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Characterizing urbanization-induced land surface phenology change from 1 

time-series remotely sensed images at fine spatio-temporal scale: A case study 2 

in Nanjing, China (2001-2018) 3 

4 

Abstract 5 

Continuous urban expansion and its influence on land surface phenology (LSP) have been 6 

gaining considerable attention due to their impacts on climate change, carbon cycling and human 7 

health. Most previous studies have investigated the effect of urbanization on LSP from the 8 

regional to global scales by using coarse-resolution remotely sensed images and fixed land cover 9 

boundary maps. However, the influences of urbanization on LSP are also important at the local 10 

level, particularly in and around rapidly urbanizing cities as LSP is closely linked to the local 11 

ecology and people’s health. To analyze the dynamic of urbanization and its effect on LSP at the 12 

local scale, this study proposed a novel framework of characterizing LSP with consideration of 13 

continuous urban expansion based on all available time-series Landsat and Moderate Resolution 14 

Image Spectroradiometer (MODIS) Reflectance and Enhanced Vegetation Index (EVI) 15 

composite data. The proposed approach was capable of evaluating LSP impacts to urbanization 16 

from three aspects: 1) the phenology difference between dynamic annual urban and rural areas; 2) 17 

the different rates of phenology trend between the permanent urban and rural areas; and 3) the 18 

phenology shifts in the areas that were urbanized during the period. This approach was applied to 19 

Nanjing, China and the experimental results indicated that when compared with the rural areas, 20 

the phenology cycle started 0.59 ± 0.58 days earlier (start of season, SOS) and ended 1.65 ± 1.55 21 

days later (end of season, EOS) in urban areas, accordingly leading to increased growing season 22 

length (GSL) by 2.77 ± 2.61 days. Besides, the experiments also revealed that 70.81% SOS and 23 

78.79% EOS in the permanent urban-rural areas were provided with delayed phenology trends, 24 

along with 80.72% of these regions tend to had a prolonged GSL. Furthermore, the rates of SOS 25 

and EOS delay in rural areas were 0.12 ± 0.12 day/year and 0.02 ± 0.02 day/year faster than 26 

those in urban areas, and the rate of GSL prolonging in urban regions was 0.04 ± 0.04 day/year 27 

faster than that in rural counterparts. For the urbanized regions in Nanjing, after experiencing 28 

conversion to the impervious surface, SOS and EOS delayed in 65.77% and 70.33% of the 29 
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regions, accompanied by extended GSL in 70.83% of the regions. Overall, this research 30 

proposed a novel approach of analyzing urbanization implications for LSP at the city scale and 31 

demonstrated its priority of taking continuous land cover change into account. 32 

 33 

Keywords: urbanization, impervious surface, ensemble continuous change detection and 34 

classification, land surface phenology, Landsat, MODIS 35 

1. Introduction 36 

The terrestrial surface has been heavily modified under the situation of rapid economic 37 

development and population growth. The rapid increase of the urban population due to migration 38 

from rural areas is the key factor of urban expansion (Zhang et al. 2019). The increasing trend 39 

will lead the percentage of urban population to 70% by 2050, resulting in the global urban areas 40 

expanding much than ever by then (Feyisa et al. 2016). Urban areas tend to be provided with 41 

higher temperatures than the surrounding regions, referred to as urban heat island (UHI), mainly 42 

caused by the increasing of impervious surface at the expense of vegetation and evaporating soil 43 

which can reduce latent heat flux and increase sensible heat flux (Clinton and Gong 2013). As a 44 

result, rapid and invasive urbanization not only depletes natural sources directly, but also affects 45 

surrounding land surface phenology (LSP), which in turn influences the local environmental and 46 

ecological processes including primary production (Imhoff et al. 2004), carbon and energy 47 

cycling (Hutyra et al. 2014; Wang et al. 2016), and flower pollination and seed set (Gaku et al. 48 

2004). In addition, phenology changes also affect human health. For instance, prolonged growing 49 

season length (GSL) can lengthen the allergy seasons and thus increase the severity of allergies 50 

(Cecchi et al. 2010). Accurate knowledge of the process of urbanization and its implications for 51 

LSP, therefore, can not only help enhance understanding of the problems associated with 52 

increased urban area and population but also be essential for formulating mitigation strategies 53 

and ultimately build a sustainable city. 54 

At present, the impacts of urbanization on LSP are not well understood. First of all, it is still 55 

inconclusive whether and to what extent urbanization influences LSP. Some studies observed 56 

advances of start of season (SOS), delays of end of season (EOS) and extensions of GSL in 57 

urban areas compared with the surrounding rural regions through field measurements of specific 58 

species (Lu et al. 2006; Roetzer et al. 2000) or remote sensing analysis for a large scale (regional 59 
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or global) estimation with coarse spatial and temporal resolution data (Li et al. 2017; Zhang et al. 60 

2014). In contrast, several studies demonstrated an insignificant difference or even a delay of 61 

SOS through the urbanization process (Gazal et al. 2008). Therefore, more accurate instance data 62 

with the finer spatio-temporal resolution are needed to reduce errors and uncertainties caused by 63 

missing data and mixed pixels. Second, global climate change has significant influences on 64 

phenology change (Piao et al. 2015), but the differences in its impacts on urbanized and rural 65 

areas are still unclear. Thus, with the background of global warming and fast urbanization 66 

condition, there is a strong impetus to better understand the difference of phenology trends 67 

throughout the past decades. Third, as mentioned before, urbanization comes at the expense of 68 

vegetated and other natural lands, resulting in abrupt phenology shifts, which also constitutes the 69 

phenology difference between urban and rural regions. However, their detailed changing 70 

properties and spatial distributions have not well studied.  71 

Based on the results and issues summarized from the previous studies, continuous urban 72 

expansion and LSP with finer spatio-temporal resolution and comprehensive analysis of the 73 

relationship between these two elements are the key ways to achieve the solutions. Thus, the 74 

remainder of the paper is organized as follows. Section 2 presents the literature review to draw 75 

the state-of-the-art methods of obtaining and analyzing long-term urban expansion and LSP. 76 

Section 3 introduces the typical case study of Nanjing, where the urban area had expanded much 77 

during the period from 2001 to 2018. Section 4 illustrates the detailed strategy of calculating the 78 

extents of urban expansion, the dates of phenology indicators with the higher spatial and 79 

temporal resolution, and their spatio-temporal relationship. Section 5 displays the results and 80 

discovery of the case study, followed by a discussion in Section 6. Finally, Section 7 concludes 81 

the study and puts forward some perspectives in the future.  82 

2. Literature review 83 

2.1 Monitoring continuous urban expansion84 

Impervious surface, which refers to the land cover type that prevents water filtration into the 85 

soil such as rooftops, sidewalks and paved roads (Arnold Jr and Gibbons 1996), can not only 86 

reflect the process of urbanization but also indicate the environmental change from 87 

anthropogenic activity (Weng 2012). With the expansion of impervious surfaces, numerous 88 
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influences including changing of surface runoffs (Du et al. 2012; Miller et al. 2014), pollution 89 

from industrial emissions (Liang et al. 2019) and increasing temperature by UHI effect (Weng et 90 

al. 2004) have been revealed. Therefore, tracking impervious surface changes is a crucial step to 91 

understanding the process of urbanization and analyzing its implications for LSP. Monitoring 92 

impervious surface expansion is a change detection task that focuses on a specific type of 93 

conversion, in which other land cover types transform to the impervious surface. Earth 94 

observation through remote sensing satellites can provide an effective and efficient way to 95 

capture repeated collection and monitor such dynamic changes in wide geographical areas (Ban 96 

et al. 2015; Liu et al. 2019). The developed change detection for impervious surface areas can be 97 

broadly categorized into pre-classification and post-classification methods (Singh 1989). The 98 

pre-classification methods treat different types of land cover change as independent classes and 99 

utilize training samples to classify the stacked images in different dates for detecting various 100 

changes (Gao et al. 2012; Schneider 2012). Although this kind of method is capable of achieving 101 

dynamic impervious surface maps, the ground reference data of transition types and durations for 102 

model training and validation are difficult to obtain (Volpi et al. 2013; Wu et al. 2017). By 103 

contrast, post-classification techniques classify and analyze multi-temporal images separately, 104 

which need the land cover labels in each independent image rather than conversion types, greatly 105 

reducing the difficulty and cost of acquiring samples. Although these methods have been widely 106 

used in monitoring urbanization (Bagan and Yamagata 2012; Qin et al. 2017), they neglect the 107 

inherent relevance among the classified impervious surface maps, making additional temporal 108 

consistency techniques necessary and resulting in discontinuous achievements with a low 109 

temporal resolution (Gong et al. 2019a; Li et al. 2015; Zhang et al. 2017). Therefore, monitoring 110 

long-term dynamic impervious change will be much more difficult with time-series remote 111 

sensing images consideration. Moreover, the efficiency and accuracy of mapping dynamic 112 

impervious surfaces are still needed to be improved.  113 

2.2 Monitoring continuous land surface phenology 114 

LSP can currently be obtained from two main sources including site-based observation 115 

(Jochner et al. 2013; Luo et al. 2007) and phenology indicators derived from remote sensing 116 

observations (Cong et al. 2012; Piao et al. 2015). The in-situ observation stations can continue 117 

capturing high quality and long-term phenology information. However, in contrast to remote 118 
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sensing-based observations that can obtain cost-effective, large-scale spatio-temporal patterns of 119 

LSP, in-situ observations are only suitable for individual small-area and applications. 120 

Consequently, many studies have been conducted for exploring the LSP of various kinds of 121 

vegetation species (Pan et al. 2012; Senf et al. 2017; Zhang et al. 2003) and their changes (Cong 122 

et al. 2013; Heumann et al. 2007; Liu et al. 2016) using different sources of time-series remotely 123 

sensed images, which provided solid foundation for further exploring the relationship between 124 

urbanization and phenology change.  125 

2.3 Limitations of the previous works 126 

Some approaches proposed for quantitative evaluation of phenology changes introduced by 127 

urbanization are based on the statistics and comparison of phenology indicators in the mapped 128 

urban and corresponding rural areas (Li et al. 2017; Zhou et al. 2016), which achieve convincing 129 

results and conclusions. However, some deficiencies exist in these methods and can be further 130 

improved. First, the boundaries of urban clusters in these methods are fixed during the whole 131 

study period. However, the urban areas have constantly expanded over time, causing 132 

inconsistency between obtained and actual urban-rural areas with fixed boundaries, which 133 

degrade the accuracy. Second, most studies achieve the results with the coarse spatial resolution 134 

more than 250m primarily based on the nighttime light data and Moderate Resolution Image 135 

Spectroradiometer (MODIS) vegetation products, leading to some errors or even neglect of 136 

urban clusters at finer spatial scales. In addition, monitoring the difference of long-term 137 

phenology trends in urban and rural regions is a difficult task in previous studies since they have 138 

to focus on independent short-term phenology analysis with discontinuous land cover maps 139 

representing the urbanized and rural areas in different periods. Last but not least, previous 140 

methods are also hard to achieve the phenology shifts directly caused by the land cover changes 141 

of urbanization. 142 

Therefore, the objectives of the present paper is to propose a framework based on Ensemble 143 

Continuous Change Detection and Classification (ECCDC) and Enhanced spatial and temporal 144 

adaptive reflectance fusion model (ESTARFM) for exploring comprehensive LSP impacts to 145 

urbanization, as well as for comparing the difference in LSP analysis depending on whether or 146 

not land cover change and finer spatio-temporal phenology are taken into account. Three major 147 

questions associated with phenology impacts to urbanization are considered in this study: 1) 148 
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What are the phenology differences between dynamic urban and rural areas? 2) What are the 149 

differences of the phenology trends between the permanent urban and rural areas (refers to the 150 

urban and rural areas without land cover changes, hereafter)? 3) What are the phenology shifts 151 

(refers to abrupt transitions of phenology due to land cover changes, hereafter) of the urbanized 152 

regions brought by different kinds of land cover transitions? 153 

3. Study area and data source 154 

3.1 Study area 155 

The study area is Nanjing City (31°14'-32°37'N, 118°22'-119°14'), China, which is located in 156 

the lower reaches of the Yangtze River and covers an area of 6587.02 km2 with a population of 157 

8.44 million (Fig. 1) (Nanjing Statistics Yearbook, 2018). With the warm and rainy subtropical 158 

climate and the influence of Yangtze Delta’s rapid development of economic and transport 159 

background, it comes to be one of the richest agricultural areas as well as the fastest urbanized 160 

city in China. Nanjing was selected as the study area for two main reasons. First, Nanjing 161 

exemplifies many other cities in China that have been experiencing a significant urbanization 162 

process in the past decades. During 2001 to 2018, the population of Nanjing has increased by 163 

20.65%. The economy of Nanjing has grown tremendously with the regional Gross Domestic 164 

Product increasing from $16.42 billion in 2001 (Nanjing Statistics Yearbook, 2001) to $182.98 165 

billion in 2018 (Nanjing Statistics Yearbook, 2018). Meanwhile, rapid industrialization and 166 

infrastructure construction resulted in massive land cover changes, especially for the transition 167 

from agricultural and natural lands to urban lands, which led to the substantial expansion of 168 

impervious surfaces. Second, the composition of land cover in Nanjing is diverse and 169 

heterogeneous, which provided a good opportunity to examine the phenology effects by 170 

impervious surface expansion in different regions within the city.  171 
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172 

Fig. 1 Study area. (c) is the land cover map generated from Geographic National Condition Census. 173 

3.2 Landsat data 174 

  Landsat surface reflectance data of the study area were collected from Google Earth Engine 175 

(GEE), which is a cloud-based geospatial analysis platform with huge computational capabilities 176 

(Gorelick et al. 2017).  All available Landsat 5, 7 and 8 Surface Reflectance Tier 1 images were 177 

obtained from the directions of “LANDSAT/LT05/C01/T1_SR”, “LANDSAT/LE07/C01/T1_SR” 178 

and “LANDSAT/LC08/C01/T1_SR” in GEE, respectively. For each Landsat image, eight bands 179 

were used for the study, including six spectral bands, one thermal band and one quality 180 

assessment band (Zhu et al. 2016; Zhu et al. 2015). Note that the Function of Mask algorithm 181 

(Zhu and Woodcock 2012) has been considered in the quality assessment so that the quality 182 

observations such as fill, snow/ice, cloud and cloud shadow have been identified, leaving the 183 
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remaining clear observations. Landsat Collection 1 is made up of three parts: Tier 1, Tier 2 and 184 

Real-Time. The data of Tier 1 were selected because they meet the formal quality criteria so that 185 

they are suitable for time-series analysis. Due to the inherent mechanism of the ECCDC model, 186 

there may be occasional gaps in the results of the first and last years. Therefore, the total 535 187 

Landsat images were used in this study during the period from 1999-01-01 to 2019-06-09, 188 

including 169 Landsat 5 images, 265 Landsat 7 images, and 101 Landsat 8 images. The images 189 

in each season from spring to winter are 138, 124, 136 and 137 respectively, which are 190 

approximately equal in each season, providing a good condition for fitting the function of 191 

seasonal components. The temporal distribution of the total Landsat reflectance observations is 192 

displayed in Fig. 2.   193 

194 

Fig. 2 Temporal distribution of Landsat 5, 7 and 8 images from 1999 to 2019. 195 

3.3 MODIS data 196 

MODIS 16-Day Enhanced Vegetation Index (EVI) composite data with the 250m spatial 197 

resolution were collected from the direction of “MODIS/006/MOD13Q1” in GEE in order to 198 

extract phenology from 2001-02-18 to 2019-06-09. At the same time, Landsat 5, 7 and 8 32-Day 199 

EVI composite data with the 30m resolution were also collected from the directions of 200 
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“LANDSAT/LT05/C01/T1_32DAY_EVI”, “LANDSAT/LE07/C01/T1_32DAY_EVI” and 201 

“LANDSAT/LT05/C01/T1_32DAY_EVI” in GEE in conjunction with MODIS EVI data to 202 

enhance and match the spatial resolution of ECCDC results. In total, 446 MODIS EVI images 203 

and 276 Landsat EVI images were obtained in this study. 204 

3.4 Auxiliary data 205 

  In addition to Landsat and MODIS time-series images, auxiliary reference data were 206 

collected from the Geographic National Condition Census (GNCC) map of Nanjing in 2015 and 207 

very high-resolution images (VHR) from Google Earth (http://earth.google.com/) in 2010 to 208 

generate the training and test samples for training and validation of ECCDC. Since the GNCC 209 

map was generated based on field visits and interpretation of aerial photographs and VHR 210 

remote sensing images, it provided land cover types of the research area with high accuracy. The 211 

classification system was defined based on Fine Resolution Observation and Monitoring of 212 

Global Land Cover (FROM-GLC) and the samples were finally extracted and categorized into 5 213 

classes including cropland, forest, grassland, impervious surface and water in this study (Gong et 214 

al. 2019b; Gong et al. 2013). The land cover types of shrub, barren and wetland in the system 215 

were excluded because their proportions were all less than 0.01% in the research area. The cloud 216 

type was also disregarded because it was removed from the process of the ECCDC algorithm as 217 

unclear observations for constructing the model.  218 

4. Method 219 

Fig. 3 displays the framework of the proposed approach, which is made up of three parts of 220 

works. First, dynamic urban clusters and their continuous changes were mapped based on the 221 

developed ECCDC method. Second, Landsat and MODIS times series EVI composite data were 222 

blended to achieve the high-temporal-spatial resolution EVI series for extracting phenology 223 

indicators. Finally, the phenology relationship and discrepancies between urban and rural areas 224 

were calculated through regression analysis during the period at the 30m spatial resolution level.  225 



Put your running title here: Elsevier General template for review 

10

226 
Fig. 3 The framework of the proposed approach for analyzing phenology impacts of urbanization. 227 

4.1 Ensemble Continuous Change Detection and Classification for urban clusters 228 

The Continuous Change Detection and Classification (CCDC) algorithm assembles all 229 

available Landsat observations for each pixel to estimate time-series models and uses the models 230 

to predict future observations (Zhu and Woodcock 2014; Zhu et al. 2015). It has been applied to 231 

the surface reflectance (SR), brightness temperature (BT) and Normalized Differences 232 

Vegetation Index (NDVI) for land use and land cover classification and change detection. The 233 

algorithm identifies land use and land cover changes for the pixel  by using a time-series model 234 

combining seasonal and trend components (Eq. (1)). 235 

                              (1)  236 

where  is the predicted value for SR, BT or NDVI at pixel  on Julian day .  and  are 237 

the coefficients for the trend component at pixel ,  and  are the coefficients for the 238 

seasonal component at pixel , and  is 365. The model can be carried out for detecting land 239 

cover changes once 15 clear observations are available in the model initialization phase, in which 240 

12 of them are conducted for defining the outlier of time-series model and the other 3 are used 241 
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for determining whether land cover change occurs. The basis of change detection in CCDC is to 242 

compare the value of model predictions with clear observations and to normalize their difference 243 

by three times the root mean square error (RMSE). Once the observations of three consecutive 244 

days all exceed the pre-defined threshold (Eq. (2)), the first of the three observations will be 245 

defined as the changing time of land cover change. 246 

                                 (2) 247 

where  is the feature dimension of time-series data used in the algorithm. The use of three times 248 

RMSE  considered that land cover change typically occurred when the spectral feature deviated 249 

from the prediction model by more than three times RMSE  (Zhu and Woodcock 2014).  250 

After detecting changes in time-series data, land cover classification is applied to each model 251 

between breakpoints. Since different land cover types are provided with different characteristics 252 

of time-series models, the time-series classification can be conducted using a supervised 253 

classifier with the inputs of model coefficients. The original CCDC uses Random Forest (RF) as 254 

the classifier to classify the models. However, in the context of the pattern recognition field, 255 

there is no guarantee that one specific classifier can always achieve good performance in any 256 

conditions of training samples and extracted features (Chi et al. 2009). Moreover, many 257 

uncertainties still exist in the classification process considering the parameters of a time-series 258 

model rather than reflectance-based characteristics as input features (Healey et al. 2018). Thus, 259 

to enhance the reliability and robustness of the classification process, multiple classifier 260 

ensemble method is embedded in the CCDC algorithm, in which RF, Support Vector Machine 261 

(SVM) and Rotation Forest (RoF) are integrated to take advantage of multiple classifiers in this 262 

study. Then, the majority voting (MV) is carried out to identify the most frequent results of 263 

classified land cover types for each pixel during a period (Wang et al. 2018). For the case of a tie 264 

in MV, the result with the highest posterior probability will be considered as the final land cover 265 

type, as the higher posterior probability provided higher reliability for the supervised 266 

classification result (Castellana et al. 2007) (Eq. (3)). In this way, a better result for each time-267 

series model can be defined through an enhanced way of CCDC.  268 

| | |
                                (3) 269 
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where  ,  and  represent the classification results with RF, SVM and RoF classifier in 270 

ECCDC, separately.  means all the possible classification results.  represents the final 271 

classification results of each pixel in a period.  272 

4.2 Fusion of Landsat and MODIS EVI time-series data 273 

The vegetation indices derived from the original Landsat observations are not the best choice 274 

for extracting phenology information since they are not evenly distributed in each year. MODIS 275 

EVI composite products are sequential data provided with a stable 16-day high temporal 276 

resolution but a medium spatial resolution of 250m, which is too coarse to match the ECCDC 277 

results with the 30m spatial resolution. However, Landsat EVI composite products are provided 278 

with a higher spatial resolution of 30m but a lower temporal resolution of 32 days, which is 279 

insufficient for smoothing consecutive data and extracting phenology. Therefore, it is vital to 280 

combine the advantages of the high-temporal frequency of MODIS EVI composite data and the 281 

high-spatial-resolution Landsat EVI composite data. ESTARFM (Zhu et al. 2010), which is an 282 

effective and mature fusion model for a different source of remote sensing data based on the 283 

spectral unmixing theory and “conversion coefficient” prediction method, was selected to fuse 284 

the MODIS EVI and Landsat EVI data in this research. ESTARFM is an enhanced development 285 

based on the Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) (Gao et al. 286 

2006), which blends the high-frequency temporal information from MODIS and the high-287 

resolution spatial information from Landsat to generate synthetic surface reflectance products at 288 

both a high temporal and spatial resolution, and can better predict the reflectance of sub-pixel 289 

consisting of heterogeneous landscapes. Like STARFM, ESTARFM predicts pixel values based 290 

on the spatially weighted difference computation between some observation pairs of Landsat 291 

EVI and MODIS EVI data and some other MODIS EVI data at the prediction days, respectively. 292 

In this study, four pairs of cloudless MODIS and Landsat EVI composite data in closed days in 293 

all seasons of a year were used to calculate the fusion model, which can not only cover the 294 

general vegetation growth and land surface condition in each year but also accelerate the model 295 

initialization and generalization process. Then, all the MODIS EVI composite data in this year 296 

were used for predicting the corresponding fusion EVI results. These steps were repeated for 297 

each year during the period and finally, all of the 16-day EVI fusion data with the 30m resolution 298 

from 2001 to 2018 were generated.  299 
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4.3 Extraction of phenology metrics 300 

The adaptive Savitzky-Golay method embedded in TIMESAT 3.3 was conducted for 301 

smoothing the time-series EVI fusion data (Jönsson and Eklundh 2004), as it had good 302 

performances on dealing with continuous vegetation indices (Chen et al. 2004; Heumann et al. 303 

2007). In this research, we focused on three indicators to explore the phenology relationship 304 

between urban and rural areas SOS, EOS, and GSL. The SOS and EOS are defined when the 305 

fitted curve reaches a proportion of the seasonal amplitude measured from the left and right 306 

minimum values respectively (Shen et al. 2015; Zhou et al. 2016). According to the previous 307 

experiences, the threshold of seasonal amplitude proportion was defined as 20% from the left 308 

and right minimum levels (Brown et al. 2010; Buyantuyev and Wu 2012; Cong et al. 2012; 309 

White et al. 2009; Zhou et al. 2016). The GSL was defined as the length of the dates between 310 

SOS and EOS. Fig. 4 shows an example of the Savitzky-Golay smoothing and phenology 311 

extraction in a pixel of the study area during a period.  312 

313 
Fig. 4 An example of the smoothing process based on Savitzky-Golay method and phenology extraction from 314 

time-series vegetation indices.315 

316 

The SOS, EOS, and GSL were separately calculated for each year during the period from 2001 317 

to 2018. Due to the complexity of the surface land in urban areas, the outliers of the phenology 318 

indicators were set up with the combination of the previous experiences and practices: 1) pixels 319 
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with SOS earlier than the 30th day or later than the 180th day of a year were excluded for 320 

analysis; 2) EOS of each pixel was constrained between the 240th and 360th day of a year (Cong 321 

et al. 2012; Li et al. 2017; Zhang et al. 2006). Following the general practices in previous studies, 322 

we did not attempt to make a validation for the generated phenology information by field 323 

observations owing to the different definitions in ecosystem and species and various uncertainty 324 

sources (Rodriguez Galiano et al. 2015).  325 

4.4 Analysis of phenology impact by urbanization 326 

For accurately exploring the phenology response to urbanization in Nanjing, continuous 327 

change detection and classification of urban clusters are taken into account. For rural areas, 328 

different from directly using a buffer extending from the urban center with a fixed radius, the 329 

extents were delineated by keeping their sizes to be the same as the corresponding urban areas 330 

each year. It can be mapped by slightly increasing the radius of rural extents based on the initial 331 

shape of the classified urban clusters until their area equal to the corresponding urban areas (Li et 332 

al. 2017).  This method can assure the rural areas are provided with the same sizes as the 333 

associated urban. In addition, the urban clusters smaller than 10 × 10 pixels were excluded since 334 

they were not provided with independent and stable LSP. The pixels in the rural areas with the 335 

land cover type of water were also excluded due to the low vegetation coverage in the water 336 

body. Thus, dynamic annual urban-rural clusters are defined in Nanjing from 2001 to 2018. 337 

4.4.1 Analysis of phenology difference between urban and rural areas 338 

To explore the phenology difference between urban and rural areas in the whole period, the 339 

average phenology of each urban and the corresponding rural cluster in each year were 340 

calculated, and simple linear regression based on weighted least squares (WLS) estimate was 341 

conducted (Eq. (4)). 342 

                            (4) 343 

where  represents the th actual value.  is the slope of the fitted simple linear function and 344 

means the th estimated value.  represents the th weight which is used by the area of urban 345 

cluster in this study.  represents the weighted sum of squares and  achieves the optimal 346 

solution when  reaches the minimum value. The direction of phenology impacts can be 347 
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obtained by comparing the slope  with 1. The significance test of the regression model was also 348 

carried out, and phenology difference was significant when p was lower than 0.01.  349 

4.4.2 Analysis of the difference of phenology trend between urban and rural areas 350 

Under the background of global climate change, LSP is also provided with a long-term 351 

changing trend (Richardson et al. 2013). Due to the discrepancies in the urban and rural local 352 

environments, it is necessary to explore the performance of phenology trends in different regions. 353 

However, land cover changes will disturb the original phenology trends under climate conditions. 354 

To address this problem, the pixels with land cover changes were excluded based on ECCDC. 355 

Furthermore, unique labels for each urban and rural pixel in each year were made and the pixel 356 

labels the same throughout the period were reserved as the permanent urban-rural cluster pairs. 357 

Ordinary Least Squares (OLS) regression was applied on the phenology of all years for each 358 

permanent urban and rural pixel to describe their changing trends. At last, simple linear 359 

regression based on WLS estimate and its significance test were conducted to achieve the overall 360 

discrepancies of their phenology trends. 361 

4.4.3 Analysis of phenology shift due to the land cover change 362 

Since ECCDC can achieve the changing time and type of impervious surface change, it 363 

provides a good opportunity to analyze the phenology shift by land cover changes and to 364 

categorize them by changing type, which is of great significance to understand the direct 365 

phenology impacts to urbanization. For this purpose, the changing time in each pixel was used as 366 

a cut-off point. The average phenology indicators before and after the changing time were 367 

calculated and compared in each pixel changed to the impervious surface during the time.  368 

5. Results 369 

5.1 Continuous change detection and classification of urban land 370 

Based on all available Landsat 5, 7 and 8 images, training samples and ECCDC algorithm, the 371 

change detection and classification results of each pixel in the study area during the period from 372 

2000 to 2018 were achieved. Eventually, 19 annual land cover maps were also compiled and 373 
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available in Appendix A (Fig. A) based on the extraction of ECCDC model on the middle day of 374 

each year. Since we only focused on the urbanization process during this period, the changing 375 

location and time of the pixels in which all the other land cover types transformed to the 376 

impervious surface were extracted and recorded (Fig. 5). The urban areas have expanded much 377 

with 736.50 km2 (11.18% of the total area) urbanized in the past 19 years. The cropland and 378 

some other natural lands such as forest, grassland, and water have been shrinking and replaced 379 

by impervious surfaces. In terms of the location, the main urban expansions in Nanjing happened 380 

based on the original urban clusters, which were the cores of downtown areas located along the 381 

south and north banks of the Yangtze River. The closer to the core urban clusters, the earlier 382 

occurred impervious surface expansion, which was consistent with the changing time results 383 

displayed in Fig. 5(a). From the aspect of conversion type, 86.80% of these areas were cropland 384 

before urbanization since it was the dominant land cover type in Nanjing and distributed 385 

surrounding the urban clusters, followed by water (7.23%), forest (4.00%) and grassland (1.97%) 386 

(Fig. 5(b)).  387 

The classification results were assessed by randomly splitting the selected 10000 samples into 388 

two groups including 5000 training samples and the other 5000 test samples in 2015 based on the 389 

summary and interpretation of GNCC, FROM-GLC and Google Earth history maps for training 390 

the time-series model and cross-validation, respectively. For the case of evaluating change 391 

detection results, the pixels in 2010 with the same location of the test samples in 2015 were 392 

interpreted and labeled based on the FROM-GLC and Google Earth historical map in 2010 (Fu 393 

and Weng 2016). After excluding some uncertain samples during the interpretation process, 4818 394 

training samples in 2015 for training ECCDC model, 4342 test samples in 2015 for validation of 395 

the classification results and 2804 sample pairs between 2010 and 2015 for change detection 396 

evaluation were finally obtained, respectively. Table 1 shows the classification results, in which 397 

the overall accuracy reached 96.71% with a Kappa coefficient of 95.22%. The worst type of 398 

classification result was grassland with user’s and producer’s accuracy of 80.20% and 86.17% 399 

owing to its low coverage and easily-confused reflectance features with cropland. The user’s and 400 

producer’s accuracy of the impervious surface were 95.91% and 95.56%, which proved the 401 

effectiveness and reliability of the method for monitoring the urbanization in Nanjing. For the 402 

change detection results, the user’s and producer’s accuracy of change and no-change were both 403 

88.89% and 99.93%, providing quality assurance for monitoring change occurrence (Table 2).  404 
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405 

Fig. 5 Change detection of impervious surfaces in Nanjing from 2000 to 2018. (a) Changing location and time 406 

of impervious surface areas and (b) statistics of the land covers converted to impervious surfaces. 407 

408 

Table 1. Error matrix of accuracy assessment of classification. 409 

Cropland Forest Grassland ISA Water UA 

Cropland 1967 10 2 27 12 97.47%
Forest 11 446 1 2 0 96.96%

Grassland 9 0 81 3 8 80.20%
ISA 27 3 3 797 1 95.91%

Water 10 2 7 5 908 97.42%
PA 97.18% 96.75% 86.17% 95.56% 97.74% 96.71%

Note: ISA, UA and PA represent the impervious surface, user’s accuracy, and producer’s accuracy, respectively. 410 

411 

Table 2. Accuracy of change detection results. 412 
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Non-change Change User's accuracy

Non-change 2784 2 99.93% 
Change 2 16 88.89% 

Producer's accuracy 99.93% 88.89% 99.86% 
 413 

Once the consecutive urban clusters in each term are recognized by the results of ECCDC, the 414 

corresponding successive rural areas can be sequentially figured out and mapped through the 415 

buffer method mentioned before (Fig. 6). It can be seen from the figures that both urban and 416 

rural areas have greatly expanded during the study period, which proves the necessity of using 417 

accurate continuous dynamic urban-rural boundaries to explore the urbanization implications for 418 

LSP at a city scale.  419 

420 
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Fig. 6 Urban-rural land cover maps under the process of urbanization in Nanjing from 2001 to 2018.  421 

422 

5.2 Land surface phenology with a fine spatio-temporal resolution 423 

Based on the time-series fusion images from the ESTARFM model, fine spatio-temporal time-424 

series EVI data were generated. To validate the effectiveness of the fusion images, phenology 425 

indicators of all the urban-rural areas in all years were extracted from both MODIS and fusion 426 

EVI images. As the spatial resolution of original MODIS data is far coarser than the land cover 427 

maps of ECCDC results, the phenology of the pixels closed to the boundaries of urban-rural 428 

areas will be homogenized and given the same values, resulting in a reduction in phenology 429 

difference between urban and rural regions. The longer the boundary line and the smaller the size 430 

of urban clusters, the larger the error will be. Therefore, the results based on fusion EVI-based 431 

phenology can better reflect the respective phenology information at the location than the 432 

original MODIS data. The phenology difference between urban-rural clusters and the 433 

comparison of urban-rural phenology difference between MODIS and fusion EVI were 434 

conducted by Eq. (5) and (6), respectively.  435 

                                                              (5) 436 

                                                    (6) 437 

where  is the difference of three indicators (i.e., SOS, EOS and GSL) between urban ( ) 438 

and the corresponding rural clusters ( ). is the difference of three urban-rural phenology 439 

indicator differences between fusion ( ) and MODIS ( ) time-series EVI. 440 

Therefore, a positive  for EOS/GSL or a negative  for SOS indicates a prolonging impact 441 

on vegetation growing length and vice versa. A positive  for EOS/GSL or a negative  for SOS 442 

demonstrates the impact of eliminating the error at urban-rural boundaries and vice versa. Fig. 7 443 

descries the  of all urban-rural clusters in Nanjing. The average  of SOS was negative and the 444 

percentage is more than 50%, and the conditions were opposite in EOS and GSL. That is to say, 445 

using fusion EVI data enlarged the SOS advance, EOS delay and GSL prolonging of urban 446 

clusters compared with MODIS EVI data, which proofed the effectiveness of fusion EVI data in 447 

reducing the phenology errors at urban-rural boundaries.  448 
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449 
Fig. 7 Comparisons of urban-rural phenology difference between fusion and MODIS EVI images. (a) SOS 450 

comparison, (b) EOS comparison and (c) GSL comparison. 451 

5.3 Phenology difference between urban and rural areas 452 

The three phenology indicators including SOS, EOS and GSL display significant differences 453 

in urban and rural areas in Nanjing from 2001 to 2018. Fig. 8 shows the scatters represented the 454 

three phenology indicators in the urban and rural areas of all years during the whole period. 455 

Overall, the phenology in urban and rural areas under the control of similar climate background 456 

appeared to be highly correlated, as indicated in the regression lines of the scatters closed to 457 

y x=  with all R2  > 0.91 and p < 0.01. The SOS occurred 0.59 ± 0.58 days earlier in urban areas 458 

than that in rural areas as suggested by the slope of < 1 (i.e., 0.991). While, the slope of EOS was 459 

1.005, manifesting 1.65 ± 1.55 days later EOS in urban regions. As a result, the GSL was 2.77 ± 460 

2.61 days extended in urban areas with a slope of 1.011. Vegetation can grow only if the 461 

temperature reaches a certain threshold and it has been proven that they were provided with a 462 

significant positive correlation in many typical cases (Shen et al. 2011; Wang et al. 2015). 463 

Therefore, the results in our research were mainly attributed to the higher temperature in urban 464 

areas caused by UHI effect (Imhoff et al. 2010; Zhou et al. 2016), providing powerful evidence 465 

that the urban environment had implications for LSP and continues with the urbanization process.  466 
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467 

Fig. 8 Scatter points of (a) SOS, (b) EOS and (c) GSL between urban and rural areas.468 

5.4 Difference of phenology trend in urban and rural areas 469 

Since the permanent urban-rural areas in Nanjing were determined based on ECCDC and label 470 

matching, the spatial pattern of the regions was mapped in Fig. 9(a). It can be seen from the 471 

figure that the scope of the permanent urban-rural regions was much smaller than their annual 472 

distributions, which also indicated that the urban clusters expanded significantly during the 473 

period. After applying OLS regression on the phenology during the whole period, phenology 474 

trends in each permanent urban and rural pixel were achieved. Apparent discrepant trends of 475 

SOS, EOS, and GSL in different regions can be discovered from Fig. 9(b)-(d). 476 
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477 
Fig.9 (a) Permanent urban-rural cluster pairs during the study period. (b)-(d) are SOS, EOS and GSL trends in 478 

the permanent urban-rural pixels. (e)-(h) are the enlarged examples of the same regions in (a)-(d). 479 

480 

Fig. 10 shows the scatter patterns of average phenology trends in each permanent urban and 481 

rural clusters. WLS estimate was also applied to the scatters for regression in each plot (Eq. (6)). 482 

Two conclusions can be drawn from the plots: 1) 70.81%, 78.79% and 80.72% of scatters in the 483 

plot of SOS, EOS and GSL trends fell in the first quadrant of the coordinate axis, which means 484 

that SOS and EOS were provided with the delay trend and GSL had an extended trend in most 485 

permanent urban and rural areas. The results demonstrated that, in the context of global climate 486 

change, LSP in both urban and rural areas has changed with the direction of increasing 487 

vegetation growing cycles. 2) The slopes of the regression lines in SOS and EOS were both < 1, 488 

while the slope of GSL regression line was > 1, which illustrated that the rates of SOS and EOS 489 

trends in rural areas were 0.12 ± 0.12 day/year and 0.02 ± 0.02 day/year faster than those in 490 

urban areas. Accordingly, the rate of GSL trend was 0.04 ± 0.04 day/year faster in urban regions 491 

compared with rural regions. These results indicated that the response of LSP in urban areas to 492 

climate change was less sensitive than that in rural areas, which was consistent with the view of 493 
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urban local climate zone (Stewart and Oke 2012). Emissions of anthropogenic activity and land 494 

surface characteristics altered local climate through modification of the composition of the 495 

atmosphere and land surface processes that influenced surface energy balance and boundary 496 

layers, leading to a distinct and insusceptible urban local climate different from global climate 497 

change (Middel et al. 2014). 498 

499 
Fig. 10 Scatter patterns of (a) SOS trends, (b) EOS trends and (c) GSL trends in permanent urban-rural areas. 500 

5.5 Phenology shift due to land cover change 501 

The phenology shift of each urbanized pixel was figured out based on changing time obtained 502 

from ECCDC. Fig. 11(a)-(c) mapped phenology differences before and after land cover changes. 503 

Overall, 65.77% SOS and 70.33% EOS of the changed pixels delayed and 70.83% GSL of the 504 

changed pixels prolonged after transitions. For detailed exploration, the phenology shifts were 505 

grouped by changing type. As the phenology of water is close to 0, the changing type of water to 506 

the impervious surface was excluded from the analysis. Fig. 11(d)-(f) show the phenology shifts 507 

of urbanized areas categorized by land cover change type. The SOS advanced with a median 508 

value of 0.98 days for the conversion from forest to impervious, whereas the SOS postponed 509 

with median values of 4.38 and 2.57 days for the conversions from cropland and grassland to the 510 

impervious surface. The EOS postponed with median values of 6.94, 0.63 and 5.27 days and 511 

GSL prolonged with median values of 8.40, 9.92 and 10.79 days for the conversions from 512 

cropland, forest, and grassland to the impervious surface respectively, indicating longer 513 

vegetation growing cycles owing to the urban expansion process. 514 
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515 
Fig. 11 (a)-(c) show the spatial patterns of phenology shifts with SOS, EOS and GSL before and after 516 

changing to impervious surfaces. (d)-(f) count the phenology shifts of SOS, EOS and GSL by conversion type, 517 

respectively. 518 

6. Discussion519 

The approach using fixed land cover maps and coarse-spatial-resolution time-series vegetation 520 

indices has been proven to be effective in analysis of urbanization impact on LSP in large areas 521 

(e.g., regional and global scale). However, its applicability has not been verified within the city 522 

scale. To comprehensively compare it with the proposed approach, the experiments of analyzing 523 

the difference of phenology and their trends between urbanized and rural regions (5.3 and 5.4) 524 

were also conducted with the previous method. The results of these two methods are listed in 525 

Table 3. For the phenology difference, the proposed approach was provided with larger R2 which 526 
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elucidated that it reflects the phenology differences in urbanized and rural areas more reliably. At 527 

the same time, the proposed approach also achieved results with larger R2 in analyzing 528 

phenology trends. In contrast, for the results of these two experiments with previous method, 529 

their R2 are smaller compared with the proposed approach, as well as their slopes are more 530 

closed to 1. Hence, the approach proposed in this work showed better performances and 531 

applicabilities on studying the response of LSP to urbanization within city scale than the 532 

previous method.  533 

 534 

Table 3. Comparisons of the previous approach (Pre) and the proposed approach (Pro). 535 

Phen-SOS Phen-EOS Phen-GSL Tren-SOS Tren-EOS Tren-GSL 

index Pre Pro Pre Pro Pre Pro Pre Pro Pre Pro Pre Pro 

slope 1.003 0.991 1.002 1.005 1.005 1.011 0.801 0.813 0.796 0.927 1.008 1.023 

R2 0.86 0.93 0.86 0.93 0.77 0.91 0.86 0.88 0.54 0.82 0.71 0.83 

p <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

Note that Phen-SOS, Phen-EOS and Phen-GSL represent the experiments in 5.3 for SOS, EOS and GSL. Tren-SOS, Tren-EOS 536 
and Tren-GSL mean the experiments in 5.4 for SOS, EOS and GSL.  537 

7. Conclusions538 

This study examined continuous urban expansion from 2000 to 2018 with sequential Landsat 539 

images and assessed its influences on LSP from a fine spatio-temporal scale. In comparison with 540 

the previous studies, this research contributed to the analysis of the LSP discrepancies between 541 

urban and rural areas with accurate dynamic urban-rural boundaries generated by ECCDC. 542 

Moreover, for exactly matching urban clusters and their changes, vegetation indices 543 

reconstruction and phenology extraction were carried out through the fusion of time-series 544 

MODIS and Landsat EVI composite images, reducing the homogenizing impact of phenology at 545 

urban-rural boundaries caused by coarse-resolution data. Taking Nanjing as a case study, the key 546 

achievements using the proposed approach were summarized as follows: 1) ECCDC method was 547 

developed and used for mapping urbanization in Nanjing from 2001 to 2018, in which urban 548 

areas expanded about 11.18% of the total area; 2) the SOS was 0.59 ± 0.58 days earlier in urban 549 

areas than that in rural areas, while the EOS was 1.65 ± 1.55 days later in urban areas, 550 

accompanied by 2.77 ± 2.61 days prolonged GSL for urban LSP; 3) the rates of SOS and EOS 551 

delay in rural areas were 0.12 ± 0.12 day/year and 0.02 ± 0.02 day/year faster than those in urban 552 
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areas, along with GSL prolonging rate in urban regions 0.04 ± 0.04 day/year faster than that in 553 

rural regions; and 4) the phenology shifts of urbanized areas were provided with postponing SOS 554 

and EOS and prolonging GSL overall. However, the directions and degrees of phenology shift 555 

were diverse for different transition types in detail. 556 

In summary, this research proposed a novel approach of LSP impacts to urbanization taking 557 

continuous land cover change and fine spatio-temporal sequential data into account. The 558 

experimental results of the typical case study in Nanjing improved the knowledge of phenology 559 

change under the influence of urbanization from different perspectives, gaining more public 560 

concerns about the relationships between urbanization and the ecosystem. Futhermore, some 561 

other natural driving mechanisms and factors on LSP impacts to urbanization will need to be 562 

further studied and considered in our future work. 563 
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Appendix575 

576 
Fig.A Urban land cover maps under the process of urbanization in Nanjing from 2000 to 2018. ISA represents 577 

the impervious surface area. 578 
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Characterizing urbanization-induced land surface phenology change from 

time-series remotely sensed images at fine spatio-temporal scale: A case study 

in Nanjing, China (2001-2018) 

Highlights 

• Urban expansion was mapped based on Continuous Change Detection and Classification 
algorithm. 

• Phenology differences between dynamic urban and rural areas were qualified. 

• Discrepancies of phenology trends in permanent urban and rural areas were achieved. 

• Phenology shifts of the urbanized regions were mapped and evaluated by transition type. 




























