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in their early detection and diagnosis. However, manual interpretation of
chest radiographs is time-consuming and subject to variability among
clinicians. Deep learning offers a promising solution to support automated
diagnosis, although challenges remain regarding optimal model selection
and interpretability. The contribution of this study is a comparative
evaluation of DenseNetl21, DenseNetl69, and DenseNet201
architectures, combined with Grad-CAM to enhance transparency in
decision-making. Two openly accessible collections of chest radiograph
images were employed. Dataset-1 consisted of 6,432 images of Normal,
Pneumonia, and COVID-19, while Dataset-2 included 15,421 images of
Normal, Pneumonia, and Tuberculosis. Each model was trained for 50
epochs under four optimizers, namely Adam, Adamax, and SGD.
Performance was assessed using metrics evaluation and Grad-CAM was
utilized to depict the areas that significantly shaped the model’s
predictions. The results demonstrated that DenseNetl69 consistently
achieved the most balanced performance across datasets and optimizers.
On Dataset-1 with Adam optimization, it reached an accuracy of 97.46%,
precision of 96.05%, recall of 96.24%, F1-score of 96.10%, and specificity
of 97.68%. On Dataset-2, it achieved 97.11% accuracy, 96.17% precision,
95.67% recall, 95.69% F1-score, and 97.83% specificity. These outcomes
confirm that DenseNetl69 is particularly well-suited for screening
applications where sensitivity is critical. Grad-CAM depictions
additionally confirmed that the model concentrated on diagnostically
pertinent pulmonary regions, thereby strengthening clinical trust. In
conclusion, DenseNetl69 proved to be the most robust and reliable
architecture for respiratory disease categorization, while Grad-CAM
enhanced model interpretability. These results emphasize the promise of
DenseNet-driven strategies as supportive instruments in medical image
analysis and indicate opportunities for continued enhancement in clinical
practice.
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1. Introduction

Respiratory diseases, such as pneumonia, tuberculosis, and COVID-19, continue to be major
contributors to global morbidity and mortality. Ensuring timely and accurate identification of these
conditions is crucial to reducing the impact of disease and improving health results [ 1 |[-[3]. Traditional
diagnostic approaches, including CXR and CT scans, depend greatly on the expertise of radiologists,
which can be subjective, labor-intensive, and susceptible to variability between observers [4], [5].
These limitations are even more pronounced in resource-limited settings, where a shortage of
radiologists often leads to delayed or inaccurate diagnoses [6]. Hence, there is a pressing demand for
CAD systems that are automated, reliable, and interpretable to assist clinical decision-making in
managing respiratory diseases [7]. In the past few years, deep learning methods, especially CNNs,
have shown pronounced advances across medical image-analysis tasks, including classification,
detection, and segmentation [8]-[10]. Among these, DenseNet architectures have emerged as
powerful models due to their capacity for feature reuse, ability to mitigate vanishing gradient
problems, and high accuracy with fewer parameters compared to other CNNs [11]. Previous research
has highlighted the effectiveness of DenseNet for detecting pneumonia and COVID-19, though the
majority of these studies have been restricted to single-architecture models or binary classification
tasks [12]. Furthermore, many of these models function as “black boxes” with limited interpretability,
which poses a significant barrier to clinical acceptance and trust [13]—[15].

To address these challenges, explainable Al approaches, including Grad-CAM, have been
incorporated. Grad-CAM delivers visual explanations by emphasizing critical image areas that
influence the model’s outputs, thus improving clarity and comprehensibility [16]. Although prior
studies have applied Grad-CAM for tasks such as COVID-19 or pneumonia detection individually
[17], there is still a lack of comprehensive comparative evaluations that investigate various DenseNet
architectures in combination with Grad-CAM across multiple respiratory diseases. Addressing this
gap is essential to determine the most effective architecture while maintaining interpretability. The
unique contribution of this research resides in its comparative analysis, which evaluates DenseNet121,
DenseNet169, and DenseNet201 for classifying multiple respiratory diseases while simultaneously
incorporating Grad-CAM to enhance interpretability. Unlike previous work that primarily emphasizes
either predictive performance or interpretability, this research integrates both aspects by not only
reporting classification results but also verifying whether the Grad-CAM highlighted regions
correspond to clinically meaningful features. This dual focus strengthens both model optimization and
its potential for clinical reliability.

The contribution of the research is twofold. First, it provides a comprehensive comparative
evaluation of DenseNet architectures in classifying respiratory diseases, offering insights into their
relative strengths and weaknesses. Second, it integrates Grad-CAM-based interpretability to enhance
clinical trust and adoption of Al-based CAD systems. By demonstrating how different DenseNet
variants perform and how their decisions can be interpreted, this research promotes the creation of
trustworthy, explainable, and clinically relevant Al systems for diagnosing respiratory conditions.
Ultimately, the findings aim to support radiologists and clinicians, particularly in resource-constrained
environments, by improving diagnostic efficiency and decision-making.

2. Related Works

In recent years, the use of deep learning for diagnosing respiratory diseases through chest imaging
has been widely investigated. Numerous studies have confirmed the efficacy of CNNs and transfer
learning methods in distinguishing normal from pathological conditions. For instance, Elshennawy et
al. [18] employed multiple architectures including ResNet152V2, CNN, MobileNetV2, and LSTM-
CNN for pneumonia detection from CXR, achieving a remarkable accuracy of 99.22% with high recall
and precision. Similarly, Jain et al. [19] evaluated custom CNNs along with established architectures
such as ResNet50, VGG16, Inception-v3, and VGG19, reporting an accuracy of 92.31% and recall of
98% in binary classification tasks.
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Beyond binary classification, researchers have expanded to multi-class approaches. Alsharif et
al. [20] proposed a novel 50-layer CNN model (PneumoniaNet) to classify normal, bacterial, and viral
pneumonia in pediatric CXR, attaining an impressive accuracy of 99.7%. Likewise, Nneji et al. [21]
combined shallow CNNs with MobileNet-V3 and Inception-V3, incorporating image preprocessing
techniques such as CECED and CLAHE. Their model classified normal, bacterial, viral, and COVID-
19 cases with 98.3% accuracy and an AUC of 99.0%. Sharma et al. [22] also investigated both binary
and multi-class classification using VGG16 with different classifiers, where the binary dataset
achieved 92.15% accuracy, and the multi-class dataset yielded 95.4% accuracy with an AUC of 0.988.

Custom CNN modifications have also been investigated. Szepesi et al. [23] introduced dropout
in convolutional layers to enhance generalization in pneumonia detection, reaching an accuracy of
97.21%. Mujahid et al. [24] integrated CNN, VGG16, ResNet50, Inception-V3, and ensemble
methods, achieving a state-of-the-art performance of 99.29% accuracy with recall as high as 99.73%.
Similarly, Bhatt et al. [25] used CNN ensembles, though their study highlighted certain performance
limitations, reporting an accuracy of 84.12% but maintaining a high recall of 99.23%, indicating
sensitivity to positive cases despite lower precision.

Apart from CNN-based methods, texture-based radiomic approaches combined with machine
learning classifiers have been explored. Toro et al. [26] utilized fractal dimension, radiomics, and
superpixel-based histon features, integrated with traditional classifiers like KNN, SVM, and RF. Their
results varied across datasets, with the Josep-NIH dataset achieving 99% accuracy and an AUC of
0.995, highlighting the potential of hybrid approaches in medical imaging tasks. MobileNet has also
shown promising results in lightweight models suitable for real-world deployment. Reshan et al. [27]
applied MobileNet for binary pneumonia classification and achieved 94.23% accuracy with an AUC
of 0.972, underscoring the balance between performance and computational efficiency. The following
is a summary of the related works presented in Table 1.

Overall, prior studies demonstrate that CNN-based methods, particularly advanced architectures
such as VGG, Inception, ResNet, and MobileNet, have achieved high accuracy in respiratory disease
classification. However, the majority of works focus on performance metrics alone while neglecting
interpretability. Although some approaches have integrated ensembles or hybrid features, systematic
comparisons of different DenseNet architectures with interpretability methods like Grad-CAM are
still limited. This research seeks to address that gap by providing a comparative evaluation of
DenseNet121, DenseNet169, and DenseNet201, while incorporating Grad-CAM to enhance clinical
transparency and trust.

3. Methodology
3.1. Dataset

Within this study, two open-access CXR datasets were employed to examine the performance of
various DenseNet models in identifying respiratory diseases. These datasets were carefully chosen to
reflect diverse diagnostic conditions and to facilitate both binary and multi-class classification
experiments. Dataset-1 (Fig. 1(a)) includes radiographic chest images classified into three categories
(COVID-19, Pneumonia, and Normal) with a total of 6,432 samples [28]. Moreover, the dataset was
additionally split into training and testing subsets to guarantee consistent assessment. Specifically, the
training subset comprised 460 COVID-19 cases, 1,266 Normal cases, and 3,418 Pneumonia cases,
while the testing set consisted of 116 COVID-19 cases, 317 Normal cases, and 855 Pneumonia cases.
This dataset enabled a comprehensive evaluation of model capability in differentiating viral and
bacterial respiratory infections from healthy cases.

Dataset-2 (Fig. 1(b)) contains chest X-ray images from three different classes, such as
Tuberculosis, Pneumonia, and Normal, totaling 15,421 images [29]. To provide balanced evaluation
conditions, the training set consisted of 1,788 Tuberculosis images, 9,188 Normal images, and 4,145
Pneumonia images. The testing set was equally distributed, with 100 images for each category (100
Tuberculosis, 100 Normal, and 100 Pneumonia). This dataset facilitated the exploration of model
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robustness across larger and more diverse samples, particularly for differentiating Tuberculosis from
other respiratory diseases. Both datasets were preprocessed prior to training, including resizing images
to match the input dimensions of DenseNet architectures and applying normalization to standardize
pixel values. The use of two distinct datasets allowed this study to perform comparative analysis not
only across architectures (DenseNet-121, DenseNet-169, and DenseNet-201) but also across different
disease combinations, enhancing the generalizability and reliability of the findings.

Table 1. Summary of the related works

Ref Authors & Type.of DL Techniques Classification Evaluation Results
Year Imaging Task
Elshenna ResNet152V2, Binary AUC =99.77%, Recall = 99.43%,
[18] et al (20%})7’ CXR MobileNetV2, (Pneumonia vs Accuracy = 99.22%, F1-score =
CNN, LSTM-CNN Normal) 99.44%, Precision = 99.44%.
Custom CNN (2-
. layer, 3-layer), . _ o — 0]0
[19] Jain, et al CXR VGG16, VGG19, Binary (Norn_qal Accuracy = 92.31 A:, Regall 98%,
(2020) vs Pneumonia) F1-Score = 94%
ResNet50,
Inception-v3
. . Specificity = 99.85%, AUC =
Alsharif, et PneumoniaNet Multi-class— 581 Recall = 99.74%, Accuracy
[20] CXR (Novel 50-layer (Normal, _ o _ o
al (2021) CNN) Bacterial, Viral) =99.7%, Fl-score = 99.7%,
’ Precision = 99.7%
Syencsi. ot al C“Stgrn; Colzﬂn(wnh Binary Recall = 97.34%, AUC = 0.982,
[21] (1320252) CXR conch))lu tional (Pneumonia vs F1-score = 97.37%, Precision =
Normal) 97.40%, Accuracy = 97.21%
layers)
Shallow CNN Multi-class AUC = 99.0%, Recall = 98.9%,
.. (LBP), MobileNet- o 0 —
[22] Nneji, et al CXR V3 (CECED) (Normal, Specificity = 99.2%, Accuracy =
(2022) fnception V3’ Bacterial, Viral, 98.3%, F1-score = 99.0%,
- _ ‘ion = 0
(CLAHE) COVID-19) Precision = 98.8%
Muiahid. ot CN&;ES?(;M’ Binary Accuracy = 99.29%, Precision =
[23] alJ(202é) CXR Ince tion-\;3 (Pneumoniavs ~ 98.83%, Fl-score = 99.28%, Recall
p : Normal) =99.73%, AUC = 99.30
Ensembles
Texture-based Dataset 1 (GWCMCx - Paediatric):
features (Radiomics, o 010
) . . F1-Score = 0.93, Accuracy = 93%,
Fractal Dimension, Binary >
Toro, et al . . AUC =0.954.
[24] CXR Superpixel-based (Pneumonia vs . _
(2022) . Dataset 2 (Josep-NIH): F1-Score =
Histon) + ML Normal) 000 -
. 0.98, Accuracy = 99%, AUC =
classifiers (KNN, 0,995
SVM, RF) )
Bhatt. et al Binary Recall = 99.23%, F1-score =
[25] (20’23) CXR CNN ensemble (Pneumonia vs 88.56%, Accuracy = 84.12%,
Normal) Precision = 80.04%
. Dataset 1 (Binary): F1-score =
Binary 0.937, Accuracy = 92.15%, AUC =
VGG16 + Neural (Pneumonia vs o 7y . O
0.974, Recall = 0.9308, Precision =
Networks Normal) and
[6) Sharmactal  oyp (compared with Multi-cla 0.9428.
(2023) e gl heass Dataset 2 (Multi-class): Recall =
VGG16 + SVM, (Normal, - S
; 0.954, AUC = 0.988, Precision =
KNN, RF, NB) Pneumonia, -
0.954, Accuracy = 95.4%, F1-score
COVID-19) _
=0.954
Binary Precision = 93.75%, Accuracy =
Reshan, et al . . o - _
[27] (2023) CXR MobileNet (Pneumonia vs 94.23%, AUC = 0.972, F1-score =
Normal) 95.96%, Recall = 98.28%

3.2. Preprocessing

Before training the DenseNet models, all CXR images underwent preprocessing to maintain
consistency and enhance model generalization [30]. Each image was scaled to 224x224 pixels in RGB
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format to align with DenseNet input requirements, and pixel intensities were normalized to the range
[0,1] to stabilize the training phase [31]. To overcome the challenge of limited dataset size and
minimize overfitting, extensive data augmentation was applied [32]. This included random rotations
between -50° and +50°, as well as random zooming in or out within a scale factor of 0.5 to 1.5,
enabling the models to better adapt to variations in orientation and scale [33]. Brightness adjustments
were also randomly applied within the range [0.3, 1.0] to replicate diverse exposure conditions
commonly encountered in radiographic imaging [34]. Additionally, horizontal and vertical flips were
introduced to increase orientation variability [35], while random shifts within +0.3 of the image
dimensions along height and width were performed to help the models handle positional variations of
anatomical features [36]. Altogether, these preprocessing techniques enriched the dataset with a wide
range of transformations while preserving clinically meaningful features [37], thereby improving the
robustness and generalizability of DenseNet architectures when used for respiratory disease
classification tasks [38].

£ 4

Pneumonia Normal Covidl9 Pneumonia Covidl9 Normal

(a) CXR dataset-1

el ciZs s
ANE ENE N

Normal Pneumonia Tuberculosis Pneumonia Normal Tuberculosis
(b) CXR dataset-2

Fig. 1. CXR dataset for respiratory diseases classification
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3.3. DenseNet Architectures

The fundamental principle of DenseNet is dense connectivity, in which every layer obtains
information not just from the directly prior layer but also from all the preceding ones [39]. In other
words, the feature maps generated at any layer are passed directly to every subsequent layer inside the
same structural block [40]. Such a connectivity pattern encourages reutilization of features, enhances
gradient propagation, alleviates the vanishing gradient issue, and substantially decreases the parameter
count relative to traditional CNN frameworks [41]. In medical image analysis, such as CXR, this is
highly advantageous because DenseNet allows the model to derive richer and more meaningful feature
representations from comparatively limited datasets while maintaining efficiency in computation [42].

If the result produced by the [** layer is represented as x;, then rather than relying solely on the
result from the directly prior layer, DenseNet formulates x; as a function derived from the merging of
all earlier feature maps. This relation can be formulated as:

x; = Hi([x0, %1, X2, oo, X1—1]) (1)

Here, xg, x4, ...,%;_1 denote the feature maps generated by the earlier layers, and [-] signifies
concatenation along the channel dimension. The function H;(+) is the transformation applied at the
[t" layer, which generally involves a series of processes including batch normalization (BN), ReLU
activation, and convolution. This may be mathematically represented as:

H () = W, + (o(BMx)) ) 2)

Yuri Pamungkas (A Comparative Study of Respiratory Diseases Classification Using Grad-CAM-Based DenseNet
Architectures)



International Journal of Robotics and Control Systems
Vol. 6, No. 1, 2026, pp. 454-474

ISSN 2775-2658 459

where BN(+) represents batch normalization, o (-) is the non-linear activation function (ReLU), and
W, * () indicates convolution with weights W;.

An important parameter in DenseNet is the growth rate, symbolized by k, which specifies how
many additional feature maps are produced by every layer. If the input to a dense block has m, initial
feature maps, then after [ layers the overall count of feature maps becomes:

ml:m0+k><l (3)

This linear growth ensures that each layer expands the feature space while still reusing information
from previous layers. By design, this mitigates redundancy and promotes feature reuse, thereby
improving efficiency compared to traditional CNNSs that often learn overlapping features in different
layers.

Since the concatenation of features causes the number of feature maps to increase rapidly,
DenseNet introduces transition layers between dense blocks to regulate model complexity. A
transition layer usually comprises a 1 X 1 convolution step followed by a 2 X 2 average pooling
process, reducing both the spatial resolution and the channel count. To further control model size, a
compression factor 8 € (0,1] is often applied, such that the number of feature maps after a transition
layer is calculated as:

Moyt = lH ’ minJ (4)

where my, denotes the number of input feature maps and 6 is typically set to 0.5. This ensures that
while the dense connectivity promotes expressive feature learning, the overall model remains
computationally efficient.

Based on Table 2, all three models begin with the same initial configuration. The input image
size is normalized to 224x224x3 followed by a stem comprising a 7x7 convolution with stride 2 and
a 3x3 maximum pooling process. This stage serves as an initial feature extractor before the data is
passed into the series of dense blocks. Each dense block consists of a defined set of layers, where each
layer performs batch normalization, ReLU activation, a 1x1 convolution (bottleneck), and a 3x3
convolution, with the output concatenated with all previous feature maps within the block. The key
differences among the three models lie in the depth of the dense blocks. DenseNet121 has dense blocks
arranged with layer counts of 6, 12, 24, and 16, in that order. DenseNet169 increases the depth in later
stages with distributions of 6, 12, 32, and 32 layers, while DenseNet201 additionally enlarges the third
block to 48 layers, followed by 32 layers in the final block. Between each dense block, a transition
layer made up of a 1x1 convolution operation combined with a 2x2 average pooling step with a
compression factor (0) of 0.5 is employed to control the growth of feature maps and reduce spatial
resolution. This ensures that the increasing model depth remains computationally tractable.

After the dense blocks, all three variants utilize the same final layers, which include batch
normalization (BN), ReLU nonlinearity, and a global average pooling (GAP) layer to combine the
extracted features. The classification stage is realized via a dense (fully connected) layer and then a
softmax function, generating probability outputs across the target categories. For training, the models
were optimized using multiple optimizers, including Adam, Adamax, and SGD, while the categorical
crossentropy loss function was applied to handle the multi-class classification task.

3.4. Grad-CAM

Grad-CAM is an explainable Al approach developed to provide visual interpretability for deep
learning models, particularly CNNs [43]. The main goal of Grad-CAM is to emphasize the portions
of the image that have the greatest influence on the model’s classification result [44]. By overlaying
heatmaps onto the original medical images, Grad-CAM helps clinicians and researchers identify the
anatomical or pathological features that most strongly influenced the predictions [45]. This
interpretability is particularly relevant within medical image processing tasks, including chest
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radiograph evaluation, where trust, transparency, and clinical validation are essential for adoption
[46].

Table 2. Architecture of three DenseNet models used in this study

Stage DenseNet121 DenseNet169 DenseNet201
Input 224 x 224 x 3 224 x 224 x 3 224 x 224 x 3
Stem 7 x 7 Conv (stride 2), 7 x 7 Conv (stride 2), 7 x 7 Conv (stride 2),
3 x 3 MaxPool 3 x 3 MaxPool 3 x 3 MaxPool
Dense Block 1 6 layers 6 layers 6 layers
Transition Layer Conv 1 x1, Conv 1 x1, Conv 1 x1,
1 AvgPool 2 x 2 AvgPool 2 x 2 AvgPool 2 x 2
0=0.5) 0=0.5) 0=0.5)
Dense Block 2 12 layers 12 layers 12 layers
Transition Layer Conv 1 x1, Conv 1 x1, Conv 1 x1,
> AvgPool 2 x 2 AvgPool 2 x 2 AvgPool 2 x 2
0=0.5) 0=0.5) 0=0.5)
Dense Block 3 24 layers 32 layers 48 layers
Transition Layer Conv 1 x1, Conv 1 x1, Conv 1 x1,
3 AvgPool 2 x 2 AvgPool 2 x 2 AvgPool 2 x 2
0=0.5) 0=0.5) 0=0.5)
Dense Block 4 16 layers 32 layers 32 layers
Final Layers Batch Normalization, ReLU, Batch Normalization, ReL U, Batch Normalization, ReLU,
Global AvgPool Global AvgPool Global AvgPool
Classifier FC + Softmax FC + Softmax FC + Softmax
Optimizers: “Adam, Adamax, Optimizers: “Adam, Adamax, Optimizers: “Adam, Adamax,
Training SGD” SGD” SGD”
Configuration Loss: “categorical Loss: “categorical Loss: “categorical
crossentropy”’ crossentropy” crossentropy”’

The Grad-CAM technique works by utilizing the gradient signals that propagate into the last
convolutional layers of a CNN to evaluate the relevance of each feature map for a given class
prediction [47]. Let y¢ represent the output score for class ¢ (prior to applying the softmax function),
and let A* denote the k" feature map of a layer performing convolution operations. The importance
coefficient af, for the feature map A is subsequently derived as the overall mean of the gradients of

y© with respect to A¥.
¢ 1 ay°
=722, 34 ©)
i t

. . ay° .

where Z refers to the total pixel count in the feature map, and 631]" represents the gradient of the class
ij

score relative to the activation at the spatial position (i, j). The localization map specific to a class
LG ad-cam 18 subsequently produced through the application of a weighted sum of the feature maps

and subsequently passed through a ReL.U function.

LGradg.cam = ReLU (2 “l(éAk> (6)

k

The ReLU activation guarantees that solely the features that contribute in favor of the target class are
shown, while uninformative or contradictory features are attenuated. Finally, the generated heatmap
is upscaled to match the resolution of the original input image and superimposed to provide clearer
visual interpretations.

In this study, Grad-CAM was applied to three DenseNet architectures (DenseNetl2l,
DenseNet169, and DenseNet201) to provide interpretability in respiratory disease classification tasks.
For each case in the dataset, heatmaps were generated to assess whether the model attended to
clinically meaningful regions within the chest cavity, such as opacities, consolidations, or cavitations,
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depending on the disease [48]. By integrating Grad-CAM into the analysis pipeline, it was possible to
confirm that correct predictions were often supported by attention to relevant lung regions, whereas
misclassifications were linked to attention on less informative or irrelevant areas [49]. This allowed
not only validation of model decisions but also a deeper understanding of each architecture’s behavior
under different conditions [50]. The incorporation of Grad-CAM offers significant advantages in the
context of medical imaging. It provides transparency that strengthens clinical trust by ensuring that
diagnostic decisions are not based on spurious correlations [51]. It also facilitates error analysis and
model improvement by revealing systematic biases or inconsistencies in the decision-making process
[52]. Furthermore, Grad-CAM contributes to medical education by serving as a visual tool that
illustrates how deep learning models interpret complex radiographic patterns, thereby bridging the
gap between computational methods and clinical expertise [53].

4. Results and Discussion

This section presents the outcomes of the experiments from the comparative study of DenseNet
models for classifying respiratory diseases. Two CXR datasets were utilized in this work. The first
dataset (CXR Dataset-1) comprised 6,432 images classified into three groups: Pneumonia, COVID-
19, and Normal. The second dataset (CXR Dataset-2) contained 15,421 images, also grouped into
three categories, specifically Pneumonia, Tuberculosis, and Normal. To guarantee reliable training
and testing, both datasets were separated into training and testing subsets [54]. Specifically, for CXR
Dataset-1, 80% of the images were allocated for training and 20% for testing, while for CXR Dataset-
2, 98% of the samples were employed for training and the rest 2% for testing.

The classification task was performed using three state-of-the-art DenseNet architectures
(DenseNet121, DenseNet169, and DenseNet201). Each architecture was trained under identical
conditions for 50 epochs, but with variations in the choice of optimizers, namely Adam, Adamax, and
SGD. This variation is allowed for a comparative assessment not only of model depth and architectural
complexity but also on how various optimization algorithms influence model convergence and
classification accuracy [55]. The evaluation of the models was conducted by employing a broad range
of performance indicators typically utilized in medical image classification [56]. The following are
performance metrics from DenseNet architectures in respiratory diseases classification.

Fig. 2 shows the comparative performance of DenseNet121, DenseNet169, and DenseNet201 on
CXR Dataset-1 (Pneumonia, COVID-19, and Normal) when trained with the Adam optimizer. All
three models performed strongly across the evaluation metrics, though some differences were
apparent. DenseNet169 achieved the highest accuracy at 97.46%, followed closely by DenseNet201
with 97.10%, while DenseNet121 reached 96.74%. Precision values were relatively stable, ranging
from 95.56% for DenseNet201 to 96.05% for DenseNet169, with DenseNet121 scoring 95.74%. More
variation was seen in recall: DenseNet169 again led with 96.24%, DenseNet201 followed with
95.33%, while DenseNet121 dropped to 92.16%. The Fl-score reflected the same trend, with
DenseNet169 on top at 96.10%, DenseNet201 at 95.38%, and DenseNet121 at 93.80%. Specificity
remained consistently high, with DenseNet169 and DenseNet201 slightly outperforming
DenseNet121 (97.68% and 97.31% compared with 96.34%)).

Fig. 3 presents the results on CXR Dataset-2 (Pneumonia, Tuberculosis, and Normal), also
optimized with Adam. Here, DenseNet169 once again delivered the best performance across almost
all metrics. It achieved the highest accuracy (97.11%), with DenseNet121 following at 96.44% and
DenseNet201 trailing at 94.44%. Precision results showed a similar pattern, with DenseNet169 at
96.17%, DenseNet121 at 95.40%, and DenseNet201 at 93.16%. In recall, DenseNet1 69 maintained
its advantage at 95.67%, compared with 94.67% for DenseNet121 and 91.67% for DenseNet201. The
F1-score echoed these results: 95.69% for DenseNet169, 94.69% for DenseNet121, and 91.68% for
DenseNet201. Specificity was strong for all three models, with DenseNet169 slightly ahead at
97.83%, followed by DenseNet121 at 97.33%, and DenseNet201 at 95.83%.
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Fig. 2. Respiratory diseases classification using CXR dataset-1 with Adam optimization
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Fig. 3. Respiratory diseases classification using CXR dataset-2 with Adam optimization

When comparing the two datasets, several patterns emerge. On Dataset-1, all three models
performed at a high and relatively comparable level, with DenseNet169 standing out as the most
balanced architecture, particularly in recall and F1-score. DenseNet201 also achieved strong accuracy
and specificity, but its recall was slightly lower, while DenseNet121, though still accurate, showed
clear limitations in sensitivity. On Dataset-2, the differences became more pronounced. DenseNet169
consistently outperformed the other two models, not only in accuracy but also in recall, F1-score, and
specificity. DenseNetl21 remained competitive, especially in specificity, whereas DenseNet201
underperformed compared with its shallower counterparts, with notable drops in recall and F1-score.
Taken together, these findings suggest that DenseNet169 provides the most balanced and reliable
performance across datasets, while DenseNet121 demonstrates strength in specificity. DenseNet201,
despite being the deepest model, does not necessarily translate its complexity into superior results,
underscoring the importance of aligning architectural depth with dataset characteristics and
optimization strategies [57].

Fig. 4 presents the classification performance of DenseNet121, DenseNet169, and DenseNet201
on CXR Dataset-1 (Pneumonia, COVID-19, and Normal) using the Adamax optimizer. Overall, all
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three models achieved strong results across the evaluation metrics, though DenseNet169 and
DenseNet201 showed a more balanced performance compared with DenseNetl21. In terms of
accuracy, DenseNet169 obtained the highest score at 97.46%, closely followed by DenseNet201 at
97.20%, while DenseNetl121 reached 96.64%. Precision values were also favorable, ranging from
95.04% for DenseNetl121 to 96.75% for DenseNet169, with DenseNet201 at 95.36%. A clearer
distinction appeared in recall, where DenseNet201 achieved the best result at 96.29%, followed by
DenseNet169 at 94.95%, while DenseNet121 lagged at 93.36%. The F1-score reflected a similar
pattern: DenseNet169 scored 95.82% and DenseNet201 95.77%, both outperforming DenseNet121 at
94.07%. Specificity was high across all three models, with DenseNet201 slightly ahead at 97.55%,
followed by DenseNet169 at 97.08% and DenseNet121 at 96.74%.

Performance Metrics in Respiratory Diseases Classification
using CXR Dataset1 with Adamax Optimization (%)
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Fig. 4. Respiratory diseases classification using CXR dataset-1 with Adamax optimization

Fig. 5 shows the comparative performance on CXR Dataset-2 (Pneumonia, Tuberculosis, and
Normal) under Adamax optimization. In this case, DenseNet201 emerged as the strongest model
across most metrics. It achieved the highest accuracy at 96.67%, narrowly surpassing DenseNet169
at 96.22% and DenseNet121 at 95.56%. Precision followed the same trend, with DenseNet201 leading
at 95.65%, compared to 95.16% for DenseNet169 and 94.33% for DenseNetl21. For recall,
DenseNet201 again ranked first with 95.00%, while DenseNet169 reached 94.33% and DenseNet121
trailed at 93.33%. The F1-score confirmed DenseNet201’s balanced performance, achieving 95.04%,
followed by DenseNet169 at 94.39% and DenseNet121 at 93.36%. Specificity remained consistently
high, with DenseNet201 at 97.50%, DenseNet169 at 97.17%, and DenseNet121 at 96.67%.

When comparing the two datasets, some interesting patterns emerge. On Dataset-1, DenseNet169
stood out with the highest accuracy (97.46%) and precision (96.75%), while DenseNet201 excelled
inrecall (96.29%) and specificity (97.55%). DenseNet121, although competitive, consistently showed
lower recall (93.36%) and F1-score (94.07%), indicating a greater risk of missing positive cases. On
Dataset-2, however, DenseNet201 clearly established itself as the best overall performer, achieving
the highest accuracy, precision, recall, F1-score, and specificity. DenseNet169 remained strong and
stable, while DenseNet121 again trailed behind, particularly in recall (93.33%) and F1-score
(93.36%). Taken together, these findings suggest that Adamax optimization tends to favor deeper
architectures when applied to larger and more diverse datasets such as Dataset-2, allowing
DenseNet201 to fully leverage its representational capacity. On smaller datasets such as Dataset-1,
however, DenseNet169 provided a more stable and balanced performance, striking an effective
compromise between depth and generalization. This comparison highlights the importance of
matching model complexity with dataset size and variability, and underscores that while Adamax
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improves robustness across DenseNet architectures, the relative advantage of each variant depends on
the nature of the dataset used [58].

Performance Metrics in Respiratory Diseases Classification
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Fig. 5. Respiratory diseases classification using CXR dataset-2 with Adamax optimization

Fig. 6 presents the performance of DenseNetl21, DenseNet169, and DenseNet201 on CXR
Dataset-1 (Pneumonia, COVID-19, and Normal) trained with the Stochastic Gradient Descent (SGD)
optimizer. All three models performed at a high level, though DenseNet169 demonstrated the most
consistent balance across metrics. It achieved the highest accuracy at 97.20%, with DenseNet201 close
behind at 97.00% and DenseNet121 at 96.64%. Precision remained stable across the models, ranging
from 94.06% for DenseNet121 to 95.99% for DenseNet169 and 95.82% for DenseNet201. A clearer
gap was seen in recall, where DenseNet169 led with 95.26%, followed by DenseNet201 at 93.78%
and DenseNet121 at 93.03%. The Fl-score reflected the same trend, with DenseNet169 achieving
95.61%, compared with 94.76% for DenseNet201 and 93.90% for DenseNet121. Specificity was high
across all three models, exceeding 96%, with DenseNet169 again slightly ahead at 97.12%.
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Fig. 6. Respiratory diseases classification using CXR dataset-1 with SGD optimization

Fig. 7 shows the results on CXR Dataset-2 (Pneumonia, Tuberculosis, and Normal) using the
same SGD optimization. Here, DenseNet169 once again emerged as the strongest performer. It
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reached the highest accuracy at 96.67%, followed by DenseNet121 at 96.22% and DenseNet201 at
96.00%. Precision was also best for DenseNet169 at 95.65%, compared with 94.89% for DenseNet121
and 94.57% for DenseNet201. The recall scores followed the same order, with DenseNet169 at
95.00%, DenseNetl21 at 94.33%, and DenseNet201 at 94.00%. The F1-scores mirrored this
distribution, as DenseNet169 achieved 95.04%, outperforming DenseNet121 at 94.33% and
DenseNet201 at 94.04%. Specificity values were uniformly strong, with DenseNet201 at the top with
97.50%, while both DenseNet169 and DenseNet121 recorded 97.17%.

Performance Metrics in Respiratory Diseases Classification
using CXR Dataset2 with SGD Optimization (%)
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Fig. 7. Respiratory diseases classification using CXR dataset-2 with SGD optimization

When the results of Fig. 6 and Fig. 7 are compared, it becomes clear that SGD allowed all three
DenseNet variants to perform robustly across both datasets, though the influence of dataset
characteristics shaped the relative outcomes. On Dataset-1, DenseNet169 offered the best balance,
delivering the highest accuracy, recall, and F1-score. DenseNet201 was competitive in accuracy but
fell short in recall, while DenseNet121, though accurate, had the weakest sensitivity, suggesting a
higher chance of missing positive cases. On Dataset-2, the performance across the models was more
evenly distributed, but DenseNet169 again led most metrics, particularly accuracy, precision, and
recall. DenseNet121 also proved reliable, showing strong accuracy and the highest specificity, while
DenseNet201, despite matching this specificity, recorded slightly lower recall and F1-scores. Taken
together, these findings suggest that DenseNet169 consistently provides the most stable and balanced
outcomes under SGD optimization, excelling especially in recall and F1-score (two metrics that are
highly relevant in clinical screening), where minimizing false negatives is critical. DenseNet121
demonstrated strength in specificity, making it useful in confirmatory contexts where reducing false
positives is a priority [59]. DenseNet201, while strong in specificity, showed relatively weaker
sensitivity, underscoring the point that deeper networks do not always guarantee superior performance
without careful tuning [60]. Overall, SGD proved effective in supporting generalization across
DenseNet variants, with DenseNet169 standing out as the most reliable architecture for harmonizing
sensitivity, specificity, and overall classification performance.

The comparative analysis of DenseNetl121, DenseNetl169, and DenseNet201 (Fig. 2 to Fig. 7)
reveals important insights into how model depth, optimizer choice, and dataset characteristics interact
to influence classification performance. A consistent trend observed throughout the experiments is
that DenseNet169 often provided the most balanced performance across accuracy, precision, recall,
F1-score, and specificity. This suggests that its intermediate depth offers an optimal trade-off between
representational capacity and generalization ability, allowing it to capture complex patterns without
overfitting to the training data [61]. In contrast, DenseNet201, despite its greater depth and theoretical
representational power, did not consistently outperform the shallower variants [62]. Its weaker recall
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and F1-scores, particularly on Dataset-2 with Adam and SGD, indicate a tendency toward reduced
sensitivity, possibly due to overfitting or difficulty in optimization when working with finite and
imbalanced medical datasets. DenseNet121, while delivering competitive accuracy and particularly
strong specificity, repeatedly underperformed in recall, highlighting its vulnerability to missing
positive cases. Another critical factor emerging from the results is the influence of dataset size and
variability. On Dataset-1 (smaller, 6,432 images), DenseNet169 consistently excelled, while
DenseNet201 performed competitively but not decisively better. This pattern shifted on Dataset-2
(larger, 15,421 images), where Adamax optimization allowed DenseNet201 to fully leverage its depth
and achieve superior results across nearly all metrics. This finding underscores the importance of
aligning architectural complexity with dataset scale: deeper models may require larger and more
diverse datasets to demonstrate their true potential, whereas mid-depth models such as DenseNet169
remain more robust across smaller datasets. The contrast between datasets highlights a practical
challenge in medical imaging research, where data availability often varies widely depending on
disease type and patient population [63].

The role of optimization methods also deserves attention. Adam generally produced stable and
strong results across both datasets, favoring DenseNet169 in particular. Adamax, on the other hand,
seemed to enhance the performance of deeper networks, allowing DenseNet201 to outperform in
Dataset-2, where the model could take advantage of the optimizer’s stability with sparse gradients. In
comparison, SGD delivered solid generalization across all three models but showed a consistent
advantage for DenseNet169, reinforcing its reliability across datasets. These findings demonstrate that
optimizer choice is not merely a technical detail but a critical determinant of how well a given
architecture can adapt to specific dataset conditions. From a clinical perspective, the trade-offs
observed between recall and specificity have direct implications for deployment [64]. Models such as
DenseNet169, which consistently achieved high recall, are particularly valuable in screening scenarios
where minimizing false negatives is essential, for example in detecting early-stage pneumonia or
tuberculosis. DenseNet121, with its high specificity, could serve better in confirmatory diagnostic
workflows, reducing the burden of false positives on clinicians. DenseNet201, while showing promise
in larger datasets, requires careful tuning to avoid underperforming in sensitivity, a crucial limitation
if applied in real-world clinical environments where missed cases could have serious consequences.

To complement the quantitative performance metrics, several representative examples of
classification results are presented from both datasets (Fig. 8 and Fig. 9). These visual outputs provide
an intuitive understanding of how the DenseNet models operate in practice, highlighting their ability
to correctly identify different respiratory diseases across varied clinical scenarios. Each chest X-ray
image is displayed with its actual label, the predicted class, and the probability score that reflects the
model’s level of confidence in its decision.
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Fig. 9. Example of classification results on dataset-2

From Dataset-1 (COVID-19, Pneumonia, and Normal), the models consistently produced
accurate predictions with very high confidence levels, often exceeding 99%, as illustrated in Fig. 8.
These examples demonstrate the robustness of the models in differentiating between healthy lungs
and pathological findings associated with pneumonia or COVID-19. Similarly, for Dataset-2
(Tuberculosis, Pneumonia, and Normal), the models also performed strongly, with most predictions
reaching near-perfect confidence (Fig. 9). However, some tuberculosis cases showed lower
confidence scores compared to pneumonia or normal cases, reflecting the greater variability and
complexity of tuberculosis manifestations on chest X-rays.

To move beyond numerical metrics and predicted probabilities, Grad-CAM was utilized to
deliver visual explanations of the DenseNet models (Fig. 10, Fig. 11, and Fig. 12). This approach
emphasizes the areas within chest radiographs that exerted the greatest impact on the model’s
classification outcome, providing critical understanding of whether the predictions rely on patterns of
true clinical significance [65]. By comparing the original image, the Grad-CAM heatmap, and the
Grad-CAM overlay, it is possible to assess both the dependability of the model and its applicability
for integration into clinical practice [66].

The Grad-CAM outputs clearly demonstrate that the models focus on pathologically relevant
regions of the lungs when predicting disease categories. In pneumonia and COVID-19 cases, the
heatmaps concentrated on areas of increased opacity and patchy infiltrates, which are consistent with
known radiological features (Fig. 10 and Fig. 11). Similarly, in tuberculosis cases, the highlighted
regions corresponded to localized consolidations or cavitary changes (Fig. 12). Importantly, in normal
cases, the activation was minimal and diffuse, suggesting that the model accurately recognized the
lack of pathological features without focusing on non-essential anatomical structures such as the ribs
or diaphragm. These visualizations not only confirm the reasoning pathway of the model but also
increase confidence by demonstrating consistency with clinical standards [67].

From a critical perspective, the Grad-CAM visualizations highlight both strengths and limitations.
On one hand, the ability of the models to localize abnormalities aligns well with clinical reasoning,
reinforcing their potential role as decision-support tools [68]. This is particularly valuable in screening
workflows, where interpretability helps clinicians verify automated outputs [69]. On the other hand,
some heatmaps showed relatively broad or diffuse activations that extended beyond the lung fields
[70]. Such cases raise concerns about whether the model occasionally relies on spurious features or
image artifacts [71]. This underscores the importance of coupling high performance with
interpretability to prevent overreliance on “black-box” predictions [72].
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5. Conclusion

This study conducted a comparative evaluation of three DenseNet architectures, namely
DenseNet121, DenseNet169, and DenseNet201, for the purpose of classifying respiratory diseases
through chest radiographic images. Two datasets were analyzed in order to reflect different diagnostic
contexts. The initial dataset was composed of Normal, Pneumonia, and COVID-19 cases, while the
subsequent dataset included Normal, Pneumonia, and Tuberculosis cases. The models were trained
and tested under several optimizers, including Adam, Adamax, and SGD. Their performance was
assessed using conventional evaluation measures, including accuracy, precision, recall, F1-score, and
specificity. To complement these quantitative outcomes, Grad-CAM visualization was employed to
enhance interpretability and to reveal the image regions that most significantly influenced the model’s
predictions. Across the experiments, DenseNet169 consistently demonstrated the most balanced and
reliable performance. This model achieved superior recall and F1-score, which makes it a strong
candidate for screening applications where sensitivity is of primary importance. DenseNetl21
achieved high and stable specificity, which suggests its usefulness in confirmatory diagnostic settings
where reducing false positives is critical. DenseNet201, although deeper in architecture, did not
consistently outperform the other two models. Its advantage became more evident when applied to the
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larger second dataset under Adamax optimization, which indicates that deeper networks require
greater data diversity and larger sample sizes to fully realize their potential.

The application of Grad-CAM offered meaningful understanding of how the models carried out
their decision-making process. The visual outputs indicated that the networks predominantly
concentrated on lung regions of clinical significance when producing predictions. This enhanced
confidence in the models’ reliability and highlighted the value of interpretability tools as a bridge
between algorithmic performance and clinical trust. However, there were also instances where the
heatmaps appeared diffuse or extended beyond the lung fields. Such cases suggest that further
refinement is still required in order to achieve consistently precise localization across all conditions.
In conclusion, DenseNet169 emerged as the most robust and consistent architecture across both
datasets and optimization strategies. DenseNet121 and DenseNet201 demonstrated distinct strengths
in specificity and deeper feature representation, which highlights the importance of aligning model
selection with both dataset characteristics and clinical priorities. The combination of strong
classification performance and explainability through Grad-CAM underscores the potential of
DenseNet-based models as decision-support tools in radiology. Future work should focus on
expanding dataset diversity, improving model generalization for diseases with heterogeneous
presentations such as tuberculosis, and refining interpretability techniques to ensure reliability and
acceptance in clinical practice.
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