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Low level visual features support
robust material perception
in the judgement of metallicity

Joshua S. Harvey%23"* & Hannah E. Smithson?

The human visual system is able to rapidly and accurately infer the material properties of objects

and surfaces in the world. Yet an inverse optics approach—estimating the bi-directional reflectance
distribution function of a surface, given its geometry and environment, and relating this to the

optical properties of materials—is both intractable and computationally unaffordable. Rather,
previous studies have found that the visual system may exploit low-level spatio-chromatic statistics
as heuristics for material judgment. Here, we present results from psychophysics and modeling

that supports the use of image statistics heuristics in the judgement of metallicity—the quality of
appearance that suggests an object is made from metal. Using computer graphics, we generated
stimuli that varied along two physical dimensions: the smoothness of a metal object, and the evenness
of its transparent coating. This allowed for the exploration of low-level image statistics, whilst
ensuring that each stimulus was a naturalistic, physically plausible image. A conjoint-measurement
task decoupled the contributions of these dimensions to the perception of metallicity. Low-level
image features, as represented in the activations of oriented linear filters at different spatial scales,
were found to correlate with the dimensions of the stimulus space, and decision-making models using
these activations replicated observer performance in perceiving differences in metal smoothness and
coating bumpiness, and judging metallicity. Importantly, the performance of these models did not
deteriorate when objects were rotated within their simulated scene, with corresponding changes in
image properties. We therefore conclude that low-level image features may provide reliable cues for
the robust perception of metallicity.

The twenty-first-century visual landscape is both littered and adorned with the unmistakable flash of metal-
lic objects. Across architecture, fashion, food, transport, and technology, we are presented with more metallic
surfaces than at any other time in history. Unlike other visual features, such as the reddening of ripening fruit,
or the gloss of wettened surfaces, the human visual system did not evolve in an ecosystem of metallic stimuli.
Nonetheless, we are highly accurate in our judgments of metallicity from vision alone.

Material perception may at first glance appear a simple and closed deductive problem; the material composi-
tion of objects will determine their surface reflectance properties, and hence the images received on the retina
as a function of the object’s geometry and environmental illumination. But using images to estimate how light
scatters off a surface as a function of all incoming and outgoing angles—the bi-directional reflectance distribu-
tion function in graphics terminology—is intractable. Moreover, the visual system exhibits robustness across
undetermined parameters, both of surfaces themselves and their surrounding environment. Metallicity, the visual
quality of an object suggesting it is made of metal, is a prime example of this. The surfaces of most metallic objects
return a solely specular (mirror) reflection to observers; their appearance is therefore highly contingent on both
neighbouring emitters (light sources) and reflectors. At the same time, the physical smoothness and oxide-layer
depths of metallic surfaces can result in appearances ranging anywhere from an immaculately polished mirror to
the matte sheen of an anodized laptop. Throughout this range, and across viewing environments, we accurately
judge such objects as metallic, rather than other shiny alternatives such as porcelain or glass'™. At the same time,
the recognition of metal can prove particularly problematic for computer vision systems™®.

A sizable economic value is placed on the visual appearance of metallic surfaces in sectors such as the auto-
motive and jewelry industries, and the literature on metallic appearance reflects this. There are numerous stud-
ies quantifying and perceptually evaluating the visual qualities of metallic surfaces and coatings, considering
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qualities such as colour, gloss’, scatter, brilliance, and lustre?, as well as ‘visual texture’ such as glitter, glint, and
sparkle®!’. Recently, attention has focused more on how the physical properties of objects and their lighting
environment might give rise to a metallic appearance!'~"°. In the present study, we simulated metal objects
through physically-based rendering, which varied according to two physical properties: metal smoothness, and
the bumpiness of a transparent coating. These properties were chosen, not because they are interesting in and
of themselves (although the visual properties of both surface and coating properties have high economic value),
but because they allow us to indirectly and reliably manipulate a wide range of low-level image statistics of the
stimuli, allowing us to explore the parameter space by using only experimental manipulations that are realis-
able in the physical world. We explain this approach in more detail later in the paper. This allows us to interpret
psychophysical data through image analysis, and the performance of corresponding computational models, in
order to connect the optical properties of materials, image statistics, and visual features. We used a quantitative
paradigm of multidimensional, suprathreshold perceptual judgements—conjoint measurement—to evaluate
how each stimulus property affected observer judgements of metallicity, and related this to the performance of
model observers using candidate image features.

Metallicity vs glossiness. Metallicity as a visual property of materials has received little attention when
compared with glossiness, and it is worth contrasting the two. Gloss (and its associated characteristics of high-
lights, sheen, haze, and texture distinction) is present when incident light is reflected at the air-material bound-
ary of surfaces, giving a ‘specular’ reflectance component, before otherwise penetrating into the material and
contributing to an object’s ‘diffuse’ reflectance, or albedo. Glossiness therefore affects not just the surface colour
of an object, but also the spatio-chromatic statistics of its corresponding image, with images of glossy objects
sharing the chromatic signature of the illuminant despite having dissimilar surface colours. Within a natural
scene, illuminants will typically be weak in chroma, giving rise to glossy highlights that are simultaneously an
increase in lightness and a decrease in saturation over an object’s surface.

Metallicity can be misconstrued as an extreme form of gloss, or, in the case of coloured metals such as gold,
as a simple combination of colour plus gloss'*. However, there are notable differences between the two. First,
a typical metallic surface lacks a ‘diffuse’ reflectance; all incident light is reflected at the air-material boundary,
due to the electro-physical properties of metals. There is, therefore, no distinction between highlight and sur-
face colour. Second, the proportion of incident light that is specularly reflected is far higher for metals than for
glossy materials. This gives rise to far brighter regions on the surface, and is more likely to result in a perceptible
reflected image of the full environment, rather than the array of highlights—illuminants divorced from their
environment—frequently seen on smooth, glossy dielectric objects such as a coffee mug. Third, a metallic surface
specularly reflects equally at all angles of incidence, whereas dielectric surfaces obey Fresnel reflectance, and
specularly reflect to a greater degree at grazing angles.

Physically-based computer graphics stimuli. We used physically-based computer graphics render-
ing to generate stimuli, which permits the precise parameterization of stimulus spaces whilst staying within a
physically plausible, ecologically valid domain of images. Specifically, we model objects with a silver base-layer
beneath a colourful, transparent coating. This configuration may seem arbitrary, but is in fact a common mate-
rial composition; with the majority of metals being colourless, foils and surfaces that would have an otherwise
plain silver appearance are frequently coated with a clear, coloured layer. A common example may be found
in the wrappers for assorted confectionery. By varying the smoothness of the silver (i.e. how constrained the
distribution of angles is for surface microfacets), and the bumpiness of a transparent coating, we can generate
images across a wide range of metallic/non-metallic appearance, with corresponding changes in image proper-
ties. As shown in Fig. la (and Supplementary Movie S1), decreasing metal smoothness (increasing roughness)
effectively causes Gaussian blurring of the reflected environment", as light impinging on the surface undergoes
greater scattering. While adding bumpiness directly to the metal surface would scramble both the chromatic
and spatial statistics of the image, increasing the bumpiness of the coating (Supplementary Movie S2) produces
a far more subtle and predictable effect, as we illustrate in the Supplementary Information. This effect is very
similar to applying a local disarray image transform, where pixels are subject to a random displacement field of a
given scale and extent (Fig. SI in Supplementary Information). The two axes of our stimulus space are therefore
analogous to an ‘Eidolon factory’*é, but every image in the stimulus set is a natural image, albeit a synthetic one.

There are sound arguments to avoid the use of natural images in visual neuroscience, due to their complexity
and unwieldiness'”. However, manually programmed synthetic stimuli (e.g. sinusoidal gratings, plaids etc.) can
only be useful insofar as the ‘recipes’ for particular percepts (or neuronal activations) are known; for material
perception it is paramount that stimuli appear as convincing examples of real life materials, and using synthetic
natural images, obtained with physically-based rendering'®, allows experimenters to investigate high-level visual
percepts with precision and control. There is neurophysiological evidence from both humans and nonhuman
primates that material qualities and judgements may be represented in higher cortical areas, particularly in
medial regions of the ventral extrastriate cortex, such as the inferior extrastriate area'®, collateral sulcus**?!, and
the region extending from the fusiform gyrus into the collateral sulcus®. Gloss-selective neurons have also been
found in the inferior temporal cortex of macaque monkey?. As Rust and Movshon say themselves, “for neurons
with complex properties whose circuitry is unknown (such as those in higher cortical areas), these methods
[exploratory experiments with natural stimuli] may be the best or even the only way to begin”. For metallic
objects, this necessitates their embedding within a (natural) environment, even if they are to be displayed with-
out any background, as in this study. For this reason, we rendered all objects within a spherical light probe of a
natural environment. Within this environment, each object was rendered from eight different viewing angles
(Supplementary Movie S3).
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Figure 1. Conjoint measurement analysis of the judgment of metallicity by observers. (a) The parameter space
used in experiments. Stimuli were physically-based rendered computer graphics of a composite coated metal
object. Smoothness of the metal, and bumpiness of the coating, vary from zero to a physically plausible upper
limit. The objects could be viewed from eight possible rotations around the z-axis. (b) Conjoint measurement
plots for individual observers. Plots show the contributions of metal smoothness (green) and coating bumpiness
(blue) to judgments of metallicity. Error bars for individual participants show 95% confidence intervals obtained
via bootstrap. The lower right-hand plot shows the mean of normalized estimates for P1-4, with error bars
showing + s.e.m. (N = 4).

Results

Observer judgment of metallicity. To evaluate how observer judgments of metallicity varied through-
out the stimulus space, we carried out a conjoint measurement task. This experimental paradigm attempts to
model the trial-by-trial decisions of an observer, and so provide a quantitative measure of suprathreshold per-
ceptual judgments as a function of stimulus properties. Each trial comprises two objects, with each object having
a determined value for each of the two dimensions of the stimulus space: metal smoothness and coating bumpi-
ness. The task required each observer to respond to 1300 trials, indicating which object within a pair was “more
likely to be made of metal”. Rotations of objects were randomised, and never the same within a single trial, to
prevent direct (i.e. pixel-based) comparisons. We consider this a minimum criterion of robust material percep-
tion—that the same object within the same environment should appear to have the same material properties,
independent of viewing angle or rotation of the object within the environment. Given the pattern of responses
and their corresponding trial indices (the smoothness and bumpiness levels of each object), a conjoint measure-
ment model is fit to the data by maximum likelihood estimation (see the “Methods” section for more details).
For all observers, both dimensions of the stimulus space had a statistically significant effect on metallicity judg-
ments (p < 0.001), as evaluated by performing likelihood ratio tests on the independent (only one dimension
effects judgements) and additive (both dimensions have an effect but do not interact) nested hypothesis models.
The conjoint measurement plots for five observers are shown in Fig. 1b.

Image statistics. Little is known about the visual features and statistics of images that drive the perception
of metallicity. From a physics standpoint, metals owe their appearance to a uniform specular reflection over their
entire surface, and their exceptionally low absorptivity in the visible region of the spectrum (with the exception
of chromatic metals such as gold). Recent work has related metallic appearance to rendering parameters such
as surface smoothness and the quality of illumination''. While this does inform on which properties of a scene
give rise to metallic objects, it does not explain why they look the way they do to observers. To address this
question, we developed computational models with which to simulate the conjoint measurement task, testing
to see if low-level image statistics could provide a basis for replicating the performance of observers. Although
we are primarily concerned with image correlates for metallicity, we first sought models that could discriminate
variations in metal smoothness and coating bumpiness—the two physical properties we varied in the conjoint
measurement analysis.

Spectral analysis.  The relationship between image statistics and material appearance has received much atten-
tion in recent years, and the use of global statistics, such as intensity histograms, has proved controversial**=?’.
The role of spatial frequency analysis has been implicated for texture appearance® and in particular has proved
useful in accounting for fabric appearance®'; here we adopt a similar approach.

Power spectra were calculated for variations in metal smoothness and coating bumpiness. Images were first
windowed to minimise edge effects when computing the Fourier transforms. Spatially two-dimensional images
give rise to two-dimensional spectra in frequency space; these were interpolated from x- and y-axis frequencies
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Figure 2. Spectral analysis of the stimuli used for conjoint measurement. Power spectra are shown for varying
levels of (a) metal smoothness (green scale bar) and (b) coating bumpiness (blue scale bar) of the stimuli,
interpolated onto a one-dimensional scale of radial frequency. Left: Spectra have been averaged across all eight
viewing angles of the objects. Right: The power spectra for each individual viewing angle are shown separately,
over the region shaded in grey in the left-hand plots. The mean power over the range shown is given by a
horizontal line.

onto a one-dimensional radial (r-) frequency axis, equivalent to averaging frequency spectra by orientation as
per convention®2. As with studies into the statistics of natural images, power spectra showed a slope of approxi-
mately 1/f when plotted on log-log axes®*~**. This supports the claim that, while synthetic, the stimuli used in
this study were naturalistic. As seen in Fig. 2a, metal smoothness had a strong effect on this slope, with greater
roughness attenuating higher spatial frequencies in the image (Fig. 2a, left). This was well conserved across the
eight rotations of the object (Fig. 2a, right), with good agreement in the mean spectral power over the high-end
of the spectrum (between 23 and 53 cycles per image, or cpi, as given in previous studies®') for particular levels
of smoothness. Coating bumpiness also affects the power spectra of images (Fig. 2b); the divots and bumps of
the coating create distortions in the images where previously image regions were fairly uniform. This results in
low-frequency components being slightly attenuated, as the coating disrupts the regular curvature of the objects.
However, there is a poor concordance of spectra for individual levels of bumpiness across the different rotations
of the object. Surprisingly, increasing coating bumpiness results in negligible increases in the power of high-
frequency components, despite the apparent increases of fine details in the image. The amplitude spectrum, then,
is not a good candidate for reliable judgments of coating bumpiness.

An immediate evaluation of whether spatial frequency distributions can account for material appearance can
be made by swapping the Fourier amplitude spectra or phase responses of images of different materials®>. It
is clear from amplitude-phase swaps (not shown) that metal smoothness is primarily determined by amplitude
spectra, while coating bumpiness is determined by both amplitude and phase spectra.

Steerable pyramid analysis.  Although global spatial frequency features can sometimes provide good metrics
to evaluate texture and material properties, in particular when images are of a single object and viewpoint, and
other features are kept constant, they perform poorly outside limited cases. Another image processing approach,
which is more robust against changes of these nature, is to use steerable pyramids®’~*°. Steerable pyramids are
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Figure 3. Steerable pyramid synthesis, starting from an image at the center of the stimulus space (PJ). Steerable
pyramid analysis of the stimuli used for conjoint measurement. (a) Steerable pyramid synthesis, starting from an
image at the center of the stimulus space (Py). The synthesis process attempts to match the pyramid parameters
of that image with the parameters of another pyramid, in this case from four different sides of the stimulus
space, reaching smooth metal (P?), rough metal (P?), even coatings (Pf), bumpy coatings (Pg ). (b) Heatmaps
showing filter responses summed over orientations, for each level of the steerable pyramid. Values of each level
have been normalized to the lowest physical scale value, to show the relative changes throughout the stimulus
space, averaged across all viewing angles of the objects. (c) The response of Level 1 filters is a good predictor

for metal smoothness, while the comparison of Level 1 and 4 filters is a good predictor for coating bumpiness,
across all viewing angles. For each plot, individual data series are for a single viewing angle.

constructed by computing the outputs of oriented linear (Gabor-like) filters, at different spatial scales of an
image. Algorithmically this is achieved by iteratively blurring and downsampling the image, computing filter
outputs at each level, as well as marginal statistics over the images and residuals such as their variance, mean, and
kurtosis***. At a basic level, this method can be used to map local orientations throughout an image, obtaining
an ‘orientation field*?, and is sensitive to both local and global image features. Calculating the joint statistics of
subbands, such as autocorrelations and correlations across scales and orientations of the pyramid, results in a
rich catalogue of parameters that captures many of the spatially invariant statistics and features of textures. This
is most directly demonstrated by the de novo synthesis or the extrapolation of visibly similar textures*. While
this catalogue may contain several hundred parameters, they are retained in a comprehensible, readable format,
and are suitable for image analysis. While steerable pyramids are no longer the state-of-the-art in texture syn-
thesis, having been supplanted by convolutional neural networks featuring many thousands or even millions of
parameters®, they remain useful to vision science in their ease of implementation, interpretability (i.e. they are
not a ‘black box’), and similarity in principle to the processing understood to occur in the human visual system.
Recently, steerable pyramid outputs have been shown to correlate with patterns of neural activity in the macaque
visual cortex in response to images of textures**.

The synthesis side of steerable pyramid analysis provides an alternative to Fourier phase-swapping. Images
may be synthesised starting with either noise or a source image, and transferring the steerable pyramid param-
eters from a desired template pyramid. Starting with an image taken from the center of the parameter space as
the base image allows us to evaluate if the steerable pyramid parameter catalogue captures the necessary image
statistics to describe (and synthesise) the wider parameter space, and to probe how different components of the
parameter catalogue contribute to each parameter’s associated percept. As shown in Fig. 3a, which contains the
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Figure 4. Comparison of computational models and observers for difference scaling of the dimensions of the
stimulus space. (a) Simulated difference scaling using models of metal smoothness and coating bumpiness.
The models use only the output of steerable pyramid levels for comparing trials. (b) Difference scaling results
obtained from 5 observers completing an MLDS task. Error bars show 95% confidence intervals obtained via
bootstrap.

central image of the stimulus space in the middle, and four synthetic images around it, steerable pyramids can
sufficiently capture the properties of the stimulus space for both metal smoothness and coating bumpiness (see
Fig. S3 in Supplementary Information for synthesis examples where pyramids are swapped across different view-
ing angles, which provides preliminary investigation of the causal effects of manipulating these image statistics).

Images in the stimulus set were analyzed with a steerable pyramid of four layers and four orientations. The
responses of linear filters at different spatial scales, averaged over filter orientations and across all object rota-
tions, are given as heatmaps in Fig. 3b. All values presented are logarithmically transformed, as per the typical
responses of neurons in the early visual pathway, although this did not effect results. As expected (and in concord-
ance with the results of spectral analysis), increasing smoothness correlated with an increase in the magnitude
of responses for filters at low levels of the pyramid, corresponding to the presence of fine details in the image.
Increasing coating bumpiness also correlated with a clear increase in these responses. This corresponds with
the fine edges and corners that coating bumpiness introduces in the images, which are poorly described by the
global spatial-frequency analysis shown in Fig. 2. Outputs of the filters for the fourth level of the pyramid reduced
with increasing coating bumpiness, corresponding to the weakening of low-frequency components, which is
also seen in Fig. 2b. While both fine (high spatial frequency) features and broad (low spatial frequency) features
are directly affected by coating bumpiness, neither one of these measures is directly comparable across differ-
ent object rotations, and a visual system employing one of these metrics alone to estimate material properties
would therefore exhibit limited viewpoint invariance, a requirement for robustness. However, by comparing the
activations of linear filters across different scales, namely by computing the ratio of Level 1 outputs to Level 4, a
metric is obtained that shows strong correlation with coating bumpiness both within and across viewing angles,
shown in Fig. 3c.

To see whether both axes of the conjoint measurement stimulus space could be reliably discriminated using
the outputs of steerable pyramid analysis, we performed a difference scaling task with models using Level 1 and
the difference between Level 1 and Level 4, to evaluate metal smoothness and coating bumpiness, respectively.
The results, shown in Fig. 4a, reflected the scaling functions of observers (Fig. 4b), which had previously been
measured in a Maximum Likelihood Difference Scaling (MLDS) task to find an equidistant spacing for the
conjoint measurement stimulus set (further details found below in the “Methods” section).

Modeling metallicity. We then sought to model the performance of observers in the conjoint measure-
ment task, where they made judgments about the relative metallicity of pairs of stimuli that varied in both metal
smoothness and coating bumpiness. In keeping with the literature on gloss, which suggests that glossiness in
natural images may be inferred by (or at least correlated with) global luminance distributions, we compared a
range of models that used different estimators of global image statistics as a predictor for metallicity, summa-
rised in Table 1 (full results in Fig. S2 in Supplementary Information). Skewness (abbreviated to Sk in Table 1) of
the luminance distribution (histogram) has previously been found to correlate with the perceived glossiness of
materials in images**?*. A model using luminance distribution skew showed an increase in metallicity judgment
with increasing metal smoothness of the metal base, as seen in the observer data. However, this model was not
affected by coating bumpiness, whereas all of the observer data sets were best fit by additive models rather than
independent (i.e. both dimensions of the stimulus space have an effect on observer judgments). Models estimat-
ing metallicity according to global contrast, such as dynamic range (either simply taking the ratio of the brightest
and dimmest pixel, DR, or a more robust average of the brightest and dimmest 10 pixels, rDR) or Michelson
contrast (MC) gave similar results, with predicted metallicity varying only as a function of metal smoothness.
A model using root mean square (RMS) as a global contrast measure gives rise to results highly concordant
with the observer P1-4 average. RMS has an established record as a reliable indicator of image contrast*, how-
ever, as Bex and Makous remark, a global metric such as RMS is difficult to relate to models of the human visual
system. RMS is also equivalent to the standard deviation of the luminance distribution, which has previously been
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Table 1. Table summarising the global contrast estimators used in modeling conjoint measurement
assessment of metallicity. N denotes the total sample number (i.e. the number of pixels in the image), while n
denotes the number of a sub-population. B is a highly blurred copy of the original luminance image, L. 14 is the
mean luminance value and o is the standard deviation of the luminance distribution.

suggested as a predictor for metallicity’’. A method of estimating local image contrast (LIC), by simply averaging
differences between each pixel and the image mean (for the region containing the object) gave similar results,
with metallicity increasing monotonically with metal smoothness, and decreasing with coating bumpiness. If
differences were computed not against the image mean, but rather a local mean (the same location in a heavily
blurred image, LICblur), the model also gave similar results to participant data. We also implemented the Meese
and Summers method for estimating global contrast with gain control*, which has recently been found to more
accurately predict observer performance in contrast estimation tasks*. Models employing this estimator, using
either the mean of the image (MS) or pixels in a blurred image (MSblur) to calculate local contrast, performed
similarly to the observer P1-4 average.

While some of the models we tested gave rise to estimates of metallicity similar to those obtained on average
from observers in the conjoint measurement task, we also considered a model that computes global contrast
directly from the outputs of steerable pyramids, shown diagrammatically in Fig. 5a. This is in keeping with an
established, earlier ‘generalized multiple-channel model of visual detection and perception®*>**!. We wanted to
see whether this simple computational model, taking as inputs the linear filter responses across different spatial
scales, could replicate the performance of observers during the conjoint measurement of metallicity. In particular,
it was of interest whether such a model could accommodate the individual differences we found in observers,
as well as the average of similar observers (P1-4). A model was built that took weighted responses of just two
different levels of the steerable pyramid—Level 1 (corresponding to fine details in the image) and Level 4 (corre-
sponding to coarse image features). As shown in Fig. 5a, the model has only two free parameters—the weightings
(taking any real value) for each level. As Fig. 5b shows, this two-parameter model can give very similar results to
observer data, when the weightings of each level are optimised for each observer’s conjoint measurement model.
The same figure also shows how a model performs that is using only the outputs of Level 1, that is, a model that is
essentially estimating smoothness differences as a proxy for metallicity. This model performs similarly to P4 and
the inverse of P5 (i.e. P4 could be equating smoothness with metallicity, while P5 could be equating roughness
with metallicity), while the conjoint measurement models of other observers agree more with a primarily Level
4-based model. This is also apparent by examining the optimised weights for the computational models fit to
each observer, shown in Table 2, as for both P4 and P5 the optimal weighting for Level 1 has a greater magnitude
than Level 4. These individual differences will be addressed in the following section.

Discussion

Investigating material perception presents some particular challenges to visual neuroscientists and psychophysi-
cists. Stimuli require both verisimilitude and versatility; they must be convincing representations of the material
percept in question, and they should have properties that can be predictably and independently varied. Our
stimuli, of physically-based rendered computer graphics, meet these requirements. The model of a coated metal
object, with varying metal smoothness and coating bumpiness, allows for a continuous stimulus space extending
across both metallic and plastic appearances, and every location within this space is a (synthetic) natural image.
Additionally, we have shown that these physical properties predictably determine image statistics of the stimuli,
through a steerable pyramid analysis, which are then directly relatable to the percept of metallicity.
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Figure 5. Modeling observer judgments of metallicity. (a) The computational model of metallicity, taking

a weighted comparison of the outputs of Level 1 and Level 4 of the steerable pyramid decomposition. The
pyramid is shown on the left, with higher levels resulting from applying a Gaussian blur to preceding levels
and downsampling the spatial resolution by a factor of 2 (not to scale). The same linear oriented filters operate
on all levels, such that lower levels generate responses owing to an image’s fine details, and higher levels
generate responses owing to coarse features. The model has only two free parameters, a and b, the weightings
of responses for Level 4 (coarse features) and Level 1 (fine details). (b) This model accounts for the observer
judgments of metallicity. Conjoint measurement contributions are shown for metal smoothness (green) and
coating bumpiness (blue). Observer estimates obtained via MLCM are shown in faded colors as in Fig. 1, with
computational model fits shown in dotted lines. Also shown are the conjoint measurement contributions for
computational models using only a single level of the pyramid. Level 1, corresponding to fine image features,
at the top right, and Level 4, corresponding to coarse image features, at the bottom right. Error bars for pooled
participant data show + s.e.m. (N = 4) and for individual observers show 95% confidence intervals obtained via
bootstrap.

Observer L1 14

P1 0.262 13.955
P2 0.110 15.939
P3 -1.832 | 11.514
P4 5.527 4.988
P5 -3.852 | -2.691
Mean 1-4 1.017 11.600

Table 2. The optimal weightings of Level 1 and Level 4, for a computational model of metallicity fit to
observer data.
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Most observers tended to judge smoother metal as more metallic, confirming a previous finding for ambient
lighting conditions'!. However, one participant (P5) showed the opposite effect, raising questions over the homo-
geneity of the population of observers for metallicity judgements, and material perception in general. This double
potential for metallic appearance, whilst at first seeming contradictory, is consistent with the physical properties
of metals. Specifically, the hardness of metals enables their surfaces to stably retain both a highly polished, mir-
ror appearance, when microfacets are approximately coplanar, as well as a roughened, matte appearance, when
microfacets are highly misaligned. Indeed, it is reasonable to assume that visual material judgements are heavily
influenced by each observer’s typical environment, in this case whether they are more likely to see matte metal-
lic surfaces such as anodized aluminium electronics, weathered coins, or brushed metal appliances etc., rather
than highly-polished and mirror-finish objects. Individual differences are neatly captured by our computational
model of metallicity by re-weighting the levels of the pyramid used in the model, as summarised in Table 2.

As increasing metal roughness tends to decrease the strength of metallic appearance for the majority of
observers, this may initially suggest that observers are simply estimating the degree of articulation within the
reflected image of the object’s environment, and relating that to metallicity. Rougher metals blur specular reflec-
tions, attenuating high spatial-frequency components as seen in Fourier power spectra. However, the negative
contributions to metallicity of coating bumpiness, which actually increases the degree of articulation over the
object’s surface (as evidenced by increasing the activations of lower levels of steerable pyramids), suggests a
different mechanism. Two possibilities remain when the experimental results are considered in the light of the
modeling we have undertaken. It could be that fine (high spatial-frequency) details and edges are less important
to observers than broad (low spatial-frequency) details. Coating bumpiness introduces additional fine details,
such as edges and corners, while disrupting gradual, coarser features, and this is particularly the case when the
reflected environment image is already blurred (in the rougher regions of the stimulus space). Or, it could be that
observers are selectively relating fine details to metallicity only when they are recognised as part of the reflected
image of the environment, whose edges are generally continuous and extended owing to the properties of natural
images. While coating bumpiness increases the fine details on the object’s surface, these show a reduction in
collinearity and co-circularity (i.e. correlations between neighbouring oriented filters of the same orientations).
It is plausible that observers are sensitive to this (e.g.”?), and that the resultant irregularly wrinkled appearance
does not contribute to perceptions of metallicity in many observers, and perhaps may even disrupt it.

This raises another issue: to what extent the statistics we have identified as a potential basis for observer judge-
ments causally determine material appearance, or simply correlate with other image properties that determine
how metallic the stimuli appear to observers. This question has proved controversial with regards to luminance
histograms and the perception of gloss**~23. We have provided evidence here that modifying the steerable
pyramid coefficients of an image can modify material appearance (Fig. 3a), but only for the limited case where
all coefficients of the pyramid (for a given conjunction of coating bumpiness and metal smoothness) are swapped
with another image of the same geometry and lighting. Our computational model of metallicity (Fig. 5) uses
the minimal subset of these coeflicients (Level 1 and Level 4 subbands of the pyramid) that allow for observer
performance to be replicated with this particular set of stimuli, but for a model to generalize beyond this data
set, it is likely that other parts of the pyramid would be required, including statistics of global luminance distri-
bution, and joint statistics of subbands.

If observers have built more of a matte metallic association, ‘shiny’ objects’ appearances may be more readily
associated to plastic-coated objects, or—and particularly if seen without a background for context—to trans-
parent glass objects. As objects in our stimulus set were presented in a void, one initial question the perceptual
system may have to answer is whether they are reflecting light or transmitting light—are the objects mirrors or
windows? For a perfectly polished metal surface, which reflects a mirror image of a given environment, there
exists a corresponding transparent object of another environment, which gives rise to a very similar image for
the observer. Tamura et al. recently investigated this ambiguity in material perception, and found that without
motion cues from dynamic stimulus presentations, observers classify mirror objects as glass between 8 and 40%
of the time, depending on the object geometry*. This study only considered perfectly smooth surfaces, but we
can speculate as to how increasing roughness might improve or disrupt classifications. When light reflects off a
rough metal surface, microscale geometric inhomogeneities have the effect of scattering a fraction of the light at
angles other than the angle of reflection, the result being a blurring of the image. For rough transparent objects,
light is scattered at both entry and exit points. Rather than simply blurring the transmitted image, this also
tends to flatten and desaturate it, giving a ‘frosted’ or translucent appearance, as light from illuminants may be
distributed to any region of the object after the initial scrambling at entry. This effect is shown in Fig. 6, where
silver and glass objects are rendered with different levels of physical roughness. For silver and glass objects whose
roughness gives a similar blurring of the reflected environment, glass objects show a more tightly constrained
luminance distribution, lacking the extreme highlights and shadows present over the surface of the metal object.
We would therefore expect that observers who confuse smooth metal for glass might be less prone to this error
for objects whose surfaces are not perfectly smooth.

In this study, stimuli have consisted of objects devoid of any background, although it is almost certainly the
case that in everyday vision, observers are heavily influenced by environmental context in their appraisal of
metallic surfaces. In such cases, the relative luminance of surfaces with respect to environmental illumination
is likely one of the most reliable potential cues, as typical metallic surfaces reflect all of the incident light falling
on them. This may be particularly critical for the perception of very rough, even matte, metal surfaces such as
anodized aluminium, or patinated metals. The surfaces of such materials cannot be said to be devoid of a diffuse’
appearance, but rather fall along a continuum of matte and mirror appearance. It is therefore also possible that
there is not one single visual feature that confers the appearance of metallicity, but rather several categories e.g.
polished, matte, painted, rusted etc.

Scientific Reports |

(2021) 11:16396 | https://doi.org/10.1038/s41598-021-95416-6 nature portfolio



www.nature.com/scientificreports/

glass

roughness

0 0
0 0.5 1 0 0.5 1 0 0.5
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Figure 6. Comparing the effect of roughness on glass and silver objects. Glass (top row) and silver (bottom
row) spheres have been rendered with varying physical roughness, increasing to the right. The objects have a
similar luminance profile when completely smooth, making it hard to discern which material is which. However,
increasing roughness has a more pronounced effect on the glass object than the silver object, as the luminance
distribution is more tightly constrained, despite a similar apparent level of image blurring.

Lastly, we wish to stress the limitations of this study. There is a wide range of cues that may support the
perception of material properties, ranging from high-level object recognition (the object is a knife, knives are
typically made of metal), motion cues (deformation or flexibility), auditory cues (sound made when struck), and
haptic cues (surface roughness, hardness, thermal conductivity). In this study we were only interested in how
observers judge metallicity from the visual appearance of an object’s surface, we therefore kept macroscale shape
and environmental illumination constant across conditions, although these are certain to have an effect!!**-,
While material judgments in everyday vision are likely to be categorical as a function of decision boundaries, in
this study we only ask observers to judge the relative metallicity of stimuli. We cannot claim to have developed a
general model of metallicity, although we hope that our approaches, both experimental and computational, will
prove useful for investigating other facets of metallicity and material perception more broadly.

Conclusion

Using physically-based rendering to generate synthetic natural images, we investigated the relationship between
observer metallicity judgements and low-level image features. While global image features such as frequency
spectra, dynamic range, and luminance contrast were unable to account for robust observer judgements of the
metallicity of stimuli, local image features—the activations of Gabor-like filters computed with steerable pyramid
analysis—could be used to replicate observer performance, including significant individual differences.

Methods

Stimuli.  Scene modeling. Stimuli consisted of computer-generated images, the primitive of which was a
metal sphere randomly deformed to contain smoothly curving projections, enveloped within a coating. This
shape exhibits several required properties. It has a wide array of curvatures, including regions of both highly
positive and negative curvature, as well as numerous saddles, which ought to aid in visual judgements of material
qualities®”. This being so, the shape has a distinct solidity, with flatter regions of the structure preventing it being
perceived as a smoothly flowing or rippling liquid. In combination, the flatter and more curvaceous regions of
the shape give rise to specular reflections of the environment across the gamut of those seen day-to-day in metal-
lic surfaces, such as cars, cutlery, and cookware. While it has rotationally invariant statistical features—the height
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and frequency of projections—these are distributed randomly, ensuring that when viewed from different angles
observers must make a material judgment, rather than a direct image comparison. Direct image comparisons
(i.e. comparing the same region of the environment reflected in two or more objects) are also hindered by the
high frequency of random projections, which scramble the locations of the environment’s features.

Stimuli were modeled using Blender 2.77, open-source 3D computer graphics software, in a similar manner
to a recent study on metal and glass visual perception®. First, the object was created as an icosphere with two
subdivisions. Then, the mesh is subdivided, with the number of ‘cuts’ set to two, ‘fractal’—a measure of random
deviation in the mesh—set to 10, and ‘along normal’ set to one, ensuring projections lead directly out from the
center. The ‘subdivision surface’ modifier is then applied with two subdivisions, and smooth shading was speci-
fied. The coating is defined as the same shape scaled up by a factor of 1.05. This has a further two subdivisions
applied, giving a resolution that permits smooth bumpiness. The bumpiness is defined with a ‘displace’ modi-
fier, configured with a Stucci texture of size 0.05 and turbulence 1.00. The ‘strength’ level of the modifier varies
between 0 and 0.05. As the name may suggest, the ‘Stucci’ procedural texture provides a random displacement
field that evokes a decorative process, as opposed to naturally occurring or unrealistic options such as Voronoi
patterns or simple spheres.

Rendering.  Physically-based rendering was carried out with Mitsuba®, configured hyperspectrally with 31
10-nm wavelength bins between 395 and 705 nm. Rendering specifications (materials, rendering engine, inte-
grator etc.) were defined with RenderToolbox where possible®. The object was assigned a ‘rough conductor’
BRDF with the spectral reflectance of silver. Roughness (the inverse of smoothness) was varied between 0 and
0.15, using the ‘ggx” microfacet distribution model, as it has been found to give more physically accurate results
over the standard Beckmann distribution®. The coating was assigned a ‘dielectric’ BRDF with a refractive index
of 1.4, a plausible value for a varnish or glaze, and an interior homogeneous mediuny’ with absorbance defined as
0, 0.05, 0.60 in RGB (which is then interpolated to hyperspectral data by Mitsuba), at a ‘scale’ of 20. Eight renders
of each coated object were obtained by rotating at 45° intervals around its vertical axis.

Objects were illuminated by the ‘Overcast day/building site’ environment light probe made by Bernhard
Vogel (http://dativ.at/lightprobes/), which provides a realistic environment that does not require tone mapping
or compression of the luminance space for presentation on a standard display. Path tracing was computed with
the ‘extended volumetric path tracer’ with an infinite maximum path length. The ‘hide emitters’ function created
images of objects in a black void. The ‘low discrepancy sampler’ was used; a sample count of 256 was found to
give images of sufficiently low noise. For the MLDS stimuli sets, 176 images were rendered over 17 hours on a
Macbook Pro (early 2015). For the MLCM stimulus set, a further 200 images were rendered over over 20 hours.

Rendering outputs were 31-dimensional 512 x 512 pixel hyperspectral images. These were transformed to
LMS values based on Stockman and Sharpe 2° cone fundamentals before conversion to RGB for display on a cali-
brated cathode ray tube (CRT) display. The final images were 512 x 512 single precision floating point matrices.

Psychophysics. Participants. Five practised observers were recruited from the Department of Experi-
mental Psychology at the University of Oxford. All participants had normal colour vision (as determined using
an HRR test) and normal or corrected-to-normal visual acuity. Participant age ranged from 23 to 28 years. All
participants gave informed consent. The protocols of the study were approved by the Medical Sciences Interdi-
visional Research Ethics Committee at the University of Oxford, in accordance with the Declaration of Helsinki.

Difference scaling. In order to determine the spacing of stimuli, we initially performed a maximum likeli-
hood difference scaling (MLDS) analysis for each dimension of the stimulus space®'. This indirect method has
advantages over more traditional appearance-based (suprathreshold) methods such as Thurstonian scales and
just-noticeable difference estimation, and may arrive at more accurate estimates®. MLDS has been used to eval-
uate colour perception®®, depth perception®, image quality®*®’, emotion®® and gloss perception®. By obtain-
ing approximately equivalent spacings throughout the stimulus space, we safeguard against nonlinearities and
prevent one dimension from dominating the other during the conjoint measurement task.

MLDS procedure. Participants viewed all stimuli in a dark room on a CRT monitor (NEC, FP2141SB, 21
inches, 1600 x 1200 pixels) controlled with ViSaGe MKII (Cambridge Research Systems), which allows 14-bit
intensity resolution for each phosphor. Gamma correction was performed with a ColorCAL MKII colourimeter
(Cambridge Research Systems) and spectral calibration was performed with a SpectroCAL MKII spectroradiom-
eter (Cambridge Research Systems). Viewing distance was maintained with a chin rest positioned 92 cm from
the CRT monitor. Participants viewed the screen binocularly.

On each trial, participants were presented with a quadruple (i.e. two pairs of stimuli simultaneously pre-
sented) and asked to indicate for which pair the material composition of the objects appeared to have a greater
within-pair difference. Trials comprising variations in metal smoothness, and variations in coating bumpiness,
were interleaved. In either case, the values of the varying properties of the four objects on each trial were drawn
from eleven possible values, such that all four objects had different values. Additionally, each image in the
quadruple was viewed at a rotational angle drawn without replacement from the eight 45° intervals, preventing
direct image comparison. Participants viewed all 310 non-overlapping quadruples, for variations in both metal
smoothness and surface bumpiness, in a randomised order. Participants were given 3 s to respond to each trial
and entered their response by pressing either up or down on a response box, selecting either the upper pair or
lower pair in the quadruple.
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Conjoint measurement analysis. Methods of conjoint measurement analysis, and in particular the fitting of
models through maximum likelihood estimation, have been developed for some time in psychophysics’®”!.
Maximum likelihood conjoint measurement (MLCM) has been applied to colour’?, the watercolour effect’®, as
well as material judgments’”#7>. The basis of this approach is to find the relative contributions of two (or more)
independent physical dimensions to a single perceptual judgment. In our case, we are interested in the effect of
metal smoothness, S, and coating bumpiness, B, on the percept of metallicity, M. When an observer is given the
choice of two images, one of metal smoothness and coating bumpiness levels (4, j), the other of (k, [), and must
decide which she finds more metallic, we can model the decision variable, A as:

AG,j k1) = YM (s + b)) — yM(sk +bp) + € (1)

where ¥/ is a function that relates the physical levels of a stimulus—for example of ith-level metal smoothness,
si» and the jth-level of coating bumpiness, bj—the to the percept of metallicity. The decision variable is perturbed
by Gaussian noise, € ~ N0, 02).

These latent functions can be modeled with a set of nested hypotheses, with each hypothesis formulated
as a generalized linear model. The most restricted model is the independent model, where only one dimension
influences the perceptual judgment, and the observer’s decision process is uncontaminated by other dimensions.
For example, if the percept of metallicity were only a function of metal smoothness, the decision variable could
then be expressed as:

AG,j k1) = Y8 (s) — yMS(se) + e )

where M:S(s;) is the additive contribution of metal smoothness to metallicity, computed for the ith-level of
that dimension.

If such contamination is present, the next level of the model with increasing complexity supposes a linear
mixing of the two physical dimensions, and is said to be additive.

AGj kD) = (YMS(s) + y™MEb)) — (v s1) + M B b)) + e 3)

If this mixing is not linear, but the contribution of one dimension to the perceptual judgment depends on the
level of the other, a fully comprehensive—or saturated—model is required to best account for the variance of the
data. In this case, the functions relating physical levels of metal smoothness to the percept of metallicity depend
on how bumpy the coating is, %), and vice-a-versa. The decision variable is then given by:

AGj kD) = (YMSE) (s) + Y MBED (b)) — (M5O (5) 4y MBS (b)) + € (4)

With a set of collected responses from observers, these models can be fit via optimization, to maximize the
likelihood function given trial indices. This accounts for the stochasticity of observers, and allows us to com-
pare across levels of the nested hypothesis by evaluating their goodness of fit using the log likelihood. If a more
complex model results in a significantly better fit (as found by a chi-squared approximation), it is preferred over
the simpler model. Ultimately we obtain values of d’, the sensitivity index’®, which gives a measure of how dis-
criminable the effect of changing physical dimensions of the stimuli is on the percept of metallicity.

MLCM procedure. 'The experiment was carried out in a similar manner as for MLDS. Each trial consisted of
simultaneous presentation of a pair of stimuli, with participants asked to indicate which object appeared “more
likely to be made of metal”. In each trial, the values of the varying dimension of the two objects were drawn at
random, without replacement, from the five possible values. Additionally, each image in the pair was viewed at
a rotational angle drawn without replacement from the eight 45° intervals, hindering direct image comparison.
Each participant viewed all 325 pairs, in a randomised order, four times, totalling 1300 trials. Participants were
given 2 s to respond to each trial and entered their response by pressing either left or right on a response box,
selecting either left or right in the pair.

Data availability

The datasets generated and analysed during the current study, along with the code required to generate the fig-
ures in this paper, are available in the Figshare repository, https://doi.org/10.6084/m9.figshare.14079807.v2. The
packages for fitting difference scaling and conjoint measurement models in Matlab are also available separately
at the following Github repository: https://github.com/hirschland/SupraThresh.

Received: 23 February 2021; Accepted: 12 July 2021
Published online: 12 August 2021

References

1. Fleming, R. W,, Wiebel, C. & Gegenfurtner, K. Perceptual qualities and material classes. J. Vis. 13, 9. https://doi.org/10.1167/13.8.9
(2013).

2. Sharan, L., Rosenholtz, R. & Adelson, E. H. Accuracy and speed of material categorization in real-world images. J. Vis. 14, 12.
https://doi.org/10.1167/14.9.12 (2014).

3. Vangorp, P, Barla, P. & Fleming, R. W. The perception of hazy gloss. J. Vis. 17, 19. https://doi.org/10.1167/17.5.19 (2017).

4. Tamura, H., Higashi, H. & Nakauchi, S. Dynamic visual cues for differentiating mirror and glass. Sci. Rep. 8, 8403. https://doi.org/
10.1038/s41598-018-26720-x (2018).

Scientific Reports |

(2021) 11:16396 | https://doi.org/10.1038/s41598-021-95416-6 nature portfolio


https://doi.org/10.6084/m9.figshare.14079807.v2
https://github.com/hirschland/SupraThresh
https://doi.org/10.1167/13.8.9
https://doi.org/10.1167/14.9.12
https://doi.org/10.1167/17.5.19
https://doi.org/10.1038/s41598-018-26720-x
https://doi.org/10.1038/s41598-018-26720-x

www.nature.com/scientificreports/

10.
11.
12.
13.
14.
15.
16.
17.
. Pharr, M., Jakob, W. & Humphreys, G. Physically Based Rendering 3rd edn. (Elsevier, 2016).
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.

31.
32.

33.
34.
35.
36.
37.

38.

39.

40.

41.
42.

43.

. Liu, C,, Sharan, L., Adelson, E. H. & Rosenholtz, R. Exploring features in a Bayesian framework for material recognition. In 2010

IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 239-246 (IEEE, San Francisco, CA, USA) https://
doi.org/10.1109/CVPR.2010.5540207 (2010).

. Bell, S., Upchurch, P, Snavely, N. & Bala, K. Material recognition in the wild with the Materials in Context Database. In 2015 IEEE

Conference on Computer Vision and Pattern Recognition (CVPR), 3479-3487 (IEEE, Boston, MA, USA) https://doi.org/10.1109/
CVPR.2015.7298970 (2015).

. Christie, J. S. An instrument for the geometric attributes of metallic appearance. Appl. Opt. 8, 1777-1785. https://doi.org/10.1364/

A0.8.001777 (1969).

. McCamy, C. S. Observation and measurement of the appearance of metallic materials. Part I. Macro appearance. Color Res. Appl.

21, 292-304. https://doi.org/10.1002/(SICI)1520-6378(199608)21:4<292::AID-COL4>3.0.CO;2-L (1996).

. McCamy, C. S. Observation and measurement of the appearance of metallic materials. Part II. Micro appearance. Color Res. Appl.

23, 362-373. https://doi.org/10.1002/(SICI)1520-6378(199812)23:6<362:: AID-COL4>3.0.CO;2-5 (1998).

Kirchner, E., van den Kieboom, G.-J., Njo, L., Supér, R. & Gottenbos, R. Observation of visual texture of metallic and pearlescent
materials. Color Res. Appl. 32, 256-266. https://doi.org/10.1002/c0l.20328 (2007).

Todd, J. T. & Norman, J. F. The visual perception of metal. J. Vis. 18, 9. https://doi.org/10.1167/18.3.9 (2018).

Toscani, M., Guarnera, D., Claudio Guarnera, G., Hardeberg, J. Y. & Gegenfurtner, K. R. A role for metallicity in the perception of
surface reflectance. In 41st European Conference on Visual Perception (ECVP), 2018 Trieste. Perception 48(1_suppl), 1-233. https://
doi.org/10.1177/0301006618824879 (2019).

Todd, J. T. & Norman, J. F. Contours produced by internal specular interreflections provide visual information for the perception
of glass materials. J. Vis. 20, 12. https://doi.org/10.1167/j0v.20.10.12 (2020).

Komatsu, H., Nishio, A., Okazawa, G. & Goda, N. ‘Yellow’ or ‘gold’?: Neural processing of gloss information. In Computational
Color Imaging (eds Tominaga, S. et al.) 1-12 (Springer, 2013).

Adelson, E. H. On seeing stuff: The perception of materials by humans and machines, Proc. SPIE 4299, Human Vision and Electronic
Imaging VI. https://doi.org/10.1117/12.429489 (2001).

Koenderink, J., Valsecchi, M., Doorn, A. V., Wagemans, J. & Gegenfurtner, K. Eidolons: Novel stimuli for vision research. J. Vis.
17, 7. https://doi.org/10.1167/17.2.7 (2017).

Rust, N. C. & Movshon, J. A. In praise of artifice. Nat. Neurosci. 8, 1647-1650. https://doi.org/10.1038/nn1606 (2005).

Newman, S. D., Klatzky, R. L., Lederman, S. J. & Just, M. A. Imagining material versus geometric properties of objects: An fMRI
study. Cogn. Brain Res. 23, 235-246. https://doi.org/10.1016/j.cogbrainres.2004.10.020 (2005).

Cant, J. S., Arnott, S. R. & Goodale, M. A. fMR-adaptation reveals separate processing regions for the perception of form and
texture in the human ventral stream. Exp. Brain Res. 192, 391-405. https://doi.org/10.1007/s00221-008-1573-8 (2009).
Cavina-Pratesi, C., Kentridge, R., Heywood, C. & Milner, A. Separate channels for processing form, texture, and color: Evidence
from fMRI adaptation and visual object agnosia. Cereb. Cortex 20, 2319-2332. https://doi.org/10.1093/cercor/bhp298 (2010).
Hiramatsu, C., Goda, N. & Komatsu, H. Transformation from image-based to perceptual representation of materials along the
human ventral visual pathway. Neuroimage 57, 482-494. https://doi.org/10.1016/j.neuroimage.2011.04.056 (2011).

Nishio, A., Goda, N. & Komatsu, H. Neural selectivity and representation of gloss in the monkey inferior temporal cortex. J.
Neurosci. 32, 10780-10793. https://doi.org/10.1523/J]NEUROSCI.1095-12.2012 (2012).

Motoyoshi, L, Nishida, S., Sharan, L. & Adelson, E. H. Image statistics and the perception of surface qualities. Nature 447, 206-209.
https://doi.org/10.1038/nature05724 (2007).

Sharan, L., Li, Y., Motoyoshi, I., Nishida, S. & Adelson, E. H. Image statistics for surface reflectance perception. JOSA A 25, 846-865.
https://doi.org/10.1364/JOSAA.25.000846 (2008).

Anderson, B. L. & Kim, J. Image statistics do not explain the perception of gloss and lightness. J. Vis. 9, 10. https://doi.org/10.
1167/9.11.10 (2009).

Wiebel, C. B., Toscani, M. & Gegenfurtner, K. R. Statistical correlates of perceived gloss in natural images. Vis. Res. 115, 175-187.
https://doi.org/10.1016/j.visres.2015.04.010 (2015).

Kim, ], Tan, K. & Chowdhury, N. S. Image statistics and the fine lines of material perception. i-Perceptionhttps://doi.org/10.1177/
2041669516658047 (2016).

Sawayama, M. & Nishida, S. Material and shape perception based on two types of intensity gradient information. PLoS Comput.
Biol. 14, €1006061. https://doi.org/10.1371/journal.pcbi.1006061 (2018).

Harvey, L. O. & Gervais, M. J. Visual texture perception and Fourier analysis. Percept. Psychophys. 24, 534-542. https://doi.org/
10.3758/BF03198780 (1978).

Giesel, M. & Zaidi, Q. Frequency-based heuristics for material perception. J. Vis.https://doi.org/10.1167/13.14.7 (2013).
Tolhurst, D. J., Tadmor, Y. & Chao, T. Amplitude spectra of natural images. Ophthalmic Physiol. Opt. J. Br. Coll. Ophthalmic Opt.
(Optometrists) 12, 229-232 (1992).

Cohen, R. W, Gorog, I. & Carlson, C. R. Image descriptors for displays. Tech. Rep. PRRL-75-CR-2, RCA Laboratories Princeton,
NJ, USA (1975).

Ruderman, D. L. The statistics of natural images. Netw. Comput. Neural Syst. 5, 517-548. https://doi.org/10.1088/0954-898X54006
(1994).

Oppenheim, A. V. & Lim, J. S. The importance of phase in signals. Proc. IEEE 69, 529-541. https://doi.org/10.1109/PROC.1981.
12022 (1981).

Piotrowski, L. N. & Campbell, £ W. A demonstration of the visual importance and flexibility of spatial-frequency amplitude and
phase. Perception 11, 337-346. https://doi.org/10.1068/p110337 (1982).

Freeman, W. T. & Adelson, E. H. The design and use of steerable filters. IEEE Trans. Pattern Anal. Mach. Intell. 13, 891-906. https://
doi.org/10.1109/34.93808 (1991).

Simoncelli, E. & Freeman, W. The steerable pyramid: A flexible architecture for multi-scale derivative computation. In Proceedings.,
International Conference on Image Processing, Vol. 3, 444-447 (IEEE Comput. Soc. Press, Washington, DC, USA) https://doi.org/
10.1109/ICIP.1995.537667 (1995).

Portilla, J. & Simoncelli, E. P. A parametric texture model based on joint statistics of complex wavelet coefficients. Int. . Comput.
Vis. 40, 49-70. https://doi.org/10.1023/A:1026553619983 (2000).

Heeger, D. J. & Bergen, J. R. Pyramid-based texture analysis/synthesis. In Proceedings of the 22nd Annual Conference on Computer
Graphics and Interactive Techniques, SSIGGRAPH ’95, 229-238, (Association for Computing Machinery, New York, NY, USA)
https://doi.org/10.1145/218380.218446 (1995).

Briand, T, Vacher, J., Galerne, B. & Rabin, J. The Heeger & Bergen pyramid based texture synthesis algorithm. Image Process. Line
4, 276-299. https://doi.org/10.5201/ipol.2014.79 (2014).

Fleming, R. W,, Holtmann-Rice, D. & Biilthoff, H. H. Estimation of 3d shape from image orientations. Proc. Natl. Acad. Sci. U.S.A.
108, 20438-20443. https://doi.org/10.1073/pnas.1114619109 (2011).

Gatys, L. A., Ecker, A. S. & Bethge, M. Image style transfer using convolutional neural networks. In 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2414-2423 (IEEE, Las Vegas, NV, USA). https://doi.org/10.1109/CVPR.2016.
265 (2016).

Scientific Reports |

(2021) 11:16396 | https://doi.org/10.1038/s41598-021-95416-6 nature portfolio


https://doi.org/10.1109/CVPR.2010.5540207
https://doi.org/10.1109/CVPR.2010.5540207
https://doi.org/10.1109/CVPR.2015.7298970
https://doi.org/10.1109/CVPR.2015.7298970
https://doi.org/10.1364/AO.8.001777
https://doi.org/10.1364/AO.8.001777
https://doi.org/10.1002/(SICI)1520-6378(199608)21:4<292::AID-COL4>3.0.CO;2-L
https://doi.org/10.1002/(SICI)1520-6378(199812)23:6<362::AID-COL4>3.0.CO;2-5
https://doi.org/10.1002/col.20328
https://doi.org/10.1167/18.3.9
https://doi.org/10.1177/0301006618824879
https://doi.org/10.1177/0301006618824879
https://doi.org/10.1167/jov.20.10.12
https://doi.org/10.1117/12.429489
https://doi.org/10.1167/17.2.7
https://doi.org/10.1038/nn1606
https://doi.org/10.1016/j.cogbrainres.2004.10.020
https://doi.org/10.1007/s00221-008-1573-8
https://doi.org/10.1093/cercor/bhp298
https://doi.org/10.1016/j.neuroimage.2011.04.056
https://doi.org/10.1523/JNEUROSCI.1095-12.2012
https://doi.org/10.1038/nature05724
https://doi.org/10.1364/JOSAA.25.000846
https://doi.org/10.1167/9.11.10
https://doi.org/10.1167/9.11.10
https://doi.org/10.1016/j.visres.2015.04.010
https://doi.org/10.1177/2041669516658047
https://doi.org/10.1177/2041669516658047
https://doi.org/10.1371/journal.pcbi.1006061
https://doi.org/10.3758/BF03198780
https://doi.org/10.3758/BF03198780
https://doi.org/10.1167/13.14.7
https://doi.org/10.1088/0954-898X54006
https://doi.org/10.1109/PROC.1981.12022
https://doi.org/10.1109/PROC.1981.12022
https://doi.org/10.1068/p110337
https://doi.org/10.1109/34.93808
https://doi.org/10.1109/34.93808
https://doi.org/10.1109/ICIP.1995.537667
https://doi.org/10.1109/ICIP.1995.537667
https://doi.org/10.1023/A:1026553619983
https://doi.org/10.1145/218380.218446
https://doi.org/10.5201/ipol.2014.79
https://doi.org/10.1073/pnas.1114619109
https://doi.org/10.1109/CVPR.2016.265
https://doi.org/10.1109/CVPR.2016.265

www.nature.com/scientificreports/

44.

45.

46.

47.

48.

49.

50.

Freeman, J., Ziemba, C. M., Heeger, D. J., Simoncelli, E. P. & Movshon, J. A. A functional and perceptual signature of the second
visual area in primates. Nat. Neurosci. 16, 974-981. https://doi.org/10.1038/nn.3402 (2013) (Number: 7 Publisher: Nature Pub-
lishing Group).

Okazawa, G., Tajima, S. & Komatsu, H. Image statistics underlying natural texture selectivity of neurons in macaque V4. Proc.
Natl. Acad. Sci. 112, E351-E360. https://doi.org/10.1073/pnas.1415146112 (2015).

Bex, P. J. & Makous, W. Spatial frequency, phase, and the contrast of natural images. J. Opt. Soc. Am. A 19, 1096. https://doi.org/
10.1364/JOSAA.19.001096 (2002).

Motoyoshi, I., Nishizawa, T. & Uchikawa, K. Specular reflectance and the perception of metallic surfaces. J. Vis. 7, 451. https://doi.
0rg/10.1167/7.9.451 (2007) (Publisher: The Association for Research in Vision and Ophthalmology).

Meese, T. S. & Summers, R. J. Area summation in human vision at and above detection threshold. Proc. R. Soc. B Biol. Sci. 274,
2891-2900. https://doi.org/10.1098/rspb.2007.0957 (2007).

Meese, T. S., Baker, D. H. & Summers, R. J. Perception of global image contrast involves transparent spatial filtering and the inte-
gration and suppression of local contrasts (not RMS contrast). R. Soc. Open Sci. 4, 170285. https://doi.org/10.1098/rs0s.170285
(2017).

Schnitzler, A. D. Theory of spatial-frequency filtering by the human visual system. I. Performance limited by quantum noise*.
JOSA 66, 608-617. https://doi.org/10.1364/JOSA.66.000608 (1976).

51. Schnitzler, A. D. Theory of spatial-frequency filtering by the human visual system. II. Performance limited by video noise*. JOSA
66, 617-625. https://doi.org/10.1364/JOSA.66.000617 (1976).

52. Sato, H., Kingdom, E. A. A. & Motoyoshi, I. Co-circularity opponency in visual texture. Sci. Rep. 9, 1-9. https://doi.org/10.1038/
541598-018-38029-w (2019).

53. Marlow, P, Kim, J. & Anderson, B. The perception and misperception of specular surface reflectance. Curr. Biol. 22, 1909-1913.
https://doi.org/10.1016/j.cub.2012.08.009 (2012).

54. Fleming, R. W, Dror, R. O. & Adelson, E. H. Real-world illumination and the perception of surface reflectance properties. J. Vis.
3, 3. https://doi.org/10.1167/3.5.3 (2003) (Publisher: The Association for Research in Vision and Ophthalmology).

55. Motoyoshi, I. & Matoba, H. Variability in constancy of the perceived surface reflectance across different illumination statistics.
Vis. Res. 53, 30-39. https://doi.org/10.1016/j.visres.2011.11.010 (2012).

56. Adams, W. J., Kucukoglu, G., Landy, M. S. & Mantiuk, R. K. Naturally glossy: Gloss perception, illumination statistics, and tone
mapping. J. Vis. 18, 4. https://doi.org/10.1167/18.13.4 (2018).

57. Vangorp, P, Laurijssen, J. & Dutré, P. The influence of shape on the perception of material reflectance. ACM Trans. Graph. 26,77.
https://doi.org/10.1145/1239451.1239528 (2007).

58. Jakob, W. Mitsuba renderer http://www.mitsuba-renderer.org (2010).

59. Heasly, B. S., Cottaris, N. P,, Lichtman, D. P,, Xiao, B. & Brainard, D. H. RenderToolbox3: MATLAB tools that facilitate physically
based stimulus rendering for vision research. J. Vis. 14, 6. https://doi.org/10.1167/14.2.6 (2014).

60. Walter, B., Marschner, S. R,, Li, H. & Torrance, K. E. Microfacet models for refraction through rough surfaces. In Proceedings of the
18th Eurographics Conference on Rendering Techniques, EGSR07, 195-206 (Eurographics Association, Aire-la-Ville, Switzerland,
Switzerland, 2007). https://doi.org/10.2312/EGWR/EGSR07/195-206 (2007)

61. Maloney, L. T. & Yang, J. N. Maximum likelihood difference scaling. J. Vis. 3, 5. https://doi.org/10.1167/3.8.5 (2003).

62. Wiebel, C. B, Aguilar, G. & Maertens, M. Maximum likelihood difference scales represent perceptual magnitudes and predict
appearance matches. J. Vis. 17, 1. https://doi.org/10.1167/17.4.1 (2017).

63. Brown, A. M., Lindsey, D. T. & Guckes, K. M. Color names, color categories, and color-cued visual search: Sometimes, color
perception is not categorical. J. Vis. 11, 2. https://doi.org/10.1167/11.12.2 (2011).

64. Radonyji¢, A., Cottaris, N. P. & Brainard, D. H. Color constancy supports cross-illumination color selection. J. Vis. 15, 13. https://
doi.org/10.1167/15.6.13 (2015).

65. Aguilar, G., Wichmann, F A. & Maertens, M. Comparing sensitivity estimates from MLDS and forced-choice methods in a slant-
from-texture experiment. J. Vis. 17, 37. https://doi.org/10.1167/17.1.37 (2017).

66. Charrier, C., Maloney, L. T., Cherifi, H. & Knoblauch, K. Maximum likelihood difference scaling of image quality in compression-
degraded images. J. Opt. Soc. Am. A 24, 3418. https://doi.org/10.1364/JOSAA.24.003418 (2007).

67. Charrier, C., Knoblauch, K., Maloney, L. T, Bovik, A. C. & Moorthy, A. K. Optimizing multiscale SSIM for compression via MLDS.
IEEE Trans. Image Process. Publ. IEEE Signal Process. Soc. 21, 4682-4694. https://doi.org/10.1109/TIP.2012.2210723 (2012).

68. Junge, M. & Reisenzein, R. Indirect scaling methods for testing quantitative emotion theories. Cogn. Emot. 27, 1247-1275. https://
doi.org/10.1080/02699931.2013.782267 (2013).

69. Obein, G., Knoblauch, K. & Viéot, E. Difference scaling of gloss: Nonlinearity, binocularity, and constancy. J. Vis. 4, 4. https://doi.
0rg/10.1167/4.9.4 (2004).

70. Krantz, D. H. & Tversky, A. Conjoint-measurement analysis of composition rules in psychology. Psychol. Rev. 78, 151-169. https://
doi.org/10.1037/h0030637 (1971).

71. Ho, Y.-X., Landy, M. S. & Maloney, L. T. Conjoint measurement of gloss and surface texture. Psychol. Sci. 19, 196-204. https://doi.
org/10.1111/j.1467-9280.2008.02067.x (2008).

72. Rogers, M., Knoblauch, K. & Franklin, A. Maximum likelihood conjoint measurement of lightness and chroma. J. Opt. Soc. Am.
A 33, A184. https://doi.org/10.1364/JOSAA.33.00A184 (2016).

73. Gerardin, P, Devinck, E, Dojat, M. & Knoblauch, K. Contributions of contour frequency, amplitude, and luminance to the water-
color effect estimated by conjoint measurement. J. Vis. 14, 9. https://doi.org/10.1167/14.4.9 (2014).

74. Hansmann-Roth, S. & Mamassian, P. A glossy simultaneous contrast: Conjoint measurements of gloss and lightness. i-Perception-
https://doi.org/10.1177/2041669516687770 (2017).

75. Chadwick, A. C.,, Cox, G., Smithson, H. E. & Kentridge, R. W. Beyond scattering and absorption: Perceptual unmixing of translucent
liquids. J. Vis. 18, 18. https://doi.org/10.1167/18.11.18 (2018).

76. Green, D. M. & Swets, J. A. Signal Detection Theory and Psychophysics (Wiley, 1966).

Acknowledgements

This work was supported by the AHRC under Grant No. AH/N001222/1. The authors are grateful to Rafat
Mantiuk for comments on an earlier draft.

Author contributions

Both authors conceived the study. J.S.H. programmed and conducted the experiments, analyzed the data, and
carried out image analysis and modeling. J.S.H. wrote the original manuscript and visualized the results. Both
authors edited and revised the manuscript and approved the final version.

Competing interests
The authors declare no competing interests.

Scientific Reports |

(2021) 11:16396 | https://doi.org/10.1038/s41598-021-95416-6 nature portfolio


https://doi.org/10.1038/nn.3402
https://doi.org/10.1073/pnas.1415146112
https://doi.org/10.1364/JOSAA.19.001096
https://doi.org/10.1364/JOSAA.19.001096
https://doi.org/10.1167/7.9.451
https://doi.org/10.1167/7.9.451
https://doi.org/10.1098/rspb.2007.0957
https://doi.org/10.1098/rsos.170285
https://doi.org/10.1364/JOSA.66.000608
https://doi.org/10.1364/JOSA.66.000617
https://doi.org/10.1038/s41598-018-38029-w
https://doi.org/10.1038/s41598-018-38029-w
https://doi.org/10.1016/j.cub.2012.08.009
https://doi.org/10.1167/3.5.3
https://doi.org/10.1016/j.visres.2011.11.010
https://doi.org/10.1167/18.13.4
https://doi.org/10.1145/1239451.1239528
http://www.mitsuba-renderer.org
https://doi.org/10.1167/14.2.6
https://doi.org/10.2312/EGWR/EGSR07/195-206
https://doi.org/10.1167/3.8.5
https://doi.org/10.1167/17.4.1
https://doi.org/10.1167/11.12.2
https://doi.org/10.1167/15.6.13
https://doi.org/10.1167/15.6.13
https://doi.org/10.1167/17.1.37
https://doi.org/10.1364/JOSAA.24.003418
https://doi.org/10.1109/TIP.2012.2210723
https://doi.org/10.1080/02699931.2013.782267
https://doi.org/10.1080/02699931.2013.782267
https://doi.org/10.1167/4.9.4
https://doi.org/10.1167/4.9.4
https://doi.org/10.1037/h0030637
https://doi.org/10.1037/h0030637
https://doi.org/10.1111/j.1467-9280.2008.02067.x
https://doi.org/10.1111/j.1467-9280.2008.02067.x
https://doi.org/10.1364/JOSAA.33.00A184
https://doi.org/10.1167/14.4.9
https://doi.org/10.1177/2041669516687770
https://doi.org/10.1167/18.11.18

www.nature.com/scientificreports/

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-021-95416-6.

Correspondence and requests for materials should be addressed to J.S.H.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021

Scientific Reports |

(2021) 11:16396 | https://doi.org/10.1038/s41598-021-95416-6 nature portfolio


https://doi.org/10.1038/s41598-021-95416-6
https://doi.org/10.1038/s41598-021-95416-6
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Low level visual features support robust material perception in the judgement of metallicity
	Metallicity vs glossiness. 
	Physically-based computer graphics stimuli. 
	Results
	Observer judgment of metallicity. 
	Image statistics. 
	Spectral analysis. 
	Steerable pyramid analysis. 

	Modeling metallicity. 

	Discussion
	Conclusion
	Methods
	Stimuli. 
	Scene modeling. 
	Rendering. 

	Psychophysics. 
	Participants. 
	Difference scaling. 
	MLDS procedure. 
	Conjoint measurement analysis. 
	MLCM procedure. 


	References
	Acknowledgements


