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Comparison of Convolutional 
Neural Networks Using Gramian 
Angular Difference Field, 
Recurrence Plot, and Markov 
Transition Fields for Rotor 
Imbalance Detection in Wind 
Turbines
This study investigates various data representations derived from wind turbine dynamics, 
utilizing convolutional neural networks (CNNs) as diagnostic tools to identify rotor mass 
imbalance. The analysis examines three distinct methods for encoding the dataset into 2D 
images: Gramian angular difference field (GADF), recurrence plot (RP), and Markov 
transition fields (MTF). To achieve this, simulations of a 1.5 MW three-bladed wind turbine 
model were conducted using TURBSIM, FAST, and MATLAB SIMULINK. These simulations generated 
rotor speed data under diverse conditions, including varying wind speeds and induced mass 
imbalances achieved by adjusting blade density in the software. Comparative analyses 
across nine classifiers demonstrated that the Gramian angular difference field provided the 
most promising results. The study presents detailed results and simulations, offering a 
thorough evaluation of the proposed architecture’s effectiveness in detecting and 
diagnosing rotor mass imbalances in wind turbines. [DOI: 10.1115/1.4068711] 

1 Introduction

Despite significant advancements in recent years, wind energy 
continues to face considerable challenges related to maintenance. 
Wind farms often struggle to maintain system efficiency due to 
adverse weather conditions, such as heavy rainfall, sandstorms, 
strong winds, thermal fluctuations, and tidal movements. These 
factors reduce the intervals between required maintenance, leading 
to increased costs. Studies estimate that approximately 20–35% of 
the total energy production cost is allocated to maintenance 
activities [1,2].

This reality has spurred a surge in research efforts aimed at 
addressing wind turbine failures, refining wind resource assess
ments, and advancing condition monitoring systems. These 
initiatives are pivotal in ensuring the continued performance, 
reliability, and efficiency of wind energy systems [3,4].

Aiming the decrease of maintenance expense, Gao et al. [5] 
created a method for classifying faults in the gearbox of a wind 
turbine. Captured vibration signals were processed by the integral 
empirical load mode decomposition method, classifying then with 

the least squares support vector machine to see which type of fault 
was caused [6–9].

To refine the results obtained from a trained convolutional neural 
network (ConvNet/CNN), the authors employed different 
approaches. For the qualification, Cho et al. [10] identified distinct 
kinds of failures and used Kalman filters to recognize the blade pitch 
angle and an artificial neural network to rank six variant kinds of 
failures in wind turbines. Chang et al. [11] employed parallel 
convolutional layers. The convolution is formed by manifold 
branches, each one of them with manifold layers.

Another approach to the fault detection problem is the use of 
predictive algorithms, which try to create models to detect failures in 
turbines or other points of energy generation. Modern research 
provides interesting results in the area, such as Ref. [12], that 
presents several methods used in a review of methods for fault 
diagnosis and detection, and Ref. [13], that presents the use of deep 
learning and optimization algorithms for fault detection.

This study offers a different idea for the recognition of a mass 
imbalance in the blades of a wind turbine [14]. A mass imbalance is 
one of the biggest problems in the blades; it is possible to be 
provoked by many causes, like icing [15], poor production, exposure 
to the ambient, and trouble at transportation or at installation. 
Imbalance typically causes variations in rotor velocity, preventing 
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the wind turbine from operating at rated values. This results in 
reduced energy generation and decreases the operational lifespan of 
the rotor [16–18].

The principal contributions of this research are:

(i) The application of Gramian angular difference field 
(GADF), recurrent plot, and Markov transition fields 
(MTF) for a signal representation into images of the dataset.

(ii) Evaluation of the performance of the three different image 
representations.

(iii) Use of convolutional neural networks to diagnose mass 
imbalance.

(iv) Comparison with others classifiers for consolidation of the 
results.

The paper is composed of five sections: after an Introduction, the 
second section of Material and Methods explains the main 
algorithms and tools used in the article, the third section of the 
Proposed Approach presents the architecture developed, the fourth 
section shows the Results obtained, and the last section of 
Conclusion summarizes the article. The code for the comparison 
and implementation is available for other researchers.2

2 Materials and Methods

This section describes the dataset, the techniques, and algorithms 
used for the experiments.

2.1 Dataset. The dataset used for detecting mass imbalances in 
wind turbine rotors was generated using TURBSIM, FAST, and SIMULINK 

[19,20]. TURBSIM was utilized to produce wind time series, 
incorporating turbulence characteristics to provide a realistic 
representation of wind turbine conditions. FAST integrated aerody
namic models, structural components, and control systems, utilizing 
the wind series generated by TURBSIM. SIMULINK facilitated the 
development of control loops for maximum power point tracking 
and nominal power regions, along with modeling a synchronous 
permanent magnet generator, a generator speed estimator, and 
performing training and detection based on electrical current 
measurements. The dataset includes 390 simulations for each rotor 
unbalance condition (1%, 2%, 3%, 4%, and 5% mass imbalances), 
with each simulation spanning 120 s and a sampling frequency of 
2 kHz. For further details on the dataset’s construction, refer to 
Ref. [21].

In constructing the database, 390 samples were generated for each 
imbalanced class and 273 for the balanced class, resulting in a total 
of 2223 samples. The imbalanced classes included random positive 
and negative variations (e.g., þ3% and −3%). After filtering by 
rotational speed, the dataset was reduced to 1574 samples, while still 
retaining class imbalance. To address this, the synthetic minority 
oversampling technique (SMOTE) algorithm was applied to 
generate synthetic data, equalizing the number of samples across 
all classes. Figure 1, included below, illustrates this process.

Unbalanced data, characterized by disproportionate class distri
bution, presents challenges for predictive modeling, particularly 
affecting algorithms that rely on equal class representation. This 
study identifies a prevalent imbalance that impedes classifier 
training, which was addressed using the SMOTE [22–24].

2.2 Convolutional Neural Network. Artificial neural net
works are a subset of machine learning and are at the heart of deep 
learning algorithms; they are composed of layers of nodes, 
containing an input layer, one or more hidden layers, and an output 
layer. Each node, or artificial neuron, connects to another and has an 
associated weight and threshold. If the output of any individual node 
is above the specified threshold value, that node is activated, sending 
data to the next layer of the network. Otherwise, no data is passed to 
the next layer of the network [25].

For this work, the type of network used was a convolutional neural 
network. A ConvNet/CNN is a deep learning algorithm that can 
receive an input image, assign importance (learnable weights and 
biases) to various aspects/objects in the image, and differentiates 
one from the other. CNN specializes in processing data that has a 
gridlike topology, such as an image [26–28].

Convolutional neural networks goal is to reduce images so that 
they are easier to process without losing valuable resources for 
accurate prediction. The ConvNet architecture has three types of 
layers: convolutional layer, pooling layer, and fully connected layer.

2.3 Gramian Angular Difference Field. Gramian angular 
difference field is a very popular method mainly used to transform 
time series into images. It is well known for maintaining the 
temporal luminosity between the entries of the one-dimensional 
series. To carry out the transformation, first all the values of the 
series undergo a scale change, as they vary only between 0 and 1. 
After that, the data are represented in polar coordinates and not in 
Cartesian coordinates [29–33]. For this, it is necessary to calculate 
the value of r and / (phi) for all points of each sample. The “r” value 
represents the absolute distance of the sample to the origin (0, 0) of 
the Cartesian coordinates, and the / value represents the angle 
formed between the X axis of the Cartesian plane and the imaginary 
line that connects the sample to the origin (0, 0). Mathematically, r 
and / can be defined by 

r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 þ y2

p
(1) 

/ ¼ arccosðx=yÞ (2) 

where x and y represent the values of x and y of each point of a sample 
in the Cartesian plane. With the calculated data, the Gramian angular 
field (GAF) performs the trigonometric subtraction between all 
points of the sample 

GADF ¼ ½sinð/aÞ− sinð/bÞ� (3) 

This equation is applied to all points and subtracts against all points 
other than the one being applied. After that, each value is sorted from 
left to right and top to bottom. A tone is assigned to each of these 
values according to a color palette that varies tones according to 
values from 0 to 1. Finally, with all the points aligned and their 
respective colors calculated, the image is formed. Figure 2 shows an 
example of an image generated from the dataset using the Gramian 
Angular Field method.

The GAF technique converts data vectors into matrices, capturing 
spatial relationships between features after a power spectral density 
(PSD) transformation. These matrices are transformed into image- 
like representations, which serve as inputs to CNNs. By leveraging 

Fig. 1 Gramian angular field algorithm applied to a time signal 2https:// github.com/zzzzzzzcz/CNN-RP-MTF-GADF-
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their powerful feature extraction capabilities, CNNs maximize 
performance when processing these image-based inputs. While not 
inherently superior to time-domain signals, GAF provides an 
alternative perspective that complements traditional approaches 
and enhances data analysis for classification tasks.

2.4 Recurrence Plot. Convolutional neural networks are 
widely used as image recognition classifiers. To train a CNN with 
a dataset, it is necessary to encode the vector information into an 
image format [34,35]. Recurrence plot (RP) is a graph or image of a 
square matrix, in which the elements of the matrix correspond to 
those times in which a state of a dynamical system is repeated 
(columns and rows then correspond to a certain pair of times). 
Technically, the RP reveals all the moments when the phase space 
trajectory of the dynamical system visits approximately the same 
area in phase space. This can be expressed mathematically as 

R i, jð Þ ¼ � � − j x ið Þ− x jð Þ
�
�

�
�j

� �

(4) 

For i, j¼ 1, …, N, where � is a limit distance, jj.jj is a norm, H is a 
Headviside function, and N is the numbers of states.

This equation creates an image where the values are ordered from 
left to right and top to bottom, that is, the first value is located in the 
upper left corner and the last value is in the lower right corner. For 
each of these values, a tone is stipulated according to a color palette 
that varies the tones according to values from 0 to 1. This technique 
was applied to the signals from the frequency domain dataset with 
the inclusion of some statistical data [36,37], and the image 
generated by the equation can be seen in Fig. 3.

2.5 Markov Transition Field. Markov transition fields are 
another visualization technique to highlight the behavior of time 
series, such as the recurrent plot. Each value in the time series is first 
assigned to a specific quantile, where each quantile is treated as a 
bin. For instance, when using quartiles (four bins), the lowest 25% of 
the values define the limits of the first quartile, the next 25% define 
the limits of the second quartile, and so on. Each bin can be 
considered a distinct “state.” To apply the Markov model, a state 
transition matrix must be created, and the values within this matrix 
can be calculated using the following equation: 

Aij ¼ Pðst ¼ jjsðt − 1Þ ¼ iÞ (5) 

where Aij is the probability of transition from state i to state j. So the 
defined MTF array would look like this 

Mkl ¼ Aqkql (6) 

The Mkl is the probability of a one-step transition from the bin of xk to 
the bin of xl, where xk and xl are two points in the time series in the 
time-step of k and l, respectively. Then, qk and ql, once the transition 
probability matrix is defined, it is possible to generate an image 
based on this matrix, as illustrated in the example below in Fig. 4.

3 Proposed Approach

3.1 General Architecture. In Fig. 5, a flowchart is illustrated 
with all the steps of the methodology to better elucidate the 
methodology used. The dataset exhibits an imbalance, prompting 
the utilization of the SMOTE algorithm for data augmentation and 
rebalancing. Furthermore, statistical features in both frequency and 
time domains are extracted to compose a comprehensive dataset. 
Once this dataset is prepared, three distinct data representations— 
Gramian angular, Markov transition, and recurrent plot—are 
employed to convert information into images.

Fig. 2 Gramian angular field algorithm applied to a time signal 

Fig. 3 Recurrence plot representation Fig. 4 Image generate using MTF 
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Subsequently, the data undergoes division into training, test, and 
validation sets. The training set is used to optimize the model during 
the learning phase, the validation set is employed to monitor and 
evaluate the model’s performance throughout the training process, 
and the test set is dedicated to assessing the model’s final 
performance on unseen data, ensuring its ability to generalize 
effectively. This segmentation sets the stage for utilizing convolu
tional neural networks (CNNs) to effectively identify and address 
the imbalance within the wind turbine data. It is also worth noting 
that by transforming time-signals into images, we leverage the 
powerful feature extraction capabilities of CNNs, which are well- 
suited for handling image-like inputs. This approach is particularly 
helpful when spatial relationships between features, as captured by 
GAF, RP, or MTF, play a significant role in classification.

3.2 Embedding Data Into a Vector. Seeking to improve the 
accuracy of the algorithm, data of temporal characteristics were 
introduced to the code, taken from the original dataset, and data of 
characteristics of the PSD [38], from the normalized samples of the 
fragment of frequencies of the PSD [39].

The first feature extraction is performed [40] in a dataset with 
1574 samples and 240,000 characteristics for each sample, 
generating a dataset which is called “time’s features” [41], with 

Fig. 5 Flowchart of the methodology employed for this study 

Fig. 6 Type and output shape of each layer in the convolutional 
neural network

Fig. 7 Accuracy and loss of the CNN with three classes (5% of 

imbalance, 3% of imbalance, and balanced) using MTF

Fig. 8 Confusion matrix of the CNN with three classes (5% of 
imbalance, 3% of imbalance, and balanced) using MTF
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the following features: maximum value, kurtosis, median absolute 
deviation, mean absolute deviation, standard deviation, variance, 
total energy, trimmed mean, peak-to-peak value, mean, and minimal 
value. Since these 1574 samples are divided into imbalanced classes, 
SMOTE is applied to generate synthetic samples, resulting in a total 
of 2244 samples across 11 balanced classes. By unifying the 
negative and positive percentage classes, such as −5% and 5%, the 
dataset is reduced to 2244 samples distributed across six classes. 
However, since all classes except for normal functioning (0% 
imbalance) are doubled, additional synthetic data must be created, 
leading to a final dataset of 2448 samples divided into six perfectly 
balanced classes.

Then, it was calculated the power spectral density of the original 
1574 time series. Considering that the mass imbalance malfunction 
mainly affects generation at low frequencies, only the first 15 values of 
the entire spectrum were used. The process of creating synthetic data is 
identical to the one used with the time-series features. At this stage, a 
second feature extraction is performed, resulting in a dataset referred to 
as “PSD features,” which includes the following features: kurtosis, 
median absolute deviation, mean absolute deviation, standard devia
tion, variance, total energy, trimmed mean, peak-to-peak value, mean, 
RMS value, and zero-crossing value. The final dataset is constructed by 
concatenating the PSD values, the PSD features, and the time series 
features. The 2448 samples with 37 features each are then encoded as 
37� 37 images with three dimensions of color; this encoding process is 
made using the recurrence plot, Gramian angular difference fields, and 
Markov transition field algorithm. Those images are split into the train, 
test, and validation sets. The train set represents 68% of the images, the 
validation set represents 12%, and the test set represents the last 20%.

3.3 Convolutional Neural Network Architecture. The CNN 
model is composed of three convolutional layers, the first one has 
256 nodes, and the last layer with 128 nodes, three max pooling 
layers, four dropout layers, four activation layers, one flatten layer, 
and two fully connected layers. The whole summary model is in 
Fig. 6.

Fig. 9 Accuracy and loss of the CNN with three classes (5% of 
imbalance, 3% of imbalance, and balanced) using RP

Fig. 10 Confusion matrix of the CNN with three classes (5% of 

imbalance, 3% of imbalance, and balanced) using RP

Fig. 11 Accuracy and loss of the CNN with three classes (5% of 
imbalance, 3% of imbalance, and balanced) using GADF
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Besides the CNN, other nine classifiers were used for comparative 
matters. The nine used classifiers are nearest neighbors, linear 
support vector machine (SVM), radial basis functions (RBF) SVM, 
decision tree, random forest, multilayer perceptron (MLP) neural 
network, AdaBoost, Gaussian Naive Bayes, and quadratic discrimi
nant analysis (QDA). All of them were trained with 80% of the data 
and tested 20%.

4 Results

The results will be broken down by the number of classes used, 
and each of these subdivisions will have two types of processing for 
comparison. With the CNN network, data formed by the PSD were 
used, adding the data of PSD characteristics and time characteristics.

4.1 Experiments With Three Classes: 5% of Imbalance, 3% 
of Imbalance, and Balanced. With three classes, it was possible to 
obtain the best performance of the implemented algorithms. There 
were three different tests, each test using a different algorithm to 
generate images. The first test used recurrence plot as an image 
generator, subsequently, Markov transition fields were used, and 
finally, Gramian angular difference fields were employed.

The loss and accuracy of the CNN with three classes using MTF 
are presented in Fig. 7, while the confusion matrix is illustrated in 
Fig. 8, utilizing Markov transition field.

Figure 9 displays the accuracy and loss curves of the CNN with 
three classes using recurrent plots, and Fig. 10 exhibits the confusion 
matrix, both using recurrence plot.

In Fig. 11, it is possible to see the accuracy and loss of the CNN 
with three classes using Gramian angular difference fields, and 
Fig. 12 depicts the confusion matrix, generated with the use of 
Gramian angular difference fields.

4.2 Experiments With Different Classifiers With Three 
Classes. Due to the reduced number of only three classes in use, all 
algorithms performed better than 94% accuracy for PSD data. The 
highest performance achieved was 99.59% accuracy, which was 
achieved by the QDA classifier, both using recurrent plot, Gramian 
angular difference fields, and Markov transition. CNN, on the other 

Fig. 12 Confusion matrix of the CNN with three classes (5% of 

imbalance, 3% of imbalance, and balanced) using GADF

Table 1 Best result for three classes 

Classifier Accuracy (%)

Linear SVM 99.51
MLP neural net 99.18
QDA 99.59
Decision tree 97.95

RBF SVM 99.02
Nearest neighbors 97.06
Naive Bayes 99.18
Random forest 94.61
AdaBoost 99.02
CNN with RP 97.96

CNN with MTF 90.20
CNN with GADF 99.59

Fig. 13 Accuracy and loss of the CNN with six classes (5% 
imbalance, 4% imbalance, 3% imbalance, 2% imbalance, 1% 
imbalance, and balanced) using MTF

Fig. 14 Confusion matrix of the CNN with six classes (5% 

imbalance, 4% imbalance, 3% imbalance, 2% imbalance, 1% 
imbalance, and balanced) using MTF
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hand, showed a great difference in performance between those 
algorithms; Gramian angular difference fields manage to get the 
highest score reaching up to 99.59%, but the other two algorithms 
were unable to achieve the same results. Table 1 shows the best 
results achieved for the classifiers.

4.3 Experiments With Six Classes: 5% Imbalance, 4% 
Imbalance, 3% Imbalance, 2% Imbalance, 1% Imbalance, and 
Balanced. Figure 13 displays the accuracy loss curves of the CNN 
with the six classes, while Fig. 14 illustrates the confusion matrix, 
both generated using Markov transition field.

In Fig. 15, the accuracy and loss curves of the CNN with six 
classification classes are presented. Additionally, in Fig. 16, the 

Fig. 16 Confusion matrix obtained after training with six classes 

(5% imbalance, 4% imbalance, 3% imbalance, 2% imbalance, 1% 
imbalance, and balanced) using RP

Fig. 17 Accuracy and loss of the CNN with six classes (5% 
imbalance, 4% imbalance, 3% imbalance, 2% imbalance, 1% 
imbalance, and balanced) using GADF

Fig. 18 Confusion matrix obtained after training with six classes 

(5% imbalance, 4% imbalance, 3% imbalance, 2% imbalance, 1% 
imbalance, and balanced) using GADF

Fig. 15 Accuracy and loss of the CNN with six classes (5% 

imbalance, 4% imbalance, 3% imbalance, 2% imbalance, 1% 
imbalance, and balanced) using RP
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confusion matrix is presented, with all matrices generated using the 
recurrence plot technique.

Figure 17 presents the accuracy and loss curves of the CNN with 
six classes, providing a visual representation of their performance. 
Figure 18, on the other hand, offers an insight into the confusion 
matrix, and it was created using Gramian angular difference fields.

4.4 Experiments With Different Classifiers With Six 
Classes. Due to the increase of number of classes to six, all 
algorithms performed with less accuracy compared to the results 
using three classes. The highest performance achieved between 
classifiers was 90.20% accuracy, which was achieved by the linear 
SVM classifier, using Gramian angular difference fields. CNN, on 
the other hand, showed a better performance between those 
classifiers; Gramian angular difference fields manage to get the 
highest score reaching up to 92.45%. Table 2 shows the best results 
are achieved.

5 Conclusions

In summary, this study implemented and evaluated three distinct 
image representations of wind turbine data signals. The Gramian 
angular difference field emerged as the most effective in detecting 
mass imbalance. Additionally, a CNN architecture was employed to 
classify and assess the degree of imbalance in wind turbines. When 
compared to nine different classifiers, the CNN achieved the highest 
accuracy in isolation, particularly in the six-class scenarios. It also 
shared the top position with linear SVM in the three-class scenarios. 
The code used in this study has been made publicly available to the 
scientific community.

Future research could explore alternative deep neural network 
architectures to further improve the effectiveness of imbalance 
detection in wind turbines.

Data Availability Statement

The authors attest that all data for this study are included in the 
paper.
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