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Performance comparison evaluation of
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ABSTRACT: This paper evaluates and compares the performance of the Deep Nerual Network (DNN)-based
speech enhancement models according to various loss functions. We used a complex network that can consider the
phase information of speech as a baseline model. As the loss function, we consider two types of basic loss functions;
the Mean Squared Error (MSE) and the Scale-Invariant Source-to-Noise Ratio (SI-SNR), and two types of perceptual-
based loss functions, including the Perceptual Metric for Speech Quality Evaluation (PMSQE) and the Log Mel
Spectra (LMS). The performance comparison was performed through objective evaluation and listening tests with
outputs obtained using various combinations of the loss functions. Test results show that when a perceptual-based
loss function was combined with MSE or SI-SNR, the overall performance is improved, and the perceptual-based

loss functions, even exhibiting lower objective scores showed better performance in the listening test.
Keywords: Speech enhancement, Loss function, Complex network, Perception optimization, Joint learning
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Table 1. Learning rate and coupling coefficients ratio
for the performance evaluation according to each
loss function,

Loss function learning rate Corilr:il(i)ni:()znj:z)lnt
MSE 1073
MSE + LMS 10°? 10° : 1
MSE + PMSQE 51074 88:1
SI-SNR 1073
SI-SNR + LMS 5e10°* 1:2
SI-SNR + PMSQE 510 ¢ 1:10
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Table 2. Performance evaluation of various loss functions using seen noise.

Loss function

SNR Metric MSE + SI-SNR +
MSE MSE + LMS PMSQE SI-SNR SI-SNR + LMS PMSQE
10dB PESQ 1.3867 1.4080 1.4808 1.4286 1.4567 1.4520
STOI 0.6907 0.6927 0.6958 0.6865 0.6879 0.6675
5 dB PESQ 1.6104 1.6563 1.7445 1.6679 1.6932 1.7085
. STOI 0.8002 0.8022 0.8031 0.8072 0.8110 0.7860
0dB PESQ 1.9767 2.0612 2.2071 2.0634 2.1065 2.1661
STOI 0.8802 0.8824 0.8830 0.8905 0.8933 0.8746
5dB PESQ 2.3770 2.4883 2.6487 2.4905 2.5600 2.6114
STOI 0.9261 0.9267 0.9282 0.9316 0.9378 0.9253
10 dB PESQ 2.8741 3.0011 3.1430 3.0128 3.1180 3.1423
STOI 0.9580 0.9596 0.9587 0.9610 0.9675 0.9581
15 dB PESQ 3.2970 3.4051 3.4964 3.4420 3.5277 3.5126
STOI 0.9759 0.9761 0.9756 0.9808 0.9820 0.9764
20 dB PESQ 3.6440 3.7691 3.8167 3.8221 3.8878 3.8555
STOI 0.9881 0.9882 0.9877 0.9899 0.9912 0.9886
Table 3. Evaluation of various loss functions using unseen noise.
Loss function
SNR Metric MSE + SI-SNR +
MSE MSE + LMS PMSQE SI-SNR  |SI-SNR + LMS PMSQE
10dB PESQ 1.3793 1.3865 1.4686 1.4223 1.4492 1.4299
) STOI 0.7193 0.7364 0.7333 0.7371 0.7463 0.7013
5dB PESQ 1.7561 1.7248 1.8731 1.7744 1.8298 1.8241
STOI 0.8362 0.8405 0.8381 0.8427 0.8538 0.8255
0dB PESQ 2.1339 2.1852 2.3646 2.2316 2.3343 2.3030
STOI 0.9085 0.9074 0.9097 09113 0.9232 0.9036
5 dB PESQ 2.4861 2.5769 2.7649 2.6507 2.6973 2.6930
STOI 0.9414 0.9429 0.9427 0.9497 0.9531 0.9394
10 dB PESQ 2.9340 3.0625 3.2372 3.1417 3.2507 3.1907
STOI 0.9689 0.9690 0.9684 0.9749 0.9754 0.9683
15dB PESQ 3.2863 3.3959 3.5487 3.4913 3.5926 3.5241
STOI 0.9808 0.9813 0.9802 0.9840 0.9851 0.9812
20dB PESQ 3.6087 3.6980 3.8501 3.8143 3.9000 3.8302
STOI 0.9890 0.9900 0.9892 0.9901 0.9925 0.9903
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(a) clean speech

(<) MSE + PMSQE

(d) SI-SNR

(e) SI-SNR + LMS

Fig. 2. (Color available online) The spectrograms of
(a) clean speech, (b) noisy speech at 0 dB SNR,
estimated speeches using (c) MSE and PMSQE, (d)
SI-SNR, (e) SI-SNR and PMSQE, (f) SI-SNR and LMS,
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Fig. 3. The listening test results: CMOS scores of
SI-SNR + LMS with respect to (a) SI-SNR, (b) MSE
+ PMSQE, (c) SI-SNR + PMSQE. Positive values
indicate SI-SNR+LMS is better than the compared
loss functions,
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