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Abstract: Artificial intelligence is now applied in many fields beyond computer science. In healthcare, it enables early 

disease detection and improves patient outcomes. This study develops a model that uses AI to find abnormal patterns in 

cough sounds. A cough is a key symptom of asthma and other respiratory diseases. Previous research has focused on raw 

audio signals of coughs. In contrast, we analyze spectrogram images derived from these sounds to improve accuracy. We 

designed a new convolutional neural network (CNN) for this purpose and the recommended CNN is termed as 

TwoConvNeXt. To showcase the classification performance of the recommended TwoConvNeXt model, a cough sound 

dataset has been utilized and the recommended TwoConvNeXt achieved 99.66% classification test accuracy.  

These results illustrate that the presented TwoConvNeXt CNN architecture can be useful in both research and clinical 

settings. This CNN model can be utilized for other image classification problems. It may aid in the early diagnosis of 

respiratory conditions. Future work will expand the dataset and test the model on larger, more diverse samples. 

 

Index Terms: Asthma Detection, Deep Learning, Cough Sounds, Artificial Intelligence, Convolutional Neural Networks. 

 

 

1.  Introduction 

Cough is a natural reflex that clears the airways. It is a key symptom in diagnosing respiratory conditions such as 

allergies, pneumonia, bronchitis, chronic obstructive pulmonary disease (COPD), and asthma [1]. Coughs are generally 

classified as dry or productive. This distinction offers key information about the underlying illness. Characteristics like 

how often a person coughs, how long each cough lasts, its strength, and when it occurs can all help clinicians during 

diagnosis [2]. 

Asthma is a chronic respiratory disease common around the world. It can greatly affect daily life. It causes cough, 

wheezing, shortness of breath, and chest tightness [3]. These symptoms result from inflammation in the airways. Early 

diagnosis of asthma is important to improve patients’ quality of life and reduce death rates. However, asthma symptoms 

often resemble those of other respiratory diseases. This similarity can make a clear diagnosis difficult [4]. 

Nowadays, the use of artificial intelligence in healthcare continues to grow rapidly. This provides new opportunities 

in analyzing cough and similar symptoms [5]. With the developed artificial intelligence algorithms, the frequency, 
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intensity and timing of cough sounds can be analyzed. In this way, it becomes possible to distinguish normal and abnormal 

coughs and detect diseases at an early stage [6]. Studies on sound signal analysis are quite common in the literature, this 

study focuses on the classification of spectrograms obtained from cough sounds. This study aims to detect abnormalities 

in cough sounds using an artificial intelligence-based model. As a result of the study, it is aimed to develop personal 

treatment strategies, contribute to medical studies with data analysis and achieve high accuracy rates. 

Within the scope of the study, cough sounds were obtained from various datasets. These sound data will be trained 

with deep learning models and the performances of these models will be evaluated according to accuracy, precision and 

specificity metrics. In the study, an artificial intelligence-based early diagnosis system was developed to improve the 

treatment processes of chronic diseases such as asthma. This allows patients to better manage their health status and the 

process. In addition, analyses to be performed on the developed datasets in the future can provide important information 

about the causes, triggers and progression of asthma. This can also make important contributions to the literature. 

2.  Literature Review 

Reviewing the existing literature reveals that research has predominantly focused on cough and similar sound signals, 

typically using pre-trained deep learning models for analysis. Many studies in the literature diagnose diseases based on 

the analysis of frequency, time, and intensity characteristics of sound signals. These studies are particularly supported by 

various neural network architectures and signal processing techniques. However, current approaches are primarily 

concentrated on raw sound data, with insufficient attention given to more advanced image-based analysis methods such 

as spectrograms. 

Kilic et al. [7] aimed to detect asthma from cough sounds with artificial intelligence. They used a dataset consisting 

of 1428 participants in the study. The age range of these participants ranged from 5 to 18 and included 613 asthma patients 

and 815 healthy individuals. In the proposed automatic asthma detection model, global chaotic logistic pattern (GCLP) 

was used in the feature extraction phase. In signal separation, feature vectors were created at four different levels using 

Tunable Q-factor wavelet transform (TQWT). The proposed model has an accuracy rate of 99.44%, while the LOSO CV 

method reached an accuracy rate of 98.53%. Shruthi et al. [8] they aimed to use deep learning to increase the accuracy 

rate in the process of detecting lung diseases. They used normalization and data augmentation techniques in the pre-

processing phase to increase the diversity of the data set. In the study, they used a dataset consisting of extensive lung 

images in the training and testing phases. Using deep learning models, features for these diseases were learned and their 

performance was evaluated. The results of the study show that deep learning models surpass traditional methods in the 

detection of lung diseases and achieve high accuracy rates. Wang et al. [9], they used cough sounds for COVID-19 

detection. They used the AlCoVidvn 115 M dataset in the study. The dataset used has 4,068 cough sound recordings, 669 

from COVID-19 positive patients and 3,399 from COVID-19 negative participants. To mitigate the data imbalance, the 

Synthetic Minority Over-sampling Technique (SMOTE) was used to augment the COVID-19 patient samples. Features 

were extracted from the cough sounds using Mel spectrograms, Mel Frequency Cepstral Coefficients (MFCC), and 

VGGish embeddings. These networks take one-dimensional audio feature sequences as input to three separate 

Convolutional Neural Networks (CNNs) through different processes and combine the output data through fully connected 

layers for classification. The study compared the performance of the MHCNN by splitting it into three independent single-

head CNNs named Head1 CNN, Head2 CNN, and Head3 CNN. The MHCNN model, using different features such as 

Mel spectrogram, MFCC, and VGG embeddings, outperformed the single-head CNNs, achieving an accuracy rate of 

98.09%. Kuluozturk et al. [10], focused on disease detection using cough sound signals by collecting a large cough sound 

dataset consisting of categories such as COVID-19, heart failure, acute asthma, and healthy individuals. The created 

model includes several components: feature extraction utilizing the Directed Knight Pattern (DKP), four different pooling 

methods for signal decomposition, Iterative Neighbor Analysis (INCA) for selecting features, and a k-nearest neighbor 

(kNN) classifier for identification. The model generated 41 feature vectors and selected the best ten of these vectors. The 

model achieved an accuracy rate of 99.39% in multi-class classification based on cough sounds. Prajapati et al. [11], 

aimed to predict lung diseases using a multi-class classification method in their research. The central objective of the 

study is to accurately predict lung diseases using breath sounds. The study encompasses five different disease classes 

simultaneously: Healthy, Asthma, Chronic Obstructive Pulmonary Disease (COPD), Lung Fibrosis, and Pneumonia. An 

imbalanced dataset containing breath sounds obtained from DB-1 and DB-2 was balanced using data augmentation 

techniques. Data augmentation was performed using methods such as Pitch Shifting, Time Stretching, Dynamic Range 

Compression, and Background Noise. As a result, a total of 1964 files were obtained for 224 healthy, 198 asthma, 210 

pneumonia and 216 COPD and lung fibrosis. In the obtained dataset, windowing was applied to the audio signals. Then, 

feature extraction was performed with FFT. In the study, they used five different machine learning algorithms: black trees, 

naive bayes, support vector machine, k-nearest neighbor and discriminant analysis. The study was used with GTCC, 

MFCC and basic spectral features, and 99.81% accuracy rate was obtained. 

Iqbal et al. [12], used machine learning methods to detect asthma. They used the hunter search algorithm in the 

feature extraction and selection stages during the analysis of asthma and non-asthmatic voices. Then, they used the DQNN 

classifier to distinguish asthma, wheezing and normal speech. The results show that the proposed method achieves better 

results than traditional methods.
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Barua et al. [13] proposed a feature extractor based on Attractive and Repulsive Center Symmetric Local Binary 

Pattern (1D-ARCSLBP) to detect asthma from cough sounds. The dataset used included cough sounds obtained from 511 

asthma patients and 815 non-asthmatic participants. TQWT was used in feature extraction. In the feature selection stage, 

neighboring component analysis (NCA) and in the classification stage, SVM were used to detect asthma and non-

asthmatic sounds. The proposed model achieved 98.24% accuracy in ten-fold cross-validation method and 96.91% 

accuracy in one participant-out cross-validation method. Topaloglu et al. [14] created training images using the mel 

spectrogram technique. They aimed to detect asthma by proposing a pre-trained model that extracts features using these. 

They used iterative neighboring component analysis (INCA) in the feature selection phase to reduce the data size. Heat 

maps were created to highlight the regions in the mel spectrogram images. After the pre-processing phase in the proposed 

model, they performed training with Attention Resnet18. Then, feature extraction, feature selection and classification 

phases were performed. The proposed model reached 99.73% accuracy rate with SVM. Kumar et al. [15] used deep 

learning to recognize lung diseases from cough spectrograms. The study used a dataset collected from 112 patients in a 

pediatric clinic in India. Deep CNN was proposed to classify eight different lung diseases. The proposed model performed 

50% better than the traditional methods. Yue et al. [16] used cough sounds to detect childhood asthma and pneumonia. 

The dataset used in the study was obtained from hospitals and publicly available datasets. The dataset consists of voice 

recordings of asthma and pneumonia patients and consists of 850 cough recordings. MFCC was used to increase the 

classification accuracy. As a result, 90% accuracy rate was obtained with support vector machine (SVM). Naqvi et al. 

[17] aimed to classify wheezing as normal, asthma and pneumonia in order to analyze lung sounds. Data were collected 

from 1,000 asthma patients, 1,000 pneumonia patients and 1,000 healthy individuals at the Pakistan Institute of Medical 

Sciences. 10-second recordings were obtained from the participants' right lungs and nostrils using electronic microphones 

and stethoscopes. 96.70% accuracy rate was obtained with the SVM classifier. Porter et al. [18] aimed to detect common 

respiratory tract diseases in children based on cough sounds. The study was conducted on 585 children ranging in age 

from 29 days to 12 years. The children were reached from emergency services, inpatient services and outpatient units. 

The obtained dataset includes diseases such as asthma, bronchitis and pneumonia. Positive Percent Agreement (PPA) and 

Negative Percent Agreement (NPA) values of 97.91% for asthma, 87.85% for pneumonia, 83.82% for lower respiratory 

tract diseases and 84.81% for bronchiolitis were reached. Turkcetin et al. [19] used artificial neural networks to detect 

lung diseases. In the study, voice signals of 58 patients who applied to the university hospital from Afyonkarahisar city 

were used. 30 of the patients were male, 28 were female and their ages ranged from 35 to 85. The dataset consisted of 22 

asthmas, 22 COPD and 14 pneumonia patients. Sounds such as cough, breathing and the letter /a/ were recorded using 

smartphones. Three datasets were created with these sounds in the study. Spectrogram images were obtained with MFCC 

and fast Fourier transform techniques. These images were trained with artificial neural networks and a high success rate 

was achieved. Sen et al. [20] aimed to develop a system that can analyze lung sounds in order to distinguish similar 

respiratory diseases such as COPD and asthma. A dataset consisting of 50 people, 30 asthma and 20 COPD patients, was 

used in the study. As a result of this study, 100% classification accuracy was achieved in asthma and 95% in COPD with 

the SVM classifier. Balamurali et al. [21] developed a sound-based classification model to distinguish healthy and 

asthmatic children. The dataset used in the study included cough sounds from 997 asthmatic and 1032 healthy children 

and “A” sounds from 80 asthmatic and 253 healthy children. The proposed model achieved 95.3% accuracy in the 

classification of cough sounds and 72.2% accuracy in the classification of /A:/ sounds.   

2.1.  Literature Gap 

The identified literature gaps are: 

 

• The studies were generally conducted on audio signals. In this study, spectrograms created instead of audio 

signals were used to eliminate this deficiency in the literature. A more detailed and rich analysis was made 

possible by using time, frequency and amplitude components. 

• In this study, a new CNN model was proposed, unlike traditional CNNs. The performance of the proposed model 

was tested and a high accuracy rate was obtained compared to traditional methods. 

2.2.  Novelities 

• In this study, a new CNN architecture is proposed, unlike traditional CNN models. 

• In the study, spectrograms containing time, amplitude and frequency data of cough sounds were used instead of 

audio data. 

• The developed model can be applied in the early diagnosis of respiratory diseases. 

2.3.  Contributions 

• In this study, a new CNN was designed to classify spectrogram data of cough sounds. The developed artificial 

intelligence-based model contributes to the early diagnosis of respiratory diseases such as asthma. 

• The developed model was tested on cough sounds recorded from patients at Fırat University Hospital. The 

obtained dataset consists of voice recordings collected from 1192 patients. 

• Studies in the literature have generally been conducted on voice signals. In this study, the performance of the 

use of spectrograms was analyzed.
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3.  The Proposed Models 

In this research, two new models have been proposed for asthma sound classification and these models are deep 

learning model and deep feature engineering model. The detalis of these models have been explaied in below. 

3.1.  The presented TwoConvNeXt 

The main purpose of this study is to introduce the newly designed TwoConvNeXt model. The proposed model aims 

to achieve high classification performance with a small number of parameters. The block diagram explaining the proposed 

TwoConvNeXt model is presented in Figure 1. Also, as seen in Figure 1, the proposed model consists of 4 parts: the stem 

block, main block, downsampling block and output sections. 
 

 

Fig.1. Diagram of the proposed TwoConvNeXt model 

Figure 1 shows the stem, main, downsampling and output sections that make up the model. In the stem block, images 

with dimensions of 224×224×3 are taken as input. The convolution layer is set with a stride value of 4, allowing the 

patchify process to occur. At this stage, a 4×4 convolution, GeLU activation function, and batch normalization techniques 

are utilized. This process is illustrated in Figure 3. The structure of the proposed model is shown in the second step, the 

main block. Two different convolution blocks are used in this stage. D2×1 and T1×2 convolution operations are used to 

extract different feature maps from the input data. Then, by combining the outputs obtained from different convolution 

operations, the F-dimensional filter is increased to 2F-dimensional. Convolution with a 2F filter number of 1×1 

dimensions is applied to the obtained data. In this way, the number of channels is expanded and the model can learn more 

features. Then, GELU activation function is used, F filter convolution is applied in 1×1 dimensions. This allows the 

number of channels expanded in the previous step to be narrowed. Then, batch normalization process is performed for 

the second time. In the last stage, residual connection is applied by adding the input data to the final output. In this way, 

the learning process is accelerated and the gradient loss is reduced. In the third stage, downsampling process is applied. 

In this block, a 2×2 Depthwise Convolution is used. The stride is set to 2, and the input of size F is transformed into a 

size of 2F. And in the last stage, the output stage, global average pooling (GAP), fully connected (FC) and Softmax 

operations are applied. The transition table of the proposed TwoConvNeXt model is shown in Table 1. 
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Table 1. Transition table of the proposed TwoConvNeXt model 

Layer Input Operation Output 

Stem 224 × 224 × 3 4 × 4, 96, GELU, BN, stride: 4 56 × 56 × 96 

Main 1 56 × 56 × 96 [
𝐶𝑜𝑛𝑐𝑎𝑡(2 × 1, 96, 𝑇1 × 2, 96)

1 × 1, 192,
1 × 1, 96 

] × 1 56 × 56 × 96 

Downsampling 1 56 × 56 × 96 GELU, 2 x 2, 192, stride: 2, BN 28 × 28 × 192 

Main 2 28 × 28 × 192 [
𝐶𝑜𝑛𝑐𝑎𝑡(2 × 1, 192, 𝑇1 × 2, 192)

1 × 1, 384,
1 × 1, 192 

] × 1 28 × 28 × 192 

Downsampling 2 28 × 28 × 192 GELU, 2 x 2, 384, stride: 2, BN 14 × 14 × 384 

Main 3 14 × 14 × 384 [
𝐶𝑜𝑛𝑐𝑎𝑡(2 × 1, 384, 𝑇1 × 2, 384)

1 × 1, 768,
1 × 1, 384,

] × 3 14 × 14 × 384 

Downsampling 3 14 × 14 × 384 GELU, 2 x 2, 768, stride: 2, BN 7 × 7 × 768 

Main 4 7 × 7 × 768 [
𝐶𝑜𝑛𝑐𝑎𝑡(2 × 1, 768, 𝑇1 × 2, 768)

1 × 1, 1536,
1 × 1, 768 

] × 1 7 × 7 × 768 

Output size 7 × 7 × 768 GELU, GAP, FC, Softmax Number of classes 

Total learnable parameters 6.5 Million 

 

TwoConvNeXt shown in Table 1 contains approximately 6.5 million parameters. And its general equation is as 

follows: 

 

TwoConvNeXt = 𝐹: (96,192,384,768), 𝑅: (1,1,3,1)                                                    (1) 

 

In the mathematical definition of TwoConvNeXt, F represents the number of filters and R represents the number of 

repetitions. The steps of the proposed model are as follows: 

Step 1: Apply stem step to each image data of size 224×224×3. 

 

𝑓𝑖𝑛𝑎𝑙1 = 𝐵𝑁 (𝐺 (𝐶4×4,𝑆𝑡𝑟𝑖𝑑𝑒:4
96 (𝐼𝑚)))                                                                (2) 

 

Here final1: Output of Stem Block, BN: Batch Normalization, G: GELU function, C: Convolution and Im: Image. 

In this step, a tensor of size 56×56×96 is obtained. 

Step 2: After obtaining the tensor of size 56×56×96, the first step of the main stage is applied. The main block passes 

the incoming input in size F through 2×1 Depthwise Convolution and 1×2 Transpose Convolution operations, respectively. 

Batch normalization is applied after each convolution operation. The outputs obtained from these two operations are 

combined in the Concat layer. After the Concat layer, a 1×1 Depthwise Convolution using the GeLU activation function 

is applied. Finally, a 1×1 Convolution operation is performed after the batch normalization operation. The obtained output 

is combined with the input data in the summation layer. The mathematical equation is as follows: 

 

𝑓𝑖𝑛𝑎𝑙2 = 𝐵𝑁 (𝐶1×1
96 (𝐺 (𝐶1×1

96 (𝐶𝑜𝑛𝑐𝑎𝑡 (𝐶2×1
96 (𝑓𝑖𝑛𝑎𝑙1), 𝐶𝑇1×2

96 (𝑓𝑖𝑛𝑎𝑙1)))))) + 𝑓𝑖𝑛𝑎𝑙1                                 (3) 

 

At this stage, the Main 1 step is defined. Here final2: is the output of the Main 1 block.  

Step 3: Apply the first downsampling step and convert the tensor size to 28×28×192. 

 

𝑓𝑖𝑛𝑎𝑙3 = 𝐵𝑁 (𝐶2×2,𝑆𝑡𝑟𝑖𝑑𝑒:2
192 (𝐺(𝑓𝑖𝑛𝑎𝑙2)))                                                                  (4) 

 

Here final3: represents the tensor produced in size 28×28×192.  

Step 4: Apply the second step of the main step. 

 

𝑓𝑖𝑛𝑎𝑙4 = 𝐵𝑁 (𝐶1×1
192 (𝐺 (𝐶1×1

192 (𝐶𝑜𝑛𝑐𝑎𝑡 (𝐶2×1
192(𝑓𝑖𝑛𝑎𝑙3), 𝐶𝑇1×2

192 (𝑓𝑖𝑛𝑎𝑙3)))))) + 𝑓𝑖𝑛𝑎𝑙3                            (5) 

 

Here, a feature map of size 28×28×192 is created.  

Step 5: Apply the second downsampling step and convert the tensor size to 14×14×384. 

 

𝑓𝑖𝑛𝑎𝑙5 = 𝐵𝑁 (𝐶2×2,𝑆𝑡𝑟𝑖𝑑𝑒:2
384 (𝐺(𝑓𝑖𝑛𝑎𝑙4)))                                                              (6)
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Here final5 represents the 14×14×384 tensor.  

Step 6: Apply the third step of the main step to create a new tensor. Repeat this step 3 times. 

 

𝑓𝑖𝑛𝑎𝑙6 = (𝐵𝑁 (𝐶1×1
384 (𝐺 (𝐶1×1

384 (𝐶𝑜𝑛𝑐𝑎𝑡 (𝐶2×1
384(𝑓𝑖𝑛𝑎𝑙5), 𝐶𝑇1×2

384 (𝑓𝑖𝑛𝑎𝑙5)))))) + 𝑓𝑖𝑛𝑎𝑙5)

3

                    (7) 

 

Here, a feature map of size 14×14×384 is created. This steps repated three times to create a robust feature map. 

Step 7: Apply the final downsampling step and convert the tensor size to size 7×7×768. 

 

𝑓𝑖𝑛𝑎𝑙7 = 𝐵𝑁 (𝐶2𝑥2,𝑆𝑡𝑟𝑖𝑑𝑒:2
768 (𝐺(𝑓𝑖𝑛𝑎𝑙6)))                                                              (8) 

 

Here final7 represents the tensor of size 7×7×768. 

Step 8: Apply the final, fourth step of the main step. 

 

𝑓𝑖𝑛𝑎𝑙8 = 𝐵𝑁(𝐶1𝑥1
768

(𝐺(𝐶1𝑥1
1536

(𝐶𝑜𝑛𝑐𝑎𝑡 (𝐵𝑁 (𝐶2𝑥1
768(𝑓𝑖𝑛𝑎𝑙7)) , 𝐵𝑁 (𝐶𝑇1𝑥2

768 (𝑓𝑖𝑛𝑎𝑙7)))))))                             (9) 

 

Here, a feature map of 7×7×768 size is created. 

Step 9: Finally, apply the output stage to obtain the classification outputs. In this stage, Global Average Pooling 

(GAP), Fully Connected Layer (FC) and Softmax layers are used. The mathematical equation is as follows: 

 

𝑂𝑢𝑡 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐹𝐶(𝐺𝐴𝑃))                                                                    (10) 

 

Here is out: classification output. 

The TwoConvNeXt model, all stages of which are defined with the equations above, has 6.5 million parameters and 

is considered a lightweight model. 

3.2.  The proposed TwoConvNeXt-based Deep Feature Engineering Model 

A.  Material 

In this study, the dataset used in the study conducted by Barua et al. [13] was used. The dataset consists of 1,192 

cough sounds obtained from a total of 1,192 patients, including 541 asthma patients and 651 individuals without 

respiratory diseases, who were admitted to the Pulmonology Clinic of Fırat University Hospital. The resulting dataset 

contains two classes: asthma and control. The sounds were recorded in clinical settings using different models of mobile 

phones, with durations ranging from 2 to 8 seconds, and the sampling frequencies of the phones were either 44.1 kHz or 

48 kHz. The study was approved by the institutional review board, and informed consent was obtained from every 

participant.  

The dataset used in the study was obtained from Fırat University Hospital. This situation may limit the performance 

of the model under normal conditions. However, the hospital serves as a regional center. It provides service to many 

patients coming from neighboring provinces other than Elazig. Therefore, although the data was collected from a single 

center, the dataset includes individuals with various demographic characteristics. The dataset created includes different 

gender and age groups, and the age range varies between 18 and 70. This situation also provides a limited variety. Since 

a sufficient number of asthma patients were reached at Fırat University Hospital in the region where the study was 

conducted, the studies were limited to this institution. In future studies, it is aimed to increase the generalizability of the 

model by collecting data from different regions and institutions. 

B.  Deep Feature Engineering Method Based on TwoConvNeXt 

In this study, it is aimed to distinguish between asthmatic and healthy individuals using the obtained sound data. In 

this study, a feature engineering method based on a new model, TwoConvNeXt, was developed. The aim of this study is 

to increase the classification performance of the developed model and to contribute to deep feature engineering. In the 

study, firstly, the dataset was trained on MobileNetV2 and the developed TwoConvNeXt models. Then, feature extraction 

process is performed with global average pooling (GAP) and dropout layers on MobileNetV2 and previously trained 

TwoConvNeXt models. Then, the most significant features are selected using neighboring component analysis (NCA) 

and the classification process is performed in the last stage. When the results of the two convolutional neural networks 

(CNN) are compared, it is seen that the proposed TwoConvNeXt model gives significantly higher results. The model 

proposed in the study is shown in Figure 2. 
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Fig.2. Proposed model 

First, spectrograms showing the frequency components of the sounds over time were obtained. The short-time fourier 

transform (STFT) algorithm was used to obtain the spectrograms. STFT is an efficient method used to see how the 

frequency of the sound signal changes over time [22]. The parameters used in the spectrogram generation phase affect 

the time-frequency resolution of the signals. A careful selection was made considering this situation. The window size 

used in the study is 256 and 50% overlap is frequently encountered in the literature. These parameters provide balance in 

terms of time frequency and preserve frequency components. It has been observed that choosing a high window size 

reduces the time resolution. As a result of the preliminary experiments carried out to maintain this balance, the window 

size was determined as 256 and the overlap rate as 128. It is seen that positive results are obtained in the classification 

performance of the model by using these parameters. 

The obtained spectrograms were tested on CNNs widely used in the literature and generally accuracy rates of 99% 

were achieved [23]. Based on this, a new CNN model was proposed and its performance was tested. It was observed that 

the proposed CNN reached a high accuracy rate of 99.6%. This shows that the proposed model exhibits higher 

performance compared to traditional methods. 

 

Step 1: Firstly, spectrograms were created by applying short-time fourier transform (STFT) to the sounds in the 

dataset. As a result of this process, a visually-based dataset was formed. Spectrograms are a type of graph that shows the 

change of a signal over time. In the spectrogram creation stage, the parameters were determined as window:256, 

noverlap:128, nfft:512. 

Step 2: The newly created image-based dataset is used for feature extraction with the TwoConvNeXt CNN model. 

In the second section, all the blocks of the proposed TwoConvNeXt architecture are explained in detail. 

Step 3: After the feature extraction process, the final feature vector arranged in a format that the model can process 

is obtained. 

Step 4: The most meaningful features are selected from the extracted features. At this stage, the NCA algorithm is 

used. The NCA algorithm is an algorithm that is used to select the most appropriate features in order to improve the 

classification result. Here, unnecessary features are eliminated and only important features are used in order to make a 

more accurate decision. 

Step 5: After the model is trained and optimized, the classification process is performed. In this step, each input is 

classified as asthma and healthy as the decision mechanism of the model. 

4.  Experimental Results 

In this study, the TwoConvNeXt model was developed with MATLAB (version 2023a) Deep Network Designer. 

The developed CNN has 82 layers and 93 connections. In addition, the training parameters used are as shown in Table 2.
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Table 2. Training parameters 

Solver SGDM (Stochastic Gradient Descent Momentum) 

Initial learning rate 0.01 

Training and validation ratio 80:20 randomized 

Mini-batch size 64 

Maximum epochs 22 

 

The developed model was first trained on the dataset obtained from the cough sound spectrogram images. Then, 

feature selection was performed with neighboring component analysis (NCA) using machine learning techniques. Then, 

the classification process was performed. 

In this study, the dataset is divided into training and testing. A separation ratio of 80% is determined for training and 

20% for testing. The traininig and validation curves have been illustrated in Figure 3. 

 

 

Fig.3. Training and validation curves 

Figure 3 illustrated the training and validation curves on cough dataset used. These curves provide information about 

the progress of the model in the learning process and its ability to generalize on the test data. This shows the robustness 

and reliability of the proposed model. Here, the final validation loss value was obtained as 0.016 and the final validation 

accuracy value was obtained as 99.15%. 

In this study, the performance of the TwoConvNeXt model developed for sound data was thoroughly examined. To 

evaluate the classification performance of the model, a confusion matrix was used, and additional performance metrics 

such as accuracy, F1 score, precision, and recall were calculated. 

By deploying the obtained trained CNN, we have computed the test results (see Figure 2), the computed confusion 

matrix has been demonstrated in Figure 4.  

 

 

Fig.4. Confusion matrix 

Per Figure 4, we have computed four performance evaluation metrics and these metrics are (i) accuracy, (ii) precision, 

(iii) recall and (iv) F1-score. The calculated test results have been listed Table 3.  



Spectrogram-based Deep Learning Approach for Anomaly Detection from Cough Sounds 

Volume 17 (2025), Issue 3                                                                                                                                                                           9 

Table 3. Performance metrics achieved by the model 

Metric Accuracy (%) 

Accuracy 99.66 

Precision 100 

Recall 99.25 

F1 Score 99.62 

 

The performance metrics obtained by the developed CNN model show that the model has achieved a high rate of 

success. It is shown in Table 3 that the model has achieved very successful results. The developed model has an accuracy 

rate of 99.6%. As a result, this study shows that the developed CNN model achieves high and reliable results compared 

to existing architectures. In future studies, this model can be tested on different datasets and the generalization ability of 

the model can be evaluated comprehensively. 

In this study, the results obtained using MobileNetv2 and the proposed TwoConvNeXt model were compared. The 

accuracy rates obtained in different classifiers of Mobilenetv2 and TwoConvNeXt models are shown graphically in the 

Figure 5. 

 

 

Fig.5. Comparison of mobilenetv2 and TwoConvNeXt models 

5.  Discussions 

This study aims to analyze the performance of the TwoConvNeXt model. Spectrograms obtained from cough sounds 

were used in the study. After training the model on the dataset, performance metrics such as accuracy, F1 score, sensitivity, 

and recall were calculated. The developed model reached 99.6% accuracy. The highest performance was achieved with 

the Wide neural network classifier, with 100% accuracy.  

The developed model was tested on only one dataset. This has limitations in terms of generalizability. Considering 

this situation, the developed model will be tested on different datasets in our future studies. And cross-validation methods 

will also be applied. In addition, in this study, a separation of training and validation was applied in order to prevent 

overfitting. Thus, it was tried to prevent the model from showing excessive learning. The dataset was divided into training 

and test data in a balanced manner. Here, the success rate of the model in validation is 99.15%. This result shows that the 

model provides good performance not only on training data but also on data it has not seen before. 

In the study, the neighbor component analysis (NCA) method was preferred in the feature selection phase. The reason 

for this is to increase the classification performance. NCA reshapes the feature space using class labels. Thus, it highlights 

the features that indicate the maximum separation between the classes. This is advantageous in the separation of two 

classes, asthmatic and healthy individuals. Another alternative method, PCA, performs dimension reduction 

independently of the class labels. As a result, it does not guarantee the selection of the most informative features. In 

addition, LASSO may require more aparameter adjustments depending on the complexity of the model. In future studies, 

it will be evaluated as a comparison of different methods on different datasets and classifiers. 

The obtained spectrograms were tested on CNNs widely used in the literature and generally accuracy rates 99% were 

achieved. Based on this, a new CNN model was proposed and its performance was tested. It was observed that the 

proposed CNN reached a high accuracy rate of 99.6%. This shows that the proposed model exhibits higher performance 

compared to traditional methods. Table 4 presents comparative studies in the literature. 
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Table 1. Comparative studies in the literature 

Study Method(s) Dataset Results (%) 

Topaloglu et al. [14] ResNet18 based model 203 participants Accuracy: 99.7% 

Garcia-Ordas et al. [24] 
Variational Convolutional Autocoder + 

CNN 
126 participants, 920 audio recordings Precision: 98.8 % 

Kuo et al. [25] 
Radial basis function neural network 

(RBFNN) 
93 participants Accuracy: 96.8% 

Yahyaoui et al. [26] 
Deep Neural Network (DNN) and K-

nearest Neighbors (KNN) 
212 participants Accuracy: 95% 

Tariq et al. [27] 2D CNN model 11960 audio samples Accuracy: 97% 

Jayalakshmy et al. [28] CNN + Decision tree 596 audio samples Accuracy: 96.7% 

Fraiwan et al. [29] CNN + BDLSTM 213 patients 1483 audio recordings Accuracy: 99.6% 

Varshni et al. [30] DenseNet-169 ChestX-ray14 AUC: 80% 

Roy et al. [31] AsthmaSCELNet 
Chest wall lung sound database 

(CWLSD) 
Accuracy: 98.5% 

Our proposed framework TwoConvNeXt 1192 participants Accuracy: 99.6% 

5.1.  Advantages 

• The developed model shows an effective performance with a high accuracy rate of 99.56%. This increases its 

usability in the health field. 

• In the study, a spectrogram was used instead of a sound signal, which allowed for more detailed analysis of time, 

frequency and amplitude components. 

• Due to the high accuracy obtained, early diagnosis of respiratory diseases such as asthma is possible. 

5.2.  Future Directions 

• The system will be tested with additional healthcare providers to evaluate usability across various clinical roles. 

• Explanation methods will be improved to clarify model decisions through enhanced visualization techniques 

and textual summaries. 

• Multi-center clinical trials will be conducted to confirm performance in diverse healthcare settings. 

• The tool will be integrated with electronic health record systems to enable seamless workflow support. 

• User feedback on system clarity and ease of use will be collected through structured questionnaires and semi-

structured interviews. 

• We will optimize the model architecture to reduce computational load and enable real-time spectrogram analysis. 

• Real-time spectrogram generation and classification will be implemented for point-of-care applications. 

• The dataset will be expanded with a wider range of cough recordings to improve model generalizability. 

• Regulatory compliance and data privacy frameworks will be reviewed to ensure clinical readiness and patient 

safety. 

• Training materials and user manuals will be developed to facilitate adoption by healthcare staff. 

• Performance monitoring dashboards will be created to track model accuracy and user engagement post-

deployment. 

5.3.  Limitations 

• The age and gender distribution in the dataset used is limited. Therefore, no comparison was made between 

different age ranges and genders. 

• In the study, only cough sounds were used to detect asthma. Symptoms such as wheezing and breathing were 

not included. 

6.  Conclusions 

Within the scope of this study, an artificial intelligence-based model was developed for the purpose of detecting 

anomalies from cough sounds. The performance evaluation of the presented new CNN model was performed on the 

obtained dataset. The accuracy rate of the model, which reached 99.56%, proves the reliability of the presented new CNN 

model. The obtained results show that deep learning models are effective in the detection and early diagnosis of respiratory 

diseases. Early diagnosis of asthma and similar respiratory diseases is of great importance in terms of minimizing the 

risks related to the disease and increasing the quality of life of patients. This study also contributes to the literature by 

showing the applicability of artificial intelligence in the field of health. Considering real world applications, noisy 

environments and physiological variations among patients can be observed. Therefore, the developed model is expected 

to show high performance despite such negative variations. The cough sounds used in this study were obtained from 

individuals of different genders and different age groups. In addition, obtaining the sound recordings from different 

mobile devices created differences in the recording quality. This increases the robustness of the proposed model against 

variations.
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In future studies, the developed new CNN model can be tested on different datasets. In this way, the generalization 

ability and applicability of the proposed model can be analyzed in more detail. In addition, it can be tested on different 

diseases, not just asthma. The application of the model in different fields, not only limited to the field of health, can also 

enable the performance of the system to be analyzed in the same way. As a result, the proposed deep learning model aims 

to detect anomalies in cough sounds. This also forms a basis for future studies. The results obtained show that the proposed 

model can be used not only in academic but also in clinical fields. 
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