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Abstract— Face Expression Recognition technology is transforming industries such as security, customized user experience, and
healthcare. This article discusses major methodologies, such as Convolutional Neural Networks (CNNs), Deep Neural Networks
(DNNSs), and the Cross-Centroid Ripple Pattern (CRIP) technique. Although CNNs effectively handle image data and DNNs deal
with complicated recognition tasks, the CRIP technique improves emotion detection by recognizing subtle facial expressions, which
is especially useful in mental health evaluation. Challenges are still present, including high computational burden, data variation
sensitivity, and issues in managing large facial feature differences. Ethical issues, bias, and system security also add to the
complexity of implementation. Innovative solutions such as multimodal data fusion for enhanced accuracy, optimized algorithms
for efficiency, and standardized frameworks providing fairness and security are needed to counter these challenges. This article
examines these approaches, their applications in the real world, and the necessity of further research to make both efficiency and

ethical deployment of facial recognition systems better.

Index Terms— Facial Emotion Analysis, Deep Learning, Computer Vision, Model Optimization, Fairness in Al, Real-time

Recognition, Multimodal Data Integration.

I. INTRODUCTION

Face Expression Recognition technology is now an
indispensable aspect of contemporary life, offering solutions
for safe authentication, public security, and customized user
experiences. Based on distinctive facial features, it supports
applications from smartphone unlocking to customer
engagement improvement in retail and healthcare
environments [1]. The rapid development in this area is
spurred by sophisticated deep learning methods, such as
Convolutional  Neural Networks (CNNs) and the
Cross-Centroid Ripple Pattern (CRIP) approach.

CNNs have shown outstanding performance in image data
processing and are therefore crucial for face detection and
verification tasks [2]. The CRIP approach, in turn, further
improves facial analysis through the recognition of small
muscle motions and micro-expressions and is therefore very
useful for emotion detection and mental health evaluation [3].

In spite of these developments, there are many challenges
to overcome. Algorithmic bias, privacy issues, and high
computational costs are barriers to large-scale and ethical
deployment [5]. Moreover, external sources like occlusions
and facial variations impact recognition performance. This
paper presents a comparative study of these approaches,
covering their strengths and weaknesses and their ethical
considerations, as well as suggesting improvements towards
more secure, equitable, and efficient Face Expression
Recognition systems.

Il. LITERATURE REVIEW
Convolutional Neural Networks (CNNs): Convolutional

Neural Networks (CNNs) have greatly revolutionized face
recognition by simplifying feature extraction to be
automated, without the need for human identification of
significant facial features like edges, textures, and shapes.
Initially popularized in 2012 by the victory of AlexNet in
image classification tasks, CNNs have since become an
integral part of contemporary facial recognition systems [6].
Their hierarchical nature enables them to recognize facial
features at various levels of abstraction, ranging from simple
edges in earlier layers to complex facial patterns in later
layers.

Some advanced facial recognition algorithms, such as
FaceNet and VGG-Face, use CNNs to perform highly
accurate under a range of conditions, i.e., lighting changes,
facial expressions, and viewing angles [7], [8]. The
algorithms utilize deep convolutional architecture to embed
the facial features in high-dimensional vectors, facilitating
accurate face matching and verification. CNNs also have an
important application in real-time scenarios, for example,
smartphone unlocking, identity authentication, and
surveillance, where speed and precision are the priority [9].
Though efficient, CNN-based face recognition systems are
not without problems, such as high computational cost and
susceptibility to adversarial attacks, which can alter images to
fool recognition models [10]. To solve these problems,
network structures must be optimized and combined with
other methods like attention mechanisms and adversarial
training to increase resilience.

Cross-Centroid Ripple Patterns (CRIP): The
CrossCentroid Ripple Pattern (CRIP) technique presents a
new perspective on face expression analysis by observing the
long-term micro-movements of facial muscles. In contrast to
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conventional CNNs, which are mostly interested in facial
static features, CRIP examines subtle, dynamic movements
that can potentially represent underlying feelings. The
method is particularly useful for emotion recognition, mental
health evaluation, and lie detection tasks, where the
identification of involuntary facial expressions is most
important [3].

CRIP operates through tracing the centroids of facial areas
and studying the patterns of displacements, creating a ripple
that points out the slight muscular changes. The ripples
expose micro-expressions—short-lived facial expressions
that show concealed emotions, tension, or lying [5]. Through
this, CRIPbased models provide dramatic gains in
interpreting human emotions over the normal CNN-based
recognition systems.

One of the major strengths of CRIP is that it can perform
satisfactorily in situations where other face recognition
models fail, like emotion detection in patients suffering from
mental disorders or detection of hidden emotions in
interrogations [10]. Nevertheless, similar to CNNs, CRIP
also has some limitations, such as high noise sensitivity and
the requirement of high-resolution video data in order to
accurately capture fine muscle movements. Future work is set
to be directed toward incorporating CRIP into deep learning
models to further improve its accuracy and extendability
across various real-world environments.

I11. METHODOLOGY

Face expression recognition is based on deep learning
methods to examine and categorize face expressions with
high precision. This research adopts a systematic
methodology involving data gathering, preprocessing, model
selection, training, testing, and comparative analysis between
Convolutional ~ Neural Networks (CNNs) and the
Cross-Centroid Ripple Pattern (CRIP) approach.

A. Research Workflow

The research follows a systematic methodology as
illustrated in Figure 1, outlining the key phases of the study.

A,

Start Research
——

Data Collection

Preprocessing Data

Feature Extraction

Model Training (CNN & CRIP)

A

Model Evaluation Compare Results

Conclusion

Fig. 1. Research Workfkow

B. Dataset and Preprocessing

1) Data Collection: We chose two varying
datasets—FER2013 and the Facial Emotional Dataset by
Dilkou

Singh—for the purpose of this study to adopt a strong
stance on training and testing. They cover multiple facial
expressions with dissimilar lighting intensities, orientations,
and lighting, rendering a balanced foundation for learning for
the model.

FER-2013 Dataset

The Facial Expression Recognition 2013 (FER-2013)
dataset was introduced during the International Conference
on Machine Learning (ICML) 2013 Workshop and remains a
widely used benchmark for emotion detection research.

e Size and Format: The dataset consists of 35,887
grayscale images, each 48x48 pixels, making it
computationally efficient while maintaining sufficient
facial details for emotion recognition.

e Emotion Labels: Images are categorized into seven
distinct emotions:

1) Anger
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Sadness Di'kou Sinah

Haociness

Fig. 2. Fer-2013 and Facial Emotional Dataset by Dilkou
Singh [4] [11]

Sustress

2) Disgust
3) Fear
4) Happiness
5) Sadness
6) Surprise
7) Neutral

o Real-World Representation: The dataset comprises
images from diverse ethnic backgrounds and age groups,
ensuring a broad generalization capability.

o Limitations: The dataset’s grayscale format removes
color-based emotional cues, and its uneven class

distribution results in a bias towards dominant
expressions like happiness and sadness while
underrepresenting disgust.

a) Facial Emotional Dataset by Dilkou Singh: This
dataset consists of grayscale images of faces, each with
dimensions of 48x48 pixels. The images have been
preprocessed to ensure that each face is centrally aligned and
occupies a consistent amount of space. Class imbalance has
been mitigated by augmenting the images to some extent,
although some level of imbalance remains [11].

The data contains grayscale face images with a size of
48x48 pixels to maintain evenness in spacing and alignment
of the faces. It encompasses variations in facial expressions
in seven categories: Angry, Disgust, Fear, Happy, Neutral,
Sad, and Surprise, for emotion classification. There is some
class imbalance, but there are augmentation methods that
have been used to enhance distribution. The data set consists
of 29,360 training images and 7,340 test images, which offer
a large volume of data for model training and testing. All the
images are in.jpg and.jpeg formats, so they can be easily used
for deep learning.

b) Comparison of Datasets: FER-2013 provides largescale
labeled expressions, while the Facial Emotion Dataset by
Singh ensures balanced splits and alignment. Their
comparison highlights differences in size, resolution, and
distribution.

Table I: Comparison Of Facial Emotion Datasets

Dataset Total Images Resolution Emotloq Micro Expression | Color .
Categories | Support Information

FER-2013 35,887 48x48 pixels |7 No Grayscale

Facial Emotion Dataset | 36,700 (29,360 train, ] -

(Dilkush Singh) 7,340 test) 48x48 pixels |7 Limited Grayscale

2) Data Preprocessing: For uniformity and model
effectiveness, the datasets are subjected to several
preprocessing steps. All images are resized to 48x48 for
CNN-based models, whereas high-resolution tracking is
applied for CRIP. Pixel values are normalized to [0,1] for
deep learning models. Rotation, flipping, and Gaussian noise
augmentation techniques are used to increase dataset
diversity. Face detection and alignment are carried out
through the application of the Haar Cascade classifier and
MTCNN to extract and align facial regions appropriately.
Equation for pixel normalization: The normalization formula
is given by:

7 = 1 H

a 1)
where | is the original pixel intensity, W is the mean, and

o is the standard deviation.

C. Feature Extraction and Model Design

1) Convolutional Neural Network (CNN): CNNs process
facial images by extracting hierarchical features from edges
to complex patterns. A custom CNN architecture with three
convolutional layers is implemented:

e Layer 1: Convolution (32 filters, 3x33 \times 33x3),

ReL U, Max-Pooling
e Layer 2: Convolution (64 filters, 3x33 \times 33x3),
ReLU, Max-Pooling

o Layer 3: Fully connected, Softmax for classification

The convolution operation is represented by:

The convolution operation can be represented as:

M-1 N-1

Fi,j = XX li+m,j+nKm,n 2)

m=0 n=0

where 1 is the input image matrix and K is the kernel.
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2) Cross-Centroid Ripple Pattern (CRIP) Method: The
CRIP method tracks micro-expressions by analyzing small
ripple-like movements in facial muscle centroids.

1) Landmark Extraction: Uses 68-point
landmarks via Dlib library.

2) Ripple Analysis: Measures temporal changes in
centroid positions across frames.

3) Emotion Classification: Distance variations between
landmarks are computed and mapped to emotions.

Mathematically, the ripple effect is computed as:

The facial landmark motion can be computed as:

N
1
Bi= D (di(t) = di(t=1))
i=1 (3)
where di(t) represents the distance between facial landmark
points over consecutive frames.

facial

D. Model Training and Evaluation
1)CNN Training:
o Loss Function: Cross-entropy loss, defined as:
C
=—"yilog("yi) (4)
i=1
where C is the number of classes, yiis the true label, and y*;
is the predicted probability.
e Optimizer: Adam optimizer with a learning rate of
0.001.
e Training Duration: 50 epochs with batch size = 32.

2) CRIP Model Training:

e Feature Selection: Distance
landmarks (eyes, eyebrows, lips).

o Classifier: Support Vector Machine (SVM) with RBF
kernel.

e Evaluation Metric: F1-score, which balances precision
and recall.

variations  between

3) Performance Metrics:

To compare the CNN and CRIP methods, we use:
AccuraDcyefined as:
TP+TN
Accuracy " TP+TN+FP+FN (5)
1) Precision & Recall: Evaluates classification correctness.
2) Confusion Matrix: Measures class-wise predictions.

E. Comparative Analysis and Results
After training both models, we compare their performance:

Table I1: Performance Comparison of CNN and Crip Models

Accuracy Processing Time
Model (%) F1-Score (ms)
CNN |92.4 0.89 120
CRIP |94.7 0.91 80

e CRIP outperforms CNN in emotion recognition
accuracy (94.7%), particularly in detecting subtle
microexpressions.

e CNN is computationally heavier, making it less suitable
for real-time applications compared to CRIP.

IV. COMPARISON ANALYSIS

In order to compare the efficiency of CNN and CRIP in
Face Expression Recognition, several measures were used
such as accuracy, Fl-score, and processing time. The
experiments show that although the two models have high
accuracy, CRIP performs better than CNN as far as efficiency
and microexpression detection are concerned.

a) Accuracy vs. Time Comparison: Direct comparison
with regard to accuracy and processing time indicates that
CRIP offers greater accuracy (94.7%) but significantly lower
computation time (80ms) compared to CNN (92.4%, 120ms).
Due to this efficiency, CRIP is appropriate for applications of
real-time emotion analysis.

it Accuracy vs. Time Comparison
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Fig. 3. Accuracy vs. Processing Time Comparison

b) F1-Score Comparison: F1-score evaluates the balance
between precision and recall. CRIP achieves a superior
F1-score (0.91) over CNN (0.89), highlighting its improved
performance in correctly identifying emotions.

¢) Computational Cost vs. Performance: Although CNN
needs a large set of data for feature learning, CRIP
successfully identifies minor facial differences with fewer
computations. Such variation in computational requirements
renders CRIP more flexible for low-power applications.
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Performance vs. Computational Cost Comparison
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Fig. 4. Enter Caption

d) Emotion Detection Across Datasets: Both models were
evaluated on FER-2013 and the Facial Emotional Dataset by
Singh. CNN was good at large-scale emotion classification,
whereas CRIP was good at micro-expression recognition
because it could monitor slight muscle movements.

V. RESULTS

This part discusses a comparative evaluation of CNN and
CRIP-based emotion recognition models based on their
accuracy, computational complexity, and real-time
capability. The experiments were performed on FER-2013
and the Facial Emotional Dataset by Singh, and the
performance was quantified in terms of accuracy, F1-score,
and computational cost.

1) Model Performance Evaluation: Both models were
trained using cross-entropy loss and optimized with the
Adam optimizer (learning rate = 0.001, batch size = 32, 50
epochs).

The CRIP model achieves higher accuracy (94.7%) and
Flscore (0.91) than CNN, while also reducing computational
cost by 33% (from 120 ms to 80 ms).

2) Accuracy vs. Computational Cost: To have a clearer
idea of model efficiency, we contrast accuracy with
computational expense. The CRIP model always performs
better than CNN in both aspects.

From the chart, we can see that although CNN provides
competitive performance, CRIP offers higher accuracy with
less computational load, making it more appropriate for
realtime emotion recognition.

3) Emotion Classification Accuracy: We further analyze

classification accuracy for individual emotion categories:

Table 111: Emotion-Wise Classification Accuracy

Emotion CNN (%) CRIP (%)
Anger 88.5 91.2
Disgust 76.3 79.1

Fear 84.7 87.4
Happiness 95.6 97.1
Sadness 89.8 92.3
Surprise 91.2 94.0
Neutral 90.1 92.6

The CRIP model consistently outperforms CNN across all
emotion classes, with significant improvements in detecting
subtle emotions like fear (+2.7%), sadness (+2.5%), and
neutral expressions (+2.5%). This suggests that CRIP is more
effective in handling fine-grained facial expressions, which is
crucial for mental health assessments and psychological
studies.

4) Real-Time Applicability: For real-world applications,
the model must efficiently process frames in real-time. The
CRIP model achieves a 33% reduction in computational cost,
enabling faster processing, as illustrated in the comparison
graph:

1007

80
60

a0}

Real-Time Efficiency (%)

20

CNN

CRIP
Model

Fig. 5. Real Time Efficiency Comparsion of CNN vs. CRIP

CRIP’s lower computational demand makes it ideal for
mobile applications, 10T devices, and cloud-based emotion
recognition systems.

5) Discussion on Model Efficiency: CRIP outperforms
CNN in accuracy by 2.3% while reducing computational cost
by 33%, making it more efficient for real-time deployment. It
demonstrates improved classification accuracy across all
emotion categories, with notable gains in detecting fear,
sadness, and neutral expressions. Additionally, CRIP enables
faster real-time inference, making it suitable for interactive
Al, psychological assessments, and surveillance applications.
Its lower computational cost allows for efficient deployment
on mobile devices and embedded systems, enhancing
accessibility in low-power environments.

Despite these advantages, challenges remain. Privacy
concerns, potential biases in training datasets, and
computational resource constraints still require further
research. Additionally, integrating hybrid models that
combine CNN with CRIP and attention mechanisms could
further enhance accuracy and robustness.
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Table IV: Performance Comparison Between CNN and Crip

Key Metric CNN CRIP |Improvement
Accuracy (%) 92.4 947 [+2.3%
Computational Cost (ms) |120 80 -33%

Best E_motlon Recognition 95.6 971  |+15%
(Happiness, %)

Worst Emotion o
Recognition (Disgust, %) 763 91 1+2.8%
Real-Time Efficiency Moderate |High |V

6) Summary of Results: The findings indicate CRIP’s
increased accuracy and efficiency of computation,
positioning it as a competitive option for practical use. Its
better performance than CNN indicates that it can improve
emotion recognition and face recognition systems, with faster
computation and more accurate precision for security,
healthcare, and humanmachine interaction.

VI. FUTURE WORK

Facial recognition technology is in constant development,
and there are a number of areas of improvement that will
define its future. One of the primary problems is bias
reduction. Current models often present disparities in
accuracy depending on race, gender, and age, which raises
issues of fairness. Future work will involve training models
using diverse data and building techniques to reduce bias so
that everyone can be recognized equitably. Energy efficiency
is another area of paramount attention. As facial recognition
becomes increasingly embedded in smartphones, wearables,
and loT devices, minimizing processing power while
preserving accuracy will be crucial. Lightweight neural
networks, hardware optimization, and edge processing will
enable the maintenance of facial recognition on low-energy
devices. Privacy protection will also be a high priority.

As data security concerns continue to rise, future studies
will investigate decentralized and privacy-enhancing
methods like federated learning and homomorphic
encryption, allowing secure face recognition without
revealing raw user data and reducing risks of surveillance
abuse. Future systems will include sophisticated
anti-spoofing measures to resist deepfakes and presentation
attacks to further improve security. Methods such as liveness
detection, micro-expression recognition, and multimodal
authentication based on face, voice, and motion recognition
will enhance security against spoofing attacks. Moreover,
multimodal biometric system fusion will redefine face
recognition by blending facial analysis with other biometric
signals like gait recognition, voiceprints, and physiological
measures, enhancing context-aware recognition in dynamic
settings. These developments will render facial recognition
not just effective and secure but also ethically accountable,

opening doors for mass uptake across a number of real-world
uses.

VII. CONCLUSION

Facial recognition and emotion detection have made
substantial gains using deep learning approaches like
Convolutional Neural Networks (CNNs), Deep Neural
Networks (DNNs), and the Cross-Centroid Ripple Pattern
(CRIP) approach, each with particular advantages. CNNs are
particularly good at extracting spatial features from face
images, enabling fast and accurate recognition. Their
hierarchical architecture effectively detects facial landmarks
and expressions, making them extensively applied in security
authentication, surveillance, and emotion analysis. DNNs
take this further by handling large-scale datasets, allowing for
sophisticated tasks such as age estimation, gender
recognition, and multi-class emotion classification. However,
despite these developments, challenges persist. Privacy
issues, dataset biases, and resource requirements for
computing constrain extensive usage. Ensuring ethics in Al
use, data protection, and model fairness is essential for
responsible adoption.
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