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Abstract - Manual recording of analog kWh meters 

frequently results in user complaints due to discrepancies 

between recorded and actual electricity usage. These issues 

stem from the continued reliance on manual data collection. 

This study proposes a model that automatically detects and 

extracts numerical values from kWh electricity meters 

using the Detection Transformer (DETR) for object 

detection and EasyOCR for optical character recognition 

(OCR). The model was developed using the Machine 

Learning Life Cycle (MLLC) methodology, comprising 

data acquisition, preprocessing, modeling, evaluation, and 

deployment. Evaluation using the Mean Average Precision 

(mAP) metric yielded a score of 96.83%, demonstrating 

high object detection accuracy. The trained model was 

integrated into a simple web application built with the 

Flask framework. While the model performed well on 

high-quality images, its effectiveness declined on low-

quality images, such as blurry or distant captures. This 

study highlights the potential of DETR for object detection 

and OCR-based text extraction in analog meter reading, 

while also identifying challenges in handling suboptimal 

image conditions for future improvements. 
 
Keywords: detection transformer, KWh, MLLC, mean 

average precision, Optical Character 

Recognition  

I. INTRODUCTION 

Electricity is a fundamental resource that supports 

daily human life and business operations. It plays a 

central role in residential activities and is essential for 

industrial and office functions, including communication 

and information systems [1,2]. In Indonesia, electricity 

usage is measured using kilowatt-hour (kWh) meters 

provided by the State Electricity Company (PLN) [3]. 

These meters are categorized into two main types: 

prepaid digital meters and postpaid analog meters [4]. 

The analog meter system allows users to consume 

electricity first and pay afterward, based on readings 

shown on the meter display [5].  

However, manual reading and recording of analog 

meters often lead to user complaints due to discrepancies 

between billed and actual consumption [6]. These issues 

stem from the manual recording process, which is prone 

to human error and inconsistency [7,8]. To address this, 

image processing and machine learning techniques, 

particularly Optical Character Recognition (OCR), have 

been applied to convert meter images into text data 

automatically. CNN- and CRNN-based OCR models 

have been developed to recognize numeric characters in 

structured images [9] In parallel, object detection models 

such as YOLO, Fast R-CNN, and Detection Transformer 

(DETR) have been explored for identifying regions of 

interest in images. DETR, in particular, has shown strong 

performance in object detection tasks by leveraging 

transformer-based self-attention mechanisms [10-13]. 

Studies such as those by [14] and [15] indicate that 

DETR can outperform traditional models like YOLOv3 

in specific contexts due to its end-to-end architecture and 

ability to focus on image context. 

Although DETR and EasyOCR have been widely 

used independently, their integration for analog 

electricity meter reading—particularly in the Indonesian 

context—remains underexplored. Previous studies in 

countries like Brazil and India applied YOLO combined 

with CNN or PaddleOCR for automated meter reading 

(AMR) [16,17]. These systems generally performed well 

but were developed under controlled lighting and stable 

conditions. In contrast, this study proposes a novel 

approach that integrates DETR and EasyOCR to handle 

real-world analog kWh meter images in Indonesia, 

which include variations in lighting, distance, and quality. 

The system is deployed via a lightweight web interface 

built with Flask, enabling practical implementation in 

low-resource environments. This context-aware 

integration addresses existing gaps in AMR research and 

provides a scalable solution tailored for developing 

countries where manual meter reading is still prevalent. 

II. METHOD 

The method used is the machine learning life cycle 

methodology. The machine learning life cycle is the 
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stage in developing and implementing a machine 

learning model. This Machine Learning Life Cycle 

method has six process stages in its development and 

implementation, including Acquisition, Preparation, 

Modeling, and Evaluation [18]. 

Fig. 1 is the flow of the methodology used and will 

explain the stages as follows : 

A. Acquisition 

At this stage, dataset collection is carried out, which 

aims to select data that will later be used in model 

training. In this process, a dataset that is real and follows 

what will be used is needed. The datasets used in this 

study were taken from kWh by taking pictures using a 

cellphone, and some were taken from the internet, which 

had images similar to the kWh used in this study. The 

photos taken are then validated again for suitability with 

the dataset needed for the modeling process. To ensure 

that the model generalizes well in real-world conditions, 

the dataset was collected with considerable variation in 

environmental and technical factors. The images were 

taken under different lighting conditions, including 

natural daylight (morning/afternoon), low-light indoor 

environments, and backlit scenarios, to simulate field 

conditions. Additionally, the camera angles vary from 

frontal (90°) to slightly tilted views (45°–70°), 

representing realistic positioning by human operators. 

The distance between the camera and the kWh meter 

ranged from approximately 20 cm to 1 meter, and the 

images were captured using a variety of smartphone 

models with different camera resolutions. To ensure 

character diversity, care was taken to include images 

displaying all digits from 0 to 9. Preliminary analysis 

showed that the digit distribution across the dataset is 

relatively balanced, minimizing bias during the training 

process. This diversity enhances the robustness of the 

model and supports better performance in unpredictable 

or suboptimal real-world scenarios. 

B. Inspection 

After the dataset is collected or obtained, at the next 

stage, inspection or inspection is carried out on the 

collected dataset so that the dataset is following what is 

used, such as checking the image whether the image is 

correct and can be used or not and if the image is 

appropriate, it will enter the preparation stage later. 

C. Preparation 

After the image dataset has gone through the 

inspection stage, the next stage is the preparation stage. 

At this stage, several activities are carried out. 

1)  Resize: Resize image size is changing the original 

image's dimensions to the dimensions that match what is 

needed or what is used. The goal is that the images used 

are the same size and follow what the model requires. In 

this step, resize the size to make it easier for the model 

to train.   

2)  Labeling: Labeling is a process where raw data 

(images, files, text, videos, etc.) are added with one or 

more informative labels to provide characteristics so that 

the model can learn from the raw data that has been 

labeled [19]. Such labeling is needed or required in 

recognition or detection. 

3)  Augmentation: In this augmentation stage, data is 

added so that the data used is not tiny. This is commonly 

used in deep learning because deep learning is hungry for 

data, so augmentation is done to enlarge the data. 

4)  Split Dataset: Split dataset is a process performed 

in data analysis, especially in machine learning. The 

dataset is divided into two sets, and the purpose of this 

split data is to conduct training and testing on a model 

built with some training data to conduct training and test 

it with test data. The data split is generally at a ratio of 

90% training data and 10% test data; the split for this 

ratio is better for extensive data such as one million data 

and also 80% to 20%, suitable for less large-scale data 

such as from 100 to 10,000 data [20]. 

 

 

Fig. 1 The study methodology 

  



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 13, Issue 2, July 2025 

Transformer-Based Detection ... | Fitriani, L., Sanusi, A., Rismala, R., Tresnawati, D., 135 – 143  137 

D. Modeling 

After data preparation, the next stage is the modeling 

stage. At this stage, the model implementation will be 

carried out using the Detection Transformer (DETR) 

model architecture; DETR will be trained to produce a 

model that can detect objects in the form of numbers on 

electric kWh meters. The Detection Transformer (DETR) 

model was chosen in this study due to its ability to 

perform end-to-end object detection without the need for 

region proposal networks or manual anchor box 

configurations, which are commonly required in YOLO 

and Fast R-CNN architectures. Unlike YOLO, which 

relies on a predefined grid and anchor boxes to localize 

objects, DETR utilizes a transformer-based attention 

mechanism that allows the model to learn object 

positions and relationships directly from the input 

features. This makes DETR particularly effective in 

handling small and closely spaced objects, such as the 

digits on analog kWh meters. Moreover, DETR’s ability 

to incorporate global image context helps improve 

detection performance in cases with noisy or low-

resolution input images—conditions that are common in 

field-captured meter images. These advantages support 

the selection of DETR over traditional detection models 

for this specific application. 

E. Evaluation  

The model evaluation aims to measure the extent to 

which the model functions properly in detecting objects 

in the form of electricity meter numbers and bounding 

the detected number box.  The metric used to measure 

the performance of the DETR model, namely Mean 

Average Precision (mAP), is that the better the mAP 

value, the better the model detects objects [21]. With a 

value between 0 and 1. The higher the score or the closer 

to 1 the mapping score generated, the better or more 

accurate the model will detect [22]. 

DETR, in measuring the performance of its model, 

can use the Mean Average Precision (mAP) metric. MAP 

is usually used to measure object detection performance 

by considering classification and localization. Not only 

that, mAP consists of Precision-Recal (PR), Area Under 

the Curve (AUC), Multiple Object Categories (MOC), 

and also Intersection over Union (IoU). AUC is 

considered when calculating mAP to balance the trade-

off of PR. In each category, the curve of PR is calculated 

by varying the prediction confidence of the model. Each 

class's average Precision (AP) will be calculated 

individually by sampling from the PR curve to classify 

and localize some ECG categories. Next, each class 

calculates the AP at the IoU threshold (AP50-90) and the 

Mean AP (mAP50-90). Finally, the overall AP is 

calculated with the mAP at each IoU threshold [23]. With 

the formula shown in (1). 

 𝑚𝐴𝑃 =
1

𝑁
∑ 𝐴𝑃𝑖
𝑁
𝑖=1  

As for the calculation of precision and recall 

(sensitivity), which is a standard metric used in 

arrhythmia classification [24] With the formula shown in 

(2) and (3). 

Presisi =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, 

F. Deployment 

This deployment aims to apply the results of the 

model performance on a simple web where the web only 

has image select and image upload features, and the 

framework used for the simple web uses the Flask 

framework from the Python programming language. 

III. RESULT AND DISCUSSION 

The research used the Machine Learning Life Cycle 

(MLLC) [25] Method with the results of object detection 

in numbers on kWh electricity meters using the 

Detection Transformer (DETR) architecture, a model 

used for object detection fields. The first layer is the 

CNN backbone, where this layer performs feature 

extraction from images with low resolution. Later, the 

features that have been extracted will be used by the 

encoder and decoder. By decreasing the image's 

resolution, the model can later reduce computation 

complexity by maintaining important information 

needed by object detection. The encoder layer has a 

Multi-head Self Attention architecture. The Feed 

Forward Network (FFN) will process the features that 

have been extracted by the backbone and change the 

resolution of the image to lower and also the feature map; 

after that, it will be processed in the decoder section, 

which will process the query object and present the 

encoder in parallel, this process will ensure the 

performance of the model in detecting objects accurately. 

The last layer is Prediction Heads, where the results that 

the decoder has processed will be predicted from both the 

class and the location of the bounding boxes. The dataset 

used in the study is an analog electricity kWh meter 

image collected by photographing kWh from house to 

house, which will later be processed for use in object 

detection training in the form of numbers on the 

electricity kWh meter. Then, the model trained with the 

data will go through the final stage, namely model 

evaluation with different datasets. These, namely test 
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data, have been prepared to see the performance results 

of the model that has been trained. 

A. Acquisition 

The stages carried out in the first stage is data 

collection, where the data used is analog kWh meter data 

generated by photographing kWh using a cellphone on 

each analog kWh in the environment around the 

researcher and validated by researchers whether object 

detection can be done or not. Here is a sample of the data 

that can be collected later in the next stage. 

Fig. 2 is the raw data of 300 images, which will go 

through several stages to be done later for modeling. 

B. Inspection 

The raw data collected is inspected, and the data 

collected is by what is needed; this is where the 300 

image data is an analog kwh in Indonesia and is used by 

PT. PLN Indonesia, and each image has an object in the 

form of numbers that can be detected; data on what is 

needed will be prepared first at the preparation stage.  

C. Preparation 

Data preparation will be carried out according to 

what is needed for training; at this stage, three stages 

are carried out, and the following are done at this 

stage. 

1)  Resize: In the first stage in the preparation section, 

a size resize is carried out where the raw data containing 

300 image data is resized to a size of 640x640 pixels. 

This is done so that the data is the same size, which 

makes it easier for the model at the training stage. The 

size is based on previous images, mostly 640px, so the 

image is resized to a size of 640x640 pixels.   

2)  Labeling: At the dataset labeling stage, the data 

will be labeled using tools from roboflow, where the 

label is the location of the bounding boxes. The dataset 

labeling process is shown in Fig. 3. 

In Fig. 3, the image is labeled by providing a 

bounding box, which will get an annotation of the 

location of the bounding box created. The following 

annotation images are shown in Table I. 

Table I shows the id, image, category, box, area, and 

crowd, which will be used in the training model stage. 

3)  Augmentation: At this stage, the data that has been 

annotated will be augmented to get more data. The 

augmentation stage has four stages, namely the first stage 

of cropping, the second stage of rotation with between -

15% and +15%, Saturation with between -25% and 

+25%, and Exposure with between -10% and +10%. This 

is done because the previous data is 300 images. Data 

obtained after performing augmentation The total data 

generated by performing augmentation is 712. 

4)  Split Dataset: At this stage, the data will be 

divided into three parts where there is a train section for 

training, valid to validate the data that has been trained, 

and test to perform testing on data that has been trained 

and validated previously to see later how far the model 

works in detecting objects. The data split carried out in 

this study uses roboflow tools, with 80% training data, 

10% validation data, and 10% test data. 

 

Fig. 2 Analog kWh meter dataset 

 

Fig. 3 Labeling dataset 

TABLE I 

ANNOTATIONS IMAGES 

No Id  Image Id Category Id Bbox Area Iscrowd 

1 24 24 1 223, 231, 150, 30 4500 0  

2 25 25 1 127, 109, 377, 84.5 31856.5 0 

3 26 26 1 137, 40, 326, 82.5 26895 0 

4 27 27 1 142, 77, 246, 54 13284 0 

… … … … … … … 

300 300 300 1 101, 147, 312.5, 63 19687.5 0 
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D. Modeling 

The stage carried out at this stage is to create a model 

by training the model using the data prepared in the data 

process. The model architecture used is the Detection 

Transformer (DETR). 
In Fig. 4, the first layer after the image is inputted, the 

image will enter the CNN backbone to extract low-

resolution features from the image. The encoder and 

decoder will process the extracted features. This layer 

will produce a feature map with the input image's 

semantic and spatial representation. After the map 

features are generated, it will pass Positional Encoding; 

this is important because the transformer does not have 

position information by default. Positional encoding is 

used to provide position information for each map 

feature.  

The next layer is the transformer encoder layer; this 

layer has self-attention layers that are used to pay 

attention to the global relationship between features in 

the entire image; in addition to self-attention, there is also 

a feed-forward network (FFN), which is used to process 

information and improve feature representation. 

The next layer is the Transformer Decoder; this layer 

has object queries that detect specific objects in the 

image, which are then entered into cross-attention layers 

to make the object query interact with the features 

produced by the encoder. After passing through the 

cross-attention layers, it will enter the FFN, where it 

processes and creates the final representation of the 

query object. 

After that, it will enter the Prediction Heads layer to 

predict the class and bounding box. 

After creating the architecture, enter the model 

definition section with the hyperparameters used: the 

learning rate, how fast the model learns, weight decay to 

prevent the model from knowing too much training data, 

and the epoch for how long the model sees data samples.  

After preparing everything, the data will be trained 

using the previously prepared model. 

As for the DETR model that has been trained, it will 

be integrated with EasyOCR so that after DETR detects 

numbers, the numbers that have been detected will be 

extracted from the image into text in the form of strings. 

Figure 4 shows the integration of DETR and EasyOCR. 

Fig. 5 is the integration between DETR and EasyOCR, 

where when the image, after passing through the 

backbone, encoder, decoder, prediction heads, and 

produces an image with a bounding box, the image will 

be cropped based on the location of the bounding box, 

then grayscale, and the image will be blurred to remove 

noise, after that it is thresholded so that the image 

becomes binary which is black and white, and then 

extracted using EasyOCR into text in the form of a string. 

E. Evaluation 

After training, the next stage is the model evaluation 

stage; this stage will evaluate the test data that has been 

prepared previously and the evaluation results using the 

mapped metric with several trials. The results of the 

experiment shown  in Table II.

 

Fig. 4 Architecture model Detection Transformer (DETR) 

 

Fig. 5 Integration between DETR and EasyOCR 
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TABLE II 

EVALUATION RESULTS 

Hyperparameter Experiment 1 Experiment 1 

Epoch 100 200 

Learning rate 1e-4 1e-4 

Weight decay 1e-4 1e-4 

Result mAP 0.9048 0.9683 

Table II shows that the evaluation results with the 

mapping matrix obtained in the first experiment were 

0.9048 and 0.9683 in the second. The results obtained by 

increasing the epoch size exceed the first trial mAP, with 

an mAP value of 0.9683. The mapped value is close to 1, 

which indicates that the model can work well and can 

detect objects consistently in various conditions, whether 

size, position, or light. 

The integration results of DETR and EasyOCR, 

where EasyOCR is used to extract images to text. The 

results of the integration shown in Table III. 

Table III shows the DETR model integrated with 

EasyOCR. In some images, the model can detect 

numbers well, the model can detect objects in the form 

of numbers, and EasyOCR can extract pictures into text, 

but in some images from image to text using EasyOCR 

has not been able to extract properly, object detection in 

the form of numbers and poor image extracts can be 

influenced by poor image quality and can also be due to 

the distance of the image that makes the detection model 

and also EasyPCR cannot extract properly. Although the 

DETR model achieved strong performance in detecting 

numerical regions on kWh meter images—demonstrated 

by an increase in mAP from 0.9048 to 0.9683—OCR 

accuracy using EasyOCR showed inconsistencies, 

particularly on low-quality images. Several factors 

contributed to the OCR failure, including image blur 

caused by hand movement, low contrast between digits 

and background due to lighting conditions, excessive 

image noise, and the presence of small-sized digits 

captured from a distance. These factors reduce the clarity 

of the cropped digit regions, thereby affecting 

EasyOCR’s ability to segment and recognize characters 

accurately. To mitigate these issues, future 

enhancements could incorporate preprocessing 

techniques such as image denoising, contrast 

enhancement, and super-resolution. Image denoising can 

help remove background artifacts, contrast enhancement 

can improve the distinction between digits and meter 

casing, while super-resolution techniques—such as 

ESRGAN or Real-ESRGAN—can upscale low-

resolution digit regions to improve clarity. Implementing 

these steps before feeding the cropped regions to 

EasyOCR is expected to improve recognition accuracy, 

especially under non-ideal field conditions. 

F. Deployment 

At this stage, the model evaluated with good results 

will be implemented into a simple web with flow in Fig. 

6. 

In Fig. 6, the flow of the deployment model that has 

been trained will be applied to the web using the flask 

framework. By starting and then entering the image input, 

after the image is inputted, object detection will be 

carried out using DETR; after finding the location results 

of the numbers listed on the kWh meter, image 

processing will be carried out so that the numbers listed 

can be extracted properly, the first stage in processing the 

image is to crop the image, grayscale, then blur and 

finally threshold. After the image goes through the image 

processing stage, the numbers in the image will be 

processed by EasyOCR for extraction from image to text 

and in the form of strings. The initial appearance of a 

simple web is shown in Fig. 7. 

In Fig. 7, select and upload images are displayed on 

the initial display. When the image is uploaded, the 

image will be processed for number detection in the 

uploaded image. The results of the image that was 

detected in Fig. 8 are presented. 

TABLE III 

EASYOCR RESULTS 

Image Prediction 

Boxs 

Results 

Number kWh 

Confidence 

 

0,99 191447 0,47 

 

0,99 60624 0,40 

 

0,98 0215 0,70 

 

0,97 1169 0,41 
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Fig. 8 displays an image with a bounding box that has 

been processed and gets the detection results on the 

numbers. After the bounding box location is found in the 

image, it will be processed at the image processing stage; 

this stage aims to prepare the image so that it can produce 

an image-to-text extraction properly; the first step is to 

crop the image so that the image size becomes smaller, 

then do grayscale so that the image becomes 2-

dimensional black and white or gray after that enter the 

blur stage to remove noise in the image, after doing blur, 

the image will be thresholding, which helps convert 

grayscale images into binary images, where each pixel 

has two values where the value zero is black, and one is 

white. This step makes it easier for EasyOCR to extract 

images to text. After going through the image processing 

stage, the image will enter the image-to-text extraction 

stage using EasyOCR. The following is the output of the 

processed image, as shown in Fig. 9. Fig. 9 (a) displays 

the output of the processed image results, where 

prediction results from the DETR model get 99% 

detection of numbers on the kWh meter and the results 

of image-to-text extraction. EasyOCR can extract the 

image and text it correctly. Fig. 9 (b) displays the results 

of the experiment process on images that have poor 

quality; in the image, the number detection model gets a 

prediction of 0.97, which is where the model can work 

well in detecting, but for image extracts, EasyOCR 

cannot extract properly, where the output produced is 7 

&, with a confidence value of 0.46. 

G. Discussion 

This study demonstrates that the Detection 

Transformer (DETR) model can accurately detect 

numbers on kWh meters, achieving a high Mean 

Average Precision (mAP) of 96.83%. DETR 

outperforms other models, such as YOLO and Fast R-

CNN, due to its simple end-to-end architecture and self-

attention mechanism, which enables the model to focus 

on the context of the image. The integration with 

EasyOCR allows automatic extraction of numbers from 

images, although performance declines with low-quality 

images, such as blurry or poorly lit photos. This model 

has the potential to be implemented in an automated 

meter reading system, improving efficiency, reducing 

recording errors, and facilitating real-time customer data 

management. Future research could enhance the model's 

performance on low-quality images by expanding the 

training dataset, exploring advanced architectures like 

Deformable DETR, and incorporating AI-based image 

enhancement techniques such as super-resolution and 

deblurring to improve image clarity before detection and 

extraction. Additionally, future work could explore 

integration with IoT devices for real-time meter reading 

automation and develop post-processing algorithms to 

improve OCR accuracy for challenging characters. In 

comparative object detection studies, DETR has shown 

competitive or superior performance to conventional 

models such as YOLOv5, especially in structured 

environments with densely packed or overlapping 

objects. For instance, Chen et al. (2022) demonstrated 

that DETR achieved more stable precision in detecting 

small targets compared to YOLOv5 and Faster R-CNN 

in industrial image contexts. In the context of this study, 

DETR's transformer-based architecture—with its global 

attention mechanism—enables the model to capture 

spatial relationships and contextual patterns more 

effectively, making it well-suited for detecting digits on 

analog kWh meters, which often appear with minimal 

spacing and variable placement. Another advantage of 

DETR is its robustness with limited training data [26]. 

While many deep learning models require thousands of 

images to generalize effectively, DETR benefits from its 

attention-based mechanism that learns holistic 

representations across the entire image. This allows the 

model to maintain high detection performance (mAP 

96.83%) even with a relatively small dataset (712 images 

after augmentation). In contrast, models like YOLOv5 

rely more heavily on dense anchor-based localization, 

which can be sensitive to small dataset variations and 

require extensive fine-tuning. These architectural 

advantages explain DETR’s strong performance in this 

study, making it a suitable choice for object detection 

tasks involving localized digit patterns with limited 

training samples. 

 
Fig. 6 Flow website 

 

Fig. 7 Web start view 
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Fig. 8 Bounding box 

  

(a)                                                                                       (b) 

Fig. 9 Output (a) and Poor quality image output (b) 

 

IV. CONCLUSION 

This study demonstrates that the Detection 

Transformer (DETR) model, developed using the 

Machine Learning Life Cycle (MLLC) methodology and 

trained on 712 augmented analog kWh meter images, 

achieved a high object detection performance with a 

mean average precision (mAP) of 96.83%. The model 

was effectively integrated with EasyOCR and deployed 

through a lightweight web interface using the Flask 

framework. While the system performs well on high-

quality images, it faces challenges when processing low-

quality inputs such as blurred, noisy, or distant images. 

Overall, this integrated approach offers a promising 

solution for automated meter reading in real-world 

environments, though further improvement is needed to 

enhance performance under suboptimal image 

conditions. To enhance system robustness and scalability, 

future work may explore the integration of IoT-based 

devices for real-time and remote meter reading, 

eliminating the need for manual field data collection. In 

addition, applying image enhancement techniques such 

as super-resolution or contrast normalization could 

improve OCR accuracy on low-quality inputs. From the 

model perspective, advanced architectures like 

Deformable DETR may provide better adaptability to 

small or irregularly spaced digits. Furthermore, while 

EasyOCR was chosen for its simplicity, exploring 

alternative OCR engines such as Tesseract or 

PaddleOCR could offer improved performance, 

especially under more complex or noisy conditions. 

Comparative evaluation of these alternatives may help 

determine the most suitable OCR engine for large-scale 

deployment in diverse operational settings. 
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