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Abstract 

Two novel studies examining the capacity and characteristics of working memory for object 

weights, experienced through lifting, were completed. Both studies employed visually identical 

objects of varying weight and focused on memories linking object locations and weights. Whereas 

numerous studies have examined the capacity of visual working memory, the capacity of 

sensorimotor memory involved in motor control and object manipulation has not yet been 

explored. In addition to assessing working memory for object weights using an explicit perceptual 

test, we also assessed memory for weight using an implicit measure based on motor performance. 

The vertical lifting or LF and the horizontal GF applied during lifts, measured from force sensors 

embedded in the object handles, were used to assess participants’ ability to predict object weights. 

In Experiment 1, participants were presented with sets of 3, 4, 5, 7 or 9 objects. They lifted each 

object in the set and then repeated this procedure 10 times with the objects lifted either in a fixed 

or random order. Sensorimotor memory was examined by assessing, as a function of object set 

size, how lifting forces changed across successive lifts of a given object. The results indicated 

that force scaling for weight improved across the repetitions of lifts, and was better for smaller set 

sizes when compared to the larger set sizes, with the latter effect being clearest when objects were 

lifting in a random order. However, in general the observed force scaling was poorly scaled. In 

Experiment 2, working memory was examined in two ways: by determining participants’ ability 

to detect a change in the weight of one of 3 to 6 objects lifted twice, and by simultaneously 

measuring the fingertip forces applied when lifting the objects. The results showed that, even 

when presented with 6 objects, participants were extremely accurate in explicitly detecting which 

object changed weight. In addition, force scaling for object weight, which was generally quite 

weak, was similar across set sizes. Thus, a capacity limit less than 6 was not found for either the 

explicit or implicit measures collected. 
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Chapter 1 

General Introduction 

1.1 Preface 

Dexterous and complex object manipulation is a considerable human skill. The human 

hand is equipped with tactile sensors that provide rich information and the many kinematic 

degrees of freedom, provided by the anatomy of the hand, allows us to grasp objects of all shapes 

and sizes. Within many object manipulation tasks, such as lifting, knowing an object’s weight is 

crucial and is dependent on incorporating cues about the properties of the object into predictive 

grip and load force control. When lifting a novel object, people use cues such as size and 

apparent material to predict weight. In subsequent lifts of the object, or in situations in which 

visual cues regarding weight are unreliable, people can rely on sensorimotor memory, gained 

from previous lifts, to estimate weight (Flanagan, Bowman and Johansson, 2006; Johansson and 

Flanagan, 2009).  

The current thesis builds upon previous research linking arbitrary cues to object density 

to explore our sensorimotor memory underlying our manipulatory skill. Previous work has shown 

that people are able to learn the weights of a few objects based on arbitrary visual cues such as 

colour (Chouinard, Leonard and Paus, 2005; Ameli, Dafotakis, Fink and Nowak, 2008) and 

initially misleading size cues (Flanagan and Beltzner, 2000; Flanagan, Bittner and Johansson, 

2008). An obvious object ‘property’ that people can presumably use to remember weight is 

location. That is, when lifting a few visually identical objects of varying weight, we assume that 

people can link object locations to object weights. Thus, as a starting point, the proposed research 

will focus on the capacity of memory linking object locations and weights when lifting sets of 

visually identical objects. 

The aim of the proposed research is to begin to systematically investigate the capacity and 

characteristics of working memory for the weights of various objects. In the following described 
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experiments, we systematically looked at how many object weights we can hold in memory as 

demonstrated by accuracy in predictive lifting forces and weight change detection. The following 

review will present some of the overarching theories and empirical findings important for 

interpreting the results of this thesis.  

1.2 Working Memory and Capacity Limitations 

Working memory refers to the ability of the nervous system to internally store and 

manipulate information over short periods of time and is a necessary requirement of most 

complex behaviours such as language comprehension, problem solving and planning (Baddeley, 

2012). Multiple-component models of working memory have been proposed describing separate 

neural subsystems, such as the 'Phonological loop', that store and manipulate differing types of 

information (Baddeley & Hitch, 1974).  When tested in perceptual tasks (Cowan, 2001; 

Franconeri, Alvarez, & Enns, 2007; Marois & Ivanoff, 2005) and action planning tasks (Gallivan 

et al, 2011), working memory has been found to be a limited resource and can only store and 

manipulate a restricted amount of information (Bays, 2015).  

A multicomponent model of working memory has been hypothesized, in which memory 

for visual and verbal information is stored separately in subsystems controlled by a central 

executive system (Baddeley & Hitch, 1974). Support for this model came from studies in which 

little or no interference was found when verbal memory tasks were performed concurrently with 

visual memory tasks, whereas significant inference occurred when separate memory tasks which 

required the same sensory modality were performed at the same time (Baddeley & Hitch, 1974). 

Since then, working memory has often been described with independence between verbal and 

visuospatial information. 

The system underlying verbal working memory abilities has been termed the 

'Phonological loop' (Baddeley & Hitch 1974). It has been demonstrated that the phonological 

loop consists of both a verbal storage component and a rehearsal component. The digit span task, 

a component of cognitive ability tests such as the Wechsler Adult Intelligence Scale (WAIS), 
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requires both the storage and rehearsal of information and is used to measure working memory's 

capacity. The task involves presenting participants with an increasingly longer series of digits 

which are promptly recited back. Participants can also be asked to recall the items in reverse 

order, for a more challenging variation. The visual inputs, the digits, enter short term verbal store 

and the participants mentally rehearse the string of digits to refresh decaying representations. 

Typically, healthy individuals can remember approximately 7 digits, plus or minus 2, when 

tested immediately after presentation (Miller, 1956; Wechsler, 1997a, 1997b).  

However, Cowan (2001) has produced extensive evidence to suggest that the capacity of 

short term memory depends on the phonological length of the information being retained. It has 

been put forth that four “chunks” of information can be stored in working memory, each of 

which may contain more than a single item. For example, it is possible to break a continuous 

stream of digits, for example ‘8, 5, 4, 3, 2, 7, 5, 1, 0’, into separated chunks of manageable 

retained information, for example ‘854, 327, 510’. Examinations of working memory have 

shown useful capacity limits that fluctuate depending on factors such as whether the 

experimental set up allow for chunking or rehearsal, if the participant can focus on solely the 

material relevant to the task, and the use of modality- or material-specific stores to supplement a 

central store (Chen & Cowan, 2009). Nevertheless, it appears that there is an underlying limit on 

a central component of working memory, typically about 4 chunks in young adults. 

Vogel, Woodman, and Luck (2001) demonstrated that, similar to verbal working 

memory, it is only possible to concurrently retain information about 3-4 colors or orientations in 

visual working memory. Further, integrated objects rather than individual features are stored and 

many individual features can be retained when distributed across a small number of objects. This 

has been demonstrated through a series of experiments in which participants viewed a sample 

array and then, after a short delay, a test array was shown, which was identical to the sample 

array or differed in terms of a singular feature on an item. By varying the number of items in 

each array, a psychometric function can be observed as performance declines after set sizes of 3 
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or 4. Additionally, similar accuracy was observed for multifeature items compared to single 

feature items. Thus, the capacity of visual working memory has since been understood in terms 

of integrated objects rather than individual features and that the limit is approximately 4 visual 

objects. 

Subitizing, discriminating the number of visual objects without counting, is thought to be 

a general perceptual mechanism and has been found in the visual, auditory and tactile processing 

systems (Kaufman, 1949; Trick & Pylyshyn, 1994; Riggs, Ferrand, Lancelin, Fryziel, Dumur & 

Simpson, 2006; Camos & Tillmann, 2008). For most healthy young adults, judgements made for 

displays consisting of 4 or fewer items are quick and accurate, but as the number of items 

increases beyond 4, judgments are made slower, with more errors and less confidence (Kaufman, 

1949). Consistently, despite variability in the sort of perceptual task administered, there seems to 

be an attentional threshold of approximately 4 items.  

The reports on capacity limits of attention are largely within the domain of purely 

perceptual studies and tasks (Cowan, 2001; Franconeri, Alvarez, & Enns, 2007; Marois & 

Ivanoff, 2005) but it has also been shown that conscious perceptual processing and nonconscious 

movement planning are also constrained by independently processing 3 or 4 items in parallel 

(Gallivan et al, 2011). Using a rapid visuomotor planning task, thought to be inherently 

nonconscious (Goodale & Milner, 2004), a similar bottleneck to that seen in purely 

perceptual tasks can be observed. Participants initiated fast reaches toward multiple potential 

targets on a vertical screen before one of the targets was cued to be selected. When there 

were an equal number of targets on each side of the display, initial reach trajectories were 

aimed at the midpoint between targets, whereas when one side of the display contained more 

potential targets, initial reach directions were biased towards that side. Gallivan and 

colleagues (2011) hypothesized that the underlying visual mechanism engaged in action 

planning and the explicit perceptual tasks described above rely on the same basic 

nonconscious enumeration capacity.  
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An uppermost question to be considered in the experiments described in this thesis is 

exploring whether this processing capacity limit also extends to the domain of sensorimotor 

working memory. More generally, we assume that a systematic exploration of sensorimotor 

working memory capacity will yield insights into the sources of limitations in the storage of 

information and the nature of the representation of information in sensorimotor working memory, 

just as studies of verbal and visual working memory capacity have yielded important insights to 

the nature of those systems.  

1.3 “Slot” vs “Shared Resource” Explanation of Working Memory 

One explanation for this capacity limit is the hypothesized “slot model” of working 

memory that suggests there are independent memory slots in working memory and once these 

slots have been filled, further items cannot be stored (Luck and Vogel, 1997; Cowan, 2005; 

Pashler, 1988; Vogel, Woodman, & Luck, 2001). In the original procedure (Luck and Vogel, 

1997), participants viewed a sample array and a test array, separated by a brief delay, and then 

indicated whether the two arrays were identical or differed in terms of a single feature. Accuracy 

was assessed as a function of the number of items in the stimulus array to determine how many 

items could be retained in working memory. It was found that it is only possible to retain 

information about four colours or orientations at one time. However, objects defined by a 

conjunction of four features can be retained in working memory just as well as single-feature 

objects (i.e. sixteen individual features can be retained when distributed across four objects). 

These results indicate that integrated object percepts are stored in visual working memory, 

leading to a large capacity for retaining individual features as long as the features are confined to 

a small number of objects. 

The assumption that working memory is formed from independent memory slots has 

been challenged by studies examining the precision with which items can be recalled. The 

opposing theory to the “slot” hypothesis is that working memory is a “shared resource”. This 

means that as more items are held in memory, the amount of attentional resources that are 
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available to be allocated to each item decreases. It is hypothesized that resources become too 

widely distributed after 3 or 4 items and each item does not receive enough resources to be 

precisely recalled (Bays, 2015).  

Bays and Husain (2008) described visual memory capacity as the accuracy of the 

perceptual judgments for the items that are presented. Further, they found that this accuracy 

improves as the number of items in the array decreases (Bays and Husain, 2008). The authors 

describe a power law theory of resource distribution to describe how cognitive resources are 

allocated and the precision with which the item is stored.  

Using a multiple object tracking task, Alvarez & Franconeri (2007) provided support for 

the shared resource model of working memory. They showed that memory accuracy could be 

preserved as the number of targets tracked increased (1 – 8 targets, in total) provided that 

maximum object speed decreased at the same time. This finding suggests that the limit on 

tracking is not determined by a fixed number of tracking mechanisms (i.e. 4), but instead that it is 

mainly determined by a shared attentional resource. It was put forth that there is a tradeoff 

between the number of items selected and the spatial precision of the selection to explain the 

number of objects that can be tracked at a particular speed. On this view, when a single item is 

tracked, its position can be selected very precisely because all resources are devoted to tracking 

that one item. As more objects are tracked, each item's position must be represented more 

coarsely. When the required resolution of selection was altered by varying the minimum spacing 

between items, independent of speed, it was demonstrated that the effect of required precision 

was greater for faster moving objects. These results suggest that the number of tracked objects 

and the speed of the tracked objects affect the spatial resolution of attention: increasing the 

number of objects tracked or the speed of tracked objects increases the size of the selection 

window. Combined, these results suggest that the number of objects that can be tracked depends 

on a flexibly allocated resource, and that allocating more resources to tracking a particular object 

increases the precision with which that object is selected.  
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1.4 Spatial Working Memory and Ability 

Similar to the 'Phonological loop' which underlies verbal working memory abilities, the 

‘Visuo-Spatial Sketchpad’ is another hypothesized division of working memory that allows for 

the storage manipulation of spatial and visual information (Baddeley & Hitch, 1974). Spatial 

memories are hypothesized to form after a person has already gathered and processed sensory 

information about the environment. It is thought that this cognitive process facilitates memory 

for different locations as well as spatial relations between objects, over brief periods of time. It is 

also believed that spatial working memory capacity mediates individual differences in higher 

level spatial abilities (Corsi, 1972). Spatial ability may be defined as the ability to generate, 

retain, retrieve, and transform well-structured visual images (Baddeley & Hitch, 1974).  

Analogous to the Digit Span task, the Corsi block test has been developed to assess 

visuo-spatial memory span (Corsi, 1972). Participants observe a researcher (or computer) tap a 

sequence of up to nine identical spatially separated blocks and then must mimic the correct order 

that the blocks were indicated. The sequence typically starts at two blocks and increases until 

participant performance suffers. Typically, healthy individuals can remember a sequence 

approximately 5 long (Kessels, van Zandvoort, Postma, Kappelle and de Haan, 2010).  

It is thought that spatial working memory mediates individual differences in the capacity 

for higher level spatial abilities. Through an extensive reanalysis of the correlational literature on 

spatial abilities, Lohman (1979) identifies three primary factors of spatial skills. The highest 

level skill, Visualization, involves the mental reorientation of a complex figure or pattern in 

mental space. Visualization tasks are quite difficult, and as difficulty increases, the speed of the 

task execution decreases. A second spatial ability, spatial orientation, involves mental rotation of 

the observer’s viewpoint rather than the object. The third ability, spatial relations, is the ability to 

solve spatial problems rapidly, regardless of the means used in solving the problem.  
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Spatial relations can be measured by a variety of tests, such as the matrix rotation task 

(Phillips, 1974; Damos and Lyall, 1984). In this task, participants are presented with matrices to 

memorize for a self-directed amount of study time and then are presented with a test matrix. 

Participants must indicate if the test matrix is a rotated version of the study matrix with a 90 

degree rotation. Ichikawa (1981) studied the effects of pattern configuration on participants’ 

estimates of ease of memorization. Patterns that were rated as easy to memorize had much higher 

levels of symmetry than patterns that were rated as difficult to memorize. If a large portion of the 

cells in the matrix are filled, there is a greater likelihood that patterns of contiguous cells will be 

formed. 

It has been established that people can learn arbitrary associations between visual stimuli 

and locations. Standardized tests, such as the Paired Associates Learning (PAL) test (CANTAB, 

Cambridge Cognition, 2012; Kmiec, Kupfer, Sweeney, 2000) have been developed to assess such 

learning. In the PAL test, participants are briefly shown a set of visual symbols in different target 

locations on a computer monitor. They are then shown one of the symbols at a different location 

(i.e., not in the vicinity of the target locations) and are required to point to the corresponding target 

location, at which point the symbol associated with that location is displayed at the location 

providing feedback and driving learning. The number of targets determines the difficulty of the task, 

and six targets have been found to be challenging for young, healthy participants (Gould, Brown, 

Owen, Bullmore, Williams, et al., 2005). In the PAL test, participants learn an arbitrary mapping 

between target location and visual symbols and they receive feedback about the correct symbol after 

each pointing movement. 

1.5 Sensorimotor Predictions When Lifting Objects 

When lifting objects with a precision grip (such that the object is held with the tips of the 

thumb and index finger on either side) the motor system must generate a vertical LF tangent to the 

grip surface that is equal to the weight of the object. At the same time, they must increase the 

horizontal GF perpendicular to the surface to prevent the object from slipping out of grip. When 
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lifting objects of known weight just slightly above a surface, the rate of change of these LF and GF 

increases to a maximum and then decrease in anticipation of lift-off (Johansson & Westling, 1984; 

Johansson & Westling, 1988). Feedforward or anticipatory control processes are responsible for 

the initial peaks in LF and GF rates. People naturally scale the peak rate at which they increase LF 

(and GF), which allows them to lift objects of varying weights in about the same amount of time.  

Therefore, the peak LF rate provides an index of the lifter’s prediction of object weight. If the 

prediction of object weight is inaccurate, lift-off will occur either sooner than expected, for objects 

lighter than expected, or not at the expected time, for objects heavier than expected. Either event 

leads to reflex-mediated changes in force output within about 100 ms (Johansson & Westling, 

1988). 

Prediction about the weight of an object is based on a prior expectation, such as the 

object's appearance, and direct sensory information from previous lifts (for example, Baugh et 

al., 2012). It has been shown that when lifting objects under conditions of uncertainty about 

weight, grip and LFs are typically scaled to match the mechanical properties of the most recently 

lifted object (Johansson & Westling, 1984; Nowak & Hermsdörfer, 2003). This is demonstrated 

in situations where the weight of an object is unexpectedly increased or decreased ever few (e.g., 

5 to 10) trials. Typically, participants generate inappropriate forces on the first trial after the 

switch but rapidly correct to the new weight within a single trial (Johansson & Westling, 1988). It 

has been proposed that we use relevant somatosensory information to establish an internal 

representation of the mechanical object properties needed to complete the successful lift 

(Johansson & Westling, 1984; Nowak & Hermsdörfer, 2003). It has been shown that we use a 

combination of a visual analysis of object size and sensorimotor memory for density of prior 

similar objects to accurately predict the weight of novel objects (Cole, 2008). 

Participants rely on several appearance-based sources of information to predict the weight 

of an object including visual and haptic cues about size (Gordon, Forssberg, Johansson & 

Westling, 1991a-c) and apparent material (Buckingham, Cant & Goodale, 2009). People are 
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usually accurate at predicting the weight of a novel object based on the assumption that larger 

objects are heavier than smaller objects (Gordon et al., 1991; Flanagan and Beltzner, 2000; Mon-

Williams and Murray, 2000), and the assumption that objects that appear to be made from more 

dense materials (e.g., brass) are heavier than objects that appear to be made from less dense 

materials (e.g., wood) (Gordon et al., 1993; Buckingham et al., 2009). However, these pre-existing 

notions can be adapted with sufficient experience with a set of outlier objects (Flanagan and 

Beltzner, 2000, Flanagan, Bittner and Johansson, 2008,).  

Previous findings have shown that individuals can learn associations between object 

weights and various arbitrary cues. Nowak, Koupan, and Hermsdorfer (2007) showed that 

participants learned, after a small number of repeated lifts, the different weights of two objects that 

differed in colour, but otherwise looked the same. Similarly, participants could learn to predict the 

weight of novel objects on a trial-by-trial basis based on visual colour cues or auditory cues 

delivered prior to lifting (Ameli, Dafotakisa, Fink, and Nowak, 2008). An important consideration 

for this thesis is the ability for participants to use location information to predict the weights of 

novel objects. 

It has been established that people can learn arbitrary associations between visual stimuli 

and locations (Kmiec, Kupfer, Sweeney, 2000). The learning that occurs in the PAL test is similar, 

in some respects, to learning the weights of a number of identical looking objects positioned in 

different locations. In the latter task, participants are required to learn an arbitrary mapping between 

object location and weight and they received feedback about the correct weight after each lift. In the 

PAL test, participants learn an arbitrary mapping between target location and visual symbols and 

they receive feedback about the correct symbol after each pointing movement. Although no one has 

explicitly investigated the use of location information when learning object weights, it seemed likely 

that people would be able to learn the weights of a number of identical looking objects, positioned 

in different locations, when repeatedly lifting them.  
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1.6 Internal Model Framework 

 Skilled object manipulation requires prediction of the sensory consequences of the motor 

commands required to achieve desired sensory outcomes. The physical properties of grasped 

objects greatly influence the specific motor commands and sensory outcomes. Thusly, it is 

intuitive that the central nervous system would have a system that can simulate the dynamic 

behaviour of our body and objects with which we interact. As the dynamics of our body change 

during development and as we experience objects and tools which have their own intrinsic 

dynamics, we need to acquire new models and update existing models. 

 Such a system is termed a dynamic internal forward model as it is internal to the CNS and 

captures the forward or causal relationship between motor commands and their consequences. 

These models can be updated using prediction errors by comparing the predicted and actual 

outcome of the motor command (Kawato 1999; Wolpert and Ghahramani 2000; Flanagan et al. 

2006). The predicted sensory outcome (i.e., corollary discharge) is thought to be based on 

combining a forward model with a copy of the descending motor command (i.e. efference copy). If 

there is a mismatch between the predicted and received sensory feedback then a prediction error 

has occurred and this error can be used to both drive reactive responses and update the internal 

model or representation of the mechanical properties of the object.  

 It has been theorized that multiple internal forward models may coexist within our motor 

system and wait to be selected dependent upon task and object context (Ghahramani & Wolpert, 

1997; Wolpert & Kawato, 1998). Learned associations between arbitrary sensory cues and 

physical objects properties may provide the selection of the relevant internal forward model when 

handling a specific object. Moreover, it has been proposed that under ambiguous conditions, 

multiple forward models are simultaneously evaluated during action screened (Wolpert & 

Flanagan, 2001). The forward model that gives the most accurate sensory feedback prediction is 

then selected and can be used in subsequent interactions with the object (Wolpert & Flanagan, 

2001). 
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1.7 Implicated Neural Mechanisms 

Previous studies of macaque neurophysiology and human neuropsychology has indicated 

that the parietal cortex plays a crucial role in numerous cognitive functions, particularly in the 

processes linking sensation to action (Clower et al., 1996; Beis, Andre, Barre & Paysant., 2001; 

Culham, Cavina-Pratesi & Singhal, 2006, for example). The visuo-spatial sketchpad is thought to 

consist of spatial short-term memory stores and the object memory store. The temporal cortex 

forms part of the ventral visual pathway and is involved with object recognition. The object 

memory store is essential in learning and remembering "what" an object is, and is thought to 

occur in the ventral visual pathway (Ungerleider & Mishkin, 1982; Goodale & Milner, 1992; 

Baddeley, Eysenck, Anderson, 2009).This is contrasted with the parietal cortex which forms part 

of a dorsal visual pathway that encodes spatial location (i.e. “where” an object is) and guides 

visually directed action (i.e. determining “how” to interact with an object). The visual dorsal 

stream is thought to facilitate spatial working memory in that is facilitates learning "where" 

objects are located in relation to one’s self (i.e. egocentric frames of reference) (Ungerleider & 

Mishkin, 1982; Goodale & Milner, 1992). The dorsal pathway and the parietal lobe have been 

shown to be an especially important aspect of the neural substrates serving reach-to-grasp 

movements. 

It has been shown that damage in certain areas of the brain can affect dexterous 

manipulation and sensorimotor control. Left temporal parietal damage has been shown to affect 

the typical scaling of fingertip forces that is observed after a few trials of lifting objects used in 

the size-weight illusion (Li, Randerath, Goldenberg, & Hermsdorfer, 2007). The left parietal 

cortex appears to be important for forming sensorimotor memories and is a key component for 

predicting the fingertip forces needed to lift objects based on initially incorrect but nevertheless 

reliable visual cues. 

The premotor cortex has been implicated in associative learning tasks. Increased neural 

activity in single cell recordings from monkey premotor cortex, specifically Brodman area 6 and 
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the supplementary eye fields, occur with the learning of a cue-response joystick-pointing task 

(Mitz, Godschalk, & Wise, 1991). Additionally, lesions of the thalamus perturb the learning of 

associations between visual cues and motor responses in monkeys (Canavan, Nixon, & 

Passingham, 1989). In humans, when the dorsal premotor cortex is virtually lesioned using 

repetitive transcranial magnetic stimulation, associative learning of arbitrary colour cues is 

disturbed (Chouinard et al., 2005). Increased activity in the ventral extrastriate and ventral 

prefrontal cortices as well as in the basal ganglia and the parahippocampal gyrus has been 

observed during a visual cue-motor response task (Toni & Passingham, 1999).  

The hippocampus has been most often implicated in spatial working memory. Lesions to 

the dorsal hippocampus has been shown to affect retrieval, processing short-term memory and 

transferring spatial working memory stores into longer memory stores (Lee & Kesner, 2003). 

The hippocampus is thought to have two distinct memory circuits. The first circuit is thought to 

regulate recollection-based place recognition memory (Brun, Otnaess,Molden, Steffenach, 

Witter, Moser and Moser, 2002) while the other circuit is used for place recall memory 

(Goodrich-Hunsaker, Hunsaker & Kesner, 2008). 

In a study examining the neural correlates of change detection and change blindness in a 

working memory task, it was shown that correctly detecting a change was associated with 

activation of a network comprising parietal and frontal brain regions, as well as activation of the 

pulvinar, cerebellum, and inferior temporal gyrus (Pessoa and Ungerleider, 2004). Moreover, a 

false report of a change led to a very similar pattern of activations. However, during instances 

that subjects failed to detect a change (i.e. change blindness occurred) there was a notable 

difference in activation. Therefore, it was concluded that activation in the frontal and parietal 

regions, with assistance from the cerebellum and the pulvinar, may regulate the distribution of 

attention to the location of a change, thereby allowing further processing of the visual stimulus. It 

was concluded that visual processing areas, such as the inferior temporal gyrus, may receive top-
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down feedback from fronto-parietal regions that control the reactive deployment of attention, and 

thus exhibit increased activation when a change is reported. 

1.8 Outline of Experiments and Hypotheses 

The purpose of the current research was to further our understanding of how we learn to 

accurately predict object weights and how that information is stored in working memory. This thesis 

examined the working memory capacity of the sensorimotor system through two experiments. Both 

experiments required participants to lift a set of a varying numbers of visually identical objects of 

differing weights. In general, it was predicted that sensorimotor working memory would be challenged 

at the larger set sizes. In terms of the scaling of lifting forces, limits in working memory may be 

revealed by errors in predictive force scaling or the adoption of a reactive probing strategy in 

which forces are increased in a step-wise fashion until lift-off occurs (Johansson and Westling, 

1988). 

 In the first of two studies, the natural capacity of sensorimotor memory was examined 

under conditions in which participants were not explicitly asked to report on weight and were 

given ample opportunity to learn the weights. In different blocks of trials participants lifted 3, 4, 5, 

7 or 9 visually identical objects of 3 distinct densities and repeated lifting the set of objects 10 

times. Participants were instructed to lift with a consistent lift height and duration but were not 

required to make any explicit weight judgements. In general, it was expected that the ability to 

predict object weight would decrease as the number of objects to be lifted increases. Further, there 

were two conditions in which participants were randomly placed, the fixed lift order condition 

(i.e., the sequence of lifts within a set was fixed and repeated) and the random lift order condition 

(i.e., the order of lifts within a set was randomized) to examine the effect of sequence information 

on the formation of sensorimotor working memory. Given evidence that sequence information 

may aid working memory as it has been shown that this information can act as a memory cue and 

enhance performance ability (Clegg, DiGirolamo, & Keele, 1998), it was expected that participants 
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in the fixed lift order condition would show faster learning of the objects weights compared to the 

random lift order condition.  

In the second, complementary study, we examined participants’ ability to learn the weights 

of objects using an explicit weight change detection task. This probing experiment required 

participants to lift between 3 and 6 visually identical objects of 3 distinct densities in a prescribed 

order. Then, after a delay, during which the weight of one of the object was changed in half the 

trials, participants were instructed to lift the objects again and asked to indicate (1) if the weight of 

one of the objects has changed and (2), if so, which object changed weight. In addition to this 

verbal report, the lifting forces for all lifts were examined. This provided us with two measures of 

weight prediction; an explicit measure of the ability to detect changes in weight and an implicit 

measure based on the scaling of lifting forces. In terms of weight change detection, we expected 

that performance in both detecting a weight change and in indicating which object changed weight 

will decrease as the number of objects increases. Additionally, similar to the first experiment, we 

expected more errors in predictive force scaling as the number of objects increases.  
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Chapter 2 

Natural Learning of Object Weight 

2.1 Abstract 

 When lifting an object with a precision grip with the tips of the index finger and thumb on 

either side, vertical load and horizontal GF are scaled to the expected weight of the object. When 

visual information is uninformative of the object’s density, sensorimotor memory gained from 

previous lifts of the object is used to calibrate anticipatory force control. For visual working 

memory, studies have found a limited capacity of 4 items (Vogel, Woodman, and Luck, 2001) but 

the working memory capacity of the sensorimotor system has not been systematically explored. 

Here we assessed participants’ ability to predict the force needed to lift objects of the same 

appearance but different densities. Specifically, working memory was examined by determining 

the number of lifts it takes participants to accurately scale their load and GF to the object weights 

as a function of item array size (i.e. 3-7 objects) and lifting order (i.e. fixed lifting sequence vs a 

pseudorandomized lifting sequence). It was predicted that, similar to other working memory tasks, 

force scaling on the second lift series would be compromised with greater than 4 objects, and that 

the number of lifts required to achieve accurate predictions would increase for larger set sizes. 

Overall it was found that fingertip forces were not precisely scaled for object weight. However, the 

present results indicate that weight prediction accuracy improved across the repetitions of lifts, and 

was better for smaller set sizes when compared to the larger set sizes, with the latter effect being 

clearest for the random group. 

2.2 Introduction 

Every day we handle hundreds of objects in the environment that vary in weight, shape and 

surface friction. When grasping and lifting an object using a precision grip, we have to generate a 

vertical LF to overcome the weight of the objects. At the same time, we need to generate a 
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horizontal GF that is sufficient to prevent object slippage but not so large as to lead to unnecessary 

fatigue or damage to the object. One crucial issue then is how we adjust our GF and LF in an 

environment offering a huge diversity of objects with various mechanical characteristics. 

When lifting an object, we make a prediction about its weight because an accurate 

prediction of weight is essential for smooth and dexterous performance (Johansson & Flanagan, 

2009). When lifting a novel object for the first time, we can often make an accurate estimate of its 

weight based on its size and apparent material (Baugh, Kao, Johansson, & Flanagan, 2012). Even 

when the weight is poorly predicted on the first lift, accurate force scaling is typically achieved 

within 2-3 repeated lifts of the same object (Johansson & Westling, 1984). 

Prediction about the weight of an object is based on a prior expectation, such as the 

object's appearance, as well as direct sensory information from previous lifts (for example, Baugh 

et al., 2012). Participants rely on several appearance-based sources of information to predict the 

weight of an object such as visual and haptic cues about size (Gordon, Forssberg, Johansson & 

Westling, 1991a-c; Mon-Williams & Murray, 2000) and apparent material (Buckingham, Cant & 

Goodale, 2009). In addition, when lifting previously experienced objects, people rely on 

sensorimotor memory from previous lifts to scale GF and LF (Johansson & Westling, 1988). When 

the object’s mechanical properties can unexpectedly change and are therefore difficult to predict, 

GF and LF are typically scaled to match the mechanical properties of the most recently lifted 

object (Johansson & Westling, 1984; Nowak & Hermsdörfer, 2003).  

 Whereas numerous studies have demonstrated that people form long-lasting sensorimotor 

memories of specific objects (e.g., Johansson & Westling, 1988; Flanagan, King, Wolpert, & 

Johansson, 2001; Baugh, Kao, Johansson, & Flanagan, 2012), only a few studies have examined 

sensorimotor memory for multiple objects. Flanagan and Beltzner (2000) showed that participants 

could, after 5-10 lifts per object, learn the weights of a large cube and an equally weighted small 

cube. Flanagan, Bittner, and Johansson (2008) subsequently showed that, after approximately 100 

lifts in total, participants could learn the weights of 12 objects, consisting of 4 small and heavy 
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objects, 4 midsized and mid-weighted objects, and 4 large and light objects. In both of the studies 

mentioned above, size information, which was initially misleading, could be used to predict object 

weight. No studies have systematically investigated the capacity of sensorimotor memory in terms 

of the number of objects, and how quickly accurate memories can be formed (i.e., how many lifts 

are required) without visual cues. 

The reports on capacity limits of attention are largely within the domain of purely 

perceptual studies and tasks (Cowan, 2001; Franconeri, Alvarez, & Enns, 2007; Marois & Ivanoff, 

2005). Although evidence from several visual tasks suggests that the visual system can operate on 

a fixed number of 4 objects or locations at once (Pashler, 1988, Cavanagh & Alvarez, 2005; 

Pylyshyn & Storm, 1988; Yantis, 1992) it has been shown that depending on task parameters and 

attentional demands, up to eight objects can be tracked (Alvarez & Franconeri, 2007). It has been 

shown that sequence information can help aid in memory and learning, and has been found to be a 

key factor in performance ability (Clegg, DiGirolamo, & Keele, 1998). Thus, sequence information 

could improve the accuracy with which items are learned and recalled on tests of working memory.  

One explanation for this capacity limit is the hypothesized “slot model” of working 

memory that suggests there are independent memory slots in working memory and once these 

slots have been filled, further items cannot be stored (Luck and Vogel, 1997; Cowan, 2005; 

Pashler, 1988; Vogel, Woodman, & Luck, 2001). On the other hand, this original assumption of 

independent storage has been challenged by studies examining the true precision with which 

items can be recalled. The opposing theory of “shared resources” states that as more items held in 

memory, the attentional resources that are available to be allocated to each item decreases. It is 

hypothesized that resources become too widely distributed after 3 or 4 items and each item does 

not receive enough resources to be precisely recalled (Bays, 2015). An uppermost question to be 

considered in the experiments described in this thesis is exploring whether this limit also extends to 

the domain of sensorimotor working memory. 
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The ability to use arbitrary visual cues to match them with the mechanical properties of 

objects to be lifted has only recently be explored in the literature (Chouinard, Leonard, & Paus, 

2005; Cole & Rotella, 2002; Nowak, Koupan, & Hermsdörfer, 2007). This work has shown that 

healthy people can use learned arbitrary associations between colour cues and mechanical object 

features, such as weight and surface friction, to scale GF and LF in a predictive manner (Cole & 

Rotella, 2002; Nowak et al., 2007). It is yet unclear, however, how well people can use arbitrary 

location information to learn such associations. The aim of the proposed research is to begin to 

systematically investigate the capacity and characteristics of working memory for the weights of 

multiple objects as demonstrated by accuracy in predictive lifting forces. Furthermore, the 

influence of sequence information on the ability to learn object weights will be explored. 

In this study, the capacity of sensorimotor memory was examined under conditions in 

which participants were not explicitly asked to report on weight and were given ample opportunity 

to learn the weights. In different blocks of trials participants lifted 3, 4, 5, 7 or 9 visually identical 

objects of 3 distinct densities and repeat lifting the set of objects 10 times. Participants were 

instructed to lift with a consistent lift height and duration but were not required to make any 

explicit weight judgements. In general, it was expected that the ability to predict object weight will 

decrease as the number of objects to be lifted increases. Further, there were two conditions in 

which participants were randomly placed, the fixed lift order condition (i.e., the sequence of lifts 

within a set was fixed and repeated) and the random lift order condition (i.e., the order of lifts 

within a set was randomized) to examine the effect of sequence information on the formation of 

sensorimotor working memory. Given evidence that sequence information may aid working 

memory (i.e., this information can act as a memory cue), it was expected that participants in the 

fixed lift order condition would show faster learning of the objects weights compared to the 

random lift order condition. 
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2.3 Materials and Methods  

2.3.1 Participants 

Twenty-four participants between the ages of 18 and 28 years old (12 females; Mean age= 

21 years) participated after providing writing, informed consent. Participants were recruited 

through their previous involvement in the Cognition and Action Lab and through word-of-mouth. 

The experimental procedure was approved by the Queen’s University General Research Ethics 

Board, and participants were compensated $12.00 for an hour of their time. In order to be eligible 

for this study, participants must have been free of medical conditions that would affect movement 

of the hands/arms, have normal or corrected-to normal vision and be able to stand for 

approximately an hour, with breaks, and be right hand dominant. One male participant’s data was 

excluded from analysis due to failure of complying with the task’s parameters.  

2.3.2 Stimulus Objects 

In both experiments described in this thesis, participants interacted with 9 visually identical 

white cylinders. The cylinders had a diameter of 50.4 mm and a height of 55 mm (Figure 2.1A). A 

black handle was mounted on the top of each object. Each handle included a cylindrical force–

torque sensor (Nano 17 F/T, ATI Industrial Automation, Garner, North Carolina) on one side and a 

matched cylinder on the other side. The force sensor measured the VF applied by the thumb 

(tangential to the contact surface) and the horizontal GF applied by the thumb (normal to the 

contact surface). A flat circular disk, covered by medium-grain sandpaper, capped the sensor and 

the matched cylinder to provide adequate friction at the fingertips. The objects varied in weight 

with 3 light objects each weighing 280 g, 3 mid-weighted objects each weighing 470 g, and 3 

heavy objects each weighing 715 g. A miniature electromagnetic position sensor (Polhemus 

Liberty, Burlington, VT) taped to the middle phalanx of participants’ index finger was used to 

record positional information related of the lifting movement, including lift height. 
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For each trial, objects were spatially arranged within a 3 by 3 matrix on the workspace. 

The positions of the objects were randomized subject to the following constraints: one object was 

always placed in the center of the matrix and each column and row of the matrix could only 

contain, at maximum, one of each object weight.  

 

 

Figure 2.1. A: An example of the cylindrical objects t used in the study with force sensors 

embedded in the object handles. B: Experimental set-up for this study involving a tabletop 

workspace with objects arranged on a 3 by 3 grid. C: Tabletop workspace with hinging occulder.  
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2.3.3 Tabletop Workspace 

Participants stood behind a waist height table fitted with a semi-transparent glass tabletop. 

Objects were arranged on an invisible 3 by 3 grid on the tabletop and participants lifted the objects 

from a standing position while looking down at the table top (Figure 2.1.B). A high resolution 

projector was fitted underneath to manipulate what is displayed on the surface. A screen, mounted 

on the table, could be lowered to block the participants’ view of the table top when the objects 

were placed in position by the experimenter (Figure 2.1C). 

2.3.4 Procedure 

Participants read the letter of information and provided their written informed consent 

before participating in this study. All participants were informed that their participation in the 

study was completely anonymous and confidential, and that the study would take one hour to 

complete. Experiment 1 consisted of a 1 hour and 30 minute session per participant. Participants 

were instructed to lift the objects using their right hand index finger and thumb on the force sensor 

handles with a pinching grip, and lifting to a height of approximately 2 inches. Participants were 

instructed to reach towards the object, pause for a moment, lift the object and then return it to its 

original location after a tone sounded. To prompt participants to lift a particular object, an image of 

a circle was illuminated under the object from a projector mounted under the table, a tone 

accompanied this visual cue. In data collection trials, objects were presented with a randomized 

order of set sizes, containing 3, 4, 5, 7 or 9 objects. After completing each set size once (block 1), 

each participant completed each set a second time (block 2). 

For each set size, objects were selected so as to distribute the light, medium and heavy 

weights as evenly as possible. For set sizes of 3, 6 and 9, equal numbers of light, medium and 

heavy objects were used. (For example, a set size of 9 contained 3 light, 3 medium and 3 heavy 

objects.) For the set size of 5, the array consisted of 2 light, 1 medium and 2 heavy objects. For the 
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set size of 7, in the first block the array consisted of 3 light, 2 medium and 2 heavy objects and the 

second block consisted of 2 light, 2 medium and 3 heavy objects, or vice versa. 

Participants were guided to lift each object 10 times for each set. For example, in a set size 

of 7, participants completed a series of 70 lifts. Participants were randomly divided into a fixed-

lifting-sequence group or a random-lifting-sequence group to experimentally examine lifting order 

effects on memory. In the random lift order condition, the order in which the N objects in a set 

were lifted was completely randomized but with the constraint that the first and last lifts of a 

sequence will not be the same objects, ensuring that no object was lifted twice in a row. In the 

constant lift order condition, the order was held constant over the 10 repetitions of lifts. 

At the end of the experiment, participants completed 5 successive lifts of a single object 

from each weight category in order to obtain forces under conditions in which the weight is highly 

predictable. To prompt participants to lift a particular object, an image of a circle will be projected 

onto the tabletop platform using an LCD projector (Flanagan, Bittner, Johansson, 2008) and a tone 

sounded. A second tone sounded after a brief delay to prompt them to place the object back down 

in the original grid position. Participants were encouraged to sit during the changing of set sizes in 

a comfortable chair to minimize discomfort. 

2.3.5 Data Analysis 

Location information from the position sensor attached to the index finger was recorded at 

240 Hz and re-sampled to 1 kHz. Force signals were sampled at 1 kHz and smoothed using a 

fourth-order, zero-phase lag, low-pass Butterworth filter with a cutoff frequency of 14 Hz. The 

analysis focused on VF and GF applied by the thumb. The rates of change of VF and GF with 

respect to time, or VF and GF rates, were computed using a first-order central difference equation. 

For each trial, we scored the onset of VF increase signifying the start of the lift. This was defined 

at the time at which the VF rate exceeded 1.5 N/s. We also scored the lift off time, defined at the 

time at which the rate of change of the index finger height first exceeded 20 cm/s. We then 
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determined the peak rates of change of VF and GF rate during the time period between the onset of 

the lift and lift off. We will refer to these as the peak VF and GF rates. Previous work has shown 

that when lifting objects of known weight, people scale the rate at which they increase VF (and 

GF) to the expected weight of the object, increasing force more rapidly for heavier objects such 

that the time to lift objects of varying weight tends to be similar. Thus, the peak VF rate and the 

peak GF rate provide an index of the lifter’s expectation about weight. The end of the load phase 

was defined as when object lift-off occurred, as measured by position sensor attached to index 

finger. The measures we scored are illustrated in Figure 2.2, which shows GF, VF, GF rate, VF 

rate and the height of the index finger for two overlaid lift trials, one with a heavy object (715g) 

and one with a light object (218g).  
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Figure 2.2: The GF, VF, GF rate, VF rate and index finger height for two overlaid trials. These 

measures were scored for each lift. The red line represents a heavy object (715 g) being lifted and 

the green line represents a light object (218 g) being lifted. The green and red, dashed, vertical 

lines represent lift off times for the corresponding weight. The green and red circles represent the 

peaks in GF rate and VF rate. The black, dashed, vertical line marks the time at VF onset. 

2.4 Results 

To assess the ‘best’ scaling of fingertip forces for object weight, we included control lifts 

in which each participant lifted a light (218 g) object 5 times in a row, a mid-weighted (470 g) 

object 5 times in a row, and a heavy (715 g) object 5 times in a row (with the order 

counterbalanced across participants). Figure 2.3 shows overlaid GF, VF, GF rate, VF rate, and lift 
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height records, from a single participant, for the last 3 of these 5 lifts for each object. As can be 

observed in the figure, the rate at which GF and VF increased was scaled for object weight right 

from the beginning of the lift (and well before lift-off occurred, as indicated by the increase in 

index finger height). This scaling is evident both from the slopes of the GF and VF functions as 

well as the peaks in the GF and VF rate functions. 

Figure 2.4 shows overlaid GF, VF, GF rate, VF rate, and lift height records from the same 

participant shown in Figure 2.3, who was from the random group, lifting with the largest set size 

of 9. The left column shows all lift in the first (or 10) repetition and the right column shows all lifts 

in the eighth repetition. The records are colour coded by object weight. Note that there are 6 lifts 

per object weight because each set size was experienced twice and, with set size 9, there were three 

objects of each weight. As expected, in the first repetition the rates of the initial increases in GF 

and VF (prior to lift off) were not scaled for object weight. However, by the eighth repetition 

scaling was observed; the peak GF and LF rates tended to be largest for the 715 g objects and 

smallest for the 218 g objects. 

To quantify the effects of group, set size, and repetition on the ability of participants to 

learn the weights of the objects, we first computed, for each participant, set size, and repetition, the 

average peak VF rate, for each weight. This involved averaging across set size replications (recall 

that participants experienced each set size twice) and objects of the same weight (recall that for set 

sizes greater than 3, two or three objects could have the same weight). We focused on VF rate 

rather than GF rate because whereas the VF required to lift an object only depends on object 

weight, the GF required also depends on the frictional conditions between the fingertips and the 

object contact surfaces as well as a variable GF safety margin (i.e., the GF can be larger than the  
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Figure 2.3: The GF, VF, GF rate, VF rate and index finger height for control lifts 3-5 for a single 

participant (MS1) in the random group. The red line represents a heavy object (715 g), the blue line 

represents a mid-weighted object (470 g), and the green line represents a light object (218 g). 
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Figure 2.4: The GF, VF, GF rate, VF rate and index finger height for a single participant (MS1) 

from the random group lifting a set size of 9 objects. The red line represents a heavy object (715 

g), the blue line represents a mid-weighted object (470 g), and the green line represents a light 

object (218 g). Repetition 1 (left column) shows all 10 lifts in the first repetition of the set size. 

Repetition 8 (right column) shows all 10 lifts in the eighth repetition of the set size. 

 

 

minimum required to prevent slip). The left column of Figure 2.5 shows, for each set size 

(different panels) and object weight (different lines within each panel), the mean peak VF rate, 

averaged across participants in the random group, as a function of repetition. The open circles next 

to each panel represent the mean peak VF rate of the last three control lifts (lifts 3 to 5) for each 
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object weight, averaged across participants in the random group. The right column shows the 

corresponding plots for participants in the fixed group. 

If participants learn the weights of the objects across repetitions, we would expect to see 

greater differences in the peak VF rates across the three object weights as a function of repetition. 

To assess these differences, we computed, for each participant, set size, and repetition, the SD of 

the peak VF rates for the three object weights. Figure 2.6A shows, for each set size (different 

lines), the mean SD of peak VF rates, averaged across participants in the random group, as a 

function of repetition. The open circle shows the mean SD of peak VF rates for the control lifts 

averaged across participants in the random group. Specifically, for each of these participants we 

first determined the average peak VF rate over the last 3 control lifts (lifts 3 to 5) for each object 

weight and then computed the SD of these averages. Figure 2.6B shows the corresponding plots 

for participants in the fixed group. 

Although the SD of peak VF rates, for all set sizes and for both groups, was smaller than 

the SD observed in the control lifts, the SD nevertheless statistically increased as a function of 

repetition. Moreover, at least for participants in the random group, the SD of peak VF rates appears 

to be greater, overall, for set sizes 3, 4, and 5 in comparison to set sizes 7 and 9. To explore this 

effect, we recomputed, for each participant and repetition, the SD of peak VF rates (across objects 

weights) for set sizes < 6 combined and set sizes > 6 combined. Figure 2.6C shows, for these two 

set size categories (different lines), the mean SD of peak VF rates, averaged across participants in 

the random group, as a function of repetition. For reference, the open circle, representing the SD of 

peak VF rates for the control lifts are shown again. Figure 2.6D shows the corresponding plots for 

participants in the fixed group. 
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Figure 2.5: The left column shows the mean peak VF rate averaged across participants in the 

random group as a function of repetition. The right column shows the same for the fixed group. 

Each set size is shown in different panels with each object weight category as colour coded lines in 

each panel. Red represents a heavy object (715 g), blue represents a mid-weighted object (470 g), 

and green represents a light object (218 g). The red, blue and green open circles represent the mean 

peak VF of control lifts 3-5 for the corresponding weight and group (random and fixed). 
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Figure 2.6. A: The mean SD of peak VF rates averaged across participants in the random group, as 

a function of repetition, for each set size. The yellow line represents a set size of 3, the green line 

represents a set size of 4, the blue line represents a set size of 5, the purple line represents a set size 

of 7, and the black line represents a set size of 9. The black, open circle represents the mean SD of 

peak VF rates for control lifts 3-5 for each weight category averaged across participants in the 

random group. B: Shows the same plot for participants in the fixed group. C: The mean SD peak 

VF rates averaged across participants in the random group as a function of repetition, for two set 

size categories. The blue line represents set sizes less than 6 (3,4,5). The red line represents set 

sizes greater than 6 (7,9). The black, open circle representing mean SD of peak VF rates for control 

lifts 3-5 is shown. D: Shows the same plot for participants in the fixed group. 

 

To assess the effects of set size category, repetition, and group on the SD of peak VF rates, 

we first carried out a three-way mixed factor ANOVA. For the repetition factor we focused on the 

linear contrast, rather than the main effect, because we expected that, if learning occurred, the SD 

of peak VF rates would increase as a function of repetition. This analysis revealed a significant 

main effect of set size category (F1, 21 = 6.75; p = .017), a significant linear effect of repetition 

(F1, 21 = 16.24; p = 0.001), but no main effect of group (F1, 21 = 0.57; p = 0.458). A marginally 

significant interaction between set size category and group was observed (F1, 21 = 3.37; p = 
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0.080), whereby the effect of set size category was greater for the random group in comparison to 

the fixed group. The analysis failed to reveal an interaction between set size category and the linear 

contrast of repetition (F1, 21 = 0.28; p = 0.604) or an interaction between the linear contrast of 

repetition and group (F1, 21 = 0.29; p = 0.839). Finally, there was no three-way interaction (F1, 21 

= 1.69; p = 0.208). 

In light of the marginal interaction between set size category and group, we ran a two-way 

set size category by repetition ANOVA for each group. A significant main effect of set size 

category was observed for the random group (F1, 10 = 5.14; p = 0.047) but not the fixed group (F1, 

11 = 1.26; p = 0.286). A significant linear effect of repetition was observed for both groups 

(random: F1, 10 = 6.36; p = 0.030, fixed: F1, 11 = 10.35; p = 0.008). For both groups, the 

interaction between set size category and the linear effect of repetition was not significant (random: 

F1, 10 = 1.39; p = 0.265, fixed: F1, 11 = 0.36; p = 0.560). 

We also ran a two-way group by repetition ANOVA for each set size category. The linear 

effect of repetition was significant both set size categories (set sizes < 6: F1, 21 = 10.18; p = 0.004, 

set sizes > 6: F1, 21 = 14.52; p = 0.001). However, no main effect of group was observed for either 

set size category (set sizes < 6: F1, 21 = 0.12; p = 0.735, set sizes > 6: F1, 21 = 1.29; p = 0.269). 

For both set sizes, the interaction between group and the linear effect of repetition was not 

significant (random: F1, 21 = 0.21; p = 0.654, fixed: F1, 21 = 1.14; p = 0.298). 

Finally, for each group we carried out two paired t-tests comparing the SD of peak VF 

rates observed in control lifts (open circles in Figure 2.6) to the SD observed on the tenth 

repetition for each of set size category. For the random group, the SD in control lifts was 

significantly greater than the SD in the last repetition of both the smaller set sizes (t10 = 5.33; p < 

0.001) and the larger set sizes (t10 = 6.35; p < 0.001). Similarly, for the fixed group the SD in 

control lifts was significantly greater than the SD in the last repetition of both the smaller set sizes 

(t11 = 4.30; p = 0.001) and the larger set sizes (t11 = 3.59; p = 0.004). 



 

33 

 

2.5 Discussion 

Through assessing the accuracy with which participants scaled their predictive fingertip 

forces when lifting sets of visually identical objects of differing densities, we sought to gain 

improved understanding of how we learn the weights of objects based on location. Based on 

previous research on working memory, it was predicted that the sensorimotor system could quickly 

learn, within a few lifts of each object, to accurately scale lift forces for up to approximately 4 

objects. It was hypothesized that after 4 objects, similar to the bottleneck observed with other 

working memory tasks (Vogel, Woodman, and Luck, 2001), performance would suffer and 

participants would require significantly more lifting repetitions to learn the object weights. 

The peak VF rate prior to lift-off provides a measure of expected (i.e., remembered) 

weight. If participants learn the weights of the objects across repetition, we would expect to see 

growing differences in the peak VF rates across the different object weights. To quantify this 

separation, we calculated a novel measure: the SD of the average peak VF rates across the three 

object weights. A higher SD score indicates more separation of anticipatory scaling characteristics 

between the weight categories. 

To quantify the effects of set size, we grouped variance measures for the lower set sizes (3, 

4 and 5) together and the higher set sizes (7 and 9) together.  For participants in the random lifting 

sequence group, set size category had an effect on lifting behaviors such that less variance in lifting 

forces between weight categories was observed for the larger set sizes. While great scaling was 

never observed, it does appear that as set size increases participants are predicting object weight 

less well. This is in keeping with our prediction that working memory resources would be 

attenuated for larger set sizes. 

Furthermore, with each repetition of lifts in a given set, participants appeared to more 

accurately scale their lifting forces required to lift the objects with expertise. This linear main 

effect of repetition was observed for both the random and fixed groups, as a growing separation in 
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the SD of VF rates for the three weight categories across lifting repetitions was found. This was 

seen in both set size categories (less than 6 and greater than 6). These results suggest that as 

participants interact more with the objects, they gain information that can be used to predict the 

specific weights on subsequent lifts. After repeated lifts, participants are better at differentiating 

between the object weights. These results imply that multiple lifts are required to accurately predict 

the object weights in the absence of visual cues, such that only the location of the object is 

available for the lifter to use 

The results from the current study suggest that there may be a ceiling for sensorimotor 

working memory, as participants show better predictive force scaling for the objects in smaller set 

sizes. However, a demarcation where performance clearly begins to suffer was not observed. 

Possible explanations for these results are described further below. A visual working memory 

capacity of 3-4 items is referenced often in the literature (Vogel, Woodman, and Luck, 2001). This 

impediment also appears to extend to tactile perception, where it has been shown that while there is 

not a clear limit, recalling more than 4 tactile stimuli is slower and less accurate when compared to 

recalling 3-4 stimuli (Riggs et al., 2006). Additionally, it has recently been revealed that restriction 

can also be seen in action planning, such that no more than 3-4 targets can be simultaneously 

encoded for action (Gallivan et al., 2011). 

While there appears to be well-defined capacity limitations in other modalities, there 

appears to be some controversy when the stimulus is presented to the peripheral nervous system. 

Riggs et al. (2006) concluded that subitising is not restricted to visual perception, but also extends 

to tactile perception as well. However, Gallace, Tan, & Spence (2006) drew the exact opposite 

conclusion.  Gallace, Tan, & Spence (2008) reanalyzed the data from both studies using more 

powerful statistical procedures and conducted their own study on tactile subitising and showed no 

major differences in subitising ability between the fingers and the rest of the body. The authors 

caution about potential biases that researchers may have when interpreting their data. It is possible 

that other domains of working memory (such as the sensorimotor system, the tactile system etc.) 
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differ from the visual memory system and that capacity limits extend beyond the 4 item cut off that 

is frequently described. This may explain why there was not an obvious attenuation of performance 

in the larger set sizes in the current experiment. 

Although there is a wealth of published studies concluding that the visual system can 

operate on a fixed number of 4 objects or locations at once, it has been shown that depending on 

task parameters and shared attentional demands, up to eight moving objects can be concurrently 

tracked (Alvarez & Franconeri, 2007). At slow speeds, it was found that participants can track up 

to 8 objects, but at fast speeds only a single object could be tracked. It seems that the number of 

tracked objects and the speed of the tracked objects affect the spatial resolution of attention: 

increasing the number of objects tracked or the speed of tracked objects increases the size of the 

selection window and therefore decreases the resolution of the attention window. It could be that 

the current task was not especially attentionally demanding and hence participants were able to 

adequately keep track of the weights of the objects in the array. 

Overall lifting performance was no better in the fixed group than the random group. It was 

predicted that participants in the fixed group would show faster learning because they could exploit 

sequence information as a memory cue, as previous studies have shown that sequence information 

is important for performance and learning (Clegg et al., 1998). Contrary to this hypothesis, the 

fixed group did not show greater variance in lifting forces than the random group for either the 

smaller set sizes or the larger set sizes.  

However, we did observe a difference between the two groups in terms of the effect of set 

size. For participants in the random group, there was greater variance in the SD of peak VF rates 

seen in the grouped lower set sizes (3, 4 and 5) compared to the grouped larger set sizes (7 and 9). 

This indicates that, when lifting the visually identical objects in a random sequence, participants 

were better able to differentiate among the different weights in the test arrays for the smaller set 

sizes in comparison to the larger set sizes. In contrast, there was no effect of group set size on the 
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SD of peak VF rates in the fixed group. This suggests that participants who lifting the objects in a 

fixed order were less affected by the larger set size. However, when compared to the control lifts, 

where we expected strong predictive force scaling, the lifting forces in both of the experimental 

groups were not indicative of an ideal prediction of object weight. The SD of peak VF rates for the 

control lifts was significantly greater than the SD in the last repetition of lifts for both sets size 

categories and experimental groups. This suggests that participants may not have a clear 

distinction, or at least not a perfect division, between the objects and their weights in any of the set 

sizes. 

Overall, we found that prediction accuracy did improve across the lifting repetitions and 

was better for smaller set sizes compared to the larger set sizes. When the predictive force scaling 

from the experimental trials was compared to the ‘ideal performance’ recorded during the control 

trials in which the weights were known, it was revealed that ideal scaling between weight 

categories was not observed in the any of the five set sizes presented and was, in fact, quite poor 

compared to ‘perfect’ conditions. 

In this experiment we relied on the idea that participants would attempt, to the best of their 

abilities, to remember the object weights and scale their lifting forces to these expected weights. 

However, it is possible that participants may have opted not to invest large resources trying the 

predict object weight, especially after experiencing some of the larger set sizes. That is, having 

experienced one or more large set sizes participants— who were given no particular instructions 

about remembering object weights—may have either assumed they would not remember, or 

decided not to make the effort to remember the weights. Instead of attempting to scale their lifting 

forces for the weights, they may have opted to aim for a middle weight, adjusting their forces 

accordingly when the object either failed to lift off or lifted off earlier than expected. Because set 

size was randomized in our experiment, participants may have experienced a large set size early in 

the experiment. In hindsight, it may have been better to follow a structure often used in other 

working memory tasks (such as the digit span task, or the PAL) in which participants start with a 
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small set size and once they reach a baseline of performance they move onto the next larger set 

size. With the latter design memory demands would increase as the experiment progresses and 

while there would be some learning effects, one might better capture limits on participants capacity 

for prediction.  

The present results indicate that with more experience with the objects, sensorimotor 

memories of object weight become increasingly more precise. One interpretation of this finding is 

that with a sufficient number of interactions with objects in all set sizes, participants would be able 

to form accurate memories of object weight over multiple repetitions. However, consistent with 

previous research examining working memory capacity limits, it is also possible that larger set 

sizes exceed this capacity limitation and therefore, ideal learning effects may only be observed in 

smaller sets after many lifts.  

It is important to note that separating the set sizes into two groups (less than 6 and greater 

than 6) and examining the differences in the SD of peak VF rates between them was a post hoc 

analysis. This can be seen as capitalizing on chance error. Therefore, the results pertaining to set 

size category should be interpreted with some caution. Nevertheless, the overall finding from this 

analysis, namely that set size category influenced force scaling at least in the random group, seems 

reasonable as a starting point for future investigations. 

In the current study, participants were not explicitly instructed to remember the object 

weights in order to examine lifting forces under implicit, natural conditions. Instead, participants 

were asked to simply lift the objects in a consistent manner. It is possible that due to this lack of 

instruction, participants were not actively attending to the task and in turn, lifting with less 

precision and care. Additionally, the repetitive nature of this task could have produced the pattern 

of results that was seen. Becoming fatigued and less attentive may have been an issue for 

participants. Although this study was designed to be relatively short in order to avoid these issues, 

an hour is nevertheless a long time to perform this repetitive task. This limitation could explain the 
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lack of ideal scaling observed in this study, as participants may not have been attending to the 

object weights. In order to circumvent this limitation, future studies could explicitly instruct 

participants to remember the weights of the objects, or perhaps even ask them to report the weights 

before they lift. Although they may be incorrect, this could add more incentive to perform the task 

properly. It would also encourage participants to be attentive during each lift. This could help 

avoid the fatigue effects of repeatedly lifting objects with no intrinsic incentive. Another option 

would be to require participants to lift to a specified height in a specified time and provide 

feedback on each lift. This would effectively encourage them to remember the weight because 

accurate lifting under these circumstances would require good weight prediction. 

The current study is the first to systematically investigate the capacity of sensorimotor 

memory. This work is important for understanding how we manipulate the objects we use on a 

daily basis. Ultimately, in both groups and all set sizes, a clear and accurate distinction between the 

weight categories, as demonstrated by lifting behaviours, was not observed. It was thought that as 

set size increased beyond 4 objects, more lifts would be required to learn the weights of the 

visually identical objects, and that the fixed group would show faster learning compared to the 

random group. It was found that participants showed some scaling across repetitions, however, 

compared to the control lifts, which were thought to show conditions under which the weight of the 

object is known and forces are scaled precisely, ideal scaling for object weight was not seen. 

Further, the results show that weight prediction accuracy was better for the smaller set sizes 

compared to the larger set sizes, but that this effect was clearest for the random group. The finding 

that participants displayed scaling for the object weights after increasingly repeated interactions 

with the objects supports the idea that information about object weight is stored in sensorimotor 

working memory. Through these novel findings we cannot conclude the capacity limit of 

sensorimotor working memory and how quickly accurate these memories can be formed; however, 

using modifications of this paradigm, we can inform and advise future research.  
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Chapter 3 

Change Detection for Object Weight 

3.1 Abstract 

We examined participants’ ability to explicitly learn the weights of objects using a weight 

change detection task. This probing experiment required participants to lift between 3 and 6 

visually identical objects of varying masses in a prescribed order. Then, after a delay, during which 

the weight of one of the object may be changed, participants were instructed to lift the objects 

again and asked to indicate (1) if the weight of one of the objects has changed and (2), if so, which 

object changed weight. In addition to this verbal report, the lifting force for all lifts was examined. 

This provided two measures of weight prediction; one associated with explicitly detecting changes 

in weight and another associated with scaling lifting forces. Overall, it was found that anticipatory 

fingertip forces were not precisely scaled for object weight. However, in general most participants 

were very good at detecting a change, regardless of the number of objects lifted, and were able to 

identify if a weight was changed and which object in the array changed. This ceiling effect 

suggests that people can accurately remember more than 4 object weights.  

3.2 Introduction 

Working memory has been found to be a limited resource that can only store and 

manipulate a restricted amount of information (Bays, 2015). Vogel, Woodman, and Luck (2001) 

suggested that only 3 to 4 items can be stored concurrently in our visual working memory and this 

finding is often referred to as the ‘magic number’ for our visual working memory system (Cowan, 

2001). The reports on capacity limits of attention are largely within the domain of purely 

perceptual studies and tasks (Cowan, 2001; Franconeri, Alvarez, & Enns, 2007; Marois & Ivanoff, 

2005) but it has also been shown that conscious perceptual processing and nonconscious 

movement planning are also constrained by independently processing 3 or 4 items in parallel 
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(Gallivan et al, 2011). In this study, we explored whether this limit also extends to the domain of 

sensorimotor memory.  

One explanation for this capacity limit is the hypothesized slot model that suggests there 

are independent memory slots in working memory and once these slots have been filled, further 

items cannot be stored (Luck and Vogel, 1997). The opposing theory is that working memory is a 

shared resource such that the more items that are held in memory, the amount of resources that can 

be allocated to each item decreases. It is hypothesized that resources become too widely distributed 

after 3 or 4 items and each item does not receive enough resources to be precisely recalled (Bays, 

2015). Bays and Husain (2008) tested the shared resource hypothesis by characterizing the 

accuracy of perceptual judgments for the items that are presented. They found that this accuracy 

improves as the number of items in the array decreases. 

The reports on capacity limits of attention are largely within the domain of purely 

perceptual studies and tasks (Cowan, 2001; Franconeri, Alvarez, & Enns, 2007; Marois & Ivanoff, 

2005). Although evidence from several visual tasks suggests that the visual system can operate on 

a fixed number of 4 objects or locations at once (Pashler, 1988, Cavanagh & Alvarez, 2005; 

Pylyshyn & Storm, 1988; Yantis, 1992), it has been shown that depending on task parameters and 

attentional demands, up to eight objects can be tracked (Alvarez & Franconeri, 2007). A 

conventional paradigm for measuring visual working memory capacity is the change detection 

paradigm (Philips, 1974, Luck and Vogel, 1997, Rouder, Morey, Morey and Cowan, 2011). In this 

paradigm, participants briefly visually study a set of objects and, after a brief delay, are tested with 

single item probe recognition or a whole display recognition probe. Using single probe methods, 

Cowan et al. (2005) and Rouder et al. (2008) showed similar results for set sizes between 4 and 12, 

and 2 and 8, respectively. However, there are limited published reports involving whole-report 

change detection task across set size manipulations (Rouder, Morey, Morey and Cowan, 2011). 
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It has been established that people can learn arbitrary associations between visual stimuli 

and locations. Standardized tests, such as the Paired Associates Learning (PAL) test (CANTAB, 

Cambridge Cognition, 2012; Kmiec, Kupfer, Sweeney, 2000) have been developed to assess such 

learning.  Object weights can also be associated with object locations and people presumably 

exploit such associations in everyday tasks. The learning that occurs in the PAL test is similar, in 

some respects, to learning the weights of a number of identical looking objects positioned in different 

locations.  In the latter task, participants are required to learn an arbitrary mapping between object 

location and weight and they receive feedback about the correct weight after each lift.  In the PAL 

test, participants learn an arbitrary mapping between target location and visual symbols and they 

receive feedback about the correct symbol after each pointing movement. 

The nature of this task implies that it largely requires spatial abilities. Through an 

extensive reanalysis of the correlational literature on spatial abilities, Lohman (1979) identifies 

three important components of spatial skills: visualization, spatial ability and spatial relations. 

The highest level skill, visualization, involves the mental reorientation of a complex figure or 

pattern in mental space. A second spatial ability, spatial orientation, involves mental rotation of 

the observer’s viewpoint rather than the object. The third ability, spatial relations, is the ability to 

solve spatial problems rapidly, regardless of the means used in solving the problem. Spatial 

relations can be measured by a variety of tests, such as the matrix rotation task (Phillips, 1974; 

Damos and Lyall, 1984). 

When lifting an object for the first time, people typically make a prediction about the 

weight of the object which is used to scale fingertip forces. When lifting objects with a precision 

grip such that the tips of the thumb and index finger are placed on either side of the object, the 

motor system must generate a vertical load force tangent to the grip surfaces that is equal to the 

weight of the object. At the same time, they must increase the horizontal GF perpendicular to the 

grip surfaces to prevent the object from slipping out of grip. When lifting objects just slightly 
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above a surface, the rate of change of these load and GF increases to a maximum and then 

decreases in anticipation of lift-off (Johansson & Westling, 1984; Johansson & Westling, 1988). 

Moreover, people tend to lift objects of varying known weight in about the same amount of time 

and this is achieved by scaling the rate of change of force (and hence the maximum or peak rate of 

change) to the expected weight. Feedforward or anticipatory control processes are responsible for 

the initial peak in load force rate which typically occurs before object lift-off. Thus, the initial 

peaks in force rates provides an index of the predicted object weight. 

These predictions are based on sensed properties of the object including its identity and 

size (Gordon et al. 1993) as well as the material is appears to be made from (Baugh, Kao, 

Johansson, and Flanagan, 2012). However, errors in force scaling may occur when lifting a novel 

object if these visual cues are misleading or unavailable. In these situations, accurate anticipatory 

scaling of fingertip forces is typically observed within a few repeated lifts of the same object 

(Johansson and Westling 1988; Gordon et al. 1993), and it has been suggested that this active 

accommodation results from updating an internal representation of the physical properties of the 

object (Johansson and Westling, 1988; Flanagan and Wing, 1997; Flanagan, Bowman and 

Johansson, 2006). Johansson and Westling (1984) have shown that once we have lifted an object 

we can then rely on sensorimotor memory of this object to predict weight in subsequent lifts. 

Whereas numerous studies have demonstrated that people form long-lasting sensorimotor 

memories of specific objects (e.g., Johansson and Westling, 1988; Flanagan, King, Wolpert, and 

Johansson, 2001; Baugh, Kao, Johansson, and Flanagan, 2012), few studies have investigated 

sensorimotor working memory for multiple concurrent objects. Flanagan and Beltzner (2000) 

demonstrated that after 5-10 lifts per object, people are able to learn and scale their lifting forces to 

the weights of a larger cube and an equally weighted smaller cube. Similarly, it has been shown 

that people can quickly, within a few lifts, learn to scale their lifting forces when lifting two or 

three objects with initially misleading material cues (Buckingham, Cant and Goodale, 2009). It 
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was also found that after approximately 100 lifts, participants can learn the weights of 12 size-

weight inverted objects that fell into 3 groups (small and heavy, midsized and mid-weighted, and 

large and light) (Flanagan, Bittner, and Johansson, 2008). Note that while the viewed properties of 

the objects were initially deceptive in these studies, after repeated lifts the same properties could be 

used to predict the objects’ weights. Object weights can also be associated with object locations 

and people presumably exploit such associations in everyday tasks. 

In this study we will examine participants’ ability to explicitly learn the weights of objects 

using a weight change detection task. This probing experiment required participants to lift between 

3 and 6 visually identical objects of 3 distinct densities in a prescribed order. Then, after a delay, 

during which the weight of one of the object may have been changed, they were instructed to lift 

the objects again and asked to indicate (1) if the weight of one of the objects has changed and (2), if 

so, which object changed weight. In addition to this verbal report, the lifting forces for all lifts were 

examined. This provided us with two measures of weight prediction; one associated with explicitly 

detecting changes in weight and another associated with the scaling of lifting forces. In terms of 

weight change detection, we expected that performance in both detecting a weight change and in 

indicating which object changed weight will decrease as the number of objects increases. We also 

expected force scaling to be poor as the number of objects increases. Confirmation of these 

predictions would suggest that immediate sensorimotor working memory has a limited capacity of 

around 4 items. 

3.3 Materials and Methods 

3.3.1 Participants 

Twelve participants were recruited for this experiment (7 females; mean age = 25 years, 

SD = 4.09). In order to be eligible for this study, participants had to have been free of medical 

conditions that would affect movement of the hands/arms, have normal or corrected-to-normal 



 

44 

 

vision, report that they would be able to stand for approximately an hour and 30 minutes, with 

breaks, and be right hand dominant. 

3.3.2 Stimulus Objects 

Participants interacted with a total of 9 visually identical white cylinders, 3 light-weighted, 

3 medium-weighted, 3 heavy-weighted (with a maximum of 6 in an array at a single time). The 

cylinders had a diameter of 50.4 mm and a height of 55 mm (Figure 3.1A). A black handle 

mounted on the top of the cyclical object included a force–torque sensor (Nano 17 F/T, ATI 

Industrial Automation, Garner, North Carolina) that measured the forces applied by the thumb, 

including the vertical load force tangential to the contact surface and the horizontal GF normal to 

the contact surface.  A flat circular disk, covered by medium-grain sandpaper, capped each sensor 

to provide adequate friction at the fingertips. The objects varied in weight with 3 light objects each 

weighing 280 g, 3 mid-weighted objects each weighing 470 g, and 3 heavy objects each weighing 

715 g. A miniature electromagnetic position sensor (Polhemus Liberty, Burlington, VT) taped to 

the middle phalanx of participants’ index finger was used to record positional information about 

the lifting movement. 

For each trial, objects were spatially arranged within a 3 by 3 matrix on the workspace (see 

below). The locations of the 3 to 9 objects in a given trial were randomly selected subject to the 

following constraints: an object was always placed in the center of the matrix ensuring that each 

object was at an equal distance away from at least one other object and each column and row 

within the matrix could only contain, at maximum, one of each object weight. 
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Figure 3.1. A: An example of the cylindrical objects t used in the study with force sensors 

embedded in the object handles. B: Experimental set-up for this study involving a tabletop 

workspace with objects arranged on a 3 by 3 grid. C: Tabletop workspace with hinging occulder.  

 

3.3.3 Tabletop Workspace 

Participants stood behind a waist height table fitted with a semi-transparent glass tabletop. 

Objects were arranged on an invisible 3 by 3 grid on the tabletop (see above) and participants lifted 

the objects from a standing position while looking down at the table top (Figure 3.1B). A high 

resolution projector was fitted underneath to manipulate what is displayed on the surface. A screen, 

mounted on the table, could be lowered to block the participants’ view of the table top when the 

objects were placed in position by the experimenter (Figure 3.1C). 
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3.3.4. Liquid Crystal Goggles 

Participants wore liquid crystal goggles which can become clear or opaque and were under 

computer control (PLATO Goggles, Translucent Technologies). The goggles were open (i.e., 

clear) during the planning and movement phase of the experiment, then becoming opaque when the 

experimenter handled the objects between data collection trials. 

3.3.5. Cognitive Tasks 

Participants completed a battery of cognitive tasks designed to measure cognitive abilities 

underlying working memory span, spatial processing and learning stimulus-response links. The 

tasks included the Digit Span Task (DST; forward and backward), the Matrix Rotation Task 

(MRT), and the Paired Associated Learning Task (PAL). The DST forward, DST backward, and 

MRT were administered using The Psychology Experiment Building Language (PEBL) Test 

Battery and the PAL was administered using in-house custom software.  

We measured digit span using computerized presentation of randomized auditory and 

visual digits with performance-adapted list length adjustment and keyboard input. For each 

participant, digit span was measured for forward and reverse-order (backward) recall of digit 

sequences. The parameters used in this procedure were based on Croschere et al. (2012). Digit 

sequences were presented beginning with a length of three digits and two trials are presented at 

each increasing list length. Testing ceased when the subject failed to accurately report either trial at 

the current sequence length.  

The MRT parameters, such as the construction of matrix size and illuminated cells, were 

based on specifications from Phillips (1974) and Damos and Lyall (1984). Participants were 

presented with a series of 6 by 6 cell matrices, with 6 illuminated cells, on the center of the 

computer display and were required to indicate if the test matrix was a rotated version of the study 

matrix with a 90 degree rotation. The participant self-directed their amount of study time and 

indicated when they are ready for the test matrix by button press. Each participant received 20 
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trials and approximately 50% of the presentations were identical figures. The first trial was 

excluded when calculating all descriptive measures of performance.  

In the PAL procedure, participants were briefly shown a set of visual symbols in different 

target locations on a computer monitor. They were then presented with the symbols at a different 

location (i.e., not in the vicinity of the target locations) and were required to identify the 

corresponding original target location. Participants were first represented with 1 target and 

proceeded with larger set sizes, to a maximum of 6, if perfect accuracy was achieved. Six targets 

have been found to be challenging for young, healthy participants (Gould, Brown, Owen, Bullmore, 

Williams, et al., 2005). Accuracy was determined by dividing the number of correct trials by the 

total number of trials completed, as participants repeated trials until they were able to successful 

complete a set size of 6. Reaction time, and total time needed to complete the task were recorded as 

well.  

3.3.6. Procedure 

The experiment ran over 2 sessions per participant, which occurred within a 48 hour 

window. The first session consisted of completion of the cognitive tasks on the computer, and 

practice lifting trials. Participants were given 11 practice trials, consisting of 6 object-change trials 

(to ensure each of the 6 types of object swaps: H-M, H-L, M-H, M-L, L-H, L-M) and 5 no-change 

trials, and asked to perform their movements as naturally as possible and only apply enough 

gripping force to lift the object using a precision grip. Participants were instructed to reach towards 

the object, pause for a moment, then lift the object vertically to a height of 2 inches, and then 

return the object to its original location after a tone sounded. To prompt participants to lift a 

particular object, an image of a circle was projected onto the tabletop, underneath the object, from 

the projector below and a tone sounded (Flanagan, Bittner, & Johansson, 2008). A second tone 

sounded after a brief delay to prompt participants to place the object back down in the original grid 

position. 
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The second session consisted of 3 practice trials, 1 change trial and 2 no-change trials, to 

reintroduce the participant to the task, prior to data collection trials.  Sixty experimental data 

collection trials were collected from participants. For each of the five set sizes (2, 3, 4, 5, 6), there 

was 6 no-change trials and 6 change trials (H-M, H-L, M-H, M-L, L-H, L-M). Trial types were 

presented in a unique psuedorandomized order for each participant.  

During the initial lifting phase, the liquid crystal goggles were transparent and participants 

are able to view the workspace and the 2-6 objects in that trial. The lifted each object once in a 

randomly selected order. The liquid crystal goggles then occluded participant’s view while the 

experimenter either changed the weight of one of the objects or, in no-change trials, moved a 

dummy object and wires to ensure that there were no auditory cues as to the type of trial.  

The liquid crystal goggles then became translucent to signal to commencement of the 

testing phase and informed the participant to lift the objects again. After a single round of lifting, in 

which each object was lifted only once and in a different randomly selected sequential order, the 

participant was asked to indicate if the weight of one of the objects was changed, and if one was 

indeed different, which object was novel. The participant was then given feedback if their choice 

was correct. 

3.3.7. Data Analysis  

If participants are accurately predicting weights, the duration of the load phase (from the 

onset of VF increase to lift-off) and the lift height should be fairly constant across weights, and the 

peak rates of change of VF and GF should scale with weight. Previous work has shown that, in 

general, when participants are accurately predicting weights, the duration of the load phase is 

similar across weights (e.g., Johansson and Westling, 1988). If the object is heavier than predicted, 

object lift-off will not occur at the expected time and this triggers a reactive response to iteratively 

increase load force until lift-off occurs, thus prolonging the load phase duration. Conversely, if  the 

object is lighter than predicted, it will lift off earlier than expected, thus shortening the load phase. 
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The consistency in load phase duration across predictable changes in weight is achieved by scaling 

vertical LF, as well as GF, to the expected weight of the object. 

Location information from the position sensor attached to the index finger was recorded at 

240 Hz and re-sampled to 1 kHz. Force signals were sampled at 1 kHz and smoothed using a 

fourth-order, zero-phase lag, low-pass Butterworth filter with a cutoff frequency of 14 Hz. The VF 

and GF applied to lift the object was taken from the tangential and normal forces applied by the 

thumb. The rates of change of VF and GF with respect to time, or VF and GF rates, were computed 

using a first-order central difference equation. For each trial, we scored the onset of VF increase 

signifying the start of the lift. This was defined at the time at which VF rate first exceeded 1.5 N/s 

and continued increasing to lift off. 

We also scored the lift-off time, defined at the time at which the rate of change of the 

index finger height first exceeded 20 cm/s. We then determined the peak rates of change of VF and 

GF during the load phase, the time period between the onset of the lift and lift-off. We will refer to 

these as the peak VF and GF rates. Previous work has shown that when lifting objects of known 

weight, people typically scale the rate at which they increase VF (and GF) to the expected weight 

of the object, increasing force more rapidly for heavier objects such that the time to lift objects of 

varying weight tends to be similar. Thus, the peak VF rate and the peak GF rate provide an index 

of the lifter’s expectation about weight. 

3.4 Results 

3.4.1 Perceptual Data 

Figure 3.2A shows responses to Question 1 (“Did one of the objects change weight?”) as a 

portion correct for each of the set sizes for both the Change and No Change trials. As can be 

observed in the figure, accuracy was very high for correctly identifying both Change and No 

Change trials. No main effect of set size was found on accuracy for Change trials, F(1, 4) = 1.11, p 

= 0.36, but a significant main effect was found for No Change trials, F(1, 4) = 7.99, p < .001. A 
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linear effect was found, F(1,4) = 17.96, p = .001, in that participants had lower accuracy in 

detecting a No Change trial as the number of objects in the Set Size increased.  

Figure 3.2B shows the proportion of correct responses to Questions 2—“Which object 

changed?”—given that a change was correctly identified during a Change Trial. Participants were 

generally very good at detecting which object had changed, given Question 1 was answered 

correctly, at smaller set sizes. Analysis failed to reveal a main effect of Set Size, F(1, 4) = 1.87, p = 

0.13, but the linear contrast was found to be significant, F(1, 4) = 4.97, p = 0.05, driven by the drop 

in performance at the largest set size.  

Repeated measures analyses were also conducted to see how performance on the 

perceptual questions was affected by the type of switch trial. Figures 3.3A and B show the 

proportion of correct responses to Question 1 (correct detection) and Question 2 (correct 

identification given a correctly detected Change trial), as a function of the type of object switch. A 

main effect of Switch Type was found for accuracy in Question 1, F(1, 5) = 3.01, p = 0.02. 

Visually examining the mean responses reveals that participants had most trouble with the heavy-

medium and medium-heavy switch trials.  For Question 2, given that there was a correct 

identification of a Change trial, accuracy for indicating the novel weight was quite high and there 

was no main effect of Switch Type, F(1,5) = 1.16, p = .34. 
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Figure 3.2. A: Individual subjects’ and mean group responses to Question 1 as a portion correct for 

each of the set sizes. The plot on the left shows the proportion answered correctly for Change trials 

and the plot on the right shows the proportion answered correctly for No Change trials. The overall 

mean group accuracy is plotted with a thick black line. B: Individual subjects’ and mean group 

responses to Question 2, given Question 1 was answered correctly during Change trials, as a 

portion correct for each of the set sizes. 
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Figure 3.3. A: Individual subjects’ and mean group responses to Question 1 as a portion correct for 

each of different object Switch types. The overall mean group accuracy is plotted with a thick 

black line. B: Individual subjects’ and mean group responses to Question 2, given Question 1 was 

answered correctly during Change trials, as a portion correct for each of the object Switch types. 
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3.4.2 Lifting Data 

Figure 3.4A shows, for each set size, peak VF rate as a function of weight category and lift 

series (first versus second). Similar plots are show for load phase duration, peak GF rate, and lift 

height in panels B, C and D, respectively. P values are shown under each plot that describes the 

significance level of the interaction between the lift series and weight categories for that set size. 

The values furthest to the right in each row indicate the significance levels for the three way 

interaction between lift series, weight category, and set size for that dependent measure. P values 

that are not significant are shown in red text. If participants learn (or even partially learn) the 

weights on the first lift series, and use this knowledge when lifting the objects on the second series 

in each trial, then we would expect stronger scaling of peak VF rate and peak GF rate on the 

second lift series in comparison to the first, and hence a significant interaction between lift series 

and weight category. The results shown in Figs. 3.4A and C show that this was generally the case. 

Conversely, if participants learn the weights on the first lift series, we would expect that the load 

phase duration and the lift height to be more consistent (and vary less with weight) on the second 

lift series in comparison to the first. As shown in Figs. 3.4B and D, this patterns was observed for 

most set sizes. If learning was better for smaller set sizes, we would expect a three-way interaction 

between lift series, weight category, and set size. Significant three-way interactions were observed 

for peak GF rate, F(8, 88) = 2.87, p = .007, and load phase duration, F(8, 88) = 2.50, p = .017. The 

three way interaction did not quite reach significant for peak VF rate, F(8, 88) = 1.84, p = 0.081, 

and was not significant for lift height, F(8, 88) = 1.42, p = 0.198. 

The results shown for peak GF rate (Figure 3.4C) perhaps best illustrate participants’ 

behaviour. In the first lift series, participants may have aimed for the middle weight across all 

weight categories because similar peak GF rates were seen for the three weights and these closely 

correspond to the peak GF rate observed for the mid-weighted objects in the second lift series 

(whereas lower and higher peak GF rates were seen for the light and heavy objects, respectively, in 

the second lift series).  
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Figure 3.4: Forces were averaged across participants and across duplicate object weights for each 

set size and compared the first to the second lift. A: A difference in Peak VF Rate across objects 

weights within each set size per lift series was found to be significant. B: Load phase duration was 

generally shortened in the second lift series for the heavy objects across set sizes. C: Peak GF Rate 

showed a greater differentiation between object weight categories on the second lift series 

compared to the first, across all set sizes. D: Lift height generally showed a pattern of less 

differentiation of height across object weight category on the second lift series compared to the 

first across all set sizes.  
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To further characterize lifting performance, we computed, for each participant and lift 

series and set size, the SD of the average peak VF rate for each object weight category (see black 

and red lines in Figure 3.5). A repeated measures ANOVA revealed a significant main effect of lift 

series, F(1, 11) = 25.97,  p < .001, were a higher SD was observed for the second lift series in 

comparison to the first. However there was no main effect of set size, F(4, 44) =0.92,  p = 0.46, 

and no interaction, F(4, 44) = 2.06,  p = 0.10. The current results can be compared to those obtain 

in a previous study using the same weight categories (see Chapter 2). In the previous study, 

participants experienced set sizes of 3, 4, 5, 7 and 9 objects and performed 10 lift series. For 

comparing with the current data, in Figure 3.5 we have plotted the SD of peak VF rates for the 

second of lift series and for set sizes of 3, 4 and 5. As can be visually appreciated, these SDs are 

similar to  

 

Figure 3.5. To assess overall scaling proficiency, the lifting performance in this experiment was 

compared to the “ideal” performance demonstrated in the control condition of Experiment 1. For 

this analysis we also considered the SD computed for the set sizes of 3, 4 and 5 because of the 

corresponding set sizes in Experiment 2. The peak VF rate was calculated for each first lift and 

second lift for each object weight category at every set size for Experiment 2. The scaling for 

objects that weighed the same in each array were averaged to produce three averaged scaling 

values (one for each weight category) and the SD was computed to determine the spread of the 

peak VF rates. 
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those obtained in the second lift series in the current study. In the previous study, we also obtained 

an estimate of ‘ideal’ force scaling using data from a control condition in which each participant 

lifted an object from each weight category 5 times consecutively. Specifically, for each participant 

we computed the SD of the average peak VF rate from the last 3 of these 5 lifts for each object. 

The rightmost blue circle in Figure 3.5 shows this SD averaged across all participants in the 

previous study. Clearly, the SD of peak VF rates for all set sizes in the current study are 

substantially lower than the SD observed in these control lifts. 

3.4.3 Cognitive Data 

The results of the cognitive tests reveal that the group of participants fall within a normal 

healthy population. The following Cognitive Scores can be found in Table 3.1. The average 

forward digit span score was 7.67 (SD = 1.16) with a score range of 5 to 9 digits. The average 

backwards digit span score was lower at 6.58 (SD = 1.68) with a range of 3 to 9 digits.  

For the matrix rotation task three measures were used to access performance: study matrix 

study time, test matrix reaction time and overall accuracy. Participants completed 20 trials but the 

first trial was disregarded from the following analyses. The average time taken to study the initial 

matrix was highly variable with an average of 6198 ms (SD = 2593 ms) and a range of 2583 ms to 

10669 ms. The average reaction time to respond to the test matrix was 2406 ms (SD = 859 ms) 

with a range of 1609 ms to 3950ms. Overall accuracy was high at 84.2% correct (16/19, SD = 

13.7) with a range of scores of 52.6% (10/19) to 100% (19/19).  

The spatial Paired-Associate Learning task was administered and accuracy and reaction 

time were assessed. Accuracy was calculated by dividing the number of correct trials by the total 

trials completed (remember, participants repeated trials until all pairs were correctly identified). 

The average proportion correct was 83.1% (SD = 8.64) with a range of scores of 67.8% to 92.6%. 

The average reaction time was 1436ms (SD = 205 ms) with a range of 1079 ms to 1759 ms.  
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3.4.4 Correlational Results 

Additional comparisons were conducted to assess relationships among the three types of 

measures gathered from participants: perceptual data, lifting performance, and cognitive scores. It 

was of interest to determine if perceptual or lifting performance could be related to various 

cognitive abilities. This analysis was very exploratory and no statistical corrections were applied. 

As well, the following described effects were based on a relatively small group of participants and 

within this group perceptual performance was quite high. Only a few participants had below 85% 

on some perceptual measures, and these few instances likely drive the observed correlations below. 

Thus, the following results should be interpreted extremely cautiously and do not prove validity of 

the novel change detection measure created for this document nor prove a definitive link between 

these measures.  

A correlation matrix was constructed with 14 variables: 7 cognitive scores, 4 measures of 

lifting performance and 3 perceptual variables. The 7 cognitive variables of interest were Matrix 

Rotation Answer Reaction Time, Matrix Rotation Accuracy Rate, Matrix Rotation Study Time, 

Backward and Forward Digit Span Scores, Proportion Correct in the PAL, and PAL Average 

Reaction Time. The 4 measures used to assess lifting performance on the second lift series were 

SD of the peak VF Rate (SD-PVFR), SD of the peak GF rate (SD-PGFR), SD of the load phase 

duration (SD-LPD), and SD of the maximum lift height (SD-LH).  These SD measures were 

calculated by averaging the measures recorded for each of the object weight categories and then 

computing the SD between these three values. Better lifting performance is indicated by higher 

SD-PVFR and SD-PGFR scores and lower SD-LPD and SD-LH scores. 

The three perceptual measures were: Change Trials – Question 1 Accuracy (i.e., was there 

a weight change in weight change trials), No Change Trials – Question 1 Accuracy, Correct 

Change Trials – Question 2 Accuracy (did the participant correctly identify the weight when they 

correctly identify a weight change). Significant correlations between the measurement types 
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(perceptual data, lifting performance, and cognitive scores) was of interest and only significant, 

and marginally significant, results will be presented. All correlations are found in Table 3.2.  

Performance on the perceptual questions was related to the scaling of GF. SD-PGFR was 

correlated to No Change Trials – Question 1 Accuracy, r(10) = .64, p = .024, and Change Trials – 

Question 2 Accuracy, r(10) = .59, p = .042. Participants who showed greater differentiation of GF 

scaling had better accuracy at both indicating a lack of change during No Change Trials and 

correctly identifying which object had changed during Change Trials. SD-LH was somewhat 

related to Change Trials – Question 1 Accuracy, r(10) = -.57, p = .051, in that participants who 

were able to correctly indicate a change occurred during Change Trials were more likely to lift all 

the objects weights to a uniform height. There was also a close to significant correlation between 

SD-PVFR and No Change Trials – Question 1 Accuracy, r(10) = .53, p = .076, in that exhibiting a 

greater differentiation of VF scaling was somewhat related to correctly indicating a lack of change 

during No Change Trials. 

Performance on the cognitive tasks appeared to have a weak relationship to scaling of 

lifting forces. A significant negative correlation was found between Matrix Rotation Answer 

Reaction Time and SD-LH, r(10) = -.69, p = .013, in that the faster one indicated their answer on 

the MRT the more likely they lifted all the objects to a uniform height. As well, performance on 

the perceptual questions was to some extent connected to the performance on the cognitive tasks. 

Performance on the backward Digit Span task showed a close to significant correlation with 

Change Trials – Question 2 Accuracy, r(10) = .55, p = .066. Additionally, PAL accuracy was 

somewhat related to Change Trials – Question 1 Accuracy, r(10) = .54, p = .072. 

3.5 Discussion 

We assessed participants’ abilities to detect a change in weight when lifting sets of visually 

identical objects of differing densities through a change detection paradigm in which fingertip 

forces were recorded and perceptual responses were gathered. The goal of this study was to further 
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our understanding of capacity limitations of working memory in the context of action. It was 

predicted that the ability to predict object weight will decrease as the number of objects being 

interacted with increases. Based on findings in the visual working memory literature, it was 

thought that a set size greater than 4 would be challenging (Vogel, Woodman, and Luck, 2001). It 

was hypothesized that limits in working memory would be revealed by errors in predictive force 

scaling (Johansson and Westling, 1988). In terms of weight change detection, we expected that 

performance in both detecting a weight change and accuracy in identifying the novel object will 

decrease as the number of objects increases. 

We found that predictive force scaling generally improved on the second lift series, 

compared to the first lift series. However, when compared to “ideal” scaling performance it was 

shown that overall scaling was poor. Moreover, although some effects of set size were observed in 

lifting performance, overall force scaling was quite similar across the set sizes tested.   

Overall, we found that accuracy was very high at detecting both change and no change 

trials, as well as which item had been changed during correctly detected change trials. However, on 

larger set sizes, participants tended to be biased towards indicating a change, even when there 

wasn’t one. Perceptual accuracy was further assessed by asking which object changed if the 

participant indicated that the test array was different than the learning array. Given a correctly 

indicated change in the array, performance was very accurate at detecting which object had 

changed. Nevertheless, it was found that performance was less accurate for larger set sizes.  

The results of the current experiment show very good explicit memory recall, which may be 

in part due to quality encoding of the test stimulus through visual information and lifting feedback. 

It has been shown that recall for word lists if much better if participants are told to form vivid images 

for each word rather than just attempt to memorize the lists (Eysenck, 1974). This suggests that 

memory for items could be enhanced when a participant can associate a visual image with the items. 

Three distinct object weights (218g, 470g, and 715g) were used in this experiment and presumably 
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participants quickly realized and exploited this parameter. The spatial component of the task could 

assist with memory, as well as the clearly distinguishable weight categories, such that the attentional 

load of the task was lower than anticipated.  

We did not observe a clear decline in perceptual or lifting performance for set sizes greater 

than 4, as might be expected from the working memory literature (Pashler, 1988, Cavanagh & 

Alvarez, 2005; Pylyshyn & Storm, 1988; Yantis, 1992). However, although some evidence 

suggests that the visual system can only operate on a fixed number of 4 objects or locations at 

once, it has been shown that depending on task parameters and attentional demands, up to eight 

moving objects can be concurrently tracked (Alvarez & Franconeri, 2007). 

 Studies of tracking visual objects have concluded that that the limit on tracking is not 

determined by a fixed number of tracking mechanisms (i.e. 4), but instead that it is mainly 

determined by a shared attentional resource (Alvarez & Franconeri, 2007). At slow speeds, it was 

found that participants can track up to 8 objects, but at fast speeds only a single object could be 

tracked. It seems that the number of tracked objects and the speed of the tracked objects affect the 

spatial resolution of attention: increasing the number of objects tracked or the speed of tracked 

objects increases the overall spatial size of the selection window and therefore decreases the 

resolution within this attention window. It could be that our task was not sufficiently attentionally 

demanding and hence participants were able to adequately keep track of the weights of the objects 

in the array. 

 Based on past research, we assumed that participants would attempt to scale their lifting 

forces to objects weight. However, it is conceivable that (at least some) participants may opted not 

to improve such scaling so that they could match prediction errors on the second lift series to 

prediction errors on the first lift series. That is, by aiming for the middle weight in all lifts, 

participants would observe similar errors on each (unchanged) object across the two lift series. A 
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dissimilarity between errors would then signal that the object weight had changed. This would 

explain why poor anticipatory force scaling but good perceptual accuracy was observed. 

 Increasingly the complexity of this task would be essential when adapting this paradigm 

for future studies.  A relatively common way of achieving this is through the use of a dual-task 

paradigm in which a memory span measure is conducted concurrently with a processing task 

(Daneman & Carpenter, 1980). It is possible that due to the current task constraints, participants 

are able to process the incoming sensorimotor and visuospatial information and concurrently 

rehearse the information in verbal working memory stores. To minimize contributions from verbal 

working memory, in future studies participants could be instructed to perform an articulatory 

suppression task as it prevents recoding and storing visual information verbally. Other visual 

working memory researchers have had success by presenting random digits at the beginning of 

each trial before the onset of sample arrays and participants must continuously repeat these 

numbers aloud until the end of the trial (Baddeley, 1986; Besner, Davies, & Daniels, 1981; 

Murray, 1968). 

In complex working memory tasks, the brain areas activated by verbal and visuospatial 

working memory tend to be highly overlapping (D’Esposito et al., 1998; Nystrom et al., 2000). If 

the central executive is specifically required to manage the coordination of the two tasks, then it 

should be possible to find the effects of dual-task performance over and above those present when 

each task is performed in isolation. With the implementation of a dual-task paradigm it may be 

easier to separate the true contribution of the sensorimotor system from higher level cognitive 

processing.  

When participants erroneously failed to detect a change during change trials it was mostly 

driven by switches of a medium weight for a heavy weight and vice versa. However, when 

participants successfully identified a change trial they were not affected by object weight switch 

type. It is not surprising that some participants had difficulty with this distinction for a couple of 

reasons. Signal detection theory states that our sensitivity index can be affected by internal noise 
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like fatigue and cognitive strain (Heeger, 1998; Macmillan, 2002). Further, the law of just 

noticeable differences and weight perception describe how the heavier masses require even more 

additional weight be added to discern a difference rather adding mass to a lighter object (Luce & 

Edwards, 1958). In these error trials the signal strength of the weight change was not strong 

enough. The observed bias of some participants to indicate the trial type as ‘change’ for larger set 

sizes may be the result of a low criterion. 

 An interesting consideration is the question whether participants were confident in their 

choice of change/no-change trials and then their selection of the change object when they did 

indicate a change. Because we are interested in the amount of information held in sensorimotor 

working memory it is important that verbal cues and educated guesses be reduced or eliminated. 

Previous psychological studies have shown that accuracy and confidence of retrieval are not 

always strongly linked. Confidence scores and accuracy mismatch is a thoroughly researched topic 

within the scope of eyewitness testimony (for example, Kassin, 1985; Kassin, Rigby and Castillo, 

1991). Additionally, several studies of memory of text reading has shown participants with high 

confidence ratings of understanding and memory performed quite poorly during testing trials 

(Epstein, Glenberg, & Bradley, 1984; Glenberg, Sanocki, et al., 1987; Glenberg, Wilkinson, & 

Epstein, 1982). It is possible that participants exhibited poor predictive force scaling because of 

low confidence in their memory, but that confidence did not similarly impact perceptual detection. 

Further studies on sensorimotor memory should explore this confidence measure by 

potentially asking participants to make an explicit prediction on the weight of each object before 

the second lift. This could be accomplished by requiring participants to make a verbal statement of 

the predicted weight before they lift the object. An additional implicit measure would involve the 

use of controlling how the participant lifts the object. That is, have the participant lift in such a way 

that they must use a predictive strategy. An effective way to achieve this is to require participants 
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to lift to a specific height in a specific amount of time, and providing feedback on their scaling 

performance. 

 Lifting performance as a function of set size was assessed by testing for a three way 

interaction between lift series, object weight and set size for the different measures of lifting 

performance as the dependent variables. Although some improvement in scaling occurred between 

the first and second lift series, a three way interaction was not found with peak VF rate nor 

maximum lift height. However, a significant three way interaction was found for both load phase 

duration and peak GF rate. To further assess scaling proficiency, lifting performance was 

compared to the “ideal” performance taken from a previous study in which participants repeated 

lifted a given weight. This assessment revealed that scaling across weight categories was poor for 

all of set sizes presented compared to ideal scaling.  

Correlational analyses were conducted to assess relationships between the different types 

of measures (perceptual, cognitive and behavioural). Participants who showed greater 

differentiation of GF scaling were more accurate at both indicating a lack of change during No 

Change Trials and correctly identifying which object had changed during Change Trials. In 

addition, exhibiting a greater differentiation of VF scaling was somewhat related to correctly 

indicating a lack of change during No Change Trials. Although force scaling was modest in 

general, this finding supports the idea that memory for object weights, used when lifting, relies on 

explicit working memory (Trewartha et al., 2016; Baugh et al., in press).  These results intuitively 

make sense, lifting performance measures seem to be related to performance on the perceptual 

questions as in order to answer these questions correctly you need to have some understanding of 

the weights and this would be reflected in how you lift the objects.  

The faster a participant indicated their answer on the MRT the more likely they lifted all 

the objects to a uniform height. Performance on the backward Digit Span task was close to 

significantly correlated with Change Trials – Question 2 Accuracy. Additionally, PAL accuracy 
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was somewhat related to Change Trials – Question 1 Accuracy. The backward digit span and MRT 

tasks measure ability to store and manipulate chunks of verbal or spatial information. The spatial 

PAL is a bit cognitively more difficult, as it involves linking a stimulus to a location and 

maintaining this links in memory over time. These basic cognitive skills measured by the 

administered tasks are likely useful in accomplishing the change detection paradigm.  

This study sought to explore explicit and implicit working memory capacity for object 

weights using a change detection paradigm. It was thought that performance in both detecting a 

weight change and in indicating which object changed weight would decrease as the number of 

objects increases. However, overall, participants were very good at detecting changes in the test 

arrays. Additionally, we expected more errors in predictive force scaling as the number of objects 

increases. However, while some improvement in scaling occurred during the lifting of the test 

arrays precise scaling for object weight was not seen even at smaller set sizes.  
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Chapter 4 

General Discussion 

4.1 Summary of studies and principle findings 

This thesis examined capacity limits in the sensorimotor domain of working memory. We 

investigated whether people are able to learn the weights of sets of visually identical objects of 

three distinct weights. Both experiments examined memory of object weights by measuring 

anticipatory scaling of the fingertip forces.  

Study 1 sought to determine the number of lifts it takes participants to accurately scale 

their load and GF to the object weights as a function of item array size (i.e., 3-7 objects) and lifting 

order (i.e. fixed lifting sequence vs a pseudorandomized lifting sequence). Fingertip forces were 

measured by sensors on the objects and participants were not explicitly told to remember and scale 

for object weight. It was found when lifting the visually identical objects in a random sequence, 

participants were better at scaling their forces for the different weights when dealing with smaller 

set sizes in comparison to larger set sizes. In contrast, participants lifting in a fixed sequence 

exhibit similar scaling across set size (and were less affected by the larger set sizes). Although 

scaling of predictive lift forces tended to improve across lifting repetitions, when compared to 

control lifts, where we assume excellent scaling, the lifting forces in both of the experimental 

groups were not indicative of good prediction of object weight. This suggests that participants may 

not have a clear distinction, or at least not a perfect division, between the objects and their weights 

in any of the set sizes. 

In study 2, participants lifted sets of 3 to 6 objects of varying masses in a prescribed order. 

Then, after a delay, during which the weight of one of the object may be changed, participants 

were instructed to lift the objects again and asked to indicate (1) if the weight of one of the objects 

has changed and (2), if so, which object changed weight. In addition to this verbal report, the 

lifting force for all lifts was examined. It was found that scaling for object weight was poor overall, 
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but that participants could accurately identify which object changed weight. It is possible that 

participants may aim for a middle weight in both lift series so that the can detect a weight change 

based on differences in prediction errors.  

4.2 Sensorimotor Working Memory Capacity Limits 

When lifting an object with a precision grip (i.e. the index finger and thumb in a pinching 

motion) the load and GF of the fingertips are precisely scaled to the expected weight of the object. 

When visual information (such as size and apparent material) is uninformative of the objects’ 

densities, sensorimotor memory gained from previous lifts of the object is used to calibrate 

anticipatory force control. Based on previous working memory research, it was hypothesized that 

there would be good scaling of lift forces for object weight in the lower set sizes, particularly in set 

sizes of 3 and 4. However, “ideal” scaling was not observed in any of the experimental conditions 

in either experiment. This suggests that either participants did not fully learn to differentiate 

between the objects, or—for whatever reason—opted not to scale their lifting forces anticipatorily.  

The second explanation seems more likely as most participants had very high accuracy 

during the perceptual components in Experiment 2, the change detection paradigm. So while 

participants did not show great anticipatory scaling, they were able to detect differences in the 

learning and test arrays with quite high precision. Previous studies of visual working memory 

capacity required participants to perform near-threshold discriminations and commonly used a set 

size of only one item (e.g., Magnussen, Greenlee, & Thomas, 1996; Matin & Drivas, 1979). 

However, as near-threshold and suprathreshold sensory discriminations may rely on different 

mechanisms (Graham, 1989), it may be that the memory system used to store a single item with 

great precision may differ from the system used to provide a coarse or categorical storage of 

multiple items. It has been previously shown that memory for multiple single-feature items, even 

in tasks explicitly designed to minimize categorical representations, memory performance can be 

enhanced for some participants who managed to code the stimuli categorically (Palmer, 1990). 
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 A viable strategy, at least for the task in the first study, could be to rely on prediction errors 

to detect weight changes. This is consistent with the poor anticipatory force scaling but high 

perceptual memory performance. Specifically, participants may have adopted a strategy whereby 

they aimed for the middle weight in all lifts, allowing them to compare prediction errors on the 

first and second lift series. 

Predictive force scaling in both experiments was poor in comparison to the “ideal 

performance” observed in control trials in which participants repeatedly lifted a given weight and 

scaling in lifts 3 to 5 was considered. In the current experiments, participants never lifted the same 

object twice. It is possible that 2 consecutive interactions with an object is required under our 

experiment condition for good force scaling to develop. 

4.3 Future Directions 

 An interesting consideration is the question if participants were confident in their choice of 

change/no-change trials, and then, if they are confident in their location selection of the change 

object when they did indicate a change. Because we are interested in the amount of information 

held in sensorimotor working memory it is important that verbal cues and educated guesses 

attempt to be reduced or eliminated. Previous psychological studies has shown that accuracy and 

confidence of retrieval are not always strongly linked. Confidence scores and accuracy mismatch is 

a thoroughly researched topic within the scope of eyewitness testimony (for example, Kassin, 

1985; Kassin Rigby and Castillo, 1991). Additionally, several studies of memory of text reading 

has shown participants with high confidence ratings of understanding and memory performed quite 

poorly during testing trials (Epstein, Glenberg, & Bradley, 1984; Glenberg, Sanocki, et al., 1987; 

Glenberg, Wilkinson, & Epstein, 1982). It is possible that participants do not feel confident in their 

memory, and hence the poor predictive scaling, but also show good perceptual detection. 

Further studies on sensorimotor memory should explore this confidence measure by 

potentially asking participants to make an explicit prediction on the weight. This could be 
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accomplished by requiring participants to make a verbal statement of the predicted weight and how 

confident they are in their response before the lift of each object. However, this solution is not 

ideal for the paradigm described in Experiment 1 due to the exploratory nature of the experiment. 

We were interested in exploring how participants naturally learn the weights of visually identical 

objects when they are not asked explicitly to remember the weights. This information is important 

when trying to begin to characterize this instinctive capacity within the confines of a laboratory.   

An additional implicit measure of memory would involve the use of controlling how the 

participant lifts the object. That is, have the participant lift in such a way that they must use a 

predictive strategy (i.e. aiming for a specific weight) instead of a probing and adjusting method. 

An effective way to achieve this predictive scaling is to force participants to lift to a specific height 

in a specific amount of time, and providing feedback on their scaling performance.  This would 

ensure that participants are applying their fingertip forces much faster for predicted heavy objects 

(in order to reach the threshold for lift off within the time constraints) and much slower for 

predicted light objects (so they do not overshoot their force application and exceed the lift height 

requirement).  This paradigm is not optimal for the research questions sought to be answered by 

Experiment 1 as it would alter naturalistic lifting techniques and be very obvious to the participant 

we were measuring their learning performance between lifting repetitions. However, as the nature 

of the questions addressed by Experiment 2 seek explicit perceptual judgments then this does not 

present additional confounds to the design of the experiment.  

Many recent studies of visual working memory have used change-detection tasks in which 

subjects view sequential displays and are asked to report whether they are identical or if one object 

has changed. A key question is whether the memory system used to perform this task is sufficiently 

flexible to detect changes in object identity independent of spatial transformations. To address this 

issue, the future studies can use a similar naturalistic lifting paradigm like Experiment 1 but 

include directed movement of the objects to a different location from which it was originally 

picked up. Similar to multiple object tracking studies, participants must keep track of the weights 
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of the objects as they move them around the display. The continuous spatial updating would 

present a higher cognitive load than the current tasks and it can be hypothesized that memory 

performance would differ from what was described in this thesis.  

Secondly, a change-detection paradigm as Experiment 2 could be employed but that the 

objects varied in weight or position between successive arrays would replicate other studies 

examining visual working memory. Specifically, subjects would lift each object once in a sample 

array consisting of visually identical objects, and then after a brief pause, followed by a test array 

in which the weights or locations of the objects might be the same or different. The subjects would 

be required to ignore any variations in position and to indicate whether one of the objects changed 

in weight between the sample and test arrays. If a flexible sensorimotor working memory system is 

used to detect weight changes, then it should be possible for subjects to perform this task 

accurately even when the objects have changed in position. In contrast, if change detection is based 

on a low-level comparison between the sample and test arrays, then performance should be 

severely disrupted by changes in weight and position. 

4.4 Conclusions  

When lifting an object with a precision grip (i.e. the index finger and thumb in a pinching 

motion) the load and GF of the fingertips are precisely scaled to the expected weight of the object. 

When visual information (such as size and apparent material) is uninformative of the objects’ 

densities, sensorimotor memory gained from previous lifts of the object is used to calibrate 

anticipatory force control. Strict capacity limits was not found for this memory domain for the 

explicit and implicit measures collected. Overall it was found that anticipatory scaling of fingertip 

forces were not precisely scaled for object weight. However, the present results indicate that 

weight prediction accuracy improved across the repetitions of lifts, and was better for smaller set 

sizes when compared to the larger set sizes, with the latter effect being clearest for the random 

group. As well, most people were very good at detecting a change and able to identify if and which 
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object in the array changed. These ceiling effects suggest that maybe perceptual capacity is higher 

than 4 items or that a cognitive strategy was used to assist with the change detection.   
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Appendix A: Tables of means and standard deviations 

 

Table 2.1  

The SD of peak VF rates for repetitions averaged across participants for Experiment 1 

Table 2.2  

The SD of peak VF rates for the fixed group and the random group for Experiment 1 
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Table 2.3  

The SD of peak VF rates for both set size categories for Experiment 1 

Table 2.4  

The SD of peak VF rates for the fixed group and the random group for both set size  

categories for Experiment 1 

Table 2.3  

The SD of peak VF rates for both set size categories for Experiment 1 

Table 2.5  

The SD of peak VF rates for both set size categories across repetitions for Experiment 1 
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Table 2.6  

The SD of peak VF rates for the fixed and random groups across repetitions for Experiment 1 

Table 2.7  

The SD of peak VF rates for the random group for the control lifts and the last repetition of lifts 

for both set size categories for Experiment 1 
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Table 2.8 

The SD of peak VF rates for the fixed group for the control lifts and the last repetition of lifts 

for both set size categories for Experiment 1 
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Table 3.1  

Cognitive task scores averaged across participants in Experiment 2 

 Range 

Cognitive Measure M SD Min Max 

Digit Span Task     

 Forward Score 7.67 1.16 5 9 

 Backward Score 6.58 1.68 3 9 

Matrix Rotation Task     

 Matrix Study Time 6198 ms 2593 ms 2583 ms 10669 ms 

 Test Matrix Reaction Time 2406 ms 859 ms 1609 ms 3950 ms 

 Accuracy 84.2% 13.7% 52.6% 100% 

Spatial Paired-Associate Learning     

 Proportion Correct 83.1% 8.64% 67.8% 92.6% 

 Reaction Time 1436ms 205 ms 1079 ms 1759 ms 
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Table 3.2 

Correlations between the cognitive scores, lifting performance and perceptual data for 

Experiment 2 
 

Measure 

 

1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

7 

 

8 

 

9 

 

10 

 

11 

 

12 

 

13 

 

14 

 

1. MRT RT ––              

2. MRT 

Accuracy 

.055 ––             

3. MRT 

Study Time 

.190 -.462 ––            

4.  DST 

Forward 

-.223 -.182 .027 ––           

5.  DST 

Backward 

-.129 -.063 -.096 .767** ––          

6.  PAL 

Accuracy 

-.014 .409 -.495 .136 .485 ––         

7.  PAL RT -.030 -.213 .527 .003 -.250 -.779* ––        

8.  SD –   

PVFR 

-.294 -.083 .010 .383 .283 -.119 .147 ––       

9.  SD – 

PGFR 

-.039 -.397 .250 .269 .332 -.347 .212 .720** ––      

10.  SD – 

LPD 

.275 -.128 .028 -.100 -.123 .182 -.273 -.857** -.642** ––     

11.  SD – LH -.688* .049 -.032 .112 -.115 -.377 .291 .026 .000 -.089 ––    

12.  Change 

Trials – Q1  

.408 .478 -.427 .029 .446 .536 -.343 .167 .168 -.178 -.573 ––   

13.  No 

Change 

Trials – Q1  

.220 -.112 .090 .226 .421 .333 -.324 .531 .643* -.372 -.507 .491 ––  

14.  Change 

Trials – Q2  

-.008 -.041 .108 .522 .547 .100 -.018 .356 .594* -.383 -.078 .228 .662* –– 

Note: *. Correlation is significant at the 0.05 level (2-tailed). 

**. Correlation is significant at the 0.01 level (2-tailed).
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