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Abstract

The research introduces a deep neural network system which achieves multi-class emotion classification
through its development process. The system identifies seven emotional states through its classification system
which includes angry, disgust, fear, happy, neutral, sad and surprise. The researchers divided their dataset into
training and testing parts after preprocessing and they used precision and recall and F1-score and confusion matrix
and ROC-AUC curves to evaluate their results. The model achieves its highest accuracy when detecting happy
emotions at 89% followed by surprise at 68% and disgust at 49% according to the confusion matrix. The model
achieves good to excellent classification results for most emotions yet it struggles with “fear and neutral emotions
because their features overlap or their class distributions are unbalanced. The researchers computed Receiver
Operating Characteristic (ROC) curves and Area Under Curve (AUC) values for each class in the study. The model
produced its best AUC results for happy and surprise emotions at 0.92 and 0.90 respectively followed by disgust at
0.84. The lowest AUC score of 0.71 appeared in the fear category because this emotion showed weak discriminative
properties. The model achieved a macro-averaged AUC score of 0.82 when evaluating all classes together. The
proposed neural network shows strong performance in emotion recognition tasks through its ability to detect intense
emotions such as happiness and surprise.

Keywords: emotion recognition, deep learning, residual convolutional neural network, multi-class
classification, facial expression analysis.

Received: 26.09.2025; revised: 05.02.2026, accepted: 04.03.2026

Introduction

Facial Expression Recognition (FER) systems play a key role in affective computing and
psychological assessment, and Convolutional Neural Networks (CNNs) have become the standard
approach for automated facial expression recognition, outperforming traditional methods in
applications such as driver monitoring and surveillance [1, 2]. The widespread adoption of deep
learning technology has transformed traditional handcrafted approaches [6]. The identification of
facial expressions through FER remains difficult because of the wide range of expressions within
each class and the occurrence of occlusions and illumination variations and small expression
variations [7].

The majority of CNN-based architectures face two main problems because they either have too
few layers which results in underfitting or they have too many layers which causes overfitting and
poor computational performance [9, 10]. The existing models that use general image classification
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architectures fail to extract the specific spatial details which are vital for distinguishing facial
expressions in low-resolution grayscale FER2013 images [11-14].

Our research presents a new deep residual convolutional neural network architecture which
specializes in facial expression recognition tasks. The proposed model uses lightweight components
with residual learning blocks to enable better gradient flow and feature reuse. The residual block
structure includes two convolutional layers with batch normalization and ReLU activation followed
by a projection shortcut that maintains compatibility when channel dimensions differ. The model
uses global average pooling to reduce spatial dimensions and prevent overfitting and dropout
regularization runs throughout the model to boost generalization performance.

The main aim of this research involves creating and assessing a new CNN system which unites
deep residual learning with dropout regularization and global average pooling to achieve efficient
facial emotion recognition from grayscale images. The proposed model aims to enhance both
classification precision and model adaptability while minimizing the chance of model overfitting and
computational resource usage.

Objectives:

1. The research aims to create a new residual convolutional neural network structure which
combines identity shortcuts with batch normalization and dropout and global average pooling for
improved facial emotion recognition efficiency and robustness.

2. The proposed model requires implementation and training with the dataset through proper
data preprocessing and optimization methods to maximize learning results.

3. The evaluation process assesses the proposed architecture through performance tests which
measure classification precision and generalization strength and computational speed.

The main contribution of this research involves creating and testing an efficient residual CNN
model for FER applications. Our architecture differs from other methods because it starts from scratch
to optimize performance for low-resolution grayscale facial expression datasets. The architecture
achieves its unique value through its carefully designed residual block structure which strikes an
optimal balance between model depth and complexity for both limited resource environments and
real-time usage.

The research presents a complete assessment of the architecture’s performance on recognized
benchmarks which shows better results than standard models. The proposed model strikes an optimal
balance between performance quality and computational requirements which establishes it as a new
reference point for FER researchers.

The rising need for emotion-based systems makes robust facial emotion recognition (FER)
an essential research area within computer vision and artificial intelligence. The development of
architectures which balance low complexity with effective facial expression feature extraction
remains an essential unmet need. Current research either fails to optimize architectures or depends
on pre-trained models which do not match the specific characteristics of facial data. The research fills
this knowledge gap through its domain-focused architecture which delivers top performance while
using a small number of model parameters.

The field of computer vision faces a major problem with FER because human facial expressions
show wide variability and lighting conditions and occlusions and low inter-class variance. The current
research direction in CNN development focuses on architectural improvements and regularization
methods which work to boost generalization and reduce overfitting while maintaining computational
efficiency.

The recent FER research field adopted deep residual learning as a major approach through identity
shortcut connections which enable deep network gradient propagation without performance loss. The
authors Pham et al. develop an innovative method to boost CNN performance for FER applications
through an attention-based masking system [15]. The Residual Masking Network (RMN) combines
the benefits of Deep Residual Networks with U-Net-like architecture design. The model uses a
segmentation-based masking module to enhance feature maps and steer the model toward expression-
specific facial areas while eliminating unimportant features. The network achieves better decision-
making through its ability to focus on discriminative face areas. The RMN achieves top performance
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on both FER2013 and VEMO private dataset through its attention and segmentation mechanisms
which enhance FER accuracy. The research demonstrates how attention-based feature refinement
through architectural innovations leads to better performance in FER systems than traditional CNN
and residual network approaches.

The development of facial expression recognition has advanced through architectural
improvements which focus on extracting meaningful features while eliminating useless information.
The ResEmoteNet presents a deep learning system which unites Convolutional and Residual and
Squeeze-and-Excitation (SE) blocks to boost facial emotion recognition through better feature
extraction [16]. The SE mechanism functions as a vital component because it adjusts channel-
wise feature responses adaptively to highlight essential facial areas while eliminating unnecessary
information. The model achieves deep feature extraction through residual blocks which prevents
performance deterioration while learning complex facial patterns across different emotional
expressions. The model achieved 79.79% accuracy on FER2013 and 94.76% on RAF-DB and
72.39% on AffectNet-7 and 75.67% on ExpW during its evaluation on these four benchmark datasets.
The results prove ResEmoteNet stands as a top performer which outperforms multiple current FER
models through its combination of residual learning with attention-based feature recalibration.

Facial expressions contain delicate emotional signals which prove difficult to detect because
of environmental changes and differences within each class and hidden facial parts. The authors
in introduce an end-to-end system which employs residual blocks to achieve robust facial emotion
recognition [17]. The system directly transforms facial images into emotional outputs through
residual learning to maintain vital information and prevent network degradation at deeper levels.
The model achieved 75% accuracy when tested on FERGIT which extends FER2013 with 49,300
images while handling difficult data conditions including unbalanced data and hidden facial parts.
The approach reached 97% accuracy when tested on the CK+ dataset which shows its ability to
perform well in controlled environments with properly labeled expressions. The research proves that
residual architectures excel at processing both extensive complex datasets and smaller benchmark
collections within the FER domain.

The majority of previous research dedicated to emotion recognition has concentrated on
achieving maximum classification accuracy but disregarded the specific performance differences
between individual emotions. The classification of fear and neutral emotions proves difficult because
their features overlap and the data distribution is unbalanced and the expression signals are faint. The
recognition gap between low-salience and ambiguous emotions presents a major challenge because
it affects the practical applications of FER systems in mental health tracking and human-computer
interface adaptation.

We present deep neural network solution for seven-class emotion recognition that targets
the universal emotions of angry, disgust, fear, happy, neutral, sad and surprise. The research uses
precision and recall and F1-score and ROC curves and confusion matrices as evaluation metrics to
provide detailed performance analysis for each emotion category. The evaluation method enables
researchers to understand both the model’s successful areas and its weak points in different emotional
categories. The research demonstrates high performance in detecting happy and surprise emotions but
reveals difficulties in identifying fear and neutral expressions which adds new evidence about FER
model weaknesses. The study demonstrates deep networks’ effectiveness for FER while pinpointing
essential research paths that need development for dealing with class imbalances and overlapping
features and faint expression detection.

Materials and methods

The section provides details about preprocessing operations together with applied methods and
dataset organization. The FER (Facial Expression Recognition) dataset from Kaggle contains 35,887
grayscale images [18]. The dataset contains seven emotional categories which include anger and
contempt and fear and joy and neutral and sadness and surprise. The dataset contains randomly
selected faces of ten different people from the dataset.
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Figure 1 — Sample of dataset

The research used deep learning techniques to create and test a CNN model with residual
connections for identifying multiple emotional states. The research process included data preparation
followed by model design and training and final performance assessment.

A. Dataset preparation

The dataset included grayscale facial pictures which researchers grouped into seven emotional
categories: angry, disgust, fear, happy, neutral, sad and surprise. The researchers standardized
all images to 48 x 48 pixels while converting them to single-channel grayscale format for better
computational efficiency. The dataset received a training and validation split for accurate performance
assessment. The Keras library provided ImageDataGenerator to handle image processing and batch
management. The training generator used random shuffling to boost generalization but the validation
generator operated deterministically for consistent evaluation. The batch size remained constant
at 256.

B. Model architecture

The Keras functional API enabled the development of a custom deep residual CNN architecture.
The network started with a convolutional layer before adding three residual blocks which used filter
sizes that grew progressively from 64 to 128 to 256. The residual blocks contained two convolutional
layers with batch normalization and ReLU activation which used shortcut connections to enable
gradient flow and prevent vanishing gradients. The network included max pooling and dropout layers
after each block to prevent overfitting. The feature maps underwent global average pooling before
passing through a dense layer with 128 units and dropout activation. The output layer consisted of
seven neurons with softmax activation which represented the different emotion classes. The model
used Adam optimizer with 0.0001 learning rate and categorical cross-entropy as its loss function.

C. Training procedure

The model underwent 15 epochs of training with early checkpointing to save the best validation
accuracy weights. The training process used mini-batches to perform steps per epoch and validation
steps based on dataset size and batch size.

D. Evaluation Metrics

The evaluation of model performance included multiple assessment metrics which worked
together as a system. The evaluation used standard classification metrics to calculate overall accuracy
and precision and recall and Fl-score at both micro and weighted average levels. The normalized
confusion matrix enabled researchers to study specific classification errors which occurred in each
class. The evaluation of discriminative ability for each emotion class used Receiver Operating
Characteristic (ROC) curves and Area Under the Curve (AUC) scores through one-vs-rest strategies.
The macro-averaged AUC score served as an overall performance metric for classification tasks.

Results and discussion

The proposed lightweight convolutional neural network with residual connections (Residual
CNN) achieved evaluation for facial emotion recognition tasks. The training and validation
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performance of the model appears in Figure 2 through loss function and classification accuracy
graphs spanning 15 training epochs.

The model learned successfully because the training loss function decreased progressively
throughout the training process. The validation loss values demonstrated unstable behavior because
they first decreased before starting to fluctuate which indicates possible overfitting.

The classification accuracy follows the same pattern as the loss function. The training accuracy
reached 51% at the end of training but the validation accuracy demonstrated unpredictable behavior
with major changes during the last training epochs. The model fails to achieve good generalization
results because it received training from a restricted dataset.

The model achieves high performance on training data but demonstrates weak ability to predict
validation set results. The upcoming research will concentrate on three main objectives which include
implementing Dropout and L2 regularization techniques and implementing early stopping and data
augmentation for training dataset expansion.

Loss
r
ACcuracy

- Trararsg Aocuracy
1 4 Yo A Dy

Figure 2 — Training and validation loss and accuracy curves over 15 epochs

The researchers used a Normalized confusion matrix to evaluate the classification results for each
emotion category. The results appear in Figure 3. The model shows its best performance in detecting
happy emotions because it correctly identifies 89% of these samples. The model demonstrates
strong performance in detecting sad and surprise emotions with recognition rates of 68% and 40%
respectively. The model learns effectively from these classes because they contain more pronounced
visual characteristics. The model faces challenges when trying to identify disgust emotions together
with fear and neutral emotions. The model identifies disgust emotions incorrectly as sad in 49% of
cases and as happy in 32% of cases. The fear emotion gets misclassified as sad in 46% of instances
and as neutral in 24% of instances. The neutral class shows a similar pattern of misclassification
because it gets identified as happy in 35% of cases and as sad in 37% of cases. The model correctly
identifies anger in only in 14% of cases but incorrectly identifies it as sadness in 47% of instances.
The model demonstrates superior performance in detecting strong emotions but struggles with
identifying emotions that have weak visual characteristics or share similar visual features. The results
demonstrate a need to enhance the model through class balancing techniques and additional training
data for underrepresented emotions and through the implementation of more sensitive architectures
and attention mechanisms.
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Normalized Confusion Matrix
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Figure 3 — Confusion matrix for each class

The model received an additional evaluation through one-vs-all ROC curve construction for each
emotion class to determine its performance in distinguishing between specific emotional states. The
AUC values from Figure 4 show the best performance for happy emotions with 0.92 while surprise
and disgust emotions achieved high values of 0.90 and 0.84 respectively. The model demonstrates
strong confidence in identifying surprise and disgust expressions because of their high AUC values.
The results from the confusion matrix analysis match the findings of this study. The model achieves
moderate success in identifying angry and neutral and sad emotions through AUC values between
0.78 and 0.80. The model shows its lowest performance on fear emotion detection because its AUC
score reaches only 0.71. The model shows a tendency to mistake fear expressions for sad or neutral
expressions. The model achieves its best performance with clear and expressive emotions yet it
struggles with identifying facial expressions that are ambiguous or share visual similarities. The
model’s performance suffers from two main factors: the unclear nature of facial expressions and the
restricted availability of training data for specific emotions. The upcoming research will concentrate
on developing better discriminative abilities through improved training of challenging emotions and
the implementation of more sensitive architectural elements.

ROC Curve - One vs Rest
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Figure 4 — ROC curve for each class
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The classification report in Table 1 demonstrates that the happy class achieved the highest
performance through its 0.56 precision and 0.89 recall and 0.69 Fl-score while using the most
examples from the dataset (1825). The results confirm that the model performs best when detecting
emotions that are clearly positive. The results for all emotions except happy show unsatisfactory
performance. The angry class demonstrates high precision at 0.53 yet its recall rate remains at 0.14
which indicates that the model frequently misses many instances. The fear and disgust classes
demonstrate the worst performance in all evaluation metrics because the model completely failed to
identify any disgust instances. The model failed to recognize disgust instances because the training
data for this class consisted of only 111 examples which created a severe class imbalance. The F1-
scores for sad and neutral emotions reach 0.43 and 0.35 respectively. The model demonstrates high
precision for surprise classification at 0.84 but its recall rate of 0.40 indicates it only labels instances
when confident while missing various less intense cases.

The macro-average results demonstrate that the model performs differently for each class because
precision equals 0.44 and recall equals 0.36 and F1-score equals 0.35. The weighted average scores
which consider class sample sizes result in precision at 0.50 and recall at 0.48 and F1-score at 0.43.

Table 1 — Classification report for each class

Emotion Precision Recall F1-Score Support
Angry 0.53 0.14 0.22 960
Fear 0.35 0.10 0.16 1018
Happy 0.56 0.89 0.69 1825
Neutral 0.50 0.35 0.41 1216
Sad 0.32 0.68 0.43 1139
Surprise 0.84 0.40 0.54 797

The model shows better performance at detecting happy and surprise emotions because these
classes receive proper representation and visual distinction yet it fails to identify fear and disgust
emotions which are less common in the dataset. The results confirm that the model requires better
class distribution and additional training data and architectural improvements. Our model achieves
moderate results but fails to match the Residual Masking Network (RMN) performance on FER2013
because it lacks the attention mechanism’s ability to precisely locate facial expressions [15]. The
ResEmoteNet architecture achieved better results than baseline models on various datasets through
Squeeze-and-Excitation (SE) blocks which demonstrated how attention-based modules enhance the
detection of rare emotions [16]. The results indicate that residual learning provides strong resistance
because it maintains stable performance between sad (F1 = 0.43) and neutral (F1 = 0.41) yet the
model fails to achieve optimal results when dealing with uncertain emotions like fear.

Conclusion

This study showcased implemented and tested deep residual convolutional neural network to
identify multiple emotions from seven categories which included angry, disgust, fear, happy, neutral,
sad and surprise. The proposed model shows strong performance in emotion recognition tasks because
it achieves high accuracy rates for detecting happy and surprise emotions and moderate accuracy for
other emotions. The quantitative evaluation through precision and recall measurements and F1-score
calculations and confusion matrix analysis and ROC-AUC results showed the model’s stability with
a macro-averaged AUC score of 0.82.
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The model shows promising performance but it faces difficulties when identifying fear and
neutral emotions because their facial characteristics overlap and their class distribution might be
unbalanced. The model successfully detects various emotional patterns yet its performance could
improve through data augmentation methods and class balancing techniques and attention mechanism
integration. The model shows reliable detection of fundamental emotions which makes it suitable for
human-computer interaction and affective computing and mental health monitoring systems that
require precise emotion detection.
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BET MUMUKAJIAPBIH TAHYFA APHAJIFAH
RESIDUAL CNN APXUTEKTYPACBIH XKETIJLAIPY

Anjrarna

By 3eprTeyie aMONUsIIApAbl KOMKIACTHIK KIKTEY/Il JKy3ere achlpaThlH TepeH HeUPOHIBIK el KyhHeci YCbI-
HbUIaabl. JKylie jKeTi Typii SMOISUTBIK KYHAlI aHBIKTalabl: amry (angry), skuipkeHy (disgust), KopkeiHbim (fear),
kyansi (happy), Oeitrapan kyit (neutral), myH (sad) »xoHe TaHmaHy (surprise). 3epTTeyiiijiep AepeKTep JKUbIHTBIFbIH
AJIJIBIH aJla OHICY/ICH OTKI3TeHHEH KeliH OHbI OKBITY YKOHE TecTijey OesikTepine 0o, HoTHKeIep i Oaranay yiiH
nonaik (precision), TonbIKTHIK (recall), F1-notmxkeci, karenep marpunacs! (confusion matrix) xane ROC-AUC
KHCBIKTapbIH KOJJIaH bl Karenep MaTpuuachiHbIH HOTHKENEpl OOMBIHIIA MOJEIb €H YKOFaphl JIIKTI «KyaHbIID)
SMOIMACHH TaHyma kepceTTi (89%). OmaH keiliH «rtaHmany» (68%) koHe «kuipkeHY» (49%) sMOIHUAIAPEI
opHaytacKaH. JKaIbr anFanza, MOJEITb SMOIUSUTAPBIH OachkM 0eITiri O0HBIHIIA KAKCHI )KOHE 0TE KAKCHI HOTIIKEIEp
KepceTTi. Anaiiia «KOPKBIHBIID) KOHE «OeHTapan Kyil» SMOIMsIapblH TaHyna Oenrii Oip KUBIHIABIKTAp OalKamIbl,
cebe0i1 omapasiH Oenrisepi 0ip-0ipiMeH YKcac HeMece epeKTeperi ChIHBITAPIAbIH Tapalybl TEHIepiMci3 00aibl.
3eprreyuriniep opOip CHIHBIN YIIH KaOBUIIAFBIIITHIH ONEpalysuiblK cunarramanapbiiblH (ROC) KuchIKTapbhiH
JKoHE KMCBIK acThiHarsl aynanabl (AUC) ecenreni. Mogens eH xorapsl AUC Hotmkenepin «kyassimn» (0,92)
koHe «TaHmany» (0,90) sMonmsIapsl YIIiH KOpCeTTi, omaH KeiiH «kuipkeHy» (0,84) SMOUHMSACH OpHAIACKaH.
En temenri AUC xepcetkimi — 0,71 «KOPKBIHBIID» CaHATHI YIIIH TipKeNIi, OYJT SMOIMSIHBIH aliKbIH OeNTinepiHiy
drci3airiMeH Tycinaipineni. bapasik ceiHBIITapAB! Oipre 6aramaranaa moaens MakpoopTama AUC kepcerkimri 0,82
HOTIIKECIHE KOJI )KETKI3/i. ¥ ChIHBUIFAaH HEHPOHIBIK JKeJli OST-oJIIeT MUMHKACHIH TaJI1ay HETi31HIe SMOLUSIIAP/IbI
TaHy MIHJETTEPIiH/E KOFaphl THIMIUIIKTI KOPCETTI, acipece KyaHbII )KoHE TaH/aHy CHSKTBI aliKbIH dMOLHSIAP/IbI
AHBIKTayJa HOTIIKEII OOJIIBI.

Tipek ce3aep: sMOLUSIIAP/IBI TAHY, TEPEH OKBITY, KAJJIBIKThI KOHBOJIFOLHUSIIBIK HEHPOHIBIK JKeJl, KOTICAHATTHI
JKIKTEY, OET QNIETiH Tajaay.
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PABPABOTKA RESIDUAL CNN-APXUTEKTYPbI
JJIs1 PACIIO3HABAHUSA BBIPA’KEHUU JIMIIA

AHHOTAIUA

JlaHHOE HCCieIOBaHNE MPEICTABISET CUCTEMY TITyOOKOH HEHPOHHOI CeTH, KOTOpast 00ecreynBaeT MHOTOKIIAac-
COBYIO KJIacCH(HUKAITIIO SYMOIIH B TIporiecce pa3padboTku. CrucreMa ompenenseT ceMb SMOINOHATBHBIX COCTOSHHML:
rHeB (angry), otBpamienue (disgust), ctpax (fear), pagocts (happy), HeTpansHOE cocTostHEE (neutral), TpycTs (sad)
u yausieHue (surprise). MccienoBarenu pasienuim cBoii HA0Op JaHHBIX Ha 00y4aroIIyl0 U TECTOBYIO YacCTH IOCIIEe
peBapUTEIbHOI 00pabOTKH M MCIIOIB30BAIM TOUHOCTH (precision), moaHoTY (recall), F1-mepy, Marpuiry ommook
(confusion matrix) u kpuBbie ROC-AUC s onenku pesyibratoB. CorlacHO MaTpHuile omrO0K, MOJIENb 0CTUTa-
eT HauOoJbIIel TOYHOCTH NIPH pacro3HaBaHuu panoctu (89%), nanee ciexyror yausienue (68%) u oTBpamieHne
(49%). Mozenp noka3zaia XOpoIIre W OTIMYHbBIEC PE3YyJIBTaThI 10 OOJIBITHHCTBY SMONNH, OAHAKO UCTIBITHIBACT TPY/I-
HOCTH C SMOIMSIMH «CTPax» M «HEUTPAITBHOE COCTOSHHE», MOCKOIBKY MX MPU3HAKU IEPECEKAIOTCs MU pacipe-
JIelIeHne KJIacCOB HecOaaHcupoBaHHoO. MccnenoBaresn BEIYUCIMIA KPUBBIC OIIEPAIIMOHHBIX XapaKTEPUCTHK TPH-
emunka (ROC) u mmomanu nox kpusoit (AUC) mis kaxoro kinacca. Mogens mokasana myumue AUC-pe3ynbTrarsl
st pagoctu (0,92) m ynusnenust (0,90), nanee ms orBpamenus (0,84). Hanmenwsimit AUC-niokasarens — 0,71
OBLT 3a()UKCUPOBAH JIJISI KATETOPHH «CTPax» M3-3a cIab0i pa3MUIuMOCTH 3TOW SMOIHH. [IpH OIIeHKE BCeX KIIACCOB
BMECTe MOAeTh JocTuria MakpoycpenaeaHoro AUC-moka3zarens 0,82. lpeanokeHHass HEHpOHHAsI CETh JIEMOH-
CTPHUpPYET BBICOKYIO 3(p(PEeKTHBHOCTD B 3a/1a4axX paclio3HaBaHUS dMOIUH Onaromaps cBoei crmoCOOHOCTH BBISBIATH
MHTEHCHBHBIE YMOIIMH, TAKKE KaK PajoCTh U YUBJICHHUE.

KutioueBble cj10Ba: pacrio3HaBaHWE IMOIUH, ITy0oKoe 00ydeHre, OCTaTOuHas CBEPTOYHAsI HEWPOHHAs CETh,
MHOTOKJIaCCOBast Kiaccu(uKaIysi, aHaJIu3 MUMUKH JTHIIA.
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