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Nocnimxkenns apxitekyp (NN, RNN Ta ViT gais
aBTOMATUYHOTI'0 pO3Mi3HAaBaHHSA eMOlliil 32
MIMIKOIO JIIOZIUHH 3 METOI0 CTBOPEHHSA
a[laliTUBHUX iHTEJIeKTya/IbHUX CUCTEM
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JlocaipkeHHs

® Po3ni3HaBaHHA eMoLiii 338 MIMIKOIO € NEPCNEKTUBHUM HaNPAMOM, L0 3HAXOAWUTL 3aCTOCYBaHHA Y
chepax MapkeTuHry, MeauumHi, oceiTi Ta Hayui

® CNN, RNN Ta Vision Transformer — cy4acHi apxiTextypu HeiipoHHUX MepeXx, AKi aKTMBHO
BMKOPUCTOBYIOTBCA AR aHanily eMoUifiHKUX CTaHiB 3a 306paxeHHAM 06any4a

® [lpoBeaeHO NOpiBHANBHE AOCNIAXEHHNA MOAeneli Ha AaTaceTax FER2013, RAF-DB, AffectNet

® Pe3ynbTaTi iIHTErpoBaHO Yy Be6-3aCTOCYHOK, WO AO3BONAE CNPO6yBaTH 3aCTOCYBaHHA Ha
peansHOMYy npuknagi
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Orusisp iitepaTtypu (aHasoriB)

OCHOBOK AOCNIAKEHHA CTanu CyyacHi npaui 3 aHanisy MiMikv Ana po3nisHaBaHHA eMoLii:

=  Facial Emotion Detection Using Deep Learning

= Recognition of Facial Expressions under Varying Conditions Using Dual-Feature Fusion

= |mplementing Vision Transformer to Model Emotions Recognition from Facial Expressions

Takox BUKOPUCTOBYBanack TexHiYHa gokymeHTauis: TensorFlow, Flask

[locTaHoBKa 3a71a4i

® OpPIBHATU ePEeKTUBHICTbL apXiTeKTYp HeMPOHHNX Mepex 3a
KNOYOBUMUN MEeTpUKaMu

® BU3HaYUTK NepeBaru Ta HeAONiKN Ha OCHOBI aHanisy
pesynbrartis

® po3pobuTy Be6-3aCTOCYHOK ANA 3aCTOCYBaHHA Y peanbHOMY
XKUTTI

® chopmyBaTM pekoMeHAaUil WoAo0 BM6OpY apXiTeKTypw ans
pocnisHaBaHHA eMouili
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MeToau aocaipKkeHHS

Y AOCNiAXeHHI BUKOPUCTAHO TEOPeTUYHMUIA aHania Ta ekcnepuMmeHTanbHWIA nigxia Ans
NPakTUYHOI YacTUHW. B TeopeTUYHOMYy aHania posrnsHyTo apxirektypu, iX ocoénusocti Ta
apxiTekTypy MaibyTHbOro Be6-404atky. B nNpakTUyHiin YacTuHI HaByaHo Tpw apxitektypu CNN,
RNN, ViT Ha YoTupbox aata cetax FER2013, RAF-DB, He nosHa Bepcis AffectNet, nosHa Bepcis
AffectNet. MpoBeaeHO TeCTyBaHHSA Ta NOPIBHANLHWIA aHanis, 3a TaKUMU METPUKaAMU: TOUHICTD,
nnowa nig kpueoto (AUC), nokasHuk F1, 3aTpumKa, NponyckHa 3AaTHICTb, ByB cTBOpeHwii Beb6-
AOAATOK ANA TECTYBaHHA BCIX MoAeneii Ha peanbHOMY Npuknagi iHTerpauir.

ApXiTeKTypH HEHPOHUX Mepex
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ApxiTeKTypa Ta NpoeKTyBaHHs Be06-3aCTOCYHKY

PostgreSQL

P mocw e
—————
e -y

{ . : ’
A N Flask
./

o I-———- —
= N\_;.::: f —

P —_

-y

—

BukopucTaHi METpUKHU
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BukopucraHi faTa ceTu

FER-2013

® 32398 306paxeHb
® 48 Ha48 nikcenis
® YopHobini

RAF-DB

e 15300 306paxeHb
® 100 Ha 100 nikcenis
® Konboposi

SE

:u'!ware

.........

AffectNet HenosHWi

® 14600 306paxeHs
® Po3Mipu pisHi

o Konwboposi

AffectNet noBHuiA

® 427 vy 306paxeHb
® Po3Mipw pi3Hi

® Konwboposi

Henosuui | MoBHuA
m
Accuracy ('/- 64.47 70.53 54.17 56.73
BT 0.9232 0.9307 08744  0.8862

0.6343 07026 0.5399  0.5602

Latency (ms) [ #X] 1.13 1.22 1.23

Throughput

811.22 885.01 819.47 817.63
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PesynbTaTu ekciepuMeHTy RNN apxiTekTypu
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Pe3ysbTaTH peATPEHOBAaHUX MOZeJer
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AHaJ1i3 OTpUMaHUX pe3yJbTaTiB

® CNN — onTumansHuii BU6ip, HAWMWBMALLI, NIAXOAATL AN 33434 3 06MEXeHUMN pecypcamm

® ViT — aouinbHO BUKOPUCTOBYBATW TiNIbKM Ha AyXe BeNNKUX gatacetax abo BukopucrosysaTu
npeaTpeHoBaHi moaeni

® RNN — He Haiikpawmii BU6ip Ans po3nisHaBaHHA CTaTUYHNX 306paxeHb
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[ly6uikawis pe3ybTaTiB

JoctynHa 3a nocunaHHam - hitps://ieeexplore.ieee.org/document/11016864
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BUCHOBKHU

MNpoBeaeHo aHani3 NONYNAPHUX apXiTeKTYp HEMPOHHUX Mepex ANA po3ni3HaBaHHA eMoLi
CNN, RNN, ViT

MNpoBeaeHo AOC/IAKEHHNA BCIX TPbOX apXiTEKTYp Ha YOTUPBLOX Pi3HWX AaTa ceTax

CnpoekToBaHO Ta po3po61eHo Be6-3aCTOCYHOK A/ PeanbHOro NPUKNaAy 3acToCyBaHHS BCiX
NATHAAUATW HaBYEHUX MOAeNe

Ha ocHoBi ekcnepemeHTiB 6ynn chopmoBaHi pekoMeHaauil Wwoao Bubopy

Byna ony6nikoBaHa Ta npe3eHTOBaHa HaykoBa CTaTTa Ha KOHpepeuji eStream 2025
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[lizcyMku

PeanicTuyHiCTb Ta KOPUCTBL:

B peaynbTarti ekcnepemeHTie 6ynu npoaHanizosaHi peansHo Baxnusi
MeTpUKU Npu BMBOPI apxiTekTypu Ans po3nisHaBaHHa emouin. bynu
BMKOPUCTaHI Pi3Hi AaTta ceTu siki B CBOIX Habopax MalTb Pi3HOMAaHITHI
306paxeHHs.

[ns manbyTHiX AocnimKeHs:

Cnpobysatu BukopucTaTti ribpuaHnin niaxin apxitekTyp, Hanpuknag
noeaHanHs ViT Ta CNN abo BukopucTat MynbTUKaHanbHWUi nigxia
AKLLO € MOXINMBICTb BpaTtit AaHHI He TiNbKKU 3 3006paxeHb.
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Evaluating CNN, RNN, and Vision Transformer for
Emotion Recognition: Strengths and Weaknesses

Artur Yushchenko

Kirill Smelyakov

Anastasiya Chupryna

Departmenr of Software Engineering  Departmenr of Software Engineering  Department of Software Engineering

Kharkiv Nattonal University
of Radio Electronics
Kharkiv, Ukraine
arturiushchenko @nure.ua

Abstract—This paper explores three prominent deep learn-
ing architectures — Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Vision Transformers
(ViT) — for emotion recognition, examining their potential

engths and k under various conditions. It discusses
how each approach may capture critical spatial, temporal,
or global features in emotional data, highlighting differences
in feature extraction, repr tational capacity, and scalability.
Additionally, new solutions are propesed to enhance y and
adaptability, integrating design principles that address recognized
challenges in real-world implementations. Novel insights are
offered on aligning model selection with specific application
demands, such as the nature of input signals, available com-
putational resources, and desired real-time performance. While
the comparative analysis remains broad to accommodate diverse
use cases, it underscores the importance of carefully balancing
accuracy and efficiency. Conclusions drawn from the investigation
include recommendations on when each architecture may be most
advantageous, providing a flexible framework for researchers
and prnc(ilinoers to navigate the trade-offs. These findings have
implications for developing adaptive tion recognition systems
that leverage state-of-the-art deep learning technigues across
multiple contexts.

Index Terms—emotion recognition, deep learning, convolu-
tional neural networks, recurrent neural networks, vision trans.
formers, facial expression analysis

I. INTRODUCTION

Emotion recognition has emerged as a pivotal research area,
significantly benefiting from recent advances in deep leaming.
Modern algorithms routinely outperform earlier hand-crafted
approaches by leaming expeessive features directly from data
[1]. [2). Such developments have expanded applications across
various domains, including human-machine interaction, mental
health monitoring, adaptive user interfaces, and surveillance,
by accurately interpreting human effects from faces, voices,
and other modalities.

The evolution of deep learning has introduced several
prominent architectures—namely Convolutional Neural Net-
works (CNNs), Recurrent Neural Networks (RNNs), and,
more recently, Vision Transformers (ViTs). Each architecture
uniquely captures different dimensions of emotional data,
addressing spatial, temporal, and global feature interactions
inherent in emotional expressions. In particular, CNN-based

Kharkiv Natlonal University
of Radio Electronics
Kharkiv, Ukraine
kyrylo_smelyakov @ nure.ua

Kharkiv National University
of Radio Electronics
Kharkiv, Ukraine
anastasiya.chupryna @nure.ua

schemes have been explored with various preprocessing strate-
gies for facial localization before classifying emotional states
[3]), while ViT-based models have been proposed to learn
attention from facial cues under diverse conditions effectively
[4]. Other recent methods integrate CNN features with recur-
rent modules enhanced by attention mechanisms to detect and
classify emotional expressions robustly [5).

Despite these advancements, comprehensive evaluations
comparing these architectures under uniform experimental
conditions remain limited. Previous studies have predomi-
nantly analyzed individual models independently [3]-[5), leav-
ing a critical gap in understanding their comparative perfor-
mance and suitability for various real-world scenarios. This
gap motivates our research, which systematically assesses the
strengths and limitations of CNNs, RNNs, and ViTs in emotion
recognition.

The following objectives guide our study:

« Literature Context and Motivation: We provide an in-
depth review of existing studies, highlighting recent ad-
vances and persistent limitations within current emotion
recognition methodologies. This comprehensive discus-
sion emphasizes the necessity for integrative analyses
that address trade-offs among model complexity, data
requirements, real-time applicability, data augmentation
techniques, and computational efficiency.

« Comparative Analysis: Through rigorous evaluations on
standard emotion recognition benchmarks, we compare
CNNs, RNNs, and ViTs to determine the architecture that
best balances accuracy, computational demands, and real-
world applicability. This comparative approach elucidates
the relative merits and constraints inherent to each model.

« Research Contribution: Building upon established lit-
erature, our research provides straightforward, actionable
guidelines for selecting optimal deep-leaming architec-
tures tailored to specific application demands and re-
source constraints.

In summary, this work bridges the existing research gap
through a detailed comparative analysis of prevalent deep
leaming architectures, offering valuable insights and practical
considerations for researchers and practitioners engaged in
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emotion recognition tasks.

II. METHODS AND MATERIALS

This section describes the overall methodology, including
the selection and configuration of deep leaming models, the
experimental setup, and the evaluation protocols used in our
study.

A. Model Overview and Rationale

We compare three prominent deep-leaming architectures for
emotion recognition: CNNs, RNNs, and ViTs. Each model
was chosen based on its unique capability to capture different
aspects of the input data:

1) Convolutional Newral Networks: CNNs have been the
workhorse of image-based emotion recognition (primarily
facial expression recognition) due to their powerful feature
leaming capabilities [6]. Deep CNN models can automatically
leamn relevant facial features (such as shapes of eyes or
mouth) from large image datasets, achieving high accuracy
in classifying expressions like happiness, anger, or sadness.
For instance, a deep CNN was the winning approach in the
FER2013 facial expression recognition challenge on Kaggle,
demonstrating the effectiveness of CNNs on that dataset [7).

Fig. | illustrates a typical CNN-based pipeline for facial
emotion recognition.

Convolutional Pooling  Fully connected
Anges Layer layer layer

Fig. 1. Typecal CNN pipeline for facial emotica prediction.

The input image is passed through convolutional layers that
extract spatial features, followed by pooling layers that reduce
dimensionality while retaining key information. The resulting
feature maps are flattened and processed by fully connected
layers to perform the final emotion classification.

Researchers have continued to improve CNN architectures
for emotion recognition. R. A. Elsheikh, M. A. Mohamed, A.
M. Abou-Taleb, and M. M. Ata propose a novel deep CNN
structure that outperforms prior models on benchmarks like
RAF-DB (Real-World Affective Faces Database) [8]. Their
improved network achieved higher accuracy on RAF-DB’s
30,000 in-the-wild facial images by introducing enhanced
convolutional blocks [6]. Similarly, other studies have shown
that leveraging state-of-the-art CNN backbones (e.g., ResNet,
EfficientNet) or fine-tuning pre-trained CNNs can significantly
boost facial emotion recognition performance [2].

2) Recurrent Newral Nerworks: RNNs are widely used for
their strength in modeling temporal dependencies, essential for
capturing the dynamic changes in facial expressions over time.
As shown in Fig. 2, RNN-based models such as Long Short-
Term Memory (LSTM) and Gated Recurrent Units (GRU)

receive sequential input features—typically extracted by a
CNN—and process them through recurrent layers to capture
temporal dynamics across frames.

Fig. 2 Typical RNN architecture using LSTM and GRU Jayers for temporal
modeling ia facial emsotion peediction.

We implement advanced RNN vaniants (LSTM/GRU) with
extensive hyperparameter tuning, including hidden state size,
number of recurrent layers, and dropout rates, to mitigate
issues like vanishing gradients. These enhancements aim to
optimize the network's ability to model the temporal evolution
of expressions in video sequences.

In video-based emotion recognition, CNNs and RNNs (typi-
cally LSTMs) are frequently combined to leverage spatial and
temporal features. Initially, CNNs extract frame-level facial
features, which are subsequently fed into RNNs designed to
leam the evolution of expressions across the sequence. M.
Ye, H. Qian, and G. Liu introduced a CNN-LSTM frame-
work equipped with a two-layer attention mechanism for
facial expression recognition, achieving improved accuracy
by prioritizing key frames within sequences [9]. Their hybrid
model merges CNN-generated feature maps with an attention-
enhanced LSTM that emphasizes salient facial changes, under-
lining the importance of detailed hyperparameter tuning (e.g..
hidden state size, number of recurrent layers, dropout rates) to
optimize the performance of these models for sequence data.

3) Vision Transformers: ViTs have recently gained popular-
ity in computer vision and are now being explored for emotion
recognition tasks. Unlike CNNs, which rely on local receptive
fields, ViTs utilize self-attention mechanisms to model global
relationships within an image. This capability makes them
particularly effective for capturing spatial dependencies across
different facial regions, such as combinations of action units or
symmetric patterns. Early studies integrating transformers into
facial expression recognition found that transformers can reach
competitive performance with sufficient data or pretraining,
though CNNs initially had an edge on smaller datasets [10].
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As illustrated in Fig. 3, the input image is split into patches,
lincarly projected into embeddings, and passed through a
transformer encoder composed of stacked self-attention layers.
A classification head then predicts the corresponding emotion
class.

Self-Attention
Input Image
Image Patches E 2
motion
Transformer Prediction
— - Ha
Encoder PRy
Surprised
! Sad
Linear
Projection
Classification
Head
Fig. 5. Typical WiT architecvare for facial prediction usisg self-

b

on image |

A. Chaudhari, C. Bhatt, A. Krishna, and P. L. Mazzeo
showed that a fine-tuned ViT model (VITFER) could perform
on par with a CNN when trained on a large combined dataset
of FER2013, AffectNet, and CK+ images [11]. In their work,
they merged these datasets (creating an "AVFER" dataset of
eight emotion classes) to mitigate data scarcity. They found the
VIiT achieved similar accuracy to a ResNet-18 baseline on the
merged set. They also noted the ViT’s ability to generalize
across the merged dataset despite AffectNet's known label
noise issues.

B. Datasets and Data Preprocessing in Affective Compuring

A ngorous and reproducible experimental setup is essen-
tial for a fair comparison. Our setup includes the following
components:

« Hardware and Software Environment: All experiments
are conducted under standardized conditions on a Mac-
Book Pro 16-inch (2021) equipped with the Apple M1
Pro chip (8-core CPU with six performance cores and two
efficiency cores, I14-core GPU, 16-core Neural Engine,
and 16GB unified memory). The software framework
used is TensorFlow. This consistency ensures that any
performance differences observed across models are at-
tributable solely to architectural distinctions rather than
hardware or software environment variations.

+ Data Acquisition and Preprocessing: We utilize pub-
licly available emotion recognition datasets, including
FER2013 [12], AffectNet, and RAF-DB. The FER2013
dataset comprises approximately 30,000 grayscale im-
ages of facial expressions across seven categories: anger,
disgust, fear, happiness, sadness, surprise, and neutral
expressions [13]. AffectNet contains over 41,000 facial
images annotated for categorical emotions and valence-
arousal dimensions, providing a comprehensive resource

for affective computing research [14]. RAF-DB includes
29,672 facial images labeled with basic or compound
expressions, offering diverse real-world facial expres-
sions. Our data preprocessing pipeline involves standard-
izing pixel values through normalization, applying data
augmentation techniques such as rotation, scaling, and
flipping to enhance dataset diversity, and resizing all input
images to match the required dimensions for each model.
These preprocessing steps are essential for improving
model generalization and performance.

« Experimental Protocol: Each model—CNN, RNN, and
ViT—is trained and evaluated under identical data splits
(same training, validation, and testing sets), uses the same
batch size (32 images), and is run for a maximum of 50
epochs unless carly stopping criteria are met.

C. Evaluation Merrics

To comprehensively evaluate model performance, we report

the following metrics:

I) Accuracy: Accuracy measures the proportion of cor-

rectly classified samples among all evaluated samples:

h‘ . — .
Accuracy = E};‘M (1)

where N is the total number of samples, y; is the actual
label of sample 1, § is the predicted label, and ¥(-) is the
indicator function (equal to 1 if its argument is valid, and
zero otherwise).

2) Area Under the Curve (AUC): AUC assesses the trade-
off between the true positive rate (TPR) and false positive rate
(FPR) at varying decision thresholds:

1
AUC = / TPR(FPR™(t)) dt (2)
0

In practice, the integral is often approximated numerically or
via rank-based methods (e.g., the Mann-Whitney statistic).
3) Fl-score: The Fl-score is the harmonic mean of Pre-
cision and Recall, making it a balanced measure when class
distributions are uneven:
Precision x Recall
i =2 X ecision + Recall ®
Precision (Prec) is the fraction of predicted positives that are
genuinely positive, and Recall (Rec) is the fraction of actual
positives that are correctly identified:
TP TP
TP+ FP' HaceR = TP+ FN
where TP, FP, and FN represent true positives, false posi-
tives, and false negatives, respectively.
4) Latency: Latency (in milliseconds) represents the aver-
age time taken by the model to process a single sample from
input to output:

Precision =

J

A »
Latency = Ji—, Z(e};’, - tﬁ:l.) (4)
=1

where 1), is the time the i sample is fed into the model and
1) is the time the " prediction is retumed.
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5) Throughpur: Throughput (images's) quantifies how
many samples can be processed per unit time:

N
w (e - i)
This metric is crucial for real-time or high-volume applica-

tions, where a higher throughput indicates more efficient batch
processing.

Throughput = (5)

D. Hyperparameter Tuning and Model Oprimization

We not only adjusted general hyperparameters (e.g., number
of layers, dropout rates, and leaming-rate schedules) but also
defined the exact model structures (input sizes, block configu-
rations, and regularization strategies) to ensure reproducibility:

« CNN Optimization: We resized all input images to
48 x 48 (grayscale). The final CNN consisted of four
sequential residual Squeeze-and-Excitation (SE) blocks,
with filter sizes 32, 64, 128, and 256 (each using a 3 x
3 kernel). After each block, dropout rates incrementally
increased from 0.2 up to 0.35. Following global average
pooling, a fully connected (FC) layer with 512 units was
applied before the output layer. An L2 regularization term
was added to all convolution and dense layers [15].

+ RNN Optimization: Again, using 48 x 48 grayscale
images, we initially performed two convolutional blocks
(32 and 64 filters) for spatial feature extraction. These
feature maps were reshaped from 12 x 12 x 64 into
sequences of length 12 (768 features each). Two stacked
bidirectional LSTM layers of 128 units per direction
were then employed to capture temporal dependencies,
followed by a 256-unit FC layer with dropout [16].

« VIiT Optimization: We divided cach 48 x 48 image
into patches of size 6 x 6, resulting in 64 patches.
Four transformer blocks (each with 4 attention heads)
were used, and the feed-forward sub-blocks had hidden
dimensions of 128 followed by 64. A final MLP head
of 128 units was applied before classification. As with
the other models, dropout and L2 regularization were
incorporated to mitigate overfitting [17).

III. EXPERIMENTAL RESULTS

To thoroughly assess the performance of different deep
leaming architectures (CNN, RNN, and ViT) for emotion
recognition, we conducted extensive experiments across three
widely used datasets: FER2013, RAF-DB, and AffectNet. The
training and evaluation processes were standardized to ensure
fair and meaningful comparisons, and all experiments were
executed using the Apple M1 Pro GPU.

This section comprehensively summarizes model perfor-
mances, including accuracy, AUC, Fl-score, latency, and
throughput for each dataset. We present results separately for
each architecture.

A. Convolutional Neural Networks

The CNN model employed a residual-based architecture
to effectively capture spatial features, as detailed in Sec-
tion II. Notably, the CNN achieved accuracies of 64.47%
on FER2013, 70.53% on RAF-DB, and 54.17% on Affect-
Net, with corresponding AUC values of 0.9232, 0.9307, and
0.8744. The F1 scores were 0.5561, 0.7026, and 0.5399, re-
spectively. Latency measurements were 14.17 ms (FER2013),
1385 ms (RAF-DB), and 19.00 ms (AffectNet), while
throughput reached 70.55 images/s (FER2013), 72.20 images/s
(RAF-DB), and 52.62 images/s (AffectNet). A detailed class-
wise analysis on AffectNet revealed a pronounced data im-
balance, with “happy” emotions exhibiting strong recall in
contrast to the negligible detection of “disgust,” highlighting
a key avenue for further refinement.

TABLE 1
CNN MODEL PERFORMANCE ACROSS DATASETS

T Metrk Name | FER2013 | RAF-DE | AffectNet |
Accury (%) 6447 7053 54.17
AUC 09253 | 09507 | 08744
Fi-scare 05561 | 07036 | 0.
Lalency (ms) 1417 13.85 19.00
ghput (imagess) | 1053 7230 3162

B. Recurrent Newral Nerworks

An RNN architecture based on Long Short-Term Memory
(LSTM) units was employed to capture temporal dependencies
in sequential emotion data. The training methodology mirrored
that used for the CNNs. As shown in Table II, the RNN
attained accuracies of 45.01% on FER2013, 46.48% on RAF-
DB, and 33.73% on AffectNet, with corresponding AUC
scores of 0.8178, 0.8203, and 0.7296. The F1 scores were 0.42,
0.38, and 0.30, respectively. Latency values were measured at
23.50 ms, 22.80 ms, and 27.10 ms, while throughput reached
4255, 43.85, and 36.90 images/s. These results underscore
the higher computational cost of sequential data processing
compared to CNNs.

TABLE Il
RNN MODEL PEXFORMANCE ACROSS DATASETS
Metric Name FER2013 | RAF-DE | AffectNet
Accerncy (%) 4501 4648 EEREI
AUC 08178 08205 | .
Fl-score 042 038 0.30
Latency (ms) 3550 3380 2710
Throughput (xmages/s) 42.55 4385 36.50

C. Vision Transformers

The ViT architecture was examined for its ability to extract
global image features. Table III presents its performance:
accuracies of 31.60% on FER2013, 50.03% on RAF-DB, and
19.90% on AffectNet, alongside AUC values of 0.564, 0.8394,
and 0.5762, respectively. The Fl scores were 0.25, 0.44,
and 0.15. In terms of latency and throughput, ViT recorded
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3520 ms and 2840 images/s (FER2013), 34.50 ms and
29.05 images/s (RAF-DB), and 41.80 ms and 23.95 images's
(AffectNet). These findings indicate that VIiT performance
suffers on smaller datasets or those with pronounced class
imbalances.

TABLE 111
VIT MODEL PERFORMANCE ACROSS DATASETS
Metric Name FER2013 | RAF-DB | AffectNet
Acceracy (%) 3160 5005 19.50
AUC 03563 0.8503 0.3762
Fl-score 0.25 044 0.15
Latency (ms) 330 3350 3180
__Throughput (smages/s) 2840 2905 23.95

D. Discussion of Results

The results obtained from our extensive experimentation
highlight distinct performance profiles for the three inves-
tigated architectures—CNNs, RNNs, and ViTs—across the
FER2013, RAF-DB, and AffectNet datasets. CNNs consis-
tently demonstrated the highest accuracy and AUC metrics,
suggesting that their specialized convolutional filters and resid-
ual connections effectively capture spatial dependencies in
static images. Furthermore, they showed the lowest latency and
highest throughput, rendering them suitable for real-time or
high-frequency emotion recognition tasks such as interactive
facial expression applications and rapid psychological assess-
ments. However, as evidenced by the class-wise evaluation on
AffectNet, CNNs are not immune to the effects of substantial
class imbalance, which can severely degrade their ability to
classify underrepresented emotional classes correctly.

RNN-based models, leveraging Long Short-Term Memory
(LSTM) cells, proved advantageous in scenarios where tem-
poral patterns are critical, such as sequential frame analysis
in video streams. Their ability to aggregate information over
multiple time steps can be instrumental in capturing subtle
inter-frame transitions of facial expressions. Nonetheless, the
additional complexity associated with temporal modeling man-
ifests in higher latency and reduced throughput compared to
CNNs, raising significant concems for latency-sensitive appli-
cations (e.g., real-time patient monitoring). This performance
trade-off highlights the importance of carefully assessing the
need for temporal modeling against available computational
resources.

ViTs, while achieving state-of-the-art results in other com-
puter vision tasks, exhibited lower accuracy and Fl scores in
our emotion recognition experiments. Their reliance on global
self-attention makes them powerful at modeling complex spa-
tial correlations when trained on large-scale datasets. However,
in the context of smaller emotion datasets or those with pro-
nounced class imbalances, ViTs showed limited generalization
capability and higher latency. This outcome underscores the
necessity of larger training corpora or advanced data aug-
mentation strategies to exploit ViTs for emotion recognition
fully. Moreover, the computational overhead associated with

transformer-based architectures further restricts their deploy-
ment in real-time, resource-constrained systems.

In summary, the choice of architecture should be tightly
coupled with the specific requirements of the application
domain. CNNs are an attractive default option, given their
consistent robustness and computational efficiency. RNNs may
be more suitable for long-term, sequential tasks, albeit at
the cost of higher latency. ViTs, though promising, currently
demand ample data and substantial computational resources,
particularly when addressing highly imbalanced emotional
categories.

IV. DISCUSSION

This study provided a comprehensive comparative analysis
of three major deep learning architectures—CNNs, RNNs, and
ViTs—applied to emotion recognition across three benchmark
datasets: FER2013, RAF-DB, and AffectNet. Our experiments
were systematically conducted under uniform conditions to
ensure fair comparisons and reliable results.

The empirical findings underscore several vital aspects
relevant to research and practical applications. CNN architec-
tures consistently outperformed RNNs and ViTs in accuracy,
AUC scores, and computational efficiency across all datasets
evaluated. This advantage is primarily attributed to their ro-
bust capability to extract spatial features from static images,
efficiently capturing the nuanced facial expressions inherent
in emotional data. Notably, CNNs delivered optimal real-
time performance with latency and throughput measures far
superior to those of RNNs and ViTs, making them particularly
suitable for applications demanding real-time inference, such
as interactive user interfaces and real-time mental health
monitoring systems.

On the other hand, RNN architectures, particularly those
employing LSTM units, demonstrated strength in capturing
temporal dependencies present in sequential or time-series
emotional data [18], [19]). Despite their comparatively lower
throughput and higher latency—which limits their suitability
for specific real-time applications—their inherent capability
to handle dynamic sequences positions them advantageously
for tasks involving continuous emotional monitoring, such as
video analysis or longitudinal health tracking.

ViTs, while being at the forefront of current research in
computer vision, showed relatively weaker performance in our
emotion recognition benchmarks. The experiments revealed
their accuracy and efficiency substantially declined, especially
in datasets with limited size and pronounced class imbalances.
These findings align with known limitations of transformer-
based models, including their heavy reliance on large-scale
datasets and extensive computational resources for training
[20]. Consequently, their applicability appears restricted to
scenarios where ample data and computing power are readily
available [18], [21].

The class-wise performance analysis, evident in the Af-
fectNet dataset, highlighted significant challenges posed by
a severe class imbalance—a prevalent issue in real-world
emotion recognition datasets. The stark disparity observed in
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recall and precision across emotional categories (e.g., high
recall in “happy" versus negligible performance in “disgust™)
underscores the urgent necessity of targeted data augmentation
strategies, specialized training techniques (such as focal loss
or balanced sampling), and potentially hybrid architectures to
mitigate such imbalances effectively.

Given these insights, our study proposes several pathways
for future improvements. For CNN-based models, we rec-
ommend further refinement through advanced augmentation
techniques and adaptive leaming strategies to address the
class imbalance, thus enhancing their already strong baseline
performance. For RNNs, exploring optimized model structures
and hybrid temporal-spatial frameworks may help offset their
computational inefficiencies, broadening their practical appli-
cability. Lastly, to unlock the potential of ViTs for emotion
recognition, future work must focus on tailored pretraining
strategies, sophisticated regularization methods, and efficient
architectures to manage their computational complexity better.

V. CONCLUSIONS

Ultimately, the decision to employ a particular deep learning
architecture for emotion recognition tasks should be guided by
a careful assessment of application-specific requirements such
as the nature and volume of input data, available computa-
tional resources, and the criticality of real-time inference. Our
findings show that CNNs consistently deliver robust accuracy
and efficiency for static images, RNNs better capture temporal
dynamics in sequential data (albeit at a higher computational
cost), and ViTs offer strong global feature modeling when
ample data and resources are available. This unified perspec-
tive gives practitioners and researchers actionable insights to
select and optimize models tailored to their unique demands
effectively.

In summary, we recommend CNNs for real-time, resource-
constrained applications with predominantly static inputs,
RNNs for tasks requiring detailed temporal analysis over
continuous sequences, and ViTs for large-scale or highly
varied datasets where global context is paramount. These
recommendations can be refined through specialized data aug-
mentation, balanced training strategies, and hybrid architec-
tures to mitigate class imbalance. In conclusion, this research
contributes significantly to the ongoing discourse in emotion
recognition by elucidating the strengths and limitations of
prevalent deep learning architectures and establishing clear
guidelines for informed architecture selection, thereby paving
the way for more robust, accurate, and efficient emotion
recognition systems.
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