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Abstract: In the background of “double carbon,” vigorously developing new energy is particularly important. 
Wind power is an important clean energy source. In the field of new energy, wind power scale is also expanding. 

With the wind turbine, the probability of large-scale blade damage is also increasing. Because the large wind 

turbine blade crack detection cost is high and because of the poor working environment, this paper proposes a 

wind turbine blade surface defect detection method based on UAV acquisition images and digital image pro-

cessing. The application of weighted averages to achieve grayscale processing, followed by median filtering to 

achieve image noise reduction, and an improved histogram equalization algorithm is proposed and used for the 

characteristics of the UAV acquisition images, which enhances the image by limiting the contrast adaptive his-

togram equalization algorithm to make the details at the target area and defects more clear and complete, and 

improves the detection efficiency. The detection of the blade surface is achieved by separating and extracting the 

feature information from the defects through image foreground segmentation, threshold processing, and framing 

by the connected domain. The validity and accuracy of the proposed method in leaf detection were verified by 

experiments. 

Keywords: Wind Turbine Blade, UAV, Blade Damage, Image Processing, Defect Detection 
 

 
1  Introduction 

China’s installed wind power capacity has been 
the world’s first for many years [1-2]. Wind power re-
sources are mostly concentrated in mountainous areas, 
offshore or Gobi, and other geographic and climatic 
environments that are relatively complex. Wind tur-
bines work with more sand, more salt spray, and more 
disasters in the harsh environment. The blade surface is 
often subject to a variety of media damage to form 
defects damage [3]. The blade is the wind turbine’s 
efficient, safe, wind-catching key component. In order 
to enhance the power, blade length with the single 
machine capacity increases and increases, blade dam-

age chances increase. 
The traditional wind turbine blade condition de-

tection and surface defects mainly use telescope ob-
servation and drop rope man detection; long downtime, 
low detection efficiency, high cost of detection, high 
risk factors [4-5]. In recent years, a variety of sensors 
have been used to monitor and identify wind turbine 
blade defects. Through the analysis of the collected 
signal, the location and type of defects can be deter-
mined, but additional sensors are required, the cost of 
the completed wind farm transformation is high, and 
the data also requires a lot of analysis and processing to 
be used for diagnosis. At present, image-based inspec-
tion techniques are also being gradually applied to 
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blade inspection. For example, Kim [6] et al. proposed a 
damage detection system based on a gimbal zoom 
camera for fault location of wind turbine blades. 
Soon-kyu [7] proposed a method to detect wind turbine 
blade damage using thermal imaging laser technology. 
These methods allow non-contact inspection of blades 
and access to information in an intuitive way in the 
field, but are still some distance away from application. 

The deployment of drones to inspect the defects 
of wind turbine blades compared with traditional in-
spection methods has the following advantages: (a) can 
reduce the risk of overhead operations and reduce the 
labor intensity of workers. (b) can improve the effi-
ciency of detection, greatly reducing downtime. (c) 
reduces the inspection blind area while increasing 
accuracy. In addition, by avoiding the installation of a 
variety of sensors on the blade operation, the cost of 
testing is reduced.  

This paper explores the application of UAV in 
wind turbine blade inspection and aims to investigate a 
non-destructive detection method for wind turbine 
blade surface defects based on computer vision. UAV 
(Unmanned Aerial Vehicle) is used to capture images, 
enhance and filter image details, build wind turbine 
blade surface damage recognition algorithm, and then 
accurately achieve the detection of typical blade sur-
face defects. 

2  Blade Image Acquisition and Fault Defect 
Analysis  

Cause wind turbine blade failure or defects of 
many factors: remote location of long-distance 
transport may produce scratches; harsh environment, 
easy to suffer from wind and rain and snow erosion 
lead to blade damage; high frequency of alternating 
load will also cause blade fatigue damage. After the 
blade long-term detection results were found, blade 
defects were mainly manifested as surface coating 
shedding, trachoma, crack, edge corrosion, crease, 
lightning strike, etc., to crack, crease, breakage, and 
trachoma. 

Blade damage is also one of the highest repair 
costs of damage types; blades account for about 20% to 

30% of the total cost of the wind turbine. Fig.1 shows 
the blade with several common defects. 

 

  
(a) Scratch                 (b) Surface Erosion 
 

  
(c) Trachoma                   (d) Crack 

 
Fig.1  Common Defects of the Blade Diagram 
 
Considering the increasing size of wind turbines 

and working in high wind speed, high temperature, and 
harsh environments, UAVs need to meet certain con-
ditions: such as having certain wind resistance, long 
flight time, carrying camera resolution with high res-
olution and camera resolution of at least 10 megapixels 
to meet the acquisition requirements [8-9], in this paper 
blade defect images are obtained based on DJI Jingwei 
M300 RTK UAV acquisition [10-11]. 

UAV wind turbine blade inspection process, in 
addition to the wind direction, wind speed, and light on 
the impact of the UAV image, the factors affecting the 
UAV data acquisition also include: UAV high altitude 
flight generated by the body shake and the relative 
motion between the blade and affect the quality of the 
captured image; in addition to the noise generated by 
the harsh environment of the wind farm, the noise gen-
erated by various electronic devices and the noise gen-
erated by a short stay in the imaging is difficult to avoid; 
need to design the blade defect detection algorithm for 
the image characteristics of the UAV inspection. 

3  Blade Defect Detection Algorithm Design 

For the image data collected by the UAV, this 
paper proposes to apply multiple image processing 
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algorithms to detect wind turbine blade faults. The 
process and algorithms of each stage are shown in 
Fig.2.  

Firstly, the acquired color image is processed in 
gray scale, and the median filtering method is applied 
for noise reduction and deblurring for the mixed noise 
such as pretzel noise and Gaussian noise generated on 
the image; Subsequently, the restricted contrast adap-
tive histogram equalization algorithm is proposed for 
image detail enhancement; Finally, image defective 
region segmentation should be performed to highlight 
and mark the defective regions in the image. 

 

 
 

Fig.2  Image Processing Flow Chart 
 

3.1  Image Grayscale Processing 

The RGB format color raw images captured by 
UAV are large in data volume, long in processing time 
and low in efficiency for direct use [13]. In contrast, the 
three color components R, G, and B in the grayscale 
image take equal values, and the grayscale values vary 
in the range of 0 to 255, containing only brightness 
information but not color information. For blade defect 

detection, compared with color images, grayscale im-
ages are more advantageous. Based on the human eye’s 
habit of color perception, this paper uses the weighted 
average method to grayscale the original image first. 
The weighted average method is a grayscale method 
that assigns different weights to the three RGB com-
ponents for weighted average calculation [14], and its 
calculation formula is as follows. 

F(i, j)=A1*R(i, j)+A2*G(i, j)+A3*B(i, j)(1) 
In the formula: F(i, j) is expressed as the grayscale 

value at (i, j) in the grayscale map, and A1, A2, andA3 
are the weighting coefficients. 

Because the human eye is most sensitive to green, 
followed by red, and the least sensitive to blue, making 
A2 > A1 > A3 will give a grayscale image that is easier to 
recognize. Using the weighted average method, not 
only can the three RGB color components be weighted 
and averaged, but they can also adjust the weighting 
factor to key the image in different situations to get a 
better grayscale image. Fig.3 shows the results of 
grayscale processing of unmanned images when A1 = 
0.299, A2 = 0.587, and A3 = 0.114 using the weighted 
average method. 

 

 
(a) Acquisition of Images 

 

 (b) Grayscale Image 
 

Fig.3  Grayscale Processing Result Graph 
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3.2  Image Noise Reduction Processing 

When the image captured by the drone generates a 
lot of noise because of many factors [15], irregular pat-
terns such as speckles and lines will appear in the im-
age to affect the picture quality. After the noise analysis, 
the noise above the image is mainly speckles, Gaussian 
pretzels, and other mixed noise. For these noises, this 
paper proposes adaptive median filtering to solve the 
image quality problems brought on by noise. 

The adaptive median filtering algorithm not only 
filters out noise but also better preserves image details, 
which conventional filtering algorithms cannot do. The 
adaptive median filter requires a rectangular win-
dow Sxy, the size of which is changed during the fil-
tering process. The filter outputs a pixel value that is 
used to replace the pixel value at the point (x, y), which 
is the center of the filter window. The basic principle of 
adaptive median filtering is: “W” is defined as the 
center at (x, y), the median filter window area Sxy can 
be adjusted and initialized to Sini, the preset maximum 
area window size is Smax, Zxy indicates the gray value at 
the point (x, y), Zmin, and Zmax is the minimum gray 
value in the window area Sxy. Zmin and Zmax are the 
minimum gray value and maximum gray value, re-
spectively, and Zmed is the median of the gray value 
in Sxy. The basic idea of the algorithm is to automati-
cally adjust the size of the window template according 
to the statistical characteristics of the pixel intensity 
differences in the vicinity of the window to obtain a 
better balance between noise suppression and detail 
protection and to improve the traditional performance 
ranking of the statistical algorithm. 

The adaptive median filtering algorithm is di-
vided into the following two processing phases, which 
are phases A and B. 

Phase A: A1=Zmed －Zmin   

A2=Zmed －Zmax; 
If A1 > 0 and A2 < 0, proceed to phase B; 
otherwise, increase the window size;  
If the increased window size≤Smax,  
then repeat phase A; Otherwise, output Zmed. 
Phase B: B1=Zxy－Zmin 

B2=Zxy－Zmin; 
If B1 > 0 and B2 < 0, outputZxy;  
Otherwise, output Zmed . 
As shown in Table 1, the above algorithm is used 

for noise reduction and compared with conventional 
Gaussian filtering and bilateral filtering to obtain the 
following results. 

 
Table 1  Algorithm Operation Speed Comparison 

Algorithm Pixel Size Process Time

Adaptive Median 197*122 16/ms 

Gaussian Filtering 197*122 32/ms 

Bilateral Filtering 197*122 128/ms 

 
From the above table, we can see that adaptive 

median filtering can reduce the algorithm running time 
and improve the processing speed to meet the re-
quirements of this paper.    

3.3  Image Enhancement System 

Wind turbines work in a harsh environment, and 
the blade surface is prone to accumulate oil, water, and 
stains; the image quality is affected by weather and 
lighting factors in the process of image acquisition by 
UAV. In this paper, we introduce an image enhance-
ment algorithm that can maintain image details and 
enhance color balance, to achieve the purpose of im-
proving the visual effect of images. The method is 
based on the HIS color model Restricted Contrast 
Adaptive Histogram Equalization algorithm to achieve 
image enhancement. 

Histogram Equalization (HE) is a global picture 
improvement algorithm that works in the spatial do-
main like a point operation. Its key concepts are to 
convert an image’s histogram distribution into a nearly 
uniform distribution, to accomplish nonlinear stretch-
ing of the image, to redistribute image pixel values, and 
to improve image contrast. HE, on the other hand, is a 
global image enhancement technique that ignores the 
local image region. Although this method improves 
contrast, noise in the dark zone may be enhanced and 
evident after the equalization process, while fine detail 
in the bright region would be lost. 
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To address the above problems, this paper pro-
poses an improved histogram equalization algo-
rithm---Contrast Limited Adaptive Histogram Equali-
zation (CLAHE). The adaptive process is to calculate 
the histogram distribution within the local area window 
to construct the mapping function f() during the 
equalization process, redistribute the luminance to 
change the image. Introduce the contrast limit to set the 
threshold value of the histogram distribution, as shown 
in Fig.5, the part exceeding the threshold value is 
“uniformly”. This limits the increase of the transform 
function (cumulative histogram) by setting the thresh-
old of the histogram distribution, as shown in Fig.4, 
and limits the noise amplification and local contrast 
enhancement by limiting the height of the local histo-
gram. 

 
 

 
 
 

Fig.4  Uniform Distribution of Threshold Values 
 
 

The improved CLAHE algorithm is implemented 
as follows:  

 Slice the image for chunking, as shown in Fig.6, 
evenly into 5x5 rectangular blocks of the same size, 
with the black squares denoted as sub-blocks of each 
rectangular block. 

 Compute the histogram, the cumulative distri-
bution function and the corresponding transformation 
for each block. 

 The pixels in the red area at the corner are 
mapped directly using the transform function of the 
sub-block; the pixels in the green area at the boundary 
are mapped using the transform function of two adja-
cent sub-blocks and then linearly interpolated; the 
pixels in the blue area are bilinearly interpolated using 
the transform function of the surrounding four 

sub-blocks. The pixels in the blue area are obtained by 
bilinear interpolation with four surrounding 
sub-blocks. 

 

 
 
Fig.5  Principle Diagram of CLAHE Algorithm 
 
 
In Fig.6, it can be clearly seen that the enhanced 

image is sharper than the original image, the crack 
details are more prominent and the overall image 
quality has been enhanced. From the two grayscale 
distributions, it can be seen that the highest pixel in the 
original image is 25000 after the algorithm processing, 
the highest pixel is reduced to 12000, and the rest of the 
pixels are evenly distributed into the image, further 
verifying the effectiveness of the algorithm. 

3.4  Blade Defect Area Detection   

The noise reduction and image enhancement 
processes improve the image clarity and highlight the 
details to make the defects more visible. In order to 
enable the detection and extraction of various types of 
defective features, the next step is to analyze and pro-
cess the regions where defects exist [16]. To process 
the defect area, the Laplace Gaussian operator is used 
to detect the edges of the defect area of the blade, and 
then the shape selection operator is used to detect the 
edges of the image with cracks and trachoma as the 
standard form, and then the closure operator is used to 
merge the interconnected areas and close the edge 
contour of the defect to obtain the complete defect area. 

This section uses the method of custom threshold 
method and iterative threshold method for the seg-
mentation of the image defect area, using this method 
can effectively retain the geometric characteristics of 



46 TAN Xingguo et al: Research on Surface Defect Detection Technology of Wind Turbine Blade Based on UAV Image 
 
 
 
 
 

 
(a) Original Image and Grayscale Distribution 

 

 
(b) Enhanced Image and Grayscale Distribution 

 
Fig.6  Image Enhancement Rendering Diagram 

 

the blade defect area, better reflect the relationship 
between the whole and local image, to achieve the 
segmentation defect target. The image segmentation 
algorithm implementation steps:  

(i) Select an initial threshold G, G = (Gmin + 
Gmax )/2, where Gmin is the minimum gray value of the 
defective image and Gmax is the maximum gray value of 
the defective image. 

(ii) The given image is segmented into two sets of 
images according to the threshold G, denoted as R1 and 
R2; R1 consists of all pixels with gray values greater 
than G and R2 consists of all pixels with gray values 
less than or equal to G. 

(iii) Calculate the R1 and R2 mean values μ1 and μ2; 
calculate the new threshold G1, and G1 = (μ1+μ2)/2; 

(iv) If G1 no longer changes, then G1 is the 
threshold value; otherwise, go to step (2) and recalcu-
late until the difference of G in successive iterations is 
less than the predetermined value. The algorithm flow 
is shown in Fig.7. 

 
 

Fig.7  Image Segmentation Algorithm Flowchart 
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For the defect detection of the image, it is nec-
essary to measure the scale and distinguish the cate-
gories of defect features such as trachoma and crack 
first. Here the shape selection operator is used to select 
the image defect area by a specific value. This study 
uses the number of pixels as the selection feature. Here 
the trachoma defect is defined as 20–200 pixels, the 
scratch as 200–4000 pixels, and the crack defect as 
300–5000 pixels. The final detection result is shown in 
Fig.8. 

 

 
 

Fig.8  Final Test Results 
 

4  Analysis of Experimental Results 

To verify the effectiveness of the algorithm pro-
posed in this paper, 60 defect images containing tra-
choma, cracks, and scratches were selected from the 
blade images collected by the UAV as the samples for 
this experiment. The detection results of the defective 
areas of the blade after the processing of the algorithm 
in this paper are shown in Table 2. 

 
Table 2  Blade Defect Detection Results 

Defect Type Number of 
Defects 

Number of 
Defects Detected Accuracy

Trachoma 60 54 90% 

Scratch 60 55 92% 

Cracking 60 57 95% 

As can be seen from Table 2, the detection accu-
racy of this paper is lower for trachoma-type defects 
and higher for crack defects because cracks and other 
defects have larger area characteristics than tracho-
ma-type defects. But the paper overall still achieves a 
good detection effect, can accurately detect the typical 
blade surface defects, and can meet the field inspection 
requirements. 

5  Conclusion 

This paper proposes a method to detect and ex-
tract surface defects of wind turbine blades based on 
the characteristics of images collected by UAVs on 
wind turbine blades and addresses the current problems 
of low accuracy and low efficiency in blade defect 
detection. 

(1) Denoising the mixed noise on the UAV ac-
quisition images using an adaptive filtering algorithm. 

(2) Proposed the Contrast-Limited Adaptive 
Histogram Equalization algorithm (CLAHE), which 
can effectively improve the image quality while lim-
iting the image contrast, with better results than tradi-
tional image enhancement methods. 

(3) A combination of custom thresholding method 
and iterative thresholding method is proposed to deal 
with the image defect problem and achieve image 
defect region segmentation. 

After experimental testing, the algorithm pro-
posed in this paper can achieve the detection of defects 
such as blade gelcoat shedding, cracks, scratches, and 
trachoma with an accuracy rate of more than 90%, 
which can play a good role in the detection and later 
operation and maintenance of wind turbine blades. 

References 

[1] Long, Wang, Zijun, et al. Automatic Detection of Wind 
Turbine Blade Surface Cracks Based on UAV-Taken 
Images[J]. IEEE Transactions on Industrial Electronics, 
2017, 64(9): 7293-7303. 

[2] Lin Jian. Exploration of new advances in wind power 
generation and its control technology[J]. China Equip-
ment Engineering, 2021(13): 221-223. 

[3] Xiong Wenhuan, Zhong Qiduan, Chen Xinduo. Research 
on wind power inspection system[J]. Electronic Tech-



48 TAN Xingguo et al: Research on Surface Defect Detection Technology of Wind Turbine Blade Based on UAV Image 
 
 
 
 
 

nology and Software Engineering, 2019(02): 220. 
[4] Tian S, Yang Z, Chen X, et al. Damage Detection Based 

on Static Strain Responses Using FBG in a Wind Turbine 
Blade[J]. Sensors, 2015, 15(8): 19992-20005. 

[5] He B, Jia JH, Zhao F, et al. Application of drones in wind 
turbine blade inspection[J]. Electrotechnology, 2019, 
(13): 64-65 

[6] Dong Y K, Kim H B, Jung W S, et al. Visual testing 
system for the damaged area detection of wind power 
plant blade[C]// International Symposium on Robotics. 
IEEE, 2013: 1-5. 

[7] Soonkyu, Hwang, Yun-Kyu, et al. Continuous Line Laser 
Thermography for Damage Imaging of Rotating Wind 
Turbine Blades - Science Direct[J]. Procedia Engineer-
ing, 2017, 188: 225-232. 

[8] Chen B, Liu H.; Meng F. Present situation and devel-
opment direction of digital image processing technology. 
Nat. Sci. Ed. 2009, 30, 63-70 

[9] V. A. Riziotis. Aeroelastic Stability of wind turbines: the 
problem, the methods, the issues[J], IEE trans. on Wind 
Energy. 2014(7): 373-392. 

[10] Rao Y, Xiang BJ, Huang B, et al. Wind Turbine Blade 
Inspection Based on Unmanned Aerial Vehicle (UAV) 
Visual Systems[C]//2019 IEEE 3rd Conference on En-
ergy Internet and Energy System Integration (EI2). 
Changsha, China, IEEE, 2020: 708–713. 

[11] Zhao Chunyi, Guo Hongtao, Guo Tao, et al. A wind tur-
bine blade image acquisition and defect detection sys-
tem[J]. Infrared Technology, 2020, 42(12): 1203-1210. 

[12] Mo H, Farid G. Nonlinear and Adaptive Intelligent Con-
trol Techniques for Quadrotor UAV-A Survey [J]. Asian 
Journal of Control, 2019, 21: 989-1008. 

[13] Qilin Chen, Wei Li, Zhu Chen. Analysis of microstruc-
ture characteristics of high sulfur steel based on com-
puter image processing technology[J]. Results in Physics, 
201-9, (12): 392-397. 

[14] Peng Yaoyao. Research on UAV-based road and bridge 
disease detection method[D]. University of Chinese 
Academy of Sciences (Institute of Remote Sensing and 
Digital Earth Research, Chinese Academy of Sciences), 
2017. 

[15] Wei R，X., Zhou, K., Wang, S. L., Qi, X. M., Luo, P. 
Design of UAV obstacle avoidance guidance law for 
unknown environment[J]. Systems Engineering and 
Electronics Technology, 2015, 37(09): 2096-2101. 

[16] Gong Yuxiu. Research on pedestrian re-identification 
method based on foreground segmentation and mul-
ti-loss fusion[D]. Hefei University of Technology, 2020. 

 
Author Biographies 

 
TAN Xingguo is now a professor and 
graduate supervisor of Henan Polytech-
nic University. His main research inter-
ests include electrical control, new en-
ergy power generation and operation and 
maintenance, artificial intelligence, etc. 

E-mail: 1442924206@qq.com 
 

ZHANG Gaoming is now a M.Sc. can-
didate at Henan Polytechnic University. 
His main research interests include UAV 
image processing, new energy power 
generation and operation and mainte-
nance technology. 

E-mail: zgm123116@163.com 
 


