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Non-motor Vehicle Detection Based on VovNet Network and Deformable Convolution
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%

Abstract: To solve missing and false detection caused by different fuzzy deformations and insufficient features of target
non-motor vehicles due to different heights and angles of detectors under roadimonitoring, this study proposes a non-
motor vehicle detection model based on one-shot aggregation (VovNet) network and deformable convolution.
CSPVovNet proposed by the VovNet network combined with the chéracteristics of the original network is used to replace
the original CSPDarknet backbone network for feature extraction. This enhances the reuse of effective features and
alleviates the further loss of features of smalltarget objects caused by deep convolution. Deformable convolution is
introduced into different network layers Lto replace the traditional convolution. Training and testing are carried out on the
public data set Pascal VOC2007 and the self-built non-motor vehicle data set, respectively. The YOLOvV5-C scheme is
selected according to the final performance. The improved network selects EIoU loss as the location loss. The ablation
experiment shows that the final improvement improves the network performance, with the final network optimization
result being 4.14 percentage points higher than the original YOLOvVS5s network in terms of mAP, which thus effectively
alleviates missing and false detection.

Key words: non-motor vehicle; deformable convolution; YOLOVSs; aggregation network; target detection; convolutional
neural network (CNN)
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B LR Bt dh, AAEE A LA,

2.3 DCN #RAXTEE 3236

A 43 (1) D2 58 E A T 44 4 Pascal VOC2007 Fl
3 2B BIEEHT I6AIE, AF VOC2007 $dh 4 B
4% i} motorbike Al bicycle ﬁ%%iﬁﬁvlléﬂwiﬁ, £ H
1) HH 42 10 %14 nm-vehicle 3X —Z8HEAT IIIZRMIR. 52
B A F PRI 2R 2, 4 Pl sl S I S A2 348
MERSHIEE, S NE K K/NA 640x640, epoch
WE N 200 %, batch_size BEE N 16, itk 54 SGD,
BUE UG 2 ST R8N 0.01, TR ABEE N 0.000 5,
ToU W€ R 0.5, BENLRI S I At 22 L gy 8:2. 3l
REE RN 3 Fion. Wit 3 7 LUE H DCN AN H
A7 B AU R B 4R B3R, YOLOVS-A ¥ P2 23
i 3x3 BAAMFTPIAS CSP-VovNet Hf 1x1 501 ¥
R 3x3 ARG, HERE S R YOLOvSs B[R
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1E VOC2007 1 H il AENL3h ZE 50 s 34 B & R B,
YOLOVS5-C 7E VOC2007 L [k % precision R 16
FERTET 4%, mAPIRTE T 2%, 15 A il 5% L [F
FEA 0.88 [ [F13K recall, &+ HoAth 3 Fh&vE. &5 LT
PLE H, ﬂﬁﬁé%frﬂﬁﬂﬁmnﬂ@i@%%@ﬁi FE 3PN
I % £ 42 2% FEE 1 [ o, Wtk — SR FEE b T Al R UG I 6
i, ik YOLOVS-C AU7E CSP-VoyNet JZHI A W 45
EHYLERRDLEN LR, JTHI K.

# 3 4 FAE DON #hn 7 sl gs
— > e -
Lt precistzgcri(Zl mAP precis%aﬁnJ %(:i% mAP
Original YOLOV5s 085 088 091 087 085 0.86
M YOLOVS-A 082 084 083 078  0.82 08I
HiEYOLOVS-B 089 086 0.89 0.88 082 0.87
Mk YOLOVS-C 089 087 093 083 088 0.86

2.4 HRELSLL

7EJ5 YOLOvSs H ik i At _F /e JENL8h 2= 50 5 s
AT TH BhSTIR, S0 UF S B SR IS I RE R I,
KM 640640, HEXAEEE K /N batch_size % E
16, WIUES 213 0.01, HRCREGLE N 0.000 5, 1
1258 SGD, YIZRIREL A 200 K. SLEREHRE Wk 4 B
8. BT R 4 RIS a (YOLOVSS), S25 b (YOLOVS+
CSPVovNet+DCN) FI5Z%; ¢ (YOLOvS+CSPVovNet+
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i EN RSN

DCN+EIoU) ] A% iiE H 45 2K B #5409 EToU _loss
RO, B 11 R 3 A i e I R SE AN S 4 B[Rl B Ok
S 3.

R4 HERLE
S5 CSPVovNet DCN EloU Parameters (M) mAP (IoU=0.5) (%) FPS
a — - — 7.3 85.89 48
b v - — 3.9 89.21 54
c v A — 42 89.10 42
d v NN 43 90.03 46

M 11 ERATAT LU B % b A ¢ 0 LE A 1)
YOLOVSs 13 Ho gt £ 451 (1 A1, 0 AR .
%o o (R EVZETH5 555 a A1 b RGN CloU Hul
EloU, AJ BAJ 4 7 th 6 16 7E I 454804 S 0 T 4 1
EIOU g [ V5 2 SL IS I B #0484 i 8 47 il
3 4 525 a, b XTI H CSPVovNet £ CSPDark-
net TERFESRIEL T SRS FiEmA P 52585 1 41 b 1T L) 2%
O R 75V 2 9 24 R 0 9 e 1 U F 97
BORROREIE. S0 bR o XFLEEAR R B8R A Bk
BRIt (61 PR 12 AT 55 e T DU L £ R — R
BT AR SCABAILE 140 10 20 S50 0 5 MO SR 4
VI, $52 £ I HE 11 P9 25 MR L B M U 4.3M, % e
BSURUR R W, A A 8/, (R SL AR AT
SR B 46 W, 7 BUSCI R R, H SRR

K12

»

2% L REXI 596 A2 S P d7 5 T ORS8RI s
I PR AR, IR BIE— LN R G AR 12T

0.12 ¢
0.10 ===YOLOVS5s
=Y OLOV5s+CSPVovNet+DCN
" 0.08 w Y OLOV55+CSPVovNet+DCN+EloU
8
1 0.06
£
o
O
0.04
0.02 o
0.00 : : : : : : . : : )
0 20 40 60 80 100 12\ 1&) 160 180 200
-
Epoch (IX) ©
.
\ ©  (a)train/box_loss
\L =
\ 0.14 & =
Ry "2 —— YOLOVv5s
0.10 =Y OLOV5s+CSPVovNet+DCN
’ e Y OLOV5s+CSPVovNet+DCN+EloU
5 0.08
I
g 006 f
O
0.04
0.02
000 1 1 1 1 1 1 1 1 1 )
0 20 40 60 80 100 120 140 160 180 200
Epoch (¥X)
(b) val/box_loss
B 11 AFEBUR R EE train AT val Tl ZRes R

nm~vehicle 0.88

nm-vehicle 0.91
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3 GiiE

ASCHRE T M ET YOLOVS M4 kit (i AENLEN
TR IR BB, ¥ YOLOVS FH AL 2 B 4% CSP-
Darknet53 FE#: 5 CSPVovNet 4%, tR#E VovNet 2%
0 LA BS03E () CSPVovNet A5 78 4 A5 24 M i i A
TEAR 3, 28 R 2 )2 46 AR08 B R IE B, $E s N\ B
FRAFAE B v 2 R AE SR 10 [R5 22 A DR U 2 X 8%
M R BRI B2V O B ) A ok 22 R P i 5 R ARRLS
RPN 2 A2 R, 5 NS TS, i sk
56 5 B BB A AN AL B, 3R T T % e AL B AR
871, EloU H T H Fr 0 IE1 A4 2% ) H 5, B30k 58 =
ZEAEAE N AE S I, IRy siost B2 s T, [FIBS Ak T
CloU K f [F] e 1 93 () i A S 36 3R BH, AR SCH H A g
B EEAE T YOLOVSs JR UG I SHIETE mAP fabs L4
THT 4.14%, G — e L b IS, RIS,
JLSTR IR I 2 52 A FE Y B 396 L S PR B B 5 T IR
) 3 2B P SN AL USSR T 2 RS R, B
FeEERE, 51N FREE SR — 0 A B R e 8, 5t
Tz s T RN G5 AT A A .
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