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Abstract Unmanned aerial vehicle (UAV) photography
has become the main power system inspection method;
however, automated fault detection remains a major
challenge. Conventional algorithms encounter difficulty
in processing all the detected objects in the power
transmission lines simultaneously. The object detection
method involving deep learning provides a new method for
fault detection. However, the traditional non-maximum
suppression (NMS) algorithm fails to delete redundant
annotations when dealing with objects having two labels
such as insulators and dampers. In this study, we propose
an area-based non-maximum suppression (A-NMS) algo-
rithm to solve the problem of one object having multiple
labels. The A-NMS algorithm is used in the fusion stage of
cropping detection to detect small objects. Experiments
prove that A-NMS and cropping detection achieve a mean
average precision and recall of 88.58% and 91.23%,
respectively, in case of the aerial image datasets and realize
multi-object fault detection in aerial images.

Keywords fault detection, area-based non-maximum
suppression (A-NMS), cropping detection

1 Introduction

The conventional inspection of power transmission lines
by patrol personnel has been gradually replaced by
unmanned aerial vehicles (UAVs). However, viewing the
numerous images provided by UAVs individually is a
time-consuming and complex task. Therefore, examining
how to use computer technology to perform automatic
recognition has become a popular topic.

During the early stage of the machine learning,
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traditional image recognition and machine learning were
often used to locate and detect faults. Sun constructed a
slope model based on the appearance model of the
insulators [1]. Zhang extracted the H vector from the
hue, saturation, and value color space to perform contour
matching [2]. After deep learning was proposed by Hinton
and Salakhutdinov in 2006 [3], convolutional neural
network (CNN) [4-7] and object detection [8—14] algo-
rithms have become increasingly powerful and effective.
Using the images captured by UAVs, Wang et al. applied
the multi-object detection algorithm to electrical compo-
nents, achieving an accuracy of 92.7% [15].

In this study, we detect several types of common faults
in power transmission lines using an object detection
algorithm. However, there are two problems associated
with this algorithm that must be solved. The first problem
is that a single object has multiple labels, and the second
problem is that the detection capability of small objects is
low. To solve the first problem, the traditional non-
maximum suppression (NMS) algorithm is used to handle
universal objects [10], the polygonal non-maximum
suppression algorithm is used to perform curve text
detection [16], and the mask non-maximum suppression
algorithm is used to perform oriented scene text detection
based on the segmentation method [17] and other methods.
To improve the ability to detect small objects, the length
and width of which are less than 5% of the original scale,
feature pyramid networks predict objects by fusing
different feature layers [9]. In addition, single shot detector
(SSD) generates anchors on multiple feature maps [13],
whereas Cascade regional CNN (R-CNN) provides a
multi-regression architecture to train high-quality detectors
[14]. The structure of the detection network is presented in
Fig. 1.

To solve the two aforementioned problems, we use faster
R-CNN as a benchmark and propose an area-based non-
maximum suppression (A-NMS) algorithm to delete
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Fig. 1 Structure of the detection network, where the detector is followed by a classifier

redundant labels for a single object and improve the ability
to detect small objects during the box fusion stage of
cropping detection. We also discuss the selection of
different parameters and compare the performance of the
combinational algorithms. The experimental results
demonstrate the feasibility of using object detection
algorithms to detect the faults in transmission lines and
achieve accurate localization and discrimination of the
multiple common faults displayed in photos captured using
UAVs.

2 Basic problem

Our study involves the detection of string-off insulators
and shedding dampers. This requires our system to
perform fault localization and recognition in one step.
Therefore, insulators are classified as intact insulators,
labeled “good”, and string-off insulators, labeled “bad”, as
illustrated in Figs. 2(a) and 2(b), respectively. Dampers are
classified as intact dampers, labeled “double”, and
shedding dampers, labeled “single”, as illustrated in
Figs. 2(c) and 2(d), respectively. These are the four types
of objects that have to be detected.

Faster R-CNN is a state-of-the-art two-stage object
detection algorithm. First, the input image is processed
using a simple CNN to obtain a feature map. Then, this
feature map passes through two branches. One branch is
the region proposal network (RPN) [13] used to generate
default boxes and perform preliminary regression of the
bounding boxes, whereas the other branch performs region
of interest pooling with respect to the feature map and
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bounding boxes. Finally, completely connected layers
are introduced to perform classification and precise
regression. In the faster R-CNN algorithm, RPN is the
core module. It initially generates many default boxes and
subsequently deletes the boxes that are out of bounds.
Thereafter, NMS is utilized to remove the overlapping
boxes and select the first N bounding boxes for the next
network.

Image processing methods include histogram equaliza-
tion [18] and filtering image [19]. The traditional NMS
algorithm requires the coordinates and the scores of the
detected boxes belonging to a certain type of object. All the
detected boxes are ranked according to their scores, and the
box with the highest score in the current set is extracted
after each iteration. Then, the intersection-over-union
(IoU) is calculated with respect to the extracted box and
each remaining box. If the IoU is larger than the overlap
threshold (usually set to 0.5), the two boxes are considered
to be the same object. The box with the lower score is then
deleted. In the next iteration, this procedure is repeated
until all the boxes are processed.

For one object, only one label is expected as the output.
Figure 3 presents the detection results of a string-off
insulator after the traditional NMS process. Three boxes
have been labeled in case of this insulator; however, only
the blue box is the expected label, and the upper and lower
parts have been unexpectedly labeled as intact insulators
(displayed as red boxes). However, traditional NMS can
only process the detected boxes belonging to the same
class and cannot remove redundant labels belonging to
different classes. To solve this problem, we propose the A-
NMS algorithm.
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Fig. 2 Four objects to be detected. (a) Intact insulator labeled “good”; (b) string-off insulator labeled “bad”; (c) intact damper labeled

“double”; (d) shedding damper labeled “single”
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Fig. 3 Detection results of a string-off insulator. The blue box is
the expected “good” label, whereas the red boxes are unexpected
“bad” labels

3 Area-based non-maximum suppression
algorithm

The A-NMS algorithm considers intact and string-off
insulators as belonging to the same class. Similarly, it
considers intact and shedding dampers as belonging to the
same class. The class set of detected boxes must be
obtained before applying the A-NMS algorithm. In faster
R-CNN, NMS is used twice, i.e., once during the RPN
phase and once during the fast R-CNN phase. In the RPN
phase, the only information that can be obtained is the
probability that the detected boxes belong to the fore-
ground; there is no specific classification. Therefore, the A-
NMS algorithm replaces the NMS algorithm in the fast R-
CNN phase. Based on the class set C, the A-NMS
algorithm extracts the detected box set B and box score set
S belonging to the insulators and then calculates the area of
all the boxes and selects the box with the maximum area.
Suppose the loU of the upper red box and blue box in Fig.
3 is less than the threshold of 0.5, these two boxes would
not be regarded as the same object, which is unexpected.
Therefore, we propose the intersection-over-smaller (IoS)
estimation rule provided in Eq. (1), which denotes the
percentage that the smaller box is covered by the largest
box. The IoS of the upper red box and the blue box in Fig.
3 is approximately 1.0. Therefore, the two boxes are
regarded as the same object.

108 (buy) — inter(b;,b;) , )

min (area(bi),area(bi))

where 10S(b;,b;) is the IoS value of the boxes b; and b;,
inter(b;,b;) is the intersection area of the boxes b; and b;,

min (area(bl-),area(bj)> means the minimum area between
the areas (b;) and (b)).
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Similar to the traditional NMS algorithm, the A-NMS
algorithm has a hyperparameter that should be set, i.e., the
overlap threshold 7. If the IoS is above the overlap
threshold 7, the two boxes are regarded as the same object.
Then, if the absolute score difference is smaller than a
certain value (0.1), the box with the smaller area is deleted;
otherwise, the box with the lower score is deleted. The
same condition is applicable to dampers. The selection of
the overlap threshold 7 is discussed in Section 5.1. The A-
NMS algorithm is the basis of the box fusion algorithm
discussed in Section 4.

4 A-NMS algorithm for box fusion during
cropping detection

CNN serves as the image feature extractor in an image
detection network. From the bottom layer to the top layer,
the size of the feature maps becomes increasingly smaller.
In most conventional CNNs, such as ResNet [10] and
DenseNet [20], the final feature maps are scaled at least 32
times before the pooling layer. This signifies that an object
with an area of 32 x 32 pixels in the original image
becomes a pixel in the final feature map. Therefore, such
small objects are difficult to detect. If the scaling factor is
considerably small, the network may not extract the
semantic features in a higher layer, which may hinder the
improvement of classifiers.

In this study, a cropping detection method is proposed
for the efficient detection of small objects. The larger the
size of the input image in the object detection algorithm,
the more effective will be the detection of small objects.
However, the time required for model inference increases.
To accelerate model inference, the short edges of all the
input images are set to 600 pixels. The parallel processing
frame can process several images simultaneously; thus, no
additional time is required for cropping detection.

As illustrated in Fig. 4, the points located at 1/4 and 3/4
of the x-axis and y-axis are the cropping points. The
original input image is cropped into four subpictures: the
top left subpicture, the top right subpicture, the bottom left
subpicture, and the bottom right subpicture. Because the
width of the input image is set to 600, the cropped pictures
must be zoomed to their original size. After this process,
the area of small objects in the processed image becomes
approximately twice that in the original image. In addition,
this process improves the ability of the image detection
network to detect small objects.

In the fusion phase, the coordinates in the subpictures
must be initially transformed to those in the original
images. Specifically, the coordinates must be multiplied by
3/4 to zoom out and must be given an offset of 1/4 based on
different locations. Equation (2) provides a matrix equation
to achieve coordinate translation of the top right
subpicture. The offset is the displacement along the x-
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Fig. 4 Diagram of image cropping. (a) Original image, where the 1/4 and 3/4 points on the x-axis and y-axis are the cropping points;
(b) top left subpicture cropped by the yellow lines from the original image; (c) top right subpicture cropped by the purple lines from the
original image; (d) bottom left subpicture cropped by the green lines from the original image; (e) bottom right subpicture cropped by the

orange lines from the original image
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Fig. 5 Box fusion algorithm. (a) Two detection boxes; (b) fused
detection box. The background green box is the output box
obtained by fusing the two detection boxes in (a)

axis in case of the subpictures. Other subpictures can be
processed using a similar method.
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where X 4 and Y4 mean the sizes of the original image,
X and Y, mean the sizes of the cut image.

When the transformation results of the four subpictures
are marked on the original image, one object contains
multiple detected boxes, which is suitable for the fusion of
the overlapping detected boxes using the A-NMS
algorithm. However, the A-NMS algorithm cannot be
used directly in the box fusion algorithm because it will
delete the detected boxes with small areas. Because objects
exist in more than one cropped image, the obtained
detection boxes may be incomplete. Therefore, before
deleting the boxes with small areas, they must be fused into
the largest box. This signifies that the final output box is the
outermost contour of the two detection boxes, as shown in
Fig. 5.

In the box fusion algorithm, a hyperparameter pertaining

to the overlap threshold 7 must be set. The selection of this
threshold is discussed in the experiment section.

5 Experimental results

In this study, we used faster R-CNN combined with the
ResNet101 network as the benchmark model. The data in
this study were obtained from the images taken during the
daily patrol inspection of an electric company and
comprised approximately 8000 pictures. The data covered
a variety of geographical environments, weather condi-
tions, shooting angles, and shooting distances that may
exist in the normal range. The pixel size varied from 400 x
300 to 2000 x 1500. All the short edges in the images were
zoomed to 600 pixels during training. In practical
application scenarios, the pixels of the patrol images
should not be less than 300 x 300 and their aspect ratio
should be approximately 4:3 or 16:9. The dataset was
divided into a training set, validation set, and test set in a
7:2:1 ratio. The network was initialized using network
weights pre-trained by the MS COCO [21] and VOC2007
[22] datasets. Random horizontal flip, random clipping,
random noise, and other data augmentation methods were
used. The loss function followed that of faster R-CNN, and
the optimization method used was stochastic gradient
descent. The initial learning rate was 0.001, and the
number of iterations was 100.

5.1 Selection of the A-NMS algorithm and box fusion
overlap threshold

Selecting the overlap threshold 7' is important in the
traditional NMS algorithm, the proposed A-NMS algo-
rithm, and the box fusion algorithm. In this subsection, we
initially discuss the influence of T on the performance of
different schemes.

We use the conventional standard, i.e., the mean average
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different methods with different NMS threshold
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Fig. 6 Sensitivity of different methods to the threshold 7 in
NMS, A-NMS, and cropping detection. Threshold 7" is 0.3-0.9
with intervals of 0.1. Black bars indicate the traditional NMS
algorithm, orange bars indicate the A-NMS algorithm, and green
bars indicate the cropping detection method

precision (mAP), to measure the algorithm’s performance.
The experimental results are presented in Fig. 6. The overlap
threshold 7" is 0.3—0.9 at intervals of 0.1. The test results of
the benchmark model are displayed as a black bar, whereas
the bars of other colors represent the mAP for different 7
values obtained using different algorithms. The performance
of the traditional NMS algorithm is optimal when 7 is 0.5 or
0.6, whereas the performances of the A-NMS and box fusion
algorithms are optimal when 7'is 0.7-0.9. The reason for this
result is that the traditional NMS algorithm estimates the
IoU, whereas the A-NMS and box fusion algorithms
estimate the IoS. According to the algorithm, various
boxes are regarded as the same object only when majority
of a smaller box is covered by a larger box.

In the following comparison experiments, the NMS
overlap threshold T is set to the optimal value to avoid
multiple variables. Thus, 7' is 0.5 for the traditional NMS
algorithm, whereas it is 0.7 for the A-NMS and box fusion
algorithms.

Figures 7(a) and 7(b) present the detection results
obtained using the NMS and A-NMS algorithms, respec-
tively. The A-NMS algorithm deletes the additional box
and solves the problem that cannot be handled by the
traditional NMS algorithm.

5.2 Cropping detection test

Figure 8 presents the experimental results obtained when
the cropping detection method was used and not used. In
the experiment, we evaluated the effect of cropping
detection using four objects. Figure 8 reveals that the
cropping detection method performed better in case of
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Fig. 7 Detection results of the NMS and A-NMS algorithms.
The green box represents a string-off insulator labeled “bad”,
whereas the blue box represents an intact insulator labeled “good”.
(a) Detection results of the traditional NMS algorithm. The “bad”
box is correct, whereas the “good” box is an additional box;
(b) detection results of the A-NMS algorithm. The “bad” box is
correct

small dampers. After cropping and magnification, the
dampers were more likely to be correctly detected.
However, in case of insulators, the detection of intact
insulators improved by 3%, whereas the detection of
string-off insulators worsened by 1%. This is because
insulators may occupy a large part of the images, which
can cause errors during box fusion. Therefore, our
algorithm requires further improvement.

Figure 9 presents the results of the benchmark model
and cropping detection. Cropping detection magnifies
small objects, increasing their identification probability.
The detector identified the objects located in the upper part
of the picture, which were not detected previously.

5.3 Comprehensive test

In this subsection, we verify the performances of different
methods and evaluate various indicators, including the
detection speed.

Table 1 lists the mAP and recall values in case of
different methods, which are obtained based on the
benchmark model of faster R-CNN with ResNetl101.
Compared with NMS algorithm, the experimental results
reveal that the mAP and recall values obtained using the A-
NMS algorithm increased by 4.52% and 3.54%, respec-
tively. This indicates that the A-NMS algorithm can
decrease the probability of error during the detection of
insulators and dampers.

The aim of cropping detection is to enhance the ability to
detect small objects. Compared with the benchmark model,
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Fig. 8 Impact of cropping detection on four types of objects:
“good”, “bad”, “double”, and “single”. Red bars indicate the
results of the benchmark method, whereas blue bars indicate the
results of the cropping detection method. Here, AP refers to
average precision

the cropping detection method achieved a 7.16% increase
in mAP and a 7.02% increase in the recall value. These
results demonstrate the effectiveness of the proposed A-
NMS algorithm.

Different detection methods require different amounts of
time in different GPU environments. Table 2 lists the
detection times of different detection schemes. All the
GPUs are NVIDIA GeForce GTX 1070. The benchmark
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model with the A-NMS requires only one GPU. The
experimental results indicate that the A-NMS algorithm
required only approximately 2 ms. Using only one GPU,
the cropping detection method requires approximately 850
ms, which is very slow. Therefore, four GPUs are required
to accelerate detection because four subpictures have to be
detected in parallel. The time required by the parallel
architecture with four GPUs is 220 ms (approximately 4.5
frames per second (FPS)), which is only 10 ms more than
that required by the benchmark model.

6 Conclusions

By focusing on detecting faults in the electrical compo-
nents of transmission lines, we propose an A-NMS
algorithm to solve the problems of a single object having
multiple labels and the difficulty of detecting small objects.
We conduct a detailed comparison and analysis for
different schemes. The experimental results indicate that
the proposed A-NMS algorithm not only correctly removes
additional and incorrect labels but also increases the
detectors’ ability to sense small objects. The proposed
method achieves a mAP value of 88.58%, a recall value of
91.23, and a detection speed of 4.5 FPS. However, there
are cases in which the background is mislabeled as an
object. Therefore, further research is required on how to
remove erroneous objects and develop a more robust
detector.
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Fig. 9 Results of the benchmark and cropping detection methods. Detection results of (a) benchmark algorithm and (b) cropping

detection method

Table 1 mAP and recall for different methods. “v” indicates that the
corresponding algorithm is used

Table 2 Detection time of different methods in different GPU
environments

benchmark A-NMS  cropping mAP recall detection scheme number of GPU time/ms
detection benchmark T 210
f+aster R-CNN 0.8142 0.8421 benchmark + A-NMS 1 212
ResNet101 0.8594 0.8875 A-NMS + cropping detection 1 850
N 0.8858 0.9123 A-NMS + cropping detection 4 220
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