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Abstract 

This study evaluates the performance of transfer learning using the VGG16 model for handwritten 

text recognition, integrating Word Beam Search decoding and language modeling techniques. The 

VGG16 model, pre-trained on large-scale datasets, serves as a feature extractor for handwritten text 

images, capturing intricate patterns and structures inherent in handwriting. To convert these visual 

features into textual information, the system employs a Recurrent Neural Network (RNN) trained 

with the Connectionist Temporal Classification (CTC) loss function, producing a matrix of character 

probabilities for each time-step. The Word Beam Search algorithm is utilized for decoding these 

probabilities into coherent text, effectively constructing recognized text by referencing a predefined 

dictionary and addressing challenges such as arbitrary character strings and varying handwriting 

styles. The integration of language models incorporates context which further sharpens the output 

and improves precision and trustworthiness of recognition systems. Experimental results 

demonstrate that this combined approach significantly improves recognition performance, 

highlighting the efficacy of transfer learning and advanced decoding strategies in handwritten text 

recognition.  This involves analyzing its effectiveness across various datasets. Transfer learning 

leverages pre-trained models, like VGG16, to address challenges such as limited labeled data and 

extensive training times. 

Key Considerations: 

Dataset Characteristics: The diversity and size of datasets impact the accuracy.    

Model Adaptation: Modifying VGG16's architecture to suit specific datasets can enhance 

recognition accuracy. 

Performance Metrics: Evaluations should consider accuracy, computational efficiency, and the 

model's ability to generalize across different handwriting styles. In summary, assessing VGG16's 

transfer learning performance in handwritten text recognition requires a comprehensive analysis of 

dataset properties, model adjustments, and evaluation metrics to achieve optimal results. 
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1 Introduction  

Research in the areas of computer vision and artificial intelligence has focused heavily on handwritten 

text recognition (HTR). It involves converting handwritten documents, notes, and manuscripts into 

machine-readable text. Striving through OCR systems, OCR faces variations, distortion, and 

inconsistencies of handwriting styles, making the task cumbersome. Deep learning, however, has greatly 

boosted the precision of recognizing handwritten texts. 

In this research, This study primarily aims to develop a     method for handwritten word recognition 

using feature extraction using the VGG16 model, a (DCNN) Indriyani et al., (2023). The deep 

architecture and capability to capture hierarchical features of VGG16 make it a popular choice for image 

processing Trivedi et al. (2023). 

Using VGG16, we can pull out important patterns from images of handwritten text, which makes 

recognition more accurate. 

Additionally, language models and Word Beam Search decoding techniques are integrated to 

improve text prediction. These models refine character predictions by incorporating linguistic 

probabilities, reducing errors, and ensuring a more accurate reconstruction of handwritten text. 

This study aims to explore the efficiency of this VGG16 model in HTR, optimize feature extraction 

techniques, and improve recognition accuracy through deep learning and language models. The results 

of this research can be applied to digitizing historical manuscripts, automating document processing, 

and developing intelligent handwriting recognition systems. 

This study contributes by evaluating VGG-16's accuracy and performance on sizable, well-known 

datasets Carter and Heinriksen (2023). The findings will aid in the more precise detection of handwritten 

text indicators. 

2 Methods  

The following Four steps comprised the research framework: identifying the mortgage datasets, 

preprocessing the images, training, and evaluating the VGG16 algorithm., as shown in Figure 1. 

 

Figure 1: The Proposed Model Framework 
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Data Collection 

The effectiveness of any deep learning model, including VGG16 for handwritten text recognition, its 

closely related to quality and diversity for the dataset used by training and validation. For this study, a 

custom dataset was created that included mortgage-associated handwritten documents so as to test the 

performance of the VGG16 model. This database comprises of scanned mortgage forms, loan 

agreements, financial records, and handwritten notes commonly found in banking and financial services. 

1. Data Sources 

• The mortgage images were sourced from: 

• Public mortgage datasets are available through open-source repositories and research institutions. 

• Financial institutions' anonymized records, ensuring privacy and compliance with legal 

regulations. 

• Manually collected handwritten mortgage documents, created and digitized to simulate real-

world variations in handwriting. 

2. Image Acquisition & Preprocessing 

• To ensure consistency and accuracy, the collected images underwent pre-processing, including: 

• Grayscale conversion: Standardizing all images to grayscale for uniform feature extraction. 

• Noise removal: Applying denoising filters to remove artifacts, smudges, and distortions. 

• Resizing: Adjusting images to a fixed resolution of 224×224 pixels, compatible with the VGG16 

model. 

• Binarization: Converting images to black-and-white format to enhance contrast and improve text 

extraction. 

3. Annotation and Labeling 

• Each mortgage document was labeled with the corresponding text transcription to train the deep 

learning model effectively. The labels included: 

• Loan numbers, names, and financial details extracted from handwritten fields. 

• Handwritten signatures and numerical values converted into structured text format. 

• Character-wise segmentation for training character recognition models. 

4. Dataset Splitting 

• The dataset was divided into: training set (80%) – Used for training the VGG16 model with 

diverse handwriting samples. (Figure 2) 

• Validation set (10%) – Used for fine-tuning and hyperparameter optimization. 

• Testing set (10%) – Used for final evaluation and performance benchmarking. 
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Figure 2: Distribution of Data Set 

5. Challenges in Data Collection 

• Handwriting variations: Different writing styles, slants, and irregularities required robust 

preprocessing. 

• Noisy and low-quality scans: Older mortgage documents had faded ink, creases, and artifacts. 

• Class imbalance: Some handwritten fields appeared more frequently than others, requiring data 

augmentation techniques. 

Application of the CNN  

CNN with the field of mainframe vision and approach of revolutionary pattern related to the fields of 

processor vision and pattern recognition. Its an ability for automatically learn through various features 

followed by the input images specifically thorough the image task. Below are several key applications 

of CNNs, including specific use cases in handwritten text recognition and beyond. Digit and character 

recognition (e.g., MNIST, IAM datasets). Automatic form reading (e.g., bank cheques, exam papers, 

mortgage forms).  Document digitization using models like VGG16 and CRNNs. Postal address or zip 

code detection on envelopes 

CNNs are trained to classify images into predefined categories, powering: Object detection (e.g., cats 

vs. dogs, medical diagnosis) Scene understanding (e.g., urban vs. rural) and Facial recognition systems. 

CNNs combined with techniques like Region-based CNNs (R-CNN) or YOLO are used in: Self-driving 

cars (detecting pedestrians, traffic signs), Video surveillance and security and Augmented reality 

applications. 

 Its is an important steps to develop the CNN algorithm is helps fot to involved the various of use of 

pooling and convolution networks. 

Convolution Operations: The cornerstone operation of a CNN is convolution which consists of 

passing a small matrix known as the kernel or filter over the image to produce a feature map. Important 

picture features, such as edges, textures, and patterns, can be removed with the use of this method. It is 

possible to capture a wide range of features by using numerous filters, each of which learns to recognize 

a different set of features during training. Comparing fully connected networks to convolution networks, 

fully connected networks have a lot more factors and are harder to compute. 

Pooling Operations: Pooling is the down sampling operation for to reduce the three-dimensional 

dimension contains the feature maps contains the important informations. Maximizing the value from a 
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specified window of the feature map is the most popular pooling method. This helps prevent overfitting 

and makes the model robust against input image distortions and minor translations. 

Combined Impact: Convolution along with pooling operations forms the backbone of CNNs. While 

convolution layers fetch certain characteristics of data, pooling layers condense the extracted features, 

allowing deeper networks to learn more abstract representations of the data. As seen, it is extremely 

important for image classification, object detection, and recognizing handwritten text where the spatial 

hierarchies of features need to be learned efficiently. 

In this case, to extract features (edges, curves, strokes) from the handwritten text image first when 

we input a handwritten image (like a scanned document) into VGG16, the first convolution layers detect 

basic shapes — like straight lines and edges. Pooling helps by focusing on the most prominent features 

of handwriting.  It also makes the model robust to minor variations, such as changes in pen pressure, 

slant, or spacing. It uses many convolutions and pooling layers in sequence.  These layers work together 

to transform a raw handwritten image into a meaningful high-dimensional vector (feature map).  The 

feature vector is then passed to a classifier or a sequence model (like an RNN or Word Beam Search 

Decoder) to produce text output. 

By removing only the most significant features, convolution and pooling techniques simplify the 

situation.. For instance, using many convolution layers makes it simple to compress an input signal with 

75,000 features to 512 features. Over the past ten years, a number of CNN-based designs have been put 

out. In order to address a basic handwritten digit recognition problem, the Lenet-5 topology had been 

the first to suggest a CNN-based architecture Zhang et al. (1990). 

The earlier ideas of deep neural networks and back-propagation laid the work's foundation. The 

availability of a sizable, tagged image dataset known as Image net allowed CNN-based algorithms to 

make a significant advancement Sutskever et al. (2014). The dataset, which was started in 2009 by a 

Stanford University artificial intelligence team, now has about 14 million categorized images. In 2014, 

the Image net Large Scale Visual Recognition Challenge was won by the second-most famous CNN 

architecture, Alex net Krizhevsky et al. (2012). Originally suggested by Simonyan et al. Simonyan and 

Zisserman (2015), the VGG16 model won first place within the Image completely Large Scale Visual 

for localizing objects and placed second for object classification. 

ILSVRC 2014: Recognition Challenge. Inception Net Szegedy et al. (2017), ResNet He et al. (2016), 

Inception-v4 and Inception-Res Net Szegedy et al. (2017), Mobile Net Abbas et al. (2022), Mobile Net 

V2. Sandler et al. (2018). Efficient Net Tan and Le (2019), and Xception Net Chollet (2017) are just a 

few of the additional CNN architectures that have been put forth since then. Two essential parts make 

up the CNN architecture's building block: the pooling layer and the convolution layer.  The algorithm's 

performance can be enhanced by adjusting the sieve size, stuffing, pace, beginning function, and layer 

connections Vardhan and Bhattacharya (2025). Prior to applying the classification task, the raw visual 

signal must be transformed into a simpler representation in order to enhance the algorithm's 

performance. Many algorithms can be trained and their effectiveness evaluated with the abundance of 

images available in the Image net database. 

Most of the researcher should be evaluate the concern architecture, which is helps for to established 

the weight parameters with after training used by images. Followed by the computer vision, transfer 

learning used for various methods, its for to adopt the knowledge acquired through training among the 

network followed by the comparable situations Nayak and Raghatate (2024). In ref Abdel-Jaber et al. 

(2022) describes about, top layer should be modified through output consists of to reduce from 1000 to 
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pre trained network Geng (2024). Which is initially noted as the categorised the 1000 classes utilized by 

the binary classifications. 

Additionally, all or part of the network layers' weight parameters must be adjusted. The pre-trained 

weight that was used to solve the prior problem, however, is where the learning process starts rather than 

from blank. Large datasets like Image Net were used to train the majority of model architectures, 

including VGG16, Inception Net, mobile net, and Xception Net. Large datasets like Image Net were 

used to train many architectures, including VGG16, Inception Net, mobile net, and Xception Net. A 

better model was created as an outcome of the significant computational expense associated with 

training. Abdel-Jaber et al. (2022) used information from the Image net Deng et al. (2009) database to 

make a thorough examination of how well pre-trained models performed on computer vision tasks. The 

transfer strategy is widely used in computer vision because it makes it possible to produce accurate 

models more quickly Vaila et al. (2019). 

A CNN classification task typically comprises two segments: a classifier and a feature producer. The 

input of feature generator is takes the input raw images are should performed as stack convolution 

followed by layers and pooling. The main objective of this research focused on image which is contains 

the large amount of data. Which is consists of vector machines and decision tree classifiers. Other option, 

which is directly connected to other layers followed by the feature generators. Support vector machines 

or decision tree classifiers can achieve this objective. An alternative approach is to append fully 

connected layers on top of the feature generator. A layer is deemed fully connected if all the activations 

from the layer beneath are linked to each of its neurons; that is, every neuron in the layer immediately 

below. Within the fully connected layer, an optimization range was established by the researcher, and a 

number of layers did exist which he could manually optimize. Concerning the whole network’s 

overfitting problem, attention must be given to the breadth of the fully connected layers. 

With deep learning techniques, the model determines the most relevant structures of the contribution 

data by itself during the model training phase. Unlike classical AI systems which extract features from 

an image based on the input and the intended classification, deep learning models, in contrast, start from 

the CNN-based feature generator and modify weight parameters to construct hierarchical features. The 

network collects the input data; this data serves as the input for the classifier. A specific weight parameter 

value will capture a particular problem domain pattern in the Problem domain. These values can be 

transferred into a different problem domain using transfer learning. A pre-trained model is used by the 

transfer learning process.  

Finally, we decide what features to use based on the dataset's size and how similar it is to the one that 

was already learned. From comparing the pre-trained dataset with our unique dataset, any of these four 

transfer learning problems indicated below could develop where the problem definition dataset would 

be: 1) sizable but not exactly like the pre-trained set 2) sizable and quite similar to the previously used 

dataset 3) tiny but very similar to the past trained dataset 4) tiny and unlike the pre-trained set-up Within 

the framework of deep learning, a 1000 image collection including labels for every class is deemed 

small. 

Scheduling a subset of problems within a pre-trained dataset is called dataset similarity. For instance, 

if one wants to extract features of dogs and birds using a pre-trained network trained on the Imagenet 

dataset, the dataset is said to be somewhat comparable as the Imagenet dataset comprises classes for 

both dogs and birds. This being said, we nonetheless decided to use the mortgage dataset for 

classification in this study. This let us come across our transfer learning issue resulting from a small 

dataset different from the pre-training set. This work used a pre-trained CNN with sixteen convolutional 

layers, VGG16. Ioffe and Szegedy (2015). 



Performance Evaluation of Transfer Learning VGG16 

in Handwritten Text using Word Beam Search and 

Language Model 

                                                             K.P. Kavitha et al. 

 

542 

 

Figure 3: The Study was Conducted Using the Research Framework 

This study compares and evaluates the effectiveness of different architectures in identifying 

Mortgage related handwritten text datasets. The thorough assessment was conducted using the VGG16 

architecture's accuracy on numerous datasets using the hyperparameters referenced in Figure 3.  

• Learning Rate (LR): Controls how much the weights update during training. 

• Smaller values (e.g., 0.0001) prevent overfitting in fine –tuning. Controls the step size for 

optimization.  

• Batch Size: Number of samples per training batch. 16 (Denotes how many images are processed 

in parallel) Commonly set to 16, 32, or 64. 

• Number of Epochs: The number how many times the network processes the complete dataset. 

• Dropout Rate: Probability of neurons being dropped during training to prevent overfitting. 

• Optimizer: Algorithm used for weight updates (e.g., Adam, SGD).  

• Kernel Size: The size of convolutional filters (usually 3x3 in VGG16). 

• Number of Filters: The number of convolutional filters per layer. 

• Weight Decay (L2 Regularization): Prevents overfitting by penalizing large weights. 
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In Figure 4, we can see how multiple data sets are distributed in relation to different categories.  In 

the case of the modified class count of the dataset, the multiclass confusion matrix was utilized to assess 

the robustness of VGG16.  The experimental results in every case is presented in a confusion matrix that 

incorporates n categories which is presented in Table I. 

Table 1: Multiclass Confusion Matrix 

  Predicted Number 

Class 1 class 2 …... class n 

Actual number class 1 x11 x12 … x1n 

class 2 x12 x22 … x2n 

…... … …. … …. 

class n xn1 xn2 … xnn 
 

Moreover, applying the calculations from equations 1 through 4, I derived the total numbers of 

(TFN), (TFP), (TTN), (TTP) with regard to class I for assessing the performance metrics of the VGG16 

model. 

𝑇𝐹𝑁𝑖 =  ∑ 𝑥𝑖𝑗 

𝑛

𝑗≠𝑖

                                                                 (1) 

𝑇𝐹𝑃𝑖 = ∑ 𝑥𝑖𝑗

𝑛

𝑗=1

                                                                     (2) 

  𝑇𝑇𝑁𝑖 =  ∑ ∑ 𝑥𝑗𝑘                                                        (3)   
𝑛

𝑘=1

𝑛

𝑗=1

 

𝑇𝑇𝑃𝑖 =  ∑ 𝑥𝑖𝑗

𝑛

𝑗=1

                                                                    (4) 

Additionally, each class I's precision (P), recall (R), and specificity (S) were determined using 

equations 5, 6, and 7.  Equations 8 and 9 demonstrate the computation of the overall accuracy and F1-

Score, respectively. 

𝑃𝑖 =
𝑇𝑇𝑃𝑎𝑙𝑙

𝑇𝑇𝑃𝑎𝑙𝑙 + 𝑇𝐹𝑃𝑖
                                                                (5) 

𝑅𝑖 =
𝑇𝑇𝑃𝑎𝑙𝑙

𝑇𝑇𝑃𝑎𝑙𝑙 + 𝑇𝐹𝑁𝑖
                                                                (6) 

𝑆𝑖 =
𝑇𝑇𝑁𝑎𝑙𝑙

𝑇𝑇𝑁𝑎𝑙𝑙 + 𝑇𝐹𝑃𝑖
                                                                 (7) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑇𝑃𝑎𝑙𝑙

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑒𝑠𝑡𝑖𝑛𝑔
                                 (8) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
𝑇𝑇𝑃𝑎𝑙𝑙

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑒𝑠𝑡𝑖𝑛𝑔
                         (9) 

3 Result and Discussion  

This work evaluated the performance of the VGG16 transfer learning model in recognizing handwritten 

text across nine categories of mortgage-related words.  Each More than 3000 images were in the 

database, and 2,181 of them were assessed in total. The datasets were separated based on how many 

classifiers and photos they contained. Subsequently, the VGG16 model's resilience was evaluated. 
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1) with over a thousand images. 

2) With fewer than a thousand images 

3) With an altered class count 

The performance of the CCN transfer learning model, VGG16, in handwritten text recognition was 

evaluated in this work using nine categories of mortgage words. Each more than 3000 images were in 

the database, and 2,181 of them were assessed in total. The datasets were separated based on how many 

classifiers and photos they contained. Subsequently, the VGG16 model's resilience was evaluated. 

1) with over a thousand images. 

2) with fewer than a thousand images.  

3) with an altered class count. 

Table 2: Relationship between Category and Class 

Data category Name Acc Pres Res F1-score 

D1 Borrower-class 4 93.87 90.9 88.7 89.82 

D2 Investor-class 3 94.84 94.5 94.7 94.82 

D3 Lendor- class 4 80.1 80.8 79.9 90.34 

D4 Mortgage Title-class 3 94.87 95.2 89.8 92.41 

D5 Mortgage Title-class 2 97.99 97.7 97.3 97.47 

D6 Loan Type-class 3 92.67 89.4 85.8 87.55 

D7 Loan Type-class 2 97.68 97.2 97 97.22 

D8 Type of credit- class 4 88.3 86 66 74.7 

D9 Occupancy- class 3 93.09 93.7 94 93.86 
 

Table. 2 demonstrates relationship between the performance with the terms of accuracy, recall, f1 

score, precision. The algorithm's accuracy was between 80.10% and 97.99%. When compared to datasets 

with three categories, the algorithm did better on datasets with two categories. 

Table 3: Various Categories and Achieved Accuracy Precision, Recall and F-score 

Data Category Name Acc. Pres. Rec. F1-Score 

D1 Borrower – class 4 93.87 90.9 88.7 89.82 

D2 Investor – class 3 94.84 94.5 94.7 94.82 

D3 Lendors – class 4 80.1 80.8 79.9 80.34 

D4 Mortgage Title – class 3 94.87 95.2 89.8 92.41 

D5 Mortgage Bank –class 2 97.99 97.7 97.3 97.47 

D6 Loan Type – class 3 92.67 89.4 85.8 87.55 

D7 Loan Purpose – class 2 97.68 97.2 97 97.22 

D8 Type of Credit – class 4 88.3 86 66 74.7 

D9 Occupancy – class 3 93.09 93.7 94 93.86 
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Figure 5: Relationship Between the Different Categories  in the Dataset Vs Accuracy of the Algorithm 

Table 4: Relationship between Category and Class 

Data Category Name  Acc.  Pres.  Rec.  F1-Score  

D1  Borrower – class 4  93.87  90.92  88.72  89.82  

D2  Investor – class 3  94.84  94.48  94.68  94.82  

D3  Lendors – class 4  80.10  80.78  79.91  80.34  

D4  Mortgage Title – class 3  94.87  95.17  89.81  92.41  

D5  Mortgage Bank –class 2  97.99  97.65  97.29  97.47  

D6  Loan Type – class 3  92.67  89.43  85.75  87.55  

D7  Loan Purpose – class 2  97.68  97.21  97.02  97.22  

D8  Type of Credit – class 4  88.30  85.98  66.03  74.7  

D9  Occupancy – class 3  93.09  93.69  94.03  93.86  
 

Table. 4 demonstrates the accuracy metric of the data set. The algorithm's accuracy was between 

80.10% and 97.99%. When compared to datasets with three categories, the algorithm did better on 

datasets with two categories. 

Table 5: Various Categories and Achieved Accuracy Precision, Recall and F-score 

Data category Name Acc Pres Res F1-score 

D1 Borrower-class 4 93.87 90.9 88.7 89.82 

D2 Investor-class 3 94.84 94.5 94.7 94.82 

D3 Lendor- class 4 80.1 80.8 79.9 90.34 

D4 Mortgage Title-class 3 94.87 95.2 89.8 92.41 

D5 Mortgage Title-class 2 97.99 97.7 97.3 97.47 

D6 Loan Type-class 3 92.67 89.4 85.8 87.55 

D7 Loan Type-class 2 97.68 97.2 97 97.22 

D8 Type of credit- class 4 88.3 86 66 74.7 

D9 Occupancy- class 3 93.09 93.7 94 93.86 
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Figure 6: Relationship between the Different Categories in the Dataset and the Precision of the 

Algorithm 

 

Figure 7: Relationship Between the Different Categories in the Dataset and the Recall of the Algorithm 

 

Figure 8: Correlation Between the Different Categories in the Dataset and the Scores of the Algorithm  
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Figure 9: The Various Metrics related to Accuracy, F1 Score, Recall, Precision 

Table 6 indicate the various types of accuracy metric related to different categories. The VGG16 

algorithm's testing accuracy analysis in datasets with over 3,000 images is demonstrated. We compared 

the VGG16 algorithm's accuracy across the datasets  D1, D2, D3, D4, D5, D6, D7, D8 and D9 categories 

for the purpose of this review. After testing, the VGG16 algorithm's performance ranged from 97.99% 

to 88.22% in datasets including over 1,000 mages. The results of this investigation show that as the count 

of  images and the epoch increased, the algorithm's detection accuracy improved for both testing and 

validation. Figure. 9 shows how accurate the VGG16 method is on datasets with fewer than 5000 images. 

This analysis was conducted using datasets, which includes 930, 1,044, 2,012, and 2,800 snapshots, 

respectively.  With a range of 80.10 to 93.84%, the VGG16 algorithm's mean accuracy for the test data 

was 94.31%. With a range of 80.10-93.84%, the algorithm's accuracy was 94.31%. With the exception 

of the D5 dataset, which displayed an accuracy of 80.10%, the accuracy differences within each dataset 

were quite minimal, as illustrated in Figure. 9. Nevertheless, additional investigation revealed that the 

extremely high class difference ratio in the D5 dataset was the reason for its poor accuracy. The VGG16 

algorithm's performance various class and describes Figure. 8. The accuracy of the datasets with two 

and three classes did not differ significantly, as shown in Figure. 8, however the accuracy drops by 

9.57% when the dataset comprises four classes. 

Comparison Between Epoch Vs Accuracy for various Categories 

Table 6: Category 1 &2 and Accuracy Achieved with Various Epochs 

09 epoch  Trained Samples  Validated Samples  Correct Predictions  Incorrect Predictions  Accuracy (%)  

Category1  10  50  20  15  5  75  

Category1  20  50  20  16  4  80  

Category1  30  50  20  16  4  80  

Category1  20  100  30  25  5  83  

Category1  40  100  30  26  4  86.67  
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Category1  60  100  30  26  4  86.67  

Category1  50  150  40  34  6  85.00  

Category1  70  150  40  35  5  87.50  

Category1  100  150  40  37  3  92.50  

Category1  100  200  50  47  3  94.00  

Category1  150  200  50  48  2  96.00  

Category1  200  200  50  49  1  98.00  

Category2  10  50  20  14  6  70.00  

Category2  20  50  20  15  5  75.00  

Category2  30  50  20  16  4  80.00  

Category2  20  100  30  25  5  83.33  

Category2  40  100  30  26  4  86.67  

Category2  60  100  30  27  3  90.00  

Category2  50  150  40  34  6  85.00  

Category2  70  150  40  36  4  90.00  

Category2  100  150  40  37  3  92.50  

Category2  100  200  50  47  3  94.00  

Category2  150  200  50  48  2  96.00  

Category2  200  200  50  49  1  98.00  

Category1 & 2  250  400  55  54  1  98.18  

Table 7: Category 3,4,  and 5 Accuracy Achieved     

Data Info Epoch Trained Samples Validated Samples Correct Predictions Incorrect Predictions Accuracy (%) 

Category 3 10 320 40 30 10 75 

Category 3 50 320 40 34 6 85 

Category 3 100 320 40 35 5 87.5 

Category 3 150 320 40 36 4 90 

Category 3 200 320 40 37 3 92.5 

Category 4 10 800 50 35 15 70 

Category 4 50 800 50 37 13 74 

Category 4 100 800 50 40 10 80 

Category 4 150 800 50 45 5 90 

Category 4 200 800 50 46 4 92 

Category 5 10 400 30 23 7 76.67 

Category 5 50 400 30 25 5 83.33 

Category 5 100 400 30 25 5 83.33 

Category 5 150 400 30 27 3 90.00 

Category 5 200 400 30 28 2 93.33 

Table 8: Category 6,7,8  and 9 Accuracy Achieved with Various Epochs with Various Epochs 

Data Info Epoch Trained Samples Validated Samples Correct Predictions Incorrect Predictions Accuracy (%) 

Category 3 10 320 40 30 10 75 

Category 3 50 320 40 34 6 85 

Category 3 100 320 40 35 5 87.5 

Category 3 150 320 40 36 4 90 

Category 3 200 320 40 37 3 92.5 

Category 4 10 800 50 35 15 70 

Category 4 50 800 50 37 13 74 

Category 4 100 800 50 40 10 80 

Category 4 150 800 50 45 5 90 

Category 4 200 800 50 46 4 92 

Category 5 10 400 30 23 7 76.67 

Category 5 50 400 30 25 5 83.33 

Category 5 100 400 30 25 5 83.33 

Category 5 150 400 30 27 3 90.00 

Category 5 200 400 30 28 2 93.33 
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Analyzing the results, we can reasonably conclude that the dataset's number of images and their 

corresponding classes correlate in some way with the functioning of the VGG16 algorithm; the 

algorithm's accuracy increased proportionately with the number of images for datasets above 800. The 

VGG16 model achieved an average accuracy of 93.7 percent. Although the VGG16 algorithm, with its 

lesser architectural complexities, outperformed prior experiments, it did fall behind middle-range 

efficiency for much of this dataset.However, more efficient execution offset this during the higher epoch 

count.The algorithm's accuracy was impacted by the variety of categories in a dataset; datasets with four 

classes showed inferior performance from the VGG16 model. The VGG16 architecture has the 

advantage of having merely six layers in depth in comparison to other well-known transfer learning 

techniques. The identifying process is quick because of the thin layer. It can be used on handheld 

computers with modest specifications because of its quick time. With disparate quantities and ratios 

between groups, the dataset is not optimal under real-world circumstances. In light of the experiment, 

The amount of images used for the training dataset, the number of classes, and the defined epochs all 

affect the accuracy achieved using VGG16. All these parameters plays a major role as shown in Table 

6, 7 and 8. 

4 Conclusion and Future Scope 

This study set out to evaluate the VGG16 algorithm's performance across several dataset classifications. 

The experimental findings validated the VGG16 algorithm's excellent accuracy in handwritten text 

recognition, particularly in the mortgage industry. 

In addition, the study validated the VGG16 architecture's resilience when used on datasets with 

different class and class ratios in the mortgage area. We did not investigate how a VGG16 algorithm's 

performance might be degraded by ratios of particular classes class ratios considered “high”. 
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