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Abstract: In the feature extraction of multimodal depression models, there are problems such as weak cor-
relation between sentences, random feature fusion between different modalities, and lack of verification of
the generalization ability of the model on the Chinese data set. By analyzing audio, text and visual fea-
tures related to depression, this paper proposed a multi-modal depression recognition model STCMN

(Sentence-level Temporal Convolutional Memory Network) based on improved TCN model. And the
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model was applied to the auxiliary diagnosis of clinical depression. Firstly, the fusion module of residual
block, GRU and Self-Attention was used to extract the sentence-level features under different modalities,
which enhances the context connection. Then, the TCN model was used to extract the global features of
different modalities. Cross Attention was used to fuse the global features of different modalities mainly
with multi-modal fusion features. Finally, the recognition results of the model for depression were
obtained through the LogSoftmax layer. On the DAIC-WOZ public dataset, the accuracy rate, precision
rate and recall rate of the proposed method for depression recognition reach 91.3%, 93.6% and 89.7%,
respectively. The related indicators are better than other methods, which can better meet the needs of
clinical medicine. On the private Chinese dataset MMDZ2022, the recognition results of STCMN model

are still the best, indicating that the model has good generalization ability in Chinese depression recogni-

tion tasks.
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Tab. 2 Specific input audio features for the STCMN model
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Fig.8 Extraction of facial features based on the OpenFace tool
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Fig.9 Extraction of audio features based on the OpenSmile tool
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Tab.4 F1 score, specificity, precision, recall and accuracy metrics of STCMN models with different number of hidden layers

SIS J=H F1 Score Specificity Precision Recall Accuracy
1 3 0.52 0.60 0.57 0.48 0.55
2 4 0.78 0.68 0.71 0.86 0.74
3 5 0.92 0.94 0.94 0.90 0.91
4 6 0.90 0.91 0.91 0.89 0.88
5 7 0.90 0.91 0.91 0.89 0.89
6 8 0.89 0.90 0.90 0.88 0.88

M 4 0115, A1 PR IE SR IOh BROBUZ $0Ck 5
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Tab.5 F1 score, specificity, precision, recall and accuracy indicators of multimodal data in different models in experiment A
ST il F1 Score Specificity Precision Recall Accuracy

1 CNN 0.67 0.70 0.65 0.71 0.69

2 GRU 0.65 0.68 0.69 0.63 0.66

3 LSTM 0.77 0.79 0.75 0.79 0.78

4 TCN(all) 0.76 0.78 0.71 0.83 0.77

5 TCN(sentence) 0.79 0.81 0.74 0.85 0.80

6 CNN-Attention 0.73 0.76 0.68 0.78 0.75

7 GRU-Attention 0.82 0.85 0.78 0.86 0.84

8 BiAttention-GRU 0.90 0.91 0.91 0.89 0.89

9 STCMN 0.92 0.94 0.94 0.90 0.91
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Tab.6 F1 score, specificity, precision, recall and accuracy indicators of multimodal data in different models in experiment B

LTS Model F1 Score Specificity Precision Recall Accuracy
1 TCN(all) 0.89 0.86 0.89 0.90 0.85
2 TCN(sentence) 0.91 0.90 0.91 0.92 0.89
3 BiAttention-GRU 0.94 0.94 0.94 0.94 0.93
4 STCMN 0.97 0.98 0.98 0.96 0.97

M 6 nl 1, AR SCHEH Y STCMN B AL, 7E
A B 4 MMD2022 _E A Eb Al A5 7 47 4 5 4
IR, IERH T STCMN AU AR v SCHIARAE L 51
115 EBA B ERERIZALRE 11, BEREIE A
[ SIS K A A R AE , [R) I SE B T A 5T oh
H5HE Ak B B B A 08 A0 R AE 4 B 1k B T A T
PERFRESBOE BRI A RPE, FrL, STCMN 54
TE A D 22 A B TR P AR E [P L — B s oy
AR BERE
3.3.5 HRLSEEER S

kT b G AR ST AR A () A e T
TNZHA: 94 B, 7E DAIC-WOZ A TP 4 ik
15 T IE RS, IF H AR SR UER R AR 43 1) 2

B BRI T, S0 ACKR R 444 )5 A5 50 1 i
AT, SCERZE R LR 7.

e LRSI, KR AR AR TCNRERIAE Ry
LR | AR RBRE AR LR 7 5258 1. IR )T
PAEF RSORS00, P BELATY 2ACAy v 3] ity
/) F-9¢ TCNAERY, @ 525 29 1 /) F20 451
XHPABIE TS5 A B 3T sE ] o SC5 3 7EA) ¥
2% TCN LA [ BEEhtE BRI T GRU [ T4 500, X
PR £ TiFE bR 4342 7+ 1 0.03, 0.03, 0.05,
0.01/10.03, FEM T GRU ZH /F X5 AU REHE THAY
R, B SR 3 R SEG 4 Fe bR A X LT LR
i, Self-Attention (/I A IZAEE AL 1 REAS 5] 1 i
— Tl S, 7ERE T Cross Attention [ 5256 5

IS4
w

=4
7



284 b R A s CASRBREROD

2024 455 3 1)

BAE 45 0 AR Y B AR R S 4 4H L X
SAAMETET 0,03, 0.03, 0.04, 0.01510.03, JEWI T
RIRYEL G Cross Attention A ZUHE, H A5 FELREIR]
PR TCN UM EL, BERIAR 3] T8 B ik,

i MERE 4 ST T 0.16, 0.16, 0.23, 0.07 1
0. 14, MBPALE 1, A SCHEH A9 STCMN R
AT B AR R U T 55 T Y R AR T B
e

FT MR P AR AL AR FLE RS R | 8RR R SRR T

Tab.7 F1 score, specificity, precision, recall and accuracy metrics of the model after adding different components in the ablation experiment

TS T F1Score  Specificity ~ Precision Recall Accuracy
1 TCN(all) 0.76 0.78 0.71 0.83 0.77
2 TCN(sentence) 0.79 0.81 0.74 0.85 0.80
3 TCN(sentence)+GRU 0.82 0.84 0.79 0.86 0.83
4 TCN(sentence)+GRU+Self-Attention 0.89 0.91 0.90 0.89 0.88
5 TCN(sentence)+GRU+Self-Attention+Cross Attention 0.92 0.94 0.94 0.90 0.91
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