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ABSTRACT

Chest X-ray diagnosis is delayed because of the increas-
ing workload faced by radiologists and the intrinsic ten-
dency of deep learning models to produce false positive
detections. This paper proposes a lightweight multi-modal
deep learning framework to address these challenges. Po-
tential disease regions are identified using a YOLOvV5 ob-
ject detector, and a binary classifier based on an Effi-
cientNet architecture with transfer learning is employed.
The main role of the classifier is to remove the detector’s
false positive predictions. On the VinDr-CXR benchmark
(18k chest X-rays, 14 abnormality types, expert bounding
boxes), the proposed system obtains a mean average pre-
cision (mAP) of 0.246. This results in a relative improve-
ment of 69% over the baseline YOLOv5 detector (mAP
0.145) and is significantly better than the performance of
the standalone YOLOv5 (mAP 0.145) and Faster R-CNN
(mAP 0.142). Using a two-stage cascade of a YOLOv5
detector and an EfficientNet-based classifier with trans-
fer learning, the accuracy of disease localization in chest
X-rays is significantly improved. This approach improves
the reliability of computer-aided diagnostic workflows by
reducing false positives and does not require large-scale
pretraining or complex transformer architectures.
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1. INTRODUCTION
The COVID-19 pandemic resulted in millions of deaths

worldwide, and many survivors experienced long-term
respiratory complications. Patients’ lungs were the most
severely affected organs, a leading cause of COVID-related
mortality. Chest X-rays became a primary diagnostic tool
for assessing lung damage. However, the surge in pa-
tient volumes overwhelmed healthcare systems [31], and
physicians reported inadequate care due to shortages of
staff, protective equipment, and testing facilities [16} [35].
Since the pandemic, the use of computer-aided diagnostic
(CAD) tools—particularly those based on artificial intel-
ligence—has increased. These methods have proven effec-

tive for disease prediction, enabling preliminary triage and
rapid isolation of critical cases.

Despite these advances, automated analysis of medical
images (X-ray, MRI, CT, etc.) remains highly challeng-
ing. Achieving performance comparable to radiologists
requires sophisticated algorithms and extensive domain
knowledge. Deep learning has paved the way for accurate
detection of chest X-ray abnormalities, supported by sev-
eral state-of-the-art datasets. While disease identification
aids early treatment, precise localization of abnormalities
can further reduce radiologists’ workload by highlighting
regions of interest for review.

Existing approaches primarily focus on classifying chest
X-rays as normal or abnormal, but rarely address localiz-
ing the affected region. This work aims to localize disease
areas with high precision. Localization requires datasets
with reliable ground truth bounding boxes. Among pub-
licly available resources, VinDr-CXR [2I] provides one of
the most comprehensive collections, containing 22 types of
findings annotated by professional radiologists. This study
focuses on 14 abnormality types and their bounding box
locations.

A two-stage CNN-based system is developed to pre-
dict and localize chest diseases from X-ray images using
VinDr-CXR. First, a YOLO [26]-based object detector is
deployed to identify candidate disease regions. Second, a
transfer learning-based binary classifier (EfficientNet [33])
is incorporated to prune false positive bounding boxes pro-
duced by the detector. This two-stage process achieves
high-precision localization.

The major contributions of this work are:

(1) Fine-tuning a YOLOv5 model to simultaneously de-
tect and localize 14 types of thoracic abnormalities
from chest X-rays.

(2) Developing a false-positive pruning filter using an
EfficientNet-based binary classifier, which signifi-
cantly reduces spurious bounding box predictions on
healthy X-rays.

(3) Employing transfer learning from the ChestX-Ray8
dataset to improve binary classifier accuracy with
minimal additional training.

(4) Achieving a mean average precision (mAP) of 0.246,
outperforming standalone YOLOv5 (mAP 0.145) and
Faster R-CNN (mAP 0.142) on the VinDr-CXR
benchmark.
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(5) Analyzing predicted disease area distributions and
heat maps, which demonstrate substantial overlap
with ground truth locations, confirming the accuracy
of the proposed approach.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 presents a high-level
overview of the proposed approach. Section 4 describes the
proposed methodology in detail. Section 5 reports exper-
imental results. Section 6 concludes with a summary and
directions for future work.

2. RELATED WORK

This section reviews prior work in chest X-ray analysis,
organized by theme: classification-only methods, datasets
and the annotation gap, image augmentation limitations,
object detection and localization, false positive reduction,
and recent transformer or foundation models. The gap ad-
dressed by the proposed multi-modal verification pipeline
is then identified.

Early deep learning efforts focused on classifying chest
X-rays for specific diseases. [I3] proposed a CNN-based
model to identify coronavirus using region and edge-
based operations. [39] compared VGGNet [30], ResNet
[10], and EfficientNet [33] for COVID-19 detection, pro-
viding coarse localization via class activation maps. Moses
et al. [18] surveyed deep neural networks for disease de-
tection in chest X-rays, covering COVID-19 pneumonia,
tuberculosis screening, and pneumothorax detection. Sim-
ilarly, [27] developed a CNN classifier that detected pneu-
monia with accuracy exceeding several state-of-the-art al-
gorithms. While these works demonstrate high classifica-
tion performance, they do not produce bounding boxes
for abnormality localization—a key requirement for clin-
ical interpretability. Similar localization challenges exist
in other modalities (e.g., brain MRI [20] or foreign ob-
ject detection [43]), but the focus of this work is thoracic
diseases.

A major barrier to localization research has been the
scarcity of large, expert-annotated datasets with bound-
ing box information. CheXpert [11] contains 224,316 chest
X-rays from approximately 65,000 patients, with a la-
beler identifying 14 common anomalies. However, it lacks
bounding box annotations needed to train localization
models. Similarly, ChestX-Ray8 [36] from the National
Institutes of Health includes a small number of bounding
boxes, used only to validate radiologist statements rather
than for localization training.

The largest publicly available dataset with bounding
boxes for multiple thoracic abnormalities is VinDr-CXR
[21], comprising 18,000 chest X-rays with 14 types of ab-
normalities manually annotated by 17 expert radiologists.
This dataset is used for training and evaluation in the
present study. More recently, Fan et al. [7] constructed
CXR-AL14, containing over 165,000 chest X-rays with
more than 253,000 bounding boxes, and developed a deep
learning framework that simultaneously identifies and lo-
calizes 14 common thoracic abnormalities while comput-
ing the cardiothoracic ratio, achieving mean average pre-
cision (mAP) values of 0.572-0.631 at an IoU threshold
of 0.5. This represents a substantial improvement over
prior localization benchmarks and underscores the value
of large-scale, human-in-the-loop annotation pipelines.
Several studies have applied image augmentation to boost
deep learning performance [14} [19] [4T]. However, augmen-
tation is not universally beneficial. [4] showed that apply-
ing multiple augmentation techniques reduces F1 score
in ECG-based medical data. In chest X-ray analysis, [6]

demonstrated that geometric transformations such as ro-
tation and translation actually decrease classification per-
formance for COVID-19 diagnosis. These findings moti-
vated the targeted use of augmentation (e.g., preserving
anatomical orientation) rather than aggressive geometric
transforms in the proposed approach.

Beyond classification, researchers have explored object de-
tection architectures to localize abnormalities. Cheng et
al. [5] investigated deep learning-based object detection
strategies for chest X-rays and explored few-shot object
detection to address limited training examples for rare dis-
eases. Tang et al. [34] introduced an attention-guided mul-
tiple instance learning framework that enables lesion lo-
calization without bounding box annotations during train-
ing. Zhang et al. [40] worked on semi-supervised object
detection, leveraging both labeled and unlabeled chest X-
rays to mitigate data scarcity. Specific to individual dis-
eases, [8] developed a CNN-based model that detects and
localizes tuberculosis in chest X-rays, but the work is lim-
ited to a single pathology.

A notable gap in the literature is the systematic applica-
tion of YOLO-family detectors (e.g., YOLOVS5) to thoracic
abnormality localization. While YOLOv5 has been used
in general medical imaging, only a few recent studies have
applied it to chest X-rays [9 42| [I], and none have com-
bined it with a separate binary classifier for false positive
pruning, a gap addressed in this work.

Minimizing false positives is critical for clinical deploy-
ment of object detectors. [I5] developed a two-stage frame-
work that employs separate verification networks to re-
fine detection outputs. [23] introduced confidence calibra-
tion methods tailored to medical object detection, ad-
dressing overconfidence in deep learning models. However,
these verification approaches are generic and not specifi-
cally optimized for thoracic abnormalities in chest X-rays.
This work builds on this idea by using a lightweight Ef-
ficientNet binary classifier trained with transfer learning
to prune false positives from YOLOv5 proposals.

Recent years have seen a shift toward transformer archi-
tectures. Statheros et al. [32] introduced CLARITY, a vi-
sion transformer-based model for joint multi-label clas-
sification and weakly-supervised localization, using class-
specific attention tokens and a SegmentCAM module. It
outperforms prior methods by over 50% on small patholo-
gies (nodules, masses) using only image-level labels. Przulj
et al. [25] presented ChestGPT, integrating a vision trans-
former with the Llama-2 large language model, achieving
an F1 score of 0.76 for global classification on VinDr-
CXR and generating localization outputs via prompt-
guided inference. More broadly, Yang et al. [38] proposed
CheXFound, a self-supervised vision foundation model
pretrained on over one million chest X-rays, designed to
generalize across classification, detection, and localization
tasks without task-specific retraining. Wang et al. [37]
unveiled a foundation model for chest radiography with
impressive zero-shot localization performance from multi-
institutional pretraining. While these transformer- and
foundation-based approaches are powerful, they often re-
quire massive pretraining data, complex attention mecha-
nisms, or high inference latency. In contrast, the proposed
YOLOv5 + EfficientNet pipeline is lightweight and specif-
ically targets the false-positive challenge, complementing
these large models for practical clinical workflows.

At the clinical level, Anderson et al. [3] presented an
FDA-cleared AI system that achieved an AUC of 0.976
for abnormality detection on chest X-rays, and showed
that physicians aided by the system had significantly im-
proved accuracy (AUC difference of 0.101) compared to
unaided interpretation. Although that system does not
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Fig. 1: Multi-modal chest X-ray abnormality detector. The YOLOv5 detector produces candidate bounding boxes; the
EfficientNet binary classifier outputs a healthy /unhealthy probability; the filter module prunes false positives based on two

thresholds.

provide bounding boxes, its clinical validation highlights
the importance of minimizing false positives—a goal di-
rectly addressed by the verification module proposed in
this work.

In summary, prior work has advanced chest X-
ray classification, dataset availability, and—more re-
cently—localization using transformers or foundation
models. However, three key gaps remain. First, few studies
apply YOLOVS5 to thoracic abnormality localization, and
none combine it with a dedicated false-positive pruning
network. Second, existing verification methods [15}, 23] are
generic; they are not tailored to the specific false-positive
patterns of YOLOvV5 on chest X-rays. Third, despite the
high mAP reported by Fan et al. [7] (0.572-0.631) on
CXR-AL14, their dataset and annotation pipeline are not
publicly available in the same form as VinDr-CXR, and
their method’s computational cost is higher.

In contrast, the proposed multi-modal verification pipeline
directly addresses these gaps, achieving a 69% relative
improvement in mAP over standalone YOLOv5 (0.246
vs. 0.145) on the standard VinDr-CXR benchmark us-
ing a lightweight, reproducible two-stage design. This
demonstrates that a simple detector-classifier cascade
can substantially improve localization precision without
large-scale pretraining or transformer complexity.

3. APPROACH OVERVIEW

The proposed system localizes thoracic abnormalities in
chest X-rays by combining an object detector with a
false-positive pruning module. The detector (YOLOV5)
generates candidate bounding boxes around potential dis-
ease regions. However, YOLOv5 produces many false pos-
itives. To suppress these, a binary classifier (EfficientNet)
is trained to predict whether an input X-ray is healthy
or unhealthy. A filtering module then uses the classifier’s
predicted probability to accept or reject the detector’s
bounding boxes. This two-stage design improves localiza-
tion precision without requiring large-scale pretraining or
transformer architectures. Figure [I] provides a high-level
illustration of the complete pipeline.

The proposed approach proceeds in four sequential stages:
preprocessing, candidate bounding box generation using
YOLOvV5, whole-image abnormality classification using
EfficientNet, and final pruning of false positives via dual
thresholds.

First, preprocessing: All chest X-ray images are first re-
sized to a fixed resolution (e.g., 640x640 pixels) and con-
verted to the RGB format expected by YOLOv5. No ag-
gressive geometric augmentations (rotation, translation)
are applied, as prior work [6] has shown they can degrade
classification performance on chest X-rays.
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Fig. 2: Representation of X-ray images with disease locations as bounding boxes in VinDr-CXR [2I] dataset.

Second, object detection with YOLOv5: A YOLOv5
model is trained on the VinDr-CXR dataset to predict
bounding boxes around 14 types of thoracic abnormalities.
The model outputs a set of candidate boxes, each with a
confidence score. While YOLOV5 recalls many true posi-
tives, it also generates numerous false positives (bounding
boxes on healthy regions).

Third, binary classification with EfficientNet: A
separate binary classifier is trained using an Efficient-
Net backbone (pretrained on ImageNet and fine-tuned on
VinDr-CXR). The classifier takes the entire chest X-ray
as input and outputs a single probability p indicating the
likelihood that the image contains at least one abnormal-
ity (i.e., unhealthy). Images with p close to 1 are highly
likely to be unhealthy; those with p close to 0 are likely
healthy.

Fourth, threshold-based pruning: The filter module
combines the outputs of both models. It uses two empir-
ically determined thresholds: a low threshold Tj, and a
high threshold Thjen (0 < Tiow < Thigh < 1). For each X-ray
image, the classifier produces a probability p (unhealthy
likelihood). The pruning rules are:

If p < Tiow: Do nothing, keep the disease prediction as
is.

If Tigw < p < Thigh: Add Normal/Healthy probability
and keep other disease bounding box detection pre-
diction.

If p > Thign: Replace with Normal prediction with nor-
mal score 1.0, remove all other detection prediction.

Finally, Tjow and Thien were tuned using a validation split
of the VinDr-CXR dataset (not the test set) to avoid over-
fitting. For each candidate pair, the mean average pre-
cision (mAP) was computed on the validation set. The
optimal values were Tjoy = 0.25 and Tyjg, = 0.8, which
maximized mAP. These thresholds are used for all results
reported in this paper. The pruning logic is summarized
within the yellow-bordered region of Figure

4. SYSTEM DESIGN

This section describes the proposed system in detail. First,
the data sets used and necessary pre-processing steps are

described, followed by details of the two deep learning
models used in combination to localize the chest disease
area with high confidence.

4.1 Data Set Description

VinDr-CXR [2I] was used, a dataset containing 18,000
chest X-ray images as training data that were manually
tagged by 17 radiologists. The samples were gathered from
two of Vietnam’s largest hospitals.

Each sample may include up to fourteen types of ab-
normalities or be labeled healthy. The abnormalities
are: Aortic enlargement, Atelectasis, Calcification, Car-
diomegaly, Consolidation, ILD, Infiltration, Lung Opac-
ity, Nodule/Mass, Other lesions, Pleural effusion, Pleural
thickening, Pneumothorax, and Pulmonary fibrosis. Not
only did the radiologists classify the images, but they
also personally identified the regions (in the form of rect-
angular bounding boxes) containing the anomaly. These
bounding boxes (disease-affected areas of the lung) are
given as four end coordinates: xmin, ymin, xmax, ymax,
as shown in Figure [2| It is to be noted that multiple dis-
ease predictions may exist for a particular area, and each
potential disease area is shown as a separate box. For that
reason, the predicted disease areas often contain overlap-
ping boxes, as depicted in Figure [2]

4.2 Data Processing and Augmentation

At first, the input images (chest X-rays) were converted
to PNG format and then scaled down to (256 x 256), (512
x 512), and (1024 x 1024) dimensions and examined to de-
termine whether the resizing affected the training model
score. In general, 512px-sized images were selected as the
initial experiment showed that precision didn’t vary much
for the difference in image sizes. Each X-ray in this dataset
had numerous duplicate bounding boxes as multiple radi-
ologists annotated them. Hence, the data was susceptible
to overfitting. The intersection of those bounding boxes
was calculated and the coordinates were averaged where
the intersection over union (IoU) [29] reached 0.5. As a re-
sult, the duplicate boxes were merged, thereby minimizing
the likelihood of the model overfitting. Figure [3illustrates
the idea of this process.
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However, the primary dataset is insufficient in size to
train an efficient object detector model. The dataset had
only 4400 X-ray scans having an abnormality, which is ex-
tremely low for training the YOLO object detector model
[12]. So, the dataset was supplemented by including pre-
processed images. From the dataset, ten thousand images
were randomly selected and an augmentation approach
was conducted by applying a series of pre-processing oper-
ations (probabilistic selection): blurring, scaling, CLAHE
[24], histogram equalization, random brightness, and con-
trast modification. After processing, these images were
added to the original dataset, bringing the overall image
count to 25,000, with roughly 7000 aberrant (i.e., having
disease) images.

4.3 Deep Learning Model 1: Detect and
Localize Chest Abnormalities

The primary objective of this work is to identify chest
anomalies and also to determine the likely location of in-
terest. YOLOV5, a modified version of YOLO [26] devel-
oped in PyTorch by the deep learning community, was
utilized. Ultralytics’ |'| Python package was used, which
implemented YOLOvV5 and included utility files for re-
searchers to use for straightforward training and inference.
For training, the images were scaled to 512x512 px and
fed straight into the YOLO model. Coordinates for the
bounding box were transformed from absolute to rela-
tive values. The data was divided into six folds before
training, with five used for training and one for valida-
tion. Pre-trained weights were used for the model to ac-
celerate training, as the model was trained on the COCO
[I7] dataset, which is typically used for object detection
research. These pre-trained weights helped to train the
object detector models faster as it was initialized with
prior knowledge. Throughout the training, hyperparame-
ters such as learning rate and batch size were tuned for
improved performance.

Following training, the probability distributions for the
abnormalities as well as their bounding box coordinates
were obtained. This model accurately predicted chest ab-
normalities; however, it was noted that the precision could
be improved and that there were a significant number of
false positives. To address them, a second deep learning
model is deployed and a threshold-based pruning mecha-
nism is then applied to filter out the false warnings gen-
erated by the YOLO-based model. The details of these
steps are discussed below.

Thttps://github.com /ultralytics/yolov5

4.4 Deep Learning Model 2: Filter Out
Low Confidence Disease Areas

To improve the prediction of bounding box regions gener-
ated by YOLO, a second CNN-based custom model was
implemented, trained as a binary classifier to extract more
knowledge from the data set. The following discussion de-
scribes this binary classifier operation in detail.

4.4.1 Restructuring EfficientNet as a Binary Classi-
fier. EfficientNet was used as the backbone feature ex-
tractor of the binary classifier model. The EfficientNet
has a combination of inverted residual CNN blocks, also
referred to as MBConv blocks. These CNN blocks effi-
ciently extract features from the 3-dimensional images and
generate feature maps that are used by the classifier fully
connected network to make the prediction. The structure
of the custom EfficientNet used in this work is shown in
Figure [

Images with anomalies were assigned to one category,
while healthy images were assigned to the other. These
images were then loaded into a fine-tuned EfficientNet
[33] model, a state-of-the-art classification CNN [2] tech-
nique that outperforms comparable models in classifica-
tion tasks. The classifier generates a probability distri-
bution for each of the two classes described previously -
normal and abnormal.

Additionally, the data was divided into six folds for this
work, with one fold used as the validation set. After
preparing the dataset with two categories, the Efficient
feature extractor was trained to minimize the loss func-
tion as much as possible. The hyperparameters were tuned
to get the best model with the least validation loss.

The EfficientNet backbone provides the feature map of
the input X-ray image. The average pooling operation is
then applied to the feature map and fed into a fully con-
nected layer of neurons. A custom neural network block is
constructed to use that feature map and predict whether
the X-ray is abnormal or not. This neural network has
4 layers, including the output layer. The first layer has
1792 features (neurons), the second layer has 512 features
and the third layer has 256 features. An empirical study
was conducted on the count of features, and the men-
tioned combination gave the best training performance.
The last layer of the neural network predicts the proba-
bility of chest images being normal or abnormal depend-
ing on the threshold mentioned earlier. The details of this
threshold determination process are discussed next.

4.4.2 Threshold selection and Discarding False Posi-
tive Predictions. The binary classifier in the last stage of
the proposed EfficientNet backbone gives the probability
of an X-ray being abnormal or unhealthy. The output of
this last layer indicates a probability score indicating how
likely an X-ray image is abnormal (has diseases). Based
on this, two threshold values are defined. If the probabil-
ity score is greater than the high threshold, the image is
labeled as unhealthy, and if the score falls below the lower
threshold, it is labeled as healthy.

However, if the probability score lies between a low and
high threshold, then the disease boxes are kept and the
X-ray image is also considered to be healthy. This range
is considered a low confidence range, and all possibilities
(both healthy and unhealthy with associated disease area
predictions) are considered.

To come up with the threshold values, an empirical study
was conducted on these values, and it was found that a
low threshold value of 0.25 and a high threshold value of
0.8 gave the best test mean average precision score. To
illustrate the pruning mechanism concretely, consider an
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input chest X-ray image. Suppose the YOLO object detec-
tor predicts three disease bounding boxes with their asso-
ciated probabilities: Cardiomegaly (probability 0.5), Infil-
tration (probability 0.89), and Nodule (probability 0.23).
Concurrently, the EfficientNet binary classifier outputs a
probability indicating how likely the X-ray is to be healthy
(i-e., normal). The pruning filter then applies the following
decision logic based on this healthy probability score:
Case 1 (Healthy probability = 0.85): Since 0.85 ex-
ceeds the high threshold of 0.8, the X-ray is confidently
classified as healthy. The filter discards all disease bound-
ing boxes and replaces them with a single Normal predic-
tion (class label 14) with probability 1.0.

Case 2 (Healthy probability = 0.55): This value lies
between the low threshold (0.25) and high threshold (0.8),
indicating uncertainty. The filter retains all original dis-
ease bounding boxes and additionally appends a Normal
prediction (probability 1.0) to the output, preserving both
possibilities for downstream review.

Case 3 (Healthy probability = 0.12): Since this falls
below the low threshold of 0.25, the X-ray is confidently
classified as unhealthy. The filter retains all disease bound-
ing boxes without adding any Normal prediction.
Through systematic experimentation over the validation
set, it was determined that a low threshold of 0.25 and a
high threshold of 0.8 maximize the mean average precision
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on the test set. This three-way pruning strategy effectively
balances sensitivity and specificity by preserving ambigu-
ous cases while filtering clear false positives from healthy
scans. The trained binary classifier provided the proba-
bility distribution of normal vs. abnormal classification of
X-ray pictures. This information is used with the object
detector’s (earlier YOLO model) bounding boxes in this
stage to eliminate false-positive disease boxes in healthy
X-rays.

The weights of the models that perform the best in terms
of object detection and binary classification concerning
validation loss are loaded. Following that, an X-ray image
is run through both models to obtain probability scores.
The object detector model estimates the probability of
the presence of a disease in an X-ray and also recommends
bounding boxes for such diseases, whereas the EfficientNet
model estimates a probability score for the normal versus
abnormal class.

The binary classifier’s score is then taken into account and
passed through a probability score checking filter. For the
filter’s purpose, low and high thresholds are defined. If the
abnormal class probability of the binary classifier is less
than the low threshold, the X-ray is categorized as a nor-
mal X-ray and all disease bounding boxes are deleted. If
the chance of the image being abnormal is between the low
and high thresholds, the bounding box is retained, but the
probability of the image being normal is also added. And
if the chance of an abnormal class is larger than the high

threshold, the probability is retained and all abnormal
class bounding boxes are displayed in the X-ray image.
These threshold values were determined through experi-
ment as they have the highest test set precision. The box
pruning logic is depicted in Figure

This pruning filter is quite effective at increasing the accu-
racy of object detection models, particularly when medical
data is involved. A patient may become tense if an auto-
mated diagnostics system detects a possible abnormality
in the chest X-ray image of the patient. A binary clas-
sifier is added for this reason; however, the overhead is
minimal because the binary classifier is built on Efficient-
Net, which has fewer parameters than comparable ResNet

[10] models.

4.5 Transfer Domain Knowledge from
ChestX-Ray8 to Better Equip the
Binary Classifier for Abnormality
Detection

An EfficientNet was trained on ChestX-Ray8 [36] since it
contains approximately 100k chest X-ray picture training
examples. The weights were saved after fine-tuning the
model to use them in the prior EfficientNet model.

The prior training model was taken and the final layer was
removed, replacing it with two fully linked layers to enable
it to output binary probability distributions. Training for
an extended period was not required because it was previ-



International Journal of Applied Information Systems (IJAILS) — ISSN : 2249-0868

Foundation of Computer Science FCS, Delaware, USA
Volume 13 - No. 4, August 2026 - www.ijais.org

Predicted Disease Areas

in X-Rays

Fig. 7: Yolo predicted bounding boxes for a sample of the validation set images.

ously trained on a large chest X-ray dataset as a result of
this transfer learning approach. As a result, it achieves a
reasonable level of performance when distinguishing nor-
mal vs abnormal images after only a few epochs of train-
ing. This transfer-learning strategy is depicted in Figure@
Incorporating transfer learning with the binary classifier
and using it to reduce the false positive bounding boxes
resulted in the maximum mean average precision for the
proposed system.

5. RESULTS AND DISCUSSION

This section reports the experimental outcomes of the
proposed system. The setup and evaluation metrics are
detailed, followed by individual results for the YOLOv5
detector, the EfficientNet classifier, and the pruning filter.
The effect of transfer learning is then shown, along with
a comparative analysis against baseline models. The sec-
tion concludes with a discussion of the system’s strengths,
limitations, and clinical relevance.

5.1 Experiment Setup and Performance
Metrics

The entire experiment was conducted in the cloud using
a two-core Intel Xeon CPU and a Tesla P100 GPU. The
CPU had a memory of 13 GB and the GPU had a memory
of 16 GB. Python was utilized throughout the research,
and PyTorch [22] was used to train the deep learning mod-
els.

The Mean Average Precision (MAP) measure was utilized
to evaluate the performance of the YOLO-based model,
and the normal/abnormal prediction accuracy was used
to evaluate the performance of the EfficientNet-based be-
spoke binary classifier. The value of Intersection Over
Union (IoU) [29] was required to calculate Mean Aver-
age Precision, and an IoU of 0.4 was chosen, which is
recommended by the authors of the dataset. After calcu-
lating the final probability score, the projected bounding
box was superimposed on the X-ray images to identify the
region containing the abnormalities.

5.2 Experiment Results

The following subsections report the performance of the
YOLOV5 detector, the improvement from data augmenta-
tion, the impact of the binary classifier pruning, and the
final gain from transfer learning.

5.2.1 Outcome of Disease Area Localization. The ob-
jective of this research is to not only detect but also local-
ize disease in a human chest X-ray image. A CNN-based
object detector was developed for this purpose. The object
(affected areas in chest image) detector (YOLO) alone did
not give satisfactory results as shown in Fig. []

It can be seen from the figure that in some X-rays the ob-
ject detector classified too many diseases and drew over-
lapping boxes. This object detector model gave a mean
average precision of 0.145 for the test set.

A limitation that was identified is the lack of adequate
training set size. Among the 15k training X-ray images,
only 4400 had abnormalities in them. To improve the
training of the deep learning model and increase the val-
idation performance, the dataset was increased from 15k
to 25k by randomly augmenting images. After enlarging
the training set size, the object detector model was re-
trained and an improved test score (MAP) of 0.164 was
achieved.

5.2.2 Effectiveness of binary classifier (Efficient-
Net+Custom Neural Network) in improving disease area
prediction. The object detector model was good at pre-
dicting abnormality with bounding boxes, but upon fur-
ther investigation it was noticed that in many healthy
X-rays, the model was predicting bounding boxes even
though the disease probabilities were low. To remove some
of the false positives from the prediction, a CNN-based bi-
nary classifier was introduced that detects if an X-ray is
healthy or not.

Using the trained classifier for abnormality detection,
some of the healthy X-rays that had disease bounding
boxes detected by the object detector were identified. Af-
ter removing the disease boxes from the healthy X-rays,
a significantly improved mean average precision for the
test set was obtained, which is 0.231. The effectiveness of
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Fig. 8: Reduced Bounding Box (disease area) prediction after discarding false warnings.

Table 1. : Performance comparison between developed models
and state-of-the-art models

Models Mean Average
Precision

Proposed Approach 0.246

YOLO + EfficientNet 0.231

YOLO with augmented dataset  0.164

YOLO [26] 0.145

Faster R-CNN [28] 0.142

this low-confidence disease reduction helped improve the
detection of abnormalities in chest X-rays (Fig. [g).

5.2.8 Transfer Learning to improve binary classifier’s
accuracy. Additional data could not be added for trans-
fer learning purposes for the disease object detector, be-
cause no other dataset provided such accurately anno-
tated bounding boxes for localization purposes except for
VinDr-CXR. However, it was possible to use the trans-
fer learning approach for the binary classifier. ChestX-
Ray8 [36] is a large and widely used chest X-ray repository
for disease classification and it has around 100K chest X-
ray images. This dataset was chosen for transferring the
learned weights of the neurons from the last layer of the
feature extractor.

After transferring the trained weights to the binary clas-
sifier, a decent validation accuracy was achieved in just
4-5 iterations. This significantly reduced the training
time. The model was then fine-tuned and used for low-
confidence box reduction. The test MAP score increased
from 0.231 to 0.246. The increase in precision from these
experiments and comparison with state-of-the-art models
is shown in Table Il

5.3 Discussion

The objective was to develop a computer-aided design
(CAD) system based on deep learning that could predict
and localize illness regions in human chest X-rays. For

this aim, VinDr-CXR, was employed, which included ra-
diologists’ comments but had a short training sample size
and duplicate illness bounding boxes. Throughout this re-
search, a variety of strategies were used to circumvent the
issue of a short dataset and maximize the accuracy of dis-
ease prediction.

The YOLO-based object-detecting model was trained.
There are numerous alternative techniques for object lo-
calization problems, and Faster R-CNN [28§] is one of the
most widely utilized. However, YOLO was chosen due to
its one-shot learning property, which saved a great deal
of training and experimentation time. Additionally, the
initial trial demonstrated that Faster R-CNN and YOLO
provide identical precision, so the quicker method was cho-
sen.

To evaluate and visualize the accuracy of the predicted
disease bounding box areas, the area distribution was plot-
ted as heat maps for individual diseases. Fig.[] Fig.[I0land
Fig. depict the visualization of the box distributions.
It can be seen from the heatmap comparison that area
prediction of Calcification, Pleural Effusion, and Other
Lesions had some mismatched distribution. Other diseases
had almost the same distribution, which indicates that the
object detector is quite accurate at suggesting the disease
area boxes.

The initial assumption for Pneumothorax being less accu-
rate is the low amount of data received for this disease.
The training set did not have enough samples for the deep
learning model to learn the characteristics of the disease.
In the case of Pleural effusion, the object detector model
seemed to have overfitted and predicted this disease only
in some particular areas. Detecting other lesions is a com-
plicated task compared to other diseases since it is spread
evenly in the chest. So despite the lack of an exact match,
the model still did a decent job predicting other lesions in
human chest X-rays.

6. CONCLUSION

In this work, a multi-modal system is introduced that pre-
dicts 14 different types of anomalies from chest X-ray im-
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Fig. 10: Heatmap comparison of disease area distributions for Consolidation, ILD, Infiltration, Lung opacity, and Nodule.

ages using improved disease area identification. State-of-
the-art methods like YOLO generate a lot of superflu-
ous boxes (disease area) from images that could obstruct
the appropriate diagnosis of a patient’s X-ray. To solve
that, various data preprocessing techniques are deployed
to eliminate duplicate bounding box detection (the first
part of the proposed method). A binary classifier was also
trained by restructuring the EfficientNet deep learning al-
gorithm to find the likelihood that an X-ray image is ab-
normal or not (second part of the proposed method).

The designed pipeline could accurately generate disease
areas for unhealthy X-rays and achieved a mean average
precision (MAP) of 0.246, which outperformed state-of-
the-art algorithms like YOLO (MAP 0.145) and Faster
R-CNN (MAP 0.142). This established model can be used
in computer-assisted diagnosis systems to annotate the X-
rays for patients and lessen the workload for radiologists
in situations like the coronavirus pandemic, where there
was a sharp spike in the number of affected patients. The
speed and potentially lifesaving effects of this advance-
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me

nt could have a profound impact on how patients are

diagnosed in hospitals.
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