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Abstract: From the perspective of aerial photography of UAVs(unmanned aerial vehicles) during power inspections, taking into ac-
count the particularity of the image characteristics of power equipment, a visual detection model EDR-YOLOV7 is proposed suitable
for the edge of UAVs to address the common problems of the ubiquitous small target detection, target point occlusion, and the
increase in model missed detection rate caused by the variable scale of aerial images, as well as increased calculation amount caused
by dense detection. Firstly, a display visual center module is introduced into the neck network to capture the implicit relationship of
pixels and solve the problem of missing small target features. Secondly, the dynamic sampling module is used to replace the
transposed convolution to achieve flexible sampling of feature points and reduce the complexity of model calculation. Finally, in
order to solve the problem of variable viewing angle scale of UAVs and the problem of accidental deletion and deviation of prediction
frames caused by partial occlusion, the Inner-SIoU (inner-scylla intersection over union) loss term and the repulsion factor are added
to the loss function, continuously reducing the prediction error during training iterations. After experimental verification, EDR-
YOLOV7 compared to the original model increases mAP@0. 5 and the detection frame rate by 3. 89 % and 5. 2 frames/s respectively.
The model is finally deployed on the Jetson XAVIER NX edge computer and accelerated by TensorRT reasoning, which performs
well in video stream detection tasks.

Key words: UAV; electric power inspection; overhead transmission lines; YOLOvV7; edge deployment; small object detection;

multiscale identification; partial occlusion
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Tab. 3 Comparison of effects of factors at different scales
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Tab. 4 EDR-YOLOV7 ablation experimental results
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Tab. 5 Comparison experiment of different target detection

algorithms

o 4% 44 B mAP@0.5/%  FPS/(frames-s ')
Faster-RCNN 86. 64 28.8
Cascade-RCNN 86. 85 18.3
DETR 83.37 19.9
EfficientDet 87.8 35.5
SSD 73.51 59.7
YOLOV5 85.74 51.6
YOLOvV7-tiny 80. 31 61.9
YOLOvV7 87.01 55.4
YOLOV8 88. 06 54.2
Ours 90.9 60. 6
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Fig. 9 Comparison before and after improvement of transmis-
sion line equipment detection under partial occlusion and
complex background
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3 HHig

A SOl H £ 08 38 JC A HLFE 2% Jetson XAVIER
NX NG EL, X T2 28 L 7 i 5 A 7 S A
PRI, SEBIR TS M R B AR A AL ETR S
Hinm4E . iR RE AN . Hbr s iR s
KR Z AR a8, $& H EDR-YOLOvV7 B, Jf-3i
ORI E L i DO AL i a1 L i UL LN S K

1) ARXE S| AEVCHCR MR T 4284 H
iy PR A P E A T X, NI DR/ N E A R AT
Tt e A T

2) AUk /DAY B TSR AR RN H AR B4
A ZHE 1 BORFE R MERY [R]85, >R DySample i
B R BT RARIE S HER 10 7 AT RRAE
KAE, AR B, A R RE A TR .

3) 58 WA T R pR AR B R4, 1A Rep
Loss 21 Ja il e 424 45 8 T A9 U A (7] 22 5 >R FH Inner-

SIoU Loss H' 1) ratio >k $1& TF AL 7 22 RO A9 & ke bk
[ EF A7 R T U R SIGH B R i ik 2%

B AT 131, EDR-YOLOv7 M % T J5i 5 AU
mAP@0. 54277 3. 89 %, M T mAP@O. 5-0.95
BTHT 3.9 %, WEREETFZE 60. 6 frames/s, fZHt
BRI S Tih St B 6, FEOU R 2 AT
S RIS

SE 30k

(1] Bfead AT, BUEA, 5. Wim 2 HARER G R 088 9 4 2
T NHLOP RIS B AR AR vk [T ], B IR, 2023, 17
(11): 138 - 147.
LIANG Huachen, ZHOU Wen, NI Xudong, et al. Cooperative
inspection path planning method for multi-objective joint power
inspection by vehicle-mounted UAV [J]. Southern Power
System Technology, 2023, 17(11): 138 — 147.

(2] FETF, TVIL, 400A, A5 i s i i R O AL
LA RO BT £33 [T ], AR, 2021, 45(9): 3636 -
3648.
SUI Yu, NING Pingfan, NIU Pingjuan, et al. Review on
mounted UAV for transmission line inspection [T]. Power
System Technology, 2021, 45(9): 3636 — 3648.

[3] Wk, 2P, 45, & s id R BE RIS A2 HE
MKGHA KB LI ]. FTTRMEAR, 2017, 11(4): 14 - 22,
PENG Xiangyang, WU Gongping, JIN Liang, et al. Full-
automatic inspection technology of intelligent robot for
overhead transmission lines and its application [J]. Southern
Power System Technology, 2017, 11(4): 14 - 22.

(4] AERI. ZBAT A TR MM dbat: g g i
#t, 2020.

(5] G, S—4n. BT IRIE S ) Ak i 2k S L Ry v
FEHEIELT ] E AL TR, 2023, 43(19): 7423 - 7446.
LIU Chuanyang, WU Yiquan. Research progress of vision
detection methods based on deep learning for transmission lines
[J]. Proceedings of the CSEE, 2023, 43(19): 7423 - 7446

(6]  HBBLES, XIH:, fFhh, % Rl R AL A H AR BT FE
HERELT). m B, 2020, 46(1): 14 - 22,
SHAO Guiwei, LIU Zhuang, FU lJing, et al. Research
progress in unmanned aerial vehicle inspection technology on
overhead transmission lines [J]. High Voltage Engineering,
2020, 46(1): 14 -22.

[7]  GIRSHICK R. Fast R-CNN[DB/OL]. (2015 - 4-30) [2015 -
9-27]. https://arxiv.org/abs/1504.08083.

[8] REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards
real-time object detection with region proposal networks [J].
IEEE Transactions on Pattern Analysis & Machine Intel-
ligence, 2017, 39(6): 1137 - 1149.

[9] HE K, GKIOXARI G, DOLLAR P, et al. Mask R-CNN [ DB/
OL]J. (2017 - 3-20)[2018 — 1-24]. https://arxiv.org/abs/1703.
06870

[10] CARION N, MASSA F, SYNNAEVE G, et al. End-to-end
object detection with transformers [CJ//Proceedings of the
European Conference on Computer Vision, August 23, 2020,
Glasgow, UK. New York: IEEE, 2020: 23 - 28.

[11] REDMON J, DIVVALA S, GIRSHICK R, et al. You only



50

7T ALEAR

%20 &

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

look once: unified, real-time object detection[CJ//2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), June 27 - 30, 2016, Las Vegas, NV, USA. New
York: IEEE, 2016: 779 - 788.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: single shot
multibox detector[C]//European Conference on Computer Vi-
sion, September 17, 2016, Amsterdam, Netherlands. Cham:
Springer, 2016: 21 - 37.

THEE, I, 2530, 48 YOLO ZR 41 H 4wk 7L 73 ik
FED AP RS, 2023, 59(14): 15 - 29.

WANG Linyi, BAI Jing, LI Wenjing, et al. Research progress
of YOLO series target detection algorithms [J]. Computer
Engineering and Applications, 2023, 59(14): 15 - 29.

WANG C Y, BOCHKOVSKIY A, LIAO HY M. YOLOV7:
trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C//2023 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), June 17 — 24, 2023,
Vancouver, BC, Canada. New York: IEEE, 2023: 7464 -
7475.

SREE, XSk, XU AR, AF Sk T Bk SSD T AMLATA
FUARASIN 77 32 [J]. Sede e f T RE %40, 2021, 42(5): 184
- 190.

GUO Zhichao, DENG lJianqiu, LIU Aidong, et al. UAV
aerial target detection method based on improved SSD [7].
Journal of Ordnance Equipment Engineering, 2021, 42(5) :
184 - 190.

BRZE, GG, sk R, 45 B T U0k CenterNet A i H 28 B
ML a8 PR S S FARAS TN [0 ). W R AR, 2023, 49(11)
4757 — 4765.

LI Lirong, CHEN Peng, ZHANG Yunliang, et al. Detection
of power devices and abnormal objects in transmission lines
based on improved CenterNet[J]. High Voltage Engineering,
2023, 49(11): 4757 - 4765.

ZHAO L, ZHU L M. MS-YOLOv7: YOLOv7 based on multi-
scale for object detection on UAV aerial photography [J].
UAVss. 2023, 7(3): 188.

W e, 30, XM, 45 . 5T LEE-YOLOVT fY%i L £
6 100 %5 i 2 I0E B A T 7 (0] m LR B R, 2024, 50
(11): 5047 - 5057.

HU Chenlong, PEI Shaotong, LIU Yunpeng, et al. Real-time
defect detection method for transmission line edge end based on
LEE-YOLOv7[J]. High Voltage Engineering, 2024, 50(11):
5047 - 5057.

A EOE , B, 4558, 4. LT YOLOVS 5 Grabeut fy 422
2 251 n] DGR B SR 5 - H05 vk [T, B 7 R L
A, 2023, 17(6): 128 - 135.

HE lJingiang, LI Ruihai, LI Hao, et al. Visible light image
automatic recognition and degmentation method for overhead
power line insulators based on YOLOvVS5 and grabcut [J].
Southern Power System Technology, 2023, 17(6): 128 — 135.
QUAN Y, ZHANG D, ZHANG L, et al. Centralized feature
pyramid for object detection [J]. IEEE Transactions on Image

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

Processing, 2023(32): 4341 - 4354,

SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-
CAM: visual explanations from deep networks via gradient
based localization [ C]//2017 IEEE International Conference on
Computer Vision (ICCV), October 22 - 29, 2017, Venice,
ITtaly. New York: IEEE, 2017: 618 - 626.

LIU W Z, LU H, FU H T, et al. Learning to upsample by
learning to sample [ C1//2023 TEEE/CVF International Confer-
ence on Computer Vision (ICCV) , October 1 - 6, 2023,
Paris, France. New York: IEEE, 2023: 6004 — 6014.

ZHANG H, XU C, ZHANG S J, et al. Inner-IoU: more effec-
tive intersection over union loss with auxiliary bounding box
[DB/OL]. (2023 - 11 - 6)[2023 — 11 — 14]. https://arxiv.org/
abs/2311.02877.

ZHORA G. SIoU loss: more powerful learning for bounding
box regression [EB/OL]. (2022 - 5-25) [2022 - 5-20].
https://arxiv.org/abs/2205.12740.

XUEIET, B, SR, 45 . 55T YOLOVT ()% fig i M AN &2
e R DL S DU PR 2% R ) 5 Rl [ ). v ) 54 5R , 2024, 61
(12): 42 - 48.

LIU Tiantian, PENG Fang, LU Weilong, et al. Identification
and detection of external risk factors for safety helmet wearing
in smart grid based on YOLOv7[J]. Electrical Measurement &
Instrumentation, 2024, 61(12): 42 — 48.

i [, Bk, fER G, 45 L T 2k YOLOV10n (9745 fL %
FELAMNEIGASIN I ]. ) AR A8 77 ,2025,38(8) :41 - 52.

PAN Guoqing, HONG Yongxue, SHAO Tianci, et al.Infrared
image detection of substation equipment based on improved
YOLOv10n[J].Guangdong Electric Power, 2025, 38(8) : 41
- 52.

NI, 2RI KR, S BRI S R TS F AR
RELERLT ] IPRNRE SIRE, 2022, 16(6): 1243 - 1259.
SUN Fangwei, LI Chengyang, XIE Yonggiang, et al. Review
of deep learning applied to occluded object detection [J].
Computer Science and Technology, 2022, 16 (6) : 1243 —
1259.

WANG X L, XIAO T T, JIANG Y N, et al. Repulsion loss:
detecting pedestrians in a crowd [ C]//2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, Jun 18 -
23, 2018, Salt Lake City, UT, USA. New York:IEEE, 2018:
7774 - 7783.

Wim HER: 2024-05-07; MI4%E % HEA:2025-01-28
1EHEN:
A AR (2000), B, MEHRA, FLFH@ATEES BER

A

Mol R B AR E e H K

AW R RS H A

1491331697 @qq. com;

2 H(1979), B, HA TR (HIZR), WL, KFEmb L

BATYHA . W wAF LB RAFR, liukai3 @epri. sgee. com. cn;

Zw(1983), ¥, sk, @laug, Wk, ALF @b Fd

Y, S EL %% K, wutian_08@163. com,



