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Abstract : Artificial Intelligence is proving to be vital in the 21st century. Difficult tasks are being performed with the help of 

many applications. But the areas like computer vision lacks accuracy to recognize patterns and letters. The accuracy to recognize 

handwritten pattern is still less than the expectation. Handwritten digit recognition has been a major problem in the computer 

vision. Present algorithms are inaccurate to make it a perfect smart system. This is an important field because of many day-to-day 

life applications where large number of documents with handwritten digits should be entered and converted into text form such as 

bank cheque analysis, insurance paper analysis and other handwritten forms etc. So, our main aim is to develop a system 

program which can tackle with handwritten digits and letters and makes it easy to read by the computer system. We are going to 

use DeepLearning algorithm such as Convolution Neural Network and Recurrent Neural Network to build a system which can 

deal with the problem of computer vision with higher accuracy. Additionally, we are going to implementConnectionist Temporal 

Classificationto decode various other patterns. In order to achieve high accuracy, we are going to focus on different Image 

processing techniques also. IAM handwritten datasets will be used to train our system. After that, our trained system will be able 

to understand unknown complex handwrittenpatterns. 

 

IndexTerms - Handwritten digit , letter and text recognition,Patterns, Deep Learning, onvolution neural network , 

Recurrent neural network , CTC, Artificial neural network, machine learning, convolutional neural network, 

preprocessing, OCR. 

________________________________________________________________________________________________________ 

I. INTRODUCTION 

In the field of image processing and pattern recognition, handwriting recognition has one of the hottest and demanding 

directions in the recent years. Day by day new technologies and innovative methods has been proposed continuously. With the 

development of the smartphone operation system, the application in handwritten recognition has aroused more and more attention 

from researchers. It contributes immensely to the advancement of an automation process and can improve the interface between 

man and machine in numerous applications. A Handwritten pattern recognition system with a good recognition performance needs 

to maintain a very high recognition rate, and at the same time, to obtain a very high reliability, or a very low error rate. Recent 

developments on classifiers and feature extraction have significantly increased the recognition accuracy of handwritten digit 

recognition systems.The neural networks have been successfully used to yield comparably high recognition accuracy levels. 

Several applications including mail sorting, bank processing, document reading and postal address recognition require handwriting 

recognitionsystems.As a result, the handwriting recognition continues to be an active area for research towards exploring the newer 

techniques that would improve recognition accuracy. Here our aim is to provide the most enhanced and accurate system which 

exhibits all the above mentioned features. 

II. LITERATURE SURVEY 

Previous work on handwritten pattern recognition system has been done in many researches. Our main aim is to tackle 

Following are the work done by the scientist on the handwritten pattern recognition system: 

Reference Number Advantages Disadvantages 

 

1 

High recognition rate (95.19%) Certain digits causes issue in recognition 

(3,8,9,7) 

 

2 

Process time was quick, higher accuracy in few methods 

(97.36%) 

Less accurate in few methods( ceparmi 

method) 

 

3 

High recognition rate Performance and can be 

used for only Arabic 

less accurate in case (above 95%) of 

Arabic 

 

4 

Robust detection takes Accuracy was not 

partial occlusion 

place between noise andgood (72.5% 

only) 

 

5 

Provides information previous methods (98% 

accurate) 

Not suitable for digits with straight 

lines eg. 10 ,19 

 

6 

Deals only neighborhood Overfitting on datasets pixels increases. (clustering) 
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III. PROPOSED MATHOD 

 

The selected model for our project is  incremental model. Iterative and Incremental development is any combination of both 

iterative design or iterative method and incremental build model for software development. The combination is of long standing 

and has been widely suggested for large development efforts. We use a NN for our task. It consists of convolutional NN (CNN) 

layers, recurrent NN (RNN) layers and a final Connectionist Temporal Classification (CTC) layer. Fig. 2 shows an overview of our 

HTR system. We can also view the NN in a more formal way as a function (seeEq. 1) which maps an image (or matrix) M of size 

W×H to a charactersequence(c1, c2,...)withalengthbetween0and L. As you can see, the text is recognized on character-level, 

therefore words or texts not contained in the training data can be recognized too (as long as the individual characters get correctly 

classified). 

 

 

CNN: the input image is fed into the CNN layers. These layers are trained to extract relevant features from the image. Each layer 

consists of three operation. First, the convolution operation, which applies a filter kernel of size 5×5 in the first two layers and 3×3 

in the last three layers to the input. Then, the non-linear RELU function is applied. Finally, a pooling layer summarizes image 

regions and outputs a downsized version of the input. While the image height is downsized by 2 in each layer, feature maps 

(channels) are added, so that the output feature map (or sequence) has a size of 32×256. 

RNN: the feature sequence contains 256 features per time- step, the RNN propagates relevant information through this sequence. 

The popular Long Short-Term Memory (LSTM) implementation of RNNs is used, as it is able to propagate information through 

longer distances and provides more robust training-characteristics than vanilla RNN.The RNN output sequence is mapped to a 

matrix of size 32×80. The IAM dataset consists of 79 different characters, further one additional character is needed for the CTC 

operation (CTC blank label), therefore there are 80 entries for each of the 32time-steps. 

CTC: while training the NN, the CTC is given the RNN output matrix and the ground truth text and it computes the loss value. 

While inferring, the CTC is only given the matrix and it decodes it into thefinal text.Both the ground truth text and the recognized 

text can be at most 32 characters long.focus on different Image processing technique which will help our algorithm to produce 

more accurateresults. 

Input: it is a gray-value image of size 128×32. Usually, the images from the dataset do not have exactly this size, therefore we 

resize it (without distortion) until it either has a width of 128 or a height of 32. Then, we copy the image into a (white) target image 

of size 128×32. This process is shown in Fig. 3. Finally, we normalize the gray-values of the image which simplifies the task for 

the NN. Data augmentation can easily be integrated by copying the image to random positions instead of aligning it to the left or by 

randomly resizing the image. 

 CNN output: Fig. 4 shows the output of the CNN 

layers which is a sequence of length 32. Each entry 

contains 256 features. Of course, these features are 

further processed by the RNN layers, however, some 

features already show a high correlation with certain 

high-level properties of the input image: there are 

features which have a high correlation with 

characters (e.g. “e”), or with duplicate characters 

(e.g. “tt”), or with character-properties such as loops 

(as contained in handwritten “l”s or “e”s). 

RNN output: Fig. 5 shows a visualization of the 

RNN output matrix for an image containing the text 

“little”. The matrix shown in the top-most graph 

contains the scores for the characters including the 

CTC blank label as its last (80
th
) entry. The other 

matrix-entries, from top to bottom, correspond to the 

following characters: 

“!”#&’()*+,-

.0123456789:;ABCDEFGHIJKLMNOPQRSTUVWXYZabcdefghijklmnopqrstuvwxyz”. It can be seen that most of the time, the 

characters are predicted exactly at the position they appear in the image (e.g. compare the position of the “i” in the image and in the 

graph). Only the last character “e” is not aligned. But this is OK, as the CTC operation is segmentation-free and does not care about 

absolute positions. From the bottom-most graph showing the scores for the characters “l”, “i”, “t”, “e” and the CTC blank label, the 

text can easily be decoded: we just take the most probable character from each time-step, this forms the so called best path, then we 

throw away repeated characters and finally all blanks: “l---ii--t-t--l-...-e” → “l---i--t-t--l-...-e” → 

“little”. This is basic architecture of the handwritten pattern system. The first part consists of scanning and preprocessing of the 

input images. This is done by CNN’s sampling and convolutional steps. After the preprocessing of the data analysis, character and 

digit recognition is done. Once the recognition step is done, the output is shown on the monitor screen.As described earlier, we 

have used CNN model to recognize the Capital alphabets and digits written on the number plates. In the CNN architecture, first we 

are performing the convolution operation to the break the input image into small rectangular pieces. After the convolution, 

sampling operation is performed to enhance the quality of the small rectangular pieces. At the same time, the feature value of the 

sampled images is extracted. To reduce the noises in the image, we are removing the negative pixel values to obtain the gray and 

black form of theimages. Also each sampled images having less than 30 and more than 3500 pixels are removed. Also each 

sampled images having less than 30 and more than 3500 pixels are removed.  
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Also each sampled images having less than 30 and more than 3500 pixels are removed. All the process comes under 

the preprocessing stage where we reduce the noises and enhance the quality of the input data. Once the feature values are extracted, 

it is given to the fully connected feed-forward neural network to predict the digits or alphabets written on the image. This second 

phase is called Classification phase. For the classification we have used multi- class classification because we have total 36 output 

nodes (26 Capital alphabets and 10 digits). To calculate the activation value of the each node, we have used sigmoid function. The 

activation value of the nodes depend on the weight parameter also. To reduce the error and to adjust the weights, we have used 

Backpropagation algorithm. 

For a test data point, the preprocessing is done in the feature extraction part i.e. preprocessing part and the feature value is given to 

the neural network. Neural network calculates the sigmoid value of each node including the 36 output nodes. The output node 

having the highest value among all the nodes is predicted as the output for that testpoint. 

 

          IV. IMPLEMENTATION 

     Based on the preceding researches, literature survey and by using the neural network algorithms we have executed 

implementation of our software. 

 

 

 

 

an image from the dataset with an arbitrary size. It is scaled to fit the target image of size 128×32, the empty part of the target 

image is filled with white color. 

CNN : For each CNN layer, create a kernel of size k×k to be used in the convolution operation. 

kernel = tf.Variable(tf.truncated_normal([k, k, chIn, chOut], stddev=0.1)) 

conv = tf.nn.conv2d(inputTensor, kernel, padding='SAME', strides=(1, 1, 1, 1)) 

Then, feed the result of the convolution into the RELU operation and then again to the pooling layer with size px×py and step-size 

sx×sy. 

relu = tf.nn.relu(conv) 

pool = tf.nn.max_pool(relu, (1, px, py, 1), (1, sx, sy, 1), 'VALID') 

These steps are repeated for all layers in a for-loop. 

RNN : Create and stack two RNN layers with 256 units each. 

cells = [tf.contrib.rnn.LSTMCell(num_units=256, state_is_tuple=True) for _ in range(2)] 

stacked = tf.contrib.rnn.MultiRNNCell(cells, state_is_tuple=True) 

Then, create a bidirectional RNN from it, such that the input sequence is traversed from front to back and the other way round. As a 

result, we get two output sequences fw and bw of size 32×256, which we later concatenate along the feature-axis to form a 

sequence of size 32×512. Finally, it is mapped to the output sequence (or matrix) of size 32×80 which is fed into the CTC layer. 

((fw, bw),_) = tf.nn.bidirectional_dynamic_rnn(cell_fw=stacked, cell_bw=stacked, inputs=inputTensor, dtype=inputTensor.dtype) 

CTC :  For loss calculation, we feed both the ground truth text and the matrix to the operation. The ground truth text is encoded 

as a sparse tensor. The length of the input sequences must be passed to both CTC operations. 

gtTexts = tf.SparseTensor(tf.placeholder(tf.int64, shape=[None, 2]), tf.placeholder(tf.int32, [None]), tf.placeholder(tf.int64, [2])) 

seqLen = tf.placeholder(tf.int32, [None]) 

We now have all the input data to create the loss operation and the decoding operation. 

loss = tf.nn.ctc_loss(labels=gtTexts, inputs=inputTensor, sequence_length=seqLen, ctc_merge_repeated=True) 

decoder = tf.nn.ctc_greedy_decoder(inputs=inputTensor, sequence_length=seqLen) 

Training 
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The mean of the loss values of the batch elements is used to train the NN: it is fed into an optimizer such as RMSProp. 

The below snapshot gives the accuracy of our system. Using the dataset we have achieved higher accuracy as per our goal.After 

training our system, we have worked upon the test dataset. We ran the test for digit 8 and we were able to achieve the desired result 

successfully. The above snapshot shows the test for Little Word image. 

 

 

 

 

 

 

 

 

 

 

 

                                                                           V. CONCLUSION AND FUTURE SCOPE 

We have also developed various documents required for the implementation of the project. Most of the private and government 

sectors still use the traditional way of checking and verifying the handwritten patterns. This method decreases the work efficiency 

and consumes more time. Introduction of handwritten pattern recognition system in these sectors will help to convert the 

handwritten document into file format and it will be easy to verify the documents. This will boost time as well asefficiency. 
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