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ABSTRACT

Color theory is a way of understanding how colors influence human perception and emotions. Color theory
and Machine Learning (ML) can be combined to deeply understand the psychological impact of colors on
human emotion. This study aims to expand our understanding of the color-emotion relationships. To
establish a relationship, ML algorithms, such as Support Vector Machines (SVM), Convolutional Neural
Network (CNN), and Recurrent Neural Network (RNN), were employed to classify the emotional feedback
induced by colors in images using the ColorEmoNet dataset. The proposed approach achieved an accuracy
of 76% using SVM, 86.49% using CNN, and 68% using RNN, demonstrating the effectiveness of color-
based features for emotion recognition. The results of this study can contribute to developing innovative
emotion recognition systems that enhance emotional understanding in practical applications.
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I.  INTRODUCTION

In [1], emotion was defined as a short-term physiological
response that adapts to a changing environment. Different
industries use colors to attract people's attention. For example,
in architecture and interior design, colors can brighten up a
dark room or make a space appear larger or smaller [2]. Color
is associated with emotions, but these associations can vary
between cultures, genders, and age groups. Understanding the
connection between colors and emotions is difficult because it
is influenced by individual experiences, cultural background,
and age [3]. Detecting emotions from colors is important for
understanding art or paintings, monitoring the mental health of
patients, and improving human-computer interaction. Although
the impact of color combinations has not been extensively
examined, colors are a key element in identifying the emotions
evoked by abstract artworks. State-of-the-art computer vision
techniques help to understand how colors and two-color
combinations evoke positive or negative emotions [4].

Previous studies explored emotion detection using facial
features, audio, videos, and text/documents with various Deep

Learning (DL) and Machine Learning (ML) algorithms.
Combining feature-based, holistic-based, and hybrid
approaches provides a way to create facial emotion recognition
systems [5]. Face detection is also important, and expressions
can appear in images at different sizes and angles, requiring
preprocessing [6]. Both static images and videos can be used to
detect facial expressions. In [7], a neuro-fuzzy approach
achieved good results in detecting emotions, including
happiness, fear, sadness, anger, disgust, and surprise. The
Facial Emotion Recognition using Convolutional Neural
Networks (FERC) [8] was based on a two-part CNN: one to
remove backgrounds, while the other extracts facial features.
Using an Expressive Vector (EV) of 24 values, FERC achieved
the highest accuracy in identifying five facial expressions from
a dataset of 10,000 images. ML models can improve accuracy
by utilizing features extracted from CNNs [9].

Deep Neural Networks (DNNs) resemble the human brain,
allowing for capturing emotion-color associations [10]. DL
techniques can solve the problem of emotion detection from
images. In this approach, feature engineering is not necessary,
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as image processing improves accuracy and reduces noise in
the data [11]. The Extended Cohn-Kanade (CK+) dataset is a
valuable resource for studying human facial expression
classification. In [12], K-Nearest Neighbors (KNN), SVM, and
neural networks were used to detect eight basic facial
expressions, and Principal Component Analysis (PCA) was
used to reduce the dimensionality of features. Among these
three algorithms, SVM provided the best results.

The most popular method of human-computer interaction in
the Web 2.0 era is text-based input, where semantic approaches
can be used to improve detection capabilities [13]. Detecting
emotions in text can determine and analyze the type of feeling
associated with it. In [14], an LSTM+CNN-based approach
built a robust classifier that opens ways to create innovative
applications in different fields. In emotion detection using
speech, specific features can differentiate different emotional
states. In [15], the KNN, Decision Tree (DT), and Extra Tree
(ET) classifiers were used to classify emotions, but only KNN
and ET were very effective.

The application of the Luscher color test, in conjunction
with advanced image processing techniques, characterizes an
important phase in the progress of quantification of emotional
responses to visual art. In the standard version of the test, eight
color cards are arranged according to the subject's preference.
The basic colors represent good personality features, while the
auxiliary colors demonstrate less good personality [16]. In [17],
human emotions were recognized using a defined 2D
emotional model and ML for facial expression analysis. This
system modifies the colors of input images based on emotional
associations from an emotional color wheel, focusing solely on
color information. The integration of color psychology, fuzzy
logic, and the use of an o-cut to refine the classification process
improves the effectiveness of emotion classification [18].
Fuzzy sets allow for degrees of membership rather than binary
classifications, aligning closely with the nuances of human
emotional experiences. Adopting a fuzzy set and logic
approach is advantageous due to its consistency with human
perception [19].

Color, a fundamental aspect of human experience, has a
profound influence on emotions. Although previous research
has explored emotion recognition from different sources, such
as facial expressions, vocal tone, and textual content, the role
of color in the evocation of emotions remains relatively
unexplored. This study focuses on closing the gap by
examining the association between color and emotion and
developing an innovative method for color-based emotion
identification. Specifically, this study aimed to:

e Explore the psychological underpinnings of color-emotion
associations.

e Develop a robust color feature extraction technique.

e Analyze how well different ML algorithms perform in
classifying emotions

e C(Create a comprehensive dataset of images labeled with
emotional categories.

Related work on this topic includes studies on abstract
images [20], Iranian-Islamic paintings [16], the collection of
images for exploration [21], the creation of an emotional movie
database, the psychophysiological evaluation of evoked
emotions [22], and the quantitative analysis of changes in
human emotion over time [23]. In [24], SVM, Random Forest
(RF), and CNN were used for sentiment detection and
classification on six sentiment tags (fury, revulsion, fear,
happiness, sorrow, and shock). Experiments were conducted on
two datasets (Ekman-6 and VideoEmotion-8), yielding average
recognition rates of 59.51% and 52.85% for the two fusion
methods. It is well-established that DNNs outperform
conventional classification algorithms on large datasets. In
[25], DNN and CNN methods for EEG-based emotion
detection achieved classification accuracies of 75.58% and
73.28%, respectively, under valence and stimulation
conditions. In [26], a method was based on the S-transform and
CNN to predict human emotions. Using the S-transform, EEG
signals were converted into a Time-Order Representation
(TOR), and features extracted using TOR were provided as
input to the CNN. In [27], emotional states were classified with
94.58% accuracy.

In addition to the use of color in movies, the interaction of
multiple audiovisual aids, such as hue, text, and audio, plays a
vital role in shaping audience emotions. Product-color design
influences consumer decisions and should align with users'
emotional color perceptions [28]. Traditional methods, relying
on color harmony or single-user input, fail to capture diverse
and complex consumer preferences. Recent approaches use
intelligent algorithms (e.g., SVM, ANN, genetic algorithms,
swarm intelligence), but face issues such as instability,
premature convergence, and slow search. In [28], hybrid ML
methods were used with multi-user color image data to
improve accuracy, overcome algorithm limitations, and address
distribution problems in product-color decisions. In [29], a
CNN-based approach was used to enhance the accuracy of
facial emotion identification systems. By employing transfer
learning and data augmentation techniques, the model
demonstrated improved generalizability on several standard
datasets, such as FER-2013, CK+, and JAFFE. The results
show that this CNN-based method is highly effective in
accurately recognizing facial emotions, showcasing its
potential for practical applications.

In [30], a base lexicon of color and emotion was
established, linking precise signs to human sentiments. Using
the Trailers12k dataset, this study demonstrated notable
associations between color forms and viewer emotional
responses. The results emphasize the influence of color on
emotional insight, highlighting potential applications in digital
content creation and marketing, and representing a notable
advancement in understanding color psychology in multimedia.
In [31], emotions were predicted based on colors in images and
video excerpts through three main phases. Initially, various ML
algorithms were tested for classifying emotions based on color,
utilizing three different color extraction methods: clustering
into a predefined palette, applying the RYB model, and
generating color histograms. Preliminary results from these
approaches were obtained in various parameter configurations
and training sets. An online survey was used to validate the
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algorithm's results by comparing them with the participants'
responses. A discussion of the results summarized the findings
and suggested further directions for improving the algorithm's
performance.

In [32], the concept of emotional distractions was
introduced to examine the extent to which color data can affect
the duration of attentional bias in the early visual cortex. Visual
Event-Related Potentials (ERPs) elicited by neutral and
disagreeable background images were measured. The findings
demonstrated that the distraction effect persisted longer with
colored and unpleasant distractor images and was more
pronounced with color than with grayscale images. Findings
from ERP analyses show that emotional scenes presented in
color elicit stronger early negativities (N1-EPN) compared to
neutral scenes, indicating a heightened neural response.
Moreover, the unpleasant clips in color were rated as more
emotionally undesirable and arousing than those in grayscale.
These results suggest that color plays a crucial modulatory role
in emotional perception, enhancing the withdrawal of
emotional information and influencing the duration of
attentional bias toward affective stimuli in early visual
processing areas.

Many studies have investigated the area of color theory and
emotion detection. Color can predict emotional responses that
are not universal but depend on the individual's cultural
background or personal experience. Colors have also been
shown to have a great impact on emotional perception. Using
SVM, emotions can be reliably classified based on color
information. SVMs are used in many disciplines, such as
marketing, healthcare, Human-Machine Interaction (HMI)
systems, and advanced emotion recognition technologies [33].
In addition, the literature shows the importance of facial
expressions along with color in emotional expression. Six
primary emotions are identified, and the SVM algorithm has
proved that it can fuse color features and facial cues for
emotion classification. Combining color theory with facial
expression analysis may enable the extraction of more
information about emotional responses for emotion detection.
SVM has been used to classify emotions in a wide variety of
contexts, showing that it can be applied to emotion applications
in general [34].

Sound therapy can also be used to heal negative emotions
and induce positive emotions. Using SVM for emotion
recognition, positive emotions were found to increase
significantly after sound therapy-based sessions [35]. This
further strengthens the motivation for using sound therapy for
mental health applications of color theory, as it becomes
possible to quantify the impact on the emotional state. The
development of image process technology, in which a two-
stage CNN is used for color transfer [36], has also expanded
research on the emotional response to color. Through feature
extraction and emotional color, the applications of these
models are also assumed in art restoration and medical images.
[37-39]. However, the availability of comprehensive databases
for studying human emotional responses to colors is limited.
The Two-Color Affective Response (TCAR) database
comprises diversified simple and patterned two-color images to
analyze the impact of color parameters on emotion [40].

The literature review on emotion detection shows that
SVM, colors, and emotions are closely related. For emotion
recognition, SVM is integrated with color features, based on
facial expressions, to provide better performance for accurate
emotion recognition. Its potential can be used for many
applications in marketing, healthcare, etc. [41-43]. Previous
research has demonstrated significant advances in emotion
detection using modalities such as facial expressions, speech,
video, and text. Several studies have also highlighted the
intricate relationship between color and human emotions.
Building on these insights, this study presents a new method of
emotion recognition that uses color theory and DL techniques
to improve the understanding of emotional responses.

II. PROPOSED METHOD

This study follows a structured methodology that combines
color theory and ML techniques to create an emotion detection
system. Emotional detection in this context means identifying,
analyzing, and modeling emotions based on the feelings
evoked by the dominant colors in the visual content. This study
aims to establish a color-based emotion detection framework
and design a system capable of accurately predicting emotions.
Figure 1 shows the detailed phases of this study. Each step
plays a crucial role in the dataset creation objective. The
method starts by clearly identifying the main purpose of
creating a dataset using color theory and choosing a suitable
color model, such as RGB or HSV, depending on the purpose.
Image data was collected, where the colors were prominent and
meaningful. It was ensured that the data reflected real-world
use cases and aligned with the objective, along with
considering ethical guidelines.

Define Objective

| Select Color Model |

!

| Source the Data |

'

| Extract Color Features |

v

| Map Colors to Emotions |

.

| Create Structured Data |

!

| Store the Data |

¥

| Validate and Annotate |

!

| Pre-process for ML Use |

v

| Model Training and Analysis |

Fig. 1. Procedure overview.
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Using image processing tools, features such as dominant
color, average hue, saturation, or color histograms were
extracted. These features are measurable inputs that can later be
linked to emotional or perceptual labels. Principles from color
theory were applied to associate specific colors with emotional
states, e.g., red with anger or passion, blue with affection, etc.
This mapping may be predefined based on psychological
research or adapted based on empirical observation. The
extracted color and emotion data were organized into a
structured format, with each entry including fields such as
image ID, color values, extracted features, and the associated
emotion. The data was securely stored and well-organized for
easy access during preprocessing or modeling. Then, the data
was labeled by ten annotators and refined. This process
involved manual annotation, cross-validation by multiple
raters, and automatic checks to ensure that emotional labels and
color mappings are consistent and accurate, reducing bias in the
dataset. Color and emotion data were converted into machine-
readable formats. Numeric values (such as hue/saturation) were
normalized, categorical features (such as emotion) were
encoded, and any missing or noisy data were handled to
prepare for input into ML models. The structured and cleaned
dataset was used to train and evaluate ML models.

A. Preparation of the Dataset

The goal of this dataset is to provide a way to build ML
models to detect sentiment by implementing color theory from
visual inputs. This dataset includes various images that
represent nine emotions, namely Angry, Sad, Surprise, Happy,
Hope, Calm, Excitement, Affection, and Fear, using color
theory. The dataset was compiled from online sources, namely
Pixabay, Unsplash, Pexels, and Shutterstock, which provide
high-quality images that are freely available to use. These sites
allow researchers to collect data without any cost or legal
constraints. Only images that were based on color theory and
contain nature or humans that are suitable for expressing
emotions in different ways were selected. Each image depicts
scenes, subjects, or situations that align with the emotional
association of the respective colors.

Emotion Count of ColorEmoNet

80

P 75 20 75 75 70 75
70 61
60 52
50
40
30
20
10
0
& ] o

AMOUNT

SR I P F e S
O A A U L
& ¥ O N S
b Q;I_'(ZJ =l
Fig. 2. Count of emotions in the ColorEmoNet dataset.

A Python script was used to detect emotions from images
using a predefined color mapping. Using libraries such as
Pandas, PIL, and NumPy, the script processes the image file
and gives output in a CSV file with corresponding emotions.
The script calculates the Euclidean distance between colors to
identify the closest color to the average of each image. The

script takes RGB values from each pixel and an average of
them, representing a specific single color. This allows for
detecting emotion from color. Figure 2 shows the distribution
of the ColorEmoNet dataset [44], and Figure 3 illustrates
sample images.

Sad _ Fear

Calmness

Fig. 3. Sample images from the ColorEmoNet dataset.

B. Color-Emotion Mapping

Color emotion mapping is a technique that explores the
psychological associations between colors and emotions [45].
Different colors can evoke various emotional responses,
influencing moods and behaviors. In this study, before image
labeling, specific colors were assigned to specific emotions
based on previous studies. The yellow color is assigned to
happiness, the green color is assigned to calmness, the red color
is assigned to anger, and the gray color is assigned to sadness
[45-47]. Table I shows the color-emotion mapping used.

TABLE L. COLOR-EMOTION MAPPING
Emotion Color mapping

1 Anger Red

2 Happy Yellow

3 Sad Grey

4 Surprise White

5 Calm Green

6 Fear Black

7 Affection Pink

8 Hope Blue

9 Excitement Orange
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In this study, the process of mapping images, emotions, and
color is rooted in the analysis of the background color
composition of an image, rather than human figures. The
central idea is to determine the emotional tone of an image by
examining its dominant colors, since colors are strongly
associated with specific emotions according to psychological
studies. The workflow begins by inputting an image, which is
then processed to extract dominant color values using
unsupervised techniques on the image pixels. These RGB color
values are then mapped to the closest known color names using
color distance algorithms or color libraries. Once identified,
each color is associated with a corresponding emotion. This
color-to-emotion mapping enables the system to interpret the
mood or emotional message conveyed by the visual content,
even in the absence of human expressions. By treating color as
the emotional carrier within an image, the framework supports
applications in visual mood classification, emotionally adaptive
design, and content-based emotion labeling for images and
multimedia. Figure 4 shows the basic steps used in the color-
emotion mapping.

Input Image

Preprocessing

Emotion Detection

‘CNNHSVMHRNN‘
I [ I

Emotion; Emotion,  Emotionz

Emotion — Color Mapping

!

Visual Color
Output

Fig. 4. Process of color-emotion mapping.

This diagram illustrates a pipeline for emotion detection
and color-based visualization from an input image. The process
begins with an Input Image, which undergoes Preprocessing to
enhance data quality for analysis. The core component is the
Emotion Detection block, which utilizes three different ML
models, CNN, SVM, and RNN, to independently predict
emotions (Emotion;, Emotion,, Emotions). These predicted
emotions are then passed through a Color Mapping mechanism,
which translates each detected emotion into a corresponding
color based on predefined associations. Finally, the output is
presented as a Visual Color Output, providing an intuitive
visual representation of the detected emotion.

C. Feature Extraction

Average color extraction is a simple yet effective feature
extraction technique used in color-emotion mapping. It
involves calculating the mean values of the Red, Green, and
Blue (RGB) channels across all pixels in an image to obtain a
single representative color. This average color captures the
overall visual tone or mood of the image and can be directly
associated with specific emotional states. For example, a

dominant average blue may indicate calmness, while red may
reflect excitement or anger. This method is computationally
efficient and provides a strong baseline for linking image color
to emotion.

The primary focus of the emotion detection model was on
colors. Therefore, color features were extracted from each
image, as they have a vital role in the emotion classification
task and the relationship between colors and the emotional
response. Initially, an empty list of features is initialized to
store the feature vectors for each image. Preprocessing extracts
color and other image characteristics. These characteristics are
appended to the feature list. Once all image features are
extracted, the list is transformed into a NumPy array for
efficient processing. The information is then reshaped into a 3D
array with dimensions number_of _samples, time_steps, and
number_of features, where time_steps is set to 1, indicating
that each image is treated as a single time step. The reshaped
data is passed to the ML algorithm for classification. The
model outputs class chances for each image. The SoftMax
function retrieves the index of the maximum probability for
each prediction, identifying the predicted class for each image.
This allows for the continued use of the vector form of the
RGB values for each image as the primary input features of the
classification model for emotions.

III. EXPERIMENTAL SETUP

SVM, CNN, and RNN models were implemented to
identify emotions built on colors in images. This study aimed
to explore how different color associations influence emotional
recognition and classification. The accuracy in classifying
emotions was evaluated based on specific color cues. Finally, it
was examined how the training data influenced the ability to
generalize emotion detection across unseen samples.

A. Convolutional Neural Network (CNN)

A CNN was developed using Keras to classify the emotions
in the images. The CNN consisted of 32, 64, and 128 filters per
layer, respectively. Max-pooling layers were useful after each
convolutional layer to decrease the dimensionality of the
feature map. The final layers include a flattened layer, a fully
connected layer with 64 neurons, and a final layer that employs
the SoftMax function for classification. The model was trained
for 25 epochs using the Adam optimizer, with sparse
categorical cross-entropy as the loss function. Data
augmentation was employed to improve generalization, and
performance was assessed using accuracy and loss metrics. The
CNN can be defined as:

Output = ReLU(Conv(input) + bias) 1)

where input represents the feature map generated by the
preceding layer, Conv denotes the convolution operation with a
filter (kernel) of size f X f and stride s, the ReLU activation
function applies non-linearity, and a bias term is incorporated
into the output. The pooling layer is defined as:

Y = max_pool(X, k) 2)

where Y represents the pooled output, X is the input feature
map, and k is the pooling window size. The output layer (for
multiclass classification) is defined as:
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Output = SOfthDC(W * input + b) (3) TABLE III. RNN PARAMETERS
The final fully connected layer produces the output, where W I\I;[aza'l“;ter Sval“et/_?letaﬂ; ;
. . . odel Type equential mode
stands for the weight matrix, and b denotes the bias vector. The Tnput Layer LSTM (128 units)

SoftMax activation function is applied to generate probability
distributions across multiple classes. Figure 5 illustrates the
architecture of the CNN.

Fig. 5.

CNN model architecture.

B. Support Vector Machine (SVM)

SVM operates by recognizing an optimum hyperplane that
splits information points into different categories. The main
idea is to optimize the margin between the support vectors and
the hyperplane. By implementing kernel functions, SVMs can
manage decision boundaries that map the data into higher-
dimensional spaces so that linear separation becomes possible.
A linear kernel was used, as it is useful to maximize the margin
between two classes while minimizing classification errors.
Table II shows the parameters considered.

TABLE IL SVM PARAMETERS
Parameter Description Values
The regularization parameter
C controls the balance between model [0.1, 1, 10, 100]

complexity and classification errors.

['scale’, 0.01, 0.001,

gamma Kernel coefficient 0.0001]
Kernel Kemel type ['rbf]
Degree Degree of the polynomlal kernel 3 (default)
function
Controls trade-off in poly and
coef0 sigmoid kernels between high/low- 0 (default)
order terms
Class weight Balances class distribution None (default)

automatically or manually.
tol Tolerance for stopping criteria.
max_iter Optimization iterations

le-3 (default)
-1 (no limit, default)

C. Recurrent Neural Network (RNN)

LSTM is a kind of RNN [48]. The output of the first LSTM
layer, which has 128 units, is forwarded to the following
LSTM. The 64 units in the following layer return the sequence.
To mitigate overfitting, dropout layers are incorporated within
each LSTM layer. The dense layer is the last and employs the
SoftMax activation function. With a batch size of 32, the model
is trained across 25 epochs. Table III shows the parameters of
the proposed RNN model.

Input shape: (None, features. shape[1]),
return_sequences=True
Dropout rate: 0.2
LSTM (64 units)

Dropout rate: 0.2
Softmax activation, output size:
len(label_encoder.classes_)

LSTM layer 1

Dropout layer
LSTM layer 2
Dropout layer 2

Dense layer

Optimizer Adam
Loss function Categorical Crossentropy
Metrics Accuracy
Input data shape (None, features.shape[1])

Training data shape
Testing data shape

(X_train.shape[0], 1, X_train.shape[1])
(X_test.shape[0], 1, X_test.shape[1])

Epochs 25
Batch_size 32
Validation split 0.2

IV. RESULTS AND DISCUSSION

A series of experiments was conducted using the custom-
developed ColorEmoNet dataset to evaluate the effectiveness
of different ML algorithms in color-based emotion recognition.
The dataset was preprocessed and divided into training and
testing subsets using an 80:20 split. Three models, namely
CNN, SVM, and RNN, were trained and tested under identical
experimental conditions. The models were implemented using
Python and TensorFlow, and evaluated using accuracy as the
primary performance metric.

Figures 6, 7, and 8 depict the confusion matrices for SVM,
CNN, and RNN, respectively, showing visually how often the
model correctly or incorrectly predicted each emotion. The
rows show the actual emotions, and the columns show the
predicted emotions. The numbers in each cell represent how
many times each emotion was predicted. The diagonal cells
show the correct predictions, where the predicted emotion
matches the actual one. The darker the color in the matrix, the
more times that emotion was predicted. Figures 9, 10, and 11
depict the Precision, Recall, F1 score, and accuracy of each
class for SVM, CNN, and RNN, respectively. High recall
demonstrates the model's efficiency in identifying true
occurrences of each emotion, minimizing missed
classifications. The F1 score provides a stable measure of
precision and recall, offering a single metric to assess the
model's effectiveness in classifying emotions accurately.

Accuracy is a fundamental performance criterion used in
classification tasks to assess the effectiveness of a predictive
model, describing the ratio of accurate to total predictions.
High precision indicates that the model is successfully
identifying the correct class labels for a significant portion of
the dataset. The results show that CNN demonstrated superior
performance compared to SVM and RNN. The CNN excels at
extracting  hierarchical  features  from  color-based
representations, achieving better accuracy and strength in
classifying emotions. Table IV shows a comparison of the
results of the proposed method with others.

www.etasr.com

Bapat et al.: Development of the ColorEmoNet Dataset and of a Machine Learning Approach for ...



Engineering, Technology & Applied Science Research

Confusion Matrix

Affection 0
60
Angry
Calm 50
5 Excitement 20
-1
L
- Fear
s -30
= Happy
Hope -20
Sad 10
Surprise
-0
s &S
g & ¢ &
@
<
Predicted Label
Fig. 6. Confusion Matrix using CNN.
Confusion Matrix
Affection 1 2 1 3 0 2 0 1
60
Angry 0 H 4 6 8 4 0 1 3
Calm o 0 50
T.Excn:ement 0 1 20
<
-1 Fear 0 1
s -30
= Happy © 0
Hope 0 1 -20
Sad 0 1 10
Surprise 0 4
-0
<
[ <
éo <
<
Predicted Label
Fig.7 Confusion Matrix using SVM.
Confusion Matrix
Affection 0 4 0 1 1
60
Excitement 0 7 4 1 0
Fear 0o 1 2 1 s 50
- Hope 1 0 8 0 28
% 40
-l Surprise 2 12 2 2 1 6 7 19 1
o
3 -30
= Angry 6 10 4 0 2 H i 3 0

Cam 0o o0 13 1 0 -20
Happy 2 2 1 0 0 “10
Sad o0 o 8 7 0
-0
o ~ Ry o 3
F&EEEgLESs
g & T & ¢
& & 3
T © 9
&
Predicted Label
Fig. 8. Confusion Matrix using RNN.

Score

Score

Score

1.0

0.8

0.6

0.4

0.2

0.0

1.0

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

Vol. 15, No. 6, 2025, 28466-28474 28472
Evaluation Metrics
—e— Precision
1 —®— Recall
—&— F1 Score
—-==- Accuracy
0 o A e oo o0® 2 a6
&e& ps\g (o4 @ ‘:\‘_0“‘0 “pQ WO 9 o
Emotions
Fig. 9. Accuracy using CNN.
Evaluation Metrics
—e— Precision
1 —=— Recall
—&— F1 Score
—--=- Accuracy
O oY A e oY o0® g2 5
&ec“ ps\g & <@ ‘;\‘e‘(\e “a? o' S (,‘)«
Emotions
Fig. 10.  Accuracy using SVM.
Evaluation Metrics
—e— Precision
1 —®— Recall
—&— F1 Score
—&- Accuracy
ao® N 2¢ o oY ©° 28 ®
ps"°& @ <@ é\‘e‘\@ W% o S ‘,o«,t
Emotions
Fig. 11.  Accuracy using RNN.

www.etasr.com

Bapat et al.: Development of the ColorEmoNet Dataset and of a Machine Learning Approach for ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 6, 2025, 28466-28474 28473

TABLE IV. COMPARATIVE ANALYSIS OF THE PROPOSED METHOD WITH OTHER RESEARCH WORK
Study Method Input used Accuracy % Color theory implementation | ML use
[2] API Image+text (size not mentioned) - Yes No
[10] LSTM ImageNet dataset 54 Yes Yes
[19] Fuzzy Logic Wiki Art Dataset of paintings 77 Yes No
(307 | Root Mean Squared Error (RMSE), Cosine YouTube Videos 80.2 Yes No
similarity, and Jensen-Shannon divergence.
[49] Semantic Scale 32 images + form Input - Yes No
This SVM, CNN, and RNN ColorEmoNet (own dataset) SVM: Z{6NI(\:IN§§I§ 86.49, Yes Yes

V. CONCLUSION AND FUTURE DIRECTIONS

This study focused on exploring the connection between
colors and human emotions using the psychological basis of
color-emotion associations. A feature extraction technique was
devised to successfully capture the emotional essence
contained in colors. A thorough collection of photos with
emotional classifications was also devised, which offers a
useful resource for further study in this area. Different ML
techniques, such as CNN, SVM, and RNN, were used to
analyze images and predict emotions based on their colors. The
results show that the proposed CNN was very effective in
understanding the connection between colors and emotions,
achieving an accuracy of 86.49% compared to SVM (76%) and
RNN (68%). In the future, the dataset can be expanded to
include more diverse images, consider cultural differences in
color perception, and combine color information with other
cues, such as facial expressions or voice. By examining how
well different ML algorithms perform in categorizing emotions
based on color cues, the study demonstrates the promise of
computational techniques in comprehending and identifying
emotions.

FUNDING INFORMATION

This research did not receive any specific grant from
funding agencies in the public, commercial, or not-for-profit
sectors.

CONFLICT OF INTEREST

The authors declare that they have no conflicts of interest
regarding the publication of this paper.

REFERENCES

[11 R. W. Levenson, J. Soto, and N. Pole, "Emotion, biology, and culture,"
in Handbook of cultural psychology, New York, NY, USA: The
Guilford Press, 2007, pp. 780-796.

[2] J. Palsa, J. Hurtuk, E. Chovancova, and L. Vaniscak, "Emotion
Detection as a Supportive Tool in Color Therapy," in 2021 19th
International Conference on Emerging eLearning Technologies and
Applications (ICETA), Kosice, Slovakia, Nov. 2021, pp. 287-292,
https://doi.org/10.1109/ICETA54173.2021.9726576.

[3] A. Kaur, "A Link Between Colors and Emotions; A Study of
Undergraduate Females," International Journal of Engineering Research
and Technology, vol. 9, mno. 09, pp. 553-557, Sep. 2020,
https://doi.org/10.17577/IJERTVIIS090319.

[4] A. Sartori, D. Culibrk, Y. Yan, and N. Sebe, "Who’s Afraid of Itten:
Using the Art Theory of Color Combination to Analyze Emotions in
Abstract Paintings," in Proceedings of the 23rd ACM International
Conference on Multimedia, Jul. 2015, pp- 311-320,
https://doi.org/10.1145/2733373.2806250.

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

M. Rai, T. Maity, R. K. Yadav, and S. Yadav, "A Review on Detection
of Human Emotions Using Colored and Infrared Images." Social Science
Research Network, Jul. 14, 2022, https://doi.org/10.2139/ssrn.4161798.

M. Eyza, "Facial Emotion Detection for Educational Purpose Using
Image Processing Technique," B.S. Thesis, Universiti Teknologi Mara,
Malaysia, 2020.

G. Vijayanand, B. Hari, S. Karthick, and V. Jaikrishnan, "Emotion
Detection using Machine Learning," International Journal of
Engineering Research, vol. 8, no. 8, 2020.

N. Mehendale, "Facial emotion recognition using convolutional neural
networks (FERC)," SN Applied Sciences, vol. 2, no. 3, Mar. 2020, Art.
no. 446, https://doi.org/10.1007/s42452-020-2234-1.

F. Julin, "Vision based facial emotion detection using deep
convolutional neural networks," B.S. Thesis, Milardalen University,
Sweden, 2019.

S. Gupta and S. K. Gupta, "Investigating Emotion-Color Association in
Deep Neural Networks." arXiv, Nov. 22, 2020,
https://doi.org/10.48550/arXiv.2011.11058.

D. L. Spiers, "Facial emotion detection using deep learning," B.S.
Thesis, Uppsala University, Sweden, 2016.

H. I. Dino and M. B. Abdulrazzaq, "Facial Expression Classification
Based on SVM, KNN and MLP Classifiers," in 2019 International
Conference on Advanced Science and Engineering (ICOASE), Zakho -
Duhok, Iraq, Apr. 2019, pp- 70-75,
https://doi.org/10.1109/ICOASE.2019.8723728.

S. N. Shivhare and S. K. Saritha, "Emotion Detection From Text
Documents," International Journal of Data Mining & Knowledge
Management Process, vol. 4, mno. 6, pp. 51-57, Nov. 2014,
https://doi.org/10.5121/ijdkp.2014.4605.

A. Upadhyay, A. Tyagi, M. Tyagi, N. Dhiman, and M. K. Sharma,
"Color and Psychological Functioning with LSTM: The Impact of
Colors on Emotional Quotient," Journal of Positive School Psychology,
vol. 6, no. 6, pp. 4773—4778, 2022.

A. A. Mande, S. Dani, S. Telang, and Z. Shao, "Emotion Detection
Using Audio Data Samples," International Journal of Advanced
Research in Computer Science, vol. 10, no. 6, pp. 13-20, Dec. 2019,
https://doi.org/10.26483/ijarcs.v10i6.6489.

B. Ranjgar, M. Khoshlahjeh Azar, A. Sadeghi-Niaraki, and S. M. Choi,
"A Novel Method for Emotion Extraction From Paintings Based on
Luscher’s Psychological Color Test: Case Study Iranian-Islamic
Paintings," [EEE Access, vol. 7, pp. 120857-120871, 2019,
https://doi.org/10.1109/ACCESS.2019.2936896.

S. Ryoo, "Emotion Affective Color Transfer," International Journal of
Software Engineering and Its Applications, vol. 8, no. 3, pp. 227-232,
Mar. 2014.

C. S. Son and H. M. Chung, "An Emotion Classification Based on Fuzzy
Inference and Color Psychology," International Journal of Fuzzy Logic
and Intelligent Systems, vol. 4, no. 1, pp. 18-22, Jun. 2004,
https://doi.org/10.5391/1JFIS.2004.4.1.018.

M. Muratbekova and P. Shamoi, "Color-Emotion Associations in Art:
Fuzzy Approach," IEEE Access, vol. 12, pp. 37937-37956, 2024,
https://doi.org/10.1109/ACCESS.2024.3375361.

C. F. Hibadullah, A. W. C. Liew, and J. Jo, "Colour-emotion association
study on abstract art painting," in 2015 International Conference on

www.etasr.com

Bapat et al.: Development of the ColorEmoNet Dataset and of a Machine Learning Approach for ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 6, 2025, 28466-28474 28474

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[31]

[34]

[35]

Machine Learning and Cybernetics (ICMLC), Guangzhou, China, Jul.
2015, pp. 488-493, https://doi.org/10.1109/ICMLC.2015.7340605.

S. Liu and M. Pei, "Texture-Aware Emotional Color Transfer Between
Images," [EEE Access, vol. 6, pp. 31375-31386, 2018,
https://doi.org/10.1109/ACCESS.2018.2844540.

S. Carvalho, J. Leite, S. Galdo—AlvareZ, and O. F. Gongalves, "The

Emotional Movie Database (EMDB): A  Self-Report and
Psychophysiological ~ Study,"  Applied  Psychophysiology — and
Biofeedback, vol. 37, mno. 4, pp. 279294, Dec. 2012,

https://doi.org/10.1007/s10484-012-9201-6.

T. Lee, N. Lee, S. Seo, and D. Kang, "A Study on the Prediction of
Emotion from Image by Time-flow depend on Color Analysis," in 2020
International Conference on Computational Science and Computational
Intelligence (CSCI), Las Vegas, NV, USA, Dec. 2020, pp. 747-749,
https://doi.org/10.1109/CSCI51800.2020.00141.

J. Wei, X. Yang, and Y. Dong, "User-generated video emotion
recognition based on key frames," Multimedia Tools and Applications,
vol. 80, no. 9, 14343-14361, Apr. 2021,
https://doi.org/10.1007/s11042-020-10203-1.

S. Tripathi, S. Acharya, R. Sharma, S. Mittal, and S. Bhattacharya,
"Using Deep and Convolutional Neural Networks for Accurate Emotion
Classification on DEAP Data," Proceedings of the AAAI Conference on
Artificial Intelligence, vol. 31, no. 2, pp. 4746-4752, Feb. 2017,
https://doi.org/10.1609/aaai.v31i2.19105.

S. K. Khare, A. Nishad, A. Upadhyay, and V. Bajaj, "Classification of
emotions from EEG signals using time-order representation based on the
S-transform and convolutional neural network," Electronics Letters, vol.
56, no. 25, pp. 1359-1361, 2020, https://doi.org/10.1049/e1.2020.2380.

N. Yousefi, M. C. Cakmak, and N. Agarwal, "Examining Multimodel
Emotion Assessment and Resonance with Audience on YouTube," in
Proceedings of the 2024 9th International Conference on Multimedia
and Image Processing, May 2024, pp- 85-93,
https://doi.org/10.1145/3665026.3665039.

M. Li et al., "A decision support system using hybrid Al based on multi-
image quality model and its application in color design," Future
Generation Computer Systems, vol. 113, pp. 70-77, Dec. 2020,
https://doi.org/10.1016/j.future.2020.06.034.

R. Kishore Kanna, B. S. Panigrahi, S. K. Sahoo, A. R. Reddy, Y.
Manchala, and N. K. Swain, "CNN Based Face Emotion Recognition
System for Healthcare Application," EAI Endorsed Transactions on
Pervasive  Health and Technology, vol. 10, Mar. 2024,
https://doi.org/10.4108/eetpht.10.5458.

M. C. Cakmak, M. Shaik, and N. Agarwal, "Emotion Assessment of
YouTube Videos using Color Theory," in Proceedings of the 2024 9th
International Conference on Multimedia and Image Processing, May
2024, pp. 614, https://doi.org/10.1145/3665026.3665028.

A. Wedotowska, D. Weber, and B. Kostek, "Predicting Emotion From
Color Present in Images and Video Excerpts by Machine Learning,"
IEEE Access, vol. 11, pp- 66357-66373, 2023,
https://doi.org/10.1109/ACCESS.2023.3289713.

V. Bekhtereva and M. M. Miiller, "Bringing color to emotion: The
influence of color on attentional bias to briefly presented emotional
images," Cognitive, Affective, & Behavioral Neuroscience, vol. 17, no.
S, pp. 1028-1047, Oct. 2017, https://doi.org/10.3758/s13415-017-0530-
z.

S. Chopparapu and J. B. Seventline, "An Efficient Multi-modal Facial
Gesture-based Ensemble Classification and Reaction to Sound
Framework for Large Video Sequences," Engineering, Technology &
Applied Science Research, vol. 13, no. 4, pp. 11263-11270, Aug. 2023,
https://doi.org/10.48084/etasr.6087.

P. Kulkarni and T. M. Rajesh, "Analysis on Techniques Used to
Recognize and Identifying the Human Emotions," International Journal
of Electrical and Computer Engineering, vol. 10, no. 3, pp. 3307-3314,
2020.

A. Saxena, A. Khanna, and D. Gupta, "Emotion Recognition and
Detection Methods: A Comprehensive Survey," Journal of Artificial
Intelligence and Systems, vol. 2, no. 1, pp. 53-79, Feb. 2020,
https://doi.org/10.33969/A1S.2020.21005.

[36]

[37

—

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

G. Chhabra, E. M. Onyema, S. Kumar, M. Goutham, S. Mandapati, and
C. Iwendi, "Human Emotions Recognition, Analysis and Transformation
by the Bioenergy Field in Smart Grid Using Image Processing,"
Electronics, vol. 11, no. 23, Jan. 2022, Art. no. 4059,
https://doi.org/10.3390/electronics11234059.

A. S. Imran, S. M. Daudpota, Z. Kastrati, and R. Batra, "Cross-Cultural
Polarity and Emotion Detection Using Sentiment Analysis and Deep
Learning on COVID-19 Related Tweets," IEEE Access, vol. 8, pp.
181074-181090, 2020, https://doi.org/10.1109/ACCESS.2020.3027350.

W. L. Zheng, W. Liu, Y. Lu, B. L. Lu, and A. Cichocki, "EmotionMeter:
A Multimodal Framework for Recognizing Human Emotions," IEEE
Transactions on Cybernetics, vol. 49, no. 3, pp. 1110-1122, Mar. 2019,
https://doi.org/10.1109/TCYB.2018.2797176.

E. Reynolds, "The communication of emotion across languages and
cultures: an exploration of display rules in foreign language learning,"
Ph.D. dissertation, University of Illinois at Urbana-Champaign, IL,
USA, 2012.

A. MirMashhouri, A. Bastanfard, and D. Amirkhani, "Collecting a
database for emotional responses to simple and patterned two-color
images," Multimedia Tools and Applications, vol. 81, no. 13, pp. 18935—
18953, May 2022, https://doi.org/10.1007/s11042-022-11966-5.

I A. Surov, "Quantum Core Affect. Color-Emotion Structure of
Semantic Atom," Frontiers in Psychology, vol. 13, 2022, Art. no.
838029, https://doi.org/10.3389/fpsyg.2022.838029.

S. Yang, L. Wenhui, W. Jie, and Y. Xuezhi, "Combining MRF and v-
SVM for SAR sea ice image classification," National Remote Sensing
Bulletin, vol. 19, no. 5, pp- 844-855, 2015,
https://doi.org/10.11834/jrs.20154206.

D. Jonauskaite er al., "A machine learning approach to quantify the
specificity of colour—emotion associations and their cultural
differences," Royal Society Open Science, vol. 6, no. 9, Sep. 2019, Art.
no. 190741, https://doi.org/10.1098/rs0s.190741.

S. Mali and M. B. Mayuri, "ColorEmoNet." Mendeley Data, Jun. 26,
2025, https://doi.org/10.17632/ZM46Z6Y597.1.

A. Takei and S. Imaizumi, "Effects of color—emotion association on
facial expression judgments," Heliyon, vol. 8, no. 1, Jan. 2022,
https://doi.org/10.1016/j.heliyon.2022.e08804.

N. Kaya and H. H. Epps, "Relationship between color and emotion: A
study of college students," College Student Journal, vol. 38, no. 3, pp.
396405, 2004.

M. Hanada, "Correspondence analysis of color—emotion associations,"
Color Research & Application, vol. 43, no. 2, pp. 224-237, 2018,
https://doi.org/10.1002/col.22171.

A. Sherstinsky, "Fundamentals of Recurrent Neural Network (RNN) and
Long Short-Term Memory (LSTM) network," Physica D: Nonlinear
Phenomena, vol. 404, Mar. 2020, Art. no. 132306,
https://doi.org/10.1016/j.physd.2019.132306.

M. V. Sokolova, A. Ferndndez-Caballero, L. Ros, J. M. Latorre, and J. P.
Serrano, "Evaluation of Color Preference for Emotion Regulation," in
Artificial Computation in Biology and Medicine, vol. 9107, J. M.
Ferrandez Vicente, J. R. Alvarez—SéncheZ, F. De La Paz Lépez, Fco. J.
Toledo-Moreo, and H. Adeli, Eds. Springer International Publishing,
2015, pp. 479-487.

www.etasr.com

Bapat et al.: Development of the ColorEmoNet Dataset and of a Machine Learning Approach for ...



