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Abstract

The analysis of facial expressions plays a fundamental role throughout human-
computer interaction together with affective computing along with behavioral
sciences thereby enabling security surveillance devices as well as healthcare
diagnostic systems and smart interactive programs. A research project uses
optimized deep learning methods to solve ongoing real-time gender and emotion
recognition difficulties stemming from facial expression diversity together with
illumination fluctuations and dataset preference. Our proposed framework includes
two essential CNN components: (1) a simplified two-layer CNN system for
male/female classification and (2) a hierarchical four-layer CNN model for
identifying happy and sad expressions together with angry face and other emotions
depicted in fear, disgust, surprise and neutral. The proposed framework implements
three main technical advancements that include Viola-Jones face detection and
optimized convolutional layers with ReLU activation and batch normalization for
efficient feature extraction and strategic max-pooling for dimensionality reduction.
Performance assessments across benchmark collections including FER-2013, CK+
and KDEF and IMDB indicated 94% success in gender detection and 93%
accomplishment in emotional identification together with real-time implementation
capabilities. In controlled environments the system maintains strong performance
yet displays confusion between emotionally related categories of disgust and fear.
The research incorporates three main elements to advance the work: (1) a CNN
architecture design optimized for precision and speed balance, (2) combined batch
normalization and dropout regularization methods to improve feature extraction and
(3) thorough multiple dataset testing to verify generalized performance. The latest
networks create fundamental frameworks for future applications in intelligent
surveillance and affective robotics as well as behavioral analytics yet more research
needs attention mechanisms that enhance emotion recognition precision during fine-
grained emotion differentiation.

Keywords:
Gender Recognition, Face Detection, Feature Extraction, Facial Expressions,
Deep Learning, CNNs, Viola-Jones, HCI.
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1. Introduction

The majority of human communication relies on nonverbal cues, accounting for approximately 55% to
93% of total interaction. Emotional analysis performed on the face stands as the primary key element
that drives 55% of recognition capability [1]. The evaluation process of emotions uses multiple elements
that include behavior along with mental state, personality and physical intention [2]. Security footage
and expression recognition together with home automation systems, benefit from facial expression
analysis. The technology also supports PC gaming and clinical settings for diagnosing depressive
disorders and care needs. Furthermore, it helps detect anxiety levels, lies, and emotional states during
psychoanalytic sessions, and paralinguistic cues. It monitors operator fatigue and robotics also utilizes
this technology. Studying facial expressions helps people become better at nonverbal communication
and it increases their efficiency at oral communication according to [3].

Machines find the process of recognizing emotions to be difficult. People of all genders together with
those belonging to every nationality and cultural background and racial group can successfully
understand emotions. Facial emotion identification performs multiple emotion categories classification
consisting of neutral, happy, angry, sad, surprise, disgust and fear emotions [4]. The correct
interpretation of emotions faces barriers from the inconsistencies in gender identity along with age and
racial as well as ethnic backgrounds and variations in image or video clarity. Machines require an
automated system that performs similar to human emotion recognition capabilities. Facial expression
recognition represents a central research topic that scientists study in present times. The identification of
facial representations relies on computer vision paired with image processing and machine learning
algorithms according to research studies [5].

Different industries use machines on a growing scale which demands the development of better natural
human-machine communication techniques. A system of effective communication needs machines
particularly robots and computers to interpret human decisions. The autonomous features of robots lead
to improvements in their interaction abilities. Machine perception uses algorithms to imitate human
senses thus allowing interaction with environments [6, 7]. The combination of sensors with cameras
allows environment data gathering that machines process using effective algorithms to achieve enhanced
perception. The field benefits notably from deep learning methods which are described in studies [8, 9].

The identification of human emotions stands as a fundamental necessity for affective computing to
provide robots with abilities to better support their users [10]. Robots used in hospital wards and aged
care settings need environmental awareness because facial expressions help robots understand the
internal condition of patients [11]. By processing sequences of facial images with deep learning
techniques computers acquire the ability to identify moods thus improving both human-machine
dialogue along with human-machine relationship. Robotics systems achieve better natural intelligence-
based interactions through these technological approaches that help them learn autonomously [12, 13].
The transformation of video material enables better indexation and retrieval operations and produces
summaries and detects actions and performs facial examinations. Each video consists of consecutive
frames that contain movement features in addition to both structural elements and color patterns. Facial
features work as identifiers for people and emotional states to help develop smart surveillance along
with virtual reality technology and medical diagnostics as well as robotics and elderly care applications.
The expressions from our faces indicate sadness and happiness together with anger facilitating
behavioral science operations and human-machine interaction. The human face displays six fundamental
expressions of anger, disgust, fear, happiness, sadness together with surprise [14].

The Viola-Jones object/face detection method [15] uses algorithms to locate faces together with
important sub-parts including the nose and lips. Real-time accuracy for facial recognition systems gets
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improved through the implementation of this system. The process of pre-processing video frames
enhances input quality by removing disturbances and blurring artifacts [16]. The cascade object
detection model finds face occurrences which the multi-object tracker KL T follows in sequences before
the deep CNN model analyzes them to identify gender along with facial expressions. The success of
human-robot interaction depends on automated systems that identify gender in addition to recognizing
human emotions. The high degree of sample variation makes ML interpretation difficult which generates
models with millions of parameters. The human ability to identify seven mood categories in facial
expressions reaches a maximum of 65% accuracy. Part of this task complexity becomes apparent
through FER (2013) dataset classifications which use Figure 1 to group emotions into "Angry, Disgust,
Fear, Happy, Sad, Surprise, and Neutral" categories and Figure 2 separates expressions into "Man" and

"Woman" classifications.
5l hA
T Ve
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Figure 1. Example Images From The FER 2013 Dataset For Face Emotion Recognition

Figure 2. Example Images From The IDMB Dataset For Gender Classification

The analysis of human facial expressions serves as an essential component for developing human-
computer devices as well as affecting computing solutions and healthcare systems and surveillance
applications. The challenge of identifying gender and emotion in real-time stems from multiple sources
which include variations in facial expressions as well as changes in lighting and the existence of
obstacles as well as imbalanced datasets. Real-time deployment challenges deep learning models
because manual feature extraction restricts adaptability yet conventional methods demand manual
feature extraction to achieve accurate results. Current systems experience similar performance problems
when dealing with emotions that are comparable (fear vs disgust) and variations between different user
demographics. A select CNN architecture with weight reduction features must be developed for
achieving high accuracy within acceptable energy requirements for deployment applications.

The proposed study develops an optimized deep learning approach for real-time systems which
recognize facial expressions together with gender identification. A dual-path CNN performs gender
detection alongside seven facial expression recognition through batch normalization and RelLU
activation and max-pooling techniques. The model achieves real-time capabilities by enhancing its
ability to handle various datasets (FER-2013, CK+, KDEF, IMDB) while preventing errors in the
classification of similar expressions.
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The proposed workflow contains four distinct steps starting with Data Preprocessing where Viola-Jones
detects faces while the images undergo resizing normalization and augmentation procedures. 2) Dual-
Path CNN: A two-layer CNN for gender classification (male/female) with batch normalization and max-
pooling; a four-layer CNN for fine-grained emotion recognition (7 expressions). The optimization
process utilizes three stages for training and testing with dropout and batch normalization on FER-2013,
CK+, KDEF and IMDB datasets (80% training, 20% testing). The system performs real-time processing
by selecting video frames one by one for direct implementation. The proposed system generates two
outputs which include Gender Classification (Male/Female) together with Facial Expression
Recognition (7 expressions).

A research proposal creates an optimized CNN framework which combines computational effectiveness
with real-time ability for affective computing as well as healthcare diagnostics, intelligent surveillance
and industrial safety use cases.

The subsequent sections detailed existing research methods in Literature Review (Section 2) before
describing methodology framework in Section 3 followed by results and discussion in Section 4 and
recommendations for future work in Conclusion (Section 5).

2. Literature Review

Scientists within the computer vision community have united their research efforts toward facial
analysis through collaboration between neurology and psychology with computer science and cognitive
science [17]. The extensive research into Facial Emotion Recognition (FER) takes place because of its
broad set of applications. The Facial Action Coding System (FACS) developed in 1978 depends on
Action Units (AUs) to detect six universal emotions including fear and sadness together with surprise
and happiness along with contempt and anger [18]. The performance of FER technology needs to be
highly stable for real-time systems operating in low-resolution environments including smart meetings
and surveillance applications. A variety of demographic groups is represented in the benchmark dataset
created for this purpose. Multiple studies prove emotions enhance decision-making therefore underlining
the need for real-time FER applications [19, 20].

The combination of deep learning techniques and Ekman’s Facial Action Coding System (EFACS)
allows real-time gender and emotion recognition to map facial emotions onto facial muscle movements
[21]. Performance enhancement results from applying preprocessing techniques which include
normalization for noise reduction along with histogram equalization and face extraction for noise
reduction along with image alignment. Dimensionality reduction enables better performance by
selecting the Region of Interest (ROI). The deep learning system identifies six basic emotions through
its operation as deep learning models perform the classification. Graphical face generation gains strength
by implementing Ekman’s facial units [22]. Reducing the number of required features is made possible
through feature extraction methods. The real-time classification system based on geometry shapes
depends on mathematical analysis of eyes along with relationship patterns across forehead and nose
components with eyebrows and lips and chin regions. Research that employs Active Appearance Models
(AAM) constitutes many studies in geometric-based facial feature extraction methods for tracking facial
points. Version two of the AAM reduction model increases data convergence rates together with multi-
layer perception methods tackling high dimensionality problems [23].

The elastic graph matching procedure starts the detection process for face points before the Kanade-
Lucas-Tomasi tracker takes over to manage tracking operations. Recognition performances increase
through the combination of triangle forms alongside point and line shapes that employ multi-class
AdaBoost [24]. Face normalization through an ASM-based system happens by using ASM landmarks
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followed by appearance-based classification. The algorithm employs KL weights estimation as a
discriminative weight estimation method together with appearance-based features extraction through
2D-DCT. Evaluation of performance takes place through the JAFFE and CK databases testing regime.
The implementation of deep learning algorithms for real-time gender and emotion detection improves
facial analysis precision in real-time use. This technique depends on statistical descriptors that include
LBP, SIFT and Gabor functions and HOG. The high-dimensional structure emerges from the integration
between face alignment features and additional features. A Deep Sparse Autoencoder (DSAE) uses
unsupervised learning for meaningful information retrieval and produces output through Softmax
classification. The DSAE achieves its best results through HOG when detecting 7-class and 8-class
expressions [25, 26].

An integrated system uses grayscale face pictures and depth measurements and Local Binary Patterns
(LBP) analysis to identify six basic emotions. The recognition performance is improved by depth images
while Local Binary Patterns work to extract appearance-based features. The improved random forest
classifier analyzes emotions through geometric and textural feature unification [27]. Support Vector
Machines (SVM) enable promising results for the identification of spontaneous and posed smiles
through local features and geometry analysis [28]. The Part-based Hierarchical Bidirectional Recurrent
Neural Networks (PHRNN) model divides facial landmarks into four components to extract sequential
features using subnets and temporal features and geometric features through its processing mechanisms
[29]. The methodology combines angle-based triangular regions generated from facial landmarks where
the classification steps involve Conditional Random Field (CRF) together with K-Nearest Neighbors
(KNN) for referencing purposes. A set of trained feature vectors serves dynamic emotion detection
functions [30]. The Euclidean distance method in geometric feature extraction enables identification of
anger and happiness and sadness and surprise. The evaluation of 3D video frames using this method
achieved a strong real-time performance through a discrimination ratio of 85%. The appearance-based
methods in Facial Emotion Recognition overcome landmark localization limitations that affect
geometric approaches because they extract emotional features from the visual face characteristics
directly. Low-resolution images benefit from LBP that delivers superior emotional detection compared
to Gabor wavelets. Linear Discriminant Analysis (LDA) enhances LBP while using Gabor filter Tsallis
entropy to analyze JAFFE expressions with improved performance [31, 32].

The analysis of image resolution impacts FER performance through integrated features based on
geometry and appearance extraction methods. Research performed on the Facial Expression and Body
Gesture (FABO) and Cohn-Kanade (CK) datasets at multiple resolutions verifies resolution plays a
critical role in correct emotion identification work [33]. Local Binary Pattern (LBP) faces limitations
due to detail loss and thus Compound Local Binary Pattern (CLBP) integrates sign and magnitude
information while using Support Vector Machine (SVM) classification for testing on CK and Japanese
Female Facial Expression (JAFFE) datasets. Research findings validate that the Compound Local
Binary Pattern (CLBP) delivers better results than conventional methods [34]. A research paper
demonstrates how important facial characteristics can be found within salient sections for better emotion
detection capabilities. A fast facial landmark detection method achieves effective one-to-one
classification on both the CK+ and JAFFE datasets in relation to the facial patches [35].

The applications of advanced machine learning techniques include COVID-19 pneumonia diagnostic
systems as well as sentiment analysis solutions and accident prediction systems and cybersecurity
systems. The research combines data augmentation techniques with GitHub X-ray datasets for COVID-
19 diagnosis through optimized Random Forest and AdaBoost and XGBoost together with
Convolutional Neural Networks (CNNs) [36-39]. Three methods including XGBoost and AdaBoost and
Acrtificial Neural Networks (ANNSs) enhance the Google Play Store review classification process [40].
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Random Forest produces superior results than AdaBoost in dark data-driven crash identification tasks
[41]. The combination of XGBoost and AdaBoost within cybersecurity practices improves URL
detection by reducing instances of incorrect positive and negative results. An enhanced threat detection
system involves multiple phases which increases cybersecurity threat detection capabilities [42-44].

The proposed work in an approach uses texture features to extract information for both posed and
spontaneous emotion detection. First the Sobel filter generates gradient components which the
Elongated Quinary Pattern descriptor uses for quantizing local gradients. The Multi-Classifier System
boosts recognition accuracy by surpassing other established methods [45]. A research study utilizes
texture descriptors for FER while first detecting facial components then scales the detected features into
blocks for subsequent extraction. The research demonstrated that using a multiclass SVM classifier
produces better results than established techniques while testing CK, KDEF and FEED datasets [46].
Investigating human facial expressions serves as a fundamental requirement for identifying emotions
while measuring behaviors because these capabilities drive the development of human-machine
interfaces within applications such as security authentication and surveillance as well as the
improvement of customer satisfaction. The research adopts Ensemble CNN for performing real-time
emotion and gender recognition [47]. Socket when it comes to enhancing security since these systems
are commonly employed in airports and banks they encounter various computer vision obstacles.
Research has analyzed the capabilities of CNNs in comparison to QCNNSs because quantum computing
solves problems that CNNs have with extensive datasets [48].

A HRI advancement resulted in an animatronic robot face with eighteen degrees of movement which
recognizes human emotions through a special custom CNN trained with data from FER-2013, CK+ and
KDEF datasets [49]. Researchers have proposed several advanced feature selection methods along with
dimensionality reduction strategies for intra-class distances and discriminative feature extraction and
Double LBP for robust feature extraction and weighted LBP projection to reduce misclassification errors
that demonstrate effectiveness in real-time applications [50-54].

The three vital elements for successful FER include pre-processing along with visual feature extraction
followed by classification. Standardized datasets such as JAFFE consisting of 213 images from seven
emotions should be used instead of handcrafted features because they provide more efficient results
[55]. The JAFFE dataset includes illustrations which can be seen in Figure 3.

Figure 3. Example Images From The JAFFE Dataset

The MMI Face Emotion Database includes 273 video frames of high resolution images for emotion
analysis and recognition and classification purposes. This database serves as a common research
instrument because it captures subjects in their natural expressions while making spontaneous facial
movements[56]. The presented example images can be found in Figure 4.
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Figure 4. Example Images From The MMI Face Emotion Database

3. Research Methodology

Figure 5 illustrates the proposed integrated deep learning approaches used in image classification which
include Gender Classification and Facial Expression Recognition as per the proposed methodology. Two
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Figure 5. Propose Model Of CNN

specialized CNN models are applied because they optimize performance accuracy while maintaining
low computational complexity for real-time implementation.

3.1. Deep Learning-Based Gender Classification And Facial Expression Recognition

This research investigates deep learning methodology specifically aimed at gender detection combined
with facial emotion recognition through CNNs and evaluates system design choices for implementation
in real-time applications.

3.1.1. Gender Classification Using Two Convolutional Layers

The model performs gender classification by identifying images either as male or female. Preprocessing
of the input image starts with resizing then includes normalization steps. A series of low-level feature
detection occurs in the first convolutional layer before activation functions (e.g., ReLU) activate the
output and spatial reduction through pooling occurs. After the first convolutional layer the neural
network extracts more abstract facial patterns while enhancing the extracted features between the layers.
After normalizing the output through a fully connected layer it continues to one or more dense layers
which integrate features. The softmax output unit determines the image classification as male or female.
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Visiting labeled datasets allow training the model using cross-entropy loss optimized through
backpropagation alongside Adam.

3.1.2. Facial Expression Recognition (FER) Using Four Convolutional Layers

The model identifies four basic expressions among happy, sad and angry among others from faces. The
processing of the input image includes automatic face detection followed by resizing operations and
normalization techniques. Fundamental facial elements are extracted by the first convolutional layer
which proceeds to activation algorithms before performing pooling. The second layer detects advanced
features from eyes and mouths before the third and fourth layers enhance these features to ensure
dependable emotion identification. During the fully connected layer the system combines collected
features before the softmax output layer generates classifications from various emotional categories. The
model requires labeled facial expression datasets for training which utilizes a loss function together with
backpropagation for optimization.

3.1.3. Comparison Of Gender Classification And FER Models

The model architecture of Gender classification operates with two convolutional layers for binary
classification tasks but FER needs more complex features which are extracted through four
convolutional layers. General facial structure identification forms part of the gender classification model
while FER analyzes precise features including mouth curvature alongside eye shape detection. The
gender classification model features two output classes (male and female) yet FER manages several
distinct categories including happy, sad and angry expressions among others.

Real-time detection of gender and emotion in individual or multiple subjects becomes possible through
an optimized mathematical system. The system adopts optimized CNN models which deliver
performance improvement through batch normalization and ReLU activation practices. The system
reduces parameters to lower its system complexity which addresses hardware constraints encountered by
small CNN architectures.

The framework demonstrates an efficient method to link parameters which leads to better accuracy
results as shown in Figure 5. Significant progress in facial expression analysis exists as confirmed by
recent literature while every examined method brings individual value to the research field. Both gender
classification and emotion detection show superior performance through CNN because this system
directly processes 2D images compared to traditional deep learning architectures. Both FER-2013 and
IMDB datasets undergo training and testing roles that split data into an 80:20 proportion for assessment
reliability purposes.

3.2. Real-Time Gender And Emotion Recognition Workflow Using A CNN Model

The real-time system for gender and emotion identification through CNN-based Al algorithms is
displayed in Figure 6 as a workflow diagram. The system starts its operation by accepting an image from
either a video stream or directly as an image. The system extracts frames sequentially from video data as
part of its further processing stage. Face detection occurs for each frame through implementation of
Viola-Jones algorithm as well as alternative face detection methods. The system examines new frames
until it identifies a face when no detection occurs on the current frame.
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Figure 6. Workflow Diagram Of Proposed Work

After face detection the system crops regions with detected faces before submitting them for features
extraction within a trained CNN model. The CNN data processing model carries out sequential
operations which include FER and Gender Classification. The FER task requires the model to identify
one of six facial expressions from the detected face including Neutral, Happy, Sad, Angry, Fear or
Disgust. The gender classification performs an assignment of the detected face into male or female
categories at the same time.

Both predicted emotion and target gender appear in the display as end results. The system retrieves the
following successive frame from the continuous video stream for real-time processing after completing
recognition. The structured approach enhances efficiency throughout face detection and feature
extraction and classification tasks which makes it appropriate for human-computer interaction systems
and security surveillance needs and behavioral analysis purposes

3.2.1. Input Image/Video

Input frames and detects faces through the Viola-Jones algorithm before the system uses CNN models to
classify gender and emotional expressions. The system performs real-time evaluations which allow
security functions and human-computer interaction and behavioral monitoring applications to operate
effectively.

3.2.2. Frame Selection (For Video Input)

The video extraction process operates automatically to obtain frames continuously while running the
same detection along with classification operations to achieve real-time updates for precise analysis.

3.2.3. Face Detection Using-Viola-Jones-Algorithm

The framework makes use of the Viola-Jones algorithm which recognizes faces through distinctive
emotional features. The implementation of deep learning methods improves continuous gender and
emotion recognition capabilities through automatic facial expression evaluation. Several theories and
approaches started to be explored during the 1990s leading to modern systems incorporating facial
appearance detection for accuracy purposes.
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3.2.4. CNN Architecture For Emotion Recognition

A four-layer CNN operates for emotion recognition with convolution and ReL.U activation function and
batch normalization and max pooling (2x2) functions in each layer. The first phase of the architecture
applies 64 filters (3x3) to grayscale images of size 48x48 then applies ReLU and subsequent batch
normalization and max pooling. The second framework increases its filters from 128 (5x5) while
applying the same ReL U, batch normalization, and max pooling to the initial layer output. The third
layer applies 512 filters (3x3) along with the same processing procedure. Component number four
contains 512 filters (3x3) which undergo identical processing. A series of dense layers ensues including
256 features in the first and another 512 in the second with both applying ReLU and batch
normalization. A SoftMax classifier categorizes emotions.

3.2.5. CNN Architecture For Gender Classification

The proposed real-time gender and emotion recognition system employs a two-layer CNN model for
gender classification. The first stage combines 128 3x3 filters with the input 128x128 RGB image before
performing batch normalization then ReLU activation and 2x2 max pooling. In the second layer the
number of filters amounts to 256 with each filter being 5x5 while processing with ReLU and batch
normalization and 2x2 max pooling. Two fully connected layers are used for gender classification where
the initial layer obtains ReLU and batch-normalized 256-dense features and the final layer obtains ReLU
and batch-normalized 512-dense features. Binary cross-entropy classifies genders. The designed CNN
implementation follows LeNet and AlexNet models through its use of ReLU activation which prompts
faster convergence rates. Our model optimizes the training efficiency by employing four CNN layers
together with a single output layer instead of the eight layers used in the classical AlexNet.

3.2.6. Convolutional-Neural-Network-(CNN)

The input images within a Convolutional Neural Network (CNN) pass through 2D convolution filters
known as neurons. Its organization contains convolutional layers with additional pooling layers to
perform subsampling before the fully connected layers. A CNN maintains translation invariance in
inputs by using three features: local connections and shared weight distributions and pooling functions
that exploit 2D structures. Because CNN networks feature fewer parameters than fully connected
networks they become easier to train yet achieve high performance levels [57, 58].

A. Convolutional Layer

Through the convolutional layer images receive visual feature extraction with batch processing of
convolution and pooling algorithms. The weights of CNN kernels transform according to inputs of
multiple image batches which hold n image elements. Convolutional layers functions on four-
dimensional tensors with dimensions N, Height, Color Channel and Width. The dimension of both
feature maps and kernels consists of four dimensions which include filter width or height along with
input and output feature maps. This operation works by processing 4-D data formats which link to
feature maps in addition to image batches. The updated image dimensions display according to Figure 7
through the following sequence:

New-image width = Image width — Kernel width + 1
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New-image height = Image height — Kernel height + 1

Source pixel

((1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+
(-1x2)+(0x4)+(1x1) =-3
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Figure 7. Convolutional Layer Operation Using Sobel Filter
B. Padding

The observation shows beneficial effects of convolutions. The corner areas tend to lose pixels in the
image which becomes problematic. The small number of pixels from each convolution adds significant
value in line with our previous explanation. An image with larger dimensions would simplify the
process since it could be recorded easily. Such practical implementation fails to achieve this ideal
outcome. Four approaches include increasing image pixels at its edges to grow image size (default edge
pixels are set to zero). The original size of the 3x5, changes to a 5x7 in the following illustration. The
dimension of the output matrix expands to 4x6 size while the figure demonstrates this change as
depicted in Figure 8.

Input Kernel Output
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Figure 8. Effect Of Padding On Convolution Output

The dimension output will show the result of padding entire ph rows on height boundaries while pw
columns on width boundaries using this calculation for total output dimensions “(nw-kw+pw+1)x(nh-
kh+ph+1)

Padding in convolutional neural networks (CNNs) accomplishes the task of maintaining input-output
dimension compatibility. The padding variables ph and pw set to kh—1 and kw respectively will keep the
output dimension the same as input size. When kh equals an odd number add ph=2 rows as symmetric
padding on both height edges and when kh appears even provide ph=2 rows of padding to the top and
bottom heights. Apply the identical logic approach to dimensions of width. Equalized kernel dimensions
(kw and kh) work best for generating symmetric padding throughout. The element X[i,j] within a 2D
array X crosses-correlates with the kernel centered at X[i,j] in order to generate Y[i,j] as the output. The
calculation of CNN layer outputs becomes easier with this method.
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C. Stride

A convolution window starts its cross-correlation calculations from the top-left section of the input array
while it traverses the array from left to right and bottom to top as Figure 9 displays.

Input Kerne| Output
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Figure 9. lllustration of Stride in Convolutional Operations

The stride uses settings of one for both height and width values. The two-dimensional cross-correlation
process is altered when using a three-column-by-two-row stride configuration. If the output resides in
the second position of the first column the sliding window will descend three rows. The second element
in the first row undergoes a two-column right movement when performing the operation. The breadth of
the window prevents any output from being produced when input elements extend beyond its limits.

The cross-correlation method is applied to height and width with defined strides of 3 and 2. The
computational values from the input array and core array and output temporal show a final result of 8
while the input core total equates to 6. The formula structure for output calculation is “(nh - kh + ph +
sh)/sh x (nw - kw + pw + sw)/sw” where sh and sw correspond to height and width strides. The input
dimensions simplify to [(nh+sh-1)/sh] x [(nw+sw-1)/sw] when pw=kw-1 and ph=kh-1 is applied. The
output structure maintains a rectangular dimension of (nw/sw) x (nh/sh) when sh and sw divide the input
height and width dimensions.

D. Activation Functions

The sigmoid activation function receives substitution with ReLU which operates as an efficient
computational alternative because it omits exponentiation operations. The application of ReLU brings
simplified model training because it maintains a gradient value of 1 within positive zones but the
sigmoid function generates near-zero gradients near output values of 0 and 1. The model becomes
unreachable due to disappearing gradients when improper initialization occurs with the sigmoid
function. ReLU provides reliable training stability to allow efficient back propagation and parameter
updates according to Figure 10.
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Figure 10. ReLU Activation Function Representation
E. Pooling Layer

The workload of pooling functions similarly to the convolutional approach by producing results from
separate sections within it’s pooling window. The processing method of pooling layers finds either the
top or mean value within the window which makes up maximum pooling and average pooling. The
method differs from cross-correlation in convolutional layers. As the sliding window begins on the top-
left part of the input array system it picks the most prominent value to become the output array value as
illustrated in Figure 11. Using pooling reduces the data size while making computations less complex
and preventing overfitting. The three possible methods for subsampling are minimum, average and
maximal pooling. The study implements max pooling operations using 2x2 block sizes after every
convolution stage to find maximum pixel values from 2x2 grid areas thus altering only the image size
dimensions.

Input Qutput
1
2 x 2 Max 4 5
Pooling
6 7 8

Figrue 11. 2x2 Max Pooling Operation

The output array displays two height units along with two width units according to the illustration. Four
elements are determined by the maximum value found within the max parameter. Max (0, 1, 3, 4) = 4,
Max (1, 2, 4,5) =5, Max (3, 4,6,7) =7, Max (4, 5, 7, 8) = 8.

F. Bach Normalization (BN)

An excessive number of layers beyond 100 within deep models produce training complications that
involve slow convergence and enhanced complexity. The Batch Normalization method proposed
provided a solution to the encountered problems. The procedure of BN calculates mini-batch mean and
standard deviation to both smooth optimization landscapes and speed the learning process toward local
minima for intermediate neural network outputs [59]. Careful attention must be exercised to prevent
machine learning risks according to research[60]. Evidence shows that BN operations do not actually
impact the occurrence of internal covariate shift and sometimes have effects that are reverse to
expectations[61] . The implementation of BN allows processing layer inputs from x into outputs of y.
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The normalization process through Batch Normalization (BN) applies scaling coefficient y and offset 3
to regulate activations around zero mean (p) and unit variance (8) in order to prevent intermediary
divergence. Aggressive learning rates become possible through this method which supports non-
standardized data entry. The training process calculates p and 6 from the mini-batch "B" where the
results are pufP and Of thus handling statistical variations. The combination of small data sample
activations in BN provides stable training with high efficiency. Better deep learning models for instant
gender and emotion detection become possible through BN because it maintains normalized activations
which also speed up convergence.
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G. Dropout

Neural networks receive Dropout as a regularization technique [62]. During training Dropout disables
neurons at random intervals which makes them absent from both forward calculations and weight
modification processes. The technique stops neurons from developing over dependent relationships with
particular contexts because it avoids complex co-adaptations. This behavior protects against model
overfitting. The network develops improved generalization capabilities through dropout because it
requires other neurons to step in and fulfill the role of lost components. The method fortifies the model
against overfitting while making it less dependent on specific weights of individual neurons. Dropout
proves especially successful for making deep learning models operate in real-time gender and emotion
recognition as illustrated in Figure 12.
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Figure 12. Standard Neural Network vs. Dropout Regularization
H. Fully Connected-Layers

The FC layer links all vegetative cells between layers to change 2D elements into a single dimensional
representation. Through their combined operations Convolutional and FC layers extract hierarchical
features which discover primitive pattern elements starting with edges and moving to textures and
shapes at their early stages. The bottom layers of depth structures capture worldwide visual abstractions
at higher levels. The convolutional layer accepts heterogeneous kernels which generate image features
that become more precise after incorporating additional filters. Adding more kernels to the filters both
improves their performance and raises the complexity of computations as depicted in Figure 13.
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Figure 13. Fully Connected Layer Representation
3.3.Performance Parameters

The proposed system assessment utilizes four performance metrics which include accuracy together with
precision and recall and F1-score assessment. Each metric is explained below:

Precision (PR) stands for how many correct positive outcomes exist among all positive results the
system labels. The model's performance in identifying correct positive instances matters especially when
false positive mistakes have significant financial or operational costs.

R__TP
CTP+FP (4)

The calculation includes TP representing correctly identified positives while FP stands for mistaken
positive predictions among actual negative examples.

Recall (RE) is the ability of a model to find all existing positive cases which professionals also call
Sensitivity. The measure becomes vital for reducing wrong negative identifications in critical situations.

c__TP
~ TP+FN (5)

The cases which should have been positive but were incorrectly labeled negative fall under the category
of FN (False Negatives).

F1-score calculates its value as the harmonic mean between precision and recall. The F1-score evaluates
system performance through both precision and recall metrics therefore it proves practical when class
groups are unbalanced or false positive errors and false negative errors bear comparable weights.

F1-Score= ZXM
PR+ RE (6)

Accuracy (AC) encompasses the total number of correct classifications from both positive and negative
outcomes. It is defined as:

~ TP+TN
TP+FN+TN+FN  (7)

The correct identification of negative instances is called TN (True Negatives).

pg. 15

REAL-TIME GENDER AND EMOTION



KJMR VOL.02 NO. 04 (2025) REAL-TIME GENDER AND EMOTION

In order to achieve high precision rates along with low recall the model makes cautious decisions about
positive predictions thus decreasing false positives but potentially missing some valid positives. The
model reaches high recall values by identifying most positive instances although it results in numerous
false positives. F1-score becomes essential because it balances precision values with recall results. The
accuracy metric works well for balanced datasets although it proves ineffective within unbalanced
datasets.

4. Results And Discussion
4.1.Experimental Assessment, Implementation Tool And Data Acquisition

The experimental analysis evaluates a CNN model which functions as an emotion identifier through
seven basic emotions (neutral, angry, sad, pleased, surprise, fear) and as a gender user (man, woman).
Validation metrics along with accuracy determine model performance and training occurs with 80% of
the dataset followed by testing on the remaining 20%.

4.1.1. Tool And Language Selection For Implementation

Python's Deep Learning Library enables implementation of real-time testing using a Deep Neural
Network (DNN) model with one input layer followed by multiple hidden layers. The facial emotion
recognition and classification system uses the CNN model.

4.1.2. Data Acquisition

Actionable dataset selection stands at the center of this research since it trains and evaluates the
experimental model. The system uses various learning patterns to achieve effective emotion and gender
classification. Three influential datasets named FER-2013 and Cohn-Kanade (CK+ and Karolinska
Directed Emotional Faces (KDEF collectively serve this study for evaluating model performance at
depth.

4.1.3. Benchmark Datasets For Gender And Emotion Recognition

The FER-2013 dataset includes 33,000 grayscale facial images that group emotions into seven classes
starting with neutral and including pleased and anger as well as sadness and surprise and fearing and
disgust. A computer system automatically aligns all faces into one position during registration. The
proposed technique undergoes evaluation using a testing portion which amounts to 20% of the data
while training occurs on 80%.

The Cohn-Kande (CK +) database contains 993 grayscale face pictures that measure 640x490 pixels and
have limited background scenery stored in JPEG file format. The Karolinska Directed Emotional Faces
(KDEF) database developed by Lindquist, Flykt, and Ohman in 1998 contains 490 JPEG images
measuring 72 pixels with seven emotional expressions of 70 individuals consisting of 35 women and 35
men.

The IMDB database includes 4,000 images which are 128x128 pixels in dimension while it
automatically divides 20% of data for validation purposes. The total number of training samples
becomes 4000 while validation samples amount to 800. The proposed system uses these database
collections to achieve time-sensitive gender and emotional identification.
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Figure 14. Example Images From The FER-2013 Dataset.

The FER-2013 dataset contains images which are shown in Figure 14. Table 1 demonstrates the
performance outcome of our model by showing the confusion matrix for detecting the seven emotions
present in the FER-2013 dataset including Angry, Disgust, Fear, Happy, Neutral, Sad and Surprise
categories.

Table 1. Confusion Matrix Of The FER-2013 Dataset For Facial Emotion Classification

Emotion Angry Disgust | Fear | Happy Neutral Sad Surprise
Angry 90 0 0 1 1 8 0
Disgust 0 85 6.69 8.31 0 0 0

Fear 2.14 0 99 0 1 5 0
Happy 0 0 0 90.31 0 1 1
Neutral 0 0 0 0 98 2 0

Sad 0 0 1 0 0 99 0

Surprise 0 0 0 2.31 0 7.69 90

Avg Accuracy 93

According to Table 1 the proposed model operates at an average 93% accuracy level and specifically
performs at 99% precision in detecting Fear and Sadness while also attaining 98% precision in
identifying Neutral emotions. Recognition performances for Happy (90.31%) match those of Angry
(90%). The emotion Disgust shows the least accurate recognition at 85% because evaluators mistake it
for Fear (6.69%) and Happy (8.31%) most frequently. The detection of Surprise produces incorrect
emotions in 2.31% of cases as Happy and 7.69% of times as Sad while Sad is incorrectly identified as
Fear in 5% of instances and as Angry in 8% of occurrences. The need exists to improve feature
extraction techniques since the current dataset for Disgust fails to differentiate its signatures properly.
Building the model's accuracy in recognizing smallest distinctions between emotions would boost its
effectiveness when deployed for facial emotion identification.

The Cohn-Kanade (CK+) dataset contains these example images that appear in Figure 15. The
evaluation of Cohn-Kanade (CK+) uses Table 2 to show how the model identifies seven face emotions
including Angry, Disgust, Fear, Happy, Neutral, Sad, and Surprise.
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Figure 1. Example Images From The Cohn-Kanade (CK+) Dataset.
Table 2. Confusion Matrix Of The Cohn-Kanade (CK+) Dataset For Classifying Seven Facial

Emotions.

Emotion Angry | Disgust | Fear | Happy | Neutral | Sad | Surprise
Angry 87 1 3 0 0 9 0
Disgust 0 89.50 0 0 0 0 10.50
Fear 10 0 88.60 0 0 0 2.40
Happy 0 0 0 93.78 0 0 6.22
Neutral 0 0 0 95.89 0 411
Sad 0 0 3.50 0 1.22 94.28 0
Surprise 0 0 2.22 2 0 0 95.78
Avg Accuracy 92

The proposed model generates a 92% average accuracy according to the data presented in Table 2 which
demonstrates superior classification capabilities. The detection accuracy surpasses 93% for each of the
four expressions including Happy at 93.78%, Neutral at 95.89%, Sad at 94.28% and Surprise at 95.78%.
The classifications of Disgust at 89.5% and Fear at 88.6% were successful though Fear was occasionally
mistaken for either Angry at 10% or Surprise at 2.4%. The occurrence of mistaken anger emotions
happens in Sad facial expressions (9%) as well as Fear (3%). Disgust receives incorrect classification as
Surprise by 10.50% while Surprise mistakes happen as Happy by 6.22% and Neutral by 4.11%. The
incorrect classifications of Fear and Disgust and Angry face emotions show the need for enhanced
strategies to extract features and classify emotional responses. The model's performance strength will
increase when corrected errors which will enhance its capability to operate effectively in security
operations and psychological studies and human-computer interaction applications.

An illustration of KDEF dataset images appears in Figure 16. The KDEF dataset confusion matrix in
Table 3 demonstrates how the model performed in identifying seven facial emotions between Angry,
Disgust, Fear, Happy, Neutral, Sad, and Surprise.
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Figure 16. Example Images From The KDEF Dataset

REAL-TIME GENDER AND EMOTION

Emotion Angry | Disgust Fear Happy | Neutral Sad Surprise
Angry 7778 | 1111 0 5.56 0 0 5.56
Disgust 0 81.50 0 2.85 4.62 11.03 0
Fear 0 7.29 85.86 2.44 3 2.66 0
Happy 0 0 0 93.33 1.67 0 5
Neutral 0 0 0 1.33 95 0 3.67
Sad 0 0 5.33 0 2.67 93 0
Surprise 0 0 1 8 1.56 0 90.44
Avg Accuracy 88

The proposed model exhibits 88% average accuracy while delivering specific high classification rates
for Happy at 93.33% and for Neutral at 95% and Sad at 93% according to Table 3. The classification
accuracy for Fear reaches 85.86% despite its minor overlap with Disgust which amounts to 7.29%.
Anger and Disgust both show misidentification as Happy according to the participants (11.11% and
5.56% respectively) whereas Disgust occasionally gets mixed up with Sad (11.03%). The Surprise
category achieves 90.44% precision yet fails to distinguish correctly between it and Happy emotions in
8% of cases. The facial features used for identifying Disgust and Fear display similar characteristics thus
causing the classification system to mistake between these expressions. An improved model for real-
world facial emotion identification demands better feature detection technology combined with a
broadened dataset for clearer emotion distinction.

The IMDB dataset contains several images which are displayed in Figure 17. The gender identification
performance of the model based on IMDB dataset appears in Table 4 through its confusion matrix for
Male and Female group recognition.

Figure 17. Example Images From The IMDB Dataset.
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Table 4. Confusion Matrix For Gender Classification In The IMDB Dataset.

Gender Male | Female
Male 96 04
Female 8 92
Avg Accuracy 94%

The proposed model reaches 94% accuracy in its classification performance according to Table 4. The
proposed model recognizes male subjects accurately 96% of the time but mistakes 4% of subjects as
females. The model correctly identifies 92% of female subjects in the data set yet it assigns incorrect
gender labeling to 8% of those subjects as male. Some errors in the model classification exist due to
gender-related facial characteristic overlaps while conducting gender identification. The model
misclassifies subjects because of inconsistent lighting and different facial perspectives as well as
physical traits which do not cleanly match traditional gender categories. The performance of this model
can be enhanced by adding images from different age ranges and facial types and various image
conditions which will improve its capabilities to generalize while decreasing misclassification errors so
it can function effectively during real-world gender identification situations.

4.2 Experimental Analysis And Performance of Model Classification

The proposed experiments utilize publicly available data to achieve maximum accuracy at an acceptable
level of user experience. Overall system performance depends on the number and quality of images
drawn from FER-2013, Cohn-Kande (CK+), Karolinska Directed Emotional Faces (KDEF), and IMDB
datasets. The framework proves its effectiveness through the demonstrated results.

4.2.1. Performance Analysis Of The Fine-Tuned 4-Layer CNN Model

Figure 18 depicts the training and validation loss of the 4-layer fine-tuned CNN model over 100 epochs.
Initially, both losses are high, indicating poor performance. As training progresses, the losses decrease
rapidly, signifying improved learning. By around 90 epochs, they stabilize, showing model convergence.
The small gap between training and validation loss suggests good generalization with minimal
overfitting.

4.2.2. Performance Analysis Of The Fine-Tuned 4-Layer CNN Model

The training and validation loss patterns of the 4-layer fine-tuned CNN model are presented through
Figure 18 spanning 100 epochs. During the initial phase of training the system demonstrates poor
performance because the losses remain at a high level. The learning of better concepts happens quickly
during the training period as both loss variables reduce substantially. The model reaches convergence
point by approximately 90 epochs. Both training and validation loss display limited variation showing
that the model has accurately generalized while maintaining minimal overfitting.
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Figure 18. Training And Validation Loss Of The 4-Layer CNN Model Over 100 Epochs.

Figure 19 illustrates how the fine-tuned CNN model performs regarding training and validation accuracy
throughout its execution period.

Model Accuracy

Number of Epochs

Figure 19. Training And Validation Accuracy Of The 4-Layer Fine-Tuned CNN Model Over 100
Epochs

The learning performance is evident from the models' steady increase of accuracy through every epoch
run. The model reaches 93% training precision along with 90% validation precision at epoch 100 which
demonstrates appropriate generalization properties.

The model reaches a better accuracy level than conventional approaches when used for testing the
recognition of angry, happy, and surprise emotions. Although it shows weakness in processing both
disgust and fear emotions specifically. The new model system enhances its capacity to detect both
gender and emotions during real-time operations.

Upon training, the refined 4-layer CNN model is saved in HDF5 format. It reaches 93% training
accuracy and 90% validation accuracy after 100 epochs (Figure 19), and accuracy increases stepwise
over time. In testing, the model performs better than conventional methods in identifying angry, happy,
and surprise emotions. Its accuracy in disgust and fear, however, is relatively lower. The model also
exhibits improved real-time gender and emotion recognition functions, rendering it applicable in real-
world applications.

4.2.3. Training And Validation Performance Of Gender Classification

Figure 20 shows layer 2 accuracy as a trained CNN model with fine-tuning during training and
validation (0 to 1).
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Figure 20. Training And Validation Accuracy Of The Fine-Tuned CNN Model For Gender
Classification Over 30 Epochs.

The x-axis represents epochs, and red is used for validation accuracy and blue for training accuracy.
Validation accuracy begins at 40% initially, while training begins at 10%. Accuracy oscillates over
periods, and it reaches 90% validation and 94% training accuracy at 30 epochs.

Figure 20 shows the training and validation accuracy curves for gender classification. Initially, the
training accuracy (blue) begins at approximately 10%, and the validation accuracy (orange) begins at
around 40%. Both accuracies rise through subsequent epochs and level off at 94% for training and 90%
for validation, reflecting the learning trajectory and convergence of the model.

Figure 21 shows six different facial emotions. Faces are bounded within green rectangles with labels
placed above. This is the first role of the suggested model, to identify faces and put labels according to
identified emotions.

model loss

— train
validation

Figure 21. Training And Validation Loss Of The Fine-Tuned CNN Model For Gender
Classification Over 30 Epochs

Figure 21 shows the respective loss curves. At the beginning, the training and validation losses are both
high, indicating poor model performance. During training, the losses subsequently reduce dramatically,
with minimal variation, indicating effective learning. By the last 30 epochs, the loss settles at around
zero, indicating effective training with little overfitting.

4.2.4. Visual Analysis Of Real-Time Facial Emotion Recognition

This section illustrates the visual results from running real-time facial emotion recognition using FER-
2013, CK+, and KDEF datasets. The emotional detection model identifies happy sad and fear and angry
plus neutral and surprised emotions however it struggles with mistakes between fear and disgust and
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fear and sadness as shown in Figure 22 ( (a), (b), (c), and (d)). The refined model promotes better feature
extraction that enhances both, model interpretability along with performance reliability.

Several images display real-time facial emotion recognition results in Figure 22 (a), (b), (c) and (d). The
method successfully identifies emotional states although it partially misinterprets close facial
expressions since developers must focus on developing this part further. The model encounters
generalization problems because overlapping features across different conditions together with dataset
variations produce classification mistakes.
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Figure 22.Images (A), (B), (C), And (D) Show The Visual Results Of The Proposed Framework On
The FER-2013, CK+, And KDEF Datasets, Including Real-Time Scenarios.

The fourth-layer fine-tuned model enhances feature representation quality thus improving recognition
dependability. The current version of the model functions properly under controlled circumstances
although it requires more improvement to function effectively in complex real-world settings.

Among the essential challenges for the model are data examples that are uncertain and lighting issues
and facial expression inconsistency. Three enhancements for accuracy improvement should be
implemented in future studies: additional training data, advanced deep learning systems equipped with
attention mechanisms and improved face-specific region extraction techniques. Domain adaptation
technologies utilized on the model will improve its data flexibility and strengthen its performance when
processing real-time applications.

4.2.5. Evaluative Comparative Analysis of The Proposed Work With Existing Research

Loss minimization and accuracy enhancement determine the main evaluation metrics in this research
where the proposed CNN model receives attention for its evaluation against existing leadership
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standards in the field. The proposed methodology leads to enhanced performance outcomes in deep
learning-based gender and emotion recognition models as presented in Table 5.

Table 5.Comparative Analysis of Deep Learning-Based Gender and Emotion Recognition Models.

Authors Techniques Dataset Accuracy (%)
Lahariya, Abhinav et-al. [47]. | CNN FER-2013 68
Cavsi Zaim et al. [48] CNN IMDB-WIKI 90
Yang, Ibrahim el al. [49] CNN FER-2013, CK+, and KDEF 72
Proposed work 4 layer CNN | FER-2013 93
2 layer CNN | IMDB 94

Several CNN-based models have been applied in the studies of facial emotion recognition, but they
work at different levels on different datasets. Lahariya et al. [47] used a CNN-based model on the FER-
2013 dataset with a 68% accuracy level, which indicates limitations in processing complex facial
expressions. Cavsi Zaim et al [48] achieved 90% accuracy on the IMDB-WIKI dataset, indicating
improved performance; however, their model lacks a multi-layer optimization strategy. Yang et al. [49]
used FER-2013, CK+, and KDEF databases to train their CNN model with 72% accuracy, which is
significantly lower than the proposed approach.

As compared to this, the proposed CNN model achieves an accuracy of 93% in FER-2013 using a 4-
layer CNN structure and 94% in IMDB using a 2-layer CNN structure. These results reflect the
robustness of the proposed deep learning technique, which outperforms existing techniques by up to
26% in some cases.

Multiple significant results become apparent through the analysis process. The proposed CNN model
achieves superior accuracy when compared to previous research studies on both FER-2013 and IMDB
datasets. A 4-layer CNN structure improves feature extraction capabilities, which leads to enhanced
identification of gender along with emotions attaining a high accuracy rate of 93% compared to previous
FER-2013 models. The 2-layer CNN model demonstrates 94% accuracy when working on IMDB while
using fewer layers than Cavsi Zaim et al.'s method thus proving the effectiveness of this proposed
architecture. The utilization of CNN-based approaches faces multiple performance constraints especially
during processing of FER-2013 and CK+ and KDEF datasets. The proposed model performs effectively
to resolve these problems.

New optimized methods in real-time gender and emotion recognition constitute the main contributions
of this study. The research develops a deep learning architecture that includes four CNN layers for FER-
2013 alongside two CNN layers for IMDB resulting in high performance with optimized computational
benefits. The method shows better performance through experiments that show superiority to traditional
CNN-based approaches on various benchmark datasets to demonstrate its ability to generalize across
different applications. The optimized CNN layers enhance emotion recognition by extracting precise
facial characteristics which lead to better discrimination of emotions like fear and disgust as well as
sadness thereby lowering recognition mistakes. The proposed CNN model outperforms deep learning
models with its efficient computational capacity since it strikes a balance between depth and
computational efficiency which makes it appropriate for real-time applications.

Multiple optimization methods implemented in this proposed CNN system improve its operational
performance. Both the 4-layer and 2-layer CNN models have different feature extraction capabilities
where the first uses layer-wise optimization to improve hierarchical detection and the second makes
gender pattern identifications producing higher accuracy with minimized layers. The proposed model
applies data augmentation and regularization techniques with dropout layers and batch normalization
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alongside dataset augmentation to stop overfitting so the model can successfully apply to new unseen
information. Transformed hyperparameters within this model ensure better convergence speed as well as
higher accuracy through their optimized learning rates and activation functions and kernel sizes. A
combination of Adam and RMSprop optimizers enables loss minimization and adaptive learning during
the gradient descent process thus minimizing classification errors and achieving better stability during
training.

The proposed CNN-based approach delivers excellent results in real-time gender and emotion
recognition while reaching state-of-the-art achievements on FER-2013 and IMDB datasets. This
research has brought together several key features which now make the CNN solution effective for real-
time applications in human-computer interaction and surveillance and behavioral analysis. Research
results show that the new proposed CNN model beats existing approaches thus establishing itself as a
leading innovation in deep learning-based facial recognition.

Conclusion

This study presents a real-time system which uses deep learning to identify gender and emotions while
resolving main issues in facial expression assessment. Two optimized CNN architectures combine
within the proposed framework where a 2-layer CNN operates for gender classification and a 4-layer
CNN executes FER tasks. The proposed model delivers unparalleled accuracy which outperforms
previous systems through a 26% improvement as it reaches 94% accuracy for gender identification on
IMDB and 93% accuracy for emotion detection using FER-2013. The system proves its effectiveness
through multiple benchmark tests on both CK+ and KDEF datasets without showing signs of overfitting
in its generalization performance. The CNN models operate efficiently to support real-time use together
with Viola-Jones face detection and batch normalization which allows smooth processing sequences.
The highlight of the 4-layer CNN framework lies in its identification of facial characteristics at different
scales but the lightweight 2-layer CNN achieves high accuracy measurements efficiently. Due to its
architecture the system can effectively serve human-computer interaction and surveillance and
behavioral analysis applications. Despite its numerous advantages the model struggles with identifying
disgust (85%) and fear (88.6%) emotions because their facial expressions share similarities. The system
sometimes misidentifies gender when individuals have different lighting or head orientations (8%
female gender errors are identified as male). The generalization of results encounters challenges because
the available datasets lack sufficient diversity regarding age demographics and contain few examples of
ethnicities and illumination variations.

Future research work will prioritize attention systems integration for better feature extraction since it
will combine 3D CNNs and transformer-based models alongside GAN methods to generate synthetic
data for diversified datasets. Lower power device optimization combined with voice and text modular
features will enable the model to tackle affective computing applications together with healthcare needs
plus robotics applications.
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