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Abstract; The rural-urban fringe is an important part of urban construction. it is difficult to effectively deploy detection equip-
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ment, the night supervision of vehicle targets in this area always is a difficult problem for urban management. This paper provides an
intelligent approach of detecting multiple moving targets for solving the problem in infrared night vision images based on UAV plat-
forms, presents a multi-moving target recognition method based on improved YOLOv5 in infrared night vision conditions. and analyzes
the characteristics of traffic objects and impact of vehicle parking on road infrared radiation, etc. Convolutional block attention module
(CBAM) attention mechanism is introduced to extract and integrate spatial with channel information to enhance the expression ability
of the network on the target. By combining the advantages of efficient IOU loss and focal loss, the EloU-focal loss function is used to
replace the CloU loss function, solve the disadvantages of sample imbalance. low resolution of infrared image, large noise interference
and low contrast between target and background, and improve the detection accuracy. By adding the DCN to dynamically adjust the
shape of the convolution kernel, it can adapt to the deformation of the object in images, and reduce the recognition influence caused by
irregular shape and many changes. Finally, experiments and data comparisons between improved network and typical network are im-
plemented on public dataset. the results show that for multi targets recognition, the improved network based on YOLOv5 has higher
recognition results, it increases the accuracy, recall rate and F, value by 3. 9%, 4.1% and 4.4 %, respectively.
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precision TP - FP (4)
recall = FP’I;L% = % = sensitive (3)

F, Score — 2 X precision X recall 6)

precision + recall

Ho. FOBESLE— D ERIRE. RAREHRMY
[F] 3R B PR R B 5, A F 0 L Z 0], 54550 28k e Ak
E.

Ao, BF ZREHRE (mAP) 25545, BET
Precision F Recall {8 2 W %l 15 B J5 B A 09 18 A1, B34 {H
TR B
2.4 KWERMOW

TEMFSLR IR T, X YOLOVS () 4 A RRA 4T T %t
Ho S8, DASS UE AR SCE B YOLOvVSx 1 Bl #E X 42 i) A 3
P B ARB S Hm A B 5 A R Y backbone J T 45 .
HEATH S s B4 BI%E YOLOvsx, YOLOvSx+ CBAM,
YOLOv5x+ EloU-Focal . YOLOv5x + DCN, YOLOv5x +
EloU-Focal+CBAM+DCN #:47 £ B b7 R 5 25 5 457 .
2.4.1 YOLOVS BT 5255 4347

HEABRIFREE T, % YOLOvVS [y 4 Fih J5 56 455 780 54 77 1 26
W HE bR ECE N ER 2 F 3 s,

222 YOLOVS o kst 70 £ ik 35 408

CBAM, #&#1 3 #2758 YOLOv5x+ EloU-Focal, #i#l 4 325
YOLOv5x+ DCN, ## 5 £/~ YOLOvS5x + EloU-Focal +
CBAM+DCN,
1) TR SR B 45 R R 4 #r
L4 AN RS s R

Model R 1| BEIRL 2 | MEALZ | R4 R 5
Epochs 300 300 300 300 300
Precision/ % | 91.0 92.8 89.5 92.1 94.9
Recall/ % 82.4 80.7 85.6 83.7 86.5
F, 0. 865 0.863 0.875 0.877 0.909
mAP/ % 85. 4 85.9 85. 4 85.9 86. 4

Model YOLOv5s | YOLOv5m| YOLOv5! | YOLOv5x
Epochs 300 300 300 300
FRIBHRE/G 15.8 48.0 107. 8 204. 8
SR E/M 7.0 20.9 46. 2 86.3
J2E 157 212 267 322
JBEEN A/ h 3.3 4.5 6.3 6.6
FPS 95 73 61 51

#3 YOLOvVS Y FhAE Y ) A B 403

Model YOLOv5s | YOLOv5Sm | YOLOv5! | YOLOv5x
Epochs 300 300 300 300
Precision/ % 89.3 90.7 91.1 91.0
Recall/ % 82.1 81.6 82.0 82.4
F, 538 0. 855 0. 859 0. 863 0. 865
mAP/ % 83.9 84.2 85.0 85.4

XFFak 4 AR, FRATAT LN K P B B A 22 .
YOLOvV5x & YOLOVS v fi K[ o 46 5580, H 77 50 5T R 3K
MBHEEELH T YOLOVSs 14, J& YOLOVS! [
P . HEAT 300 31 2R ia 5 ) AL YOLOVS1 X {3
Ty 0.3 /e, HAGINRE BE 2 4 R AR R B Y .

2.4.2  FEFEGHEM YOLOVSx B S 15 25 5L 15 43 #r

FERRAE 2 WP, 4 YOLOv5x. YOLOv5x+ CBAM,
YOLOv5x+ EloU-Focal, YOLOv5x+ DCN., YOLOv5x +
EloU-Focal +CBAM~+ DCN #F4T{H @325, S5 R ik 4
R, FPEEA 1 F% YOLOvVEx, £ 2 %77 YOLOvSx +

M 4 AT LAIMEEF], 5] A CBAM KBS, MRS 8
BN I T RS W R EE G, X RIS AT E AL
Tl B e 2 (AT (1 &2 2% BE 4R e, R T 300 B AR Y R AR
T E WA AR . 51 A CBAM il s, #R1E
mAP J7E S TR A, X IE TR LR AR A
FRAESREBOM H AR R 50 0 A k. EREENRE, RE
I A CBAM UG BE ) mAP 27+ T, H i F 4 [
VR Z BT, ST F 280 TR, Ak,
K5 A EloU Focal, WRW AT LLE HAGEFRAR T,
HA5| A DCN, A FEREFHIEAHE .,

K, 7EAE R th [ I 5| A EloU-Focal loss, CBAM #i
DCN B, B L% 2045 B AH L SR 4G 19 YOLOvEx 45 %
EAEE EA T BENIRTE. R, St BdEhiiir T EloU-
Focal loss, CBAM, #1 DCN #4418 FHAEW i 242 = B br
AR F) K E R B AR

2) AU 2Rt 3R B o #r

& 8 ARGy Fy ik, WFE (). (b) A%
AT LAVE M 31, 4 Bl B 4y EloU-Focal loss 1 2% B4R
Bn, BARBEIE mAP HM F, 5 $07e 4 5 B N IR A
MR, HEBRBY SRR E R E, 450
S B TR P £ X AR 43 25 DE B 22 OE ) STk, TR o
EAREIR .

MWTFE (o) MAEfbnl LR B, &1 Xt 40 b B AZ /9 5
M PIETEIA DCN J5 . %R HRE 08 38 1o 20 245 07 48 5 B
WITE AR, LG N G B AR T AS B 6 F 08 5RO B0 0
Ak Z i) H bR B AR RE S, BT L, BEEMIR T
XF RN A BRI R EIGE T, Fo 450 mAP {8
HAFE T 8T

RS, ZR5 00 8 (&) (b) (o) kB, FATWE
F| LK B (41 Non-motor vehicles. Pushdozer &) 19 iffi
2R N RISl R PE AR AL, AN I AR A R R
RGN EH AT AT X A8 B B b A X AR A i 2 G
BT A I ot B2 o BT T 58 A A i 232 R 49 [l 2R ] B <5 (RO B
R WA B AR KR B 1 B A R T B LR kS
IR, WE 8 (b Fiw, ML Fy 4k P27 i 4 4k ik
PEEHITE.
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Z 3 %K 9 H YOLOvsSx+CBAM %), Al IFEF]: 1F
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