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Research on Depression Detection Based on Spatiotemporal
Difference Networks

WU Dongsheng, XU Pengfei, LIN Yuting

( Shenyang Ligong University , Shenyang 110159 ,China)

Abstract; In the field of facial expression recognition,to address the challenges of minimal facial
expression differences at different depression levels and high computational complexity leading to
overfitting ,a deep learning architecture( DSN) is proposed for depression detection, which combins
a diagonal attention mechanism ( DMA ) and a spatiotemporal differences network ( SDN) to assess
depression levels based on facial expression variations. The introduction of DMA enables the model
to accurately identify changes between images. Meanwhile, the SDN module captures smooth and
abrupt facial expression changes, exploring multiscale temporal information. Experimental results
indicate that the proposed DSN architecture not only ensures model performance but also reduces
computational complexity by 42% compared to traditional architectures. This enhancement
improves the overall fault tolerance level of the model, demonstrating its superior generalization
capabilities.
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Fig.3 Structure diagram of spatiotemporal difference network depression detection
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Table 2 Evaluation of SDN-50 with different module configurations
Z
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Table 4 Performance analysis of DSN,I3D and T3D architectures
AVEC 2013 AVEC 2014 VR HE
EES ZHR/109 I
RMSE MAE RMSE MAE 7/10
13D 8. 66 6. 64 8.55 6. 36 13 6.99
T3D 8.75 6.76 8.55 6. 54 68 51. 64
DSN-50 8.13 6. 39 8. 16 6.45 21 7. 40
DSN-100 7.62 6.14 7.92 6.21 36 10. 34
DSN-152 7.55 6.24 7. 65 6. 06 52 13. 36

& 4 A 3C 7 % DSN-152 43 5| fE AVEC
2013 Fil AVEC 2014 b yizEn] s LA, Hd 23
1) 2 FH SR/ MR 2 2R 31 e R 25 R AUHE S .
4 AT AR ZEMERAE 0 ~ 13 Z (BT L34 5 43 #
R /DR E M % X 8], 7E AVEC 2013 #l
AVEC 2014 1 i1t 60% RIFEARBI R 2 /N T 6,
6 e A 1R 25 2 X TR /™ B R B A B 1R A3 2%
{AEAR SRS Z [ AN 0 T AL By oy B, MR 2E

KT 16 B FRoRINERRR B e IR A A IH 28y
AR, 245 50 A4 i DR R 22 (R AE 25 5, e
RIS IEACTEAL R, (A1 9 1T 38 2 1% 76 A [ A A
FEAEARFR S L, AT B )7 7E AVEC 2013
FI AVEC 2014 h A 6 NMEARMIRZEKR T 16,1X
SeZE KW DSN-152 BA RAFIZALRE S, R
R AT BETEAR /N

sl o FEH &
EER &

0 10 20 30 40 50 60 70 80 90 100

BEARRS]
(b) AVEC 2014

B 4 7E AVEC 2013 71 AVEC 2014 B)iR =/ L E
Fig.4 Visualization of errors in AVEC 2013 and AVEC 2014

20
sl © A 0
A
16 o
1l o)
L (o]
" 12 wod.;:»
10
% o
st o
6 W)‘ﬁ
4r feeoid
2F (=)
OF 5 10 15 20 25 30 35 40 45 50
ARSI
(a) AVEC 2013
A
5 Zhig

ARSCHE T —Fh i 45 2 53 I 2% 1 DA A
W72 DSN, FHAE T A A0 A3 400 RIS i A 100 7
a4 ( AVEC 2013 1 AVEC 2014 ) EXFZT7
P REIEAT T ITAN B RIS S T

1)DSN (1) DMA Ll 3 AR R 7 F 5 i
ABE AR S Y TR S L S DX, DT 2 FHASE AR P T
I,

2)DSN A LUTEAKAS 3D &AL B T i1k
2 FIRFAE U TR PERE YRS E i . 5
ERRR T I8 B R 8, E— Do T A
AU

3)DSN 7EA BRI I ZR s T |, BEfs % > SR L
F @RI R G A TR, BB B & vk
izttt

5% 3Lk ( References)

[ 1] BELMAKER R H,AGAM G. Major depressive disorder[ J].
New England Journal of Medicine,2008 ,358 (1) ;55 - 68.

[2] OTTE C,GOLD S M,PENNINX B W, et al. Major depres-
sive disorder[ J ]. Nature Reviews Disease Primers,2016,2;
16065.

[3] ACHARYA UR,OH S L,HAGIWARA Y, et al. Automated
EEG-based screening of depression using deep convolutional
neural network[ J]. Computer Methods and Programs in Bio-
medicine,2018,161:103 - 113.

[4] WUHF,LU B Q,ZHANG Y et al. Differences in prefrontal
cortex activation in Chinese college students with different se-
verities of depressive symptoms:a large sample of functional
near-infrared spectroscopy ( fNIRS ) findings [ J ]. Journal of



%34 R R TR £ R 6 AR T B 31
Affective Disorders,2024,350.521 -530. [17] YUJH,GAO H W,CHEN Y Q, et al. Adaptive spatiotempo-

[5] SHANGGUAN Z X,LIU Z Y,LI G,et al. Dual-stream multi- ral representation learning for skeleton-based human action
ple instance learning for depression detection with facial ex- recognition[ J]. IEEE Transactions on Cognitive and Develop-
pression videos[ J]. IEEE Transactions on Neural Systems and mental Systems,2022,14(4) ;1654 —1665.

Rehabilitation Engineering: a Publication of the IEEE Engi- [18] YU JH,GAO H W,ZHOU D L, et al. Deep temporal model-
neering in Medicine and Biology Society, 2023, 31.554 — based identity-aware hand detection for space human-robot in-
563. teraction [ J ]. IEEE Transactions on Cybernetics, 2022, 52

[6] ZHOU X Z,HUANG P,LIU H M, et al. Learning content-a- (12):13738 —13751.
daptive feature pooling for facial depression recognition in [19] YUJH,XU Y K,CHEN H,et al. Versatile graph neural net-
videos|[ J . Electronics Letters,2019,55(11) ;648 —650. works toward intuitive human activity understanding [ J ].

[7] WENLY,LI X,GUO G D,et al. Automated depression diag- IEEE Transactions on Neural Networks and Learning Sys-
nosis based on facial dynamic analysis and sparse coding[J]. tems,2022,35(7) :8869 —8881.

IEEE Transactions on Information Forensics and Security, [20] YU J H,GAO H W, SUN J,et al. Spatial cognition-driven
2015,10(7) ;1432 - 1441. deep learning for car detection in unmanned aerial vehicle im-

[8] JAN A,MENG H Y,GAUS Y F B A, et al. Artificial intelli- agery[ J]. IEEE Transactions on Cognitive and Developmental
gent system for automatic depression level analysis through Systems,2022,14(4) :1574 - 1583.
visual and vocal expressions[ J]. IEEE Transactions on Cog- [21] FHEWk, k55, MEAME. 3T 4 =l Bt W 45 59 A B4
nitive and Developmental Systems,2018,10(3) :668 - 680. A [T TR BHBE T K224 ,2022 ,41(5) 29 - 33.

[9] ZHOU X Z,JIN K,SHANG Y Y,et al. Visually interpretable YU Y L,ZHANG J Y,JU F J. Face image generation based
representation learning for depression recognition from facial on generative adversarial network [ J]. Journal of Shenyang
images [ J]. IEEE Transactions on Affective Computing, Ligong University ,2022,41(5) :29 -33. (in Chinese)
2020,11(3) :542 -552. [22] HUF X,LIUT L,TAO D C. Why ResNet works? Residuals

[10] ZHOU X Z,WEI Z Q,XU M, et al. Facial depression recogni- generalize[ J ]. IEEE Transactions on Neural Networks and
tion by deep joint label distribution and metric learning[J]. Learning Systems,2020,31(12) ;5349 —5362.

IEEE Transactions on Affective Computing, 2022,13 (3): (23] FIuiE, akFFMms, 225297, 5. SSA F1 DSC-ResNet [1] TE i3
1605 - 1618. FRMCEES W 7 1 [ 3], Th BH B R 2 2 4R, 2021,40 (3)

[11] HE L,GUO C G, TIWARI P, et al. Intelligent system for de- 14 - 18.
pression scale estimation with facial expressions and case stud- FU L J,ZHANG Q P,JIANG Y H, et al. Fault diagnosis
y in industrial intelligence[ J]. International Journal of Intelli- method of TE process based on SSA and DSC-ResNet[ J].
gent Systems,2022,37(12) ;10140 - 10156. Journal of Shenyang Ligong University,2021,40(3) .14 -

[12] NIUM Y,TAO J H,LIU B. Multi-scale and multi-region fa- 18. (in Chinese)
cial discriminative representation for automatic depression lev- [24] VALSTAR M,SCHULLER B,SMITH K, et al. AVEC 2013
el prediction[ C]//IEEE International Conference on Acous- the continuous audio/visual emotion and depression recogni-
tics, Speech and Signal Processing (ICASSP). Toronto, Cana- tion challenge[ C]//Proceedings of the 3rd ACM Internation-
da.IEEE,2021:1325 - 1329. al Workshop on Audio/Visual Emotion Challenge. Barcelona,

[13] NIUM Y,HE L, LI Y, et al. Depressioner: facial dynamic Spain; ACM,2013 .3 - 10.
representation for automatic depression level prediction|[J]. [25] VALSTAR M,SCHULLER B,SMITH K et al. AVEC 2014 .
Expert Systems with Applications,2022,204 :117512. 3D dimensional affect and depression recognition challenge

[14] JAZAERY M A,GUO G D. Video-based depression level a- [ C]//Proceedings of the 4th International Workshop on Au-
nalysis by encoding deep spatiotemporal features [ J]. IEEE dio/Visual Emotion Challenge. Orlando, USA; ACM, 2014 .3
Transactions on Affective Computing, 2021,12 (1) :262 - -10.

268. [26] HUANG Y K,GUO Y C,GAO C. Efficient parallel inflated

[15] ZHU Y,SHANG Y Y,SHAO Z H, et al. Automated depres- 3D convolution architecture for action recognition[ J]. IEEE
sion diagnosis based on deep networks to encode facial ap- Access,2020,8:45753 -45765.
pearance and dynamics[ J]. IEEE Transactions on Affective [27] GUO S N,LIN Y F,LI S J,et al. Deep spatial-temporal 3D
Computing ,2018,9(4) :578 —584. convolutional neural networks for traffic data forecasting[J].

[16] YUJH,GAO H W,CHEN Y Q,et al. Deep object detector IEEE Transactions on Intelligent Transportation Systems,

with attentional spatiotemporal LSTM for space human-robot
interaction[ J ]. IEEE Transactions on Human-Machine Sys-
tems,2022,52(4) .784 - 793.

2019,20(10) :3913 -3926.
(DTG4 AR ZE)



