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Abstract- This paper presents a machine learning-based approach for early failure detection in power system equipment using 

thermographic image analysis. While existing studies often rely on complex deep learning models, our method introduces a 

lightweight yet effective solution combining image preprocessing, unsupervised segmentation, and classical classifiers. The key 

innovation lies in the integration of automated Region of Interest (RoI) detection and the evaluation of its impact on model 

performance. A dataset of 624 RGB thermographic images from motors and transformers is used to benchmark various machine 

learning algorithms, including KNN, SVM, Decision Tree, Random Forest, Naive Bayes, and Neural Networks. Performance 

metrics such as precision, recall, and F1-score are analyzed and show that RoI segmentation significantly improves classification 

accuracy (up to 32% for SVM and 15% for Neural Networks). The proposed method is resource-efficient and achieves strong 

results without requiring temperature vector data. These findings highlight the practical value of the approach for predictive 

maintenance and early fault diagnosis in industrial environments. 

Keywords- Thermography inspection, image segmentation, predictive fault identification, machine learning, neural network. 

 

1. Introduction  

As power systems become increasingly complex, 

ensuring the reliable and efficient operation of smart 

equipment is critical to maintaining uninterrupted power 

supply [1]. Failures in key components can lead to severe 

consequences, including outages, safety risks, and significant 

financial losses. In response, machine learning techniques for 

equipment failure detection have gained considerable 

attention in recent years [2], [3]. Thermographic inspection 

data offers valuable insights into the operational state of 

components such as motors, transformers, and batteries [4], 

[5], and can be leveraged to build predictive models for early 

fault detection. 

Predictive maintenance plays a vital role in enhancing the 

efficiency and reliability of power system equipment. 

Machine learning, when applied to thermographic imagery, 

has shown significant promise in identifying potential failures 

before they occur [6], [7]. Thermography is a non-destructive, 

non-intrusive diagnostic technique that captures surface 

temperature using infrared radiation. By analyzing thermal 

patterns, machine learning algorithms can detect anomalies 

that signal emerging faults [8]. Some studies, particularly in 

photovoltaic systems, employ deep learning for automated 

fault diagnosis. For instance, [9] proposes a convolutional 

neural network (CNN) followed by a residual network 

(ResNet) to identify and classify faults. In [10] a two-stage 

approach, where the first stage involves identifying potential 
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faults using a convolutional neural network (CNN), and the 

second stage involves diagnosing faults using a residual neural 

network (ResNet). 

In [11] a new dataset for fault detection in electrical 

equipment is introduced, incorporating interpretable machine 

learning models like decision trees with feature selection and 

importance ranking. Other approaches rely on real-time 

inspection using temperature anomalies and SVM classifiers 

for fault identification in photovoltaic systems. Similarly, the 

review in [12] surveys the use of infrared thermography in 

energy audits, where various studies report high accuracy in 

fault detection and classification. Collectively, these efforts 

demonstrate the potential of combining thermal imaging with 

advanced learning techniques for equipment diagnostics 

across different energy systems. In overall, these studies 

demonstrate the potential of using thermal imaging and deep 

learning for fault diagnosis in photovoltaic systems [13] and 

energy audits in residential or commercial buildings. 

To implement predictive maintenance using 

thermography, it is essential to collect and label a dataset of 

thermal images corresponding to the equipment’s condition at 

capture time. These images must be preprocessed to remove 

noise and ensure consistency. A machine learning model can 

then be trained using this data with algorithms such as SVM, 

Random Forest, or Neural Networks, depending on the 

application’s requirements. Once trained, the model can assess 

the condition of new images, allowing for timely maintenance 

and minimizing unexpected failures. 

In this study, we propose an innovative framework for 

fault detection in power systems using machine learning 

applied to thermographic data. We validate the methodology 

through a real-world case study, demonstrating its potential to 

enhance reliability and reduce downtime in smart equipment 

operation. The paper is structured as follows: Section II 

introduces the types of thermographic inspections used in 

power systems. Section III details the methodology, 

comprising data acquisition, feature extraction, and machine 

learning-based classification. Section IV presents the case 

study and section V results and discussion. Finally, section VI 

summarizes certain challenges, limitations, and future work. 

Section VII concludes with final remarks, highlights of the 

contributions and future perspectives. 

2. Types of Thermographic Inspection of Power Systems  

When carrying out a literature review of the monitoring 

of power systems with IR images, it is possible to notice that 

there are two types of images: images obtained in closed 

spaces and images obtained in open spaces. Such 

classification is proposed on our approach (see Figure 1) to 

objectively categorize the methods depending on the physical 

environment of the power system equipment. Those located in 

open spaces typically monitor solar panels [14] and 

photovoltaic cells, or electrical transmission lines. The images 

are taken either by locating the camera in drones, or in a high 

or distant fixed point. 

Two points must be considered in the preprocessing of 

these images: The first is the distinction of the background 

from the system or equipment to be monitored.  

 

Fig. 1. Types of thermographic inspection of power systems. 

Unlike the images that are taken in closed spaces, it must 

be considered that in this case the light and the temperature of 

the environment are variable and impossible to control. 

Thermal imaging cameras are sensitive to these factors which 

can make segmentation more difficult. On the other hand, the 

perspective in which the images have been taken is also an 

important point in their preprocessing. 

The second point of the preprocessing is the distinction of 

the parts or regions of interest for monitoring once the 

background has been separated. In the case of solar panels, it 

is convenient to obtain information from each photovoltaic 

cell separately, and such location of the sensor must be 

carefully analyzed [15], some approaches have successfully 

detected snow layer with deep learning [16]. For example, this 

requires additional work if detailed information about the 

possible effect of faults in such equipment that can particularly 

change the production rate and efficiency [17], [18]. 

On the other hand, monitoring in closed spaces is typically 

carried out under constant ambient temperature and lighting 

conditions, which allows a better generalization to be made to 

distinguish the object from the background. Under this 

condition, simple systems, such as a single motor or 

transformer [19] where some ML-based approaches have 

demonstrated to be helpful for utilities to reduce the cost of 

preventative maintenance [20], or complex compound 

systems that include multiple machines can be monitored. In 

the second case, in addition to distinguishing the region of 

interest from the background, it is necessary to identify the 

different parts of the image to obtain a localized and accurate 

prediction. 

2.1.  Comparison with State-of-the-Art Approaches  

Several recent studies have explored the use of machine 

learning for failure detection in power system equipment 

using thermographic imaging. For example, Manno et al. [10] 

proposed a deep learning strategy based on convolutional 

neural networks (CNN) and ResNet architectures for 

automatic fault diagnosis in photovoltaic systems. Similarly, 

Najafi et al. [11] introduced a dataset and applied interpretable 

ML models such as decision trees with feature selection for 

fault diagnosis in electrical equipment. Bommes et al. [9] 

adopted supervised contrastive learning for detecting 

anomalies in IR images of PV modules, while Cubukcu and 

Akanalci [13] explored real-time thermal inspection 

techniques using SVM. Compared to these approaches, our 

method offers several advantages: 
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➢ Low computational complexity: Unlike deep learning 

models that require large datasets and high computing 

power, our approach works effectively with limited 

image data (RGB bmp files), achieving competitive 

results with classical algorithms (KNN, SVM, 

Decision Tree, etc.). 

➢ Segmentation-enhanced performance: Our method 

explicitly separates the region of interest using an 

automated segmentation pipeline, which significantly 

improves classification accuracy (up to 17% difference 

in Neural Networks for the motor case). 

➢ Scalable vector representation: The technique of 

converting RGB images to vectors allows efficient 

storage and processing, enabling lightweight 

deployment in industrial systems. 

➢ Hardware simplicity: The method is implemented with 

non-invasive thermographic inspections and standard 

IR cameras, making it viable for broad industrial use. 

However, some limitations remain for further research: 

➢ No use of temperature vector (T): While the dataset 

includes temperature data, only RGB channels were 

used, potentially limiting precision in fine-grained 

classification. 

➢ Generalization across environments: The method 

performs well in controlled conditions but may require 

further adaptation to variations in lighting, background, 

and camera angle in real-world deployments. 

➢ Absence of deep learning architectures: Though 

efficient, the method may not match the predictive 

power of large neural networks trained on extensive 

labeled data. 

➢ These trade-offs position the proposed method as a 

lightweight yet effective alternative to more resource-

intensive deep learning-based solutions, particularly 

suited for small-to-medium scale predictive 

maintenance deployments. 

3. Methodology  

The proposed methodology is designed to detect and 

classify equipment faults in both open and closed power 

system environments using thermographic image analysis and 

machine learning. The process comprises four core stages: (1) 

image acquisition, (2) image preprocessing, (3) region of 

interest (RoI) segmentation, and (4) classification using 

machine learning algorithms.  

A graphical summary of the full pipeline is presented in 

Figure 2 to improve clarity and reproducibility. In the image 

acquisition stage, thermal images are captured using an 

infrared (IR) camera positioned at an appropriate distance and 

angle, depending on whether the system is indoors (controlled 

lighting) or outdoors (variable lighting). The dataset includes 

624 images captured under a constant ambient temperature of 

23°C, covering transformers and motors under both healthy 

and faulty conditions. 

 

 

Fig. 2. Steps for automated detection of faults in power 

systems using IR images. 

During the image preprocessing phase, the images are 

converted from RGB to grayscale or remain in RGB, 

depending on the equipment category. Vectorization of image 

data is then performed, converting each image into a 

structured pixel array suitable for machine learning inputs. 

Additional enhancements, such as contrast adjustment, 

morphological filtering, and color space conversion, are 

applied to highlight features relevant for fault detection. 

The next step involves Region of Interest (RoI) 

segmentation, which is crucial to isolating the components 

most indicative of failure. Manual segmentation is feasible 

when the system and camera configuration are static. 

However, for broader scalability, automated segmentation is 

implemented using a pipeline that includes K-Means 

clustering, Otsu thresholding, histogram equalization, shadow 

removal, and Canny edge detection for identifying 

components such as cables and connectors. 

In the final stage, classification, the segmented image data 

is fed into various machine learning algorithms including K-

Nearest Neighbors (KNN), Support Vector Machines (SVM), 

Decision Trees, Random Forests, Naive Bayes, and a simple 

Neural Network model. The goal is to determine whether the 

equipment is functioning correctly or experiencing a specific 

type of fault. This multi-model comparison ensures robustness 

and highlights the performance gains provided by 

segmentation. A complete overview of algorithm 

configurations, evaluation metrics, and results is available in 

our open-access GitHub repository [21]. 

To ensure reproducibility and transparency, the entire 

implementation (including data preprocessing routines, 

segmentation scripts, classification models, and evaluation 



ARTIFICIAL INTELLIGENCE RESEARCH and APPLICATIONS 
A. María Garzón et al., Vol.1, No.3, September, 2025 

96 
 

procedures) has been shared at 24. All models were 

implemented in Python 3.9 using OpenCV, Scikit-learn, and 

TensorFlow. The experiments were conducted on a 

workstation equipped with an Intel Core i7 processor, 32 GB 

RAM, and an NVIDIA RTX 3060 GPU. Hyperparameters 

such as k=5 for KNN, a maximum depth of 10 for decision 

trees, and a neural network trained for 100 epochs with a batch 

size of 32 are documented in the repository’s notebooks. 

4. Case Study Description: Closed Space, Single System  

In this paper, the procedure carried out in [11] is analyzed, 

implemented, and modified, using the dataset created for that 

case study.  

The dataset consists of 624 RGB thermal images of 

320x240 pixels, of which 369 correspond to images of 

induction motors and 255 to images of transformers. The 

images were taken by a Dalitech T4/T8 infrared thermal image 

camera at 23° Celsius of environment temperature. This 

instrument generates images with four channels (RGBT), 

where the first three channels are RGB, and the fourth channel 

is the temperature matrix T. However, in this study, we only 

work with the RGB channels, since images of the dataset were 

acquired in a controlled environment of 23° Celsius. 

Regarding the transformer, 8 cases of short circuit failures 

in common core winding are considered to generate the faults 

artificially; while for the motor case, 8 different cases of 

artificial generated stuck rotor fault, cooling fan failure and 

stator windings failure are considered. The objective of both 

the investigation carried out by the researchers and by the 

present manuscript is to find the best way to distinguish and 

classify the failures described above. 

The first step on this path is the pre-processing of the data. 

The images are converted to grayscale, a projection of RGB 

space in which each pixel takes a single value from 0 to 255, 

instead of taking 3 different component values. The advantage 

of working in grayscale is that this dimensionality reduction 

decreases the time and computational cost of the algorithms. 

Regarding the temperature, this is directly proportional to the 

pixel value. However, it should be considered that this 

reduction could lead to loss of information. [11] proposes to 

classify “cold” and “hot” images before segmenting the region 

of interest and the same will be done here. To carry out the 

classification, the data was divided into training and test sets, 

the pixels with the highest value from each of the images were 

extracted, and the behavior of these values in the training set 

was explored. 

Figure 3 shows the range of maximum pixel intensities for 

cold and hot transformer images. A clear separation between 

the two groups highlights the effectiveness of using pixel 

intensity thresholds for binary temperature classification prior 

to segmentation. It is noticeable that there is a difference 

between the maximum value of the cold images and the hot 

images. Similar results are obtained for the motor. To perform 

a classification, use intermediate values (mean or median) to 

generate a classification threshold, establish a threshold 

through observation, or use a support vector machine 

classification that finds a hyperplane (or line) that conditions 

the classification. 

 

Fig. 3. Maximum pixel value (transformer dataset). 

 

 

Fig. 4. K-Means clustering results for motor images (5 

clusters). 

The results obtained when using linear SVM are a perfect 

classification for both cases (which is not surprising since the 

classes are quite distant). However, from the plot of the train 

data, it is evident that the data is grouped in more than two 

subgroups focusing only on the maximum value pixel. In this 

sense, additional exploration of the dataset is done with 

KMeans, trying to distinguish those subgroups and the number 

of clusters is determined through the elbow method.  

In the motor case study, the optimal number of clusters is 

5; 3 clusters for cold images and 2 clusters for hot images as 

shown in Figure 4 that demonstrates how motor images 

naturally group into five clusters—three for cold conditions 

and two for hot—based on maximum pixel values. This 

clustering serves as a scalable preprocessing step for guided 

segmentation and classification. Later, the results for the 

transformer case study can show 6 clusters, therefore the 

methodology can be scalable. 

5. Results and Discussion  

By comparing the results obtained above with the failure 

that corresponds to each value, it is noticeable that the images 

that have the same fault label often are in the same cluster. It 

can be inferred that the maximum value pixel is a good guide 
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not only to create an effective preprocessing that facilitates the 

segmentation of the region of interest but also to approximate 

the final classification. 

5.1. Identifying RoI (Region of Interest)  

From the previously identified clusters, an image is 

chosen at random from each of the previous groups to create 

a manual mask of the region of interest, which will allow 

evaluation of the results obtained by the automation. The 

segmentation challenge, in this case, is that the images were 

taken at different angles, on a surface that reflects the light 

emitted by the equipment, and that includes cables external to 

the equipment that should be included in the RoI since they 

provide information about the state of the phases. In this sense, 

the algorithm to find the RoI follows the following steps: 

5.2. Initial Segmentation Setting a Threshold 

Segmentation of an image in two regions can be done by 

setting a threshold k such that if a pixel has a value that is 

greater than k it belongs to a class and if not, it belongs to the 

other. The threshold can be defined manually or by numerical 

methods by identifying inflection, local maximum, or 

minimum points in the histogram of the distribution of pixel 

intensity. However, it is a non-optimum procedure on a large 

scale. Then, a threshold function f (x, y) must be defined such 

that if a pixel with coordinates (x, y) evaluated in f has a value 

greater than k belongs to one region R1, and if the value is less 

or equal to k it belongs to the other region R2. This procedure 

can be summarized by the following function: 

 

(1) 

The problem now consists of finding the most optimal and 

general function f and the threshold k. As explained in [22], it 

has been sought to use a PDF probability density function, but 

the limitation is that the calculation of functions requires many 

distribution assumptions that are not always fulfilled and 

cannot be easily calculated for atypical distributions. 

A solution to this problem exposed by the same source 

[22], is Otsu’s method. It is an optimum procedure where f 

maximizes the variance between classes, basically carrying 

out a statistical method of discriminant analysis on the 

intensity of the pixels. An advantage of the Otsu’s method 

highlighted by the authors is that its results are obtained from 

the histogram giving, as a result, an array of dimension 1. 

Access the complete process and the specifications of the Otsu 

formulas in the following repository: 

https://github.com/anamarigarzon/IR-Image-Analysis-in-

Power-Systems   

In this project, the cluster to which the image belongs is 

considered. Similar and satisfactory results are usually 

obtained for hot images by applying Otsu directly. For cold 

images, a histogram equalization procedure is performed, 

which standardizes the image values, some morphological 

erosion transformations and finally Otsu is applied. 

There are multiple ways of finding this threshold function, 

which vary depending on the image distribution. A useful and 

simple but very manual way to establish it is to plot the 

histogram of the distribution of the pixel values in the image 

and determine possible segmentation points. 

5.3. Shadow Elimination and Addition of The Missing 

Equipment Area 

Next, a new Otsu segmentation is performed on the 

portion of the image that is outside the mask obtained in the 

previous step. In the images of the two clusters with a smaller 

maximum pixel value, the problem is that the equipment 

section has a temperature very close to that of the background, 

so it is advisable to perform morphological operations and 

extra contrast enhancement to increase differentiation. Figures 

5 and 6 illustrate the sequential stages of RoI segmentation 

using Otsu’s method and shadow correction. In Figure 5, the 

initial segmentation highlights the primary thermal region of 

interest using an automated threshold. However, the output 

still includes shadows and partially missed areas (especially in 

cold clusters where thermal contrast is low). To address this, 

Figure 6 shows the results after applying additional 

morphological operations and histogram equalization, 

followed by a second Otsu threshold. This refinement enables 

the algorithm to recover missed regions and exclude 

background reflections, resulting in a more accurate and 

complete RoI mask. This step is particularly critical when 

working with cold images where temperature gradients are 

less distinct and prone to misclassification without 

enhancement. 

In hot images, the shadow reflected by the surface has an 

intensity that is close to the missing section of the image. So, 

in this case, the procedure to follow consists of performing an 

erosion of n iterations according to the image cluster, until 

these sections separate, and it is chosen to keep the section 

with the largest area. Finally, the section is dilated n times and 

added to the previous segmentation. 

 

Fig. 5. Initial Otsu segmentation applied to a cold motor 

image. 

 

Fig. 6. Enhanced segmentation with shadow removal and 

morphological operations. 

https://github.com/anamarigarzon/IR-Image-Analysis-in-Power-Systems
https://github.com/anamarigarzon/IR-Image-Analysis-in-Power-Systems
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5.4. Cable Segmentation 

The segmentation after the shadow elimination ignores 

key elements due to their lower contrast with respect to the 

background, and those are the cables. It is important to 

consider the cables in the segmentation because they provide 

important information about the status of the phases. 

Figure 7 compares the original grayscale thermographic 

image (left), the automatically generated final mask (center), 

and the manually annotated mask (right) used as ground truth 

for evaluation.  

This example highlights the effectiveness of the proposed 

segmentation pipeline in replicating expert annotations. 

Despite challenges such as thermal reflection and cable 

inclusion, the final mask closely matches the manual mask—

capturing not only the motor body but also finer details like 

cable extensions. This alignment validates the precision of the 

automated RoI segmentation strategy, which is critical for 

downstream classification accuracy. The segmentation quality 

is later quantified using the Jaccard Index, as shown in Figures 

10 and 11. To identify them, the image is divided into regions 

in such a way that for the largest number of images the cables 

are in the same square region, and once this division is made, 

the Canny Edge Detector is used on those areas to find the 

cables [23]. Canny edge detection is a popular edge detection 

algorithm developed by John F. Canny that first removes noise 

using a 5x5 Gaussian filter. As it is described in the OpenCV 

documentation, it then finds the intensity gradient of the image 

using a sobel kernel on both the X and Y axes. Then the first 

derivative is obtained in the horizontal and vertical direction. 

Then follows the Non-maximum Suppression stage, in 

which all the pixels of the image are scanned and those that do 

not constitute the edges are removed. For this, it is checked if 

each pixel is a local maximum in its surroundings in the 

direction of the gradient. If it is a maximum, it is considered 

for the next stage, if not, its value changes to zero.  

Table 1 and Table 2 compare classification accuracy for 

various machine learning models applied to motor images, 

with and without RoI segmentation. The results show that 

most models benefit from segmentation, with the most notable 

improvements observed in Support Vector Machines (SVM), 

which gained +0.24 in accuracy, and Neural Networks, which 

improved by +0.17. These gains confirm that isolating the 

relevant thermal region enhances the model’s ability to 

distinguish fault patterns. In contrast, Naive Bayes showed a 

slight performance drop (−0.04), likely due to its strong 

assumptions of feature independence, which may not hold in 

segmented thermal data. Overall, the results suggest that 

segmentation significantly boosts model robustness for motor 

fault detection. 

 

Fig. 7. Comparison between original image, generated mask, 

and manual ground truth (motor). 

Table 1. Comparison of accuracy of methods with and 

without segmentation over the motor images 

Method 

Accuracy 

with 

Segmentation 

Accuracy 

with no 

Segmentation 

Difference 

of 

Accuracy 

KNN 0.98 0.93 0.05 

SVM 0.87 0.63 0.24 

Decision 

tree 
0.98 0.95 0.03 

Random 

Forest 
0.98 0.97 0.01 

Naive 

Bayes 
0.77 0.81 -0.04 

Neural 

Network 
0.81 0.64 0.17 

 

Table 2. Comparison of accuracy of methods with and 

without segmentation over the transformer images 

Method 

Accuracy 

with 

Segmentation 

Accuracy 

with no 

Segmentation 

Difference 

of 

Accuracy 

KNN 1.00 0.98 0.01 

SVM 0.63 0.56 0.07 

Decision 

tree 
1.00 0.96 0.04 

Random 

Forest 
1.00 1.00 0.00 

Naive 

Bayes 
0.86 0.76 0.10 

Neural 

Network 
0.90 0.60 0.3 

 

Figures 8 and 9 illustrate the complete Region of Interest 

(RoI) segmentation procedure for a motor (grayscale) and a 

transformer (RGB), respectively. These visualizations provide 

insight into how the proposed pipeline processes images with 

different thermal profiles and color spaces. In both cases, the 

segmentation algorithm successfully isolates the main 

equipment body and relevant peripheral elements, such as 

cables and connectors, which are essential for fault diagnosis.  

The motor example (Figure 8) shows the effectiveness of 

grayscale preprocessing combined with clustering and edge 

detection, while the transformer example (Figure 9) 

demonstrates how RGB color space processing handles more 

complex backgrounds and reflections. These figures confirm 

that the segmentation framework is flexible and adaptable to 

different image types and equipment configurations, key for 

generalizing across applications in industrial power systems. 
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Fig. 8. RoI segmentation pipeline applied to motor image 

(grayscale). 

 

Fig. 9. RoI segmentation pipeline applied to transformer 

image (RGB). 

The final stage is the Hysteresis Thresholding stage, 

which defines which edges are truly edges and which are not. 

Two values are needed for this stage, a minimum and all pixels 

below that minimum are discarded, and a maximum and all 

pixels above that maximum are considered safe edges. Those 

that are between both values are classified as edges or non-

edges based on their connectivity with neighboring pixels. The 

precision of the masks generated by the previous process are 

measured with the Jaccard Score. This index compares the 

similarity between the manual masks and its respective 

automated masks. The Basic Jaccard Index according to [24] 

can simply be expressed as: 

 

(2) 

Where A, and B are two sets. In this context, |A∩B| is the 

number of pixels of the image that have the same intensity, 

and |A ∪ B| is the size of the image. The results obtained for 

the 10-compared masks (one for each of the clusters) are 

between 0.73 and 0.81 for cold images and between 0.87 and 

0.94 for hot images. 

Note the Jaccard scores for both equipment in Figures10 

and 11, where independently from the quantity of identified 

clusters (five clusters for the motor with grey-scale, and six 

for the transformer with RGB), the results shown an accurate 

performance. In the case of the motor, the Jaccard score is 

located in between 79.133% to its maximum 89.765%. In the 

case of the transformer, the Jaccard score behaves better with 

a range from 84.076% to its maximum 90.607%. 

 

Fig. 10. Jaccard scores across motor image clusters: RoI identification, results of Jaccard scores and K-Means clustering - 

Jaccard scores per image - motor with grey-scale and five clusters. 
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Fig. 11. Jaccard scores across transformer image clusters.: RoI identification, results of Jaccard scores and K-Means clustering 

- Jaccard scores per image - transformer with RGB and six clusters. 

As can be seen in the comparison table for the motor I and 

the transformer II, the classification results have a favorable 

balance in most of the methods explored, with those based on 

trees having the highest accuracy. When comparing the 

classification results obtained with the images before being 

segmented (as they were in the original dataset) using the same 

methods and the same variables, we can notice a large 

improvement in the segmented images, with a difference of up 

to 0.17 percentage points. This helps us confirm the 

hypothesis that classification improves when the region of 

interest is separated from the background and is a great finding 

for future implementations. 

5.5. Performance Metrics 

To further evaluate the impact of Region of Interest (RoI) 

segmentation on classification accuracy, we computed 

precision, recall, and F1-score across six machine learning 

models for both segmented and non-segmented thermographic 

images. These weighted average metrics provide a 

comprehensive perspective on model performance beyond 

simple accuracy values. 

5.5.1. Impact of segmentation 

The results clearly demonstrate that RoI segmentation 

enhances model performance in most cases. For instance, the 

Support Vector Machine (SVM) classifier shows a substantial 

improvement: 

➢ Precision: from 0.46 to 0.83 

➢ Recall: from 0.64 to 0.88 

➢ F1-score: from 0.52 to 0.84 

Similarly, Neural Networks benefit from segmentation, 

improving F1-score from 0.63 to 0.78. Tree-based models 

(Decision Tree and Random Forest) already performed well 

without segmentation but still showed modest gains with RoI 

isolation (see Table 3). The only exception is the Naive Bayes 

model, which showed a slight performance drop, likely due to 

its simplistic assumptions and sensitivity to class overlap after 

segmentation. 

Table 3. Comparison of performance metrics 

Method 

F1-Score 

without 

Segmentation 

F1-Score 

with 

Segmentation 

Δ F1-

Score 

KNN 0.94 0.99 +0.05 

SVM 0.52 0.84 +0.32 

Decision tree 0.96 0.99 +0.03 

Random Forest 0.97 0.99 +0.02 

Naive Bayes 0.77 0.71 -0.06 

Neural Network 0.63 0.78 +0.15 

5.5.2. Bar chart comparison of weighted average metrics 

Figures 12, 13 and 14 display the weighted average 

precision, recall, and F1-score for all models, comparing the 

results with and without segmentation. These visualizations 

reinforce that segmentation not only boosts classification 

performance in most models but does so consistently across 

multiple metrics.  

This evaluation confirms that accurate RoI segmentation 

plays a vital role in improving fault detection capabilities. It 

not only simplifies the classification task by removing 

background noise but also helps the algorithms focus on 

thermally relevant features, especially when using models 

sensitive to input dimensionality and distribution. 
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Fig. 12. Comparison of performance metrics: weighted 

average precision. 

 

Fig. 13. Comparison of performance metrics: weighted 

average recall. 

 

Fig. 14. Comparison of performance metrics: weighted 

average f1-score. 

6. Challenges, Limitations, and Future Work 

While the proposed method demonstrates strong 

performance in failure detection using thermographic image 

analysis and classical machine learning, certain challenges 

and limitations remain. First, the approach currently uses only 

the RGB components of the thermographic images, without 

leveraging the temperature matrix (T channel) available in the 

raw dataset. Although this simplification allows for more 

lightweight processing and storage, it may limit the precision 

of fault localization and classification, especially in edge cases 

with subtle thermal variations. Integrating the temperature 

channel in future iterations could improve granularity and 

diagnostic power. Second, the method was validated using a 

dataset captured under controlled ambient conditions (23 °C, 

fixed camera setup). As a result, its robustness under varying 

environmental conditions (such as outdoor lighting changes, 

occlusions, different camera angles, and background clutter) 

has not yet been tested. Adapting the segmentation pipeline 

for more dynamic settings, including real-world substations or 

field-deployed equipment, remains a key step for operational 

deployment. 

Additionally, while the current segmentation and 

classification processes show high accuracy with classical ML 

models, they rely on handcrafted thresholds and feature 

selection. Future work may explore the use of convolutional 

neural networks (CNNs) and transfer learning to automate 

feature extraction and improve generalization across fault 

types and equipment classes. Finally, although manual masks 

were used to evaluate segmentation quality, automating this 

validation process using labeled ground truth in larger datasets 

would allow for broader and more objective performance 

assessment. These directions offer a roadmap for expanding 

the applicability, scalability, and precision of the proposed 

solution. 

Another promising direction for future work involves 

integrating the temperature matrix (T-channel) captured by the 

thermal imaging camera. Although the current approach uses 

only the RGB components of thermographic data to ensure 

lightweight processing and general applicability, the T-

channel offers access to absolute pixel-level temperature 

values. By combining these thermal gradients with spatial and 

textural features from the image, the classification model 

could better detect subtle fault conditions, especially in early-

stage anomalies where visual cues are minimal. This 

multimodal fusion (incorporating both visual and thermal 

dimensions) has the potential to increase diagnostic accuracy 

and robustness, particularly in applications involving complex 

equipment or varying ambient conditions. 

7. Conclusions  

The way of encoding and decoding the images (in vectors 

with their RGB values) is a very efficient way that takes up a 

minimum amount of space. It is convenient to save images in 

the form of strings in databases, to use a great quantity of 

information without having to make large use of memory. 

The initial binary classification by temperatures (cold-

hot) recommended by the authors of the dataset is very 

effective not only in carrying out a pre-classification of the 

failure but also in determining what methods to use to segment 

the images and achieve better Jaccard scores. The 

segmentation was satisfactory and for future work, it can be 

adapted to different environments so that similar results are 

obtained in places with variable lighting or camera angles. The 

classification methods obtained the results documented in the 

literature both for the case of segmented images and for non-

segmented images, which means that the best results are 

obtained with tree-based methods. It is possible to notice the 

advantages in classification with segmented images by 

observing how in all cases except one, the accuracy improves 

significantly in comparison with non-segmented images. This 
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tells us that the procedure carried out previously is a huge 

advantage when it comes to identifying failures, regardless of 

the method. 

The proposed method has advantages over newer 

proposals, and that is that although we know that more precise 

and generalized segmentations can be obtained using large 

Neural Network models, the standard presented in this paper 

is efficient, economical and does not require sophisticated 

tools to execute. It should be noted that the results obtained 

were obtained only from the image data (bmp files) but that 

thermographic images usually include a temperature vector. 

The results that were obtained are very favorable despite this 

fact, and it should be considered that with this additional 

information, the given methods must work more precisely and 

efficiently. 
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Appendix 

Pseudocode: RoI Segmentation Using Otsu’s Method with Preprocessing 

 

Notes for readers: Step 2 is applied only to "cold" clusters to improve contrast before thresholding. Steps 4–5 are optional 

enhancements that increase segmentation quality for low-contrast or detailed structures (e.g., cables). The function 

OtsuThreshold() selects the threshold k that maximizes inter-class variance, per the classic Otsu method. 

https://github.com/anamarigarzon/Predictive_and_Proactive_Maintenance_in_Power_Systems
https://github.com/anamarigarzon/Predictive_and_Proactive_Maintenance_in_Power_Systems
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Flow diagram: RoI Segmentation Using Otsu’s Method with Preprocessing 

 


