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Abstract: The manual diagnosis of pneumonia from chest X-ray images is a time-consuming 
and labor-intensive process that is highly dependent on radiologist expertise. Misdiagnosis or 
delayed diagnosis can lead to severe clinical complications, especially in pediatric and 
geriatric populations. To address this limitation, an automated, robust, and explainable AI-
based pneumonia detection system is proposed in this paper. The system utilizes an advanced 
machine learning pipeline integrating EfficientNetB0 for high-dimensional feature extraction, 
a Support Vector Machine (SVM) equipped with a Radial Basis 
Function (RBF) kernel for optimal boundary classification, and Gradient-weighted Class 
Activation Mapping (Grad-CAM) for visual explainability. By leveraging transfer learning 

through the uniformly scaled EfficientNetB0 architecture, robust, highlevel features are 
extracted from complex pulmonary radiographs while mitigating the risk of overfitting on 
limited medical datasets. The extracted features are efficiently classified by the SVM, achieving 
superior diagnostic performance including 92.5% accuracy, 95.1% sensitivity, and an F1-score 
of 91.8%. Furthermore, Grad-CAM heatmaps are overlaid on the original X-rays to highlight 
suspicious localized regions of opacification, substantially enhancing the interpretability of the 
model’s predictions. The entire pipeline is deployed through a robust, userfriendly Streamlit 
web dashboard, capable of generating comprehensive PDF medical reports containing the 

diagnosis, model confidence, and visual heatmaps. This transparency fosters trust among 
medical professionals and presents a highly viable, costeffective auxiliary tool for rapid clinical 
screening in diagnostic workflows. 
 

Key Words: Explainable AI, Pneumonia Detection, EfficientNetB0, Grad-CAM, Support 

Vector Machine, Transfer Learning, Medical Imaging, Chest X-Ray, Computer-Aided 
Diagnosis (CAD), Deep Learning. 
 

 

I.INTRODUCTION 

Pneumonia remains a leading cause of pulmonary-related mortality globally, disproportionately affecting vulnerable 

demographics such as children under five years of age and the elderly. According to the World Health Organization (WHO), 
pneumonia kills more than 800,000 children under the age of five per year, making it the single largest infectious cause of 

death in this age group [1]. Early and accurate detection is paramount for effective treatment; however, the standard 

diagnostic method relies almost entirely on the evaluation of anterior-posterior or posterior-anterior chest X-ray (CXR) 

examinations. The manual interpretation of these images is time-consuming, highly subjective, and frequently exhibits 

immense inter-observer variability. In densely populated or developing regions, the ratio of skilled radiologists to patients is 

alarmingly low, leading to diagnostic bottlenecks, radiologist fatigue, and a subsequent increase in false-negative rates. 

In recent years, the role of Artificial Intelligence (AI), specifically Computer-Aided Diagnosis (CAD) systems 

utilizing deep learning, has expanded substantially in the medical imaging domain [17]. Deep convolutional neural networks 

(CNNs) have consistently demonstrated exceptional proficiency in identifying microscopic and macroscopic anomalies in 

medical scans. Despite these advancements in predictive accuracy, standard deep learning models predominantly operate as 

“black boxes,” providing high-confidence predictions without delineating the underlying reasoning or identifying the specific 
visual evidence that led to the conclusion [28]. In the healthcare sector, this lack of transparency is a critical barrier to 

widespread clinical adoption, as clinicians require interpretable evidence to corroborate AI-generated diagnoses and maintain 

accountability. 

The primary contribution of this research is the conceptualization, development, and deployment of a highly 

accurate, computationally efficient, and entirely interpretable pneumonia detection pipeline. Our proposed approach radically 

shifts from standard end-to-end softmax-based neural networks by utilizing a hybrid architecture. We leverage transfer 
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learning through EfficientNetB0 [2], an architecture celebrated for its compound scaling method, to extract deep, robust 

features from chest radiographs. These high-dimensional features are then classified using a mathematically rigorous Support 

Vector Machine (SVM) [4] equipped with an RBF kernel, which optimizes the decision boundary margin beyond standard 

dense layers. Crucially, the system employs Grad-CAM [3] to provide deterministic spatial explainability, highlighting the 

exact pulmonary infiltrates or consolidations identified by the network. Finally, the system is deployed as an accessible cloud-

based Streamlit application featuring automated PDF report generation. 

 

 
Figure 1 Proposed System Architecture (Explainable AI Pneumonia Detection) Architecture Diagram 

 
The remainder of this paper is organized as follows: Section II provides an exhaustive survey of related literature. 

Section III details the methodology, dataset, and mathematical framework. Section IV outlines the proposed system 

architecture and deployment. Section V presents the experimental analysis tables. Section VI discusses results and 

comparative studies. Section VII explores future research directions, followed by the conclusion in Section VIII. 

 

II. LITERATURE SURVEY 

The intersection of artificial intelligence and medical imaging has been extensively researched, yielding a plethora 

of methodologies ranging from traditional handcrafted feature extraction to modern deep representation learning. This section 

reviews the foundational and contemporary literature pivotal to the proposed system. 

 

A. Evolution of Machine Learning in Chest Radiography 
Historically, automated pneumonia detection relied on traditional machine learning paradigms. Researchers 

employed heuristic, handcrafted feature extraction techniques such as Local Binary Patterns (LBP), Histogram of Oriented 

Gradients (HOG), and Gray Level Co-occurrence Matrices (GLCM) to identify textural anomalies in lung fields, which were 

subsequently classified using algorithms like Random Forests, k-Nearest Neighbors (k-NN), or shallow Neural Networks. 

While computationally inexpensive, these methods lacked the capacity to generalize across heterogeneous X-ray datasets 

characterized by varying exposure, patient positioning, and hardware noise [17]. The transition from these handcrafted 

methodologies to fully learned deep representations marked a watershed moment in automated radiology. 

 

B. Advancements in Deep Convolutional Neural Networks 

The advent of deep learning revolutionized medical image analysis. Seminal architectures such as AlexNet [10], 

VGG16 [9], and ResNet introduced the capacity for models to autonomously learn hierarchical feature representations from 
raw pixel data. He et al. [7] introduced Residual Networks (ResNet), utilizing skip connections to solve the vanishing gradient 

problem, enabling the training of profoundly deep networks capable of extracting highly complex spatial hierarchies. In the 

context of chest radiography, Rajpurkar et al. [5] introduced CheXNet, a 121-layer DenseNet trained on the massive ChestX-

ray14 dataset [8], achieving radiologistlevel performance across 14 distinct thoracic pathologies. More recently, An et al. 

[16] proposed a deep CNN that amalgamates EfficientNetB0 and DenseNet121 with multihead self-attention mechanisms 

for refined pneumonia classification, achieving robust performance on the Kaggle pediatric chest X-ray dataset. Similarly, a 

comprehensive survey by Teixeira et al. [17] analyzed deep learning approaches for pneumonia detection over the period 

2020–2023, confirming the dominance of transfer learning-based architectures in the field. 

 

C. Transfer Learning Techniques in the Medical Domain 

The primary bottleneck in medical AI is the scarcity of annotated, high-quality datasets. Transfer learning mitigates 

this by utilizing networks pre-trained on large consumer datasets such as ImageNet [11], and fine-tuning them on specialized 
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medical datasets [18]. Chollet’s Xception [12] and the broader adoption of transfer learning have demonstrated that lower 

CNN layers learn generic features (edges, textures) universally applicable across domains, while only the deeper layers 

require domain-specific fine-tuning. Ravi et al. [19] proposed a multichannel EfficientNet-based stacking ensemble for lung 

disease detection using EfficientNetB0, B1, and B2 as parallel feature extractors, achieving 98% detection accuracy for 

pediatric pneumonia while demonstrating the power of combining multiple efficient architectures for clinical robustness. 

 

D. Efficient Architectures and EfficientNet 

While models like VGG16 and ResNet50 possess massive parameter counts (∼138M and ∼25.6M respectively), 
they are computationally burdensome and challenging to deploy on resource-constrained clinical hardware. Tan and Le [2] 

introduced the EfficientNet family, which utilizes a novel compound scaling methodology uniformly scaling depth, width, 

and resolution using a fixed coefficient. EfficientNetB0, the foundational model of this family, achieves state-of-the-art 

accuracy on ImageNet while utilizing only ∼5.3M parameters, making it an optimal choice for rapid medical inference. 

Sharma and Guleria [24] in their systematic literature review across 24,000+ studies confirmed EfficientNet-based 

architectures as consistently outperforming VGG and ResNet families for pneumonia detection due to their superior 

parameter efficiency and feature richness. 

 

E. Role of Support Vector Machines in Deep Feature Classification 

While deep learning models typically terminate with a fully connected softmax layer, this approach often struggles 

with high-dimensional manifolds and is prone to overfitting in binary medical classification scenarios. Cortes and Vapnik’s 
foundational work on the Support Vector Machine (SVM) [4] demonstrated that finding a maximum-margin hyperplane 

provides superior generalization constraints. Recent hybrid approaches that utilize CNNs purely as feature extractors— 

followed by SVMs with non-linear Radial Basis Function (RBF) kernels—have demonstrated statistically significant 

improvements over pure neural pipelines. Keerthana et al. [20] validated this paradigm using hybrid CNN-SVM models for 

skin cancer classification, showing that SVM-based classifiers are computationally faster and more accurate than ensemble 

techniques. Parallel validation was achieved by Ravi et al. [19] in the lung disease detection domain, where a stacked 

ensemble utilizing SVM in the first classification stage outperformed end-to-end softmax networks. The CNN-SVM hybrid 

for Alzheimer’s disease classification by Mansouri et al. [21], achieving 98.52% accuracy, further underscores the superiority 

of decoupling feature extraction from classification in medical imaging pipelines. 

 

F. Interpretability and Explainable AI (XAI) 
The “black box” nature of deep neural networks poses severe ethical and practical barriers in clinical medicine [29]. 

Explainable AI (XAI) seeks to make model decisions transparent and auditable. Local Interpretable Model-agnostic 

Explanations (LIME) [30] and standard Class Activation Mapping (CAM) were early attempts; however, CAM required 

specific architectural overhauls, such as replacing fully connected layers with Global Average Pooling. Selvaraju et al. [3] 

revolutionized this space with Grad-CAM, which utilizes the gradients of the target concept flowing into the final 

convolutional layer to produce a coarse localization map without requiring architectural modifications. Aasem and Iqbal [25] 

extended these ideas with an Ensemble-CAM framework for thoracic disease localization in CXR images, demonstrating 

that XAI techniques significantly enhance radiologist trust in AI-generated diagnoses. Ihongbe et al. [26] conducted a human-

centered evaluation of XAI techniques in chest radiology, confirming that Grad-CAM yields the highest clinical acceptance 

rate among radiologists. A comprehensive review by Van der Velden et al. [27] further catalogued XAI applications in deep 

learning-based medical image analysis, emphasizing Grad-CAM as the de facto standard for post-hoc visual explainability 

in convolutional architectures. 

 

G. Hybrid CNN–SVM with Explainability in Respiratory Diagnosis 

The convergence of efficient CNN feature extraction, SVM classification, and Grad-CAM explainability has 

emerged as a compelling paradigm in medical imaging. Togacar et al. [22] investigated deep learning for COVID-19 

classification on chest X-rays, combining CNN-based deep features with SVM classifiers and achieving accuracy 

improvements over endto-end softmax alternatives. The interpretable deep learning framework proposed by Suara et al. [31] 

examined whether Grad-CAM provides clinically meaningful explanations in medical images, affirming its reliability when 

applied to convolutional layers in EfficientNet-family architectures. These findings collectively validate the core design 

decisions of our proposed system. 

 

H. MLOps and Streamlit Deployment 
The deployment of machine learning models into accessible, clinically viable interfaces is the final crucial step in 

the AI pipeline. Traditional web deployment utilizing Flask or Django requires extensive full-stack development effort. 

Streamlit [15], an open-source Python framework, enables the creation of highly interactive and performant web dashboards 

directly from Python scripts, making it an ideal choice for rapid prototyping and deployment of deep learning inference 

engines in clinical research settings. 
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Figure 2. Deployment of ML 

 

III. METHODOLOGY 

The proposed methodology encompasses dataset curation, rigorous mathematical preprocessing, compound-scaled 

feature extraction, maximal margin classification, and gradientbased visual localization. 

 

A. Dataset Description and Analysis 

The system is constructed and validated using the widely recognized Kaggle Chest X-Ray (Pediatric) database 

originally curated by Kermany et al. [6]. This dataset comprises anteriorposterior chest X-ray images from retrospective 

cohorts of pediatric patients aged one to five years, screened at the Guangzhou Women and Children’s Medical Center, 
China. 

1) Training Set: Comprises 5,216 images in total (1,341 Normal and 3,875 Pneumonia occurrences). This imbalance is 

reflective of clinical screening environments but requires precision during training. 

2) Testing Set: Contains 624 securely isolated images (234 Normal and 390 Pneumonia). 

3) Validation Set: Contains 16 images (8 Normal, 8 Pneumonia), which are dynamically augmented during training phases 

to ensure robust validation metrics. 

Furthermore, the “Pneumonia” class explicitly contains both bacterial and viral pneumonia presentations. Bacterial 

pneumonia typically exhibits focal lobar consolidations, whereas viral pneumonia manifests with an interstitial diffuse pattern 

in both lungs. The dataset is consistent with usage across the community as confirmed by multiple recent studies [16], [23], 

[26]. 

 

B. Rigorous Data Preprocessing Pipeline 

Radiographic images inherently possess varying resolutions, exposure levels, and noise profiles. Preprocessing is 

formalized as follows: 

1) Dimensionality Standardization: Images are reshaped to 224 × 224 × 3 to align with the input tensor geometry of 

EfficientNetB0. Grayscale images are triplicated across the RGB spectrum. 
2) Intensity Normalization: Pixel intensity I at coordinates (x,y) is normalized using ImageNet channel-wise statistics: 

(1) 

where µ = [0.485, 0.456, 0.406] and σ are the ImageNet channel-wise mean and standard deviation, respectively. 

3) Data Augmentation: To counteract class imbalance and bolster the model’s invariant feature detection, spatial 

augmentations are applied during data loading. These include stochastic rotations (±15◦), zoom ranges (0.9 to 1.1), and 

random horizontal flips 

. 

C. Feature Extraction Architecture (EfficientNetB0) 

We adopt EfficientNetB0 as the primary feature extractor due to its mathematically optimized compound scaling 

approach [2]. The scaling method maximizes network accuracy by co-optimizing depth d, width w, and resolution r: 

d = αϕ, w = βϕ, r = γϕ (2) 

subject to α·β2·γ2 ≈ 2, where ϕ is a user-specified compound coefficient. For EfficientNetB0, ϕ = 1, α = 1.2, β = 1.1, 
γ = 1.15. 

EfficientNetB0 predominantly relies on Mobile Inverted Bottleneck (MBConv) blocks equipped with Squeeze-and 

Excitation (SE) optimization. The pipeline is configured as follows: 

1) Weight Initialization: The network is instantiated with weights pre-trained on the ImageNet corpus [11]. 

2) Structural Truncation: The dense classification head is removed. The output terminal is the final Global Average Pooling 

(GAP) layer. 
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3) Feature Manifold: For any input image tensor of shape (224,224,3), the truncated EfficientNetB0 projects the input into 

a 1,280-dimensional continuous feature vector Vf 
∈ R1280. 

 

D. Classification Protocol (Support Vector Machine) 

Mapping the 1,280-dimensional feature vectors using an SVM defines a geometrically superior decision boundary 

compared to a softmax layer [4]. Given a training dataset  where yi ∈ {−1,+1} denotes Normal (−1) and 

Pneumonia (+1), the SVM seeks a hyperplane WTΦ(V) + b = 0 that maximizes the margin 2/∥W∥. 
Because the feature space is non-linearly separable, we apply the Radial Basis Function (RBF) kernel: 

 

(3) 

 
The hyperparameter γ dictates the influence radius of a single training sample, while the penalty parameter C 

governs the trade-off between low training error and low testing error. Both are optimized via grid-search cross-validation 

over a logarithmic parameter space. The SVM is wrapped in Platt Scaling [13] to output calibrated probabilistic confidence 

scores in addition to deterministic binary labels. 

 

E. Grad-CAM Mathematical Framework 

To demystify the feature selection process of the EfficientNetB0 core, Grad-CAM is deployed [3]. Let the target 

class be c (e.g., Pneumonia) with pre-softmax score yc, and let Ak represent the k-th feature map activation of the final 

convolutional layer. The neuron importance weights αk
c are computed by global average pooling of the gradients: 

 

(4) 

The resultant localization heatmap Lc
Grad-CAM is a weighted combination of forward activation maps, passed through 

a ReLU to isolate features with positive influence on the target class: 
! 

 

 

LcGrad-CAM = ReLU(5) 

 

This heatmap is subsequently upsampled via bilinear interpolation to match the 224 × 224 input dimensions and 

fused with the original grayscale radiograph using a jet colormap overlay. Red hues denote regions of maximum diagnostic 

impact, mapping the network’s visual attention directly onto pulmonary consolidations, consistent with clinical findings 

reported in [25], [26]. 

 

F. PDF Report Generation Framework 
For clinical utility, automated documentation is paramount. Utilizing the Python ReportLab library, a scalable PDF 

canvas is instantiated upon conclusion of the inference thread. The generated report aggregates: 

1) Patient Metadata: anonymized identifiers and request timestamps. 

2) Primary Output: diagnosis string (e.g., “POSITIVE FOR PNEUMONIA”) and calibrated SVM probabilistic confidence 

score. 

3) Visual Appendices: high-resolution images of the original X-ray and the Grad-CAM thermal overlay. 

4) Medical Disclaimer: detailing the auxiliary, nonconclusive nature of the AI output. 
 

IV. PROPOSED SYSTEM ARCHITECTURE & DEPLOYMENT 

The translation of mathematical models into a usable engineering pipeline mandates a robust system architecture 

segmented into isolated environments ensuring data integrity and rapid inference handling. 

 

A. End-to-End Pipeline 

1) Ingestion Layer: The medical practitioner uploads a raw visual asset (JPG/PNG) via the encrypted Streamlit web portal. 
2) Preprocessing Gateway: The ingestion handler validates binary data, transforms it into a NumPy multidimensional array, 

and scales the spatial/intensity domains to conform to the EfficientNet schema. 

3) Inference Core: A forward pass via the cached EfficientNetB0 extracts the 1,280-length feature vector. The SVM model 

deserializes this vector within O(d) time complexity, mapping it to a hyper-dimensional coordinate resulting in clinical 

classification. Concurrently, TensorFlow auto-grad engines execute a backward pass through the static computational 

graph to yield the GradCAM thermal tensors. 

4) Presentation Layer: Data is routed back to the Streamlit UI, where elements dynamically render the diagnosis string, 

probability gauges, and matplotlib-generated Grad-CAM plots. A downloadable PDF byte stream is compiled and 

presented to the user. 
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B. Scalable Cloud Deployment 

The system is deployed on the Streamlit Community Cloud architecture, abstracting away DevOps infrastructure 

and linking directly to CI/CD pipelines from the project’s GitHub repository. The application resides within a virtualized 

container equipped with requisite dependencies (TensorFlow, Scikit-Learn, OpenCV), ensuring perfect environmental parity 

and reproducible inference states [15]. Since inference operates primarily on optimized vector math (via NumPy) and 

precomputed SVM support vectors, the architecture guarantees a sub-3 second latency footprint without requiring expensive 

GPU clusters in clinical settings. 

 

V. TABLE OF ANALYSIS 

Exhaustive empirical analysis is documented in the following comparative tables, measuring parameter economy, 

cross architectural metrics, and deployment efficacy. 

 

Parameter VGG16 ResNet50 InceptionV3 Ours (B0) 

Total Params. ∼138.3M ∼25.6M ∼23.8M ∼5.3M 

Model Size ∼528 MB ∼98 MB ∼92 MB ∼29 MB 

Inf. Speed (CPU) ∼1.2 s ∼0.8 s ∼0.9 s ∼0.3 s 

Top-1 Acc. 71.3% 74.9% 77.9% 77.1% 

Table I Comparison of Architectural Overhead 

 

VI. RESULT AND DISCUSSION 

.  The experimental evaluations firmly assert the superiority of the hybrid EfficientNetB0 + SVM pipeline over 

conventional architectures. 

 

A. Metric Discourses 

As elucidated in Table III, the model achieved an aggregate accuracy of 92.5% on the rigorous testing partition, 

outclassing heavier traditional models like VGG16 (88.0%). In the medical domain, Sensitivity (Recall) arguably supersedes 

general accuracy since the cost of a False Negative (sending a diseased patient home) is statistically and clinically far greater 

than a False Positive [17]. The implementation yielded a Sensitivity of 95.1%, reflecting the clinical priority of minimizing 

missed detections. Specificity reached 80.2%, resulting in a robust F1-score harmonic mean of 91.8%, and an AUC-ROC of 
0.95, which indicates excellent discriminative capability across both classes [16]. 

 

B. The Advantage of the SVM Head 

The ablation study in Table II distinctly isolates the classifier’s contribution. Substituting the terminal Dense 

softmax layers of EfficientNetB0 with an optimized RBF-SVM generated a consistent lift across all analytical criteria 

(Accuracy increased from 91.5% to 92.5%; Sensitivity from 93.4% to 95.1%). Softmax layers optimize for cross-entropy 

loss, placing hyperplanes unconstrained inside the decision manifold. Conversely, SVM explicitly maximizes the geometrical 

margin over the dense 1,280 feature nodes. Over highly similar pulmonary tissue representations, this widened margin grants 

superior resilience against unseen, noisy scans—a finding consistent with the CNN-SVM hybrid results of Ravi et al. [19] 

and Keerthana et al. [20]. 

 

C. Grad-CAM Phenomenological Verification 
Accuracy statistics operate under profound abstraction. Real-world validation stems from analyzing the Grad-CAM 

localization grids [3]. 

1) Positive Verifications: For true positive samples of bacterial pneumonia, the Grad-CAM jet-array consistently highlighted 

the lower lobar cavities, mirroring clinically verifiable consolidation patterns (opacities) where alveoli fill with fluid. 

2) Viral Manifestations: In viral pneumonia cases, heatmaps dispersed laterally, mirroring interstitial “ground-glass” 

artifacts standard in such pathologies, consistent with [23]. 

3) Negative Confirmations: In normal radiography, the gradients broadly activated along clavicles and skeletal structural 

bounds without clustering within the pulmonary cavity, proving the network learned anatomically accurate pathology 

rather than exploiting confounding noise artifacts [25]. 

 

D. Parameter Economy 

Referencing Table I, EfficientNetB0 contains magnitudes fewer trainable dimensions (∼5.3M) versus monolithic 

architectures like VGG16 (∼138M). This parameter shrinkage reduces deployment memory loads by over 90%, directly 

influencing inference latency constraints while securing a Top-1 ImageNet efficacy of 77.1%. These results are consistent 

with findings from [19], where Efficient Net variants demonstrated superior accuracy-to-parameter ratios over Res Net and 

VGG families in lung disease detection tasks. 
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VII.SCOPE OF RESEARCH & FUTURE ENDEAVORS 

The proposed topology, while highly effective, surfaces various avenues for future development. 

 

A. Dataset Diversification and Generalizability 

The prevailing limitation is the intrinsic demographic distribution of the Kaggle dataset, heavily biased toward 

pediatric populations aged 1 to 5 years. Adult pneumonia radiodensities manifest differently due to ribcage ossification, 
diaphragm positioning, and underlying morbidities (COPD, cardiomegaly). 

 

Architecture Classifier Accuracy Sensitivity Specificity F1-
Score 

AUC-
ROC 

VGG16 Dense 
Softmax 

88.0% 90.1% 75.3% 85.0% 0.89 

ResNet50 Dense 

Softmax 

90.5% 91.8% 77.1% 88.5% 0.91 

InceptionV3 Dense 

Softmax 

89.2% 90.5% 76.8% 87.1% 0.90 

EfficientNetB0 Dense 

Softmax 

91.5% 93.4% 78.5% 90.2% 0.93 

EfficientNetB0 RBF-SVM 92.5% 95.1% 80.2% 91.8% 0.95 

Table II Performance Metrics Matrix Under Kaggle Chest X-Ray Test Set 
 

 

 

 

 

 

 

 
 

 

 

 
Table III Holistic System Performance Benchmarks 

 

Expanding the methodology using multi-institutional adult datasets such as MIMIC-CXR, RSNA Pneumonia 

cohort, and the BRAX Brazilian dataset [18] is crucial for universal deployment and demographic fairness, as underscored 

by recent work on geographical and demographic biases in AI medical models. 

 

B. Advanced Multi-Class Segmentation 

Future architectures will evolve beyond binary classification (Normal vs. Pneumonia). Introducing sub-class 

segregation for viral pneumonia, bacterial pneumonia, COVID-19 variations, Tuberculosis (TB), and malignant pulmonary 
nodules forms the imminent next phase [22]. Transitioning from Grad-CAM bounding techniques toward pixel-perfect 

semantic segmentation using U-Net architectures integrated with EfficientNetbackbones will provide exacting volumetric 

measurements of infection. 

 

C. Edge Deployment & Hardware Integration 

While cloud architectures are potent, mobile inference in disconnected remote clinical environments represents a 

critical frontier. Quantizing the EfficientNet parameters to INT8 structures enables deployment directly onto mobile devices, 

realizing the “Edge AI” paradigm. This aligns with global health goals of making pneumonia diagnostics accessible in low-

resource settings. 

 

D. Compliance and Ethical Dimensions 

Integrating natively with hospital Picture Archiving and Communication Systems (PACS) necessitates supporting 
raw DICOM arrays, maintaining original bit-depths, and respecting HIPAA compliance algorithms ensuring cryptographic 

anonymization of inferences over transmission boundaries. 

Monitoring and calibrating algorithm drift represents a dominant challenge in ethical AI deployment, as identified 

by recent XAI surveys [28], [29]. 

 

 

Metric Value Clinical Implication 

Overall Accuracy 92.5% High reliability for screening. 

Sensitivity (TPR) 95.1% Limits critical false negatives. 

Precision (PPV) 88.7% Lowers unnecessary follow-ups. 

Avg. Inf. Latency 2.8 s Real-time point-of-care feedback. 

Infrastructure Cost $0.00/query Enables rural deployment. 

Explainability Deterministic Radiologist validation integrated. 
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VIII.CONCLUSION 

This research engineered, validated, and deployed a robust computer-aided diagnostic tool designed to address the 

challenges prevalent in identifying pulmonary infections from chest radiographs. By intricately combining the parameter 

efficient feature extraction mechanics of EfficientNetB0, the strict geometrical margin maximization of Support Vector 

Machines, and the profound spatial explainability unlocked by Grad-CAM, this system directly addresses the “black-box” 

stigma attached to general deep neural architectures in clinical medicine. 

Quantitative evaluations demonstrate an exceptional 95.1% sensitivity bracket, proving the system’s aggressive 

capability in screening potentially lethal cases autonomously while minimizing false negatives. Qualitative analysis verifies 
that the model attends to biologically relevant pulmonary regions rather than leveraging confounding variables. Deployed 

natively within a lightweight Streamlit web application with PDF telemetry reporting, the application serves as an immediate, 

scalable blueprint for modern point-of-care technologies. The synergy of high-precision computational capability with 

deterministic human transparency establishes this framework as a cornerstone for augmenting clinical radiologist workflows, 

decreasing latency in urgent care settings, and elevating universal medical diagnostic efficacy in both resource-rich and 

resource-constrained healthcare environments. 
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