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ABSTRACT Objective: The frequency of natural disasters worldwide
is increasing, and social networks have become popular sources of cru-
cial data for analyzing images’ emotions. Although the analysis of dis-
aster-related images is a relatively new field, this study aims to identify
the emotional responses evoked by images shared on social media. Ma-
terial and Methods: In this four-stage study, a total of 5,203 free and
openly accessible images were scraped from various social media plat-
forms, and emotion categories associated with these images were se-
lected. The images were converted to RGB format and resized after
undergoing preprocessing. Normalization of the visual pixels was per-
formed. Various deep learning (DL) models were examined for visual
sentiment analysis, and their performance was compared using metrics.
Subsequently, emotion classification was performed using Inception-v3,
which yielded the most reliable results. Results: The most suitable DL
model among different pre-trained DL models was determined to be In-
ception-v3 with a performance metric of 81.2%. The analysis of the emo-
tions depicted in the images revealed that 71.9% (n=3,741) were
classified as negative, while 8.0% (n=781) were classified as neutral.
Conclusion: These results indicate that visual sentiment analysis of so-
cial media data can significantly enhance disaster response efforts. By
identifying early warning messages, updating disaster-related informa-
tion, and monitoring user-generated content, this approach supports more
effective data analytics and information dissemination. Consequently,
the use of advanced DL models like Inception-v3 in analyzing emotional
content from social media can provide valuable insights and improve the
efficiency and effectiveness of disaster management strategies.

Keywords: Social media; artificial intelligence;
deep learning; sentiment analysis; natural disaster

OZET Amag: Diinya genelinde dogal afetlerin siklig1 artmaktadir ve
sosyal aglar, goriintiilerin duygusal analizi igin kritik veri kaynaklar
haline gelmistir. Dogal afetlerle ilgili goriintiilerin analizi nispeten yeni
bir alandir, bu galisma ise sosyal medyada paylasilan goriintiilerin uyan-
dirdigr duygusal tepkileri tanimlamay1 amaglamaktadir. Gereg ve Yon-
temler: Bu 4 agamali ¢calismada, ¢esitli sosyal medya platformlarindan
toplam 5.203 ticretsiz ve agikea erisilebilir goriuntii ¢ekildi ve bu go-
runtiilerle iliskilendirilen duygu kategorileri se¢ildi. Gorseller, on is-
leme tabi tutularak RGB formatina donistirildi ve yeniden
boyutlandirildi. Gorsel piksellerinin normalizasyonu yapildi. Gorsel
duygu analizi i¢in ¢esitli derin 6grenme [deep learning (DL)] modelleri
incelendi ve performanslart metrikler kullanilarak karsilastirildi. Daha
sonra, en giivenilir sonuglart veren Inception-v3 kullanilarak duygu si-
miflandirmast yapildi. Bulgular: Onceden egitilmis farkli DL model-
lerinin performans metrikleri igerisinde en uygun derin 6grenme modeli
%81,2 ile Inception-v3 oldugu belirlendi. Goriintiilerde tasvir edilen
duygularin analizi, 3.741°1 (%71,9) negatif olarak siniflandirilirken,
781’1 (%8.0) nétr olarak siniflandirildigini ortaya koydu. Sonu¢: Bu
sonuglar, sosyal medya verilerinin gorsel duygu analizinin, afet miida-
hale ¢abalarmi 6nemli 6l¢iide artirabilecegini gostermektedir. Erken
uyarl mesajlarini belirleyerek, afetle ilgili bilgileri giincelleyerek ve
kullanici tarafindan olusturulan igerigi izleyerek, bu yaklasim daha et-
kili veri analitigi ve bilgi yayilimini desteklemektedir. Sonug olarak,
sosyal medyadan duygusal igerik analizinde Inception-v3 gibi ileri
derin 6grenme modellerinin kullanilmasi, degerli i¢gdriiler saglayabi-
lir ve afet yonetim stratejilerinin verimliligini ve etkinligini artirabilir.

Anahtar Kelimeler: Sosyal medya; yapay zeka;
derin 6grenme; duygu analizi; dogal afet
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Floods, earthquakes, and other sudden and un-
expected events pose significant public health con-
cerns, causing damage to infrastructure and profound
effects on people’s physical and mental well-being.
Access to relevant information in such events is cru-
cial for assessing and mitigating damages. Satellite
imagery, Geographic Information Systems, and so-
cial networks are widely used for analyzing the po-
tential impact of natural or human-induced disasters
on the environment and human life."> Given the fre-
quent occurrence of natural disasters worldwide,
which lead to both human suffering and economic
losses, there is an increasing interest in utilizing so-
cial media data and sentiment analysis for disaster
response. Social networks provide a two-way com-
munication channel for acquiring and disseminating
information related to disasters, making them invalu-
able for public health communication.’ The system-
atic utilization of social media can bring advantages
to emergency management by capturing requests for
assistance from victims, monitoring user activities,
and updating public awareness of the situation.* Sen-
timent analysis of social media imagery, conducted
using deep learning (DL) methods of artificial intel-
ligence, provides valuable insights into public health
crises. Existing literature on visual sentiment recog-
nition primarily focuses on analyzing facial expres-
sions, background objects, and light and color
contrasts to predict an individual’s emotions based
on image analysis.’

According to the Emergency Events Database
(EM-DAT), there were 387 natural disasters and haz-
ards in 2022, resulting in 30,704 fatalities and affect-
ing approximately 185 million people globally.®
Tiirkiye, in particular, has experienced profound im-
pacts from disasters such as floods, earthquakes, and
forest fires in recent years. Therefore, conducting
sentiment analysis of the population becomes crucial
for the mental well-being of the community. How-
ever, there are limited studies on this subject.” Some
research discusses the application of DL methods for
visual sentiment analysis of images obtained from so-
cial media platforms.””!® Others present fully auto-
mated algorithms for monitoring disasters from social
media posts using sentiment analysis.’ Focus is given
to sensitivity analysis of Twitter data (Twitter, X
Corp., ABD), particularly related to specific events.!
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The role of social media, especially Twitter, in emer-
gency management during natural disasters is also ex-
plored, highlighting its use for information
dissemination and data collection with specific case
studies.® Analyzing the emotions, attitudes, and sen-
timents of individuals towards images related to these
events can serve as an effective tool for conveying
public sentiment globally. This study seeks to con-
trast DL approaches in the sentiment analysis of im-
ages related to natural disasters sourced from social

media.

I MATERIAL AND METHODS

DESIGN

This study utilized DL techniques to perform senti-
ment analysis on images depicting natural disasters.
The flowchart outlining the sentiment analysis pro-
cess is depicted in Figure 1.

The study consisted of four stages. Firstly, im-
ages related to disasters were gathered from social
media platforms, including Facebook (Meta Inc.,
ABD), Twitter, Instagram (Meta Inc., ABD), and
Flickr (Yahoo! Inc., ABD). Keywords such as
floods, hurricanes, forest fires, droughts, landslides,
and earthquakes were used on October 28, 2021, re-
sulting in a dataset of 1,524 images. Additionally, a
publicly accessible dataset created by Hassan et al.
consisting of 3,679 natural disaster images was in-
corporated into the researchers’ dataset.” In the sec-
ond stage, emotion categories associated with
disaster images were selected. The downloaded im-
ages were manually filtered to remove irrelevant
ones, and the researchers annotated them. The im-
ages were preprocessed by converting them to the
RGB format and resizing them to dimensions of
224x224x3. Normalization of the visual pixels was
performed.

In the third stage, the Convolutional Neural
Network (CNN), a DL technique, and transfer
learning using a pre-trained model on ImageNet
were employed to automatically assign emotions to
the images. The fourth stage encompassed the com-
parison and analysis of different DL models, specif-
ically AlexNet, VGGNet, ResNet, and Inception
v-3. Performance metrics, including accuracy,
precision, recall, and F1 score, were employed
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Step 1.

"Scanning Images Related to Disasters from Social
Media Platforms"

Step 4.
"The selection of deep learning models for sentiment
analysis"

Step 2.
"Selection of Emotional Categories to be Associated
with Images Related to Disasters"

l

Step 3.
"Sentiment analysis"

FIGURE 1: Flowchart of the study.

for evaluating the proposed visual sentiment anal-
ysis.

SENTIMENT ANALYSIS

Emotions, which can be expressed through text, im-
ages, or videos, include feelings, likes and dislikes,
or opinions. DL algorithms are commonly used for
image sentiment analysis. A DL model can achieve
accuracy and efficient task performance. The term
“Deep” in DL refers to the number of hidden layers
in neural networks. DL models are trained using a
large labeled dataset and an architecture known as a
Neural Network Architecture, which allows for the
learning of features or parameters directly from the
given data without any human intervention or manual
feature extraction.!! The primary task of an image
sentiment analysis system is to predict the sentiment
polarity of an input image in terms of two (positive,
negative) or three polarity levels (positive, neutral,
negative). Therefore, these approaches can be used
for the task of polarity prediction.

Polarity and subjectivity scores ranging from -1
to 1 and from 0 to 1, respectively, were calculated for
the images. A subjectivity score of 0 indicated ob-
jectivity, while a score of 1 indicated subjectivity. Po-
larity scores between -1 and 0 were classified as
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negative, scores equal to 0 were classified as neutral,
and scores between 0 and 1 were classified as positive
emotions.

PERFORMANCE METRICS

The performance evaluations of models trained with
DL are conducted using accuracy, recall, precision,
and F1 score. The explanations of the performance
metrics are as follows:

Accuracy: The accuracy of a test is the ability to
correctly distinguish between diseased and healthy
individuals."* When calculating the accuracy of a di-
agnostic test, the true positive (TP) and true negative
(TN) rates are computed for all diseased and healthy
individuals. The accuracy value ranges from 0 to 1. In
the notation given in (Formula 1), TP, TN, false pos-
itive (FP), false negative (FN).

Accuracy=(TP+TN)/(TP+TN+FP+FN) (Formula 1)

Precision: The precision value is calculated as
the positive predictive value of a diagnostic test or
the rate at which positive predictions are actually pos-
itive (Formula 2). In other words, it is defined as the
probability that a person with a positive test result is
actually diseased.

Precision=TP/(TP+FP) (Formula 2)
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TABLE 1: Confusion matrix.

Actually positive (1)  Actually negative (2)

Predictied positive (1) True positives False positives

Predictied negative (2) False negatives True negatives

Recall: Recall estimates how many TP the
model captures (Formula 3). Similarly, when the cost
of FNs is very high, recall is used as the metric to se-
lect the best model.

Recall=TP/(TP+FN) (Formula 3)

F1 Score: Depending on the problem being
solved, in many cases, higher priority can be given to
maximizing either precision or recall. However, a
simpler statistic that takes both precision and recall
into account is the F1 score, which is essentially the
harmonic mean of precision and recall (Formula 4).
Efforts are made to maximize this number to improve
the model.

F1 Score=2x(PrecisionxRecall)/(Precision+Recall) (Formula 4)

Model performance can also be displayed in a
confusion matrix. A confusion matrix is an n X n ma-
trix, where n represents the number of labels in a
given dataset. Each row represents the actual labels,
and each column represents the predicted labels. The
confusion matrix, as shown in Table 1, illustrates the
performance of the model.

DL MODELS FOR SENTIMENT ANALYSIS

Transfer Learning

Transfer learning is a DL approach used to solve
complex problems in computer vision. It enhances
the performance of classification models by leverag-
ing pre-trained models and accelerating the training
of deep layers, thereby reducing computation time.
Several transfer learning models are available, in-
cluding AlexNet, VGGNet, ResNet, and Inception v-
3, which have been trained on large datasets
containing millions of images.

AlexNet

AlexNet, developed by Krizhevsky et al., is a CNN
model with 60 million parameters. It comprises eight
layers, including five convolutional layers and three
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fully connected layers. The rectified linear activation
function (ReLU) is utilized to mitigate gradient van-
ishing during model development. The model has
been trained on 1.2 million high-resolution images
from ImageNet, classified into 1,000 categories.'*

VGGNet

VGGNet is a deep CNN developed by researchers
from Oxford University and Google DeepMind (Al-
phabet Inc., ABD). It consists of six network models
with depths ranging from 11 to 19 layers. The most
commonly used sets are those with 16 and 19 layers,
which excel in classification and localization tasks.
The structure includes five convolutional layers. '

Inception v-3

Inception v-3 is a CNN developed by Google as a
module for image processing and object detection. It
represents the third iteration of Google’s Inception
CNN. The model incorporates 25 million parameters
trained on ImageNet. ReLU activation is utilized dur-
ing model development.'®

ResNet

ResNet, proposed by He et al. addresses the issue of
vanishing gradients during the training of deep con-
volutional networks.'” It has demonstrated superior
performance compared to other models in tasks such
as object detection and semantic image segmenta-
tion.'®!” The model utilizes input images with di-
mensions of 224x224x3 pixels and performs
convolution (7x7) and max pooling (3%3) operations.
Optimization and ReLU activation are applied after
convolution.!”

DATA COLLECTION AND SELECTION OF
EMOTION CATEGORIES

In this study, images for analysis were collected by
scanning social media platforms, namely Facebook,
Twitter, Instagram, and Flickr. Care was taken to en-
sure that all images were freely available and openly
licensed. The selection of images was based on key-
words such as flood, hurricane, forest fire, drought,
landslide, and earthquake. Additionally, location in-
formation on earthquake occurrences in Tiirkiye was
obtained from EM-DAT, a United Nations platform
providing global disaster statistics.® For emotion cat-
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egorization, the polarities of positive, negative, and
neutral were chosen.

SELECTION OF DL MODELS

The visual emotion analysis in this study employed
the CNN model of DL. Transfer learning was also
utilized. Four different DL models were employed:
AlexNet, VGGNet, Inception-v3, and ResNet. These
models were pre-trained on ImageNet for object fea-
tures and on place for background details and scene-
level features.”®?*! A high-speed sampling technique
was utilized to balance the class distribution within
the dataset. In single-label classification, the imblearn
open-source library was used.

EXPERIMENTAL SETUP

The dataset used in the experimental study was di-
vided into training (70%), validation (10%), and test
(20%) sets. The experiments were conducted on a
computer with an Intel(R) Core(TM) 17 processor, 62
GB RAM (Intel Corp., ABD), and a GPU GeForce
RTX 2070 (8 GB) (Nvidia Corp., ABD). The evalu-
ation of the DL models involved a comparative anal-
ysis of performance metrics, including accuracy,
precision, recall, and F1 score.

ETHICAL APPROVAL

Due to the nature of the research and the use of pub-
licly available images, ethical permission was not re-
quired. The data collection process involved an
automated method. As a result, this study has been
conducted in accordance with the principles of the
Helsinki Declaration.

I RESULTS

For the images used in this study, positive, negative,
and neutral emotion categories were defined. Vari-
ous elements within the images, including objects
(such as clothing, collapsed buildings, background
components, and signs), color/contrast, as well as
human expressions, gestures, and poses, offered sig-
nificant cues for the visual emotion analysis of dis-
aster-related images. When analyzing the dataset, it
was observed that 13.1% of the images exhibited pos-
itive emotions (n=681), 71.9% displayed negative
emotions (n=3,741), and 15% were classified as neu-
tral (n=781) in terms of polarity (Figure 2).
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This study employed an early fusion approach,
integrating object and scene-level features. The DL
models used in this study were based on CNN, specif-
ically AlexNet, VGGNet, Inception-v3, and ResNet.
The performance metrics of these DL models are pre-
sented in Table 2. The accuracy values for different
DL models pre-trained on ImageNet and Place were
78.12% for AlexNet, 77.52% for VGGNet, 81.17%
for Inception-v3, and 79.03% for ResNet. Although
there were no significant differences among the DL
models, it was determined that Inception-v3 was the
most suitable DL model for this study (Table 2).

The performance of DL models was evaluated
in terms of accuracy, precision, recall, and F1 score
for positive, negative, and neutral emotion poles. As
illustrated in Table 3, Inception-v3 exhibits the high-
est accuracy for all three emotion poles among the
models utilized in this study. Inception-v3, which em-
ploys a CNN structure, yielded the most precise re-
sults in sentiment analysis. As the model had been
pre-trained, the weights that had been used in previ-

Positive
13.1%

Neutral
15%

Negative
71.9%

FIGURE 2: Statistics of emotion analysis for the dataset.

TABLE 2: Performance metrics of DL models.
DL models Accuracy  Precision Recall F1 score
AlexNet 78.12 86.12 88.41 86.07
VGGNet 77.52 79.22 79.62 73.60
Inception-v3 81.17 87.42 89.18 89.44
ResNet 79.03 86.91 73.52 81.23

DL: Deep learning.
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TABLE 3: Performance metrics analysis of DL models based on polarities.
DL models Sentiment polarity Accuracy Precision Recall F1 score
AlexNet Negative 79.12 88.17 81.54 79.85
Positive 80.13 85.65 82.69 79.65
Neutral 81.22 87.96 82.98 81.56
VGGNet Negative 78.14 82.36 81.23 89.65
Positive 78.45 83.65 79.45 82.51
Neutral 79.65 84.56 79.84 81.44
Inception-v3 Negative 89.43 90.12 90.07 80.69
Positive 89.61 91.56 93.69 94.51
Neutral 88.74 89.74 88.94 85.77
ResNet Negative 81.26 93.25 91.65 89.74
Positive 80.98 88.88 80.23 84.71
Neutral 80.54 84.72 85.23 85.44

DL: Deep learning.

ous training were used as a basis for reconstructing
the model with the current data. During the transfer
learning process, the final classifier layer was modi-
fied to classify positive, negative, and neutral emo-
tions. The smoothing layer added to the final
classifier contains nodes representing the three emo-
tion categories. The softmax activation function used
in this layer produces probabilistic results for each
emotion. The Adam optimizer was employed to en-
sure regular weight updates, thereby reducing the loss
function and enhancing the accuracy of the model
while reducing misclassifications.

Thus, the method presented based on the Incep-
tion-v3 architecture achieved the best accuracy level
without the need for balancing. In sentiment analysis
performed with a dataset of natural disaster images
taken from social media, the accuracy values were
found to be 89.43% for negative sentiment, 89.61%
for positive sentiment, and 88.74% for neutral senti-
ment. Additionally, the precision values were 90.12%
for negative sentiment, 91.56% for positive senti-
ment, and 89.74% for neutral sentiment. The recall
values were 90.07% for negative sentiment, 93.69%
for positive sentiment, and 88.94% for neutral senti-
ment. The F1 score values were 80.69% for negative
sentiment, 94.51% for positive sentiment, and
85.77% for neutral sentiment (Table 3).

Although the model had a good learning rate
during the training phase, this might not affect the
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validation data. The validation phase can lead to sig-
nificant data loss and low validation.?> Therefore, the
same approach was repeated several times before
achieving more accurate values for the model’s hy-
perparameters. The confusion matrix for the Incep-
tion-v3 model is presented in Figure 3.

Examples of images for positive, negative, and
neutral sentiment analysis are presented in Table 4.

I DISCUSSION

In the field of sentiment analysis of natural disaster
images, the Inception-v3 model demonstrated supe-
rior accuracy, precision, and F1 score compared to
other DL models.”® The primary reasons for its suc-
cess are that the model enhances computational effi-
ciency through the use of convolutional filters of
varying sizes and more effectively captures features
within the image.?* The deployment of Inception-v3
facilitated the comprehension of emotional nuances
in disaster-related imagery and showcased the
model’s efficacy across a diverse array of applica-
tions.” The results from the study indicating that In-
ception-v3 performed exceptionally well in sentiment
analysis of natural disaster images align with several
other studies in the literature. For instance, Yu et al.
reported that Inception-v3 achieved an accuracy of
85.13% and an area under curve (AUC) of 0.91 in a
diagnostic model for breast ultrasound images.”* Sim-
ilarly, Wu et al. found that Inception-v3 attained the
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FIGURE 3: Confusion matrix of the Inception v-3 architecture.

TABLE 4: Examples of images for positive, negative,
and neutral sentiment analysis.

Sentiment polarities Image

Positive

Neutral

Negative

highest classification accuracy of 97.57% in differ-
entiating glioma from encephalitis using MR-based
DL.?® Moreover, Mkhatshwa et al. highlighted that
Inception-v3 consistently delivered superior perfor-
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mance across various datasets, emphasizing its ef-
fectiveness in classification tasks.”” These studies col-
lectively support the notion that Inception-v3 is a
robust DL model capable of achieving high accuracy
and performance metrics in diverse applications.

Furthermore, the results obtained in classifying
images using Inception-v3 and the work of Saleh et
al. in detecting retinal disorders also underscore the
model’s efficacy in classification tasks.?® Addition-
ally, the study by Fang et al. on ultrasound image di-
agnosis and the work of Xiao et al. on breast tumor
discrimination further reinforce the superior perfor-
mance of Inception-v3 in achieving high accuracy
and precision values.?”?? In summary, the consistent
success of Inception-v3 across various studies in dif-
ferent domains, including medical imaging, disease
classification, and sentiment analysis, highlights its
versatility and effectiveness as a DL model. The com-
patibility of the results with existing literature under-
scores the reliability and robustness of Inception-v3
in delivering accurate and precise results in classifi-
cation tasks.

The methodology and approaches used in the
study, such as transfer learning, early fusion, Adam
optimizer, softmax activation function, and hyperpa-



Giilcan DEMIR et al.

Turkiye Klinikleri J Health Sci. 2024;9(4):642-51

rameter tuning, are well-supported by existing litera-
ture. Several studies have demonstrated the effec-
tiveness of these techniques in enhancing the
performance of DL models, including Inception-v3,
across various domains. Transfer learning has been
widely acknowledged for its ability to leverage pre-
trained models like Inception-v3 to improve classifi-
cation accuracy in tasks such as disease detection,
histopathology image classification, and sentiment
analysis.’! It allows models to benefit from knowl-
edge gained during training on large datasets, en-
hancing performance on new tasks with limited data.
Moreover, early fusion has shown promise in com-
bining visual and textual features to improve senti-
ment classification accuracy.’* This approach aligns
with the study’s emphasis on early fusion to enhance
sentiment analysis. The Adam optimizer and soft-
max activation function have been recognized for
optimizing model training and improving conver-
gence speed.*? These techniques contribute to effi-
cient training and enhanced performance in
classification tasks. Additionally, hyperparameter
tuning is crucial for achieving higher accuracy and
consistency in model predictions.** Iterative adjust-
ments play a crucial role in fine-tuning the model for
optimal performance. The methodology and ap-
proaches employed in the study, including transfer
learning, early fusion, optimizer selection, activation
function choice, and hyperparameter tuning, are
well-founded in the literature. These techniques have
been widely recognized for their effectiveness in en-
hancing the performance of DL models like Incep-
tion-v3, supporting the reliability and validity of the
study’s methodology.

The performance metrics of DL models, partic-
ularly highlighted by the exceptional results of In-
ception-v3 with 89.4% accuracy for negative
sentiment, 89.6% for positive sentiment, and 88.7%
for neutral sentiment accuracy, are consistently em-
phasized in various studies in the literature. Khudaier
and Radhi achieved high accuracy, precision, recall,
and F1 score values of 0.9455, 0.9465, 0.9455, and
0.9456, respectively, in binary classification tasks
using CNN architecture.** Similarly, Sukegawa et al.
demonstrated high accuracy and AUC values in DL
classification tasks related to oral exfoliative cytol-
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ogy.* These results indicate that when appropriately
configured and optimized, DL models can achieve
high accuracy and performance metrics across vari-
ous domains. The utilization of advanced techniques
such as transfer learning, hyperparameter tuning, and
optimizer selection, as seen in studies focusing on In-
ception-v3, plays a critical role in enhancing the ef-
fectiveness and reliability of DL models in sentiment
analysis and classification tasks. Therefore, the re-
sults regarding the performance metrics of Inception-
v3 in sentiment analysis align with the broader trends
observed in the literature, showcasing the potential
of DL models to deliver accurate and reliable results
in diverse applications.

The use of the Inception-v3 model for sentiment
analysis of natural disaster images carries significant
practical implications for disaster management and
crisis communication. The utilization of the Incep-
tion-v3 model in sentiment analysis of natural disas-
ter images has various practical applications in
disaster management, crisis communication, and
community engagement. Conducting sentiment anal-
ysis using DL helps stakeholders understand public
emotional states, improve intervention strategies, and
enhance resilience against disasters.

The fact that the data was collected in 2021
and the accessible dataset only covers four social
media platforms constitutes a limitation in our
study. Due to the limited capabilities of our current
computer, we have worked with a restricted number
of data samples. Future studies should aim to im-
prove the model performance by using a larger and
more diverse dataset. Additionally, exploring trans-
fer learning techniques more comprehensively and
investigating the effectiveness of different transfer
strategies could potentially enhance the model ac-
curacy.

I CONCLUSION

In this study, the performance of DL models in visual
sentiment analysis of images related to natural disas-
ters was evaluated, demonstrating the effectiveness
of pre-trained models like Inception-v3 in recogniz-
ing and classifying emotional states. Visual sentiment
analysis plays a crucial role in disaster management
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and emergency response processes. Therefore, data
obtained during disasters can significantly contribute
to providing psychological support, directing re-
sources, assessing disaster impacts, determining com-
munity emotional well-being, and optimizing relief
efforts.

Future studies should focus on enhancing the
performance of DL models by using larger and more
diverse datasets. Additionally, further investigation
into transfer learning techniques and exploring the ef-
fectiveness of different transfer strategies could im-
prove the accuracy and overall performance of
emotion recognition tasks. Such research endeavors
can encourage more effective utilization of DL mod-
els in managing emotional content-related data during
disasters and emergency response interventions.

In conclusion, it is evident that data obtained
through visual sentiment analysis can play a critical
role in disaster management and emergency response
processes, highlighting a significant need for research
in this field. Studies in this direction are expected to
contribute to developing new approaches in crisis
communication and understanding and managing the
impacts of disasters.

Source of Finance

During this study, no financial or spiritual support was received
neither from any pharmaceutical company that has a direct con-
nection with the research subject, nor from a company that pro-
vides or produces medical instruments and materials which may

negatively affect the evaluation process of this study.

Conflict of Interest

No conflicts of interest between the authors and / or family mem-
bers of the scientific and medical committee members or mem-
bers of the potential conflicts of interest, counseling, expertise,

working conditions, share holding and similar situations in any

firm.

Authorship Contributions

Idea/Concept: Giilcan Demir, Gozde Ozsezer; Design: Giilcan
Demir, Gozde Ozsezer; Ciineyt Caligkan, Hiiseyin Kogak; Con-
trol/Supervision: Giilcan Demir, Gozde Ozsezer, Ciineyt Caliskan,
Hiiseyin Kogak; Data Collection and/or Processing: Giilcan
Demir, Gozde Ozsezer, Ciineyt Caligkan, Hiiseyin Kog¢ak; Analy-
sis and/or Interpretation: Giilcan Demir, Gozde Ozsezer: Ciineyt
Caliskan, Hiiseyin Kogak; Literature Review: Giilcan Demir,
Gézde Ozsezer, Ciineyt Caligkan, Hiiseyin Kogak; Writing the Ar-
ticle: Giilcan Demir, Gozde Ozsezer, Ciineyt Caliskan, Hiiseyin
Kocak, Critical Review: Giilcan Demir, Gozde Ozsezer, Ciineyt
Caliskan, Hiiseyin Kogak; References and Fundings: Giilcan
Demir, Gozde Ozsezer: Ciineyt Caliskan, Hiiseyin Kogak.

IREFERENCES

1. Hoque MA-A, Phinn SR, Roelfsema C, Childs I. Tropical cyclone disaster
management using remote sensing and spatial analysis: a review. Interna-
tional Journal of Disaster Risk Reduction. 2017;22:345-54. [Crossref]

2. Ke U, Garg S, Hilton JE, Aryal J, Forbes-Smith N. Cloud computing in na-
tural hazard modeling systems: current research trends and future directi-
ons. International Journal of Disaster Risk Reduction. 2019;38:101188.
[Crossref]

3. Xiong J, Hswen Y, Naslund JA. Digital surveillance for monitoring environ-
mental health threats: a case study capturing public opinion from Twitter
about the 2019 Chennai water crisis. Int J Environ Res Public Health.
2020;17(14):5077. [Crossref] [PubMed] [PMC]

4. TimY, Pan SL, Ractham P, Kaewkitipong L. Digitally enabled disaster res-
ponse: the emergence of social media as boundary objects in a flooding di-
saster. Information Systems Journal. 2016;27(2):197-232. [Crossref]

5. Ennaji FZ, Fazziki AE, Abdallaoui HEAE, Benslimane D, Sadgal M. A pro-
duct reputation framework based on social multimedia content. Internatio-
nal Journal of Web Information Systems. 2019;16(1):95-113. [Crossref]

6. EM-DAT [Internet]. [Cited: June 20, 2023]. The International Disaster Data-
base Belgium: Centre for Research on the Epidemiology of Disasters-
CRED; 2023. Available from: [Link]

7. Hassan SZ, Ahmad K, Hicks S, Halvorsen P, Al-Fugaha A, Conci N, et al. Vi-
sual sentiment analysis from disaster images in social media. Sensors.
2022;22(10):3628. [Crossref]

8. Graham NA, Jennings S, MacNeil MA, Mouillot D, Wilson SK. Predicting
climate-driven regime shifts versus rebound potential in coral reefs. Nature.
2015;518(7537):94-7. [Crossref] [PubMed]

9. Sufi F, Khalil I. Automated disaster monitoring from social media
posts using ai-based location intelligence and sentiment analysis. IEEE
Transactions on Computational Social Systems. 2022;PP(99):1-11. [Cros-
sref]

10.  Yum S. Sentiment analyses of Twitter for winter storm leo. In: Information
Resources Management Association, editor. Research Anthology on Ma-
naging Crisis and Risk Communications. Hershey, PA, USA: IGI Global;
2023. p.790-809. [Crossref]

11, Mittal N, Sharma D, Joshi M. Image sentiment analysis using deep lear-
ning. IEEE/WIC/ACM International Conference on Web Intelligence. 2018.
p.684-7 [Crossref]

12. Ortis A, Farinella G, Battiato S. An overview on image sentiment analysis:

methods, datasets and current challenges. SciTePress. 2019. p.290-
300. [Link]


https://doi.org/10.1016/j.ijdrr.2017.02.008
https://doi.org/10.1016/j.ijdrr.2019.101188
https://doi.org/10.3390/ijerph17145077
https://www.ncbi.nlm.nih.gov/pubmed/32674441
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7400361
https://doi.org/10.1111/isj.12114
https://doi.org/10.1108/IJWIS-04-2019-0016
https://www.emdat.be/
https://doi.org/10.3390/s22103628
https://doi.org/10.1038/nature14140
https://www.ncbi.nlm.nih.gov/pubmed/25607371
https://doi.org/10.36227/techrxiv.19212105.v1
https://doi.org/10.36227/techrxiv.19212105.v1
https://doi.org/10.4018/978-1-6684-7145-6.ch039
https://doi.org/10.1109/WI.2018.00-11
https://www.scitepress.org/Papers/2019/79096/79096.pdf

Giilcan DEMIR et al.

Turkiye Klinikleri J Health Sci. 2024;9(4):642-51

13.

20.

21.

22.

23.

24.

Baratloo A, Hosseini M, Negida A, El Ashal G. Part 1: Simple Definition and
Calculation of Accuracy, Sensitivity and Specificity. Emerg (Tehran).
2015;3(2):48-9. [PubMed] [PMC]

Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep
convolutional neural networks. Commun ACM. 2017;60(6):84-90. [Crossref]

Simonyan K, Zisserman A. Very deep convolutional networks for large-scale
image recognition. arXiv. 2014. [Link]

Andersen RE, Nalpantidis L, Ravn O, Boukas E. Investigating Deep Lear-
ning Architectures towards Autonomous Inspection for Marine Classifica-
tion. 2020 IEEE International Symposium on Safety, Security, and Rescue
Robotics (SSRR). 2020:197-204. [Crossref]

He K, Zhang X, Ren S, Sun J. Deep Residual Learning for Image Recogni-
tion. 2016 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) 2016 27-30 June 2016. [Crossref]

Dai J, He K, Sun J. Instance-aware Semantic Segmentation via Multi-task
Network Cascades. arXiv. 2015. [Crossref]

Chen LC, Papandreou G, Kokkinos I, Murphy K, Yuille AL. DeepLab: se-
mantic image segmentation with deep convolutional nets, atrous convolu-
tion, and fully connected CRFs. IEEE Transactions on Pattern Analysis and
Machine Intelligence. 2018;40(4):834-48. [Crossref]

Deng J, Dong W, Socher R, Li LJ, Kai L, Li F-F, editors. ImageNet: A large-
scale hierarchical image database. 2009 IEEE Conference on Computer Vi-
sion and Pattern Recognition 2009 20-25 June 2009. [Crossref]

Zhou B, Lapedriza A, Xiao J, Torralba A, Oliva A. Learning Deep Features
for Scene Recognition using Places Database. Advances in Neural Infor-
mation Processing Systems. 2015;1. [Link]

Meena G, Mohbey K, Kumar S, Chawda R, Gaikwad S. Image-Based Sen-
timent Analysis Using InceptionV3 Transfer Learning Approach. SN Com-
puter Science. 2023;4. [Crossref]

YuH, SunH, LiJ, ShiL, Bao N, Li H, et al. Effective diagnostic model cons-
truction based on discriminative breast ultrasound image regions using deep
feature extraction. Med Phys. 2021;48(6):2920-8. [Crossref] [PubMed]
Salman Al-Tameemi IK, Feizi-Derakhshi MR, Pashazadeh S, Asadpour M.
Multi-model fusion framework using deep learning for visual-textual senti-
ment classification. Computers Materials and Continua. 2023;76(2):2145-
77. [Crossref]

651

25.

26.

21.

28.

29.

30.

31.

32.

33.

34.

35.

Al Husaini MAS, Habaebi MH, Gunawan TS, Islam MR, Elsheikh EAA, Su-
liman FM. Thermal-based early breast cancer detection using inception V3,
inception V4 and modified inception MV4. Neural Comput Appl.
2022;34(1):333-48. [Crossref] [PubMed] [PMC]

Wu W, Li J, Ye J, Wang Q, Zhang W, Xu S. Differentiation of glioma mimic-
king encephalitis and encephalitis using multiparametric MR-based deep
learning. Front Oncol. 2021;11:639062. [Crossref] [PubMed] [PMC]

Mkhatshwa J, Kavu T, Daramola O. Analysing the performance and interp-
retability of CNN-based architectures for plant nutrient deficiency identifi-
cation. Computation. 2024;12(6):113. [Crossref]

Saleh N, Wahed MA, Salaheldin AM. Transfer learning-based platform for
detecting multi-classification retinal disorders using optical coherence to-
mography images. International Journal of Imaging Systems and Techno-
logy. 2021;32(3):740-52. [Crossref]

Fang X, Li W, Huang J, Li W, Feng Q, Han Y, et al. Ultrasound image intel-
ligent diagnosis in community-acquired pneumonia of children using con-
volutional neural network-based transfer learning. Front Pediatr.
2022;10:1063587. [Crossref] [PubMed] [PMC]

Xiao T, Liu L, Li K, Qin W, Yu S, Li Z. Comparison of transferred deep neu-
ral networks in ultrasonic breast masses discrimination. Biomed Res Int.
2018;2018:4605191. [Crossref] [PubMed] [PMC]

Morellos A, Pantazi XE, Paraskevas C, Moshou D. Comparison of deep
neural networks in detecting field grapevine diseases using transfer lear-
ning. Remote Sensing. 2022;14(18):4648. [Crossref]

Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, et al. Going
deeper with convolutions. arXiv. 2015. [Crossref]

Mvoulana A, Kachouri R, Akil M. Fine-tuning convolutional neural networks:
a comprehensive guide and benchmark analysis for glaucoma screening.
Italy: 25th International Conference in Pattern Recognition; 2021. [Cros-
sref]

Khudaier AH, Radhi AM. Binary classification of diabetic retinopathy using
CNN architecture. Iraqi Journal of Science. 2024;65(2):963-78. [Cros-
sref]

Sukegawa S, Tanaka F, Nakano K, Hara T, Yoshii K, Yamashita K, et al. Ef-
fective deep learning for oral exfoliative cytology classification. Sci Rep.
2022;12(1):13281. [Crossref] [PubMed] [PMC]


https://www.ncbi.nlm.nih.gov/pubmed/26495380
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4614595
https://doi.org/10.1145/3065386
https://arxiv.org/abs/1409.1556
https://doi.org/10.1109/SSRR50563.2020.9292621
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.343
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.1109/CVPR.2009.5206848
https://www.researchgate.net/publication/279839496_Learning_Deep_Features_for_Scene_Recognition_using_Places_Database
https://doi.org/10.1007/s42979-023-01695-3
https://doi.org/10.1002/mp.14832
https://www.ncbi.nlm.nih.gov/pubmed/33690962
https://doi.org/10.32604/cmc.2023.040997
https://doi.org/10.1007/s00521-021-06372-1
https://www.ncbi.nlm.nih.gov/pubmed/34393379
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8349135
https://doi.org/10.3389/fonc.2021.639062
https://www.ncbi.nlm.nih.gov/pubmed/33791225
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8005708
https://doi.org/10.3390/computation12060113
https://doi.org/10.1002/ima.22673
https://doi.org/10.3389/fped.2022.1063587
https://www.ncbi.nlm.nih.gov/pubmed/36507139
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9729936
https://doi.org/10.1155/2018/4605191
https://www.ncbi.nlm.nih.gov/pubmed/30035122
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6033250
https://doi.org/10.3390/rs14184648
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1109/ICPR48806.2021.9412199
https://doi.org/10.1109/ICPR48806.2021.9412199
https://doi.org/10.24996/ijs.2024.65.2.31
https://doi.org/10.24996/ijs.2024.65.2.31
https://doi.org/10.1038/s41598-022-17602-4
https://www.ncbi.nlm.nih.gov/pubmed/35918498
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9346110

