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Face recognition is a key technique in modern image processing, yet it faces challenges such as achieving high accuracy, reducing
computational time, and optimizing memory usage. Tis research proposes a hybrid model that integrates an enhanced State-
Action-Reward-State-Action (SARSA) reinforcement learning (RL) framework to address these challenges in face recognition
tasks.Temodel utilizes principal component analysis (PCA) for dimensionality reduction and initial feature extraction, followed
by a SARSA-based online Q-learning algorithm to refne classifcation accuracy and resolve state overlap issues. During training,
facial datasets are processed to extract critical features, and a state-action value table is constructed to guide decision-making
during testing. Tis reinforcement-driven learning enables the system to dynamically update its policy based on the most re-
warding actions, improving adaptability and performance. Experimental results demonstrate that the proposed approach en-
hanced traditional models in terms of recognition accuracy, classifcation efciency, and training speed. Integrating optimized
feature selection and policy learning mechanisms makes the model a promising solution for real-time and resource-efcient face
recognition applications.
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1. Introduction

Te State-Action-Reward-State-Action (SARSA) algorithm
is a pivotal reinforcement learning (RL) method designed to
adjust action policies for specifc environments. Extensive
face datasets are essential to achieve a generalized SARSA
model for facial recognition with improved accuracy and
classifcation. SARSA is a decision-making system that stores
state-action values in a lookup table. In the context of
implementing SARSA for a face recognition task using an
efcient hybrid model, the states can be defned as the
extracted feature representations of input facial images, the

actions correspond to selecting a potential identity or class
label for the given face, and the rewards are determined
based on the accuracy of the prediction—assigning a positive
value for correct recognition and a negative or zero value for
incorrect matches.

Face recognition is an inherent human skill crucial
throughout a person’s lifetime and plays a vital role in
distinguishing between individuals. Modern computers le-
verage this ability across various felds for image recognition
and identifcation. Several organizations are currently ad-
vancing Face Recognition Systems (FRSs). RL has been
applied to recognize terrorist individuals, and smart city
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initiatives utilize facial recognition for identifying people
and objects at trafc signals [1]. E-administration uses
biometric facial detection for online attendance [2].

FRS are installed in diverse locations such as markets,
railways, banks, airports, bus stops, and trafc areas for
automatic facial analysis and identifcation. In healthcare,
FRS helps detect individuals with depression and count
people in crowds. Gradually, these systems have been used to
gather information about the number of people entering
ofces. During pandemics, facial recognition has replaced
fngerprint-based attendance systems for automatic atten-
dance counting. FRSs are widely used for recognizing or
verifying individuals for specifc tasks [1–3]. When illegal
activities occur, FRS acts as a safeguard to prevent fraudulent
individuals from posing as legitimate users. Tey prevent
unauthorized individuals from attempting to create prob-
lems in place of authentic users or objects.

Major challenges in FRS involve individual identif-
cation accuracy and reliability. In some instances, FRS
efectively detects and recognizes individuals, minimizing
the impact of false positives. If a face appears suspicious,
the system may lock the device or system, requiring a PIN
or password to prevent unauthorized access. Marko’s de-
cision process deals with a complex framework for making
uncertain decisions with unbounded rewards, costs, and
state-dependent discount factors [4]. Huge datasets can
likely contain duplicate images and risk misuse [5]. Face
detection and feature extraction measurement methods are
used for accurate image analysis and deep learning for
complex feature extraction [6]. Surveillance tactics are
plans and techniques to monitor individuals, groups, or
activities for security, intelligence, or law enforcement. Te
methods used vary according to goals, technology at hand,
and applicable laws [7]. Te unpredictability and diversity
of real-world settings make face identifcation in un-
constrained situations [8]. Using a nonconstant discount
factor in discrete-time control introduces additional
complexity and fexibility to traditional control frameworks
[9]. To increase the efectiveness, generalization, or per-
formance of machine learning models, pruning training
sets for learning object categories involves reducing the size
or improving the quality of the training dataset [10].

FRS is a manufactured technique for distinguishing or
verifying a person from a digital image.Te system contrasts
the input image with stored images, displaying specifc facial
features. FRS are typically utilized in security frameworks
and e-administration, incorporating biometrics like fn-
gerprints and iris recognition. Early face recognition algo-
rithms focused on extracting signifcant facial features by
analyzing points across the face. Te basic process involves
breaking the input image into frames and converting them
to grayscale. Efcient face recognition depends on training
the system to recognize features such as the eyes, nose, and
head [11–15].

Face recognition can be categorized into two main
techniques. Te frst involves describing facial features by
extracting them and defning a comprehensive view of the
facial problem.Te second method involves a complete view
by removing the basic properties of the problem, along with

training samples. Principal component analysis (PCA) is
widely used for feature extraction by reducing the di-
mensionality of datasets. It transforms high-dimensional
data into a smaller space using eigenvectors and co-
variance matrices. PCA simplifes the problem by grouping
images and reducing dimensionality, though it struggles
with low-intensity, noisy data during training.

FRS are crucial for security, providing layered pro-
tection for online and ofine data [16–20]. Biometrics,
including fngerprints and facial detection, determine
whether individuals are authorized. Biometric frameworks
integrate personal identifers such as fngerprints, faces,
irises, retinas, hand geometry, voices, and signatures.
Consequently, face recognition has become increasingly
integral to biometric mechanisms [21–24]. Early facial
recognition systems were based on spot detection, while
modern systems use zoom lenses for enhanced nose image
recognition.

In 2001, the framework for FRS was established to fa-
cilitate various observations [25]. Initially, these systems
were used in trials and yielded unsatisfactory results.
However, extensive research eventually made face recog-
nition more applicable in felds like navigation [26]. An
example is automated systems that count individuals before
they enter through smart gates.

Google has also explored integrating facial recognition
for item searches and continues to develop this tech-
nology. In the contemporary context, face recognition
plays a crucial role in data security, authentication, and
verifying account holders in the banking sector, alongside
traditional methods like PAN and other cards. Similarly,
fngerprints are also extensively used for various types of
verifcation [27].

Facial recognition systems are employed for authenti-
cation and electronic Know Your Customer (e-KYC) pro-
cesses across various government schemes. For instance, in
2018, Patricia and Nancy Velasco utilized face recognition to
count the number of people [28] on public transportation.
Teir system involved a single camera capturing input
images, which were then processed using artifcial neural
networks. In 2021, Zhang introduced deep learning tech-
niques for image classifcation, advancing the feld further.

In 2020, Youhui Tian discussed the application of neural
networks for image processing with a dual optimization
model. Tis model aimed to integrate and optimize image
processing tasks, convergence, and connection processes. In
2021, Yadav et al. described a learning approach where data
was stored in a state-action Q-table, with positive or negative
rew during each movement episode. Tis method evaluated
discounting in specifc episodes through trial-and-error
interactions.

Further advancements include a 2022 study by Yadav
et al., which introduced a hybrid machine learning (HML)
model for face recognition using support vector machines
(SVM) combined with PCA. Tis model, SVM-PCA, aims
to improve face detection [29, 30]. Also, in 2022, Wang
and Peng explored the application of RL for AI-based
resource allocation in integrated sensing and communi-
cation systems.
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1.1. Te Proposed Plan. SARSA methods are applied in face
data aggregation, training, testing, and facial prediction
tasks. Experimental results indicate that when applied to the
Yahoo the MegaFace (MF) dataset, the SARSA model ef-
fectively detects faces and determines whether they overlap
collaboratively. SARSA excels in face prediction by im-
proving accuracy, achieving higher classifcation rates, and
reducing training time.

1.2. Issues With FRSs. While feature extraction and clas-
sifcation are crucial components of FRS, several factors
can infuence their performance. FRS must account for
variations in illumination, poses, expressions, back-
grounds, and occlusions, as well as rotation, scaling, and
translation (RST). Table 1 outlines the factors afecting
feature extraction in FRS projects. Systems commonly
employed for feature extraction include mean, standard
deviation, kurtosis, histograms, PCA, independent com-
ponent analysis (ICA), and linear discriminant analysis
(LDA).

2. Recognition Problems

Face identifcation and recognition are pivotal components
of image processing techniques. Despite advances, com-
puter vision and pattern recognition still struggle to achieve
reliable face recognition. Key challenges include actual
facial recognition, replacing fngerprint-based biometric
attendance during pandemic situations, and achieving
better accuracy, higher classifcation rates, and reduced
training time.

Te literature describes FRS focused on feature ex-
traction and selecting overlapping subsets from each image.
Tese challenges have prompted the current study, which
introduces a detection system using two methodologies.
First, a training model for feature extraction is developed
using PCA to reduce image dimensions and extract fea-
tures. Second, facial recognition utilizes the SARSA algo-
rithm to minimize errors and address the overlapping
problem.

2.1.Model Confguration. Facial recognition systems rely on
image and video classifers, where incoming samples and
categories coincide within a high-dimensional region. Te
likelihood of an instance belonging to a particular class is
maximized when the instance’s similarity to the positive
class is high while minimizing its similarity to overlapping
classes. In this implementation, MATLAB serves as the
programming language of choice. Both training and testing
phases demand substantial image datasets and high-
processing equipment, typically GPUs. Moreover, access
to face databases is crucial for training and deploying
classifcation and recognition models. Given the lack of
comprehensive databases for face recognition, it becomes
necessary to develop custom databases for training purposes.
To address this need, the MF dataset, sourced from Yahoo’s
dataset, provides a substantial repository of facial images.

2.2. ProposedModel. Te illustrated recognition framework,
detailed in Figures 1 and 2, integrates a combined learning
model for face detection utilizing the SARSA RL method.
Utilizing two distinct databases is imperative to operating
the facial recognition system efectively. One serves the
purpose of training classifcation, while the other facilitates
feature extraction for recognition. Te input facial dataset is
sourced from MF and obtained from Yahoo’s dataset.

2.2.1. First Stage. In the initial stages, the focus lies on the
segmentation and feature extraction of one or more faces.
Te objective is to determine whether a given feature
overlaps within an image. Tis is achieved using a SARSA-
based learning face recognition model, incorporating width,
height, and location data. Additionally, PCA is employed for
feature reduction when dealing with overlapping features
within the facial dataset. Tis model is comprehensively
delineated by the feature extraction and classifcation pro-
cess, elucidated in Figure 1.

Te hybrid face recognition approach illustrated in
Figure 2 integrates two key algorithms to enhance overall
performance. Specifcally, it employs the SARSA model for
classifcation and applies data preprocessing and feature
engineering techniques to support face recognition. To re-
duce processing time, the input facial images are frst resized.
Feature extraction, as depicted in Figure 1, is then used to
obtain key attributes from the images. Te primary goal of
this research is to boost the accuracy of facial recognition
while keeping computational requirements low.

2.2.2. Second Stage. Moving on to the second stage, the
operational procedure is depicted in Figure 2. During
classifer training, the system can discern whether faces
overlap or not. Similar to the previous stage, the facial
dataset is obtained from MF and sourced from Yahoo’s
dataset. PCA is the training classifer for feature extraction
and selecting overlapping subsets from each image. Initially,
PCA is employed to reduce image dimensions and extract
features. Te well-defned steps of this process are illustrated
in Figure 2. Te fundamental premise of this learning
technique lies in its ability to transform lower-level features
(pixels) into higher-level features. PCA is utilized to reduce
features during training for the frst classifer. In contrast, the
second classifer, SVM, employs the softmax function for
feature classifcation, providing output alongside accuracy.

2.2.2.1. Methods. Te proposed hybrid model operates
through multiple stages of image noise reduction, beginning
with resizing the images to half of their original dimensions.
It then utilizes PCA-based feature extraction for classifca-
tion, followed by SVM classifcation-based facial prediction.
Te overall workfow of the system is depicted in Figure 2.

2.3. Training Algorithm for Face Recognition. Moving for-
ward to the training algorithm for face recognition, image
preprocessing is conducted across various detection phases,
as depicted in Figure 3.Te recognition process is predicated
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Table 1: Face identifcation and feature extraction face signifcant problems.

Factors Clarifcation

Illumination
Diferent lighting conditions produce the illumination variety, which is expected to

have a greater visual diference than the diference brought on by various
personalities

Pose
Unique edges and places are in charge of posing variability during image collection.
Tis variation modifes the spatial relationships between facial components and

causes real distortion in face recognition algorithms like eigenfaces

Expression
Depending on their disposition and temper, people have diferent facial expressions.

Te range of expressions afects both the spatial relationship and the facial
component

RST variation
Te diversity in the picture-acquiring process also contributes to the RST (rotation,
scaling, and translation) variety. It causes face recognition and discovery issues and
may necessitate an extensive localization search across all conceivable RST factors

Cluttering
We must also consider how backgrounds and circumstances afect the people in the
images. Face patches, which include this foundation, also constrain the execution of

face recognition algorithms and impact face identifcation accuracy

Occlusion Due to the variety, some facial features are kept a secret. Occultation is the
term for it

Segmentation Feature extraction

Model feature Convergence

Training model-
(PCA classifier)

(a)

Segmentation Feature extraction
Prediction

model

Output (recognized face)
Max

selection

(b)

Figure 1: Structure of the hybrid feature extraction model. (a) Training. (b) Testing.

Facial dataset Classifer training
(PCA)

Feature extraction

SVM-classifer
(sof-max)

Optimize parameter

Accuracy and targeted 
image feature

Output

Figure 2: Te hybrid PCA and SVM model-based face recognition framework.
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on several steps, including image segmentation, feature
extraction, and a SARSA-based predictive model for over-
lapping feature prediction. Te methodology of face rec-
ognition is outlined through fve distinct stages. Initially,
detection is performed on the given data sample and con-
verted into a grayscale image. Subsequently, preprocessing is
executed to standardize the image. Feature extraction
constitutes the third step, followed by the learning stage to
train the framework. Te fnal stage involves classifcation,
wherein pertinent information is gathered.

In this approach, individuals are recognized through
images, and following numerous episodes, our recognition
model is trained. Terefore, the recognition model can be
efectively trained if the dataset is available.

Te database comprises a set of observations from MF
(Yahoo’s dataset) to detect whether faces overlap. Te MF
dataset includes over 1 million images from more than
690,000 persons and is primarily designed for large-scale
face recognition challenges. As created from Flickr photos,
the dataset contains wide pose, expression, lighting, and
occlusion variations. Hence, thorough preprocessing is
critical for reliable model performance. MF dataset requires
several preprocessing steps before model training or eval-
uation to ensure consistent and accurate facial recognition
results. Tese steps are face detection, face alignment, image
resizing, normalization, duplicate and corrupted image re-
moval, and fltering.

Various techniques are available to accomplish face
recognition, including histogram techniques, the multi-
resolution approach, the information theory approach, and
the eigenface approach. Figure 3 serves as a schematic
representation of the SARSA model. Te face recognition
process integrates feature extraction, grayscale conversion
into diferent segments, and facial recognition. Combined
techniques prove to be more efective than individual
methods.

Facial recognition techniques facilitate the recognition of
images associated with real individuals. In feature extraction,
faces are initially converted into grayscale contact blocks,
considering width and height. Te number of blocks re-
trieved from the observed sample and the overlapped feature
is considered.

Algorithm 1 performs data preprocessing and feature
engineering for face recognition, structured in alignment
with the methodological framework discussed in RL with
Optimized SARSA for face recognition.

2.4. Implementation Costs. Te demand for high-
performance equipment for deep learning and data sci-
ence evaluation is considerable today. Several open-source
options are accessible, including Google Colab, which
Google provides. Our implementation utilizes MATLAB
alongside various components, including:

• 8GB RAM
• 40GB disk space
• GPU for dataset processing
• 50 epochs

• 8 samples per face

Conventional computers are employed for MATLAB
programming to facilitate face recognition and analyze
parameters such as recognition rate, training time, and
classifcation accuracy.

Te SARSA algorithm, a model-free RL method, can be
adapted to face recognition by defning appropriate states,
actions, rewards, and transitions that guide the learning
process toward accurate identifcation.

In face recognition, a state represents the extracted
feature vector of a facial image. Tese features can be ob-
tained through techniques like PCA, capturing essential
facial characteristics. An action corresponds to the classi-
fcation decision made by the agent; this means assigning the
input face to one of the known identity labels in the database
or classifying it as unknown.

Te reward function is designed to reinforce correct
decisions. A positive reward (e.g., +1) is given when the
predicted label matches the identity. A negative reward (e.g.,
1) is issued for incorrect predictions.

A state transition occurs when the system processes
a new facial image or moves to the next step in feature
refnement. Te transition refects how the agent updates its
policy after receiving feedback (reward) based on the pre-
vious action.

SARSA updates its Q-values based on the tuple (s, a, r, s′,
a′). Where s is the current state, a is the action, r is the
received reward, s is the next state, and a′ is the next action.

3. Results and Analysis

Te experiments outline the training and testing processes in
detail in separate tables. Te model is trained using a system
of rewards and penalties: a penalty represents a false negative
detected by themodel, while a false positive indicates overlap
in the given sample. To evaluate the facial data samples in the
context of the problem, rewards are used in conjunction with
PCA. Te proposed model demonstrates improved accuracy
in face detection, reduced testing time, and faster classif-
cation, as presented in Table 2.

3.1. Training With Face Classifcation. Face recognition is
integral to our daily lives, with extensive research dedicated
to enhancing image prediction to enable computers and
machines to perform this task with precision and efciency.
Computerized face recognition has diverse applications,
including biometric verifcation, surveillance, feature da-
tabase indexing, and search functionalities. In biometric
verifcation, various face recognition methods exist, such as
the multiresolution approach, the information theory ap-
proach, the eigenface approach, and techniques primarily
based on histograms. Te process of face photograph
enrolment, verifcation, and identifcation is illustrated in
Figure 4. During the training phase, many standard
datasets are used for self-training and execution. Figure 5
presents a graph showing the training over 60 epochs,
achieving an accuracy of 97.67% for the entire training
dataset.

Journal of Electrical and Computer Engineering 5
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Te classifcation mechanism in the proposed approach
is realized through Algorithm 2 integrated with the SARSA
model, formulated on the principles described in hybrid RL
with optimized SARSA for improved FRS.

3.1.1. Model Implementation. We extract facial features
using a publicly accessible face matcher.We employ the scale
hyperparameter and softmax loss to pre-train the user face
recognition model on the server. Te SARSA setup is used
for training each user, utilizing the discrete cosine transform
with a margin of 0.98 and minimal error loss. Te model has
trained over 50 episodes and 60 faces, with a discount rate
0.01. We use a low learning rate to ensure that training in
a group context avoids overlapping paths in the given
problem.

3.2. Testing With Facial Recognition. During the testing
phase, 25% of the data are allocated for validation, while the
remaining 75% is used to evaluate the overall recognition

model. Te graph in Figure 6 illustrates the testing results
over nine epochs, achieving an accuracy of 97.88% for the
entire training dataset.

To obtain training results, including accuracy, training
time, testing time, detection, and classifcation rate, refer to
Table 3. During the training sessions, facial data samples
were varied: 10, 15, 20, 30, and 40 samples per session, with
six examples per picture used in all experiments Table 3. Test
4 achieved an accuracy of 97.67%, surpassing all other an-
alyses conducted on 180 images. It recorded a training time
of 1.1212 s, notably longer than others. Testing time was as
low as 0.0021 s in the performed tests. Notably, increasing
the number of facial samples improved recognition rates,
albeit at the cost of increased training time, while testing
time decreased.

Various training methods, such as SARSA, SVM, and
PCA, have been used for classifcation and recognition.
Similarly, feature extraction is used to reduce overlapping
features.

3.3. A Comparison of Facial Recognition Methods Using
Various Episodes and Approaches. First, we presented the
performance of diferent algorithms along with facial rec-
ognition toward various techniques under diferent epi-
sodes. Te facial recognition rate evaluation is shown in
Table 4 for HML [45], SARSA, PCA, and SVM algorithms.
Te formula used is a measure of recognition efciency in

Face detection

Face detection Preprocessing

Preprocessing of
data sets

Feature
extraction

Feature
measurement

SARSA
learning

Output

Classifcation

Figure 3: Training of a facial recognition model.

1. Input: facial data
2. Output: generate an accurate image
3. Procedure: Face recognition

i. Extract feature
ii. converted grey into diferent segments
iii. Optimize with SoftMax () with a range between (0, 1)

4. for each segment
i. face converted grey into contact blocks along with width and height
ii. Te number of blocks recovered from the observed sample and the overlapped feature.

5. Reshape image
6. End Procedure

ALGORITHM 1: Data preprocessing and feature engineering for face recognition.

Table 2: Training classifer parameters.

Parameter Value
Learning rate 0.99
Epochs 50
Sample per face 8

6 Journal of Electrical and Computer Engineering
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the given problem. Table Update with R1 � Rc(x1−i) where
R1 is an immediate reward, R is the total reward, x1 is the
current step, and I is the total step.

Figure 7 shows a comparison of total reward under the
number of episodes for various algorithms, SARSA, HML
[45], PCA, and SVM, with increased episodes. Figure 8
compares facial recognition rates for various algorithms
under diferent numbers of episodes. We found that SARSA

learning performed better on convergence than HML, PCA,
and SVM algorithms. Terefore, the overall performance of
SARSA learning is better than other algorithms.

3.4. Performance Comparison of Various Learning
Techniques. Performance comparison of given facial data
sample using PCA and SARSA and other machine
learning techniques with SVM and DCT. We have made

Enrolment

Verifcation

Identifcation

System DB

Matcher
System DB

Matcher System DB

Quality
checker

Feature
extractor

Feature
extractor

Feature
extractor

Figure 4: Classifcation model of face images.

90
80
70
60
50
40
30
20
10

0
0 10 20 30 40 50

Episodes

Tr
ai

ni
ng

 ac
cu

ra
cy

60

100

Figure 5: Training accuracy graph of the facial recognition model.

1. Input: Required to run Algorithm 1
2. Output: Identifed an accurate image
3. Procedure: Generate the SARSA with the PCA model

a. Initialize the input feature
b. Quality checker
c. Add matcher
d. Reduce the overlapping
e. Compile the model with SoftMax

4. Model 1←model compile
5. for< number of epochs> do

Te train and test data from the model are used to generate accuracy
6. end for
7. end procedure

ALGORITHM 2: SARSA MODEL for classifcation.

Journal of Electrical and Computer Engineering 7
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four observations using the proposed model. Table 5
shows the experimental results. We found that the
highest precision for the PCA-SARSA blend was 93.34%
in experiment 3. Te least training time was found in

experiment No. 2. For the PCA with SARSA learning, the
accuracy was 98.30% in experiment No. 4. Te training
time was 2.3121 in the second episode. Performance

100

90

80

70

60

50

40
1 2 3 4 5 6 7 8 9

Episodes

Re
co

gn
iti

on
 ac

cu
ra

cy

Figure 6: Recognition accuracy graph of the facial recognition model.

Table 3: Evaluation metrics for diferent possible solutions.

Features Solution-1 Solution-2 Solution-3 Solution-4
Faces counts 14 25 34.5 45.55
Sample per face 8 8 8 8
Accuracy 97.27 90 95.67 97.67
Training time 2.35 1.202 2.01135 3.7025
Testing time 0.0456 0.1236 0.0021 0.0009
Detection rate 0.0255 0.10221 0.0246 0.0007
Classifcation rate 2.1325 1.0236 2.2323 3.445

Table 4: Comparison table between diferent recognition under total reward and episodes for SARSA and other algorithms.

Rate of
recognition (R)

Episode
1000 2000 4000 6000 8000 10,000

R1 95.8 73.34 74.5 96.7 97.21 98.88
R2 71.59 72.43 64.62 77.7 82.43 84.93
R3 9.91 74.62 94.62 74.51 85.63 95.76
R4 5.62 82.36 96.32 822.36 86.82 83.93
R5 96.67 96.7 56.38 95.42 94.36 98.99
Average (%) 80.70 81.84 76.74 86.42 89.72 94.58
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Figure 7: Comparison of the total reward of diferent methods.
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Figure 8: Comparison of the rate of recognition of diferent
numbers of episodes.
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comparison for better results of the proposed model is
shown through Figures 9, 10, and 11 in the context of
accuracy, training, and classifcation time.

Figure 9 shows a relative graph between the rate of
accuracy and the number of faces, Figure 10 shows a relative
graph between training time and the number of faces, and

Table 5: Accuracy comparison between various learning techniques.

Features Solution-1 Solution-2 Solution-3 Solution-4
Algorithms PCA-SARSA PCA-SVM- PCA SARSA PCA-SVM PCA SARSA SVM-PCA SARSA-PCA PCA-SVM
No. of faces 10 10 30 30 50 50 60 60
Sample per face 8 8 8 8 8 8 8 8
Accuracy 90.91 93.67 80.34 94.91 93.34 96.23 98.3 93.44
Training time 1.8324 2.5021 0.835 1.3101 2.3756 2.1421 2.744 3.8121
Testing time 0.812 0.074 0.3632 0.3006 0.823 0.0412 0.7862 0.0813
Detection rate 0.713 0.065 0.2513 0.30012 0.712 0.0311 0.6431 0.0741
Classifcation rate 1.2853 2.146 0.581 2.6512 2.372 2.802 2.231 2.855
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Figure 9: Total number of faces vs. rate of accuracy.

Total no. of faces vs training time
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Figure 10: Total number of faces vs. training time.
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Figure 11 shows a relative graph between classifcation rate
and the number of faces. Te accuracy of PCA with SARSA
learning is relatively high at 98.83%.

Performance was evaluated using key metrics such as
the rate of recognition, detection rate, and classifcation
rate to assess the proposed approach’s efectiveness
comprehensively.

SARSA provides a theoretically grounded and practically
efective solution for face recognition tasks where safety,
uncertainty, real-time learning, and stability are critical. Its
on-policy nature ensures alignment between education and
decision-making, leading to better adaptation in real-world
environments with high variability and limited labeled data.
SARSA evaluates and improves the same policy used to
make decisions, which makes it inherently safer and more
stable during training. In face recognition, especially in real-
time or sensitive applications such as surveillance or bio-
metric authentication, making risky decisions (like mis-
classifying a person) can have serious consequences.
SARSA’s conservative update mechanism ensures that
learning aligns with the current behavior of the agent, re-
ducing the chances of overconfdent misclassifcations.

4. Conclusion

In this study, we tackle the challenge of developing a hybrid
model for face recognition using SARSA. We introduce
a SARSA learning framework to predict facial data in real-
world scenarios, achieving an enhanced face recognition
accuracy of up to 98.83%. Our approach signifcantly re-
duces both training time and classifcation duration. For
applications in authentication and security, this model
proves more efective than other biometric methods such as
iris, fngerprint, and retina scans. Integrating collaborative
learning techniques, SARSA, PCA, and DCT yields efcient
outcomes, demonstrating superior accuracy, reduced
training time, and enhanced classifcation rates.

Compared with DCT-SVM, the proposed combined
learning model achieves lower time requirements while
maintaining higher accuracy than earlier algorithms. DCT is
a feature extractor and parameter optimizer within our

integrated learning framework. Future research will explore
enhancements to face recognition using ensemble learning,
discrete wavelet transforms (DWT) paired with SVM, and
PCA. Additionally, we plan to integrate intelligent algo-
rithms like Q learning and ant colony optimization to
improve feature selection from images and videos, partic-
ularly focusing on selfe images.
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