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 With the increasing demand for efficient digitalization and the relevance of 

handwriting communication, this study aims to develop an application to 

recognize and predict handwriting using a Convolutional Neural Network 

(CNN) with ResNet50 architecture. The software development life cycle 

(SDLC) is an incremental model with two increments. The first increment is 

used to build the model, and the second increment is used to build the user 

interface. In the first increment, the data used in this study is handwritten 

images of Latin uppercase, Latin lowercase, and Arabian numerals with 62 

classes. The training data used English Handwritten Characters by Dhruvil 

Dave from Kaggle Dataset. Data was trained and validated using k-fold cross-

validation with tenfold and ten epochs for each fold. The model has accuracy, 

precision, recall, and f1-score of 66.33%, 73.4%, 66.2%, and 66%, 

respectively. The second increment was used to develop the application. The 

application was developed using Python 3.8 programming language with 

Tkinter, PIL, Tensorflow, Keras, and OpenCV libraries. The functional 

application can work as expected based on the black box testing. The 

developed application can predict handwriting with up to 50% accuracy. 
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1. INTRODUCTION 

The subject of image processing and pattern recognition is receiving a lot of attention these days, 

ranging from handwriting, facial patterns, fingerprints, and printed character pattern identification. Because of 

this, scientists need to enhance computer’s ability to recognize and represent patterns [1]. Handwriting patterns 

are unique to each person. It is natural for people to have handwriting that is challenging to read because each 

person writes differently. The hard-to-read handwriting makes it difficult to carry out regular tasks, including 

transactions and administrative work. 

There are studies that recognize the handwriting in other languages that have special characters such 

as Bangla[2], Arabic [3], [4]Thai [5], [6]. Some studies also developed applications to help read handwriting 

in different characters such as Android based applications for teaching aid for kindergarten to primary school 

level students to help them practicing their handwriting using CNN [7] and an Android based application to 

recognize text or characters using CNN and BiLSTM model for the text recognition [8].  

Convolutional Neural Network (CNN) is a popular algorithm for pattern recognitio [9], [10], [11], 

[12], [13], [14]. CNN uses images as input. Then, the images will be extracted to get features and reduce the 

size without altering their quality [15]. Because of this, CNN has gained popularity and achieved positive 

outcomes [16]. In the study “Comparison of the Performance of CNN LeNet5 and Extreme Learning Machine 

in Handwritten Image Recognition of Numbers”, handwritten patterns of numbers were recognized with an 
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accuracy of 98.04% using the CNN combined with the LeNet5 architecture [17]. In addition, CNN is frequently 

used to identify writing in foreign scripts. The study “Recognition of Arabic Script Handwriting Patterns Using 

the Convolution Neural Network Method” yielded the best accuracy rate of 78.10% in handwriting recognition 

on Arabic script [16]. Moreover, research entitled "Convolutional Neural Network (CNN) for Hiragana 

Character Identification" to recognize handwriting in the Japanese Hiragana script obtained an accuracy of 

82% [18]. 

Convolutional Neural Network (CNN) algorithms have various architectures, including LeNet, 

AlexNet, VGGNet (Visual Geometry Group), GoogLeNet (Inception), ResNet (Residual Network), and others 

[19]. The ResNet architecture reduces the level of difficulty in training, which results in increased performance 

in training and generalization error [20]. Jayakanthan et al., in research entitled “Handwritten Tamil Character 

Recognition Using ResNet,” proved that the ResNet architecture succeeded in obtaining the highest accuracy 

with an accuracy of 96.014% compared to the VGG-16 architecture, GoogLeNet, as well as the SVM (Support 

Vector Machine) algorithm, and Gabor Filters with SVM [21]. Atliha and Šešok compared the VGGNet 

architecture with ResNet for creating image captions in a study entitled "Comparison of VGG and ResNet used 

as Encoders for Image Captioning” [22]. It proves that the ResNet architecture achieved higher accuracy and 

lower loss than VGGNet in the training stage and validation. 

This research will develop an application for recognizing handwritten images and transforming them 

into digital text. The CNN algorithm used to build the model because CNN is a better success than other 

algorithms and and used to solve of most latin languages. The Incremental Software Development Life Cycle 

(SDLC) method used to develop the application and used the Python 3.10 as the programming language. The 

Incremental method was chosen because the application development will be carried out in stages until it meets 

the user's needs [23]. 

 

2. METHOD 

 
Figure 1. Research Flow 

 

Figure 1 shows the research flow that used in this study. It started with data collecting. After the data 

has been collected, the next step is application development. The SDLC used in this study is the Incremental 

Model. It is divided into two increments. The first increment is learning model development. The second 

increment is application development. 

2.1. Data Collection 
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Figure 2. English Handwritten Characters Dataset Samples 

The primary data in this study is handwritten. The handwritten data taken from Kaggle.com is named 

English Handwritten Character by Dhruvil Dave. It is used to train the model. It has 3410 images that contain 

uppercase, lowercase, and Arabic numbers [24]. Training used k-fold cross-validation with ten folds. K-fold 

cross-validation divides the data into k folds, each used as testing data and the rest used as training data [25]. 

Figure 2 shows the samples of handwritten images in the English Handwritten Characters Dataset.  

The case test data was handwritten by 16 people. They are asked to write “the quick brown fox jumps 

over a lazy dog 0123456789”. Writing is done by randomizing capital and lowercase letters and randomizing 

numbers. Writing sentences will use a pen with blue ink, as shown in Figure 3. The handwriting will be filtered 

first to remove noise. After filtering, handwriting will be segmented per letter to be used as case data. 

 

 

 
Figure 3. Case Test Data 

 

2.2. Incremental Model 

This study used the Incremental Model as SDLC to develop the application. The incremental model 

divides the requirements into multiple standalone modules [26]. Each increment consists of analysis, design, 

code, and test, as shown in Figure 4. In this study, two increments. The first applies the model's logic and trains 

the model with the dataset. Its process consists of system requirements analysis, model logic design, design 

implementation, and prediction model testing. The second one is developing an application through 

requirements analysis, the application design, implementation of the design, and testing the application. 

 

 
Figure 4. Case Test Data [27] 

 

2.2.1. First Increment: Learning Model Development 

The first increment is used to develop the learning model. In this stage, the features were extracted 

from the English Handwritten Character dataset by Dhruvil Dave. It is divided into four steps: analysis, design, 

code, and test. The analysis steps are used to analyze the requirements of the learning model. The next step is 

design, it used to design the flow of learning model development. The third step is code, it used to implement 

the design using Python programming language. The last stage is the test, which is used to evaluate the learning 

model using accuracy, precision, recall, and f1-score. 

2.2.2. Second Increment: Application Development 

The second increment is used to develop the application. This stage is divided into four steps: analysis, 

design, code, and test. The analysis step is used to describe the requirements to develop the application. Then 



89 

Journal of Applied and Research Computer Science and Information Systems  

 

Development of An Application Transforming Handwriting into Digital Form using CNN … (Claudio Josulin) 

the design step is used to design the user interface application. It is implemented in the code steps into an 

application. In the last step or test, the application test uses black box testing to test the application 

functionalities. 

 

3. RESULTS AND DISCUSSION 

This study used an incremental model that was divided into two increments. The first increment was 

used to develop the training model, and the second was used to develop the application. 

3.1. Increment I 

 The first increment is used to develop the training model. It is divided into four steps: analysis, design, 

implementation, and testing. 

3.1.1 Analysis 

This study began with collecting handwritten image data in .png format. Figure 5 shows the labels in 

the .csv file, so this research is supervised learning. In the dataset, there are ten numbers (0-9), 26 capital letters 

(A-Z), and 26 lowercase letters (a-z), so there are a total of 62 labels in the dataset. Each character has 55 

images with a size of 1200x900 pixels. 

Feature extraction was done using the ResNet algorithm with 50 convolution layers or ResNet50. 

Figure 5 shows the ResNet with 50 convolution layers or ResNet50. The feature extraction results will be 

classified into 62 classes. The entire feature extraction process is carried out using the Keras library. 

Meanwhile, the model evaluation will be carried out using the Scikit-Learn library.  

In theory, the more learning layers, the better the quality of the resulting model will be as long as 

over-fitting can be overcome. However, many architectures suffer from the problem of “vanishing gradients” 

[28]. The vanishing gradients problem is a problem experienced by algorithms that update weights using a 

gradient basis, such as back-propagation, where the more learning layers used, the harder it will be for the 

model to identify light problems [29], [30]. The ResNet architecture is designed to solve this problem.  

 

 
Figure 5. Labeled Dataset 

ResNet guarantees that increasing learning layers will not produce worse accuracy than the algorithm 

with fewer layers [28] He et al., as the pioneer of the ResNet method, compared the conventional neural 

network (plains) method with ResNet, which uses 18 layers and 34 layers on the ImageNet 2012 dataset, 

respectively. The plains-18 method produces an error percentage of 27.94%, while the plains-34 method 

produces an error percentage of 28.54%. Meanwhile, the ResNet-18 and ResNet-34 methods have an error 

percentage of 27.88% and 25.03%, respectively[31]. Increasing the learning layer will not reduce the model's 

accuracy. 

3.1.2. Design 

This step will focus on the architectural design of the process to be carried out. Before processing the 

image, it will be resized to 224x224 pixels. The image format was originally black and white (grayscale) and 

was changed to RGB. The ResNet architecture can only receive images with three color channels. Because the 

existing labels are not all in number format (integer or float), one-hot encoding will be carried out, replacing 

labels in string form with array form with many columns that match the previous label. The array will then be 

made into an integer form whose encoded results are as in Table 1. 

Table 1. Encode Label 
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Label Encode  Label Encode  Label Encode 

0 0.  .L 21.  g 42. 

1 1.  M 22.  h 43. 

2 2.  N 23.  i 44. 

3 3.  O 24.  j 45. 

4 4.  P 25.  k 46. 

5 5.  Q 26.  l 47. 

6 6.  R 27.  m 48. 

7 7.  S 28.  n 49. 

8 8.  T 29.  o 50. 

9 9.  U 30.  p 51. 

A 10.  V 31.  q 52. 

B 11.  W 32.  r 53. 

C 12.  X 33.  s 54. 

D 13.  Y 34.  t 55. 

E 14.  Z 35.  y 56. 

F 15.  a 36.  v 57. 

G 16.  b 37.  w 58. 

H 17.  c 38.  x 59. 

I 18.  d 39.  y 60. 

J 19.  e 40.  z 61. 

K 20.  f 41.    

 

 

 
Figure 6. Flowchart of Increment I Process 

The model in this study used the CNN algorithm with the ResNet-50 architecture, which has 50 

convolution layers for feature extraction. Meanwhile, the weights that will be used are pre-trained weights from 

ImageNet. Data validation will use k-fold cross-validation with ten-fold. Model training on each fold will use 

ten epochs. The resulting model will be tested using data testing, which will use a confusion matrix. Figure 6 

is the flowchart of the Incremental I process. 

3.2.3. Implementation 

In the implementation stage, the process of applying the design made into code will be carried out. 

The model will be created using the Python 3.8 programming language. The model-building process will use 

various Python libraries, including the OpenCV library for image data processing, the Keras library for building 
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feature extraction and class classification, and the Scikit-Learn library for one-hot encoding, k-fold cross-

validation, and confusion matrix. 

3.2.3. Test 

The testing stage used a confusion matrix to test the model using testing data. The confusion matrix 

is square (dimensional nxn), where the rows represent the actual groups (labels) and the columns represent the 

groups (labels) predicted by the model [32]. In binary classification, the confusion matrix dimension 2x2 matrix 

that reports the number of True Positives (TP) or the number of 1 label that is predicted to be 1, True Negatives 

(TN) or the number of 0 labels that are predicted to be 0, False Positives (FP) or the number of 0 labels that are 

predicted to be 1, and False Negative (FN) or the number of labels 1 predicted 0.  

[
𝑇𝑃 𝐹𝑁
𝐹𝑃 𝑇𝑁

]      (1) 

Equation 1 is the confusion matrix. The confusion matrix can calculate accuracy, precision, recall, 

and F1-score. Equations 2, 3, 4, and 5 are the equations to calculate accuracy, precision, recall, and F1-score, 

respectively.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
      (2) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
      (3) 

  

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
       (4) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
     (5) 

 

The model validation used 10-fold cross-validation to validate the model. The 3410 images are 

divided into ten folds. Every fold has 341 images, meaning 3069 images are used as training data and 341 as 

testing data. The testing used ten epochs. Table 2 shows the result of the model validation. The validation 

model obtained average accuracy, precision, recall, and f1-score of 66.33%, 73.4%, 66.2%, and 66%, 

respectively. 

Table 2. Result of 10 Folds Cross Validation 
Fold Accuracy Precision Recall F1-Score 

1 68.32% 74% 68% 68% 

2 70.96% 77% 71% 71% 

3 66.86% 79% 67% 68% 

4 52.19% 54% 52% 49% 

5 77.12% 83% 77% 77% 

6 72.14% 75% 72% 71% 

7 67.15% 71% 67% 66% 

8 60.41% 76% 60% 62% 

9 67.74% 74% 68% 68% 

10 60.41% 70% 60% 60% 

Average 66.33% 73.4% 66.2% 66% 

 

 The accuracy and loss will be visualized after all the folds have been iterated. Figure 7 (a) shows the 

accuracy graph of each fold. Meanwhile, Figure 7 (b) shows the loss graph of each fold. Based on Figure 7 (a), 

the best accuracy was obtained in the fifth and worst in the fourth fold. The highest loss was obtained in the 

fourth fold and the lowest in the fifth fold. 

 
(a)                                                                                      (b) 

Figure 7. Visualization of Accuracy and Loss Every Fold 

3.2. Increment II 
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 The second increment is used to develop the application. It is divided into four steps: analysis, design, 

implementation, and testing.  

 

3.2.1. Analysis 

 The analysis stage at Increment II gathers the requirements to develop the application. The application 

will implement the model developed in the previous increment. The application must have features that support 

predicting case data against the model in Increment I. The features that are implemented are the search image 

button to search for images using File Explorer from Windows and display the selected image and the 

prediction button to predict the image that has been selected and display the prediction on the second display. 

The model and application were developed using Python 3.8 and Library Tkinter, PIL, Tensorflow, Keras, and 

OpenCV. 

 

3.2.2. Design 

The next step is design. This stage is used to develop the design of the application. The developed 

design must meet the needs of the Analysis stage. Figure 8 shows the flow to develop the user interface. It 

started with an analysis of the application and then developed the UI mockup. After that, implement the 

mockup into code to be an application user interface.  

 

 
Figure 8. The Flow of Increment II 

  

 
Figure 9. Mockup the application 

Figure 9 is the mockup of the application. It will have two displays. The left display will show the 

image that will be predicted, and the right one will show the prediction result. Between the two displays, there 

will be two buttons. They are the “search the image” and the “prediction” buttons. 

3.2.3. Implementation 
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 The implementation phase will focus on creating the application. All activities in Incremental I will 

be applied at this stage. The application development used the Tkinter library to build the application and the 

PIL library to process images so the Tk widget could display them. The model from Incremental I will be used 

to predict the input image. Figure 10 is the user interface of the application when it started.  

 

 
Figure 10. User Interface of The Application 

 

Figure 11 shows the interface when the user wants to insert the image that wants to be predicted or press the 

“cari gambar” button. It will pop up a new window to search the image. 

 

 
Figure 11. User interface when choosing “Cari Gambar” Button 

 

The file that can be opened must be in format PNG, JPG, or JPEG. When the user tries to choose an image in 

other formats, the application will notify the user in a pop-up window that the image that is predicted is an 

invalid format. Figure 12 shows the notification when the image is in an invalid format. 

 
Figure 12. User Interface when choosing an invalid format 

Figure 13 shows the interface when the user chooses the right image format. The image will be shown on the 

right side of the window. 



94 

    

Journal of Applied and Research Computer Science and Information Systems, Vol. 1, No. 2, Des 2023: 86-99 

 
Figure 13. User Interface when choosing a valid format 

 

After the user successfully selects an image that matches the format, the user can press the "Prediction" button 

to predict the letters according to the selected image. The prediction results will appear on the right side of the 

window, displaying the top three predictions. Figure 14 shows the interface when the application successfully 

predicted the image. 

 

 
Figure 14. User Interface when successfully predicting the image 

3.2.4. Test 

Table 4. Result of Black Box Testing 
Function that 

tested 

Expected Result Success/ Failed 

“Cari Gambar” 
Button 

 

The application can load image types PNG, JPG, JPEG Success 

The application can not load image types other than PNG, JPG, JPEG Success 

The application can show the image in the main window Success 

“Prediksi” Button The application can process the image Success 

 The application can show three top predictions and accuracy Success 

 

 Application testing used black box testing. Testing is carried out on all features in the UI to determine 

the success of each existing function. Black box testing is functional testing of an application based only on 

application specification information [33]. Table 4 shows the result of the black box testing on application 

specification. Based on the results, all the functions that were tested are successfully running well. 

 The case test used 16 handwritten letters from 16 people. The case test data consists of 687 letters 

with a size of 224x224 pixels. Case test data choose 10 letters randomly to test the accuracy of the model 

already made. Table 5 shows the result of the test case. 

 

Table 5. Case Test Result 
Image First Probability Second Probability Third Probability 
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F 

55.51% 

f 

29.25% 

l 

7.31% 

 

h 
99.82% 

A 
0.08% 

n 
0.06% 

 

N 

87.22% 

M 

12.49% 

n 

0.07% 

 

E 

82.09% 

4 

8.12% 

9 

2.93% 

 

H 
89.15% 

M 
7.68% 

h 
2.10% 

 

A 

56.21% 

H 

22.97% 

4 

13.85% 

 

T 

58.86% 

7 

22.42% 

J 

18.36% 

 

m 
75.56% 

M 
24.43% 

N 
0.00% 

 

1 

47.96% 

I 

40.98% 

l 

7.98% 

 

H 

44.85 

A 

17.95% 

w 

6.05% 

 

t 
56.44% 

h 
40.45% 

H 
1.09% 

Total 5 1 2 

 

In testing the application prediction using ten case test data, there were five successful attempts at 

predicting the correct result at the first probability, one attempt at successfully predicting the correct result at 

the second probability, 2 successful attempts at predicting the correct result at the second probability, and 2 

attempts were not classified correctly. The accuracy that the letter successfully predicted as the first prediction 

in the application is 50%. 

 

4. CONCLUSION  

Based on the study conducted, it can be concluded that the application for transforming handwriting 

into digital was successfully carried out. The model using CNN with ResNet50 architecture obtained accuracy, 

precision, recall, and f1 scores of 66.33%, 73.4%, 66.2%, and 66%, respectively. Based on the result of black 

box testing, all the application functionalities went as expected. The case test uses ten data of handwriting 

images; five can be predicted correctly, or the accuracy is 50%. However, the model and the application still 

have room for improvement. In the learning model development, need to add more training datasets to get a 

better model and separate capital letters, lower letters, and numbers so that the training becomes faster and 

obtains higher accuracy. Besides that, CNN can be improved with different architecture and more layers. For 

the future work, the application can be developed into mobile application and can recognize all the handwriting 

characters in the picture. 
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