continuous monitoring/mapping of caribou lichen cover can help realize if/where/when 

potential anomalies have occurred to the habitats of this vulnerable animal species. Continuous 

monitoring using traditional, ground-based approaches is, however, extremely inefficient. To carry 

out an operational framework for this type of environmental monitoring, one solution is to take 

advantage of a system capable of covering large spatial scales. This can be done using satellite 

remote sensing (RS) data that have provided unprecedented opportunities to facilitate large-scale, 

continuous monitoring of land surface dynamics in a time- and cost-effective manner.  

Lichen mapping using RS data, however, could be a challenging task depending on the data 

and the study area under consideration. For instance, habitat changes affecting caribou could be 
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subtle so that existing models fail to detect them correctly, because they are mainly based only on 

medium-resolution data, such as Landsat [6]. Although several seminal studies on lichen mapping 

have been published in the literature, there are still some important gaps that need to be explored 

to improve lichen mapping using RS data [7-9]. 

 For accurate large-scale mapping of caribou lichen cover (e.g., using machine learning (ML) 

models), a scale-up approach should be first adopted. With the approach selected, the lichen map 

generated based on a very high-resolution image (which is commonly chosen to be UAV images) 

is used as a base map to detect lichen (or its fractional cover) over much larger areas using coarser 

images such as Landsat imagery. Since UAV images usually have small coverage, this scale-up to 

coarser RS images may not result in desirable accuracies This problem is caused by the lack of 

sufficient ground-truth data (coming from the lichen map generated based on the UAV image) that 

prevents the model from converging and generalizing.    

Moreover, the majority of existing approaches for lichen mapping are based on traditional 

(ML) solutions that may not be properly generalizable [8, 10, 11], especially in cases where 

sufficient ground-truth data are not available. In other words, despite the advent of deep learning 

(DL) (resulting in unprecedented accuracy improvements in different vision tasks [12]), recent 

studies on lichen mapping have been mainly based on conventional ML approaches that may not 

be able to appropriately model the complexity of lichen mapping using RS data.  

Furthermore, most of the studies on lichen mapping using airborne/satellite RS imagery have 

employed multi-spectral data, specifically Landsat imagery. Although multi-spectral RS images 

are valuable assets for lichen mapping, there are several studies reporting the limitations of such 

data for accurate mapping of lichen cover due to their limited spectral resolutions [7, 9, 13, 14]. 

Given this limitation, it is crucial to investigate the potential of airborne/satellite hyperspectral 

imagery for lichen mapping, especially over areas where lichens cannot be easily differentiated 

from non-lichen features (such as rock or soil). Unfortunately, there is a gap in the literature on 
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mapping caribou lichen using airborne/satellite hyperspectral imagery over complex landscapes 

where multi-spectral data may not be able to distinguish the spectral signatures of lichens from 

those of other features.  

Due to such drawbacks, it is necessary to develop more advanced, generalizable approaches 

and to test other sources of RS data that can better assist with caribou lichen-cover mapping. Taking 

into account these shortcomings in this thesis, we aimed to develop and test state-of-the-art deep 

learning (DL) solutions designed exclusively for automatically mapping caribou lichen cover. All 

the approaches developed in this study were designed to incorporate multi-scale/source RS 

images/products that are important to map caribou lichen cover in different regions of Canada.  

1.1 Research questions and objectives 

Four main research questions are answered in this research: 

1. How can we improve large-scale lichen cover mapping in the presence of insufficient 

ground-truth data?  

2. How can we effectively and efficiently map lichen cover at the satellite level in non-

atmospherically corrected high-resolution satellite imagery? 

3. How can we improve lichen fractional cover mapping over areas where non-lichen features 

are present? 

Considering the above three research questions, there are three objectives in this research as 

follows. 

1.1.1 Objective 1: Developing a semi-supervised DL approach to scaling-up small-scale 

high-resolution lichen maps to large-scale high-resolution satellite imagery 

The lack of ground-truth data (or training data in the context of ML) is a common challenge in any 

mapping task (especially environmental mapping) using RS data. As we will explain in more detail 

later, this problem can significantly degrade the performance of DL models. However, collecting 

more ground-truth data is a tedious and expensive task. Alternatively, it is hypothesized that 
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algorithmic approaches can mitigate the negative effects of limited ground-truth. In this objective, 

we explore the potential of a semi-supervised DL framework that not only involves ground-truth 

data (or labeled data) but also incorporates unlabeled data into the process of model training to 

improve the performance of caribou lichen mapping in high-resolution satellite (HRS) imagery in 

cases where sufficient labeled data are not available.  

1.1.2 Objective 2: Evaluating the potential of DL for adaptively normalizing non-

atmospherically corrected high-resolution satellite images for mapping lichen cover 

RS images are subject to illumination/lighting variations if they are not corrected for atmospheric 

effects. Under such a condition, if a lichen detector model is trained on a given image and is then 

applied/tested on another image having a different lighting condition, it will be very likely that the 

performance of the lichen detector model hugely degrades due to the shift in the distribution of 

pixel values caused by illumination variations. Therefore, training and applying a universal/single 

lichen detector model may not be possible due to such scene-to-scene lighting variations. To 

address this problem, we experiment with the potential of a DL approach (i.e., generative 

adversarial networks (GANs)) to normalize non-atmospherically corrected intra-sensor images. 

After normalizing the images using the GAN approach, it would be possible to apply the universal 

lichen detector on the normalized images without collecting more training data or fine-tuning the 

model.   

1.1.3 Objective 3: Experimenting with the potential of lichen fractional cover mapping 

using airborne hyperspectral images 

Although there are several seminal papers on lichen-cover mapping using multi-spectral images, 

there are very few papers exclusively on caribou lichen mapping using hyperspectral imagery. This 

is a critical gap in this field as caribou lichen can be easily detected erroneously as non-lichen bright 

features (such as rock or soil) over some landscapes. It is hypothesized that the use of hyperspectral 

imagery can help better differentiate caribou-lichen spectral signatures from those of non-lichen 
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features. In this objective, we, therefore, investigate the potential of airborne hyperspectral imagery 

for caribou lichen mapping over a rocky landscape.  

To explore these three objectives, the rest of this thesis is organized as follows: In Chapter 2, 

a literature review of land-cover mapping and lichen mapping using both traditional and ML/DL 

approaches is provided. In Chapter 3, a comprehensive review and meta-analysis of GANs in RS 

are provided to explore the applications, current trends and status, and the existing gaps of GANs 

in the context of RS. In Chapter 4, the first objective of this thesis is addressed by developing a 

semi-supervised DL approach to improve caribou lichen-cover mapping in the presence of limited 

ground-truth data. Building on Chapter 3, the second objective is explored in Chapter 5 through 

experimenting a GAN-based image normalization solution to improve caribou lichen mapping in 

non-atmospherically corrected HRS imagery. Chapter 6 presents our experiments on the potential 

of hyperspectral imagery and DL for caribou lichen fractional cover mapping over a rocky 

landscape. Finally, in Chapter 7, we summarize the findings and contributions of this research and 

elaborate on the limitations and future directions that are worth further exploring in this field.  
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Chapter 2 

Literature Review 

Lichen cover mapping is a sub-category of land-cover mapping in the field of RS. Due to the fact 

that manual land-cover mapping is highly time consuming and very subjective, automatic/objective 

approaches are generally much more common in the RS community, especially for large-scale 

projects. The majority of current approaches to land-cover mapping are based on machine learning 

(ML) algorithms due to the fact that ML models are flexible and versatile for different mapping 

applications without needing several limiting prior assumptions (such as data distributions). The 

transition from manual and non-ML mapping approaches to ML-based mapping (primarily deep 

learning (DL) in recent years) has recently become substantially popular thanks to high-

performance cloud computing platforms, such as Google Cloud Platform, Amazon Elastic 

Compute Cloud, Microsoft Azure, etc. In addition to ML approaches for vegetation monitoring and 

change mapping, there are some physically derived indices (e.g., Normalized Difference 

Vegetation Index (NDVI)) that have been widely used for vegetation monitoring. Both ML-based 

and index-based techniques have been applied to lichen cover mapping. In this section, several 

seminal research studies related to general land-cover mapping using ML-based approaches and 

index-based approaches are discussed. We also review the applications of these two approaches 

with a focus on lichen mapping.  

2.1 Land-cover mapping using RS data 

2.1.1 Machine learning and deep learning for land-cover mapping using RS data 

Regardless of the quality of RS images used, automatic land-cover mapping is generally a difficult, 

error-prone task for computers, although they are objective and very fast compared to humans. The 

most common approach for land-cover mapping is to use ML models (a subcategory of artificial 
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intelligence (AI) Figure 2.1) as they are very flexible and generally do not require any assumption 

regarding the distribution of data. However, not all ML algorithms sufficiently evolved to model 

the complex patterns of different land-cover classes appearing in RS images. The quality of land-

cover maps is not only dependent on the data and ML models applied, but also on the classification 

approach adopted for mapping. Land-cover mapping using RS data is generally based on two main 

approaches [1]: pixel-based, and object-based (referred to as geographic object-based image 

analysis (GEOBIA) in the literature) [2].  

 

Figure 2.1 Venn diagram of artificial intelligence (AI), machine learning (ML), and deep 

learning (DL). 

Previous research has widely shown that the object-based approach generally outperforms 

the pixel-based one [2, 3]. The main advantage of the object-based approach is the additional 

contextual and spatial features used to improve the accuracy of the final classification map. In fact, 

these extra features, known as hand-engineered or hand-crafted features in the literature, expand 

the feature space to help classifiers better identify imaginary lines separating various classes from 

each other in a higher dimensional space. Although hand-crafted features are thought to be general-

purpose features, they can be highly site and domain specific, affecting the applicability of both 

pixel- and object-based approaches. Because of this problem, hand-crafted features should be 
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carefully selected based on the needs of the application under consideration. The importance of 

choosing suitable image features for automatically producing accurate maps is undeniable. 

However, even ideal image features cannot effectively tweak a weak classifier to yield accurate 

maps. Advanced ML algorithms (e.g., DL models) possess structures through which highly non-

linear/complex patterns in data can be modeled, thereby ameliorating the performance of the model 

to produce more accurate maps. In recent years, the use of DL models (also known as deep neural 

networks (DNNs) in the literature) in RS studies has skyrocketed. The main reason for the success 

of DL models is that they can model highly complex patterns through a hierarchical/multi-level 

arrangement similar to the human visual cortex. This means that the deeper a DL model is (i.e., the 

more hidden layers it has), the more representative features can be extracted from input data. In 

fact, the performance of traditional ML models increases as more data are used for training, but at 

some point, the performance stops improving as they cannot disipher more complex patterns in 

data. On the other hand, DL models keep improving as more data are fed into the model during 

training.  

DL models can operate directly on pixels (e.g. multilayer perceptron (MLP) networks) [4] or 

on image patches/objects (such as Convolutional Neural Networks (CNNs)) [5]. Of different DL 

architectures proposed to date, CNNs are perhaps the most commonly used in the field of RS [6]. 

The most important property of CNNs that distinguishes them from other variants of DL models 

and other ML algorithms is that they do not use hand-crafted features, which are mostly used in 

traditional ML models for regression and classification tasks. More precisely, CNNs can 

automatically extract and learn representative features from training data. By virtue of learned 

features, CNNs can achieve more accurate results and better generalization power than 

conventional ML models can [7]. The reason that learned features, for example, for a classification 

taks are deemed more important than hand-crafted features is that the model trained on hand-crafted 

features may not generalize well to test data because the features calculated may fail to extract real 
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differences in classes. CNNs, however, suffer from several drawbacks that negatively affect their 

performance when used for land-cover mapping, mainly owing to the complex nature of data and 

land-cover types. Several endeavors have been made to adapt CNNs to RS data; for instance, a few 

studies integrated CNNs with GEOBIA and reported higher accuracies using this setup, yet their 

comparisons with other traditional ML models were very limited [4, 6, 8].  

Undoubtedly, the accuracy of land-cover mapping is also highly dependent on the type of 

data used. Past research has shown that given the inability of single-source RS data in capturing 

distinctive characteristics of various (complex) land-cover types, the use of multi-source data for 

land-cover mapping would improve the accuracy. Multi-modal data fusion can be performed in the 

form of image sharpening (in case of using two optical sensors) [9], or in the form of feature fusion 

(in case of using two different data types, such as optical and LiDAR) [10] to improve land-cover 

mapping. In either case, the main goal is to improve the performance of land-cover mapping by 

benefiting from spatiotemporally synchronized multi-source data that could help extract 

distinguishable features that are typically not extractable from single-source data. 

2.1.2 Lichen cover mapping 

In this section, we will review the studies employing RS data for mapping lichen cover. It should 

be underlined that the literature on lichen cover mapping using RS data is scarce (specifically for 

ML-based lichen mapping), which is a striking gap in this field. 

Research on lichen cover mapping is mostly based on non-ML approaches. More precisely, 

the main focus of the past research has been on proposing techniques that link physical properties 

of lichens to the corresponding spectral signatures derived from RS images. Given the spectral 

resolution of an RS image, one can hypothesize that there is a unique spectral signal for a given 

type of lichen. If this unique spectral signature can be accurately identified, lichen cover can be 

detected with simple signal matching methods or arithmetic equations. 
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In one of the earliest studies on this topic, Ager and Milton [11] explored the effects of lichen 

cover on the spectral reflectance of the radiation bouncing off geological features. In that study, the 

authors investigated the portions of the electromagnetic spectrum within which lichen cover in arid 

and semiarid regions had the most reflectance and absorption, whereby lichen could be 

distinguished from substrate. Their experiments showed that for all three lichen types examined 

(i.e. green, gray, and brown types), the absorptions at 680, 1730, 2100, and 2300 nm were indicative 

of the presence of lichen. The authors also compared the laboratory-derived results with the spectral 

bands of Landsat Thematic Mapper (TM), and found that using two ratios of TM bands (Equations 

(2.1) and (2.2)), lichens can be distinguished from rocks.  

 ,
Red band

NIR band
 (2.1) 

 ,
SWIR band

Green band
 (2.2) 

where Green, Red, NIR, and SWIR are the corresponding green, red, near-infrared (NIR), and 

shortwave-infrared (SWIR) bands of TM (0.52-0.60, 0.63-0.69, 0.77-0.90, 1.55-1.75 μm 

wavelengths, respectively). Equation (2.1) uses the chlorophyll absorption region of vegetation to 

distinguish rocks from lichens. In fact, as Equation (2.1) approaches large values, it can be inferred 

that the corresponding pixel covers rocks. Equation (2.2) helps distinguish rocks from brown 

foliose lichen, although it is not useful for detecting green lichen. Although their contribution 

opened new insights into the detection of lichens using RS data, the authors did not 

comprehensively validate the effectiveness of the proposed Equations (2.1) and (2.2). In fact, given 

the coarse spatial resolution of TM, it remained uncertain if these two ratios can be reliably used 

for lichen cover detection.   

In other studies, the spectral reflectance of lichen in subarctic regions was also examined and 

associated with spectral capabilities of satellite RS images. In this regard, Petzold and Goward [12] 
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found that Normalized Difference Vegetation Index (NDVI) may not be a reliable measure for 

lichen cover estimation (especially where the surface is completely lichen covered) as the values 

of this index may be misinterpreted as sparse green vascular plants. In fact, the authors reported 

that subarctic lichens significantly absorb the ultraviolet and shortwave-blue radiations. As a result, 

it was argued that because this portion of the electromagnetic spectrum is missing in Landsat TM 

imagery (whose shortest passband wavelength is 450-520 nm (band 1)), this sensor could not be 

suitable for lichen cover mapping in subarctic regions. In another similar study focusing on 

mountainous areas of Sweden, Nordberg and Allard [13] exploited the potential of RS for 

monitoring changes in lichen cover by calculating NDVI using Landsat TM data. The authors found 

that it was possible to map lichen changes with reasonable accuracy using only NDVI over their 

study area. According to their experiments, the authors generated a change map of lichen cover 

with an overall accuracy of 77%. However, it turned out that the applicability of NDVI for detecting 

and monitoring lichen changes was substantially hindered by the spectral similarity of lichen to 

those of other land-cover types, which was in line with the conclusion drawn earlier by Petzold and 

Goward [12]. Such spectral interference thus deteriorated the accuracy and reliability of mapping, 

especially in cases where lichen cover was <20%. One of the shortcomings of that study was the 

limited, imbalanced ground and lab measurements of spectral characteristics of lichens, which 

negatively affected the quality of the classified change map and the resulting accuracy assessment.  

Rather than using NDVI for lichen detection, few studies have attempted to propose new 

indices exclusively for lichen mapping. One of the most well-known lichen-specific indices is 

Normalized Difference Lichen Index (NDLI) proposed by Nordberg [14], which is presented in 

Equation (2.3).  

 
SWIR band Green band

SWIR band Green band




 (2.3) 



 

15 

 

where Green and SWIR are the corresponding green and SWIR bands of TM (0.52-0.60 and 1.55-

1.75 μm wavelengths, respectively). However, this index is often criticized as it is a simple 

reformulation of the Normalized Difference Snow Index (NDSI) proposed in 1970s, which aimed 

to differentiate snow from cloud. NDLI alone is only useful in cases where the area of interest is 

mostly covered by green plants and is devoid of features that are spectrally similar to lichens. In 

fact, because it does not include other bands that can be effective in differentiating lichens from 

other features (like rocks), it fails to produce satisfactory results. To improve the efficacy of this 

index, as we will describe later, NDLI has been used in conjunction with other indices or solutions.  

Rees, et al. [15] complemented the above studies by constructing a higher-resolution spectral 

library of subarctic lichens between the wavelengths of 400 and 2400 nm. In addition, instead of 

Landsat TM, the authors used Landsat ETM+ (having a higher-resolution thermal band and two 8-

bit gain ranges which may improve lichen detection) to explore the potential of RS data for mapping 

lichen cover based only on spectral signatures of lichens. The authors found that for some lichen 

species, Landsat ETM+ data were useful although their spatial and spectral resolutions prevented 

the differentiation of different lichen species.  

The aforementioned methods for mapping lichen cover had several limitations that precluded 

their applicability. More precisely, the proposed methods were not effective enough to deal with 

the complexity of lichen mapping. Perhaps, the main important problem with the above studies was 

that the authors attempted to directly relate high-resolution spectral libraries to the low-resolution 

spectral information of TM and ETM+ without accounting for other important information. Later 

studies, therefore, used more complex methods to relieve the problem of generating accurate maps 

of lichen cover. In one such study, Théau and Duguay [16] improved the mapping of lichen 

abundance using Landsat TM data by employing a spectral unmixing method, namely Spectral 

Mixing Analysis (SMA), which is commonly used for extracting endmembers from hyperspectral 

data. By selecting three endmembers (i.e. lichen (Cladina stellaris), canopy (Picea mariana), and 
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shadow), which are the most representative components of lichen habitats over the summer range, 

the authors used the SMA to estimate the fraction of lichen that fell within each individual Landsat 

TM pixel footprint over the study area. The authors reported that the SMA was able to correctly 

detect 79.7% of lichen sites although the numerical discrepancy (such as RMSE) between ground-

truth lichen fractions and SMA-derived ones was not measured. Despite promising results 

(compared to previous approaches) for lichen mapping, the SMA did not show a consistent 

behavior over the smallest and largest values of its range; that is, the SMA reliability decreased 

over low lichen fraction sites (i.e. overestimation occurred) and over high lichen fraction sites (i.e. 

underestimation occurred). This could result from both the limited spectral and spatial resolutions 

of TM data as well as the failure of SMA in unmixing the signal properly. The efficacy of SMA 

for lichen cover mapping was also evaluated in other studies [17].   

In mapping and monitoring a specific land-cover type, several problems are posed that can 

be very difficult to handle. In the context of this research, it may be very challenging to detect 

lichen, because its spectral characteristics may resemble those of other land features (especially 

rocks) over the same area, and thus unmixing lichens from non-lichens in even high-resolution 

satellite imagery can be quite difficult. Rather than mapping lichen cover by applying a purely 

physical solution, some studies took advantage of statistical learning approaches to estimating 

lichen abundance using Landsat TM or ETM+ [18, 19]. Gilichinsky, et al. [20] tested three 

classifiers for lichen mapping using SPOT-5 and Landsat ETM+ images. They found that 

Mahalanobis distance classifier generated the highest accuracy (84.3%) for mapping lichens based 

on SPOT-5 images in their study. On the other hand, it turned out that using a maximum likelihood 

classifier, the authors reached an overall accuracy of 76.8% based on Landsat ETM+ imagery. 

However, the main limitation of that study was that the model did not perform well over areas 

where lichen cover was <50%. It was basically caused by the imbalanced data set that did not 

contain sufficient training data over such areas.  
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Researchers have also experimented with the feasibility of Landsat images for estimating the 

volume of lichen cover. In a study conducted by Falldorf, et al. [19], the authors developed a lichen 

volume estimator (LVE) based on Landsat TM images using a 2D Gaussian regression model. To 

train the model, the authors used NDLI and Normalized Difference Moisture Index (NDMI) as the 

independent variables, and ground-based volumetric measurements of lichen cover as the 

dependent variable. For validation of their model, the authors used a 10-fold cross-validation. 

According to the validation results in that study, the model achieved an R2 of 0.67. The proposed 

trained model, however, suffered from some issues. First, the use of a Gaussian model for such a 

complex problem may be appropriate. In fact, it cannot easily be evaluated that the normality 

assumption of parametric models can be met for lichen volume estimation. This is mainly due to 

the limitation of parametric models that require some prior assumptions about the underlying 

distribution of training data. Second, the authors only tested the model over alpine lichen heath 

communities. Given the parametric nature of the model, the proposed framework in that study may 

not be well generalizable to other landscapes that are devoid of heaths or that have other land covers 

that spectrally resemble lichens.  

As described above, the potential of multi-spectral RS imagery (like Landsat) for lichen cover 

mapping has been proven. However, the coarse spectral resolution of Landsat images causes them 

to be unable to accurately distinguish lichen from non-lichen features, mainly in cases where there 

is a high spectral similarity between them. A reasonable alternative can, therefore, be hyperspectral 

imagery capable of detecting more unique spectral signatures, whereby more accurately 

differentiating lichens from non-lichen cover. Unfortunately, the literature is almost devoid of 

research on mapping lichen cover using  airborne/satellite hyperspectral data. This problem is 

primarily because of the very limited access to satellite and airborne hyperspectral sensors. In a 

relevant piece of work in this field, Nordberg and Allard [13] visually found that using 

hyperspectral imagery, it would be practically possible to differentiate three-class lichen cover 
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fractions (11-20% or 31-40%, 61-70%, and 81-100%) from dry heath using the 521.3 nm band of 

an airborne hyperspectral sensor applied in their research. However, as stated earlier, their 

methodology mainly revolved around the use of TM data for lichen change mapping, and they did 

not directly use hyperspectral data in their classification procedure. Moreover, the authors only 

discussed the potential of hyperspectral imagery for separating lichen cover from dry health and 

not from non-vegetation features like rocks, which could be very spectrally similar to caribou 

lichens.   

In areas where tree canopies partially obscure lichen cover, satellite and aerial optical/thermal 

data may not be usable. In order to remotely map understory lichen cover, airborne LiDAR sensors 

can be effectively used. Korpela [21] experimented with the potential of two discrete-return 

airborne LiDAR sensors for mapping Cladina lichen cover over boreal forests in Finland. The 

author also used very high-resolution aerial images to assess the geometric accuracy of LiDAR 

backscatter. In that study, it was hypothesized that a strong backscatter reflectance at 1064 nm 

would separate Cladina lichen from other plant and surface types. According to the experiments in 

the study, it was found that using the proposed methodology, the accuracy of lichen mapping varied 

between 65% and 75%. Given the very challenging manner of processing and refining high density 

LiDAR data along with the small-scale surveys that can be done using terrestrial LiDAR sensors, 

the accuracy range reported showed that LiDAR data may not be efficient in lichen cover mapping 

over large-scale areas. 

The studies reviewed above either applied physical-based approaches or simple (parametric) 

regression and classification approaches for lichen mapping. Since the coarse spectral and spatial 

resolutions of publicly available optical/thermal data (such as Landsat and Sentinel-2 images) are 

an important barrier to reaching accurate lichen maps, recent endeavors in this field have primarily 

focused on improving the results through utilizing multi-scale/source data and more advanced, ML-

based classification/regression approaches. The study conducted by Macander, et al. [22] is an 
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example of such research in which a multi-scale framework was proposed for lichen fractional 

cover mapping. In their multi-scale hierarchy, the authors first used a maximum likelihood 

classifier to classify UAV images (based on in-situ plots) into lichen and non-lichen classes. 

Afterwards, the classified UAV images were downscaled to 2 m and superimposed on the 30-m 

footprint of Landsat-8 imagery to estimate the proportion of lichen cover within each pixel footprint 

of the Landsat-8 image. 

Finally, the derived 30-m subpixel estimates of lichen fraction (i.e., based on UAV images), 

as well as spectral features (i.e., Landsat bands) and elevation data, were used as input data for 

training a Random Forest (RF) regression model to produce a large-scale map of lichen fractional 

cover using only Landsat images. Accuracy assessment of the proposed methodology resulted in 

an R2 of 0.77 and 0.71 based on reserved aerial survey polygons and UAV images, respectively. In 

spite of proposing a novel method for mapping lichen fractional cover, Macander, et al. [22] 

reported that they observed lichen cover overestimation in low lichen cover sites, and 

underestimation in high lichen cover sites. This is a similar problem that Théau and Duguay [16] 

also encountered in their experiments.   

The reviews presented above shows the potential of RS for lichen mapping in different 

regions. However, there are several gaps remaining unexplored in this field. As discussed earlier, 

most of the studies have been based only on a single RS data source. Second, due to the potential 

complexity of lichen mapping, traditional ML models may not generate accurate lichen maps, 

especially if limited training data are available. Third, the literature is almost devoid of evaluating 

the potential of airborne/satellite hyperspectral data for caribou lichen-cover mapping, especially 

over rocky landscapes. Given these three important gaps in the literature, we designed this thesis 

to further explore such gaps to improve lichen-cover mapping using multi-source RS data and 

advanced DL models.  
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Chapter 3 

A Review and Meta-Analysis of Generative Adversarial Networks in 

Remote Sensing 

Abstract 

Generative Adversarial Networks (GANs) are one of the most creative advances in Deep Learning 

(DL) in recent years. The Remote Sensing (RS) community has adopted GANs quickly and 

reported successful use of them in a wide variety of applications. Given a sharp increase in research 

on GANs in the field of RS, there is a need for an in-depth review of the major 

technological/methodological advances and new applications. In this regard, we conducted a 

comprehensive review and meta-analysis of GAN-related RS papers, with the goals of familiarizing 

the RS community with the potential of GANs and helping researchers further explore RS 

applications of GANs by untangling challenges common in this field. Our review is based on 

considering 231 journal papers that were retrieved and selected through the Web of Science (WoS) 

database. We review the theories, applications, and challenges of GANs, and highlight the gaps to 

explore in future studies. Through the meta-analysis conducted in this study, we observed that 

image classification (especially urban mapping) has been the most popular application of GANs, 

potentially due to the wide availability of benchmark datasets. One the other hand, we found that 

relatively few studies have explored the potential of GANs for analyzing medium spatial-resolution 

multi-spectral images (e.g., Landsat or Sentinel-2 data), even though such images are often freely 

available and useful for a wide range of applications (e.g., urban expansion analysis, vegetation 

mapping, etc.). In spite of the wide applications of GANs in different RS processing tasks, there 

are still several gaps/questions in this field including: 1) which GAN models/configurations are 

more suitable for different applications?, 2) to what degree GANs can replace real RS data in 

different applications? Such gaps/questions can be appropriately addressed by, for example, 
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conducting experimental studies on evaluating different GAN models for various RS applications 

to provide better insights into how/which GAN models can be best deployed in different RS fields. 

The meta-analysis results presented in this study could be helpful for RS researchers to know the 

opportunities of using GANs and understand how GANs contribute to the current challenges in 

different RS applications. 

3.1 Introduction 

One of the most important advances in machine-learning in recent years is the resurrection of 

artificial neural networks (ANN) in the form of deep learning (DL). DL has led to the strengthening 

of ANNs by increasing the number of hidden layers (depth), mitigating long-standing problems 

(such as exploding/vanishing gradients), improving spatial characterization with convolution 

operations, and drastically reducing network training time [1]. These advancements have led to a 

new era in a variety of modeling tasks, including computer vision and remote sensing (RS) image 

analysis. DL models, especially deep convolutional neural networks (DCNNs), have been widely 

used in various RS applications, largely mapping applications where traditional ML models (mainly 

working with hand-crafted features) sometimes struggle to produce accurate and generalizable 

results [2]. In recent years, there have been different advances in the field of DL, ranging from new 

architectures and training approaches to new forms of data processing (such as Vision Transformers 

[3], DL-based semi-supervised learning [4], and few/zero-shot learning [5]). Among these 

advances, Generative Adversarial Networks (GANs) [6] are undoubtedly one of the most 

innovative. Although there were previous approaches based on the generative model concepts 

(most notably, Variational Autoencoders (VAE)), GANs boast some unique properties that help 

generate data with unprecedented fidelity or improve network performance for different 

downstream tasks.  

GANs are a class of DL models capable of generating fake data, including image/raster data. 

As any other generative model, GANs are fed with some real data, which is used to learn important 
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features that can then help synthesize data that looks like real data. The way GANs work can be 

considered analogous to counterfeiters and detectives; that is, counterfeiters aim to generate some 

fake products/information that is indistinguishable from real products/information. More 

technically, GANs employ two models (e.g., neural networks): a generator (responsible for 

generating fake data), and a discriminator (responsible for distinguishing fake data from real data). 

These two models are simultaneously trained in an adversarial manner. Intuitively, the goal of the 

generator is to generate fake data such that it is very similar to real data, causing the discriminator 

to fail to distinguish it from a real dataset. Because of GANs relatively unique characteristic of 

producing synthetic data (usually imagery in RS studies), they have been used for a wide variety 

of RS applications including image-to-image translation (e.g., converting SAR images to optical 

images), image classification (i.e., semantic segmentation, object-detection, scene classification), 

and super-resolution (to synthetically upscale imagery to a higher resolution). 

Although there have been several review papers on DL in the context of RS in recent years, 

to our knowledge, those studies have been on the broad topic of DL rather than explicitly focusing 

on GANs [7-10]. Further, timely synthesis is important due to rapid development in the field. Given 

the importance and popularity of GANs in the RS community, we carried out a systematic review 

of the applications of GANs in the context of RS. In addition to providing details on the papers 

reviewed, we also performed a meta-analysis to capture the status of trends in the applications of 

GANs in RS. The main objectives of this review were to:  

1) Identify the main applications of GANs in the field of RS, 

2)  Identify and categorize the various GAN-based algorithms/methods that have been used 

for different RS applications, 

3) Conduct a comprehensive meta-analysis to capture the trend of GANs applications in the 

RS community, 

4) Highlight the main challenges and gaps in training and applying GANs to RS data. 
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3.2 Review process 

To retrieve the papers for our systematic review, we conducted a title/keyword/abstract search of 

the Web of Science (WoS) database using the terms: “remote sensing” AND “generative 

adversarial network”. We downloaded the metadata for all journal papers identified through this 

search (assuming they were the most reliable documents due to their typically more rigorous peer-

review process). The search was performed on July 17, 2021, and 289 journal papers were retrieved 

in total. Of these, 231 papers were deemed as relevant for our review, namely papers that addressed 

RS image-related problems (Figure 3.1). Papers only involving the use of non-RS data (i.e., 

overhead images) and/or non-image data were excluded from our reviews. From the full texts of 

the remaining 231 relevant papers, we collected several types of information deemed useful for 

systematic review, including: the RS application(s) for which GANs were applied, the type(s) and 

spatial resolution(s) of the RS data used,  the type of study area, the details of the GANs used in 

the study (loss function and evaluation metrics), the country of the corresponding author, and year 

of publication (Table 3.1). 
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Figure 3.1 Process of paper selection in this study. 

Table 3.1 Attributes recorded from the papers reviewed 

Attributes Categories 

Study application 

 Image classification: 
o Semantic segmentation 
o Object detection 
o Scene classification 

 Image reconstruction/restoration 
o Super-resolution  
o Image denoising 
o Image inpainting (interpolation) 

 Data translation: 
o Image-to-image translation 
o Text-to-image translation 

 Domain Adaptation 
 Miscellaneous 

o Image generation 
o Image retrieval 
o Image compression 
o Image matching 

WoS database

Querying :
"remote sensing"

AND
"generative adversarial network"

297 journal papers
found

Selecting English
papers:
n = 289

Selecting relevant
papers:
n = 231
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o Image fusion 
RS data used Visible (RGB), multi-spectral, hyperspectral, SAR, LiDAR 

Spatial resolution - 

Study area 
Urban, forest, agriculture, other (e.g., mountains, water, 
airport, etc.) 

Loss function Table 3.2 
Evaluation metrics Table 3.3 

Country of the corresponding 
author 

- 

Year of publication - 
 

3.3 Theoretical background of Generative Adversarial Networks (GANs) 

3.3.1 Vanilla GANs 

Vanilla GANs were introduced by Goodfellow, et al. [6] based on a multi-layer perceptron (MLP) 

network. As a class of deep generative models, GANs consist of two components: a discriminator 

(D), and a generator (G). These two components can be considered as any differentiable system, 

but neural networks are commonly used as the generator and discriminator. The role of the 

generator is to approximate a distribution pg(x) (which is a probability density function with a 

random variable x (e.g., pixel values)) that resembles that of real data pdata(x). When such a 

distribution can be approximated, it is possible to draw samples from it that look like real ones. To 

mathematically define the objective of a GAN, let us define a neural network G (z; θg) as the 

generator where z is random noise taken from a prior distribution z ∼ pz, and θg are network 

parameters. The goal of the generator is to perform the mapping from a given noise vector to the 

real data (G: z → x). This is equivalent to training a network that takes as input a random noise 

vector to simulate, for example, fake RS images. The discriminator network D (x; θd), 

parameterized by d , aims to distinguish fake data (generated by the generator) from the real data 

x ∼ pdata, whereas the generator tries to maximize the probability of detecting fake samples as real 

ones. After each iteration of training, if the quality of fake data is inefficient (meaning that the 

discriminator can easily detect it as fake data), the generator receives some negative 
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feedback/signal helping it improve the generating process. This process is repeated until the 

generator’s fake images cannot be differentiated from the real ones by the discriminator. In essence, 

these two networks compete in an adversarial way through a two-player minimax game as 

presented in Equation (3.1).   

 
( ) ( )min max (  ) min max log ( ) log ( ( )))         data zx~ p x z~p zG GD D

V G, D D x D G z .1  (2.4) 

The discriminator of the vanilla GANs uses a binary cross-entropy classifier (D(x) ∈ [0,1]). In the 

first paper on GANs, it was shown that the best discriminator for a fixed generator is the one 

converging to Equation (3.2).  
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Plugging the unique optimal discriminator DG
*(x) (Equation (3.2) into the objective function 

of GANs (Equation (3.1)) results in the Jensen-Shannon (JS) divergence between pg(x) and pdata(x) 

(Equation (3.3). Since the goal of the generator is to approximate a distribution that matches the 

real one, the optimal generator minimizing the JSD (pdata(x) || pg(x)) is pg(x) = pdata(x), leading to 

the optimal discriminator outputting a probability of 
1

2
, implying that the discriminator will be 

uncertain if the sample is fake or real.  
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3.3.2 GAN variants (conditional, semi-supervised, auxiliary classifier)  

Vanilla GANs generate data based on random noise vectors without relying on any other 

information. One of the most important downsides of vanilla GANs is that we do not have control 
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over the generator, and the samples generated accordingly. To address this problem, conditional 

GANs (cGANs) were introduced [11]. Conditioning the generator as well as the discriminator using 

some additional information (such as class labels) can help improve/manipulate the fake data 

generated. In this regard, we can define the objective function of cGANs very much like that of 

vanilla GANs by including additional information y ∼ pyin both the discriminator and generator on 

as presented in Equation (3.4).  

 
( ) ( )min max (  ) min max log ( ) log ( ( )))         data zx~p x z~p zG GD D

V G, D D x|y D G z|y .1  (2.7) 

This aids the generator in developing fake images for a specific class. For many other cGAN 

applications, such as super-resolution, image interpolation (i.e., inpainting), domain adaptation, and 

image-to-image translation, images are input to the generator. For example, in super-resolution 

applications a low-resolution image is input to the generator and a high-resolution image is output. 

For these image translation types of applications, the generator is the main interest, and the 

discriminator network is used to improve the training of the generator. However, for classification 

tasks, the discriminator network could be of interest and the generator is used to improve the 

training of the discriminator network. 

Different cGAN approaches have been proposed in recent years. Some of those approaches 

need paired data. One of the most well-known cGAN approaches is Pix2Pix [12] (and its improved 

version Pix2Pix HD [13]). The authors of Pix2Pix showed that without devising new loss functions 

or architectures, it would be possible to perform several tasks (such as map/image-to-image/map 

translation, image inpainting, image colorization). However, to improve GANs training for 

different applications, it is a common practice to include other loss functions to the objective 

function of GANs. A list of the most common loss functions used in GANs approaches provided 

in Table 3.2.  
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Although Pix2Pix was a breakthrough in image translation tasks, it was only applicable to 

paired data. In many tasks, collecting paired data is very difficult, if not impossible. To expand the 

applications of cGANs beyond paired data, Zhu, et al. [14] proposed CycleGAN, which is able to 

operate on unpaired data. In this regard, CycleGAN performs two mappings G: X → Y and 

F: Y → X and uses two corresponding discriminators DX and DY. Along with the adversarial loss, 

the authors proposed a new loss function called cycle-consistency loss (Equation (3.5)).  

 

GAN GAN cycle

cycle ( ) ( )

min  max  ( ) + ( ) + λ ( ),

( ) ( ( )) ( ( ))
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G F
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1 1

 (2.8) 

Another commonly used type of cGANs is the semi-supervised GAN which is an improved 

variant of vanilla GANs that aims to improve supervised classification by involving unsupervised 

learning to learn from unlabeled data as well. As shown in Figure 3.2, the discriminator of a semi-

supervised GAN predicts N + 1 classes where “N” is the number of classes in the data, and “1” is 

for an additional class “fake”; that is, if the discriminator detects a generated data as real, it not 

only labels it as “real”, but also assigns it a class label. Auxiliary classifier GAN (AC-GAN) is 

another class of popular cGANs. Similar to cGANs, AC-GAN has a class-conditional generator. 

However, unlike cGANs, AC-GAN’s discriminator does not have access to the class labels. In fact, 

the way AC-GAN works is based on outputting two probabilities: 1) the probability of fake/real; 

and 2) the probability of classes. As with GANs, Variational Autoencoders (VAEs) are generative 

models that can synthesize high-quality images, although plain VAEs are prone to generate blurry 

images. However, Larsen, et al. [15] found that integrating a VAE and GAN (VAEGAN) can 

improve the quality of images generated. In this regard, the input is first encoded to a latent space 

(using the encoder of VAE). Then, the decoder (which is actually the generator) takes the encoded 

latent vector and generates fake images using it. Finally, just like plain GANs, a discriminator is 

used to distinguish fake and real images. Bidirectional GAN (BiGAN) [16] is another GAN model 
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that includes latent-space features along with data-space features in the process of training. In this 

model, not only the GAN maps latent space to fake images, but it also inversely maps real data to 

latent space using an encoder. The authors of BiGAN reported that the efficacy of this unsupervised 

feature learning approach for different supervised and semi-supervised downstream tasks. Due to 

this bi-directional design, in addition to distinguishing real from fake data (in the data space), the 

discriminator jointly distinguishes tuple (xReal, E(xReal)) from (G(z), z).  

 

 

Figure 3.2 Some popular unconditional and conditional GAN frameworks. 
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3.3.3 Improving GAN training 

Because of the high-dimensional parameter space and use of a non-convex objective function, 

finding an optimal solution (i.e., Nash equilibrium) when training GANs can be difficult [17]. Due 

to this, GANs can suffer from instability (such as a phenomenon known as “mode collapse” [17]) 

that may not be easily remedied. To overcome this issue, several approaches have been proposed 

to date. These approaches primarily focus on improving the objective function to enhance stability, 

and/or on the use of specialized architectures (e.g., DCNNs). Mao, et al. [18] proposed a least-

squares GAN (LSGAN) that replaces the sigmoid cross-entropy with the least-squares loss 

function, so as to mitigate the vanishing-gradient problem during training. This was shown to result 

in generating higher-quality images in their experiments. Wasserstein GANs (WGANs) [19] are 

another well-known approach for handling the vanishing-gradient problem in the training of GANs. 

To reduce training instability and mode collapse, WGAN uses an objective function which is based 

on an approximation of the Wasserstein distance (known also as Earth-mover) between pdata(x) and 

pg(x). Due to some limitations of training WGANs (like the K-Lipschitz constraint), WGAN-GP 

was proposed to account for such restrictions through including a gradient penalty term in the 

objective function of WGAN.  

Table 3.2 Most common loss functions found in GAN studies in RS. 

Loss Description Notes/references 

Adversarial 

This is imposed by the 
discriminator and most commonly 
is chosen to be (binary) cross-
entropy loss or least-square loss in 
the context of RS. 

Vanilla GAN [6] 
WGAN [19] 

WGAN-GP [20] 
LSGAN [18] 

Pixel-space 

This is a measure of structural 
similarity that is commonly 
calculated based on L1 or L2 norm 
depending on the application at 
hand. 

L1 norm1 

 

1 1

( )
n

i

G x x
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L2 norm2 (or3 squared L2 norm 
also known as mean-squared 

loss) 

Perceptual 

This is a measure of visual 
perception that is calculated based 
on a well-trained model, most 
commonly VGG-16 or VGG -19. 

L1/2 norm based on pretrained: 
VGG-16/19 [21] 

Classifier 

This loss is used to include 
semantic information as well as 
other information for training 
GANs. 

Cross-entropy 

Total variation 

This loss is popular in style-
transfer tasks as it can help reduce 
noise in the generated images. 
However, it is also widely used for 
super-resolution tasks. 

[22] 

Cycle-consistency 
This is a measure of self-similarity 
used during unpaired image-to-
image translation tasks. 

[14] 

Saliency 
This loss measures 
discrepancies of saliency maps 
of real and generated images. 

[23] 

Edge 

This loss calculates 
discrepancies between the 
edges of real and generated 
images. 

Different edge detection 
approaches can be used to 

detect edges and then 
calculate this loss [24]. 

3.3.4 Evaluation metrics 

Apart from the instability of GANs during training, it is difficult to measure the quality of generated 

images in an objective manner while training. This is mainly due to the fact that the loss values of 

GANs may not be indicative of the performance of the model during training. This problem in 

WGAN is less severe but even that alone could not be a reliable measure. To more objectively and 

efficiently measure the quality of generated images by GANs, several metrics have been proposed 

in the literature, which can be categorized into two main groups: 1) metrics that are evaluated 

against ground-truth data metrics (supervised metrics), and 2) metrics that do not require ground-
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truth data (unsupervised metrics). The metrics requiring ground-truth data also include task-specific 

metrics that indirectly evaluate generated data by considering them in down-stream tasks such as 

scene classification, object detection, or semantic segmentation. Such task-specific metrics include 

well-known metrics such as overall/average accuracy (OA/AA), F1-score (the hormonic mean of 

Precision and Recall metrics), intersection of union (IoU/mIoU), and Kappa coefficient. In Table 

3.3, the most common metrics that have been used in the context of RS for evaluating GANs can 

be seen.  

Table 3.3 Common evaluation metrics of GANs in RS studies. 

Metrics Supervised Examples 
RMSE/MSE/MAE ✓ [25-33] 
Structural similarity index (SSIM) ✓ [25-42] 

Peak signal-to-noise ratio (PSNR) ✓ 
[25, 31, 34, 43-

49] 
Variance inflation factor (VIF) ✓ [25, 50] 
Spectral angle mapper (SAM) ✓ [29, 33, 51-57] 

Erreur relative globale adimensionnelle de synthèse (ERGAS) ✓ 
[28, 29, 33, 38, 

54, 57-60] 
Correlation coefficient (CC) ✓ [29, 55, 60-65] 
Fréchet inception distance (FID) ✓ [66-70] 
Inception score (IS) × [66, 67, 71, 72] 
Perceptual image (PI) × [31, 73, 74] 
Learned perceptual image patch similarity (LPIPS) ✓ [44, 73, 74] 
Mutual information (MI) ✓ [25, 71] 
Cosine similarity (CoS) ✓ [69, 71, 75] 
Quality with no reference (QNR) × [51, 54, 57, 60] 
Naturalness image quality evaluator (NIQE) × [39, 76-78] 
Perception based Image Quality Evaluator (PIQE) × [77, 79, 80] 
Blind/Referenceless Image Spatial Quality Evaluator 
(BRISQUE) 

× [77, 79, 80] 

R-squared ✓ [26, 81, 82] 
Task specific metrics used for different scene classification, 
object detection, and semantic segmentation image 
classification tasks 

✓ [83-92] 
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3.4 Meta-analysis of GANs in Remote Sensing 

In this section, we present the results of a meta-analysis conducted based on the 231 papers 

reviewed in this study. Unsurprisingly, the number of papers on GANs in the context of RS has 

increased rapidly (Figure 3.3). Among the papers reviewed in this study, the first journal paper on 

GANs in RS was published in 2017, which is almost 3 years after GANs were first introduced. 

Although this 3-year delay was significant given the fast pace of advancements in the field of DL, 

we can clearly see that the RS community very quickly adopted GANs for different applications 

since then. In this regard, in 2018, 4 times more papers on GANs were published. Compared to 

2018, almost 3 times more papers were published in 2019. In 2020, 91 relevant papers were 

published that is almost twice the number of papers published in 2019. Finally, until June 17, 2021, 

we found that 72 RS-relevant papers on GANs have been published. 

 

Figure 3.3 Frequency of reviewed GAN papers published since 2017. 

In the papers reviewed, we observed the applications of GANs over a wide variety of areas. 

As shown in Figure 3.4, the majority of studies applied GANs in a mixture of different types of 

sites (n = 108), including, e.g. mixed urban, agricultural, forests, mountains, and water bodies. Of 
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studies that considered a specific type of study site, the majority were studies on urban areas (n = 

75), followed by studies on agricultural/rural areas (n = 30) and forests (n = 10), respectively. These 

results indicate that areas with high levels of human influence are the typical study sites where 

GANs have been applied, while natural areas (forests, wetlands, and other ecosystems) have 

received less research attention. 

 

Figure 3.4 Frequency of study areas in the papers reviewed. 
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Figure 3.5 Frequency of the nationalities of the corresponding authors of the papers reviewed in 

this study. 

We also observed that the large majority (75%) of the papers published on GANs in the 

context of RS have been authored by researchers from China (Figure 3.5). Authors from Germany, 

the United States, and a few other countries from Europe/Canada/Australia also had multiple papers 

published. This geographic imbalance in authorship may be a factor hindering further development 

of GANs for more diverse study sites. For example, there are almost no studies published by authors 

from tropical countries, so use of GANs for monitoring these areas is likely underdeveloped despite 

the importance of tropical ecosystems (e.g., tropical forests, mangroves, and coral/seagrass) and 

the ecosystem services they provide. GANs can be used to improve different applications 

(especially, semantic segmentation) over such areas. 
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Figure 3.6 Frequency of RS data used in the papers reviewed. 

One of the most important parts of any RS study is data. As shown in Figure 3.6, most of the 

papers on GANs have used visible RGB images (e.g., UAV images, Google Earth images, etc.) 

followed by multi-spectral (i.e., more than three spectral bands) and hyperspectral images, 

respectively. There were also several studies that used multiple sources of RS data for analysis, as 

shown in Figure 3.6. In Figure 3.7, it is clear that most of data used were very high-resolution data 

(spatial resolution <= 1 m). High-resolution (1-10 m) data was the second most frequently used 

type, followed by moderate resolution data (10-30 m) and low-resolution data (> 30 m), 

respectively. Only a small number of studies used moderate (n = 46) and low-resolution images (n 

= 16), while these types of images represent the majority of freely available RS datasets (e.g., 

Landsat and Sentinel data), developing further applications of GANs for moderate/low resolution 

imagery could be an important area of future research. 

 

Figure 3.7 Distribution of spatial resolutions of the images used in the papers reviewed. Note: 

Since many papers used multiple data sets, this figure is based on all the data sets used in each 

paper provided that their spatial resolutions were stated. 
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Figure 3.8 Frequency of applications of GANs in RS. 

Among the different RS image processing tasks for which GANs were used, the most 

common was image classification, specifically semantic segmentation (Figure 3.8). After that, data 

translation (especially image-to-image translation) and image reconstruction/restoration (especially 

super-resolution) were the second and third commonly used applications of GANs, respectively. 

Such results are generally in line with the applications of RS where image classification is one of 

the most common applications. Data translation (specifically image-to-image translation) is also 

popular in the context of GANs in RS as it has several applications in different fields (including 

domain adaptation (DA) that is used in different image classification tasks, or converting different 

sources of RS data to each other to improve the performance of models in various downstream 

tasks or to improve the interpretability of images (e.g., translating SAR images to optical images)).    

We also analyzed the loss functions used in the objective functions of the GANs applied in the 

papers reviewed. According to Figure 3.9, the pixel-based loss has been the most commonly used 

loss function used in conjunction with the adversarial loss. It was also observed that the 
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combination of the pixel-space loss and perceptual loss was very popular in the GANs trained in 

the reviewed papers. As shown, it is also obvious that the multi-class/binary classifier loss functions 

(i.e., for image classification tasks) were also popular in the papers reviewed.  

 

Figure 3.9 Frequency of loss functions used in conjunction with adversarial loss in the papers 

reviewed. 

In terms of the frequency of evaluation metrics, we observed that the overall accuracy (OA) 

metric (i.e., classification accuracy) has been used more than any other metric in the papers 

reviewed (Figure 3.10). Specific image-quality evaluation metrics like SSIM and PSNR have been 

the second and third most commonly used metrics. The common use of classification-based 

evaluation metrics in GAN papers reviewed is not surprising as image classification was found to 

be the most popular application of GANs in the RS community. In addition, it is generally easier 

to interpret the quality of results based on such metrics when the goal is image classification.  
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Figure 3.10 Frequency of the metrics commonly used to evaluate GANs in the papers reviewed. 

3.5 Applications of GANs in Remote Sensing 

GANs have been widely used in various RS applications. In this section, we review the applications 

of GANs in RS based on the 231 journal papers considered in this study. To better organize the 

applications, we also propose a taxonomy of different applications of GANs in the field of RS. It 

should be, however, noted that some applications have overlap with each other, but we attempted 

to categorize the papers (and the subsequent reviews) based on the central problem targeted to be 

solved. 
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Figure 3.11 Proposed taxonomy of GAN applications in RS. 

3.5.1 Image reconstruction/restoration  

3.5.1.1 Super-resolution reconstruction 

Affording high-resolution multi-spectral RS imagery can be difficult and expensive. This problem 

is exacerbated if the aim is to conduct time-series analysis using high-resolution RS data. Super-

resolution reconstruction methods are one of the ways of synthetically improving the resolution of 

RS imagery. Advances in developing DL algorithms (especially DCNNs) provided unprecedented 

opportunities for developing more versatile super-resolution methods. Along with CNN-based 
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super-resolution methods, GANs have proven to generate state-of-the-art super-resolution results. 

In recent years, GANs have also been used for different super-resolution tasks in remote sensing 

[29, 35, 43, 48, 93]. Methods used for super-resolution can be categorized into single-image super-

resolution (SISRR) and multi-image/frame SR (MISRR). In remote sensing applications, most of 

super-resolution applications are based on SISRR. However, since temporal analysis in remote 

sensing is a common application, there are few studies employing MISRR.   

In a study conducted by Ma, et al. [28], dense residual WGAN-GP (DRGAN) was proposed 

to perform super-resolution. In order to exert the potential of the residual blocks used in DRGAN, 

the authors used contiguous memory mechanisms in the network. Their experiments showed that 

DRGAN was superior to other approaches like SRGAN in terms of PSNR and SSIM metrics. In 

some studies, super-resolution has been performed to enhance images for a task-specific 

application, especially those in which targets are small, and thus discriminative features may not 

be extracted properly [35, 94]. In [35], SRGAN was used to enhance LR RADAR images for target 

recognition tasks. In [94], an end-to-end edge-enhanced GAN-based super-resolution and object 

detection was proposed to detect vehicles in RS imagery. Yue, et al. [46] proposed a super-

resolution method based on classifier-based GANs (called CSGAN). The authors hypothesized that 

considering the confidence scores of the classification when optimizing GANs for super-resolution 

can improve the results. In this regard, they proposed an objective function consisting of a class-

score loss, perceptual loss (based on VGG), pixel-space L2 loss, along with the adversarial loss. 

Their experiments showed that the proposed GAN-based super-resolution framework resulted in 

higher quality results compared to the super-resolution GAN (SRGAN) [95] and enhanced SRGAN 

(ESRGAN) frameworks [96]. A potentially significant application of super-resolution in the 

context of RS is to improve the resolution of publicly available RS imagery based on commercial 

high-resolution images. For example, in [38], the authors used a modified version (removing 

upsampling layers) of ESRGAN (called RS-ESRGAN) to improve the resolution of Sentinel-2 
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imagery from 10 m to 2 m using reference WorldView (WV) images as the high resolution 

reference. The proposed framework was first trained with synthetic low-resolution and high-

resolution (LR-HR) WV images and then with real LR-HR pairs of Sentinel-2 and WV images. 

Reported SSIM values were in the range of 0.6 to 0.622. Relative to a SRCNN, the best 

improvement in SSIM was ~0.036. The authors also emphasized the importance of standardizing 

images by channels to keep the spectral consistency between the original LR and super-resolution 

images. In a study by Zhang, et al. [42], the authors proposed a GAN-based super-resolution (called 

MS-SRGAN) to enhance the resolution of 16-m Geofen wide-field-of-view (WFV) imagery to 4 

m based on 4-m Geofan-2 reference images. The generator of the proposed MS-SRGAN comprised 

a residual squeeze-excitation (RSE) block to improve feature extraction and super-resolution 

images accordingly. The authors reported that MS-SRGAN overall performed better than well-

known super-resolution approaches including ESRGAN. Jiang, et al. [76] proposed a GAN-based 

super-resolution featuring an edge-enhancement network (called EEGAN) to generate sharper, 

more realistic super-resolution results. Along with using a sub-network that generates sharp images 

like other approaches, EEGAN used an edge-enhancement subnetwork to improve the quality of 

the first subnetwork outputs, resulting in higher quality images than SRGAN and SRCNN. Variants 

of SRGAN were also applied to super-resolution of hyperspectral imagery. Dou, et al. [36] 

proposed a 3D attention-SRGAN network (3DASRGAN) to improve the resolution of 

hyperspectral imagery. The motivation behind the proposed network was that many super-

resolution methods mainly consider spatial information during the super-resolution process. Since 

hyperspectral images are spectrally rich, not properly making use of spectral information can 

degrade super-resolution. Given this, along with spatial and adversarial losses, 3DASRGAN also 

used a spectral loss in its objective function to improve the learning of high-fidelity spectral 

information during the super-resolution process.  
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In a study conducted by Yu, et al. [45], the authors proposed a GAN-based super-resolution 

whose generator was based on deep back-projection network (DBPN [97]), which was earlier 

proposed as an super-resolution network (but not in a GAN configuration). The authors enhanced 

DBPN (E-DBPN) by adding a residual channel attention module and replacing the concatenation 

operation with a proposed feature fusion module. One important factor in their approach was that 

they first trained the generator with an MSE loss (like the original DBPN), and then the pre-trained 

generator was re-trained based on an objective function containing content (based on L2 norm of 

VGG-19) and adversarial losses. In their experiments, E-DBPN achieved higher quantitative 

evaluation results than other methods (including RCAN [98]). In [99], the authors used a residual 

channel attention module (aiming to improve loss of detailed information and blurred edges) in the 

generator of their WGAN to improve feature extraction while training for super-resolution.  

Many of the GAN-based approaches used for super-resolution tasks in RS have been based 

on approaches proposed earlier for SR of natural images. Directly applying those models without 

adapting them to RS imagery might not result in desirable results. As found by Lei, et al. [73], RS 

imagery may have more low-frequency components than natural images, possibly affecting the 

performance of the discriminator to correctly distinguish real images from generated ones when 

facing low-frequency parts of the image. To remedy this problem, the authors proposed a GAN-

based SR called coupled GANs (CDGANs). Instead of considering one image at a time, the 

discriminator of CDGANs takes as input a pair of generated images and their corresponding 

ground-truth ones. To further improve the quality of SR, they also utilized some architectural 

modifications (e.g., the use of a dual-pathway network in the discriminator) as well as a specialized 

loss function (including coupled adversarial loss and pixel-space MSE loss). In a related study on 

considering the characteristics of RS images when designing SR methods, Zhang, et al. [47] 

emphasized the importance of paying attention to the varying complexity of texture information in 

RS imagery when employing SR. In this regard, the authors discussed that applying a uniform 
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super-resolution strategy for different land-cover types may not be suitable for RS imagery. To 

account for this characteristic of RS imagery in SR, the authors proposed a saliency-driven unequal 

super-resolution approach to adaptively consider the spatial characteristics of different regions. 

Their results showed the significance of their approach to considering the characteristics of 

different regions in RS imagery when utilizing super-resolution. In a relevant study, Ma, et al. [37] 

proposed a different saliency-driven GAN-based super-resolution making use of a pair of 

discriminators to better identify salient regions in the image, resulting in the reconstruction of 

sharper details with less textural artifacts. Gong, et al. [74] also echoed the importance of the need 

for designing RS-specific super-resolution methods rather than directly using the ones tested on 

natural images. In their study, the well-known ESRGAN model was modified to be applicable to 

mid-resolution RS imagery (in this case, Sentinel-2 imagery with a resolution of 10 m). In this 

regard, in their WGAN-based super-resolution approach, the authors designed a convolutional 

block (called enlighten block) to improve the convergence of the network by providing an easier 

task (2-times up-sampling) as well as the target/harder task (4-times up-sampling), eventually 

resulting in better convergence and learning high-frequency details. Another important 

modification was the addition of a self-supervised hierarchical perceptual loss along with the 

image-space L2 and adversarial losses.  

3.5.1.2 Image inpainting (interpolation) 

Image inpainting (which is also commonly known as image interpolation in the context of RS) can 

also be done using GANs. Traditional approaches (especially non-ML approaches) used for 

recovering missing regions (caused, for example, by sensor defect, clouds, etc.) in a given image 

may result in unfavorable results, especially if the missing areas are large or located in high-

frequency regions of the image. GANs can be very advantageous for recovering missing regions in 

RS images. In a study conducted by Dong, et al. [100], authors used a GAN-based inpainting 

approach to recover cloud-contaminated regions in sea-surface temperature (SST) products. One 
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of the key advantages of that method was that it also considered temporal information (i.e., 

historical SST data) rather than operating only on spatial information. Image inpainting also has 

applications in improving the density/resolution of rasterized sparse elevation data. In this regard, 

Zhu, et al. [101] used a GAN-based image inpainting approach to interpolate missing areas in 

digital elevation models (DEMs). It should be noted that since their approach was a general-purpose 

interpolation technique, it would be possible to apply it to different RS images. Yan, et al. [102] 

also proposed a GAN-based interpolation approach to predict unobserved elevation data. Their 

proposed GAN was composed of a gated and symmetric-dilated U-net GAN (inspired by DeepFill 

v2 [103]) to learn better features for the inpainting task. In [104], the authors proposed a GAN 

framework to interpolate missing elevation information caused by shadow over mountainous areas 

in SRTM data. In this regard, to train the GAN, the authors used two additional loss terms (shadow 

loss and mountain-curvature loss) in the objective function, helping improve the inpainting task.    

3.5.1.3 Image denoising 

Noise is an integral part of RS data. Depending on the sensor used for imaging, the amount of noise 

varies. GANs have shown remarkable capabilities for reducing noise from RS imagery while 

preserving the overall sharpness and detailed contents of the image. Feng, et al. [31] proposed a 

unified GAN framework for simultaneous denoising and super-resolution of RS imagery. Due to 

the limitations of the spatial domain for simultaneous image denoising and super-resolution, the 

authors trained the GAN in the wavelet transform (WT) domain, helping them to process different 

frequency components separately. The effectiveness of using GAN for image denoising was also 

presented in [34]. The authors reported the efficacy of the GAN-based denoised images used for 

image matching and classification (trucks and cars) compared to the use of other denoising 

approaches like DCNNs [105]. 
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3.5.2 Image classification 

Image classification is one of the most commonly used applications of RS imagery. There are 

numerous ML-based approaches proposed for different image classification tasks that we 

categorize them in this study into semantic segmentation, scene classification, and object detection. 

GANs have recently been used for image classification tasks to improve the generalization power 

of DL models, especially in cases where labeled/annotated data are scarce. In the following three 

sub-sections, we review some of the applications of GANs for image classification of RS imagery.    

3.5.2.1 Semantic segmentation 

Semantic segmentation (or (dense) pixel-wise/level classification) is one of the most common 

applications of RS imagery. Due to their exceptional performance, CNNs are very popular for 

semantic segmentation in the RS community. In many semantic segmentation tasks in RS, the main 

problem is the lack of diverse/representative ground-truth data (also called labeled data), because 

collecting ground-truth data is an expensive, cumbersome task. Due to this issue, ML models (in 

the context of this review paper, DL models) fail to generalize well to test data. There are several 

approaches that can be used to mitigate this issue such as data augmentation techniques, 

regularizers (dropout, batch/group/instance normalization, and regularized weights), multi-task 

training, etc. GANs can be useful for improving semantic segmentation results in different ways 

ranging from data augmentation (generating fake data) to domain adaptation.  

Building on a Bayesian framework (having a prior network and a likelihood network), He, et 

al. [106] proposed an end-to-end cGAN integrated with conditional random fields (CRF) for 

semantic segmentation of RS images. The integration of the skip-connected encoder-decoder 

generator with a CRF layer helped the extraction of better local and global information from the 

image, and thus improving segmentation results compared to DeepLab [107] (which is a powerful 

DL semantic segmentation architecture). In a similar study, Xiong, et al. [108] proposed a different 

end-to-end GAN-based Bayesian segmentation framework in which a prior network outputs 
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preliminary segmentations, and the likelihood network (i.e., GAN operating on the segmentation 

map for exploring spatial relationships among labels) refines the segmentation outputs of the prior 

network. He, et al. [85] integrated object-based image analysis (OBIA) with a semi-supervised 

GAN framework for the classification of wetlands. To improve the trade-off between accuracy and 

speed, the authors in that study incorporated ShuffleNet units [109] into their proposed semi-

supervised GAN (called ShuffleGAN).  The experiments in that study showed that ShuffleGAN 

was superior to the original semi-supervised GAN for the classification of wetlands. In [110], the 

authors modified Pix2Pix by utilizing an FC-DenseNet as the generator to perform semantic 

segmentation on RS images. Their experiments showed the effectiveness of this modification over 

the vanilla Pix2Pix for semantic segmentation. Sui, et al. [111] used a cGAN framework 

conditioned on labels, intra-class edge features, and inter-class boundary features to augment data 

for semantic segmentation tasks. It was shown that the proposed cGAN-based augmentation in that 

study resulted in more accurate segmentation maps than a plain cGAN conditioned only on labels 

did. To address the vanishing-gradient problem, common in the training of DL models, Zhang, et 

al. [112] proposed a conditional LSGAN approach for semantic segmentation of RS images. The 

authors reported the superiority of their approach compared to a cGAN and plain FCN framework. 

In order to improve the learning of high-level discriminative features from raw SAR images, Ren, 

et al. [113] proposed an enhanced AC-GAN framework (distribution and structure match AC-GAN 

(DSM-ACGAN)). Due to its dual-adversarial learning nature and due to considering the 

corresponding class-specific distribution and structure characteristics of real SAR images, DSM-

ACGAN was able to improve the learning of discriminative, high-level features helping produce 

more accurate SAR classification maps compared to some other methods like plain AC-GAN [114] 

and ResNet18 models.   

Building extraction is one of the most common applications of semantic segmentation in RS. 

This is a challenging task as buildings can have intra-class variability and inter-class similarity to 
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some other impervious features such roads. To address high intra-class variations of buildings, Sun, 

et al. [115] proposed the generation of a background map and building map separately through two 

inter-connected orthogonal GANs (O-GAN [116]). In a study conducted by Shi, et al. [117], it was 

shown that building footprint maps generated using cWGAN(-GP) frameworks were more accurate 

than those generated based on cGAN, and the plain U-Net model. In a study conducted by Pan, et 

al. [118], a GAN-based building extraction approach with spatial and channel attention (SCA) 

mechanisms was proposed. An important advantage of adopting SCA mechanisms in the proposed 

GAN-based building extraction framework was to selectively concentrate more on some specific 

important features (both spatially and spectrally), leading to more accurate building extraction 

results. In order to improve building footprint extraction using GANs over complex regions, 

Abdollahi, et al. [119] employed bi-directional convolutional LSTM (BConvLSTM) layers in the 

generator (SegNet [120]). The authors showed that their proposed GAN framework was superior 

to some other approaches (such as the use of the same generator trained in a non-adversarial way).  

Road extraction is another important application in RS mapping. Several studies have 

adopted GANs to improve road extraction from RS images [70, 87, 121-123]. Shi, et al. [122] 

designed an end-to-end cGAN-based segmentation framework (with a SegNet as the generator) to 

extract roads from RS imagery (a mapping task from image to road map), which was shown to be 

overall more accurate than applying a plain SegNet. In another study on road segmentation, 

Abdollahi, et al. [124] used a cGAN, with a modified U-Net generator inspired by [125], to extract 

roads in high-resolution aerial imagery. In [123], the authors used cGAN-based segmentation 

framework integrated with a multi-scale feature aggregation module to account for the uneven 

distribution of roads (depending on the UAV altitude) in UAV images. Their experiments showed 

the importance of using the multi-scale feature aggregation in their cGAN-based segmentation 

approach. Yang and Wang [126] adopted an ensemble cWGAN-GP segmentation approach (based 

on Pix2Pix) by training two GANs and then intersecting their outputs to improve road segmentation 
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accuracies. One of the challenges in road extraction is to preserve the coherency of the road 

networks. However, different types of occlusions (such as shadows) prevent this. To address this 

issue, Zhang, et al. [87] proposed a topology-aware road network extraction approach based on 

cGANs. Their proposed approach (called multi-supervised GAN (MsGAN)) was able to consider 

both spectral and topological features to improve road extraction. In another study on improving 

the topology of road networks extracted from RS imagery, Zhang, et al. [127] proposed a multi-

conditional GAN framework with two discriminators, one of which was aimed for topology 

reconstruction of road networks, and the other one for topology refinement of road networks. 

Improving the efficiency of DL models is important as they may be overparameterized and 

inefficient for the application at hand and lead to an overfitting. By improving its efficiency, a 

lightweight version of Pix2Pix was proposed by Cira, et al. [128] to improve segmented roads from 

aerial imagery. In this regard, the proposed framework took as input Gaussian noise and an initial 

segmented road map (as the condition), and generated a refined road map based on the 

corresponding ground-truth. To improve multi-scale feature extraction (which is an important 

factor for road segmentation, as mentioned earlier), Shamsolmoali, et al. [70] proposed a GAN-

based approach (called adversarial spatial pyramid network (ASPN)). The key advantage of their 

proposed approach was the use of an efficient spatial Laplacian pyramid network as the generator 

that helped extract pyramid features at multiple scales. 

GANs have also been widely used for semantic segmentation of hyperspectral data. Zhu, et 

al. [129] experimented with a 1D-CNN-based and a 3D-CNN-based AC-GAN approach to classify 

hyperspectral imagery. After training the AC-GANs on PCA-transformed data (for the sake of 

efficiency), the authors further fine-tuned the discriminators on the real and fake data. According 

to the experiments, the 3D-CNN-based approach resulted in better accuracies, as it considered both 

spectral and spatial information. Wang, et al. [130] also proposed an AC-GAN approach for 

classification of hyperspectral imagery. The authors also proposed a an adaptive Dropblock (which 
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adaptively generated variable drop shapes rather than a fixed size) [131] used in both the generator 

and discriminator to mitigate the mode-collapse issue.  

Semi-supervised learning (SSL) (involving unlabeled data as well as labeled data in the 

training process) is one of the approaches to improving the performance of the model when 

sufficient labeled data are not available. This can be well done using GANs. He, et al. [132] 

employed a semi-supervised GAN approach for classifying hyperspectral images. Rather than 

inputting hyperspectral images/pixels directly into the GAN, the authors used spatial-spectral 

features extracted with a 3D bilateral filter. In a related study, Zhan, et al. [133] proposed a semi-

supervised 1D GAN helping improve the performance of the model when few training samples 

were available. Taking into account the lack of training data and noise in hyperspectral images, 

Gao, et al. [84] proposed a semi-supervised multi-discriminator GAN-based segmentation 

approach to mitigate some of the common issues of GANs (such as mode collapse) for classifying 

hyperspectral imagery. To classify hyperspectral images, Hang, et al. [134] proposed a multi-task 

GAN framework. The generator in the proposed framework aimed to perform the reconstruction 

and classification tasks simultaneously, resulting in more accurate hyperspectral classifications 

than some other approaches (like WGAN, CNN). For this purpose, the generator was composed of 

an encoder-decoder and a classifier, in which the structure of the encoder was shared with it to 

improve the classification task as well as the reconstruction one.  

Alipour-Fard and Arefi [135] proposed a structure-aware GAN framework for generating 

fake hyperspectral image patches to be used as a form of data augmentation for a subsequent 

classification. In their proposed unconditional GAN, the discriminator was tasked with 

distinguishing fake data from real data and with distinguishing structurally corrupted data from 

non-corrupted data. Applying these two tasks, compared to the conventional GANs, helped 

generate more realistic and diverse samples to use in conjunction with real ones to improve the 

final classification. Feng, et al. [136] proposed a GAN-based hyperspectral classification approach 
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based on collaborative learning and a spatial-spectral Attention mechanism. To further improve the 

performance of the GAN approach for image segmentation, the authors also used a convolutional 

LSTM layer in the discriminator to be able to capture long-term spectral dependencies as well as 

contextual and spatial features. The experiments showed that the proposed approach overall led to 

more accurate results than some other approaches like 3D-GAN. One of the powerful variants of 

GANs is Variational Autoencoder GANs (VAE-GANs [15]), which have been reported to be more 

accurate than VAEs and conventional GANs [15]. The structure of VAE-GANs is basically similar 

to conventional GANs except that a VAE is integrated with the generator, resulting in three 

components: encoder, decoder/generator, and discriminator.  Tao, et al. [137] proposed an end-to-

end hyperspectral-classification approach based on a semi-supervised VAE-GANs (SSVGAN) 

with ensemble predictions, capable of taking advantage of both labeled and unlabeled data during 

model training. In order to generate realistic, meaningful samples for training the classifier in the 

SSVGAN approach, the authors also introduced a new collaborative optimization mechanism. 

Overall, the tests conducted in that study showed the effectiveness of SSVGAN for hyperspectral 

image classification.  

3.5.2.2 Object detection 

As with semantic segmentation, one of the most challenging issues in object detection is the lack 

of sufficient training data, especially if the object of interest is already rare or is small to be properly 

detected [48, 138]. This, as a result, causes the object-detection model to fail to train properly. Data 

augmentation techniques and transfer learning are the two approaches that may improve object 

detection with few training samples. GANs have also been reported to be useful for object detection 

tasks as they can assist with data augmentation and can improve the robustness of the model 

accordingly.  

In a study by Zhu, et al. [67], a multi-branch cGAN (called MCGAN) was proposed to 

generate diverse samples for object detection tasks. To improve the diversity of the images 
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generated, MCGAN used three branches for distinguishing fake from real data, and one 

classification branch for predicting the classes of input objects. The authors also used an adaptive 

sample selection strategy to filter out generated samples that had distributions different from that 

of the real data. The sampled generated images were then used as augmented data for training a 

subsequent supervised CNN object detection model (Faster R-CNN [139]), and found to improve 

the accuracy of object detection compared to the use of traditional data augmentation techniques 

(i.e., rotation, filliping, and contrast transformation).  

In another study, Zheng, et al. [140] utilized a GAN framework for synthesizing vehicles in 

RS images for vehicle detection tasks. Their proposed framework had one generator and two 

discriminators that were tasked with simultaneously learning vehicle synthetization and 

background context. The experiments in that study showed that vehicle detection models trained 

on the combined real and synthesized vehicle samples (generated by the proposed framework) 

resulted in higher detection accuracies than the models trained only on real data. Zhang, et al. [141] 

used a cGAN framework to more accurately recognize aircraft types in RS images. In fact, the main 

goal of the proposed cGAN framework was to extract more discriminative, representative features 

to be fed into a subsequent aircraft classifier (in this case, an SVM). The proposed GAN took as 

input aircraft masks (generated using key points) and generated corresponding synthetic aircraft 

images. In order to learn multi-scale features (to account for the resolution and scale of aircrafts 

appearing in RS images), three discriminators were used for operating on three different image 

sizes (256 × 256, 128 × 128, and 64 × 64). According to the experiments conducted in that study, 

it was shown that the proposed aircraft recognition framework was more accurate CNN approaches 

like ResNet-18. GANs can also be used to improve the robustness of the object detector in cases 

where objects are small compared to the spatial resolution of the data. Such approaches are mainly 

based on super-resolution. In fact, to improve the extraction of small objects in RS images, such 



 

55 

 

studies have typically adopted super-resolution to enhance the resolution of images that can then 

facilitate the detection of objects of interest [48, 94, 138].      

3.5.2.3 Scene classification 

As seen in Figure 3.8, although scene classification (also known as image-level classification) in 

RS is less common than semantic segmentation and object detection, the advent of DL has provided 

an unprecedented opportunity to further explore RS scene classification in recent years. 

Unsurprisingly, GANs can also be used to improve scene classification by improving the robustness 

of the classifier [142, 143].  

As with any other classification task in RS, DL-based scene classification requires a large 

number of annotated data, which is difficult to afford due to many data- and labor-related 

challenges. Taking this issue into account, [144] utilized an AC-WGAN framework to simulate 

annotated RS samples for scene classification tasks. The experiments in that study showed that not 

only the use of AC-WGAN improved classification accuracies in the presence of limited training 

data, but also it was superior to some other data augmentation approaches (including CycleGAN). 

In [145], the authors used a semi-supervised GAN framework to improve scene classification. In 

addition to the semi-supervised nature of the framework in that study, inspired by MARTA-GAN 

[146], the authors used a feature matching loss component, calculated based on the multi-feature 

layer of the discriminator. The importance of the use of multi-feature layer for training GANs in 

scene classification was also demonstrated in [71]. In this aspect, the authors made use of a multi-

feature layer module to train WGAN-GP (called MF-WGAN). After training the GAN model, the 

discriminator (along with the multi-feature layer) was unplugged and used to train an MLP 

classifier. The authors reported that their MF-WGAN was superior to MARTA-GAN. Inspired by 

the symmetrical and incremental GAN training strategy [147], [148] proposed a GAN framework 

capable of generating more diverse, controllable samples for scene classification purposes. In this 

regard, the proposed approach used a progressive technique to generate fake samples from coarse 
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to fine resolutions, which eventually helped learn more diverse structure features that led to 

generating more diverse samples. The experiments in that study showed that training a CNN by 

combining the real and fake images generated by the proposed approach resulted in higher 

classification accuracies than using only real images, and using real, augmented (rotation and 

filliping), and MARTA-GAN. As discussed earlier, the use of attention mechanisms can help focus 

more on more useful/relevant features and can help model long-range dependencies, and thus 

improving the training and generating more realistic images. In a study by [149], the authors 

proposed a scene classification framework based on gated self-attention GANs (SGSAGAN) with 

a novel similarity loss. One of the key features in their proposed GAN-based framework was the 

use of two networks as the discriminator, namely an online and a target into which two augmented 

views of images were fed and the similarity loss was calculated based on the outputs of the two 

networks. Finally, the experiments on two benchmark datasets showed that the SGSAGAN led to 

higher scene-classification accuracies than the other approaches including Attention GANs [150].  

3.5.3 Data translation 

One of the most popular applications of GANs in RS is data translation including image-to-image 

translation and text-to-image translation. In this section, we review some of the data translation 

applications performed with GANs in the context of RS.  

Image-to-image translation has several applications ranging from image colorization to 

cross-sensor style transferring. Such applications have also been explored in several RS studies [26, 

32, 64, 151]. One of the most practical applications of image-to-image translation is to generate 

cloud-free images from cloud-contaminated ones. In a study conducted by Li, et al. [152], the 

authors proposed a semi-supervised cloud removal framework based on cGANs and a physical 

model of cloud distortion to recover thin-cloud-contaminated areas using unpaired RS images (in 

this case, 10-m bands of Sentinel-2 imagery). Their proposed cloud-removal framework was 

composed of two components, namely “removal network” (cGAN; responsible for translating 
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cloud-contaminated image to cloud-free image) and “extraction network” (responsible for 

decomposing a cloud-contaminated image into three cloud distortion layers). According to the 

evaluations performed in the study, it was shown that the unpaired GAN-based cloud-removal 

approach was overall comparable to paired approaches (like U-Net), which may not be efficient as 

collecting paired data may not be possible in some cases. In a recent study on simulating cloud-

free Sentinel-2 images using Sentinel-1 images, Xiong, et al. [82] proposed a multi-temporal paired 

GAN-based approach (called Multi-channels Conditional Generative Adversarial Network 

(MCcGAN)), which was designed based on the supervised CycleGAN (S-CycleGAN) approach 

proposed earlier [153]. According to their experiments, it was reported that MCcGAN overall 

performed better than the other mono- and multi-temporal approaches including S-CycleGAN. In 

another study on the use of GANs for thin-cloud removal from RS imagery, Chen, et al. [49] utilized 

a cGAN with a spatial Attention mechanism in its generator to improve the restoration of thin-

cloud-contaminated regions. The generator of the proposed approach had two subnetworks, namely 

an attention network (to better identify cloud-contaminated regions) and a contextual autoencoder 

(to generate cloud-free images). Their experiments on Google Earth images showed that their 

approach performed better than several other approaches including plain cGANs. Thin-cloud 

removal using GANs was also conducted in [154]. In that study, rather than the RGB color space, 

the authors converted the RGB images into the YUV color space to reduce the number of 

unrestorable bright and dark pixels. In the training process, the authors first pretrained the GAN 

based on simulated image pairs (simulated cloud-contaminated and cloud-free), and then fine-tuned 

it on real image pairs, which, based on comparisons with other GAN and non-adversarial 

approaches, overall led to higher-quality simulated cloud-free images.  

Image-to-image translation can also be used for synthesizing elevation data from single-view 

RS images. For example, in a study carried out by Ghamisi and Yokoya [62], the authors used a 

GAN framework (called IMG2DSM) to simulate DSM data from high-resolution single-view RS 
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images. As well as measuring the reconstruction quality, the authors reported that the use of 

synthesized data together with high-resolution optical data improved the overall accuracy of 

semantic segmentations by ~8%. In a recent study, Paoletti, et al. [65] introduced an improved 

version of IMG2DSM (U-IMG2DSM) for optical-to-DSM translation tasks. One of the 

improvements of U-IMG2DSM was that it was able to operate on unpaired data. In addition, in 

order to make the approach work with unpaired images, the authors integrated weight-sharing 

constraint of coGANs [155] with the latent-encoding of VAE-GANs [15]. The experiments in that 

study showed that although U-IMG2DSM performed slightly worse than IMG2DSM (but better 

than CycleGAN), it was overall more efficient than IMG2DSM.   

SAR images are much less affected by atmospheric variations than optical images. They may 

be, however, difficult to be well interpreted compared to optical images. In this regard, a few studies 

aimed to translate SAR images to optical images and used them for different downstream tasks 

such as semantic segmentation tasks. Reyes, et al. [156] evaluated the potential of CycleGAN for 

unsupervised translation of SAR images (Sentinel-1 and TerraSAR-X) to optical images (Sentinel-

2 and ALOS PRISM). To better evaluate the quality of the translation task, the authors trained a 

road extraction model (DeepLab  V3+) on the real SAR images and synthesized optical images 

separately. They found that although the model trained on real SAR images achieved a higher 

accuracies than the one trained on synthesized optical data, the translation was able to preserve 

important features of roads during the translation. In a more recent study, Zhang, et al. [157] 

adopted Pix2Pix for a SAR-to-optical translation task (Sentinel-1 to Landsat-8 (bands 1-7)) and 

reported that including more SAR-related information (such as different polarizations and edge 

information) for a SAR-to-optical translation task improved the quality of the generated optical 

images. In another attempt to generate optical images from SAR images, Ji, et al. [69] proposed an 

unpaired GAN framework that accounted for the various types of terrains when performing the 

translation task. The authors argued that since different terrains in SAR images can have different 
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color domains, not considering this may cause color confusion in the translated images. Their 

evaluations showed the superiority of the proposed approach for simulating visible RGB images 

(Sentinel-2 RGB) from SAR images (Sentinel-1 VV) compared to CycleGAN and Pix2Pix.  

Another interesting application of image-to-image translation is to create styled maps (like 

Google Maps) from RS images. For example, Song, et al. [32] proposed an efficient image-to-map 

framework using cGANs (called MapGen-GAN). One of the primary factors when translating 

images to styled maps is to meet geometrical consistency requirements when generating styled 

maps from RS imagery. In order to account for semantic distortion and unpaired data for this 

translation task, MapGen-GAN used a geometrical-consistency loss as well as a cycle-consistency 

loss in the objective function of the proposed GAN approach. The evaluations based on different 

metrics (such as SSIM and PSNR) showed the superiority of MapGen-GAN compared to other 

approaches like CycleGAN.   

3.5.3.1 Text-to-image translation  

In the previous section, we reviewed GAN-based image-to-image translation methods used in the 

field of RS. In addition to simulating RS images from other RS image (sources), it is also possible 

to simulate RS images based on text data. This unusual yet interesting task can also be performed 

with GANs. In a study conducted by Bejiga, et al. [158], the researchers investigated the potential 

of a GAN-based framework for synthesizing RS imagery based on geographically described 

ancient texts. In the proposed framework, the synthetization was done by feeding encoded text 

descriptions (along with a noise vector) into a cWGAN-GP responsible for simulating RS imagery 

based on the encoded texts. In a later study [159], the above-mentioned approach was improved to 

be able to generate more realistic images from ancient text descriptions. In the original approach, 

text encoding was performed by a simple binary approach that may not result in semantically 

meaningful synthetization of RS images corresponding to the text descriptions. To address this 
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issue in their enhanced approach, the authors adopted a Doc2Vec text encoder in both the generator 

and discriminator, resulting in synthesized RS images more consistent with the text descriptions.   

3.5.4 Domain adaptation (DA) 

Domain adaptation (DA) is a sub-field of transfer learning, where the goal is to adapt an ML model 

to a target domain so it can hopefully perform as good as it does in the source domain. This way of 

improving the generalization power of ML models has been proven to be effective, especially in 

cases where collecting training samples in the target domain is time consuming. GANs have been 

reported to be advantageous for different DA tasks. In this section, we review the applications of 

GANs for DA in the context of RS. It should be noted that some of the applications in this section 

may have overlap with some of the previous applications (including semantic segmentation, scene 

classification, and object detection), but we decided to separate them to better focus on the DA 

aspects of the approaches proposed.  

Regardless of segmentation models used, it is apparent that the performance of an ML model 

is degraded if the test data are from a different domain [160]. GANs can be used to alleviate cross-

domain shifts in RS data, and thus improving the performance of the segmentation model to 

generalize well on a target domain. Intuitively, one workaround is to make target-domain images 

look like the source image(s) on which, for example, a segmentation model was trained, which is 

technically equivalent to correcting for the domain shift. There are several papers on GAN-based 

DA in the field of RS. Ji, et al. [161] proposed an unsupervised DA (UDA) approach based on an 

end-to-end unpaired GAN framework for LULC classification. One of the key features of their 

GAN framework was to apply three DA modules (i.e., image domain adaptation, feature domain 

adaptation, and output domain adaptation) to improve the quality of the style translation and 

segmentation accordingly. The proposed GAN framework was composed of two learning stages. 

In the first stage, the goal was to transfer style from the source domain images to the target domain 

images based on image domain adaptation and target domain adaptation modules. In the second 
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stage, the target image, target-stylized source image, source image, and reconstructed source image 

(from the first stage) were used to train a segmentation network with an output space adaptation 

module (to align the output segmentation maps). Their evaluations on two datasets showed that 

their approach was superior to the other commonly used ones including AdaptSegNet [162] and 

CycleGAN. Tasar, et al. [163] presented another unpaired GAN-based UDA framework (called 

ColorMapGAN) for LULC classification tasks. One of the key features of ColorMapGAN was its 

high efficiency resulting from the fact that it did not use any convolution or pooling operation in 

the generator, but rather only an element-wise matrix multiplication and a matrix addition. The 

experiments in that study showed that ColorMapGAN overall resulted in more accurate LULC 

classification maps than the other approaches like CycleGAN.  

In another study on UDA for semantic segmentation, Liu and Su [164] proposed a framework 

consisting of three trainable components: a feature extractor network, a cGAN, and an MLP 

classifier. Extracted curve features (from feature curves derived from a pretrained DeepLab V3+) 

along with a random noise vector were fed into the generator. In their proposed approach, the 

feature extractor network, GAN, and MLP classifier were trained simultaneously to optimize the 

framework, but during the test, only the feature extractor and classifier were used. According to 

their evaluations,, their proposed UDA approach achieved higher accuracies than other advanced 

approaches including CycleGAN and CyCADA [165]. Liu, et al. [166] proposed a GAN-based 

UDA approach for hyperspectral classification by emphasizing the importance of aligning class-

conditional distributions rather than only marginal distributions of the source and target domains. 

For this purpose, the proposed framework deployed an adaptation network consisting of class-wise 

adversarial adaptation and probability maximum mean discrepancy (PMMD, which was calculated 

based on the predicted probability outputs of the target data), resulting in higher classification 

accuracies than other state-of-the-art approaches including MADA [167]. 
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Although adapting a given source-domain RS image to a target-domain RS image has been 

shown to improve the accuracy of the semantic segmentation of target-domain RS images, it is also 

interesting to investigate how good translated non-RS images can contribute to the accuracy 

improvement of semantic segmentation. Zou, et al. [168] considered such a special UDA problem 

where the authors translated a set of in-game rendered aerial images of the popular “GTA V” 

videogame to aerial RS images to study how well such translated images would generalize to 

building detection tasks in RS images. For this purpose, the authors utilized CycleGAN (trained in 

an end-to-end fashion with an FCN for the building detection task). Not only did they report this 

approach was superior to applying a plain, non-adapted building detection model, but also they 

reported that jointly training CycleGAN and the building detection model resulted in higher 

accuracies than training and using them separately.  

GAN-based DA methods have also been used for bi-temporal change detection tasks. For 

example, Fang, et al. [169] showed that the use of a GAN-based Siamese approach improved 

accuracy mapping of landslide inventory. In the proposed approach, the GAN was responsible for 

performing DA between a pre- and pos-landslide images. In the landslide detection part of the 

proposed framework, the adapted/translated pre-landslide image along with the original post-

landslide image were then fed into a Siamese network optimized based on the contrastive loss 

calculated between the feature maps extracted from the two image inputs. Later, Kou, et al. [170] 

integrated a ConvLSTM network with a cGAN to spectrally align multi-temporal RS images to be 

used for change detection tasks, which can increase the likelihood of detecting real changes. Their 

proposed GAN-based DA approach consisted of two cascaded modules progressive translation 

(i.e., progressively mitigating seasonal-driven domain discrepancies between bi-temporal images) 

and group discrimination (i.e., evaluating if unpaired generated and post-event images are 

real/fake).  
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GAN-based DA has also been carried out for RS scene classification tasks. In a study 

conducted by Teng, et al. [142], the authors used two different scene land-cover classifiers in the 

discriminator because, as they argued, it would help prevent ambiguity in the vicinity of land-cover 

decision boundaries, resulting in higher accuracies on target images. Liu and Su [171] utilized a 

UDA approach by integrating an AC-GAN and a domain confusion network (trained on the target 

domain with the pseudo-labels generated by a source-trained classifier) to improve scene 

classification in the presence of domain shifts. To strengthen the capability of the GAN-based UDA 

framework for decreasing feature discrepancies between domains, the authors also incorporated a 

feature extractor (jointly trained with the GAN) whose output features were fed into the AC-GAN, 

resulting in higher accuracies than other state-of-the-art frameworks including CycleGAN.   

3.5.5 Miscellaneous applications 

Apart from the applications of GANs that were reviewed above, there are some other applications 

that cannot be considered as a sub-category of the above applications or may be overlapped with 

more than one of the above applications.  

One of such applications is image pansharpening, which can also be considered as a special 

type of image fusion and super-resolution. The main goal of performing pansharpening is to 

enhance the resolution of multi-spectral bands using the panchromatic band, resulting in a single 

image containing both rich spectral and spatial information [25]. GANs have been reported to be 

advantageous for pansharpning as well [51, 54, 57, 60]. For example, Xie, et al. [56] proposed a 

3D GAN (HPGAN) for pansharpening hyperspectral imagery to take advantage of both high-spatial 

and high-spectral information in a single image cube. Unlike SRGAN and ESRGAN, HPGAN used 

a least-squares loss function in the discriminator. One of the key points in HPGAN was that its 

generator operated in the high-frequency domain rather than the image domain to improve the 

generalization power of the network. In [172], a residual encoder-decoder cGAN (RED-cGAN) 

was proposed to perform pansharpening. In order to preserve both spatial and spectral details as 
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much as possible, the generator used a two-branch subnetwork (followed by a Residual encoder-

decoder network) capable of extracting hierarchical features [173]. The experiments on 

WorldView-2 and -3 images showed that RED-cGAN overall led to higher fidelity pansharpened 

images than other methods like PSGAN [174].  

Image retrieval is another interesting application of GANs where the goal is to retrieve data 

of interest from a database based on image contents. The RS community has also reported the 

potential of GANs for image retrieval in recent years [75, 175-177]. In [175], the authors proposed 

a deep metric learning method with GANs regularization (DML-GANR) for retrieval of high spatial 

resolution imagery. In addition to the use of a multi-layer DML and a high-level feature extractor, 

the proposed retrieval framework used an unconditional GAN to reduce overfitting while training 

(in an end-to-end fashion), which was shown to improve retrieval accuracies in cases where training 

data are not sufficient. After training an unconditional GAN, the discriminator can be unplugged 

and used as a powerful unsupervised feature extractor for different downstream tasks including 

image retrieval. For example, in [176] and [177], the authors proposed GAN-based approaches to 

improve retrieving hyperspectral images. In their proposed approaches, an unconditional DCGAN 

was used to extract more representative, discriminative spatial/spectral features helping improve 

the retrieval of queries.    

GANs have also been used for image matching in the field of RS [178-180]. Image matching 

has many important applications in computer vision. The key factor in image matching is to identify 

common features in the image pairs to be matched. Due to different limitations (e.g., illumination 

variations, sensor view angle variations, temporal variations, etc.), identifying common features 

can be difficult. Most of GAN-based image matching approaches are based on image translation 

that aim to make a pair of images similar to each other (e.g., in terms of lighting variations) and 

then perform image matching techniques to the translated image and the other image. For instance, 

Ma, et al. [180] trained a cGAN (regularized with a pixel-space L1 norm and gradient L1 norm) to 
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first conduct image translation on the target image to reduce nonlinear variations. The tests in that 

study based on applying SIFT and SURF feature detectors/descriptors showed the significant 

efficacy of using GANs for improving RS image matching. In a study by Merkle, et al. [178] 

considered matching visible images with SAR images based on a cGAN, cLSGAN, and cWGAN. 

In this regard, the GANs were used to transfer visible images to SAR-like images, and feature 

detectors/descriptors were applied on the generated SAR images and real ones. The authors 

reported that the use of images generated by the cLSGAN led to more accurate image matching 

results than cGAN and cWGAN did.    

One of the challenges of RS data (especially if they are multispectral/hyperspectral) is the 

size that the occupy on the disk. Given this, it is favorable to reduce their size by utilizing, if 

possible, a lossless compression technique. GANs have been reported to be powerful approaches 

to compress RS images while preserving the quality and spectral/spatial information as much as 

possible. In one of the few studies in this field, Zhao, et al. [50] proposed a symmetrical lattice 

GAN (SLGAN) to compress RS images. Since the quality of compressed images can be degraded, 

the authors designed an enhanced Laplacian of Gaussian (ELoG) loss to improve edges, textures, 

and counters of the compressed images. The evaluations of that study (on Geofen-2 images with a 

spatial resolution of 1 m) showed that SLGAN was overall superior to other classic (e.g., JPEG 

2000)  and advanced approaches (e.g., ComGAN [181]). 

3.6 Conclusions 

GANs have been one of the most creative advances in the field of DL in recent years. Although 

there have been several review papers on DL related to RS in the last 4 years, to our knowledge, 

there have not been any journal review paper explicitly on GANs. In this review paper, considering 

231 journal papers published from 2017 to 2021 (July 17th), we conducted a comprehensive study 

on GANs approaches, applications, challenges, and trends in the field of remote sensing (RS).  
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Although GANs have provided unprecedented opportunities for synthesizing RS images and 

for improving model performance in different applications, particularly image classification tasks, 

there are still several critical challenges that have not yet been addressed properly. One of the main 

challenges is the difficulty in optimizing GANs. Although there have been new ways (e.g., new 

architectures, objective functions, training strategies, etc.) for mitigating this issue, it is not 

guaranteed by any means to appropriately converge GANs. Another important challenge is the way 

through which generated images are evaluated. Supervised image-level element-wise metrics (e.g., 

based on L1 and L2 norms) are not generally reliable to judge the quality of generated images 

against the real ones. Feature-level metrics based on pretrained models (most notably, VGG-16 and 

-19) are generally more reliable because small shifts negligible to human eyes can result in different 

image-level losses although the contents of the generated and real images perceptually are very 

similar. However, such pre-trained models for evaluating generated images operate on RGB 

images, as they were trained on millions of natural RGB images. Therefore, applying such models 

to multi-spectral images is not possible by default. Task specific metrics are also useful to quantify 

the quality of generated images based on the application at hand. However, this indirect way of 

evaluation does not take into account the uncertainty in the classification accuracy. Given such 

challenges in evaluating generated images by GANs, one of the future directions in this field is to 

conduct a comprehensive empirical study to analyze which metric(s) can objectively and reliably 

best evaluate GANs performance in different RS applications.  

Moreover, the literature is scarce of comprehensive empirical studies on the performance of 

GANs compared to other advanced and classic approaches in various applications. In fact, the open 

question is that for which applications GANs make a significant improvement compared to other 

approaches. For example, in a comprehensive study by Li, et al. [182], the potential of a CycleGAN 

and AGGAN [183] DA approach for segmentation and object-detection tasks was analyzed. The 

authors found that although the two GAN approaches improved semantic segmentation compared 
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to the direct prediction, they did not perform better than classic, simpler approaches. For object-

detection, the authors reported that the GAN approaches performed the worst. Such a study is also 

worth conducting for other applications and with different RS datasets to better inform the RS 

community about how well GANs can perform against other approaches. Another relevant gap in 

this field is the lack of the evaluation of GANs performance against other well-known generative 

models like Variational Autoencoders (VAEs), which tend to generate less crisp images than GANs 

do. Given this, there is a need for a solid empirical study that shows if the use of GANs has any 

meaningful advantage over VAEs for different downstream RS tasks, such as image classification. 

One other future direction can be on the effectiveness and significance of different loss terms 

in training GANs. It is still unclear which loss functions for what applications can tangibly improve 

the performance of GANs in the field of RS. In this regard, an empirical study on analyzing the 

effectiveness of various loss functions for training GANs in different applications can substantially 

help the community to more reliably configure objective functions of GANs before training.   
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Chapter 4 

Leveraging Deep Neural Networks to Map Caribou Lichen in High-

Resolution Satellite Images Based on a Small-Scale, Noisy UAV-Derived 

Map 

Abstract 

Lichen is an important food source for caribou in Canada. Lichen mapping using remote sensing 

(RS) images could be a challenging task, however, as lichens generally appear in unevenly 

distributed, small patches, and could resemble surficial features. Moreover, collecting lichen 

labeled data (reference data) is expensive, which restricts the application of many robust supervised 

classification models that generally demand a large quantity of labeled data. The goal of this study 

was to investigate the potential of using a very-high-spatial resolution (1-cm) lichen map of a small 

sample site (e.g., generated based on a single UAV scene and using field data) to train a subsequent 

classifier to map caribou lichen over a much larger area (~0.04 km2 vs. ~195 km2) and a lower 

spatial resolution image (in this case, a 50-cm WorldView-2 (WV2) image). The limited labeled 

data from the sample site were also partially noisy due to spatial and temporal mismatching issues. 

For this, we deployed a recently proposed Teacher-Student semi-supervised learning (SSL) 

approach (based on U-Net and U-Net++ networks) involving unlabeled data to assist with 

improving the model performance. Our experiments showed that it was possible to scale-up the 

UAV-derived lichen map to the WV2 scale with reasonable accuracy (overall accuracy of 85.28% 

and F1-score of 84.38%) without collecting any samples directly in the WV2 scene. We also found 

that our noisy labels were partially beneficial to the SSL robustness because they reduced the 

likelihood of classifying non-lichen pixels wrongly as lichen compared to the use of a cleaner 

training set directly collected within the same area in the WV2 image. As a result, this research 



 

83 

 

opens new insights into how current very high-resolution, small-scale caribou lichen maps can be 

used for generating more accurate large-scale caribou lichen maps from high-resolution satellite 

imagery. 

4.1  Introduction 

Global caribou herd populations have been reportedly declining in recent decades because of 

multiple factors ranging from climate change to hunting and disease, according to the “International 

Union for the Conservation of Nature” [1]. Although the main driver of this population decline is 

still ambiguous, most factors thought to be contributing are directly or indirectly related to human 

activities [2, 3], such as land-cover changes that can affect resource availability for caribou [4] and 

can cause them to change their distribution, migration, and timing patterns when foraging for food 

[5]. Lichen is an important source of food for caribou especially during winter [6, 7]. 

Since the base data for caribou lichen mapping is generally UAV images covering small 

areas, one of the primary challenges is to extend the maps generated based on UAV images to much 

larger areas. Therefore, along with the type of data used, the method for lichen mapping is also of 

crucial importance to improve the results. This is due to the fact that the limited amount of data 

provided by UAV images may not help generalize results to larger scales. With recent advances in 

the field of artificial intelligence (AI), it is now possible to deploy advanced algorithmic approaches 

(such as semi-supervised learning (SSL)) to improve the performance of image classification in 

cases were limited labelled data are available. 

Early research on lichen cover mapping using RS data was based on non-machine-learning 

(ML) approaches. For example, Petzold and Goward [8] reported that Normalized Difference 

Vegetation Index (NDVI) may lead to the underestimation of lichen cover, especially over lichen-

dominated areas. The Normalized Difference Lichen Index (NDLI) proposed by Nordberg [9] is 

an index specifically for lichen detection that is mainly used in conjunction with other vegetation 

indices. In a more recent study, Théau and Duguay [10] improved the mapping of lichen abundance 
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using Landsat TM data by employing spectral mixing analysis (SMA). The authors reported that 

the SMA overestimated (underestimated) lichen fractional coverage over sites with low (high) 

lichen presence. 

Orthogonal to the aforementioned studies, Gilichinsky, et al. [11] tested three classifiers for 

lichen mapping using SPOT-5 and Landsat ETM+ images. They found that Mahalanobis distance 

classifier generated the highest accuracy (84.3%) for mapping lichen based on SPOT-5 images in 

their study. On the other hand, it turned out that a maximum likelihood classifier reached an overall 

accuracy (OA) of 76.8% on Landsat ETM+ imagery. However, the authors reported that the model 

did not perform well over areas where lichen cover was <50%. Later in 2014, Falldorf, et al. [12] 

developed a lichen volume estimator (LVE) based on Landsat TM images using a 2D Gaussian 

regression model. To train the model, the authors used the NDLI and Normalized Difference 

Moisture Index (NDMI) as the independent variables, and ground-based volumetric measurements 

of lichen cover as the dependent variable. Using a 10-fold cross-validation, the authors reported 

that the model achieved an R2 of 0.67. In 2020, a study by Macander, et al. [13] employed different 

data sources, including plot data, UAV images, and airborne data, to map the fraction of lichen 

cover in Landsat imagery using a Random Forest (RF) regressor. However, the authors reported 

that they observed an overestimation for low lichen cover sites, and an underestimation for high 

lichen cover sites. 

Although there have recently been seminal studies on lichen mapping using powerful ML 

models (e.g., deep neural networks (DNNs) [14]), there are some gaps that have not yet been 

approached in this field. An important issue in this field is the lack of sufficient labeled, ground-

truth lichen samples. As with any other environmental RS studies, lichen mapping suffers from 

“the curse of insufficient training data”. It is now clear that insufficient training data deteriorates 

the generalization power of a classifier, especially DNNs which can easily memorize training data 

[15]. 
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In case of limited labeled samples, a workaround is to use unlabeled samples that could be 

available in large volumes. In fact, learning from unlabeled samples could implicitly help improve 

the generalization performance of the model trained on limited labeled samples. There are a wide 

variety of methods for involving unlabeled data in a classification setup. Perhaps, one of the most 

commonly used approaches is unsupervised pre-training of a network and reusing its intermediate 

layers for training another network on the labeled set of interest [16]. If unlabeled samples are not 

abundant, another method could be based on transfer learning [17]. This approach is based on using 

a network trained on a large data set in another domain (e.g., natural images) or in the same domain 

but for a different application (e.g., urban mapping). This network can be then either fine-tuned on 

the limited labeled data of interest or used as a feature extractor for another classifier or other 

downstream tasks. The potential of transfer learning has also been proven in the RS community 

[18]. 

Another class of methods that can take advantage of unlabeled data is semi-supervised 

learning (SSL). Some SSL methods, known as wrapper methods [19], generally explicitly 

incorporate unlabeled samples into the training process by automatically labelling them to improve 

the performance of the model [20, 21]. The concept of Teacher-Student SSL is an example of such 

a method that has shown to improve the generalization when limited labeled data are available [20, 

22]. In this regard, Naïve-Student [23] has been recently proposed as a potentially versatile SSL 

approach for the pixel-wise classification of street-level urban video sequences. This approach 

integrates SSL and self-training iteratively through a Teacher and Student network, where the 

Student network can be the same as or larger than the Teacher network. In contrast to a similar 

approach known as Noisy-Student proposed earlier by [20, 22], Naïve-Student does not inject data-

based noise (i.e., data augmentation) directly to the training process to improve the robustness of 

the Student network. Instead, it uses test-time augmentation (TTA) functions when predicting 

pseudo-labels (i.e., labeling unlabeled samples) on which later the Student network is trained. The 
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premise of such an approach is to train a Student network that outperforms the Teacher network. 

Besides, the iterative nature of both Noisy-Student and Naive-Student approaches helps improve 

the Student network further. 

In environmental studies, there are cases where current maps were generated based on very 

high-spatial resolution aerial images covering small areas, but later the aim will be to reuse those 

maps to generate much larger-scale maps using another image source without conducting any 

further labeling. Scaling-up local maps is restricted by many factors (e.g., spatial/temporal 

misalignments, classification errors, etc.) that may prevent generating large-scale maps with 

appropriate accuracy. The accuracy of such a scale-up is further degraded in cases where the current 

high-resolution maps cover a very small, homogeneous area. This is due to differences in 

soil/substrate or climate conditions that could lead to variability in the spectral signature of the 

vegetation of interest [24, 25]. Although multi-scale/sensor mapping in the field of RS is a common 

application, it has been mostly performed either using conventional ML approaches or using data-

fusion frameworks [26-28]. In this study, we approached this problem in a different way: To what 

degree is it possible to scale-up very-high-resolution lichen maps produced over small, 

homogenous areas to a much larger scale without labeling any new samples? 

Taking into account the above question in this research, we aimed to scale-up a very high-

resolution lichen map, generated from a small UAV scene, to a high-resolution satellite level, 

namely WorldView-2 (WV2). This scaling-up task posed several challenges. First, training a fully 

supervised approach in such a case would result in poor accuracy because training samples were 

not sufficient and diverse enough. Second, we expected the classifier performance to be negatively 

impacted by errors associated with image misalignments. These errors, caused by various spatial 

and temporal offsets, can lead to undesirable errors in the model training process. These sources of 

error caused noisy labels (i.e., wrong labels) in the WV2 image when the UAV-derived lichen map 

was scaled-up. We, therefore, investigated whether a small, noisy UAV-derived lichen map could 
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be used to train a highly generalized model capable of producing accurate results over a much larger 

area. To improve classification performance, we adapted Naive-Student [23] to the lichen mapping 

task in this study to leverage unlabeled data in the training process. 

4.2 Methodology 

4.2.1 Study area and data 

The study area (~405 km2) is located south of the Manicouagan Reservoir, Québec, Canada, around 

the Manic-5 dam (Figure 4.1). In undisturbed portions, this area is comprised primarily of dense 

boreal forests (black spruce dominated) and open lichen woodlands, or forests with lichen. This 

region features diverse vegetation species including various types of bright caribou ground forage 

lichens within the Cladonia genus (predominantly C. stellaris, C. rangiferina, C. stygia, and C. 

uncialis) and Stereocaulon genus. 

We had three main sources of image data to accurately map lichen cover over the study area: 

 High-resolution satellite data: Pansharpened WV2 images with a spatial resolution of 50 

cm (Figure 4.1a) 

 Very-high-resolution aerial data: UAV images with a spatial resolution of 1 cm (Figure 

4.1b); 

 In-situ digital photographs of ground conditions within vegetation survey micro-plots 

(Figure 4.1c). 

The field data and aerial image used in this study were part of a field campaign conducted 

between July 22 and August 2, 2019, in Québec and Labrador, Canada. The very-high-resolution 

aerial scene was acquired using a Sentera Double 4K NDRE camera onboard a DJI Inspire-1 UAV 

at a spatial resolution of 1 cm. The UAV was flown at 35 m above ground level at 17 km/h. The 

camera onboard was set to acquire one frame per second. To improve the spatial accuracy of the 

final mosaicked UAV scene, we distributed three ground control points in visible areas across the 

site and recorded their center points using a high-precision Global Navigation Satellite System 
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(GNSS). The image originally had four spectral bands, namely RGB and NIR. We used Pix4D 

software to produce a georeferenced orthomosaic over the UAV surveyed site. The final mosaicked 

UAV scene covered approximately 0.04 km2 (4 ha). Along with the UAV survey, we collected 

digital photographs of 11 vegetation survey micro-plots on July 24, 2019. The second RS image 

source was an 8-band WV2 scene acquired on September 9, 2017 covering the whole study area. 

To improve the spatial resolution of the multi-spectral bands, we pansharpened the WV2 image to 

the spatial resolution of the panchromatic band (50 cm) using the proprietary pansharpening 

algorithm in Geomatica Banff software. The WV2 image was divided into two parts, namely a 

Northern part and a Southern part (Figure 4.1a). The Southern part contained the UAV survey 

location and was used exclusively for model training purposes. We reserved the Northern part for 

model testing. To mitigate the effect of spatial misalignments between the datasets, we co-

registered the UAV and WV2 images using an Affine model with 14 manually identified tie points. 

This resulted in an RMSE of 0.68 m. 
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Figure 4.1 (a) southern part of the WV2 scene (used for model training), (b) the UAV scene, and 

(c) four examples of the micro-plots collected within the UAV survey extent. Note: Lichen species 

shown in the images are Cladonia genus.  

 

 



 

90 

 

 

4.2.2 Classification framework 

A high-level overview of the scaling-up framework used in this study is presented in Figure 4.2. 

We started the procedure by classifying the UAV image based on a labeled set collected using in-

situ plot images and the UAV image itself. The quality of the scale-up was highly dependent on the 

UAV map. 

We first used an integration of deep learning and geographic object-based image analysis 

(DL-GEOBIA) approach [29] to detect caribou lichen cover within the UAV scene. The first step 

in this approach was image segmentation. We used the multi-resolution image segmentation (MRS) 

algorithm [30, 31] with a Scale parameter (SP) of 30 and a neutral value (i.e., 0.5) for the 

Compactness and Smoothness parameters, which were selected by performing a trial-and-error 

process. The SP was chosen in such a way that it would generate pure (i.e., neither under-segmented 

nor over-segmented) but not very over-segmented image objects, preventing the extraction of 

discriminative features (i.e., features that can then help the classifier better detect differences 

between lichen and non-lichen land covers). Afterwards, 1825 point samples were randomly 

selected in the UAV image. It was made sure that none of the point samples fell inside the same 

segments. For training, 80% (1460) of the segments inside which the corresponding point samples 

fell were selected. Of these 1460 segments, 20% (292) were used as a validation set to fine-tune 

the model. To mitigate bias/optimism in our accuracy assessment, we performed a pixel-based 

accuracy assessment rather than an object-based one, and thus chose the corresponding pixels of 

the remaining 20% points (365) as a test set. To identify the true labels of the image 

segments/pixels, the micro-plot images and direct image interpretation of the UAV image were 

used. The class labeling of segments were performed based on a majority voting approach in which 

the label corresponding to the dominant land cover that was visually interpreted was assigned to 

the segment. Based on a cross-validation and grid-search, we then concluded that a four-layer 
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multi-layer perceptron (MLP) (Table 4.1) in the DL-GEOBIA setup with 30 neurons in each hidden 

layer, ReLU activation for all layers (except for the output layer with a sigmoid function), Adam 

optimizer with a learning rate of 0.001, and dropout layers with a probability of 0.5 resulted in the 

best accuracy. 

After classifying the UAV image, we resampled it to the spatial resolution of the 

pansharpened WorldView image, namely 50 cm. The rescaling was based on a majority-voting 

approach; that is, if more than 50% of the pixels of the UAV-derived lichen map within a pixel 

footprint of WV2 image were classified as lichen, we considered that pixel as lichen. This implies 

that because of different types of errors, there were some pixels not corresponding to a true lichen 

patch (or background) in the WV2 image. The resampled lichen/non-lichen map was then used as 

the label map for training another classifier on the WV2 image. We employed Naive-Student [23] 

as an SSL approach to take advantage of unlabeled data for training a more generalizable model. 

The use of SSL would indirectly help learn about the area missing within our original training data. 

In fact, our main goal was to improve the robustness of the classifier against misleading samples 

our classifier had not seen in the labeled data. 
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Figure 4.2 Overall scaling-up procedure employed in this study. 

4.2.3 Semi-supervised learning: Naïve-Student 

Building on [20, 22], Naïve-Student is an approach to training neural networks in a semi-supervised 

fashion when limited labeled data are available. This approach is based on a Teacher-Student 

framework where the goal is to improve the performance of the Student network iteratively using 

both labeled and unlabeled samples. In contrast to Knowledge Distillation [32], Naive-Student aims 

to expand knowledge (or the capacity of the Student). In other words, the student network will 

eventually generalize better than the Teacher network. The premise of such an SSL framework 

basically is to improve robustness [22]. 

Since we had limited data available, we first split the UAV and WV2 images into equally 

sized image patches before inputting them to the networks in this study. Given this, to formalize 

the Naïve-Student, let   N

i i i
X x y




1
,  be a set of paired n image patches and respective label maps. 

In addition, let  M

i i
X x




1
   be a set of m unlabeled image patches. The size of both the labeled and 

 



 

93 

 

unlabeled patches in this study was chosen to be 64 by 64 pixels, with the labeled image patches 

having an overlap of 75%. The reason for using a large overlap was two-fold: (1) minimizing the 

edge-effect problem in predictions, and (2) increasing the number of training data, which can be 

considered as a data augmentation process [33]. Given these two data sets, Naïve-Student procedure 

in the context of this research can be summarized as follows: 

1. Train a Teacher network θ*
t  minimizing binary cross entropy on the labeled set: 

   

L

n
t

i i
i

y f x
n 1

1 , ,  (3.1) 

2. Generate hard pseudo-labels for the unlabeled set with test-time augmentation (TTA) 

functions (in this study, vertical and horizontal flips): 

   t
i iy f TTA x i m  *, , 1,...,   (3.2) 

3. Train an equal or larger Student network θ*
s minimizing binary cross entropy on the pseudo-

labeled image set: 
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4. Fine-tune the trained Student network θ*
s on the labeled set: 

   
n

s
i i

i
y f x

n



 *

1

1 , ,L  (3.4) 

5. Replace the Student network θ**
s  with the Teacher network and start over from step 2. 

These steps, starting from the second step after the first iteration, are repeated for a certain number 

of iterations until desired results are achieved based on smallest validation loss. 

The choice of the networks used as the Teacher and Student is highly dependent on the 

application at hand. Choosing very deep models for easy tasks may lead to extreme overfitting after 

a few epochs. We used a U-Net model [34] as the initial Teacher model. This network has been 
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frequently proven to be an accurate model for different mapping tasks in RS, and thus it was also 

a suitable choice for lichen mapping. For the Student model, we selected a U-Net++ [35], which is 

a nested version of the plain U-Net and generally outperforms U-Net. The reason for choosing U-

Net++ was two-fold: (1) we needed a model that would be more accurate than U-Net, thus more 

likely helping improve the performance of the Student model; and (2) we needed a consistent model 

to U-Net which was not much deeper, causing early overfitting. In fact, since U-Net++ is an 

enhanced version of U-Net, its architecture is consistent with U-Net, so that hyperparameter tuning 

of U-Net++ would not be different from U-Net. It should be noted that the original U-Net++ uses 

a custom loss function which is a combination of the standard binary cross entropy and Dice 

function. However, in this study, we instead used the standard binary cross entropy, as we found it 

more suitable and stable for the mapping task in this study. In addition, neither data over-/under-

sampling nor class weighting was employed while training the Student network on pseudo-labels. 

In fact, there were more complex patterns in non-lichen features that the model needed to decipher 

to improve its robustness against misclassifying background pixels as lichen. 

We used a U-Net with 32 initial convolutional filters and the convolutional blocks of 32-64-

128-256 convolutional filters, and the bottleneck with 512 convolutional filters. The schematic of 

the U-Net model applied in this study can be seen in Figure 4.3. We also used a U-Net++ (Figure 

4.4) with the same 32 initial convolutional filters and convolutional blocks, without the deep 

supervision mode. We used the Adam optimizer to train both the networks. As mentioned earlier, 

rather than using the single training image as direct input to the SSL, we split it into equally sized, 

overlapping patches, which is a common practice when limited data are available and/or when the 

entire image cannot fit in the GPU memory [34, 36]. Since we had limited labeled samples, we 

initialized our Teacher and Student networks using supervised pretrained U-Net and U-Net++. To 

make the models more adaptable to the domain of this study, we pre-trained them on an urban 
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pixel-wise classification task on a large WV2 scene and reused the intermediate weights in the 

Naive-Student setup. 

Figure 4.3 Architecture of the zero-padded U-Net model used as the initial Teacher network in the 

Naïve-Student in this study. 
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Figure 4.4 High-level architecture of the U-Net++ model used in the Naïve-Student framework in 

this study. Note: Values under each circle (i.e., convolutional blocks) indicate the depths of outputs 

from the respective layers. 

The training process started with the initial Teacher network, namely U-Net, using a learning 

rate of 0.001. To improve generalization, we used dropout layers (with a probability of 0.25) in 

both U-Net and U-Net++ networks during training, while dropout layers were disabled during 

inference (i.e., during pseudo-labeling and test labeling). The first Teacher model was trained on 

the labeled training data whose labels were obtained from the resampled UAV-derived map. All 

the training for each Teacher network terminated once no boost on the loss (i.e., binary cross 

entropy loss) of the labeled validation set was observed after a few consecutive epochs. Afterwards, 

the trained model was applied to the large unlabeled data set to generate the respective pseudo-

labels. As with the original Naïve-Student approach, we applied a TTA. We used flipping functions 

(i.e., horizontal and vertical) with no multi-scale transformation, as it did not lead to a tangible 

improvement because of the partially scale-independent nature of the lichen mapping task in this 

study. The pseudo-labeled data were then used as a training set for training the Student network 

(i.e., U-Net++). We used 80% of the pseudo-labeled data for training and the remaining 20% for 

validating the model. The trained Student model was then fine-tuned on the labeled training data 

with a smaller learning rate (i.e., 0.0001) to prevent weight explosions in the pre-trained model. 

For training all the networks, we used a batch size of 16, which was selected experimentally based 

on the directions provided by Masters and Luschi [37]. The fine-tuned Student was utilized as a 

new Teacher to repeat the whole process in the second iteration. This process was repeated until 

the smallest loss on the labeled validation set was achieved. 

There were also clouds over some parts of the WV2 scene. Before training, we did not mask 

out clouds, cloud shadows, or water from the training process on the WV2 scene. In fact, we also 

aimed to analyze the robustness of SSL against cloud pixels that were spectrally similar to some 

lichens. For training and validation set selection, the resampled UAV-derived label map was split 
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into 52 non-overlapping valid image patches. If an image patch had more than 256 invalid pixels 

(i.e., pixels not labeled), we discarded it from our analysis. We used ~70% of the image patches for 

training (i.e., 37 patches) and the rest for validation (i.e., 15). Then, as described earlier, 75%-

overlapping image patches were extracted from neighboring training image patches.  

Table 4.1 Details of the networks used in this study. 

Model Learning Rate Optimizer # of Neurons/Filters # of Trainable Parameters 

DL-GEOBIA 0.001 Adam 30 (in each layer) 3,691 

U-Net, U-Net++ 
Training: 0.001 

Fine-tuning: 0.0001 
Adam 32-64-128-256-512 

U-Net: 7,767,425 

U-Net++: 9,164,769 

 

4.2.3.1 Noisy labels 

Noise is an inseparable component of any data. Our data suffered from standard noise sources such 

as sampling noise and sensor noise. However, we also considered noise as any type of data 

disagreement that resulted in mislabeling. For example, assuming that the UAV and WV2 images 

were perfectly co-registered, there could be a lichen patch that was easily visible in the UAV image 

but occluded by tree shadows in the WV2 image. Another example of a data disagreement is 

orthorectification errors that can cause underlying land cover to appear differently in the two 

images. To analyze the role of noise in this research, we first need to clarify what we exactly mean 

by “noisy labels”. With respect to the scaled-up UAV-based lichen map, the term “noisy labels” in 

the context of this research had three different forms: 

 Pixels wrongly labeled as lichen: This included pixels that were devoid of any lichen patch 

in the WV2 image but wrongly labeled as lichen (i.e., false positive error). 

 Pixels wrongly labeled as background: This included pixels that were actually lichen in 

the WV2 image but were labeled as background (i.e., false negative error). 
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 Pixels correctly labeled as lichen but shadow contaminated: This included pixels that 

corresponded to a lichen patch in the WV2 image but were largely occluded by shadows 

(i.e., false positive error). 

Past research has shown that DNNs to some degree are robust to noise compared to 

conventional models [15]. In fact, because of the memorization effects, DNNs first fit to clean data, 

and after some epochs, start overfitting to noisy data [38]. Therefore, early stopping based on a 

clean validation set may help prevent the model from memorizing mislabeled samples. However, 

providing a clean validation set in real-world applications is very cumbersome. The Naïve-Student 

approach itself is also partly robust to noisy labels but is not immune. In this study, rather than 

attempting to refine our training set by filtering out noisy labels, we kept them to analyze how such 

label noise would affect the performance of the SSL framework for lichen detection. In addition, 

to test the effect of noisy data on model performance, we developed a cleaner training dataset by 

delineating training data in the WV2 image directly. This experiment would show the effect of a 

noisy labeled set compared to a possibly clearer labeled set. 

To expand the assessment of the SSL framework, we also deployed a pixel-based RF 

approach for lichen detection. The reason for using a pixel-based RF approach for comparison 

purposes in this study was due to the popularity of this algorithm for lichen mapping [13, 39] as it 

is an accurate conventional model and is more computationally efficient than Support Vector 

Machine (SVM), which is another powerful conventional algorithm. To select the most appropriate 

hyperparameters, a grid-search procedure was employed. Grid search for hyperparameter tuning 

resulted in a value of 500 as the number of trees, a value of 2 as the minimum samples per leaf, and 

the square root of the total number of randomly chosen features at each split. Along with the 8 

spectral bands of the WV2 image, we calculated NDVI and gray level co-occurrence matrix 

(GLCM) features (mean, dissimilarity, homogeneity, variance, entropy, correlation, contrast, and 

second moment) to improve the performance of the model in detecting lichen cover. In fact, the use 
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of GLCM textural/spatial features along with spectral features would help capture differences 

between lichens and non-lichen land covers (such as rocks, trees, and roads that typically are 

texturally different from lichen cover).  

4.2.3.2 Programming environment 

All the neural network models were implemented using the PyTorch framework, and the RF model 

using the scikit-learn library. Other Python libraries including NumPy and Rasterio were also used 

for (geo)data handling. The framework was run on Compute Canada servers (i.e., Graham GPU 

clusters) using NVIDIA V100 GPUs and 100 GBs of RAM. We also used Google Colab for 

prototyping and initial testing of our models. 

4.2.3.3 Accuracy assessment 

For accuracy assessment purposes, we collected 3000 pixels randomly and manually to equalize 

the number of samples in each class as much as possible. Samples that fell on clouds or were 

difficult to interpret were discarded, resulting in a total of 2649 samples. Two main measures of 

accuracy assessments were used: Overall accuracy (OA) (Equation (4.5)) and F1-score (Equation 

(4.6); and its components Precision (Equation (4.7)) and Recall (Equation (4.8)). 

 
True Positive + True NegativeOA

Positive + Negative
  (3.5) 

 Precision RecallF1-score
Precision + Recall


 2  (3.6) 

 True PositivePrecision = 
True Positive + False Positive

 (3.7) 

 
True PositiveRecall = 

True Positive + False Negative
 (3.8) 
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4.3 Results 

According to the experiments, the OA and F1-score of the classified UAV image were 97.26% and 

96.84%, respectively. Figure 4.5a illustrates the resampled (50-cm) classified UAV map 

superimposed onto the corresponding area of the WV2 scene. In this figure, it is also evident that 

there are some non-lichen pixels wrongly labeled as lichen or vice versa. The results of our 

assessment on the resampled map at the WV2 level showed an OA and F1-score of 83.61% and 

90.74%, respectively, which indicates a tangible accuracy degradation compared to the original, 

non-scaled-up UAV map. No specific preprocessing or sampling was performed before training 

the SSL networks at the WV2 level. 

Figure 4.5 Lichen map (labeled data) over the UAV extent: (a) resampled UAV-derived map and 

(b) WV2-derived map. 

The best result of training the Teacher-Student framework was achieved after three iterations 

(where the smallest labeled validation loss was achieved) namely that the Student network was used 

as a Teacher in two iterations. Figure 4.6 shows a small portion of the WV2 image (also covering 
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the UAV extent) that was used as an input to each of the three networks obtained after each iteration 

to predict lichen pixels. The Student network improved gradually after each iteration. The most 

obvious performance improvement can be seen over the road pixels and some tree types that were 

differentiated more accurately from lichen patches as the network evolved. Essentially, the Type I 

error was reduced after each iteration without adding new training samples to the process. This 

confirms that an iterative Teacher-Student SSL approach could help improve pixel-wise 

classification accuracy when only a small training set is available. 
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Figure 4.6 Progress of improvement in the Naive-Student for lichen mapping over (a) a portion of 

the WV2 image (which also covers the UAV extent): (b) prediction map after the first iteration, (c) 

prediction map after the second iteration, and (d) prediction map after the third iteration. 

 

Figure 4.7 displays the map generated for the Northern part (i.e., test image) of the WV2 

scene using the SSL approach. Unsurprisingly, some parts of the thick clouds were erroneously 

classified as lichen. However, most of the thin clouds and haze were correctly differentiated from 

lichen. We also observed that some rippling-water pixels were misclassified as lichen, although the 

number of misclassified water pixels was much less than that of misclassified cloud pixels. It should 

be noted that neither of these two classes were present in the labeled samples used for constructing 

the SSL models. Misclassification of some trees as lichen was caused by mislabeled pixels in the 

scaled-up UAV-derived lichen map. To handle misclassified pixels over cloud areas, we applied a 

simple cloud masking using the Fire Discrimination Index (FDI), which was reported to be useful 

for cloud-masking in WV2 imagery [40]. Although applying this mask resulted in the removal of 

most of the lichen misclassifications over cloudy areas, there were still few cloud pixels that 

required manual removal as employing a larger threshold would remove some lichen pixels as well. 
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Figure 4.7 Lichen cover maps generated on the test WV2 image: (a) original map and (b) the map 

whose clouds were masked out using the FDI after classification. 
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Based on our quantitative accuracy assessment, the SSL-based WV2 lichen map had an OA 

of 85.28% and F1-score of 84.38%. From the confusion matrix (Table 4.2), it can be concluded 

that the rate of misclassification of background pixels as lichen was less than the rate of 

misclassification of lichen pixels as background (i.e., more lichen underestimation than lichen 

overestimation). The activation maps (Grad-CAM [41]) of the SSL U-Net++ for two image titles 

containing lichen patches can be seen in Figure 4.8. We can see that the network learned low-level 

features (like edges, and some basic relationships between lichens and neighboring areas) in the 

first few layers (first convolutional block). In the last layers, the network combined abstract and 

high-level features to perform final predictions, resulting in CAMs looking very similar to the 

prediction maps. Comparing the SSL U-Net++ with the supervised one showed a significant 

accuracy improvement (more than 15% and 22% improvement in OA and F1-score, respectively). 

The more important part of accuracy improvement was due to the higher true positive rate of the 

SSL U-Net++ (Table 4.2), which is mainly because of the increase in the size of training data 

provided through the iterative pseudo-labeling and fine-tuning. 

 

Figure 4.8 Lichen activation maps (Grad-CAM) of the second ReLU output (the output of the first 

convolutional block) and the last ReLU output. 
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Table 4.2 Confusion matrices calculated based on the classification maps generated by the models 

in this study. Note: The SSL models are based on the final U-Net++ Student networks. 

Main model 

OA = 85.28%  

F1-score = 84.38% 

True label 

Lichen Background 

Lichen 1053 229 

Background 161 1206 

Cleaner model 

OA = 85.05%  

F1-score = 85.27% 

True label 

Lichen Background 

Lichen 1146 328 

Background 68 1107 

Overfitted model 

OA = 64.82%  

F1-score = 48.68% 

True label 

Lichen Background 

Lichen 442 160 

Background 772 1275 

Supervised U-Net++ 

OA = 70.93% 

F1-score = 62.07% 

True label 

Lichen Background 

Lichen 630 186 

Background 584 1249 

RF model 

OA = 60.89%  

F1-score = 27.86% 

True label 

Lichen Background 

Lichen 200 22 

Background 1014 1413 

4.3.1 Noisy labels vs. cleaner labels 

We hypothesized that noise, specifically false positive detections, would have a deleterious effect 

on our results. In fact, since lichen maps generated based on high-resolution data are commonly 

used to map fractional lichen cover in coarser images (e.g., Landsat imagery), the priority may 

typically be to generate a map with a lower false positive rate (instead of a higher true positive 

rate). In this section, by rejecting the above-mentioned hypothesis, we discuss that not only these 

types of noise were not deleterious, but also they, to some degree, enhanced the robustness of the 

SSL along with the use of unlabeled data. To demonstrate this experimentally, rather than scaling-
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up the UAV-based lichen map to the WV2 image and then training the SSL baseline on it, we 

directly classified the same area in the WV2 image. For this purpose, we used the same 1825 points 

employed for training and testing the DL-GEOBIA model on the UAV image. However, this time 

we pre-screened the points to correct mislabeled samples and replace those falling inside the same 

segments (i.e., in the segmented image) with new randomly chosen ones. The samples were then 

used for training another DL-GEOBIA model capable of detecting lichen pixels over the area. 

According to the accuracy assessment, the OA and F1-score measures were 88.52% and 93.46%, 

respectively. As expected, this map had a higher accuracy than the resampled one. In other words, 

compared to the scaled-up UAV-based lichen map, this map visually appeared to have higher 

Precision (i.e., less background pixels were wrongly classified as lichen), especially over shadow 

and tree classes. Furthermore, a greater number of pure lichen pixels were detected correctly, which 

was at the expense of not detecting spectrally mixed lichen pixels that were more difficult for the 

classifier to identify in the WV2 image compared to the UAV image. As a result, this map provided 

a suitable case to analyze the effect of Type I error on the SSL training. This map was then used 

for training the SSL networks using the same procedure described earlier. 

Figure 4.9a illustrates the map generated using the trained SSL framework on this cleaner 

training dataset (hereafter, cleaner model). We can clearly see that more cloud pixels were classified 

wrongly as lichen compared to the map generated by the main model in Figure 4.7a. Accuracy 

assessment on this map showed an OA and F1-score 85.05% and 85.27%, respectively. According 

to the confusion matrix (Table 4.2), the cleaner model classified less background pixels correctly 

compared to the main model trained on the noisy labels. However, it detected more lichen pixels 

correctly than the main model did. 
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Figure 4.9 Lichen map generated with (a) the SSL network trained on the cleaner data set rather 

than the UAV-derived lichen map, and (b) the overfitted SSL network. 
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4.3.2 Overfitted SSL 

As discussed earlier, since DNNs generally first fit to clean samples and then overfit to noisy 

samples, preventing the network from extreme overfitting can significantly improve the 

performance of the model. To realize the effect of overfitting to our noisy labels for lichen mapping, 

we experimented a scenario where all the samples were used for training the SSL approach; that is, 

no validation set was used to perform early stopping. In fact, we let the networks overfit to the 

noise in our training data to realize the negative effect of natural noise in the case of overfitting in 

this study. After training the overfitted SSL, we applied it to our WV2 test image resulting in the 

map presented in Figure 4.9b. Although clouds were better distinguished from lichen pixels in this 

map, the overfitted SSL produced a lichen map with significantly lower OA and F1-score (64.82% 

and 48.68%, respectively) than the main map did (Figure 4.7). There is also a major increase in the 

number of non-lichen misclassifications, especially over water bodies. We expect that such 

misclassifications resulted from the lack of generalization in the model. Moreover, partly 

discriminating clouds from lichens was to some degree indicative of learning from noise. This, 

however, was at the expense of considering noisy labels as true labels (i.e., water pixels and thin 

clouds). The corresponding confusion matrix (Table 4.2) shows that the network had a low 

performance for detecting lichen pixels correctly. This classifier had the worst accuracy compared 

to the other two SSL ones. The classifier detected lichen patches very sparsely as the network had 

a low lichen detection rate (Figure 4.10). In fact, of 1214 lichen pixels, only 442 of them were 

correctly detected. Moreover, according to Figure 4.9b, the unusual misclassifications of many 

background pixels (e.g., water bodies, thin clouds, etc.) proved the poor accuracy of the model 

overfitted to a noisy, limited labeled dataset. 

A closer comparison among the maps generated by the three types of SSL models is provided 

in Figure 4.10. According to this comparison, denser lichen patches were detected by the cleaner 

model. In other words, within a given lichen patch, more lichen pixels were detected correctly. This 

was less the case for the map generated by the main model as some lichen pixels within a given 
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lichen patch were missed. The worst case occurred in the map derived from the overfitted model. 

These observations are in line with the previously described confusion matrices in Table 4.2. As 

discussed earlier, the noisy model misclassified many cloudy pixels into lichen pixels. Although 

we were able to rule out many of those misclassifications using the FDI mask, there were still cloud 

pixels where the mask was not able to remove them. This was mainly the case in areas where there 

were thin clouds or haze. Overall, we observed that the SSL network trained on the naturally noisy 

labeled data was more consistent than the cleaner model was. In fact, it was found that there was a 

trade-off between false positive and false negative errors in this map. 

 

Figure 4.10 Comparison of four portions of the test image for which lichen pixels were detected 

with the main noisy model, cleaner model, and overfitted model. 
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4.3.3 Pixel-based RF model 

In this section, we present and discuss the performance of the pixel-based RF applied for the 

scaling-up of the UAV-derived lichen map. As shown in Figure 4.11, the map generated with the 

RF model was able to correctly classify many cloud pixels like the overfitted model did. However, 

it had a low lichen detection rate, even worse than the overfitted model, which is not surprising as 

conventional ML models are less generalizable than CNNs. As shown in Figure 4.11, it is obvious 

that many cloud pixels were correctly classified as background, but it was at the expense of losing 

sufficient sensitivity for detecting many lichen pixels. According to the accuracy assessment results 

(Table 4.2 and Figure 4.12), the RF model had an OA of 60.89% and F1-score of 27.86%. 

Compared to the CNNs applied in this study, the much lower F1-score of the RF model is mainly 

due to its very low Recall performance. Considering the confusion matrix of the RF model (Table 

4.2), although the model was able to correctly classify most of the background test samples, it 

performed very poorly in detecting true lichen pixels in the test set. 
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Figure 4.11 Lichen map generated with the RF model. 

 

Figure 4.12 Accuracy assessment results of the four classifiers used in this study. 
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4.4 Discussion 

Scaling-up a small, very-high-resolution lichen map to a coarser, larger scale is a challenging task. 

In fact, given limited prior information, we expect an ML model to produce quality maps, which is 

a very hard problem for any model or training approach. Results presented in this study indicated 

that even using a small base map, we were able to carry out the scale-up process to obtain a 

reasonably accurate distribution map (i.e., OA of ~85% and F1-score of ~84%) for bright caribou 

lichen species at a much larger scale. In addition to the small extent of the UAV image, another 

limiting factor was the lack of sufficient land-cover diversity over the UAV extent. The area 

surveyed with the UAV contained four primary land-cover types (i.e., soil, tree, bright caribou 

lichen, and grass). 

Beyond the extent of the area surveyed with UAV, we encountered several new land-cover 

types, some of which could mislead the classifier. Another potential issue for the scaling-up process 

was the presence of label noise in the training set prepared for the Naïve-Student training. Label 

noise means any disagreement between a class label and its underlying land cover for a given pixel 

in the image. Label noise should be contrasted from natural data noise (noise inherently existing in 

images caused by sensor noise, atmospheric conditions, etc.) or synthetic data noise (controlled 

noise injected into the data to improve the robustness of model against small data-distribution 

shifts).  

Although the behavior of DNNs against noise is not yet fully understood, past research has 

shown that DNNs have a tendency to first fit to clean samples and then overfit to noise after some 

epochs [15, 42]. However, in this study, we had natural noise in our label data. The resampled 

UAV-derived map had several mislabeled pixels caused by spatial and temporal data disagreements 

between the UAV and WV2 images. All these sources of label noise are different from data noise 

and classification-driven noise. Such noise can also affect the quality of the scaled-up maps that 

are generally difficult to avoid. The fourth problem was the presence of clouds and haze in the 
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WV2 image. We depicted that the main model occasionally misclassified thick clouds as lichen 

and thus overestimated lichen cover. We addressed this issue by removing most of these 

misclassifications with an FDI mask. Conversely, the presence of haze over some areas with lichen 

led to misclassifications of lichen and therefore caused an underestimation of lichen cover. Given 

this, we found that clouds caused both false positive and false negative errors in cases where target 

lichens would be bright colored, as in this study. 

The better performance of the cleaner model compared to the main model in detecting more 

lichen patches correctly (i.e., higher Recall) can be ascribed to the fact that more pure lichen 

training samples (i.e., less noisy labels) were used for training the network. This, however, 

degraded the precision of the model compared to the main model. 

Given the limited labeled samples and their lack of sufficient diversity, it appears that noisy 

labels helped prevent the model from memorizing homogenous patterns in the data. These findings 

are in line with those reported by Xie, et al. [22] where they found that injecting noise to the Student 

network was one of the main reasons for improving the generalization power of their SSL approach. 

However, in our study, we had natural noise resulting from the scaling-up of the UAV-derived 

lichen map. This type of data noise affected both the Teacher and Student networks, as opposed to 

the Noisy-Student approach in which data noise (i.e., image augmentation) is only injected to inputs 

of the Student network, and as opposed to Naïve-Student in which no explicit data noise is applied. 

This natural noise ultimately improved robustness related to Type I error in the Naïve-Student 

approach applied in this research. Although the natural noise in this study partially improved the 

robustness of the model, overfitting to noise would be a critical problem if models are not trained 

appropriately. Considering this issue, we showed that overfitting to noise caused very poor 

accuracies, resulting in detecting many non-lichen pixels erroneously as lichen. 

We also presented a mapping result generated with an RF model and a high-dimensional 

feature set. Although RF is a popular method in lichen mapping, accuracy assessment results 
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showed that it did not lead to an accurate map. This was, however, to some degree expected as 

pixel-based models do not generalize well. Processing times of SSL and RF are presented in Table 

4.3. Training the SSL was more time consuming than RF and supervised U-Net++. However, the 

inference time of the RF was higher, although this is without considering the time spent on 

computing the GLCM features in the test image. 

Table 4.3 Training time of SSL and RF models. 

Models Training Time 

SSL (average) ~2 h (3 GPUs) 

RF ~15 min (10-core CPU) 

Supervised U-Net++ ~5 min (1 GPU) 

 

Given the above limitations, the use of unlabeled samples in a full-fledged SSL model was 

advantageous in scaling-up the UAV-derived lichen map to the WV2 scale. However, it is obvious 

that if lichens of interest are of different colors, and not all of them are present within the extent of 

the very-high-resolution maps, SSL will fail to detect those lichens in larger-scale images. The 

results also showed that although the UAV site was very homogenous, it was possible to obtain a 

map with a reasonable rate of false positive, which is important for lichen mapping tasks. The use 

of unlabeled data and noisy labels was found to improve the robustness of the network against 

samples that could have caused Type I error. 

Although the main and cleaner SSL models led to better accuracies compared to the other 

approaches used in this study, one of the challenges with training these models was their 

computational complexity compared to supervised approaches. Not only were multiple models 

iteratively trained, but also the number of data used for training was also increased compared to the 

supervised models. This caused a significant increase in the execution time of the training process. 

In general, one of the main computational bottlenecks in the SSL approach was the dense prediction 

of pseudo-labels and then using them for training the Student models, which, as mentioned above, 
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were then trained on a much larger data set. Another relevant factor affecting the computational 

time of the SSL approach was the TTA that was performed during pseudo-labeling. These two 

factors were the major computationally intensive components of the SSL in this study. Given the 

accuracy improvement provided by the main SSL model, and the expectations of the lichen 

mapping task under consideration, this inefficiency compared to the supervised models and to the 

very expensive labeling tasks is justifiable provided that sufficient computational resources are 

available. 

4.5 Conclusions 

In this study, we assessed the possibility of scaling-up a very fine lichen map acquired over a very 

small, homogenous area to a much larger area without collecting any new labeled samples. We 

used a Teacher-Student SSL approach (i.e., Naïve-Student) that trains Teacher and Student 

networks iteratively on both labeled and unlabeled data. This approach produced a reasonably 

accurate (OA of ~85% and F1-score of ~84%) lichen map at the WV2 scale. The main findings in 

this research are as follows: 

A powerful SSL approach capable of taking advantage of abundant unlabeled data is 

beneficial for scaling-up small lichen maps to large scales using high-resolution satellite imagery, 

provided that there are samples for lichens of interest within the small lichen maps under 

consideration. 

Different types of image misalignments can introduce noisy labels in the scaled-up training 

set. However, we found that if this noise is not massive, it may ultimately improve the model 

robustness without conducting any intensive data augmentation on training data. 

The map generated by the cleaner model indicated a higher recall but a lower precision than the 

map generated by the main model. 

Overfitting in the presence of noise significantly degraded the performance of the trained 

network when applied to the test image. That network failed to detect many lichen patches and 
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resulted in low accuracy. In some cases, we observed that due to overfitting to noisy labels 

(especially dark areas), many lichen misdetections occurred over water bodies resembling noisy 

labels in the training set. 

There is a need for more comprehensive studies on the effect of label noise on final 

classification results. This is an important gap in the context of lichen mapping although when 

using multi-source/sensor data, there will be several types of misalignments that cause label noise. 

In this regard, a potential future direction for RS-based lichen mapping could be to conduct more 

in-depth studies on the nature and amount of noise that can improve the robustness of a model. This 

can be performed based on a systematic study introducing synthetic and natural noise to the 

classification procedure. Similarly, it could be investigated whether an ensemble of fine-tuned 

Student networks is able to produce more accurate results than a single network. In fact, different 

networks have different prediction capabilities. Therefore, if they are ensembled together (e.g., 

based on an averaging/majority-voting output or a more complex aggregation strategy), they may 

improve lichen detection. This may be also achieved by distilling several interconnected Student 

networks to reach a single, lighter final Student network. 

If sufficient labeled data are available, it is generally recommended to use the maximum input 

size fitting to the GPU memory when splitting a given image. However, due to the use of a small 

label map, one of the most important limitations in this study was the use of small image patches 

(i.e., 64 by 64 pixels) for training the Naïve-Student networks. Such an input size caused both of 

the Teacher and Student networks to be unable to extract more useful, representative contextual 

features in deeper encoding layers of the networks. We also found a shallower U-Net(++) less 

accurate than the one used in this study, although this improvement could have been more 

significant if larger image patches were used. If the likelihood of having more untraceable noise 

and uncertainty as well as training new, complex networks can be justified, one way of mitigating 

this problem could be to use Generative Adversarial Networks (GANs) to either synthesize more 
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image patches from larger image patches or to improve the resolution of small image patches 

through a super-resolution setup. 
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Chapter 5 

Evaluating Image Normalization via GANs for Environmental 

Mapping: A Case Study of Lichen Mapping Using High-Resolution 

Satellite Imagery 

Abstract 

Illumination variations in non-atmospherically corrected high-resolution satellite (HRS) images 

acquired at different dates/times/locations pose a major challenge for large-area environmental 

mapping and monitoring. This problem is exacerbated in cases where a classification model is 

trained only on one image (and often limited training data) but applied to other scenes without 

collecting additional samples from these new images. In this research, by focusing on caribou li-

chen mapping, we evaluated the potential of using conditional Generative Adversarial Networks 

(cGANs) for normalizing of WorldView-2 (WV2) images of one area to a source WV2 image of 

another area on which a lichen detector model was trained. In this regard, we considered an ex-

treme case where the classifier was not fine-tuned on the normalized images. We tested two main 

scenarios to normalize four target WV2 images to a source 50-cm pansharpened WV2 image: 1) 

normalizing based only on the WV2 panchromatic band, and 2) normalizing based on the WV2 

pan-chromatic band and Sentinel-2 surface reflectance (SR) imagery. Our experiments showed that 

normalizing based only on the WV2 panchromatic band led to a significant lichen-detection 

accuracy improvement compared to the use of original pansharpened target images. However, we 

found that conditioning the cGAN on both the WV2 panchromatic band and auxiliary information 

(in this case, Sentinel-2 SR imagery) further improved normalization results and the subsequent 

classification results, due to adding a more invariant source of information. Our experiments 



 

123 

 

showed that using only the panchromatic band, F1-score values ranged from 54% to 88%, while 

using the fused panchromatic and SR, F1-score values ranged from 75% to 91%. 

5.1 Introduction 

Remote sensing (RS) has widely proven to be advantageous for various environmental mapping 

tasks [1-5]. Regardless of the RS data used for mapping, there are several challenges that can 

prevent generating accurate maps of land-cover types of interest. Among these challenges, one is 

collecting sufficient training samples for a classification model. This is particularly true for 

classifiers that require large amounts of training data, and/or if fieldwork is required in difficult-to-

access sites. This challenge has been intensified lately due to COVID-19 restrictions worldwide.  

A second challenge is that suitable RS data for a study area may not be available, e.g., high 

spatial resolution (HSR) or cloud-free imagery. UAVs can be beneficial for overcoming both of 

these challenges due to their high flexibility (e.g., ability to quickly acquire imagery in study sites 

where other suitable RS data are not available), but planning UAV flights and processing UAV 

images over wide areas can be time- and cost-prohibitive (although they are usually more efficient 

than acquiring traditional field data).  

A third challenge is that satellite/UAV images are subject to both spatial and temporal 

illumination variations (caused by variations in atmospheric conditions, sensor views, solar 

incidence angle, etc.) that may cause radiometric variations in image pixel values, especially in 

shortwave bands (e.g., blue). Without accounting for illumination variations, the performance of 

classification models can be substantially degraded in unseen/test images. The main reason for this 

accuracy degradation is that the model learned from the distribution of the source image that has 

now shifted in a given target image, so it can no longer perform on the target image as well as it 

did on the source image on which it was trained. Such image-to-image variations are also the case 

in images acquired by the same sensor unless appropriate normalizations and/or atmospheric 

corrections are performed.  
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In general, illumination variations in different scenes (including those acquired over the same 

area but different times) are a function of topography, bidirectional reflectance distribution function 

(BRDF), and atmospheric effects. Accounting for these variables help balance radiometric 

variations in different images, thus making them consistent for different downstream tasks. In case 

of raw images, one way of performing such corrections is through absolute radiometric correction 

to surface reflectance, which consists of converting raw digital numbers to top-of-atmosphere 

(TOA) reflectance and then applying an atmospheric correction approach to derive ground-level 

surface reflectance. Relative radiometric correction (or normalization) is another way of 

harmonizing images that can be applied to cross-sensor images. Normalizing images to RS surface 

reflectance (SR) images (such as Landsat or Sentinel-2 images) [6-8] or to ground-measured SR 

[9] is a popular approach to harmonizing different sources of RS images.  

Maas and Rajan [6] proposed a normalization approach (called scatter-plot matching (SPM)) 

based on invariant features in the scatter plot of pixel values in the red and near-infrared (NIR) 

bands. The authors reported the successful application of their approach for normalizing Landsat-

7 images to Landsat-5 images, and for normalizing to SR, although this approach only considers 

the red and NIR bands. Abuelgasim and Leblanc [7] developed a workflow to generate Leaf Area 

Index (LAI) products (with an emphasis on northern parts of Canada). In this regard, the authors 

employed different sources of RS imagery (including Landsat, AVHRR, and SPOT VGT). To 

normalize Landsat-7 and Landsat-5 images to AVHRR and SPOT VGT images, the authors trained 

a Theil–Sen regression model using all the common pixels in a pair of images (i.e., the reference 

and target images) through improving the efficiency of the original approach to be able to process 

much more common pixels. In a study by Macander [8], a solution was developed to normalize 2-

m Pleiades satellite imagery to Landsat-8 SR imagery. The authors aimed to match the blue, green, 

red, and NIR to the same bands of a Landsat-8 SR composite (a 5-year summertime composite). 

To do this, they first masked out pixels with highly dynamic reflectance. Then, a linear regression 
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was established between the Landsat-8 composite and the aggregated 30-m Pleiades satellite 

imagery. Finally, the trained linear model was applied directly to the 2-m Pleiades satellite imagery 

to obtain a high-resolution SR product. Rather than calibrating images based on a SR image, 

Staben, et al. [9] calibrated WorldView-2 (WV2) images to ground SR measurements. For this, the 

authors used a quadratic equation to convert TOA spectral radiance in WV2 imagery to average 

field spectra for different target features (e.g., grass, water, sand, etc.). The experiments in that 

study showed that there was an acceptable level of discrepancies between the ground-truth averaged 

field spectra and the calibrated bands of the WV2 image, with the NIR band resulting in the largest 

variance among the other bands.    

Although these normalization techniques have proven to be useful for making different non-

atmospherically corrected images consistent with atmospherically corrected ones, they should be 

done separately for each image (mainly through non-linear regression modeling). Such approaches 

are advantageous to harmonize images that have different characteristics (e.g., different acquisition 

frequencies). However, due to surface illumination variations (depending on sun angle) and varying 

atmospheric conditions, it does not guarantee seamless scene-to-scene spectral consistency [8].  

Another way of harmonizing images is based on classic approaches such as histogram 

matching (HM) [10]. HM is an efficient, context-unaware technique that is widely used to 

transform the histogram of a given image to match a specific histogram (e.g., the histogram of 

another image) [10]. Although this approach is efficient and easy to apply, it does not take into 

account contextual and textural information. Moreover, HM-based methods do not result in 

reasonable normalizations when the histogram of the target image is very different from that of the 

source image [11]. All the approaches described above intuitively aim to adapt a source domain to 

a target domain, which in the literature is known as the adaptation of data distributions, a subfield 

of Domain Adaptation (DA) [12]. The emergence of Deep Learning (DL) has opened new insights 

into how DA can significantly improve the performance of models on target images. DA has several 
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variants, but they can be mainly grouped into two classes: Supervised DA (SDA) and Unsupervised 

DA (UDA) [13]. DL-based DA approaches have also been successfully employed in RS 

applications, mainly for urban mapping [14]. 

In this study, the main focus is not to normalize images to surface reflectance, but rather to 

harmonize different images regardless of their preprocessing level (e.g., radiometrically corrected, 

TOA reflectance, surface reflectance), which is a case of UDA. Considering this general-purpose 

direction, orthogonal to the majority of research in the context of environmental RS, we 

investigated an extreme case that has not been well studied in environmental RS mapping.  

The central question addressed in this study is that, if we assume that a classifier (either a DL 

model or a conventional one, or either a pixel- or object based) has already been trained on a single 

HRS image of one area (in our case, WV2 imagery), and if we do not have access to any of the 

target images of other areas during model training, to what degree is it possible to apply the same 

model, without any further training or extracting new samples whatsoever, to unseen target images 

and still obtain accuracies that are comparable to that obtained on the source image? This is a 

special, extreme case of UDA (or as we call in this paper, image normalization). In recent years, 

Generative Adversarial Networks (GANs) [15] have been used for several applications (e.g., DA, 

super-resolution, image fusion, semantic segmentation, etc.) in the context of RS [16-18]. To 

investigate this, cGANs based on Pix2Pix [19] was adopted as the base of image normalization in 

this study.  

 

5.2 Methodology 

The backbone of the framework applied in this research is based on cGANs [20]. More precisely, 

the framework revolves around supervised image-to-image translation. In this regard, the goal is to 

normalize target images based on a source image (on which the classifier was trained). The 

methodology aimed to normalize target images using a cGAN to a source image to allow for more 
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accurate mapping of target images without collecting additional training data. There are some 

considerations when it comes to applying a cGAN for image normalization.  

First, the source image selected should contain most of the land-cover types spectrally similar 

to the land covers of interest that could appear in the target images. Second, the classification model 

should be trained well on the source image given the fact that sufficient training data for target 

images may not be available. Third, none of the target images had been seen or used (even in an 

unsupervised manner) in any part of the model training process; that is, no prior knowledge on 

target images was available except they could be different from the source image in terms of 

illumination conditions.  

These considerations led to an extreme situation which could also be a common problem in 

real-world mapping tasks, as collecting training samples is expensive, fine-tuning classifiers may 

not be effective, processing multiple data sets synchronously may not be computationally feasible, 

context-unaware data augmentation techniques (like geometric transformation, random change of 

contrast/brightness, etc.)  may not be effective, etc.  

5.2.1 cGAN framework 

In the field of RS, image-to-image translation has several applications. One interesting application 

is to synthesize optical RS images (e.g., RGB images) based on non-optical RS data (e.g., SAR 

images) [21]. Another application of image translation in RS is image colorization, in which the 

goal is to colorize gray-scale images [22]. Image colorization can be done using different solutions 

like GANs that aim to approximate a distribution for the outputs that is similar to the distribution 

of the training data. This important feature allows GANs to generate synthetic images that are more 

similar and colorful to real ones. In the case of RS images, it is generally not sufficient to have 

images that are more colorful; in other words, we need images in which the different types of land 

cover are assigned realistic colors, although visually assessing it beyond the RGB bands is difficult. 

In addition to this challenge, in some mapping tasks (like caribou lichen mapping) using RS data, 
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spectral information could typically be more important than geometric information, which is 

generally more crucial in natural images. Therefore, if a classifier already trained on real images is 

applied to synthesized RS images, it would have difficulty detecting land cover(s) of interest in 

cases where color information is not consistent with real images.  

Given the aforementioned challenges, we adopted Pix2Pix [19] with some modifications as 

the backbone for cGAN in this study. Before elaborating on Pix2Pix, it is required to briefly review 

vanilla GANs. GANs adversarially train a generative model (aiming to approximate real data 

distribution) and a discriminative model (aiming to distinguish a real sample from a fake one 

generated by the generative model) [15]. Since these two models are optimized simultaneously, 

they are trained in a two-player minimax game manner, in which the goal is to minimize the loss 

of the generative model and maximize the loss of the discriminative model. Since vanilla GANs 

restrict the user from controlling the generator (and the images generated accordingly), their 

applications are limited. To expand the range of their applications, conditional GANs (cGANs) 

were introduced that condition both the generator and discriminator based on an additional source 

of information (e.g., class labels, another image source, etc.). Given this, the objective function of 

cGANs can be defined as Equation (5.1) [20].  

        ~, 1 ,logcGAN D G D D G       L
data data zx, y~p (x,y) x p (x), z~p (z)x,y x,zx    log      

 (4.1) 

   

 

where the goal is to map the random noise vector z to target y given x using a discriminator D(.) 

and a generator G(.) trained in an adversarial manner.  
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The use of Equation (5.1) alone may not result in fine-grained translated images. To remedy 

this, Pix2Pix uses an L1 loss (Equation (5.2)) besides Equation (5.1) in its objective function to 

improve the spatial fidelity of the synthesized images.  

 
1

(( ) )G G   L
data zx,y~p (x,y),z~p (z)L1 y x,z  (4.2) 

where y is the target, G(.) is the generator, and ‖ .‖1
is the L1 norm calculated based on the target 

and the output generated by the generator. The reason for using L1 norm rather than L2 norm is 

that L1 helps generate less blurry images [23]. Combining the adversarial  

loss and L1 loss, we can define the objective function of Pix2Pix as Equation (5.3).  

 1= L L LPix2Pix cGAN L1  (4.3) 

To improve the training of GANs (i.e., mitigating the vanishing gradients problem), we used 

conditional Least Squares GANs (cLSGANs) [24] (Equation (5.4)). In contrast to the vanilla GANs 

whose discriminator is a classifier with the sigmoid cross entropy loss function, cLSGAN does not 

apply a sigmoid function, and thus treats the output as a regression and minimizes the least squares 

of errors in the objective function.  
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(4.4) 

In addition to the use of the original loss function of Pix2Pix, we also tested if adding 

Perceptual loss can provide better color consistency in the normalization process. For this purpose, 

we used a pretrained VGG19 trained on the ImageNet dataset. Since this model takes in only RGB 

images, we replaced the input layer and then fine-tuned it on an urban classification task using 

WorldView-2 images to better adapt it to our application in this study [25]. The Perceptual loss 

calculated the Euclidean distance between the VGG19-dervided feature maps of the generated and 

real images (Equation (5.5)).  
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2

2
( ,Perceptual G    i, j i, jL

data zx,y~p (x,y),z~p (z) Φ y Φ x,z  (4.5) 

where Φi,j is the j-th convolution (after activation) before the i-th maxpooling layer of the VGG16. 

In this study, we calculated the Perceptual loss based on the feature maps of the 4th convolution 

before 5th maxpooling layer. Besides the Perceptual loss, we also added the Total Variation (TV) 

loss (Equation (5.6)), which is the is the sum of the absolute differences for neighboring pixel-

values in the generated image, to reduce noise (such as chessboard-like artifacts) in the generated 

images. 

    
,

2 2

( ) ( ) ( ) ( ) ,TV

H W

G G G G    
  i, j+1 i, j i+1, j i, j

i=1, j=1

L x, z x, z x, z x, z  (4.6) 

where H and W are the height and width of the generated image.  

As a result, the final loss function of the modified Pix2Pix (Pix2Pix+) in this study can be expressed 

as Equation (5.7). 

 1 2 3= ,     L L L L LPix2Pix+ cLSGAN L1 Perceptual TV  (4.7) 

where λ are the weights of the image-space, Perceptual, and TV losses that were empirically chosen 

to be 100, 1, and 10, respectively.  

As with the original Pix2Pix, we used a patch-wise discriminator to model high-frequency 

structure along with low-frequency one. For the generator, we used a U-Net model pretrained on 

the same urban classification task that the feature extractor VGG19 was fine-tuned on. The 

architecture of the generator is presented in Figure 5.1. The input size of images was chosen to be 

256 × 256 pixels. A kernel size of 4 × 4 with a stride of 2 in the convolutional layers of both the 

encoding and decoding layers was employed. In the encoding layers, LeakyReLU activation with 

a slope of 0.2 was used, and in the decoding layers, ReLU activation was used. An Adam solver 

with the momentum parameters β1 = 0.5 and β1 = 0.999, and a learning rate of 0.0002 was used to 

train the cGANs for 300 epochs.  
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Figure 5.1 Architecture of the cGANs deployed in this study. 

5.3 Experimental design 

To evaluate the potential of image normalization based on cGANs, we conducted an experimental 

test for caribou lichen cover mapping. Caribou are known as ecologically important animals, but 

due to multiple factors ranging from climate change to hunting and disease, global caribou 

populations have been declining in recent decades, and they are now on the International Union for 

the Conservation of Nature’s (IUCN) red list of threatened species [26]. Land-cover change in 

caribou habitats is a major factor affecting resource availabilities, and it is driven by both indirect 

impacts of anthropogenic activities (e.g., climate change causing vegetation changes) as well as 

direct impacts (e.g., deforestation or forest degradation) [27]. When land-cover changes occur, it 

may cause caribou herds to change their distributions and migration patterns when foraging for 

food [28]. Thus, for caribou conservation efforts, it is important to monitor and analyze the 
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resources on which caribou are highly dependent, such as lichen, which is the main source of winter 

food of caribou [29, 30]. 

Caribou lichens are generally bright colored and could be challenging to detect in the case of 

illumination variations between the source image and target image(s), especially where there are 

other non-lichen bright features. To evaluate cGANs for image normalization for the lichen 

mapping task, we used WV2 images with a spatial resolution of 2 m for the multi-spectral bands 

and 50 cm for the panchromatic band. Since WV2 images were subject to different atmospheric 

variations, it would also be reasonable to consider other sources of data/images that are less affected 

by atmospheric changes and lighting variations accordingly. A helpful option is to use 

atmospherically corrected images as auxiliary information to help cGANs learn more stable 

features when normalizing target images. As we will elaborate on in the next section, we also tested 

the potential of using both WV2 images and Sentinel-2 surface reflectance (SR) images for 

normalization.  

5.3.1 Dataset 

Five radiometrically corrected WV2 scenes with eight spectral bands from different parts of Canada 

were chosen for this study (Figure 5.2). The radiometric correction on raw data was performed to 

mitigate image artifacts (appearing as streaks and banding in the raw images) through including a 

dark offset subtraction and a non-uniformity correction including detector-to-detector relative gain. 

The Manic-5 image covers a 405 km2 area located south of the Manicouagan Reservoir, Québec, 

Canada around the Manic-5 dam. This area consists of boreal forest (black spruce dominated) and 

open lichen woodlands, or forests with lichen. There are many waterbodies and water courses. The 

Fire Lake image covers a 294 km2 area located around the Fire Lake Iron Mine in Québec, Canada. 

This area is comprised of dense boreal forests (black spruce dominated) with a great proportion of 

open lichen woodlands and/or forests with lichen. The Labrador image was acquired over a 273 

km2 area located east of Labrador City, Labrador, Canada. The land covers of this area is similar 
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to the Fire Lake image. There are also a significant number of water features (bodies and courses) 

in this area. The Churchill-Falls image covers a 397 km2 area located west of Churchill Falls, 

Labrador, Canada, with similar land covers to Fire Lake and Labrador areas. The Nakina image 

covers a 261 km2 area located east of the township of Nakina, Ontario, Canada. This area is 

comprised of dense boreal forests with very sparse, small lichen patches. Like the other images, 

this image covers several water bodies.  

We chose the image acquired over Manic-5 area as our source image from which the training 

data were collected and used to train the models in this study. The reason for choosing this image 

as our source image was that we conducted fieldwork within an area covered by this image. The 

other four images were used for testing the efficacy of the pipeline applied. We attempted to choose 

target images from our database that were different from our source image in terms of illumination 

as much as possible. In all the images except the Labrador image, there were clouds or haze that 

caused a shift in the distribution of data. Of the four target images, the Nakina image had the least 

lichen cover. The Fire Lake image was used as a complementary target image to visually evaluate 

some of the important sources of errors that were observed mainly in this image. Along with WV2 

images, we also used Sentinel-2 SR images. We used the Sentinel-2 Level-2 A product that is 

geometrically and atmospherically corrected from the TOA product through an atmospheric 

correction using a set of look-up tables based on libRadtran [31]. We chose 6 bands (B2-5, B8, 

B11) of 10-m Sentinel-2 SR cloud-free median composites (within the time periods close to the 

acquisition years of the WV2 images) and downloaded them from Google Earth Engine.  
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Figure 5.2 Images used in this research. Manic-5 image is the source image, and other four 

images are target images. 

5.3.2 Training and test data 

To train the cGANs, we used 5564 image patches with a size of 256 × 256 pixels. No specific 

preprocessing was performed on the images before inputting them into the models. In order to test 

the framework applied in this study, we clipped some sample parts of the Labrador, Churchill Falls, 

and Nakina images. A total of 14 regions in these three target images were clipped for testing 

purposes. From each of these 14 test image clips, through visual interpretation (with assistance 

from experts familiar with the areas), we randomly sampled at least 500 pixels (Table 5.1), given 

the extent of each clip. It was attempted to equalize the number of lichen and background samples. 

Overall, 14,074 test pixels were collected from these three target images. 
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Table 5.1 Number of samples collected from each region of the Labrador, Churchill Falls, and 

Nakina images. 

Image Region 1 Region 2 Region 3 Region 4 Region 5 

Labrador 1020 808 1671 1015 1769 

Churchill Falls 1284 740 899 1078 1063 

Nakina 799 842 515 571 - 

 

5.3.3 Normalization scenarios 

Different normalization scenarios were considered in this study based on either WV2 images, or 

WV2 and auxiliary images. In fact, since WV2 images alone may not be sufficient to reach high-

fidelity normalized target images (and accurate lichen mapping accordingly), we also used an 

auxiliary RS image, namely Sentinel-2 SR imagery. Given this, the goal was to normalize target 

WV2 images to a source eight-band pansharpened image with a spatial resolution of 50 cm. This 

means that the output of the normalization methods should be 50 cm to correspond to the source 

image. Using these two data sets, we considered four scenarios (Figure 5.3) for normalization as 

follows: 

1) Normalization based on the 2 m resolution WV2 multi-spectral bands (resampled to 50 

cm),  

2) Normalization based on the WV2 panchromatic band concatenated/stacked with the 2-m 

multi-spectral bands (resampled to 50 cm), 

3) Normalization based on the WV2 panchromatic band alone, 

4) Normalization based on the WV2 panchromatic band concatenated/stacked with the 

Sentinel-2 SR imagery (resampled to 50 cm).  

 

The scenarios 1, 3, and 4 can be considered as a special case of pan-sharpening where the 

spatial information comes from a target image but the spectral information comes from the source 

image. We performed two steps of experiments to evaluate the quality of image normalization using 
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these scenarios. In the first step, we ruled out the scenarios that did not lead to realistically looking 

results; that is, the RGB visualization of the generated images should be similar to the source image, 

and the underlying land covers should take on realistic colors. In the second step, we used the 

approaches found practical in the first step to perform the main comprehensive quantitative tests 

on different target images. 

 
Figure 5.3 Four scenarios experimented to normalize WV2 imagery for caribou lichen mapping. 

5.3.3.1 Scenario 1: Normalization based on the 2-m multi-spectral bands (resampled to 50 cm) 

One way of normalizing a target image to a source image is to follow a pseudo-super-resolution 

approach in which the multi-spectral bands (in the case of WV2, with a spatial resolution of 2 m, 

which must be resampled to 50 cm to be processable by the model) are used as input to the cGAN. 

However, the difference here is that the goal is now to generate not only a higher-resolution image 

(with a spatial resolution of 50 cm), but also an image that has a similar spectral distribution to that 

of the source image. It should be noted that all the resampling to 50 cm was performed using a bi-

linear technique (before training the GANs). 

5.3.3.2 Scenario 2: Normalization based on the panchromatic band concatenated/stacked with the 

2-m multi-spectral bands (resampled to 50 cm) 

The second way is to improve the spatial fidelity of the generated normalized image by 

incorporating higher-resolution information into the model without the use of a specialized super-

resolution model. One such information could be the panchromatic band which has a much broader 
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bandwidth than the individual multi-spectral or pansharpened data do. In addition to its higher-

spatial resolution information, it can be hypothesized that this band alone has less variance than the 

multi-spectral bands combined under different atmospheric conditions. When adding the 

panchromatic band to the process, the model would learn high-resolution spatial information from 

the panchromatic band, and the spectral information from the multi-spectral bands. This scenario 

can be considered as a special type of pansharpening except that in this case, the goal is to 

pansharpen a target image so that it not only has a higher spatial resolution, but also its spectral 

distribution is similar to that of the source image. 

5.3.3.3 Scenario 3: Normalizing based only on the panchromatic band 

Additional variance of multi-spectral bands among different scenes could degrade the performance 

of normalization in the second scenario. Since a panchromatic band is a high-resolution squeezed 

representation of the visible multi-spectral bands, it could also be tempting to experiment the 

potential of using only the this band without including the corresponding multi-spectral bands (to 

reduce the unwanted variance among different scenes) to analyze if normalization can also be 

properly done based only on this single band. 

5.3.3.4 Scenario 4: Normalization based on the panchromatic band concatenated/stacked with the 

Sentinel-2 surface reflectance imagery (resampled to 50 cm) 

Theoretically, not including multi-spectral information in the third scenario has some downsides. 

For example, the model may not be able to learn sufficient features from the panchromatic band. 

On the other hand, the main shortcoming of the first and second scenarios is that the multi-spectral 

information can introduce higher spectral variance under different atmospheric conditions than the 

panchromatic band alone can. In this respect, based on the aforementioned factors, another way of 

approaching this problem is to use RS products that are atmospherically corrected. This can be SR 

products such as Sentinel-2 SR imagery. Despite having a much coarser resolution, it is 

hypothesized that combining the panchromatic band of the test image with the Sentinel-2 SR 
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imagery can further improve normalization results by constraining the model to be less affected by 

abrupt atmosphere-driven changes in the panchromatic image. In this regard, the high-resolution 

information comes from the panchromatic band of the test image, and some invariant high-level 

spectral information comes from the corresponding Sentinel-2 SR image. To use SR imagery with 

the corresponding WV2 imagery, we first resampled the SR imagery to 50 cm using the bilinear 

technique and then co-registered the SR imagery to the WV2 using the AROSICS tool [32]. One 

of the main challenges in this scenario was the presence of clouds in the source image. There were 

two main problems in this respect. First, since we also used cloud-free Sentinel-2 imagery, the 

corresponding WV2 clips should also be cloud and haze free as much as possible to prevent data 

conflict. The second problem was that if we only used cloud-free areas, the model did not learn 

cloud features (which could be spectrally similar to bright lichen cover) that might also be present 

in target images. Given these two problems, we also included a few cloud- and haze-contaminated 

areas. 

5.3.4 Comparison of cGANs with other normalization methods 

For comparison, we used histogram matching (HM), linear Monge-Kantorovitch (LMK) technique 

[33], and pixel-wise normalization using the XGBoost model. The HM is a lightweight approach 

for normalizing a pair of images with different lighting conditions. The main goal of the HM is to 

match the histogram of a given (test) image to that of a reference (source) image to make the two 

images similar to each other in terms of lighting conditions so subsequent image processing 

analyses are not negatively affected by lighting variations. More technically, HM modifies the 

cumulative distribution function of a (test) image based on that of a reference image.  

LMK is a linear color transformation approach that can also be used for normalization of a 

pair of images. The objective of LMK is to minimize color displacement through Monge’s optimal 

transportation problem. This minimization has a closed form, unique solution (Equation (5.8)) that 

can be derived using the covariance matrices of the reference and a given (target) image.  
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where u and v are the covariance matrix of the target and reference images, respectively. The 

third approach we adopted for comparison was a conventional regression modelling approach using 

extreme gradient boosting (XGBoost) algorithm, which is a more efficient version of gradient 

boosting machines. The number of trees and maximum depth of the model, and gamma were set 

using a random grid-search approach. 

5.3.5 Lichen detector model 

To detect lichen cover, we used the same model presented in [34], which is a semi-supervised 

learning (SSL) approach based on a U-Net++ model [35]. To train this model, we used a single 

UAV-derived lichen map (generated using a DL-GEOBIA approach [25, 36]). From the WV2 

image corresponding to this map, we then extracted 52 non-overlapping 64-by-64 image patches. 

A total of 37 image patches were used for training and the rest for validation. To improve training, 

we extracted 75%-overlapping image patches from neighboring training image patches as a form 

of data augmentation. As described in [34], we did not apply any other type of training-time data 

augmentation because of two main reasons: 1) to evaluate the pure performance of the spectral 

transferring (i.e., normalization) without being affected by the lichen detector generalization tricks 

(such as data augmentation); and 2) to hold the constraint regarding being unaware of the amount 

of illumination variations in target images. As reported by [34], although the lichen detector had an 

overall accuracy of >85%, it failed to properly distinguish lichens from clouds (which could be 

spectrally similar to bright lichens) as the training data did not contain any cloud samples.  

Rather than including cloud data to the training set to improve the performance of the lichen 

detector, we used a separate cloud detector model. The use of a separate model for cloud detection 

helped us better analyze the results; that is, since clouds were abundant over the source image, the 

spectral similarities of bright lichens and clouds may cause lichen patches to take on the spectral 
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characteristics of clouds in the normalized images. This issue can occur if the cGAN fails to 

distinguish clouds and lichens from each other properly. This problem can be more exacerbated in 

HM techniques as they are context unaware. Given these two factors, using a separate cloud 

detector would better evaluate the fidelity of the normalized images. To train the cloud detector, 

we extracted 280 image patches of 64 × 64 pixels containing clouds. For the background class, we 

used the data used to train the lichen detector [34]. We used 60% of the data for training, 20% for 

validation, and the remaining 20% for testing. The cloud detector model had the same architecture 

as the lichen detector model with the same training configurations. 

5.4 Results 

5.4.1 Experiment 1: Which scenarios to proceed with? 

Before the main experiment, we needed to rule out the scenarios that were not practical for 

normalizing the target images to the source image. For this, we first conducted a small-scale, 

preliminary test based on the Pix2Pix approach to choose the most accurate normalization 

scenario(s) for the main experiments. In Figure 5.4a, an image sample clipped from the Labrador 

pansharpened scene was used to test the four scenarios. In Figure 5.4b, the normalization result 

using only the multi-spectral 2-m WV2 bands can be seen. Although the generator models of super-

resolution approaches are often different from that of the cGANs applied in this study, we did not 

use another framework as we aimed to first make sure that the spectral fidelity at least visually 

would be acceptable. Aside from the fact that the resulting normalized image did not contain as 

much detailed spatial information as its pansharpened counterpart (Figure 5.4a), it was not 

spectrally similar to the source image either.     

The second scenario was to include the panchromatic band. This was partly equivalent to a 

pan-sharpening problem with spectral information coming from a different source. According to 

Figure 5.4c, this resulted in a higher spatial fidelity. However, this was not yet spectrally very 

comparable to the source image. Although the inclusion of the panchromatic band led to a better 
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result in terms of high-resolution information, it is questionable if multi-spectral bands played any 

important role in the normalization process. More technically, the variations of multi-spectral 

information could actually be a source of confusion for the model in this application. Therefore, 

the model may learn more from variable multi-spectral bands rather than the less variant 

panchromatic band. 

In the third scenario, we only used the panchromatic band alone to analyze the resulting 

normalized image (Figure 5.4d). Visually, this led to a much better result that was more similar to 

the source image. Although the exclusion of the 2-m multi-spectral bands improved the quality of 

the resulting synthesized image, this does not necessarily mean that multi-spectral information is 

not important. In fact, the 2-m multi-spectral bands of WV2 could not be consistent in different 

scenes due to atmospheric and luminance variations. Training the cGAN using the stacked Sentinel-

2 SR image and panchromatic band of the image clip, led to a more accurate spectral translation 

(Figure 5.4e). 
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Figure 5.4 Normalizing a test clip of the Labrador target image based on the source WV2 image: 

(a) original pansharpened Labrador image clip, (b) normalization with 2-m WV2 test image, (c) 

normalization with the combined 2-m multi-spectral WV2 image and the panchromatic band, (d) 

normalization with only the panchromatic band, (e) normalization with the combined 

panchromatic band the Sentinel-2 SR image. 

To better understand the differences between these four scenarios, we applied the lichen 

detector model to the normalized image generated based on each of the scenarios. It can be seen 

that the lichen map generated based on the scenario-1 normalized image wrongly classified many 

bare soil and impervious pixels as lichen (Figure 5.5b). As shown in Figure 5.5c, inclusion of the 
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panchromatic band to the multi-spectral WV2 bands resulted in fewer incorrect lichen detections, 

indicating the importance of the panchromatic band for normalization. However, it was at the 

expense of missing many true lichen pixels. As discussed above, this indicates that the multi-

spectral bands may not have a critical role in accurate normalizations compared to the panchromatic 

band. This is potentially because multi-spectral bands combined have a higher variance compared 

to the panchromatic band, which is more stable under different atmospheric conditions. Due to this, 

the GAN model relies more on the more invariant information (in this case, the panchromatic band) 

to learn color transferring from the source image to target images.   

The classification of the normalized image derived from the third scenario (i.e., using only 

the panchromatic band) (Figure 5.5d) confirms both the importance of the panchromatic band and 

the negative impact of the multispectral bands (resulting from the combined variance of the bands) 

for image normalizations, which led to much more true lichen detections than the second scenario 

did. Finally, pairing the SR image with the panchromatic band (i.e., scenario 4) further improved 

true lichen detections, although it also slightly increased the false positive rate (Figure 5.5e). 

Given the experiments above, we decided to proceed to the main experiment with only the third 

and fourth scenarios, as they were found to be more effective than the other two scenarios. In order 

to simplify referring to the models trained based on these two scenarios, we hereafter call the 

Pix2Pix model trained with the panchromatic image as “P_model”, and the one trained using the 

panchromatic WV2 band stacked with the SR images as “PSR_model” (and the model trained 

based on Pix2Pix+ as “PSR_model+”).  
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Figure 5.5 Lichen maps of (a) the test clip of the Labrador target image (Figure 5.4a) generated 

by the lichen detector model based on the normalized images derived from (b) scenario 1, (c) 

scenario 2, (d) scenario 3, and (e) scenario 4. 

5.4.2 Experiment 2: Testing on four WV2 target images 

Accuracy assessment of the lichen detector on the source image based on 5484 points (2742 lichen 

pixels and 2742 background pixels) resulted in an overall accuracy of 89.31% and F1-score of 

90.12%. In Figure 5.6, two representative results of detecting lichens using the lichen detector 
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model in the three normalized target image scenes are demonstrated (more classification maps can 

be seen in Appendix B and in Supplementary Material (https://www.mdpi.com/2072-

4292/13/24/5035/s1)). As can be seen, in almost all the image clips, most of the lichen pixels 

(shown in yellow) were detected in the normalized images generated by both the P_model and 

PSR_model. Upon visual inspection, we noticed that the lichen model detected more true lichen 

pixels in the normalized images generated by the PSR_model. In the Labrador test clips, the 

difference between the P_model- and PSR_model-normalized images was less accentuated as both 

resulted in visually comparable lichen detections. This was also confirmed quantitatively as shown 

in Table 5.2 where the F1-score values for both the mapped normalized image groups are very 

close. In this regard, the F1-score values of the mapped normalized Labrador clips generated by 

the PSR_model ranged from ~89% to ~92%. For the Labrador clips generated by the P_model, the 

accuracies ranged from ~83% to ~91%.   

For the Churchill-Falls image clips, the lichen maps generated based on the PSR_model-

normalized images were again more accurate than those based on the P_model. Although the 

accuracies for both the image groups were high, there was a more significant accuracy gap between 

the classification maps based on the normalized images generated by the PSR_model and P_model. 

The accuracies for the classification maps generated using the normalized images derived from the 

PSR_model ranged from ~78% to ~96%. On the other hand, the lichen-mapping accuracies for the 

normalized image clips generated by the P_model ranged from ~70%-~90%. In the Churchill Falls 

scene, the least accurate classification map for both the normalized image groups was produced for 

the Region-5 clip. The main reason for this accuracy degradation was the increase in the false-

positive rate. This problem was more pronounced in the P_model-normalized image clip as it 

struggled with correctly distinguishing some soil pixels from lichen pixels. However, the positive 

side of the classification maps for both the normalized image groups in this image was that almost 

all the road pixels spectrally similar to lichens were correctly classified as the background class.    
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Figure 5.6 Two samples of lichen classification maps generated for each test area using the 

PSR_model and P_model. 

The most difficult case of lichen detection in the normalized images was in the image clips of the 

Nakina scene. The Nakina scene had much less lichen coverage than the other two image scenes. 

The land-cover types were, however, almost the same as the other test scenes and the source image. 

In contrast to the classification maps generated for the image clips of the Labrador and Churchill 

Falls scenes, the classification accuracies of the lichen maps generated based on the image clips 

normalized by the PSR_model were much lower and ranged from ~71% to ~79%. This was 

significantly exacerbated in the classification maps generated based on the image clips normalized 

by the P_model as the accuracies ranged from ~35% to ~64%. The main problem for both the cases 

was that many true lichen pixels were misclassified as the background class by the lichen detector. 

The main factor that can be ascribed to this issue is that in the source image on which the lichen 

detector and the GAN approaches were trained, there were mostly dense lichen patches. In contrast, 

the Nakina image mainly covered sparse and small lichen patches. Due to this, the models faced a 

challenging situation that was not the case in the source image (and the other target images), causing 
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less accurate lichen detections in this image. For the Labrador image clips, the classification maps 

generated based on the HM images had the worst accuracies. In contrast, the maps generated based 

on the normalized Nakina clips were more accurate than the P_model, while the maps of the HM 

Churchill-Falls clips were as accurate as the P-model. Figure 5.7 shows sample normalized image 

clips generated by the different approaches.  

Table 5.2 F1-score values of the normalization approaches for different image clips (Region 1,…, 

Region 5) of the test images experimented in this study. Note: R1, …, R5 in the table indicate 

Region 1, …, Region 5.  

Approach Image R1 R2 R3 R4 R5 Overall 

PSR_model 
Labrador 91.84 89.57 91.89 88.80 91.27 90.91 

Churchill Falls 88.43 95.76 95.73 89.79 78.24 88.95 
Nakina 78.83 71.31 73.66 78.63 - 75.49 

P_model 
Labrador 83.27 84.28 89.35 87.65 90.77 87.84 

Churchill Falls 90.21 87.62 83.06 77.79 69.52 81.58 
Nakina 61.66 35.15 60.35 63.67 - 53.65 

PSR_model+ 
Labrador 93.40 89.17 81.61 89.54 90.91 88.40 

Churchill Falls 86.16 98.19 97.75 90.12 79.22 89.36 
Nakina 88.06 63.06 69.12 76.59 - 74.36 

HM 
Labrador 74.36 67.95 88.48 82.48 77.89 79.60 

Churchill Falls 86.68 85.04 71.74 82.56 83.3 82.20 
Nakina 88.4 53.63 78.59 52.02 - 68.19 

LMK 
Labrador 76.70 64.01 84.50 79.73 74.43 77.00 

Churchill Falls 57.82 83.85 68.22 88.70 69.51 72.50 
Nakina 94.44 76.77 38.75 73.16 - 74.01 

XGBoost 

Labrador 80.33 71.71 51.56 74.53 80.91 70.80 

Churchill Falls 65.61 58.99 62.62 64.60 61.13 62.96 

Nakina 74.57 31.88 40.24 53.78 - 50.55 

 

Visually, the normalized images generated by the PSR_model almost looked more similar to 

the source image than the other approaches did. In fact, the spectral fidelity of different land-cover 

types in PSR_model normalized images appeared consistent with the source image. Compared to 

the other normalization approaches, the normalized images derived from the PSR_model visually 

looked more stable in different regions and images. Although the P_model-normalized images were 
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even visually inferior to the PSR_model-normalized images, they were still visually more 

acceptable than the HM, LMK, and XGBoost normalized images.  

In general, the normalized images generated by the PSR_model led to more lichen detections 

compared to the P_model. In fact, detected lichen patches in the PSR_model-normalized images 

were denser and better matched the true lichen patches (Figure 5.6) and Appendix B). This shows 

the better reliability of the PSR_model in generating more consistent normalized images compared 

to the P_model. According to Figure 5.7, The HM and LMK normalized images were also less 

visually appealing due to spectral distortions, which was predictable as they are unsupervised 

approaches not considering the context of the normalization (i.e., color transferring).  

In the regression-based normalized images (XGBoost), we visually observed two main 

problems. First, there were some parts of the images that were grayish and not representative of the 

underlying land cover (e.g., trees). This is not surprising because color transferring (such as 

normalization) based on minimizing pixel-space metrics (e.g., mean absolute error or mean squared 

error between the true normalized pixel and the predicted one) has been shown to result in grayish 

pixels. This problem is much less likely in GANs as the adversarial loss can penalize grayish images 

(because they look less realistic during the optimization) [15, 19]. The second problem with the 

regression-based normalized images was that some of the images did look more like the original 

target image than the source image. In other words, color transferring was not really as adequately 

aggressive as the GAN-based normalization approaches in this study.  

Comparing the PSR_model with PSR_model+, we observed that the results were comparable 

to a large degree. According to Table 5.2, accuracy gaps between the overall accuracies of these 

two models were within ±2%. Given this, it can be concluded that adding the Perceptual and TV 

losses did not result in any tangible improvement in the lichen detection accuracy. As presented in 

Table 2, the overall F1-score values of the lichen maps generated based on the normalized 

Labrador, Churchill-Falls, and Nakina image clips by the PSR_model were 90.91%, 88.95%, and 
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75.49%, respectively. On the other hand, the lichen maps of these image clips normalized by the 

P_model were 87.84%, 81.58%, and 53.65%, respectively. 

These results would not be sensible without comparing them with the lichen maps generated 

based on the original pansharpened image clips of the three target scenes. In this regard, we first 

pansharpened the target image clips and then applied the lichen detector model to them. Our 

experiments showed that the lichen detector failed to detect even one single lichen pixel correctly 

on the original pansharpened of the 14 image clips. This is indicative of the fact that the lichen 

detector model is a local model that only learned from the distribution of the source image, despite 

being trained on a limited training set. Such results are also of importance as they show that even 

DL models that are known as generalizable models may significantly fail to work well on test 

images if no powerful generalization approach is employed. Although for some image clips 

(especially Nakina image clips), the accuracies of the lichen maps generated based on the 

normalized image clips were low, it can be argued that those accuracies were still much higher than 

the ones that resulted from applying the lichen detector to the original pansharpened image clips.   

5.4.3  The impact of other normalization methods 

Although the overall accuracies of the HM and LMK normalized images were lower than the 

GANs, they performed better than XGBoost and even the cGANs in some cases (e.g., better than 

P_model for the Churchill Falls and Nakina images). Since HM and LMK approaches are 

unsupervised and context-unaware, this performance was surprising. However, a closer look at the 

normalized images generated using the HM and LMK, we observed that many lichen patches had 

spectral signatures similar to those of clouds in the source image (Figure 5.8). Applying the cloud 

detector also led to the detection of many of lichen pixels as cloud in the HM Nakina clips, 

confirming the visual analysis of the spectral signatures. This problem did not occur in the 

PSR_model and P_model Nakina, and the spectral signatures of the detected lichen pixels in the 

PSR_model closely conformed those of the source image. As mentioned earlier, this was to some 
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degree expectable as HM aims to shift the histogram of a target image to match the source image 

regardless of the type of features (and contextual and textural information) present in both the 

images. Relevant to this issue, color distortions in the HM and LMK images were another important 

problem. Although XGBoost performed worse than the cGANs, lichen signatures in its normalized 

images had a similar trend as those of the source image but with lower mean values as shown in 

Figure 5.8.  

 
Figure 5.7 Sample normalized image clips of the Labrador, Churchill-Falls, and Nakina images 

generated by different approaches. 
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Figure 5.8 Spectral signatures of two lichen and cloud pixels in the source image, and two lichen 

pixels in the normalized Nakina clips generated using the normalization approaches tested in this 

study. The signatures of lichen pixels in the HM and LMK normalized images closely match 

those of clouds in the source image although this is not the case for the GAN and regression 

approaches. The two lichen pixels whose spectral signatures are shown for the normalized images 

are the same pixels in the respective images. 

5.4.4 A good classifier still matters  

Although the results in the previous section demonstrated that by using cGANs it would be possible 

to improve the performance of lichen detection on target WV2 images, it should be emphasized 

that the performance of the classifier on the source image is still of critical importance. This in fact 

means that rather than focusing more on improving the quality of normalized images, it may be 

more beneficial to train a more accurate model on the source image by collecting more samples if 

possible or by deploying more accurate classification approaches. In this section, we show that 

some of the main sources of false positive cases were actually common between the source and 

target images. In Figure 5.9, we chose two areas in the Fire-Lake image and applied the PSR_model 

to them to discuss some sources of false positive errors. 
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Figure 5.9 Two clips of the Fire-Lake image along with the corresponding normalized clips 

generated by the PSR_model and the corresponding classification maps produced based on the 

normalized clips. 

The reason for choosing this image for this part of the research was that in terms of land-

cover types, this image represented some of the main issues that lichen detector faced in the source 

image. Two main sources of errors in this image that can be ascribed to the lichen detector model 
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were senescent trees and rock/soil. According to Figure 5.10, several senescent trees were 

misclassified as lichen in the target images. The same problem was also the case in the source 

image. Another problem with the lichen detector model on the source image was its weakness in 

differentiating some bright natural or man-made features (e.g., buildings, roads, dams, etc.) from 

caribou lichen. This problem was also apparent in the Region-2 image clip of the Fire-Lake WV2 

scene (Figure 5.10). Such misclassifications indicate that domain shift is not the only main problem 

in machine learning (ML) generalization. The model trained on the source image is still assumed 

to be very accurate at least on the source image.  
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Figure 5.10 Two zoom-in portions of the images in Figure 5.9 showing the failure of the lichen 

detector in correctly classifying the senescent and rock/soil pixels as the background class. 

5.5 Conclusions 

In this paper, we evaluated a popular GAN-based framework for normalizing HRS images (in this 

study, WV2 imagery) to mitigate illumination variations that can significantly degrade 

classification accuracy. In this regard, we trained cGANs (based on Pix2Pix) using two types of 

data: 1) Normalizing based only on the WV2 panchromatic band; and 2) normalizing based on the 
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WV2 panchromatic band stacked with the corresponding Sentinel-2 SR imagery. To test the 

potential of this approach, we considered a caribou lichen mapping task. Overall, we found that 

normalizing based on the two cGAN approaches achieved higher accuracies compared with the 

other approaches, including histogram matching and regression modeling (XGBoost). Our results 

also indicated that the stacked panchromatic band and the corresponding Sentinel-2 SR bands led 

to more accurate normalizations (and lichen detections accordingly) than using the WV2 

panchromatic band alone. One of the main reasons that the addition of the SR bands resulted in 

better accuracies was that although the WV2 panchromatic band was less variable than the multi-

spectral bands, it was still subject to sudden scene-to-scene variations (caused by different 

atmospheric conditions such as the presence of clouds and cloud shadows) in different areas, 

degrading the quality of the normalized images.  

The addition of the SR image further constrained the cGAN to be less affected by such 

variations found in the WV2 panchromatic band. In other words, incorporating atmospherically 

corrected auxiliary data (in this case, Sentinel-2 SR imagery) into the normalization process helped 

minimize atmosphere-driven scene-to-scene variations by which the WV2 panchromatic band is 

still affected. Applying the lichen detector model to the normalized target images showed a 

significant accuracy improvement in the results compared to applying the same model on the 

original pansharpened versions of the target images.  

Despite the promising results presented in this study, it is still crucial to invest more in 

training more accurate models on the source image rather than attempting to further improve the 

quality of the spectral transferring models. More precisely, if a lichen detector model fails to 

correctly classify some specific background pixels, and if the same background land-cover types 

are also present in target images, it is not surprising that the lichen detector again fails to classify 

such pixels correctly regardless of the quality of the normalization. One of the most important 

limitations of this framework is that if the spectral signature of the lichen species of interest changes 
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based on a different landscape, this approach may fail to detect that species, especially if it is not a 

bright-colored feature anymore. So, we currently recommend this approach for ecologically similar 

lichen cover mapping at a regional scale where training data are scarce in target images covering 

study areas of interest. Another limitation is that there might be temporal inconsistency between a 

WV2 image and an SR one. In cases where there are land surface changes, this form of 

inconsistency may affect the resulting normalized images. 
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5.7 Appendix A 

 

Figure A1 Workflow of training and applying P_model and PSR_model for normalizing and 

subsequent classification of target images. 
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5.8 Appendix B 

 

Figure B1 Classification maps produced based on the translated Labrador image clips using the 

PSR_model and P_model. 
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Figure B2 Classification maps produced based on the translated Churchill Falls image clips using 

the PSR_model and P_model. 
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Figure B3 Classification maps produced based on the translated Nakina image clips using the 

PSR_model and P_model. 
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Chapter 6 

Mapping Caribou Lichen (Cladonia spp.) in Canada’s Taiga Shield 

Using AVIRIS-NG and UAV Images 

Abstract 

Forage lichen fractional cover mapping using multi-spectral remote sensing (RS) data may be 

challenging, especially over rocky landscapes where there is a high spectral correlation between 

lichens and non-lichen features. Given this, it is deemed that the use of airborne or satellite 

hyperspectral imagery may improve lichen mapping. In this study, we report the first results of 

using AVIRIS-NG hyperspectral imagery and UAV images to estimate forage lichen fractional 

cover (Cladonia spp.) in a rocky Canadian shield landscape where non-lichen bright features were 

prevalent. To estimate forage lichen fractional cover, we used deep multi-layer perceptron (MLP) 

models trained and tested on three sites. Our experiments showed that mapping lichen fractional 

cover using the 5 m AVIRIS-NG surface reflectance imagery was overall more accurate (i.e., higher 

R2 and lower RMSE values) than the one using a 4-band WorldView-3 (WV3) image with a spatial 

resolution of 2 m. 

6.1 Introduction 

Cladonia lichens are one of the primary winter food source of caribou [1]. Disturbances to lichens 

may, therefore, alter caribou distributions, migration patterns, and possibly lead to their population 

declines [2]. Monitoring forage lichens is, therefore, a crucial and challenging task over different 

ranges and over large areas. Lichen cover can be efficiently mapped using RS imagery, especially 

with publicly available images such as Landsat. Due to the potential of RS data, there have been 

several valuable research studies on lichen cover mapping using different RS images. Most of the 

classic studies on lichen mapping using RS data are based on vegetation indices (e.g., Normalized 
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Difference Vegetation Index (NDVI)) [3] and/or lichen-specific indices (e.g., Normalized 

Difference Lichen Index (NDLI)) [4]. 

For example, in a study focusing on mountainous areas of Sweden, Nordberg and Allard [3] 

exploited the potential of RS for monitoring changes in lichen cover by calculating Normalized 

Difference Vegetation Index (NDVI) using Landsat TM data. The authors reported that it was 

possible to map lichen changes with reasonable accuracy (overall accuracy of 77%) using only 

NDVI. However, due to the limitations of NDVI in properly differentiating lichens from non-lichen 

features, it turned out that lichen change detection was substantially affected by the spectral 

similarity of lichens to those of other land-cover types. This finding was basically in line with the 

conclusion drawn earlier by Petzold and Goward [5], in which the authors reported that NDVI 

(derived from Landsat TM imagery) may fail to handle lichen underestimation in cases where 

lichens are the dominant land cover within the pixel footprint of Landsat TM imagery. Due to such 

limitations, researchers investigated the application of more versatile approaches that could 

improve lichen mapping. In this regard, Théau and Duguay [6] improved the mapping of lichen 

abundance using Landsat TM data by employing Spectral Mixing Analysis (SMA), which is 

commonly used for extracting endmembers from hyperspectral images. In this respect, the authors 

selected lichen (Cladina stellaris), canopy (Picea mariana), and shadow as endmembers in the 

SMA to estimate the fraction of lichen that fell within each individual TM pixel over the study area. 

The authors reported that the SMA was able to correctly detect 79.7% of lichen sites. However, the 

SMA did not show a consistent behavior over the smallest and largest values of its range. In a more 

recent study, Falldorf, et al. [7] developed a lichen volume estimator (LVE) by training a 2D 

Gaussian regression model based on NDLI and Normalized Difference Moisture Index (NDMI) 

derived from Landsat TM images. Using a 10-fold cross-validation, the authors reported that the 

model achieved an R2 of 0.67.  
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Since the medium spectral and spatial resolutions of publicly available optical/thermal data 

(such as Landsat and Sentinel-2 images) are an important barrier to reaching accurate lichen maps, 

recent endeavors in this field have primarily focused on improving the results through utilizing 

multi-scale/source data and more advanced, ML-based classification/regression approaches. In a 

study carried out by Macander, et al. [8], a multi-scale framework was proposed for mapping the 

fraction of lichen cover. The framework was based on utilizing multiple sources of images (i.e., 

micro-plot data, UAV images, and Landsat imagery) to map lichen fractional cover using a Random 

Forest (RF) regressor. The authors reported that the model reached an R2 of 0.77 over the study 

area, although the model faced cases of under- and over-estimations of lichen cover. 

The use of a multi-scale approach for lichen fractional cover mapping was also considered 

in a recent study by He, et al. [9]. The authors presented a pipeline using neural networks to scale-

up UAV-derived lichen maps to Landsat-8 imagery. In addition to the use of UAV and Landsat-8 

images, the authors used an intermediate source of RS imagery (WorldView-2 (WV2) imagery) to 

improve the scale-up task. The rationale behind using this intermediate scale-up level was to 

increase the size of training data for model training as the use of UAV-derived training data alone 

may not help obtain a robust model. The authors’ experiments showed that the proposed workflow 

achieved R2 values between 0.49 and 0.79.  

In another study on improving the robustness of models for lichen mapping, Jozdani, et al. 

[10] investigated the potential of a semi-supervised approach to map lichen cover in high-resolution 

satellite imagery (WV2) in cases where very limited labeled data are available, which is a common 

problem in the context of RS. The authors found that involving unlabeled data in the training 

process led to a more robust/accurate model compared to using a fully supervised model, without 

collecting additional labeled data or further fine-tuning the model. 

In a later study, Jozdani, et al. [11] considered another aspect of the lack of model robustness 

in lichen mapping caused by scene-to-scene illumination/lighting variations in non-atmospherically 
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corrected RS images. For this purpose, the authors experimented the potential of conditional 

Generative Adversarial Networks (cGANs) to normalize target images to a source image on which 

the lichen detector model was trained. The authors reported that without any further training of the 

lichen detector model, it was possible to produce reasonably accurate lichen maps based on the 

cGAN-derived normalized target images, which were overall more consistent spectrally than the 

normalized images generated using traditional regression modeling and classic approaches like 

Histogram Matching (HM). 

 The application of advanced approaches for lichen mapping was also reported in a recent 

study by Kennedy, et al. [12] in which a residual-based multi-layer perceptron (MLP) regression 

model was used to map lichen fractions. According to the experiments conducted in that study, the 

MLP regression model was overall superior to a Random Forest (RF) regressor for lichen fractional 

cover mapping.   

Recent advances in computer vision and machine learning (ML) have facilitated the way 

lichen maps can be produced automatically and less subjectively [6, 7, 13-15]. Although the 

potential of conventional ML algorithms like RF in environmental RS has been proven before [16], 

there is a wide range of papers achieving state-of-the-art accuracies based on deep learning (DL) 

[17, 18]. DL models have also been used in the field of lichen mapping [9, 10, 19] in recent years.  

Apart from the modelling approach used, past research on lichen cover mapping has been 

mainly based on medium spatial/spectral resolution imagery and UAV images. As described above, 

the potential of multi-spectral RS imagery (like Landsat) for lichen cover mapping has been proven, 

but the coarse spectral resolution of such images causes them to be unable to accurately distinguish 

lichen from non-lichen features in cases where there is a high spectral similarity between them. A 

reasonable alternative can, therefore, be hyperspectral imagery capable of detecting more unique 

spectral signatures, and thus more accurately differentiating lichen from non-lichen cover. For 

example, Nordberg and Allard [3] visually found that it would be practically possible to 
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differentiate three-class lichen cover fractions from dry heath using the airborne hyperspectral 

sensor applied in that research.   

An outstanding question, however, is whether the use of higher spatial or spectral resolution 

images can improve lichen mapping in rocky landscapes. In a relevant study recently conducted by 

Fraser, et al. [20] on the importance of the spatial resolution of RS imagery, the authors utilized 

WorldView-3 (WV3) and UAV images to map forage lichen fractional cover in three rocky sites. 

In order to investigate the potential benefit of using higher spatial resolution satellite imagery for 

lichen mapping, the authors experimented WV3 imagery with two different spatial resolutions in 

their experiments: 1) The original 2-m multi-spectral bands; and 2) the downscaled 6-m multi-

spectral bands. Then, the authors compared the 2-m WV3 image with the downscaled 6-m one 

(along with the UAV image) to analyze the effect of downscaling on mapping lichen fractional 

cover over the three sites. The authors found that downscaling the WV3 image to 6-m helped them 

achieve more accurate forage lichen cover estimations (i.e., higher R2 and lower RMSE values) 

over their rocky study area. This accuracy improvement when using coarser resolutions can be 

mainly ascribed to the variance reduction of both the dependent and independent variables used in 

a regression model [20, 21]. 

Although it is deemed that the use of hyperspectral imagery can be advantageous for lichen 

mapping, there is a lack of research on reporting the potential of utilizing such imagery for caribou 

lichen mapping owing to the scarcity of airborne and satellite hyperspectral data. Due to this issue, 

past research on the use of hyperspectral imagery for lichen mapping has been mainly based on 

terrestrial hyperspectral data that are not usable for large-area lichen mapping [5, 22]. Investigating 

the potential of hyperspectral imagery is also crucial in areas where caribou lichen cover spectrally 

resembles other land-cover types, as multi-spectral images (even high-resolution satellite imagery) 

may fail to differentiate their spectral signatures from each other. In this research, we focus on 

investigating the potential of using airborne hyperspectral imagery (AVIRIS-NG) and UAV images 
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to map forage lichen fractional cover (Cladonia spp.) over three rocky sites [20]. In addition, to 

handle the complexity of the RS data and landscape optimally, we deploy DL regression models in 

this study.     

6.2 Methodology 

6.2.1 Data and preprocessing 

The study area for this research was located near Yellowknife, Northwest Territories, Canada 

(Figure 6.1). UAV surveys were conducted over three sites (hereafter, we call them as S1, S2, S3 

images/sites) from August 16 to 19, 2019. Two different sensors were used in the UAV surveys: 

1) 3.2 MP MicaSense Altum multispectral sensor with 5 bands (RGB, NIR, Red Edge, and 

Thermal); and 2) Integrated 20-MP RGB CMOS sensor mounted on DIJ Phantom 4 RTK. The 

spatial resolution of the images acquired by the Altum sensor was 3.2 cm, and that of the image 

acquired by the Phantom sensor was 0.2 cm. The 0.2-cm Phantom images were used to collect 

training samples as they corresponded to the location of our field quadrats (with an area of ~0.1 

ha). Orthomosaic UAV images were generated using Pix4dmapper software.  

We used 5-m AVIRIS-NG airborne hyperspectral surface reflectance imagery acquired by 

NASA's Arctic-Boreal Vulnerability Experiment [23] on August 7, 2017 over our study area. 

AVIRIS-NG imagery contains 425 spectral bands with a 5 nm interval in the visible to shortwave 

infrared spectrum. We also used a 4-band (RGB-NIR) WorldView-3 image acquired on July 21, 

2015. Although there is a 4-year gap between the UAV and WV3 acquisitions, and a 2-year gap 

between the UAV and AVIRIS-NG acquisitions, the areas have not dramatically changed over the 

past few years, and thus the images properly correspond to each other in terms of the underlying 

land-cover structure.  
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Figure 6.1 UAV and AVIRIS-NG images used in this study. Note: AVIRIS-NG Natural color 

composite = (R: band 54, G: band 36, B: band 20); Altum false color composite = NIR, Red, Blue; 

Phantom true color composite. 

To co-register the three image sources, we first co-registered the WV3 image to the respective 

UAV orthomosaics, and then co-registered the AVIRIS image to the co-registered WV3 image, 

indirectly leading to the co-registration of the UAV and AVIRIS images. This was because the 

direct co-registration of the AVIRIS image to the UAV image was not accurate due to the small 

extent of the UAV images and the significant difference between the spatial resolutions of the two 

image sources. The co-registrations were performed using the AROSICS tool, which is an open-

source tool for automatically co-registering RS images [24]. Noisy bands were removed from the 
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AVIRIS-NG imagery based on the metadata and visual inspection, resulting in a total of 367 bands. 

The UAV images acquired over S2 and S3 sites are fully within the valid extent of the AVIRIS-

NG image, whereas only a little more than half of the S1 image fell within the AVIRIS-NG extent 

(Figure 6.1) [20]. 

6.2.2 UAV reference data and classification 

In order to estimate lichen percentage within each pixel footprint of AVIRIS-NG imagery, we first 

classified the three Altum UAV images as described in [20]. This involved collecting a total of 

1710 training samples, of which 425 belonged to the “Cladonia lichen” class, and the rest to the 

other land-cover types (including concentric ring lichen, bare rock, dark lichen (or smooth rock 

tripe), green vegetation, and shadow). These training samples were used to train a Random Forest 

(RF) classifier with 100 trees. For each tree, 2/3rd of samples was randomly used with a square 

root of the number of features (i.e., 5 spectral bands, NDVI, Normalized Difference Red Edge 

(NDRE), and two Grey-Level Co-occurrence Matrix texture measures (Mean and Contrast) 

computed from a kernel size of 7-by-7 of the blue channel) as inputs to each tree. To test the 

accuracy of the classification, we also collected 400 samples independently with equally sized 

lichen and non-lichen samples. All the training and test samples were delineated using the 0.2-cm 

Phantom image (Figure 6.1). 

6.2.3 DL-based regression modeling 

A regression modeling approach was used to estimate lichen fractional coverage in the AVIRIS-

NG and WV3 images. In this regard, since past related research has shown the performance 

superiority of DL over conventional models [12], we trained an MLP regressor on each of the three 

sites. To train the models, the Adam optimizer with a learning rate of 0.001 was employed. ReLU 

activation was used for all the layers except the output layer for which Sigmoid was used. Batch 

Normalization was also used before each activation layer to improve the robustness of the models. 

In order to set the number of hidden layers, the number of neurons, and dropout probability, we 
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used a Bayesian hyperparameter tuning approach. In this regard, the number of layers ranged from 

2 to 8), the number of neurons ranged from 10 to 500 with an interval of 10; all the layers were set 

to have the same number of neurons, and dropout tested with two values 0.25 and 0.5. The model 

that led to the highest accuracy on the validation set was used to perform testing (the 

hyperparameters selected can be seen in Table 6.1).  

Table 6.1 Hyperparameters of the 12 MLP models selected through a Bayesian hyperparameter 

tuning approach. 

Scenario Model 
# of hidden 

layers 

# of neurons in 

each hidden layer 

Dropout 

probability 

AB 

S1 4 300 0.25 

S2 8 300 0.25 

S3 8 430 0.25 

PCA 

S1 3 70 0.25 

S2 3 70 0.50 

S3 8 50 0.25 

RFE 

S1 3 200 0.50 

S2 3 180 0.25 

S3 5 150 0.50 

WV3 

S1 3 20 0.25 

S2 4 20 0.25 

S3 4 20 0.25 

 

One of the main challenges when working with hyperspectral data is the potential correlations 

of their spectral bands. Since such high correlations would pose challenges (Figure 6.2), rather than 

processing all the bands (AB), we performed two methods to select only a subset of bands that 

would be less correlated and more discriminative. In this regard, we used Principal Component 

Analysis (PCA) and Recursive Feature Elimination (RFE). For the RFE approach, we applied an 

RF model (hereafter, RF-RFE) with 500 trees and the Mean Squared Error (MSE) metric to choose 

the band combinations that led to the lowest MSE value. An approach for choosing a suitable set 
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of first PCA components is based on monitoring the cumulative variance of PCA components. 

However, this is generally a subjective approach and may not be optimal. An objective alternative 

is to choose the most suitable first number of the components of the PCA data using a model that 

automatically and consecutively considers the first “N” bands and tests which “N” will lead to 

suitable accuracies. In this regard, we used another RF model (hereafter, RF-PCA) with 500 trees 

that (starting with the first two components) iteratively added the next component until either no 

significant accuracy improvement was achieved, or accuracy dropped. These two approaches to 

reducing the dimensionality of the data were performed by pooling all the three image sites 

together. More precisely, we used 70% of the pooled data for training the RF-RFE and RF-PCA 

models and the remaining 30% for validation. This way we were able to determine which 

bands/features and which number of first PCA components would be, on average, more suitable to 

proceed with rather than using all the 367 bands. 

For all the AB, PCA, and RFE scenarios, a separate MLP model was trained on each of the 

three sites. In this respect, we used 60% of the data of each site for training, 20% for validation 

(used for hyperparameter tuning in the grid search setup), and 20% for testing. After training each 

model on each of the three sites, it was applied to the 20% hold-out test data of the same image on 

which it was trained and to the other two images (i.e., all the data on the other two images were 

used for testing). This was done for all the three images separately, resulting in a total number of 9 

tests for each of the AB, PCA, and RFE scenarios. 
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Figure 6.2 Correlation matrix of the AVIRIS-NG bands excluding noisy bands. 

6.3 Results 

Our accuracy assessment results showed that the overall accuracies of classifying the Altum S1, 

S2, S3 UAV images were 97.5%, 96.2%, and 92.8%, respectively. Figure 6.3 shows the distribution 

of AVIRIS-NG pixels with respect to their lichen fractional cover. (Note that the highest lichen 

coverage within the AVIRIS-NG footprint was 59%). Apparently, lichen coverages within the 51-

60% range were challenging to map as they were expected to have a higher mean reflectance than 

the other lichen coverage ranges. In fact, the mean reflectance values of this lichen cover range 

were lower than those of lower-cover ranges. Another challenging factor also visible in Figure 6.3 

was that the three lichen coverages of 21-30%, 31-40%, and 41-50% have very similar distributions 

to each other. These two problems can also be seen in the signatures of these ranges as shown in 

Figure 6.4, which proves the significant complexity of lichen mapping over the study areas. 

 



 

175 

 

Figure 6.3 Violin plots showing the distributions of the six ranges of forage lichen fractions based 

on the pooled AVIRIS-NG data. 

 

In Figure 6.5, the first two components of the PCA-transformed data along with all the pooled 

data with their corresponding lichen fractional values are presented. Apart from a portion of the 

smallest lichen fraction range (i.e., 0-10%), all the other ranges are not easily differentiable. 

To improve lichen fractional mapping, we used an MLP architecture for all the regression 

modelling tasks in this study. The advantage of using MLPs over conventional models like RF for 

lichen fractional cover mapping has also recently been proven [12]. Based on the hyperparameter 

tuning conducted in this research, the best models had at least 3 hidden layers and 20 neurons (for 

the WV3 S1 model). The deepest model had 8 hidden layers and 430 neurons (for the AB S3 

model). Deeper models (more than 8 hidden layers) either did not improve the results or resulted 

in overfitting, deteriorating validation accuracy/loss. The depth of the models was a function of the 
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number of data and the complexity of the patterns in the data used. 

 

Figure 6.4 Spectral signatures of four groups of pixels for the six lichen fraction ranges based on 

the AVIRIS-NG imagery. Note: Each of the plots contains 6 different pixels that are representative 

of the six respective forage lichen fractional cover ranges. 

Figure 6.5 Visualization of the first two components of the PCA with respect to the six lichen 

fraction classes. 
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Figure 6.6 Prediction plots resulting from the models trained based on all bands (AB) of AVIRIS-

NG, Principal Component Analysis (PCA), Recursive Feature Elimination (RFE), and WorldView-

3 (WV3) scenarios for the three sites. 

 

The R2 and RMSE values of the regression models trained on the AVIRIS-NG image are 

presented in Figure 6.6 and Table 6.2. The performances of the regression models trained based on 

AB, PCA, and RFE were almost similar, highlighting that not all the bands of the hyperspectral 

image were needed to generate effective models. For the AB scenario, it is clear that the S1 model 

performed poorly on the other two images (R2 = 0.269 and 0.210; RMSE = 9.9% and 8.5% for S2 
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and S3 test images, respectively). In contrast, the S2 model generalized better on the S1 (R2 = 0.345; 

RMSE = 7.6%) and S3 (R2 = 0.344; RMSE = 7.7%) images than the other two models did on the 

respective test images.  

Performing the PCA on the pooled data, we observed that the first two components of the 

projected image explained more than 95% of the variance in the data. However, the complexity of 

the data for regression modeling was beyond the use of only the first two bands (Figure 6.5) as the 

use of only the first two components resulted in poor accuracies due to the lack of representative 

features. To choose an appropriate number of the first components, the RF-PCA model found the 

20 first components of the PCA data to be suitable for regression modeling. Using these 20 first 

components, we trained the models. The PCA-based regression models performed almost similar 

to the AB models. The most tangible differences, however, were for the S2 model with which a 

better generalization on S1 (R2 = 0.393; RMSE = 7.4%) and S3 images (R2 = 0.370; RMSE = 7.6%) 

was achieved, and for the S1 model that led to a better generalization on the S2 (R2 = 0.357; RMSE 

= 9.3%) and S3 (R2 = 0.231; RMSE = 8.4%) test images.  

Applying the RF-RFE model resulted in the selection of a combination of 100 AVIRIS-NG 

bands as the most suitable number and combination to use in the MLP models. The performances 

of the S1 and S2 models in the RFE case were close to the models in AB and PCA. However, the 

S3 model of the RFE overall generated more accurate lichen cover estimations than that of the AB 

and PCA. In fact, the S3 model of the RFE generalized better to the other two sites than the S3 

models of the AB and PCA did. The differences between the models trained on the respective WV3 

and AVIRIS-NG images were significant in most of the cases. In most of the models, the regression 

models trained based on the AVIRIS-NG image performed better than those trained based on the 

WV3 image. In some cases (e.g., S3 model on S1 and S2 test images), the models trained on the 

AVIRIS-NG image achieved much higher R2 (almost two times higher) and smaller RMSE (> 3%) 
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values. In general, it is apparent that the models trained on the WV3 image were able to better 

generalize to the S3 image in terms of R2 although they, on average, led to larger RMSE values.  

Table 6.2 Assessment of regressions models trained based on all bands of AVIRIS-NG (AB), 

Principal Component Analysis (PCA), Recursive Feature Elimination (RFE), and WorldView-3 

(WV3) scenarios . 

Legend: 

R2 

RMSE 

S1 test image S2 test image S3 test image 

All bands (AB) 

S1 model 
0.694 0.269 0.210 

5.3% 9.9% 8.5% 

S2 model 
0.345 0.531 0.344 

7.6% 7.9% 7.7% 

S3 model 
0.309 0.242 0.361 

7.8% 10.1% 6.9% 

Principal 

Component 

Analysis (PCA) 

S1 model 
0.682 0.357 0.231 

5.48% 9.3% 8.4% 

S2 model 
0.393 0.540 0.370 

7.4% 7.8% 7.6% 

S3 model 
0.248 0.269 0.305 

8.2% 9.9% 7.2% 

Recursive Feature 

Elimination 

(RFE) 

S1 model 
0.667 0.325 0.165 

5.6% 9.5% 8.7% 

S2 model 
0.410 0.544 0.302 

7.2% 7.8% 8.0% 

S3 model 
0.310 0.325 0.360 

7.8% 9.5% 6.9% 

WorldView-3 

(WV3) 

S1 model 
0.497 0.116 0.362 

8.6% 14.6% 9.8% 

S2 model 
0.235 0.352 0.402 

10.5% 12.4% 9.5% 

S3 model 
0.149 0.104 0.416 

11.1% 14.7% 9.4% 
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6.4 Discussion 

In the previous section, the results of applying the regression models and their generalization 

performances on the three test datasets were provided. Overall, the R2 and RMSE values were not 

high and low, respectively, for neither of the models trained on the AVIRIS-NG imagery nor those 

trained on the WV3 imagery. To some degree, it was expected as the study area was a complex 

landscape where non-forage lichen bright features, especially rocks and concentric ring lichen, 

were widely present. Due to this complexity, we hypothesized that the many additional spectral 

bands provided by the AVIRIS-NG image would be beneficial to improve lichen fractional cover 

mapping over the study area as it was also implied in previous studies.  

Although the estimations of lichen fractional cover obtained based on AVIRIS-NG image 

were not highly accurate, our results confirmed the above-mentioned hypothesis by producing more 

accurate lichen fraction estimations over the three study sites under consideration using AVIRIS-

NG image. According to the experiments, we found that S1 and S2 regression models did not 

generalize well on the S3 test image. The S3 image is generally a more complex image than the 

other two images, and it contains a different background of darker, sedimentary rock compared to 

the brighter granites encountered at sites 1 and 2 [20]. In fact, one important challenge with this 

image arose from the prevalence of shadows that negatively affected the quality of the classification 

of this UAV image, as was also reflected in its lower classification accuracy compared to the two 

other sites (92.8% vs 97.5% and 96.2%). Another important challenge with this image was that the 

quality of co-registration of this image to AVIRIS-NG image was overall lower than the other two 

UAV sites. In contrast, the S3 WV3 image led to a higher quality co-registration than the S3 

AVIRIS-NG image did, resulting in the better generalization of the S1 and S2 WV3 models on the 

S3 WV3 image. Since the S1 image was a smaller site (because only a little more than half of it 

was covered by the AVIRIS-NG imagery), it was a simpler case for the S2 and S3 models to which 

they generalize well. In other words, both the S2 and S3 models generalized best on the S1 image 
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in the AVIRIS-NG. Although the WV3 image was better co-registered to the UAV images than the 

AVIRIS-NG image did, we realized that it was not sufficient to obtain more accurate lichen cover 

estimations using WV3 models compared to the AVIRIS-NG models. Despite its higher spatial 

resolution (which could result in less mixed pixels), the WV3-based models suffered from the lack 

of sufficient discriminative features (i.e., spectral information) required to differentiate forage 

lichen from spectrally similar non-lichen features (especially rocks), resulting in more accurate 

lichen fractional cover maps.  

All the three scenarios (AB, PCA, and RFE) used to train the MLP models on AVIRIS-NG 

imagery resulted in almost similar lichen estimations. However, taking into account the efficiency 

of these approaches, we observed that the PCA models were generally more efficient, although 

they performed worse than their AB and RFE counterparts in some cases.  Notwithstanding the fact 

that the regression models based on the AVIRIS-NG image led to more accurate Cladonia lichen 

cover estimations in most cases, they are still not as accurate as models trained on the downscaled 

(6 m) WV3 images experimented over the same area in [20]. As discussed earlier, misclassification 

errors of the UAV images, co-registration errors, complexity of the area, and noise in the AVIRIS-

NG imagery are the main causes of these low accuracy estimates. Of the above factors, we were 

able to limit the UAV misclassification errors to a large degree. Co-registration errors were, 

however, more difficult to address. The AVIRIS-NG image itself also suffers from different types 

of spatial and spectral errors (i.e., noise) that are common in hyperspectral imagery, regardless of 

the fact that we removed noisy bands before performing the analyses. For example, spectral errors 

are mainly caused by the atmosphere which is more common in hyperspectral images (even if 

atmospherically corrected) due to their narrow bandwidths, while spatial errors are generally a 

function of sensor view angle and terrain elevation variations that cause misalignments during co-

registration.   



 

182 

 

6.5 Conclusions 

Caribou lichen fractional cover mapping is a challenging task over areas where non-lichen 

bright features (like rocks, sands, soil, etc.) are prevalent. Building on the hypothesis that in such 

areas the use of hyperspectral imagery would be advantageous, this study aimed to evaluate the use 

of AVIRIS-NG imagery to map Cladonia lichens in a rocky landscape shield in Canada. In this 

regard, we conducted a regression approach based on deep MLP models whose number of hidden 

layers and neurons were determined using exhaustive grid search procedures. According to our 

experiments, we observed some significant differences between the regression models trained on 

AVIRIS-NG image and the WV3 image. In most cases, the models trained on the AVIRIS-NG 

image resulted in higher R2 and lower RMSE values compared to the models trained on the WV3 

image. 

However, even with the models trained on the AVIRIS-NG image, the accuracies of lichen 

fractional cover estimates were not high enough, at least compared to the results earlier reported 

using downscaled 6-m WV3 images for the same area [20]. Since this is the first study on the use 

of the AVIRIS-NG image for lichen fractional cover mapping in a complex landscape, there needs 

to be further work evaluating the potential of this imagery. For example, as a future work, one can 

consider incorporating other types of spatial information (like climate data, Digital Elevation Model 

(DEM) derivatives, etc.) into the workflow to analyze if these data can complement some of the 

gaps in AVIRIS-NG imagery for lichen mapping.    
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Chapter 7 

Summary and Conclusions 

Dramatic declines in the populations of caribou in recent years have caused environmental concerns 

about these animals. Given the fact that caribou are ecologically and culturally valuable animal 

species, there needs to be monitoring solutions to track their status efficiently and effectively. 

Doing this using direct monitoring approaches is not practical over large-scale areas. Alternatively, 

it is possible to resort to indirect approaches that monitor resources on which caribou are dependent, 

such as their main sources of food.  

An important source of food for caribou are lichens, especially during winters [1, 2]. 

Although lichens are generally phenologically static species, they are vulnerable to environmental 

anomalies such as climate change. For example, wildfires are one of the main negative effects of 

climate change that can greatly affect lichen cover. Besides environmental factors that can affect 

lichen cover, overgrazing is another cause of lichen disturbances, which is concerning as lichens 

may take several years to regrow. Such sudden changes along with monotonically decreasing trends 

of lichen cover can affect caribou migration and distribution patterns over time, which may 

eventually affect their populations.  

In this regard, it is required to map caribou lichen cover using a practical, efficient way. Since 

traditional ground-based approaches for lichen mapping are time consuming and do not scale 

properly, using remote sensing (RS) data is a potential alternative. Not only is it possible to map 

lichen cover over large areas using RS data, but also it is possible to update current maps effectively 

and efficiently in a timely manner. Since lichen mapping could be a challenging task, recent studies 

have mainly utilized machine learning (ML) approaches as they are generally more flexible and 

can better model complex patterns in RS images [3-6]. In addition to the modeling approach used, 

employing suitable RS data is another challenge that should be further explored for lichen mapping. 
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In this thesis, we considered several gaps in this field and conducted various experiments using 

advanced approaches and different RS image sources to go beyond the current limitations of 

caribou lichen mapping.  

7.1 Research findings 

7.1.1 Caribou lichen mapping with limited labeled data 

As elaborated earlier, not all ML and RS data are suitable for caribou lichen mapping. In fact, 

depending on the complexity of a lichen mapping application, the ML model used may not be 

powerful enough to learn from RS data (or image features extracted). This problem, as a result, can 

significantly degrade the performance of the model when applied to unseen/test areas. However, 

lichen mapping using RS data has been widely conducted with traditional ML models that may fail 

to generalize well and that need hand-crafted features that could be highly site/application specific. 

The advent of deep learning (DL) and advances in computer hardware in recent years have pushed 

the boundaries of generating accurate land-cover maps.  

In Chapter 4 of this thesis, we utilized a powerful semi-supervised DL approach to scale-up 

a small-scale UAV-derived lichen map to a much larger area covered by a WorldView-2 (WV2) 

image. Since the UAV map covered a small area (resulting in a small labeled training set), a fully 

supervised model would not learn sufficient representative, discriminative features from such 

limited labeled data. However, given the extent of the WV2 image, we had access to a large set of 

unlabeled data. Based on this, we then hypothesized that the use of a semi-supervised learning 

(SSL) approach (in this research, Naïve-Student [7]) can improve the accuracy of scaling-up the 

UAV-derived lichen map. The SSL approach would help us also involve unlabeled data in the 

training process. In fact, not only would the SSL learn from labeled data (very much like a fully 

supervised model), but also it would learn from unlabeled data in an unsupervised manner. We 

conducted thorough experiments to evaluate the potential of the SSL approach for scaling-up the 

small-scale UAV-derived map to the WV2 image under consideration. Our tests showed that the 
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SSL approach was able to produce a large-scale map with a reasonable accuracy (overall accuracy 

of 85.28% and F1-socre of 84.38%). In addition, we found that the SSL approach was overall more 

accurate than a fully supervised DL model and a fully supervised pixel-based Random Forest (RF) 

model. These findings open new insights into how incorporating unlabeled data (which are 

generally prevalent in RS) into the training process can improve the robustness and generalization 

power of a DL model without collecting more labeled samples. 

7.1.2 Generalizing lichen mapping models in non-atmospherically corrected high-resolution 

satellite images 

Model generalization is a difficult task in lichen mapping (just like any other mapping task) in RS. 

On the one hand, in some cases (e.g., the first objective elaborated on in Chapter 4), the reason for 

not being able to train a generalizable model is the lack of (diverse) training data over the study 

area. On the other hand, regardless of the number of training data used to train a model, scene-to-

scene illumination/lighting variations (which is mainly a function of atmospheric conditions) are 

another critical issue that arises when working with multiple RS images that are not atmospherically 

corrected. Applying models on non-atmospherically corrected images may significantly degrade 

the accuracy of classification due to potential shifts between pixel-value distributions of images.  

In Chapter 5 of this thesis, we investigated the potential of an intra-sensor image 

normalization approach in which the goal was to mitigate scene-to-scene lighting variations in non-

atmospherically corrected WV2 images by normalizing target images to a source image from which 

training data were collected and used to train a lichen detector model. As we discussed before, this, 

however, is challenging especially in cases where sufficient information for image normalization 

may not be available to either improve the quality of the normalization or improve the performance 

of the lichen detector model. Our normalization approach was based on conditional generative 

adversarial networks (cGANs [8]). In this regard, we employed the Pix2Pix approach [9] that has 

been widely used for various image-to-image translation tasks. For this normalization task, we 
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considered four scenarios: 1) Performing the normalization based on the 2-m multi-spectral WV2 

bands; 2) performing the normalization based on the WV2 panchromatic and multi-spectral bands 

(resampled to 50 cm); 3) performing the normalization based only on the WV2 panchromatic band; 

and 4) performing the normalization based on both the WV2 panchromatic band and Sentinel-2 

surface reflectance (SR) imagery (which is almost invariant under different atmospheric 

conditions).  

We conducted two phases of experiments; that is, in the first phase, a small-scale test was 

performed to realize which approach(es) would be more promising. According to this phase of 

experiments, we found that the third (i.e., normalization based only on the WV2 panchromatic 

band) and fourth scenarios (i.e., normalization based on the fusion of WV2 panchromatic band and 

Sentinel-2 SR imagery) led to the best results. In the second phase, we performed large-scale tests 

on four WV2 target scenes acquired over different regions and under different atmospheric 

conditions. According to our experiments, we observed that the images normalized by the Pix2Pix 

approach based on the fusion of WV2 panchromatic band and Sentinel-2 SR image resulted in more 

accurate lichen maps than the ones based on the WV2 panchromatic band alone.  

In order to better evaluate the efficacy of the cGAN normalization approach based on the 

fusion of WV2 panchromatic band and Sentinel-2 SR image, we compared the cGAN approach 

with a traditional regression model (based on XGBoost), Histogram Matching (HM), and linear 

Monge-Kantorovitch  (LMK) approaches. Our results showed that the images normalized by the 

cGAN were not only visually more consistent with the source image (to which the images were 

normalized), but also they resulted in more accurate lichen maps when the lichen detector (trained 

on the source image without any further training/fine-tuning on the target images) was applied to 

them. 

In a nutshell, there were two important findings in this research. First, we found the 

significant importance of the panchromatic band for image normalization. As indicated in Chapter 
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5, performing the normalization even using the panchromatic band alone resulted in much higher 

accuracies than simply applying the lichen detector on the original images without performing any 

normalization. In fact, according to the experiments, when the lichen detector was applied to the 

unnormalized images, it failed to detect even one true lichen pixel correctly due to the substantial 

distribution shift between the source and target images caused by atmospheric variations. Second, 

we found that cGANs are powerful solutions for normalizing RS images even for environmental 

mapping tasks (in this case, caribou lichen mapping) that had not been investigated before in the 

literature. Our results also showed that the use of unsupervised normalization techniques may not 

be suitable as they are not aware of the context of the analysis and may not result in favorable 

normalized images for different downstream tasks such as image classification. 

7.1.3 Exploring the potential of airborne hyperspectral imagery for lichen mapping 

Even using the most ideal DL model may not still guarantee producing reasonably accurate lichen 

maps if the RS data used does not appropriately differentiate lichens from other features. For 

example, over areas where non-lichen features (such as rock) spectrally resemble caribou lichens, 

multi-spectral imagery (even high-resolution satellite imagery) may not be sufficient to accurately 

detect true lichen pixels or to accurately estimate lichen fractional cover. Airborne/satellite 

hyperspectral images are deemed to improve lichen mapping over such complex landscapes, as 

these images have much higher spectral resolutions that can better capture discrepancies between 

the spectral signatures of lichens and non-lichen features. However, the majority of studies on 

lichen mapping have employed coarser multi-spectral RS imagery, especially Landsat images, due 

to their public availability and global coverage. Given this, another important gap in the field of 

caribou lichen mapping was the lack of studies on the use of airborne/satellite hyperspectral 

imagery for lichen cover mapping in regions where non-lichen features are spectrally similar to 

lichens.  
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In this research, we with experimented Cladonia spp. lichen fractional cover mapping over 

a rocky landscape using UAV images and AVIRIS-NG hyperspectral imagery. Our tests were 

carried out over three UAV sites located in Yellowknife, Northwest Territories, Canada. All three 

UAV sites were covered by a single scene of AVIRIS-NG imagery, except one of the sites only 

more than half of which was within the valid extent of the hyperspectral scene. In order to map 

lichen fractional cover, we adopted a DL regression model (i.e., a multi-layer perceptron (MLP)) 

whose hyperparameters (i.e., number of hidden layers, number of neurons, dropout probability) 

were selected through a grid-search and cross-validation approach. To better analyze the 

effectiveness of AVIRIS-NG imagery for lichen mapping, we compared the results achieved from 

this image to those obtained from a single scene of WorldView-3 (WV3) imagery (4 spectral bands 

and 2-m spatial resolution) acquired over the same study area. One of the challenges in working 

with hyperspectral data could be the high correlations among the bands and the high dimensionality 

of the data that poses computational burdens during model training.  

After discarding noisy bands (resulting in a total of 367 bands out of 425 bands), we reduced 

the high dimensionality of the AVIRIS-NG image by performing and experimenting two 

approaches: 1) Principal Component Analysis (PCA), and 2) Recursive Feature Elimination (RFE). 

Afterwards, we trained an MLP regressor by considering three scenarios: 1) Training with all 367 

bands of the AVIRIS-NG imagery; 2) training with the best combinations of the 367 spectral bands 

selected through the RFE approach; and 3) training with the first most suitable number of PCA 

components. A separate regression MLP (for each of the three UAV sites) was also trained on the 

WV3 image to compare its performance with the ones trained on the AVIRIS-NG image.  

Training a total of 12 models (3 WV3 models + 9 AVIRIS-NG models) on both the WV3 

and AVIRIS-NG images and testing them on the three rocky study sites (i.e., a total of 9 tests for 

each of the WV3 and AVIRIS-NG images), we found that the regression models trained on the 

AVIRIS-NG imagery were overall superior to the ones trained on the WV3 imagery. This was in 
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line with the hypothesis that airborne/satellite hyperspectral imagery can improve lichen mapping 

even compared to higher spatial-resolution imagery. In addition, according to the tests conducted 

on the three UAV sites, we found that the models trained on the AVIRIS-NG imagery were more 

consistent across different areas.  

The main reason that in this study, we did not use the SSL approach presented in Chapter 4 

was that the problem that we needed to address for this study was a regression problem although 

the study in Chapter 4 was a classification problem. Since the nature of these two studies in this 

regard was different, it would be beyond the scope of this study to evaluate the potential of an SSL 

approach for regression modeling. Due to this, we, therefore, decided to use fully supervised DL 

regressors to estimate lichen fractions in this study. 

7.2 Research contributions 

The main significance of the approaches utilized in this study is that they can also be applied 

to other vegetation mapping applications without heavily modifying the workflows presented. In 

the following, we will elaborate on the contributions of this study to other vegetation mapping 

applications in the context of RS.  

First, since the method used in Chapter 4 was image-agnostic, the scale-up procedure 

deployed is easily generalizable to publicly available images such as Sentinel-2 and Landsat. In 

this regard, scaling-up can be directly performed from UAV to these images or from UAV to WV 

(or any other high-resolution imagery) and then to Sentinel-2 or Landsat images. Although the main 

focus of this study was on lichen mapping with limited data, the utilized framework can be used 

for other applications beyond lichen mapping. This is significance as the lack of labeled data in RS 

is a common problem that may not be easily remedied. The advantage of this method is that it does 

not rely on any of the specific characteristics of the land cover of interest (in this study, lichen). In 

other words, this approach does not require any prior assumption on the land cover to be mapped. 
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As a result, this approach can be used readily for other vegetation mapping tasks in the context of 

RS. 

Second, the availability of normalized images is an important assumption in many mapping 

tasks in RS. Given this, in Chapter 5, we designed our normalization method in this study to be 

agnostic to the mapping objective. In fact, regardless of the land cover(s) of interest, the proposed 

normalized approach can be utilized to make different target images consistent, and thus improving 

the accuracy of mapping across different images. As we discussed before, the only requirement that 

needs to be met in this approach is that all the land covers of interest should be present in the source 

image. If this requirement is met, regardless of the landscape and underlying land covers, this 

approach can be generalized to other vegetation mapping applications in RS. 

Finally, the results presented in Chapter 6 for lichen fractional cover mapping using airborne 

hyperspectral imagery have important implications for fractional-cover mapping of other 

vegetation species in RS. For example, it is quite common to confuse the detection of a given 

vegetation species in cases where there is some other land cover that is spectrally similar to the 

vegetation of interest. As shown, hyperspectral data improved lichen fractional cover mapping 

compared to the use of high-resolution satellite imagery, but the accuracies were not high due to 

the complexity of the landscape. This could also be true for other vegetation mapping applications 

in complex environments where spectral signature similarities preclude producing high-accuracy 

fractional cover maps.    

7.3 Limitations 

In this thesis, we addressed three important gaps in the field of caribou lichen mapping to 

investigate whether accounting for those gaps can improve lichen mapping in different regions of 

Canada. However, as any other study, our research also encountered some limitations that are worth 

discussing here.  
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First, although we showed the potential of an SSL approach for improving the robustness of 

a lichen detector model when trained based on a small-scale, noisy UAV-derived lichen map, the 

lack of land-cover diversity within the UAV site was an important limitation that affected the 

performance of the model. In fact, as we described in Chapter 4, the UAV site was covered by only 

four main land-cover types (grass, soil, tree, and lichen); however, in the WV2 image, there were 

other land-cover types (such as water, other vegetation species, impervious features, etc.) that the 

lichen detector model did not see any of their samples during training. Moreover, since there was 

no cloud within the extent of the UAV survey in the WV2 image, the model was not trained on any 

cloud pixels, and thus when it was applied to those areas, it erroneously detected many of thick 

clouds as lichen. It should be noted that these issues are common limitations in other environmental 

applications.  

Second, in Chapter 5, we demonstrated the potential of cGANs (in this research, Pix2Pix) for 

normalizing non-atmospherically corrected WV2 images by considering them for lichen mapping. 

Although the results were promising, as discussed in Chapter 5, the performance of the lichen 

detector model that is trained on the source image still matters regardless of the quality of the 

normalization. In other words, if the lichen detector model is not trained on sufficient training data 

collected from the source image, the same classification errors occurring in the source image will 

also occur in the target images even if the most ideal normalization is performed on target images. 

As a result, rather than improving the quality of image normalization, it may be more reasonable 

to improve the performance of the lichen detector model as much as possible. 

Third, we presented one of the first results on the potential of airborne hyperspectral imagery 

(in this research, AVIRIS-NG imagery) for caribou lichen fractional cover mapping over a complex 

rocky landscape in Chapter 6. Although the results showed the significance of using AVIRIS-NG 

imagery for lichen mapping, we observed that the R2 and RMSE values were not still high and low, 

respectively. This could be because the high spectral-resolution of the AVIRIS-NG imagery was 
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not sufficient to properly differentiate caribou lichen from other spectrally similar features (e.g., 

rocks). To put it differently, the 5-m spatial resolution of the AVIRIS-NG image was apparently a 

bottleneck to reach more accurate estimations of lichen fractional cover over such a complex 

landscape. Moreover, the study sites in this study did not have high lichen fractions (i.e., close to 

100%) as opposed to the study area in Chapter 4 (and some study areas in Chapter 5). This was 

problematic in cases where the goal is to apply the model trained over this area to other areas where 

high lichen fractions are present. Under such circumstances, the lichen fractional-cover maps will 

be under-estimated. Another limitation in the study presented in Chapter 6 was that in some of the 

UAV images, there were shadows occluding the underlying land cover, and thus negatively 

affecting the classification of the images. This is a common problem in UAV surveys as the flight 

direction and sun angle can cause such an issue. A way to potentially mitigate this is to conduct 

surveys in different directions and times of the day and then include them all in the training and 

testing process, although it will lead to much more data processing.  

Finally, in the research projects conducted in this thesis, we utilized different sources of RS 

images. However, due to several factors, such data (optical RS images) may not be adequate to 

map lichen cover in some cases. For example, in boreal forests, tree canopies can easily obscure 

the underlying lichen cover, and thus it is almost impossible to detect lichen patches underneath 

canopies using optical RS data. Another limitation with optical data is that they are highly affected 

by atmospheric conditions, such as clouds. In such situations, Synthetic Aperture RADAR (SAR) 

and Light Detection and Ranging (LiDAR) data could be the most suitable alternatives for lichen 

mapping. In addition, the fusion of these two data sources with optical data may improve lichen 

mapping in such conditions.  

7.4 Future directions 

Although we accounted for several factors barely considered in previous studies on caribou lichen 

mapping, there are still some directions that can be followed to fill other gaps in lichen-cover 
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mapping using RS data. Here, we provide some potential solutions that can be considered in future 

studies on lichen mapping.  

A future direction worth exploring is the time-series analysis of caribou lichen cover as it 

will provide valuable information regarding the trends of lichen cover over time. In this respect, 

we have recently conducted a pilot project on this using UAV, WV/2/3, and Landsat images over 

the Ring of Fire Area, Ontario, Canada. Our purpose was to analyze the trends of lichen fractional 

cover from 1986 to 2021 (with an interval of 3 years) over the study area. For this, we trained a DL 

regression model and transferred it to Google AI Platform to be able to apply it to Landsat time-

series images within Google Earth Engine (GEE), as GEE provides valuable tools for processing 

and visualizing large volumes of RS images. To capture the decreasing and increasing trends of 

lichen fractional cover, we performed a Mann-Kendall trend analysis technique in GEE. We have 

designed a GEE App for this project that shows the results of this trend analysis and some other 

features that can be implemented in GEE. This GEE App can be accessed via this link 

(https://bit.ly/3GZZMBI). (Please note that the App is under-development and is subject to 

changes). Future studies can improve these preliminary results by training a regression model with 

more training data to improve lichen fractional cover estimations, especially over areas where 

lichen fractional cover is overestimated. In addition, this project shows the potential of GEE for 

lichen mapping at regional and national scales provided that sufficient training data are available.  

As described before, UAV images are the foundations of scaling-up lichen maps to high (and 

then coarser) resolution satellite images. However, due to several reasons, UAV images may not 

be sufficiently available over a given study area, causing accuracy degradations when performing 

the scale-up. A potential way of mitigating the impact of this issue on the final scale-up process is 

to employ UAV images acquired over other areas regardless of their landscapes and underlying 

land-cover types (even if they are devoid of lichen patches), provided that high-resolution satellite 

images for those areas are available. In essence, the quality of detecting true lichens (true positive 
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rate) is highly dependent on the quality of detecting true non-lichen pixels (true negative rate). If 

sufficient background samples are not available in the training set (especially if there are missing 

samples of features spectrally similar to lichens), the rate of misclassification increases accordingly. 

As a result, even increasing the size and diversity of non-lichen samples can improve the robustness 

of a lichen detector model trained.  

As presented, the SSL in this study improved lichen detection, by reducing the likelihood of 

false positive errors (i.e., wrongly detecting non-lichen cover as lichen). This accuracy 

improvement was achieved through interactive training of the SSL approach using both labeled and 

unlabeled data. Although after three iterations, we observed no improvement in the results, it is 

worth exploring more to realize what can be done to improve accuracy by increasing the iterations. 

In fact, it is crucial to understand what is the main factor that prevents further accuracy 

improvements when continuing training for more iterations.   

According to the experiments conducted in this research, airborne hyperspectral imagery 

(AVIRIS-NG) led to more accurate lichen fractional cover estimations than a 4-band WV3 image. 

However, as discussed earlier, a higher spatial-resolution of the hyperspectral imagery would have 

led to more accurate lichen-cover estimations. However, affording higher spatial-resolution 

hyperspectral imagery is very difficult and expensive. A potential way of exploring this is to 

perform a super-resolution on AVIRIS-NG imagery (e.g., based on a corresponding WV image) 

and then test the super-resolved image for lichen mapping. This may result in more accurate lichen-

cover estimations if the super-resolution approach is accurate enough to preserve the spectral 

information in the data.  
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