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(single scale Retinex, SSR) "™ [E{GAL HIE vk 1795
AT NEARKIIN, SSR &I AL #5745 J2: Retinex' ™
ML — W LUH SRR RO AE AN
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S(x, y) =R(x, y) xL(x, y) (1)
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2 b FHUCRY L, 4 H AR R A5 %5 E 1Y an-
chor A #¢ 15 32 3F [t (intersection-over-union, 10U )
i, WU 5532 anchor AHJG 1 DX 8k £ 52 4 T30 HE 7] ) 1)
AN, Bk M GR)5 A0 e s 8] AR
SERARI ST A, A 2352 B H A anchor #Y HARSZ W,
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6 [24,56] [30,68] [40,86] [57,109]7 [111,201] [101,204]
7 [22,49]  [32,59] [41,84] [60,122] [84,190]  [92,203] [103,220]
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GPU CUDA 10.0, CUDNN 7.6
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SRR . bR 22 CREUR BT L EE . 15 B R
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MR 3 AT, SSR REAE I A5 B R
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W, SSR B 7E 5% BE X FU BE 55 1 A Bt i P Ak 3L
. SSR MGG R 5 E o s TR e o BUR 1T
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THRAB MG TR, HER 4 M5 SRREL
P n] LIS X R4 T RS B i 1 75 U RE 8 AE AR UE
S L AT B T, B2 8 B BRI f RS BEFASUR,

®3 TRBEGERERBIRESEREK

REEYISHICRZS SR bR 22 AR PO
YOLOv4 60.905 48.615 5.016 15.284
YOLOv4-SSR 108. 436 40. 823 7.641 19.817
YOLOv4-MSRCR 40.735 21.984 4.343 10.376
YOLOv4-Frankle-McCann 105.139 68.872 6.735 17.463
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R4 TE BTSSR EER

HARKM AL mAP/ % IOU  Recall/%  time/s
Faster R-CNN  94.2 90.01 93 0.052
YOLOV3 83.9 81.25  78.32  0.015
YOLOv4 89 86.33  86.91  0.019
YOLOv4-D 92.1 87.71  90.74  0.021
YOLOv4-SD 93.8 89.32  92.11  0.025
Efficientnet 94.7 90.08  95.02  0.09
ATSS 88. 1 86.42  86.9 0.068
Center Mask 92.4 89.19  91.24  0.072

4.2 EHRAG o 4% SETe

AT I NS A GE BGHE S ) YOLOvA X 45 245
P X B AR AT N AR I 8 SEBR A ISR . Sy 17 (8
TR e T IR AR BRGS0 AT AR 4w 44
YOLOv4-SD, ¥ Faster R-CNN, YOLOv3, YOLOv4 .
YOLOv4-D . YOLOv4-SD | Efficientnet *'' | ATSS' >/ #il
Center Mask ? B35 11T L 80528 . mAP  IOU , Re-
call Fl time 1EH ML VPMNFEDR . Sy 1Al S50 B 4>
17, B2 758 K-means 75 R AE X IEFE 45, 0
A K-means 575 HAR I TS, WFRICH Y,
RZAREH N, AHRESHOE LA (7) ((8) .(9) FF
MRo

mAP = = (7)

Lol BB YOLOV

s, EFIRAIAS: 10
4 RS 3

BGHRIRA AL 0
BA%: 14

FHIERE: 0.8412

 (a) YOLOV3

E—Jg 'E-j BEZFR: YOLOv4
3. o ERREA%: 1

HIRRFAANLL: 2
BGAERIRBIAL: 0
BAK: 14
FHIEFHZE: 0.8651

(c) YOLOv4

box, N boxp

1ov = box, U boxp (8)
TP
Recall = TP + FN (9)

R (7)), Y, AP ARG A 4542 51 I W R 2 A
NC ARG B %, 2 (8) 1 box, UK T HL
HE Y TE AR, o, 72/ BUMAE 19 1 AR, =0(9) v, TP
FORFLIAYE | B2 FI A L, SEBRAT N H AR IE
BEAS s FN 7R BB, BV 45 0 8 SR 1%, 52 B H b
WA R H R, 264 AR EFRKG I 2% 75 7]
SESCEIAEE T MTE I TR AREE A . R R T EE T
A1, YOLOv4-SD FE AR T YOLOv4 F % mAP
PR T 7. 7% KD E G A 0. 006 s, Bk )
SREAE 10U, Recall 554865 EXA 42T, 8 1 fl
SIS AT R CRUEAS I B BE AR T A USRI o
S IRAG IR 2 il 28548, AN I 28 X6 T4 A %
PRI BRI 225 G 4R T, 2R W) Bl 7 i
RehE , BRSO W% 5 FN3R 6 A SC A BB AR S AR 1
OV PE] A (R B T 4 v A A B2, B LAY 28
K 2% Faster R-CNN LA K YOLO £ %1 i o] #LALXT HE .
mE 8 Fizs , B A YOLOv4-D 5 YOLOv4-SD fig
BRI H0 UGG 2% 08 2 AT N, H Al Do 268 D) o B T
TR N4

HIELZFRK:YOLOV4-D
EfIRAIAS: 12
HRRAIAL: 0

BGHRA NS 2

BA%: 14

L FHIERE: 0.8974
(b) YOLOvV4-D

%;ﬁ HiE4HR: Faster R-CNN

e | EFRRAIAS: 12
HERIRFIAS: 0
BEEMRBIAE: 0

BAH: 14
R Sk SEHERZE: 0.9012
(d) Faster R-CNN

H %4 FR:YOLOV4-SD
EFRAIAS: 12
HREAAE: 0

BGAERARBI NS 2

BAH: 14

SFYIERZE: 0.9201

(e) YOLOv4-SD
8 BANMLE LRI NRE
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EHARER 202249 A 3248 o
*x5 BEBLEERERSTLIEHER
MG A PR 7 XA T v 2 = B iRar
YOLOv4 60.905 48.615 5.016 15.284
YOLOv4-SSR 108. 436 40. 823 7.641 19.817
6 BRFRENELEmRMSITEIEHER
ERaRRIKERES K-means mAP/ % 10U Recall/ % time/s
YOLOv4 N 86.1 84.12 83.71 0.019
YOLOv4-D N 90 86.25 87.89 0.021
YOLOv4-SD N 91.2 88.21 89.09 0.025
YOLOv4 Y 89 86.33 86.91 0.019
YOLOv4-D Y 92.1 87.71 90.74 0.021
YOLOv4-SD Y 93.8 89.32 92.11 0.025
5 £ B Hin 58 4295 5o HUR 5 m RS BE iRt
Zm v

FEA B AT NS D[R] AT Fl T ] 5 ) J5T
SRRl IO 2% 25 ) A A 0 o A v 1) B B AR
HCR ]SSR BIMG 3 5 550 3 | 42 v TR 5T o 5 otk
YOLOv4 FFE 24544, 3% 5if 0 28 % T J5 R AR IR AR
SRR 4w 7RI RS HARRE . G0
WA SCE 5 Faster R-CNN ,YOLOv3 . YOLOv4 %555
PAE SRR AR A L3, YOLOV4-SD #£ mAP  Re-
call TOU Z550(H_AHXT T YOLO RANE L34 fri
Th, BRSS9 R 7. 7% 8. 4% 5.2, MIXT
Faster R-CNN Fll Efficientnet 4.9, YOLOv4-SD 2k
TERIIAS BEPEM 4R A b RS A 25 4 (B AEAG I B |
W S 0 T At o A 8 ELRT 3 £ P e SR AR
i 3 SEFR ARSI AR 525, YOLOVA-SD REA 1 i 1
I 3 G AR AR 3R TN e R Y B AR TN i A 5
P TR R AT N B AR ISR AN T RSt
0 55 S0 B 2 BH AR SR A 1 A DA B S A
W, AR SCEFIF A E A, R R B 2 ) 55
X A EBRAG I 0] R38R I 5, A e T A DR
ARSI 28 3 eI g ) A

AR AR SRR T LU LA 7T .

(D AT AR5 BRERARZE A, il 2 5 br J5 n
Al SRR HULZE T — iR L EC 3 B AR, X AT
iR i s s

(2) B 5B, TR I iy R fi 5 A ]
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Dense target detection based on deep information fusion

WANG Jianghao, HU Ziyu, ZHANG Hexiang, DAI Yan, HAO Ruoxin, GAO Zehang
(School of Electrical Engineering, Yanshan University, Qinhuangdao 066004 )
Abstract

Aiming at the problem of low accuracy of dense pedestrian detection, YOLOv4-SD a dense target detection
method based on deep information fusion, is proposed. The method combines the information of single scale Retinex
(SSR) and the target detection algorithm to improve the quality of the input image and highlight more information
elements in the image. By improving the feature fusion layer in the YOLOv4 algorithm, the network structure of the
feature fusion layer is deeply optimized to achieve the purpose of improving the utilization of original image features.
Comparison experiments are conducted on data sets VOC 2012, the experimental results show that the average de-
tection accuracy and intersection ratio of the algorithm are increased by 7. 7% and 5.2, while maintaining the de-
tection speed. For predestrian targets with low pixels or high overlap at the edge of the data set images, YOLOv4-
SD algorithm can accurately detect the specific location special targets.

Key words: information fusion, image processing, target detection, deep learning, data clustering
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