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Lightweight Algorithm of Road Obstacle Detection Based on MobileNet and YOLOv3

QI Yong-Kang
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: To avoid the danger of people using mobile phones while walking, this study proposes a lightweight model
(Mobile-YOLOV3) with strong real-time performance to detect road obstacles. We photograph roadblogks and annotate a
roadblock data set around Guangzhou City. Lightweight is achieved by the replacement of the backbone network of
YOLOvV3 with a lightweight MobileNetv1 network. In addition, we apply four methods to impro{;e detection accuracy and
model robustness, i.e., border regression loss function CIOU, classification loss fiinction Focal, prediction box screening
algorithm Soft-NMS, and negative sample training. The experimental results show that the model obtains 98.84% MAP.
Compared with YOLOv3, this model has the scale reduced by 2.5 times but the detection accuracy improved by 7%.

Key words: deep learning; object detection; road obstacle detection; YOLOV3; lightweight model
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AT B AR 7 R A AR BE . AL SR B A daril] 75 vk g
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Fatar il 77 KB 0] 43 o 3 AN IR, B dE Ik T B AR X
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AT IR S REAE X I BURFAE, B 5 ) 2800 43 2 48 i
B8 HBRRFIE X803 25, TR TIOR3 R4 R AL 4
H sl 7 AR AE R 2 B RIBR 1, 9 R 25 & AR,
DL sr I 25 SR B AN TR e . Bl A 52 2% 1 448 I 4 FH TR
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T AR P AE B P 2 EL two-stage WX Z41IK.
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T one-stage M 4% YOLOy3 W45 fliMobileNetv1 4%
T —/l\*%ﬁﬁ%ﬁ%ﬂﬂﬁ—%iaﬂéﬁ@%iﬁﬁ
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NS €, 97 B DIOU 3% 15 T FiAMKE M & v
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BRI AN 8, Focal 4515 5401 7648 XURIHUR
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Focal #tk B KA G T — 40 2658 SURI 26 th 2k
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YOLOv3 A i JE 5 KA # | NMS (non-
maximum suppression) KM B A U B (9 T0 R AE, NMS
Ao 2 4R R i e R AE, PR RME T 2=, R 3 5
$2 30 L SHE B U AE AL B, NMS AR an 50 1 frow.
NMS By %t B vl Ge AL & 17 R — AN I X 5 1 i
WHE B Bk 53 S i&ﬁﬁlf}?, ﬁ)ﬁ\ﬁ%ﬁj‘%%ﬁ’]ﬁ
WAEAE S B A5 L SEHE M, #i*ﬁiz\fﬁfﬂﬁﬁmﬁiﬂﬂffliﬁﬁ
10U ft, In izl 5 s Mt v, BT
iﬂﬂ*ﬁﬁﬁﬁéﬁﬁz, EL2 BT A TR AE #85 176 A Bl
S AbERZE RN 6 Bk,

NMS 42

E6 NMS baig i

ﬁﬁNM&%%%tM%%ARFH%%%?ﬁ
S B T A B D, U NMS B RAT RE 2 TE ik 51
B 1 Bt S 4 ELRRRE 5 T AE 2 A
BN, SR A (X i) TOU M7 T e 0B B0, A4

o ﬁ?ﬂﬂ\igfﬁj\ﬁ% (K] H AR R FIUI0HE 2 A B, XA i

ST bR 5 0 T 35 AN T T A e
K. BEXFIRAS (1 1) 8, FRAT1ME A Soft-NMS sREUEAR T
NMS 1 A2 SO (1) B ARAE 6 i 592

NT fEUR NMS 25 2 2 AT, 8 8 X i K
H bR R FRIIAE 6 1] 73, Bodla 25 A2 T #ALAERZ K
PR Soft-NMS!*! Soft-NMS 4 F i F2 55925 2, i
THHATRMAES R B 1) —TOAE b, t 256 THE
UK 1543 Bt = HE M FC TOU 8, 1H Soft-NMS A J& 14
NMS —#£4 IOU {8 & T R SIE N, 76 TAE 51 &
B RN 41138 S vh B R MBR1Z TUNAE b, S 3L
2357 s, AN 1ZTNAE b, A1 H b ES2HE M 1 TOU 18
VT AE b, (ORI 15 53 s, AH 3 258 1E i 1000 A
by IR M4 43 HEAT A D 38 3 3 b 7 2 mT DA PR A 240 1%
TRMUHE b, BOREIFF 53, A 2215 NMS B A5 B,
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Input:
B={by, "+, b}, S={s1," ", 5,8, N,
B RANUGTRIAE ) 2=
S HIRA L TMHES L B X R4 5
N, & NMS 5% B E

begin
D—{}
While B # empty do
m «— argmax S
M b,
D—DUMB—B-M
for b; in B do
if IOUM, b; ) = N, then
B—B-b;S—S-s5;
end
end
end
return D, S "

end "
8

B 2. Soft-NMS Az 35

Input:
B=1{by, . by}, S={s1, " su). N
B VUG TRIAE 51 3K
S HIRAE TMHES L B X R4 5
N, /& NMS T B i

begin
D—{}
While B # empty do
m «— argmax S
M«—b,
D—DUMB—B-M
for b; in B do
sp— s; lIOUM, b;))
end
end -
end g "
return D, S s "
end g |

L4511 NMS THEA L= (8) Fros:
[ si, IOUM,b;) <N,
Si= { 0. I0U(M.by) > N, ®)
75 EME b HAG ESVE =  IAL) Soft-NMSS i
HA KN (9) Fros:
{ Sis I0U(M, b;) < N,

{%M’b’)} J10UMby >N, O

S;€Xp

Hr, o2& n ANTHERTHE L.

3.5 HmMAREARRTIL

SRR A — B AL B R AR I R, SR A
SR 75 SR T R BRGS0 . TRAT 3 L
o JEU A VI 252 MR (OB 92, RN T — AN TT 4 S50
TSGR 1 $RE AR 0 5, %0 SHALE B BLARHIE (1Y
SOPE T, BLLkSE. B4, 1EXT EREAS HEAT AR R
0, A S 2 — B8 43 R TR I 4 T o R O 3.2
T 336 4 T P AE 1 2 e AR 2 51 1. B, AT THE i
G SUREAR IR DU B T A B R I Y B
TSP 5 I AL VIR SRS BN G R, U K
B % 50 2o B R T 22

I SC B JRGERE LI 5 rh L A5 I F o 5K R
YEP T X B 45 1 BEHLICEE RN T 500 5K 51
FEA, 456 1500 sRIEFEAR, —3L8 2] 745 2 000
TRFEAR R BHEE A, BATHE Mobile-YOLOV3 454353l
TEHARAE A 5 HA 2 000 SRIEREAIMEIRLE B 4T
T UNZE, 1SR IRS BEXT H 2 1 B, SEB6 45 AT
WA B34 B P 2R 0 R A 1T ARSI 2 SR

1 IINGRE AR X

AE/E S IEFEAR (7K) FUREA (k) MAP (%)
A 1500 500 94.77
B 2 000 0 92.61
4 SKIREERR T \ )

4.1 ZIWIMEMBURTASIE

S 0 KRR R L 1) B RE £ 3R 559 Tntel(R)
Xeon(R) CPU E5-2620 v4 @ 2.10 GHz, 128 GB 477, Nvdia
GeForce GTX 1080ti 2.+ ##1FE %%i 5y Ubuntu 16.04.6
LTS. F & ¥ %A~ Python 3.6.10, TensorFlow 1.10.0,
CUDA9.0, CUDNNT7.6.4, IDE ¥ £ 4 Visual Studio
Code, A br1E KA+ 4 labellmg.

BT A SR 137 5 AT NEATE MR T
ML 38 31 () 18 5 B i, DR b o i 48 10 0 55 A P R
AREE T AT FE R PR M 225K, T A B TR R B SE i A
SRR R 1 P A 2 A 2 — MR AT Ak
i HFHUA AT B, AT T M & X A
A AR B g, X e ] DU SRARREH %
AENE TR 2 3 5] seal B ) B T RS R T — &
F1) ) % b AR, FRATTEAT 07 0 IF 22 B 1 A DA AR iR
MEEIE 2 5, BAEIREE T 2 000 Tk B T Fe 5 20 4,
% T A 70 28 I 5, IR0, B B 3 28 4% 500 K,
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T BEAR R 2, SR T A S H ARG ) R A
500 5K. FATH Bk B B G Atk AR S, RE A labellmg %X
PEREATFRVE, A2 BR T X RL XML S, A SOH SR 4
R4 1 620 KIZREE, 180 FKIGIESE, 200 5K IR 4.
BRI 7 FR.

(a) 077.jpg

(® 577dpg

(¢) 1077.jpg (d) 1777.jpg

K7 o EdEERY

4.2 SEIETEMNIERE MAP
76 B AR, 0 SR FUNAE 5 BCSAE A I B TOU

KRF ORI BIE, T b F00HE 0000 A8, 75 MAAL

LG FRUDIAE PO B % AR s — 7K A\%’S%'J E‘J@‘@,ﬁﬂ I
o \ -
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