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Fig. 1 Overall frame of proposed model
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Tab.3 Experimental results under different input chara-

cteristics
A WERI#%/%  RMSE MAE
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Tab.4 Experimental results of single and double convolu-
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Tab.5 Experimental results under different screening in-
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Tab. 6 Classification results of optimized network and or-
iginal network

SR e eI e
3x3 93.28
ResNet50 5%5 92.79
7x7 93.86
3x3 94.73
MSC-ResNet 5%5 94.23
7%7 93.96

A 2% i s #E MSC—ResNet H, 2 5% 22 e i) F (] A2
{5 R /Ny 33 (10 34 BRUAZ st i o d 7, M 94.73%,
5737 BB EHER R AR T T 0.77 - H 20 i, 1t
B3 ot 22 RUBE 45 AR A BRI R AE P v 35 B 2
14 R B ANz B B SCfF R I i i ]
BRUL KN R 3x3 A B2 SR IBURH Rk & P i 405 15
B A 25 BE S 7000 ERRRAE 18T rp T 41 35 1) 2 RUEE
R B IBE T HTHERIMERERY H Y.
455 AR HAE TAR 0T G

R Y 2 B R A SO R AE ARG I T 1) A
RO A SO 55 LIAE TAEREA T b S5 Rk 7 77
TN o AR SCRE AU B B BRFE A 1Y 6 21 SRk A 2
FEHERRAEI , AR 0 BB AR A S ) 8 52 DP—
DCGAN HEA 7454 388 5, [R] B SR P AR SCHR ) PR 3
W br JEA T e , 4 07 128 5 O Bl R AR 5 ISR AR AR 21
BB G S | L[ J5 22 MRVN 1) i AREAS 517

Fz7 AXERMEES LM TERIRTLL
Tab.7 Comparison of proposed model performance with
previous works
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Depression Detection Based on Dual-Path DCGAN Data Generation and
Classification—Regression Network
LU Jingxue, LI Hongyan", ZHENG Ruichao, QIN Ruizhen

(College of Electronic Information and Optical Engineering, Taiyuan University of Technology, Taiyuan 030024, China)
Abstract:

Objective Accurate evaluation of depression scores in patients with depression provides effective support for clinical auxiliary diagnosis and en-
ables the development of personalized diagnosis and treatment plans, improving the overall accuracy of clinical diagnosis and intervention and
contributing significantly to patient health outcomes. Existing research on voice-based depression detection exhibits several limitations, including
complex feature extraction processes, single-mode data augmentation, and uncontrollable prediction bias in regression-based estimation. This
study proposes a dual-path DCGAN for data generation and introduces a classification-regression network model for depression score prediction,
enabling effective auxiliary diagnosis of depression severity.

Methods Firstly, based on the audio characteristics of depressed patients, six types of emotional features were selected from existing speech fea-
tures, and corresponding two-dimensional feature maps were constructed for each audio signal sample. For MFCC features, the Teager energy op-
erator was fused with MFCC to form MFCC-TEO features, which further highlighted differences in energy distribution. In addition, the dual—
path deep convolutional generative adversarial network proposed in this study was utilized to enhance the two-dimensional feature maps of each
depression level to expand the dataset, increase feature map diversity, and improve model robustness and generalization. Simultaneously, an
evaluation index based on spatial and frequency domain characteristics was proposed to screen generated feature maps and retain high-quality
samples. Finally, a classification regression network was introduced into the prediction framework to reduce prediction bias by narrowing the pre-
diction confidence interval. For residual networks within the classification framework, multi-scale convolution was introduced to enhance infor-
mation interaction among features, which enabled the residual network to fully perceive multi-level information contained in the feature maps.
Results and Discussions Feature validity tests were conducted for the six selected emotional features, in which MFCC, MFCC-TEO, LPCC, and
Jitter features were sequentially added based on short-term energy, zero-crossing rate, and sound intensity, and accuracy (Acc), root mean square
error (RMSE), and mean absolute error (MAE) under different input configurations were calculated. Experimental results showed that Acc,
RMSE, and MAE were 89.76%, 6.17, and 2.08, respectively, when MFCC was added. When MFCC—-TEO was added, Acc, RMSE, and MAE
reached 92.07%, 5.49, and 1.58, respectively. When MFCC—TEO and LPCC were added, Acc, RMSE, and MAE further improved to 93.41%,
5.09, and 1.39, respectively. When MFCC-TEO, LPCC, and Jitter were added, Acc, RMSE, and MAE reached 94.73%, 4.55, and 1.11, respec-
tively. These results demonstrated that when MFCC—TEO was used as an input feature, Acc increased by 2.31 percentage points, while RMSE
and MAE decreased by 0.68 and 0.50, respectively, compared to using MFCC alone, which indicated that combining MFCC with TEO enhanced
the representation of energy distribution differences. The MFCC—TEO coefficient exhibited stronger depression characterization capability than
the MFCC coefficient. Subsequent incorporation of LPCC and Jitter features further improved prediction accuracy to a certain extent. In the data
enhancement experiments, when the original dataset was utilized to predict depression scores, Acc, RMSE, and MAE were 80.51%, 8.47, and
3.94, respectively. After data enhancement using the dual deep convolutional generative adversarial network, Acc, RMSE, and MAE improved to
94.73%, 4.55, and 1.11, respectively. Compared to the original dataset, prediction accuracy significantly improved, with Acc increasing by 14.22
percentage points, and RMSE and MAE decreasing by 3.92 and 2.83, respectively, which demonstrated that DP—-DCGAN-based data enhance-
ment effectively expanded the dataset. In the prediction network, the classification accuracy of the original ResNet was 93.28%, while the MSC—
ResNet achieved a classification accuracy of 94.73%, representing an improvement of 1.45 percentage points. These results confirmed that the

multi-scale convolution strategy extracted richer global and contextual information, after which the residual network captured detailed informa-
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tion, enabling the network to fully perceive multi-scale characteristics within the input feature maps and ultimately improve overall model
performance.

Conclusions This study proposes a depression diagnosis model based on a deep generation network and a classification regression framework.
The MFCC-TEO feature is obtained by introducing TEO into MFCC, and six features, including TEO, are extracted to construct a two-
dimensional feature map incorporating time—frequency, linear, and nonlinear properties. Feature maps corresponding to each depression score in
the original dataset are enhanced to increase feature diversity, and evaluation indicators are proposed to screen high-quality feature maps from
both spatial and frequency domain perspectives by constructing a DP-DCGAN network. High-quality and diversified feature maps significantly
improve the overall performance of the model. Finally, the proposed MRVN classification regression network is applied to predict depression
scores. A multi-scale convolution module is added to the ResNet classification network to address the limitation of single-scale receptive fields in
feature extraction by integrating the unique characteristics of the feature maps proposed in this study. In addition, the input data can be predicted
on a more uniform scale by combining classification and regression strategies, reducing large prediction deviations commonly observed in regres-
sion tasks.

Key words: audio; depression detection; generative adversarial network; category—regression; residual network
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