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Abstract: This review analyzes recent advancements in facial recognition and classification
algorithms, emphasizing the critical role of preprocessing techniques in enhancing the
algorithms” accuracy, reliability, and efficiency. Facial image preprocessing is a critical
step in various applications, including facial recognition, emotion detection, and biometric
authentication. Preprocessing methods including normalization, noise reduction, illumina-
tion correction, alignment, resolution enhancement, data augmentation, and edge detection
are essential for improving image quality and standardizing facial features in improving
facial image quality. The review explores the strengths and weaknesses of these techniques
across different facial datasets. The ongoing refinement of preprocessing techniques will be
pivotal in advancing facial recognition, classification, and other image-based tasks. Finally,
this paper provides insights into the future directions of research. As the demand for
more robust, fair, and efficient systems grows, developing domain-specific preprocessing
methods and adopting cutting-edge artificial intelligence technologies will be vital to meet
the challenges of increasingly complex applications.

Keywords: deep learning; facial recognition; facial image; preprocessing techniques;
classification

1. Introduction

Facial recognition technology has rapidly evolved over the past few decades, becoming
a cornerstone in various security, authentication, and social media applications. The
preprocessing techniques that prepare raw facial images for subsequent analysis by machine
learning algorithms are at the heart of its success. These preprocessing methods are crucial
for enhancing image quality, reducing noise, and standardizing facial features, thereby
significantly improving the accuracy and reliability of facial recognition systems [1-3]. This
article comprehensively reviews the critical preprocessing techniques employed in facial
images, especially facial recognition. Also, it examines a broad spectrum of algorithms
developed and refined over the years. The discussion will delve into the various domains
where these techniques are applied, ranging from security and surveillance to mobile
device authentication. By evaluating the advantages and limitations of each preprocessing
method, this review aims to highlight the strengths and weaknesses that practitioners
must consider when selecting or developing a facial recognition system. Furthermore,
the limitations inherent to current preprocessing techniques will be explored, including
challenges such as lighting variations [4], occlusions [5], and facial expressions [6], which
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can significantly impact recognition accuracy. Understanding these limitations is essential
for guiding future research and development efforts.

Finally, this article will explore emerging trends and future directions in image pre-
processing for facial recognition from 2020 to 2024. As the demand for more robust and
versatile facial recognition systems grows, advancements in deep learning, data augmenta-
tion, and real-time processing are expected to play a pivotal role in shaping the future of
this technology. Through this review, researchers, developers, and practitioners will clearly
understand the current landscape of preprocessing techniques in facial recognition and
insights into the challenges and opportunities.

2. Facial Image Recognition and Classification Algorithm

Recognition and classification of facial images are two main tasks for analyzing and
interpreting human faces to identify or categorize individuals. While they are related, they
have distinct goals and applications. Facial recognition is for identifying or verifying the
identity of an individual based on their facial features. On the other hand, facial image
classification focuses on categorizing faces based on specific characteristics or attributes
without identifying the person.

2.1. Facial Image Recognition

Recent advances in facial image preprocessing techniques have significantly impacted
the effectiveness of facial recognition technologies. This review aims to dissect the evolution
of these preprocessing methods, their applications in various domains, and their perfor-
mance implications across datasets. By synthesizing the latest research and developments
from 2020 to 2024, this article provides an in-depth look at the techniques that have paved
the way for more accurate and robust facial recognition systems.

Table 1 provides an overview of some of the algorithms used in the image recog-
nition domain, categorized based on their specific applications, performance metrics,
and datasets. The table includes algorithms such as Convolutional Neural Networks
(CNNs) [2,3,7], which are highly effective under diverse lighting conditions, and Multi-view
Co-evolutionary Binary Optimization coupled with Deep Neural Networks (DNNs) [8],
demonstrating strong performance on occluded and noisy images. Various feature ex-
traction techniques, including Histogram of Oriented Gradients (HOGs), Scale-Invariant
Feature Transform (SIFT), Gabor Filters, and Canny edge detection [9], are highlighted, with
the combination of SIFT and CNNs achieving 100% accuracy on specific datasets. Advanced
methods like the self-adaptive ant colony system (SAACS) [10] provide high accuracy in
feature selection tasks, while Dual-Tree Complex Wavelet Transform (DTCWT) combined
with Pseudo-Zernike Moments [11] offers robust resistance to geometric distortions and
noise-based attacks.

Local Binary Pattern Histograms (LBPHs) paired with OpenFace DNNs [3,4] deliver
superior accuracy compared to benchmark algorithms. Dual Linear Collaborative Dis-
criminant Regression Classification (LCDRC) [12] achieves high accuracy rates of 98.86%,
while DTCWT with Collaborative Representation Classifier [13] ensures robustness against
noise and lighting variations. VGG-16, combined with Random Fourier Features [14],
excels at recognizing masked faces across various datasets with diverse poses and lighting
conditions. Techniques such as the Histogram of Enhanced Gradients (HEGs) integrated
with HOGs [15] significantly reduce noise influence, achieving high accuracy even in noisy
images. Few-shot learning [6] enhances the efficiency of facial expression recognition
in data-scarce environments. Auto-encoder with Skip Connections [5] and Single-Shot
Multibox Detector combined with Autoencoders [16] improve occluded feature recognition,
with the latter effectively utilizing encoder-only autoencoders.
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Table 1. Algorithms for image recognition.

Ref. Algorithm PR FE FS Remark
[2] Vv Vv - Highly effective under diverse lighting
Multi-view
[8] Co-evolutionary Binary v vV - Good performance on occluded /noisy images
Optimization, and DNN
HOG, SIFT, Gabor, Canny, o . .
[9] and CNN Vv Vv - 100% accuracy with SIFT + CNN combination
[10] SAACS - Vv - High accuracy
[11] DTCWT and J . ) Demonstrates strong resistance to geometric and
Pseudo-Zernike Moments noise-based attacks
7] SVM and CNN (VGG-16) ) . ) Quality and the numbel.’ qf data training greatly
affect the training process
3] CNN, LBPH, and HOG ) v ) The CNN outperformed other benchmark
algorithms
[4] LBPH and OpenFace DNN ) Y ) Superior accuracy cor'npared to benchmark
algorithms
[6] Few-Shot Learning - - - Enhances facial expression recognition efficiency

Auto-Encoder with Skip

- Improves occluded expression recognition

Connections v

[16] Single-Shot Multibox Y . ) Uses an autoencoder that only utilizes the

Detector and Autoencoder encoder part
[12] Dual LCDRC Vv Vv - High Accuracy: 98.86%

DTCWT and Collaborative . . . N
[13] Representation Classifier Vv Vv - Robust to noise and invariant to lighting

VGG-16 and Random Effective on mas1.<ed faces and consistent
[14] . Vv vV - performance on various datasets with different
Fourier Features . I
pose and lighting characteristics
Histogram of Enhanced Significantly rgduces the‘mﬂuence of noise

[15] Gradients and HOG Vv Vv - through an adaptive denoising process, resulting

in a high level of accuracy even in noisy images

Note: PR—Preprocessing, FE—Feature Extraction, and FS—Feature Selection.

2.2. Facial Image Classification

Classification algorithms include supervised and unsupervised learning methods.
Recent studies have demonstrated the use of non-hybrid and hybrid algorithms in classifi-
cation tasks. Non-hybrid algorithms are pure algorithms that are not combined with other
algorithms or techniques. In contrast, hybrid algorithms combine two or more algorithms
or methods to achieve a more effective model [17]. This article explores various facial
recognition techniques designed to improve accuracy and effectiveness under diverse
conditions such as occlusion, noise, and classification based on gender and ethnicity. One
of the novel methods in thermal facial recognition combines Haar Wavelet Transform and
Local Binary Pattern techniques to exploit the unique thermal signatures of facial blood
vessels and muscles, making it less sensitive to lighting variations compared to visible
spectrum imaging [18]. This method has shown significant potential for reliable biometric
identification under diverse lighting conditions. In addition, the SAACS algorithm has
been proposed, which excels in feature selection for sky images and outperforms other
bio-inspired algorithms with high classification accuracy [19].
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The algorithm achieved an accuracy of 98.7%, demonstrating its effectiveness in struc-
tured data processing through robust feature extraction. Histogram Equalization and
CNNs [20] combined preprocessing and deep learning to reach 100% accuracy, highlighting
their suitability for diverse applications. Haar Cascade, HOGs, and CNNs [21] showcased
high efficiency in student validation tasks during examinations by integrating detection
and feature extraction techniques. Similarly, Gabor Filter, Maximum Response, and Monte
Carlo methods [22] effectively processed unstructured data with minimal computational
overhead. The combination of Gabor Filter, Maximum Response, and Monte Carlo methods
and Partial Least Squares Regression (PLSR) [22] effectively processed unstructured data
with minimal computation costs. Local Mean Patch (LMP) and CNN-LCDRC [23] showed
robustness against complex data scenarios, while Dual-Tree Complex Wavelet Transform
(DTCWT) [24] provided robust feature extraction but faced limitations in asynchronous
transmission. Haar Cascade paired with Deep Neural Networks (DNNSs) [25] was effec-
tive for feature extraction and scalability in large datasets. CNN-HOG [26] offered high
accuracy and adaptability for specific scripts. Particle Swarm Optimization (PSO) and Ant
Colony Optimization (ACO) [27] were sensitive to noise but efficient for feature selection
tasks. Linear Discriminant Analysis [28] effectively reduced dimensionality but posed
a risk of losing critical information. Principal Component Analysis (PCA) with Collab-
orative Representation-Based Classification [1] improved accuracy with fewer samples,
while PCA with the Genetic Algorithm (GA) [29] achieved the smallest feature set for opti-
mized performance. The Geodesic Path Algorithm, paired with PCA, K-nearest Neighbors,
and SVM [18], enhanced classification accuracy with robust preprocessing. Finally, the
SAACS [19], an improved version of the Ant Colony System (ACS), boosted classification
accuracy to 95.64%, making it highly efficient.

Table 2 shows the latest algorithms and techniques for image classification published
between 2020 and 2024. All algorithms involve preprocessing and feature extraction stages,
which are critical for classification accuracy. Sometimes, the feature selection stage can
be omitted because the feature extraction process has already produced a compact and
highly informative set of features. Furthermore, feature selection may not significantly
improve model performance in some situations, especially when working with deep-
learning models or small datasets. However, omitting the feature selection stage can reduce
computational complexity and time, making the process more efficient. In cases where the
dataset is large or contains irrelevant or redundant features, including a feature selection
step can be beneficial to avoid overfitting and improve model generalization.

Table 2. Algorithms for image classification.

Learning

PR FE FS Remark
Ref Algorithm Methods
S us
Accuracy is acceptable, with a
[17] Gabor Wavelets v ) v v i success rate above 98.7%
Histogram Equalization o
[20] and CNN Vv - Vv Vv Vv 100% accuracy
Haar Cascade HOGs Highly accurat.e ar}d efﬁqent for

[21] and CNN v - Vv v - student validation during

examinations
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Table 2. Cont.
Learning  pr  Fg  Fs Remark
Ref Algorithm Methods
S us
Gabor Filters, Maximum
[22] Response, Monte Carlo, Y ) Y. Y. ) Able to process unstructured data.
Uninformative Variable Low computation costs and time
Elimination, and PLSR
[23] LMP and CNN-LCDRC vV - - N4 - Robust to complex data
Not suitable for
[24] DTCWT % i ) % ) asynchronous transmission
Good for feature extraction. Large
[25] Haar Cascade and DNN N4 - Vv vV Vv dataset scalability
High accuracy. Potential for
[26] CNN-HOG v ) ) v ) special scripts
Sensitive to noise; may produce
[10] PSO and ACO - Vv - - Vv false edges
28] Linear Discriminant . ; Y, J } Important information can be lost if
Analysis dimensions are reduced too much
PCA and Collaborative- Improves accuracy with
[1] Representation-Based Vv - - Vv Vv P fewer sam leys
Classification p
[29] PCA and GA Vv - - Vv vV GA achieves the smallest feature set
Geodesic Path Algorithm, The geodesic path improves
[18] PCA, K-Nearest Neighbors,  / - - Vv Vv 5! fi P P
and SVM classification accuracy
[19] Self—iggp:gg ACS Vv - - - Vv Classification accuracy up to 95.64

Note: S—Supervised, US—Unsupervised, PR—Preprocessing, FE—Feature extraction, and FS—Feature selection.

3. Facial Image Preprocessing Technique

Image preprocessing is crucial across different domains as it significantly influences
the performance and accuracy of algorithms in various applications. The choice of prepro-
cessing technique is often tailored to each domain’s specific challenges and requirements,
such as enhancing image clarity, improving contrast, reducing noise, and maintaining
consistent lighting. For instance, normalization is a fundamental preprocessing step to
standardize the intensity distribution, as observed in techniques utilizing CNNs or PCA
for facial image recognition [20,30]. Preprocessing in facial image analysis is essential as it
enhances the quality and consistency of the images, which is crucial for accurate recognition
and analysis. By addressing issues such as feature extraction capability, computational
complexity, data dependency, robustness to noise, and scalability, preprocessing ensures
that the subsequent steps in facial image processing are more effective and reliable. For ex-
ample, illumination correction, as seen in DTCWT and Histogram Equalization, addresses
lighting inconsistencies [23,26]. This step is crucial in applications like facial recognition,
where even minor inconsistencies can lead to significant errors. The effectiveness of image
preprocessing techniques in classification tasks largely depends on the specific nature of the
images and the classification problem. Alignment techniques, such as landmark detection
and HOGs, ensure consistent face positioning, improving feature extraction reliability [31].
While preprocessing can significantly enhance model performance, it can also introduce
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challenges and limitations that must be carefully managed. For example, edge detection
methods like Gabor Wavelets or Laplacian can highlight critical features but are sensitive to
noise [21,32]. The key is to select and apply preprocessing techniques that best align with
the data’s characteristics and the classification task’s goals.

Grayscale and color space conversion simplify data but may result in the loss of impor-
tant color information, impacting feature extraction, as seen in preprocessing techniques
involving grayscale conversion with CNN- and PCA-based methods [20,30]. Histogram
equalization enhances contrast but can amplify noise, affecting robustness, as demon-
strated in CNNs and histogram equalization approaches applied to FERET datasets [23].
Image scaling standardizes images but may blur details, reducing feature extraction quality,
as noted in alignment-based techniques like HOGs and landmark detection [31]. Noise
reduction, like Gaussian filtering, is adequate but risks smoothing key features, impact-
ing robustness, which aligns with observations in DTCWT-based techniques for edge
enhancement [26].

Image normalization and face alignment improve consistency but are sensitive to
lighting and landmark accuracy, highlighting data dependency, as evidenced in methods
leveraging DNNs and alignment on datasets such as CFPW and VGGFace2 [22]. Cropping
and region of interest extraction isolate regions but may result in the loss of external de-
tails, affecting scalability, as noted in Haar Cascade and CNN techniques used on LFW
datasets [7]. Edge detection and geometric transformations aid feature extraction but can
introduce noise or distortions, impacting robustness and scalability, as demonstrated in ap-
proaches utilizing Gabor Wavelets and Canny edge detection [11,21]. Principal component
analysis and Gabor Filters provide robust feature extraction but have high computational
demands and potential information loss, as observed in PCA-Gabor techniques used on
CK+ datasets [33]. Image augmentation enhances data diversity but risks overfitting, af-
fecting scalability, as shown in data augmentation strategies in CNN-based models [34].
Laplacian of Gaussian aids edge detection but is noise-sensitive, impacting robustness, as
highlighted in edge-focused segmentation techniques [32]. Overall, selecting techniques
requires balancing these factors to optimize facial image processing.

Eight preprocessing techniques—Normalization, Noise Reduction, Illumination Cor-
rection, Alignment, Resolution Enhancement, Data Augmentation, Image Segmentation,
and Edge Detection—play a critical role in facial image analysis. Normalization ensures con-
sistent intensity distribution, as seen in CNN- and PCA-based approaches used on FERET
and UIVBFED datasets [20,30]. Noise reduction, such as Gaussian filtering and wavelet
methods, minimizes disruptions but may affect details, as demonstrated in DTCWT-based
edge detection [26]. Illumination correction, like histogram equalization, improves image
quality under varying lighting conditions but may amplify noise, as seen in FERET stud-
ies [23]. Alignment techniques, including landmark detection and HOGs, enhance feature
consistency on datasets like Radboud Faces and Sheffield [11,31]. Resolution enhancement,
though less common, is critical in PCA-based methods requiring detailed analysis [30]. Data
augmentation, such as flipping and cropping, increases diversity and robustness in CNN-
based experiments [34]. Image segmentation isolates key regions, improving accuracy in
facial expression analysis with edge detection and DTCWT [32]. Edge detection highlights
features but risks adding noise, as in Gabor Wavelets and Laplacian techniques [21,32].
Computational complexity measures the resources a method requires, with lightweight
approaches like Haar Cascade ideal for real-time systems [7]. Data dependence evaluates
reliance on data quality or quantity, with methods like CNN-HOG offering flexibility across
diverse datasets [28]. Resistance to disruptions assesses robustness against data distortions,
as shown in PCA with the GA [30]. Scalability checks a method’s ability to handle data
growth without performance loss, as demonstrated in the SAACS for large datasets like
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SWIMCAT and MGCD [10]. Techniques such as PSO combined with the Geodesic Path
Algorithm [35] and DTCWT with Pseudo-Zernike Moments [29] showcase innovations
in robustness and scalability, further extending the preprocessing applications in facial
recognition tasks.

Table 3 summarizes preprocessing techniques for facial images. Image normalization
is one of the most widely used preprocessing tasks followed by reducing noise and illumi-
nation correction. Preprocessing is effective in optimizing input images to take advantage
of the algorithm while compensating for the limitations of overcoming special domain
challenges. The combination that is well designed from preprocessing techniques and
algorithms is adjusted to the domain of the image to improve performance and ensure
reliability in various applications.

Table 3. Techniques for image preprocessing.

Ref.

Algorithm Preprocessing Activity
/Technique
(Image Domain)

NZ NR IC AL RE DA IS ED

[20]

CNN
(Digital images)

- - \/ - - - - -

[21]

Gabor Wavelets
(Facial image for real-time face detection)

[22]

Multi-view Co-evolutionary Binary Optimization and DNN
(2D facial image)

[23]

Histogram Equalization and CNN
(Grayscale facial image for robust recognition across different / / - - - - - -
lighting conditions, poses, and facial expressions)

[24]

Haar Cascade, HOGs, and CNN
(2D real-time facial for recognition authentication in smart v Vv V- - - - -
door lock systems)

[25]

Gabor Filters, Maximum Response, Monte Carlo
Uninformative, Variable Elimination, and PLSR
(2D facial images for real-world face detection v
and recognition)

[10]

SAACS
(Ground-based sky images for cloud type classification)

[26]

DTCWT
(2D facial image)

[11]

HOG, SIFT, Gabor, Canny, and CNN
(Digital multimedia images—watermarked images, logos, v v - v<£ - -
fingerprints, and facial images)

[7]

Haar Cascade and DNN
(Labelled wild facial images)

[27]

PSO
(Eye for biometric authentication)

[28]

CNN-HOG
(Fruit, frontal face, face attribute, and labelled facial images)

[29]

DTCWT and Pseudo-Zernike Moments
(Fingerprint for digital signature)

[34]

SVM amd CNN (VGG-16)
(2D facial image to evaluate facial asymmetry)
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Table 3. Cont.

Algorithm Preprocessing Activity
Ref. [Technique
(Image Domain) NZ NR IC AL RE DA IS ED
CNN-LSTM
[36] (2D facial image) ) Voo ) Voo ) %
PCA + Gabor and PCA + LBP
[33] (Facial expression) -V ) ) ) Y
[37] PCA and Collaborative-Representation-Based Classification J - ) ) ) ) )
(Face with sunglasses and scarf occlusion)
PCA and GA
1301 (3D facial expression and virtual facial expression) VoV v -V
CNN, LBPH, and HOGs
[38] (Radboud faces) Voo ) ) -V )
LBPH
[32] (Extended Yale Face B) Voo v v VY
[31] HOGs and landmark detection v - - N - - -
Auto-Encoder with Skip Connections
[3°] (Facial expression) vovovv ) ) }
Geodesic Path Algorithm, PCA, K-Nearest Neighbors, and
[35] SVM Y A VARV .

(Facial Recognition)

Note: NZ—Normalization, NR—Noise Reduction, IC—Illumination Correction, AL—Alignment, RE—Resolution
Enhancement, DA—Data Augmentation, IS—Image Segmentation, and ED—Edge Detection.

The content in the table shows that normalization is a fundamental preprocessing step,
ensuring consistent intensity distribution across a dataset, as used in CNN, DNN, and PCA
methods [20,22,30]. Furthermore, image segmentation and edge detection consistently
emerge as significant preprocessing activities, frequently used in methods such as HOGs,
DTCWT, and Gabor Wavelet, underlining their importance in feature extraction and image
analysis [21,26,32]. Noise reduction is another commonly used technique, particularly in
applications requiring better robustness to perturbations, such as in PCA-based and Auto-
Encoder methods [37,39]. Alignment is often applied to standardize image orientation,
frequently seen in techniques utilizing HOGs, CNN-HOG, and landmark detection [28,31].

4. Future Direction

Preprocessing techniques were applied steadily across the years, indicating a stable
focus on refining raw data before the data were used in the classification or recognition
tasks. After reviewing these preprocessing techniques, it becomes evident that data prepro-
cessing is indispensable for maintaining high accuracy in recognition and classification, and
there is an opportunity to explore more complex, hybrid approaches. Combining various
preprocessing techniques could lead to more robust algorithms that perform well across a
broader range of conditions and datasets.

Several future trends in techniques will emerge for facial image preprocessing as
technology evolves. The aim is to improve the performance of facial image analysis while
addressing challenges related to images, such as robustness to variations in lighting, pose,
occlusions, and environmental conditions. One of the techniques is deep learning for
end-to-end networks, which will reduce the need for manual or heuristic preprocessing
steps [40]. As for data augmentation, Generative Adversarial Networks can be used for
image enhancement. The CycleGAN technique could be used to transform low-quality
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References

images into high-quality ones or generate images that simulate ideal lighting or facial
expressions [41].

Image preprocessing techniques may become dynamic by adjusting facial image
normalization processes based on facial expressions. Fusion of Red—Green-Blue (RGB),
Depth, and Thermal Imaging may be an option to improve the robustness of facial image
preprocessing [42,43]. This fusion of modalities could lead to more accurate and reliable
preprocessing pipelines. In summary, facial image preprocessing techniques will likely
center around leveraging deep learning, generative models, and cross-domain adaptation
to overcome the challenges posed by the images.

5. Conclusions

This article emphasizes the significant role of image preprocessing in enhancing the
performance and accuracy of facial recognition and classification tasks between 2020 and
2024. During this period, consistently applying preprocessing and feature extraction tech-
niques in recognition and classification research highlights their foundational importance.
Future research should consider designing more sophisticated preprocessing pipelines that
integrate multiple techniques. For instance, combining preprocessing, feature extraction,
and selective feature selection techniques could address the limitations of each method,
such as handling noisy data, reducing computational complexity, and improving scalability.
Integrating advanced techniques such as deep learning-based preprocessing or domain
adaptation methods could enhance model performance, particularly in challenging real-
world scenarios. By focusing on these areas, future research can continue to push the
boundaries of what is possible in facial recognition and classification, ultimately leading
to more accurate and reliable algorithms. Overall, these interconnected trends will shape
the future of facial classification and recognition technologies, leading to more advanced,
equitable, and secure systems.
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