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� Little research exists on the
mechanisms underlying human
visual perception of material change
over time.
� After observers were presented with
time-lapse images of materials,
considerable individual differences
were found in the way they ranked
the images.
� Observers’ ability to rank the images
also varied per material.
� Further research is necessary to
understand what material surface
features could be manipulated by
designers to enhance or decrease the
perceived material age of products.
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Materials’ surfaces change over time due to chemical and physical processes. These processes can signif-
icantly alter a material’s visual appearance, yet we can recognise the material as the same. The present
study examined the extent of changes the human visual system can detect in specific materials over time.
Participants (N = 5) were shown images of different materials (Banana, Copper, Leaf) from an existing cal-
ibrated set of photographs. Participants indicated which image pair (of the 2 pairs shown) displayed the
largest difference. Estimated perceptual scales showed that observers were able to rank the images of
aged materials systematically. Next, we examined the role that global and local changes in material sur-
face colour play in the perception of material change. We altered the information about colour and geo-
metrical distribution in the images used in the first experiment, and participants repeated the task with
the altered images. Our results showed significant differences between individual observers. Most impor-
tantly, participants’ ability to rank the images varied with material type. The leaf images were particu-
larly affected by our alteration of the geometrical distribution. Together, our findings show the factors
contributing to the perception of material change over time.
� 2022 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Changing materials are omnipresent in our everyday lives. Our
mobile phones’ glass screens acquire our fingerprints, a carpet’s
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fabric gradually reveals the most common directions of travel, and
the ceramic surface of our teacup gets stained. Designers have
picked up on these changing material states, as they are exploring
ways to increase product attachment and decrease waste to tackle
environmental pollution [1,2]. For example, several studies have
tried to understand the aesthetic appreciation of worn-out materi-
als and how this affected consumers’ decisions to discard or keep a
product [3,4]; Manley, 2017; [5]. Findings were mixed: one study
found that material aesthetics did not stop participants from dis-
carding a product. Instead, information about the duration of own-
ership did [5].

Other studies do suggest an effect of aesthetics. Lilley et al., [4]
presented participants with new and artificially aged phone cases.
They were asked to rank the phone cases on several properties fol-
lowing a tactile and a visual assessment. Participants were also
interviewed during their inspection of the phone cases. It was
found that some materials’ desirability decreased after ageing
(i.e., rubber), whereas others becamemore appealing (i.e., bamboo)
[4]. Similarly, another study investigating why people keep inher-
ited objects found that aesthetics can partially explain why people
hold on to a product for longer, although this seemed dependent
on product type [3].

The previous studies examined the appeal of product materials
on various experiential levels: interpretive and affective. The for-
mer concerns meanings that people give to a product or material,
and the latter refers to people’s emotional response [6]. For exam-
ple, although the data by Lilley et al., [4] do reveal material surface
properties such as discolouration or scratches, this is not the main
interest of the study. The study focuses on understanding con-
sumer preferences, which involves affective (i.e., do people show
positive or negative emotions?) and interpretive responses (i.e.,
do people think a product or material is safe to use?). The same
holds for Frahm et al., [3]: although they assessed colour category
for the inherited objects, they also examined if participants
reported emotions attached to these objects or their functionality.
Thus, Frahm et al. [3] were predominantly interested in uncovering
interpretive and emotional responses.

In other words, it remains unclear what specific material sur-
face properties cause people to determine a material as aged or
Fig. 1. Examples of surfaces with local and global colour changes. Local colour changes ar
right. Courtesy to Leygraf et al. [7] for providing us with aged copper samples, including
legend, the reader is referred to the web version of this article.)
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worn, and if or how this varies per material. Previous design
research has investigated sensory aspects of material properties,
but this did not involve properties of changing materials [6].
Research on changes in chemical properties of copper over time,
however, does suggest a potential effect. Specifically, Leygraf
et al., [7] show how copper acquires its patina through the forma-
tion of Cu(II)-containing compounds. This chemical change over
time results in a change of the optical properties of copper, as it
gains a green–blue appearance over time. The perception of this
change has received little attention and it is unclear if and how
chemical changes in copper are linked to visual perception.
Research on food science suggests possible links: a few studies
showed that perceived freshness is associated with image statistics
(measures based on calculations over pixels) that are linked to per-
ceived glossiness [8,9]. These image statistics have, in turn, been
linked to water content in a cabbage leaf [10]. It would be interest-
ing to see if similar connections can be made between chemical
and optical changes and perceptions of materials relevant to
designers.

Therefore, we sought to understand what material surface
properties may contribute to the perception of material ageing in
the present study. In the following, we will discuss two categories
of material surface changes: global and local colour changes. A glo-
bal colour change refers to a change of the colour of large propor-
tions of a material surface, such as fading or patina formation
(Fig. 1, small inset). In contrast, a local colour change refers to
focused changes, such as scratches (Fig. 1, red ellipse). The next
section will discuss global colour changes.
1.1. Global colour change

Studies investigating the role of global colour changes in the
perception of changing materials over time have yielded conflict-
ing results. Some studies have found that colour plays an impor-
tant role [11,12,4,13,14]. For example, Lilley et al. [4] reported
that participants took global material surface colour into account
when they judged the appearance of new and artificially aged
phone cases. Similarly, Yoonessi and Zaidi [13] and Zaidi [14] found
that the availability of colour information affected material choice
e shown in the red ellipse; a global colour change is shown in the small inset on the
the one in this image. (For interpretation of the references to colour in this figure
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and material change identification. Specifically, participants were
presented with close-up images of materials that changed over
time. They were asked to generate a short description of the mate-
rial they thought they were seeing and the change that it under-
went. Participants performed this task with colour and grayscale
images. Yoonessi and Zaidi [13] found that the provision of colour
information led to improved performance.

Evidence from the field of food science suggests that colour is
less critical to judging material change [15,8,16,17,18]. In these
studies, participants were presented with images of degrading fruit
and vegetables, which they were asked to rate on a Visual Analog
Scale (VAS) with two reference images at the extremes [18]. There
was no significant difference in freshness ratings derived from col-
our and grayscale images [8,15,16]. In addition, Wada et al. [18],
Arce-Lopera et al. [15], Arce-Lopera et al. [8], and Arce-Lopera
et al. [16] showed that luminance distribution statistics are signif-
icant predictors of freshness ratings, leading the authors to postu-
late that luminance cues, rather than colour, might be critical for
freshness perception. This conclusion, however, seems to be pre-
mature, as will be illustrated below.

Firstly, the effects of the luminance distribution manipulations
seem to vary with the image used for their histogram-matching
technique and fruit or vegetable type. In this technique, the lumi-
nance distribution of one image is matched with that of a target
image. When Arce-Lopera et al. [8] used the first cabbage image
as a match, they found a downward trend in perceived freshness
ratings. However, they found an upward trend when using the
middle or the last images as matches. It is not clear from their
report why this is the case and whether other parameters might
be involved. Similarly, Arce-Lopera et al. [16] found very strong
correlations between the skewness of the luminance distribution
and freshness ratings for cabbage and strawberry, but not for car-
rot. Although they recognise the possibility of different effects for
different fruit and vegetables, they do not explain why such differ-
ences might exist. In other words, the effect of the manipulation of
the luminance distribution has not been fully explored.

Secondly, it has been found that image spatial frequency is also
associated with perceived freshness ratings [8,15,16]. For instance,
Arce-Lopera et al. [8] reported that spatial frequencies between 3
and 5 cycles per degree (cpd) were associated with perceived
freshness ratings and that they explained 47 % of the variance,
Fig. 2. Images of a decaying cabbage leaf, adapted from Wada et al. [18]. They photograp
shows a selection of the original images. The bottom row shows a manipulated version of
which the shape of the luminance histogram of a base image is matched to that of a target
1st hour as base.

3

which increased by 30 % after the skew of the luminance distribution
was added. Thus, spatial frequencies might be at least as important
for freshness perception as luminance. In addition, a spatial fre-
quency analysis of the original and luminance-matched images
in Wada et al. [18] showed a reduction of higher frequencies in
the matched images. This might be due to reducing the shading
and wrinkles in the original final image (Fig. 2). In other words,
the histogram matching technique seems to affect image lumi-
nance and spatial frequencies. This suggests that the two parame-
ters might interact. In sum, the relative contributions of colour,
luminance, and spatial frequency information to the perception
of food freshness ratings have yet to be fully elucidated.
1.2. Local colour changes

Arce-Lopera and colleagues have shown how luminance and
spatial frequency might contribute to food freshness perception
and that they might interact. The contribution of spatial frequency
to the perception of material change over time can be explained by
local colour changes, referred to as focused changes on a material
surface previously. Research indicates a potential role for local col-
our changes in the perception of material change over time. Schif-
ferstein, Wherle, and Carbon [19] found that carrots with brown
spots were judged to be less fresh than carrots without. Manley
et al. [20] showed that accumulated dirt, ablation, and abrasion
on specific materials were ranked highest as the aspects which par-
ticipants used to decide if a device was ageing or required replace-
ment. Participants in the Lilley et al. [4] study mentioned: ‘‘a
couple of dents” (p. 361) or ‘‘There’s a few scratches you’d expect”
(p. 362). In other words, local colour changes over time alter the
geometrical distribution of a material surface. The geometrical dis-
tribution refers to the spatial arrangement of features on a material
surface. As shown in Fig. 3, each boot has a different geometrical
distribution: it is more uniform for the boot on the right than the
boot on the left, which has more local colour changes. The previous
studies suggest that a lack of uniformity of the geometrical distri-
bution is associated with the perception of material change [2]. To
test this premise, however, an investigation is needed in which the
uniformity of the geometrical distribution is systematically
manipulated.
hed a cabbage leaf that decayed in controlled circumstances over time. The top row
these images. Specifically, Wada et al. [18] used a histogram-matching technique, in
image. The bottom row shows the results of this manipulation with the image at the



Fig. 3. A pair of used boots. The red circles indicate the areas of the boots that show
local colour changes. Specifically, the boot on the right hardly shows any local
colour changes, whereas the one on the left demonstrates significant abrasions. (For
interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

Fig. 4. The dome used by Gu et al. [23] to photograph the materials over time.
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1.3. Interactions between global and local colour changes

Current evidence suggests that global and local colour changes
both contribute to the perception of material change, although the
nature of this contribution is still unclear. Research from material
science adds to this complexity, as it shows that those characteris-
tics seem to interact [11,21,12]. Hamdi and Sue [12] used a psy-
chophysical test to investigate the effect of material surface
colour, gloss, and texture on the visibility of scratch (i.e., focused
mark, Fig. 1, red ellipse) and mar damage (i.e., a broad mark, like
a scuff) on polymers. It was found that mar damage was more vis-
ible in samples which were green (relative to red), smooth (relative
to rough) and high in glossiness. Although their report did not pro-
vide details about the participants, stimuli, task, or data-analysis,
Hamdi and Sue [12] reported that signs of material change (local
colour changes) can be mitigated by general surface characteris-
tics, such as global surface colour.

1.4. Aims of the study

In the present work, we sought to determine whether the
human visual system can detect time-related changes in specific
materials. We asked observers to distinguish between image pairs
extracted from a time-lapse series of changing materials. Once we
were able to establish that humans can reliably detect these
changes, we examined the roles that global and local changes in
surface colour play in the perception of material change. Specifi-
cally, we manipulated the availability of information about mate-
rial colour and/or altered the geometrical distribution of material
surfaces. Our findings provide new evidence about the types of
visual information which drive the human perception of changing
materials, and which could be manipulated by designers to
enhance or minimize the appearance of material change.

2. Methods

2.1. Observers

Five participants (including the author) took part in the study.
There were 3 females and ages ranged from 25 to 32 years. All par-
4

ticipants had normal, or corrected-to-normal, vision and no colour
vision deficiencies, as assessed with the Farnsworth-Munsell 100
Hue Colour Vision Test (Farnsworth 1943). All participants gave
informed consent. The experiments were conducted in line with
the Declaration of Helsinki and approved by the Chair of the
Biomedical, Natural, Physical and Health Sciences Research Ethics
Panel at the University of Bradford.

2.2. Apparatus

The experiment took place in a dark room under binocular
viewing conditions. Participants were seated at 100 cm from a Mit-
subishi Diamond Pro 2070SB CRT screen with a resolution of
1280x1024 pixels (32-bit colour quality, 60 Hz). Accurate viewing
distance was maintained with a chin rest. Stimulus presentation
and data collection were controlled by MATLAB 2012 and the Psy-
chtoolbox extension version 3.0. [22]. This software ran on a Dell
Precision T3400 computer with an NVIDIA Quatro FX 5670 graph-
ics card.

2.3. Stimuli

Stimuli were selected from the STAF-database [23],http://

www1.cs. Columbia.edu/CAVE/databases/staf/STAF_database.

html). We chose three specific materials from this database:
Banana, Leaf and Copper. These materials were chosen because
they had approximately equal time intervals between images,
and thus allowed us to study gradual change. Other materials
(i.e., wood, fabric, steel) were available in this database, but these
were deemed unsuitable due to the nature of the change that
occurred (i.e., sudden change visible in only 2 images) or image
properties (i.e., overexposed highlights on steel).

Gu et al. [23] produced the database by sequentially pho-
tographing materials as they underwent change over time. Specif-
ically, the Banana and Leaf images were photographed, on average,
every 11 or 12 min respectively, whereas Copper was pho-
tographed every 32 min. The authors did not intervene in the
change processes for Banana and Leaf, whereas they did speed-
up Copper corrosion through the application of chemical solutions.
The authors photographed material surfaces in a dome with multi-
ple light-sources and cameras (Fig. 4). This resulted in 33 pho-
tographs taken for one light-source for the Banana, 34
photographs for Copper and 30 for Leaf. We selected 10 pho-
tographs of each material: the first, last, and middle photograph
as well as 3 photographs between the first and middle and 5 pho-
tographs between the middle and the last image. We converted the

http://www1.cs/
http://www1.cs/
http://Columbia.edu/CAVE/databases/staf/STAF_database.html
http://Columbia.edu/CAVE/databases/staf/STAF_database.html
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photographs from EXR (a floating-point image format, https://
www.openexr.com/) to TIFF (image format with integer values).
The final image series can be found in Fig. 5 below. Luminance
and chromaticity data can be found in Table 1 and Fig. 6.

The original, coloured images were transformed into Grayscale,
Scrambled and Grayscale Scrambled in Adobe Photoshop (CC
2015), using the following algorithm (Eq. (1)) for conversion from
colour to grayscale:
Gluminance  0:3Rþ 0:59Gþ 0:11B ð1Þ
This algorithm takes the individual R, G and B channels of a

pixel and converts them into a single value for each pixel [24].
The final grayscale images can be found in Fig. 5. Scrambled and
Grayscale Scrambled images were produced by applying the Tele-

graphic scramble filter (http://www.telegraphics.com.au/sw/pro-
Fig. 5. Images used in the experiment. The top group represents the Original images, foll
the top image series consists of Banana images, followed by Copper, and then Leaf.

Table 1
Luminance in cd/m2 as measured for a 2� area at the centre of the first and last images fo

Banana C

Condition Image 1 Image 10 I

Original 40.9 5.75 1
Grayscale 33.6 2.98 9
Scrambled 43.7 6.36 2
Grayscale-Scrambled 32.9 2.77 1

5

duct /Scramble#scramble). This filter divides an image into
patches of a set pixel size (10x10 for Banana and Copper and
15x15 for Leaf) and randomly redistributes these patches. In this
way, the filter enabled us to alter the geometrical distribution of
the images such that their original geometrical distribution was
unrecognizable. The final images can be found in Fig. 5 below.
Luminance and Chromaticity data can be found in Table 1 and
Fig. 6.
2.4. Perceptual scaling method

We used Maximum Likelihood Difference Scaling (MLDS) and
the accompanying package in R [25,26,27,28]. This method has
been used for investigating the perception of various material
properties, including liquids [29], and lightness [30]. This method
owed by Grayscale, Scrambled and Grayscale Scrambled images. Within each group,

r Materials � Image Manipulations (listed as Condition).

opper Leaf

mage 1 Image 10 Image 1 Image 10

4.2 29.4 9.64 9.76
22 5.65 5.75

3.6 30.4 7.6 6.74
3.5 21.8 5.27 3.96

https://www/
https://www/
http://www.telegraphics.com.au/sw/product%2520/Scramble
http://www.telegraphics.com.au/sw/product%2520/Scramble


Fig. 6. Graphs of the CIE L*u*v* coordinates for all and individual material images. Top left: material images for all conditions. Ellipses indicate the size of the differences
between coordinates within a material. Top right: Banana images for all conditions. Bottom left: Copper images for all conditions. Bottom right: Leaf images for all conditions.
Graph marker colour represents actual image CIE L*u*v* colour. Red arrows indicate the direction of the difference between the coordinates of the first and last or 10th image
of material � condition image series. Note that axis limits vary per graph. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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was suitable for the present experiment because it allows for esti-
mating a perceptual scale with an ordinal parameter (i.e., image
number, ranging from 1 to 10). These numbers served as indicators
of the chronological ordering of the images. The time intervals
between images were not equal.

MLDS estimates a perceptual difference scale based on how
observers rank the images. Differences between scale values (w0,
w1, etc.) predict actual differences between stimuli as perceived
by participants [28]. As exhibited in Fig. 8 (page 13), the perceptual
difference scale for the series of the copper samples shows a signif-
icant difference for the first and third images. This indicates that
there is a large perceived difference in the appearance of these
two images. The third and fourth images, however, have similar
scale values, meaning they appear to be more similar than the first
and third images.
2.5. Procedure

Data were collected in 12 material-specific blocks: 1 for each
Material (Banana, Copper, and Leaf) � each manipulation (Original,
Grayscale, Scrambled and Grayscale Scrambled), so that partici-
pants only compared Banana Grayscale images with Banana Grays-
6

cale images, for example. Materials and manipulations were not
mixed because this would make the experiment unfeasibly long.
Also, comparing two different materials, for example Banana and
Copper, can compromise the interpretability of the outcomes.
The meaning of a perceived difference (i.e., scale value) is unclear
because observers cannot judge intervals for images with different
qualities. They may be able to judge intervals between images of
Banana or Copper. However, due to the differences in qualities,
they may find it hard to compare interval sizes for Banana and Cop-
per images, for instance.

Based on the number of stimuli available per condition (10), the
total number of unique trials per block is given by the number of
non-overlapping quadruples as calculated in Eq. (2) [25,28]. Maxi-
mum Likelihood Difference Scaling (MLDS) uses non-overlapping
quadruples because a quadruple like (a,b;a,c) with a < b < c would
still allow for an observer who cannot compare intervals to per-
form the task correctly [25].

10
4

� �
¼ 10!=4!6! ¼ 210 ð2Þ

The blocks were presented in a pseudo-randomized order for
individual participants to prevent order effects. Participants com-



Fig. 8. Mean standardised perceptual difference scales for 3 materials (Banana,
Copper, and Leaf) in the Original condition. The means and standard deviations
(shown as error bars) were computed across observers (N = 5) for each material
separately.
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pleted 1 to 4 blocks per session. Each session lasted 30 to 60 min,
and participants took short breaks between material blocks.

As can be seen in Fig. 7, each trial started with a fixation dot
(200 ms), followed by a quadruple with two pairs of images (an
upper and a lower pair), presented for an unlimited time. All four
images within a quadruple corresponded to the same material.
Participants were instructed that they would be shown pictures
that had been taken from real materials that were either originals
or manipulated versions. Although they were not informed about
the specific condition. We instructed participants that they would
be presented with 4 images of 1 material at once. Those images
would be divided in 2 pairs: an upper and a lower one. The task
was to compare the upper and lower pairs and indicate which pair
featured the largest difference between the two pictures via key-
board press. They would respond by hitting the arrow up when
they thought the upper pair featured the largest difference or the
arrow down for the lower pair. The up and down arrows were
recorded by the computer as 1 and 0, respectively. To assist with
their decision, participants were told to pay attention to marks
on the material. We did not provide any further explanation as
to what was meant with ‘‘different” because we did not want to
lead participant responses, which is in line with earlier studies
[31]. However, we did expect participants to differentiate between
images based on the perceived distance between them (i.e., how
much time they thought had passed between the images).

In order to control for positional effects, the placement of the
image pairs (upper or lower) varied randomly from trial-to-trial.
Viewing time was unlimited, and participants were asked to
respond as accurately as possible. With this, we meant to say that
participants should carefully consider their response before press-
ing a key. This was to prevent them from randomly pressing the
response keys. After participants indicated their choice, a dynamic
mask was presented to mitigate after-images. The mask consisted
of four frames with random noise and lasted 272 ms each (Fig. 7).
Participants completed a short practice run (no feedback) to famil-
iarize themselves with the mechanics of the task before they
started the first block.

2.6. Scale estimation and data-analysis

Perceptual scales were estimated for each Material � Image
manipulation � Observer (3x4x5), which yielded N = 60 perceptual
scales in total. We analysed both the originally estimated (i.e.,
unstandardised) scales and standardised ones. Unstandardised
perceptual scales are the scales as estimated by the method
described below. Their upper limit is not fixed across participants,
but their lower limit is fixed to zero. In contrast, standardised per-
ceptual scales are all scaled to have the same upper and lower lim-
its across participants and materials.

Perceptual scales were estimated with the General Linear Model
(GLM) method because this method only fixes the first scale value
at 0 (w = 0) and leaves other values unconstrained [25]. If the final
value is left unstandardised, the size of the last scale value is
allowed to vary according to the perceived difference between
Fig. 7. Experimental presentation of stimuli. A trial started with the fixation dot (left),
participant’s response, a dynamic mask of four frames was presented. Within a run of 2

7

the last image and the first image for individual participant data.
This property would detect possible differences between observers
or materials because the size of the last scale value would indicate
how different the first and last image of an entire series is per-
ceived to be. If the last scale value is small, the perceived difference
between the first and the last image will be small. Similarly, if the
last scale value is large, the perceived difference between the first
and last images is large. This variation allows us to detect individ-
ual differences. These unstandardised scale values are particular to
individual participants, and therefore a measure of variance across
participants (e.g., standard deviation) is not calculated.

Since the present study aimed to make comparisons between
materials and participants, we then standardised the scale values
estimated by the GLM-method by dividing them by the 10th (i.e.,
last) scale value. This allowed us to neutralise the effect of large
differences in absolute sensitivity to time-related changes for dif-
ferent materials. We present standardised scales averaged across
observers for each Material for each Image manipulation in
Figs. 8-11. In addition, we calculated the coefficient of variation
(CV, defined as the ratio of deviation to the mean) for individual
perceptual scales. If CV was larger than 1, standard deviations were
considered to be too large, as this means that the size of the stan-
dard deviations is equal to, or larger than, the mean. In contrast, a
CV close to zero reflects a small variability around the mean [32].
We analysed the standardised scale values with a repeated-
measures ANOVA to determine whether participants could distin-
guish images within different conditions and materials. We also
analysed the unstandardised tenth scale value to examine the
followed by the quadruple (second left) for an unlimited duration. Following the
10 trials, the quadruple always presented the same material.



Fig. 9. Mean standardised perceptual difference scales for 3 materials (Banana,
Copper, and Leaf) in the Grayscale condition. The means and standard deviations
(shown as error bars) were computed across observers (N = 5) for each Material
separately.

Fig. 10. Mean standardised perceptual difference scales for 3 materials (Banana,
Copper, and Leaf) in the Scrambled condition. The means and standard deviations
(shown as error bars) were computed across observers (N = 3) for each Material
separately.

Fig. 11. Mean standardised perceptual difference scales for 2 materials (Banana and
Copper) in the Grayscale Scrambled Condition. The means and standard deviations
(shown as error bars) were computed across observers (N = 5) for each Material
separately.
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effect of image manipulation on the size of perceived differences
and to examine individual performance.
3. Results

3.1. Original condition

We analysed standardised scale values with a two-way
repeated-measures ANOVA (Image [the number of the image in a
chronological series from 1 to 10], Material [Banana, Copper, and
Leaf]) for the Original images (Fig. 8). We found a significant main
effect of Image (F(2.08, 8.32) = 301.98, p <.001, gp

2 = 0.99). There
also was a significant main effect of Material (F(3, 12) = 8.25,
p =.003, gp

2 = 0.67). This means there were significant differences
8

in scale values between images and materials. We also found a sig-
nificant interaction between Image and Material (F(1.76, 7.02)
= 5.55, p =.038, gp

2 = 0.58). In order to examine this interaction,
we analysed data for each material separately. We found a signif-
icant effect of Image for Banana (F(1.12, 4.47) = 115.25, p <.001,
gp

2 = 0.97), Copper (F(1.37, 5.46) = 58.34, p <.001, gp
2 = 0.94), and

Leaf (F(1.29, 5.16) = 90.88, p <.001, gp
2 = 0.96). Post-hoc tests

revealed that the number of images that showed significant differ-
ences from each other varied with the type of material that was
tested.

3.2. Grayscale condition

We conducted a repeated-measures ANOVA (Image [the num-
ber of the image in a chronological series from 1 to 10], Material
[Banana, Copper, and Leaf]) for the Grayscale images (Fig. 9). We
found a significant main effect of Image (F(1.76, 7.04) = 131.01,
p <.001, gp

2 = 0.97) and Material (F(3,12) = 8.25, p =.003,
gp

2 = 0.71). This means there were significant differences in scale
values between images and materials. We also found a significant
interaction between Image and Material (F(2.84, 11.34) = 9.29,
p =.002, gp

2 = 0.70). To examine this interaction, we conducted a
repeated-measures ANOVA for each material. We found a signifi-
cant effect of Image for Grayscale Banana (F(1.61, 6.45) = 55.88,
p <.001, gp

2 = 0.93), Grayscale Copper (F(2.12, 8.49) = 77.11,
p <.001, gp

2 = 0.95) and Grayscale Leaf (F(1.72, 6.89) = 62.64,
p <.001, gp

2 = 0.94). Post-hoc tests for individual materials showed
that the number of images that were significantly different from
each other depended on the material that was tested.

3.3. Scrambled condition

We conducted a repeated-measures ANOVA (Image [the num-
ber of the image in a chronological series from 1 to 10], Material
[Banana, Copper, and Leaf]) for Scrambled images (Fig. 10). Data
from Observers 4 and 5 was excluded from this analysis because
visual inspection of individual scales showed that CV for Copper
and Leaf were larger than one (i.e. larger than the mean value)
[32]. We found a significant effect of Image (F(1.51, 9.05)
= 248.68, p <.001, gp

2 = 0.98), which means that there were signifi-
cant differences between scale values for individual images. We
did not find a significant effect of Material (F(2, 6) = 3.68, p =.09,
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gp
2 = 0.55), but we did find a significant interaction between Image

and Material (F(3, 9) = 6.38, p <.05, gp
2 = 0.68). To examine this

interaction, we conducted a repeated-measures ANOVA for each
material. We found a significant main effect of Image for Scram-
bled Banana (F(9,18) = 108.42, p <.001, gp

2 = 0.98), Copper (F
(9,18) = 17, p <.001, gp

2 = 0.89) and Leaf (F(9,18) = 161.97, p <.001,
gp

2 = 0.99). Post-hoc tests for individual materials showed that
the number of images that were significantly different from each
other varied for each material.
3.4. Grayscale Scrambled condition

Visual inspection of individual scales showed that CV of percep-
tual scales for all observers was larger than 1 in the case of Leaf
Grayscale Scrambled. Accordingly, this material was excluded from
subsequent analysis [32]. We conducted a repeated-measures
ANOVA (Image [the number of the image in a chronological series
from 1 to 10], Material [Banana and Copper]) for Grayscale Scram-
bled. We found a significant main effect of Image (F(2.87, 23.02)
= 110.92, p <.001, gp

2 = 0.93) (Fig. 11) and Material (F(1, 8) = 8.39,
p = < 0.05, gp

2 = 0.51). A significant interaction was found between
Image and Material (F(2.87, 23.02) = 3.49, p <.05, gp

2 = 0.30). Thus,
scale values for different materials were significantly different
from each other. To further understand this interaction, we con-
ducted a repeated-measures ANOVA for each material. We found
a significant effect of Image for Grayscale Scrambled Banana (F
(9,36) = 71.04, p <.001, gp

2 = 0.95) and Copper (F(9,36) = 47.30,
p <.001, gp

2 = 0.92). Post-hoc tests for individual materials showed
that the number of images that were significantly different from
each other varied for each material.
3.5. Effect of image manipulation

In order to understand the effect of the Image Manipulations,
we conducted a three-way repeated-measures ANOVA (Image
[1-10], Material [Banana, Copper, and Leaf], Image. Manipulation
[Original and Manipulated image type].

Firstly, we considered data from the Grayscale condition. There
was no significant main effect of Image Manipulation (Original or
Grayscale) (F(1, 4) = 2.08, p =.22, gp

2 = 0.34) and no significant
interaction with Image (F(1.98, 7.94) = 2.22, p =.17, gp

2 = 0.36) or
Material (Sphericity violated: v2(2) = 10.96, p =.004, GG = 0.51;
F(1.01, 4.05) = 4.01, p =.12, gp

2 = 0.50). This indicates that the size
of perceived differences did not differ significantly between
Original and Grayscale images.

Similarly, for the Scrambled condition, there was no
significant effect of Image Manipulation (Original or Scrambled)
(F(1, 12) = 0.83, p =.39, gp

2 = 0.06), nor a significant interaction
with Image (F(1.86, 22.28) = 0.83, p =.44, gp

2 = 0.06) or Material
(F(2, 12) = 0.12, p =.89, gp

2 = 0.02).
The same held for Grayscale Scrambled images: there was no

significant main effect of Image Manipulation (Original or Grays-
cale Scrambled) (F(1, 16) = 0.002, p =.97, gp

2 = 0.00). There also
was no significant interaction effect with Image (F(2.71, 43.33) =
1.81, p =.16, gp

2 = 0.10) or Material (F(1, 16) = 0.82, p =.38,
gp

2 = 0.05).
These results indicate that the size of the perceived differences

did not differ between Original and Scrambled or between Original
and Grayscale Scrambled images. All in all, our data show that
none of our three image manipulations had a significant effect on
the perception of materials that change over time. However, the
fact that some or all observers had to be excluded from this anal-
ysis due to large variability for certain conditions does suggest an
effect of scrambling the images for specific materials.
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3.6. Analysis of unstandardised scale values

To understand why we did not find an effect of image manipu-
lation, we examined the unstandardised 10th (i.e., last) scale value.
If left unstandardised, this number indicates the size of the per-
ceived difference between the first and the last image in the series.
We conducted a two-way ANOVA with Material and Image Manip-
ulation as independent variables and the unstandardised tenth
scale value as the dependent variable. There was no significant
effect of Image Manipulation (F(3, 48) = 1.66, p =.19, gp

2 = 0.04),
but the effect for Material was significant (F(2, 48) = 8.68,
p <.001, gp

2 = 0.03). No significant interaction between Material
and Image Manipulation was found (F(6, 48) = 0.64, p =.70,
gp

2 = 0.07). Tukey post-hoc tests showed that the tenth scale value
for Banana (M = 12.75) was significantly larger than that for Copper
(M = 6.59) and Leaf (M = 5.84). This suggests that the size of the
perceived difference between the first and last image of a percep-
tual scale varied for different materials. The size of the perceived
difference between the first and last image did not, however, vary
for different image manipulations. It should be noted, though, that
the assumption of normality was violated, as the Shapiro-Wilk test
for normality was significant (W = 0.89, p <.001). Thus, the results
should be interpreted with caution.
3.7. Individual differences

To understand how individual differences between observers
might have affected our results, we conducted a two-way ANOVA
with Image Manipulation and Observer as independent variables
and the tenth scale value as the dependent variable. We did not
find a significant interaction between Observer and Image Manip-
ulation (F(12,40) = 0.80, p =.65, gp

2 = 0.19) or a significant effect for
Image Manipulation (F(3,40) = 1.50, p =.23, gp

2 = 0.14). However,
our analysis did reveal a significant effect of Observer (F(4,40)
= 3.24, p =.02, gp

2 = 0.11). Tukey post-hoc tests showed that the
mean tenth scale value for Observer 1 (M = 12.38) was significantly
larger than that for Observer 5 (M = 4.04). This finding was con-
firmed by other analyses with Observer (F(4,45) = 4.56, p <.01,
gp

2 = 0.16) and Material (F(2,45) = 11.03, p <.001, gp
2 = 0.14). How-

ever, the statistical assumptions for this analysis were partially
met.

Nonetheless, our results imply that the size of the perceived dif-
ference between the first and tenth image of the scale varied signif-
icantly between Observers. This is illustrated in Fig. 12; scale
values for Observer 1 are generally larger than those for Observer
5. A possible explanation might be that this observer was the only
one to have a 1.5-month gap between data collection sessions.
However, we hypothesized that this would result in differences
between random Material � Image Manipulation conditions
within data for Observer 5. Instead, these data show generally
reduced unstandardised scale values, suggesting that this observer
may have employed a different strategy than the other observers
or found the task more difficult. We will elaborate further on these
individual differences in the discussion.
4. Discussion

The present study investigated the perception of material
change over time. Until now, this topic has received comparatively
limited attention. We initially aimed to determine whether the
human visual system can distinguish between images of specific
materials changing over time and if possible, infer a ranked order
of such images. We then sought to investigate the contribution of
global and local changes in the material surface to the perception
of material change. We confirmed that participants could, in fact,



Fig. 12. Unstandardised scale values of the 10th image for observers 1 to 5. For each observer the top set of 4 bars corresponds to the material Banana, middle is Copper, and
the final group represents Leaf.
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systematically distinguish time-lapse images of changing materials
and a ranking could be inferred. What remains unclear is the con-
tribution of material surface colour and geometrical distribution to
the perception of material change. We found, though, that material
type affected participants’ ability to indirectly rank the images.
That we found significant differences between observers suggests
that perception of material change over time varies substantially
from one individual to another.

4.1. Global colour change

That participants were able to rank images of materials that
change over time, despite a lack of information about material sur-
face colour and/or geometrical distribution, might seem surprising.
However, studies on the perceived freshness of food have shown
that participants can still judge a food’s freshness, despite a lack
of information about material surface colour. This suggests that col-
10
our might not be a critical material surface characteristic for the
judgment of food freshness [18,15,8,16]. However, Yoonessi and
Zaidi [13] and Zaidi [14] found that the difference in accuracy
(i.e., percent correct) of the identification of materials and material
change processes between coloured and grayscale images was sig-
nificant. In other words, information about material surface colour
was critical to identifying materials and, material change processes
in their study.

Similarly, other studies suggest that colour is relevant to the
perception of material change [33,34]. For instance, Toscani et al.,
[33] presented different groups of participants with photographs
of bleached or non-bleached fabrics. One group was asked to match
the colour of a stimulus disk, such that it matched the colour of the
fabric before bleaching. Participants could make these matches and
colour components like lightness (i.e., how dark, or bright a fabric
is) were associated with those matches. It should be noted that the
fabrics were not uniformly bleached, so participants may have
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relied on local colour differences. This suggests that humans may
have prior knowledge about the effects of bleaching on a fabric’s
appearance but the effects of local differences need to be ruled
out first.

A study by Sawayama et al., [34] provides further support for
the effect of material surface colour on people’s judgment of a
material state, though. Specifically, they developed an algorithm
that could transform a material surface image and make it appear
wet by increasing several image parameters, including colour sat-
uration. Sawayama et al., [34] showed original and transformed
images of different materials to participants who judged the latter
to appear significantly wetter than the former. The algorithm, how-
ever, was not as effective in all images. It seemed to work better for
images with larger variation in colour hues and their geometrical
distribution than for uniform material surfaces, demonstrating
the importance of both global and local material surface character-
istics. It is unclear what the relative contribution of either type of
characteristics is. Our findings suggest that material type affected
participants’ ability to rank images of material that changed over
time. This implies that the relevance of global material surface
characteristics may be dependent on material category. Therefore,
future research should investigate the role of colour for a range of
different materials to further our understanding of the perception
of material change.
4.2. Local colour change (geometrical distribution)

The findings by Sawayama et al., [34] show how a material’s
geometrical distribution can affect the perception of global mate-
rial surface characteristics and ultimately a material state.

Research on food freshness by Wada et al. [18], Arce-Lopera
et al. [15], Arce-Lopera et al. [8], and Arce-Lopera et al. [16] also
suggests potential effects of the geometrical distribution. Specifi-
cally, Wada et al. [18] manipulated images of fruit and vegetables
by matching the luminance distribution of a base image with that
of a target image. Although this changed statistics of the luminance
distribution, they did not control for related changes in the geo-
metrical distribution [15,18]. This means that their findings cannot
be solely attributed to changes in the luminance distribution.
Fig. 13. Pixel luminance distribution of the first Original and Scrambled images on the
luminance distribution for each material within both images did not change after the o
distribution did not alter the luminance value peaks.
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Furthermore, Arce-Lopera et al. [15], Arce-Lopera et al. [8] and
Arce-Lopera et al. [16] investigated effects of luminance skew
and various spatial frequency bands on perceived freshness. For
example, Arce-Lopera et al. [15] found that perceived freshness
of strawberries could be predicted by a combination of luminance
skew and spatial frequencies within the 1–5 cpd band. Similarly,
Arce-Lopera et al. [8] showed that a combination of luminance
skew and spatial frequencies within the 3–5 cpd band predicted
perceived freshness of cabbage. Arce-Lopera et al. [16], on the
other hand, found that luminance skew only predicted perceived
freshness in strawberry and cabbage, whereas spatial frequency
(7–14 cpd band) predicted perceived freshness in carrot and spi-
nach. Thus, a combination of pixel luminance changes and the spa-
tial arrangement of luminance differences between pixels seems to
be involved in the perception of material change for food. Although
this varied with fruit or vegetable type.

In other words, previous studies suggest that the geometrical
distribution of a material surface seems to affect the perception
of material change for some materials [8,15–16,18]. We, however,
did not find such an effect in our study. Our manipulation of the
geometrical distribution provides a few explanations for this.
Firstly, our manipulation of the geometrical distribution might
not have affected the perception of a material change because it
did not alter pixel luminance levels (Fig. 13). Instead, it only altered
the location of pixels. That is, the scrambling resulted in same-size
intervals between edges (Fig. 14). This affected spatial frequencies
in the image by increasing their power spectrum magnitude in
lower frequency bands close to the DC-component (Fig. 15). The
human visual system is sensitive to frequencies between 2 and
6 cpd when stimuli are presented at the fovea [35,36]. This means
we might have provided the visual system with an additional cue
or allowed it to adopt a different strategy to perform the task.
Hence, the perception of material ageing might not have been
affected by our manipulations of material surface colour and geo-
metrical distribution.

The absence of an effect of our manipulation might also relate
to our task. Reminiscent of studies by Arce-Lopera and colleagues,
we employed a visual discrimination task. Specifically, multiple
images were presented simultaneously, enabling participants to
left and the tenth Original and Scrambled images on the right. The shape of the
riginal image was scrambled. This shows that our manipulation of the geometrical



Fig. 14. The Original (left) and Scrambled (right) versions of the fifth Banana image. The scrambled squares in the right image are all the same size. As explained previously,
scrambling the image resulted in same size intervals and sharp edges that in turn resulted in an increase in higher frequencies for each RGB channel.
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make direct comparisons. Similarly, in studies by Arce-Lopera and
colleagues, participants were instructed to compare a target image
to reference images at both extremes of a VAS [18]. This approach
means that the task could be completed as long as visual differ-
ences between images of materials were present. Given that our
manipulation of the geometrical distribution might have intro-
duced an additional cue, this means that our task requirements
might have enabled participants to perform it. Thus, our task might
have contributed to the effect of our image manipulation on partic-
ipants’ performance.

Another way our task may have caused the effect of our image
manipulation to be absent, is through our MLDS method. This
method estimates perceptual scales based on comparisons of
image pairs. Participants judge intervals between image pairs,
which MLDS uses to arrive at a solution or perceptual scale. The
scale values are not absolute: they do not represent a specific per-
ceptual distance. This means that the same scale value (say 0.6) in
two different conditions (i.e., Original and Scrambled) does not
reflect the same difference in appearance, making the interpreta-
tion and comparison of scale values difficult. This issue holds for
both standardised and unstandardised scale values as standardis-
ing only transforms the scale values, so that they fit in a different
range (i.e., 0 to 1). The scale values keep their initial arbitrariness.
The implication is that a lack of statistically significant differences
does not mean a lack of significant perceptual differences. Even if
no statistically significant effect is found due to scale values being
the same, there might still be a large perceptual difference
between images.
4.3. The measurement of the perception of material ageing

The perception of material ageing is a novel area of research,
without an established paradigm. Previous studies have used var-
ious methods, such as a discrimination task [15,18], in which par-
ticipants judge an image based on visual comparisons with other
images. An alternative method is an identification task [13,14], in
which participants are presented with material images and asked
to identify either the material or material change.

Establishing optimal research methods for the perception of
material ageing is likely to be complex due to variability in the
temporal dynamics of change. Once the appearance of a material
has changed, it cannot be reversed. This suggests that the human
visual system has to rely on earlier mental representations of a
material to perceive change. This is in line with the role of prior
expectations in other aspects of visual perception, such as lightness
and illumination fields and the colour of #thedress [37,38,39].
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Future research on the perception of material ageing should
consider cognitive involvement. One approach is to minimise cog-
nitive involvement, as we did in the current study. Specifically,
participants were simply asked to judge which of two
simultaneously-visible image pairs looked the most different. This
enabled participants to directly compare stimuli and minimised
the need to rely upon mental representations. Although our para-
digm leaves cognitive involvement in the perception of material
ageing relatively unexplored, it did enable us to isolate and specif-
ically investigate the visual sensitivity to changes in material sur-
face characteristics.

In contrast, Yoonessi and Zaidi [13] and Zaidi [14] used a task
with a more substantial cognitive involvement. Participants were
presented with images of materials that changed over time and
asked to name the materials and the change they underwent via
freestyle response. To do this task, participants needed to make a
match between a stored mental representation of previous
encounters with a material and the material image currently being
viewed. This task, and the need to decide upon appropriate
descriptions for materials and change, required the involvement
of complex cognitive processes, such as memory and language.

In such an identification task, however, other parameters must
also be considered. It has been found that materials have their own
perceived signature characteristics [40]. Specifically, Fleming et al.
[40] asked participants to judge images of various materials on
properties, such as glossiness or prettiness. They found that glass
received high ratings on transparency, glossiness, and hardness,
for example. If any information about these properties changes
or is absent, a material will be judged as a different material
[41,42]. This means that careful presentation of materials is
needed. For example, our stimuli lacked information about shape
and object contour. The absence of this parameter may have a lim-
ited effect on participant performance, as our data show that they
were able to perform the task. This might not be the case for an
identification task, because object shape can provide an extra cue
to the visual system. The absence or presence of such a cue can
affect performance and hence must be carefully controlled. It is
unclear how task demands, and stimulus presentation affect per-
formance regarding the judgment of material age. Therefore, future
research that manipulates these parameters is needed.
4.4. Effect of material type

Previous work has shown that changes in physical composition
are associated with different material surface appearance proper-
ties, such as colour for copper [7], gloss, micro-roughness and



Fig. 15. Double-sided magnitude of the spectrum for the red (top), the green (middle), and the blue channel (bottom) of the fifth Original Banana image (left column) and
Scrambled Banana image (right column). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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lightness for polymers [43], and statistics of the luminance distri-
bution for cabbage [10]. We did not find an interaction between
material type (Banana, Copper, Leaf) and the image manipulations
(Original, Grayscale or Grayscale scrambled). Arce-Lopera et al.
[16] showed that material surface characteristics, such as spatial
13
frequency and the skewness of the luminance distribution, pre-
dicted freshness ratings differently for cabbage, strawberry, carrot,
and spinach. In line with this, Yoonessi and Zaidi [13] found that
colour information facilitated the identification of organic materi-
als more so than wood, mineral (e.g., stones like marble), metal and
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fabric. These reports indicate an interaction between material sur-
face characteristics and material type. Our findings are in line with
previous research. However, to our knowledge, there is very little
research that compares perception of several different materials
that change over time. More research is necessary as it can eluci-
date if the human visual system has different sensitivities for dif-
ferent material surface characteristics, like in our study, or if it
might have similar sensitivities to some characteristics for differ-
ent materials. Knowing which features are relevant to which cate-
gory, could allow designers to manipulate material surface features
to either accelerate or minimise their presence and thus the per-
ceived age of a material or product.

4.5. Individual differences

Finally, our study found considerable individual differences
between participants in the perception of material change over
time. This is similar to other studies on the perception of lightness
[44], colour and gloss [45], and transparency [46]. For example, in
the Fleming et al. [46] study, participants compared rendered,
transparent blob shapes and considerable individual differences
were found. Further experiments suggested that different partici-
pants may have applied different weightings to specific parame-
ters, which could explain individual differences in perception of
the refraction of transparent material [46]. Similarly, in the present
study, it is possible that individual participants used multiple
material surface appearance parameters in varying combinations
to judge differences between materials.

Our data suggest that individual participants used different
strategies for different materials. Evidence for this can be found
in supplementary Figure S1. For example, we reasoned that if per-
formance (i.e., average standardised scale value) for a given obser-
ver was poorer in the Grayscale relative to Original condition (in
which colour information was available), this would indicate that
this observer relied on colour information for visual discrimina-
tion. This pattern of results can be observed for Leaf: the standard-
ised average scale values for Leaf images are higher in the Original
and Scrambled conditions than the Grayscale condition for Obser-
vers 2 and 3, but not Observer 4 (Figure S1).

In contrast, if an observer’s performance was lower in the
Scrambled, relative to the Original condition, this would indicate
use of the geometrical distribution as a cue to judgements of differ-
ences between materials. This response pattern was observed for
Banana: average standardised scale values for Observers 1 and 3
in the Original and Grayscale (geometrical distribution preserved)
conditions were marginally higher than those for the correspond-
ing scrambled conditions. This suggests that these observers used
the geometrical distribution (Figure S1). Overall, our data point
to the conclusion that there were significant differences between
the cues (colour, geometrical distribution) used by individual
observers for different materials to perform our visual discrimina-
tion task, despite all observers receiving identical instructions.

Nevertheless, the present study has shown that participants can
rank images of materials that change over time. Their ability to do
so varied with material type, and there were significant differences
between observers. Overall, we found that the ability to rank
images of materials was robust to major manipulations of colour
and/or geometrical distribution. Detailed analysis, however, did
reveal a significant role of the geometrical distribution in judge-
ments of specific materials (i.e., Leaf). In other words, our data indi-
cate that the relative importance of parameters such as colour and
geometrical distribution for this type of visual discrimination task
depended on the type of material being tested. We welcome fur-
ther research that systematically manipulates material surface
characteristics in order to extend current understanding of how
humans perceive materials changing over time. This could help
14
in expanding the life span of products, as it equips designers with
knowledge for designing with materials’ lifecycles in mind.
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