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Combining cross-layer feature fusion with cascade detectors for

anti-vibration hammer defects detection
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Abstract: Objective Anti-vibration hammers can reduce the periodic vibration of transmission lines to minimize line
fatigue damage. Therefore, a regular inspection of these hammers is necessary. Previous studies on anti-vibration hammers
for transmission lines have mostly focused on the identification or fault classification of anti-vibration hammers with only

one case of deficiency. However, the detection methods for such small-scale targets are limited, and their leakage and false
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detection rates remain very high, which cannot guarantee the safe operation of transmission lines. Therefore, in view of the
complex background of the aerial images obtained from the current unmanned aerial vehicle (UAV) inspection of transmis-
sion lines, the different types, shapes, and characteristics of anti-vibration hammers occupying a small pixel area in these
aerial images can lead to problems, such as inability to determine the types of defects and the low detection accuracy in the
anti-vibration hammer detection process. In this paper, we propose an anti-shock hammer defect detection method based
on cross-layer feature fusion and cascade detector. Method Given the lack of a public anti-vibration hammer dataset at
home and abroad for targeted research, this paper takes the aerial images taken via the UAV inspection of anti-vibration
hammer components as the original data and then expands the dataset by geometric and contrast transformation to ensure
the equalization of the number of different types of anti-vibration hammers in the dataset and to establish an anti-vibration
hammer defect detection dataset. The anti-vibration hammer defects are then refined and classified into four categories,
namely, normal, corroded, broken, and collision, to serve as the data basis for the algorithm research designed in this
paper. The anti-shock hammer defect detection algorithm is then designed. The proposed anti-shock hammer defect detec-
tion method is mainly divided into two major parts, namely, the feature extraction network and classification location pre-
diction network. The feature extraction network extracts accurate anti-seismic hammer features by fusing the Visual Geom-
etry Group 16-layer network (VGG16). The main idea is to insert a convolutional kernel of size 1 X 1 into the last convolu-
tional layer of the first, third, and fifth layers, after which the last convolutional layer of the first layer is connected to the
maximum pooling layer and fused with the third layer using a deconvolution operation after the fifth layer. These two layers
are then fused to form the final feature map, which balances the semantic information and spatial features. To reduce the
impact of the intersection over union (IoU) threshold on network performance, in the localization and classification network
part, the classification and location prediction network proposed in this paper uses three cascade detectors to gradually
increase the loU threshold and improve the quality of samples and the training effect of the network. The non-maximal sup-
pression method is then replaced by the soft non-maximum suppression (Soft-NMS) algorithm to remove the bounding box.
Result The main contributions of this paper are as follows: 1) the dataset part expands the data using the aerial images
taken via the UAV inspection of anti-vibration hammer components to establish the anti-vibration hammer defect detection
dataset. To ensure the validity of this dataset, part of those samples that cannot be easily separated even through the naked
eye are reasonably removed; 2) the network model is based on VGG16, feature fusion is performed on 1, 3, and 5 layers of
features to effectively obtain more features, and three cascade detectors are used to classify the target to reduce the impact
of the loU threshold on network performance and improve the detection capability of the algorithm. The average accuracy of
the network model was improved by 13.5%, 3.4%, and 5. 8% over the fast region-based convolutional network (Fast R-
CNN) , Faster R-CNN, and you only look once version 4 (YOLOv4) , respectively, and by 9. 5%, 8.5%, and 8% over
single shot MultiBox detector 300 (SSD300) , YOLOv3, and RetinaNet, respectively, when compared with six other
advanced algorithms based on deep learning. These results may be explained by the incorporation of multiple layers of fea-
tures, which enable the model to obtain more information about low- and high-level image features. Moreover, the uses of
cascade detectors reduce the impact of the IoU thresholds on network performance and eventually improve the detection
accuracy of small-scale targets. Compared with Faster R-CNN, the false detection rate of the proposed method is reduced
by 5. 61%, whereas the missed detection rate is reduced by 3. 01%. Therefore, the proposed method improves its accuracy
while effectively reducing its false detection and missed detection rates and works particularly well in practical applications.
Conclusion The proposed anti-shock hammer defect detection method obtains good detection results for different back-
grounds, illuminations, angles, scales, and types of anti-shock hammers. Experimental results show that this method not
only efficiently extracts the characteristics of anti-shock hammers but also improves the localization accuracy of the net-
work, thus effectively improving the accuracy of the algorithm and satisfying the actual detection requirements of anti-shock
hammer inspection work while showing improved robustness and effectiveness.

Key words: shockproof hammer defects; deep learning; small-scale object detection; cross-layer feature fusion; cascade
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Fig. 1 Overall framework of vibration hammer defect detection algorithm
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Table 1 Sample composition of the dataset
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Table 2 The amount of network structure parameters

of different methods
i SRR
SSD300 23 878 495
YOLOv3 40 378 960
RetinaNet 170 691 895
YOLOv4 57 671 300
Fast R-CNN 69 765 442
Faster R-CNN 61 834 673
A3 79 108 519

R3 ARFETER RERIEWE N LS RXTLL
Table 3 Comparison of anti-shock hammer defect
detection results of different methods
1%

G 74 1ff 2R
Ik F TR mAP
IEH B SR A

SSD300 VGG16 85.8 853 845 87.8 85.8
YOLOv3 DarkNet-53  86.4 84.8 859 89.0 86.5
RetinaNet ResNetl01 ~ 88.3 85.7 85.1 89.9 87.3
YOLOv4 CSPDarknet-53 89.6 88.4 88.5 91.7 89.5
Fast R-CNN VGG16 82.6 804 79.5 84.5 82.0

Faster R-CNN VGG16 92.2 90.0 90.0 94.3 919
AL VGG16-Cross 95.6 94.0 943 972 953

T IO SRR 5 8 R A4

ZARZ M 2 BURRRE AR B, I ELd (il F S0 A6 )
FRREAR T ToU BI{EXT 9 45 1 B 1) 5% ], fe ¢ i 2 4
B T /INRUBEE H A Ao s RS

AR SCABE TR X B 8 e o A 0 5040 4 v 4 A B
Ay B e K 8RN 81 4 B 7 o AT T
DLE M A 5 ORRDE IR ASFERAE AN A
JEE AN [] R RIAS [R) ot 288 ) 577 78 e 359 € B0 11 AR 2 1)
R3S T DAAS SCH: M ) 577 78 e A o A 10 B 92 L
R A
2.3.2  FEOERLA BT LA BT

A ] A B8 U AR S5 22 9 46 X6 B AR 9 43 2 1
V7 TRUIIORG B %) G . E DI ZRA SR A [m] A A il
AR, LA ST Rl A () J2 00 R AR A5 1 04 R AiE ] X6
SRR A RS B RS2 o mil G R WAL - 1) Al A 2
1ERSE3)E;2) BASH 32 M523 RE5 1.2,

325 4)AEEE 345 25 5) AR SCRRIE Rl SR m , B il
B 1.3.5)2 0 AFERHIE LA 50 E B 7 G 1
MRS FARS BN 4 BT .

AT AT 4 N 2 fil AR [T e B S8, AR
P 2% 4, G55 1.3.5 2RI A I 286 46 D iy 235 2R e
U, X B mAP IA 5 95. 3%, 11 HAl filA 3 /2 4 1E Y
TR W A5k R A 22 %) S DR AR 48 J2 =2 1R AR R AE EL AT AR5
ARG , TS R A2 2 S 2 Al AR AR AT
U B B 32 ) R0 0 A 4 FUZ R A B4 )
L5 IR e o AR SCHRE S I Rl SR I BB A5 PR UE
/N RSE B AR ARG RS B 76 2% B8 R R AR R AT
WL s B R RHA % R B2 R £ 5 1
25 (A REAE FSCRRA L

F4 SERAEMIT L

Table 4 Comparison of feature fusion strategies
/%

Z PENES mAP
143 94.2 91.5
345 95.0 93.7
14243 94.7 92.8
3+445 95.4 94.1
143+5 96.1 95.3
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Table 5 Results of ablation experiments

Tk AARIE  Soft-NMS  ZRIKAINZY mAP/%
Faster R-CNN - - - 91.9
Improvel N - - 935
Improve2 - N - 92.1
Improve3 - - N 93.9
Combinel2 J N - 93.8
Combine23 - N J 94.2
Combinel3 N - N 95.0
A3C N N N 95.3
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Fig. 7 Example of anti-vibration hammer misdetection

(a) JRI&

situation ((a) original drawing; (b) fractionated gain)
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Fig. 8 Example of anti-vibration hammer leak detection

(b) BbREH S G,

((a) poor shooting angle; (b) targets are similar in color

to the background )
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Table 6 Comparison of error detection

under different methods

1%

Ttk mAP PR e %
Faster R-CNN 91.9 9.08 433
AL 95.3 3.47 1.32
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