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Lightweight edge-side detection of bird-related outages in overhead
transmission lines with BDEA-VFNet

Miao Xiren,Hu Shaocheng, Liu Xinyu, Jiang Hao,He Hao

(College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China)

Abstract ; As the scale and frequency of overhead transmission line inspections continue to increase, the massive volume of aerial imagery
poses significant challenges to cloud computing resources and network bandwidth. Meanwhile, existing bird-related outage detection
methods still struggle to balance accuracy and real-time performance in scenarios involving complex backgrounds and densely distributed
small objects. To address this issue, this paper proposes a lightweight object detection method for bird-related fault detection on edge
devices, termed BDEA-VFNet. First, based on the VFNet architecture, a fully convolutional masked autoencoder pre-training strategy is
introduced together with a global response normalization layer, which accelerates model convergence and reduces model complexity, and
enhances the feature extraction capability for small objects. Second, a feature pyramid structure optimized via neural architecture search
is employed to improve the efficiency of multi-scale feature fusion and reduce cross-layer information loss. Finally, a dynamic soft label
assignment strategy based on SimOTA is designed, and an improved FCOS anchor-free mechanism is proposed to generate candidate
targets, thereby enhancing hard example learning and reducing the risk of missed detection of bird-related fault in complex backgrounds.
Experimental results on an overhead transmission line bird-related outage dataset and UAV edge devices demonstrate that BDEA-VFNet
can rapidly and effectively detect bird-related outages on edge devices. Compared with the original VFNet, BDEA-VFNet improves mAP
by 5.20% , while reducing the number of parameters by 77. 37% and the computational cost by 83. 19% , effectively balancing detection
accuracy and the lightweight requirements of edge deployment.
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(a) Transmission line bird nest images
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(b)Common high-risk bird species on transmission lines
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Fig. 5 Dataset samples for nests and hazardous bird species
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Table 1 Ablation experiments on BDEA-VFNet
[ERESUEK PR
RL 2
A B C D mAP/% mAR/% Params/M FLOPs/G
VFNet 71.2 7.7 32.7 166
AL AL vV 72.6(+1.4) 77.9(+0.2) 6.1(-26.6) 27.0(-139.0)
I A2 v 73.6(+2.4) 78.8(+1.1) 32.7(+0.0) 166.0( +0.0)
T A3 vV 74.6(+3.4) 79.4(+1.7) 39.5(+6.8) 162.0(-4.0)
iR A4 vV 73.6(+2.4) 78.7(+1.0) 32.7(+0.0) 166. 0(+0.0)
I B1 Vv VvV 74.1(+2.9) 79.4(+1.7) 6.1(-26.6) 27.0(-139.0)
Bil B2 vV vV 72.8(+1.6) 78.0(+0.3) 7.4(-25.3) 27.9(-138.1)
T B3 VvV Vv 71.8(+0.6) 77.9(+0.2) 6.1(-26.6) 27.0(-139.0)
7 B4 Vv Vv 74.8(+3.6) 79.6(+1.9) 39.6(+6.9) 162.0(~4.0)
B BS vV vV 73.5(+2.3) 79.3(+1.6) 32.7(+0.0) 166. 0(+0.0)
17 B6 vV Vv 74.4(+3.2) 79.5(+1.8) 39.5(+6.8) 162.0(-4.0)
BRI C1 vV Vv Y4 75.0( +3.8) 80.2(+2.5) 39.6(+6.9) 162.0(-4.0)
KL C2 VvV vV VvV 72.3(+1.1) 78.5(+0.8) 7.4(-25.3) 27.9(-138.1)
B C3 vV vV vV 73.2(+2.0) 78.7(+1.0) 6.1(-26.6) 27.0(-139.0)
i c4 VvV Vv Vv 73.9(+2.7) 79.4(+1.7) 7.4(-25.3) 27.9(-138.1)
BDEA-VFNet Vv Vv vV Vv 74.9(+3.7) 79.7(+2.0) 7.4(-25.3) 27.9(-138.1)
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Table 2 Effect of kernel size on detection performance

BERIUN HGIF mAP/%  mAR/%  Params/M  FLOPs/G
3x3 1 64. 4 73.2 7.312 27.435
5x5 2 63. 1 71.5 7.347 27. 640
7x7 3 74.9 79.7 7. 400 27.948
9x9 4 61.5  698.0 7.471 28. 357

AN AR S B AT Y 3 B Be A 3307k Faster
R-CNN( faster region-based convolutional neural network) .
Cascade R-CNN ( cascade region-based convolutional neural
network ) | Double-Head R-CNN ( double-head region-based
convolutional neural network ), — By Bt # ] & 5 ATSS |

YOLOX( you only look once X) ,TOOD ( task-aligned one-
stage object detection) ,YOLOv8(you only look once version
8) 5 b YL T M 4 ShuffleNet V2, MobileNet V3,
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Table 3 Comparison of object detection algorithms

JoRlK=R7S mAP/% mAR/% Params/M FLOPs/G
Faster RCNN 68. 1 73.0 41.3 183.0
B 71243
. Cascade RCNN 70.9  75.4 69.2 211.0
(=R7R
Double-Head RCNN ~ 70.0  75.1 46.9 457.0
ATSS 70.9  77.4 32.1 177.0
B YOLOX 57.3  64.9 8.9 31.6
(=R7R TOOD 70.6  77.0 32.0 173.0
YOLOv8 70.6  75.8 11.1 33.9
Shufflenet V2 62.7  69.8 10.0 29.6
252, MobileNet V3 68.0  74.5 6.3 19.2
M2 EfficientNet V2 71.1 77. 4 16. 1 44.3
EdgeNeXt 72.7  718.5 8.6 52.6
AL
: BDEA-VFNet 74.9  79.7 7.4 27.9
(=R7S
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Fig. 6 Visual comparison of bird-related fault detection results across different algorithms
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Fig. 8 Detection of bird-related faults on edge devices
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