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Jodo Victor Morgado, Virgilio de Melo Langoni, Carlos Rafael Nogueira da Silva

Abstract— This paper employs the NIH ChestX-rayl4 dataset
to compare the VGG16 and InceptionV3 architectures for multi-
label chest X-ray classification. The impact of CLAHE-based con-
trast enhancement on convolutional neural network performance
is investigated. Transfer learning was applied using ImageNet-
pretrained weights. ROC curves and AUC metrics were used
to assess classification performance, highlighting the influence
of preprocessing and architectural design on medical image
analysis. The results show that InceptionV3 outperforms VGG16,
while CLAHE-based preprocessing improves the classification
performance of both architectures.
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I. INTRODUCTION

Deep learning techniques have significantly advanced com-
puter vision applications in medical imaging [1], [2], partic-
ularly for chest radiography-based Computer-Aided Diagno-
sis (CAD) systems. Convolutional Neural Networks (CNNi)
have demonstrated remarkable capability to automatically ex-
tract complex visual features directly from raw pixel data,
thus minimizing the need for hand-crafted feature extraction.
Among publicly available medical imaging repositories, the
NIH ChestX-rayl4 dataset [3] has become a benchmark for
evaluating deep learning models due to its large scale and
multi-label nature. However, this dataset presents significant
challenges, including severe class imbalance and substantial
overlap among disease patterns, which can hinder model
generalization.

Recent studies have shown that image preprocessing tech-
niques can significantly enhance CNN performance in radio-
graphic analysis. In particular, Contrast Limited Adaptive His-
togram Equalization (CLAHE) [4] has been widely employed
to improve local contrast and sharpen edge definition, enabling
the extraction of subtle pathological features.

In this context, this study conducts a comparative analysis
between VGG16 [5] and InceptionV3 [6], both fine-tuned via
transfer learning, for multi-label chest X-ray classification.
Specifically, the impact of CLAHE preprocessing on classi-
fication performance is evaluated through Receiver Operating
Characteristic (ROC) curves and Area Under the Curve (AUC)
metrics.

Jodo Victor Morgado, Virgilio de Melo Langoni and Carlos Rafael
Nogueira da Silva are with the Federal University of Tridngulo Mineiro
(UFTM), Uberaba-MG, Brazil. E-mails: d202310294 @uftm.edu.br, vir-
gilio.langoni @uftm.edu.br, carlos.nogueira@uftm.edu.br. This work was sup-
ported by CNPq.

II. METHODOLOGY

This section presents the methodological framework
adopted in this study, including the dataset description, image
preprocessing procedure, preprocessing evaluation metrics,
CNN architectures, training strategy, and classification perfor-
mance metrics used throughout the experimental analysis.

A. Dataset

The experiments were conducted using the NIH ChestX-
rayl4 dataset [3], which contains more than 100,000 chest
radiographs associated with 14 thoracic pathologies. Due to
the multi-label nature of the dataset, a single image may
simultaneously present multiple pulmonary abnormalities.

In this work, only PA-view (posteroanterior) radiographs
were considered to ensure geometric consistency during train-
ing. Additionally, the majority “No Finding” class was ran-
domly under-sampled to reduce class imbalance and mitigate
classification bias. To reduce multi-label complexity, only
images containing up to two simultaneous pathologies were
selected.

To further address class imbalance, minority classes such as
Hernia and Edema were balanced through random oversam-
pling during the training stage by replicating underrepresented
samples. This strategy increased the representation of rare
pathologies during optimization, reducing bias toward majority
classes.

B. Image Preprocessing

All chest radiographs were resized to the native input
dimensions of each architecture (224 x 224 for VGG16 and
299 x 299 for InceptionV3). Furthermore, pixel intensities
were normalized according to the preprocessing requirements
of each pre-trained network.

To enhance local contrast and improve the visibility of
subtle anatomical structures in chest radiographs, CLAHE was
employed. As illustrated in Fig. 1, the preprocessing procedure
improved edge definition without excessive noise amplifica-
tion. Following preprocessing, both entropy and Laplacian
variance increased considerably. These metrics, which corre-
late with image sharpness and information content, indicate
that local contrast and edge visibility were enhanced.

C. Preprocessing Evaluation Metrics

Two image quality metrics were used to quantify the
influence of CLAHE preprocessing: Shannon entropy and
Laplacian variance [7]. Shannon entropy was used to quantify
information content and grayscale diversity, while Laplacian
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Fig. 1. Comparison between original and CLAHE-preprocessed chest
radiographs.

variance was used to estimate image sharpness and edge

enhancement.
Shannon entropy is defined as

L—-1
— > p(i) logy p(i), M
1=0

where p(i) represents the probability distribution of grayscale
intensity level 1.
The variance of the Laplacian operator is defined as

N
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where L; denotes the Laplacian response at pixel ¢, py, is the
mean Laplacian value, and NNV is the total number of pixels.

These measurements were calculated before and after pre-
processing to evaluate the impact of CLAHE on image sharp-
ness, contrast enhancement, and information content.

D. CNN Architectures

Deep learning architectures have been extensively applied
to chest X-ray analysis in recent years. CNN-based approaches
such as VGGNet, ResNet, DenseNet, and Inception archi-
tectures have demonstrated strong performance in pulmonary
disease detection tasks [5], [6]. In this work, two convolutional
neural network architectures were evaluated: VGG16 and
InceptionV3. Both models were trained using transfer learning
from ImageNet pre-trained weights.

The VGGI16 architecture is recognized for its sequential
convolutional structure and ability to extract fine texture pat-
terns from medical images [5]. Fig. 2 illustrates a simplified
representation of the VGG16 architecture, where convolutional
layers are sequentially stacked to progressively extract low-
and high-level visual features.

On the other hand, InceptionV3 employs multi-scale con-
volutional modules capable of extracting features at different
spatial resolutions while maintaining reduced computational
complexity [6]. As illustrated in Fig. 3, the architecture
processes feature maps through parallel convolutional paths
with different kernel sizes.

To support multi-label classification of 14 thoracic diseases,
custom fully connected layers composed of dense, dropout,
and sigmoid activation layers were added to the original
architectures.
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Fig. 2. Simplified representation of the VGG16 architecture. Source: [8].
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Simplified representation of the InceptionV3 architecture. Source:

E. Training Strategy

During the first training stage, only the classification head
was trained while the convolutional backbone remained frozen.
Subsequently, fine-tuning was performed by unfreezing the
deeper convolutional blocks of each architecture using a lower
learning rate to adapt the feature extraction process to chest
radiograph patterns.

Binary cross-entropy is widely used in multi-label classifi-
cation tasks due to its probabilistic interpretation and optimiza-
tion stability [10]. Due to the severe class imbalance present
in the NIH ChestX-rayl4 dataset, a weighted binary cross-
entropy loss function was adopted during training to mitigate
bias toward majority classes.

The weighted loss function is defined as

N
Z w;y; log( yz + (1 - yi) log(1 — Z)z)) s 3)

where y; represents the ground-truth label, ¢; is the predicted
probability, and w; denotes the positive class weight associated with
each pathology class.

F. Classification Performance Metrics

To evaluate the classification performance of the proposed
models, ROC curves and the AUC metric were employed.
ROC analysis enables the assessment of the trade-off between
sensitivity and specificity across different decision thresholds,
while AUC provides a quantitative measure of the overall
discriminative capability of the classifier. These metrics are
particularly suitable for multi-label and imbalanced medical
imaging datasets, where classification performance must be
evaluated independently of a fixed threshold.
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Fig. 4. Comparison of per-class ROC curves obtained using the VGG16
architecture before and after CLAHE preprocessing.

III. EXPERIMENTAL RESULTS
A. Impact of CLAHE Enhancement

The CLAHE preprocessing stage produced considerable
improvements in both image sharpness and local contrast.
Quantitative analysis revealed substantial increases in Shannon
entropy and Laplacian variance after preprocessing, indicating
enhanced edge definition and improved representation of local
image details in chest radiographs.

Table I summarizes the average entropy and Laplacian
variance values obtained before and after preprocessing.

TABLE I
AVERAGE ENTROPY AND LAPLACIAN VARIANCE BEFORE AND AFTER
CLAHE PREPROCESSING.

Metric Original CLAHE Gain (%)
Entropy 7.4613 7.6215 +2.15%
Laplacian Variance 373.22 938.29 +151.40%

The increase in entropy suggests a more uniform grayscale
intensity distribution and greater information richness af-
ter preprocessing. Additionally, the considerable increase in
Laplacian variance indicates substantial enhancement of high-
frequency anatomical structures and edge definition.

These improvements are particularly relevant for chest X-
ray analysis, since subtle pulmonary abnormalities often ex-
hibit low local contrast and poorly defined boundaries.

B. ROC Curve Analysis

Figures 4 and 5 present the ROC curves obtained for the
evaluated CNN architectures under both original and CLAHE-
preprocessed conditions. CLAHE preprocessing enhanced
local contrast, emphasizing relevant radiographic features and
improving the classification performance of both models. The
ability to extract multi-scale features allowed InceptionV3
to achieve superior classification performance compared to
VGG16.

The multi-scale feature extraction capability is particularly
important in chest radiography analysis, since pathological
findings can exhibit significant variations in size, shape, and
intensity distribution.

IV. CONCLUSION

This work presented a comparative analysis between the
VGG16 and InceptionV3 architectures for multi-label chest
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Fig. 5. Comparison of per-class ROC curves obtained using the InceptionV3
architecture before and after CLAHE preprocessing.

X-ray classification using the NIH ChestX-ray14 dataset. The
experimental results demonstrated that CLAHE preprocess-
ing considerably improved image quality, as evidenced by
increased entropy and Laplacian variance, indicating enhanced
local contrast and sharper anatomical structures, which in
turn positively impacted classification performance. Both CNN
models benefited from this preprocessing stage, with Incep-
tionV3 achieving superior performance, particularly in low-
contrast pathological patterns, due to its multi-scale feature
extraction capability.

Overall, the obtained results suggest that combining
CLAHE preprocessing with transfer learning-based CNN ar-
chitectures represents a promising approach for computer-
aided diagnosis systems in chest radiography. Future work
will involve evaluating additional deep learning architectures,
data augmentation techniques, and attention mechanisms for
improved pathological feature localization.
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