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Figure 1: We explore the benefits of weakly supervised learning to predict perceived gloss from images. Commonly used supervised models
require costly manual annotations of large datasets (left). In contrast, we propose to leverage simple weak labels, which can be automatically
computed, achieving a twofold contribution: (1) our weak labels can be effectively combined with such costly annotations to reduce gloss
prediction error, if accuracy is the priority (center); and (2) they enable a significant reduction in manual annotations of up to 80% without
sacrificing accuracy, if efficiency is the priority (right).

Abstract
Estimating perceptual attributes of materials directly from images is a challenging task due to their complex, not fully-
understood interactions with external factors, such as geometry and lighting. Supervised deep learning models have recently
been shown to outperform traditional approaches, but rely on large datasets of human-annotated images for accurate per-
ception predictions. Obtaining reliable annotations is a costly endeavor, aggravated by the limited ability of these models to
generalise to different aspects of appearance. In this work, we show how a much smaller set of human annotations (“strong
labels”) can be effectively augmented with automatically derived “weak labels” in the context of learning a low-dimensional
image-computable gloss metric. We evaluate three alternative weak labels for predicting human gloss perception from limited
annotated data. Incorporating weak labels enhances our gloss prediction beyond the current state of the art. Moreover, it en-
ables a substantial reduction in human annotation costs without sacrificing accuracy, whether working with rendered images
or real photographs.

CCS Concepts
• Computing methodologies → Perception; Dimensionality reduction and manifold learning; Supervised learning;

1. Introduction

The advent of powerful generative deep learning models for im-
age synthesis and editing creates new opportunities, as well as
new challenges, for computer graphics. In this context, techniques
to navigate the massively high-dimensional latent spaces of such
models in ways that are perceptually meaningful to humans be-
come increasingly vital. Within the field of computer graphics, un-

derstanding and modeling human perception of material appear-
ance has long been a fundamental challenge. This understand-
ing is essential for accurately simulating the visual aspects of
the physical world as perceived by humans and it has potential
applications ranging from design and virtual prototyping to im-
age editing and fabrication processes [CPW∗22, SL23]. In partic-
ular, gloss is one of the most perceptually salient appearance at-
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tributes [CK15, Fle17]. Unfortunately, how glossy a surface ap-
pears to a human viewer is a product of complex and only par-
tially understood interactions between surface re�ectance, illumi-
nation, and geometry [Fle14, LSGM21]. Perceived gloss, despite
being grounded in photogeometric features such as the properties
of re�ected highlights [MKA12], cannot be well captured by ei-
ther linguistic descriptors or objective measures, such as surface
re�ectance. This makes gloss an excellent candidate for a learned
perceptual metric.

Recently, it has been shown that complex representations of vi-
sual inputs are likely needed to capture perception of gloss in im-
ages [DLG� 20, FS19, LSGM21], drawing attention to deep learn-
ing approaches. Gloss perception is a high-dimensional problem
that cannot be easily modeled by combining only physical mate-
rial properties like roughness or specularity [Fle14, CK15]. Such a
model could not, for instance, account for the effects of shape or
illumination on perceived gloss [MKA12, SAF21, SCW� 21]. Sim-
ple image statistics also fall short, due to the importance of spatial
information (e.g., congruence of highlights, lowlights, and shad-
ing). Consequently, deep learning offers a framework for com-
puting suitably complex visual features from which perceptual
gloss metrics may be directly learning from detailed human an-
notations [LMS� 19, SCW� 21]. State-of-the-art gloss predictions
have been achieved using supervised methods, as demonstrated
by Serrano et al. [SCW� 21]. However, these approaches heavily
rely on a substantial amount of human-annotated images, which
can be prohibitively expensive to obtain. For instance, Serrano et
al. [SCW� 21] collected over 200,000 gloss ratings from more than
3,000 human participants for their dataset. Alternatively, methods
employing fully unsupervised models, such as the one proposed
by Storrs et al. [SAF21], face challenges in capturing material
properties in complex stimuli and realistic images. Object appear-
ance in realistic images is in�uenced by multiple factors, including
geometry, lighting, and viewpoint, creating a prohibitively high-
dimensional space to learn in a fully unsupervised fashion from
limited training data. Moreover, even after training, unsupervised
models require further adjustments to align their latent dimensions
with human perception.

In this work, we show that costly human annotations (strong
labels) can be effectively combined with automatically derived
weaklabels in the context of learning a low-dimensional image-
computable gloss metric. First, we demonstrate that our weakly su-
pervised approach achieves higher gloss prediction accuracy than
previous supervised methods (Figure 1, center). It is not trivial that
such an approach should work – noisy weak labels can in some do-
mains “dilute” high-quality strong labels, reducing a model's per-
formance even as more training data is provided [LGZ19]. Then,
we leverage our weak labels toreducethe annotation cost, allowing
for an 80% reduction in the amount of human-labeled data needed,
without losing accuracy (Figure 1, right). In addition, we identify
the need for acontrolled dataset to systematically evaluate gloss
prediction models, as opposed to crowd-sourced existing datasets.
For this purpose, we create a new test dataset that includes system-
atic variations in rotation, geometry complexity, illumination and
specularity, and covers a reasonable and balanced range of glossi-
ness levels. This new test dataset is annotated under constant, con-
trolled viewing conditions that enable areliableevaluation of gloss

prediction models. Finally, we show how our weakly supervised
gloss predictors are consistent with human perception for such sys-
tematic variations and are able to generalize reasonably to “in-the-
wild” real images.

In summary, we present the following contributions:

� A study of three possible automatic weak labels (simple and
cheap to obtain) that can effectively be leveraged to predict hu-
man perception of gloss without the need for a large amount of
costly annotated data.

� A test dataset with controlled variations and reliable annotations
to evaluate perceptual gloss prediction models.

� An accurate gloss predictor that outperforms previous methods,
is consistent across changes in object view or illumination, and
generalizes to real-world photographs.

Our datasets and gloss prediction models, as well as the train-
ing and evaluation code, are available inhttps://graphics.
unizar.es/projects/perceived_gloss_2024/ .

2. Related Work

Weakly supervised learning [Zho18] has been widely applied in
computer vision and graphics in several domains such as im-
age classi�cation [XXY� 15, CZZ� 20], object detection [RYY� 20,
CFJ� 20], semantic segmentation [BRFFF16, LY20, KJHH23], or
image retargeting [CPO� 17]. However, in the �elds of material ap-
pearance and perception science, contemporary studies still rely
on tedious and expensive human annotations [LMS� 19, DLC� 22],
which are the standard in psychophysical experiments. In this pa-
per, we perform the �rst study of weakly supervised learning focus-
ing on the �eld of material appearance, particularly on perceptual
gloss prediction.

2.1. Gloss Metrics

Finding an objective measure of gloss is a long-standing problem in
computer graphics, industry, perception research and related �elds.
Since the work from Hunter et al. [H� 37], it has been recognized
that a single physical measure is not suf�cient to quantify physical
gloss. An active �eld of research on the perceptual aspects of gloss
has demonstrated that perceived gloss depends not only on surface
re�ectance properties but also on geometry, illumination, and mo-
tion [FDA01, FDA03, PFG00, WAKB09]. Chadwick et al. [CK15]
provides a review of the study of gloss perception and measure-
ment.

One intuitive approach to quantifying gloss would be to con-
sider a physical parameter (e.g., roughness) from an analytical
BSDF model, as an objective measurement. However, such pa-
rameters of analytical models do not correlate well with per-
ceived gloss [NDM06, WAKB09]. Moreover, it is dif�cult to ad-
just BSDF parameters to approximate real-world measured ma-
terials while maintaining their perceptual quality [LBFS21]. Al-
ternatively, there are works showing that certain image statis-
tics [MNSA07], or visual cues [MKA12] correlate with perceptual
judgments of gloss, at least for simple stimuli. Last, the work of
Westlund and Meyer [WM01] explores the objective measurement
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of physical gloss on analytical BSDF models following industry
standards [HJ39].

Following each of these proposals, we explore three different ob-
jective metrics to label gloss perception of rendered images, based
on BSDF parameters, image statistics, and industry standards, and
analyze their usefulness as weak labels to guide learning-based al-
gorithms for gloss prediction.

2.2. Dimensionality Reduction for Material Appearance

Reducing the dimensionality of material representations while cap-
turing the statistical structure of their appearance (either across im-
ages or BSDF tabulated data) is a challenging task with multiple
applications for computer graphics, such as database searching and
visualization [LMS� 19], gamut mapping [SSGM17] or material
editing [SCW� 21,DLC� 22,SL23].

Some early works show that linear reduction methods such as
Principal Component Analysis (PCA) are good for �nding direc-
tions that capture some traits of material appearance [MPBM03,
NJR15, SGM� 16]. Since the emergence of deep learning, super-
vised learning methods have demonstrated good performance for
ef�cient compression of complex material representations, such
as Bidirectional Texture Functions (BTFs) [RJGW19, RGJW20]
or tabulated BSDFs [HGC� 20]. Other works also show that su-
pervised methods are ef�cient in compressing images into low-
dimensional representations while capturing the statistical struc-
ture of materials [LMS� 19,SCW� 21]. However, these data-hungry
algorithms require collecting large amounts of labeled data for
training. On the other hand, recent works suggest that unsu-
pervised learning methods are also capable of compacting high-
dimensional BSDF tabulated data in low-dimensional latent vec-
tors [BSP22, ZZW� 21], and keeping certain structures related to
high-level perceptual attributes on simple image stimuli, such as
gloss [SAF21] or translucency [LSX23]. However, aligning such
latent dimensions with human perception for the case of complex
stimuli remains challenging.

In our work, we propose a weakly supervised encoder that com-
presses images in a low-dimensional latent space capturing the
structure of gloss. Our weakly supervised learning approach allows
us to reduce the annotation cost, by automatically labeling training
images, while still supervising the learning process to simplify the
task for complex stimuli.

2.3. Material Appearance Datasets

Existing databases of materials, such as MERL [MPBM03],
RGL [DJ18] and UTIA [FV14] contain measured BSDFs of differ-
ent material types (e.g., metals, plastics or fabrics) and are widely
used for material appearance applications [SGM� 16, SSGM17,
SSN18]. To capture the complex interactions of materials with
other factors that in�uence human perception of appearance, like
geometry or illumination [LSGM21], previous works rely on
image-based material datasets, such as CURet [DVGNK99], Open-
Surfaces [BUSB13] or Lagunas et al. [LMS� 19]. These large
datasets are usually annotated manually through crowd-sourcing
experiments, in order to obtain ground-truth labels of perceptual

attributes for material appearance, such as glossiness or metallic-
ness.

Our training process relies on the dataset from Serrano et
al. [SCW� 21], which includes thousands of rendered images us-
ing a variety of real-world geometries, illuminations and measured
materials, manually annotated with six perceptual attributes includ-
ing glossiness. We further extend this dataset with new images of
analytical materials, automatically labeled with our weak labels.
Although massive crowd-sourced datasets are very useful to train
learning-based models, they are not ideal for a systematic evalua-
tion of gloss prediction models, since they can be noisy and do not
cover controlled variations in factors affecting gloss perception. We
thus create a new, controlled test dataset for evaluation, made up of
310 reliably annotated images.

3. Datasets

We �rst describe the image dataset that we use to train our model
(Section 3.1). Then, we describe our new controlled test dataset to
systematically evaluate gloss prediction results (Section 3.2). We
include our full test dataset in the supplemental material.

3.1. Training Dataset

We use a large image-based material dataset to train our models.
First, we rely on the dataset from Serrano et al. [SCW� 21], which
includes a variety of measured materials under real-world geome-
tries and illuminations. We use a subset of this dataset, after re-
moving the geometries and materials used in our test dataset and
all anisotropic materials, to simplify the range of material appear-
ances, making a total of 23,616 images. Each of these images has
an associated strong label of perceived glossiness, assigned manu-
ally by humans as a single rating in the 7-point Likert scale. Note
that the commonly used Likert-scale ratings already capture poten-
tial non-linearities in perception. In the following, for clarity, we
always refer to this subset as theSerranodataset.

We then extend our training dataset with 38,250new images
(never annotated by humans) including new geometries, points of
view, illuminations and analytical materials using Disney'sPrin-
cipled BSDF[BS12, Bur15], for which we vary the values of
the roughnessr and speculars parameters in the intervals[0;0:5]
and[0:1;5], respectively. The images were rendered using Mitsuba
3 [JSR� 22], using a global gamma-exposure tone mapping oper-
ator to avoid introducing non-uniform contrast changes following
previous work [SCW� 21]. We annotate this extended dataset with
our automatically-computed weak labels (see Section 4.1), with the
purpose of offering an effective alternative to human labeling of a
full dataset, improving generalization at a very low cost. Figure 2
shows a representative subset, and additional details are included in
the supplemental material.

3.2. Test Dataset

Several datasets exist that pair images of varying material appear-
ance with ground-truth data in the form of human judgements of
gloss [SCW� 21,SGM� 16,DLC� 22,SAF21]. Most of these datasets
are built with the goal of training, testing or calibrating models
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Figure 2: Example images from our training dataset. We extend the Serrano dataset [SCW� 21] with a set of new images of varied geometries,
illuminations and analytical materials using Disney's Principled BSDF.

Figure 3: Representative images of our controlled test dataset. Top
row shows our �ve baseline measured materials under the baseline
geometryfrog and baseline illuminationuf�zi . Rows A-D show in-
dividual variations for one example material: A) different rotations,
B) different geometry complexity by increasing bumpiness of the
surface, C) different illuminations, and D) different levels of the
specular parameter for the analytical �tting of the material.

that mimic human perception of gloss, and feature varying material
properties, lighting conditions, geometries and camera viewpoints.

However, they are not ideal for a systematic evaluation of gloss
prediction models, for several reasons. First and foremost, images
in the dataset do not includecontrolledvariations, such as system-
atic changes in point of view, or illumination frequency, to measure
consistency. Second, annotations are given through large crowd-
sourced experiments under varying, uncontrolled viewing condi-
tions, and thus can be noisy and unreliable for speci�c images. And
last, annotations might be highly unbalanced with respect to levels
of perceived gloss, which can lead to erroneous conclusions when
reporting an average error metric (e.g., a constant baseline model
that always predicts the lowest gloss level for every image could get
a low average error if the majority of the images in the test dataset
are completely matte). Therefore, we create atest dataset, anno-
tated under constant, controlled viewing conditions, which we use
to reliably evaluate our models.

Our test dataset includes twenty baseline samples, from which
we generate controlled variations, yielding a total of 310 images.
The baseline samples are created through combinations of geom-
etry, material (measured BSDFs), and illumination (environment
maps), and cover a reasonable range of appearances (see Figure 3,
top row). Speci�cally, our baseline includes:

� Two geometries with different complexity:frog and
bumpy_sphere.

� Two illuminations with different distributions of spatial frequen-
cies:uf�zi andst_peters.

� Five measured materials, from the MERL database [MPBM03],
with different glossiness:pink_plastic, fruitwood, violet_acrylic,
specular_yellow_phenolicandaluminium.

For each combination of the baseline materials, illuminations
and geometries, the following variations are generated (see Fig-
ure 3, rows A through D):

A) Five different rotations of the object.


