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CORRESPONDENCE

Stunting is the impaired growth and development that children experience from poor nutrition,
repeated infection, and inadequate psychosocial stimulation. This study explores the impact of
data preprocessing, specifically using DeepLabV3+ segmentation, on the performance of
ResNet-50 in classifying stunting and non-stunting facial images. Initially, ResNet-50 achieved
99% accuracy and a 3.22% loss with the unsegmented dataset. By applying DeepLabV3+ to
remove irrelevant features and backgrounds, the model's performance improved to a perfect
100% accuracy and a reduced loss of 0.45%. These results underscore the importance of high-
quality data preprocessing in enhancing model precision and reliability. The findings have
significant implications for practical applications, particularly in medical imaging, where
improved diagnostic accuracy can benefit patient outcomes. Further research is recommended
to explore additional preprocessing methods and their effects on model performance across
diverse domains. This study highlights the transformative potential of effective data
preprocessing in optimizing deep learning models for more accurate and reliable machine

learning solutions.
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INTRODUCTION

Stunting is the impaired growth and development that children
experience from poor nutrition, repeated infection, and
inadequate psychosocial stimulation. If a child's height for age is
more than two standard deviations below the median of the WHO
Child Growth Standards, they are considered stunted [1].
Accurate identification and classification of stunting through
facial image analysis can significantly aid early intervention and
treatment. Our previous research successfully presented the
classification results of stunting and normal facial images in
children using a CNN architecture. This study investigates the
role of advanced data preprocessing techniques, specifically. In
recent years, deep learning techniques have demonstrated
significant potential in automating classification tasks based on
facial images [2]. Our previous research successfully presented
the classification results of stunting and normal facial images in
children using a CNN architecture. Facial recognition technology
has advanced significantly, and identification applications such
as convolutional neural networks (CNN) have demonstrated
outstanding performance in facial recognition applications [3].
Here, we aim to increase the percentage of accuracy obtained in
our previous research by using the segmentation method to see
the facial characteristics of stunted children based on several
facial recognition studies [4] [5] [6].

We created a facial recognition system to identify stunting in
children using deep learning and segmentation methods to
recognize stunting characteristics through facial images. The

https://doi.org/10.25077/jnte.v13n3.1253.2024

research utilizes the CRISP-DM methodology for data
processing, as indicated in the study [3]. Various classification
models were tested on the data, including Support Vector
Machine - Linear Kernel (SVM-Linear), Support Vector Machine
- RBF Kernel (SVM-RBF), Random Forest Classifier (RFC),
AdaBoost (ADA), Logistic Regression (LR), Linear Discriminant
Analysis (LDA), Quadratic Discriminant Analysis (QDA), K-
Nearest Neighbor (KNN), Classification and Regression Trees
(CART), Naive Bayes (NB) and Neural Network (MLPC) Study
aims to optimize machine learning (ML) performance through
classification analysis to determine nutritional status. The
Multilayer Perceptron (MLP) algorithm and the Artificial Neural
Network (ANN) approach are employed in the ML classification
analysis process as detailed in the study [7].

The segmentation approach method used is the ResNet-50 and
DeepLabV3+ architecture [8] [9] [10]. This strategy was chosen
due to this architecture's proven robustness and performance in
various computer vision tasks. ResNet-50 is one of the most
widely used deep-CNN models for extracting attributes from
facial images [11]. At the same time, DeepLabV3+ has been
successful in tasks such as fabric defect detection and semantic
segmentation. The model uses different backbone networks, such
as ResNet-18, ResNet-50, and Mobilenetv2, and illustrates high
performance on PASCAL VOC 2012 and Cityscape test sets [12].
This research carefully analyzes the performance of ResNet-50
and DeepLabV3+ in stunting and non-stunting recognition. The
results will be examined to determine whether the Deeplabv3+
segmentation method can improve accuracy. The hope is that
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these methods can become a reference in classifying stunting and
non-stunting. The decision to consider algorithms other than
DeepLabv3+ for segmenting the stunting spectrum facial dataset
arose from the need to identify the most appropriate method,
considering factors such as algorithm compatibility, performance
evaluation criteria, feature extraction requirements, and potential
originality. Although DeepLabv3+ is effective in semantic
segmentation tasks, its structure and specific features may not
align with the dataset's characteristics [13]. This requires
exploring alternative algorithms that may offer superior
performance or new insights. By exploring uncharted territory
using algorithms not previously used in this context, there is an
opportunity to discover innovative methodologies and potentially
improve our understanding of facial spectrum attributes in
stunting, thereby driving progress in this field [14].

This research offers valuable contributions to the field by
illustrating an effective segmentation strategy to maximize the
accuracy of classifying stunted faces. Furthermore, it provides a
comprehensive analysis of the performance of the ResNet50
model when implemented with semantic
techniques.

segmentation

METHODS

This study evaluates the performance of ResNet-50 in classifying
stunting and normal datasets, both before and after implementing
DeepLabv3+, as displayed in Figure 1. Starting with a
comparative benchmark, where ResNet-50 serves as the baseline
model for the stunting face dataset classification. ResNet-50
demonstrates commendable accuracy and
identifying facial features associated with stunting. However, to
further improve the classification performance, this study
incorporates DeepLabv3+ for segmentation. DeepLabv3+
segmentation enhances the model's understanding of facial
structure and image spatial analysis. Ultimately, our combined
approach outperforms stand-alone ResNet-50, highlighting the
potential of advanced segmentation techniques for classification

efficiency in

accuracy of stunting face datasets.
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ResNet-50

ResNet-50 is a 50-layer convolutional neural network (CNN)
architecture that is widely used in various computer vision tasks,
including image classification and object detection [15]. Figure 2
provides a detailed architecture of ResNet-50. The architecture is
based on residual learning, which allows the network to learn
learning unreferenced functions [16]. ResNet-50 is a variant of
the ResNet convolutional neural network with 50 layers. [17].
ResNet50 was previously trained on ImageNet, which is
composed of a large number of around 1.5 million natural scene
images [18]. This figure also demonstrates the significant layers
of the major layers of ResNet-50, namely: 3 x 3 conv 64, 3 x 3
conv 128, 3 x 3 conv 256, 3 x 3 conv 512, feature vector map, etc
[19]. The equations for the ResNet-50 model can be described
using the following mathematical equation (1). Building Block:

fX) =c(Wle(W1 X + B1) + B2) (1)
where X is the input, W1 and W2 are the

matrices, Bl and B2 are the bias terms, and ois the ReLU
activation function.

weight

The residual connection can be determined by equation (2).
fQO+X (@)

where f(X) is the output of the convolutional layers in the
building block, and X is the input to the block. The output value
can be determined by equation (3)

Output = Average Pooling x Fully Connected Layer 3)

where Average PoolingAverage Pooling is the average pooling
layer, and Fully Connected LayerFully Connected Layer is the
fully connected layer for classification. These equations describe
the basic components and structure of the ResNet-50 model. The
specific implementation details may vary depending on the
programming language and framework used.
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Figure 2 DeepLabV3+ framework.
DeepLabV3+

DeepLabv3+ is currently one of the best semantic segmentation
algorithms available [20]. Deeplabv3+ is a semantic
segmentation model designed to tackle the problem of
segmenting complex images into different classes. It is an
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advanced neural network architecture that builds upon the
previous DeepLab models, offering enhanced accuracy and
efficiency in segmenting fine details and object boundaries [21].
Deeplabv3+ uses ResNet-50 as its backbone network, a deep
neural network architecture designed to address the vanishing
gradient problem in intense networks [22]. Based on DeepLabv3,
this technique forms an encoding-decoding structure by
integrating a straightforward and efficient decoder. DeepLabV3+
consists of two main components: an encoder and a decoder. The
encoder includes a backbone feature extraction network and an
atrous spatial pyramid pooling (ASPP) structure. The decoder
uses low-level features from the backbone feature extraction
network and up-samples them to generate pixel-by-pixel
classification results that match the size of the input image. [23].

Dataset

The dataset was derived from the results of previous research [3]
and comprises two categories: stunting and non-stunting.
Examples of datasets from two categories can be seen in Figure
2. Each category contains an equal number of images, with 1.218
images in the stunting category and 1.218 images in the non-
stunting category, making a total of 2.436 images. These images
are focused on children's faces and were meticulously gathered
by the author of this paper. The primary objective of collecting
these images is to facilitate research into the physical
manifestations and potential diagnostic indicators of stunting, a
significant health issue characterized by impaired growth and
development in children due to chronic malnutrition. By
maintaining an equal number of images in both categories, the
dataset ensures a balanced representation, which is crucial for
training and evaluating machine learning models. This balance
aids in reducing bias and enhances the accuracy and reliability of
any predictive analysis or diagnostic tools developed using these
datasets [24].

2682

{a)

2448

Figure 2 (a) Dataset of stunted children (b) Dataset of non-
stunted children

Accuracy

Scikit-learn manages the performance evaluation aspect, utilizing
metrics based on the “Confusion Matrix” to assess the binary
classification model’s performance. Key metrics contributing to
the performance evaluation include: (i) False Positive (FP): when
the data is negative but the model predicts positive; (ii) False
Negative (FN): when positive data is predicted as negative by the
model, and (iii) True Positive (TP): when both the data and the
model predict positive. Accuracy measures the model's ability to
function correctly [25], with the trained model reflecting the
actual system performance. System performance is evaluated
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using Accuracy, Recall, Precision, and F-Score metrics. These
metrics are derived from the four possible combinations of actual
and predicted values to assess the classification system's
performance with two output classes [26].

e Accuracy:

TP+TN

evrnerpien ()
e  Recall:
e @
e Precision:
TPT-:)FP &)

e  F-score:
Recall xXPrecision
Recalisprecision
RESULTS AND DISCUSSION

Previous research on object segmentation in facial images has
used various approaches, such as Mask R-CNN for complex
object segmentation, but is less efficient for data with high
background variation [27] [28]. Additionally, methods like U-Net
show good results in medical segmentation, but their performance
decreases on non-medical images with non-uniform textures. In
the context of stunting detection, research using CNN architecture
often focuses on classification without optimizing the
segmentation of relevant facial features [29] [30] [31]. In a
prominent detection context, research using CNN offen
architecture focuses on classification without optimizing relevant
facial feature segmentation. In this study, we used Deeplabv3+
with ResNet-50 algorithms. This approach allows the
identification of more accurate facial features in surprising
children with a complex background. These results expand
previous research by providing high-quality segmentation,
especially for facial analysis in a prominent context.

Here, tests will be conducted to assess the impact of data
preprocessing, particularly DeepLabV3+ segmentation, on the
performance of ResNet-50 in classifying stunted and non-
stunting facial images, as illustrated in Figure 2. Using an
unsegmented dataset, ResNet-50 achieved a high accuracy of
99% and a loss of 3.22%. These results demonstrate that ResNet-
50 can effectively classify images even with extraneous features.

The model's performance improved significantly after applying
the DeepLabV3+ segmentation technique, which removes
irrelevant backgrounds and focuses on critical facial features. The
accuracy reached 100%, and the loss dropped drastically to
0.45%. These enhancements in accuracy and loss metrics provide
evidence of substantial improvements in model precision and
reliability due to the refined dataset.
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Figure 3. DeepLabV3+ architecture [32]

Table 1, Figure 1, and Figure 2 summarize the study's key
findings. The results highlight the transformative impact of
preprocessing on model performance, emphasizing that
segmentation can significantly reduce errors and improve
classification accuracy.

The primary hypothesis of this study was that preprocessing
techniques, specifically DeepLabV3+ segmentation, would
significantly enhance the performance of ResNet-50 in
classifying stunting and non-stunting facial images. The findings
support this hypothesis, demonstrating that segmentation can
refine datasets by removing irrelevant features, allowing the
model to focus on the critical aspects necessary for accurate
classification. DeepLabV3+ has also been successfully applied in
human face segmentation tasks, demonstrating high accuracy and
efficiency in capturing fine details and object boundaries.
ResNet-50 itself is one of the best models for image classification
tasks. This study makes a unique contribution by being one of the
first to apply ResNet-50 in combination with DeepLabV3+
segmentation for classifying stunting and non-stunting facial
images. Previous research in this domain has typically employed
other deep-learning architectures and preprocessing techniques.
While these studies have demonstrated the importance of
preprocessing and model selection in improving classification
accuracy, none have specifically combined ResNet-50 with
DeepLabV3+ segmentation for this particular task.

Earlier studies [3] have used simpler convolutional neural
networks (CNNs) or other segmentation methods that do not offer
the same level of sophistication or performance improvement as
DeepLabV3+. These approaches have demonstrated moderate
success in classifying medical images; however, they frequently
require further enhancement to effectively manage the
complexity and variability inherent in facial images associated
with stunting and non-stunting conditions. By contrast, the
approach of this study leverages the powerful residual learning
capabilities of ResNet-50 and the advanced segmentation
prowess of DeepLabV3+, setting a new benchmark in this field.
The significant improvements in accuracy and loss metrics
underscore the effectiveness of our methodology.
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The implications of this study are significant both theoretically
and practically. Theoretically, it reinforces the importance of
advanced data preprocessing techniques in deep learning
workflows. By demonstrating that DeepLabV3+ segmentation
can lead to perfect classification accuracy, this study highlights
the need for robust preprocessing to enhance model performance.
This has broad applications across various domains where precise
image classification is essential, such as medical diagnostics,
facial recognition, and autonomous driving. The results suggest
incorporating sophisticated preprocessing steps like segmentation
can lead to more reliable and accurate machine-learning models.
In medical imaging, for instance, improved model accuracy can
enhance diagnostic capabilities, leading to better patient
outcomes. The approach demonstrated in this study can be
extended to other medical conditions and imaging techniques,
potentially transforming diagnostic processes by providing more
precise and reliable assessments. These practical implications
underscore the potential impact of our research in real-world
settings.

Table 1. Performance Metrics Before and After Segmentation

. Before After
Metric . .
Segmentation Segmentation
Accuracy (%) 99 100
Loss (%) 3.22 0.45

Training and Validation using ResNet-5 before
Segmentation

The training and validation process for detecting stunting and
non-stunting in facial images using ResNet-5 involved a well-
prepared dataset of 1.218 images for each class. Despite its good
quality, this dataset included unimportant features and unrelated
elements before segmentation. These extraneous details could
interfere with the model's ability to accurately learn the
distinguishing characteristics of stunting versus non-stunting
faces. ResNet-5, a simplified version of the deeper ResNet
architectures, was chosen for this task due to its efficiency and
effectiveness in handling image classification tasks. The model
was trained on this dataset, and rigorous validation was conducted
to ensure its performance and generalization capabilities. The
training process involved feeding the images into the model,
allowing it to learn the patterns and features associated with each
class. The model's predictions were compared against the actual
labels during validation to evaluate its accuracy and loss.

Remarkably, the training and validation yielded an impressive
accuracy of 99% and a loss of 3.22%. This high accuracy
indicates that the model could distinguish between stunting and
non-stunting faces precisely. The relatively low loss further
supports the model's reliability and minimizes prediction errors.
However, it's important to note that these results were achieved
before the segmentation of the images. The presence of unrelated
and unimportant features in the dataset likely presented additional
challenges, making the high performance even more noteworthy.
Segmentation, which involves isolating the relevant parts of the
images, would likely enhance the model's performance by
eliminating noise and focusing on the critical features needed for
accurate classification. This step would streamline the dataset,
ensuring that the model is trained on the most pertinent
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information, potentially improving accuracy and loss metrics
further. This result's plot is displayed in Figures 4 and 5.
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Figure 4. The loss curve before segmentation

Figure 5. The accuracy curve before segmentation

Training And Validation using ResNet-50 with
segmentation using DeepLabV3+

Figures 6 and 7 below show the loss and accuracy curves, which
are the relationship between epoch and loss using the ResNet-50
architecture after segmentation. In the second phase of training
and validation, the same ResNet-50 model and methodology were
employed, but with a crucial addition: the segmentation technique
using DeepLabV3+. This advanced segmentation approach was
utilized to remove backgrounds and extraneous features from the
dataset, isolating the relevant facial regions essential for the
study. By applying DeepLabV3+, the dataset was refined to focus
solely on the pertinent aspects of the images, eliminating noise
and unrelated elements that could interfere with the model's
learning process.
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Figure 6. The loss curve after segmentation
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Figure 7. The accuracy curve after segmentation

As a result of this segmentation, the model's accuracy increased
to an impressive 100%, and the loss decreased to just 0.45%. This
significant improvement in performance underscores the
importance of data preprocessing in machine learning tasks. The
perfect accuracy indicates that the model could distinguish
between stunting and non-stunting faces without errors.
Similarly, the markedly lower loss substantially reduces
prediction errors, demonstrating the model's enhanced reliability
and precision.

This outcome highlights the efficacy of segmentation techniques
like DeepLabV3+ in improving the dataset's quality. By
removing unnecessary features, the model could focus more
effectively on the critical characteristics required for accurate
classification. This simplifies the learning process and enhances
the model's overall performance, as evidenced by the perfect
accuracy and minimal loss in this second training and validation
phase. The plot of these results is illustrated in Figure 6 and
Figure 7.

CONCLUSIONS

Object segmentation using DeepLabv3+ with ResNet-50 on
stunted children's facial images significantly improves the
model's classification performance. By utilizing segmentation to
highlight relevant features on facial images, the model achieves
high accuracy and lower loss than data without segmentation.
These results underscore the importance of segmentation-based
data preprocessing in enhancing the effectiveness of the machine
learning pipeline.

This approach has important implications, particularly in medical
image analysis, with the potential to improve diagnostic accuracy.
Additionally, this method opens up opportunities for application
in various domains that require high-precision image analysis,
such as facial recognition and other computer vision-based
systems.
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NOMENCLATURE

The meaning of symbols used in the equations and other symbols
presented in your article must be presented in this section.

o ReLU activation
w weight matrices
B the bias terms
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