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Abstract. With the development of the national economy, the demand
for electricity in various industries is expanding. It is necessary to ensure
the safe operation of the high voltage transmission line. How to prevent
and detect natural disasters and accidents that endanger transmission
lines in a timely manner has become an important basic work to ensure
power supply. Identifying high-voltage transmission lines first requires
mathematical modeling of high-voltage transmission lines. Based on the
mathematical model constructed, the image processing method is used
to remove the blurred images in the images and restore the true back-
ground of the images. The establishment of mathematical models for
high-voltage transmission lines has been relatively complete. This paper
focuses on the analysis of existing methods for automatic identification
and localization of foreign bodies on transmission lines and the existing
research on deblurring, de-fogging, image denoising, image enhancement,
etc. method. With the rapid development of deep learning, there are
more and more methods for identifying high-voltage transmission lines
and image restoration. More people will be engaged in this research in
the future.
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1 Introduction

Images are the foundation of human face vision, and they give people a con-
crete and intuitive effect. Data digitization includes two parts: sampling and
quantization. Digital image processing is the process of converting image sig-
nals into digital formats and using computers for processing and processing.
Image restoration is an important issue in image processing, and it is of partic-
ular significance for improving image quality. The key to solving this problem
is to establish a corresponding mathematical model for the degradation pro-
cess of the image, and then obtain the restoration model of the image by solv-
ing the inverse problem and make a reasonable estimate of the original image.
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Image artificial intelligence processing can solve a series of hidden danger iden-
tification problems such as drones, video surveillance, and image surveillance.
It is of great significance to improve the level of transmission management and
personnel quality and efficiency. It also responds to the national and national
network artificial intelligence development plans. Based on the analysis of this
paper and the summary of existing methods, the foreign line and fault detection
methods of transmission lines based on deep convolutional neural networks are
analyzed and summarized.

2 Target Detection Methods

2.1 R-CNN

R-CNN uses AlexNet’s network architecture and uses the Selective Search tech-
nology to generate Region Proposal. R-CNN is pre-trained on ImageNet, then
fine-tune is performed on the PASCAL VOC dataset using mature weight param-
eters, then features are extracted using CNN, and then a series of SVMs are used
for category prediction. Finally, R-CNN’s bbox position regression was inspired
by DPM and trained a linear regression model. The semantic segmentation of
R-CNN uses CPMC to generate Region. Since RCNN comes earlier, it is not the
best target detection model and semantic segmentation model.

2.2 SPP-net

The biggest improvement of SPP-net for R-CNN is that the feature extraction
step has been modified, and other modules are still the same as R-CNN [12].
Feature extraction no longer needs to pass through the CNN for each candidate
region. It only needs to input the entire image to the CNN. The ROI feature is
directly obtained from the feature map. Compared with R-CNN;, the speed has
increased by a hundred times [5]. The shortcomings of SPP-net are also obvious.
The conv layer in CNN cannot continue training when fine-tuning. It is still the
framework of R-CNN.

2.3 Fast R-CNN

Sometimes, good results are not necessarily all original [17]. Fast R-CNN is a
good illustration. SPPnet’s pooling thought has been simplified and promoted on
Fast, and author rbg further based on R-CNN [8]. The detection frame regression
is integrated into the neural network, which makes the training test rate of Fast
greatly improved.

2.4 Yolo

The core idea of YOLO is to use the whole graph as the input of the network,
directly returning to the output layer and the position of the bounding box
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and its associated category [11]. The faster-RCNN also uses the entire graph as
input directly, but the fast-RCNN uses the idea of RCNN’s proposal 4 classifier
as a whole, except that the steps to extract the proposal are implemented in
CNN, while YOLO uses direct The idea of returning YOLO is not good for
objects that are close to each other, and there is a small group detection [15].
This is because only two boxes are predicted in one grid and belong to only one
category. The generalization ability is weak when new uncommon aspect ratios
and other conditions occur for the same type of object. Due to the loss function
problem, the positioning error is the main reason that affects the detection effect.
Especially the handling of large and small objects has yet to be strengthened.

2.5 SSD

By comparing the network structure of SSD and YOLO, we can find that the
advantage of SSD is that the default box generated by it is multi-scale [9]. This
is because the feature map of the default box generated by SSD is not only
the last layer of CNN output, but also the utilization. Compare the default box
generated by the shallow feature map. Therefore, SSD detection of small targets
will certainly be better than YOLO v1 (small targets almost disappear after
high-level convolution). At the same time, because the multi-scale default box
generated by SSD must have a higher probability to find a candidate box that
is closer to Ground Truth, the stability of the model is definitely stronger than
YOLO (YOLO’s bounding box is very few, only 98, if Far from the GT, then the
linear regression of the modified bounding box is not established, and the model
may run when training). However, the number of candidate frames for SSDs is
the highest among the three classic networks, with 8732, so it should be slower
when training [9].

2.6 Yolov2

Although YOLOvI1 has a fast detection speed, its detection accuracy is not as
good as that of R-CNN. YOLOv1 is not accurate enough in object localization
and has a low recall rate. YOLOv2 has proposed several improvement strategies
to improve the positioning accuracy and recall rate of the YOLO model, thus
improving mAP. YOLOv2 follows a principle in the improvement: maintaining
the detection speed, which is also a big advantage of the YOLO model. It can
be seen that most of the improved methods can significantly improve the mAP
of the model.

2.7 Yolov3

Yolov3 solves the problem of difficult identification of small objects on the basis
of v2, and is by far the most accurate framework for target detection.
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2.8 Centernet

CenterNet’s “anchor” only appears at the current target’s position instead of the
entire picture, so there is no such thing as a box anchor larger than a positive
anchor, and there is no need to distinguish whether the anchor is an object or a
background. Because each target corresponds to only one “anchor”, this anchor is
extracted from the heatmap, so no NMS is needed to filter the output resolution
of CenterNet. The downsampling factor is 4, which is compared to other target
detection frameworks. Smaller (Mask-Renn is at least 16 and SSD is at least 16).
In general, the CenterNet structure is elegant and simple. It directly detects the
center point and size of the target and is truly anchor-free.

3 Image Restoration Methods

Image restoration technology is a very important type of processing technology
in the field of image processing. Similar to other basic image processing technolo-
gies such as image enhancement, it is also aimed at obtaining a certain degree
of improvement in visual quality. The difference is that the image restoration
process is actually An estimation process needs to restore the degraded image
according to some specific image degradation models. In short, the process of
image restoration is to improve the quality of degraded images, and to improve
the visual improvement of images through the improvement of image quality. As
there are many factors causing image degradation and their properties are dif-
ferent, there is no unified restoration method at present. Many researchers have
adopted different degradation models, processing techniques and estimation cri-
teria according to different corresponding physical environments, thus obtaining
different restoration methods.

3.1 Deep Learning Method

Some scholars propose a six-layer convolutional neural network [14] for target
recognition, and propose a localization algorithm based on output map infor-
mation according to the characteristics of the transmission line itself. Firstly,
the sliding window [3] method is used to make the convolutional neural net-
work recognize each window of the input picture and obtain the output picture.
Then, the output picture is binarized and opened, and finally the corresponding
target is located according to the output picture information. In the process of
network training, the image enhancement algorithm is used to expand the cap-
tured image of the transmission line fault model, and a training set consisting
of 17,000 picture blocks and a detection set composed of 4000 picture blocks are
obtained, which are used for network training and network detection. The set
correct rate is 88.68% in the 125 position detection pictures, the transmission
lines and related faults in 91.2% of the pictures can be detected. The experimen-
tal results show that in the picture with complex background, the deep learning
algorithm can accurately identify [13] and locate the transmission line and its
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faults, and improve the versatility and applicability of the detection algorithm.
It has practical significance for improving the detection efficiency of transmission
line faults and improving the detection accuracy.

3.2 Method Based on Aerial Photography of Drone Control

Channel a priori is also a sparse priori that is manually designed by static sta-
tistically blurred images and sharp images. Different from the gray feature and
the gradient feature of the direct statistical image, the channel prior is the pixel
passing through the statistical channel. In 2009, He first proposed a dark chan-
nel prior and used it in image defogging, which made a breakthrough in image
defogging [4]. An image dark channel means that the pixel value of at least one
channel in the channel of the color image of the image block approaches zero.
In 2016, Pan et al. first proposed applying the dark channel prior to the image
deblurring field, pointing out that the clear image has a more sparse dark channel
value than the blurred image, establishing dark channel sparsity.

3.3 Deblurring Algorithm Based on Edge Estimation

The core idea of blind deconvolution algorithm based on edge estimation is to
estimate the image with large edge and small edge suppressed explicitly through
some filtering and image enhancement algorithms, and then estimate the fuzzy
kernel based on these significant edges [6]. The algorithm based on edge estima-
tion is fast and has been proved to be very effective in practical application, but it
is difficult to analyze, because it is not based on the model through optimization,
but through some combination of heuristic steps [10].

The reason why the blind deconvolution algorithm based on edge estimation
can successfully estimate the fuzzy kernel is that it can estimate the large scale
edge in the image and suppress the small edge. The large scale edge is more
beneficial to the estimation of the real fuzzy kernel, while the small edge plays
an opposite role [7]. A bilateral filter is used to extract the large scale edge of
the image and the extracted edge image is used for fuzzy kernel estimation.

3.4 Image Deblurring Based on Richardson-Lucy

Aiming at the ringing effect of RL algorithm, a new image deblurring algorithm
based on RL was proposed, and Yuan’s Gain Map was introduced in the iterative
process, which effectively suppressed the ringing effect of the flat area and further
amplified the image noise, and kept the details of the image [19]. At the same
time, the effect of different parameter selection of the gain graph on the defuzzing
result is discussed [16]. Experimental results show that the algorithm is effective
in suppressing the ringing effect, preserving the image details, and recovering
the fuzzy image with noise [20].
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3.5 Image Deblurring Combined with Total Variation
and Fractional Total Variation Model

In order to recover more details and texture information from fuzzy images, a
digital image deblurring method based on combined total variation (TV) and
fractional order total variation (FOTV) models is proposed [2]. The fuzzy image
is decomposed into smooth region, convex edge and texture by the global gradi-
ent extraction method, the smooth region and convex edge are constrained by
the full variation model, the details are constrained by the fractional order full
variation model, the de-fuzzy convex optimization model is established, and the
variable splitting and alternating direction method is used to quickly solve the
model [1]. Experimental results verify the validity and rapidity of the model and
algorithm [18].

4 Discussion

The safe operation of transmission lines is closely related to our daily lives. The
country also invests a lot of money every year to ensure the normal operation
of the power grid, but the transmission lines are high-voltage lines, and the cost
of manual operations continues to increase and risks continue to increase. The
perspective of artificial intelligence analyzes methods that can reduce human
risks and provide guarantees for the development of the national economy.

References

1. Chen, F., Jiao, Y., Lin, L., Qin, Q.: Image deblurring via combined total variation
and framelet. Circuits Syst. Signal Process. 33(6), 1899-1916 (2014)

2. Gao, C., Zhang, J., Li, D.: Fractional-order total variation combined with spar-
sifying transforms for compressive sensing sparse image reconstruction. J. Vis.
Commun. Image Represent. 38(C), 407422 (2016)

3. Golab, L.: Processing sliding window multi-joins in continuous queries over data
streams. In: International Conference on Very Large Data Bases (2003)

4. He, K., Jian, S., Tang, X.: Single image haze removal using dark channel prior. In:
IEEE Conference on Computer Vision & Pattern Recognition (2009)

5. He, K., Zhang, X., Ren, S., Sun, J.: Spatial pyramid pooling in deep convolutional
networks for visual recognition. IEEE Trans. Pattern Anal. Mach. Intell. 37(9),
1904-1916 (2015)

6. Hongbo, Z., Liuyan, R., Lingling, K., Xujia, Q., Meiyu, Z.: Single image fast deblur-
ring algorithm based on hyper-laplacian model. IET Image Proc. 13(3), 483-490
(2018)

7. Lee, D.B., Jeong, S.C., Lee, Y.G., Song, B.C.: Video deblurring algorithm using
accurate blur kernel estimation and residual deconvolution based on a blurred-
unblurred frame pair. IEEE Trans. Image Process. 22(3), 926-940 (2013)

8. Li, J., Liang, X., Shen, S.M., Xu, T., Feng, J., Yan, S.: Scale-aware fast r-cnn for
pedestrian detection. IEEE Trans. Multimedia PP(99), 1 (2015)

9. Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.Y., Berg, A.C.:
Ssd: Single shot multibox detector. In: European Conference on Computer Vision
(2016)



326

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

X. Wang et al.

Magzinan, A.H., Karimi, A.: Block-based noise variance estimation algorithm in
blurred and noisy images with its application to motion deblurring. Evol. Syst.
8(2), 95-108 (2015). https://doi.org/10.1007/s12530-015-9134-4

Montgomery, M.J., Thiemann, T., Macedo, P., Brown, D.A., Scott, T.W.: Blood-
feeding patterns of the culex pipiens complex in sacramento and yolo counties,
california. J. Med. Entomol. 48(2), 398-404 (2011)

Purkait, P., Zhao, C., Zach, C.: SPP-Net: deep absolute pose regression with syn-
thetic views. arXiv, abs/1712.03452 (2017)

Rosenfeld, N., Aharonov, R., Meiri, E., Rosenwald, S., Spector, Y., Zepeniuk, M.,
Benjamin, H., Shabes, N., Tabak, S., Levy, A.: Micrornas accurately identify cancer
tissue origin. Nat. Biotechnol. 26(4), 462-469 (2008)

Schmidhuber, J.: Deep learning in neural networks: an overview. Neural Netw. 61,
85-117 (2015)

Sommer, T., et al.: California’s yolo bypass: evidence that flood control can be
compatible with fisheries, wetlands, wildlife, and agriculture. Fisheries 26(8), 6-16
(2001)

Wang, H., Miller, P.C.: Scaled heavy-ball acceleration of the richardson-lucy algo-
rithm for 3D microscopy image restoration. IEEE Trans. Image Process. Publicat.
IEEE Sig. Process. Soc. 23(2), 848-54 (2014)

Xiang, W., Ma, H., Chen, X.: Salient object detection via fast R-CNN and low-level
cues. In: IEEE International Conference on Image Processing (2016)

Xuan, Z., Ning, W., Lin, E., Li, Q.: Image decomposition model combined with
sparse representation and total variation. In: IEEE International Conference on
Information & Automation (2013)

Yang, H., Huang, P.: ShangHong: a novel gradient attenuation richardson—lucy
algorithm for image motion deblurring. Signal Processing 103, 399-414 (2014)
Zhao, B., Zhang, W.: Novel image deblurring algorithm based on richardson-lucy.
Comput. Eng. Appl. (2011)


https://doi.org/10.1007/s12530-015-9134-4

