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Improved YOLO v4 model for insulator defect detection using aerial imagery

Huo Chao Gu Xiaogang Huang Linggin Luan Shengyang

(School of Electrical Engineering and Automation, Jiangsu Normal University, Xuzhou 221116, China)

Abstract; For the issue of low accuracy, poor real-time performance and large network model parameters of the
existing insulator defect detection technology, an insulator defect detection model based on improved YOLQO v4 is
proposed in this study. Firstly, a modified VGG convolutional neural network was applied in the backbone feature
extraction. In addition, to reduce the complexity of the model, depthwise separable convolution was introduced in the
enhanced feature extraction and prediction networks, Moreover, channel attention mechanism was utilized in the
enhanced feature extraction network to enhance the important features. The object recognition ability of the model for
insulator defect was further strengthened. Finally, employing Average Precision, Frames Per Second, Parameter
Scale, etc. as the evaluation indicators, ablation and comparison experiments were conducted on our constructed
dataset based on the public dataset CPLLID. The results show that the detection accuracy of the improved YOLO v4
model is 98. 35% , which is 6. 4% higher than that of the traditional YOLO v4 model. Moreover, the detection speed
and parameter scale of the improved model are 1.5 times and 37.5% of those of the traditional YOLO v4 model.
Accurate and real-time detection of aerial insulator defect imagery can be realized. Furthermore, the improved model
also has higher accuracy, higher speed, and smaller parameter scale compared with other mainstream models YOLO
v5-M and Faster R-CNN,
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2 2% BB A I T B AR AT S A, BT AT
BB SRR % 2 BoAR 0 B AR Rl 7 s KB P — 2%
DL PR 25 42 HE K ) 2857 (single shot multiBox detector,
SSD) . YOLO* (you only look onces YOLO) 4% 3 14 5
v BE B A A I 3 5 IS T vk SR v 38 o A I L SR P A 3K I
81 IS F0M B BR 9 28 BN & 5 — 2R DL R IR A R
Z W% (region-based convolutional neural networks, R-
CNN). 3 X 3 2% 2 W 4% ({fast region-based
convolutional neural networks, Fast R-CNN) H {8 2 iy X
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HYOLO v3 822 vt 3 SREAR 1 R AR J2 , 38 53R R 4E 14 1%
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KA, HMBET HA 7L B8O UR TR E 7] 7, 42
BT EERM A BERE T . Kim S YOLO vb B A
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S S A 0 3 2 48 4 1) B, Cao 555 B YOLO v2 B
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1) B 3 JL AT 2H (visual geometry group, VGG) K
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DFEMBFFAELR N 8 h R A T 1 & FI B (squeeze
and excitation, SE) TR T X EEFBHEM XL E. RS TH
B A B

h T IR R B S AT R, AR T E
W 2 B 48 % T B 1R 4 (chinese power line insulator
dataset, CPLID) 44 i) 37 B4l 48 b BEAT 7 78 R 52 4 A %
gk 2 28 9 S, DK S VRIS 80 = > J7 i R
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1.1 YOLO v4 {& 8

YOLO v4 2 Bochkovskiy 27 F 2020 4F 42 H a9 A5
R, BRI IR, EASR B b 40 s Y 32 i AR B, ) 4% 45
M EBALFE T P4 055 RRAE £ O 45 A 1000 X 4%
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1.2 SEFEEA#Ei

SE ¥ B 5 g 2 g R 4 38 T8 R B, % B
LB AR B AR 3 AR EREM R, B2kl
TH B BCEE , W] R 1 AR AR KT X 4% B S T L I o — A 1 R
i, SE HEE BB HME 1 FiR.

Wlih
&,
& N
KRR E ‘%
. —

K1 SEdR SR

B K A E) SE VE R A AL i B AR
BEAT A R YA s SR S L R 2 A B SRR 1
Y TR 2 RO Y s R 5 L FIF Sigmoid 34 R AL B
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VGG B—Fh 2 i) B M LML 58 T BN E IR
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MobileNet-v2 % WL AH L , T L5 T A 58F H 2610
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2.1 BHEA YOLO v4 BiEE

A SCHE R A BRI R Y A S A A A A AR
Y 2 T I R E AL (R R R ok, B, X AR
Hor RG HE RSN R AR A e R R R K

X AR SO YOLO v4 #2783 SF B 437 T
B B YOLO v4 SERIINE 2 fros , H e O 2
T VGG H#t G R EMA T T M EQRHET SEHES
R = B R 818 B (convolution dsc convolution,
CDO) Ml T 2 % B AL B T B (mix five convolution, MFC)
B JE MR AR AE SR M 48 fEQ A B FXZ R R LB
BB (dsc convolution, DCY ik & i T X 45

Hp, fE @ CR2 RN 2 A2t s 5 PR B
(convolution relu, CRYZLHE .M-CR3 %77 & Kb fb)2
34 CR A, HEQFHER iy CDC,.MFC #i DC 2
ARIET DSC it MR e,

f

o 4
[ Cr2
[M<R3 ] ||@ —{ConcatzMFC
Ha s
M-CR3 [RAFE TR > DC |Output
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:iv: [5E] [SE] >
SPP
‘ CDC » Concat +MFC H—DC [Output |
BRI £ T 45 SCHE PR I SRS AE S I VACHE FrY FOUH DA 4%

B2 PitE YOLO va fyHEZE

2.2 ETF VGG BUHENET ML

BT VGG ML M08 B ARy 3 1 0 45 32 URRAE
RTIRBUA [F R B 0y 45 4E BT B AR R, R, 3
VGG M4 Z B0 KB B R, 3P VGG M 4% #E4T T deite, B
ZERE 3 s,

R T ARIOR ) RUBE (9 R AE B AR SCEET VGG M 41
T 3 & ARFZ R AR ESR B B, SEB T % 2 2R R
FRAEfE B AEEEL, 85 1 XX SR EBUR B K b)= 1
Wit B, AR BRI B 256 I, BUS AR ARG L 145 2 &k
BB R KA 2 3 A HBEUZHE B RGEIERR 512 AU
TEST i 288 3 45 S BRE B B AL 2 3 DB IRZ B IR
FEEEECH 512 PR ERI L 3.

[l B S ZEAR B I LR T A 3 A4 1E B IRUSE s A FE T
BT VGG Mg 435 2, 70 4R UEA RS B E AR
S HTARE T, AR T AR Y A%

Input

22 Conv 3-64

maxpool
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maxpool
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l—»#ﬁm

maxpool

32 Conv3-512

t—-» HIE2

maxpool

32 Conv 3-512
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YOLO v F 058 4545 52 R0 28 6 1 T 2 8] & 534 1t
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SERMAETREAL. FHob, o8 T 8RS R A B AR IR
BE AR SCTE IR AR SR BN 45 T k& T SE 2 A B, 1
EFANE 5 FiR .

B 5 RE SE U2y B B0 3 A AF £2 I 45 45 1

Hy [ 5 W] i AR B 2% 43 I TE 3 AbR 4T T SE
ER I A CDC BRJE 142 Bl SE W B 1Bk
FERFAE 1 A0 B SRARRRAE Rl & J5 1 642 B 5 A SE R I8
et MFC B3R5 1T RAE B2 LRl SE B Bk,
Mt bk 3 b Pk, 2% X B AR Y SRS B YA . A
TG B2 e 1 R 28 (1 0

3 RBERSHN

RINE
7 ST R A S 5 A A 4 < B AR JR E5-2699 V3 CPU,
M5 ik RTX 3060 12 G 8 F. % /f 5 % 55 5 0 4.
windows 10 #:/E & 4 . Python JF % 1& 5 . Pytorch 2% 2 4E
B Pycharm JFZFREL .
3.2 FMriEER
AL 2k i SF Y kS B (average precision, AP) .| fE#R &
(precision, P), A [0 & (recall, R).,F ¥ & ¥ {H (mean
average precision, mAP) & # i Fl i 28 L 75 I 1 B 48 b

3.1

KM F AL, KA AP.P.R.mAP M GERUZ
LR HE LR T
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"o rreEp (2
TP
R=Tp 1 FN o
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mAP = N;)AP W
Paramsl = Cy, X (K, XK, XC,+1) (5)
Params2 =S X (M+1) (6

K. P(r) FR P-R & mgiztik=; TP RaRilliE
Wy BAREL, FP Fonmll g5 HARE, FN SRR ARk
W Hy B HARE mAP R N DG E G s Params]
RREBRESZHE, C, BRWmMEER, K. XK, g
B RA, C, R NBER; Params2 RNEEZES
BE, S RRBLBEMETY A8 M BREAZMZTT
A
3.3 ilgFEiE

AT 4 5 AR GR ] AR SCHR I G B 2 ST B SRR, R
AR 44 45255 (visual object classes, VOC) $#84E -
TN GRby M B XS W 28 1 S EHEAT R IR . I ZRid 72 40
PIABY B 28 1 BB VRES = T M 45, #5147 50 kAl 4k,
M 6 5 3 W4 AU S5 28 2 W BR ik = T W%,
GRS % R 2 HEAT 150 LRI 4. HpsE 1.2 BrBpydt R
/NEIR 8.5 2] FAH D 1X10 T An 1X10
3.4 BETHIES

2 R v ] e T R 4 % F BOHR SR CPLIDS™ & 4
GG PR A (248 56D IR AR 4377 A R, AR
YHTCPLID T BRI P EW R BKESZ T HIEE
(home made chinese power line insulator dataset,
HMCPLID) . FIH Grabeut™* Pl 4501, {5 41 7 e he#% |
R S5 B SR AR A A 5 000 Ik IFRE BB SR 8 -
1= 1 B 400 R0 43 )l I 5 46 56 UE B AR 4R
3.5 HEX®

RYBHIE & BOHE T 2 A A AR SO BT VGG
PERY T M4 (V) VBT DSC i A% 5 55 45 4F 45 B M 2% F0
T ) 45 (D) Bl G SE 2 B 7785 B0 0 58 5 AE 42 5 4
(8) 43 B4 HMCPLID A4 45 3647 T A S5, sk 1
PR

HE 1 A4 M EAAER YOLO v4 18] (25 1, 3
T VGG X £+ W HEAT ol 7 (S50 2) . 4% F BLpE AP,
Y2k 1 AP LU BT mAP Yo = A 0 @ A5k H H 3
B RS B E (TR0 A3 3 T — 2 M9 4R 7, [ B B B 1 S 4K
WS/l 6. 4X107 FRER]5.3X107,

BT DSC X i a8 K AE B2 9 4% 195000 190 45 35 A Bk
Ja LT 3) A AR R S 5% T B AP % T AP
R mAP DURGH BE (38D 398 JIiF T B (B AR ) S 4
PRI/, A 6. 4X107 FEE 3. 6X 107,

FEMGRAFAE SR I 2% vh il & SE 1 RIS (28 4)
GG A, 4 % T Bl AP 484 T AP DL R AR A 1
mAP H45 F 2 A (H A R R (T30 TS 40 LA (R 4
BB,

Mk 1 SCHG 5 FIAHL 256 3 Al B XE T 19 2% 1) B Oy
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e v D S ik Saaind 4] ik S mAP/ it 3% / SH R

. AP/ % AP/ Y% % 1/ (X107)
1 X X X 91. 92 90. 52 91.22 22 6.4
2 N4 X X 92. 84 89.72 91. 28 30 5.3
3 X N X 85. 27 85. 95 85.61 19 3.6
4 X X N 97. 89 91.22 94. 56 20 6.4
5 N N J 98. 35 91.52 94. 94 32 2.4

B AHEES R YOLO va SRS, 48 2 T8 AP 44+
AP UL Je BB mAP 4> M\ &5 4 6.4%.1.0% L I
3.7% . IRl B AR RL A I o B A B TR (W 22 £/s
Frim 2 32 /), I BT S5 B RIFE RN, B 6.4 X
10" P& 2.4X107,

AL, MCHERY YOLO v4 #5 AU X 26 2 1 BB AP 15 3
THREBEEMWB NI TR ARMERE(GH
ERE) T AR
3.6 ttbExie

AT R T et G A R T AR AR SRS e Y
YOLO v4 BB & 41 YOLO v4, YOLO v5-M, Faster
R-CNN #5270 fy 6 900 28 SR 647 T % Eb o A DU 80 R 3 e An 6
P

& 6 (a) 7] %1, Faster R-CNN & B %t 46 2% 1 89 5t B
FEAET U R B4, Ul B3 K R A X/ B B e B AR A o
YOLO vo-M #5181 % 45 2% F B (7 & 1Y & 15 58 Hh
0. 768 5 1 YOLO v4 #5804 2 1 B9 0 B 1 AL A U
T Bk i YOLO v4 #5870 % 4 2% o7 1 5 o B L Bk B b
WEFER0.99, MEZ T, B#EM YOLO v4 AR F
H A w0 ) 2 R B AR R T AR s BLXT H AR A R
HER

R T HE— B IR I S AR R T SR, SEER L APLP,
R W25 i b5 £ HMCPLID #4848 4% b
R 3R AL S B YOLO vA #8050 37 X B 4847
SCREE RN 2 PR,

A, BCHE R YOLO v4 #8848 2% F 6k B AP 24
98.35U L T B P £ 98. 07T . 4 4 T B R N
99. 22 % KM B (T 3K F] 32 {/s, BHEBAN 2.4X
107, S5E5i8 YOLO v4 SR LY, A4 2 F B AP,
HE IR MSERE P, i 4% T 6bE PG
RPEBE T 3. 7% 6.6%.,

5 YOLO v5-M BLRUAA LY, 46 4 F 6 s AP th Hm
2y 2. 4%, BRI K B (WIS 298 H 1.3 5L R S
B WAL 2. 3X 107 ; 5 Faster R-CNN #EAIH Lb , 48 4%
FELBE AP H B 2 92, 8 %6 , A5 7R A 4G I K B (ni 3R o
3.2 % BRI B0 B IIK Y 0. 4X 107,

W FARXF SR FT LUE # L B YOLO v4 BRI
ZF i AP.P Fl R 38 T804 YOLO v4,YOLO v5-M

(d) B YOLO AR W R B
B 6 A [ 45 7R f X6 L A T 25k SR

A Faster R-CNN A 8, 3f: H., 450 Y 56 K6 1000 3 B (i 38) A1 &
RIE (S E) WAL T HA 3 AR,

%2 ETF HMCPLID {93tk 088

BB OB OBHR WK/ BHE

i} .
B AP/% P/Y% RI% (/9 (X100

551 YOLO v4 91. 92
YOLO v5-M 9600
Faster RCNN  5.52
BeiE g YOLO v4 - 98. 35

94. 39
94. 50
14. 10
98. 07

92. 66 22 6.4
94. 50 25 4.7
20.18 10 2.8
99. 22 32 2.4

- 179 -



5 46 & woF o

=2

#OAR

A
[7] TIANY, YANG G, WANG Z, et al. Apple detection
4 4 T o . .
during different growth stages in orchards using the
AR E T —FETF YOLO v4 Bk iR 48 %% 1 5 improved YOLO-V3 model [ ] ]. Computers and

[t Pl 45 A T A5 TR, ) A A B T A TR o 44 45 - S I X s T S Electronics in Agriculture, 2019, DOI: org/10. 1016/

JEE 1 THASE 200 1 A ) 3 AT R AL R 4 S 2 j. compag. 2019. 01. 012 157 417-426.

HRE Ry 3 R 4% SR ik R B AL VGG W%, [ [8] WANG K, LIU M, YE Z. An advanced YOLOv3

B 3 DSC 2 H T B0 B9 hn 5 435 10 42 B 25 0 750300 R 2% method for small-scale road object detection [ ] ].

SRR AR E SR BN RS T SE MBS Y, [ Applied Soft Computing, 2021, DOI:org/10. 1016/].

5 0§ CPLID Sl S5 7 B 5 1 E4% |7 1575 S i asoc. 2021. 107846 112: 107845,

B, f 8 T H 8R4 HMCPLID., [9] KIM M, JEONG J, KIM S. ECAP-YOLO: Efficient

T ROR B T A T B A T A R T T T channel attention pyramid YOLO for small object

R LER I A G YOLO vA B, 5 45 70 76 Ko ) detection in aerial image[ ] ]. Remote Sensing, 2021,

W HE MV 2 i 3 O T4 1 T Bk OF HL 13(29): 4851,

HAERE AR TF YOLO v5-M F Faster R-CNN A&7 [10] CAO Z, LTAO T, SONG W, et al. Detecting the

HeHER YOLO vA K700 7T 3 2 52 B i o o I 38 3% shuttlecock for a badminton robot: A YOLO based

B 44525 B s K 0 Y T e S B P SR R 2 B approach [ J |. Expert Systems with Applications,

WU ZI KB 2 T 52 [ R IR . AT N 2 2021, DOI. org/10.1016/j. eswa. 2020.113833

200 K 36 05 S ST B 1 00 W R 7 0 L0 L1385 |

BRI . Moh KM B Tl g L WU D YU S JIANG Mo et al, Using channel

B o AR AT b 70 T AL ULI WL o L 5 5 B 4 prunlngfb.ased YOLO v4 deep 1.earn1ng algorithm f(')r

TRTBBHAR. $31 LR AR R O

5?‘:145 ;ﬁﬁ&ﬁ‘ﬁﬁﬁﬁ%ﬁ‘%ﬁ&ﬁﬁ% @%EE%% in Agriculture, 2020, DOI: org/10. 1016/j. compag.

R 0/ RS 69 1B L0 0% 525 820 11 e ourin

SR & BRI RUAIE. [12] YAN B, FAN P, LEI X, et al. A real-time apple

S % Wk targets detection method for picking robot based on

(1] ZE&, xmH. i, %, & F % Cascade R-CNN improved YOLOv5 [ J ]. Remote Sensing, 2021,
i P 2k i 22 HAR RS I [T ], F 7 0 B 5 A0 o 4l 13(9): 1619.

2021, 35(10): 24-32. [13] ZHAO H, ZHOU Y, ZHANG 1., et al. Mixed

(2]  Z=HE, Th=, W, % BEREEEY 220kV YOLOv3-LITE: A lightweight real-time object
B %G T IRSAE I A B 5T L] . AR FE detection method[ J]. Sensors, 2020, 20(7). 1861.
i, 2021, 42(10): 138-147. [14] Sk, A 4. WHE T 4% 7 6l p g a1k

[3] LUX, JIJ, XING Z, et al. Attention and feature YOLOv4 BF55 [T 1. B 7 W &2 4% AR, 2022, 45(14);
fusion SSD for remote sensing object detection [ ] ]. 123-130.

IEEE  Transactions on  Instrumentation  and [15] #EF, FEE, BFEFE. ZET YOLOvV WRELZHE
Measurement, 2021, DOI. 10.1109/TIM. 2021. WERM AL BFNEHE A, 2022, 45(8).
3052575 70: 1-9. 129-135.

[4] CHENG L, L1J, DUAN P, et al. A small attentional [16] KHAN Z Y. NIU Z. CNN with depthwise separable
YOLO model for landslide detection from satellite convolutions and combined kernels for rating
remote sensing images[ J|. Landslides, 2021, 18(8): prediction [ J ]. Expert Systems with Applications,
2751-2765. 2021, DOI. org/10.1016/j. eswa. 2020.114528

[5] CHENG B, WEI Y, SHI H, et al. Revisiting rcnn; On 170 114528.
awakening the classification power of faster renn [ C]. [17] BOCHKOVSKIY A, WANG C Y, LIAO HY M.
Proceedings of the European Conference on Computer YOLOv4: Optimal speed and accuracy of object
Vision(ECCV), 2018 453-468. detection [ J ].  ArXiv Preprint, 2020, ArXiv:

[6] LIJ, LIANG X, SHEN S M, et al. Scale-aware fast 2004. 10934.

R-CNN for pedestrian detection [ J ]. IEEE [18] LI W, LIU K, ZHANG L, et al. Object detection

Transactions on Multimedia, 2017, 20(4): 985-996.

« 180 -

based on an adaptive attention mechanism [ J J.



F A F R T YOLO v4 AL e A4t 4 4% F 5 18 B A A i) 45 A

59

[19]

L[20]

(21]

[22]

(23]

[24]

Scientific Reports, 2020, 10(1): 1-13.

SITAULA C, HOSSAIN M B. Attention-based VGG-16
model for COVID-19 chest X-ray image classification|[ ] ].
Applied Intelligence, 2021, 51(5) . 2850-2863.

HU J F, SUN J, LIN Z, et al

aggregation for future instance segmentation prediction[ ] ].

Apanet: Auto-path

IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2021, 44(7) . 3386-3403.

DENG C, WANG M, LIU L, et al. Extended feature
pyramid network for small object detection[ ]J]. IEEE
Transactions on Multimedia, 2021, DOI. 10.1109/
TMM. 2021. 3074273 24. 1968-1979.

FANG W, WANG L, REN P. Tinier-YOLO: A real-
time object detection method for constrained
environments| J |. IEEE Access, 2019, DOI;10. 1109/
ACCESS. 2019. 2961959 8. 1935-1944.

ZIRP, T, BOEE, F. T U VGG-19 HM
25 O 245 1 K B G €T R BT A D e LT . R0l AR A
], 2021, 37(22) . 286-294.

KUZNETSOVA A, ROM H, ALLDRIN N, et al.

The open images dataset v4[J]. International Journal

of Computer Vision, 2020, 128(7): 1956-1981.
TAO X, ZHANG D, WANG Z, et al.

defects

Detection of

[25]

power line insulator using aerial images
analyzed with convolutional neural networks[J]. IEEE
Transactions on Systems, Man,

Systems, 2018, 50(4); 1486-1498.

and Cybernetics:

[26] HE K, WANG D, TONG M, et al. An improved
GrabCut on multiscale features [ J ]. Pattern
Recognition, 2020, DOI: org/10.1016/j. patcog.
2020. 107292 103. 107292.

EE B

BB, REB T M OB TR B A S B AR R

AR, W, S TR, E G 1) IR B I A
Pl A5 TR S0 A 0 H

BREGEGED L 81282 WL HRA S, F2
3T 7 181 Sk SIC R F7 B 3 R A B TR B 2 3 7 o 7 W T 4RI
B
E-mail : lghuang(@jsnu. edu. cn

EEE. LB HR, B PR AR . BB T W
HREEIER BT RELBF SR EXERAAEN
S PR S U Y B AT

- 181 -



