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lem of test paper scores, this paper proposes a recognition statistics method based
by using a test paper with a special score box. Firstly, the YOLO object detection
boxes, and the dilated convolutional module is introduced to enrich the receptive field and

the frame to improve the convergence rate. Then, the score is recognized based on ResNet

convolutional neural network, and the attention mechanism is integrated to improve the feature extraction ability. The

experimental results show that the improved model has a recognition accuracy of 99.2% for question scores in 1 000 test

papers, and can accurately and efficiently recognize scores in test paper images.

Key words: object detection; loss function; ResNet; attention mechanism; score recognition of test papers

0 5|35 (Introduction)

ACTHR B A2 B R B2 N T 45 R %
K, —HEOE GBS BN ST 2 AR —FEA
LB B 0 5 a5 28 X A A B AT A o —Fb
SR AT FH AR E 28RBS 3 A A e 132 25 0 280 R R AT 4 A, i
M4, FEE AR EEFE R I A A st |, 1 HL80%R
fIE R, 5 8 T B VR AR B 28R E bR ) g8 0 4
5B O R MU R

WiH H 381 2023-02-27

Wl 25 BB 22 R 24 1) A e R ROB BOR TR B 1R 15
BT ZR . FAREAES BT Keras M T 01 LR 4340
970 73 DL BB RO [ 265 {H 32 00 2% 19 P50 HE T R AN g 0 R
A 9496, AR SR T Rl A DI 2 2 i 40 H0R
TNV 20 R A A6 s A U 1 25 (L I kA b A £
) 380 AR TR AGL U .

BEGF IR RDE AR SOR ] — Bty A 5 iR 2 B HE 9 1045 OF
TE LR E 38 T — b B T e A5 AR 22 190 2% 1) 14 20 B0



36 BT AR

20234F8H

Wk BRSPS BT YOLO Hisks
DEEEXHZ A (A RE HEAT RE 7, IF 51 AR K 8 AU =F sz
BF AL IR R R 2 pR R AR SR L A A T
ResNet £ B 28 1 28 X 43 B0 A7 0N, I A i 2 J WLl 4
PR IEARECRE S . S0 gt R A 0 v AT LAV R
SRS UG 9 430500 O B2 AR N R 5 1 TR
1 #&#IHg3 (Model building)
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Fig. 1 The structure of YOLOv5
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