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Improved YOLOvV3 based on dilated convolution and Focal Loss

XU Teng, TANG Guijin, LIU Qingping, BAO Bingkun

( Jiangsu Key Lab of Image Processing & Image Communication, Nanjing University of Posts and Telecommunications, Nanjing 210003 , China)

Abstract : To improve the detection performance of small targets of the YOLOv3 algorithm, a technique for
producing new prediction features is proposed. It fuses the output of the hybrid dilated convolution on the
second residual block in Darknet-53 and the output of the 8x down-sampling of the original network. In
addition , the Focal Loss is used to compute the confidence of negative samples of the loss function, allevia-
ting the imbalance problems of positive and negative samples of YOLOv3. Experimental results show that
compared with the YOLOv3 algorithm, the improved YOLOv3 algorithm can achieve an improvement of
8.8% and 16% in terms of the average precision and the recall on a specific data set with a proportion of
the number of small targets of 47.7% ,and achieve an improvement of 3.4% in terms of the mean average
precision on the VOC dataset.
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T3 XA ) ARG D PR BE AR TE X L A 2 fias . NM
F7R 5 YOLOV3 B89, HDC 7 it ] 245 1l 45 AR el
B YOLOV3 By, FL 278 H{di [ Focal Loss Bititk

) YOLOv3 5.3 ,HDC + FL 3R/l FH T WA~ 7 i
#ER) YOLOvV3 B3k

HH2% 2 AL, P74 YOLOV3 sl & A
B, {H & Focal Loss X 452 BUAG I 4 BB (1) 4 45 L
NGRS o R PR 7 v A I T B4 00, A
25 P 2 M. #EfiMA Focal Loss J&
X R TR AR 3o AR YA g, {HUJE: i T s T S R
AN, BPE Y YOLOV3 (1) o0 28 25 ¥4 JZ 5504 BT,
S ARSI 2 FE 25 m AT B

F 2 BUHREMAEITERERA R

Method mAP/ % Improvement Ratio/% FPS
NM 78.1 0 23
HDC 79.3 1.2 21
FL 80.1 2.0 23
HDC + FL 81.5 3.4 21

(2) ARt Ty A REXT He
BEA SO T B ek 75 1 5 SCHR [ 24 - 25 1 g



% 6 4

#F O, EF A TR A4 Fe Focal Loss 8 it YOLOV3 H ik 107

TPk AT X HE, s FLAE ) — 4R B X YOLOV3
R PERER SR T BE J7, FUAL Rn3 3 s,
SCHK [ 24 1455 AN 7 32 M1 M2, 2353 i 7] TOU
GIOU Ay ekt o 1 M3 J7 32k H SCHR[25 ], % R 4%
TR R BOHEA T T ket 3R 3 T, FE AR R) 2 1 F
B SCOR R AR IE R BT RE SR THECR B

£ 3 FREEEMELL YOLOV HytkgesR 3t tb

Method M1 M2 M3 ours

Improvement Ratio/%  2.02 4.08 0.80 3.40

(3) HERIPEREXT HE

Bt JE YOLOV3 555 YOLOV3 % Hfih gt 89 fry
DL gE BT L i3 4 FiR . Faster R-CNN SSD
300 . YOLOv2_416 . MLKP . DetNAS | Auto-FPN [ 52
IAE Ry Ak A SCHER(8 ] . [10] \[12] .[26].[27 ],
[28],YOLOV3_416 5t ) YOLOV3 5256 45 5 i
ASCHAE, R 4 v AL S S ) YOLOV3 b Jit
YOLOv3 1) mAP {55 3. 4% , B WA SCR A el itk

Fe it ] AR SR TR 18 3 T H AR BE, i B
et JE 9 YOLOV3 A I 4 RE w5 1 2 Hh R HR 70 /Y
F4 FEHEEIHERITLE

Method Network Dataset mAP/ %
Faster R-CNN® VGG VOC 07 +12 73.2
SSD_300101 VGG VOC 07 +12 72.4
YOLOv2_416!"2) Darknet-19 VOC 07 +12 76.8
MLKP!2! ResNet-101 VOC 07 +12 80.6
DetNAS!?) ResNet-101 VOC 07 +12 80. 1
Auto-FPN2] ResNet-50 VOC 07 +12 81.8
YOLOV3_416  Darknet-53 VOC 07 +12 78.1
Ours Darknet-53 VOC 07 +12 81.5

J5 YOLOV3 Rty YOLOV3 7EiA4E 2 T Y
RO 25 R AN 9 P A — X 18R 19 26 30 0 )it
YOLOv3 iS5 5 , 47 10 o9 Bl 1) YOLOv3 A& il 45
Ho mE AT Bk YOLOV3 g2 T YOLOV3 H
FEAE BB R A sz 1] e

9 YOLOV3 #REFN#tH9 YOLOV3 REIZEMIK S 2 THIMIME R (a 5 YOLOV3 4551, b HH#/FH) YOLOV3 £ R)

4 ZEFRiF

AT T —Fh YOLOV3 itk vk, iR T
YOLOv3 BRGNP R . SCHh i e e 1 4G kg
LREER i AR A 25 S AR HRT 2 A5 R AR AL 2E
Darknet-53 H1[4 55 2 4S5k 22 Heddy B 1) 104 x 104 4
T SR 5 5 52 x 52 Kl REAE I E A 7 Rl 57 8T
PR o [R5 ] 3 Focal Loss SR Ui 4 2K b
B R A A B T s O A 2, SRR R
W], B J5 (1) YOLOv3 71 5 5 YOLOv3 #5554
L, 38 A E AR AN B A BRI RE ) ER A B A 4

e (ELIE G o J3E A W Aol o T A i A AS e A1
BUARLIN PR BE AT BT, fa) AL 190 2% 25 4, AR H
LSRRI TG ELRSEARR K 719
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