$£16% Fo6H q] B I E MNE KA 2026 £ 6 A
Vol.16 No. 6 Intelligent Computer and Applications Jun. 2026

IR, #EA M, iR St YOLOVS R SURFE SR ALK Sk mi s [ 1] B RETH L5 T, 2026, 16 (6) : 128-135.
DOI: 10. 20169/j. issn. 2095-2163. 24090905

Bt YOLOVS MK X A48 S B U AN E % 5%

s, WA, B %
(FIFEEKRE BFIEFER, L7 ERE 222005)

O SEREAENHE I AR B E A AR S A TR AR A K SCARAR A A B AR SRR 22 Mk LLER B AL B i
AT B0 | S SO 1 — TR SCAREA SR (9% B AL 8 YOLOVS—-SLT, B4, 5 T sy R B 2 0] & 35 M %% ESPNetv2 %11
—Ff Cross Stage Partial (CSP) Z5HJF4HF 4B 4% CSP-ESPNet 1E5 YOLOVS (1) Backbone , 7E 82> 2 $i ik 114 [w] I, 4 7 v A% 1)
PR FUE T KN BRAZ I v ) RAE S R 5 LU B8 S il it BRO A 5 SCAR , ZERPAIE SR BRI 45 TP 5 | A A A 38 H1 WL Coordinate
Attention( CA) , 34 CA FETE EL KT ] 9 — B REAF G 1 A 7 5080 380 b Ak et A7 s 97 287t A R ARE P e Rt Ak, A5 304
LI A bR 2 HLH] (Max Pool-CA,MPCA) ,MPCA ] -t il 48 5 4R (0] B 5 KA A5 10 265 T 1 At B HLARRAIE 1 T R 5 72 1)
LRI ISR BE R 7, (575 L REAG I /K SP-HE ) YOLOVS 3 i e 4% — 22 ff BE 15 2 S 4 AR S R 2R . A58 E YOLOvS-
SLT /254 55, Wi 48 i 8 26 A A 0 S AT U 2R ik, 45 5% W] YOLOVS-SLT 4 5K K5 #55% P 4 96. 9%, B MR R Ky
98.3% , LEA PN HERR F1 - Score N 97. 5% ,mAP@ 50 4 99. 2% MLt YOLOVS 7E3{A S B FIEAR T 44% , EFRIER T 2%,
KgER . LA S, ESPNetv2; YOLOVS; ABFRiEE ) ; fAIEN T

hES %S, TP391. 1 KRG A MERHS . 2095-2163(2026)06-0128-08

Research on lightweight detection algorithm of YOLOvV5 long text box number
LI Zhaopeng, DONG Zijian, ZHOU Yi

(School of Electronic Engineering, Jiangsu Ocean University, Lianyungang 222005, Jiangsu, China)

Abstract; The entry and exit of containers need to be registered by their case number. Aiming at the problems of low accuracy,
poor detection effect and difficult deployment of mobile terminal for the existing long text box number detection methods, a
lightweight model YOLOvVS —SLT for non - horizontal long text box number detection is proposed. Firstly, a feature extraction
network CSP—ESPNet with Cross Stage Partial ( CSP) structure is designed based on the efficient extended convolution space
pyramid network ESPNetv2. CSP - ESPNet, as the Backbone of YOLOVS, uses efficient extended convolution to learn
representations in a larger receptor field while reducing the number of parameters. Coordinate Attention (CA) is introduced into the
feature extraction network for box number texts with extreme length to width ratio, and the one—dimensional feature coding of CA in
vertical and horizontal directions is improved from row or column average pooling to row or column average pooling sampling and
then maximum pooling. The optimized coordinate attention mechanism ( Max Pool-CA, MPCA) is obtained. MPCA can solve the
problem that the network can not capture the characteristics of the container number due to the large character interval. The angle
factor is introduced into the detection end of the network, so that the YOLOVS that can only detect the horizontal frame can get better
detection effect of the box number by rotating at a certain angle. In order to verify the effectiveness of YOLOv5-SLT, training tests
are carried out on the collected container data set. The experimental results show that the detection accuracy rate P of YOLOv5-SLT
box number is 96. 9%, the recall rate of R is 98. 3%, the comprehensive evaluation index F1 — Score is 97. 5%, and mAP@ 50 is
99.2%. Compared with YOLOVS, the overall parameter number is reduced by 44% , the accuracy is increased by 2%.

Key words: container number detection; ESPNetv2; YOLOvV5; coordinate attention; angle factor
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Fig. 9 Comparison of the detection results of various algorithms
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