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Abstract.  

High-performance, low-cost diagnostic tools are urgently needed for early pediatric pneumonia 

screening in resource-limited and rural healthcare settings. The conventional acoustic 

stethoscope relies entirely on the subjective hearing of the physician, which cannot scale to 

automated, AI-driven healthcare systems. In this paper, the authors suggest an innovative, AI-

based pediatric pneumonia diagnosis system integrating a self-assembled digital stethoscope 

with a Raspberry Pi Pico. The proposed methodology is an integration of acoustic hardware 

coupling, real-time signal processing, and a lightweight 1D Convolutional Neural Network 

(CNN) for lung sound classification. Experimental analysis illustrates that expensive 

commercial digital stethoscopes are not essential, as significant diagnostic accuracy and 

hardware cost savings can be achieved using a MAX9814 microphone amplifier and an 

embedded 1D CNN trained on MFCC features. It is established that intelligent, low-cost 

acoustic synthesis is a key enabling technology for next-generation point-of-care pediatric 

screening platforms. 
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Introduction 

The extreme advances in artificial intelligence and embedded systems have transformed 

traditional medical diagnostic methods. Kevat et al. (2022) demonstrated that digital 

auscultation structures are far more effective in early childhood pneumonia detection. Showing 

that the decisions made at the primary care level are optimizable through deep learning, 

Chowdhury et al. (2026) provoked research to be conducted on 1D-CNN acoustic architectures. 

According to Demir et al. (2020), based on the diagnostic space exploration, MFCC-based 

learning models are proposed as an approximation of lung sound exploration which proves to 

be more accurate when predicting respiratory anomalies like crackles and wheezes. Iyer et al. 

(2021) also confirmed the feasibility of real-time hardware signal enhancement using electronic 

stethoscopes. Sengupta et al. (2022) indicated that point-of-care AI healthcare devices need to 

be powered by less energy-consuming microcontrollers, such as the Raspberry Pi Pico. 

Although these progresses have been achieved, the available literature does not provide AI-

generated diagnostic outputs at the bare-metal microcontroller level using self-assembled 

acoustic hardware. This paper provides solutions to these gaps using a multi-modal AI-based 

stethoscope design model. 

 

 

2. Materials and Methods 

2.1 AI-Driven Adder Design Framework 
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Figure 1. Automated pediatric pneumonia screening using AI-based digital stethoscope 

approach. 

Diagnostic Framework with the use of AI. The proposed framework is visualized in Figure 1 

where the acoustic architectures are synthesized and optimized using the Raspberry Pi Pico and 

machine-learning-based classification. The architecture is scalable to clinical limits unlike the 

fixed, non-digital stethoscopes explored by traditional physicians. 

2.2 Methodology Description 

2.2.1. Hardware Design and Acoustic Coupling 

To model the acoustic capture, propagation, and amplification, the stethoscope is acoustically 

coupled to a INMP441 electret microphone. All analog signals are fed to the Pico's ADC. This 

preserves the acoustic structural parameters that are important, and the AI can manipulate 

MFCC features in novel ways. 
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2.2.2. Signal Processing and Feature Extraction 

Signal processing is represented as a sequential pipeline. The microcontroller uses actions like 

bandpass filtering (100–800 Hz) and framing to act in the audio space. The features used are 

Mel-Frequency Cepstral Coefficients (MFCCs) to investigate the encoded acoustic space. 

2.2.3. 1D-CNN-Based Lung Sound Classification 

1D Convolutional Neural Networks (1D CNNs) are classification models that offer post-synthesis 

diagnostic accuracy. By using this model, which is a form of a lightweight surrogate, the system can 

compute thousands of audio frames in a single second, with a resultant massive decrease in the inference 

overhead in embedded microcontrollers. 

2.2.4. Multi-Modal Diagnostic Fusion (Novel) 

Pneumonia prediction is simulated in a multi-modal model based on temperature and acoustic 

data. This scheme computes in advance (unlike deterministic singular tests) weighted 

combinations of both lung CNN output and MLX90614 temperature readings, and collapses 

the state at the final diagnostic LCD output. 

3. Results and Discussion 

3.1 Performance Comparison 

Classification Architecture 
Accuracy 

(%) 

Inference Time 

(ms) 

Memory Size 

(KB) 

Support Vector Machine 

(SVM) 
78.5 450 320 

2D CNN (Spectrograms) 88.2 890 1450 

Hybrid CNN-LSTM 84.6 1120 980 
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Classification Architecture 
Accuracy 

(%) 

Inference Time 

(ms) 

Memory Size 

(KB) 

Proposed 1D CNN (MFCC) 91.4 180 95 

Table 1. Performance comparison of 32-bit adders in 45-nm CMOS. 

Table 1 shows that the proposed 1D CNN architecture achieves the highest accuracy with the 

lowest inference time and memory footprint, validating observations by Chowdhury et al. 

(2026) that learning-based 1D structural optimization yields superior Pareto solutions for 

microcontrollers. 

 

Figure 2. Accuracy comparison across ML architectures 
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Figure 3. Digital Stethoscope UI with live waveform and spectrogram 

3.3 Application-Level Evaluation 

Device Type 
Hardware 

Cost 

Power 

Consumption 
AI Integration 

3M Littmann 3200 ~$500 Medium Cloud-only 

Eko Core Attachment ~$250 Medium Smartphone req. 

Proposed Pico 

Stethoscope 
<$25 

Ultra-Low 

(5V/12V) 

On-Device (Edge 

AI) 

 

Table 2. Application-level impact of the proposed AI-driven adder. 

Impact of the proposed AI-driven stethoscope at the application level. As shown in Table 2, 

the proposed device is much better than commercial types in relation to cost and energy 

efficiency in a wide variety of rural workloads. The largest improvements are seen in the On-
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Device AI preprocessing, which points to the appropriateness of the proposed architecture to 

latency-sensitive edge computing systems. 

3.4 Discussion 

These two analyses demonstrate that workload-adaptive acoustic synthesis using AI is never 

as poor as fixed analog architectures. 1D Convolutional Neural Networks offer an effective 

exploration of a high audio-space, whereas multi-modal temperature fusion offers a good 

method to minimize false-positives at the cost of minimal hardware overhead. These 

characteristics guarantee that the proposed design is a great selection in next-generation 

medical accelerators and healthcare hybrid systems. 

4. Conclusions 

The paper has described a new AI-based high-performance embedded stethoscope architecture 

aiming at pediatric pneumonia diagnosis systems. The proposed approach incorporates the 

ideas of acoustic hardware coupling, machine-learning-based 1D-CNN prediction, and multi-

modal sensor modeling to make significant gains in diagnostic speed, power efficiency, and 

affordability. The framework goes directly to limitations found in recent literature, and 

proposes a scalable solution to next-generation medical hardware in resource-limited settings. 
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