
with Deep Learning Techniques 
 

Jaipreet Kour Wazir and Javaid A. Sheikh* 

Department of Electronics and IT, University of Kashmir, India 

Email: jaipreet.elscholar@kashmiruniversity.net (J.K.W.); sheikhjavaid@uok.edu.in (J.A.S.) 

*Corresponding author 

 

 

 
Abstract—Most prior research in single speech separation 

has utilized time-frequency domain representation of the 

mixed signal. However, this approach has several drawbacks, 

such as separation of magnitude and phase and suboptimal 

speech separation quality. Our work proposes an improved 

model based on Conv-Tasnet architecture, which uses a full 

convolution time–domain auto-encoder for speech separation. 

The proposed model addresses previous works’ drawbacks 

by improving the auto-encoder’s structure to enhance the 

speech separation process and quality. The significant 

contribution of the proposed work is to preserve the 

magnitude and phase integrity through time-domain 

representation; for better gradient flow and stability, we have 

employed residual and skip connections. Furthermore, we 

have experimented with the data set Texas 

Instruments/Massachusetts Institute of Technology (TIMIT); 

Gaussian noise is added to the data set, with Signal-to-Noise 

Ratio (SNR) levels from −5db to 5db randomly, and the 

results demonstrate the improved Perceptual Evaluation of 

Speech Quality (PESQ), Scale-Invariant Signal-to-Noise 

Ratio Improvement (SI-SNRI), Scale-Invariant Signal-to-

Distortion Ratio Improvement (SDRI), Signal to Distortion 

Ratio (STOI). The proposed model, Deep Speak net, 

performs state-of-the-art approaches, increases 

computational efficiency, and is suitable for real-time 

applications. 

 

Keywords—single channel, speech separation, deep neural 

network 

 

I. INTRODUCTION 

Speech separation aims to separate the target speech 

from background noise. In today’s life, we hear sounds as 

a mixture of background noise like car noise, crowd noise, 

and environmental noise, together called the cocktail party 

problem, a term coined by Colin Cherry in his paper in 

1953 [1]. Human beings can separate the target speech 

from the background noise. Speech separation is used to 

separate the cocktail party effect. Speech separation has 

been used in many applications, including hearing aids and 

mobile communication. In the field of speech separation, a 

lot of research has been done on both the methods of 

single-channel and multiple channels [2]. Single-channel 

speech has been studied for a long time and is an important 

and challenging research problem [3, 4]. The traditional 

single-channel speech separation uses Speech 

enhancement, Computational Auditory Scene Analysis 

(CASA), and a data-driven method of Nonnegative Matrix 

Factorization (NMF) [5]. The spectrum algorithm can be 

one example of speech enhancement. In this algorithm, 

spectrum subtraction comprehends speech enhancement 

by assuming that the speech contains slow-changing 

additive noise. Although this algorithm is effective, it leads 

to the distortion of enhanced speech and degrades the 

performance of ASR [6–8]. In this paper, the author has 

proposed a CASA algorithm to separate room reverberants; 

the algorithm results in the improvement of speech 

intelligibility speech. However, the CASA performance is 

reduced in detecting harmonicity and onset. Blind Source 

Separation (BSS) is commonly used in multichannel 

speech processing, and now, recently, the Independent 

Component Analysis (ICA) algorithm with BSS is used [9]. 

Time-frequency (T-F) masking is another popular 

approach used in speech separation [10–12]. In this 

approach, the representation of the signal is in the form of 

a cochleagram or a Short-Time Fourier Transform (STFT), 

and then a separation algorithm is used to separate the 

mixed signals [13]. Conv-TasNeT, proposed by Yi Luo et 

al., is a deep learning time domain structure used for 

speech separation [14, 15]. This structure is divided into 

three stages: encoder, separation, and decoder.  

Although this framework gives efficient results, it 

increases the computational complexity and reduces the 

robustness [16, 17]. 

With the recent research in neural networks, deep 

learning based on supervised learning is used to solve the 

cocktail party problem [18] and shows numerous 

advantages over traditional learning. Over the last few 

decades, supervised speech separation has advanced the 

performance of speech separation by leveraging extensive 

training data and increasing performance. Supervised 

speech learning is broadly divided into three main 

components, i.e., learning data, training data, and acoustic 

data. In this paper, we will first describe the algorithm, and 

they will experiment with the input mixed signal, that is, 

the utterance of the two speakers and noise. Then, the 

proposed model separates the signals, and the filter is 

applied to filter out the noise. The data set used for this 

experiment is a Texas Instruments/Massachusetts Institute 

of Technology (TIMIT) open-source data set. 
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• Contributions and Objectives 

This paper proposes a novel model based on Conv-

Tasnet, enhancing its structure to improve speech 

separation quality and computational efficiency. Our 

contributions include: 

(1) Time-Domain Processing: Unlike traditional 

methods, our model operates entirely in the time 

domain, preserving both magnitude and phase 

integrity. 

(2) Improved Auto-Encoder Architecture: We 

introduce residual and skip connections within the 

auto-encoder, facilitating better gradient flow and 

model stability. 

(3) Depth-Wise Separable Convolutions: Our model 

incorporates depth-wise separable convolutions to 

reduce computational complexity, making it more 

suitable for real-time applications. 

(4) Extensive Evaluation: We validate our model on 

the TIMIT dataset with Signal-to-Noise Ratios 

(SNR) levels ranging from −5 db to 5 db, 

demonstrating superior performance in PESQ, 

Scale-Invariant Signal-to-Noise Ratio 

Improvement (SI-SNRi), and SDRi metrics 

compared to existing methods. 

Previous works have demonstrated the potential of time-

domain models for speech separation, but challenges 

remain in balancing computational efficiency with 

separation quality. Conv-Tasnet, while effective, still faces 

limitations in robustness and complexity. Our proposed 

model addresses these issues, offering a more efficient and 

accurate solution for single-channel speech separation. 

The rest of the paper is organized as follows: Section II 

describes the proposed method, detailing the 

improvements and architecture. Section III outlines the 

experimental setup, including dataset preparation and 

configuration. Section IV presents the experimental 

analysis and results. Finally, Section V concludes the 

paper, highlighting the findings and potential future 

research directions. 

II. PROPOSED WORK 

The proposed auto-encoder is a fully convolution time-

domain audio separation network consisting of three 

processing stages, as shown in Fig. 1(a), i.e., encoder, 

separation, and decoder. The proposed model is an 

improvement in the existing model Conv-TasNet. We have 

experimented with the proposed work on different data 

sets, and the number of filters and kernels also varies. In 

the encoder part, the sub-bands of a mixture of a speech 

signal into their representations in a feature space. This 

representation estimates a mask for each source at each 

time. The source is reconstructed using a decoder module. 

Each stage is described in detail. 

1) Time-domain speech separation 

The single channel separation problem can be 

formulated in terms of estimating m sources s1(t), 

s2(t)...sm(t) R1×T, the discrete waveform of the mixture x(t)∈ 

R1×T, where: 

𝑥(𝑡) = ∑𝑆𝑖(𝑡)                                  (1) 

As per [18], Eq. (1) defines that in time-domain audio 

separation, we aim to directly estimate si(t), i = 1, ..., C, 

from x(t). 

2) Convolution encoder-decoder 

The mixture speech signal can be divided into 

overlapping segments of length l, represented by xk∈R1×l, 

K = 1, 2, 3 T is the total number of inputs. 1-D convolution 

operation on ∈ R1×N after this is formulated as a matrix 
again. 

𝑤 =  𝐻(𝑥𝑈𝑇)                                (2) 

As described in Ref. [18], Eq. (2) explains that U 

contains N vectors of length l, and H is the activation factor. 

Here, we have used ReLU.1-D transpose convolution 

operation in the decoder part to reconstruct the waveform 

back. Matrix multiplication operation is used to 

reformulate the encoder/decoder. 

3) Convolution separation model 

The proposed model is a time domain model, in this 

model, we have not changed the mixture input in the 

frequency domain as used in other models like RNN, CNN, 

or DNN. The motivation for not converting the input into 

the time domain is TasNeT and Conv-TasNet. TasNeT and 

Conv-TasNet were proposed to replace the RNN and CNN 

model. 

 

 

 (a) 

 
(b) 

Fig. 1(a). Model of the proposed architecture; (b) Design of 1-D 

convolution block experimental setup. 

Fig. 1. Proposed Architecture and Experimental Setup. 
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In the proposed model, the input of every block is zero-

padded so that the output length matches the input length. 

Fig. 1(b) shows the structure of each 1-D convolutional 

block. The residual path feeds the input of one block to the 

next block. The output of all the blocks is summed up in 

the skip connection path and used as the output of the 

convolution network. Depth-wise separable convolution is 

used to reduce the number of parameters. In image 

processing and machine learning programs, depth-wise 

separation has depicted great results. 

After the 1×1 convolution block and D-conv block, 

linear activation function and normalization error are 

added. The linear activation function used in the proposed 

model is a Rectified Linear Unit (ReLU) as 

mathematically defined in Eq. (3) as per [18]. 

  𝑓(𝑥)  =  max(0, 𝑥)                               (3) 

A linear 1×1- conv block is added as a bottleneck layer 

at the separation module’s start. The job of this block is to 

check the number of channels in the residual and input path 

of the convolution block.  

4) Dataset 

We have worked on openly available data set that is 

TIMIT dataset. The data set consists of 100 audio utterance 

spoken by both males and females. The length of the audio 

signals is different, so zero padding is done to ensure each 

audio signal is the same length. The mixture input is 

created by mixing them randomly at SNR −5 db to 5 db. 

Data set is single channel data set and is resample at 16 

kHz. After mixing the signal 4950 audio files are created. 

The mixture signal has two speakers and Gaussian noise is 

added. Experimental Configuration 

The mixed signals generated are used to test and train 

the model. To check the accuracy of the model, the number 

of epochs was increased and decreased during training, it 

was observed with an increase in epoch size and batch the 

accuracy of the model was increased. The model trained at 

20 epochs gives great accuracy. The number of time steps 

is 33,872,0. The bottleneck of the auto-encoder has 16 

neurons, representing the latent space. The data is shuffled 

after each epoch to ensure the variability in the data 

presented to the model for each batch. The method iterates 

the dataset in batches, feeding each to the proposed model 

to generate a reconstructed output and latent representation 

from the input data. The learning rate is 0.001. Adam [19] 

is an optimizer, and the loss function is a mean square error 

(mse), the batch size is 8. The code is written in a Jyputer 

notebook in tensor flow. 

5) Training objective 

The training objective is to increase the scale in-Variant 

Source-to-Noise Ratio (SI-SNRi) is the standard 

evaluation for speech separation. The formula of SI-SNR: 

As per [19] Eqs. (4−6) are mathematically defined as: 

𝑆𝑡𝑎𝑟𝑔𝑒𝑡 =
(𝑠^,𝑆)𝑆

||𝑆||2                           (4) 

𝑒𝑛𝑜𝑖𝑠𝑒 = 𝑆^ − 𝑆𝑡𝑎𝑟𝑔𝑒𝑡                 (5) 

                            𝑆𝐼𝑁𝑅 = 10𝑙𝑜𝑔10(| |
𝑆𝑡𝑎𝑟𝑔𝑒𝑡

𝑒𝑛𝑜𝑖𝑠𝑒
| |2          (6) 

• The clean speech signal is denoted as s^, and it’s 

what the model aims to predict i.e., separated from 

the mixed signal. 

• The predicted signal is denoted as s, which is the 

output of the model. 

• The signal power (s^, s) refers to the energy or 

magnitude of the clean and predicted signals, used 

to evaluate the quality of the prediction  

6) Evaluation matrix 

We have evaluated the separated speech signals in terms 

of PESQ and improvement in the scale in-variant source-

to-noise ratio (SI-SNRi) and signal-to-distortion ratio 

SDRi. Table I shows the results and improvements in 

comparison with the existing technique. 

III. RESULT AND DISCUSSION 

Fig. 2 highlights the comparative performance of two 

encoder configurations, ReLU+Sigmoid and 

Linear+Sigmoid, in terms of SI-SNR (Scale-Invariant 

Signal-to-Noise Ratio) and SDRi (Signal-to-Distortion 

Ratio improvement). It is evident from the results that the 

Linear+Sigmoid model outperforms the ReLU+Sigmoid 

model across both metrics. Specifically, the 

Linear+Sigmoid model achieves an SDRi of 12.4, whereas 

the ReLU+Sigmoid model only reaches 9.78, signifying a 

significant improvement in signal distortion reduction. 

Similarly, the SI-SNR of the Linear+Sigmoid model is 

marginally higher (12.1), while the ReLU+Sigmoid 

configuration lags slightly behind at 9.93. This 

demonstrates that the choice of encoder significantly 

impacts the overall model performance, and 

Linear+Sigmoid offers more robustness in separating 

speech signals from noise, particularly in challenging 

conditions. Such a result aligns with the hypothesis that 

linear encoders can capture more intricate patterns within 

the data, leading to enhanced signal recovery. In Fig. 3, the 

learning behavior of the proposed model is illustrated via 

the training loss curve. The loss, a measure of the model’s 

prediction error, consistently declines throughout training. 

Initially, the model starts with a loss value of 0.0036. As 

training progresses, the loss gradually decreases to 0.0024, 

which indicates successful optimization and convergence. 

This downward trend suggests that the model is learning 

effectively, continuously improving its ability to separate 

and enhance speech signals from noisy mixtures. Reducing 

loss over time is critical for confirming that the model is 

optimizing towards a better solution and avoiding common 

issues like over-fitting. The consistent drop in loss values 

reaffirms the model’s generalization capability and 

adaptability to unseen data. Fig. 4 provides a bar graph 

representation of SI-SNRi (Signal-to-Interference-plus-

Noise Ratio improvement) achieved by the proposed 

model. The SI-SNRi metric is particularly important as it 

measures how effectively the model enhances the clarity 

of speech signals by reducing background noise and 

interference. From the graph, it is clear that the proposed 

model exhibits a notable improvement in SI-SNRi 

compared to the baseline models, highlighting its superior 

performance in isolating speech from noise. These results 

validate the model’s robustness and suggest that it can be 
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applied in real-world scenarios where noise interference is 

prevalent, such as in noisy environments like cars, 

crowded places, or industrial settings. Fig. 5 presents the 

waveform visualization of the mixture speech signal 

alongside the separated speech signals 1 and 2, which have 

high and low Signal-to-Noise Ratios (SNR). The 

waveforms show that the proposed model is highly 

effective in separating the speech components within the 

mixture, as evidenced by the clear waveform 

differentiation for both signals. The mixture signal shows 

heavy interference, with overlapping speech and 

background noise. However, in the separated signals, the 

high SNR signal exhibits minimal noise, and the speech is 

discernible, while the low SNR signal still shows effective 

separation but with slight residual noise, as expected. This 

waveform comparison is crucial in demonstrating the 

model’s practical ability to handle speech signals with 

varying noise levels, proving that the model can perform 

well even in scenarios where the input speech is 

significantly corrupted.  

• The mixture signal shows heavy interference, with 

overlapping speech and background noise. 

• However, in the separated signals, the high SNR 

signal exhibits minimal noise, and the speech is 

discernible, while the low SNR signal still shows 

effective separation but with slight residual noise, 

as expected. 

This waveform comparison is crucial in demonstrating 

the model’s practical ability to handle speech signals with 

varying noise levels, proving that the model can perform 

well even in scenarios where the input speech is 

significantly corrupted. Table I compares two different 

configurations of the separation model based on SI-SNRi 

and SDRi metrics. The ReLU activation function 

configuration consistently yields superior performance, 

achieving higher SI-SNRi and SDRi scores compared to 

the alternative configuration. Specifically, the ReLU-

activated model demonstrates better speech separation 

quality and reduced signal distortion. In Fig. 6, the 

performance of the proposed model is compared to that of 

existing speech separation techniques. The figure 

highlights key metrics such as SI-SNRi and SDRi, 

showing that the proposed model offers competitive or 

superior performance over established models like Conv-

TasNet or other traditional masking approaches. Table II 

compares the Perceptual Evaluation of Speech Quality 

(PESQ) scores of different models, including the Ideal T-

Mask, Conv-TasNet, and the proposed model, tested on the 

TIMIT and WSJ0-2mix datasets. PESQ is an important 

metric as it quantifies the perceived quality of the speech 

signals post-separation. The results indicate that the 

proposed model achieves competitive PESQ scores on 

both datasets, with the scores being comparable to or 

exceeding those of the Conv-TasNet and Ideal T-Mask 

models. This demonstrates that the proposed model excels 

at signal separation and maintains high speech quality, 

which is crucial for real-world applications where both 

clarity and naturalness of speech are essential. 

 

Fig. 2.
 
Comparison of different encoders used in deep speaknet model.

 

 
Fig. 3. Curve between loss and epochs. 

TABLE I. COMPARISON OF DIFFERENT ENCODERS USED IN DEEP SPEAK 

NET 

TABLE II. PESQ FOR THE IDEAL T-MASK, CONV-TASNET AND 

PROPOSED MODEL 

Data-Sets IRM IBM Conv-TasNet 
Proposed 

Model 

TIMIT 3.14 3.03 2.41 2.64 

WSJ0-2mix 3.34 3.35 2.32 − 

 

 
Fig. 4. SI-SNRi for the separated signals. 

ENCODER MASK MODEL SIZE SI-SNR SDRI 

LINEAR SIGMOID 1.8M 12.4 12.1 

RELU SIGMOID 1.8M 9.78 9.93 
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Fig. 5.  Waveform of mixture signals and separated signals. 

 

Fig. 6. Comparison of existing approaches with the proposed approach. 

IV. CONCLUSION 

The proposed framework addresses the drawbacks of 

decoupling the magnitude and phase components when a 

Short-Time Fourier Transform (STFT) is performed on the 

input signal. When reconstructing the signal back to the 

time domain, this decoupling often results in loss in 

reconstructing the original signal, i.e., degraded speech 

quality. To overcome this issue, our approach avoids 

converting the input mixture signal into the frequency 

domain altogether. Instead, we conduct our experiments in 

the time domain, focusing on single-channel speech 

separation, which is inherently more challenging. This 

methodology has significant potential to enhance speech 

separation by preserving the quality of the speech signal 

throughout the processes. 

Implications for Real-World Applications: 

• Speech Processing Applications: The proposed 

framework’s ability to maintain speech quality 

makes it particularly suitable for real-world 

applications such as telecommunication, hearing 

aids, and voice-controlled devices, where clear 

speech is critical. 

• Future Research Directions: This work lays the 

foundation for future research aimed at further 

optimizing time-domain speech separation 

methods. Potential areas of exploration include 

enhancing model architecture for better accuracy 

and speed, integrating with other speech 

processing tasks, and adapting the model for multi-

channel inputs. 

In summary, our proposed framework represents a 

significant step forward in the field of automatic speech 

separation. By addressing the limitations of frequency 

domain methods and embracing the challenges of time-

domain processing, we pave the way for more effective 

and practical speech separation solutions. 
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