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Consumer behavior knowledge is essential to designing successful products. However, measuring subjective perceptions affecting
this behavior is a complex issue that depends on many factors. Identifying visual cues elicited by the product’s appearance is key in
many cases. Marketing research on this topic has produced different approaches to the question. This paper proposes the use of
Noise-Based Reverse Correlation techniques in the identification of product form features carrying a particular semantic message.
This technique has been successfully utilized in social sciences to obtain prototypical images of faces representing social ste-
reotypes from different judgements. In this work, an exploratory study on subcompact cars is performed by applying Noise-Based
Reverse Correlation to identify relevant form features conveying a sports car image. The results provide meaningful information
about the car attributes involved in communicating this idea, thus validating the use of the technique in this particular case. More
research is needed to generalize and adapt Noise-Based Reverse Correlation procedures to different product scenarios and

semantic concepts.

1. Introduction

Knowledge about customer requirements is essential to
developing successful products [1, 2]. Moreover, in mar-
keting research, product aesthetics is considered a key factor
to the affective response and purchase intention of con-
sumers [3-8]. Scholars have studied for long the complex
relationship between the visual appearance of an object and
the elicited consumer response. As a result, a variety of
models have been proposed to explain the consumer af-
fective response (CAR) to product design, either generic
ones, such as the Unified Model of Aesthetics [9], or directly
actionable such as Kansei Engineering [10, 11]. The mod-
eling of this consumer behavior is a complex problem due to
two main reasons. The first one is the difficulty of measuring
subjective judgements [1]. The second one is that products
need to be parameterized, it is, described in terms of shape

characteristics (product form features, PFF), to find rela-
tionships between them and the consumer response. These
parameterized models must reflect the complexity of the
product visual representation using a limited number of
variables to make their use feasible. Therefore, from a
marketing perspective, it is essential to detect the most
relevant product features to evaluate their influence on
consumer perception [12].

The problem of parameterization is also present in some
psychological and social sciences experiments; for example,
those focused on studying prototypical images of social
stereotypes. In these cases, indirect approaches such as
Reverse Correlation (RC) are used to overcome the problem.
RC operates by presenting random variations of stimuli of
the object under study (pictures of faces, in most cases) with
no prior assumptions, leaving the participants the task of
making the most meaningful attributes emerge through their
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responses to a given judgement [13]. RC studies produce a
Classification Image (CI), which is considered to represent a
mental image of the prototypical object the participants were
asked about.

In this study, we propose applying the same approach to
the case of product perception. In particular, we analyze the
application of a RC technique, the Noise-based Reverse
Correlation (NBRC), to the identification of the aesthetic
features of a product that contribute to convey a desired
affective concept, through the determination of the CI for
that product-concept pair. To assess the viability of this
approach, we performed an exploratory experiment using
sports cars as the object of study.

1.1. The Relevance of the Aesthetic Factor in Marketing
Research. The visual appearance of consumer products plays
a crucial role as a marketing differentiation factor, especially in
highly saturated consumer markets [3-7]. The image is the
first information channel in the consumer-product interaction
[14], and consequently, aesthetics becomes a key factor in the
product judgement by consumers [15-17]. It has been shown,
for instance, that products with higher hedonic qualities are
more appealing [18]. An in-depth analysis of these complex
aspects of user-product interaction is carried out in [19].

Due to this reason, the influence of the visual appearance
of products has been studied for long [8, 20-22], even in
terms of purchase experience design [23]. However,
knowledge about how users perceive a given product cannot
be implemented through design without knowing why it is
perceived this way. Thus, much research has focused on the
relationship between this consumer perceptual response and
the design parameters of the product, as they are the ob-
jective features that the designer can control [24, 25].

For instance, Kansei Engineering [10, 12] and Conjoint
Analysis [26, 27] constitute two effective tools to find re-
lationships between consumer response and product visual
features. However, several factors are difficult in their use in
a more general approach. For example, it is necessary to
preestablish the formal characteristics of the product in
order to use these tools. Product parameterization is needed
in advance to obtain results. Then, the utility of these results
depends on the ability of researchers to select product
features relevant to the consumer affective response [12].
Moreover, these features are often broadly described to
simplify the product description, thus limiting the ability of
these techniques to capture the influence of specific design
details [28]. Techniques such as eye-tracking [29] have been
used to overcome these limitations.

This paper proposes an alternative approach to over-
come the problem of detecting product features meaningtul
to consumer perception. It consists of using the RC tech-
nique, described in the next section, to obtain a “prototypical
image,” an image containing the visual features of an object
that convey a specific message. This image may provide the
designer with information useful to communicate this
concept through the product’s appearance. This information
is especially interesting as typicality is a relevant factor in
consumer’ judgement. It has been shown that typicality
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influences the consumer response to a product [30]. The
identification of “prototypical features,” product form fea-
tures highly contributing to the whole perception of the
prototypical product, would allow designing with sound
criteria to control to which extent the image of the product is
conveying typicality in the desired concept.

RC methods have an extensive application in psycho-
social studies, but no research has been found to be applied
to product design. We explore in this work the feasibility of
using RC techniques to obtain the prototypical image of a
product representing an aesthetic/affective concept. The next
section is devoted to explaining this technique thoroughly.

1.2. The Reverse Correlation Methods. People generally agree
in their judgements of the aesthetic of consumer products.
Therefore, there must be a relationship between the stimulus
(the product) and the response (the perception). Several
methods have been used to model this complex relationship.
Direct approaches use sets of stimuli built by varying the
values of the attributes which define the product (product
form features, PFF) to produce different responses. These
responses are then correlated to the stimuli to determine the
relationship model. However, using this approach will
produce larger experiment designs as the number of defining
attributes and their possible values increase. This is the case
of most consumer products, which need many attributes to
get their form fully defined. In these situations, it might be
preferable to use a different approach, such as RC [31, 32], to
develop this type of stimulus-response model.

In direct methods, the relevant attributes of the stimulus
are fixed, and their values are systematically manipulated
and correlated to the responses. In RC methods, it is the
opposite. The relevant attributes of the stimulus are not
fixed, while the response variable is. Each stimulus is ran-
domly generated, and the obtained responses are used to
classify each input regarding the judgement. Due to this,
these techniques are called “reverse,” as the information
about the influence of the attributes on the judgement is
obtained by correlating the presented stimuli with the given
responses. RC is a data-driven technique that does not need
priory suppositions about the relevant attributes of the
stimulus and permits the participant to use the criteria they
want to judge the stimuli [32, 33].

2. Materials and Methods

The procedure for conduct a RC experiment is based on the
use of a base stimulus, which is randomly modified, gen-
erating many samples for a survey. Participants are asked to
judge them, and the ClI is derived from their answers. There
are different variations of this basic approach [34]. One of
them is NBRC, often used to obtain mental representations
[33]. In recent years, NBRC procedures have been mainly
used in face perception research [32, 33, 35-40]. When we
see a face for the first time, we infer the personality traits of
that person by matching the visual input to our mental
prototypes of faces with different attributes. From the result
of this match, we infer the personality traits of the owner of
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the face [38], making attributions such as trustworthiness or
dominance [41-46]. NBRC methods produce relevant Cls
displaying the image that the participants use as a referent to
evaluate the required judgement, referred to as “prototypical
image” [33]. Following the same approach in this work, the
NBRC method was used to obtain the prototypical image of
a consumer product. As far as we know, this work is the first
study applying this approach to product design.

The NBRC technique uses a starting base face to generate
many variations by applying random noise layers over it.
Usually, this base image is not an actual one but a com-
position of different greyscale images in which the face
contour is made coincident and subsequently blurred. The
base face features (gender, age, expression) are selected
according to the requirements of the study. Once the base
face is obtained, variations are generated applying different
types of noise over it. The most usual ones are sinusoidal
noise, white noise, or Gabor noise [32, 40, 47].

A survey is then prepared using these images. It consists
of around 300/1000 tasks per participant, and in each one, a
pair of pictures is shown. One of them is the base image
with a noise pattern applied. The other one uses the same
base image, but the noise pattern is inverted. The partic-
ipants must select one of them for each task. The CI is
created by averaging all noise patterns of the chosen pic-
tures. When this average pattern is applied over the base
face, the resulting image displays the traits that induced the
judgement under study. In other words, this image rep-
resents a face conveying this particular social judgement
(prototypical face). According to [32], the image obtained
by applying the average pattern from nonselected pictures
in the survey (the anti-CI) would display the inverse of the
prototypical face.

Our intention in this work was to check if the NBRC
could be used to visualize mental representations of products
that fit some target judgement in the same way that it does
for faces. Perceiving faces is a critical task for humans, and,
to meet this need, after millions of years of evolution, our
brain developed complex specialized neural networks
intended to perceive faces [48]. For this reason, faces are
perceived in a different way from other kinds of objects
[49-51]. Human observers perceive faces in some objects
that resemble the shape of a human face, such as a clock or
the front of a car. Facial perception research has studied this
effect extensively, known as pareidolia.

Several works found similarities between the neural
activity of observers during the perception of faces and
those registered when an object that resembles the shape of
a face is perceived [52-55]. The front end of a car is one of
the best examples of anthropomorphization in the per-
ception of consumer products [56]. Cars can be classified
using many criteria. One of the most common and well-
known taxonomies is the sports car versus the family car,
and the difference between these kinds of cars can be clearly
seen on the front end of the cars. Therefore, in this first
attempt to obtain the prototypical image of a consumer
product using NBRC, we selected the frontal view of a car as
the product and the appearance of a sports car as the fitting
judgement.

3. Case Study

Sports cars were used as a case study to test the applicability
of NBRC to relate consumer perception to complex product
form features. We perform the task following the procedure
depicted in Figure 1, which consists of 5 steps detailed in the
following sections.

3.1. Stimuli and Participants. Randomly varied images of
cars were created, overlaying different random noise pat-
terns over a base image (Figure 1 (A)). The base image is
obtained by averaging grayscale images of the object ana-
lyzed (typically a face), which leads to base images with
blurry contours. To create our base image of a front end of a
car, frontal images of six subcompact cars (B-segment) were
selected. The images were converted to grayscale, cropped,
and centered to get the area of the cars to span as a large part
of the image as possible. The six images were overlaid using
different transparency values, finally obtaining the base car
image (Figure 2).

In this work, we used sinusoidal noise [32, 40] to gen-
erate the stimuli because it generated more meaningful
variations of the base car than other commonly used types of
noise such as white [57, 58] or Gabor noise [47]. To use
sinusoidal noise in this task, the image height and width
must be equal and have a power of 2. Therefore, the resulting
image was resized to 512 x 512 pixels. The rcicr R package
[59] was used to generate the stimuli. Firstly, 300 sinusoidal
noise patterns were created by combining five layers of si-
nusoidal patches. The five images differ in the spatial fre-
quency of the sinusoids (2, 4, 8, 16, and 32 cycles per image).
In the same way, each one of these images was obtained by
averaging twelve sinusoidal patches that differ in orientation
and phase (6 different orientations and two phases) and in
the contrast of the image, that was randomly assigned.
Lastly, a final pool of 600 paired images was obtained by
inverting each noise pattern. This complete noise generation
process is shown in [32]. Finally, each noise pattern pair was
superimposed on the base car image, obtaining 300 slightly
different pairs of stimuli. Figure 2 shows the base car image
and one stimuli pair obtained following this process.

25 Spanish young adults (65% men and 35% women)
between 24 and 35 years old (M =27.40, SD =3.67) partic-
ipated in the experiment [60], which was approved by the
ethics committee at the Universitat Politecnica de Valencia
(P15_10_01_20). Individual consent forms were also
gathered.

3.2. Survey Procedure. The survey consisted of two blocks of
150 tasks. Each one presented a pair of pictures (direct and
inverse noise layers) side-by-side (Figure 3). The participants
were asked to quickly choose in each task the car they
reckoned as having a sports car appearance at first im-
pression, insisting on this point despite the understandable
difficulty of the task.

The participants were shown both the stimuli pairs and
the position of direct and inverse pictures randomly. They
had to select one of the stimuli by clicking the corresponding
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FIGURE 1: Five steps of the NBRC task to obtain the prototypical and antiprototypical images of a sports car.
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FIGURE 2: Sinusoidal noise is applied to the base image to obtain a stimulus (a). The inverted stimulus is obtained by applying the inverted

noise to the base image (b).

button under the stimuli (see Figure 3) or by pressing the
left/right arrow key.

3.3. Data Processing. After the survey, a CI per participant
was obtained by averaging the noise patterns of the chosen
pictures and, similarly, an anti-CI was produced using the

noise patterns of the unselected ones. A total of 7,500 an-
swers were processed, with the average response time by trial
across all participants being 3.67 seconds. The rcicr R
package (v. 0.3.4.1) was used for this task [59]. According to
[32], the CI and anti-CI represent the extreme images in the
individual judgement scale (an image displaying the visual
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features of a sports car and another one showing what is not
considered a sports car). Finally, the average CI and anti-CI
for all participants were generated by averaging the noise
pattern of the individual CIs and anti-CIs (Figure 1 (D)).

4. Results

The individual CIs and anti-CIs of each participant were
overlaid on the base image (Figure 1 (E)). SI Table in the
Supplementary Material of this paper shows all the 50
images. As an example, Figure 4(a) shows the images ob-
tained for participant 3. To increase the visibility of the
results, a selective Gaussian Blur filter (radius=30; max
delta=10) and a shadow/highlight compensation filter were
applied, resulting in the images in Figure 4(b). The global CI
and anti-CI images in Figure 5 were obtained by overlaying
the average CI and anti-CI for all the participants on the base
car, while Figure 5(b) shows the filtered version of the global
ClIs.

To show which parts of the image were most relevant to
convey the sports/nonsports appearance, we used rcicr to
prepare a z-map (Figure 6) using a Gaussian filter of radius 5,
a background mask and applying a z-transform over the
luminance of the Cls noise pixels [32]. Green zones in this
representation correspond to areas of the image that directly
convey the sports car look, while the red and white zones
provoke the inverse response (nonsports car).

5. Discussion

In this work, we have proposed the use of RC, a technique
used in social research, to the identification of product visual
features relevant to eliciting a particular consumer response.
To explore the viability of this approach, a case study has
been conducted.

Due to the exploratory nature of this work, cars were
selected as the object of study to facilitate the generation of a

3 \
Seleccionar

FIGure 3: Stimuli pair presented to participants in one trial.

distinguishable CI. Cars are products of very widespread use
and they display easily interpretable visual attributes. NBCR
has proved to be a successful tool in the face perception field
[61] and the front end of a car resembles the shape of a face,
being one of the best examples of anthropomorphizing in
the perception of consumer products [56]. In addition,
sports cars are generally recognizable by many people, and
their stereotype features are easy to forecast. Therefore, we
could contrast if the resulting CI depicted some of the main
characteristics typical of this kind of product.

According to this, the results of the experiment are
satisfactory and the image obtained can be related to that of a
sports car in several of its visual features. It is true that, as
expected, individual CIs (Figure 4) are difficult to interpret.
However, the addition of the information contained in the
noise of all individual CIs leads to a clearer pattern, and
some features typically related to a sports car can be
identified in the global CI (Figure 5(a)) while they are not
present in the global anti-CI (Figure 5(b)). In this regard, it
should be noted that the base image used in an NBRC task
significantly influences and limits the space of attainable
results. The information sampled in the noise patterns of the
CIs cannot deeply change the base image. We created our
base image using frontal images of six subcompact cars out
of the typical sports car segment. Therefore, slight changes in
the form and details increasing the sportiness perception of
the base car were expected, rather than major changes to the
main dimensions or basic shapes that would transform a
subcompact car into a typical sports car. Despite this, in-
terestingly, a modification of the ratio height-width can be
perceived in the CL.

Moreover, comparing the global CI image with the
global anti-CI and the base image, some differences can be
noticed (Figure 5). The vehicle in the global CI seems lower
and presents a slight increase in the width of the front from
the anti-CI. There are differences in the headlights area,
giving a more aggressive impression on the global CI due to
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FIGURE 4: (a) Individual CI and anti-CI of subject 3 and (b) individual CI and anti-CI of subject 3 after the blur and shadow/highlight

compensation filters were applied.
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FIGURE 5: (a) Global CI and anti-CI and (b) global CI and anti-CI after the blur and shadow/highlight compensation filters were applied.

FIGURE 6: Z-map of the CI. Areas eliciting sports car perception are
displayed in green, while those conveying the inverse perception
are displayed in red and white.

its bigger size and curvature. The front bonnet looks dif-
ferent on both cars. The bonnet appears dark in the center
and clearer on the sides in the CI, while the anti-CI presents
the opposite pattern. This conveys the impression of the
presence of elevated feature lines near the bonnet boundary
in the CI. In the anti-CI, the bonnet seems to be a rounded
continuous metal sheet, as in the CI, it looks like a more
complex concave/convex surface. Finally, the CI has the
appearance of having longer side-view mirrors and shorter

ground clearance. All these individual features are common
characteristics of sports vehicles and, in general, the car in
the CI conveys the impression of a sports car to a greater
extent than the car in the anti-CI. Therefore, we could
conclude that the technique has performed successfully in
this particular case.

These subjective impressions are compatible with the
results of the cluster test performed on the noise data of the
ClIs (Figure 6). The resulting z-map shows the parts of the car
that significantly influence the stimuli classification (green,
red, and white zones). It can be seen how, in general, the
elements of the car mentioned above fall into these areas.
The luminance of the pixels in the bonnet and headlight
areas of the car shows that these parts have a great influence
on the sportiness perception, while those in the lateral rear
mirror area do the same but correlate inversely. The features
related to structural changes (for example, changes in the
apparent height, width, or ground clearance of the car) are
more difficult to detect in the z-map. However, the green
zone between the car underbody and the ground can be
related to the shorter ground clearance appearance of the car
in the CI than that in the anti-CIL.

As aforementioned, assessing consumer perception is a
complex process. However, the results of this study have
been satisfactory and the NBRC can be considered a
promising marketing tool in the field of product design. The
obtained global CI reflects, at different grades, several of the
features expected. Some of these features are easily no-
ticeable, such as the bonnet line, the headlights, or the lateral
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rear mirrors. It is worth noting that the arising of these
features is strongly restricted by the original car typology.
RC studies have by their very nature this kind of limitation
and the resulting CI is heavily dependent on the stimuli
utilized [33]. Thus, the obtained prototypical image should
be considered that of a subcompact sports car. This is
something to consider when dealing with specific marketing
goals (for example, when assessing sustainable or socially
responsible product features).

We must also consider that RC works very efficiently
with subtleties affecting facial features, but major changes in
product structure are presumably harder to show up. As said
above, in the present experiment, some of these structural
variations were partially observed, such as changes in the
appearance of the whole car proportions, which is very
promising. An interesting future research field aims at
studying if other kinds of products are less variable in shape
but not in surface details (shoes, helmets, packaging). This
factor is not so relevant and RC proves more powerful.

However, some limitations in this study must be pointed
out. Every participant performed 300 trials in the NBRC
task. The selection of this number was based on the face
perception research literature using NBRC [62]. While in-
creasing the number of trials by respondent would lead to
more detailed CIs, the demotivation of the participants
would also increase, raising the probability of random
responding. Regarding the number of respondents, 25
participants took part in the NBRC task. Previous works in
face perception research obtained well-defined Cls using
between 20 and 30 participants [32, 39, 63].

Therefore, although 300 trials and 25 participants seem
to be optimal in face perception, more research is needed to
establish these values in the application of NBRC in the field

of marketing. Generally, product research intends to gather
meaningful information about at least market segment sizes,
so the CI should account for a significant number of in-
dividuals. Moreover, focusing on more specific products and
judgements would require appropriately dimensioning the
sample from a demographic point of view.

On the contrary, fewer trials may suffice if the shape of
the analyzed product is simple, without small features, and
with limited relevant details. The global CI obtained in this
work is the result of the analysis of 7500 trials. Figure 7
shows how the number of trials affects the information
gathered by the noise pattern of the final global CI. This
graph represents the Pearson correlation coefficient between
the luminance of the pixels of the final global CI and those in
CIs obtained using fewer trials. To get these data, we varied
the number of trials used to generate CI from 10 to 7500
(step-size = 10). As can be seen in Figure 7, the correlation
between the cumulative CI and the final CI reaches 0.82
when half part of the available trials are used.

In any case, it is not possible to generalize the results
obtained until more research is performed. As aforemen-
tioned, the product chosen is widespread and the proto-
typical image should supposedly be solid. In this sense, it is
necessary to conduct more studies with different kinds of
products to study the suitability of this technique with less
familiar examples. Given the small number of existing
studies using this approach outside face perception research,
there is still a lack of information on how the base image
used during the survey can influence its outcome. More
experiments with different types of products would be re-
quired to contrast the validity of the method and to build a
solid methodology. It is assumed that objects with a less
generic shape or with a wider visual variability will require
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other hand, we have already pointed out that there is some
similarity between the way in which our brain processes
facial information and that in which we perceive objects that
resemble faces [52-55]. More studies are needed using less
anthropomorphic products to check if the NBRC performs
equally when the pareidolia effect does not occur.

Our future work will address these issues and explore
other possibilities. It might be interesting to contrast the
results obtained through NBRC with those from other user-
product interaction assessment techniques such as Kansei
Engineering or to contrast the z-maps obtained by NBRC
with those produced using eye-tracking for the same
product/judgement pair.

6. Conclusions

This work presents a proposal of the use of Noise-Based
Reverse Correlation for product perception assessment. This
is, to our knowledge, the first application of this technique to
product analysis. The results obtained are satisfactory and
promising: The CI produced in the exploratory study por-
trays some of the expected features of a sports car, thus
validating this particular case.

However, as we have described, the product was chosen
to meet certain requirements in order to intuitively facilitate
the application of RC. Therefore, despite the favorable re-
sults of this study, similar experiments in other different
cases are needed to be able to generalize the suitability of the
application of this technique in marketing research.
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