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Abstract − This study investigates the use of Singular Value Decomposition (SVD) as an image compression technique to
improve the efficiency of deep learning models for face mask classification. The proposed approach applies SVD-based
image compression using different values of k (k = 10, 30, and 50) prior to training a MobileNetV2 model. Experimental
results demonstrate that SVD-based compression can significantly reduce computational costs while maintaining high
classification performance. The model trained using k = 50 achieves the highest accuracy of 99.43%, slightly outperforming
the model trained using the original dataset. Furthermore, compressed datasets require shorter training times, with the
fastest configuration (k = 30) achieving a substantial reduction in training duration. The findings indicate that moderate
compression levels provide an optimal balance between computational efficiency and classification accuracy, whereas
excessive compression may lead to performance degradation due to the loss of important image features. In addition, the
training process exhibits faster convergence when compressed datasets are utilized, indicating improved learning efficiency.
Overall, the results confirm that SVD-based image compression is an effective preprocessing technique for enhancing deep
learning efficiency without significantly compromising classification accuracy.

Keywords − Singular Value Decomposition; Image Compression; MobileNetV2; Face Mask Classification; Deep Learning
Efficiency.

I. INTRODUCTION

RECENT advances in deep learning have signifi-
cantly improved the performance of image classi-

fication systems across various applications [1]. Con-
volutional Neural Networks (CNNs) and their mod-
ern variants have demonstrated remarkable capability
in extracting complex features from visual data with
high accuracy [2, 3]. However, the effectiveness of
deep learning models is often dependent on large-scale
datasets, which require substantial storage capacity and
computational resources. This challenge becomes more
critical in resource-constrained environments, where
limitations in hardware and memory can hinder the
training and deployment of deep learning models.

To address these challenges, efficient data repre-
sentation and compression techniques have become
increasingly important. One widely used method in
numerical analysis and signal processing is Singular
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Value Decomposition (SVD), a matrix factorization
technique that enables low-rank approximation and ef-
ficient data representation while preserving essential
structural information [4]. By retaining only the most
significant singular values, SVD enables data size re-
duction without significant loss of information.

Singular Value Decomposition (SVD) has been
widely applied in image compression and signal pro-
cessing because of its ability to generate low-rank ap-
proximations while preserving important structural in-
formation [4, 5]. However, limited research has inves-
tigated the impact of SVD-based dataset compression
on deep learning performance, particularly in balanc-
ing data efficiency and classification accuracy. Most
existing studies focus on conventional image compres-
sion techniques or model compression methods, such
as pruning and quantization, rather than dataset-level
compression using SVD [6, 7]. Recent studies have
demonstrated that low-rank and matrix decomposition
approaches can effectively reduce data redundancy and
improve computational efficiency in deep learning sys-
tems [8–11]. Nevertheless, the relationship between
SVD-based image compression and classification per-
formance remains insufficiently explored.
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In this study, SVD is applied as an image com-
pression technique to reduce dataset size prior to model
training. A MobileNetV2-based deep learning model
is selected due to its lightweight architecture and com-
putational efficiency, making it suitable for resource-
constrained applications [12–14]. Face mask classifica-
tion is used as a case study to evaluate the effectiveness
of the proposed approach [15–20].

The main contribution of this research is an analy-
sis of the trade-off between image compression levels
and deep learning performance. Specifically, the study
investigates how different levels of SVD-based com-
pression affect classification accuracy while reducing
dataset size. The findings provide valuable insights
into the potential of SVD-based data reduction for im-
proving computational efficiency without significantly
degrading model performance. This approach is par-
ticularly relevant for the development of efficient deep
learning systems in practical and resource-constrained
environments.

The remainder of this paper is organized as fol-
lows. Section II describes the proposed methodology.
Section III presents the results and discussion. Finally,
Section IV concludes the paper and outlines directions
for future work.

II. RESEARCH METHODS

This study adopts an experimental approach to evalu-
ate the effectiveness of Singular Value Decomposition
(SVD)-based image compression in improving the effi-
ciency of deep learning models for face mask classifi-
cation. The proposed methodology consists of several
stages, including dataset preparation, image prepro-
cessing, SVD-based compression, model training, and
performance evaluation. Different compression levels
are investigated to analyze the trade-off between com-
putational efficiency and classification accuracy. The
overall framework is designed to compare the perfor-
mance of MobileNetV2 trained on the original dataset
and on datasets compressed using different values of
the rank parameter k. Performance is assessed using
classification metrics, including accuracy, precision, re-
call, and F1-score, as well as training time to evaluate
computational efficiency.

i. System Overview

The overall workflow of the proposed system is illus-
trated in Figure 1. The process begins with dataset
preparation and preprocessing, during which the input
images are resized and normalized. Subsequently, the
dataset is divided into two processing paths, namely
the original dataset and the SVD-compressed dataset.

Input Dataset Data Pre-
processing

Original Dataset

SVD Com-
pression (k)

k = 10, 30, 50

MobileNetV2
Training

Performance Evaluation
(Accuracy, Precision,

Recall, F1 Score)

Comparison
Analysis

Figure 1: Overall workflow of the proposed SVD-based im-
age compression and classification system.

For the compressed dataset, Singular Value De-
composition (SVD) is applied to reduce the dimension-
ality of the image data while preserving its essential
features. Given a matrix A, the SVD can be expressed
as Eq. (1):

A =UΣV T (1)

where U and V are orthogonal matrices, and Σ is
a diagonal matrix containing singular values. SVD is
widely used in numerical analysis, signal processing,
and image compression [5].

To achieve data compression, a low-rank approx-
imation of the original matrix can be constructed as
shown in Eq. (2):

Ak =UkΣkV T
k (2)

where k represents the number of retained singular
values, Uk and Vk contain the first k columns of U and
V , respectively, while Σk contains the k largest singular
values. A smaller value of k results in higher compres-
sion but may lead to greater information loss, whereas
a larger value of k preserves more image details at the
expense of reduced compression.

In image processing, each image can be repre-
sented as a matrix. By applying SVD using Eq. (1),
the image matrix can be approximated using only the
largest singular values while discarding smaller ones.
This process reduces data dimensionality and enables
efficient compression while preserving the most impor-
tant image features.

To investigate the effect of compression on clas-
sification performance, SVD is applied using different
values of the rank parameter (k = 10, 30, and 50), re-
sulting in images with different compression levels.
The original and compressed datasets are subsequently
used for model training and evaluation.

For the classification task, MobileNetV2 is em-
ployed as the deep learning model. MobileNetV2 is a
lightweight convolutional neural network designed for
efficient computation in resource-constrained environ-
ments. It utilizes depthwise separable convolutions and
inverted residual structures to reduce computational
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complexity while maintaining competitive classifica-
tion performance.

Due to its efficiency and low computational re-
quirements, MobileNetV2 is well suited for applica-
tions requiring fast inference and reduced memory us-
age. In this study, it is used to evaluate the effectiveness
of SVD-based image compression for image classifi-
cation. Together, SVD-based compression and Mo-
bileNetV2 form the basis of the proposed approach,
where image data are compressed prior to model train-
ing.

The trained models are evaluated using several
performance metrics, including accuracy, precision, re-
call, and F1-score. Finally, the results obtained from
the different compression configurations are compared
to assess the impact of SVD-based image compression
on deep learning classification performance.

TensorFlow and Keras are used as the primary
frameworks for implementing and training the deep
learning model. These frameworks provide efficient
tools for building, training, and optimizing neural net-
work architectures for image-based applications.

ii. Dataset Preparation

The dataset used in this study consists of facial images
categorized into two classes: with mask and without
mask. The dataset was obtained from the Face-Mask-
Detection dataset published by Debargha Mitra Roy
on Kaggle [21]. It contains 19,345 images in total,
consisting of 9,608 images in the with-mask class and
9,737 images in the without-mask class.

All images are resized to 224 × 224 pixels to
match the input size required by the MobileNetV2 ar-
chitecture. Furthermore, image normalization is ap-
plied to scale pixel values into a suitable range for deep
learning processing.

The dataset is divided into training and testing
sets using an 80:20 ratio. Based on this split, approxi-
mately 15,476 images are used for training and 3,869
images are used for testing. The training set consists
of approximately 7,686 with-mask images and 7,790
without-mask images, while the testing set contains ap-
proximately 1,922 with-mask images and 1,947 without-
mask images. The dataset includes diverse variations in
lighting conditions, facial orientations, and background
settings to improve model robustness.

iii. SVD-Based Image Compression

In this study, Singular Value Decomposition is applied
as an image compression technique to reduce dataset
size prior to deep learning training. Each input image is
represented as a matrix and decomposed using Eq. (1).

To perform compression, only the top-k singular values
are retained while the remaining values are discarded.

This process produces a low-rank approximation
of the original image using Eq. (2), significantly reduc-
ing data size while preserving essential features. Three
compression levels are evaluated to analyze the trade-
off between data reduction and model performance:
1. k = 10 (high compression)
2. k = 30 (medium compression)
3. k = 50 (low compression)

Each image in the dataset is processed using this
approach to generate multiple compressed datasets cor-
responding to different values of k. The compressed
images are then reconstructed from the decomposed
matrices and used as input for model training. This
enables a comparative analysis between the original
dataset and compressed datasets in terms of classifica-
tion performance and computational efficiency.

iv. Deep Learning Model Architecture

In this study, a MobileNetV2-based deep learning
model is employed for image classification. Mo-
bileNetV2 is a lightweight convolutional neural net-
work designed for efficient computation [12, 13], mak-
ing it suitable for applications involving resource-
constrained environments.

The model architecture consists of several key
components. The input layer accepts images with a
size of 224×224×3. The feature extraction process
is performed using depthwise separable convolutions,
which significantly reduce the number of parameters
and computational cost compared to standard convolu-
tional layers.

MobileNetV2 introduces inverted residual blocks
with linear bottlenecks, which improve feature repre-
sentation while maintaining efficiency. Each block con-
sists of an expansion layer, depthwise convolution, and
projection layer. This structure enables the model to
learn meaningful features with reduced computational
overhead. The architecture is illustrated in Figure 2.

Input
Expansion

1 × 1 Convolution
(ReLU6)

Depthwise
3 × 3 Convolution

(ReLU6)

Pointwise
1 × 1 Convolution

(Linear)

Output

Residual connection

Figure 2: MobileNetV2 architecture showing inverted resid-
ual blocks and depthwise separable convolutions.

After feature extraction, a global average pooling
layer is applied to reduce the spatial dimensions of
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the feature maps. The output is then passed to a fully
connected layer for classification. Finally, a softmax ac-
tivation function is used to produce probability outputs
for two classes: with mask and without mask.

MobileNetV2 is selected in this study due to its
balance between classification accuracy and computa-
tional efficiency. This makes it an appropriate choice
for evaluating the impact of SVD-based image com-
pression on deep learning performance.

v. Training Configuration

The deep learning model is trained using the same con-
figuration across all datasets to ensure a fair compari-
son between the original dataset and SVD-compressed
datasets. The training process is performed using the
Adam optimizer with a learning rate of 0.001.

The batch size is set to 32, allowing efficient mem-
ory utilization while maintaining stable gradient up-
dates. The model is trained for a maximum of 50
epochs, while early stopping is employed to terminate
training automatically when validation performance no
longer improves.

All input images are resized to 224 × 224 pix-
els and normalized before being fed into the model.
The training process is conducted separately for each
dataset configuration, including the original dataset and
compressed datasets with k = 10, k = 30, and k = 50.

vi. Experimental Setup

The experiment was conducted using Python with Ten-
sorFlow/Keras on an Apple MacBook Pro equipped
with an Apple M3 chip (base model). The dataset con-
sisted of 19,345 images and was divided into training
and testing sets using an 80:20 ratio.

All configurations were kept identical for the
original and SVD-compressed datasets to ensure a
fair comparison. The model employed MobileNetV2
as the backbone architecture, with an input size of
224 × 224 × 3, the Adam optimizer, a learning rate
of 0.001, a batch size of 32, and a maximum of 50
epochs with early stopping.

For reproducibility, future implementations should
additionally report the exact software versions, random
seed initialization, validation strategy, and whether Ima-
geNet pre-trained weights were utilized during training.

III. RESULTS AND DISCUSSION

This section presents the experimental results obtained
from training the MobileNetV2 model using both the
original dataset and SVD-compressed datasets. The
objective is to analyze the impact of SVD-based image

compression on classification performance and compu-
tational efficiency.

i. Training Results

The model is trained with a maximum limit of 50
epochs across all configurations to ensure a consistent
experimental setup. Early stopping is applied so that
the training process can stop automatically when the
validation performance becomes stable and no longer
improves.

In practice, the training process stops before reach-
ing the maximum epoch limit in several configurations.
This indicates that the model converges earlier than the
predefined maximum number of epochs. In particu-
lar, SVD-compressed datasets tend to converge faster
compared to the original dataset, suggesting that com-
pression reduces data redundancy and simplifies the
learning process.

The model trained on the original dataset con-
verges at 30 epochs, while SVD-based datasets con-
verge significantly faster. Specifically, the model
trained with k = 50 converges at 16 epochs, k = 30
at 12 epochs, and k = 10 at 19 epochs. These results
indicate that SVD-based compression can accelerate
the learning process by reducing data redundancy and
simplifying feature representation.

ii. Performance Comparison

Table 1 presents the comparison of classification perfor-
mance and training efficiency obtained from the orig-
inal dataset and the SVD-compressed datasets using
different values of the rank parameter k.

Table 1: Performance Comparison of Original and SVD-
Compressed Datasets

Dataset Accuracy (%) Precision Recall F1-score Training Time (s)

Direct 99.12 0.9912 0.9912 0.9912 3043
SVD (k = 50) 99.43 0.9943 0.9943 0.9943 1615
SVD (k = 30) 99.33 0.9933 0.9933 0.9933 1243
SVD (k = 10) 95.66 0.9566 0.9566 0.9566 1893

The results presented in Table 1 demonstrate
that the proposed SVD-based image compression ap-
proach is capable of maintaining excellent classifica-
tion performance while significantly reducing computa-
tional requirements. Across all configurations, the Mo-
bileNetV2 model achieves high classification accuracy,
indicating that the essential discriminative features re-
quired for face mask classification are largely preserved
even after image compression.

Among all evaluated configurations, the dataset
compressed using SVD with k = 50 achieves the high-
est classification accuracy of 99.43%, slightly out-
performing the model trained on the original dataset,

https://journals2.ums.ac.id/emitor/article/view/17629


146 Emitor: Vol 26, No 2: July 2026

which achieves an accuracy of 99.12%. This finding
suggests that moderate image compression may act as
an implicit noise-reduction mechanism by removing
redundant or less informative image components while
preserving the dominant structural features required
for classification. As a result, the compressed dataset
may improve the model’s ability to generalize and re-
duce the influence of irrelevant information during the
training process.

Similarly, the configuration with k = 30 achieves
an accuracy of 99.33%, which remains comparable to
that of the original dataset. The small difference in
performance between the original dataset and the mod-
erately compressed datasets indicates that substantial
data reduction can be achieved without significantly
degrading classification capability. This observation
highlights the effectiveness of SVD in preserving the
most informative image characteristics through low-
rank approximation.

In contrast, the configuration with k = 10 exhibits
a noticeable decline in performance, achieving an ac-
curacy of 95.66%. Although this result still indicates
acceptable classification capability, the reduction in ac-
curacy suggests that excessive compression removes
important image information that contributes to fea-
ture extraction and decision making. Consequently, the
model encounters greater difficulty in distinguishing
between masked and unmasked faces when the com-
pression level becomes too aggressive.

The precision, recall, and F1-score values within
each configuration are nearly identical due to the bal-
anced nature of the dataset and the symmetric distri-
bution of classification errors. Since the numbers of
false positives and false negatives are relatively similar,
the evaluation metrics converge to comparable values.
This consistency indicates that the model maintains
balanced predictive performance across both classes
and does not exhibit a significant bias toward either the
masked or unmasked category.

From the computational perspective, the impact
of SVD-based compression is even more evident. The
original dataset requires 3043 seconds of training time,
whereas all compressed datasets achieve substantially
shorter training durations. The most efficient config-
uration is obtained with k = 30, requiring only 1243
seconds, corresponding to a reduction of approximately
59.15% in training time compared with the original
dataset. Meanwhile, the configuration with k = 50
requires 1615 seconds, representing a reduction of ap-
proximately 46.93%, while maintaining the highest
classification accuracy among all tested configurations.

These findings reveal an important trade-off be-
tween compression level, classification performance,

and computational efficiency. Moderate compression
levels (k = 30 and k = 50) provide a favorable bal-
ance by preserving classification accuracy while sig-
nificantly reducing training time. Therefore, these
configurations are particularly suitable for resource-
constrained environments where computational re-
sources, memory capacity, and energy consumption
are critical considerations.

Overall, the results confirm that SVD-based image
compression can effectively reduce data redundancy
and computational complexity while maintaining com-
petitive classification performance. The combination of
high accuracy and reduced training time demonstrates
the potential of SVD as an efficient preprocessing tech-
nique for deep learning applications involving large-
scale image datasets.

iii. Confusion Matrix Analysis

Figure 3 presents the confusion matrix of the model
using SVD compression with k = 30.

Figure 3: Confusion matrix of the model using SVD com-
pression with k = 30.

The confusion matrix shown in Figure 3 provides a
detailed visualization of the classification performance
achieved by the proposed MobileNetV2 model when
trained using the SVD-compressed dataset with k = 30.
The matrix indicates that the majority of samples from
both classes are correctly classified, while only a small
number of samples are assigned to incorrect categories.
This observation demonstrates the effectiveness of the
proposed compression approach in preserving the es-
sential image features required for accurate face mask
classification.

A closer examination of Figure 3 reveals that the
numbers of true positive and true negative predictions
are substantially higher than the numbers of false pos-
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itive and false negative predictions. This indicates
that the model is capable of accurately distinguishing
between images containing masks and those without
masks. The relatively small number of classification
errors further suggests that the compressed dataset re-
tains sufficient discriminative information for reliable
feature extraction and decision making.

The balanced distribution of correctly classified
samples across both classes also confirms that the
model does not exhibit a significant bias toward ei-
ther category. This observation is consistent with the
high precision, recall, and F1-score values reported in
Table 1. Since both classes achieve similarly strong
recognition performance, the resulting evaluation met-
rics remain highly consistent and indicate robust classi-
fication capability.

Furthermore, the confusion matrix provides addi-
tional evidence that moderate SVD compression does
not significantly degrade classification performance.
Although image compression reduces the dimensional-
ity of the input data, the dominant structural and visual
characteristics of facial images are still preserved. Con-
sequently, the deep learning model can continue to
identify relevant patterns associated with mask usage
without experiencing a substantial loss of predictive
accuracy.

Another important observation is that the misclas-
sified samples are likely associated with challenging
image conditions, such as variations in illumination,
facial pose, partial occlusions, image blur, or masks
that do not fully cover facial regions. Such conditions
can make feature extraction more difficult and may lead
to ambiguity during the classification process. Never-
theless, the relatively small number of errors indicates
that the proposed model remains robust under a wide
range of real-world scenarios.

iv. Classification Results

Examples of classification results obtained using the
trained model are shown in Figure 4.

As illustrated in Figure 4, the system is able to
correctly classify faces with and without masks under
various conditions. The classification results demon-
strate that the model can accurately identify the pres-

Figure 4: Classification results using the trained model.

ence or absence of masks, even under variations in
lighting conditions, facial orientations, image quality,
and background complexity. These results indicate
that the learned feature representations are sufficiently
robust to distinguish masked and unmasked faces de-
spite environmental variations that commonly occur in
real-world scenarios.

The predicted labels are displayed together with
confidence values, indicating the reliability of the
model predictions. In most cases, the confidence
scores are close to one, suggesting that the model has
a high degree of certainty when assigning class labels.
High confidence values are generally associated with
well-defined facial features and clear mask visibility,
whereas slightly lower confidence values may occur
in images containing challenging conditions such as
partial occlusion, non-frontal face poses, shadows, or
variations in illumination.

Furthermore, the qualitative results presented in
Figure 4 are consistent with the quantitative evaluation
metrics reported in Table 1. The high accuracy, preci-
sion, recall, and F1-score values indicate that the model
is capable of maintaining reliable classification perfor-
mance across different dataset configurations. This
consistency between qualitative observations and quan-
titative measurements further validates the effectiveness
of the proposed approach.

Another important observation is that the use of
SVD-based image compression does not visibly de-
grade the classification capability of the model at mod-
erate compression levels. Even though the compressed
images contain fewer data components, the essential
facial characteristics required for classification are still
preserved. Consequently, the model remains capable
of accurately distinguishing between masked and un-
masked faces while benefiting from reduced computa-
tional requirements.

The experimental results also demonstrate the po-
tential applicability of the proposed system in practical
deployment scenarios, such as public facility monitor-
ing, access control systems, healthcare environments,
transportation hubs, and other smart surveillance appli-
cations. The combination of SVD-based image com-
pression and MobileNetV2 provides an effective bal-
ance between computational efficiency and classifica-
tion accuracy, making the proposed approach suitable
for implementation on devices with limited processing
power and memory resources.

Overall, the classification results confirm that the
proposed framework successfully maintains high recog-
nition performance while reducing computational com-
plexity. This finding highlights the feasibility of inte-
grating image compression techniques into deep learn-
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ing pipelines to achieve more efficient and scalable
image classification systems.

v. Efficiency Analysis

In addition to classification performance, training time
is analyzed to evaluate computational efficiency. The
results summarized in Table 1 show that SVD-based
compression significantly reduces training time com-
pared to the original dataset.

The original dataset requires 3043 seconds for
training, whereas compressed datasets substantially re-
duce training duration. The fastest training process is
achieved at k = 30, requiring only 1243 seconds. This
reduction demonstrates that SVD effectively decreases
computational cost and accelerates model convergence.

vi. Trade-Off Analysis

The trade-off between compression level and classifica-
tion performance is clearly observed from the results
presented in Table 1. Moderate compression levels
(k = 30 and k = 50) maintain high accuracy while im-
proving computational efficiency.

Interestingly, the configuration with k = 50
achieves the highest accuracy, indicating that moderate
compression may help remove redundant information
and improve model generalization. However, excessive
compression at k = 10 leads to a noticeable decrease in
performance because important image features are lost
during the compression process.

The experimental results demonstrate that SVD-
based image compression is an effective preprocessing
technique for improving the efficiency of deep learning
models. The precision, recall, and F1-score values
remain nearly identical across all configurations due to
the balanced dataset and weighted averaging strategy.

Furthermore, the faster convergence observed in
SVD-compressed datasets highlights the advantage of
compression in simplifying the learning process. Over-
all, moderate compression levels provide an optimal
balance between efficiency and classification perfor-
mance, making SVD a promising approach for efficient
deep learning applications.

IV. CONCLUSION

This study investigated the use of Singular Value De-
composition (SVD) as an image compression tech-
nique to improve the efficiency of deep learning models
for face mask classification. The experimental results
demonstrated that SVD-based compression can signif-
icantly reduce computational cost while maintaining
high classification performance.

The model trained using SVD with k = 50
achieved the highest accuracy of 99.43%, slightly out-
performing the model trained on the original dataset. In
addition, SVD-compressed datasets required substan-
tially less training time, with the fastest configuration
(k = 30) achieving a significant reduction in computa-
tional time compared to the original dataset.

The results also indicated that moderate compres-
sion levels (k = 30 and k = 50) provide an optimal
balance between efficiency and accuracy. Furthermore,
the training process demonstrated faster convergence
for compressed datasets, suggesting that SVD helps
reduce data redundancy and simplify feature learning.
However, excessive compression (k = 10) led to a no-
ticeable decrease in performance, indicating the loss of
important image features.

Overall, this study confirms that SVD-based im-
age compression is an effective preprocessing tech-
nique for improving deep learning efficiency without
significantly compromising classification accuracy. Fu-
ture work may explore the integration of SVD with
other deep learning architectures and its application to
more complex image classification tasks.
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