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GAE-YOLO: Global awareness enhanced method for detecting external
force damage in power transmission lines

Liu Min, Chen Ming, Wu Minghu, Ye Yonggang

( Hubei Key Laboratory for High-efficiency Utilization of Solar Energy and Operation Control of Energy
Storage System, Hubei University of Technology, Wuhan 430068, China)

Abstract ; Ultra-high-voltage overhead transmission lines are crucial in power systems. But, they often face accidents triggered by
external factors, such as construction activities and wildfires. These incidents not only damage the national economy and affect grid
stability, but also pose a threat to the safety of power workers. Deep learning-based object detection methods offer a novel solution for
detecting external force damage objects. However, existing methods often rely on local neighborhood information for sampling operations,
which limits their perceptual range and expressive capabilities. To address this issue, a real-time global awareness-enhanced method,
GAE-YOLO, based on YOLOv1O0, is proposed to improve the detection accuracy of external force damage objects in ultra-high-voltage
overhead transmission lines. To overcome the limitations of local perception in traditional methods, two novel upsampling and
downsampling modules are designed, including the global awareness downsampling module ( GADM ) and the global awareness
upsampling module (GAUM). GADM enhances perceptual performance by learning global spatial information from the feature map and
generating global perception weights to optimize the downsampling process. GAUM dynamically enhances the membership relationship of
sampling points by utilizing channel information from deep feature maps, effectively highlighting object boundaries. To evaluate the
effectiveness of GAE-YOLO, a large-scale dataset for detecting external force damages in ultra-high-voltage overhead transmission lines is

constructed. The model achieves mAP of 93.05% , a mAP 5. 13% improvement over the baseline model. Experimental results show that
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GAE-YOLO significantly improves the detection accuracy of external-force damage objects, offering substantial application value and

providing new technical support for the safe operation of power grids.

Keywords : object detection; global awareness; downsampling; upsampling; external force damage; transmission lines
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Table 3 Comparison results with advanced object detectors

SR TR ORI ETM% B B FLORy A mAP@0.5/%  FPS
M I/ MB G METHM  mE EmR Lk

Faster-RCNN VGG-16 137.09  333.52  368.24  81.56  86.32 72.49 85.67 81.51 72.36
Faster-RCNN ResNet-101 41.53  109.27  251.43  83.83  87.69 74.00 85.27 82.70 80. 87
SSD300 VGG16 26.28  50.47  116.20  71.35  81.97 74.29  85.70 78.33 190. 30
SSD512 VGG16 - - - 73.62 8215 73.31 86.58 78.92 153.27
YOLOv3 Darknet-53 61.63  120.48  193.92  80.12  83.56 73.31 85.62 81.15 168. 32
YOLOv4 CSP-Darknet53  64.36  100.83  119.95  84.26  85.38 75.21 87.46 83.07 150. 58
YOLOv5-L Modified CSP v5  46.56  89.18  109.13  84.95  86.02 76.01 87.54 83.63 178.45
YOLOv7 ELAN 37.21  72.03 10485  86.32  86.45 77.80 87.47 84.51 185. 47
RT-DETR-L HGNetv2 32,02 63.38  110.08  85.78  88.32 84.21 87.92 86.55 194. 63
YOLOv9-C GELAN 25.45  49.30  102.77  86.39  89.22 85.04 88.70 87.40 186. 21
YOLOV10-L Enhanced CSPNet ~ 24.44  48.98 118.11  87.04  89.56 86.21 88.86 87.92 210.58
YOLO11-L Enhanced CSPNet  25.32  49.03 86. 89 86.95  89.80 87.10 87.92 87.94 204. 59
GAE-YOLO(fi## /%) Enhanced CSPNet  29.91  54.40  120.26  96.66  94.08 91.08  90.40 93.05 188.33
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H—ENH, YOLOV3 () mAP 58] T 81.15% , FPS i5 %)
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Table 4 Comparison with transmission line external

force damage detection algorithms (%)
Ak P R mAP@0. 5
ik YOLOVSs 2 89. 85 85. 36 88. 41
YOLOv5s!? 88.32 83.76 86.79
YOLO-RANGE* 92.74 89.53 91.50
ik YOLOv7 ! 91.25 87.94 90. 34
B 5 ¥ 94. 57 91.20 93.05
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[543 FAE T 94. 57% F1 91. 20% , HiE B fr #1277 1k 16 i
FL 2R [ 4/ M B R RN 55 v iR i KRB T

Sk T S U b X E i E 2 S A M e R B R A ]
FE LRI T B A AT 55 v i R B, 6 B UE 48 btk
T T T, 25 E 6 Fin . SLILS SRR A
HAR ST 2 R A BT, SCHk[ 22-23 14 1 1Y
D7 BT A A 7 ) T AR O, A IR R A At
Jiidi o SCHRL 24 7 $2 1 07 vk 0% K6 T00KS J32 7 a8 T AR A 5 Jor
P07 B ER A, I X T R 40 17 B T U 1) i

A FAR B e 0 A [l R R X T A A s B A
L SCHR[ 25 ] B4 J5 TR TE ARG B2 b AT T e, % gt
B E PR E AR EEREZ T B, X8 T R A A T G I 4 A
WIS, AT M A T A IS B A, BB RS A A Tk
(55 AN AP A BP0 A TR i e e
SR B bR, OF BB M R MR AL RO TS 00, X 2t
TEVE AT ES A — AR W] T A BT ST 4R O vk B O
PERE .

N
A\

(@) BHHE

(a) Original image

(b) B YOLOVSs™
(b) Improved YOLOvSs

(e) BLEYOLOv7s!
(e) Improved YOLOV7s

Pl 6 ANTRIRGIN ik f) R P A 4 24

Fig. 6  Qualitative analysis results of different
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Table S Performance of GADM under different reduction ratios
AP/ %
YOLOv10-L r ZH /M FLOPs/G mAP@0.5/%
it AL m4 B ik
baseline 24.44 118. 11 87.04 89. 56 86. 21 88. 86 87.92
+GADM 8 33.69 123. 80 95.42 93.16 89. 81 89.91 92.08
+GADM 16 31.45 121.49 94.92 92.89 89.55 90. 22 91.89
+GADM 32 30.33 120. 86 94. 50 92. 15 89.43 89.51 91. 40
+GADM 64 29.78 120. 04 94.21 92.52 89. 86 89. 85 91.61
+GADM 128 29.49 119. 31 93. 86 89.95 88.23 88.91 90.24
*6 AEZELLLT GAUM Hyikae
Table 6 Performance of GAUM under different reduction ratios
AP/ %
YOLOv10-1, r ZHER/M FLOPs/G mAP@ 0. 5/%
i ALK FER B 1k

baseline 24. 44 118. 11 87.04 89.56 86. 21 88. 86 87.92
+GAUM 2 25.02 119. 58 87.59 90. 02 86. 80 89. 12 88. 38
+GAUM 4 24.76 118. 41 89. 63 89. 80 87.32 88.95 88.93
+GAUM 8 24.63 118.36 90. 32 89. 86 88.43 89.75 89.59
+GAUM 16 24.56 118. 20 91.26 90. 17 88.58 89.91 89. 98
+GAUM 32 24.54 118. 15 90. 23 89. 50 86. 59 88. 61 88.73

mAP K3 T B S 9 89.98% . DA b 2 ASpie iy e T 45
WL r T TER 77 GADM 1 GAUM [ 3 Ef:
FF YOLOvIO BiE A5, A T RERTIR & A4

PR, LL YOLOVIO-L Sy B v 47 T I Al se o, 3F
BT GADM 1 GAUM, 3£ 7 JB/R T &4 4m07

ST 6 R0

®7 RHMFIEZE YOLOVIO EAYEREIS
Table 7 Ablation study of the proposed method on YOLOv10

YOLOv10-L GADM GAUM ZHE/M  FLOPs/G AP mAP@ 0. 5/%
i T AL mo4 B 1k
Enhanced CSPNet-PANet 24. 44 118. 11 87.04 89.56 86.21 88. 86 87.92
Enhanced CSPNet-PANet vV 29.78 120. 04 94.21 92.52 89. 86 89. 85 91.61
Enhanced CSPNet-PANet VvV 24.56 118.20 93.26 90. 17 87.58 88.91 89.98
Enhanced CSPNet-PANet 4 Y 29.91 120. 26 96. 66 94. 08 91.08 90. 40 93.05

SASETE | BT AN, GADM A L BE R mAP
PR T 3.69% BE T GADM HIARAE, MiMA GAUM fif
5 mAP M\ 87.92% 42 T Z 89.98% , ¥t — A HEW] T GADM
1 GAUM BEMSZE i ISR AE AT SRR A 5 8 i 2k
PR AT LU i A G A B S B Y A
PR B 4T, PR kg e T M R R B AR
KPKS BE  mAP 355 T 93. 05% , =5 M FELRAIRL 5. 13%
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e PSS T ik X HCAG I A 2 L £ BE AR A

T E AT /N B BRI RE e e K] T e
7T FARARR T8 i P o 5 L P, I B T/ H
PRAGECE 2 Z2 LA SR SR BAR TR 9 L], el 181 7 W] 1A
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ﬂ Table 8 Detection results of the model for objects
or | ) . ‘ ) . of different scales (%)
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Fig. 8 Loss curve of model training
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Fig. 9 Heatmaps computed using feature maps from different layers
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Fig. 10 Comparison of detection results between the baseline model and the proposed method in different scenarios
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