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A gesture recognition algorithm based on improved YOLOv3

SUI Bingdong, ZHANG Pai, WANG Xiaojun

(School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018,
China)

Abstract : In order to solve the problems of low recognition accuracy and easily affected by illumination conditions in the ges-
ture recognition, an improved YOLOv3 gesture recognition algorithm was proposed. Firstly, a smaller detection scale was add-
ed to the original three detection scales to improve the detection ability of small targets; secondly, DIoU was used instead of the
original mean square error loss function as the coordinate error loss function, the improved focal loss function was used as the
confidence loss function of the boundary frame, and the cross entropy was used as the loss function of the target classification
loss function. The results show that when the improved YOLOv3 gesture recognition algorithm is applied to gesture detection,
the map index reaches 90.38% , which is 6.62% higher than that before the improvement, and FPS is nearly twice as high as
before. After the new model is trained by the improved YOLOv3 method, the gesture recognition accuracy is higher, the detec-

tion speed is faster, the overall recognition efficiency is greatly improved. the loss weights of simple samples and difficult sam-
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ples are balanced, and the training quality and generalization ability of the model are effectively improved.

Keywords: computer neural network; YOLOv3; object detection; gesture recognition; DIoU; Focal loss function
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Fig.2 Improved network structure of YOLOv3

RS Y YOLOv3 P8 4 A AN RUEE , FA A 0 RUBE 35 Rl 7 IR )2 415 {5 2 AR J2 1 AR B [
AL RLHEAT Bk T DO SO S ) A 0 0 2% EL AT B Sy 6 i G BB T
2.2 MBHIRKEH

7 H AR A 8 ToU (intersection over union) i it 1900 AE F1 B SCAE () & & B2 . — MKl i (H

A TP AE £ R R R, B A D ey L S 2
SRR SR A B LIS 7 TR 2EAE O A bR R 25 B K pR B AE LA T i A s — 2 ToU MR, IF A — & AL Tl



o514 BETN 7%, 45 . —Fh G YOLOV3 (9 T 31 5 857k 25

HE 55 FARAE 5 e My il i 6 3wl LR ToU A
RIS, 2 ASHE Y B 5 B BE T A —hE s R UK R B

A5 KA b R RE 22 ] v B S L T S % g R j i |
______ -] o 1
g, ! i !
2.2.1 BUEAERIR LK B " |
XL R AR AR DIoU S Ak 5 22 #1 P ' - Lﬂn'
2 R DLoU i 51 0 4 F1 0 {8 4 = 3] 9 B 85 | &6 Low=0.75 L=0.75 Lo=0.75
BRLURUEH MR, DloU i BT . b0 Fuuz0T7 Fuus073

bU:L:ﬁfJTgﬂ 2 B3 loULELEMHELA

U Ar+A*—1 Fig.3 Relationship between IOU and

DloU = IoU — L* (va R») ) (3) coincidence degree

2
C

KR LR, A B FR BUMAE FroO A EEME PO L MR, MR, AIARK IR B 50 AL AY L T 43 B4R 3 i
A 1T LA AE ) 5 /) PAT 5 DX 38R 19 % 456 B8 L AE 1 o R 00 A 1) o R % B S g AL
DIoU #i 2& #3158 an = () PR
Lo =1 — DIoU, 4
DIoU 1 5 2% RE , —J2& 7T LA B 42 05 /0N Ak 790000 AEE R L A 22 180 1) 05— P B o 60 i ookt B o e s — 02 X4
DN HE 55 FLAE HEAS T8 5 I, 7588 AT LA Ay 00 HE £ L 88 2 J7 1) 5 =2 2 AN HE AE 7K 7 R EE B J7 ] b i, DIoU [1] 15
P AR H DR 5 DU SR AE AR B R AE I IE AL L DIoU Al IR ER ToU, fff NMS 45 21 504 B K A 850 25 31
2.2.2 ik EAE EEUR R
R T i DR A S S R R, LIN 25D B T Focal 5126 iR gk, ik — 4R 5 YOLOv3 BY A RS B2, A
SR R E ) Focal 45145 BRBUVE N BAS TE 125 BB, Focal 45145 bR 8 AE 06 16 BRI 25 5 A% vl 1 188 K PR wfe
FEAKUE (14 5 1 o A8 RO PR A R S A7 ) 000 (1] i 0 LA T A A R U RS . Focal 45128 pR 8RN =X (5)
FPR -
FL(p,))=—a,(1—p)7In(p,), (5)
Ly HRESHCZE—DRT 0 MBS e, NVESE W — 8 S50 R # 6 IE fURE A X &
PR BT P 2 A RE AR BT 5 p, s A TN RE %
KOG Ha, My X 2 D8 M AR E  (H & 2R 158 /Y B0 A 0 & 808 42 I 2R 2008 B R
Gpt L X B — [ L A SCAR 4 B S X S A e i R R
D i PS5 q,
ARSCREARA 5 AL R T X RERE A Jin 451 2% bR B5ORCER , 7] B 930 /N 25 ) A 1 460 2R A L AR A 4% S A
AR B R AT AR KN B TR A 1R 1 H AR B AT R 2 S 28 B RE A B FIX 2 A2 AR
B A= (6) TR
1

n;

a = (6)
2o
SN WA I W REEARORE KT SR o, TR AR RN, R
S5 55l A5 5 T 0 85 R A B0 /N X O 45 2 £
2) WhE RESH Y
3T ot T S 4 B, FE R 0 90, B Focal $9 4% bR KRR R0 )1 26 205 T 0 1 58 SUI 9 2 b it
BORS ) Sk AR SR P N AU T 1 TRy (07 L T 7 2B (D) R

7z®2XE%%J+Q@nmo (7

K o FINGREEHGL « Do F RO IZ 8 700 0 7 WO . BEE VIR ER i, R ES 8y &
SR B R DR b A A R I e O 4 2 R — 2 JOR PR MR AR 1 450 R A A SR o B SRR L DA T 412 g 43 S A A



26 Mo B R % %R 2021 4F

KT

L5 L PTIR A SCLL DIoU AU JRUR 1 35 J7 25451 2K BREOPE by A B 152 25 458 % pR B, T Bt J5 19 Focal 482K bR
AR S 30 S E AR B AR G pR B, b 0 S B BRI A A SUIR A S Bk R . DRI, YOL O3 451 2k o Kot =X
(8) 7R -

Loss = bboxloss + confidenceloss -+ classloss =

S*B
. groundturth
2 Iohjﬂl X (I — DIOUpre(]i('l ) +
0

S* B

Em X Focal(CE(p, .q,)) +

0

S* B C
DI I TCE(p (e) g (e)), (8)
0 c=0

X CE RR S U B 2k R . DIoU 48 5 11 0 H b HE A8 A 1] 151 458 2 . oK 5 00 AR AP0 AE 22 1] F B
HAERU L E R Bt AEARARREE LS 1 H bR (o] 5 2 7 0 FE A R S S A 2 o A
il A £ A R RRC RSP A D TR MR A B 0 G A A B v TR Y ) I B A
AETI .

3 ZXBRKRER

3.1 HESE

R T B ETE IS A AER T RRZ Y ARG = T REFHEG, FH 1 8] FH 5 % A RE 500 5K
B F . R H Labelimg T HARCFH HARHERIEE " . N TR AR R 6B A #E17 30°,60°,90°,
180°, 270 g % .3l 1L MK V- 8% . IR 0.4,0.6,0.8 MY T4 /NEL R L xob B R Bl AL 398 56 5 32, 4t i v Ly
0.1~ 2, FF X AEAS [ R 3 224 384 i ABER M 75, S AP A 5040 1 58 )5 AR A5 14 500 SR UITZRE F
3.2 EWEEEEFEMIER

FH CPU Jy % 4% /K i7-7700HQ. & Hi ik GTX1060 & Il 25 #5 %1, 52 B i 5 4 python3. 6, i [
CUDAY. 0F1 CUDNNT7.4 I Il Zhik #2 . 75 I 25k B0 28 BRI B B, {998 43 288 batch size 24 16, [ 5 K/
h 416X 416, ZEALHEL 20 000,10U B K 0.5,

B bR A b RLR 48 bR A A B 31 25 30 R« Precision (8 1E %) Recall (7 [0 38) | AP COF 2085 B2 Al
m AP CF-HRG BE B ED >, X (9)— X (12) iR

... TP
Precision = TP L FP’ D
TP
Recall fm’ (10)
2P
AP="—, (1D
n
k
DIAP,
mAP = "Zlk (12)

. H: TP (ture positive) #7843 2 %5 15 5 iU 19 IEBEZS s FN (alse negative) 2678 4328 S A 15 00 14 17 K
A% s FP (false positive) F/n 43 2388 45 2 W 1 IEREAS s Sl SR AR P-R Xk REARZEHIEL (RN 5)
33 £ERSMH

FRS R YOLOvV3 B 54 YOLOv3,SSD300, Faster R-CNN £ it &2 K H A A6 ) 85 22250 %)
FEAKH AP AT X A5 R ER 1 B, AR X 45552 B9 IER (frames per second . FPS) \mAP ik
F Loss BIE A B E 25 F AN 2 FTR 4 BT F HAUR A 4 FiR .,



551 BETN 7%, 45 . —Fh G YOLOV3 (9 T 31 5 857k 27

%1 4FHEF AP ExTE

Tab.1 Comparison of AP values of four algorithms
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Tab.2 Comparison of detection performance of four algorithms
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Fig.4 Detection effect of each algorithm
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