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Abstract: The nesting behavior of birds on transmission lines have a serious impact on 

the safety of power grids. In order to ensure the safe of the power grid, accurate 

identification of the nest is required. The traditional way of artificial inspection of nests 

is time-consuming and laborious. The detection and recognition of Bird's nest on 

transmission line is studied, and the identification and detection method of deep 

convolution neural network Yolo_v3 is put forward to improve the Yolo_v3 network. 

The dimension of Bird's Nest candidate area is clustering through the K-means 

algorithm, and multi-scale network detection is carried out at the same time. In the 

training of network model, the batch gradient descent method is adopted, and the 

dataset is expanded to improve the generalization ability of the network. Experimental 

results show that the improved network has achieved better results in the identification 

of the bird's Nest, and has achieved more accurate and faster identification of the nest 

on the transmission line. 

 

Keywords: Transmission line, convolution neural network, YOLO_v3, K-means 

algorithm. 

 

1. Introduction 

In recent years, accidents caused by the Bird's Nest have occurred frequently. The 

nesting behavior of birds can pollute the insulators in the transmission line, and it will 

also cause short-circuit or tripping of the line, resulting in great losses. 

At present, the power grid mainly takes the UAV patrol line, carries on the photo 

detection to the line. In a large number of captured transmission line images, the 
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identification and location technology is still a problem. Traditional image recognition 

technology is mainly the method of image processing, by identifying the edge contour 

of the target and other characteristics, such as "Viola-jones" frame [1], this method is 

easy to be affected by external conditions such as illumination. Detection accuracy is 

not high. 

In recent years, deep learning technology has developed rapidly. More and more target 

detection and recognition technology has been developed, and has become a hot 

research object. Girshick et al. proposed regional convolution neural network (R-CNN) 

[2]. On the VOC 2012 data set, the average accuracy of target detection increased by 

30%, reaching 53.3%. On this basis, Fast R-CNN and Faster R-CNN have been 

proposed successively. This kind of region-based convolution network has achieved 

good results in target recognition detection. From R-CNN to faster R-CNN has been 

using a two-step framework idea. The first step proposal provides target location 

information, and the second category identifies whether the target exists. The test 

accuracy of Faster R-CNN is already very high, the frame rate can reach 5 frame/s, but 

its detection speed is not fast enough. Yolo is one of the latest detection models. This 

is an end-to-end framework that converts target detection into a regression problem, 

using a picture directly as a network input to get the location and type of bounding box 

[3]. This method has a great improvement in the detection speed. On the VOC 2012 

dataset, when the detection speed is frame/s, the average accuracy of Yolo can reach 

93.7%. This paper mainly discusses the identification and location technology of bird's 

nest based on YOLO_v3. 

 

2. YOLO_v3 Network 

The core idea of YOLO series algorithm is to divide the input image into cells.If a cell 

contains the correct data targets (Ground Truth) that are marked, the cell is used to 

predict the target bounding box. The number of bounding boxes is fixed. Only the 

boundary boxes with the maximum value of the IOU of ground truth in these bounding 

boxes can be used as detection targets. The general extracted feature is two 

dimensions, including a planar dimension and a depth dimension. For example, B * 

(5+C). B represents the number of predicted target bounding boxes. C represents the 

number of types corresponding to the bounding box, and 5 represents 4 coordinate 

information and the confidence of a bounding box. 

In Formula (1), tx,ty,tw,th represents the output predictive value of the network; CX,CY 

represents the coordinate offset of each cell; Pw,Ph represents the anchor edge length; 

BX,BY,BW,BH represents the coordinates of the last predicted target bounding box and 

the width height. 
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YOLO uses only one CNN network to directly locate the bounding box of the target and 

the category it belongs to. YOLO series from YOLO_v1 to YOLO_v2, to the present 

YOLOv3, the performance of the framework is constantly improving[4]. YOLO_v1 

detection speed is very fast. But it is easy to cause inaccurate accuracy due to 

positioning errors. YOLO_v1 for dense overlapping objects are not good detection. On 

the basis of YOLO_v1, YOLO_v2 improves the classification accuracy, reduces the 

location error and improves the recall rate. YOLOv3 maintains the detection and 

recognition speed of YOLOv2, especially on small targets, which greatly improves the 

accuracy. It is one of the most advanced target detection algorithms at present. 

Darknet-53 is the basic model of YOLO_v3 network. YOLO_v3 contains 53 convolution 

layers, no pooling layer and full connection layer. The input image scale of the network 

model is 416*416. Each convolution layer will normalize the input image data in 

batches. The convolution uses 32 convolution kernels. Each convolution core size is 3*3, 

and the stride is 1. 

The performance comparison of Darknet-53 with Darknet-19, ResNet-101 and 

ResNet-152 is shown in Table 1. As can be seen from Table 1, the accuracy of 

Darknet-53 in top-5 is 93.8% higher than that of Darknet-19, 91.8%. 77.2% in top-1 is 

slightly lower than that of ResNet-152. 1457 in calculating CPU floating-point capability 

(floating-point operation/second) is much higher than that of other models. Comparing 

comprehensively, Darknet-53 performs best, and YOLO_v3 has more advantages in 

target accuracy and detection time. 

 

Table 1 Performance of Darknet-53, Darknet-19, ResNet-101 and ResNet-152 

model Top-1 Top-5 flop/s FPS 

Darknet-53 77.2 93.8 1457 78 

Darknet-19 74.1 91.8 1246 171 

ResNet-101 77.1 93.7 1039 53 

ResNet-152 77.6 93.8 1090 37 

 

Compared with YOLO_v2, the greatest improvement of YOLO_v3 is the use of residual 

model and FPN architecture. The feature extractor of YOLO_v3 is the residual model. 

From the structural point of view, compared with Darknet-19 network, Residual 

structure is used. As shown in Figure 1, the use of Residual Unit avoids the 



Volume 6 Issue 1 2019 

   30 

disadvantage of training due to the disappearance of gradient and it plays a role in 

controlling gradient, which reduces the training difficulty of deep neural network and 

significantly improves the detection accuracy[5]. 

 

 

Fig. 1 Residual network schematic diagram 

 

Another change is the use of FPN architecture. YOLO_v3 uses three feature maps of 

different proportions. YOLO_v3 uses three priori boxes for each location. K-means is  

obtain nine priori boxes and divide them into three scale feature maps. A larger 

proportion of feature maps use smaller priori boxes to modify the network model 

according to the scale of target prediction. 

 

3. Improved of YOLO_v3 Network 

Although YOLO_v3 has very fast detection speed and accurate accuracy, it is not 

completely suitable for the detection task of bird's nest recognition. In the whole 

transmission line image, bird's nest is only a small target. It is not appropriate to use 

anchor boxes candidate box and hierarchical structure to identify small targets such as 

bird's nest, so it is necessary to improve the YOLO_v3 network. 

 

3.1 Judgment of Nest Candidate Region Based on Dimensional Clustering 

YOLO_v3 adopts anchor boxes mechanism in Fast R-CNN. The size and aspect ratio of 

anchor have a significant impact on the accuracy and speed of target detection[5]. Each 

anchor in the training of the neural network will get the coordinate offset according to 

its corresponding boxes, and then get the bouding boxes. In Fast R-CNN, anchor's 

window size is artificially fixed, so there is a certain subjectivity of choice. Choosing a 

better anchor number and a wider dimension makes it easier for the neural network to 

get the accurate prediction position of the target. In 2016, Redmon put forward the 

idea of dimension clustering, and carried out dimension clustering analysis on the 

target box of data set. YOLO_v3 clustered dimensions on VOC and COCO datasets, and 

got many narrow and high frames of anchor window size. The target data set of bird's 

nest in transmission line has few narrow and high boundaries and many square frames, 
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so it is not conducive to the identification of bird's nest in transmission line.In order to 

achieve the best detection effect, YOLO_v3 in this paper adopts K-means algorithm. 

This algorithm manually marks the target box in the data set. The nest target data set 

is clustered and analyzed to obtain the appropriate anchor dimension.  

K-means clustering process belongs to unsupervised science. Compared with other 

clustering algorithms, K-means clustering has the greatest advantage of fast and 

simple operation. The core idea is to divide the data into K groups. K data are randomly 

selected from the data set as clustering centers. The distance from each data to the 

cluster center is calculated. The data close to the cluster center is taken as a set. Then, 

the cluster centers of each set are re-selected by means of the average coordinates. If 

the distance J between the two clustering centers is less than a threshold, it indicates 

that the location of the re-clustering centers tends to be stable and the algorithm is over. 

At this time, the clustering has met our requirements. If the distance between the two 

clustering centers J is very large, the process of iteration is carried out and the 

clustering results are finally obtained. We select the value of K by elbow rule. The 

elbow rule draws the result graph of J with different K, and it obtains the change curve 

of K-means clustering, as shown in Fig. 2. As K increases, the distortion of objective 

function J becomes stable. In this process, when the distortion decreases the most, the 

corresponding K is the elbow. According to figure 2 of the change curve, when K is 4, 

the decline is the largest, and then the curve becomes stable. So K = 4 is chosen as the 

number of clusters, that is, the number of anchors is 4. Cluster centers are regarded as 

anchor's new dimension of width and height with parameters of (14.3, 27.8), (7.4, 

10.5), (11.6, 18.3), (21.5, 38.2), respectively. 

 

Fig. 2 Cluster Change Curve 

 

3.2 Multi-scale Detection of Targets 

In some target detection and recognition, although the accuracy has been improved, it 

can not achieve more accurate results. Now the feature map is stacked and fused, and 
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then the fused feature map is used for detection. Three scales, 13 * 13, 26 * 26, 52 * 

52, were fused by up-sampling and fusion methods. In the first scale, several layers of 

convolution layer are added behind the YOLO_v3 detection base network, and then the 

border information is output, which can predict larger detection targets. On the basis of 

scale 1, the penultimate second layer of the network is sampled twice and added to the 

last 16*16 feature map. Then, the method of scale 1 is similar. After adding several 

convolution layers, the boundary information is output. Compared with scale 1, scale 2 

is more suitable for predicting medium-sized targets. Scale 3 is similar to Scale 2. It 

uses 32*32 feature map, which is more suitable for detecting smaller targets. Through 

this multi-scale training method, for different types of targets, the detection speed is 

faster and the detection accuracy is higher. 

 

4. Experimental comparison and results 

4.1 Model Training 

The network parameters are as follows: learning rate is 0.001; scales is 10,0.1,0.1; 

momentum coefficient is 0.9; weight attenuation is 0.0005; 

Experimental data 3000, 2000 pictures as a training set, 1000 pictures as a test set. In 

the experiment, the experimental data were manually labeled using VOC data format, 

and the test set was used to verify the quality of the training effect. 

This paper uses YOLO_v3 to train the network model based on Darknet framework. In 

the experiment, two parameters, precision and recall, were used as indicators to detect 

the quality of network training. Precision ratio refers to the ratio of the number of 

correct nests to the number of all identified nests, and recall ratio refers to the ratio of 

the number of correct nests to the number of nests in all samples. 

The formula of accuracy is 

                                                            (2) 

The formula of recall rate is 

                                                             (3) 

In the training process of YOLO_v3 model, the small batch gradient descent method 

(MBGD) is used for training. Weight parameters are updated every 64 samples. The 

momentum coefficient can accelerate the convergence of the network training process, 

and the weight attenuation coefficient can prevent the over-fitting of the training 

process. In the training process, the image of random shear and rotating dataset is 

used to adjust the exposure, saturation and hue of the image, the data set is expanded, 

the sample capacity is increased, the generalization ability of the network model is 

improved, and the optimization result is achieved. In the training process, the data set 

is expanded by means of random cutting, rotating the image of the data set, adjusting 

the exposure, saturation and hue of the image. In this way, the sample size is increased, 
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the generalization ability of network model is improved, and the optimization results 

are achieved. 

YOLO_v3 network is used to train the pictures of the test set. As shown in Table 2, the 

accuracy and recall rates of different training times are counted. The test results are 

shown in Figure 3. From Table 2, it can be concluded that the YOLO_v3 network can 

maintain a high accuracy and recall rate in the training process, and the optimal 

number of iterations is about 12 000 times. 

Table 2 Changes in iteration times, accuracy and recall rates 

Iteration times Accuracy recall 

5000 0.935 0.921 

8000 0.954 0.946 

12000 0.960 0.955 

20000 0.948 0.939 

 

 

Fig. 3 Detection of Bird's Nest 

 

4.2 Performance Comparison 

Dimensional clustering analysis was carried out on the target frame of the self-made 

nest data set, and the most suitable anchor number and width and height dimensions 

were obtained, which improved the detection and recognition effect of YOLO_v3 

network. Table 3 shows the network performance chart. 

 

Table 3 Performance comparison of candidate box generation networks 

Candidate Box Generation 

Network Scheme 
Anchor quantity Average overlap rate 

Faster R-CNN 7 0.77 

YOLO_v2 5 0.79 

YOLO_v3 9 0.83 

Improved Dimensional 

Clustering Analysis 
4 0.91 
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The multi-scale training network show strong adaptability to the detection set of 

different scales. By comparing the detection data sets of different scales, the 

performance differences between multi-scale and single-scale detection networks can 

be obtained. Figure 4 shows the performance of scale detection. 

 

Table 4 Comparison of multi-scale and single-scale detection performance 

 

4.3  Empirical Conclusion 

The improved YOLO_v3 experimental results are obtained through the sample test of 

the test data set. The method of clustering dimension of target box can get a higher 

average overlap rate when the candidate box is small and the resource is small. The 

detection effect of the network increases with the increase of the scale of the detection 

data set. The MAP value (average accuracy) of multi-scale network detection is higher 

than that of single-scale network. It can be seen that this method has more accurate 

and faster recognition effect. 

 

5. Summary 

Bird accident has become a major hidden danger affecting the normal operation of 

transmission lines. In this paper, deep convolution network YOLO_v3 algorithm is 

applied on the identification of bird's nest on transmission lines. YOLO_v3 is improved 

by using k-means dimension clustering algorithm and multi-scale network detection. It 

improves the detection accuracy and training speed significantly, realizes more 

accurate and fast identification of bird's nest on transmission lines, and better ensures 

the normal operation of transmission lines. 
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