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COMPARATIVE ANALYSIS OF DEEP LEARNING MODELS FOR CHEST DISEASE 

DIAGNOSIS USING NIH X-RAY DATASET 
  

Abstract: The integration of deep learning in medical image analysis has significantly advanced 
computer-aided diagnosis, particularly in chest radiography. However, selecting an optimal convolutional 
neural network (CNN) architecture for reliable disease classification remains a critical challenge due to data 
variability, annotation quality, and architectural trade-offs. This study presents a comparative evaluation of 
three CNN models - DenseNet121, ResNet50, and a custom SimpleCNN - for automated detection of 
pulmonary infiltrations using a subset of the NIH Chest X-ray dataset. To ensure computational feasibility, 
only one archive segment was used, and preprocessing included filtering, normalization, and image resizing 
to 224×224 pixels. Models were trained using cross-entropy loss with the Adam optimizer for five epochs and 
evaluated on a 20% test split. The performance was assessed using multiple diagnostic metrics essential in 
medical imaging - accuracy, precision, recall, F1-score, and AUC-ROC - to provide a comprehensive 
understanding beyond overall accuracy. The ResNet50 model achieved the highest test accuracy and the most 
balanced trade-off across precision and recall, outperforming DenseNet121 and SimpleCNN. Despite these 
moderate results, the findings confirm that pre-trained deep architectures generalize more effectively than 
shallow networks under limited data conditions. The study underscores the impact of dataset size, image 
resolution, and label quality on diagnostic outcomes. These results form a methodological baseline for further 
research, where improvements are expected through training on the complete dataset, using full-resolution 
images, and refining model hyperparameters. Ultimately, this comparative framework contributes to 
identifying optimal CNN architectures for future clinical diagnostic support systems. Additionally, this study 
highlights the limitations of small-scale datasets and emphasizes the importance of data augmentation and 
extended training strategies for improving model performance in medical imaging tasks. 

Keywords: Chest X-ray; Deep Learning; Convolutional Neural Networks; ResNet50; DenseNet121; 
Medical Image Analysis; Diagnostic Accuracy; Transfer Learning; AUC-ROC; NIH Chest X-ray Dataset. 

 
Introduction  
Early and accurate detection of thoracic diseases from chest X-ray images plays a crucial role in 

modern clinical practice. Chest radiography remains one of the most commonly used and cost-effective 
imaging modalities for screening and diagnosis of pulmonary conditions, including pneumonia, atelectasis, 
fibrosis, and pleural effusion. However, the manual interpretation of X-rays requires significant time and 
expertise from radiologists, and is prone to inter-observer variability. With the rapid growth of deep learning, 
automated image-based diagnostic systems have emerged as powerful tools to assist clinicians in medical 
image analysis. 

Convolutional Neural Networks (CNNs) have shown remarkable performance in various computer 
vision tasks, including medical image classification. Particularly in chest X-ray diagnosis, pre-trained deep 
architectures such as ResNet and DenseNet have demonstrated strong capabilities in capturing hierarchical 

 

image features relevant to disease localization and classification. Nevertheless, the optimal model 
architecture for this task remains a subject of ongoing research, as performance can vary depending on dataset 
characteristics, preprocessing, and training strategies. 

The NIH Chest X-ray14 dataset, provided by the U.S. National Institutes of Health, is one of the largest 
publicly available medical image repositories, containing over 100,000 frontal-view X-rays labeled with 14 
disease classes. This dataset enables systematic evaluation of deep learning models for multi-label thoracic 
disease detection. However, due to computational constraints and the need for experimental clarity, this study 
focuses on a single disease label - the one with the highest frequency in the dataset - and utilizes a subset of 
images for model comparison. 

In this paper, we conduct a comparative analysis of three CNN-based approaches for disease 
classification from chest X-rays: 

1. ResNet50, a residual network with skip connections that mitigates vanishing gradients; 
2. DenseNet121, which promotes feature reuse and efficient gradient flow through dense 

connectivity; 
3. SimpleCNN, a custom shallow convolutional model trained from scratch to serve as a baseline. 
Each model is trained and evaluated on the same filtered subset of the NIH dataset, and compared 

using key diagnostic metrics: Accuracy, Precision, Recall, F1-score, and Area Under the ROC Curve (AUC). These 
metrics are critical in the context of medical diagnosis, where sensitivity (recall) and specificity (precision) are 
often more important than overall accuracy. 

The goal of this study is to determine which deep learning approach achieves the best diagnostic 
performance under limited computational resources, and to identify potential directions for improving model 
generalization and reliability in medical imaging applications. 

In this study, a comparative deep learning framework was designed and implemented to evaluate 
multiple convolutional neural network architectures - ResNet50, DenseNet121, and a custom SimpleCNN - 
for chest X-ray disease classification. The research introduces a unified experimental environment where all 
models were trained under identical preprocessing, hyperparameter, and dataset conditions, ensuring fair and 
reproducible comparison. A custom data filtering pipeline was developed to isolate a representative subset 
of the NIH Chest X-ray dataset for the Infiltration label, optimizing the balance between data diversity and 
computational efficiency.  

The study also includes a complete codebase for training, validation, and performance visualization, 
promoting methodological transparency. Finally, the results were analyzed to identify performance trade-offs 
between accuracy and recall across architectures, forming a baseline for future improvements through 
extended training and higher-resolution datasets. 

Literature Review 
The use of convolutional neural networks (CNNs) in chest X-ray image analysis has been widely 

explored over recent years. Several studies have employed pre-trained deep models such as ResNet, 
DenseNet, EfficientNet, and custom CNNs for diagnosing thoracic diseases. In this review, we summarize key 
works, highlight their approaches and results, and motivate why comparing DenseNet121, ResNet50, and a 
simple CNN baseline is valuable. 

One of the landmark works is CheXNet: Radiologist-Level Pneumonia Detection on Chest-X-Rays by 
Rajpurkar et al. In this study, a 121-layer DenseNet is trained on the NIH ChestX-ray14 dataset (112,120 
images) and achieves performance exceeding that of practicing radiologists on pneumonia detection, 
evaluated via F1‐score. The study also extends detection to all 14 disease classes, showing very competitive 
results across multiple pathologies [1]. 

Baltruschat et al. performed a comparison of deep learning approaches for multi-label chest X-ray 
classification. They considered transfer learning with and without fine‐tuning, training networks from scratch, 
using ResNet-50 and other variants, and evaluated using ROC statistics. Their findings indicate that fine-tuned 
pre-trained models outperform models trained from scratch in many cases, especially when data is limited 
[2]. 



63

Copyright © 2026, Authors. This is an open access article under the Creative Commons CC BY-NC-ND license 
Received: 17.10.2025             Accepted: 25.02.2026             Published: 30.03.2026 

DOI: 10.37943/25DECX4995  
 

Dinara Kaibassova  
PhD, Associate Professor, School of Software Engineering 
dinara.kaibasova@astanait.edu.kz, orcid.org/0000-0002-8410-7758 
Astana IT University, Kazakhstan 
Kalizhan Akhmetov 
Master’s student, School of Software Engineering 
242853@astanait.edu.kz, orcid.org/0009-0008-5488-0329 
Astana IT University, Kazakhstan 

 

 
COMPARATIVE ANALYSIS OF DEEP LEARNING MODELS FOR CHEST DISEASE 

DIAGNOSIS USING NIH X-RAY DATASET 
  

Abstract: The integration of deep learning in medical image analysis has significantly advanced 
computer-aided diagnosis, particularly in chest radiography. However, selecting an optimal convolutional 
neural network (CNN) architecture for reliable disease classification remains a critical challenge due to data 
variability, annotation quality, and architectural trade-offs. This study presents a comparative evaluation of 
three CNN models - DenseNet121, ResNet50, and a custom SimpleCNN - for automated detection of 
pulmonary infiltrations using a subset of the NIH Chest X-ray dataset. To ensure computational feasibility, 
only one archive segment was used, and preprocessing included filtering, normalization, and image resizing 
to 224×224 pixels. Models were trained using cross-entropy loss with the Adam optimizer for five epochs and 
evaluated on a 20% test split. The performance was assessed using multiple diagnostic metrics essential in 
medical imaging - accuracy, precision, recall, F1-score, and AUC-ROC - to provide a comprehensive 
understanding beyond overall accuracy. The ResNet50 model achieved the highest test accuracy and the most 
balanced trade-off across precision and recall, outperforming DenseNet121 and SimpleCNN. Despite these 
moderate results, the findings confirm that pre-trained deep architectures generalize more effectively than 
shallow networks under limited data conditions. The study underscores the impact of dataset size, image 
resolution, and label quality on diagnostic outcomes. These results form a methodological baseline for further 
research, where improvements are expected through training on the complete dataset, using full-resolution 
images, and refining model hyperparameters. Ultimately, this comparative framework contributes to 
identifying optimal CNN architectures for future clinical diagnostic support systems. Additionally, this study 
highlights the limitations of small-scale datasets and emphasizes the importance of data augmentation and 
extended training strategies for improving model performance in medical imaging tasks. 

Keywords: Chest X-ray; Deep Learning; Convolutional Neural Networks; ResNet50; DenseNet121; 
Medical Image Analysis; Diagnostic Accuracy; Transfer Learning; AUC-ROC; NIH Chest X-ray Dataset. 

 
Introduction  
Early and accurate detection of thoracic diseases from chest X-ray images plays a crucial role in 

modern clinical practice. Chest radiography remains one of the most commonly used and cost-effective 
imaging modalities for screening and diagnosis of pulmonary conditions, including pneumonia, atelectasis, 
fibrosis, and pleural effusion. However, the manual interpretation of X-rays requires significant time and 
expertise from radiologists, and is prone to inter-observer variability. With the rapid growth of deep learning, 
automated image-based diagnostic systems have emerged as powerful tools to assist clinicians in medical 
image analysis. 

Convolutional Neural Networks (CNNs) have shown remarkable performance in various computer 
vision tasks, including medical image classification. Particularly in chest X-ray diagnosis, pre-trained deep 
architectures such as ResNet and DenseNet have demonstrated strong capabilities in capturing hierarchical 

 

image features relevant to disease localization and classification. Nevertheless, the optimal model 
architecture for this task remains a subject of ongoing research, as performance can vary depending on dataset 
characteristics, preprocessing, and training strategies. 

The NIH Chest X-ray14 dataset, provided by the U.S. National Institutes of Health, is one of the largest 
publicly available medical image repositories, containing over 100,000 frontal-view X-rays labeled with 14 
disease classes. This dataset enables systematic evaluation of deep learning models for multi-label thoracic 
disease detection. However, due to computational constraints and the need for experimental clarity, this study 
focuses on a single disease label - the one with the highest frequency in the dataset - and utilizes a subset of 
images for model comparison. 

In this paper, we conduct a comparative analysis of three CNN-based approaches for disease 
classification from chest X-rays: 

1. ResNet50, a residual network with skip connections that mitigates vanishing gradients; 
2. DenseNet121, which promotes feature reuse and efficient gradient flow through dense 

connectivity; 
3. SimpleCNN, a custom shallow convolutional model trained from scratch to serve as a baseline. 
Each model is trained and evaluated on the same filtered subset of the NIH dataset, and compared 

using key diagnostic metrics: Accuracy, Precision, Recall, F1-score, and Area Under the ROC Curve (AUC). These 
metrics are critical in the context of medical diagnosis, where sensitivity (recall) and specificity (precision) are 
often more important than overall accuracy. 

The goal of this study is to determine which deep learning approach achieves the best diagnostic 
performance under limited computational resources, and to identify potential directions for improving model 
generalization and reliability in medical imaging applications. 

In this study, a comparative deep learning framework was designed and implemented to evaluate 
multiple convolutional neural network architectures - ResNet50, DenseNet121, and a custom SimpleCNN - 
for chest X-ray disease classification. The research introduces a unified experimental environment where all 
models were trained under identical preprocessing, hyperparameter, and dataset conditions, ensuring fair and 
reproducible comparison. A custom data filtering pipeline was developed to isolate a representative subset 
of the NIH Chest X-ray dataset for the Infiltration label, optimizing the balance between data diversity and 
computational efficiency.  

The study also includes a complete codebase for training, validation, and performance visualization, 
promoting methodological transparency. Finally, the results were analyzed to identify performance trade-offs 
between accuracy and recall across architectures, forming a baseline for future improvements through 
extended training and higher-resolution datasets. 

Literature Review 
The use of convolutional neural networks (CNNs) in chest X-ray image analysis has been widely 

explored over recent years. Several studies have employed pre-trained deep models such as ResNet, 
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In “Generalizable Inter-Institutional Classification of Abnormal Chest Radiographs Using Efficient 
Convolutional Neural Networks”, researchers evaluated DenseNet and MobileNetV2 on NIH ChestX-ray14 and 
Rhode Island Hospital chest radiograph datasets. They show that these efficient CNN architectures maintain 
high AUROC in both in‐domain and external validation, with AUROC around 0.90 for normal vs abnormal 
classification [3]. This demonstrates that model generalizability is critical when considering deployment in 
varied clinical settings. 

Another work, “Comparison of EfficientNet CNN models for multi-label chest X-ray disease diagnosis”, 
used the ChestX-ray14 dataset and compared several EfficientNet variants (B0 through B7) and attention 
mechanisms [4]. EfficientNetB7 achieved a mean AUC of ~0.8265, and adding coordinate attention improved 
performance further. This suggests that scaled architectures and attention modules can yield improvements 
over simpler or older CNNs. 

Tawsifur Rahman et al. in “Reliable Tuberculosis Detection using Chest X-ray with Deep Learning, 
Segmentation and Visualization” evaluated nine different CNN models (ResNet18, ResNet50, ResNet101, 
DenseNet201, etc.) for TB vs non-TB classification, achieving very high accuracy (>97%) when images are 
segmented and pre-processed carefully [5]. This indicates that strong pre-processing and selection of 
architecture significantly affect outcomes “from scratch” or nearly scratch trained CNNs can do well with 
correct settings. 

In “Deep Learning-Based Networks for Detecting Anomalies in Chest X-Rays”, VGG19, ResNet50, 
InceptionV3 and an ad hoc network (trained from scratch) were tested on ChestX-ray14 [6]. Transfer learning 
models generally performed better, but the ad hoc architecture showed acceptable generalization when 
coupled with augmentation and data balancing. This supports the idea that a simple CNN baseline is 
worthwhile in comparative experiments. 

Finally, the review “Review on chest pathologies detection systems using deep learning techniques” 
provides a broader survey. It describes multiple datasets (ChestX-ray14, MIMIC-CXR, etc.), typical architectures 
(DenseNet, ResNet, Inception), approaches to handling class imbalance, methods of evaluation, and common 
pitfalls [7]. It also points out that for many pathologies, AUC (ROC) is often a more stable metric than accuracy 
due to imbalance and varied disease prevalence. 

Why compare these specific models (DenseNet121, ResNet50, Simple CNN baseline) 
- DenseNet121 has proven to work very well for chest X-ray pathology classification, especially large 

numbers of disease labels, due to its dense connectivity and feature reuse, reducing overfitting [1,4]. 
- ResNet50 is a widely used architecture, a good compromise between depth and computational cost, often 

delivering strong results with transfer learning [2,3]. 
- A Simple CNN trained from scratch serves as a baseline, especially to understand how much gain comes 

from pretraining and architectural complexity versus more basic networks [2,6]. 
- Moreover, many prior works focus on multi-label classification or multiple pathologies. But for some 

diseases (including “Infiltration”, our selected label), there is less targeted study. Focusing on one disease 
enables more controlled comparison and deeper analysis. 

- Also, due to computational constraints, smaller subsets / binary classification are common in practice (e.g. 
TB detection, pneumonia detection) [5,6]. This justifies our experimental setting: using one label, filtered 
subset, binary classification. 

Methods and Materials 
A. Dataset Description 
We used the NIH Chest X-ray (ChestX-ray14) dataset, publicly released by the NIH Clinical Center, 

which contains 112,120 frontal-view chest X-ray images from 30,805 unique patients and is labeled with up 
to 14 thoracic pathologies per image via text mining of radiological reports [8]. The images are provided in 
PNG format and typically at original resolution 1024×1024 pixels. 

The 14 disease categories include (among others) Atelectasis, Infiltration, Pneumothorax, Pleural 
Effusion, Cardiomegaly, Nodule, Mass, etc. [3,8]. 

Because of computational constraints and in order to maintain a controlled binary classification 
setting, we focused on the single disease label “Infiltration”, being one of the frequent labels in the dataset 

 

(based on preliminary analysis). The rest of images (without “Infiltration”) are treated as the negative class 
(“No Infiltration”). 

Data was accessed via the nih-chest public dataset link as listed in the NIH Cloud Healthcare API 
documentation [8]. Example chest X-ray images are shown in Figure 1. 

 

 

Figure 1.  Example chest X-ray images. 
 

B. Data Preprocessing 
To reduce computational cost and focus the experiment, we used only the archive images_001.tar.gz 

subset. Using our filter.py script, we filtered images by the “Infiltration” label and balanced the classes by 
randomly sampling the negative class to match the positive count. The resulting images were split into train 
(80 %) and test (20 %) sets. 

Each image was resized to 224×224 pixels (maintaining aspect ratio by padding or cropping) to fit 
standard CNN input size, followed by normalization with ImageNet statistics.  

C. Proposed Hypothesis and Dataset Description 
The main hypothesis of this study is that convolutional neural network (CNN) architectures pre-trained 

on large-scale image datasets can effectively generalize to medical imaging tasks and identify pathological 
patterns in chest radiographs even when trained on a limited subset of data. Specifically, it was hypothesized 
that deeper residual and densely connected networks (ResNet50 and DenseNet121) would outperform a 
shallow custom CNN in detecting Infiltration from chest X-rays, due to their superior feature reuse and 
gradient propagation capabilities [12,13]. 

To test this hypothesis, the publicly available NIH Chest X-ray14 dataset was employed [8]. This 
dataset contains 112,120 frontal-view X-ray images from 30,805 patients, annotated with 14 thoracic disease 
labels derived from radiology reports. For computational efficiency, only the first archive segment 
(images_001.tar.gz) was used in this study, containing approximately 8,000 images. From these, samples 
corresponding to the most frequent diagnostic label (Infiltration) were extracted using a custom filtering 
script (filter.py), resulting in a binary dataset consisting of Infiltration and No Infiltration categories. 

All images were resized to 224×224 pixels, normalized to the [0, 1] intensity range, and randomly split 
into 80% training and 20% test subsets as was mentioned in the Data Preprocession part. This design ensures 
that model evaluation occurs on unseen data, preventing information leakage and supporting fair 
performance assessment. 

Such a controlled subset enables systematic comparison of model architectures under identical 
conditions while maintaining a balance between diagnostic realism and computational feasibility. Despite its 
reduced scale, this dataset configuration provides sufficient variability to validate the stated hypothesis and 
establish a baseline for future large-scale model training. 

D. Model Architectures and Training Setup 
We compare three types of convolutional neural network (CNN) architectures: 
1. DenseNet-121 

This is a densely connected convolutional network, originally used in the CheXNet study for pneumonia 
detection [1]. The dense connectivity enables feature reuse and alleviates vanishing gradients, which is 
beneficial when fine-tuning on medical images. We adopt a pre-trained DenseNet-121 (on ImageNet) and 
replace the classifier head with a 2-unit linear layer. 
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2. ResNet-50 
A residual network with 50 layers, widely used for transfer learning. Residual connections help with gradient 
flow in deep models. We fine-tune a pretrained ResNet-50, replacing its final fully-connected (fc) layer to 
output 2 classes. 

3. SimpleCNN  
A small custom network trained from scratch to serve as baseline. Our version consists of three convolutional 
layers (e.g. 3→16→32→64 filters), interleaved with ReLU and pooling, ending with global average pooling 
and a linear classifier. This gives insight into how much gain transfer learning yields over a minimal 
architecture. 

All experiments were conducted using an NVIDIA RTX 4060 GPU, which provided efficient parallel 
computation and accelerated training of deep convolutional neural networks. The implementation was 
performed in PyTorch 2.3.0, using CUDA 12.2 for GPU acceleration. Training and evaluation were executed in 
a controlled environment to ensure reproducibility of results. 

Three models were trained and compared - DenseNet121, ResNet50, and a custom SimpleCNN 
architecture. DenseNet121 and ResNet50 were initialized with ImageNet-pretrained weights, while 
SimpleCNN was trained from scratch, allowing us to contrast transfer learning versus direct learning. 

All models used the Adam optimizer with an initial learning rate of 0.001, binary cross-entropy loss, 
and a batch size of 32. Training was conducted for 5 epochs to enable rapid model evaluation under 
comparable conditions. Input images were resized to 224×224 pixels, a balanced size preserving diagnostic 
features while ensuring computational feasibility. 

The choice of these hyperparameters was made to maintain consistency with related studies such as 
Rajpurkar et al. (2017), where the CheXNet model used similar setups [1]. DenseNet121 was chosen for its 
dense connectivity, which facilitates feature reuse and reduces vanishing gradients. ResNet50 was selected 
due to its residual learning capabilities that enhance deep network training stability. SimpleCNN served as a 
lightweight baseline for benchmarking learning dynamics without transfer knowledge. 

E. Mathematical Model 
To formalize the methodology applied in this study, the process of chest X-ray image classification 

can be represented as a supervised learning problem. 
Let the dataset be defined as 𝐷𝐷𝐷𝐷 = {(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖, 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖)}𝑖𝑖𝑖𝑖=1

𝑁𝑁𝑁𝑁 , where 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 ∈ 𝑅𝑅𝑅𝑅𝐻𝐻𝐻𝐻×𝑊𝑊𝑊𝑊×𝐶𝐶𝐶𝐶 represents an input image and 
𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 ∈ {0,1} denotes its binary diagnostic label (Infiltration = 1, Normal = 0). 

Each neural network 𝑓𝑓𝑓𝑓𝜃𝜃𝜃𝜃 parameterized by weights 𝜃𝜃𝜃𝜃 maps the input image to a predicted probability: 
 

𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖 = 𝑓𝑓𝑓𝑓𝜃𝜃𝜃𝜃(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) = 𝜎𝜎𝜎𝜎(𝑊𝑊𝑊𝑊𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑏𝑏),  (1) 
 
where 𝑊𝑊𝑊𝑊 and 𝑏𝑏𝑏𝑏 are learnable parameters and 𝜎𝜎𝜎𝜎(∙) is the activation function (ReLU for hidden layers 

and sigmoid for the output). 
The training objective minimizes the binary cross-entropy loss, which measures the divergence 

between predictions and true labels: 
 

𝐿𝐿𝐿𝐿(𝜃𝜃𝜃𝜃) = − 1
𝑁𝑁𝑁𝑁 ∑ [𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 log 𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖 + (1 − 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖) log(1 − 𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖)]𝑁𝑁𝑁𝑁

𝑖𝑖𝑖𝑖=1 .  (2) 
 
This loss is optimized using the Adam optimizer, which adaptively adjusts learning rates for each 

parameter as follows [19]: 
 

𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡 = 𝛽𝛽𝛽𝛽1𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡−1 + (1 − 𝛽𝛽𝛽𝛽1)∇𝜃𝜃𝜃𝜃𝐿𝐿𝐿𝐿𝑡𝑡𝑡𝑡 , (3) 𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡 = 𝛽𝛽𝛽𝛽2𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡−1 + (1 − 𝛽𝛽𝛽𝛽2)(∇𝜃𝜃𝜃𝜃𝐿𝐿𝐿𝐿𝑡𝑡𝑡𝑡)2 , (4) 
𝑚̂𝑚𝑚𝑚𝑡𝑡𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡

1−𝛽𝛽𝛽𝛽1
𝑡𝑡𝑡𝑡 , (5) 𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡 = 𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡

1−𝛽𝛽𝛽𝛽2
𝑡𝑡𝑡𝑡 , (6) 𝜃𝜃𝜃𝜃𝑡𝑡𝑡𝑡+1 = 𝜃𝜃𝜃𝜃𝑡𝑡𝑡𝑡 − 𝛼𝛼𝛼𝛼 𝑚̂𝑚𝑚𝑚𝑡𝑡𝑡𝑡

√𝑣̂𝑣𝑣𝑣𝑡𝑡𝑡𝑡+𝜖𝜖𝜖𝜖 ,  (7) 

 
where 𝛼𝛼𝛼𝛼 is the learning rate and 𝛽𝛽𝛽𝛽1𝛽𝛽𝛽𝛽2 are exponential decay rates controlling the gradient estimates. 

 

The output probability 𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖 is then thresholded at 0.5 to obtain the predicted class. This mathematical 
formulation captures the essential computational logic used in the CNN training pipeline and provides a 
theoretical foundation for the experimental design discussed in the following sections. 

F. Evaluation Metrics 
To assess diagnostic performance, the models were evaluated using five key metrics: Accuracy, 

Precision, Recall, F1-score, and Area Under the ROC Curve (AUC). These metrics jointly capture correctness, 
reliability, and sensitivity of predictions. 

The formulas used to compute these metrics are as follows: 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑦𝑦𝑦𝑦 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 (8)  

 
𝑃𝑃𝑃𝑃𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 (9),  𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 (10) 

 
𝐹𝐹𝐹𝐹1 = 2 × 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  (11). 
 
AUC was calculated by integrating the Receiver Operating Characteristic (ROC) curve, which plots True 

Positive Rate (TPR) against False Positive Rate (FPR) across different thresholds. Here in (1), True Positives 
(TP) represent correctly identified disease cases, True Negatives (TN) are correctly identified healthy cases, 
False Positives (FP) occur when healthy samples are incorrectly classified as diseased, and False Negatives 
(FN) represent missed disease detections. 

This metric is particularly important for imbalanced medical datasets, where accuracy alone may not 
fully capture diagnostic reliability. 

The evaluation was performed on a held-out test split (20%), ensuring that no overlap occurred 
between training and validation samples. Such a protocol guarantees that models generalize beyond the 
training data, aligning with modern medical imaging research practices [2]. 

Results 
The experimental results obtained from this study present a comparative analysis of three 

convolutional neural network (CNN) architectures - DenseNet121, ResNet50, and a custom SimpleCNN - for 
detecting Infiltration from the NIH Chest X-ray dataset [8]. The quantitative performance of all models is 
presented in Table 1. Each model was evaluated on key diagnostic performance metrics: Accuracy, Precision, 
Recall, F1-score, and AUC-ROC, all of which are widely adopted for medical image analysis [9,10]. 

 
 

Table 1.   Performance comparison of CNN models. 
Model Accuracy Precision Recall F1-score AUC 

DenseNet121 0.561 0.550 0.530 0.540 0.379 
ResNet50 0.611 0.634 0.470 0.540 0.357 

SimpleCNN 0.582 0.635 0.325 0.430 0.373 
 
From these results, ResNet50 achieved the highest accuracy (0.611), outperforming DenseNet121 

(0.561) and SimpleCNN (0.582). While all models achieved relatively close precision scores (ranging from 
0.550 to 0.635), their recall values differed more substantially, with DenseNet121 (0.530) showing a better 
ability to detect true positive cases than ResNet50 (0.470) or SimpleCNN (0.325). 

The F1-score, which balances precision and recall, highlights that both DenseNet121 and ResNet50 
achieved identical F1 values (0.540), though they did so with different trade-offs between sensitivity and 
specificity. SimpleCNN, despite having the second-highest precision (0.635), underperformed in recall, leading 
to a lower F1-score (0.430). 
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2. ResNet-50 
A residual network with 50 layers, widely used for transfer learning. Residual connections help with gradient 
flow in deep models. We fine-tune a pretrained ResNet-50, replacing its final fully-connected (fc) layer to 
output 2 classes. 

3. SimpleCNN  
A small custom network trained from scratch to serve as baseline. Our version consists of three convolutional 
layers (e.g. 3→16→32→64 filters), interleaved with ReLU and pooling, ending with global average pooling 
and a linear classifier. This gives insight into how much gain transfer learning yields over a minimal 
architecture. 

All experiments were conducted using an NVIDIA RTX 4060 GPU, which provided efficient parallel 
computation and accelerated training of deep convolutional neural networks. The implementation was 
performed in PyTorch 2.3.0, using CUDA 12.2 for GPU acceleration. Training and evaluation were executed in 
a controlled environment to ensure reproducibility of results. 

Three models were trained and compared - DenseNet121, ResNet50, and a custom SimpleCNN 
architecture. DenseNet121 and ResNet50 were initialized with ImageNet-pretrained weights, while 
SimpleCNN was trained from scratch, allowing us to contrast transfer learning versus direct learning. 

All models used the Adam optimizer with an initial learning rate of 0.001, binary cross-entropy loss, 
and a batch size of 32. Training was conducted for 5 epochs to enable rapid model evaluation under 
comparable conditions. Input images were resized to 224×224 pixels, a balanced size preserving diagnostic 
features while ensuring computational feasibility. 

The choice of these hyperparameters was made to maintain consistency with related studies such as 
Rajpurkar et al. (2017), where the CheXNet model used similar setups [1]. DenseNet121 was chosen for its 
dense connectivity, which facilitates feature reuse and reduces vanishing gradients. ResNet50 was selected 
due to its residual learning capabilities that enhance deep network training stability. SimpleCNN served as a 
lightweight baseline for benchmarking learning dynamics without transfer knowledge. 

E. Mathematical Model 
To formalize the methodology applied in this study, the process of chest X-ray image classification 

can be represented as a supervised learning problem. 
Let the dataset be defined as 𝐷𝐷𝐷𝐷 = {(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖, 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖)}𝑖𝑖𝑖𝑖=1

𝑁𝑁𝑁𝑁 , where 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 ∈ 𝑅𝑅𝑅𝑅𝐻𝐻𝐻𝐻×𝑊𝑊𝑊𝑊×𝐶𝐶𝐶𝐶 represents an input image and 
𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 ∈ {0,1} denotes its binary diagnostic label (Infiltration = 1, Normal = 0). 

Each neural network 𝑓𝑓𝑓𝑓𝜃𝜃𝜃𝜃 parameterized by weights 𝜃𝜃𝜃𝜃 maps the input image to a predicted probability: 
 

𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖 = 𝑓𝑓𝑓𝑓𝜃𝜃𝜃𝜃(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) = 𝜎𝜎𝜎𝜎(𝑊𝑊𝑊𝑊𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑏𝑏),  (1) 
 
where 𝑊𝑊𝑊𝑊 and 𝑏𝑏𝑏𝑏 are learnable parameters and 𝜎𝜎𝜎𝜎(∙) is the activation function (ReLU for hidden layers 

and sigmoid for the output). 
The training objective minimizes the binary cross-entropy loss, which measures the divergence 

between predictions and true labels: 
 

𝐿𝐿𝐿𝐿(𝜃𝜃𝜃𝜃) = − 1
𝑁𝑁𝑁𝑁 ∑ [𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 log 𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖 + (1 − 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖) log(1 − 𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖)]𝑁𝑁𝑁𝑁

𝑖𝑖𝑖𝑖=1 .  (2) 
 
This loss is optimized using the Adam optimizer, which adaptively adjusts learning rates for each 

parameter as follows [19]: 
 

𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡 = 𝛽𝛽𝛽𝛽1𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡−1 + (1 − 𝛽𝛽𝛽𝛽1)∇𝜃𝜃𝜃𝜃𝐿𝐿𝐿𝐿𝑡𝑡𝑡𝑡 , (3) 𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡 = 𝛽𝛽𝛽𝛽2𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡−1 + (1 − 𝛽𝛽𝛽𝛽2)(∇𝜃𝜃𝜃𝜃𝐿𝐿𝐿𝐿𝑡𝑡𝑡𝑡)2 , (4) 
𝑚̂𝑚𝑚𝑚𝑡𝑡𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡

1−𝛽𝛽𝛽𝛽1
𝑡𝑡𝑡𝑡 , (5) 𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡 = 𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡

1−𝛽𝛽𝛽𝛽2
𝑡𝑡𝑡𝑡 , (6) 𝜃𝜃𝜃𝜃𝑡𝑡𝑡𝑡+1 = 𝜃𝜃𝜃𝜃𝑡𝑡𝑡𝑡 − 𝛼𝛼𝛼𝛼 𝑚̂𝑚𝑚𝑚𝑡𝑡𝑡𝑡

√𝑣̂𝑣𝑣𝑣𝑡𝑡𝑡𝑡+𝜖𝜖𝜖𝜖 ,  (7) 

 
where 𝛼𝛼𝛼𝛼 is the learning rate and 𝛽𝛽𝛽𝛽1𝛽𝛽𝛽𝛽2 are exponential decay rates controlling the gradient estimates. 

 

The output probability 𝑦̂𝑦𝑦𝑦𝑖𝑖𝑖𝑖 is then thresholded at 0.5 to obtain the predicted class. This mathematical 
formulation captures the essential computational logic used in the CNN training pipeline and provides a 
theoretical foundation for the experimental design discussed in the following sections. 

F. Evaluation Metrics 
To assess diagnostic performance, the models were evaluated using five key metrics: Accuracy, 

Precision, Recall, F1-score, and Area Under the ROC Curve (AUC). These metrics jointly capture correctness, 
reliability, and sensitivity of predictions. 

The formulas used to compute these metrics are as follows: 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑦𝑦𝑦𝑦 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 (8)  

 
𝑃𝑃𝑃𝑃𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 (9),  𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 (10) 

 
𝐹𝐹𝐹𝐹1 = 2 × 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  (11). 
 
AUC was calculated by integrating the Receiver Operating Characteristic (ROC) curve, which plots True 

Positive Rate (TPR) against False Positive Rate (FPR) across different thresholds. Here in (1), True Positives 
(TP) represent correctly identified disease cases, True Negatives (TN) are correctly identified healthy cases, 
False Positives (FP) occur when healthy samples are incorrectly classified as diseased, and False Negatives 
(FN) represent missed disease detections. 

This metric is particularly important for imbalanced medical datasets, where accuracy alone may not 
fully capture diagnostic reliability. 

The evaluation was performed on a held-out test split (20%), ensuring that no overlap occurred 
between training and validation samples. Such a protocol guarantees that models generalize beyond the 
training data, aligning with modern medical imaging research practices [2]. 

Results 
The experimental results obtained from this study present a comparative analysis of three 

convolutional neural network (CNN) architectures - DenseNet121, ResNet50, and a custom SimpleCNN - for 
detecting Infiltration from the NIH Chest X-ray dataset [8]. The quantitative performance of all models is 
presented in Table 1. Each model was evaluated on key diagnostic performance metrics: Accuracy, Precision, 
Recall, F1-score, and AUC-ROC, all of which are widely adopted for medical image analysis [9,10]. 

 
 

Table 1.   Performance comparison of CNN models. 
Model Accuracy Precision Recall F1-score AUC 

DenseNet121 0.561 0.550 0.530 0.540 0.379 
ResNet50 0.611 0.634 0.470 0.540 0.357 

SimpleCNN 0.582 0.635 0.325 0.430 0.373 
 
From these results, ResNet50 achieved the highest accuracy (0.611), outperforming DenseNet121 

(0.561) and SimpleCNN (0.582). While all models achieved relatively close precision scores (ranging from 
0.550 to 0.635), their recall values differed more substantially, with DenseNet121 (0.530) showing a better 
ability to detect true positive cases than ResNet50 (0.470) or SimpleCNN (0.325). 

The F1-score, which balances precision and recall, highlights that both DenseNet121 and ResNet50 
achieved identical F1 values (0.540), though they did so with different trade-offs between sensitivity and 
specificity. SimpleCNN, despite having the second-highest precision (0.635), underperformed in recall, leading 
to a lower F1-score (0.430). 
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The AUC-ROC results, ranging between 0.357 and 0.379, were modest across all models due to the 
limited subset of the dataset used for training (only one of twelve partitions). Nevertheless, these values 
confirm that all models learned meaningful discriminative patterns, though further tuning and larger datasets 
would be required to improve robustness [11]. 

A. Accuracy Progression Across Epochs 
The training curves illustrated in Figure 2 below visualize the evolution of accuracy across epochs for 

all three models. 
 

 

Figure 2.  Accuracy Plot. 
 
As the plot demonstrates, ResNet50 consistently improves over five epochs, reaching 0.611 in the final 

iteration. Its performance trajectory reflects stable convergence and strong feature extraction capabilities due 
to residual connections [12]. DenseNet121 shows a sharp initial increase followed by mild overfitting, 
consistent with its deeper architecture and high parameter count [13]. SimpleCNN, on the other hand, exhibits 
slower improvement and early stabilization, typical for shallow models with fewer convolutional layers. 

These trends emphasize the inherent strengths of transfer learning and architectural depth in medical 
imaging applications, aligning with prior works by Rajpurkar et al. [1] and Baltruschat et al. [2], who reported 
similar improvements using pre-trained models on limited medical data. 

B. Interpretation of Diagnostic Metrics 
The diagnostic implications of these metrics are critical. In medical contexts, a higher recall is often 

prioritized to avoid missing positive cases, while precision ensures reliability of detected anomalies [9]. 
Although ResNet50 achieved the highest accuracy, DenseNet121’s higher recall (0.530) makes it potentially 
preferable in real diagnostic workflows where false negatives are critical. Conversely, SimpleCNN’s low recall 
indicates that its limited depth restricts its ability to generalize complex visual patterns, confirming findings 
in previous studies comparing shallow and deep CNNs for radiographic interpretation [14]. 

C. Summary of Findings 
Overall, ResNet50 emerged as the most balanced model in terms of generalization and accuracy, 

confirming the strength of residual learning for medical image classification. However, DenseNet121 showed 
better recall performance, suggesting that it may better capture subtle infiltration patterns. SimpleCNN, while 
computationally efficient, underperformed in sensitivity, reinforcing the necessity of deeper architectures for 
complex radiographic diagnostics [4,7]. 

Future studies will expand this comparative analysis using the complete NIH dataset, increase the 
number of epochs, and include advanced optimization techniques to improve generalization and clinical 
reliability. 

 
 

 

Discussion 
The outcomes of our experiments demonstrate meaningful but far from conclusive performance for 

detecting Infiltration using three CNN architectures. While ResNet50 achieved the highest accuracy (0.611), 
DenseNet121 delivered better recall (0.530), and SimpleCNN offered moderate precision but struggled with 
sensitivity. Overall, none of the architectures reached performance levels acceptable for clinical deployment, 
which underscores both the promise and limitations of the present study. 

The limited AUC-ROC values (0.357 to 0.379) indicate that models are only partially distinguishing 
positive and negative cases beyond random chance. In a medical diagnostic context, such modest separability 
is insufficient; models with similar accuracy but low AUC may misclassify borderline or subtle cases, and false 
negatives carry serious risks. Thus, the current experimental configuration must be viewed as a proof of 
concept rather than a final diagnostic solution. 

Several factors likely constrained performance: 
1. Restricted dataset subset and low diversity. We trained on a single archive partition 

(images_001) rather than the full NIH dataset of over 100,000 images [8]. This restriction reduces both intra-
class variation and inter-institutional heterogeneity, which are essential for generalization in medical imaging 
tasks [15]. Furthermore, the original labels derived from text mining have inherent noise and uncertainties; 
using more robust annotation or multi-reader consensus could improve signal quality [7]. 

2. Downsampling image resolution. Converting images to 224×224 pixels was necessary for 
computational tractability, but it inevitably sacrificed fine structural and textural features - often critical in 
identifying infiltrative changes, micro-opacities, or faint shadows. The suppression of spatial fidelity 
undermines recall and AUC especially, as prior studies have shown that resolution loss disproportionately 
harms model sensitivity in medical imaging [16]. This observation is consistent with broader analyses of 
resolution effects on CNN performance in diagnostic tasks [17,18]. 

3. Short training schedule and underutilization of optimization strategies. Five epochs is minimal 
for deep networks with many parameters like ResNet50 and DenseNet121. Prolonged training, learning rate 
scheduling, weight decay and early stopping would allow better convergence and generalization [19]. Without 
these, models may underfit or fail to fully explore feature space. 

4. Insufficient augmentation and class-balanced sampling. While class balancing was applied in 
filtering, more advanced augmentation strategies (rotation, intensity variation, elastic deformation) were not 
exhaustively leveraged. Literature shows that with limited data, augmentation dramatically improves model 
robustness and recall in medical imaging [20]. Additionally, use of focal loss or oversampling positive cases 
might mitigate weak recall in deep models. 

Given these limitations, the performance achieved is best viewed as a controlled comparative 
benchmark rather than a final diagnostic system. Nonetheless, it served its primary goal: to identify which 
architecture behaves more favorably under constrained conditions and merits further refinement. 

From the observed trade-offs, ResNet50 stands out as the preferred model moving forward. Its 
consistent upward trend in accuracy across epochs and the highest final accuracy indicate stability and good 
generalization on our subset. Despite lower recall compared to DenseNet121, ResNet50’s higher precision 
suggests fewer false positives, which is important to reduce unnecessary alarms in clinical settings. 
DenseNet121, in turn, with relatively higher recall, remains a compelling alternative for screening scenarios 
prioritizing sensitivity. SimpleCNN, while too weak for final deployment, remains a valuable baseline to 
benchmark gains from transfer learning. 

In future work, several avenues should be pursued to elevate model performance toward clinical 
utility: 

- Use full-resolution images: eliminate forced downsampling, or adopt patch-wise or multi-scale input 
methods to preserve diagnostically meaningful detail. 
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In future work, several avenues should be pursued to elevate model performance toward clinical 
utility: 

- Use full-resolution images: eliminate forced downsampling, or adopt patch-wise or multi-scale input 
methods to preserve diagnostically meaningful detail. 

© Dinara Kaibassova, Kalizhan Akhmetov
DOI: 10.37943/25DECX4995 



70
Scientific Journal of Astana IT University 

ISSN (P): 2707-9031   ISSN (E): 2707-904X 
VOLUME 25 ,  MARCH 2026

 

- Expand dataset scope: incorporate the full NIH ChestX-ray14 dataset and external datasets to 
strengthen generalization across patient populations and imaging sources. 

- Extend training and optimize hyperparameters: deploy longer training runs, learning rate schedules, 
regularization, and modern optimizers (e.g. AdamW, Lookahead). 

- Advanced augmentation and domain adaptation: apply robust augmentation, synthetic data, and 
possibly unsupervised or semi-supervised techniques to simulate image variety. 

- Cross-validation and external validation: validate models on held-out institutions or clinical data not 
used in training to assess the external robustness of the system. 
These enhancements are well grounded in the literature: data augmentation surveys show consistent 

gains [20]; resolution-aware performance drops in medical imaging have been analyzed in systematic reviews 
of imaging deep learning [17,18]; and optimization techniques like decoupled weight decay are proven 
effective in modern training of CNNs [19]. Moreover, the importance of large, heterogeneous medical image 
datasets is underscored in analyses of public dataset challenges [15]. 

While our models currently do not reach diagnostic-grade performance, they provide a solid 
comparative basis. Our experiments justify selecting ResNet50 for further development but also recognize 
DenseNet121 as a candidate when sensitivity is critical. The defined path of improvements - full resolution, 
expanded data, enhanced training, augmentation, validation - lays out a roadmap toward future deployment. 

Conclusion  
This comparative analysis of convolutional neural network architectures - DenseNet121, ResNet50, 

and SimpleCNN - for chest X-ray classification provided valuable insights into their relative diagnostic 
potential, limitations, and suitability for further development. Despite the modest accuracy levels achieved 
(best accuracy: 0.611 with ResNet50), the results demonstrate clear and consistent learning behavior across 
all models, confirming that even simplified CNN configurations can identify medically relevant patterns within 
radiographic data. 

The outcomes emphasize several critical implications. First, while pre-trained architectures such as 
ResNet50 and DenseNet121 show a notable advantage in transfer learning performance over shallow CNNs, 
their results also highlight the constraints of limited datasets and reduced image fidelity. As discussed, 
downsampling images to 224×224 px and training on a single NIH partition substantially limited the networks’ 
ability to extract fine-grained radiological cues essential for robust disease discrimination [8,16]. 
Nevertheless, these experiments successfully established a methodological foundation for identifying which 
model family merits further optimization. 

From a research perspective, the findings validate ResNet50 as a promising baseline for subsequent 
studies aiming to enhance diagnostic reliability in chest pathology detection. Its superior test accuracy and 
AUC suggest a balanced trade-off between depth, parameter efficiency, and generalization, aligning with 
previous findings in medical imaging literature [12,13]. In contrast, DenseNet121, though efficient in gradient 
propagation, exhibited minor overfitting - an expected behavior given the small dataset and lack of extensive 
augmentation [17,18]. SimpleCNN, while underperforming in absolute terms, remains valuable for controlled 
experimentation and as a benchmark for algorithmic transparency and computational economy. 

The broader significance of this study lies not in its immediate predictive accuracy but in its 
demonstration of a comparative framework applicable to real-world diagnostic model evaluation. The 
approach - integrating reproducible preprocessing, standardized metrics (Accuracy, Precision, Recall, F1, and 
AUC), and visual learning curve analyses - ensures interpretability and scientific reproducibility. The results 
further support the necessity of data quality and diversity, echoing the central tenet of recent radiological 
deep learning reviews: that reliable medical AI depends as much on curation and annotation fidelity as on 
model architecture [7,15]. 

Future work will therefore focus on retraining selected architectures - particularly ResNet50 - using 
the full NIH Chest X-ray dataset, preserving the original image resolution, and integrating advanced data 
augmentation strategies such as adaptive histogram equalization and domain-specific noise simulation 

 

[18,20]. Additional improvements could involve hyperparameter tuning with larger batch sizes, multi-label 
classification across all disease categories, and evaluation on external datasets for cross-institutional 
generalization. 

In summary, this study confirms that deep learning can achieve promising baseline performance in 
chest X-ray interpretation even under constrained experimental conditions. More importantly, it underscores 
that the path toward clinically reliable AI systems depends on iterative refinement, careful dataset expansion, 
and rigorous comparative experimentation - principles that this research was designed to establish and 
exemplify. 
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INTELLIGENT DRONE ROUTE PLANNING IN URBAN ENVIRONMENTS:  
OPTIMIZATION AND SAFETY 

 
Abstract: This study develops and evaluates an intelligent route-planning model for unmanned aerial 

vehicles operating in urban environments with the objective of minimizing total flight time while maintaining 
flight safety. The proposed approach addresses a practical last-mile delivery scenario in a smart-city context 
and is implemented using Google OR-Tools within a constrained Traveling Salesman Problem framework. 

Open geospatial data from OpenStreetMap are used to obtain building geometries, street topology, 
and available height-related attributes, while meteorological data from OpenWeatherMap are used to account 
for wind conditions in flight-time estimation. Safe cruising altitude is determined from the maximum 
surrounding obstacle height with an additional safety margin. If explicit building-height data are unavailable, 
height is approximated from the number of building levels. 

A prototype system was developed to visualize routes, estimate route distance, flight time, and 
delivery cost, and export missions in MAVLink/QGroundControl-compatible format. Experimental scenarios 
for real delivery points in the Astana metropolitan area, including Astana, Kosshy, and Koyandy demonstrate 
the practical feasibility of the proposed open-data-driven routing approach and show improvements over a 
baseline sequential routing strategy.  

The scientific contribution of the study lies in the integration of open geospatial building data, 
weather-aware flight-time estimation, and safety-oriented altitude selection into a reproducible urban UAV 
route-planning framework. The proposed method can support the development of safe and cost-efficient 
drone delivery services in dense urban environments. 

Experimental scenarios with increasing numbers of delivery points demonstrated that the proposed 
method remains computationally efficient, with sub-second solver runtime for the tested cases for practical 
smart-city logistics applications. 

Keywords: drone delivery; route optimization; Traveling Salesman Problem; OpenStreetMap; wind 
conditions; building height estimation; urban route planning; Python. 

 
Introduction 
In recent years, due to the high mobility and relatively low cost of drones, drone-based delivery 

systems have demonstrated significant potential for providing flexible and reliable parcel transportation. 
However, for commercial deployment, a robust route planning mechanism is required that takes into account 
the following factors: 

 battery energy capacity, 


