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 Acoustic echo cancellation (AEC) is a fundamental requirement of signal 

processing to increase the quality of teleconferences. In this paper, a system 

that combines the Laguerre method with neural networks is proposed for 

AEC. In particular, the signal is processed using the Laguerre method to 

effectively handle nonlinear transmission line system. The results after 

applying the Laguerre method are then fed into a neural network for training 

and acoustic echo cancellation. The proposed system is tested on both linear 

and nonlinear transmission lines. Simulation results show that combining the 

Laguerre method with neural networks is highly effective for AEC in both 

linear and nonlinear transmission lines system. The AEC results obtained by 

the proposed method achieves a significant improvement in nonlinear 

transmission lines and it is the basis for building a practical echo 

cancellation system. 
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1. INTRODUCTION 

Acoustic echo is a factor that affects the quality of conversation in meetings as well as 

teleconferences meetings with multiple participants. Acoustic echo increases when two people speak 

simultaneously or when the microphone is placed near the speaker. Therefore, acoustic echo cancellation 

(AEC) is an area that has been of interest and implementation by scientists for many years [1]–[4]. Various 

methods have been applied to eliminate acoustic echo, such as adaptive filtering, FIR filtering, and neural 

networks [5]–[8]. Among them, AEC techniques based on adaptive filtering can be mentioned, such as least 

mean square (LMS), normalized LMS (NLMS), block LMS (BLMS) [9]–[12]. In [13], Yue Song et al. 

proposed the nonparametric variable step-size subband (NPVSS-NSAF) method for AEC. The variable step-

size parameter is determined based on minimizing the sum of the square Euclidean norm of the difference 

between weight vectors at the current and past times. Simulation results of the proposed method show good 

AEC performance and fast convergence. 

However, due to the nonlinear transmission line system, the use of the filters for echo cancellation 

still has many limitations and low performance. Therefore, more advanced techniques have been employed 

for AEC. One of these techniques is the use of the Laguerre method. With the application of the Laguerre 

method, the effectiveness of AEC has been improved [14]–[16]. In [17], Huynh combined low-pass filtering 

and Laguerre transformation with artificial neural networks (ANN) for AEC. The proposed system utilized a 

multi-layer feedforward neural network, although the exact number of hidden layers and nodes in each layer 
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was not explicitly mentioned. In addition, music signals sampled at a frequency of 8000 Hz were used to 

evaluate the system's performance in this case. The AEC results of the proposed system also achieved 

relatively good performance. 

Nowadays, with the advancement of computer science and artificial neural networks, signal 

processing methods using neural networks have been applied in various fields such as healthcare, industry, 

robotics, and education [18]–[22]. Among them, AEC using neural networks has also been employed and has 

achieved certain results. In practies, Seo et al. [23] utilized deep learning networks to eliminate acoustic echo 

and background noise. The proposed network architecture consisted of 6,682 nodes in the input layer, with 3 

hidden layers, each hidden layer containing of 1024 nodes using sigmoid activation functions, and the output 

layer also utilized sigmoid activation functions with a total of 512 nodes. The training epoch was set to 50, 

and the initial learning rate was 10-5, which decayed by 10% after epoch 20. The proposed system was 

evaluated based on the TIMIT database and achieved good results. 

In this paper, we propose an end-to-end framework based on the Laguerre method combined with 

neural networks for the AEC. The signal received from the source contains echo components, which are 

processed using the Laguerre method. The results obtained from the Laguerre method are then fed into a 

neural network for training and restoring the audio signal without echo. The proposed method has the 

advantage of effectively canceling acoustic echo on both linear and nonlinear transmission lines system. 

Furthermore, the proposed method demonstrates the advantage of achieving high AEC performance with a 

low number of neural network inputs. The results show that the proposed method yield more excellence than 

other related algorithms for the AEC in the nonlinear transmission lines. The remaind of this paper is 

organized as follows: Section 2 describes the proposed and method for the AEC. Section 3 shows the 

experimental results and discussion in detail and section 4 presents some conclusions.  

 

 

2. METHOD 

In this section, the proposed method for the AEC is presented. In addition, the theory related to the 

AEC is briefly described. The detail is presented as below.  

 

2.1.  Proposed method 

The AEC is a research area of great interest to scientists worldwide, in which many signal 

processing methods are applied and developed for the AEC. In this paper, we propose an AEC system as in 

Figure 1. In practice, the system consists of a preprocessing block to handle audio signals containing acoustic 

echo components, and the processed signals are then fed into a neural network for training and cancelling 

acoustic echo components to obtain the cleanest audio signal. To compare the effectiveness of the 

preprocessing method when combined with the adaptive filter and neural network for AEC, methods 

including FIR filtering and Laguerre method are utilized. The preprocessed signals are then fed into a multi-

layer feedforward neural network to cancelling acoustic echo components. The AEC proposed method is also 

evaluated in both linear and nonlinear transmission lines system. 

 

 

 
 

Figure 1. Proposed system for acoustic echo cancellation system 

 

 

2.2.  Acoustic echo cancellation principle 

The block diagram of the AEC principal system is described as in Figure 2 [24]. Here, the audio 

signal source is denoted as 𝑠[𝑛], the impulse responses from the transmitter room to the microphone at the 

receiver room are 𝑔1[𝑛] and 𝑔2[𝑛]. The impulse responses from the speaker to the microphone at the receiver 

room are ℎ1[𝑛] and ℎ2[𝑛]. The impulse response of the adaptive filter is ℎ̂1[𝑛] and ℎ̂2[𝑛] (used for the AEC 

at the receiver room). The AEC principal system at the receiver room is described below. The output signal 

containing the acoustic echo 𝑦̂[𝑛] is calculated as follows,  

 

𝑦̂[𝑛] = ℎ̂1[𝑛] ∗ 𝑥1[𝑛] + ℎ̂2[𝑛] ∗ 𝑥2[𝑛] (1) 
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If ℎ̂1[𝑛] = ℎ1[𝑛] and ℎ̂2[𝑛] = ℎ2[𝑛], we have,  

 

𝑦̂[𝑛] = ℎ1[𝑛] ∗ 𝑥1[𝑛] + ℎ2[𝑛] ∗ 𝑥2[𝑛] = 𝑦[𝑛] (2) 

 

In which, 𝑦[𝑛] is the output signal at the speaker without containing the acoustic echo. It is obvious that the 

signal transmitted from the transmitter room to the receiver room is suppressed by the subtraction filter and 

does not transmit back to the transmitter room. Therefore, the acoustic echo components are cancelled. The 

difference between the actual output signal and the output signal after processing is expressed as follows,  

 

𝑒[𝑛] = 𝑦[𝑛]  − 𝑦̂[𝑛] = 0 (3) 

 

 

 
 

Figure 2. Principle diagram of the acoustic echo cancellation system 

 

 

In practice, the impulse responses ℎ1[𝑛] and ℎ2[𝑛] may change over time. To adapt to these 

changes, we can utilize adaptive filtering: using a signal 𝑒[𝑛] to adjust the impulse responses ℎ̂1[𝑛] and ℎ̂2[𝑛] 
of the filter such that 𝑒[𝑛] is minimized. In addition, neural networks can be employed to train and compute 

the output in order to cancel the acoustic echo components. 

 

2.3.  Signal preprocessing method for AEC 

To compare the performance of different processing methods for the AEC, we utilize various 

preprocessing techniques including the FIR filters, the Laguerre method in both time domain and frequency 

domain. Furthermore, adaptive filtering and neural network-based methods are employed for the AEC. In 

particular, when using the FIR filter method, the audio signal containing speech components is filtered using 

FIR filters, and the output of the FIR filters is then fed into a neural network to suppress speech components 

as shown in Figure 3.  

 

 

 
 

Figure 3. The AEC combines FIR filter and neural network 
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The main drawback of the FIR model is the need to use a neural network with a large number of 

parameters. To reduce the number of parameters in the neural network, we can use the Laguerre method as 

shown in Figure 4. The Laguerre method for the AEC is presented below [25]. 

 

𝑦[𝑛] = ∑ 𝑔𝑘
𝑃
𝑘=1 𝑣𝑘[𝑛]  (4) 

 

In which, 𝑣𝑘[𝑛] is the output signal of the linear system. In addition, the impulse response of the 

Laguerre method shoul be calculated. Therefore, the impulse response of the Laguerre method is described as 

follows,  

 

𝐺[𝑧] = ∑
𝑔𝑘

𝑧−a

𝑃
𝑘=1 (

1−a𝑧

𝑧−a
)

𝑘−1

  (5) 

 

The prominent advantage of the Laguerre method is that it addresses the drawback of the FIR model while 

retaining the advantages of the FIR model. We observe that 𝑎, (−1 < 𝑎 < 1) is a pre-selected coefficient 

close to the dominant pole of the impulse response of the linear system, and this effectively overcomes the 

drawback of the FIR model.  

 

 

 
 

Figure 4. The AEC combines Laguerre method and neural network 

 

 

The signal 𝑋[𝑘] represents the Discrete Fourier Transform (DFT) of the signal 𝑥[𝑛], where  

(𝑘 = 0, 1, 2, . . . , 𝐿 − 1). In this context, the signal 𝑋[𝑘] was passed through an FIR model to generate a signal 

𝑌[𝑘], and the signal 𝑦[𝑛] is obtained by using the inverse discrete fourier transform (IDFT) of the signal 

𝑌[𝑘]. The AEC method in the frequency domain is show in Figure 5.  

 

 

 
 

Figure 5. The AEC model in the frequency domain 
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2.4.  Neural network for the AEC 

In this paper, a multi-layer feedforward neural network method is used for the AEC as described in 

Figure 6. In the proposed AEC system, we employ a three-layer feedforward neural network consisting of 1 

input layer, 1 hidden layer, and 1 output layer. Specifically, the input layer has the same number of nodes as 

the output data points of the Laguerre or FIR method, the hidden layer comprises 10 nodes, and the output 

layer has 1 node corresponding to the output signal 𝑦[𝑛]. In addition, the activation functions for the hidden 

layer and output layer are "tansig" and "purelin", respectively. 
 

 

 
 

Figure 6. Multi-layer feedforward neural network for the AEC 
 

 

2.5. Evaluation of the AEC performance 

AEC performance evaluation methods should be used to evaluate the performance of the proposed 

of the AEC system. In practice, to evaluate the performance of the AEC, the error evaluates 𝑒[𝑛] is often 

used. The AEC performance methods based on 𝑒[𝑛] are mean square error (MSE) and echo return loss 

enhancement (ERLE). The increase of ERLE is determined according to the following formula [26],  

 

𝐸𝐿𝑅𝐸(𝑑𝐵) = 10 log10
∑ 𝑦𝑖(𝑘)2𝑛

𝑖=1

∑ 𝑒𝑖(𝑘)2𝑛
𝑖=1

 (6) 

 

 

3. RESULTS AND DISCUSSION 

The results of the AEC system are performed in both the time domain and frequency domain. 

Dealing with nonlinear transmission lines systems, we often meet more challenges in the AEC system. 

Therefore, we evaluate the effectiveness of the proposed AEC system for nonlinear transmission lines 

systems. In this paper, the proposed AEC system is tested using the recovered speech signal as presented in 

Figure 7.  
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Figure 7. The returned signal is used for simulation in the system 
 

 

The results of the AEC system in the time domain using adaptive filtering based on the FIR method 

and using the Laguerre method are presented in Figure 8. In which, Figure 8(a) shows the waveform of the 

error signal when using adaptive filtering based on FIR method, and Figure 8(b) shows the waveform of the 

error signal when using adaptive filtering based on the Laguerre method. It is evident that the performs of the 

AEC system based on the Laguerre method is better than that FIR method. 
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Figure 8. The AEC results are based on the adaptive filter, (a) Is the waveform of the error signal when using 

the FIR method and (b) Is the waveform of the error signal when using the Laguerre method 

 

 

In order to improve the effectiveness of the AEC system, a multi-layer feedforward neural network 

is also used to eliminate acoustic echo. In this paper, the multi-layer feedforward neural network is trained 

with a number of epochs of 100 and the goal of neural network is set at 0.0001. The results of the AEC using 

the neural network are presented in Figure 9. In particular, Figure 9(a) and Figure 9(b) present the waveform 

of the error signal when using the FIR and Laguerre methods, respectively. Tuan Van Huynh used a artificial 

neural network (ANN) with activation function of atan for the AEC [17]. However, this research is not 

mention about the number of epochs and goal value. 
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Figure 9. The AEC results based on neural network, (a) is the error signal when combined with the 

FIR method and (b) is the error signal when combined with the Laguerre method 

 

 

The proposed AEC system is also evaluated in the frequency domain. Figure 10 presents the results 

of acoustic echo cancellation for a transmission lines system in the frequency domain. Figure 10(a) and 

Figure 10(b) display the waveform of the error signal when using the adaptive filter method and the neural 

network method, respectively. Based on the waveform, we observe that the neural network method 

outperforms the adaptive filtering method in the AEC system in the frequency domain.  
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Figure 10. The AEC results based on neural network method in the frequency domain, (a) is the error signal 

when combined with the FIR method and (b) is the error signal when combined with the Laguerre method 

 

 

To demonstrate the effectiveness of the proposed AEC method, we also evaluate the performance in 

the case of the nonlinear transmission lines system. Figure 11 shows the AEC results for the nonlinear 

transmission lines system. In particular, Figure 11(a) presents the waveform of the error signal when using 

the FIR method and Figure 11(b) presents the waveform of the error signal when using the Laguerre method. 
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Figure 11. The AEC results based on neural network for the nonlinear transmission lines system,  

(a) is the error signal when combined with the FIR method and (b) is the error signal when combined with the 

Laguerre method 

 

 

The ERLE value is also calculated to better evaluate the proposed AEC system. In practice, Table 1 

and Table 2 present the ERLE value in the case of removing acoustic echo in the time domain and frequency 

domain. In particular, Table 1 presents the ERLE value in the case of using a combination of FIR and 

Laguerre methods with adaptive filtering and neural networks, respectively. It is clear that, for the linear 

system, using the combination of FIR method and adaptive filter gives the highest ERLE result of 26.53 dB. 

However, when used in combination with neural networks, the Laguerre method is better than the FIR 

method. Furthermore, when removing acoustic echo in the spatial domain, the neural network method is 

better than adaptive filter. 
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Table 3 presents the ERLE values for the AEC system in the nonlinear transmission lines system. 

For the nonlinear transmission lines system, the ERLE results indicate that using a neural network is better 

than using adaptive filtering.  

 

 

Table 1. The comparition of ERLE value of the AEC system in time domain (unit in dB) 
Method Adaptive filter Neural network 

FIR 26.53 20.21 
Laguerre 20.91 22.25 

 

 

Table 2. The comparition of ERLE value of the AEC 

system in frequency domain (unit in dB) 
Method Adaptive filter Neural network 

Laguerre 14.19 23.54 
 

Table 3. The comparition of ERLE value of the AEC 

for nonlinear transmission lines system (unit in dB) 
Method Adaptive filter Neural network 

Laguerre 13.08 28.28 
 

 

 

From the simulation results, it is evident that the AEC system using adaptive filtering with FIR filter 

operates effectively in the linear transmission lines system. The AEC system using a neural network operates 

effectively in both linear and nonlinear transmission lines system. In addition, the AEC system using a neural 

network combined with the Laguerre model operates effectively even when the number of inputs to the 

neural network is small.  

 

 

4. CONCLUSION 

The methods of the acoustic echo cancellation including adaptive filter and neural networks have 

been investigated in this paper. Furthermore, the FIR and Laguerre methods have been applied for the AEC 

system. The waveform of the error signal and the ERLE value have been used to evaluate the performance of 

the proposed AEC methods. Based on the simulation results, it is evident that the Laguerre method 

outperforms the FIR method in the AEC. Moreover, the performents of the AEC system using multi-layer 

feedforward neural network method is better than adaptive filter. It is apparent that the Laguerre method is 

suitable for nonlinear transmission lines compared to FIR method. Also, the neural network is better than the 

adaptive filter in term of the AEC. Therefore, the system combining the Laguerre method and multi-layer 

feedforward neural network as proposed achieves the best AEC performent for both linear and nonlinear 

transmission lines system. In the future work, the deep learning methods will continue to be researched and 

applied for the AEC to further improve its performance. In particular, a Long short-term memory network 

will be utilized for the AEC. 

 

 

ACKNOWLEDGEMENTS 

This work is supported by Ho Chi Minh City University of Technology and Education (HCMUTE). 

 

 

REFERENCES 
[1] H. Lee, “Blind signal separation algorithm for acoustic echo cancellation,” Indonesian Journal of Electrical Engineering and 

Informatics (IJEEI), vol. 6, no. 3, 2018, doi: 10.52549/ijeei.v6i3.583. 

[2] Gopalaiah and K. Suresh, “Acoustic echo cancellation using time and frequency domain adaptive filter methods on 
Tms320c6713dsk,” 2014 International Conference on Electronics, Communication and Computational Engineering, ICECCE 

2014, pp. 259–263, 2014, doi: 10.1109/ICECCE.2014.7086623. 

[3] R. Guo and L. Zhao, “An improved double-talk detection algorithm for echo cancellation in teleconference system,” IOP 
Conference Series: Materials Science and Engineering, vol. 466, no. 1, 2018, doi: 10.1088/1757-899X/466/1/012040. 

[4] J. Wung, T. S. Wada, B. H. Juang, B. Lee, M. Trott, and R. W. Schafer, “A system approach to acoustic echo cancellation in 

robust hands-free teleconferencing,” IEEE Workshop on Applications of Signal Processing to Audio and Acoustics, pp. 101–104, 
2011, doi: 10.1109/ASPAA.2011.6082293. 

[5] U. Mahbub and S. A. Fattah, “Gradient based adaptive algorithm for echo cancellation from recorded echo corrupted speech,” 

Advances in Electrical Engineering, vol. 2014, pp. 1–7, 2014, doi: 10.1155/2014/869721. 
[6] M. Z. Ikram, “Non-linear acoustic echo cancellation using cascaded Kalman filtering,” ICASSP, IEEE International Conference 

on Acoustics, Speech and Signal Processing - Proceedings, pp. 1320–1324, 2014, doi: 10.1109/ICASSP.2014.6853811. 

[7] S. Xu, C. He, B. Yan, and M. Wang, “A multi-stage acoustic echo cancellation model based on adaptive filters and deep neural 
networks,” Electronics (Switzerland), vol. 12, no. 15, 2023, doi: 10.3390/electronics12153258. 

[8] S. Sankar, A. Kar, S. Burra, M. N. S. Swamy, and V. Mladenovic, “Nonlinear acoustic echo cancellation with kernelized adaptive 

filters,” Applied Acoustics, vol. 166, 2020, doi: 10.1016/j.apacoust.2020.107329. 
[9] S. A. Mahdi, “Echo cancelation using least mean square (LMS) algorithm,” Advances in Physics Theories and Applications, vol. 

65, pp. 1–5, 2017. 
 



                ISSN: 2722-3221 

Comput Sci Inf Technol, Vol. 5, No. 2, July 2024: 186-194 

194 

[10] S. Ciochina, C. Paleologu, J. Benesty, and S. L. Grant, “An optimized NLMS algorithm for acoustic echo cancellation,” ISSCS 

2015 - International Symposium on Signals, Circuits and Systems, 2015, doi: 10.1109/ISSCS.2015.7203971. 
[11] F. Xiong, J. E. Appell, and S. Goetze, “System identification for listening-room compensation by means of acoustic echo 

cancellation and acoustic echo suppression filters,” ICASSP, IEEE International Conference on Acoustics, Speech and Signal 

Processing - Proceedings, pp. 525–528, 2012, doi: 10.1109/ICASSP.2012.6287932. 
[12] I. PavanKalyan, G. Jaya Santosh, K. H. K. Prasad, and D. Nandan, “Study of echo cancellation approach by using least mean 

square (LMS) algorithm,” Journal of Physics: Conference Series, vol. 1714, no. 1, 2021, doi: 10.1088/1742-6596/1714/1/012053. 

[13] Y. Song, Y. Ren, X. Liu, W. Gao, S. Tao, and L. Guo, “A nonparametric variable step-size subband adaptive filtering algorithm 
for acoustic echo cancellation,” International Journal of Agricultural and Biological Engineering, vol. 13, no. 3, pp. 168–173, 

2020, doi: 10.25165/j.ijabe.20201303.5625. 

[14] S. Veena and S. V. Narasimhan, “Improved active noise control performance based on Laguerre lattice,” Signal Processing, vol. 
84, no. 4, pp. 695–707, 2004, doi: 10.1016/j.sigpro.2003.11.019. 

[15] L. A. Azpicueta-Ruiz, M. Zeller, J. Arenas-García, and W. Kellermann, “Novel schemes for nonlinear acoustic echo cancellation 

based on filter combinations,” ICASSP, IEEE International Conference on Acoustics, Speech and Signal Processing - 
Proceedings, pp. 193–196, 2009, doi: 10.1109/icassp.2009.4959553. 

[16] M. Abdalmoaty and A. Medvedev, “Noise reduction in Laguerre-domain discrete delay estimation,” Proceedings of the IEEE 

Conference on Decision and Control, vol. 2022-December, pp. 6254–6259, 2022, doi: 10.1109/CDC51059.2022.9992423. 
[17] T. Van Huynh, “A new method for a nonlinear acoustic echo cancellation system,” International Research Journal of 

Engineering and Technology(IRJET), vol. 4, no. 9, pp. 152–157, 2017, [Online]. Available: https://irjet.net/archives/V4/i9/IRJET-

V4I930.pdf. 
[18] R. Peng, L. Cheng, C. Zheng, and X. Li, “Acoustic echo cancellation using deep complex neural network with nonlinear 

magnitude compression and phase information,” Proceedings of the Annual Conference of the International Speech 

Communication Association, INTERSPEECH, vol. 2, pp. 781–785, 2021, doi: 10.21437/Interspeech.2021-2022. 
[19] J. Silva-Rodríguez, M. F. Dolz, M. Ferrer, A. Castelló, V. Naranjo, and G. Piñero, “Acoustic echo cancellation using residual U-

Nets,” 2021, [Online]. Available: http://arxiv.org/abs/2109.09686. 
[20] L. Cheng, R. Peng, A. Li, C. Zheng, and X. Li, “Deep learning-based stereophonic acoustic echo suppression without 

decorrelation,” The Journal of the Acoustical Society of America, vol. 150, no. 2, pp. 816–829, 2021, doi: 10.1121/10.0005757. 

[21] T. N. Nguyen and T. H. Nguyen, “Deep learning framework with ECG feature-based kernels for heart disease classification,” 
Elektronika ir Elektrotechnika, vol. 27, no. 1, pp. 48–59, 2021, doi: 10.5755/j02.eie.27642. 

[22] F. Bonsignorio, D. Hsu, M. Johnson-Roberson, and J. Kober, “Deep learning and machine learning in robotics [From the guest 

editors],” IEEE Robotics and Automation Magazine, vol. 27, no. 2, pp. 20–21, 2020, doi: 10.1109/MRA.2020.2984470. 
[23] H. Seo, M. Lee, and J. H. Chang, “Integrated acoustic echo and background noise suppression based on stacked deep neural 

networks,” Applied Acoustics, vol. 133, pp. 194–201, 2018, doi: 10.1016/j.apacoust.2017.12.031. 

[24] T. Hoya, J. A. Chambers, and P. A. Naylor, “Study of the ε-NLMS algorithm with application to stereophonic acoustic echo 
cancellation,” International Journal of Adaptive Control and Signal Processing, vol. 14, no. 6, pp. 609–621, 2000, doi: 

10.1002/1099-1115(200009)14:6<609::AID-ACS606>3.0.CO;2-O. 

[25] E. Hidayat and A. Medvedev, “Laguerre domain identification of continuous linear time delay systems from impulse response 
data,” IFAC Proceedings Volumes (IFAC-PapersOnline), vol. 44, no. 1 PART 1, pp. 9064–9069, 2011, doi: 10.3182/20110828-6-

IT-1002.02405. 

[26] T. N. Nguyen, T. H. Nguyen, and V. T. Ngo, “Artifact elimination in ECG signal using wavelet transform,” Telkomnika 
(Telecommunication Computing Electronics and Control), vol. 18, no. 2, pp. 936–944, 2020, doi: 

10.12928/TELKOMNIKA.V18I2.14403. 
 

 

BIOGRAPHIES OF AUTHORS 
 

 

Duy-Thao Nguyen     received the BE. degrees in Electrical-Electronics Engineering 

from the HCMC University of Technology and Education, Viet Nam, in 1998, and MEng. 

degrees in Electrical-Electronics Engineering from the HCMC University of Technology, Viet 

Nam, in 2004. Currently, he is a Lecturer at the HCMC University of Technology and 

Education. His research interests include audio – video signal processing, image processing, 

and deep learning. He can be contacted at email: thaond@hcmute.edu.vn. 

  

 

Thanh-Nghia Nguyen     received the BE. degrees in Electrical-Electronics 

Engineering from the HCMC University of Technology and Education, Viet Nam, in 2007. He 

also received the MEng. and PhD degrees in Electrical-Electronics Engineering from the 

HCMC University of Technology and Education, Viet Nam, in 2012, and 2023, respectively. 

Currently, he is a Lecturer at the HCMC University of Technology and Education. His 

research interests include biomedical signal processing, biomedical image processing, artifact 

intelligence, and electronic engineering. He can be contacted at email: 

nghiant@hcmute.edu.vn. 

 

https://orcid.org/0009-0007-6367-209X
https://orcid.org/0000-0001-7366-2257
https://scholar.google.com.vn/citations?user=SoXVEXQAAAAJ&hl=vi&authuser=3
https://www.scopus.com/authid/detail.uri?authorId=57210107865
https://www.webofscience.com/wos/author/record/AAZ-1367-2020

