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Spoken digit recognition (SDR) plays a critical role in biometric authentication 

and human–computer interaction, yet existing approaches often rely on small 

datasets, limited feature representations, or architectures prone to overfitting. 

To address these limitations, this study proposes a robust end-to-end pipeline 

that integrates Wavelet Time Scattering (WTS), Mel-Frequency Cepstral 

Coefficients (MFCC), and a 2D Deep Convolutional Neural Network (2D-

CNN) to enhance the accuracy and generalization of SDR systems in realistic 

environments. The Free-Spoken Digit Dataset (FSDD), consisting of 3000 

audio samples from speakers with diverse accents, was pre-processed using 

zero-padding normalization and transformed into high-resolution time–

frequency spectrograms via WTS. The proposed CNN architecture, optimized 

through systematic experimentation on batch size and learning rate, 

demonstrated stable convergence and superior discriminative capability. Using 

a learning rate of 0.001 and a batch size of 50, the model achieved the highest 

performance with 99.2% accuracy, outperforming established methods 

including SVM, MFCC-LSTM, and Multiple RNN architectures. Comparative 

evaluations further revealed that the combined WTS–MFCC feature extraction 

significantly enhances spectral–temporal representation quality, contributing to 

improved classification precision across all digit classes. These findings 

demonstrate that the proposed WTS-MFCC-CNN framework not only advances 

SDR accuracy but also provides a scalable and computationally efficient 

approach suitable for real-world biometric, financial, and voice-controlled 

applications. The results highlight the potential of hybrid time–frequency 

representations integrated with deep architectures to set a new benchmark for 

robust spoken digit recognition. 
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INTRODUCTION 

Human speech is defined as one-dimensional communication 

signal which has the ability to function as s biometric tool mostly 

due to the variation in the samples of words spoken based on 

accent, age, gender, and language. It is important to note that 

more complex variability occurs at the speech signal level as 

indicated by the differences in the amplitude, duration, pitch, 

frequency, timbre, and speaker. This complicates the process of 

analyzing the speaker but provides more useful information on 

the amplitude and tone [1].  

 

The speech of humans can also be applied in the process of 

verifying the identity of a person for security and commercial 

purposes [2]. This can be achieved through speaker recognition 

technology which applies phonetic attributes of utterances in the 

process of determining a speaker’s identity. Moreover, voice 

biometric systems have also been classified based on different 

industries and applications as indicated by speaker diarization, 

identification, and verification [3]. Voice biometrics has also 

been applied in different ways to verify and identify speakers. It 

is also important to note that data analysis methods in image 

classification, biomedical applications  [4], [5], bioinformatics, 

medical image analysis [6], and computer vision [7] have 

advanced significantly over the last decade. 

http://jnte.ft.unand.ac.id/
http://jnte.ft.unand.ac.id/
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Spoken digit recognition has been applied in different areas such 

as the retrieval and analysis of audio contents, entry of the number 

for credit cards, dialing of voices, and entry of data [8], [9] . Less 

attention has, however, been placed on this technology with only 

a few related works observed in  [10], [11]. For example, the 

TIDIGITS dataset containing 2.412 training and 1.144 test 

utterances were used in [10] while OGI Multilanguage Corpus 

applied 826 and 454 respectively in [12]. Mel-frequency cepstral 

coefficients (MFCC) were observed to have been used as the 

features, principal component analysis (PCA) to lower the 

features dimension and support vector machine (SVM) to 

categorize. 

The other areas where it has been used include investigation of 

crimes and offering of financial services as indicated by the 

application of voice biometrics in call centers for the purpose of 

authenticating customers (customer protection) [13]. The process 

of comparing the input voice samples to the reference voice 

sample in the database is known as speaker verification and this 

is classified into two types which include text-dependent and text-

independent verification [14]. For the text-dependent type, the 

text is preserved to verify the voice and this is considered to 

provide a more accurate result compared to the text-independent 

which does not rely on text for verification. 

The spoken digit recognition technology that converts spoken 

signals into characters understood by computers is widely used in 

everyday life and is important in human-computer interaction. 

One of the most important tasks usually performed using the 

technology is digit recognition because numbers contain a lot 

more valuable information than other words people usually speak. 

Some related works on spoken digit recognition were observed to 

have used small datasets and traditional feature extraction and 

classification methods. Meanwhile, overfitting and poor 

generalization is possible to occurr in models trained on small 

datasets. Deep learning techniques were discovered to have 

recently surpassed most feature extraction, selection, and 

classification techniques. For example, they were applied to 

30,000 audio digit samples in the most comprehensive and recent 

related works [11] but the dataset lacks non-digit audio samples 

which are critical in a realistic setting. 

The process of converting a speech signal to text has been 

extensively researched using different methods. The first was the 

application of template matching [15] while Recurrent Neural 

Networks (RNN) and Long Short Term Memory Networks 

(LSTM) are commonly applied in Automatic Speech Recognition 

(ASR) [16], [17] due to their ability to adapt to time-warped data 

and bridge long time lags. However, training RNN or LSTM can 

be difficult due to their complex architecture which requires 

dividing the input data into subsections and feeding them into the 

network separately. These methods can perform significantly 

better in recognizing a sentence but other neural networks also 

have the ability to achieve good results when recognizing a single 

number. It is important to note that even though Artificial Neural 

Networks (ANN) are widely used in spoken digit recognition, 

their accuracy is lower than that of Convolutional Neural 

Networks (CNN) which are normally used in some cutting-edge 

methods to extract features from a spoken sentence's short-time 

Fourier transform (STFT) [18], [19] that mostly focuses on 

recognizing a spoken sentence using an ANN or a Hidden 

Markov Model (HMM). There are no previous studies that use 

CNN and the Mel Frequency Cepstrum Coefficient (MFCC) 

feature to classify spoken digits. Therefore, this research creates 

a pipeline for spoken digit recognition by first extracting the raw 

speech signals' time and frequency features and later feeding 

them into the proposed deep neural network architecture.  

The baseline methods in this research include the spectrogram, 

smoothed-spectrogram, and Mel-spectrogram. Moreover, 

wavelet time scattering was applied to investigate the formation 

of time-frequency representations due to its ability to provide 

better frequency localization in the lower frequency range when 

compared to conventional techniques, thereby, it more suitable 

for speech classification tasks. Furthermore, several time-

frequency representations were used to indicate the spectral 

information at different frequencies. The combination of the 

learning from these representations has the ability to assist in the 

improvement of classification performance. Moreover, late 

fusion was also applied to make more informed predictions.  

The proposed method was tested using a Free-Spoken Digit 

Dataset (FSDD) dataset. This is important due to the fact that an 

automated spoken digit recognition system is required to have the 

ability of accurate spoken digit detection as well as the rejection 

of non-digits and several other background noises. Therefore, the 

audio dataset applied includes both non-digit and spoken digit 

files, thereby, indicating it is very realistic and challenging. 

Human speech exhibits substantial intra- and inter-speaker 

variability in amplitude, duration, pitch, timbre, and spectral 

structure, making spoken-digit recognition a non-trivial pattern 

recognition task. Traditional approaches—such as MFCC 

combined with PCA, SVM, template matching, or even 

conventional ANN and HMM models—often struggle to 

generalize well, especially when trained on small datasets or 

when exposed to acoustically diverse environments. These 

limitations arise from their dependence on hand-crafted features, 

restricted modeling capacity, and the inability to robustly capture 

local spectral variations essential for distinguishing similar-

sounding digits. In contrast, Convolutional Neural Networks 

(CNNs) offer a compelling alternative because they can 

automatically learn hierarchical time–frequency representations 

from spectrogram-based inputs, thereby improving the 

interpretability and discriminability of speech features. CNNs 

also excel at capturing localized patterns in speech signals—such 

as formant transitions, harmonic structures, and transient 

components—which directly enhance classification accuracy. 

Recent advances in deep learning have consistently demonstrated 

that CNNs outperform traditional methods in tasks involving 

complex, high-dimensional audio signals. Therefore, employing 

CNN architectures for spoken digit recognition is justified not 

only by their proven robustness against noise and speaker 

variability but also by their superior ability to extract meaningful, 

readable, and generalizable representations from raw or 

transformed speech signals. This establishes CNNs as a suitable 

and high-impact solution for improving recognition performance 

in modern spoken digit recognition systems. 

 

METHODS 
 

The entire methods used for the proposed Spoken Digit 

Recognition model are presented in Figure 1. It is important to 

note that the Free Spoken Digit Dataset (FSDD) shared the 

original spoken signal [20]. The data records were made from the 

Spoken Digit signals used as input which were all 10 seconds 

long. This was followed by the transformation of each Spoken 

Digit signal record into a time-frequency spectrogram image 

using the Wavelet Time Scattering (WTS). Moreover, the signals 

from the spoken digit spectrogram were fed into the proposed 

Deep Convolution Neural Network (DCNN) model which 

automatically and intelligently classifies the spoken digit. 

 
Figure 1. Overall Spoken Digit Recognition procedures based 

on proposed DCNN 



IRMAWAN / JURNAL NASIONAL TEKNIK ELEKTRO - VOL. 14 NO. 3 (NOVEMBER 2025) 

 

https://doi.org/10.25077/10.25077/jnte.v14n3.1310.2025   153 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Start 

Load FSDD Dataset 

Data Pre-processing 

Extract Feature (MFCC) 

And Create 2D Spectrogram (WTS) 

Resize Image  

8192 x 1600 

Split Data: 80% Train, 20% Test 

Training Set 

Input Spectrogram 

Feature Extraction Blocks 

Conv2D + ReLU + MaxPooling2D  

Fully Connected Layer 

Softmax output Layer 

Calculate Loss 

Backpropagation and Update Weights 

Meeting Accuracy 

Epoch 

Yes 

Save Trained Model 

Test Set 

Model Validation 

Performance Evaluation 

Accuracy Confusion Matrix 

End 

Standardize Signal Length 

8192 Samples 

No 

DCNN Model Training 

Figure 2. Block diagrams and control program flow diagrams 
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DCNN is a popular DNN architecture typically trained using a 

gradient-based optimization algorithm [21] while a CNN is made 

up of multiple back-to-back layers linked in a feed-forward 

fashion. The main ones include convolutional, normalization, 

pooling, and fully connected layers. The first three are in charge 

of feature extraction while the last focuses on classification. 

 

DATA ACQUISITION AND SELECTION 

 

The FSDD is an open dataset that can change over time and is 

also observed to contain 3000 records in English from 0 to 9 

obtained from six speakers out of which two are native American 

English speakers, two are native English with a Belgian French 

accent, and two are native English with a German accent. The 

data were collected at an 8000 Hz sampling frequency [20]. 

 

 
 

Figure 3. Histogram of signal length. 

 

Figure 2 illustrates the block diagrams and control program flow 

diagrams of the overall method stages used for the proposed 

Spoken Digit Recognition model, which consists of four main 

stages: Pre-processing, training, testing, and accuracy 

measurement of the proposed model. 

 

The FSDD data set is made up of ten balanced classes, each with 

300 records with different duration of records. Moreover, a 

histogram of signal length was read and created because the 

FSDD is not a large file. The histogram shows that the 

distribution of recording length is positively skewed. It is also 

important to note that the classification was made using an 8192-

sample common signal length which is a conservative value that 

ensures the truncation of longer recordings does not cut short the 

speech content.  

 

Any situation the signal exceeds 8192 samples (1.024 seconds) is 

expected to lead to the truncation of the recording to 8192 

samples and when the figure is less, the signal is symmetrically 

pre-padded and post-padded with zeros out to reach this number. 

 

SPOKEN DIGIT DATA PRE-PROCESSING 
 

The input data for the proposed 2D-CNN is required to be in 

image format. This led to the transformation of time domain 

spoken digit signals to 2D time-frequency spectrograms through 

the application of Wavelet Time Scattering (WTS). It is also 

important to note that there was a computation of continuous 

wavelet transform for the time-domain audio signal r(t) at scale s 

and position u through the following equation. 

𝑊𝜓(𝑢, 𝑠) = ∫ 𝑟(𝑡)
1

√𝑠
Ψ ∗ [

𝑡−𝑢

𝑠
] 𝑑𝑡

∞

−∞
            (1) 

 

Where, Ψ represents mother wavelet [22]. It is important to note 

that the analytic wavelets used in this study are Morse, bump, and 

Morlet wavelets [23]. 

 

The absolute value of the complex wavelet transform was 

computed while the time-frequency representation was resized to 

8192x1600 dimensions to serve as the input for the CNN. It is 

pertinent to state that interpolation which is a technique normally 

applied to process digital image was adopted to resize the images. 

Bicubic interpolation was observed to be efficient in resizing 

time-frequency images compared to other different available 

interpolation kernels [24]. The interpolated surface with bicubic 

interpolation is as follow: 

 

𝑅(𝑥, 𝑦) = ∑ ∑ 𝑎𝑖𝑗𝑥𝑖𝑦𝑗𝑚
𝑗=0

𝑛
𝑖=0                     (2) 

 

This necessitates the computation of the coefficients aij. It is 

possible to compute interpolation in both dimensions by 

performing a convolution with the kernel presented as follows 

[25]. 

𝑘(𝑥) = {

3

2
|𝑥|2 −

5

2
|𝑥|2 + 1,                         |𝑥| ≤ 1

−
1

2
|𝑥|3 +

5

2
|𝑥|2 − 4|𝑥| + 2,      1 < |𝑥| ≤ 2

0,                                                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    (3) 

 

Figure 4 shows the time-domain signal plot for the spoken digit 

zero as well as its spectrogram and scalogram representations. 

A wavelet time scattering frame was created with a scale 

invariance of 0.22 seconds. Moreover, a feature vector was 

generated by averaging the scattering transformation across all 

time samples in order to have a sufficient number of scattering 

coefficients to average per time window. The FSDD was also 

separated into training and test sets with 80% and 20% 

respectively. Furthermore, the scattering transformation was used 

to train the classifier using the training data while the model was 

validated using the test data. 

A wavelet time scattering frame was created with a scale 

invariance of 0.22 seconds. Moreover, a feature vector was 

generated by averaging the scattering transformation across all 

time samples in order to have a sufficient number of scattering 

coefficients to average per time window. The FSDD was also 

separated into training and test sets with 80% and 20% 

respectively. Furthermore, the scattering transformation was used 

to train the classifier using the training data while the model was 

validated using the test data. 

 

http://jnte.ft.unand.ac.id/
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Figure 4. Sample data on spoken spectrograms 

 

It is possible to extract different features from a waveform 

including power, pitch, and vocal tract configuration from a 

speech signal [26]. This research, therefore, used waveform for 

amplitude envelop and spectrogram for frequency-domain 

features such as spectral centroid. The selection of the features to 

include was observed to be the most important part. This is 

because feature engineering is more difficult with machine 

learning algorithms such as logistic regression but the process is 

simple with deep learning because only the spectrogram is 

required to feed the model. 

 

Mel-Frequency Cepstral Coefficients (MFCC) and linear 

prediction coefficients (LPC) are two popular features but MFCC 

is the most commonly used feature due to its high accuracy [27]. 

It is important to note that MFCCs rely on a well-known variety 

of basic data transfer capacities with the frequency of the human 

ear. Therefore, the phonetically significant qualities of discourse 

were captured using filters which split at low frequencies and 

logarithmically at high frequencies and expressed using the Mel-

frequency scale. Equations (4) and (5) were used to show the 

relationship between frequency in Hz and Mel is below: 

 

 𝑚 = 1125ln (1 +
𝑓

700
)     (4) 

 

𝑓 = 700(exp (
𝑚

1125
− 1)     (5) 

 

The Mel filter bank usually uses the Mel-recurrence scaling 

which is a perceptual scale that aids the reproduction of how the 

human ear works. This is based on the concept of higher goals at 

lower frequencies and lower goals at higher frequencies. Another 

popular feature for speaker recognition is LPCs and its 

application requires first understanding the autoregressive model 

of speech [28].  

 

 
Figure 5. MFCC calculation diagram 

 

 

 

 

Table 1. Functions used in the proposed DCNN model 

Symbol Quantity 

Function Explanation 

 

Convolution2D Sequence input, sliding window convolution 

to 2-dimensional input information  

MaxPooling2D                   Maximum pooling layer, imposing a 

maximum pooling on the spatial domain 

signal 

RELU Rectified Linear Unit, which serves linear 

rectification activation on the input vector of 

the upper layer neural network and outputs 

nonlinear result 

Flatten The Flatten layer applied to translate the 

multidimensional input into one-dimensional 

information 

Dropout It is a regularization layer to prevent 

overfitting 

 

Meanwhile, the linear prediction method provides a dependable, 

reliable, and precise strategy to evaluate the parameters 

characterizing the linear time-varying system that represents the 

vocal tract [29]. 

 

 

 
 

Figure 6. The architecture of the proposed DCNN model 

 

 

SPOKEN DIGIT DATA CLASSIFIER 
 

CNN was used as the Spoken digit classifier. It was first 

introduced by Roy et al [30] as part of a project designed for the 

purpose of recognizing handwritten zip codes. Its application was 

observed to have made it possible to extract spatially adjacent 

pixels correlation through the adoption of nonlinear and multiple 

filters. This also has the capability to extract varieties of features 

associated with local images. 

 

It is also important to note that it is preferable to use 2D 

convolutional and pooling layers to filter the spatial locality of 

spoken digit images [31]. Moreover, there was a conversion of 

time-domain spoken signals into 2D spectrograms during the 

time-frequency representations in order to encourage 2D-CNN in 

Spoken signal recognition. The 2D-CNN structure is presented in 

Figure 6 while the functions explanation is in Table 1. 

 

There was a conversion of spoken digit data recording into an 

spoken digit spectrum image that has 8192 x 1600 pixels 

resolution. Meanwhile, the Convolution2D layer designed with 8 

convolution kernels and a 4 x 4 kernel size was used in the first 
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hidden layer with RELU (Rectified Linear Unit) selected for the 

activation function. This was followed by the addition of a 

MaxPooling2D with a pool size of (3, 2) to produce the first 

layer's output shape of 32 x 8 x 8192.  The second layer used a 

Convolution2D layer designed to have 13 convolution kernels 

and a 3x2 kernel size while the activation function was also 

through RELU. There was an addition of a MaxPooling2D with 

a pool size of (3, 2) to produce the 64 x 8 x 4096 output shape for 

the second layer. Moreover, the third layer also used the 

Convolution2D layer with 13 convolution kernels and a 3x2 

kernel size with RELU applied as the activation function. This 

was also followed by the addition of a MaxPooling2D with a pool 

size of (3, 2) to produce the final output shape of the third layer 

to be 64 x 8 x 4096. 

 

CONVOLUTION NEURAL NETWORK 
 

CNN is a popular DNN architecture typically trained using a 

gradient based optimization algorithm [32]. It consists of multiple 

back-to-back layers linked in a feedforward fashion. As 

previously stated, its main layers include the convolutional, 

normalization, pooling, and fully connected layers with the first 

three usually applied to feature extraction while the last is for 

classification. The general CNN architecture for the classification 

task is depicted in Figure 1 [33]. It is important to note that an 

activation function for a non-linear methodology is required to 

obtain the output in the convolution layers. The inputs for this 

layer are small parts of the original volumes as shown in Figure 

6. Moreover, down-sampling was performed at each subsampling 

layer to feature maps and reduce network parameters. This, 

subsequently, reduced overfitting and speeds up the training 

process. Pooling was also conducted over p x p elements (filter 

size) to adjoin the expanse of all feature maps. The layers should 

fully attached in the final stage as in other neural networks. The 

latter layers take the previous low- and mid-level features then 

generate high-level abstraction from the input speech data. The 

final layer called SVM or Softmax used to generate a 

classification score in probabilistic terms to relate to a specific 

class. 

 

The selection of kernel sizes, number of filters, and layer depth in 

the proposed CNN architecture was grounded in the 

characteristics of the time–frequency spectrograms. The initial 

convolutional layer employed a 4×4 kernel with 8 filters to 

capture coarse but discriminative local patterns related to 

transient energy changes and formant structures. A relatively 

larger kernel at this stage enables the model to detect broad 

spectral transitions commonly found in spoken digits. Subsequent 

layers adopted smaller kernels (3×2) with an increased number of 

filters (13 filters per layer) to progressively refine the 

representation by focusing on more localized frequency–time 

variations. This hierarchical reduction in kernel size preserves 

fine-grained spectral cues while the increased filter count 

enriches feature diversity. 

 

The use of MaxPooling with an asymmetric pool size of (3,2) in 

each block was justified by the elongated shape of the 

spectrograms, where the temporal dimension is considerably 

larger than the frequency dimension. This pooling strategy 

reduces computational load while retaining essential temporal 

dynamics. Stacking three convolution–pooling blocks balances 

representational capacity and generalization, preventing 

overfitting despite the relatively modest dataset size. ReLU 

activation was selected for all convolutional layers due to its 

computational efficiency and ability to alleviate vanishing-

gradient effects. Overall, the parameter configuration was 

designed to ensure effective extraction of both global and 

localized speech features, thereby improving classification 

accuracy and model readability. 

RESULTS AND DISCUSSION 

In this section, it is explained the results of research and at the 

same time is given the comprehensive discussion. Results can be 

presented in figures, graphs, tables and others that make  

the reader understand easily [14], [15]. The discussion can be 

made in several sub-sections. 

 

EVALUATION METRICS 

An attempt was made to measure the categorization performance 

using two metrics which include accuracy and loss. The accuracy 

was indicated by the ratio between the total correctly identified 

samples and test samples as represented in the following 

mathematical formula: 

 Accuracy(%)=
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
𝑥100    (6) 

 

Where, TP denotes true positive, indicating the correct 

classification, TN stands for true-negative, which means that was 

correctly classified, FP stands for false-positive which means was 

incorrectly classified, while FN symbolizes false-negative which 

means incorrect classification as normal [34]. Moreover, the 

variation between the predicted and true values of the model for 

a specific sample was defined as the loss metric. It is important to 

note that the mathematical expressions of this metric are different. 

Therefore, the categorical cross-entropy loss in equation 7 was 

selected for this study. 

 

𝑙𝑜𝑠𝑠 = −
1

𝑛
∑ 𝑦̂𝑖11𝑛𝑦𝑖1 + 𝑦̂𝑖21𝑛𝑦𝑖2 + ⋯ + 𝑦̂𝑖𝑚1𝑛𝑦𝑖𝑚

𝑛
𝑖=1       (7) 

 
Where, n = total samples, m = total categories, 𝑦̂ = predicted 

output value, and y = actual value. 

 

 

MODEL PARAMETER OPTIMIZATION 
 

The learning rate and batch size are the two main parameters in 

the proposed 2D-CNN model. These parameters, therefore, need 

to be optimized to achieve the best spoken digit recognition 

performance. Different contrast experiments were performed by 

varying the parameters with the aim of assessing the significance 

of the two main parameters in the proposed model. Different 

learning rates were also tested at a constant batch size as indicated 

in the complete parameter set in Table 2 while different batch 

sizes were also tested at a constant learning rate as indicated in 

Table 4. 

 

The number of iteration steps was set at 1200. The accuracy 

curves in Figures 7 and 9 exhibit clear convergence patterns that 

highlight the sensitivity of the 2D-CNN model to learning rate 

and batch size. At moderate learning rates (particularly 0.001), 

the accuracy consistently increases and stabilizes near 1.0, 

indicating that the model is able to update its weights effectively 

without overshooting the optimal minima. While the mean 
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accuracies for the seven data sets are presented in Table 2 and 

Table 4. 

 

Table 2. Average accuracies for 5 data sets with a batch size of 

50 

MiniBatch Size Learning Rate 
Average Accuracy 

(%) 

50 0.00001 86.2 

50 0.0001 98.6 

50 0.001 99.2 

50 0.01 98.8 

50 0.1 93.2 

 
 

Figure 7. Accuracy value curves for 5 data sets  

with the Batch Size of 50. 

 

In contrast, higher learning rates (0.01–0.1) produce more 

pronounced oscillations, suggesting unstable gradient updates, 

while very small learning rates (0.00001) slow the convergence 

process due to insufficient step sizes. A similar trend is observed 

when varying the batch size: medium batch sizes, especially 50, 

provide the most stable and rapid convergence, whereas 

excessively small or large batches introduce higher variance in 

gradient estimation, resulting in noticeable fluctuations during 

training. 

 

Table 3. Average losses for 5 data sets with a batch size of 50 

MiniBatch Size Learning Rate Average Loss 

50 0.00001 1.3804 

50 0.0001 0.3197 

50 0.001 0.1850 

50 0.01 0.2250 

50 0.1 0.7972 

 

The loss value curves for the five data sets with a batch size of 50 

are shown in Figure 8 while the average losses are presented in 

Table 3. It was discovered that the same batch size parameters of 

50 produced similar average losses for the five data while the loss 

curve fluctuates differently at different learning rates. 

 
Figure 8. The loss value curves for 5 data sets  

with a batch size of 150. 

 

The findings showed that the convergence trend of the accuracy 

curve is close to 0 due to an increase in the number of iteration 

steps at a learning rate of 0.01 and was also observed to be 

relatively stable state during the process. The same trend was also 

indicated at 0.01 but several relatively large fluctuations were 

observed which subsequently became larger as the learning rate 

increased from 0.01 to 0.1. 

 

Table 4. Average accuracies for 7 data sets with the learning rate 

of 0.001 

MiniBatch Size Learning Rate Average Accuracy (%) 

200 0.001 98.8 

150 0.001 98.6 

125 0.001 98.6 

100 0.001 98.8 

75 0.001 98.6 

50 0.001 99.2 

25 0.001 99 

 

Table 4 displays the parameter set for the contrast experiments 

conducted using different batch size at a constant learning rate. 

 

Figure 9 shows the accuracy value curves for the five data sets 

having a single learning rate of 0.001 while the mean accuracies 

for the seven data sets are presented in Table 4. It was discovered 

that the average accuracies are comparable at the same learning 

rate but the accuracy curve indicated different fluctuations at 

different batch sizes. At a batch size of 50, the accuracy curve 

exhibited a convergence trend close to 1 as the number of iteration 

steps increased and maintains a relatively stable state during 

convergence. When the batch size was set at 200, the accuracy 

curve exhibited the same trend, however, several large 

fluctuations were observed in convergence process which further 

became larger as the batch size was gradually reduced from 200 

to 75. 
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Figure 9. Accuracy curves for 7 data sets  

with the learning rate of 0.001. 

 

Table 5. Average losses for 7 data sets with the learning rate of 

0.001 

MiniBatch Size Learning Rate Average Loss 

200 0.001 0.4659 

150 0.001 0.4171 

125 0.001 0.3471 

100 0.001 0.3393 

75 0.001 0.2139 

50 0.001 0.1838 

25 0.001 0.1248 

 

The loss curves (Figure 8 and Figure 10) further reinforce these 

observations. When the learning rate is set to 0.001, the loss 

consistently decreases toward zero with minimal volatility, 

demonstrating efficient minimization of the categorical cross-

entropy objective. Higher learning rates produce irregular descent 

behavior, characterized by sudden spikes and slower 

stabilization, indicating difficulty in finding a smooth 

optimization trajectory. While the average losses are presented in 

Table 3 and table 5. 

 

Regarding batch size, the lowest and most stable loss values are 

obtained at a batch size of 50, while both smaller and larger 

batches exhibit increased fluctuations. Overall, the combined 

trend of accuracy rising smoothly while loss declines steadily 

confirms that the model achieves optimal learning dynamics 

when trained with a learning rate of 0.001 and a batch size of 50. 

 
 

Figure 10. The loss value curves for 7 data sets 

with the learning rate of 0.001. 

 

COMPARISON WITH OTHER EXISTING 

APPROACHES 
 

The proposed 2D-CNN model performance was compared to 

earlier Spoken digit recognition works such as SVM (Support 

Vector Machine), Backpropagation Neural Network, and MFCC 

and Multiple Recurrent Neural Networks. 

 

Table 6. Comparison with other existing approaches 

Model WORK 

Test 

set 

Average 

Accuracy 

(%) 

MFCC and 

Multiple RNN 

Utomo [35] 1020 87.74 

SVM Jain et al. [36]  1100 94.9 

LSTM RNN Zia et al. [37]  1000 98 

2D-CNN Proposed 3000 99.2 

 

It is unfair to compare the accuracy directly because these works 

have a different test sets number. However, the proposed CNN 

model was observed to have outperformed other previous works, 

thereby, leading to the introduction of a novel approach to Spoken 

digit recognition using WTS-MFCC and convolutional neural 

networks.  

 

Moreover, the performance of the feature extraction pattern 

classification was also compared with previous studies as 

indicated in Table 6. It was discovered that the two feature-

extraction-pattern classification approaches are comparable to the 

proposed method. Sharan extracted features from Spoken Digit 

Signals using Wavelet Scalogram (WS) [38], He Ba used the 

STFT and MFCC [39], Wazir et al. used MFCC [40]. It was, 

therefore, concluded that the proposed method is fast and accurate 

for classification. 

 

Table 7. Comparison with feature extraction pattern classification 

Method WORK 
Average 

Accuracy (%) 

WS+CNN Sharan [38] 97.15 

STFT+MFCC+CNN He Ba [39] 90 

MFCC+LSTM Wazir et al. [40] 94 

SVM+MFCC Jain et al. [36]  94.9 

MFCC+ 

Multiple RNN 

Utomo et al. [35]  98 

WTS+MFCC+ 

2D-CNN 

Proposed 99.2 

 

The confusion graph is a summary of network performance 

trained on test sets with the columns and rows showing the 

precision and recall for each class. It is important to note that the 

precision values are indicated at the bottom while the recall value 

is at the right of the confusion table. 
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Figure 11. The normalized confusion matrix of the best result 

achieved. 

 

CONCLUSIONS 

This research presents a robust and efficient spoken digit 

recognition framework that integrates Wavelet Time Scattering, 

MFCC feature extraction, and a customized 2D-CNN classifier. 

Experimental findings demonstrate that the proposed pipeline 

significantly improves recognition performance compared to 

conventional signal-processing and machine-learning methods. 

Optimal learning parameters (learning rate = 0.001, batch size = 

50) produce a stable convergence pattern, yielding the highest 

accuracy and lowest loss during training. 

 

The model achieved 99.2% accuracy on the FSDD dataset, 

surpassing established approaches such as SVM, MFCC-LSTM, 

and multiple RNN architectures. The results confirm that WTS 

provides superior low-frequency localization and, when 

combined with CNN-based feature learning, leads to more 

discriminative time–frequency representations. This enhances the 

system’s ability to handle realistic scenarios involving varying 

accents, non-digit audio, and background noise. 

 

Overall, the proposed WTS+MFCC+2D-CNN framework offers 

a fast, accurate, and scalable solution for spoken digit recognition. 

Future work may extend this approach to continuous speech, 

multilingual datasets, and real-time embedded implementations 

to support broader applications in security systems, voice-

activated services, and intelligent user interfaces. 
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NOMENCLATURE 

Meaning of symbols used in the equations and other symbols 

presented in your article must be presented in this section. 

 

Ψ  mother wavelet 

𝑦̂   predicted output value 
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