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Detection and recognition of continuous casting slab numbers based on
improved DBNet and SVTR algorithms

Liu Le Zhang Xiaosong Huang Feng Fang Yiming

(Key Laboratory of Intelligent Rehabilitation and Neromodulation of Hebei Province,
Yanshan University, Qinhuangdao 066004 ,China)

Abstract: In order to tackle the challenges associated with small character regions, complex lighting variations, and poor image quality
in the identification of slab numbers in steel continuous casting production lines, a two-stage algorithm is proposed for slab number
detection and recognition, utilizing deep learning techniques. Firstly, datasets for slab number detection and recognition are prepared
based on the collected slab images of a continuous casting production line. Secondly, in the slab number detection stage, an AD-PAN
feature fusion structure based on the DBNet algorithm is designed to enhance the multi-scale feature fusion capability and expand the
receptive field of the detection algorithm, thereby improving the localization accuracies of the slab numbers. Thirdly, in the slab number
recognition stage, the proposed algorithm incorporates a SPIN correction network and a SVTR slab number recognition network for end-to-
end training, enabling them to actively transform input brightness and improve color distortion among characters and between characters
and backgrounds. Finally, comparative experiments are conducted on self-made datasets for slab number detection and recognition, and
experimental results demonstrate that the algorithm proposed in this study is capable of effectively locating slab at different positions on
the roller table and robustly recognizing slab numbers in complex backgrounds. The Hmean value for slab number detection is 97. 92% ,
and the accuracy for slab number recognition is 97. 33%, confirming the high accuracy of slab number detection and recognition achieved
by the proposed algorithm.
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Fig. 1 Schematic diagram of slab image acquisition
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Fig.2 The overall structure of the algorithm for slab

number detection and recognition
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Fig. 3 Structure diagram of improved DBNet slab number detection algorithm
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Table 2 Performance comparison of slab

number detection algorithms
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Table 3 Performance evaluation of slab

number recognition algorithm

7k Wa/% Ca/% FPS S/ M
SCHR[ 6] 97.72 79.71 93.0 110.6
SCHK[11] 99. 59 95.90 95. 4 144. 8
ABINet 99. 03 90. 98 130.3 147.6
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ARk 99.76 97.33 128. 8 99.9
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Table 4 Example identification results of slab numbers

CE bk e
1 21A07725A30 21A07725A30
2 22803714C10 22B03714C10
3 22803602060 22B03602D60
4 2 18074688C30 21B07688C30
5 22B03720C30
6 130440 21B07630A40
7 124030 22A03016C50
8 17628430 21B07628A30
9 22B03722D30
10 21 A07841C40 21A07841C40
11 22B03668C50
12 22803729460 22B03729A60
13 21802559040 21B07659D40
14 22B03602D60
15 21807672610 21B07672C10
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Table 5 Ablation experiment results

PAN RSECONV W4 2451 Precision/ % Recall/ % Hmean/ % FPS ZH/M
vV 98.24 91. 80 94.91 31.41 50.5
2 vV 99. 56 93.03 96. 18 27.29 51.1
2 Y vV 99. 15 96. 72 97.92 19. 45 74.1

M 5 AT LLFE Y, J5 DBNet &3 B A PAN B, 46
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FPS HIIEOLT KGR A FR A Hmean 1545345 BT 271,
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WalEE e T HARRHE R FRIREE T ; Bt — 2 AR
WA 2858 )5 , 43 BRI Hmean 230 5142 T+ T 3. 69% Fil
1. 74% , BEAh A8 AN [R) 25 0 0 25 TR S BV 2 & T
BRI IEAEAS (7 55 38 S B S 800 A T S, FPS
H D (B R AR A R S BR H FPS KT 15 1)
BOR R LIRICIR A5 R AT A it AR SOk ) A R
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