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Lightweight Target Detection Based on Dilated Convolution

LI Yang, GOU Gang
(State Key Laboratory of Public Big Data, College of Computer Science and Technology, Guizhou University, Guiyang 550025, China)

Abstract: In order to make the model lightweight and facilitate the embedding of mobile devices, the YOLOv4 network is
improved. Firstly, MobileNetV3 is used as the backbone network, and a deep separable convolution@is adopted to replace
the ordinary convolution of an enhanced feature extraction network, so as to reduce the number of model parameters.
Secondly, when the feature map with a size of 104x104 is output, the dilated conyolution with a'dilated rate of 2 is fused,
and it is then fused with a feature layer with a size of 52x52, so as to obtain more semantic and location information,
which can refine the feature extraction ability and improve the detéb,tion performance of the model for minimal targets.
Finally, the original pooling layer is connected in series with three Maxpools with a size of 5%5 to reduce the
computational load and improve the detection speed. The experimental results show that on Huawei Cloud 2020 dataset,
the mAP of the improved algorithm is improved by 2.33% compared with the YM algorithm, and on the public dataset
VOCO07 + 12, the mAP is impro\zed by 3.12%, and the FPS has more than doubled compared with the original YOLOv4
algorithm, with the number of parameters reduced to 18% of the original one. As a result, the effectiveness of the
improved algorithm is verified.

Key words: MobileNetV3; YOLOVv4; dilated convolution; lightweight; depth-separable convolution
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i, AR BUR A E AR S5 H An kI b, Ak
REMNE, HIA M EE M Z 5, XA R Bk
e, ME AR NS Bl 1585V A8, XA AR RATT M — 28
ERAHFFT.

H FRA I 53 & Gt 05 1 IR FE 2 21 71 AR 1
H FRAS I 5092 2 R T LR AE A 4 2888, DA & 7 K
1 BG4 73 Bl i Biv A B AR, 35T B Al
IREES ) EFE 7o 7R SR 1) OGBSk Rl Bk DL R
BT HNER B BOE . 2 BOE, PRI BEE
5 SSD™. YOLOV ® R%% %, Retinanet'”! 4, HL
BX (one stage) B0 T — R AIA R /N B HEHE,
1 BRSNS T2 X 2%, i XA B 2% (region
proposal network, RPN) X} anchors #:474335 015, 153

i 3 X 35 XU B (two stage) 50325 T3 75 4k 4 1 %

PG ) I SR [X 35k (region of interest, ROT) 42 HU{i%
[ S A, 4 R . R-CNN 1%, it —
S0 X B2 KN, 4T R-CNN R 51 B, 7 A
one stage HyZ: IR I T i B A

Dtk — A v B bRkl kS FE ARSI FE, 2020 4
Bochkovskiy 25 #2 1 YOLOv4 5%, 7 YOLOV3 &
T 2% Darknet53 FIREN KA ZE B F NN ES I BLR T
KR 2% (cross stage partial, CSP)!'" Z5#y, HAE 13x13 %
H 5l N7 8] & 7 EE Ak (spatial pyramid pooling,
SPP)!! 4 0 4% () 2 BT, ik YOLOV3 RRSAEFE 42
FIEM L (feature pyramid network, FPN), fl 2R &
R4% (path aggregation network, PANet)!"* {F 405 4F
TSR 26, FEATREAERLA, 8 F T RAE T VARG AN
[ 4 52 ()18 S SRFLE.

SCHk [13] 7, KU L MobileNetV2 Hi% O (% &

YRS I 2 , P A 2 10 R 7L 4 3
% R 1O AN P8 5 2 FOE R i 25, 809 P 4
o JRUBE BRI R P, B RELTERS FE . SOk [14] 4% Darknet-
53[5 2 MRS I E IR G R, 5
YOLOV3 H 8 5 N RAE IRHE E @A, 1 F Focal Loss
353 2k R B CHE SRR AR 1) LA BE A R, 7 VOC Bl 4R
b, KEREIA T 81.5%. SCHK [15] Jof v B LR 1 L2
ST R R AE A2, S B8 S OB 854
R 6 0 e 0, 452 S — ol B T 9 7 T WL G R
LI, ot A A AT A (1) ST 40 L, 56 F Focal Loss
1 GIOU Loss H#r it 2k %L, /£ VOC $ida4E I,
5 P2 3] 82.69%.
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T R M 5 8, 52 2 10 I ok I 9 46 3 I8 24
iR 2 10 R, e LAEAT B B A N, 4 I 111
2% REE T AE. 22304 A OB 715, Bifk YOLOvA
Y, A % B 2 11 MobileNetV3!'® 4% ##: YOLOv4
[0 T2 B3 45 T I 28 R TR A4 S 3, e
R/ HARRO R 77, 31 N2 R, 3 k2
B7 B TR 1043104 FHRFE B8 AR G 9 0 23 3 26
T, 15 52552 i O BRI AT HHAE R A, 75380 (0
L 25 5 45 ¥ SUA BRI B 05 g B T L
b 17: G SPP 45K, 4§ 3 > Maxpdol #: B FRH Lt
&, BAG T R T VOCO7+12 HIBUESE b b7 f il
g A7 FR R 7 51 87.32%, 5545 MobileNetV3 1
R VL B AL YM OB L mAP 32T T 3.12%.

1 FHRTAE
1.1 YOLOv4 &%

YOLOV4 J&7E YOLOv3 (15 Ai bk 47 etk iy, 78
Darknet-53 )44 residual block fin_F CSP 45+, BUH
bottleneck £#4), A1 5 45 5 Il 2k, CSP 1 4544 &l 4l
Kl 1.

Base layer

Base layer

Part 1 Part 2

Dense
block

Transition

5

A 4

4
Transition

(a) DenseNet

Transition

(b) CSPDenseNet
1 CSP 4K

it 3 ANMRRIE RBEASINZ, Horf 52x52 F Al
NEBRIE, 2626 FTATI G B R4, 13x13 FT
o K B AR, Ak, SEh0 T SPP 2, 1Y 5 R £ [ 2K
528F; A YOLO-Head fithh 3 Ml sk, i 500A &
> YOLO-Head #6351 3 MNRIGAHE, fF M JeinfE
THOE (x,y)s 5w &by BISE confidence LA™
ZHY it E = (1) Bros, il B e S AU
BAAE, num_anchors ARFSEIAERINEL, num_classes
B RIPPE.

out = num_anchors X (5 +num_classes) )
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1.2 HURERH

YOLOv4 15 2% pR H (1 1H H AL HE 3 840 8] 345
g BEEMUE. Rk

IoU (intersection over union) #& H brAe il 5y 4 5
FAFEAR, F TS T HE RN B SEME 2 (B 2248 5 41
Al =X (2) Piow, 4 ARR TR IAHE, B AR EIUAE.

|ANB|
IAUB]

CIOU 5K (3) Frw, p Ron INHE 5 HSLHE
rhl RUA] R IR EE RS, py g 73 0] 2R 7 FRUIIAE A 3 S AE
et i, ¢ ROR RN AL 1 TN AN B SEAE /)N AT 6L
DX 3T A1 2R )RR RS RENA KT av LG T TRINAE 5 5k
HE A B

IoU =

2

PX(p.8)
C2

CIOU =1-1oU + +av 3)

YOLOV4 ({52 B I (4) . KxK it
A A8 57, =3, KB4 EH 3 A HRAE, Aeoord
TR IEFEARBLE R, Il.‘}bj%ﬂ?% i RS AR A el
HE 75 47 16 I A, 710 TEREA, 75 0 5 Sy SR,
Wis h; FETR TRINAE O 55 10 58 A G, R FEARA, ¢
FIRTNIE , Anooby s A IR R EL, pi (0)F R
TRIAE S RS, p; (o) FLSHE R I E .

KxK M
Loss =Acoord Z Z 252 = wix hi)(1 = CIOU)
i=0 j=0
KxK M
- Z Z 127 | Cilog(Ci) + (1= Cplog(1 - C))|
i=0 j=0
KxK M

~ooatj Y 1Y [Cilog(C+(1-Cilog(1-Cp)]

i=0 j=0
KxK M

_ ZZI;PJ Z [pi(c)log(pi(c))

i=0 j=0 ceclasses

+(1 = pi(e))log((1 = pi(c))]
“4)

1.3 MobileNetV3 &%

2017 4, X FHLEE RN B H, Google gt T
B2 27 N 4% MobileNet!" ", 3 AL B2 8 5 7] 70 B8
B, E¥ERER S R T IREGRN G W L,
2018 4F, /£ MobileNetV1 [FJFEAl 5] N T 185k 2 B Al
LBV, $2H T MobileNetV2 25", 2019 4E, Google
HBAFE H T MobileNetV3, 7 ImageNet )73 F-AT- 55 H
BRI T 3.2%, tHHEER 20%, FE S 7T

JUsi: WO B HCE T, SE BRI, (ETUR L 1.
7t bottleneck 454 H [¥) depthwise filter Z J5 A
THERIHUR, MBI ECA T IR ARG 1/4, X8
B, UG T I I HURE, S8 TR
W 1 RERUR, BT BB EOR, BTG 1 2%
BN 32 8O 16, BARHER R BH B0E, (B K
KR TSHE, T8 T 2 ms BINHA], 2 J5% MobileNet-
V2 AT ETI 131 BRUEBEIE T Ptz
I, AT 7 ms (9], S T AR 4, AR T
A .
i MobileNetv3 A& TAkw. midl, SHET
b, SR PRI A, IR SR 1 BT,
SE erfE b S 7 7 7E SE FE R AU, NL R
1 AR LR 1 2R Y, HS R h-swish, RE 7R ReLU,
NBN 75 B HE R, 5 Fmsb IR,

%1 MobileNetV3 W& 55 1) 3%

Input Operator exp size #out SE NL s
224°x3 conv2d — 16 — HS 2
112°x16 bneck, 3x3 16 16 — RE 1
112°x16 bneck, 3x3 64 24  — RE 2
56"x24 bneck, 3x3 72 24 — RE 1
56"x24 bneck, 5x5 72 40 A RE 2
287x40 bneck, 5%5 120 40 Y RE 1
287x40 bneck, 5%5 120 40 Y RE 1
287x40 bneck, 3x3 2408 | 80 — HS 2
14x80 bneck, 33 200 - 80 — HS 1
14°x80 beck, 3x3 54 8 — HS 1
147x80 | bneck, 3%3 184 80 — HS 1
14780 bneck, 3x3 480 112 v HS 1
14°%112 bneck, 3x3 672 112 v HS 1
14°x112 bneck, 5%5 672 160 Y HS 2
7*x160 bneck, 5x5 960 160 v HS 1
7*x160 bneck, 5x5 960 160 v HS 1

MobileNetV3 [ 4% 25 K, W0 ek 2, {5 h-swish
BRI 0 J5R 1 swish BREL THE AR (5), REFEMK
EHE, R PERE. ReLUG6 2 ¥5E 1 ReLU K%L,
B PR HI H e KA R BEN 6, REMS RS Bh i & i 7E Rk
FE R G R A RO BUE 7 3 2.

“ReLU6(x+3)

h-swish[x] =
swish[x] = x G

®)
2 HUAMEEARA

A AE B AL I 4% MobileNetV3 /E L1 3

Research and Development ff 78 1 & 381

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2023 4F #5324 21

TFREAE SR B 2%, A8 F VR BRI 43 B A AR i e 4
L MOKBRAG T S50 51N TG ARG 5 vk )2 R AE
(R AZ BT, 5 2R E B O 400 P R E i A, SREE %2
/N EARRFAE, 38 S A6 /N H AR R I B8 775 2k SPP
JZ, B JE R i A 2 IR R R B 2, BRI T TR,
P T
2.1 TRER

75 BME A KM & h iALFNF R PR B A 22 R
R E B 2B E B PR, EREREIEE B,
2016 4E, Yu & ANAESCHR [19] Hd B 2 27 (dilated
convolution), | FH7E 4 FRZ 2 (B R Jn7 T 36 Kz B,
a5 3x3 AREER, TES B E M E 2 AL B
T, #1145 5%5 (dilated rate =2) B # K HEAZ B, £

ERERE ETUEROBLT RGHEE LU L

TR, AT R T RAEBRIR T LSRR
i K, I (R SR RS AE L . B
AL, [ 2(a) FORGEAN | T BB, 1 2(b) %
RERN 2 A

(b) dilated rate=2

(a) dilated rate=1
B2 2508 12 FasiiE iR
22 RERSEER

£ PANet [ 25 0 F FTRFE T 70 BB A 4 T 50k

(L IBER, TR R 9 B R IR B BRI G,

il 3 . N g !
5
1 i ®
Dk@ ' -
(a) IR EH
ﬁ&%& =

~—N—

(b) HEM
K3 REREER
JoHT 1x1 B BUTH4E, 1151 3x3 R BURMIE, & Ja

Ix1 BRARELE, BARINIR T M2 E, (HZR A T NFE
TR, BLORAT TS 2 B AEAE S, T T SRR AL I
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(feature map), & B /N E05E Tl E £, A6 LT
LIRS HHE TN, THEEE R RESTR RS
K=k (6) Fin:

WH
Gijm=

wh Kw,h,m X Xi+w,j+h,m (6)

Horh, G Rt B R, i R j Rt R B 7R 2R
m JATE _FRAAER, m RONFHEEIEE m AMEIE, W RoR
B, H R, w il h F8E8 m IBE N EPZNE TR
MR, K SRR B S B, .
23 KTEEM L v

N T R el AL, 1T MobileNetV3 /E AT
%%, 5] IRE PANet 048 1 iV B 7T 43 B9 35 B 5 4 3
AT, 0 B MR IEIE T 82%; SLUCK T B A
HARIIR I RE /7, IR1F 5 208 UE &, [ 104x104 4
HIRHIE S B, W R BT RHERL S, 104x104 FFIE
S BY BN, ANRIT B ARAE I, 8 T3 KBz B,
[) B CRAUE BT (5 B 78 0 R, 75 104%104 RFAE Bl 5
B Rl A ST B AR, TRA L — R ReLU 300S eR 2k
{5, BRI 104x104 FHE KR EE BT 5
52x52 FHE IR ZRFERL G, $2 T/ B AR R II: E;
e, Bk SPP 4544, #4 5K Maxpool2d A B4 Bk
AT, TR Z K/ (kernel size) 2 5%5 1
Maxpool2d & Bt, 124 F— kernel size i 9x9 K/
ff) Maxpool2d, #§ 3 4~ kernel size % ‘B;XS K/NH] Max-
pool2d H K, #H4T—4" kernel size A 13x13 K/
Maxpool2d, T FLi5 xSk /N B 2 E 9x9. 1313 it
SRREE b, FEL, SPP 19 3 MEIBALEH 3 A 5x5 1
BeRIAL R, SO YOLOVA %4 45K 1) 4 TR,
Conv F/n il 44, Batch Norm it —1k, Leaky
ReLU F/RBUE KA, K REEHZII KD, s KED
H, DepthConv AR E AT 73 BB 1.

3 SEIER 50
3.1 ZRIMESHIEE
SEEG I IRFE A S HEZE TensorFlow, #:4E R 48
Windows 10. CPU # Intel(R) Core(TM) i7-10700 CPU @
2.90 GHz, GPU s GeForce RTX 2080Ti.
LIS E WL 2 7R, A Adam L3, X
SR BB 2L, warmup _learning rate 3R/~ 42 5% 1B K B £
HI%% 2, R 45 )2 1 batch_size WB N 8, LG4 EW
batch_size W& N 4.
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|C0anNLeaky| = | Conv| + IBatch Norm| + |Leaky ReLU|
Fr——~—~—wy-~———- [ itk il [ el An ] r——~—~—3y~~——~ ] r——~—~w%~~——~ ] Bl Aniii 1
: ConvBNLeaky : :N ConvBNLeaky : : ConvBNLeaky : ConvBNLeaky : ConvBNLeaky : ConvBNLeaky :
= Kl,s1 v K1,s1 K1,s1 Kl,s1 Kl,s1 Kl,sl1
:C%; DepthConv : :K}); DepthConv : :m DepthConv | :v DepthConv | :ln DepthConv | : © DepthConv :
= K3,s1 | [B=) K3,s1 | 15 K3,s1 ko3 K3,s1 (k1 K351 (51 K351 |
:8 ConvBNLeaky : :8 ConvBNLeaky : :CQ ConvBNLeaky | :CQ ConvBNLeaky | :fg ConvBNLeaky | : Vé ConvBNLeaky :
Kl,s1 Kl,s1 g Kl,s1 g Kl,s1 g Kl,s1 g Kl,sl1
T J-——__ ! s pappl :U DepthConv | :U DepthConv | :U DepthConv | : O DepthConv :
i H K351 H K351 H K351 H K351 H
| ConvBNLeaky | | ConvBNLeaky | | ConvBNLeaky | | ConvBNLeaky | |
| Kl,s1 | Kl,s1 | Kl,s1 | Klsl |
I_""i"__l I_""i"__l (B P | I p—
Input: 416x416 ‘\‘ \'_
|ttt R t -5
| X 5
| \\ 7
. mmmhajlk\ P L G head
\ s
<
| .
g 5252,
15 L%
| E
| 5 > Upsample2
1< .
: - DepthConv Conv2d
\ Kl,s1 3
: ’ [ConvSe3 |
Y Upsamplel
5x5 5x5 5x5 DepthConv Conv2d
Maxpool2d|” [Maxpool2d|” [Maxpool2d| ConvBNLeaky K3.51 Klsl
r I T Kl,s1
3x13
ConvSet2
13x13
4 REEAHE ()
) =
— N ~ " ) —
%2 YhBH FoniH ST R ME. FPS (frame per second) K /~EF
W2 s o %ﬂ '
e m FOBIEL, e A IR 157 AR IR (7) A (8)
size 416x416 i
optimizer_type Adam -t TP
-
warmup_learning_rate 1E4 Precision = ﬁ (7)
ignore_thresh 08 +
learning_rate ‘ sl 1E-3 Recall TP (8)
b ecall = ———
: TP+FN

Kl T IR ORI A ek, (R T PR
PEEIAEA L (1) BT 2020 $idE4E; (2) VOCOT+
12 30 48 B SR VIR 4R 5 MR AR 1 Rl 43 1 B 8122
JEFt.

3.2 B

Precision 37~ TN IE A FRIRE A 5 0000 45 SR 1) Ll
il, Recall 327~ PO TE A (O REAS 5 A6 MUAE (¥ L 3l TP 3%
TR IEREA L LT 73 N IEZR, FP Fon SR AR B A 1% 0
12, FN 2R IEFEARREES R 7 N 138, TN RoR fipEA
WIER 2 N, AP RonitH— DN RBIN R, maP

3.3 =A%

AR RS % 23 77 =X, A8 P JE Sk 6 TR 2R AL
HAAT ISR, 5 A B AT ISR, 56 1 I B4 &
T2 BEAT ISR, 56 2 My B 2T 5, 5t BT X 4%
k. BURAE R RN T HIWT B 2 T8, M3 IEEE
BB T Ha0E, R A A S

KL EFARE R AR EREk 2 &l 5 pir
7, 1E VOC #i g a4 in&l 6 Fraw, #a%h Epoch
FoRIEARHL IR, Yl Loss KR AFHRAE. YM FIR
YOLOv4+MobileNetV3 5i2:, our /R A SCH%.
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4 — YM
i —— our

Loss

0 5 10 15 20 25 30 35 40 45 50 55 60
Epoch

K5 ey Bnde ok i 26 8

A

(=}

Loss

[\ w2 E=s W (=2} ~ o0 o
T T T T T

0 5 10 15 20 25 30 35 40 45 50 55 60
Epoch

6 VOC Hili SRk Hh £ K]

M5 FTEL 6 Hh s AN S50 S I 2R 1A 40 2 A it 4 T
B0, oAk JE BRI R I R A R, S
faFRaE.
3.4 LINLERITEEL
3.4.1 RN HARE LI

NBAEASCEE NS B AL B ARl i) R, (£ ¢

7 B S AT R He SR, Y M B SR S
Kl g R 092 3 R, F1 o m 2R 4 8 2 () A
SFHIME, Recall £ARBNE R, 5 YM LML, sk
YR mAP 5 T 2.33%, F1 421 1 4.62%, Recall 5
T 3.91%. SBLs RA W, 754 A7 My 4 v R ok A
WA T

® 3 AERNEEERE LG RXT I (%)

SCAE YOLOVA 1E 3R ERAAY, o 5k b AT 3 T N 45 11
B, HR R, REERENBE YOLOv4-Mobile-
NetV3 %Ak b4k soit, EBuuh THmANE Y. AT
B 1 X 28 06 /N E AR AR R M e 0, Rl 23 TR 26 K/
N2 IR ¥ SPPJERA %Hﬁﬁ@ﬁﬁ@%, S
ERNF LR 4 FizR. YM 3278 YOLOv4-MobileNetV3
HE, YMAP RR7E YM HIFERE B H S SPP, YM+K
For R NZAE, our RBoRALHIE. L4 RE
B, ERAR oot By Ll B 2% YOLOv4 ) mAP 18 %
KT 1.58%, MR TERSEE AN ZEA K HOIROL , Stk 5k
E’J%;#&EW& T182%, s R b e Ak, FPS M
4 3T+ = 13, U B e TS O R AL Y MR A L,
YMP FER) mAP B YM BIEIR S T 1.99%, YM+K
BOELE YM BRI T 1.41%, o] %0, Bodt g B
A R

K4 HESLR

T3 FPS mAP (%) Param (x10°)
YOLOv4 4 88.90 64.10
YM 13 84.20 11.47
YM+P 14 86.19 11.47
YM+K 13 85.62 11.51
our 13 87.32 11.51

S ARSI S HAR SCER 1) 7 R AT 4
X EE, SRR [20] BT A 977 75 /@ 5 YOLOv4-tiny
%Epﬁ—ﬁELHM&NW%JE’J%RFWB‘ J7i%, M
TR, mAP\f%.%T 2.84%, SCHR [21] 2 H—Fh ki
i K- means %*ﬁ/ﬁ Mish % bR 200 R 7Y 17
mAN = 1 2.81%, A SCHE: mAP 325 T 3.12%.

®5 AN SGETT LT RESRTI XS HE (%)

WiRZS =T+
SCHR[20] 2.84
CHR[21] 2.81

our 3.12

Jrik mAP Fl1 Recall
YM 66.60 61.93 55.05
our 68.93 66.55 58.96

3.42 VOCO07+12 a4 szt
1E VOCO07+12 A L4 45 Haft ATVl s i, AR
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3.4.3  AN[ERERL R REXT L

NAE B A SCEVE A AL, kB 5 4 % SSD.
Faster R-CNN £54H LU 5, s280 45 RNk 6 fros, 5 HAh
SCHER I BV b, AR SCEETEPERE ERSAH $E T, BAR KL
5 B mAP WK T YOLOv4, {H 2 S H & K2 5k
1) 18%, M H 5B &M E K YM BiEMH L, AR SR
1) mAP WA —E Wit eE, fFEACREMNEE, F
— & WIS A
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JRSR S AL S R 7 fros, 2l A E AR, B 7(c) REREIN B4 R T R A — Ak
oA i T PR SRR I 25 R, A TR R AL ARK, B 7(d) BERLINE] —LEiE A 1) H AR, LA B4 —

SRRl 25 . E o310 H AR, A DL REAT BT T, ERT T AR SO B
i A 51
%6 ZIEPELR G AT 8
WiRis Backbone Dataset mAP (%)
SSD_300" VGG VOCOT+H2 724 4 Pz
YOLOv2_416g Darknet-19 VOC07+12 7638 AR T R A H R 7, RER K
Faster R-CNN - " s _—
e R Voo vocorz 732 WRAIG 28, R TR TS Sh e 4%, A% TR Pt —
HDC+FL Darknet-53 VOCO07+12 815 e . , d s N
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