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Improving Lung Disease Detection with DenseNet121 and CLAHE Integrated Screening

ABSTRACT
Accurate diagnosis of pulmonary lesions, pneumonia and COVID-19 in the early stages is difficult due to overlapping symptoms 
and major logistic limitations of advanced molecular testing techniques. In this study, a computational approach is proposed 
in which the DenseNet121 architecture and the Contrast Limited Adaptive Histogram Equalization (CLAHE) are combined for 
analysis of full frame thoracic digital radiograph.  The system reduces selection bias and computational latency while evalu-
ating uncropped thoracic fields, preserving peripheral lung textures and minimizing interference from surrounding structures 
such as the rib cage and heart. Evaluation against an independent blind dataset of 50 images yielded a classification accu-
racy of 92%. The framework showed robust screening ability for infectious diseases with a recall of 1.00 for both COVID-19 
and Viral Pneumonia, with F1-scores of 0.92 and 0.97, respectively. Interpretability validation with Gradient-weighted Class 
Activation Mapping (Grad-CAM) confirmed the network’s focus on basal and peripheral pulmonary features, although visual 
inspection indicated a potential for shortcut learning due to radiopaque non-anatomical markers. This architecture is not 
intended to replace standard clinical diagnostic procedures; instead, it serves as a scalable triage layer to optimize clinical 
resource allocation, reduce specialist fatigue, and provide a screening tool medical centers and resource-limited clinics.
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Introduction 
Lung cancer and complex respiratory pathologies remain major 
causes of death worldwide, representing a significant clinical 
challenge, as the diseases often remain asymptomatic until ad-
vanced stages [1]. Molecular immunodiagnostics such as B-cell 
receptor (BCR) repertoire profiling and autoantibody detection 
against specific tumor-associated B-cell epitopes have improved 
early detection strategies. Bioinformatics platforms can now 
actively analyze these immunogenomic signatures and can pro-
vide highly sensitive detection mechanisms for micro-metastatic 
or early-stage malignancies. However, these biomolecular path-
ways are subject to substantial operational bottlenecks. This tech-
nique depends on advanced next-generation sequencing (NGS) 
technology and highly trained laboratory personnel and incurs 
substantial financial costs and turnaround times that hinder bulk 
screening in resource-limited or high-throughput triage settings. 

Non-invasive affordable diagnostic modalities are needed for clin-
ical infrastructure. Digital chest radiography (CXR) is a practical 

option for primary patient contact at a fraction of the cost of molec-
ular infrastructure. The development of automated computational 
tools for the evaluation of radiographs provides a democratic alter-
native for healthcare systems, allowing underfunded or rural hos-
pitals without advanced molecular laboratories to deploy effective 
screening protocols. This computational approach is not intended 
to replace high-tier bioinformatics or definitive oncological diag-
nostics, but to establish a primary-contact filter to optimize clinical 
resource allocation by prioritizing high-risk patients rapidly.

The need for a scalable triage layer was evident during pandemic 
records, where overlapping clinical presentations often resulted 
in the confusion of COVID-19 cases with acute pneumonia [2,6]. 
Early intervention directly improves patient survival, but manual 
interpretation of high-volume imaging is still hindered by a short-
age of specialists and human fatigue. Moreover, the identification 
of pathological signs is challenging in human thoracic anatomy 
because bone densities and heart silhouettes can mask subtle le-
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sions [3]. Traditional computer-aided approaches are often limited 
by error-prone lung segmentation steps [4]; in this study, non-seg-
mented framework is evaluated. The proposed system processes 
the uncropped thoracic frame through DenseNet121 and Contrast 
Limited Adaptive Histogram Equalization (CLAHE) [7] to enhance 
micro-textural interstitial patterns [5]. This architecture addresses 
the challenge of distinguishing static bone geometry from active 
pathological textures in the global context of the chest, thus reducing  
diagnostic latency in high-pressure medical environments.

2. Methodology
The computational framework was developed in Python in a 
GPU-accelerated environment [8] by means of TensorFlow and 
Keras [9,13] for the deep-learning routines, OpenCV [10] and 
NumPy [11,12] for image pre-processing and numerical opera-
tions. To improve statistical reliability and clinical significance, we 
used a large dataset of 1,750 original chest radiographs divided into 
four diagnostic categories: normal (n = 416), COVID-19 (n = 433),  
viral pneumonia (n = 469), and lung opacity (n = 432).

A stringent data segmentation procedure was used to achieve an 
unbiased performance evaluation. Prior to any algorithmic alter-
ation, balancing, or augmentation, precisely 50 original photos 
(about 12 per class) were isolated using stratified random selection 
to function as an independent, blind test set.  This initial split is 
important to ensure the test data is not at all affected by any pre-
processing or optimization steps, thus providing a real baseline for 
generalization and preventing data leakage. The remaining 1,700 
radiographs were stratified and oversampled to account for class 
imbalances, resulting in a balanced pool of 1,820 instances, which 
were then split into a training subset (n = 1,456) and an internal 
validation subset (n = 364) at an 80/20 ratio.

To overcome the problem of structural overlap in unsegmented 
radiographs, all images were standardized to 160x160 pixels and 
processed using Contrast Limited Adaptive Histogram Equaliza-
tion (CLAHE) with a clip limit of 1.2 and an 8x8 grid [14,18]. 
This preprocessing normalizes exposure variability across hetero-
geneous X-ray acquisition devices and enhances subtle parenchy-
mal features [17], such as ground-glass opacities, while minimiz-
ing the visual interference of the rib cage and cardiac silhouette. 
Post-CLAHE images were converted to a 0-1 range and mapped 
to a three-channel RGB configuration to meet input requirements.
The primary architecture used was DenseNet121, due to its dense 
connectivity pattern which helps to optimize feature propagation 
and alleviate the vanishing gradient problem [16]. Predictive opti-
mization used a two-stage transfer learning approach [19]. In the 
first phase, we loaded the pre-trained ImageNet weights [20], froze 
the base layers, and used a learning rate of 0.001 to stabilize the 
classification head. To avoid memorizing and overfitting, we used 
a Global Average Pooling layer and a 0.4 Dropout layer on the 
data. In phase two, the architecture was unfrozen and the learning 
rate was decreased to 0.0001 to fine-tune the deep parameters and 
adapt to the morphological nuances of the respiratory pathologies. 
The final h5-serialized model will be made publicly available in a 
GitHub repository after completion of this study.

3. Results and Discussion
The first training phase showed robust convergence, with accu-
racy increasing from the baseline metrics to a validation plateau 
of 95.33% at the final fine-tuning epochs, where optimal weights 
were saved in HDF5 format. The network was evaluated after 
model convergence on the independent external blind testing sub-
set (n = 50) to assess generalizability to unseen datasets without 
anatomical cropping or explicit lung segmentation.

3.1. Impact of CLAHE Preprocessing
The high-accuracy performance of the non-segmented network 
is directly due to local contrast optimization. Figure 1 shows the 
changes introduced by CLAHE to diagnostic clarity:
•	 Haze Effect Removal: CLAHE corrects for local contrast gra-

dients due to inter-device calibration differences, distinguish-
ing pulmonary parenchyma from background artifacts, and 
revealing internal tissue depth.

•	 Bone Transparency: The rib cage appears as high-density 
structures on plain films and obscures underlying pulmonary 
tissue. These structures become optically transparent follow-
ing CLAHE, allowing the DenseNet121 layer to extract fea-
tures directly from the skeletal geometry.

Figure 1. Chest radiographs (raw and after CLAHE processing). The 
local contrast enhancement removes inter-device haze, increases the 
transparency of the skeleton and amplifies subtle alveolar textures for 
optimal feature extraction without segmentation.
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•	 Alveolar Texture Enhancement: Diffuse ground-glass opaci-
ties, usually perceived as subtle grey shadows, are upgraded 
into clear, rugose textures with distinct boundaries.

The model does not guess between raw greyscale gradients; in-
stead, it processes stabilized texture maps, not uncorrected inten-
sity variations, within the deep network. Texture-centric learning 
retains accuracy across the entire thoracic field without complex 
U-Net segmentation loops.

3.2. Quantitative Performance Metrics
The model achieved good clinical generalizability with an over-
all accuracy of 0.92 on the blind test set. The framework result-
ed in an F1 score of 0.92, recall of 1.00, and precision of 0.86 
for COVID-19 screening such that no active viral infections were 
missed. Likewise, the Viral Pneumonia cohort exhibited an F1-
score of 0.97, reflecting a good discriminative ability against the 
common structural patterns. The system demonstrated consistent 
performance in Lung Opacity cases with precision of 0.91 and re-
call of 0.83. For the Normal cohort, the network’s precision and 
recall were 1.00 and 0.83 respectively; this conservative triaging 
behavior is by design, as it prioritizes safety and forwards ambig-
uous cases for human review rather than risk false negative classi-
fications in healthy individuals [15-17].

As seen in the last testing matrix (Figure 2), the detection of ac-
tive infectious patterns is still very reliable. The achieved absolute 
recall of 1.00 for both COVID-19 and Viral Pneumonia demon-
strates the effectiveness of the model as an automatic screening 
tool for emergency settings.

3.3. Interpretability and Model Limitations
Gradient-weighted Class Activation Mapping (Grad-CAM) con-
firmed the clinical reasoning of the model (Figure 3). The network 
consistently targets the basal and peripheral lung fields, similar 

Figure 2. Confusion matrix of DenseNet121 architecture tested on the 
independent blind test set (n=50). The framework achieves an absolute 
recall of 1.00 on active infectious profiles (COVID-19 and Viral Pneu-
monia).

to the typical clinical distribution of ground glass opacities and 
consolidations, a hallmark of SARS-CoV-2 infections. This align-
ment confirms that the framework is attending to real pathological 
markers and not to global image artifacts.

But visual inspectability also revealed serious limitations regarding 
non-pulmonary noise. In one specific false positive case a healthy 
control image was misclassified as Lung Opacity. The Grad-CAM 
layer showed that the network had focused only on a radiopaque 
anatomical marker in the upper corner and the artificial black pad-
ding borders of the frame. This indicates a predilection for shortcut 
learning, with peripheral artifacts serving as surrogates for patho-
logic density change.

Figure 3. Visual activation maps of Grad-CAM. The heatmaps confirm the network’s specific focus on basal and peripheral parenchymal 
features indicative of viral infections but highlight vulnerability to external radiopaque markers (shortcut learning).
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Hence, the non-segmented approach significantly improves the 
processing speed and inference latency. However, the addition of 
the central boundary crop is a necessary refinement for future de-
ployments to separate the parenchymal area from institution-spe-
cific markers. These results show that in our paper we focus on 
clinical transparency and offer a scalable first-contact triage tool, 
not a black box.

4. Conclusions
The proposed approach is a non-segmented pipeline for pulmonary 
disease screening. The DenseNet121 and CLAHE combination 
provides robust diagnostic performance without the computation-
al overhead of lung segmentation algorithms. Processing the full-
frame thoracic radiograph avoids the inadvertent loss of peripheral 
pathological features, which is often associated with input cropping. 
Local contrast enhancement combined with dense feature propaga-
tion enables the identification of subtle interstitial patterns otherwise 
masked by the structural geometry of the ribs and cardiac silhouette.

Testing on an isolated blind subset (n = 50) confirmed the gener-
alizability of the model across all four diagnostic categories. The 
recall for both COVID-19 and Viral Pneumonia is 1.00, which 
demonstrates the network as a reliable emergency triage tool. Fur-
thermore, Grad-CAM activation mapping provided the necessary 
clinical transparency to ensure the predictions are driven by valid 
parenchymal features while successfully identifying the network’s 

vulnerability to non-anatomical markers. This interpretability is an 
important step in the validation of automated models prior to clin-
ical deployment.

This non-segmented pipeline is more efficient than U-Net archi-
tectures, but the peripheral artifact vulnerability demonstrates the 
need for a central-focus crop to achieve institutional generalizabil-
ity as a refinement. The framework offers an accessible fast triage 
layer that can be added to conventional diagnostic pipelines, op-
timizing resource allocation and minimizing diagnostic delays in 
high-pressure medical environments and low-resource clinics.
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Appendix A: Computational Implementation
We implemented the full computation pipeline for data set orches-
tration, feature enrichment and biphasic network optimization in a 
Python environment. This section describes the main algorithmic 
blocks and the structure of the serialized deployment file for en-
suring scientific reproducibility and meeting the validation criteria 
without compromising the algorithmic opacity.

import os
import cv2
import numpy as np
from tensorflow.keras.applications import DenseNet121
from tensorflow.keras import layers, models
from tensorflow.keras.optimizers import Adam
from tensorflow.keras.callbacks import EarlyStopping
from sklearn.model_selection import train_test_split
from sklearn.metrics import confusion_matrix, classification_report
def load_and_preprocess_pipeline(routes_dict):
    X, y = [], []
    # Configure CLAHE to avoid noise amplification across local grids
    clahe = cv2.createCLAHE(clipLimit=1.2, tileGridSize=(8, 8))
        for route, label in routes_dict.items():
        if os.path.exists(route):
            files = [f for f in os.listdir(route) if f.lower().endswith((‘.png’, ‘.jpg’, ‘.jpeg’))]
            for name in files:
                # Read in grayscale to compute localized histogram equalization
                img = cv2.imread(os.path.join(route, name), cv2.IMREAD_GRAYSCALE)
                if img is not None:
                    img_clahe = clahe.apply(img)
                    # Remap to 3-channel RGB to satisfy DenseNet tensor constraints
                    img_rgb = cv2.cvtColor(img_clahe, cv2.COLOR_GRAY2RGB)
                    img_resized = cv2.resize(img_rgb, (160, 160))
                    X.append(img_resized / 255.0)
                    y.append(label)
    return np.array(X), np.array(y)

A.1. Initialization and Contrast-Limited Preprocessing Routine
The first phase to overcome the problem is the mathematical normalization of baseline exposure variations of heterogeneous X-ray 
source devices; using Contrast Limited Adaptive Histogram Equalization (CLAHE). 
Python
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A.2. Data Partitioning and Anti-Leakage Protocol
Strict stratified separation isolation protocol is applied before performing any oversampling operations, to remove potential vectors of 
data leakage or selection bias.
Python

# Step A: Isolate exactly 50 original images for independent blind testing
X_temp, X_test, y_temp, y_test = train_test_split(
    X_total, y_total, test_size=50, stratify=y_total, random_state=42
)
# Step B: Stratified oversampling restricted exclusively to the training pool
max_c = max([np.sum(y_temp == i) for i in range(4)])
X_res, y_res = [], []
for i in range(4):
    idx = np.where(y_temp == i)[0]
    extra = np.random.choice(idx, max_c, replace=True)
    for e in extra:
        X_res.append(X_temp[e])
        y_res.append(y_temp[e])
# Step C: Divide balanced instances into 80/20 train/validation segments
X_train, X_val, y_train, y_val = train_test_split(
    np.array(X_res), np.array(y_res), test_size=0.2, stratify=np.array(y_res), random_state=42
)

A.3. Network Architecture and Biphasic Optimization Logic
The classification pipeline is transitioned from frozen feature extraction to deep parameter fine-tuning through a transfer learning pipe-
line with a DenseNet121 backbone.
Python

# Feature Extractor Setup
base_model = DenseNet121(weights=’imagenet’, include_top=False, input_shape=(160, 160, 3))
base_model.trainable = False

model = models.Sequential([
    base_model,
    layers.GlobalAveragePooling2D(),
    layers.Dropout(0.4), # Rigorous regularization layer against memorization
    layers.Dense(4, activation=’softmax’)
])

early_stop = EarlyStopping(monitor=’val_accuracy’, patience=4, restore_best_weights=True)

# Phase 1: Classification Head Stabilization
model.compile(optimizer=Adam(learning_rate=0.001), loss=’sparse_categorical_crossentropy’, metrics=[‘accuracy’])
model.fit(X_train, y_train, epochs=15, validation_data=(X_val, y_val), batch_size=32, callbacks=[early_stop])

# Phase 2: Deep Parenchymal Fine-Tuning
base_model.trainable = True
model.compile(optimizer=Adam(learning_rate=0.0001), loss=’sparse_categorical_crossentropy’, metrics=[‘accuracy’])
model.fit(X_train, y_train, epochs=20, validation_data=(X_val, y_val), batch_size=16, callbacks=[early_stop])

# Model Serialization
model.save(‘diagnostico_pulmonar_DenseNet.h5’)

A.4. Hierarchical Structure of the Serialized .h5  
Container
The final compiled output of the system is packaged in a contain-
er file using the Hierarchical Data Format (HDF5). This contain-
er, rather than being a black-box script that has not been verified, 
organizes the mathematical parameters of the model into specific 
layers:

1.	 Root Group Attribute Meta-Graph: models the absolute 
structural topology of the sequential network. It depicts the 
tensor dimensions moving from the standard 160x160x3 RGB 
input matrix to the end classification outputs.

2.	 model_weights Dataset Cluster: Contains the final optimized 
bias and kernel tensors which are continuous multidimension-
al arrays. It constrains the frozen parameter distributions with 
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the tuned weights of the fine-tuning in Phase 2, acquired from 
the deep convolutional blocks (conv5_block16_concat).

3.	 optimizer_weights Group: Internal tracking parameters of the 
Adam optimizer, i.e. moving averages of the previous gra-
dients and squared gradients. This layer preserves the exact 
mathematical state of convergence, ensuring the stability and 
reproducibility of future inference routines.
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