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Assessment of human emotional
reactions to visual stimuli
“deep-dreamed” by artificial
neural networks

Agnieszka Marczak-Czajka'*, Timothy Redgrave!,
Mahsa Mitcheff!, Michael Villano? and Adam Czajka'*

!Department of Computer Science and Engineering, University of Notre Dame, Notre Dame, IN,
United States, 2Department of Psychology, University of Notre Dame, Notre Dame, IN, United States

Introduction: While the fact that visual stimuli synthesized by Artificial Neural
Networks (ANN) may evoke emotional reactions is documented, the precise
mechanisms that connect the strength and type of such reactions with
the ways of how ANNs are used to synthesize visual stimuli are yet to be
discovered. Understanding these mechanisms allows for designing methods
that synthesize images attenuating or enhancing selected emotional states,
which may provide unobtrusive and widely-applicable treatment of mental
dysfunctions and disorders.

Methods: The Convolutional Neural Network (CNN), a type of ANN used in
computer vision tasks which models the ways humans solve visual tasks, was
applied to synthesize ("dream” or "hallucinate”) images with no semantic content
to maximize activations of neurons in precisely-selected layers in the CNN.
The evoked emotions of 150 human subjects observing these images were
self-reported on a two-dimensional scale (arousal and valence) utilizing self-
assessment manikin (SAM) figures. Correlations between arousal and valence
values and image visual properties (e.g., color, brightness, clutter feature
congestion, and clutter sub-band entropy) as well as the position of the CNN'’s
layers stimulated to obtain a given image were calculated.

Results: Synthesized images that maximized activations of some of the CNN
layers led to significantly higher or lower arousal and valence levels compared
to average subject’s reactions. Multiple linear regression analysis found that a
small set of selected image global visual features (hue, feature congestion, and
sub-band entropy) are significant predictors of the measured arousal, however
no statistically significant dependencies were found between image global visual
features and the measured valence.

Conclusion: This study demonstrates that the specific method of synthesizing
images by maximizing small and precisely-selected parts of the CNN used in this
work may lead to synthesis of visual stimuli that enhance or attenuate emotional
reactions. This method paves the way for developing tools that stimulate, in a
non-invasive way, to support wellbeing (manage stress, enhance mood) and
to assist patients with certain mental conditions by complementing traditional
methods of therapeutic interventions.
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FIGURE 7
Correlations of affective judgments with visual properties of images. The two most obvious outliers in each of the distributions are for the same
layers, namely. convdO and maxpoolO. The layer, condO_pre_relu was also an outlier for Hue, Saturation, and Brightness.
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TABLE 1 Pearson correlations of arousal and valence judgments with independent variables of image characteristics.

Arousal Valence Hue Saturation Brightness JPEG CFC
Hue 0.120 0.080
Saturation 0.187* 0.060 0.990***
Brightness 0.204** 0.050 0.986™* 0.999**
JPEG 0.215" -0.053 0.807** 0.805"* 0.808"**
CFC 0343 -0.056 0.814* 0.848"** 0.858"* 0.874***
CSE -0.216™ 0.023 0.364"* 0.343" 0.344" 0.236™* 0340

(Significance levels: * p <0.05, ** p <0.01, *** p <0.001).

difference in mean valence for attitude ratings [F(;147) = 2.44, p
= 0.091]. Similarly, a one-way ANOVA revealed that there was
not a statistically significant difference in mean arousal for attitude
ratings [F(y147) = 2.41, p = 0.786]. Self-esteem ratings also did
not appear to show any association with valence and arousal
judgments. A one-way ANOVA revealed that there was not a
statistically significant difference in mean valence for self-esteem
ratings [F(4 145) = 1.45, p = 0.221]. Also, a one-way ANOVA revealed
that there was not a statistically significant difference in mean
arousal for self-esteem ratings [F(4145) = 1.58, p = 0.183].

Figure 8 shows violin plots and overlaid box plots for arousal
and valence judgments as compared with participants’ attitude.

Figure 9 shows violin plots and overlaid box plots for arousal
and valence judgments as compared with participants’ ratings of
high self-esteem.

4.4 Self-reported arousal and valence
analysis

As illustrated in Section 3.1, the synthesized images that
increase averaged activations of all neurons located in single layers
have visually different appearance depending on that layer. This
Section presents an analysis in which we verify the hypothesis that
such images evoke different reactions (measured as self-reported
arousal and valence) depending on the CNN layer selected to boost
that layer’s neuron activations through input image perturbations.

4.4.1 Independent analysis of valence and
arousal scores

Figure 10 shows boxplots summarizing the valence and arousal,
respectively, self-reported by participants looking at images that
maximize neuron activations of a single layer shown on the X
axis. Since the sliders output values of the response items were
in the range of 0 to 100, the value 50 is considered as a neutral
reaction, values closer to 100 indicate high arousal/valence reaction,
and values close to 0 correspond to low arousal/valence reaction.
The plots are sorted by the position of the layer in the CNN:
from the first convolutional layer (conv2d@_pre_relu; see
Supplementary Figure S1 for the full topology of the Inception-V3
neural network used in this study) looking at the image, until the
last convolutional layer (mixed5b) feeding the fully-connected
output (performing linear classification) layer. There are a few
interesting observations (O1-O3) we can make:

Frontiersin Psychology

O1: There are layers for which images maximizing their
activations also evoke non-neutral reactions of participants
looking at these images.

For  instance,  statistically  significant  higher/lower
than neutral arousal can be noticed for
conv2d@/mixed3d_5x5_pre_relu, and statistically

significant higher/lower than neutral valence can be observed for
mixed4d_pool_reduce_pre_relu/mixedb5a layers.

02: There are layers for which images maximizing their
activations do not translate to non-neutral arousal or valence

reactions.
For instance, localresponsenormd and
mixed3b_3x3_bottleneck_pre_relu are distributed

around the neutral score (50) of the self-reported valence and
arousal, respectively. It is also interesting to see that such neutral
responses can be observed for images boosting activations of layers
located in various places in the network, which is a segue to our
last observation:

03: The self-reported average valence and arousal
values do not seem to depend (e.g., monotonically) on
the layer’s position within the network. Indeed, there
are types of layers, whose outputs—when boosted—create
images that result in statistically significant differences in
participants’ self-reported reactions, both related to valence
and arousal.

Indeed, Figure 10 does not reveal clear linear trends in average
valence and arousal as a function of the layer’s depth. However,
when arousal and valence responses are grouped by choosing
a layer type (e.g. direct outputs of the inception modules),
we see statistically significant differences in average valence
and arousal responses aggregated over the selected layers. In
particular, as shown in Figure 11 on the left two plots, grouping
images boosting activations of layers mixed{N}{m}_pool
(N €
statistically significantly higher arousal scores than for images
mixed{N}{m}_{K}x{K}_pre_relu
{3,5}). Similarly, as see in Figure 11 on the right

{3,4,5} and m € {a,b,c,d,e}) result collectively in

obtained for layers
(K €
two plots, grouping images boosting activations of layers
conv2d{L}
higher valence scores than for images obtained for layers

mixed{N}{m}.

result collectively in statistically significantly
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FIGURE 8
Distributions of arousal and valence scores as function of the affective judgments of images and attitude of participants. The formatting of boxplots
and violin plots is the same as in Figure 6.
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FIGURE 9

Distributions of arousal and valence scores as functions of the affective judgments of images and high self-esteem rating of participants. The
formatting of boxplots and violin plots is the same as in Figure 6.

4.4.2 Analysis of joint distributions of valence and For each synthetically-generated image, boosting a single CNN
arousal scores layer, we can calculate and visualize a joint probability distribution

In the previous section we made the observation that both  of valence and arousal self-reported by the participants. These
valence and arousal are individually dependent on the image type.  distributions reveal often complicated relations between both
In this section we analyze both responses jointly. reactions, namely:
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illustrates example layers,
with a goal to increase average activation of

Figure 13

reported low arousal along with high valence, or high arousal
The main conclusion from the above observations, presented

in both dimensions, as shown in Figure 12-6: there are
apparently two clear groups of participants who either self-

along with low valence.

Additionally,
median arousal and valence scores were closest to (a) one of

the four corners of the arousal-valence plane (minimum arousal
and maximum valence simultaneously, or the opposite: maximum
arousal and minimum valence simultaneously, or both arousal and
valence either minimum or maximum at the same time), or (b) one

of the sides of the arousal-valence plane (meaning that only one
in both subsections, is that a simple mechanism of iterative

artificial neurons located in a single layer of the CNN, allows to

semantic content level, may serve as a mechanism of evoking
reactions similar to visual stimuli that are interpretable to humans,

functions of the visual cortex, yet doing this at a lower, in a sense,
such as those presented in Section 2.3.3.

synthesize images that evoke non-neutral reactions measured by
arousal and valence. Some of these images evoke reactions that are
highly repeatable across participants, and some other images evoke
polarized reactions. These results support the assumption that
images that are stimulating artificial neural structures resembling

response type was strong, while the second was neutral).

image perturbation,

13

igure 12-1. The entropy-based

neutral and very repeatable reactions across all participants.
Such layers can be identified by picking the joint probability
density plot with the minimum entropy (across all joint
measure applied in this case is Shannon’s entropy calculated
for values of the joint probability density plots (represented
by pixel intensities in Figure 12), as proposed by Crum et al.
(2024) to measure the entropy of CNN models’ saliency maps.
evoke highly diverse reactions, as shown in Figure 12-3. Such
layers can be identified by searching for maximum Shannon’s
a bimodal distribution for only one type of the responses,
while producing very diverse responses in the other type. One
example is shown in Figure 12-4, which demonstrate how
images boosting mixed3a_1x1_pre_relu layer ended
up with a bimodal distribution of the valence scores,
while generating more uniform responses along the arousal
dimension. Figure 12-5 shows an opposite case, when arousal
boosted-synthesize images that generate responses polarized

scores are more polarized than the valence scores.

strong reactions, as shown in Figure 12-2.
entropy of the joint distribution plots.

obtained from deeper layers are light-shaded, while those representing results obtained from the layers closer to the input are darker. The versions of
distributions), as shown in

Boxplots illustrating the valence (top plot) and arousal (bottom plot) scores sorted by the median values obtained for images boosting activations in
these plots for scores sorted by the layer’s position in the Inception network are provided in Supplementary Figure S13.

layers listed on the horizontal axis. The formatting of boxplots is the same as in Figure 6, except for the color coding: boxplots representing results

FIGURE 10

(a) There are layers which are boosted by images causing non-
(c) Opposite to (a), there are layers for which generated images

(b) There are layers for which generated images do not evoke
(d) A few layers end up with synthetic images that result in
(e) Finally, very interestingly, there are layers, which—when
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FIGURE 11
Arousal and valence scores aggregated over example types of layers resulting in statistically significantly different responses between such types.
Numbers and letters defining the groupings are: N € {3,4,5}, K € {3,5}, L € {0, 1,2}, and m € {a, b, ¢, d, e}. The formatting of boxplots and violin plots
is the same as in Figure 6.
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FIGURE 12

Top row shows joint distributions of valence (vertical axis) and arousal (horizontal axis) responses from all participants (smoothed to create heat maps
for better visibility) to the corresponding pictures invoking these distributions shown in bottom row. Six interesting cases are visualized, from left to
right: (1) the lowest Shanon's entropy of the valence/arousal joint score distribution, (2) the mean of entropy, as in (1), and the distance of the average
point from the neutral arousal and valence (50,50), (3) opposite to (1): the largest Shanon's entropy of the valence/arousal joint score distribution, (4)
the case in which the arousal score is spread across participants, but the valence has a bimodal distribution, (5) opposite to (4): the valence score is
spread across participants, but the arousal has a bimodal distribution, and (6) a bimodal distribution of scores with one mode centered in low arousal
and high valence, and the second mode centered around high arousal and low valence. White cross and red circle markers represent the mean and
median values of all responses, respectively. Joint distributions corresponding to all 144 Inception v3 layers are shown in

Supplementary Figures S2—-S4. Additionally, pictures generated for Inception v3 layers which obtained various combinations of extreme median
arousal and valence values are shown in Supplementary Figures S5-S12.
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conv2d1_pre_relu mixeddb_3x3_pre_relu

Arousal

1

FIGURE 13

mixed3b_3x3_bottleneck_pre_relu

(2) 3) (4) (5)

Joint distributions of valence/arousal scores, as in Figure 12 for another eight interesting cases (columns), in which the average arousal/valence
scores obtained from the participants when looking at pictures (shown in the bottom row) were the closest to the eight selected combinations of the
arousal and valence scores (marked by the red rectangles). From left to right: (1) negative arousal and valence, (2) negative arousal and neutral
valence, (3) negative arousal and positive valence, (4) neutral arousal and positive valence, (5) positive arousal and valence, (6) positive arousal and
neutral valence, (7) positive arousal and negative valence, and (8) neutral arousal and negative valence. The center (50,50) of each plot corresponds to
neutral arousal and valence reactions. White cross and red circle markers represent the mean and median values of all responses, respectively. Joint
distributions corresponding to all 144 Inception v3 layers are shown in Supplementary Figures S2-S4. Additionally, pictures generated for Inception
v3 layers which obtained various combinations of extreme median arousal and valence values are shown in Supplementary Figures S5-512.

mixed4d_pool_reduce conv2do

mixeddc_5x5_bottleneck

mixeddc_1x1_pre_relu

(8)

(6) (7

Discussion

Our analysis of images synthesized to maximize neuron
activations in different CNN layers revealed varying self-reported
arousal and valence responses from subjects. Certain layers,
such as conv2d@ and mixed3d_5x5_pre_relu, produced
images that led to significantly higher or lower arousal levels,

while layers like mixed4d_pool_reduce_pre_relu
and mixed5a evoked strong valence reactions. Interestingly,
some layers, including localresponsenorm@ and
mixed3b_3x3_bottleneck_pre_relu, resulted in

neutral responses, highlighting that not all activations translate to
significant emotional reactions.

The lack of a clear monotonic relationship between the depth of
the layer and the emotional response underscores the complexity of
neural representations in influencing affective judgments. Notably,
when responses are grouped by layer types, such as inception
module outputs, statistically significant differences in arousal and
valence are observed, indicating that the type of layer, rather than
its position, plays a crucial role in shaping emotional responses.
Additionally, the examples of bimodal distributions of scores, with
one mode centered in low arousal and high valence, and the second
mode centered around high arousal and low valence, suggest
that individual differences in creating judgments and affecting
emotional reactions may play a role.

Our study offers several key insights into the relationship
between visual stimuli characteristics, initial mood states, and
the resulting affective judgments of arousal and valence. The
regression analysis identified hue, feature congestion, and sub-band
entropy as significant predictors of arousal, explaining 37 percent
of the variance. This finding supports the arousal-complexity bias
observed in prior research, indicating that more complex visual
stimuli tend to elicit higher arousal levels. Conversely, the valence
model did not yield significant predictors and explained only
3.3 percent of the variance, suggesting that the pleasantness or
unpleasantness of an image is not significantly influenced by the
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examined image global characteristics. These results emphasize the
complexity of emotional responses to visual stimuli and suggest
that different underlying mechanisms may govern arousal and
valence.

Our findings align with existing research showing that color
attributes significantly influence arousal. For example, Weijs et al.
(2023) demonstrated that red environments increase physiological
arousal compared to blue ones, with darker environments leading
to higher arousal, indicated by increased heart rate and decreased
heart rate variability. Similarly, Zielinski (2016) found that higher
color saturation leads to stronger skin conductance responses.
Duan et al. (2018) showed that yellow backgrounds are associated
with low arousal states, while red backgrounds correspond to high
arousal states, and orange backgrounds result in high impulsivity.
This corroborates our identification of hue as a significant predictor
of arousal. Additionally, research by Hooke et al. (1975) and Valdez
and Mehrabian (1994) has explored the emotional effects of color,
with Valdez and Mehrabian finding that saturation and brightness
strongly affect emotions. They identified green-yellow, blue-green,
and green as the most arousing colors, aligning with our findings
on the influence of color attributes on arousal. However, our study
did not find significant predictors for valence, suggesting that
factors beyond the examined image characteristics may influence
the pleasantness or unpleasantness of visual stimuli.

Research on color-emotion associations reveals that hues and
chroma can influence emotional perceptions and preferences. For
example, Moller et al. (2009) found that red is associated with
failure and negative words, while green is linked to success.
Increased chroma in images enhances perceptions of happiness,
arousal, and positive valence. Natural content elicits more positive
emotions than urban scenes, and green hues are less arousing
than red ones. Color preferences may serve an adaptive function,
with people tending to like colors associated with objects they find
appealing. This ecological valence theory explains 80 percent of
the variance in color preference ratings. Gender, expertise, culture,
and perceptual experience also influence hue preferences. These
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findings illustrate the complex interplay between color dimensions,
image content, and emotional responses, suggesting that color
carries psychologically relevant meaning beyond mere aesthetics.

Studies by Suk and Irtel (2009) investigated how color
attributes influence emotional dimensions of valence, arousal,
and dominance using the Self-Assessment Manikin (SAM). They
found that all three color attributes (hue, chroma, and luminance)
affected emotional responses, with chroma consistently showing
positive correlations with emotional dimensions. Suk (2006)
expanded on this research, conducting four experiments to analyze
color-emotion relationships. Both studies revealed that emotional
responses to color vary more strongly with tone than hue
categories. While Sulc and Irtel (2009) compared responses between
paper and CRT monitor presentations, Suk (2006) also examined
color emotions in the context of other visual stimuli like pictures
and film clips. These findings contribute to understanding how
color influences emotion across different media and contexts, with
potential applications in marketing and design.

Feature congestion has been identified as a measure of visual
clutter in several studies by Rosenholtz et al. (2005, 2007). This
measure is based on the concept that a more cluttered display makes
it harder to add a new item that would draw attention. The feature
congestion measure considers factors such as color, luminance
contrast, and orientation. It has been shown to correlate well with
subjective assessments of visual clutter and search performance
in complex imagery. The researchers have explored its use as
a substitute for set size in visual search models, demonstrating
its applicability to various types of displays, including search-
in-clutter tasks. Other measures of visual clutter, such as sub-
band entropy and edge density, have also been investigated,
but feature congestion appears to account for additional factors
like color variability. Our identification of feature congestion
as a significant predictor of arousal aligns with these findings,
emphasizing the role of visual complexity in emotional responses.
Our investigation into the relationship between participants’ mood
and their affective judgments of arousal and valence revealed no
significant associations. Participants’ mood and self-esteem were
measured initially through self-reported attitudes and self-esteem
levels. Analysis showed that neither participants’ self-reported
attitudes nor their self-esteem levels had a statistically significant
impact on their mean arousal or valence scores. Specifically, one-
way ANOVA tests indicated no significant differences in mean
valence or arousal based on attitude or self-esteem ratings. These
findings suggest that the emotional responses elicited by the
visual stimuli were not significantly influenced by the participants’
initial mood states. This indicates that the affective judgments of
the images were robust across different initial mood conditions,
underscoring the complexity of emotional processing and its
relative independence from transient mood variations. Further
research could explore additional factors that might moderate the
relationship between mood and affective judgments.

We should expect to see various emotional reactions to images
having semantic meaning. However, the way how such semantics-
rich visual samples interact with our brain, and ultimately evoke
reactions, is not fully understood. Therefore, in this study we used
a generative mechanism that is more interpretable due to closer
analogies between the generative process based on maximizing
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specific sections of Convolutional Neural Networks and the visual
cortex of the brain. This has been demonstrated earlier in the case
of monkeys (Bashivan et al., 2019) but, to our knowledge, has never
been researched with human subjects. Moreover, these semantics-
free “deep dream” images should limit a bias that could be observed
in the responses due to subjects’ experience and memories related
to naturalistic images.

Overall, the findings offered in this study may have significant
implications for the design of visual stimuli in various fields such
as marketing, virtual reality, and human-computer interaction.
Understanding which image characteristics influence arousal can
help in creating more engaging content that captures attention
and elicits desired emotional responses. Additionally, this research
paves the way for developing tools aimed at brain stimulation and
supporting wellbeing. By identifying specific visual features that
influence emotional arousal, we can create applications designed
to improve mental health and assist patients with certain mental
conditions. These tools could use tailored visual stimuli to manage
stress, enhance mood, and support therapeutic interventions.

5.1 Limitations and future research

This study is the first, known to us, that measures emotional
reactions evoked by images synthesized by deep learning-based
models and reports on correlations between these reactions and
areas (layers) of a neural network mimicking the way the human
visual system works. However, this study has, of course, a few
limitations, which provide a good set of ideas for immediate future
work discussed in this closing section.

One limitation of this study is the reliance on self-reported data,
which serves as a proxy for a true brain reaction and thus may
be subject to biases. Another limitation is the sample size, both
related to the number of subjects and to the number of random
noise seeds used to synthesize samples for each layer (five in this
study). Subjects’ diversity may limit the generalization of findings,
and stochasticity of the synthesis process may result in generated
samples that are outliers, which in consequence may reduce the
replicability of this study. Finally, this study is limited to visual
stimuli, but analogous reactions may be evoked when presenting
synthesized audio or haptic stimuli to bring more senses into play.

Future research should consider using more objective measures
of arousal and valence. These measures can include basic
physiological responses (blood pressure, blood volume changes,
respiration, perspiration/skin conductance, pupil dynamics, or face
micro- and macro-movements) or—if possible—involve direct
measurements of brain activity via functional magnetic resonance
imaging (fMRI). In addition, extending these studies with a
more diverse and larger participant pool would enable more
authoritative conclusions on possible connections between artificial
neural network-based models and processes governing human
emotional reactions. Furthermore, our immediate research plans
include immersing the participants into a Virtual Reality world
with synthesized visual stimuli (via a Virtual Reality headset)
which would allow the participants to walk closer to and further
from images and thus change the scale and homomorphic
transformations of pictures, which in consequence may stimulate

frontiersin.org


https://doi.org/10.3389/fpsyg.2024.1509392
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org

Marczak-Czajka et al.

the brain in various ways. This paradigm will address the effect
of feature scale on activations of visual neurons, and will replace
the now-arbitrary scale used in this current and many other
studies. Finally, we also aim to explore the combination of multi-
modal stimuli (visual, audio, and haptic) and their combined
effects on mood and self-esteem, measured both before and after
exposure to such stimuli. This study would provide insights into
the design of an effective and affordable tool to evoke changes
in emotional states resulting from interaction with precisely
synthesized multi-modal stimuli.
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