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Improved Lightweight Target Detection Based on YOLOVS

GUAN Jia-Cheng"?, REN Hong-Wei’, ZHOU Song-Jia®

'(College of Information and Control Engineering, Jilin Institute of Chemical Technology, Jilin 132022, China)
%(School of Automation, Guangdong University of Petrochemical Technology, Maoming 525000, China)

Abstract: Mobile target detection algorithms require fewer model parameters, less computation, fastgr teasoning speed,
and better detection effects. The target detection algorithms are prone to false detection of small térgets and missing
detection and have insufficient ability for feature extraction. To this end, this study proposes a lightweight small target
detection algorithm based on YOLOVS. In this algorithm, the lightweight network MobileNetV?2 is used as the backbone
network of the target detection algorithm to reduce the number of pérameters and calculation amount of the model. The
deep separable convolution combined with a large convolution kerﬁel is applied to decline the number of parameters and
calculation amount, and improve the detection accuracy of small targets. GhostConv is adopted to replace part of common
convolution to further decrease the number of parameters and computation amount. Multiple comparison experiments are
carried out on VOC competitiz)n data sets and COCO competition data sets. The results show that compared with other
models, the propo‘se& algorithm has fewer parameters, less computation, faster reasoning speed, and higher detection
accuracy.
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Python Y ?‘\'

TR S RE L L] PyTorch 1.11.1, CUDA 11.1

3.2 TENERRS KIS
3.2.1 VF RS

NEIESVE T RE, ABEFCIE T LITHE AR A
e VP AR IR, S8R, BN, TR, mAP@0.5
SR B A SCHE ) YOLO-MLK By2A5

BN, S8R MR RS B A 5 2
T P A 48 (R B, mAP@0.5 5 BRI 4 X 4% G

, e .
\ ‘ (o) FREHE R~ 437
¥ \ a -
- ol
0.8
06 |
)
T 04 f
02 |
0 L 1 1 1 1 1
0 02 04 0.6 1.0
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) *TAJC/MHE ‘\

<)

HERR 4[] 1Al |, F T H AR € AL BCR A AR

:gma(ﬁi .AP@S 0.95 FR H (1) loU M1,
7E
-

T BRI TR, TR EEI I mAP TG P-R 2R,

BI-FA4E R AP, tHE AT,
(1) Ka#a % (P) I E 2 (R):

TP
= — 0,
TprFp 0% )
TP
= 100 6
TP+FN 100% ©)

Hort TP (true positives) FCRBHERA A H 1 B %L,
FP (false positives) fCF45 1 (1) H A74L, FN (false negatives)
TN AR H ) H AR L

(2) “VI4KE FE AP 4R FE 354

1
AP = f P(R)dR (7
0
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Horpr, Ne Zom il H AR K B0, Py Rom A
THE W BSF240RG B2 BERLIK P-R T2k m] B 43 3 1) S5
Kot 2], th &R RN AP B, mAP Fon 48 B Ax
A AP BCFME R S5 . mAP H#E, BT T 1.
FNPPLE A 2% )R BE B 5.
322 VOC il sLi ot

N T BAEASC TR % YOLO-MLK )W 45 4 g
JEHL T YOLOv3. YOLOvSs. YOLOv5-MobileNetV3-
Large. YOLOv4-MobileNetV2. YOLOv4-MobileNetV3-
Large. YOLOvV4-EEEA-Net-C2. SSD. Faster. Cascade

mAP =

SRR VOC Bifi 4R L AT X LE. SEIR 45 SR sk 5 Fr.

7. AT, YOLO-MLK MU ) S8 55/, £EH B I
TR B . 3 mAP@O.5 X LRI ARG B T 5 61 1.
% 5\ Voc BORAE S b

YOLOv7-Tiny S5#E47 LR, seie g R ank 6 fros. 2im
2L, YOLO-MLK £ mAP@0.5:0.95 {& I, ft T HAth H
PRSI . 78 5548 YOLOvVS kb, YOLO-MLK
SRR SR AT L B PRI DL N, mAP@
0.5:0.95 #&F+ 7 0.3%. £ 55811 YOLOv7-Tiny 5%
%, YOLO-MLK 7E#E 8 45 5 B B A B A A
e, HH mAP@0.5:0.95 % 5. IXUE T YOLO-MLK
B2 TR R R e
#6 COCO éﬁﬁ%%%%&

- & nfs o BALR/N T M HE mdP@0.5:

. \ e (M)  (GFLOPs) 0.95 (%)
YOLOV5s(2020) = 7.2 14.4 16.5 372
SSD 36.1 62.2 — 25.1
YOLOV4-Tiny (2020) 6.1 12.2 — 21.7
YOLOX-Tiny (2021) 6.5 13.0 5.1 32.8
YOLOV6-N (2022) 43 8.6 11.7 35.9
YOLOV7-Tiny (2022) 6.2 12.4 13.7 374
Ours 7.1 14.2 12.8 37.5

BN WHHEE maP@0.5

< | .
i) Params (M) (M)  (GFLOPs) (%)

YOLOVS5s
7.1 14.2 16.1 82.0
(2020)
YOLOvVS5-MobileNetV3-
7.45 14.9 11.7 81.6
Large (2022)
YOLOv4-MobileNetV2
46.3 92.6 8.7 81.5
(2021)
YOLOv4-MobileNetV3-
47.3 94.6 8.5 78.9
Large (2021)
YOLOv4-EEEA-Net-C2
31.5 63.0 5.5 81.8
(2021)
SSD 41.1 82.2 387.9 76.7
YOLOv3 62.0 134.0 156.4 82.4
Ours 6.9 13.8 12.1 83.2

52 E K, S RAIE YOLOvS-MobileNetV3-
Large it YOLO-MLK £ mAP@0.5 b4 T4 NH 2
FIETE. 5T YOLOVAHEA Y MobileNetv2,
MobileNetV3- Large\i EEEA Net-C2 B2 £ T Bk
M G, YOLO-MLK TG iR 7E 2 45 it 1 & 1 RS 7
JiTH#R LW AL #. 5 YOLOVSs X th, 2408 maP@0.5
R 1.1%. P EEIX AR B, YOLO-MLK &
T A% HFRKIN %, YOLO-MLK Ak 7 B8 it
) (Al S 2k B, EW AR T 7 R IURG FE . o 3 e i
PR SR BEAR, BT FH T AR A A 1 T AG 0 ] 7.
323  COCO #4555 73t

N T HE— B BAE YOLO-MLK )M & 1 fig, # 4
5 YOLOv5s. SSD. YOLOX-Tiny. YOLOV6-N,

140 A4 ARH % Software TechniquesAlgorithm

3.3 EMFMN
AFFREELT 5 40 VOC MRAE T 19 B A & %t

YOLOv5-MobileNetV3-Large. YOLOvS5s. YOLOv4-
EEEA-Net-C2 Fl YOLO-MLK 46 Il 25 5 33 47 5
PR, X ELSE SR Wi 10 B,

| =

(a) YOLOVS-MobileNetV3- L\rge\

%E

\ (b) YOLOV4-EEEA-Net-C2
Bl

”(mxxﬁ&

K10 Hph SRS ASCRES R A

TEEE 1 45650 B AREUD 1 S8 B v, A R A
RU$5) H I— s 2 B 03et e H AR A IE L, T YOLO-MLK
AR C IR A T BT B b, 7558 2 HH BB Z, H
A IR L S5, YOLOVS-MobileNetV3-
Large I 7 KERKFE IR, YOLOV4-EEEA-
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i H AR SN A

P R IR AR AR O 2% . YOLO-MLKAS I Y 1 55 22 f) IE #f
Hbw, I T SO0 I RE. 755 3 20 H b2 S0
TGS 1) S 56 B v, A ) ROVE R AL B T A
[R5 B R4 K, T YOLO-MLK WERf % 51 1 BT A7 B A%,
H IS SIS R t5m B 7255 4 A KA A
PREUE D ABA B T BUF L & H 2B R AE A 58
09 HA5. YOLOvS5-MobileNetV3-Large. YOLOv4-
EEEA-Net-C2. YOLOv5s %14 0% H bR AR R 59 i1
R A, YOLO-MLK B % o538 13 2% H br IR A 1
B 28 S SRS B i H AR 2, K/ HAR A7 AE,
YOLOvS5-MobileNetV3-Large. YOLOv5s. YOLOv4-
EEEA-Net-C2 7E/IN H b5 F A 25 H b5 (1R A, #H I0
TURAE, T YOLO-MLK B 23 71X R . sk
Ui, YOLO-MLK 7E 5 H Ath — £ =y 2 B A B 280X bl
w0/ H AR RS e 70 58 AR IR AR RIS,
o SRS 2 BT AT} D) YQLO-MLK 4 24
T AR, AR B H oK 5E AR5 BRI e
3.4 jHRRSCIS

N TR TS SO AR RO R B R T RIOR,
ARATHET VOC BE &£ AT TV s a6, w2 F R 46
YOLOvSs Hik Ry REfill, BeG IHAT 7 7 TUH RS,
RTHIH T WS 45 8. Horb, MobileNetV2 83
MobileNetV2 #5205 T M 4%, LKL-PAN fXER A Hz
H P HRE SR B & 7 B 45 440, SToU AR AS SCHT 1 FH 1 ek
R I R AL

Wi 7 Aior, B MobileNetV2 # AR5 YOLOvVS K
T, BASEEIINT 1.41%, tFHEERD T 22.98%,
mAP@O0.5 1 7t 0.2%. ilF B MobileNetV2 =T/ 4%,

KR RARG B0 L 0 BN, 4 S B e 1) 7 T 0 928

Th; #2531 N LKL-PAN B UL T, B8 (K2 s
BT 9.86%, HELE T #.3.73%, mAP@0.5 Tt 0.7%.
AR LKL-PAN *E%ZJEZIK@‘J FPN+PAN 5, 7S5 &
T R [ BT, JE S0 I 2% P R AE $ B il TR B
FEFE, AT AR T LR BRI % ; 7251 N\ SIoU
R BT, mAP@0.5 32717 0.3%. i8] SIoU
IRKFRSE b, SRfR T B SEHE L TN AE 2 18] AN U i /) 7]
. B2 YOLO-MLK AH%: YOLOVSs, 18 S &g /b
T 2.82%, i+ HE N 24.84%, mAP@0.5 1T+ 0.7%.
YOLO-MLK SN 7% B FRHE L& 68 77, HXE
PRI ER A, SEEH 5T ToU {8 23R &, AR
B AR AT 55

RTHBSR

LKL- Params THEE AP
413 MobileNetV2 SToU mAP@

PAN (M)  (GFLOPs) 0.5 (%)

1 x x x 7.1 16.1 82.0
2 N x x 7.2 12.4 82.5
3 x \ x 6.4 15.5 83.2
4 x x v 7.1 16.1 82.2
5 N \ x 6.9 12.1 83.1
6 N x v 7.2 12.4 82.8
7 x \ v 6.8 15.8 83.3
8 N V v

6.9 1211 83.2

4 S 54RO

£ X BBl M (45 7Kk 11 F 3 €, DL KA
R 2 8, AT R T — b At 0 A
7 YOLO-MLK. K F MobileNetV2 &8 4E R& T M
% SIS SR % B AL, R LKL-PAN S5 4, %
B 00 2 AT R A, 3R ELSE A HLA R R T, 32
THEESRINAS J7; B3I\ SToU % B %, LEMRBUSIHE |5
TRIUAE 2 170 A DURR 0 i 0, 3527+ B A 2 5 77, /s
PR, SR g o 1) T AE.

AWFFRAE VOC ¥4 COCO HiisE i T £
YIRS LL 9280, W R T SRR TR, mAP A3
TR ETE, UFR T YOLO-MLK WA &k, N T RE
i I 40 ST, W ARA 052 2 P8 ATV S 2
SR S5 S TAEKR 45 AT R AR 3 bk
Sk, BETFR N FAR I RHE SR A 775 BfsSk 7 4 1 L
SRR S 1, S g MO, $1T BRI
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