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Abstract Respiratory diseases such as asthma, pneumonia, and Chronic Obstructive Pulmonary Disease 
(COPD) remain major global health challenges, particularly in resource-limited settings where access to 
pulmonary specialists and early diagnostic tools is limited. Automatic lung sound classifications have 
emerged as a promising non-invasive screening approach; however, existing methods often rely on 
single-scale feature extraction, conventional loss functions, and offline analysis, which limit their 
discriminative capability and real-time applicability. The aim of this study is to develop and evaluate a 
deep learning framework for real-time multi-class lung sound classifications that improves 
discriminative representation and temporal sensitivity. To address limitations, this study proposes MK-
TripNet, a novel deep learning architecture designed to integrate multi-scale feature extraction, 
discriminative embedding learning, and real-time inference within a unified framework. The main 
contribution of this work is the unified integration of a Multi-Kernel convolutional architecture, Triplet 
Loss-based embedding learning, and Sliding Window segmentation within a single end-to-end 
framework, enabling accurate segment-level lung sound classifications in real-time scenarios. Unlike 
prior approaches, the proposed method simultaneously captures fine-grained temporal patterns and 
broader spectral characteristics while explicitly maximizing inter-class separability in the embedding 
space. The proposed model was evaluated using a newly constructed dataset comprising 1,409 lung 
sound segments obtained from primary digital stethoscope recordings and publicly available respiratory 
sound databases. Experimental results demonstrate that MK-TripNet consistently outperforms several 
strong baseline models, including CNN-BiGRU, CNN-BiGRU-UMAP, and VGGish-Triplet, achieving an 
accuracy of 89.1%, an F1-score of 0.89, and a recall of 0.88. Ablation studies further confirm that the 
combined use of Multi-Kernel convolution, Triplet Loss, and Sliding Window segmentation yields the 
most robust and generalizable performances. These findings highlight the clinical potential of MK-
TripNet for real-time digital auscultation and point-of-care respiratory screening, particularly in resource-
limited and telemedicine settings. 
 
Keywords Multi Kernel; Triplet Loss; Sliding Window; CNN; MFCC 

I. Introduction  

Respiratory diseases such as COPD, asthma, chronic 
bronchitis, lung cancer, pneumonia, tuberculosis, and 
COVID-19 remain the leading causes of death and 
disability in the world [1], [2], with COPD representing a 
significant global health challenge driven by smoking 
as well as environmental, occupational and genetic 
factors [3], as reported in recent global burden trends 
of COPD [4]. Although there has been extensive 
research on the classification of breathing sounds 
using machine learning, traditional approaches remain 
dominant, relying solely on features such as MFCC or 

spectrograms and general architectures (CNN, CNN-
LSTM, CNN-BiGRU) without advanced representation 
techniques [5]. Several studies have been conducted 
with various approaches. For example, CNN-BiGRU 
was applied on synthetic data without a specific loss 
function [6]. Another work focused mainly on dataset 
creation without integrated classification [7]. UMAP 
was used only for visualization [8]. DLCNN achieved 
high accuracy (98.85%) but was limited by the 
representativeness of the data [9]. A deep CNN was 
applied to dependent noise synthesis [10]. CNN-LSTM 
was employed, but with a limited dataset [11]. Lung and 
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tracheal sounds were analyzed using MFCC, but 
constrained by acoustic differences [12]. Recent work 
employed a CNN leveraging mel spectrograms to 
identify adventitious lung sounds, while Bardou et al 
[13] combined MFCC and traditional ML features with 
CNN-based classifiers. Multi-Kernel CNN and TMK-
CNN were also developed, but with an unbalanced 
dataset and no internal validation. In summary, many 
studies report high accuracy with deep CNN or hybrid 
models, but often rely on unbalanced datasets, lack 
external validation, or depend solely on manual 
augmentation [11].TMK-CNN with Multi-Kernel and 
Triplet Loss remains limited to a single dataset without 
real-time segmentation. Unsupervised methods such 
as UMAP also lack a discriminative training objective 
like Triplet Loss. While previous studies have explored 
Multi-Kernel convolutional, Triplet Loss, or temporal 
segmentation independently or in partial combinations, 
a unified framework that jointly integrates these 
components for real-time multi-class lung sound 
classification remains insufficiently investigated. 
Specifically, MK-TripNet addresses data imbalance by 
constructing a composite dataset, improves class 
separability via metric learning, and enables real-time 
inference through Sliding Window segmentation. Most 
CNN studies still rely on Single Kernel, cross-entropy, 
or focal loss, without real-time inference [14]. Some 
recent works have attempted related approaches. For 
example, feature fusion from several pre-trained CNNs 
enhances discriminative representations from lung 
sound spectrograms [15]. A lightweight CNN with multi-
feature integration achieves strong performance in lung 
sound classification [16]. Transfer learning with multi-
input CNN models is used for crackle detection across 
differing recording setups [17]. The use of multi-
channel recordings combined with CNN-LSTM 
improves sensitivity and specificity compared with 
fewer channels [18], and models that use multi-channel 
spectrograms with attention and augmentation address 
data imbalance [19]. Despite these advances, 
important gaps remain. Therefore, this paper proposes 
MK-TripNet, a Multi-Kernel CNN with Triplet Loss that 
combines multi-scale temporal representation, 
discriminative embedding learning, and real-time 
inference on a newly balanced dataset. Some studies 
employed multi time scale or hybrid features but 
without Triplet Loss [20], while Multi-Kernel convolution 
has shown improved temporal and spectral pattern 
extraction in lung sounds [21].   

MK-TripNet (Multi-Kernel CNN with Triplet Loss) is 
a neural network-based model for detecting pulmonary 
diseases (PDs) through real-time analysis of lung 
sound (LS) signals. Real-time inference refers to the 
sequential processing of overlapping audio segments 
with minimal delay, enabling continuous analysis 
during auscultation rather than post-hoc classification. 

The model is specifically designed to capture a broader 
range of acoustic features by utilizing Multi-Kernel 
convolution blocks at various scales, thereby improving 
classification accuracy [14], [22]. In addition, Triplet 
Loss, which has been shown to be effective in 
producing more distinct feature representations across 
classes [23], [24], is employed to generate more 
discriminative embeddings. By simultaneously 
processing anchor, positive, and negative inputs, MK-
TripNet can distinguish between similar sounds such 
as wheezing and crepitus, and subsequently classify 
them into four categories: bronchus, crepitus, 
wheezing, or normal through a softmax layer [25], [26], 
[27], [28], [29]. 

The primary objective of this study is to develop and 
validate MK-TripNet, a deep learning model designed 
for Multi-Class lung sound classification in real-time 
settings. The contributions of this work are 1) we 
introduce a new hybrid dataset that combines both 
primary recordings and secondary public sources, 
preprocessed and segmented using overlapping 
windows to enable real-time classification consistent 
with clinical auscultation practices [30]. 2) We 
demonstrate that MK-TripNet achieves superior 
performance compared to baseline models such as 
CNN-BiGRU and CNN-BiGRU+UMAP in segment-
based multi-class classification, confirming its 
effectiveness for distinguishing between normal, 
wheeze, crackle, and bronchial sounds [31]. 3) We 
perform a comprehensive ablation study to examine 
the influence of Kernel size, embedding dimension, and 
number of filters, thereby proving the robustness and 
generalization capability of MK-TripNet across different 
configurations and datasets [32]. 4) By incorporating 
Triplet Loss embedding, our model enhances 
discriminative feature learning for respiratory audio, 
supporting more reliable differentiation of acoustically 
similar lung sound patterns. Prior works have 
demonstrated the effectiveness of Triplet Loss and 
Siamese-based frameworks in improving inter-class 
separability and representation learning. Specifically, a 
triple-network architecture outperformed the ICBHI 
baseline, improving the overall score by ~7.0% [23]. A 
Multi Triplet Loss improved the inter-class separability 
of data representations in the embedding space [33]. A 
Siamese network with Triple Loss was applied to 
evaluate synthetic respiratory sounds for privacy-
preserving dataset generation [34]. Triple Loss was 
shown to narrow intra-class distances and widen inter-
class distances, enhancing cross-domain 
generalization [35]. Furthermore, a triplet Siamese 
framework was successfully applied to medical image 
classification, demonstrating its effectiveness in 
discriminating between clinically similar categories 
[36]. This study is structured as follows: Section II 
related work on lung sound classification, embedding 
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learning techniques, Multi-Kernel architecture, and 
real-time audio inference. Section III presents the 
detailed architecture of MK-TripNet, including its Multi-
Kernel convolution blocks, Triplet Loss embedding 
head, and Sliding Window inference mechanism. 
Section IV describes the dataset used, preprocessing 
procedures, training protocol, and evaluation metrics. 
Section V reports the experimental results, ablation 
studies, cross-dataset validations, and comparisons 
with baseline methods. Finally, section VI concludes 
the work and discusses future directions toward 
deployment in clinical environments. 

 

II. Method 
This study aims to examine whether there is a 
significant difference in accuracy between the Multi-
Kernel CNN Architecture with Triplet Loss and other 
methods. In this study, we propose MK-TripNet, a deep 
learning architecture for multi-class classification of 
lung audio signals. The model utilizes a Multi-Kernel 
Convolutional Block that processes inputs (anchor, 
positive, negative) in parallel with kernels of size 1x1, 
3x3, and 5x5 to capture temporal and spectral patterns 
of various scales. Each kernel branch is followed by 
normalization and ReLU activation function, with the 
number of output channels set to 64, 128, and 256, 
respectively. The resulting feature maps from all 
branches are concatenated along the channel 
dimension and subsequently passed to a pooling layer 
for dimensionality reduction. The merged features are 
then processed through a fully connected layer to 
obtain a compact embedding representation. This 
structure uses a triplet sampling approach during 
training, which involves three types of audio input: 
anchor (𝑥𝑎), positive (𝑥𝑝), and negative (𝑥𝑛), where 

anchor and positive are from the same class, while 
negative is from a different class, as illustrated in Fig. 
1. The goal is for the model to be able to distinguish 
similar and dissimilar sound features in the latent 
representation space. Each input is processed through 
parallel convolution results are then merged, 
normalized using batch normalization, and activated 

with the ReLU function Eq. (1) [23]. 
𝐶𝑜𝑛𝑣1(𝑥) = 𝑊1 × 𝑥 + 𝑏1 

𝐶𝑜𝑛𝑣3(𝑥) = 𝑊3 × 𝑥 + 𝑏3 

𝐶𝑜𝑛𝑣5(𝑥) = 𝑊5 × 𝑥 + 𝑏5                                             (1) 

Where 𝑥 is the audio signal input feature map, 𝑊𝑘 and 

𝑏𝑘 are the weight matrix bias associated with the 

convolution kernel of size 𝑘 ∈ {1,3,5}, and 𝑥 is the 

convolution operation. Then, the three outputs are 

combined in Eq. (2) [14]: 

𝑀𝐾𝐶𝑜𝑛𝑣(𝑥) =

𝑅𝑒𝐿𝑈(𝐵𝑁(|𝐶𝑜𝑛𝑣1(𝑥), 𝐶𝑜𝑛𝑣3(𝑥), 𝐶𝑜𝑛𝑣5(𝑥)|))               (2) 

Where 𝐵𝑁(⋅) is batch normalization to stabilize the 

training process, 𝑅𝑒𝐿𝑈(⋅) is the rectified linear unit 

activation function, and (⋅) denotes the concatenation 

of feature maps along the channel dimension. After 
convolution, max pooling is used to reduce the spatial 

size while retaining key features, Eq. (3) [14]: 

𝑃𝑜𝑜𝑙𝑒𝑑(𝑥) = 𝑀𝑎𝑥𝐾𝑒𝑟𝑛𝑒𝑙 (𝑀𝐾𝐶𝑜𝑛𝑣(𝑥))                      (3) 

Where 𝑀𝑎𝑥𝐾𝑒𝑟𝑛𝑒𝑙(⋅) denotes the max pooling 

operation with a predefined kernel size and stride. This 
stage is important for selecting significant features and 
simplifying calculations. The pooling results are 
condensed into a one-dimensional vector and passed 
to the dense layer to form a fixed- dimensional 

embedding ℝd Eq. (4) [14]: 

𝑓(𝑥) = 𝐹𝐶 (𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝑥))𝜖ℝd                                         (4) 

The trained 𝑑 dimensional embedding is represented 

by 𝑓(𝑥) ∈ ℝ𝑑, where 𝐹𝐶(⋅) denotes a fully connected 

layer, and 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(⋅) converts the pooled feature map 

into a one-dimensional vector. This vector represents 
the hidden features of the audio signal for 
discriminative learning. Triplet Loss is applied with 
anchor, positive, and negative data from the training 
data, which serves to minimize the distance between 
similar embeddings and widen the distance between 

different classes, Eq. (5) [23]: 
ℒ𝑡𝑟𝑖𝑝𝑙𝑒𝑡 = 

max (0, ||𝑓(𝑥𝑎) − 𝑓(𝑥𝑝)||2 − ||𝑓(𝑥𝑎) − 𝑓(𝑥𝑛)||2 + 𝑎   (5) 

 
Fig. 1. Architecture of Multi-Kernel CNN Using Triplet Loss Function for Classification Tasks 
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Where 𝑎 is the margin parameter, which is empirically 

selected as 0.2 to balance intra-class density with inter-
class separation, and 𝑥𝑎 , 𝑥𝑝, and  𝑥𝑛 represent the 

anchor, positive, and negative samples, respectively. 
To balance intra-class density and inter-class 
separation, the margin parameter 𝑎 is empirically set to 

0.2 based on preliminary experiments. In this case, the 
embedding representation of the input is denoted by 
𝐹(𝑥). Four categories, bronchial, crepitus, wheezing, 

and normal, are predicted by SoftMax classification 
using only the anchor branch during inference. 
Additionally, the model uses Sliding Window 
segmentation with a window length of 1 second and a 
step of 0.5 seconds to enable real-time detection of 
abnormal breathing patterns and segment-level 

categorization, Eq. (6) [23]: 

𝑦̂ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑓(𝑥𝑎) + 𝑏)                                       (6) 

This layer generates probabilities for each category: 
bronchial, crepitus, wheezing, and normal. The MK-
TripNet method is summarized in Algorithm 1.  

A. Data Collection 

Fig. 2 Modified acoustic stethoscope setup for data 
collection. A sensitive condenser microphone setup, as 
demonstrated in AR-based auscultation systems, 
digital stethoscope recordings on anterior and posterior 
chest walls, and standardized manikin recordings, is 
integrated into the stethoscope diaphragm to capture 
breath sounds in standard auscultation positions, which 
are digitally recorded for manual labelling and machine 
learning analysis [37], [38]. 

B. Dataset 

Lung sound is a simple and non-invasive method that 
provides essential information for identifying 
respiratory disorders [39]. Respiratory sounds, 
produced during coughing and breathing, can be easily 
recorded with minimal invasiveness and analyzed 
using machine learning algorithms to identify patterns 
associated with specific diseases [40]. The dataset 
consists of two parts: main data from direct 
observations and supporting data from a public 
repository containing high-quality lung sound 
recordings from patients and healthy individuals with 
seven different conditions (asthma, heart failure, 
pneumonia, bronchitis, pleural effusion, pulmonary 
fibrosis, COPD), as well as normal sounds. The 
secondary dataset was obtained from a publicly 
available lung sound respiratory Kaggle, namely A 
Dataset of Lung Sounds, which provides labeled lung 
sound recordings collected from multiple clinical 
resources. A total of 336 audio files (.Wav) are labeled 
according to lung sound type (wheezing, crackle, 
bronchial, normal) and recorded in different thoracic 

regions with varying repetitions and frequency filters in 
Table 1. For real-time analysis, the dataset is modified 
using Sliding Window segmentation so that each file 
contains only a lung sound example, facilitating model 
training and evaluation. A total of 1.409 lung sound 
samples were obtained to train and test the 
classification model. The mode was then tested in real 
time using a Sliding Window for segment classification 

Table 1. New Comprehensive Distribution of the 
Annotated Clinical Lung Sound Dataset 

No 
Type of 

Sound 

Number of 
Secondary 

Dataset 

Number 
of Units 
Dataset 

Number 
of Primary 

Dataset 

1 Normal 35 337 144 

2 Crepitus 33 195 83 

3 Bronchial 3 12 5 

4 Wheeze 32 443 190 

Total 1409 

 

 
 
Fig. 3. Processing Units of the Dataset Derived 
from the Secondary Lung Sound Dataset 

 

 

 

 

 

 

 

 

 

 

Algorithm 1. Multi-Kernel CNN with Triplet 
Loss (MK-TripNet) for Lung Sound 
Classification 
Input: anchor (𝑥ₐ), positive (𝑥ₚ), and negative (𝑥ₙ) 

Output: 𝑦̂ 

1. Take 1 anchor sample (e.g. “bron” sound) 

2. Take 1 positive sample (another sound than “bron”) 

3. Take 1 negative sample (sound from another class, 

e.g “normal”) 

4. Process all three → extract MFCC →CNN →Vector 

embedding 

5. Calculate Triplet Loss 

6. Backpropagation → model parameter optimization 

7. Repeat for several epochs 

 
Fig. 2. Overview of Materials and Equipment 
Used for the Primary Dataset Collection 
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and local sound pattern detection, in accordance with 
actual auscultation. 

C. Experiment 

This research involved four main experimental stages 
to thoroughly evaluate the performance of the MK- 
TripNet architecture using 1,409 segmented lung 
sound samples Fig. 3. First, multi-class classification 
was performed using several model variants: Baseline 
CNN with regular convolution, MK-CNN that adds a 
Multi-Kernel convolution block without Triplet Loss, 
then MK-CNN+Triplet with Triplet Loss applied, and 
finally MK- CNN+Triplet+Sliding Window, that forms 
the full MK-TripNet architecture. This evaluation aims 
to assess each component's contribution to the model's 
performance. 
   The second stage is an ablation study to evaluate the 
influence of various architectural parameters such as 
embedding dimension, number of convolutional 
channels, merging method, and dropout rate. For 
example, increasing the embedding dimension from 64 
to 128, as well as the convolutional channels from 32-
64-128 to 64-128-256, shows significant performance 
improvement, confirming MK-TripNet’s flexibility and 
robustness to architectural configuration changes. 
   The third stage involved comparing MK-TripNet with 
other methods, such as MFCC- CNN, CNN-BiGRU, 
CNN-BiGRU-UMAP, CNN with Triplet Loss, and 
VGGish with Triplet Loss, which showed that the 
combination of Multi-Kernel convolution and Triplet 
Loss resulted in a more accurate latent representation. 
Finally, MK-TripNet was tested in a real-time scenario 
using a Sliding Window approach, where audio data 
was processed on a spectrogram, demonstrating the 
model’s ability to identify crepitus sounds and normal 
sounds directly based on their frequency patterns.  

D. Performance Testing 

To evaluate the performance of the proposed multi-
class classification model, confusion matrix analysis is 
used with four main metrics: accuracy, precision, recall, 
and F1-score. These metrics provide an overall picture 
of the classification quality, especially in the context of  
class imbalance. The confusion matrix helps identify 

the number of True Positives (TP), False Positives 
(FP), False Negatives (FN), and True Negatives (TN), 
which respectively reflect the model's success or error 
in classifying samples. The evaluation is based on the 
standard formulas of these four metrics. Accuracy is a 
measure of the number of correct predictions 
compared to the total sample, Eq. (7) [32]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝜮𝒊=𝟏

𝒄 𝑻𝑷𝒊

𝑻𝒐𝒕𝒂𝒍 𝑺𝒂𝒎𝒑𝒍𝒆
                                                (7) 

Where C is the total class. The accuracy for each 
category is described as shown in Eq. (8) [32]: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 =
𝑻𝑷𝟏

𝑻𝑷𝒊+𝑭𝑷𝒊
                                                      (8) 

The recall ability (or sensitivity level) for each group is 
defined by Eq. (9) [32]: 

𝑅𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑻𝑷𝒊

𝑻𝑷𝒊+𝑭𝑵𝒊
                                                            (9) 

The F1 value for each category is the harmonic mean 
between precision and recall, and is calculated using 
Eq. (10) [32]:  

𝐹1𝒊 =
𝟐.𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏𝒊 .𝒓𝒆𝒄𝒂𝒍𝒍𝒊

𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏𝒊+𝒓𝒆𝒄𝒂𝒍𝒍𝒊
                                                         (10) 

The macro-average metric calculates the average 
score for each class without considering class size, 
whereas the weighted average accounts for the 
number of samples in each class. These two metrics 
are used to evaluate the modal’s ability to fairly 
distinguish between the four classes, and are essential 
in comparing performance with recent approaches in 
similar studies. 
 

III. Result  

A. Ablation Study 

The ablation analysis results in Table 2 show the 

contribution of each element, Multi-Kernel Block, Triplet 

Loss, and Sliding Window, to classification performance. 

Compared with Baseline-CNN without these three 

features, performance improved significantly when these 

elements were applied. Table 2 shows the contribution 

of Multi-Kernel Block, Triplet Loss, and Sliding Window 

to MK-TripNet. The Baseline-CNN without these three 

components achieved an accuracy of 78.2%, an F1-

score of 0.74, and a recall of 0.71. Adding the Multi-

Table 2. Comprehensive Performance Analysis of the MK-TripNet Ablation Study Results 

Model Variant 
Multi-Kernel 

Block 

Triplet 

Loss 

Sliding 

Window 
Accuracy (%) F1-Score Recall 

Baseline CNN - - - 78.2 074 0.71 

MK-CNN (No Triplet) ✓  - - 82.5 0.79 0.77 

MK-CNN + Triplet Loss ✓  ✓  - 86.4 0.84 0.83 

MK-CNN + Triplet +Sliding Window ✓  ✓  ✓  87.1 0.86 0.85 

MK-TripNet (Full) ✓  ✓  ✓  88.3 0.88 0.87 

mmk 
 

 

mmk 

 

 

 

 

 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i2.1403
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 2, April 2026, pp: 504-516                                             e-ISSN: 2656-8632 

 

Manuscript received 13 December 2025; Revised 20 February 2026; Accepted 15 March 2026; Available online 30 March 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i2.1403 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 509               

Kernel Block increased accuracy to 82.5%, F1-score to 

0.79, and recall to 0.77, demonstrating the effectiveness 

of multi-scale convolution. Adding Triplet Loss improves 

the results to an accuracy of 86.4%, an F1-score of 0.84, 

and a recall of 0.83, proving better separation between 

classes. Sliding Window increases accuracy to 87.1% 

with an F1-score of 0.86 and a recall of 0.85, reinforcing 

temporal understanding. The complete MK- TripNet 

model achieves an accuracy of 88.3% an F1-score of 

0.88, and a recall of 0.87, demonstrating the combined 

benefits of the three components. Hyperparameter 

tuning was also performed to further optimize 

performance. 

B. Hyperparameter Study 

A summary of MK-TripNet hyperparameter turning 
results is shown in Table 3. In this study, several key 
parameters were modified in a planned manner, such 
as embedding size, convolution channel depth, pooling 

type, and dropout rate, to measure their impact on 
model performance. An embedding size of 128 proved 
to be optimal (accuracy 88.3%, F1- score 0.88), while 
further increases did not provide significant gains. A 
convolution depth of deeper structures in capturing 
complex acoustic patterns. Max pooling performed 
slightly better than average pooling, and a moderate 
dropout rate (0.3) yielded the best generalization, 
whereas higher levels degraded performance. The 
optimal configuration consists of 128 embeddings, 64-

 
Fig. 5. Confusion Matrix Obtained from the 
Overall Best Performance of MK-TripNet 
 

 

mmk 

 

 

 

 

 
Fig. 4. Detailed Confusion Matrix of MK-TripNet 
Demonstrating Overall Best Performance 
Results 

 

Table 3. Comprehensive Performance Analysis of the Selected Hyperparameters within MK-TripNet 
Model 

Variant 
Embedding 

Dim 
Conv Channels Pooling Dropout Accuracy F1-Score Recall 

MK-TripNet (Emb=64) 64 32-64-128 Max - 85.4 0.82 0.81 

MK-TripNet (Emb=128) 128 32-64-128 Max - 88.3 0.88 0.87 

MK-TripNet (Emb=256) 256 32-64-128 Max - 88 0.87 0.86 

MK-TripNet (Conv=32-64-128) 128 32-64-128 Max - 88.3 0.88 0.87 

MK-TripNet (Conv=64-128-256) 128 64-128-256 Max - 89.1 0.89 0.88 

MK-TripNet (Pool=Avg) 128 32-64-128 Avg - 87.2 0.86 0.85 

MK-TripNet (Pool=Max) 128 32-64-128 Max - 88.3 0.88 0.87 

MK-TripNet+Dropout (0.3) 128 32-64-128 Max 0.3 88.4 0.88 0.87 

MK-TripNet+Dropout (0.5) 128 32-64-128 Max 0.5 87.9 0.87 0.86 
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128-256 convolutions, max pooling, and 0.3 dropout, 
which achieves the best balance between accuracy 
and generalization, as shown in the confusion matrix in 
Fig. 4. 

   This matrix illustrates the prediction accuracy of four 
lung sound categories: bronchus, wheeze, normal, and 
crepitus. The model successfully classified 10 out of 17 
bronchial samples; the misclassification is only a shift 
towards crepitus, which clinically has a similar acoustic 
transient. For wheezing, 500 samples were correct, but 
33 were incorrect as normal and 100 as crepitus, 
indicating confusion on subtle variations. The normal 
category had 430 correct predictions, with some 
incorrect as wheezing (21) and crepitus (30). Crepitus 
was recorded as 250 correct, but 20 incorrect as 
wheezing and 8 as normal, reflecting the similarity of 
temporal or spectral patterns. 

C. Performance Comparison with Alternative 

Learning Strategies 

Table 4 compares MK-TripNet with several baseline 
models based on different feature extraction and 
embedding, while Table 5 summarizes the quantitative 
comparison of accuracy, precision, recall, and F1-score 
between MK-TripNet and existing baseline models. MK-
TripNet excelled across all metrics, achieving 89.1% 
accuracy, 84.5% precision, 0.88 recall, and 0.89 F1-
score, proving the effectiveness of Multi-Kernel and 
Triplet Loss. The MFCC-CNN-BiGRU model achieved 
83.5% accuracy and F1 of 0.82, but was limited by cross-
entropy loss. CNN-BiGRU-UMAP was slightly better 
(85.1% accuracy and F1-scrore of 0.83) due to 
dimensionality reduction, though at the cost of increased 

complexity. In the CNN-BiGRU-UMAP baseline, UMAP 
was applied as a dimensionality reduction step prior to 
classification rather than solely for visualization, which 
differs from its use in related visualization-focused 
studies. CNN-Triplet Loss recorded 84.3% and F1 0.83, 
showing triplets are useful but not optimal without multi-
scale processing. VGGish-Triplet Loss was lowest 
(82.7% and F1 0.79), indicating general learning transfer 
is less suitable for lung sounds without special 
adjustments. 

D. Sliding Window Analysis 

To illustrate the temporal dynamics captured by MK-
TripNet, the audio sample “BP36 pneumonia, crep, P R 
M, 36, F”, from a 36-year-old female patient with 
pneumonia and crepitus in the right center posterior 
area of the chest, was used. Crepitation, a fine 
crackling sound that often occurs during inspiration, is 
common in pulmonary conditions such as pneumonia 
of fibrosis. Sliding Window analysis shows crepitant 
segments alternating with normal breath sounds, 
emphasizing the importance of temporal segmentation 
to detect subtle pathologic transitions in a single 
respiratory cycle. This example highlights the need for 
time-based local analysis so as not to overlook 
significant intra-sample variations, as visualized on the 
spectrogram in Fig. 5. This sample combines crepitus 
and normal breath sounds, challenging detailed 
acoustic segmentation. Manually labeled STT 
spectrograms (green: normal, red: crepitus) show the 
classification results of each model. CNN-
BiGRU+MFCC in the middle panel predicts alternately 
but is unstable and overpredicts. In contrast, MK-

Table 4. Comprehensive Comparative Analysis of MK-TripNet Architecture with Various Alternative 
Learning 

Model Feature Extraction 
Embedding 

Type 
Convolution Type Loss Function 

Sliding 
Window 

Real-Time 
Capable 

MFCC+CNN MFCC - 
Single Kernel 

Conv 
Cross Entropy - - 

CNN+BiGRU MFCC 
Bi-GRU 

(Recurrent) 

Single Kernel 

Conv 
Cross Entropy - - 

CNN+Bi-

GRU+UMAP 

MFCC+Dimensionality 

Reduction (UMAP) 
Bi-GRU+UMAP 

Single Kernel 

Conv 
Cross Entropy - - 

MK-TripNet 
{Proposed 
Method) 

MFCC 
Triplet Loss 

Embedding 

Multi Kernel Conv 

(1x1, 3x3, 5x5) 

Triplet 
Loss+Cross 

Entropy 
✓  ✓  

 
Table 5. Quantitative Comparison of the MK-TripNet Architecture with Alternative Learning Approaches 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

MK-TripNet {Proposed} 89.1 84.5 088 0.89 

MFCC-CNN-BiGRU 83.5 81.2 0.82 0.82 

CNN-BiGRU-UMAP 85.1 83.7 0.83 0.83 

CNN-Triplet Loss 84.3 82.9 0.84 0.83 

VGGish-Triplet Loss 82.7 80.1 0.79 0.79 
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TripNet in the bottom panel provides smooth and 
consistent labeling, accurately detecting overlapping 
sound transitions.  
   The Sliding Window results in Fig. 5 demonstrate 
high prediction stability, which is further validated by 
the classification data where the model accurately 
predicted 500 wheezing samples and 430 normal 
samples. Despite the rapid transition within the 
respiratory cycle, MK-TripNet minimizes detection 
errors in challenging classes such as Bronchial, 
achieving an accuracy of 10 out of 17 samples, a 
performance significantly more stable than the baseline 
models. These advantages come from the Multi-Kernel 
convolution that captures patterns across multiple 
scales, the Triplet Loss that forms a discriminative 
embedding, as well as Sliding Windows on the feature 
map that preserve temporal and spatial context. while 
MFCC-based or recursive models without metric 
learning are prone to errors in complex acoustic areas. 
These findings confirm the importance of multi-scale 
integration, discriminative embedding, and effective 
temporal segmentation in MK-TripNet for real-time lung 
sound classification. 
 

E. Discussion 

A. Ablation Study 

The aims of this study are to determine whether the 

application of various architectural elements (Multi-

Kernel Block, Triplet Loss, and Sliding Window 

segmentation) separately and in combination produces 

significant variations in lung sound classification 

performance. by adding each component gradually to 

observe its impact on classification performance, 

ablation analysis compares the proposed MK-TripNet 

model with a simple CNN model. As each component 

is added to the base model, the experimental findings 

listed in Table 2 show a consistent improvement in 

classification accuracy. The addition of Multi-Kernel 

Block increases accuracy by 4.3% (82.5% vs. 78.2%) 

compared to the baseline CNN. When Triplet Loss is 

added, there is an additional accuracy improvement of 

3.9% (86.4% vs. 82.5%). A smaller but stable 

improvement of 0.7% (87.1% vs. 86.4%) is achieved 

using Sliding Window segmentation. With an overall 

accuracy of 88.3%, the complete MK-TripNet model 

outperformed baseline CNN, Multi-Kernel only, and 

Multi-Kernel+Triplet by 10.1%, 5.8%, and 1.2%, 

respectively.  

   The observed performance improvement 

demonstrates how the non-stationary nature of lung 

sound signals and the MK-TripNet architecture design 

are mutually compatible. Short and long duration 

auditory patterns can be modeled simultaneously using 

Multi-Kernel Blocks. Triplet Loss reduces classification 

errors in confusing transition segments by improving 

class separation. Sliding Window segmentation 

stabilizes model decisions. Clinically, this synergy 

allows the identification of transient abnormal episodes 

without sacrificing temporal consistency, explaining 

why combining the three components consistently 

improves performance.  

   These findings indicate that although each element 

contributes, multi-scale feature extraction and metric 

learning yield the greatest performance improvement, 

with temporal segmentation offering additional 

refinement. This shows that, despite the baseline 

model's high variability (±4-7%), the MK-TripNet 

classification is able to classify lung sounds with 

consistently low performance variation across various 

architecture configurations, with accuracy differences 

remaining within an acceptable range (<5%) and a 

small standard deviation (±1.64%). Although there 

were no significant differences between the advanced 

configurations, MK-TripNet statistically outperformed 

the baseline CNN with an accuracy improvement of up 

to 10.1%. These findings indicate that the combination 

of multi-scale convolution, metric learning, and 

temporal segmentation effectively achieves the highest 

accuracy of 89.1% while maintaining performance 

stability, which is crucial for practical clinical 

applications. 

B. Hyperparameter Study 

As shown in Table 3, this study evaluates the sensitivity 

of the proposed MK-tripNet model to various 

hyperparameter configurations, including embedding 

size, convolutional layer depth, pooling techniques, and 

dropout rate. To evaluate their impact on classification 

accuracy and generalization, one hyperparameter was 

changed at a time while the others remained constant, 

with an accuracy of 88.3 % and an F1 score of 0.88, 

the results show that an embedding size of 128 

produces strong and stable performance, larger 

embedding sizes do not provide significant 

improvements, indicating that a moderate embedding 

size is sufficient to capture discriminative lung sound 

representations. Although performance gains diminish 

at greater convolutional depths, continuing to increase 

convolutional depth still improves performance, 

highlighting the importance of hierarchical feature 

extraction for modeling complex audio patterns. A 

moderate dropout rate of 0.3 produced the best 

generalization performance compared to higher 

dropout values (0.5), which caused underfitting, while 

max pooling performed slightly better than average 

pooling, indicating that retaining the most prominent 

features is more effective for lung sound classification. 
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The robustness of the proposed design is confirmed by 

hyperparameter sensitivity analysis, which generally 

shows that MK-TripNet maintains stable performance 

across various configurations with accuracy 

fluctuations remaining within an acceptable range 

(<5%). 

C. Quantitative Performance Comparison 

The purpose of this study is to compare the proposed 
MK-TripNet model with baseline and alternative 
learning methods to determine whether there are 
significant quantitative performance differences in lung 
sound classification. To provide a comprehensive 
assessment of the model’s effectiveness, the 
evaluation focused on standard classification metrics, 
including accuracy, precision, recall, and F1 score. 
Table 5 model’s effectiveness summarizes the 
quantitative comparison results and shows the 
performance of MK-TripNet alongside several baseline 
and alternative models.  
   MK-TripNet consistently outperformed all 
comparison models on all evaluation metrics, as shown 
in Table 5. The proposed method’s highest accuracy of 
89.1%, precision of 84.5%, recall of 0.88, and F1 score 
of 0.89 demonstrate strong overall classification 
performance and balanced predictive power across all 
lung sound categories. The MFCC-CNN-BiGRU model 
achieved an accuracy of 83.5% and an F1 score of 
0.82, highlighting the weakness of using cross-entropy 
loss and a single kernel convolution [7]. With an F1 
score of 0.83 and an accuracy of 85.1%, the CNN-
BiGRU-UMAP model showed a moderate 
improvement, indicating that dimension reduction 
contributed to feature compactness, while the 
performance improvement was still small compared to 
MK-TripNet [8]. 
   In a similar context, a CNN with Triplet Loss achieved 
an F1 score of 0.83 and an accuracy 84.3%, indicating 
that metric learning improves discrimininative power 
but is insufficient when used without multi-scale feature 
extraction [14]. Without domain-specific architecture 
adaptation, general audio embeddings are less 
successful for lung sound classification, as seen in the 
VGGish-Triplet Loss model, which had the lowest 
performance (82.7% accuracy, 0.79% F1 score) [26]. 
Overall, MK-TripNet outperforms all baseline methods 
by an accuracy margin of between 3.2% and 6.4%, 
demonstrating the effectiveness of combining Sliding 
Window-based temporal segmentation, Triple Loss-
based embedding learning, and Multi-Kernel 
convolution into a single framework. In addition, MK-
TripNet successfully balanced recall (0.88) and 
precision (84.5%), demonstrating its ability to reduce 
both false positives and false negatives. This balanced 
performance indicates that the proposed architecture 
improves reliability across various lung sound 
categories while also improving classification accuracy. 

The stable performance improvement in Table 5 shows 
how robust MK-TripNet is compared to other learning 
techniques evaluated under the same experimental 
setting. 
   The model’s ability to accurately detect 500 wheezing 
samples, as illustrated in Fig. 4., demonstrates that this 
system is highly viable for implementation in digital 
auscultation tools. This high level of sensitivity is crucial 
for reducing diagnostic uncertainty in clinical 
screenings. The quantitative performance of MK-
TripNet has significant implications for computer-
assisted auscultation systems and clinical lung sound 
analysis. To minimize false alarms and missed 
pathogens, automatic respiratory sound classification 
must not only achieve high accuracy but also strike the 
right balance between precision and recall [1], [2]. To 
facilitate clinical decision making and reduce diagnostic 
uncertainty during auscultation, the fine precision recall 
balance in MK-TripNet demonstrates better reliability in 
identifying abnormal lung sounds [3], [4]. 
   Additionally, previous studies have shown that 
reliable temporal modeling and domain-specific feature 
extraction are important preconditions for useful lung 
sound analysis patterns to be present [5], [6]. In this 
regard, the superior quantitative performance of MK-
TripNet demonstrates that the combination of 
discriminative embedding with multi-scale feature 
learning meets the clinical requirements for lung sound 
evaluation [7], [8]. These results indicate that MK-
TripNet has significant potential for use in clinical care 
and real-world settings, where reliable lung sound 
classification and continuous respiratory monitoring 
depend on robustness, consistency, and reliability [2], 
[6]. 
 

V. Conclusion  

This study proposed MK-TripNet, a novel deep learning 

architecture that integrates Multi-Kernel convolutional 

blocks, Triplet Loss-based embedding, and Sliding 

Window segmentation for real-time multi-class 

classification of lung auscultation sounds. The model 

achieved high performance with 89.1% accuracy, 0.89 

F1-score, and 0.88 recall. These results consistently 

outperformed traditional and hybrid baselines, including 

MFCC-CNN-BiGRU, CNN-UMAP, and VGGish-Triplet 

Loss. In addition to accurate detection, the confusion 

matrix analysis confirmed that MK-TripNet is not only 

accurate but also robust in distinguishing between 

acoustically similar classes such as wheeze and 

crepitus. Future improvement should focus on cycle-

aware attention mechanisms, applying self-supervised 

pretraining on larger datasets, extending the model to 

multi-label classification, and optimization for embedded 

or mobile deployment. 
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