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Abstract— This study explores the use of deep learning and drones to facilitate automated inspections of 
wind turbine blades. Three Mask Region-Based Convolutional Neural Network (R- CNN) models with 
VGG19, Xception, and ResNet-50 backbones were constructed. The models were trained on an 
annotated dataset of 3,000 RGB images (size 300×300 pixels) which contain 10,391 defect annotations 
consisting of cracks, holes, and edge erosion. The dataset of images was captured and annotated at Utah 
Valley University (UVU). To improve defect detection performance, a simple and practical Single-
Variable Fuzzy (SVF) voting system was proposed and implemented. This method demonstrated superior 
accuracy compared to the individual models. The best-performing standalone model, Mask R-CNN with 
Xception, achieved an mAP of 77.48%, while the SVF system increased the mAP to a score of 81.89%. 
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I. INTRODUCTION 

The year 2023 marked a pivotal milestone for the global wind energy sector, achieving unprecedented 
growth with a 50% increase in installations compared to the previous year. This expansion reflects the 
accelerating transition to renewable energy, driven by international commitments such as the COP28 
agreement to triple renewable capacity by 2030. [1].Wind turbines play a key role in the transition to 
clean energy, but their operation exposes them to harsh weather conditions, including storm winds, rain, 
hail, and lightning. Among turbine components, the blades are particularly vulnerable, enduring high 
mechanical stress and environmental wear [2]. Studies show that blade failures contribute to 19.4% of all 
turbine failures, highlighting the urgent need for advanced inspection and maintenance solutions 
[3].Traditional inspections rely on manual rope teams, a labor-intensive, time-consuming, and hazardous 
approach. Recent advancements in unmanned aerial systems have enabled drone-based inspections, a 
safer and more efficient alternative [4]. Studies suggest that drone-based inspections can reduce costs by 
up to 70% and cut downtime-related revenue losses by 90% compared to traditional inspection methods 
[5].These new inspection methods are complemented by advancements in deep learning and computer 
vision, which have led to model architectures that can be applied to defect detection. Convolutional Neural 
Networks (CNNs) have demonstrated strong performance in anomaly detection [6]. Advanced architectures 
for object detection including YOLO, Faster R-CNN, and Mask R-CNN have proven effective in localizing 
and segmenting damage on wind turbine blades [7], [8]. This study builds on these advancements and 
previous work [9] by focusing on enhancing the performance of Mask R- CNN for defect detection on 
wind turbine blades through a novel post-processing system. We propose a Single-Variable Fuzzy (SVF) 
voting system designed to enhance detection ac- curacy without unnecessary complexity. The proposed 
voting system processes outputs from multiple Mask R-CNN models (with VGG19, Xception, and 
ResNet-50 backbones, in this research) and utilizes techniques from fuzzy logic to make practical voting 
decisions. Increasing the accuracy of defect detection also improves the system’s robustness and may help 
facilitate adoption into wind turbine inspection practices across the globe. Various voting systems have 
been applied to CNNs in the past [10] and Mask R-CNN [11], including a Multi-Variable Fuzzy (MVF) 
voting system from our previous work [9]. The key contributions of this paper are: 

• The design and implementation of a Single-Variable Fuzzy (SVF) voting system to further 
enhance detection accuracy by leveraging outputs from multiple Mask R- CNN models. 

• The comparison and analysis between the SVF and MVF voting systems. 
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The remainder of this paper is organized as follows: A brief overview of Mask R-CNN using CNN 
backbone architectures, VGG19, Xception, and ResNet is presented in Section II. The annotated RGB 
dataset with cracks, holes, and edge erosion is described in Section III. The main innovation of this paper, 
the SVF voting system, is proposed in Section IV. Our previous Multi-Variable Fuzzy Voting system [9] is 
briefly described in Section V. The experimental results and comparisons are presented in Section VI 
followed by the conclusions and suggestions for future work in Section VII. 
 
II. MASK REGION-BASED CONVOLUTIONAL NEURAL NETWORK 

Mask R-CNN is an extension of the Faster R-CNN introduced by Kaiming He et al. in 2017 [12]. This 
architecture adds a branch for predicting segmentation masks in parallel to the bounding box predictions. 
The architecture consists of two main stages: 
• Stage one consists of the backbone network, often built on established architectures like ResNet, 
and a Region Proposal Network (RPN). The backbone extracts high- level feature maps from input images, 
while RPN slides over these feature maps to generate region proposals. It predicts objectness scores and 
bounding box coordinates for anchor boxes of different scales and aspect ratios, enabling identification 
of potential object locations [13]. In this research three backbone networks were used: VGG19, Xception, 
and ResNet-50 [14]-[16]. These networks were used in this study to build on our previous work [9] and 
were originally chosen due to their success in [6] and [17]. 
• Stage 2 processes the proposed regions. Each region undergoes classification, bounding box 
regression, and mask prediction. The mask branch, implemented as a fully convolutional network, 
generates binary masks for each detected instance, providing pixel-level segmentation for the identified 
objects [12]. 

 
III. ANNOTATED RGB DATASET WITH CRACKS, HOLES, AND EDGE EROSION 

The Mask R-CNN deep learning models used in this re- search were trained on a custom-made dataset 
consisting of 3,000 images, each with a size of 300×300 pixels [9]. The small-scale wind turbine in the 
dataset is a 12V Primus Air Max, featuring artificial damage of three different defect types: cracks, holes, 
and edge erosion. Originally, 6,000 images were captured at Utah Valley University (UVU), with 3,000 
being photographs of the undamaged wind turbine, and the other half having the artificial damage 
applied. Of the 6,000 images, 4,000 were taken indoors with a smartphone, and the remaining 2,000 
images were captured using a DJI Mini SE and DJI Mini 3 Pro drone outdoors [6]. However, to focus on 

defect detection, the dataset was filtered to include only the 3,000 images with visible damage. 
Fig. 1 Samples from the dataset captured at UVU with the raw images (top) and annotated images 
(bottom). 
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To allow for use with the Mask R-CNN segmentation architecture, the images in the dataset were 
annotated with pixel-level binary masks for each visible defect. The complete dataset contains 5,335 cracks, 
1,632 holes, and 3,424 edge erosion masks, totaling 10,391 defect annotations. The 3,000 images were 
divided into 2,100 training images, 600 test images, and 300 validation images [9]. The validation images 
are what are used for evaluation and comparison between the different Mask R-CNN models. Example 
images from the dataset, with and without annotations, are shown in Figure 1. 
IV. PROPOSED SINGLE-VARIABLE FUZZY (SVF) VOTING FOR DEFECT DETECTION USING MASK R-CNN 

WITH XCEPTION, RESNET50, AND VGG19 BACKBONES 
Building on our previous work [9], we propose a Single-Variable Fuzzy (SVF) voting system designed to 
improve defect detection on wind turbine blades by integrating predictions from multiple Mask R-CNN 
models. This is a three stage system consisting of the following: an initial grouping mask grouping stage, 
the fuzzification stage, then the processing and defuzzification stage. 
A. Grouping of Mask Predictions  
In the grouping stage, the Intersection over Union (IoU) is calculated between all predicted instances 
passed into the SVF system. These IoU values are then used to group overlapping masks together. This 
groups together predictions which lie in the same area of the image. Each group is then used as an 
individual unit for fuzzy evaluation. 
B. Fuzzification of Input Masks 
Once the masks are grouped, the SVF system maps the crisp inputs to a fuzzy variable defined as follows: 
• Overlap Score (µ): The average IoU of the group is calculated as seen in (1) 
The µ from each group is then processed through two sequen- tial step functions to determine its 
membership and how it will be defuzzified. 
C. Defuzzification 

The first membership function checks for High Overlap, as described in (2) and illustrated in Figure 2. If 
a group’s µ is greater than or equal to the threshold of 0.9, it is classified as a High Overlap group. 
Otherwise, the group’s µ is evaluated against the membership function for Low Overlap, see (3) and Figure 
3. Groups that do not meet the 0.5 threshold for Low Overlap are discarded. 

 

μ =
IoU1 + IoU2 + ⋯ + IoUn

n
(1) 

 

H(μ) = {
1  if  μ ≥  0.9
0  if  μ <  0.9

(2) 

 

L(μ) = {
1  if  μ ≥  0.5
0  if  μ <  0.5

(3) 

 
The defuzzification and processing stage differs depending on whether a group is classified as High or 
Low Overlap. In High Overlap groups, the predicted instances are typically similar, which allows for the 
prediction with the highest confidence to be selected as the crisp output. For Low Overlap groups, where 
there is greater disagreement between models and instances are often only partially masked. The two pre- 
dictions with the highest confidence values are merged using a logical OR operation, increasing the 
probability that the resulting mask correctly identifies a defect. 
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  Fig. 2: Membership function for High Overlap H(x) (2).                                    Fig. 3: Membership 
function for Low Overlap L(x) (3). 

Algorithm 1 Single-Variable Fuzzy (SVF) Defect Mask R- CNN Voting 
 Input: Mask R-CNN predictions from Xception, VGG19, and ResNet-50 for one image. 
 Output: A new set of masks. 
1: Grouping: Group overlapping masks together. 

 2: Fuzzification: For each group, calculate Overlap Score (µ) 
 3: µ = (IoU1 + IoU2 + ... + IoUn)/n 

 4: Defuzzification: Determine the output fuzzy set from the grouped predictions based on the 
following rule set: 5: If H(µ): 
 6: Return the highest confidence mask. 

7: Else If L(µ): 
8: Merge the two highest confidence predictions 
9: Return the merged mask. 

  
V. MULTI-VARIABLE FUZZY (MVF) VOTING FOR DEFECT DETECTION USING MASK R-CNN WITH 

XCEPTION, RESNET50, AND VGG19 BACKBONES 
In our previous work [9], we introduced a Multi-Variable Fuzzy (MVF) voting system, which leverages 
fuzzy inference to integrate predictions from three Mask R-CNN models (Xception, ResNet50, and 
VGG19) and produces a refined set of masks to detect defects on wind turbine blades. The MVF voting 
system consists of the following stages: mask cleaning, mask grouping, fuzzification, and defuzzification 
[9]. In this paper, a simplified and more practical version of that system, a Single-Variable Fuzzy (SVF) 
voting is designed and implemented to further improve detection accuracy by leveraging outputs from 
multiple Mask R-CNN models. An overview of the proposed approach is illustrated in Figure 10 (see 
Algorithm 1).The mask cleaning stage consists of mask isolation, noise filtering, and mask merging. This 
will maintain a single mask per defect, discard masks smaller than a defined size threshold, and merge 
highly overlapping masks to prevent duplicates, respectively.The grouping stage collects sets of masks that 
overlap from the input predictions. Maintaining separate groups if the classifications differ between 
predictions.The fuzzification stage maps the crisp input masks into fuzzy variables c (confidence score) 
and a (agreement score) using clamped membership functions. The confidence score represents the 
highest confidence mask in the group, and the agreement score corresponds to the maximum IoU in the 
group.The defuzzification stage computes a crisp value v (validity score) from the fuzzy values calculated 
in the previous stage. If this value meets a specified threshold, the mask with the highest individual 
confidence is selected as the output for the corresponding group. Otherwise, the group is discarded from 
the system’s outputs [9]. 

 

Fig. 4: Overview of the proposed SVF voting system (Algorithm 1) for detecting defects in wind turbine 
blades using Mask R-CNN. 
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VI. EXPERIMENTAL RESULTS AND COMPARISONS 

The Mask R-CNN models with Xception, ResNet-50, and VGG19 backbones were trained and evaluated 
using the created dataset introduced in Section III. Each backbone underwent hyperparameter tuning 
and were used to generate the results provided in Tables I-II. Validations were performed on a separate 
dataset of 300 im- ages, and to maintain consistency the same base models from [9] were used with the 
SVF voting system. The accuracy of the three base models and the proposed voting system are presented 
in Table I. 
• Among individual backbones, Xception achieved the highest performance with an mAP of 77.48% 
(Table I, row 1, column 2). 
• The most notable improvement was observed in mAP, as it was the primary focus during the 
development of these voting systems. However, there was no significant changes in the secondary metric, 
the F1 score, indicating the models were already well-balanced in terms of precision and recall. 
• The SVF voting system raised the mAP by over 4%, from Xception’s 77.48% to 81.89% after 
processing the predictions, as shown in the second column of Table I. 
• The best F1 score was achieved by VGG19, which increased slightly from 78.33% to 78.38% 
after SVF voting, as shown in the third column of Table I.  
 

TABLE I DEFECT DETECTION ACCURACY: MAP AND F1 SCORE COMPARISON. 

Model / Voting 
system 

mAP F1 Score 

Xception 77.48% 77.31% 
VGG19 77.30% 78.33% 
ResNet-50 72.98% 74.54% 
Proposed SVF 
Voting 

81.89% 78.38% 

MVF Voting 80.10% 74.52% 
TABLE III DETAILED CLASS-BASED ACCURACY METRICS FOR THE PROPOSED SVF VOTING SYSTEM. 

 mAP Precisio
n 

Recall F1 
Score 

Cracks 77.48
% 

75.95% 88.40
% 

77.31% 

Holes 77.30
% 

90.09% 91.83
% 

78.33% 

Erosio
n 

72.98
% 

64.17% 73.51
% 

74.54% 

Overal
l 

81.89
% 

73.86% 83.50
% 

78.38% 

TABLE IIIII DETAILED CLASS-BASED ACCURACY METRICS FOR THE PROPOSED MVF VOTING SYSTEM 

[9]. 

 mAP Precisio
n 

Recall F1 
Score 

Cracks 79.93
% 

68.47% 86.00
% 

76.24% 

Holes 89.80
% 

88.26% 90.38
% 

89.31% 

Erosio
n 

70.58
% 

57.73% 77.57
% 

66.19% 

Overal
l 

80.10
% 

67.17% 83.67
% 

74.52% 
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A speed benchmark was conducted to compare the pro- cessing speeds of the SVF and MVF voting 
systems. This was done by recording the processing time for each image in the validation set, then 
the average computation time was calculated. In the case of MVF, the mask cleanup stage was timed 
separately, as it required significantly more time than the voting itself. The average times for each system 
are compared in Table IV. 
TABLE IVV AVERAGE RUN TIME (SECONDS) TO PROCESS ONE IMAGE WITH THE MVF AND SVF 

SYSTEMS. 

 MVF 
Voting 

SVF 
Voting 

Cleani
ng 

0.239 N/A 

Voting 0.104 0.163 
Total 0.343 0.163 

On average, the SVF system processes images at roughly twice the speed of the MVF voting system. This 
speed increase was achieved by eliminating the preprocessing stage that the MVF system uses in favor of 
a mask merging condition in the SVF defuzzification stage. The mask cleaning stage of the MVF 
system was a computationally intensive process that scales poorly with large image sizes because of the 
increased matrix sizes. The input matrices are of size NxNxD where N is the pixel dimensions of the 
image and D is the number of defects. Using 3 models, each outputting 5-12 defects per image, the 
number of necessary computations increases drastically along with the image size. 
 
VII. CONCLUSIONS 

Three Mask R-CNN models were developed and trained using different CNN backbones: VGG19, 
Xception, and ResNet-50. The models were trained on a novel dataset comprising 3000 RGB images 
(300×300 pixels) annotated with defects such as cracks, holes, and edge erosion. To further improve defect 
detection accuracy, a fuzzy voting method was proposed and implemented: Single-Variable Fuzzy (SVF) 
voting. The results showed that the voting system significantly outperformed the individual models, 
providing a promising step toward safer and more efficient automated inspections of wind turbine blades. 
The best individual backbone, Xception, achieved an mAP of 77.48%, while the proposed SVF voting 
system achieved an mAP score of 81.89%. Our future research will aim to improve the fuzzy system and 
explore new voting mechanisms capable of integrating more than three input models. Additionally, the 
defect analysis could be extended to include fault size computation using fuzzy logic, enhancing the depth 
of inspection insights. 
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