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Abstract: This paper explores the potential of using convolutional neural networks (CNN) for emotion recognition in marketing
research of advertising. Discusses how CNN can be trained to accurately recognize emotions conveyed in advertisements and how
this information can be used to gain insights into consumer behavior. By analyzing consumer emotions in response to different types
of advertising, marketers can better tailor their advertising campaigns to elicit positive emotional responses and improve ov erall
effectiveness. Overall, the paper demonstrates the potential of CNN-based emotion recognition as a valuable tool to optimize

advertising strategies and improve consumer engagement.
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1. INTRODUCTION

Emotions play a crucial role in our daily lives, influencing
our decision-making processes, social interactions, and overall
well-being. As such, understanding and accurately detecting
emotions is of great importance in various fields, including
marketing [1].

Emotional marketing helps the author to understand the
most compelling aspects of human characteristics, which can
lead to the emergence of aspirational drives that motivate and
encourage personal satisfaction and emotional fulfillment.

Marketers can leverage emotional information to gain a
deeper understanding of their customer’s preferences, improve
brand perception, and ultimately increase sales. With the rise
of digital marketing and the abundance of data generated by
online interactions, there is a growing interest in developing
automated tools for emotion recognition [2]. In this paper, we
explore recent advances in emotion recognition technology
and its potential applications in marketing. Specifically, we
examine the challenges associated with accurately detecting
emotions; discuss the different modalities used in emotion
recognition, and review recent studies on emotion recognition
in marketing. The insights gained from this research have the
potential to revolutionize how marketers understand and
engage with their customers.

So, considering the very rapid development of the field of
emotional marketingand the need to automate the processes of
processingand transferring dataabout the client, itis necessary
to dewvelop an application that will be needed by the end
consumer, which will have a simple and intuitive interface and
high accuracy of input data processing.

The purpose of the work is to dewvelop a program for
recognizing emotions in marketing research on the

effectiveness of advertising using convolutional neural
networks.

The object of research is emotion recognition with
convolutional neural networks.

2. RELATED WORKS

In recent years, many researcheshave been conducted to
understand how consumer emotions affect decision-making
and behavior. As a result of these researches, it became clear
that emotions play an important role in marketing strategies
and that they can be used to improve product quality, increase
sales, and increase consumer satisfaction.

Many publications consider various methods and
approaches to emotion recognition, including the use of
machine learning, analysis of electro-skin signals and other
physiological indicators, as well as data collection from social
networks and cloud services. The examination of the most
recent investigation and literature concerning this subject
revealed that the concerns addressed are not adequately
expounded upon, and the primary scientific outcomes have not
been put into practical practice and necessitate further
investigation.

In the papers [1] and [2], which address the issue of
advertising research, greater attention is paid to marketing
strategiesinthis area. The authors of both papers extensively
examine various marketing approaches and strategies usedin
adwertising. They also analyze existing trends in this field,
summarize the experience of other researchers, and draw
conclusions about which marketing strategies are most
effective in the context of advertising research. These papers
can be useful for those interested not only in the research of
adwvertising but also in the application of marketing strategies
in their work.
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The papers [3-10] are dedicated to convolutional neural
networks and their application in various tasks. They describe
the structure and operation of convolutional neural networks,
includingtheir mainlayersand architectures, as well as explain
how they can be used in different situations.

The papers [11-17] are about the use of convolutional
neural networks for the task of emotion recognition is
described. The authors of these works focused on developing
deep architectures that are capable of automatically extracting
features from facial images, allowing for effective
determination of a person’s emotional state. These works
emphasize the significance of using convolutional neural
networks to achieve high performance inemotion recognition
tasks.

The papers also describe using of convolutional neural
networks in various fields, such as image processing, speech
recognition, natural language processing, and others. They
provide examples of using convolutional neural networks in
tasks such as object recognition in images, text classification,
and real estate price prediction.

It is also worth noting that privacy and ethical issues are
important in the field of emotion recognition. This topic is
described in paper [18]. It is an analysis of ethical issues
related to emotion-oriented technologies. The authors of the
paper discuss the importance of understanding the unique
ethical problems that may arise as a result of the development
and use of such technologies.

In general, the analysis of publications on emotion
recognition in marketing research shows that this is an active
and promising area of research that can lead to improved
product qualityand increased consumer satisfaction. Howewer,
ethical and confidential aspects in this area must be taken into
account.

3. MATERIALS AND METHOD

The dewvelopment of an application for recognizing
emotions in marketing research on the effectiveness of
advertising involves a combination of machine learning,
software engineering, and marketing research expertise. The
goal of the application is to accurately recognize and measure
emotions in response to advertising stimuli, allowing
marketers to optimize their campaigns and better understand
the needs and desires of their target audience.

The development consists of these steps:

Step 1: Found and Collected Data from Which
Convolution Neural Networks Can Learn

Input data for learning convolutional neural networks was
collected with the fer2013 dataset.

The data consists of 48x48 pixel grayscale images of faces.
The faces have been automatically registered so that the face
is more or less centered and occupies about the same amount
of space in each image. The task is to categorize each face

based on the emotion shown in the facial expression into one
of seven categories (0=Angry, 1=Disgust, 2=Fear, 3=Happy,
4=Sad, 5=Surprise, 6=Neutral).

The training set consists of 28709 examples and the public
test set consists of 3589 examples. The dataset was
downloaded and added to the development environment for
further use in convolutional neural network learning.

Step 2: Createda Convolution Neural Network with the
Ability to Learn in the Fer2013 Dataset

Convolutional neural networks [3] (CNN’s) are a specific
type of artificial neural networks (ANN’s), that has
demonstrated high performance on various visual tasks,
including image classification, image segmentation, image
retrieval, object detection, image captioning, face recognition,
pose estimation, traffic sign recognition, speech processing,
neural style transfer, etc. [4].

The convolution operation is one of the fundamental
building blocks of a convolutional neural network. The
parameters of a convolutional layer are composed of a set of
learnable filters (kernels) [3-6]. Each filter is small in spatial
dimensions (width and height) but extends through the full
depth of the input volume. Typical filter sizes can be 3x3, 55
or 7x7.

The depth of a grayscale image is equal to 1, while fora
color image, it is 3 (RGB) color channels (Fig. 1, [12]).

Neurans
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Input image 6 kemels
ISR

stride=1, padding=2

Fig.1. Convolutional layer

During forward propagation, each conwolution filter
operates on the input volume in width and height, computing
the dot product between the filter weights and input at any
position, followed by a non-linear activation function
(sigmoid, tanh, ReLU, etc.), and the resulting outputs are
called feature maps [3-8].

An object map (also known as an activation map) gives the
filter's responses at each spatial position. We stack these
activation maps along the depth dimension and produce the
output volume [3]. The depth of the output volume is the
number of filters used in the convolution operation. Each filter
learns something different fromthe input data, edges, dots, and
colors.

The stride of convolutionis the number of iterations we use
on input. When the stride is 1, we move filters one pixel at a
time. When the stride is 2, filters jump by 2 pixels when
computing them, producing smaller output volumes in space.
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Padding controls the output size. Applying convolution to
the input reduces the output size, resulting in information loss.
We pad the input volume with zeros around the border. There
are two common options: valid conwolution and same
convolution. Valid convolution means no padding; the same
convolution means the output size stays the same as the input
size.

The output size is computed as follows:
X = n+2p—f (1)

)

s+1

where n — the number of filters;
p — the amount of padding;
f — the filter size;
s — the stride.

CNN’s oftenuse pooling layers after convolutional layers.
Their function is to reduce dimensionality, also known as
subsampling. The hyperparameters of a pooling layer
represent the filter size and strides [3]. The most common
pooling layer is the one with a filter size of 2 and a stride of 2.
There are two common types of pooling layers: max pooling
and average pooling, which take the maximum and average
values, respectively [3-8].

Max poolingis more frequently used than average pooling.
The pooling layer does not have any trainable parameters. The
intuition behind max pooling is that it detects the presence of
a feature in a particular region [3-6, 13]. An example of a
convolutional layer followed by a pooling layer is shown in
Fig. 2 [12].

6 feature maps
- - 4-14
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stride=1; padding=2 stride =2

Fig.2. Pooling layer

Fully connected layer. After several convolutional and
pooling layers, a CNN usually ends with several fully
connected layers. The tensor produced by these layers is
transformed into a vector and then fed into several neural
network layers [3-6, 19]. The tensor that we have at the output
of these layers is transformed into a vector and then we add
several neural network layers.

The fully connected layerstypically are the last few layers
of the architecture as shown in Fig. 3 [12], the dropout
regularization technique can be applied in the fully connected
layers to prevent overfitting.

The final fully connected layer in the architecture contains
the same amount of output neurons as the number of classes to
be recognized [13].

Lnpmt image 6 featiare maps
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16 featare maps predicted digit=0
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Convolntion layer 1 Convolutional lnyer 2 g Fully connected Iﬂfwr

Fig.3. Fully connected layer

The learning process of a CNN on the fer2013 dataset
involves several steps, which are outlined below.

Data preprocessing. The first stepwas preprocessingofthe
dataset. This may involve tasks such as resizing the images to
a specificsize, normalizing the pixel values, and splitting the
dataset into training, validation, and testing sets.

Modeling architecture. In the next step was to define the
architecture of the CNN. This involves decidingon the number
of layers, the number of filtersin each layer, the size of the
filters, and the activation functions to be used. In the case of
the fer2013 dataset, the architecture might be involved several
convolutional layers followed by max-pooling layers and then
fully connected layers.

For this task was developed CNN which consists of
15 layers: 10 convolution layers, 4 Batch Normalization
layers, 4 Dropout layers, and 2 AveragePooling2D layers, as
well as Global AveragePooling2D and Activation layers.

All convolutional layers have ReLU activation Fig. 2, and
the last layer has Softmax activation, called “predictions”. The
number of filters in the convolutional layers gradually
increases from 16 to 256, and the size of the convolution
kernels decreases from 7x7 to 3x3.

The CNN design is shown in Fig. 4-Fig. 7.

Training model. The CNN is then trained on the training
set using a loss function, such as cross-entropy, and an
optimization algorithm, such as stochastic gradient descent.
During training, the weights of the network are adjusted to
minimize the loss function.

Validation model. After each epoch of training, the
performance of the network is evaluated on the validation set.
This allows for early stopping or adjusting hyperparameters to
prevent overfitting.

Testing model. Once training is complete, the final
performance of the CNN is evaluated on the testing set. This
provides an estimate of the network's ability to generalize to
new, unseen data.

Hyperparameter Tuning. The performance of the CNN on
the validation set can be used to tune hyperparameterssuch as
learning rate, number of filters, and filter size.
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Fig.7. CNN's design (layer 4)

Owerall, the learning process of a CNN on the fer2013
dataset involved a combination of data preprocessing, model
architecture design, training, validation, testing, and
hyperparameter tuning. With proper tuning and optimization,
a well-designed CNN can achieve high accuracy in

recognizing facial expressions in the fer2013 dataset [3-8, 15].

This model shares some similarities with the Visual
Geometry Group (VGG) architecture butalso differsinseveral
aspects. The similarities include the use of sequentia

convolutional layers with RelLU activation and batch
normalization [20].

Key differences from VGG:

1. Convolutional Layer Structure: The model includes
convolutional layers with different filter sizes: 7x7,5x5, and
3x3. VGG, on the other hand, exclusively used 3x3 filters.

2. Dimensionality Reduction: VGG employed max-
pooling layers with a 2x2 filter and stride of 2 after each block
of convolutional layers to reduce dimensionality by half [20].
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In this model, average pooling is used instead with a 2x2 filter
and stride of 2, employing a different method of spatial feature
averaging.

3. Number of Filters: VGG typically used more filters in
each convolutional layer, starting from 64 and doubling them
in each block. This model utilizes smaller numbers of filters:
16, 32, 64,128, and 256 [20].

4.Global Average Pooling: Instead of fully connected
layers before the final softmax layer, this model employs
global average pooling (GlobalAveragePooling2D), which
averages features spatially rather than using fully connected
layers.

5.Size of Final Conwolutional Layer: In VGG, the last
convolutional layer had a 7x7 filter size, whereas, in this
model, the filter size is determined by the num_classes
parameter [20].

Owerall, this model can be considered asimplified version
of VGG, utilizing different filter sizes, modified
dimensionality reduction, fewer filters, and a different final
layer approach.

The block diagram of the learning process of the
convolutional neural network is shown in Fig. 8.
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Step 3: Prepareda PYQT Desktop Project for Importing
Convolutional Neural Networks

PyQt5 is a set of Python libraries for creating a graphical
interface based on the Qt5 platform. The Qt library is one of
the most powerful GUI libraries. To dewelop a PyQt
application with two windows for displaying video from a
camera and a file, two QMainWindow windows need to be
created with a QLabel widget in each window. One window
should have a button to open a dialog window to selectavideo
file,and the other window should use the OpenCV library to
capture video frames from the camera. AQTimer can be used
to update the camera frames and a function to update the
frames from the video file. Finally, controls should be added
to allow the user to switch between the cameras and file
modes.

Step 4: Has Been Imported Convolutional Neural
Network to the PYQT Project

For importing a convolutional neural network in a PyQT
project, has been installed a deep learning framework that is
used to train a convolutional neural network. After that has
been loaded the training convolutional neural network model
isto be importedinto a PyQT project. Import the loaded model
into the PyQT project using the appropriate framework API
functions that were used. Adjust the model if necessary, such
as setting the correct input data size. Used the model to
perform inference in a PyQT project, such as investigating
accusations (Fig. 9).
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< Validated model

I
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Fig.8. Block diagram of the learning process of the neural network
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Fig.9. Result of emotion recognition

Fig. 9 is shown the base result of emotion recognition. The
main programwindow is opened. This window contains all the
main program control elements.

The real-time facial emotion detection result is displayed
on the mainwindow. For this, avideo camera connected to the
computer is used. The program analyzes the image, detects the
person's face, and determines the emotion they are expressing.
This could be happiness, sadness, fear, surprise, etc.

In the case of Fig. 9, it’s neutral emotion. That means that
the neural network was successfully learned and ready for
testing. Also was created histogram to show emotion
probabilities in percent forabetter understanding of emotions
in the current time. There is also a button on the main window
that allows a video file to be opened. After clickingthis button,
the user can select avideo file ontheir computer and openitin
the program. After that, the data about recognized emotions
will be transmitted to a text file for further processing by
specialists.

Step 5: Testing

For testing the application for recognizing emotions in
marketing research on the effectiveness of advertising we use
the fer2013 dataset for emotion recognition. Application may
be run by the client and followed up ewery little bug or
mistake, especially in CNN accuracy in the recognition
process. Whenthe application is started it must see one modal
window with two small windows and a button for choosing

video fromthe device. When the button is clicked, it’s opened
the file system, and from that can be chosen the video file for
a marketing advertisement experiment. When the video is
chosen from Explorer, it’s opened in a high modal window,
in the lower starts showing recording from the device camera.
And while the application is working it will show the
emotions inasquare around its face and emotions probability
in the histogram [21-23]. After the video is started playing the
timing of the video and the applicationworking are compared,
and with each new frame information about the current
changes in the emotions on the screenis added to the text file,
with the exact timing of the video on which this change
occurred, for further comparison, to understand at what point
in the video the customer changed dramatically in emotions
and based on this, certain conclusions were made regarding
the quality and advertising and possible.

4. THE RESULTS OF THE TESTING

During the research, an experiment was conducted, which
showed that among 20 people who tried the program, 17 of
them agreed that the emotions were recognized and displayed
correctly in all cases, while 3 thought that in 3-5 cases out of
20, the emotions were identified incorrectly. Each of the
subjects showed one emotion 5 times to determine the
accuracy of recognition. Table 1 was shown the average
recognition accuracy for each emotion and the error
percentage with the rest of the presented emotions.

The result of the testing is shown in Table 1.

Table 1: Result of testing
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_ disgust angry scared happy sad surprised neutral
disgust 88.06% 1.34% 1.45% 0.43% 4.33% 1.43% 1.01%
angry 3.56% 92.86% 1.34% 1.57% 2.22% 1.87% 1.08%
scared 2.89% 2.01% 79.75% 0.98% 3.75% 2.80% 0.57%
happy 1.11% 1.45% 1.42% 94.50% 0.84% 5.04% 2.23%
sad 2.38% 1.12% 10.01% 1.14% 84.33% 2.12% 1.65%
surprised 1.11% 0.43% 4.98% 1.33% 1.98% 85.13% 0.34%
neutral 0.89% 0.79% 1.05% 1.19% 2.55% 1.61% 93.12%
Accuracy 88.25%

Also was compared our neural network with existing
convolutional neural network models. Out CNN was
compared with three other CNN architectures AlexNet [3],
VGGNet [3], and ResNet [11]. The AlexNet [3] architecture
was the firstwork that popularized Convolutional Networks
in Computer Vision, it was the winner of the ImageNet
ILSVRC competitionin 2012, and it had a 15.4% top-5 error
rate of 26.2% for the next lowest network [3].

The input image resolution is 224x224, the architecture
consists of 5 conwvolutional layers, three 2x2 max-pooling
layers, and 2 fully connected layers. As shown in Fig. 5, the
filter size of the first convolution layeris (11, 11, 3, 96) with
a stride of 4, and the first output shape is (55, 55, 96). As a
regularization technique, dropout is used in the fully
connected layers to reduce overfitting [5]. The total number
of parameters in AlexNet [3] is 60 million.

B Alexhet
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Disgust AnEry Scared
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The VGG Network [3] was introducedin 2014 by Karen
Simonyan and Andrew Zisserman. At that time, it was
considereda very deep network. Its main contribution was in
showing that the depth of the network is a critical component
to achieving better recognition or classification accuracy in
CNN’s.

ResNet [11] features special skip connections and the use
of batch normalization [24] after every convolution layer.
Deeper models are harder to optimize, the solutionis to use a
skip connection, which allows taking the activation from one
layer and feeding it to another layer. Using that enables us to
train very deep networks and avoid vanishing and exploding
gradient problems. To reduce the number of parameters, the
ResNets[11]do not have fully connectedlayers, besides fully
connected layers to output the 1000 classes [25].

The result of the comparison is shown in Fig. 10.

ResMet [l QurCHN

Sad Surprice Meutral

Fig. 10. Result of comparison of different CNN architectures
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5. DISCUSSION The results of this researchindicate that the new model can

be effectively applied to solve problems in the field of
emotional marketing.

On the testdataset usedin this research, the accuracy of the
new model exceeded that of AlexNet, VGGNet, and ResNet
by an awerage of 15%-20%. In addition, the new model The result of the testing is shown in Fig. 11-Fig. 16.
required less memory and learned faster, which can be an
important factor when using neural networks in practice.

..
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Fig. 11. Result of emotion recognition (example 1)

Emotion Probability: 47.21%

Emotion Label: neutral

Time elapsed: ® minutes 41.47 seconds
tmotlon Probability: 91.26%

Emotion Label: neutral

Time elapsed: © minutes 41,79 seconds
Emotion Probability: 94.5%%

Emotion Label: happy

Time elapsed: © minutes 42,20 seconds
Emotion Probability: 95.67%
Emotion Label: neutral

Time elapsed: @ minutes 42.46 seconds
Emotion Probability: 97.33%

Emotion Label: neutral

Time elapsed: © minutes 42,92 seconds
Emotion Probability: 95,.31%

tmotion Label: neutral

Time elapsed: © minutes 43,57 seconds
Emotion Probability: 9s8.seX

Emotion Label: neutral

Time elapsed: @ minutes 43.8& seconds
Emotion Probabllity: 96.32%

Emotion Label: neutral

Time elapsed: 0 minutes 44,19 seconds
Emotion Probability: S7.78%

Emotlon Label: happy

Time elapsed: @ minutes 44,54 seconds
fmotion Probability: SS.73%

imotion Label: neutral

Time elapsed: O minutes 44,98 seconds

Fig. 12. Information about recognition process per frame (example 1)
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Fig. 14. Information about recognition process per frame (example 2)
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Emotion Label: happy
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Emotion Label: happy
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Emotion Label: happy
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Iime elapsed: 6 minutes 15,54
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Fig. 13. Result of emotion recognition (example 2)
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Fig. 15. Result of emotion recognition (example 3)
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Time elapsed: © minutes 6.83 seconds
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Emotion Label: neutral
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Emotion Probability: 42.19%
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Time elapsed: @ minutes 10,01 seconds
Emotion Probability: 34,36%

Emotion Label: neutral
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rime elapsed: © minutes 11,28 seconds
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Fig. 16. Information about recognition process per frame (example 3)
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In Fig. 11-Fig. 16, the results of the program are shown.
The user canview differentadvertisingvideos andthe program
will analyze their emotional reaction to each one in real-time
using emotion recognition algorithms. The results of image
processing will be recorded in a text file that can be analyzed
later.

Fig. 11 and Fig. 12 are shown that have neutral emotion
with accuracy of 85%-90%, Fig. 13 and Fig. 14 — happy with
70%-77% of accuracy, and Fig. 15 and Fig. 16 disgust with
60%-70% of accuracy. Also, to enable more precise further
analysis, the histogram displayed the emotionsthat arise in a
percentage ratio to each other during processing, so as not to
miss any minor processing details.

Additionally, the program can display the recognition
results on a histogram below the video camera recording, so
that it can be monitored their emotional reactions to
adwvertising videos in real-time.

If the client reacts neutrally to the adwvertising video, the
histogram will show no significant changes in the level of
emotions. If the customer reacts positively or negatively, this
will be displayed on the histogram accordingly.

6. CONCLUSION

The obtained results show that emotions can be correctly
identified by the program in 88.25% of cases, taking into
account that emotions are individual things and are manifested
differently for each person. As a result, it was shown that
emotions can be successfully recognized by the program, the
neural network can be trained correctly, and there is room for
improvement results up to 90% — 95%.

This method has demonstrated its effectiveness compared
to other methods of emotion recognition, where the average
recognition rate reaches 65% — 75%.

In the future, itis planned to improve the dataset on which
the neural network is trained for more accurate detection of
emotionsand to add new emotions to the dataset, so that users
of the service have a greater understanding of the change of
emotions during the research of people’s reactions to this or
that advertisement, to further improwe it.

During the development of the application, was being
made a comparison of performance with analogs such as
Beyond Verbal, Noldus FaceReader, RealEyes, and others
were conducted. Overall, the developedapplication has several
advantages and a few drawbacks that will be improved with
the advancement of technology. Among the main advantages,
it is worth highlighting the accuracy of the program, which
provides a more accurate assessment of emotional reactions
than traditional research methods. The program allows for the
collection of a large amount of data, which improves the
statistical significance of research results. In addition, the use
of the program allows for a reduction in the cost of research,
as it doesnot require the hiring ofa large number of specialists
to conduct traditional research methods. The main drawback
of the deweloped application for recognizing emotions in

marketing research is its sensitivity to noise, as the program
may be sensitive to noise and changes in lighting, which can
lead to inaccurate results. Additionally, the program may be
sensitive to age and race, as the developed applicationmay not
accurately recognize emotions in people of a certain age and
race, but there is potential to address this issue in the future.

In addition, work is already underway on the function of
recognizing emotions of several people at once; development
is underway on improving the work of a convolutional neural
network for more accurate recognition of emotions during
marketing research on the effectiveness of advertising.
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