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Go Chessboard Recognition Based on Light-YOLOvV8
ZHANG Lei' ,WU Wenzhe' and BAI Xueyuan®

1 Department of Electronic Information Engineering,Shenyang Aerospace University,Shenyang 110136 ,China
2 Department of Science,Shenyang Aerospace University,Shenyang 110136 ,China

Abstract A real-time detection algorithm Light-YOLOv8 based on a combination of three-dimensional attention mechanism and
lightweight convolution is proposed to achieve high-precision real-time chessboard recording during Go games. On the basis of
YOLOvS8,PWConv+PConv is used to replace the 3 * 3 convolution of the cross stage local network in the backbone network,
which greatly reduce the computational complexity of the model. Adding CARAFE upsampling operaor and SimAM three-dimen-
sional attention mechanism to improve the detection ability of small Go targets. The use of the Wise-IOU loss function improves
the model’s localization ability and convergence speed,and improves its detection ability in cases of chess piece adhesion, chess
piece overlap,and uneven lighting. Optimize and compress the model for mobile deployment and deploy it on different Android de-
vices, with an image resolution of 640 * 480. The average single detection time combined with image preprocessing and post-pro-
cessing operations is 89ms,and the average detection frame rate is 37. 6 {ps. Conduct 50 rounds of score recording experiments,
with an average score recording accuracy of over 97% and an average winner/loser discrimination accuracy of 100% , which can

achieve stable go chess score recording function.

Keywords Object detection,Chess game recognition, Real time notation, YOLOvS, Lightweight network., Mobile devices
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Fig. 1 Overall process of go chess score recognition
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Fig. 2 Overall network architecture of Light-YOLOv8
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Fig. 3 Schematic diagram of PConv-+PWConv
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Fig. 4 Schematic diagram of CARAFE upsampling operator
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Fig. 6 Schematic diagram of go board segmentation process
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Fig. 7 Schematic diagram of go board correction process
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Fig. 8 Schematic diagram of chess piece recognition and

chess game generation
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AR R AR AT b RAED R T R AR A AR B LR T T M5
FHAERL G A8 71 55k H WIOU A% CIOU B 47 b i& Bt T anchor-
free HARAG I 9 2%, 32 @ 1 R0 2% 0 4G 00 AiE F7 . A SC e Bk Y
Light-YOLOvS pZh 5 30 T %t Ji W 4 19 5% & 4k oo 3, ) i

P i T E /N B bR AN BE T
4 BHiEFEMERIE

T L B 2 v M BE R 28 I 2% 1T S HE 42 NCNN X #ff 45 %
26 AT AR BY A 5 S50 Ak, SRS S 1Y) 5 2B 5 0 9
B8 R A R B3Ry 640 % 480, 3 5z 3 BAAS I 52 36 36 31 R
Gk MRS B 5z 47 o AR S i e AR ER R E S E S
P 3T AL B A L O AE M AR TR HEAT SR 1 U L 6 I R L
W RGN AR R SRE .
4.1 HBREN

T FH AN 5] R P . 19 2 o 4 B R4 43 ) I AE BE
B HPR 45em,60cm 5 75 em WA B TERE K H KOG B LB
R EROCIRES I BAT 6 IR 58 T A A3 T 55 A bR AT ER
K4 IR 4 CPU 5 GPU #4710 SR HE T M e A R
SRR, SR 4 e, RIEER 4RSS R T,
G504 i M2 AT A2 300 T 1 8 4% 1 2 el SR BIORS JBE AZ 0 A
B8 14 5, b L A6 B LR R IR S R A N,
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FH3him GPU %A cuda B0, Hois £7 38 138 18 T CPU #E TR AGE . ZEA KRS B 53817 B o R 4000 K T
B, A, RS IEE BN T 60 cm B AE S FE E T4 A I WE B8N 60 cm, I E N R AL TR R A CPU ZE 74
BB /NTF 40 cm G 58 4R L S KSR T 60 cm A 4G RIHER,

4 RN LR

Table 4 Photographic detection experiment

&S X4 Vulkan A E B Al BB B /em FH R E /lux HEMFE  MTTD/ms BaFE/%  BhE/%
ki) 24,93 0.8 0.0
45 1734
KA 25.59 1.6 0.0
il 25.21 1.7 0.1
CPU 60 239 w
AR 23.17 1.2 0.2
Ll 26. 14 25.4 2.0
75 63.7
) KA 24. 84 21.4 2.0
Redmi K40 Pro NG
i) 35.48 0.0 0.1
45 1734
KA 35.59 1.5 0.0
il 32.29 1.2 0.0
GPU 60 239 w
AR 35.33 1.8 0.1
Ll 33.78 18.9 3.1
75 63.7
KA 34.88 19.6 2.0
A 165. 40 2.0 0.0
45 1604
A 168. 49 2.5 0.0
162.79 1.2 0.1
Le X620 X CPU 60 227 e
K 181.61 2.0 0.2
Ll 179. 36 34,6 2.0
75 101.5
KA 177.02 34.9 2.0
A W 84.20 1.5 0.0
45 1537
KA 85. 20 1.9 0.0
84. 80 1.9 0.1
CPU 60 227 e
AR 85. 82 1.3 0.2
Ll 88.12 28. 4 1.9
75 208
Google Pixel 3 J AR 84. 30 25.5 2.0
oo Tl e A W 129. 80 0.0 0.0
45 1537
AR 149. 55 1.7 0.0
116. 81 2.5 0.1
GPU 60 227 e
K 148. 65 1.3 0.2
A @ 112.00 19.5 2.5
75 208
KA 109. 42 22.9 2.1
4.2 FHENHDE MR UG AT R 50 SRR I R 45 - S b — 258U )

S IT AR TE 4 . 6 HER AR AT S R AR R SREEAT XS L AT E SR B — 98 TR R 1 R LB 0k T A
SWUR—IRA R, ELW 3 WAMEBIFRKESTZ  BA sgl LB IE D RE , I 45 I 3% 7% H 45 AR Df
Or o BRI A (R B AR T B HL B A Tl 2 WA B fRAF sef BLOE . B 9 48 T — R X gRd B ol 15 F .56 45
SE R T B TR A AR B o BUR A — WUERAE N T T AR i SE AR 4 AR U AR

F4ic  @m2R CPU v e Fs4ic  @m2® CPU v e FHAiH  BWSE CPU v g FicR 4ABRE CPU v

% 15 F
RF%: D14

i a4 F
aF%: W

% 45 F
RF®: 02

A eReEn
"r"'l"i" £7: 208%: 35
.

#15F FAFHETH #45F %R

9 Semb AR Al A S U £ SR

Fig. 9 Real time chess game capture and recognition results
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Table 5 Record go board recognition experiment
N i IR A B A
" & F 4l &/ [ps e % /9 Y,
Redmi K40 Pro 60. 15 99.2 100
LeX620 22.54 97.1 100
Google Pixel 3a 30. 12 98.7 100

GERIE RSO VR S Oy e T AR e R R
RETRU) R L 7 AR R TR L i S 5 i A7 ) ) )
TR AT AT R T R LR A R G BRI S LT
A | BB B L S o

TE YOLOVS A6l 3 % 3 353 & & 40> PWConv+
PConv %5 H e SBIE TR FE & 40 CARAFE LRFEEHF,
A SimAM ¥ B 3 HLEH I8 1] Wise-TOU #5 2% 28 3l 15 4
BN S/ T 13. 0%, i85 s T 12, 7% #: 3
TSRS T 26, 2% . AR SCT7 Hk RE 5 PRI RS 6 ST BB A X
BRI A AT R 43 28 5 AL LV T R S R A
IF BB A% 77 3% S %t 25 2o A8 v SRR R 1 A8 Ak Ry, 90 R i R
Tifig. TEHEBIE B 60cm By 4 1 F Xt R ] % 51 3% £ ilE 17 50
RO IE 5L 5, OF A I Wi 37, 6fps, 0 1% HEHE R E T
97 Y JHE B0 ) S0 A W R B 3k 100 % BE 65 A 2% A e AR T RGO
N BROR ¥y 5 T T I AR 45 i) S

{HARHE T YOLOvV8, A& S A Light-YOLOvS 78 # % i1
B EABTR B X e i R S B AR S R S
FECHS A R AR E B AR B A X R IF B S TRIE 23 BR R
2 HF R/ AT B AR T 2R H A 9 RUI0RG 2

R SRR TR ST b 8 TF R AE T BUHLES A (9 R WF 5T, 9
W R Al 3 TR A B R A R Ak T Bt AT A {4 B iE
ik — itk LIS B AE T 2 M i &

2 % X M
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