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Expression Detection Algorithm Based on SSD Network Model Reconstruction
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Abstract Facial expression recognition and detection are prominent research areas in computer vision and deep learning, widely
applied across various scenarios. However, traditional expression detection methods perform poorly under unconstrained condi-
tions , while deep learning approaches face challenges such as low feature discriminability and susceptibility to posture and expres-
sion variations. To address these issues,this paper proposes an IML-SSD algorithm based on SSD network model reconstruction
and center loss optimization to enhance the accuracy and robustness of facial expression detection. Firstly, this paper introduces a
fast SSD-based facial expression detection algorithm optimized through network reconstruction. By restructuring the base and
auxiliary layers of the SSD model, the algorithm achieves improved recognition speed,accuracy.and robustness. Subsequently,the
SSD algorithm is further optimized by incorporating a center loss function, which enhances the aggregation of features within the
same category while increasing separation between different categories,thereby strengthening the discriminative capability of fa-
cial expression features. Test results demonstrate that the proposed algorithm outperforms comparative methods, achieving ap-
proximately a 6.5 percentage points increase in mAP values on the FERPlus dataset.
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Fig. 4 Basic facial expression classification in the FERPlus dataset
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Table 4 Comparison of detection accuracy of different models on the RAF-DB dataset
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Table 5 Comparison of robustness of different models

B EEHG/%  RAF-DB FERPlus

SSD 10 63.15 67.99
IML-SSD 10 69. 28 72.26
ViT-CL 10 65.33 70.94

SSD 20 59.79 66. 35
IML-SSD 20 67.15 69.56
ViT-CL 20 61.52 69.12
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Fig.5 Emotion recognition of sample input image
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Fig. 6  Emotion recognition based on real-time video
GERAE R AR AR R A TR R AR B

YRRy o A SCAE G F > i SSD B8 ik it B k4T T B
HE S BN ORI BR TE R B T 3R AR I A v
AR 0 5 PRk . e Ah A SO R BR B AT T AL L R TR 26
T A A T M SR A T R R AR R TR S AR AR =2 18] Y A
FEAN 3, DA 3 3R T 2 R AL B0 BRI BE 1. O 4 Tk BT 4R
IML-SSD 53 #4300 A SCTEAR [/ P 1 4R B 3R AT 1 1 RE T
fili G5 R R, I fR SR A T FE Al SSD Bk .

£ % X

[1] LIX,YANG M,DU Y T. Occlusion face recognition based on
partition selection and gabor wavelet[ ] ]. Microelectronics &
Computer,2023,40(5) :39-46.

[2] ZHOU H,LIU J H,LIU Z W,et al. Rotate-and-render unsuper-
vised photorealistic face rotation from single-view images[CJ/
Proceedings of International Conference on Computer Vision and
Pattern Recognition. Amsterdam: Elsevier. 2020.

[3] ZHANG Y S,NIE Z Y,SUI L L. Deep Learning-based Facial
Recognition in Complex Mining Areas[J]. Energy Science and
Technology,2022,20(5) :3-8.

[4] WEI Y.LIU M, WANG H,et al. Learning flow-based feature
warping for face frontalization with illumination inconsistent su-
pervision[ C] // Proceedings of European Conference on Compu-
ter Vision. Berlin: Springer,2020.

[5] ZHANG R R, MIN G, LUO T, et al. Face Recognition Algo-

rithm Based on Deep Neural Networks Model Introducing Image

250200066-5



Com puter Science

HEHES  Vol. 52,No. 11A, Nov. 2025

(6]

(7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

Denoising Processing Mechanism[ ] ]. Digital Printing,2022(5) :
26-36.

YAO H X,DENG W H, LIUH H,et al. An overview of re-
search development of affective computing and understanding
[JJ. Journal of image and graphics,2022,27(6) :2008-2035.
WANG K,PENG X J,YANG J F,et al. Suppressing Uncertain-
ties for Large-Scale Facial Expression Recognition[ C]// IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
2020.

ZHAO Z Q,LIU Q S,ZHOU F. Robust Lightweight Facial Ex-
pression Recognition Network with Label Distribution Training
[C]// AAAT-21 Technical Tracks 4. 2021.

ZENG D,LIN Z,YAN X, et al. Face2exp:Combating data biases
for facial expression recognition[ C]// Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
2022:20291-20300.

XIA M,ZHENG H,PENG H.,et al. Enhanced multi-Scale Dy-
namic Facial Expression Recognition via Conditional Random
Fields[]]. The Visual Computer,2024,10:1-12.

L1J, LTU Z,WANG Z,et al. FERmc: Facial expression recogni-
tion framework based on multi-branch fusion and depthwise sep-
arable convolution[ ] ]. Information Fusion, 2025, 124: 103416~
103416.

JIAO Z.FU B,MAO Y,et al. Emotion Recognition Method
Based on Multiscale Attention Residual Network[ J]. Pattern
Recognition and Image Analysis,2025,34(4):1000-1006.
PENG C,SUN M,ZOU K,et al. Facial Expression Recognition-
You Only Look Once-Neighborhood Coordinate Attention Mam-
ba: Facial Expression Detection and Classification Based on
Neighbor and Coordinates Attention Mechanism[]]. Sensors,
2024,24(21) :912-6912.

GOODFELLOW I J,ERHAN D,CARRIER P L,et al. Challen-

ges in Representation Learning: A Report on Three Machine

[15]

[16]

[17]

[18]

250200066-6

Learning Contests [ J ]. Lecture Notes in Computer Science.,
2013,8228(1) :125-132.

LUCEY P,COHN J F,KANADE T,et al. The Extended Cohn-
Kanade Dataset (RAF-DB ) : A complete dataset for action unit
and emotion-specified expression[ C] / IEEE Computer Society
Conference on Computer Vision and Pattern Recognition Work-
shops(CVPRW 2010). 2010.

FARZANEH A H.QI X. Facial expression recognition in the
wild via deep attentive center loss [ C] // Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vi-
sion, 2021:2402-2411.

ZHANG Y.,WANG C,DENG W. Relative uncertainty learning
for facial expression recognition[ J]. Advances in Neural Infor-
mation Processing Systems,2021,34:17616-17627.

SHE J,HU Y.SHI H,et al. Dive into ambiguity: Latent distrib
ution mining and pairwise uncertainty estimation for facial ex-

pression recognition[ C] // Proceedings of the IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition. 2021

6248-6257.

CHEN Ping’ an, born in 1997. postgra-
duate. His main research interests in-
clude object detection and image seg-

mentation.

DENG Qi.born in 1982, Ph.D. His main
research interests include artificial in-

telligence and financial technology.



