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Abstract 

This study discusses the detection of medium voltage insulator cracks using object detection technology. This 

study uses medium voltage ceramic insulator image data at the ULP Daya Waste Material Warehouse. Ceramic 

insulator image data is categorized into good and damaged conditions. Preprocessing involves labeling, dividing 

train data, validation, and testing, and exporting data to Pascal VOC format. MobileNetV2 is implemented on Google 

Collab to train the object detection model. The evaluation of the model accuracy is in the COCO matrix, while the 

performance graph shows that the model can read objects well because the reading curve is in line with the smooth 

curve. Furthermore, this model is applied in creating an Android application that uses the device's camera to detect 

objects in real-time. This application processes images, converts from YUV to RGB, and performs object detection 

using the trained model. The detection results are displayed with bounding boxes and labels on the camera reviewer, 

namely the good class with a reading value of 1.0, the damaged class with a reading value of 0.67 and the background 

1.0. This application also tracks detected objects and updates the display according to the detection results.  
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I. INTRODUCTION 

Maintenance of power system 

equipment is one of the important tasks [1, 2]. 

Insulator failure is a crucial problem in many 

electrical systems, resulting in major 

operational and safety implications. Insulator 

failure in gas-insulated switchgear (GIS) has 

been identified as a significant contributor to 

GIS failure, representing more than 50% of 

recorded events from 2013 to 2019 [2]. To 

reduce insulator failure, it is important to 

implement preventive measures such as 

regular cleaning, inspection, and 

maintenance of insulators and their 

surrounding areas [3]. 

Insulator crack inspections carried out by 

PLN employees so far have been carried out 

manually by observing directly. The 

condition of the insulators installed on the 

medium voltage distribution network at 

certain locations suspected of having cracks 

or using drones, the results of the inspections 

carried out so far have been considered less 

than optimal because it is difficult to see 

cracks or defects in medium voltage 

insulators. 

This study discusses the detection of 

insulator cracks using Artificial Intelligence 

(AI) technology by focusing on the use of 

Object Detection technology in medium 

voltage networks, using the mobileNetV2 

and TensorFlow libraries applied to Android 

smartphone devices[5].  

II. LITERATURE REVIEW 

A. Isolators in medium voltage distribution 

networks 

 

     Isolators are important components in an 

electrical power network system that function 

to separate conductors from other conductors 

or from the ground [4]. In determining an 

insulator to be used in an electrical power 

system, several things need to be noted and 
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considered, namely, the properties of the 

material content with the basic material with 

the ability to withstand bad weather, 

conditions when contaminated and 

considerations of production cost issues [5]. 

 

 

Figure 1Material insulator ceramics 

B. Python Programming Language 

Python was first created by Guido Van 

Rossum at Scitchting Mathematisch Centrum 

(CWI) in the Netherlands in the early 1990s. 

The Python language is motivated by the 

ABC programming language. Guido is still 

the main creator of Python, although it is 

open source, and everyone also participates 

in its development. In 1995, Guido continued 

working on Python at the Corporation for 

National Research Initiative (CNRI) in 

Virginia, America [6]. 

C. Image Processing 

Image processing is the process of 

improving an image or picture. Components 

in image processing include image 

acquisition sensors and image digitization, 

computers, storage memory, visualization 

devices and image printing devices, image 

processing hardware for specific applications 

and image processing software [7]. 

D. Object Detection 

Object detection is one of the important 

tasks in the field of computer vision which 

aims to identify and determine the location of 

objects in images or videos [8, 9]. Object 

detection searches all elements of the image 

to identify sides that have geometry that 

matches the desired object in the database. 

This detection occurs when there is a high 

enough correlation between the template and 

the measured area in the image by scanning 

all positions, scales, and rotations on the 

template in each image. The use of image-

based object recognition has been proven to 

be accurate and precise against training data 

[10]. Object detection is useful for 

recognizing and detecting objects in an image 

based on color, shape, and from the collected 

dataset[11].

 

Figure 2Detection steps object 

E. MobileNetV2 

MobileNetV2 is a neural network 

architecture created by Google for use with 

mobile devices or smartphones. 

MobileNetV2 is the most recent version of 

the previously developed MobileNet 

architecture. MobileNetV2 is designed to be 

small and run quickly on low-end mobile 

devices. MobileNetV2 employs depth-wise 

separable convolution, which allows the 

model to be smaller in size than other CNN 

models. MobileNetV2 has a number of other 

features that improve its power efficiency, 

including the use of bottlenecks and residual 

layers. MobileNetV2 can also be used on 

mobile devices to perform real-time tasks 

like facial recognition, speech recognition, 

and motion detection [12, 13]. 

F. TensorFlow 
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TensorFlow is a computational framework 

for building machine learning models. 

TensorFlow provides a variety of toolkits that 

allow you to create models at your preferred 

level of abstraction and can run graphs on 

multiple hardware platforms, including 

CPUs, GPUs, and TPUs[14]. 

 

G. Google Collaboratory 

 

Google Collaboratory or Google Collab is 

a cloud-based platform for writing, running, 

and sharing Python code through a web 

browser. This platform is designed for 

analysts, developers, researchers, and 

educators working in data science and 

machine learning by providing a flexible and 

easily accessible computing environment at 

no cost. Google Colab also offers the ability 

to run Jupyter Notebook (an open-source web 

app for a combination of code, formatted text, 

and data visualization) directly from a web 

browser without any configuration [15]. 

 

H. Android Studio 

 

Android Studio is a place to create a code 

editor or create new code that contains 

features or settings to develop the usability of 

Android and create commands. There are 

several devices that must be installed in the 

Android Studio application, including the 

Android SDK and Java JDK[16]. 

 

I. Bounding box 

 

A bounding box is an imaginary box that 

surrounds an identified object. The bounding 

box itself is in the form of a box whose size 

is the same as the size of the identified object. 

To create a bounding box itself, use the 

object's upper-left (UL), upper-right (UR), 

lower-left (LL), and lower-right (LR) pixel 

coordinates [17]. 

 

J. Confusion Matrix 

 

A Confusion Matrix is a representation of the 

performance classification of a model in 

binary format that represents the performance 

value of the model created [18] [19]. 

 
             Figure 3. Confusion Matrix 

 

K. Preprocessing Techniques 

 

Preprocessing techniques are the process 

of preparing and transforming raw data into a 

more structured and analysis-ready format. 

This process is very important in data 

analysis and machine learning because it 

helps in producing quality and reliable data 

for further analysis purposes [20]. 

 

L. Labelling 

 

Labelling is the process of providing 

information on image datasets by providing 

bounding boxes or boundary boxes. 

Labelling is done to obtain the coordinates of 

the ground-truth bounding box which will be 

compared with the predicted bounding box so 

that the Intersection over Union (IoU) value 

is obtained [21]. 

 

M. Roboflow 

 

Roboflow is a web platform that has 

functions related to dataset collections. 

Roboflow is a computer vision developer 

framework for better data collection to 
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preprocessing, and model training 

techniques. By using Roboflow, you can 

share datasets while processing the dataset by 

annotating or marking objects to be detected 

using bounding boxes, in addition, pre-

processing can also be used on datasets, for 

example doing grayscale, and augmentation 

using Roboflow [22]. 

III. RESEARCH METHOD 

Data collection was done by taking 

pictures of healthy and cracked insulators. 

The images were then classified into two 

classes, namely the good insulator class and 

the damaged insulator class. Data was 

collected using a Canon camera, to obtain 

clear insulator images. After the data was 

collected, the data needed to be processed to 

remove noise and improve image quality. 

This process can be done using image 

processing software, where the process 

includes noise cleaning and image quality 

improvement. 

The creation of a model to detect insulator 

cracks was created using object detection 

technology. To create the modelling software 

used is Google Collab. Google Collab is a 

cloud-based platform that allows you to write 

and run Python code in a browser with access 

to powerful computing resources, such as 

Graphic Processing Units (GPUs). In Google 

Collab, machine learning models are 

developed. This section includes the creation 

and training of models based on the data that 

has been processed. In the model block, there 

is a sub-block called Technology. Certain 

technologies are used to train the model. This 

technology is a method or procedure used to 

solve machine learning problems. The 

technologies used are MobileNetV2 and 

TensorFlow. MobileNetV2 is a neural 

network architecture optimized for mobile 

and embedded devices. To create efficient 

and lightweight models, suitable for 

applications on devices with limited 

resources. TensorFlow is an open-source 

framework developed by Google Brain to 

build and train machine learning and deep 

learning models. To build and train machine 

learning and deep learning models of 

artificial neural networks, the trained model 

is evaluated using test data. Test data is data 

that is not used to train the model. Model 

evaluation is carried out to determine the 

accuracy of the model in detecting insulator 

cracks. 

 

Figure 4. Procedure Chart Study 

IV. RESULTS AND DISCUSSION  

This study employs primary data in the form 

of images of medium-voltage ceramic 

insulators from the ULP Daya Waste 
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Material Warehouse. The image data was 

taken using a Canon EOS 700D camera and 

then collected into one dataset.  

The dataset of ceramic insulator images that 

have been collected constitutes 227 ceramic 

insulator images with a 1:1 image capture 

ratio. These images include both images of 

insulators that are in good condition and 

images of insulators that are in damaged 

conditions.

 

Figure 5. Good condition insulator dataset 

 

Figure 6. Insulator dataset in Cracked 

condition 

A. Training Dataset Results 

Dataset training results are shown in 

figure 7 to 10. F1-Confidence graph 

illustrates the superior performance of 

the good category over crack in terms of 

F1 score across varying confidence 

levels, highlighting its efficacy in 

classification tasks. Moreover, the 

precision-recall curve in figure 8 

evaluates the classification model’s 

performance across different threshold 

settings, with distinct curves 

representing varying rank values and 

their respective areas under the curve 

(AUC) metrics. 

Finally, The Precision-Confidence 

Curve graph as shown in Figure 9 

demonstrates the classification model’s 

precision across varying confidence 

levels for the ‘Bulk’ and ‘Rusk’ classes, 

with an overall loss annotation at 0.918. 

whereas The Recall-Confidence graph 

compares the recall performance of two 

datasets, good and crack across different 

confidence levels, providing insights 

into the model’s detection capabilities 

under varying conditions. 
 

1. F1-Confidence 

 
Figure 7. F1-Confidence 

Figure 7 shows the results of training the 

dataset on Google Colab, where the 

following results were obtained:  

1) Good Category Class (Good Class) 

The blue line on the F1 Confidence curve 

shows that at a Confidence value of 0.1 – 0.2, 

the F1 score almost reaches 1, which means 

the model is very confident and accurate in 

predicting the class well. When the 

confidence increases from 0.2 to 0.9, the F1 



Jurnal Teknologi Elekterika, 2025, Volume 22 (1): 1-13                                           e-ISSN 2656-0143 

6 

 

score remains high and stable, indicating that 

the performance of the F1 score is consistent. 

A drastic decrease occurs once confidence 

exceeds 0.9, indicating that predictions with 

very high confidence are wrong more often. 

The stability model performs well at most 

confidence values, but a decrease above 0.9 

indicates overconfidence leading to detection 

errors. Thresholds leave an opportunity to 

review and adjust confidence to improve 

prediction accuracy. Threshold is the limit 

value used to determine whether a prediction 

is considered a correct detection or not. 

2) Damaged Category Class (crack class) 

Orange lines indicate damaged scales. The F1 

Curve score, which initially has a value 

between 0.2-0.3 (low), will increase 

gradually with increasing self-confidence, 

until it reaches peak self-confidence at a 

value of 0.4 to 0.6.  The F1 score passes the 

value of 0.6, the curve fluctuates slightly and 

finally declines sharply at a confidence value 

above 0.9. A model whose confidence value 

is unstable is less effective in predicting 

damaged classes if the confidence value is 

low, between 0.2-0.3 (low).  

3) All Classes 

This thick blue line indicates the average F1 

score across all classes at various levels of 

confidence. The highest point was in the F1 

score of 0.88 at 0.654 confidence. 

 

2. Precision-Recall 

 

Figure 8. Precision-Recall 

Figure 8 shows the results of training the 

dataset on Google Colab, where the 

following results were obtained:  

1) Good Category Class (Good Class) 

The blue line on the precision-recall curve 

shows that for the good class it is very high 

over most of the recall range, the value is 

almost close to 1, which means the model is 

very good at classifying good instances with 

few false positives. High precision and recall 

values indicate excellent performance in 

detecting good classes, with mAP (mean 

Average Precision) of 0.992. Precision 

decreases as recall increases closer to 1, 

indicating a trade-off when trying to capture 

all positive instances. 

2) Crack Class 

The orange line shows lower precision 

compared to fairly high recall, decreasing 

drastically after a certain point. This means 

that as the model attempts to identify all 

faulty instances, false positives increase 

significantly, reducing precision. The lower 

precision score indicates that the model more 

often misclassifies non-faulty instances as 

faulty, with an mAP of 0.749. 

3) All Classes 



Jurnal Teknologi Elekterika, 2025, Volume 22 (1): 1-13                                           e-ISSN 2656-0143 

7 

 

The thick blue line reflects the average 

precision-recall across all classes, giving an 

overall mAP of 0.871 at a threshold of 0.5. 

These curves show balanced performance 

across all classes, but also suggest that there 

is room for improvement, especially in 

addressing classes with lower mAPs. 

3. Precision-Confidence 

 

Figure 9. Precision-Confidence 

Figure 9 shows the results of training the 

dataset on Google Colab, where the 

following results were obtained:  

1) Good Category Class (Good Class) 

 The blue line shows the relationship between 

confidence and precision for the good class. 

Precision starts high at low confidence at a 

value of 0.2, and remains high and stable near 

1 when confidence increases to 0.9. High 

precision at all confidence levels shows that 

the model is very reliable in identifying good 

classes with few false positives. Precision 

Stability remains high, indicating that 

positive predictions for the good class are 

very accurate even at low confidence. 

2) Crack Class 

The orange line shows the relationship 

between confidence and precision for the 

precision damaged class starting from a 

lower value at low confidence, and increasing 

as confidence increases to around 0.8. 

increasing precision with confidence models 

more often make prediction errors at low 

confidence, but accuracy increases 

significantly with confidence. The 

importance of high confidence is closely 

related to more accurate predictions for 

damaged classes 

3) All Classes 

The thick blue line depicts the average 

precision across all classes at various 

confidence levels. The highest precision 

value is 1.00 at 0.918 confidence, as shown 

in the legend. Optimal point At confidence 

0.918, precision reaches a perfect value for 

all classes. Performance balance indicates 

that the model has optimal and reliable 

performance when the confidence in the 

predictions reaches this value. 

4. Recall-Confidence 

 

Figure 10. Recall-Confidence 

Figure 10 shows the results of the training 

dataset on Google Colab where the following 

results were obtained:  

1) Good Category Class (Good Class) 

  At low confidence up to around 0.8, recall 

remains high at close to 0.9, indicating that 

the model can detect most of the good classes 
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effectively. Once confidence exceeds 0.8, 

recall begins to decline sharply until it 

approaches 0. High recall at low confidence 

indicates that the model is able to capture 

many good models, but with some errors 

(false positives). 

The drop in high confidence model may miss 

some good instances when only considering 

predictions with very high confidence, 

indicating a trade-off between confidence 

and recall.  

2) Crack Class  

Recall is lower than the good class and is 

relatively constant at a level of around 0.6 to 

confidence approaching 0.8. There is a 

drastic decrease in recall when confidence 

exceeds 0.8. Low recall at all confidence 

levels indicates that the model has difficulty 

detecting all faulty instances, perhaps 

because these classes are more difficult to 

distinguish or because of their lack of 

representation in the training data. A similar 

trade-off of decreasing recall at high 

confidence suggests the model is more 

careful in predicting defective classes, 

perhaps ignoring some positive instances to 

avoid false positives. 

3) All Classes 

The thick blue line depicts the average recall 

across all classes, with the highest value 

being 0.89 at 0.000 confidence. The optimal 

confidence level at this point indicates the 

maximum recall that can be achieved when 

considering all classes at low confidence. The 

trade-off balance provides insight into how 

the overall model balances recall and 

confidence. 

 

5. Confusion Matrix COCO 

 

Gambar  11. Confusion Matrix COCO 

In Figure 11 is the Confusion Matrix obtained 

from the results of training data and model 

creation on Google Colab. This confusion 

matrix consists of three classes good, 

damaged, and background. Following is a 

breakdown of the elements in this matrix. 

Table 1. COCO confusion matrix results 

 

 

 

 

 

 

 

The following is an explanation of Table 

1 below: 

1) True Positives (TP) The main 

diagonal of the matrix, shows the 

number of correct predictions for each 

class. 

2) False Positives (FP) Values in 

columns that do not correspond to rows 

indicate incorrect predictions that the 

model classifies as classes that they 

should not be. 

Actual \ 

Predicted Good Damaged Background 

Good 1.0 0.33 0.00 

Damaged 0.20 0.67 0.00 

Background 0.00 0.00 1.0 
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3) False Negatives (FN) Values in rows 

that do not correspond to columns 

indicate failed predictions where the 

correct class was not correctly identified 

by the model. 

4) True Negatives (TN) Not directly 

shown in this confusion matrix, but can 

be calculated based on other contexts. 

1. Good Category Class: 

a) True Positives (TP): 1.0 

The model identifies all truly good 

instances as a good dataset. 

b) False Positives (FP): 0.33 for the 

Faulty class 

There are a number of instances that are 

actually good but are predicted as 

damaged, indicating that the model has 

an error in distinguishing between good 

and damaged. 

c) False Negatives (FN): 0.20 for Faulty 

class 

Some defective instances were 

incorrectly predicted as good, which 

could be due to the similarity of feature 

characteristics between these two 

classes. 

2. Broken Category Class: 

a) True Positives (TP): 0.67 

The model successfully identified 67% 

of the truly faulty instances. 

b) False Positives (FP): 0.20 for Good 

class 

There were instances that were 

incorrectly predicted as good, indicating 

that the model tends to perceive broken 

as good more often. 

c) False Negatives (FN): 0.33 for good 

class 

Indicates that the model predictions are 

wrong for some instances either as 

broken. 

3. Background Class: 

a) True Positives (TP): 1.0 

All background instances were predicted 

correctly, indicating that the model has 

excellent ability in detecting the 

background. 

b) False Positives (FP) and False 

Negatives (FN): 0.00 

There is no prediction error for this class, 

indicating perfect prediction. 
 

6. Model Performance Matrix Results 

 

Figure 12. Model Performance Matrix 

Figure 12 above displays a graph showing the 

performance matrix of the machine learning 

model during the training and validation 

process. Here is a detailed explanation for 

each chart: 

1) train/box_loss: 

a) This graph shows the loss in the 

bounding box component during training. 

b) The x-axis shows the training epochs or 

iterations, while the y-axis shows the loss 

value. 

c) The loss value appears to decrease 

significantly from around 0.12 to lower 

values as the epoch increases, indicating 

that the model becomes better at fitting the 

bounding box to the object. 

2) train/obj_loss: 

a) This graph shows the loss in object 

components during training. 

b) The x-axis shows the training epochs or 

iterations, and the y-axis shows the loss 

value. 
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c) This loss value also decreases with 

time, indicating improvements in object 

detection. 

3) train/cls_loss: 

a) This graph shows the loss in the 

classification component during training. 

b) The x-axis shows the training epochs or 

iterations, and the y-axis shows the loss 

value. 

c) This loss value decreases from about 

0.03 to lower values, indicating an 

improvement in object classification 

accuracy. 

4) metrics/precision: 

a) This graph shows the precision matrix 

during training. 

b) The x-axis shows the epoch, while the 

y-axis shows the precision value. 

c) The precision value increases as the 

epoch increases, indicating that the model 

is getting more precise in detecting objects 

without too many false positive 

predictions. 

5) metrics/recall: 

a) This graph shows the recall matrix 

during training. 

b) The x-axis shows the epoch, while the 

y-axis shows the recall value. 

c) The recall value increases as the epoch 

increases, indicating that the model is 

getting better at detecting most of the 

objects present. 

6) val/box_loss: 

a) This graph shows the loss in the 

bounding box component during 

validation. 

b) The x-axis shows the training epochs or 

iterations, and the y-axis shows the loss 

value. 

c) This loss value also decreases, although 

it fluctuates slightly more than the loss on 

the training data. 

7) val/obj_loss: 

a) This graph shows the loss in object 

components during validation. 

b) The x-axis shows the training epochs or 

iterations, and the y-axis shows the loss 

value. 

c) Loss values decrease over time, 

indicating improved model performance 

on validation data. 

8) val/cls_loss: 

a) This graph shows the loss in the 

classification component during 

validation. 

b) The x-axis shows the training epochs or 

iterations, and the y-axis shows the loss 

value. 

c) The loss value decreases, indicating an 

increase in classification accuracy on 

validation data. 

9) metrics/mAP_0.5: 

a) This graph shows the mean Average 

Precision (mAP) at a threshold of 0.5 

during training. 

b) The x-axis shows the epoch, while the 

y-axis shows the mAP value. 

c) The mAP value increases as the epoch 

increases, indicating that the model 

becomes more accurate overall in 

detecting and classifying objects. 

10) metrics/mAP_0.5:0.95: 
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a) This graph shows mAP at various 

thresholds from 0.5 to 0.95 during 

training. 

b) The x-axis shows the epoch, while the 

y-axis shows the mAP value. 

c) This mAP value also increases with 

increasing epochs, indicating an increase 

in overall model accuracy at various 

detection thresholds. 

B. Detection Results Use Application 
 

1. Good insulator 

 

Figure 13. Below shows that the 

application is scanning or assessing the 

condition of the isolator. The results show 

that the isolator is still in good condition 

with a reading or confidence level of 

98.04%. The screen is surrounded by a blue 

line indicating the detection area of the 

object being analysed by the application. 
 

 

Figure 13detection area by Android Phone. 

2. Damaged insulator 

Figure 14 below is a reading of the 

application that is analysing the condition of 

an electrical insulator. In this image, there 

are two areas marked with red and blue 

boxes. The red box marks an area that has a 

reading of damaged conditions with a 

confidence level of 73.56%. The blue box 

indicates another area that also has a 

reading of damaged conditions with a 

higher confidence level, namely 99.44%. 

This marker indicates that the application 

has detected damage to the insulator at 

several different points. Each area of 

damage has a different level of confidence, 

indicating how confident the application is 

in identifying the damage. 

 

Figure 14. The cracked of insulator 

detection result 

3. Insulator detection results in the medium  

voltage network  

Figure 59 below is the application detection 

results on insulators installed in the medium 

voltage network where the detection results 

obtained are that the insulator is damaged 

with a reading accuracy value of 73.37%. 
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Figure 15. Detection results on medium 

voltage networks 

V. CONCLUSION  

Based on the results of the discussion that has 

been done, the conclusions of this study are: 

 

1. The medium voltage insulator crack 

detection model was successfully designed 

and implemented using MobileNetV2 and 

TensorFlow technology. 

2. The accuracy of the model in the COCO 

matrix shows that the good class category 

has a reading value of 1.0, the damaged class 

is 0.67 and the background is 1.0, and the 

performance graph shows that the model can 

read objects well because the reading curve 

is in line with the smooth curve. 

3. MobileNetV2 and TensorFlow technology 

as an insulator crack detector has been 

successfully applied to an Android mobile 

phone. 
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