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Abstract— The paper demonstrates the implementation of handwritten 

digit recognition using gradient descent method for training a feed 

forward neural network system. I have described basic concepts of 

artificial neural networks and then described the algorithm used for 

implementing handwritten digit recognition. I have used 

Octave/Matlab for implementing the neural network. For prediction of 

the digit, a neural network system has been trained using a set of 

predefined handwritten digit images and then used to forecast for the 

new ones. The results show that neural network can successfully be 

applied for pattern matching tasks, such as handwritten digit 

recognition, and are much more efficient as well as accurate when 

compared to the traditional computing methods like learning through 

logistic regression or brute force image comparison. 
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I. INTRODUCTION 

n machine learning, artificial neural networks (ANNs) 

are computational models inspired by an animal's central 

nervous systems is capable of learning as well as 

information retention. Artificial neural networks are 

generally presented as systems of interconnected "neurons" 

which can compute values from inputs and capable of 

pattern recognition. [12].  

 

This paper shows how the forward feeding neural 

network algorithm can be used for handwritten digit 

recognition with an accuracy of more than 97 percent. A 

neural network for handwritten digit recognition is defined 

by a set of input neurons which is activated by the pixels of 

an input image. After being weighted and transformed by a 

proper cost function, the activations of these neurons are 

then passed on to other neurons. This process is repeated 

until finally, an output neuron is activated. This determines 

which character was read. 

II. BASICS OF NEURAL NETWORKS 

The human brain consists of about 10 million nerve cells. 

On average each neuron is connected to other neurons 

through thousands of synapses. [1] 

A. Human nerve cell 

 

Fig 1.Human Neurons [2] 

 A neuron is a special biological cell that process 

information from one neuron to another neuron with the help 

of some electrical and chemical change. It is composed of a 

cell body or soma and two types of out reaching tree like 

branches: the axon and the dendrites. The cell body has a 

nucleus that contains information about hereditary traits and 

plasma that holds the molecular equipments or producing 

material needed by the neurons [2]. 

The whole process of receiving and sending signals is 

done in particular manner like a neuron receives signals 

from other neuron through dendrites. The Neuron send 

signals at spikes of electrical activity through a long thin 

stand known as an axon and an axon splits this signals 

through synapse and send it to the other neurons [3]. 

B. Artificial Neural network 

 

Fig 2. Artificial neuron [4]. 

The need of artificial neuron in essence is a model 

inspired by human brain and its capacity to learn. The need 

of artificial neuron is to solve intelligent problems where the 

mathematical formulae or algorithms cannot solve the 

problems. 

 

C. Neural Network Model 

 
Fig 3.Neural network [4] 

 

An Artificial Neuron is basically an engineering approach 

of biological neuron. It has device with many inputs and one 

output. ANN consists of large number of simple processing 

elements that are interconnected with each other and layered 

[5]. 
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D. Why ANNs? 

ANNs are used for pattern matching because they have 

Massive Parallelism, Distributed representation and 

computation, Adaptability, Learning Ability, Generalization 

Ability, Inherent Contextual Information Processing, Fault 

Tolerance [5]. 

III. FEED FORWARD ALGORITHM 

 

Multi-Layer Feed-forward (MLF) neural networks, trained 

with a back-propagation learning algorithm, are the most 

popular neural networks. They are applied to a wide variety 

of pattern recognition problem.  

 

A feed forward neural network consists of a (possibly large) 

number of simple neuron-like processing units, organized 

in layers. Every unit in a layer is connected with all the units 

in the previous layer. These connections are not equal; each 

connection may have a different strength or weight. The 

weights on these connections encode the knowledge of a 

network. Often the units in a neural network are also 

called nodes [6]. 

Data enters at the inputs and passes through the network, 

layer by layer, until it arrives at the outputs. During normal 

operation, that is when it acts as a classifier, there is no 

feedback between layers. This is why they are 

called feedforward neural networks [6]. 

The Gradient descent back-propagation algorithm [7] is a 

gradient descent method minimizing the mean square error 

between the actual and target output of a multilayer 

perceptron. Assuming sigmoid nonlinear function 

  

 
The back-propagation algorithm consists of the following 

steps: 

1) Initialize weights and offsets 

Initialize all weights and node offsets to small random 

values. 

 

2)  Present Input and Desired Output Vector 

Present continuous input vector x and specify the desired 

output d. Output vector elements are set to zero values 

except for that corresponding to the class of the current 

input. 

 

3)  Calculate Actual Outputs 

Calculate the actual output vector y using the sigmoidal 

nonlinearity. 

 

4)  Adapt weights 

Adjust weights by [9] 

  
Where xi is the output of the node i and dj is the sensitivity 

of the node j. If node j is an output node, then [10] 

 
where dj is the desired output of the node j, yj is the actual 

output and is the derivation of the activation function 

calculated at netj. If the node j is an internal node, then the 

sensitivity is defined as [11] 

 
where k sums over all nodes in the layer above the node j. 

Update equations are derived using the chain derivation rule 

applied to the LMS training criterion function. Convergence 

can be faster if a momentum term is added and weight 

changes are smoothed by 

 
 

5)  Repeat by Going to Step 2 

 

The program based on the back propagation algorithm as 

described above, trains the network for recognizing 

handwritten digit images. The first input layer is fed with 

explicitly trained set of parameters. Then the hidden layer is 

trained using the classical gradient descent algorithm. As 

there‟s no feedback, this is a forward feed algorithm. Then 

the final output layer learns the final hypotheses a
(3) 

=h θ(x) 

as shown in Fig 5, whose value gives us the value of the 

digit in the image. 

IV. IMPLEMENTATION 

 

A. Dataset 

 

 
 

Fig 4. Portion of the training set 
 

The dataset is a .mat file with 5000 handwritten examples of 

digits, which is saved in native Octave format, where each 

training example is a 20 pixel by 20 pixel grayscale image of 

the digit. Each pixel is represented by a floating point 

number indicating the grayscale intensity at that location. 

The 20 by 20 grid of pixels is unrolled into a 400-
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dimensional vector. Each of these training examples 

becomes a single row in our data matrix X. This gives us a 

5000x400 matrix X where every row is a training example 

for a handwritten digit image. 

The second part of the training set is a 5000-dimensional 

vector y that contains labels for the training set. 

 

 

B. Model Representation 

 

The neural network is shown in Figure 5. It has 3 layers (an 

input layer, a hidden layer and an output layer). Recall that 

the inputs are pixel values of digit images. Since the images 

are of size 20 by 20, this gives us 400 input layer units 

(excluding the extra bias unit which always outputs +1). 

There are 25 nodes in hidden layer. As before, the training 

data will be loaded into the variables X and y. Theta1 and 

Theta2 are explicitly trained and taken into matrices Theta1 

and Theta2. The parameters have dimensions that are sized 

for a neural network with 25 units in the second layer and 10 

output units (corresponding to the 10 digit classes). 

 

 
 

Fig 5.Model representation of the neural network used for this experiment 

 

The model shows the model I‟ve implemented. Here, ai
(L) 

is 

activation/output of a unit i in layer L, „g‟ is sigmoid 

function and zi 
(L) 

denote the total weighted sum of inputs to 

unit i in layer L. Given a fixed setting of the parameters 

(stored in vector Theta), our neural network defines a 

hypothesis hθ(x) that outputs a real number [8]. 

 

C. Code Snippet 

 

 
 

D. Results Obtained 

 

 
 

Fig 7.A random output of our Octave code 

 

All the 5000 images of the training set and the output is 

compared after learning phase of the neural network. The 

accuracy of about 97.5% is observed. 

 

V. RELATED STUDIES 

Gradient Descent algorithm is an old but powerful 

algorithm for machine learning. And also, artificial neural 

networks prove to be a very effective solution for pattern 

matching problems. We plan to make this pattern matching 

neural network algorithms to solve medical problems like 

cancer detection with much more efficiency. The studies are 

going on, we have implemented that to some extent and we 

hope to see artificial neural network solve our daily life 

problems. 

VI. CONCLUSIONS 

 

As per as technology is developing day by day the need 

of Artificial Intelligence is increasing because of only 

parallel processing. Parallel Processing is more needed in 

this present time because with only the help of parallel 

processing we can save more and more time and money in 

any work related to computers or robots. 

This paper presents a study of artificial neural networks 

for handwritten digit recognition. The traditional brute force 

methods for image comparison are too slow as well as 

inaccurate. The machine learning technique of logistic 

regression is also tested, in which the accuracy observed was 

about 94%. Finally, the technique using feed forward neural 

network proves to be the most efficient for a pattern 

recognition problem with an accuracy of about 97.5% in this 

case of handwritten digit recognition. 
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