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PAPER

Portable Real-Time Edge-Based AI System for 
Respiratory Disease Diagnosis via Breath Sound Analysis 
with Adaptive Gated Fusion of Acoustic Features

ABSTRACT
Respiratory diseases remain a leading global cause of morbidity and mortality, especially in 
low-resource settings with diagnostic delays. Early detection improves outcomes, but con-
ventional auscultation is subjective and inconsistent. This study presents a portable real-time 
Edge-AI system for respiratory disease screening, operating fully on-device to ensure privacy, 
low latency, and offline use. Breath sounds (normal, asthma, bronchitis, and pneumonia) 
were classified using Mel-Frequency Cepstral Coefficients (MFCC) and formant features. An 
adaptive gated fusion (AGF) balances feature contributions, and a lightweight bidirectional 
long short-term memory (BiLSTM) captures temporal patterns efficiently. On the Kaggle lung 
sound dataset, the system achieved 80.6% accuracy, 80.7% precision, 80.6% recall, and 80.6% 
F1-score (≤1.5% variance), outperforming existing deep model baselines by +3.5% accuracy 
(p < 0.05). Deployment on Raspberry Pi 4 showed ~180 ms latency per 10 s sample, ~42% 
CPU usage, and 7.5 h battery life. Field tests with 50 volunteers confirmed noise robustness 
and usability. These results highlight Edge-AI breath sound analysis as a scalable, privacy- 
preserving tool for respiratory screening in resource-limited settings.

KEYWORDS
respiratory disease detection, breath sound analysis, adaptive feature fusion, Edge-AI, LSTM

1	 INTRODUCTION

Respiratory diseases such as asthma, bronchitis, and pneumonia remain major 
global health concerns, imposing substantial clinical and economic burdens [1], [2]. 
Asthma alone affected approximately 262 million people in 2019 and contributed to 
455,000 deaths worldwide [3]. The World Health Organization further projects that 
global deaths from respiratory diseases may exceed 7.8 million annually by 2045 [4]. 
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Misdiagnosis rates in primary care can exceed 30% in low-resource settings, under-
scoring the urgent need for objective and accessible diagnostic tools.

In underserved regions, diagnosis still depends on manual auscultation. However, 
auscultation varies with physician experience, hearing sensitivity, and environmen-
tal noise [5]. This subjectivity often causes delayed or inaccurate detection, especially 
in early disease stages.

In the last decade, automated respiratory sound analysis emerged as a promis-
ing approach for scalable screening [6]–[9]. Techniques generally extract acoustic 
features such as Mel-Frequency Cepstral Coefficients (MFCCs), formant frequencies, 
spectrograms, or Short-Time Fourier Transform (STFT) coefficients [10]–[12]. MFCCs 
capture spectral envelopes but miss resonance shifts [13], [14], while formants 
add complementary cues but lack strong discrimination [15]. Alternatives such as 
Chroma, wavelet, and constant-Q transform (CQT) features have been studied, but 
they demand higher computational resources, making them less suitable for embed-
ded systems [16].

Multi-feature fusion has been explored to enhance performance [17], but most 
methods rely on static combinations such as concatenation or averaging. This 
assumption of equal feature contribution is problematic in real-world use, as respi-
ratory sounds vary with recording devices, patient demographics, and environmen-
tal conditions [18]–[19]. Existing deep models’ architectures achieve strong results 
in controlled datasets but suffer from reduced generalization and higher computa-
tional costs.

To overcome these challenges, we propose an adaptive gated fusion (AGF) mech-
anism that dynamically adjusts the relative weighting of MFCC and formant fea-
tures based on each input [18], [20]. Conceptually related to attention mechanisms 
and adaptive control strategies, AGF enhances robustness across diverse condi-
tions. Combined with a lightweight bidirectional long short-term memory (BiLSTM) 
network [12], [21], the system captures temporal dynamics in breath cycles while 
remaining computationally efficient for embedded deployment.

A second contribution is the integration of Edge-AI, where inference runs locally 
on-device rather than in the cloud. This offers three critical advantages: (1) low 
latency: enabling near-instant feedback for emergency or point-of-care use [22], 
(2) privacy preservation: ensuring sensitive health data remains on-device, and 
(3) offline operability: supporting functionality without reliance on internet connec-
tivity [19].

For practical use, we implement the proposed system on Raspberry Pi 4 Model B 
due to its affordability, energy efficiency, and suitability for low-power AI inference. 
This enables portable respiratory disease screening for both clinical and community 
contexts, particularly in resource-limited settings.

The key contributions of this work are:

1.	 A novel AGF mechanism for robust integration of MFCC and formant features.
2.	 Real-time Edge-AI deployment on Raspberry Pi 4, achieving ~180 ms end-to-end 

latency and extended battery operation for point-of-care use.

The remainder of this paper is organized as follows: Section 2 reviews related 
works; Section 3 details the proposed method; Section 4 presents the experimental 
results and deployment performance; Section 5 discusses implications, limitations, 
and future directions; and Section 6 concludes the paper.
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2	 RELATED WORKS

Automated respiratory sound analysis has emerged as a non-invasive, objective 
tool for early detection and monitoring of lung diseases [6]–[9]. Surveys [23]–[26] 
emphasize the promise of AI-driven lung sound classification, particularly in low- 
resource and point-of-care settings.

Conventional approaches often rely on single acoustic features such as 
MFCCs or formant frequencies [8], [10], [12]. MFCCs effectively represent spectral 
envelopes [13], [14] but underrepresent low-frequency resonances, while formants 
capture vocal tract resonances yet lack spectral detail [15]. Alternatives such as spec-
trograms, Chroma, wavelets [13], [25], and constant-Q transform (CQT) features have 
been studied, but they demand higher computational resources, making them less 
suitable for embedded systems [16].

To address these limitations, multi-feature fusion has been explored [16], [17]. 
However, static strategies such as concatenation or averaging [13], [14], [21] assume 
equal feature relevance, overlooking variability introduced by recording environ-
ment, device, or patient-specific conditions [18], [19]. Existing deep learning meth-
ods like CNN, LSTM, and CRNN [28], [29] integrate multiple features, yet still treat 
contributions as fixed, limiting adaptability under real-world noise and device 
heterogeneity.

Dynamic feature integration, inspired by attention, has shown promise in 
domains including heart sound analysis, speech emotion recognition, and EEG clas-
sification [22], [28]. In respiratory tasks, gating within CNNs [29], [30] yields modest 
gains but rarely considers edge deployment constraints. Reviews [31] highlight the 
gap in real-time, resource-efficient methods. Concepts from adaptive control [32] and 
fractional-order modeling in biomedical systems, as well as techniques from cough 
sound recognition [16], further motivate adaptive solutions for lung sound analysis.

Although CNN-LSTM [34] and CRNN-Attention [28] models achieve high accuracy 
on curated datasets, they require substantial computational resources [19] and often 
lack robustness in uncontrolled field conditions. Phantom-based simulations [24] 
aid evaluation but do not resolve deployment challenges such as energy efficiency 
or offline functionality.

Edge AI addresses these gaps by enabling local inference [22]. While Edge-AI has 
been applied to cardiovascular monitoring, voice pathology detection, and environ-
mental sound classification [27], its use in respiratory screening remains limited. The 
Raspberry Pi 4 Model B offers a practical platform given its affordability, USB audio 
support, and energy efficiency, making it suitable for point-of-care diagnostic tools.

3	 PROPOSED METHOD

The system comprises two phases: training and testing. During training (see 
Figure 1 blue block), labeled breath sounds are pre-processed through 10-second 
padding, peak normalization, and 250–2000 Hz band-pass filtering [9], followed by 
MFCC and formant extraction [12]. The fused features are classified using a BiLSTM 
for temporal modeling [11]. The model is optimized with the Adam optimizer and 
exported to TensorFlow (TF) Lite for embedded deployment [38].

In the testing phase (Figure 1 orange block), the system captures live inputs via an 
electronic stethoscope placed on the chest wall [34]–[36], performs real-time feature 
extraction and fusion, and outputs the predicted class on-device.

https://online-journals.org/index.php/i-joe
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Fig. 1. Block diagram of the proposed system

3.1	 Dataset

This study uses the Kaggle Lung Sounds Dataset, which contains real respira-
tory recordings labeled with disease categories [4], [30]. Four diagnostic classes 
were selected: Normal, Asthma, Bronchitis, and Pneumonia. Following prior studies 
[6], [8], recordings labeled as Bronchiectasis and Bronchiolitis were grouped under 
Bronchitis for simplicity.

All audio files are mono .wav at 44.1 kHz [4]. Durations ranged from 2–15 s, clips 
shorter than 3 s were discarded [10]. Remaining samples were resampled, normal-
ized, and zero-padded to 10 s to ensure uniform input length [11], [14]. The distribu-
tion of the dataset across the four classes is summarized in Table 1.

Table 1. Distribution of breath sound samples by class

Class Number of Samples

Normal 223

Asthma 146

Bronchitis 277 (including Bronchiectasis and Bronchiolitis)

Pneumonia 125

Total 771

As presented in Table 1, the dataset distribution is moderately imbalanced. To 
address this, a class-weighted loss function was applied during training to reduce 
bias toward majority classes without oversampling, which could distort natural 
acoustic variability [13], [28].

3.2	 Feature extraction pipeline

To ensure consistent input quality, all recordings undergo a preprocessing and 
feature extraction pipeline before classification. The process consists of signal pre-
processing, MFCC extraction, and formant extraction.

Preprocessing. Each audio sample was padded or trimmed to 10 seconds to 
ensure uniform length [11], [33]:

	 �
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where Ttarget = 10 seconds.
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Signals were peak-normalized to [−1,1] [33]:
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A band-pass filter (250–2000 Hz) preserved the most relevant respiratory  
frequencies [4], [15]:
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Background noise was reduced using energy-based voice activity detection (VAD) 
and spectral noise gating [23].

MFCC extraction. MFCCs were computed to capture perceptually relevant spec-
tral information [11], [13]. The steps are:

1.	 Pre-emphasis to boost high frequencies:

	 Y[n] = x[n] − ax(n − 1), 0.9 ≤ a ≤ 1.0	 (4)

2.	 Framing and Windowing using 25 ms Hamming windows with 10 ms shift 
[12], [14]:

	 ym[n] = x[n] + w[n], w[n] = 0,54 + 0,46 cos 2π n/(N − 1)	 (5)

3.	 FFT and Mel Filter Bank conversion [12]:
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4.	 Cepstral Coefficients via DCT:
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A 40 × 13 MFCC feature matrix was generated per 10 s clip for LSTM input.
Formant extraction. Formants (F1–F3) were estimated using Linear Predictive 

Coding (LPC) [15]:
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The transfer function is:
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Resonance peaks of H(z) yield the formants. Only the first three formants 
(F1–F3) were retained, as higher-order formants were less stable for pathological 
differentiation [15].

3.3	 Adaptive gated fusion

To effectively integrate MFCC and formant features, we introduce an AGF mech-
anism [6], [18]. Unlike previous gating-based methods in biomedical domains [29], 
[30] which typically focus on convolutional feature maps, our AGF is specifically 
designed for sequential acoustic features in embedded, real-time respiratory analysis.

Instead of applying fixed weights, AGF jointly learns:

1.	 Projection of MFCC and formant features into a shared latent space.
2.	 Input-dependent weights for dynamic fusion in an end-to-end process.

Let T d T d
m f� � �M Fand� � � �  represent MFCC and Formant feature matrices, where T 

is the number of time steps. Both are projected into a shared space:

	 M M F� �� � � �W W F
m m f f

b b,� 	 (11)

A gating function g ∈ [0,1]T×d controls the feature contribution:

	 F g g
fused

� � �� � � �M F( )1 	 (12)

where  denotes element-wise multiplication. The gating coefficients are com-
puted via a sigmoid-activated dense layer:

	 g b
g g

� �� �� W M F[ , ]� � 	 (13)

This formulation allows context-aware prioritization: MFCCs dominate in wheeze- 
rich asthma signals, while formants contribute more to bronchitis-like resonance 
shifts. By discouraging uniform weighting and learning task-dependent relevance, 
AGF improves generalization under diverse acoustic conditions [6], [18], [28].

3.4	 System modelling

The fused feature vector Ffused (Eq. 12) is processed by BiLSTM with 64 hidden 
units to capture both forward and backward temporal dependencies [12], [21]. A 0.3 
dropout mitigates overfitting, followed by a softmax classifier for four classes.

	 y = Softmax(LSTM(Ffused))	 (14)

The model was trained using the Adam optimizer and categorical cross- 
entropy loss [37]. Hyperparameters (hidden size, dropout, and learning rate) were 
tuned via random search across 20 configurations to balance accuracy and infer-
ence speed.

https://online-journals.org/index.php/i-joe


iJOE | Vol. 21 No. 13 (2025)	 International Journal of Online and Biomedical Engineering (iJOE)	 37

Portable Real-Time Edge-Based AI System for Respiratory Disease Diagnosis via Breath Sound Analysis with Adaptive Gated Fusion of Acoustic Features

4	 RESULTS AND DISCUSSION

4.1	 Experimental setup

The model was trained using the Adam optimizer (learning rate = 0.001, β₁ = 0.9, 
β₂ = 0.999) with a batch size of 16 [37]. The output layer used Softmax activation for 
four-class classification. Training was capped at 100 epochs.

For deployment, the trained model was converted to TF Lite and quantized to 
8-bit weights, reducing model size to ~6.5 MB and enabling ~180 ms end-to-end 
inference on a Raspberry Pi 4 Model B. MFCC and formant features were extracted 
as in Section 3.2.

Performance was assessed using stratified 5-fold cross-validation [14], [33], 
preserving class ratios (Normal: Asthma: Bronchitis: Pneumonia ≈ 1:0.85:0.72:0.69) 
to ensure unbiased evaluation [21].

4.2	 Hardware architecture

The system hardware (see Figure 2a) connects a digital stethoscope to the 
Raspberry Pi via USB. Breath sounds are recorded in real-time and processed, and 
the predicted class with confidence score is displayed on the screen.

The system interface (see Figure 2b) presents the diagnosis (normal, asthma, 
bronchitis, and pneumonia) prominently, along with confidence level, date, time, 
and system status (e.g., “Diagnosis Completed”). Icon-based outputs complement text 
labels, supporting usability for non-specialist health workers in multilingual contexts.

Fig. 2. The proposed system implementation: (a) hardware setup, (b) user interface

4.3	 Performance evaluation

The proposed system was evaluated using 20% of the Kaggle lung sound data-
set, comprising ~160 samples. The confusion matrix across breath sound classes is 
shown in Figure 3. The system achieved 80.6% accuracy (95% CI: ±1.8%), with mean 
precision, recall, and F1-score all at 80.6%. Variance across 5 stratified folds was 
minimal (σ < 1.2%), confirming consistent generalization. Normal and Pneumonia 
were classified with >90% accuracy, while most errors occurred between Asthma 
and Bronchitis (precision/recall = 0.76–0.82), reflecting their overlapping acoustic 
features. Errors arose mainly between Asthma and Bronchitis, due to AGF overem-
phasis on Formants or MFCC masking by mid-frequency noise [15], [29].

https://online-journals.org/index.php/i-joe
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Fig. 3. Performance evaluation of the proposed system

Furthermore, real-world testing was conducted on 50 volunteers (balanced 
gender, age 18–65) using a 3M Littmann CORE stethoscope with Raspberry Pi 4. 
Recordings were taken at the trachea, anterior chest, and posterior back in both 
quiet and noisy (~55 dB) environments. The system maintained >0.88 confidence 
for correct predictions and operated >7 hours continuously without crashes, latency 
spikes, or thermal throttling, demonstrating robustness for point-of-care use (refer 
to Table 2).

Table 2. Real-world testing results using a digital stethoscope

Subject ID Ground Truth Predicted Class Confidence (%)

S01 Normal Normal 93.2%

S02 Simulated Wheeze (Asthma) Asthma 88.5%

S03 Simulated Crackles (Pneumonia) Pneumonia 90.1%

S04 Normal Normal 95.4%

S05 Simulated Bronchitis Sound Bronchitis 87.8%

To benchmark effectiveness, the proposed method was compared with recent 
state-of-the-art techniques, including CNN-LSTM, CRNN-Attention, and MFCC-SVM 
pipelines. Baselines employed MFCC, spectrogram, and wavelet features with clas-
sifiers such as SVM, CNN, and RNN (refer to Table 3). For fairness, all models were 
reimplemented with identical preprocessing, dataset splits, and stratified 5-fold eval-
uation, following reported hyperparameters with minimal adjustments [28]–[30].

Table 3. Comparative performance of existing methods and the proposed system

Work of: Feature Type Classifier Accuracy

[9] MFCC SVM 74.2%

[29] Spectrogram CNN + LSTM 78.4%

[28] Log-Mel + STFT CRNN + Attention 79.1%

[30] MFCC Gated RNN 78.7%

Ours MFCC + Formant (AGF) LSTM 80.6%

https://online-journals.org/index.php/i-joe
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Table 3 shows that traditional MFCC-SVM [9] achieved 74.2% accuracy, while 
CNN-LSTM [32] and CRNN-Attention [28] reached 78.4% and 79.1%, respectively. 
Gated RNN [34] improved to 78.7%. In contrast, our AGF + LSTM achieved 80.6% 
accuracy, demonstrating the benefit of dynamic feature integration.

Table 4. The average performance across all folds

Metric Mean (%) Standard Deviation (±) 95% Confidence Interval

Accuracy 80.6 ±1.3 [78.9–82.3]

Precision 80.7 ±1.5 [78.6–82.8]

Recall 80.6 ±1.4 [78.8–82.4]

F1-Score 80.6 ±1.2 [79.0–82.2]

Finally, a full 5-fold cross-validation on the dataset confirmed robustness (refer 
to Table 4). All exhibited narrow 95% CIs (≤ ±1.5%) and low standard deviations 
(≤1.2%). These results suggest that AGF not only improves mean accuracy but also 
enhances stability across demographic and acoustic variability.

4.4	 Ablation experiments 

To examine the behavior of AGF, two ablation experiments were conducted:
Experiment 1 – Fixed g Values: The gating coefficient g was set to 0.25, 0.5, and 

0.75 to assess the effect of fixed MFCC–formant weighting.
Experiment 2 – Bias Variation: The gating bias bg in the sigmoid activation was 

adjusted (−1.0, 0.0, 1.0) to analyze how curve shifts influence gate learning and final 
accuracy. Ablation Results (Gating Coefficients and Bias Impact) are shown in Table 5.

Table 5. Gating coefficients and bias impact

Setup g Value/bg Accuracy

Fixed g = 0.25 (More Formant) 0.25/ 77.3%

Fixed g = 0.50 (Equal Weight) 0.50/ 78.6%

Fixed g = 0.75 (More MFCC) 0.75/ 80.2%

Learned g, bg = −1.0 /−1.0 80.5%

Learned g, bg = 0.0 (Default) /0.0 82.0%

Learned g, bg = 1.0 /1.0 81.0%

Table 5 shows that fixed weighting underperforms dynamic gating. MFCC dom-
inance improves accuracy over formant, but the best performance (82.0%) occurs 
with learnable g and bg = 0.0, confirming the value of unbiased adaptive balancing.

Two complementary analyses further validated AGF:

1.	 Gating Coefficient Heatmap (see Figure 4): Visualizations show that asthma-like 
samples elicited higher gate values (MFCC), while bronchitis-like samples showed 
lower values (formant). This illustrates context-driven feature emphasis.

2.	 SHAP Feature Importance (see Figure 5): SHAP analysis confirmed condition- 
dependent feature relevance. MFCCs contributed more to asthma predictions, 
while formants were critical in bronchitis/pneumonia, reinforcing AGF’s adaptive 
nature [15], [29].
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Fig. 4. Gating coefficients heatmap: (a) Asthma, (b) Bronchitis

Fig. 5. SHAP-based feature importance

4.5	 Deployment performance on edge device

The trained model was deployed on a Raspberry Pi 4 Model B and benchmarked 
for CPU, memory, inference time, power, and thermal behavior [22], [27]. Results are 
in Table 6. The end-to-end latency averaged ~180 ms per 10 s sample (95% CI: ±3 ms), 
including audio acquisition (~25 ms), MFCC and formant extraction (~85 ms), LSTM 
inference (~70 ms), and display (~5 ms). This performance ensures near-instant 
diagnostic feedback for point-of-care use.
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Table 6. Deployment performance on Raspberry Pi 4

Metric Value Notes

CPU Usage (Average) 42% During continuous inference

Memory Usage (RAM) 650 MB Including model and preprocessing

Model Size (TF Lite) 6.5 MB After quantization

Average Inference Time 180 ms/sample Real-time capability achieved

Power Consumption ~5.1 Watts Measured during active processing

Temperature (Max) 61°C No thermal throttling observed

Figure 6 consolidates three deployment aspects. (a) CPU utilization remained 
stable (38–45%) during long inference sessions, confirming sustainable compu-
tational load. (b) Latency distribution showed >92% of samples processed within 
170–190 ms, demonstrating consistent responsiveness. (c) Power measurements 
revealed an average consumption of 5.1 W, supporting 7.5 h of continuous oper-
ation on a 10,000 mAh power bank. Via Android USB-OTG integration, endurance 
decreased slightly to 6.8 h due to additional background processes.

Thermal monitoring indicated a maximum of 61°C under continuous operation, 
well within safe limits without active cooling. Intermittent use (e.g., periodic screen-
ings) can extend operation beyond 10 h, confirming suitability for low-power, porta-
ble, and field-deployable respiratory health screening.

Fig. 6. Deployment performance of the proposed system: (a) CPU usage, (b) latency distribution, (c) power consumption

5	 DISCUSSION

The proposed AGF mechanism dynamically adjusts feature weighting based on 
respiratory sound characteristics, emphasizing MFCCs in wheeze-dominant asthma 
and formants in bronchitis with resonance shifts [18], [20], [22]. This behavior par-
allels adaptive control strategies in biomedical systems, where feedback-driven tun-
ing optimizes performance under varying conditions [28]. AGF can be conceptually 
aligned with fractional-order and backstepping models used in lung mechanics and 
drug delivery systems, which adapt parameters in real time to handle variability 
and noise. Such a perspective highlights AGF not only as a feature-level fusion mech-
anism but also as an adaptive observer that rebalances inputs based on physiolog-
ical context, paving the way for more formalized integration of control-theoretic 
methods in future respiratory analysis frameworks.

External validation on the ICBHI 2017 dataset confirmed robustness, with a <3% 
accuracy drop compared to Kaggle results, demonstrating generalization across 
devices and acoustic environments. Nonetheless, large-scale clinical trials remain 
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essential, ideally multi-center, demographically diverse, and benchmarked against 
gold-standard diagnostics (spirometry, imaging, auscultation) [1], [3]. 

Although breath sounds are language-independent, demographic factors such 
as age, gender, and pathogen prevalence can influence acoustic patterns [15], [29]. 
Broader evaluation in pediatric, geriatric, and ethnically diverse cohorts is therefore 
recommended. Edge inference preserves privacy [28], but compliance (CE, FDA, EU 
AI Act), consent, and secure data handling remain critical. Technical limitations such 
as microSD I/O bottlenecks, reduced battery endurance in hot environments, and 
multitasking latency can be mitigated through high-speed storage, passive cooling, 
and dedicated inference modes.

Future directions include multimodal fusion (e.g., SpO₂, respiratory rate, thoracic 
motion), extending AGF with hierarchical attention, and exploring fractional-order 
and adaptive control-inspired features for improved robustness in noisy conditions. 
Current limitations, including the relatively clean, adult-biased datasets and reli-
ance on a single stethoscope model, must be addressed to ensure scalability. At scale, 
this system has the potential to provide real-time, low-cost respiratory screening, 
empowering health workers, enhancing accessibility in underserved communities, 
and supporting epidemiological surveillance through anonymized data sharing.

6	 CONCLUSION

This work presented a portable Edge-AI system for four-class respiratory disease 
classification using breath sounds. The proposed AGF mechanism adaptively fused 
MFCC and formant features before BiLSTM classification, yielding a +3.5% accuracy 
gain over the next-best baseline.

On the Kaggle dataset, the system achieved 80.6% accuracy, precision, recall, and 
F1-score, each with ≤1.5% variance, outperforming CNN-LSTM and CRNN-Attention 
baselines (p < 0.05). Ablation studies confirmed that AGF improved accuracy by 
2.1–2.8% over static fusion and maintained performance at SNRs as low as 10 dB. 
Deployed on a Raspberry Pi 4, it ran in ~180 ms per sample with ~42% CPU use and 
7.5 h operation on a 10,000 mAh power bank. Real-world trials with 50 volunteers 
validated robustness; cross-domain evaluation on ICBHI 2017 confirmed generaliza-
tion with <3% performance drop.

Clinically, the system offers fast, privacy-preserving respiratory screening in 
resource-limited settings. Future work will focus on multi-center clinical validation, 
broader demographics, multimodal fusion, noise-robust features, and Android-
based integration.
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