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Abstract—Visual attention significantly affects how we perceive
3D environments and saliency is a part of visual attention
expressing how likely a scene or item is to capture our attention
due to its apparent features. Saliency relies upon geometry,
shading, size, and other visual attributes of items. Illumination
of a scene has an important impact on those visual properties;
therefore, it influences the saliency distribution of a visual
field. In this paper, the saliency of objects will be recognized
by different light location. This work aims to control the
saliency by controlling the illumination parameters in a 3D
scene. For this reason, we created a sensible 3D scene, and the
light position that gets maximum saliency of point of interest
objects are investigated. In this work, 2D renderings that are
from environmental viewpoints are considered and results are
compared according to saliency distribution with different light
positions. Also, for this process, different saliency methods and
calculations are used to get successful results and eye tracker
testing is used to compare the results.
Key words: saliency, illumination, eye tracker, visual atten-
tion

1. Introduction

Our perception of 3D scenes is greatly affected by
illumination. Changing how a 3D scene is illuminated by
parameters such as light type, and light position makes
the details in some areas more perceptible while possibly
decreasing the visibility of other details.

Saliency is a measure of visual attractiveness of scenes
or objects and it is widely studied in 2D and 3D cases.
Saliency depends on geometry, color, size and other at-
tributes of objects [1]. Illumination significantly affects the
saliency distribution within an environment. In this work, the
saliency of objects will be identified according to various
light locations. The main point of this work is to control
the saliency by manipulating the illumination parameters in
a 3D scene. For this purpose, a realistic 3D scene is created
and the light position maximizing the visual saliency of a
target object is investigated.

In this process, 2D renderings from a set of viewpoints
are considered and output images illuminated with different
light positions are compared in terms of their saliency
distribution.

To verify how effective the proposed approach is, we
conducted user experiments. In the experiments, we used
an eye tracker to test if the subject’s pay more attention to
specific objects within a realistic 3D scene if the illumination
parameters lead to higher saliency values for those objects.
According to the conducted experiment, the likelihood of
user attention towards specific objects can be manipulated
with the proposed system. Therefore, perceptually aware
light localization is important for the visual attention of users
in 3D scenes.

With the proposed approach, the light parameters can be
automatically selected to render the important regions more
effectively, hence that the possibility of the user to look
at the relevant places can be increased. In other words, we
are trying to determine the optimum illumination parameters
to direct the user’s attention towards specific regions of
interest. The proposed study can be helpful for various
applications. One of them is an advertisement. For instance,
the proposed approach can be used to find out the best light
location in a scene, so that users’ attention can be optimally
directed to a kitchen utensil that is being advertised. Another
possible application area is games. For example, illumina-
tion can be used to control how the enemies are camouflaged
in the adventure games and that can be helpful to adjust the
difficulty level of the games.

Also, this project can be helpful for the perceptual
guidance of users in virtual reality (VR), for example, it
can be helpful in VR museums and thanks to effective use
of lighting visitors can pay more attention to important
historical objects. Other usage areas may include interior
design.

2. Related Works

We can group related studies in three categories; saliency
measurement, directing user’s attention, and automatic light



setup.
Saliency measurement. There are many approaches about
saliency detection works. An early approach is proposed
by Itti et al., [2]. This work considers the center-surround
mechanism of the visual attention system and combines
multiscale image features into a saliency map.

This approach’s system breaks down the complex prob-
lem of the scene and selects the visual attention objects
rapidly. Another saliency detection approach is proposed by
Rudinac and Jonker [3] for Indoor Environments. In this
method, firstly a saliency map is generated and regions of
various sizes are detected using Maximally Stable Extremal
Region (MSER) method. Spectral residual approach is used
for quickly generating saliency maps. Colour information
and computing the log spectrum representation of three
channels; intensity, red-green, and yellow-blue are com-
puted. In another study [4], the effect of depth on saliency
is explained. Differently, instead of using the information
of the calculation depth learning algorithm is used. This
system works with two steps that are the computation of
the depth map from the image and using the depth map
to compute the 3D saliency map. Also, depth maps can be
extended colors, intensity, orientations, and depth that are
illuminations factors on the image. In another study [5],
authors state that the saliency maps, even from the same
input picture, can vary from each other. They also note
that the chart of human fixation differs significantly over
time. Once people display a picture publicly, they prefer to
at first devote focus to large-scale influential regions, and
then look for more and more informative regions. In this
paper, they argue that visual attention can not be represented
by a single saliency map for one input image and that
this function should be modeled as a complex operation.
They propose a global inhibition model under the frequency
domain paradigm to mimic this process by suppressing the
non-saliency in the input image; they also show that the
dynamic mechanism is affected by one parameter at the
frequency domain.
Directing user’s attention. There are a few studies about
directing attention using saliency information. In one of
those studies, Kim and Varhsney [6] aims to persuade the
viewers to pay attention to specific characters and objects
and they argue that luminance, color, lighting, and orien-
tation are important to guide visual attention. Therefore,
they use some methods that are region selection, persuasion
filters, validation, and stylized rendering to visual attention
persuasion. Another saliency-based study [7] provides an
introduction to the retargeting of visual focus, its relation to
visual saliency, the issues involved with it, and suggestions
about how it can be approached. In addition to the potential
negative effect of saliency shifts on picture aesthetics, the
challenge of focus retargeting as a saliency inversion issue
resides in the absence of one-to-one mapping between the
saliency and the picture domain. A few strategies from
recent research are examined to address this difficult issue,
and a variety of ideas are offered for potential progress.
Automatic light setup. To the best of our knowledge, there
are no prior approaches in the literature utilizing saliency

distribution for 3D illumination setup as proposed in this
study. However, some approaches are about the automatic
light setup. An approach proposed by Zhang and Ma [8] ,
investigates automatic light setup. They propose a method
of light design for volume visualization which uses global
illumination. To automatically create an optimal three-point
lighting environment, their resulting system takes into con-
cern the view and transfer-function based content of the
volume data. The backlight is not used by prior volume
visualization systems is completely utilized by their method.
Furthermore, they propose an automated operator for tone
mapping that restores visual information from over-exposed
areas while preserving adequate contrast in the dark areas.
Their method is effective for visualizing volume data sets
with complex structures. Thanks to this approach, struc-
tural information is more purely and accurately conferred
under the automatically generated light sources. Another
study [9] explains a novel strategy in indoor scenes that
produces optimum placements and intensities of a series of
light. Their method is distinguished by the implementation
of objective optimization functions based on the lighting
principles which are used in the interior design areas. Their
lighting generation system creates a set of lights and decides
positions and lighting intensity of the set of lights when a
3D indoor scene is given as an input. For this purpose, firstly
they formulate and measure essential elements and add them
to the simulated 3D indoor scene concerning guidelines for
interior lighting which is used in real-world interior design.
After, they develop a system that facilitates users to create
lighting templates. In another approach, proposed by Sunden
and Ropinski [10], a method is presented which approves
volumetric illumination without requiring precomputation
and affecting visual quality. For this purpose, they present
selective light updates that reduce the necessary calculations
when light settings are altered. This is made possible by
utilizing a new propagation method, coherence-based light
propagation which incrementally produces and preserves an
amount of lighting that is global and selectively modified.

3. Our Approach

In this paper, we consider the visual attention mechanism
for automatic light setup in a 3D environment. According to
different light parameters, the saliency of objects changes so
they grab a different amount of attention. For instance, when
a human enters a kitchen like an environment, she will notice
the object that is well illuminated better. In our approach,
we create a realistic 3D environment (See in Figure 2) and
placed several points of interest objects. The environment
is illuminated with various light settings and the camera
is placed at the entering location of users. The aim of our
method is automatically identifying the optimum light setup
to direct the user’s attention to any one of those objects. An
overview of the applied steps can be seen in Figure 1.

Our approach includes rendering the scene with all
candidate illumination settings and determining the best one
according to their effect on the relative saliency of the region
of interest compared to the whole scene.



Figure 1. Flowchart of the processes which were applied.

Computational saliency estimation aims to determine the
degree to which regions or objects stand out to human
observers compared to their surroundings. For saliency cal-
culations, we use the static saliency algorithm [11]. Sample
saliency measurements can be seen in Figure 3. Static
saliency algorithms use different image features that allow
detecting the salient object of a non-dynamic image. For this
process, a fine-grained algorithm of static saliency is used.
The human eye retina is composed of ganglion cells. There
are two groups of on-center and off-center ganglion cells.
The on-center reacts to bright surrounding areas with a dark
backdrop, the off-center reacts to dark areas surrounded by
a bright backdrop [12]. Light angle, light intensity, and light
direction make a decisive impact on saliency results.

Given a 3D scene, a script tries rendering with all
lighting conditions. For light position conditions, we added
a script to the platform of the 3D sample scene and the
script changes the light location around the point of in-
terest objects. A 3D kitchen model is used to conduct an
experiment with the proposed technique. The reason for
utilizing a kitchen environment is its suitability for placing
various kinds of objects competing for user attention. In our
case, we placed bowl, melon, deep-pan, and glass objects
to the 3D environment. After these processes, we took
screenshots from the scene automatically that have different
light locations for all images and we applied the saliency
detection steps on these images. Also, we took 141 images
for testing and calculating saliency values and outputs.

To determine the relative saliency of an object compared
to the whole scene, we generate masks for the objects (See
in Figure 4). For this process, we wrote a script to remove
all objects from the scene except the target objects. Then,
we created a binary mask that is used to check the saliency
values over the region of interest. The average saliency value
over the masked region is divided by the mean saliency of
the whole image gives the relative saliency of the object
of interest. A higher relative saliency value means that the
target object stands out more compared to its surroundings.
Therefore, we have sorted the images according to their
relative saliency values to decide the best light position for
each object.

TABLE 1. SALIENCY VALUES OF BOWL OBJECT

Image Name Saliency Value
Image 038 5.298209309879341
Image 039 5.225426997476882
Image 066 5.155733351313656
Image 043 4.678464820060563
Image 120 4.665824817115672
Image 002 4.663792048179581
Image 130 4.3757439431019804
Image 037 4.349898242857867
Image 127 4.342299206711744

TABLE 2. SALIENCY VALUES OF DEEP-PAN OBJECT

Image Name Saliency Value
Image 141 1.7752654837299622
Image 133 1.7656277677724013
Image 129 1.7372217128913423
Image 059 1.6150187073684554
Image 021 1.6147780440542152
Image 043 1.6133449221572131
Image 098 1.5456936719706464
Image 086 1.5411319261376197
Image 091 1.5343703276939922

For this project, we analyzed 141 images that were
from the scene with different light conditions. As shown
on the tables, 9 images of saliency values are shown. To
calculate the saliency value, firstly we created a saliency
map of images using a saliency detection algorithm and
we calculated the mean of the saliency map images. Then
we created the mask of these images by making the black
background of the scene images that are shown in Figure 4
to each target object. Furthermore, we created a mask image
that just has an interest object as white and other objects and
shown black. Then, these masks images’ mean values were

TABLE 3. SALIENCY VALUES OF GLASS OBJECT

Image Name Saliency Value
Image 009 2.647526428962680
Image 017 2.638432533271148
Image 018 2.6189221943007346
Image 105 1.7800683915033662
Image 102 1.7780404349973427
Image 026 1.7703646860190894
Image 069 1.5636221506428145
Image 092 1.5620154290733113
Image 086 1.5563327839741024

TABLE 4. SALIENCY VALUES OF MELON OBJECT

Image Name Saliency Value
Image 038 2.0961952293722406
Image 073 2.0568605307697054
Image 066 2.0550950519472413
Image 033 1.4004105484883367
Image 051 1.3997076581676242
Image 022 1.394155926758031
Image 132 1.2538674988922747
Image 128 1.2534503019566399
Image 127 1.249607733000313
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Figure 2. Screenshots from the scene according to light location
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Figure 3. Saliency map results from the screenshots



Bowl Melon

Glass Deep-pan
Figure 4. Masks of the target objects

calculated. Thanks to these processes, we got the saliency
value of each image by dividing the mean value of saliency
map images to mask images’ mean values. These results that
are shown in the tables (See in Table 1, Table 2, Table 3 and
Table 4) are for all objects results which are bowl, deep-pan,
glass and melon. In Table 1, the first three values are the
three highest values, and the following three values are the
middle values of them and the last three values are the small-
est values from saliency results of bowl object. According
to the results of Table 1, we obtained that Image 038, Image
039, and Image 066 have a successful light position for users
to attract the attention of bowl objects. Other images may
attract attention more than other objects because they have
different light positions. Similarly, for other objects values
that are in other tables show the highest values, middle
values, and low values of the images according to objects
by using the process of calculating that is explained. The
saliency values change according to light condition and the
target object. If the saliency value of objects is higher than
the others this saliency values’ scene has a successful light
condition according to the target object.

In Figure 2, images were grouped according to values in
the tables. For this grouped table, we selected twelve images
from 141 images, three for each target object, with the
highest, middle, and low prominence values of each object.
The saliency value change according to light condition and
the target object. Therefore, the highest value’s image has
the successful position of the light according to the interest
object. For instance, in the image showing the highest
value of the bowl object in Figure 2, the light is coming
directly to the target object, hence the bowl object draws
attention due to the light conditions it has when people
enter the scene. The image which has medium saliency
value of the bowl’s light condition is not directly to the
target object that is the bowl, thus the result is an average
value. Finally, the image which has a low value has a light
condition that is not directly to the target object. Also, output
images can have successful light conditions according to
other target objects that are deep-pan, glass, and melon.
For instance, the medium value of deep-pan image light
condition is successful for glass object to is interested by
people. Consequently, lighting conditions are significant for
people to attract the attention of objects, and light conditions

can affect target objects’ attention. Also, Figure 3 has the
saliency map results of each image that are in Figure 2.

4. Experiment
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Figure 5. Sample eye-tracker outputs

We conducted an eye tracker based experiment for all
four target objects. We used the Tobii 4C Eye Tracker to
capture subjects’ gazes. In the experiment, the twelve images
shown in Figure 2 are used. These images are specifically
chosen as they include high, medium, and low saliency
values for each target object. Fourteen subjects with an
average age of 33.07 voluntarily participated the experiment.
There were 7 female and 7 male subjects.

We used a 15.6-inch laptop display to present the stimuli
to the participants. For each subject, firstly we calibrated
the eye tracker device using Tobii Eye Tracker Manager
software. The subjects are told to look at the presented
images freely without a specific task. To avoid the inhibition
of return effect [2] from continuously looking at the same
scene, the actual stimuli is mixed with irrelevant images. At
the beginning of the experiment, the subjects are shown four
irrelevant images before presenting the actual stimuli. After
that, we presented three irrelevant images between each pair
of the actual stimuli. Each of the actual and irrelevant images
was shown to subjects for two seconds and we did not extend
the time for each image to avoid their inspection of the
scene.



After the experiment, we have investigated whether the
users are focusing on the intended objects or not by creating
a heat map from the user gazes. Also, we could observe the
results by looking duration of users to the points (Figure 5-
Gaze Plot). After getting the results, we generated user
saliency maps where brighter regions indicate the regions
that are looked at by the users to a higher degree. Then,
similar to the calculation of relative saliency values ex-
plained in Section 3, we used object masks and calculated
the user saliency values over the objects of interest. Dividing
the mean saliency value over the masked region to the
mean value over the entire image provides the relative user
saliency of the objects. Following this process, we obtained
relative user saliency values for each user and each object.

Using Tobii Pro Lab platform, we could see the results
with different forms as shown in Figure 5. This Figure shows
the heat map, gaze plot, and gaze map outputs for Image
038 which have the most successful light position for the
bowl and melon objects. According to output images, we
can say that the user firstly focused on the melon object,
then she investigated the environment. According to the light
position, focused objects seem to be correctly estimated and
they are compatible with the highly salient melon object. We
analyzed all cases according to user attention as demon-
strated in Section 5.

5. Results and Discussion

After the eye-tracking based user study, we checked our
results to see if we can direct the user’s attention to the
intended object. For this process, we used the 12 selected
images having high, medium, and low saliency values for
each target object. The user gazes are collected for each of
the 12 images and we analyzed if the users are paying more
attention to the objects when the illumination conditions are
providing more saliency values for them.

Figure 6. Results of the user study. A score of 1 means that the object has
an average likelihood to capture attention.

The user-based relative saliency values were calculated
by dividing the mean brightness value of the heat map over
the masked region by that of the entire image. Such an
approach provides how much attention is paid to a specific

region compared to the entire scene; thus, a value of one
means that the region receives the average amount of user
attention. Although, for each user, relative saliency values
vary; in general, the relative user saliency values change
as expected. After calculating the saliency values of eye
tracker outputs, we created a plot (See in Figure 6) which
shows the results of the user study. This plot includes the
average of each objects’ saliency values according to the
user study. Moreover, the high saliency values mean that
images that have a successful light position and draw more
attention from people according to lower saliency values of
the images. Although eye-tracking test results continue by
decreasing from high saliency image to low saliency image
as in our results in Section 3, there may be problems during
the testing process. Therefore, there is a margin of error
in the values because of users sitting position, attention
concentration, etc. As shown on the plot (See in Figure 6)
the results of the deep pan object appear to be out of
expectation because the average of the medium saliency
value is higher than the other values, and the high average
saliency value is lower than the other values of the deep pan
object. Moreover, the high and medium values of the glass
object are very close to each other. Apart from these cases,
average saliency values are observed as expected for other
objects’ and all objects’ average values.

Figure 7. T-test results. The cases with statistically significant (p¡0.05)
differences are shown with bold fonts.

To check statistical significance of the results, we applied
a paired t-test for the values of each object separately and
the whole concerning high-vs-medium, medium-vs-low, and
high-vs-low groups. As shown in Figure 7, for bowl object
high-vs-medium (p = 0.0012) we have found significant
affect of illumination. For other instances, for the bowl,
melon high-vs-low p values are smaller than 0.05, thus
the differences among high values to low values are as
expected which high saliency values are higher than the
lower ones. Eventually, considering the entire set of objects,
we have discovered significantly different (p = 0.0009)
user attentions for the high-low case demonstrating that in
general, we are able to direct the user attention towards
intended objects by controlling the illumination conditions.

6. Conclusion

To conclude, in this study, we have investigated the use
of the human visual attention mechanism for automatic light



setup. To do that, a realistic 3D scene is created and the light
position maximizing the visual saliency of point of interest
objects according to a given viewpoint is searched for. In
this process, 2D renderings are rendered from a range of
perspectives, and resulting images illuminated with various
light positions are measured in terms of their distribution
of salience. Eventually, we checked whether the results
reflect the reality by using an eye tracker based user to
experiment and achieved promising results. Visual attention
is so significant for advertisements, game scenes or VR
applications such as virtual museums that have objects of
special importance and our approach can be used to make
them more noticeable to the user by positioning the lights
to direct user attention to specific regions.

Currently, we have experimented with a small group
of subjects, and enhancing the number of subjects in the
user experiment is our earliest plan for future work. Ad-
ditionally, in the current form of the study, we have only
investigated light direction, which is a small part of the
whole illumination setup. In future studies, we are planning
to consider more exhaustive lighting parameters and various
viewpoints. Another point of concern is delivering a visually
plausible rendering for the whole scene while still trying to
direct user attention to specific objects or regions, e.g., a
rendering where only the object of interest is illuminated is
not the desired one as we will lose the context. Thus, in the
future study, we will have many more concerns to consider
while selecting lighting parameters and it will form a larger
optimization problem.
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