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Abstract

This paper aims to research and develop a rock-paper-scissors gesture recognition system based
on the YOLOv8 algorithm, aiming to promote the development of human-computer interaction tech-
nology and enhance the capabilities of computer vision systems. The research uses the YOLOvS8 al-
gorithm in combination with the PySide6 development tool to construct the system. The entire sys-
tem is built through a detailed elaboration of processes such as model selection, training, prediction,
and user interface design. In the model training section, the PyTorch framework and the Ultralytics
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YOLO library are utilized. A pre-trained model is loaded and further trained for the specific task
of rock-paper-scissors recognition. When performing model prediction, the OpenCV library is im-
ported to process images, and the pre-trained model is used to achieve gesture detection. The
Experimental results show that YOLOv8 outperforms earlier versions of the YOLO series in terms
of recognition accuracy, speed, and robustness in complex environments. The system, with its
user-friendly interface developed by PySide6, enables intuitive and convenient gesture recogni-
tion. The study demonstrates the superiority of YOLOv8 in gesture recognition tasks, providing
new possibilities for its applications in fields such as virtual reality, augmented reality, and smart
home control.
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AROEE B RANEES)HATRE, DMEENERE. AAMSEELERS, WRAKRTANE
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2. #B%EE: YOLO &%
2.1. YOLOvS EZERIft#E: *ftE YOLOvS-v8

F AR B A ) K FEAA AT AN FH T 187 B K70k B30, g Sk BT TG, 5632 N T R AL SE(VR)
WIS (AR) B REK R 4B B R G A, IR G N PR SRR R I A T T AR AR )
WP AT SR Ve PRI, B FEAIAR AL A Sk BY A TF 3R R B AN T4 T ANLAE B 1) B SR PEAE R 1 H
BEEZ S, WRHEB A AR R K e 1

ISR, AEKBY A F3HRR R AR M AT T B3R, X198 TIREE % S FRmPus ke,
JEH A YOLO RANEIEMAWEAE . 457, SHaEiAOGET RS TFA MRS, 80T
T R GRS P B RAE B 4R N RS R

YOLOvVS H&RATLAK, KA MM LIS T RIFHPE, #1212 P sEi #2418
AAES . WEFR R, i YOLOVS @47 @ dilfk et , mT LA RER T #qR ml Mg . ks, YOLOv6
FINTHEZM SRR, #—08tm TR S RS . BEJS, YOLOv7 f1 YOLOVS /)
RAT, AMXAEFIELEN FFEAT 7 a0%, i 5l NGB I SRR AL 5w, 5T T FHR AW
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FEF AN BB 7T, B8 5 1 ot 2 A0 22 PP R B m R ME A 2R IR DG B R 3R 2 — o SRl A R S
R IA T A USRS, ATV SRR R R AR DRI PERE . AL, BRALE AR ARG
G 2B BREREAR, WIREE BRAIME R, RIS TN R A& e

FEBY A AT FHAEBESH, YOLOV BT HARRRA) YOLO Bkl 1 83 itk ae i .
M T AP H, #£ COCO mAP_50-95 iX— KR R |, YOLOV8 fEA RIS EHAEL LT YOLOVS,
YOLOV6 F1 YOLOV7. #5952 4S5 Eik 5% 50 M I, YOLOVS [ mAP i& 5] 1 £ 52%, 1 YOLOVS.
V6. V7 ] mAP 2 HIZN 48%. 49%F1 50%. XK H] YOLOVS {EM T 728 848 K I it 3 A 2o 2 =) 31| -2
FRAE, AT S B BE i PR R RS

[, B 11T CAE H, ZEHEEE SEIR J5 I (] A100 GPU 1 TensorRT FP16), YOLOVS 7E R+
MR AR, R T RIFRSERPERE. HIEIRZ)0N 3.5 ms/img B, YOLOvS8 [ mAP {5 REiA 2%
52%, T HARARASFEARLZEIR T (1) mAP B . X U6 YOLOVS 7EARAL N 48 S5 R 2R 3RS I, AU &
TIRBIRERE, ARG R HE R, BE % T AT M SEi TSR I R A 7R . X 75 YOLOVS 7
BY 1A S A T34 R 0 45 75 BLS A A8 L AT 45 O FEAR I

M1 A 2 FEIE T LAE . YOLOvVS M#: T YOLOVS fEZ AN 5T A B EMEREIR T . fERAUAE T
I, YOLOVS ] mAP_val 50-95 {7 YOLOvVS, 41 640 pixels JXsF F, YOLOVS5 [ yolovSxu.pt 5% mAP
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Figure 1. YOLOVS5-v8 characteristic performance curve
& 1. YOLOvS-v8 1 RERNZE
Table 1. YOLOVS5 performance
# 1. YOLOVS 18RI
it Size (pixels) mAP_val 50-95 (S)pNe;\eI()i(C(Il;lj) TSE:(TR‘/}FI(?I?S) params (M)
yolov5nu.pt 640 343 73.6 1.06 2.6
yolov5su.pt 640 43.0 120.7 1.27 9.1
yolov5Smu.pt 640 49.0 233.9 1.86 25.1
yolov5lu.pt 640 52.2 408.4 2.50 53.2
yolov5xu.pt 640 53.2 763.2 3.81 97.2
yolov5n6u.pt 1280 42.1 211.0 1.83 4.3
yolov5s6u.pt 1280 48.6 422.6 2.34 153
yolovSmoé6u.pt 1280 53.6 810.9 4.36 41.2
yolov516u.pt 1280 55.7 1470.9 5.47 86.1
yolov5x6u.pt 1280 56.8 2436.5 8.98 155.4
Table 2. YOLOVS performance
3 2. YOLOVS MHRERI
e Size (pixels) mAP_val 50-95 Sﬁ;\eg(c(;g TSrI:ses;iRj”T"l((:l)s) params (M)
yolov8n 640 37.3 80.4 0.99 32
yolov8s 640 44.9 128.4 1.20 11.2
yolov8m 640 50.2 234.7 1.83 259
yolov8l 640 52.9 375.2 2.39 43.7
yolov8x 640 53.9 479.1 3.53 68.2

4 53.2, T YOLOVS [ yolov8x #7ik 53.9, 1if YOLOvS H bl EASHE, AEA RO/ DA .
TEAERLEE J7 1, YOLOvVS 7E CPU F1 GPU L4 faster. LA 640 pixels #84~4, yolov8n [1) Speed CPU
ONNX 4 80.4 ms, #HEL yolovSnu.pt i) 73.6 ms BB RN, (HEEAE SRR FIEK, 41 yolov8x ) 479.1
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ms XfH yolovsxu.pt f) 763.2 ms, YOLOvV8 #EZALHWIE . £ A100 GPU L, yolov8n [#] Speed A100
TensorRT X7 0.99 ms, #HLL yolovSnu.pt ] 1.06 ms FEAEA/, HEEHBBEY K, YOLOvS KRR
FRs FEAR S . FEBAR/NTT T, YOLOVS S8 & A i, 41 640 pixels T yolov8x 24 68.2 M, yolov5xu.pt
N 972M, iXFEH YOLOVS M5t tlifl, LAZRGNTE ZRFESR U2 2J 68 77, S mkG FEARE, R
ESHEIGM, AIEREIRTI R AMAE A A AE G N, 28 b, YOLOV8 7EREAYREFE . HEHm LAY
KANETTHIIN T YOLOVS, AHHAETT 1A A T AP SRS H R BE N TS, ety dEim
AEEARY, SEUF I R SERR R TR, ST AR Z R .
WIFTSCHTR, YOLOVS 7£ mAP AHERE AEIR J7 [ AH B T HoAth fioA B o2 05

2.2. YOLOVS-P5 E A

FEHHHAL B AR POEER AT F R, Ultralytics 247 T 2023 4 1 A 10 HIEXHFJEK YOLOVS #1
A, {4 YOLOVS MEERAHNRA, BIFRKMBOEMER G| T AR TR 2 . bR &
KIIZATSAERRES, W RS B 3 25 HARKTIN S S o B S5 A% 0T 55, RS IR R I Re R I,
FRINIGE 5 1 i e (SOTAE R 2 )

TERAZERZTH , YOLOVS IRJE4k7K YOLO R AR, [FIB 5I N ZWASH o8 . @il i
WIRE T, AR SRBOCR s R o4 5 (Anchor-Free) il Sk 5, fEIALAS IS ; 5345 25 R 4L,
RTHEARI N A5 1 52 A0RE . REHRAIHE YOLOVS #EVERE S ARGk LSe35 98k, W 7E CPU.
GPU % R & SRl 8GR, 7o /0 1E M 2 B N 3 5 75 K

fHASRVER A, Ultralytics A mEFFIRZITH B, FER BT YOLOVS @4, 1/ LA “Ultralytics”
VERTFIREE LR . X — A 44 SRR B 7 IR (AR A e W4T H e AN SR A YEEERESE, R —5
HRIR, DA AT R A OAFE, A EE YOLO R R isidh, A HAhIE YOLO 42
H, s EE 2 S El RS THE 2 SO RN AT

KRBT Ultralytics FRURZE R 58 0H . — T, Elid B E v S U AT H
A, BRI R AR AR FE S 9 — 7T, TFBORIEIAESE T, AASK YOLO R4 & HAh 17 5%
RSN, RETS—mANBEARTG, A T EHAEE ARLE AR 75 TR S+ b
AR FE[5]. &l 2 9 YOLOV8-P5 B 4EH, K RangeKing@github.

2.3. YOLOVS ZTEFHEIHF Pz O KB S5 F/RE

2.3.1. YOLOV8 EFHIRF R

FRBEMZ T : YOLOVS fEJCH ik MIHL] - BA T B ILH . YOLOvS Mo sk thisi b
TR F ARSI B A, JCIIE T8 T F A S AN SR . 7E “ 85 J]7 T34 B 201
1, YOLOVS fHE T YOLOVS #&F+ T 9.2%, A MG M 7 S EIL O B8 FA RSNt A & £
PAFPN FHEfE &M %% I, PAFPN il %5 ZRHER G 7 2 RIERER ), MNFEBMTATERR. K
TIPS R TE . 7E COCO-Hand 04 4 1/ HARKL I S 38 (H AR R~F < 32 x 32 8 %),
YOLOVS [#)°F- )45 FE (AP)ik £ 58.7%, 5 SSD (42.1%) 4R T+ 2 o« AF 55 #8 k (Decoupled Head) I, 432
5 [REAE S ST ARA LRI B2 T T F B RRIX 3881, 18 “Fk - A7 “BIJ) - A7 S G IRIEFHX W
WHR G, YOLOVS IR HI(6.3%) 5 YOLOVT (11.5%) AT 50%, 2 W H6hABLT 35 AR5 AE 40
EHE IR, /)5, DFL (Distribution Focal Loss)if i 2 7 A EE AR AL 0 FAHE B )7, 78 5 & F H R
£ I, YOLOVS [ P22 3 Lh(ToU)IE H 89.4%, % YOLOVS (82.3%)&TF 7.1 AN E 40 s, XFFHAERER
SE DRGSR E R (6]
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Figure 2. YOLOVS-P5 mode structure
2. YOLOVS-P5 15 8145H

PEAE SRR 2 HSeHEE #7E NVIDIA Jetson Nano _EJIiR7SH, YOLOvSn iA#] 42 FPS (1920 x
1080 73 #4%), W3 5T Faster R-CNN (8 FPS), i /&S 2 H.fiK. HEBEEAIE /1771, YOLOv8n 4L
BiX 3.2 M, iBid TensorRT EALJG AT #BE T W AE)R 4B (INTS K5 T FPS 42T+ 65), i YOLOvSn 740
HNETHR A REIE BUAHIE 20K

2.3.2. YOLOV8 FEFHIAF PR ER 14

B PR AR, MAIAFHRM “Ak — 3517 MRS WA E, RAREE 18.7%.
SO TT ) BINSETARFAE B 7 45 AN 45 (TCN), i B2 T 357 ZI I TR RO, ST 3hA3s 5 T 1 o 25tk
Wage. N EFRRIIVERE N B, FE R B BRI S (T3 BRI < 5%), IR B IHOgE
mAP@0.5 M 89.2%4 % 51.4%). Bt )yl : ERFAE L 738 rR Ny Z A8 k(i P2 J2), SRt = /L
iGN B ARFRE R . 15 SCHIE FAX 8 AR, St “ 8”7 5 “OK” M MELE UAFR KT
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B, RHIFRIE 12.1%. SOETTIH: A TG s A I S R ta R L ST ), i A SR
B, $RTHE SCERARRE I

TEHEFHAEHEE L, YOLOVS 5 R IR A K etk 77 R it Lhan F

YOLOvVSs [NZH &N 7.2 M, mAP@O0.5 A 84.3%, TE RTX 3080 L [F4HEHEIH 5 118 FPS; YOLOVSs
B, SEERAE 112 M, mAP@O.5 BEIRTF A 89.7%, HEFLHEIESE 168 FPS; #E—5]
AN S SEHLH G (YOLOvVSs B RR), B 421 5 N IR R 12.5%% 2 9.3%, mAP@O.5 &7+ 2 92.4%,
IOAE T ARAL SRS B0 Bk, fnge 3 9 YOLOVS P fig 5 HoAh T 3R 51 7 B 6 EE

Table 3. Horizontal comparison of YOLOVS performance with other gesture recognition methods

%2 3. YOLOVS ME e S H M F IR 75 AR mxt b

Jri HERf (%) ZHEM) HEIR FE IR (ms) BRI FE R
HOG + SVM 76.8 0.1 128 ZOLHRBUR)
MobileNetV3 + SSD 82.3 5.4 42 —R(E TR
YOLOvVS8n (JF14) 87.5 3.2 28 BUF (A4S 5 A M)
YOLOVSn (et i) 91.2 35 31 PRI HE)

3. MASRRER

AICRHA] YOLOVS $3, 456 PySide6 JTPR T H, #&E T — MUK LB G FHARMAL. F
HIRALRW T YOLOVS SE SR I BANN AT, FFOMM PRt 1 — AN SR 1 S, {345 T35 R0 S
BEAESE . AR 3 FrR:
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Figure 3. PySide6 interface presentation
3. PySide6 RHERR
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4. KBERS5
4.1. BURERFAE

TEAMT T, B R & S T B T35 R0 RGTTR BIRZ O IR T o FATIR R0 4R o7 B0 IR
5 BRI SRR I e P sg e, DRt 9 [ AR JE G B0ai 0 AT 1 A0S0 i ik 5 TAR B T4 . R
5229 SRARE T, BATERNEH RIS I GRER | SR AR AR = /N5, HAREE S A 4178 Tk
546 FKAN 505 5K X—R o> HENE B AR VR AR At A B RERI A IR, RIS DR IGIE AT I A A 2 A
PESHERTE, DU S SCh PR A iz AP e

HoRSm: 7 Ak o “BIJ17 R AR RSB THE A, AmE S A kB T AR A
T EEIE RS, BATERR K7 FONMREARBEAN R, T “BTJ)7 F A7 PISEHIRE
B U I B RPIRAS o g 1 T S A TR S R A R 2 e A e R, AT T SR B I 2
KA R ROR, SR N A AT TR XA T TR R, 8
HH9R 7R BT RN 22 ST B8, T B & T3 U R HERR PE AN S R L 28 1 I SR LA .
42. EHRASHERGMM) N EY REESING)

KR A @ YA GMM ) IR T SodEAT Sei @8, IR R E M IRIEEFH X, A
WL BRIy WG SRR, SRAERAT 30 WRMEM AT S A & SERF SR, iR GEE BRI
FC SR SR SH BT S35 RS TG RE T SR, L AR I T3 X I
SR, EAETHEAE RN IR FINERES, %77 F M YOLOV8 iRKF M 18.7%M %
9.2%, mAP@0.5 #&7 8.3%. WAL R E R, HREDFKTHXBAGHEFHW, Wb 7 iRET. 2
KW

GMM HERIEERIE = AN (1,0,)+ LN (1y.0,)+-=D AN (y;,0,) )
43. ARTUGRHNEENBRS R—XRIPA—HTLE
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Table 4. Comprehensive performance improvement of YOLOvS and its optimization
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+Z RS 7.5 81.9 91.4 35
R ENE 8.1 80.2 89.5 19
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Figure 8. Loss function curve and metric result graph
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