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SUMMARY: This study proposes an improved UNet stereo echo cancellation method based 

on SCSconv and channel attention mechanism to address the problems of strong acoustic 

coupling, nonlinear echo path, large computational complexity, slow convergence, and 

insufficient speech fidelity of traditional adaptive filtering algorithms in car multi-channel 

audio systems. Firstly, clarify the principles of single channel and multi-channel echo 

cancellation, and analyze the mechanisms of echo and acoustic echo generation in vehicle 

transmission lines; Secondly, a lightweight deep learning model is constructed that integrates 

SCSconv spatial channel decoupling convolution and ECA/SKNet hybrid attention mechanism. 

Attention modules are embedded in the encoder and decoder layers to optimize speech feature 

extraction, reduce computational overhead, and suppress overfitting; Finally, comparative 

experiments were conducted under different reverberation times (RT60=0.3~0.9 s) and 

signal-to-noise ratios (-5 dB, 0 dB). The results showed that the proposed method achieved 

the highest echo return loss enhancement (ERLE) of 54.5 dB and the highest speech quality 

assessment (PESQ) of 2.80 in various vehicle acoustic environments. Its comprehensive 

performance was superior to traditional adaptive filtering and benchmark deep learning 

models, and it met the requirements of low latency (<20 ms) for real-time communication. It 

can effectively suppress vehicle reverberation, road noise, and multipath interference, 

providing an effective technical solution for quality control and stereo echo cancellation of 

intelligent vehicle audio systems. 

 

KEYWORDS: Deep learning; Loudspeaker; Quality control; Stereo sound; Echo 

cancellation 

1 Stereo echo cancellation 

Although mono and multi-channel echo cancellation technologies follow the same core 

principles, in the car environment, there is a strong correlation between the output signals of 

multi-channel speakers, which can easily cause complex acoustic coupling effects, resulting in 

highly nonlinear and time-varying echo paths. Traditional echo cancellation methods often 

struggle to suppress echoes while preserving key speech components in hands-free 

communication scenarios in vehicles, especially when dealing with unique acoustic 

propagation characteristics brought about by enclosed spaces, multiple reflective interfaces, 

and diverse speaker layouts. Their performance is significantly inadequate. The closed 
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acoustic environment, multiple reflective surfaces, and differentiated speaker installation 

positions of modern vehicles have raised higher requirements for the pertinence and 

adaptability of echo cancellation solutions. This article focuses on the application needs of car 

speaker systems and studies a deep learning based stereo echo cancellation method. The core 

goal is to ensure that the method has excellent robustness to different car acoustic 

environments and diverse speaker configurations, while meeting the high-quality 

requirements of car voice interaction and hands-free communication. 

1.1 Stereo 

Car echoes can be divided into two categories: (1) line echoes, mainly caused by impedance 

mismatch between car audio wiring harnesses and internal circuits of information and 

entertainment systems [1, 2]. (2) Acoustic echo is mainly generated by the acoustic coupling 

between multi-channel speakers and distributed microphones inside the car. The coupling 

effect of the above two types of echoes will form a complex signal interaction relationship. 

The microphone array not only collects effective speech signals at the near end, but also picks 

up delayed speaker playback signals. If effective echo cancellation is not performed, such 

reflected signals will form severe echo interference, significantly deteriorating speech 

recognition accuracy and hands-free call sound quality. According to the hardware 

architecture of the system, in car acoustic echo can be further divided into three categories: 

single microphone basic system, multi microphone beamforming array high-order system, and 

high-performance stereo echo cancellation system applied to the three-dimensional sound 

field environment of luxury car models [3-5]. Due to the special acoustic characteristics 

inside the cabin, the difficulty of in car echo cancellation is much higher than that in open and 

free sound field environments. 

1.2 Adaptive filtering echo cancellation 

Various adaptive filtering algorithms exhibit distinct performance characteristics when 

applied to automotive audio systems. The least mean square (LMS) algorithm, normalized 

LMS (NLMS), and partitioned block frequency-domain adaptive filters each demonstrate 

unique trade-offs in computational efficiency and convergence behavior for in-car 

applications. Modern vehicle cabins present particularly challenging acoustic environments - 

beyond echo cancellation requirements, these systems must contend with road noise 

(20-2000Hz), engine vibrations (30-300Hz), wind turbulence (100-5000Hz), and interference 

from adjacent audio channels in multi-speaker configurations (typically 4-16 channels in 

premium systems). Speech signals in this environment exhibit non-stationary characteristics 

with rapidly changing statistical properties, particularly during acceleration/deceleration 

scenarios where cabin acoustics dynamically change. Adaptive filters address these challenges 

through continuous coefficient updates via stochastic gradient descent, achieving 

Wiener-optimal solutions under stationary conditions. During non-stationary operation - such 

as when windows are opened or seating configurations change - these algorithms maintain 

performance through real-time parameter adaptation, making them indispensable for 

automotive-grade echo cancellation and noise reduction systems [6, 7]. Recent 

implementations in luxury vehicles have demonstrated 18-22dB improvement in echo return 

loss enhancement (ERLE) compared to conventional approaches. 

In automotive acoustic systems, the core principle of acoustic echo cancellation is the 

cancellation technique based on adaptive filtering. As shown in Figure 1, this technology first 

identifies the impulse response between the speaker and microphone through an adaptive filter, 

accurately estimating the echo path characteristic parameters (including time delay, 
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attenuation, etc.). The original audio signal (red) played by the speaker propagates through the 

acoustic environment and is received by the microphone to form an echo signal (blue). The 

system generates an accurate simulated echo signal through the established path model, and 

then produces its inverted signal (green). Finally, the received signal is superimposed with the 

inverted signal to achieve echo cancellation. The key to the entire process lies in whether the 

adaptive filter can accurately simulate the echo path characteristics in complex acoustic 

environments, including multipath effects, nonlinear distortion, and other factors. 

 

Figure 1: Principle of Acoustic Echo Cancellation 

 

Figure 2: Schematic structure diagram of the adaptive filter 

The key to acoustic echo cancellation lies in designing an adaptive filter that can 

accurately cancel out the echo signal. The schematic diagram of the adaptive filter structure is 

shown in Figure 2. This filter automatically adjusts parameters to optimize performance by 

analyzing the statistical characteristics of input/output signals in real-time. According to the 

analysis of the figure above, x(n) refers to the signal of the input system, y (n) refers to the 

signal of the reference application,a (n) refers to the output content of the adaptive filter, and 

y(n) refers to the error signal, which is the difference between the output content of the 

adaptive filter and the reference signal[8]. In practice, the adaptive filter will update the 

coefficient w (n) of the iterative filter according to the error signal at different times, so as to 

obtain the optimal solution while controlling the error.The core of this process is to 

dynamically adjust the filter coefficients to accurately simulate the acoustic environment 

characteristics, ultimately ensuring that the output signal does not contain echo components. 
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In order to detect the echo-cancellation performance of adaptive filtering, the dual-talk 

detection algorithm is usually used to study the following two algorithms: on the one hand, 

the Geigel algorithm. This algorithm is a dual-talk detection algorithm with signal energy as 

the core. The actual calculation formula of the amplitude d (n) and the maximum amplitude x 

(n) of the distal signal is as follows: 

 𝜉𝐺(𝑛) =
|𝑑(𝑛)|

𝑚𝑎𝑥(|𝑥(𝑛−1)|,|𝑥(𝑛−2)|,|−−,𝑥(𝑛−𝐿𝑙)|)
 (1) 

On the other hand, the normalized cross-correlation algorithm. This algorithm uses the 

correlation between the remote signal and the proximal signal to accurately judge the state of 

the call, and normalize the data after obtaining the relevant values. The actual calculation 

formula is as follows: 

 𝜉𝑁𝐶𝐶(𝑛) = √𝑟𝑥𝑑
𝑇 (𝜎𝑑

2𝑅𝑥𝑥)
−1𝑟𝑥𝑑 (2) 

In the above formula, Rxx represents the autocorrelation matrix of x (n), σd
2representing 

the variance of the reference signal, and rxd represents the correlation vector between the 

target signal x (n) and the reference signal d (n). 

1.3 Echo cancellation based on deep learning 

Deep learning under the condition of complex nonlinear has strong modeling ability and 

self-learning ability, is widely used in image processing, voice enhancement, and speech 

separation, in recent years, deep learning algorithm as the core of the echo elimination 

technology method got the attention of scholars, its application in the practical research 

presents a good elimination effect. Here is an example of how to implement the BLSTM 

model in python: Especially in the nonlinear complex system environment, if you have 

sufficient training data, so this method can in the match and mismatch test samples for better 

performance, and according to their own unique learning ability under different cases of call 

status, avoid rear filter, detection operation error, specific process as shown in figure 3 below: 

 

Figure 3: BLSTM model code 
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2 UNet acoustic echo elimination method based on SCSconv 

and channel attention 

The deep learning based echo cancellation model architecture proposed in this article 

effectively eliminates acoustic echoes using neural networks, while addressing key 

implementation challenges, as shown in Figure 4. The model utilizes SCSconv 

(Spatial-Channel Separable Convolution) and channel attention mechanisms to achieve 

optimal performance with reduced complexity. As shown in the figure below, this approach 

maintains the unique advantages of deep learning for echo cancellation - including 

cost-effectiveness, flexibility, and strong applicability - while specifically overcoming the 

common drawbacks of conventional deep neural networks. This schematic diagram clearly 

reveals the core working mechanism of the SCSconv module. By decoupling spatial and 

channel features, the computational cost of the model is effectively reduced, and integrating 

ECA and SKNet attention mechanisms, the feature representation can be dynamically 

optimized and adaptively adjusted, thereby significantly reducing the risk of model overfitting 

[13-15]. This balanced design, visually represented in the model diagram, achieves 

high-precision echo cancellation without the excessive computational costs typically 

associated with complex network structures. 

 

Figure 4: A diagram of the echo-cancellation model based on deep learning 

2.1 Construct the network model 

Combined with the network model analysis shown in Figure 5 below, The encoder and 

decoder are divided into four layers, Intermediate use of convolution for effective connection, 

SCSconv-UNet adds the ECA module and the SKNet module to each layer of the convolution 

module of the encoder, Can better acquire and characterize the characteristic data of the 

speech signals, Improve the robustness of the model applications, Enhance the environmental 

adaptability of the model application, Optimizing the learning efficiency of the model 

applications, To improve the performance and accuracy of the network model to clear the 

acoustic echo; Add SCSconv and ECA attention after sampling up to each layer of the decoder, 

Adding SCSconv and SKNet attention to the original convolution, Ability to improve the 

quality of model-reconstructed speech signals, Enhance the ability to remove the acoustic 
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echoes, Reduce information redundancy, Reduce the risk of developing an overfitting, Really 

achieve the goal of speech [16]. 

 

Figure 5: Structure diagram of the network model 

As a lightweight network model, CA attention will actually start with embedding 

coordinate signals and generating coordinate attention. After one-dimensional horizontal and 

vertical global pooling operations based on the input signal, and the specific number of 

channels is set to C, then the output formula at height h is as follows [17]: 

 𝑧𝑐
ℎℎ =

1

𝑊
∑ 𝑥𝑐0≤𝑖<𝑊 (ℎ, 𝑖) (3) 

The output of channel C with width w is calculated by the following formula 

 :𝑧𝑐
𝑤𝑤 =

1

𝐻
∑ 𝑥𝑐0≤𝑗<𝐻 (𝑗, 𝑤) (4) 

When generating coordinate attention, the previously generated feature path will be 

processed as follows after 11 convolution transformation F1: 

 𝑓 = 𝛿(𝐹1([𝑧
ℎ, 𝑧𝑤])) (5) 

In the above formula, it refers to the nonlinear activation function, which refers to the 

feature setting result of encoding the spatial information in the horizontal and vertical 

directions. After splitting f along the spatial dimension into two conditions shown below, 

through convolution transformation acquisition, the continued activation function through 

sigmoid and relocation can get the following: 
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 𝑓 = 𝛿(𝐹1([𝑧
ℎ, 𝑧𝑤])) (6) 

 𝑦𝑐(𝑖, 𝑗) = 𝑥𝑐(𝑖, 𝑗) × 𝑔𝑐
ℎ(𝑖) × 𝑔𝑐

𝑤(𝑗) (7) 

SKNet refers to the in each convolution layer with a large number of different size 

convolution kernel, through the attention convolution convolution kernel weighted processing 

module has different size of the convolution kernel, so can obtain and fuse the characteristics 

of different scale of signal, at the same time under the influence of attention mechanism, can 

dynamically adjust the characteristics of various scale information weight value, and improve 

the performance of the model. First, implement the convolution conversion operation for the 

kernel of input features. The specific formula is as follows: 

 ℱ̃: 𝑋 → 𝑈̃ ∈ ℝ𝐻×𝑊×𝑋 (8) 

 ℱ̂: 𝑋 → 𝑈̂ ∈ ℝ𝐻×𝑊×𝑋 (9) 

In the above formula, it is formed in order according to the batch normalization and ReLU 

functions. 

Combined with the basic idea, the gate is used to control the information flow, but the 

information flow will enter the neurons in the next layer with different sizes of information 

from each branch, so it is necessary to set the information of all branches at the gate [18]. The 

specific formula is as follows 

 𝑈 = 𝑈̃ + 𝑈̂ (10) 

After the global averaging operation and dimension reduction processing, the following 

formula can be obtained: 

 𝑠𝑐 = ℱ𝑔𝑝(𝑈𝑐) =
1

𝐻×𝑊
∑ ∑ 𝑈𝑐

𝑊
𝑗=1

𝐻
𝑖=1 (𝑖, 𝑗) (11) 

In the above formula, z represents the compression feature, represents the ReLU function, 

and meets this condition. The compression feature z is used to select the information of soft 

attention across channels, thus realizing softmax operation. The specific formula is as follows: 

 𝑧 = ℱ𝑓𝑐(𝑠) = 𝛿(𝐵𝑁(𝑊𝑠)) (12) 

In the above formula, the fits with 

 𝐴, 𝐵 ∈ ℝ𝐶×𝑑 (13) 

Conditions, a and b refer to the soft attention vectors. To obtain the feature map according 

to the attention weight on each core, the specific formula is as follows: 

 𝑉𝑐 = 𝑎𝑐 ⋅ 𝑈̃𝑐 + 𝑏𝑐 ⋅ 𝑈̂𝑐 , 𝑎𝑐 + 𝑏𝑐 = 1 (14) 

The ECA attention module allows the input feature graph to obtain the local channel 

interaction information after the global averaging processing, and then goes through a fast 

one-dimensional convolution processing with kernel size k. The specific formula is as follows 

 𝜔 = 𝜎(𝐶1𝐷𝑘(𝑦)) (15) 
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In the above formula, k represents the coverage of the interaction, and there is a linear 

mapping relationship between the convolution kernel size k and the number of channels C. If 

it belongs to a linear function, then certain constraints will arise, so it can be transformed into 

a non-linear relationship by processing. The specific formula is as follows: 

 𝜑(𝑘) = 𝛾 ∗ 𝑘 − 𝑏 (16) 

 𝐶 = 𝜑(𝑘) = 2(𝛾∗𝑘−𝑏) (17) 

If the number of channels is C, then the size of the convolution kernel is calculated by the 

following formula [19]: 

 𝑘 = 𝜓(𝐶) = |
𝑙𝑜𝑔2(𝐶)

𝛾
+

𝑏

𝛾
|
𝑜𝑑𝑑

 (18) 

In the above formula, the odd number closest to t meets this condition. 

SCSconv The structure of the convolutional network model is divided into two parts. On 

the one hand, |𝑡|𝑜𝑑𝑑 it refers to the spatial reconstruction unit, and on the other hand, = 2 , 

𝑏 = 1 it refers to the channel reconstruction unit. Both can obtain the input speech signal as 

soon as possible, effectively control the occurrence of overfitting phenomenon, and improve 

the accuracy of the model to obtain the speech signal features. Assuming that the input feature 

is, N refers to the batch processing, C refers to the channel, H represents the height, and W 

refers to the width, then the calculation formula for analyzing the standardized input features 

is as follows [20]: 

 𝑋𝑜𝑢𝑡 = 𝐺𝑁(𝑋) = 𝛾 
𝑋−𝜇

√𝜎2+𝜀
+ 𝛽 (19) 

The normalized relevant weight values are as follows 

 𝛾 ∈ 𝑅𝐶 (20) 

 𝑤𝛾 = {𝑤𝑖} =
𝛾𝑖

∑ 𝛾𝑗
𝐶
𝑗=1

, 𝑖, 𝑗 = 1,2,⋯ , 𝐶 (21) 

The described formula is gated by the sigmoid function mapping, and the following 

contents can be obtained: 

 𝑊 = 𝐺𝑎𝑡𝑒 (𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑊𝛾(𝐺𝑁(𝑋)))) (22) 

After cross-processing of more informative features and less features, new content can be 

reconstructed. 

3 Case analysis 

In order to evaluate the model's performance in automotive audio systems, we constructed a 

test set comprising 20% of the speaker utterances from a clean database, with the simulated 

vehicle cabin environment set to a baseline reverberation time (RT60) of 0.5 seconds. This 

setup allows us to systematically investigate how different cabin acoustic conditions (varying 

RT60 levels) affect echo cancellation performance. The evaluation compares our proposed 
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method against benchmark algorithms including: the minimum frequency mean square 

adaptive filtering, CRN network-based echo cancellation, and the enhanced PBFDLMS 

algorithm for residual echo and noise processing. 

The PBFDLMS algorithm incorporates dual-talk detection to maintain stable performance 

during simultaneous speech scenarios. Comprehensive testing was conducted across multiple 

cabin acoustic environments, and finally obtained the performance results of the algorithm in 

Table 1, RT60 = 0.3s, Table 2, RT 60 = 0.6s. Table 3, RT 60 = 0.9s in-5dB.Table 4 RT60 = 

0.3s Table 5 RT60 = 0.6s. Table 6 Performance comparison results of the algorithm at RT 60 = 

0.9s at 0 dB. 

Table 1: Results of the performance comparison of the algorithm at-5dB,RT60 = 0.3 s 

algorithm 
ERLE/dB 

(5) 

ERLE/dB 

(10) 

ERLE/dB 

(15) 

ERLE/dB 

(20) 

PESQ 

(5) 

PESQ 

(10) 

PESQ 

(15) 

untreated 1.47 1.54 1.54 1.64 - - - 

PBFDLMS 8.7 7.8 7.5 7.5 1.56 1.62 1.58 

CRN 39.3 36.5 37.6 39.0 2.02 2.14 2.13 

GCRN 51.9 47.7 50.1 51.9 2.31 2.37 2.46 

SNR = -5 dB, RT60 = 0.3 s 

Table 2: Results of the performance comparison of the algorithm at-5dB,RT60 = 0.6 s 

algorithm 
ERLE/dB 

(5) 

ERLE/dB 

(10) 

ERLE/dB 

(15) 

ERLE/dB 

(20) 

PESQ 

(5) 

PESQ 

(10) 

PESQ 

(15) 

untreated 1.52 1.51 1.59 1.55 - - - 

PBFDLMS 8.3 7.8 7.3 7.3 1.64 1.56 1.64 

CRN 37.0 37.8 37.4 37.5 2.06 2.07 2.14 

GCRN 49.2 50.2 51.7 - - - - 

SNR = -5 dB, RT60 = 0.6 s 

Table 3: Results of the performance comparison of the algorithm at-5dB,RT60 = 0.9 s 

algorithm 
ERLE/dB 

(5) 

ERLE/dB 

(10) 

ERLE/dB 

(15) 

ERLE/dB 

(20) 

PESQ 

(5) 

PESQ 

(10) 

PESQ 

(15) 

untreated 1.47 1.53 1.58 1.56 - - - 

PBFDLMS 8.3 7.6 7.5 7.4 1.59 1.65 1.59 

CRN 35.9 36.8 37.9 37.4 1.99 2.04 1.99 

GCRN 47.1 51.5 51.5 50.7 2.22 2.32 2.22 

SNR = -5 dB, RT60 = 0.9 s 

 

Combined with the content analysis shown in Table 1 below, it can be seen that the 

reverberation time difference between the three algorithm models under different indexes is 

not significant, among which the contrast difference of ERLE index is not significant, and the 

PESQ index does not follow the change, and all the three will be affected by noise energy. 
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Table 4: Results of the performance comparison of the algorithm at 0 dB,RT60 = 0.3 s 

algorithm 
ERLE/dB 

(5) 

ERLE/dB 

(10) 

ERLE/dB 

(15) 

ERLE/dB 

(20) 

PESQ 

(5) 

PESQ 

(10) 

PESQ 

(15) 

untreated 1.67 1.77 1.77 1.95 - - - 

PBFDLMS 9.8 8.8 7.9 7.6 1.80 1.87 1.81 

CRN 39.5 39.6 36.8 38.7 2.29 2.41 2.41 

GCRN 53.1 54.5 49.6 53.5 2.59 2.79 2.76 

SNR = 0 dB, RT60 = 0.3 s 

Table 5: Results of the performance comparison of the algorithm at 0 dB,RT60 = 0.6 s 

algorithm 
ERLE/dB 

(5) 

ERLE/dB 

(10) 

ERLE/dB 

(15) 

ERLE/dB 

(20) 

PESQ 

(5) 

PESQ 

(10) 

PESQ 

(15) 

untreated 1.66 1.75 1.80 1.92 - - - 

PBFDLMS 10.3 8.6 7.7 7.7 1.82 1.85 1.86 

CRN 39.4 39.0 39.2 39.2 2.31 2.39 2.44 

GCRN 52.5 51.5 54.2 52.9 2.64 2.69 2.77 

SNR = 0dB, RT60 = 0.6 s 

Table 6: Results of the performance comparison of the algorithm at 0 dB,RT60 = 0.9s 

algorithm 
ERLE/dB 

(5) 

ERLE/dB 

(10) 

ERLE/dB 

(15) 

ERLE/dB 

(20) 

PESQ 

(5) 

PESQ 

(10) 

PESQ 

(15) 

untreated 1.72 1.83 1.85 1.86 - - - 

PBFDLMS 9.8 8.6 7.8 7.4 1.86 1.93 1.90 

CRN 38.7 39.0 38.1 38.5 2.33 2.42 2.47 

GCRN 52.3 50.6 51.9 51.3 2.63 2.75 2.80 

SNR = 0 dB, RT60 = 0.9 s 

 

Combined with the content analysis shown in Table 1-3 above, it can be seen that the 

reverberation time difference between the three algorithm models under different indexes is 

not significant, among which the contrast difference of ERLE index is not significant, and the 

PESQ index does not follow the change, and all the three will be affected by noise 

energy.Combined with the content analysis shown in Table 4-6 above, it can be seen that the 

performance of the three algorithm models is improved compared with Table 1-3, but the 

difference of the test indicators under different conditions is not obvious, which proves that 

the noise energy is also the main factor affecting the performance of the algorithm.The overall 

test index of the three algorithms is comprehensively improved, and under the same 

reverberation time, the ERLE index will show a downward trend along with the increase of 

SER level, which proves that the noise energy is no longer the main factor affecting the 

performance. From the overall comparison results, the CCRN model is significantly better 

than the other two models in each test condition, especially at the low SER level, its 

performance is much better than the adaptive filtering algorithm because of the high energy of 

noise and the residual echo, so the model performance decreases; For the CCRN model, the 

noise and echo components present in the proximal microphone signal have good suppression 

effect. In order to further verify the application performance of the algorithm under real 

conditions, the generalization ability of the model under different room sizes and different 

reverberation times can be verified by combining the actual physical data, so as to provide 

technical support for the study of stereo echo elimination in the new era. 
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4 Conclusion 

In modern intelligent in car systems, high-quality voice communication has become a key 

support for core functions such as hands-free calling, voice assistant interaction, and in car 

meetings. With the continuous evolution of car audio architecture, the traditional single 

microphone configuration has been gradually upgraded to the 4-16 channel advanced 

multi-channel microphone array commonly used in high-end models. While effectively 

breaking through the performance limitations of traditional single input systems, it has 

significantly improved the accuracy and quality of capturing in car voice signals. The acoustic 

echo cancellation and noise suppression framework proposed in this article is specifically 

designed for the unique acoustic challenges of vehicle environments. It can effectively 

address typical problems such as cabin reverberation (reverberation time RT60 of 0.3-0.9s), 

road noise (frequency range of 20-2000Hz), and multi-path interference from vehicle speakers. 

It not only solves the problem of non uniqueness in traditional adaptive filters, but also 

maintains low latency performance (<20ms), fully meeting the real-time requirements of 

voice interaction in vehicle scenarios. This advancement provides a robust technical 

foundation for next-generation automotive voice interfaces, particularly in luxury vehicles 

with 3D audio systems and autonomous driving applications requiring crystal-clear voice 

interaction.  
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