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Abstract—This paper will focus on applying neural network 
machine learning method (Stacked Autoencoders) in order to 
obtain the highest accuracy possible of classification of 
handwritten digits. The main advantage of using neural network 
methods in this project is its adeptness at fitting non-linear data 
and its ability to work as an unsupervised algorithm. The 
algorithms will be run on a common, publically available dataset, 
namely the MNIST. 
 

Index Terms—Neural network, Autoencoder, Digit recognition, 
NMIST 
 
 

I. INTRODUCTION 
Optical character recognition (OCR) is the interpretation of 

handwritten or printed text into a format that can be processed 
mechanically or electronically. OCR has been researched and 
used since the early 1900s to convert printed text into machine 
processable data [9]. The ability to process fixed font characters 
is well established but accuracy is hampered by the amount of 
noise in the image. Hand written or hand printed characters are 
a much more difficult problem than fixed font due to the noise 
and lack of consistency. In this paper we are exploring the use 
of a stacked autoencoders to function as an OCR. 

An autoencoder neural network is an unsupervised learning 
algorithm that applies backpropagation, setting the target values 
to be similar to the inputs. I.e., it uses y(i)=x(i)y(i)=x(i).[1] 

An autoencoder is a neural network (see Fig. 1) that is trained 
to encode an input x into some representation c(x) so that the 
input can be reconstructed from that representation. While the 
identity function - copying inputs to outputs - is not a useful 
function to learn, we can add additional constraints on either the 
network, or the error criterion in hopes that the network 
captures some useful features of the input (in contrast a vanilla 
neural network with s1 ≤ s2 would probably just learn the 
identity function). [2] 

The autoencoder tries to learn a function hW,b(x)≈xhW, 
b(x)≈x. In other words, it is trying to learn an approximation 
to the identity function, so as to output x^x^ that is similar to 
xx. The identity function seems a particularly trivial function to 
be trying to learn; but by placing constraints on the network,  

 
 

 
such as by limiting the number of hidden units, we can discover 
interesting structure about the data [4]. 
 

II. SPARSE AUTOENCODER 
The Autoencoder is an artificial neural network used for 

unsupervised learning of efficient encodings. [5] Its aim is to 
learn a representation for a set of data, typically for the purpose 
of dimensionality reduction. This process is called encoding. Its 
structure can be described in figure.1. 

 
Figure. 1 

Deep Autoencoder 
 

The Autoencoder has three layers: the input layer, the hidden 
layer and the output layer. Its function is to compress the input 
data in the hidden layer and reconstruct them in the output layer 
to get the result 𝐻𝐻𝑤𝑤,𝑏𝑏(𝑥𝑥) which is mainly the same as the input 
data. 

𝐻𝐻𝑤𝑤,𝑏𝑏(𝑥𝑥) ≈ x. 
In order to ensure the recovered data has less loss, we use a 

function 𝐽𝐽(𝑤𝑤, 𝑏𝑏) to calculate the differences between them. 

𝐽𝐽(𝑤𝑤, 𝑏𝑏) =
1
𝑚𝑚�(𝑥𝑥 , − 𝑥𝑥)2

𝑚𝑚

𝑖𝑖=1

 

In order to learn useful structures in the input data, we would 
impose sparsity on the hidden units during training. Sparsity 
may be achieved by additional terms in the loss function during 
training (by comparing the probability distribution of the 
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hidden unit activations with some low desired value) [6], or by 
manually zeroing all but the few strongest hidden unit 
activations. [7] 

The output in the hidden layer l can be described in 
function.2: 

𝛼𝛼𝑖𝑖
(𝑙𝑙) = 𝑓𝑓 ��𝑊𝑊𝐼𝐼𝐼𝐼

(𝑙𝑙−1)𝑥𝑥𝑗𝑗 + 𝑏𝑏𝑖𝑖𝑙𝑙−1
𝑛𝑛

𝑗𝑗=1

� 

The function 𝑓𝑓(𝑥𝑥)is called activaton function, we usually use 
sigmoid function or hyperbolic tangent (tanh) function as 
activation signal. The sigmoid function has limits of 0 to 1, 
while the tanh function has limits of -1 to 1. 

𝑓𝑓(𝑧𝑧) =
1

1 + 𝑒𝑒−𝑧𝑧 

𝑓𝑓(𝑧𝑧) = tanh(𝑧𝑧) =
𝑒𝑒𝑧𝑧 − 𝑒𝑒−𝑧𝑧

𝑒𝑒𝑧𝑧 + 𝑒𝑒−𝑧𝑧 

In our research we use a tanh function as our activation 
signal. It will be either 1 or -1. When it is 1, the neuron is 
activated and when it is -1 the neuron is not activated. Thus, we 
need to write 𝛼𝛼𝑗𝑗

(2)(𝑥𝑥) to denote the activation of this hidden unit 
when the network is given a specific input x, the function is: 

𝜌𝜌𝑗𝑗′=
1
𝑚𝑚
∑ �𝛼𝛼𝑗𝑗

(2)�𝑥𝑥(𝑖𝑖)��𝑚𝑚
𝑖𝑖=1  

 
It is the average activation of hidden unit j (averaged over the 
training set).  

In order to enforce the constraint 𝜌𝜌𝑗𝑗
, =𝜌𝜌 where 𝜌𝜌 called 

sparsity parameter. It is typically a small value close to zero (we 
will use a default value of 0.05). To satisfy this constraint, the 
hidden unit’s activations must mostly be near 0. We add an 
extra penalty term to make sure the penalizes  𝜌𝜌𝑗𝑗

,  would not 
deviate significantly from 𝜌𝜌. The cost function should be: 

𝐽𝐽(𝑤𝑤, 𝑏𝑏) =
1
𝑚𝑚�(𝑥𝑥 , − 𝑥𝑥)2

𝑚𝑚

𝑖𝑖=1

+ 𝛽𝛽 ∗ 𝑃𝑃𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑒𝑒𝑃𝑃𝑚𝑚 

𝑃𝑃𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑒𝑒𝑃𝑃𝑚𝑚 = �𝜌𝜌 ∗ log
𝜌𝜌
𝑝𝑝𝑗𝑗

𝑠𝑠2

𝑗𝑗=1

+ (1 − 𝜌𝜌) log
1 − 𝜌𝜌
1 − 𝑝𝑝𝑗𝑗

 

It can also be written ∑ 𝐾𝐾𝐾𝐾�𝜌𝜌||𝜌𝜌𝑗𝑗
, �𝑠𝑠2

𝑗𝑗=1 , thus it should be: 
  

𝐽𝐽(𝑤𝑤, 𝑏𝑏) =
1
𝑚𝑚�(𝑥𝑥 , − 𝑥𝑥)2

𝑚𝑚

𝑖𝑖=1

+ 𝛽𝛽 ∗�𝐾𝐾𝐾𝐾�𝜌𝜌||𝜌𝜌𝑗𝑗
, �

𝑠𝑠2

𝑗𝑗=1

 

 𝛽𝛽 controls the weight of the sparsity penalty term, and the term 
also depends on W,b. Because it is the average activation of 
hidden unit j, and the activation of a hidden unit depends on the 
parameter W,b. 

 
The parameter we used in this paper are showed in table1: 
 

                                  TABLE1 
                                     Parameters Used 

Symbol Meanings 
x Input features for a training example, x∈ ℜ𝑛𝑛 
𝐻𝐻𝑤𝑤,𝑏𝑏(𝑥𝑥) Output of our hypothesis on input x, using parameters 

W, b. This should be a vector. 
𝑊𝑊𝐼𝐼𝐼𝐼

(𝑙𝑙) The parameter associated with the connection between 
unit j in layer l, and unit i in layer l+1 

𝑏𝑏𝑖𝑖𝑙𝑙 The bias term associated with unit i in layer l+1. Can 
also be thought of as the parameter associated with the 
connection between the bias unit in layer l and unit i 
in layer l+1. 

𝑓𝑓(𝑧𝑧) The activation function using sigmoid function or tanh  
ρ Sparsity parameter, which specifies our desired level 

of sparsity 
𝜌𝜌𝑗𝑗′  The average activation of hidden unit j (in the sparse 

autoencoder). 
𝛽𝛽 Weight of the sparsity penalty term (in the sparse 

autoencoder objective). 
 

III. SOFTMAX REGRESSION 
SoftMax regression is a supervised learning algorithm [12]. 

It will be used to classify the output from the stacked 
autoencoders into multiple classifications. The goal is to match 
the output of the stacked autoencoders of the MNIST images 
with their numerical value. 

IV. DATA 
The MNIST database (Mixed National Institute of 

Standards and Technology database) is a large database of 
handwritten digits that is commonly used for training various 
image processing systems. The database is also widely used for 
training and testing in the field of machine learning. It was 
created by "re-mixing" the samples from NIST's original 
datasets. The creators felt that since NIST's training dataset was 
taken from American Census Bureau employees, while the 
testing dataset was taken from American high school students, 
it was not well-suited for machine learning experiments. 
Furthermore, the black and white images from NIST were 
normalized to fit into a 20x20 pixel bounding box and anti-
aliased, which introduced grayscale levels. The images were 
centered in a 28x28 image by computing the center of mass of 
the pixels, and translating the image so as to position this point 
at the center of the 28x28 field [13]. Figure 2 is a sample of the 
MNIST images. 

The MNIST database contains 60,000 training images and 
10,000 testing images. Half of the training set and half of the 
test set were taken from MNIST's training dataset, while the 
other half of the training set and the other half of the test set 
were taken from MNIST's testing dataset. There have been a 
number of scientific papers on attempts to achieve the lowest 
error rate; one paper, using a hierarchical system of 
convolutional neural networks, manages to get an error rate on 
the MNIST database of 0.23 percent. The original creators of 
the database keep a list of some of the methods tested on it. In 
their original paper, they use a support vector machine to get an 
error rate of 0.8 percent. 

V. PREVIOUS WORK 
        The following table (Table2) is excerpted from LeCun et 
al. [13] 
 
                                      
                                          TABLE2 

Method Accuracy Reference 
Linear Classifier 92.4% [15] 

https://en.wikipedia.org/wiki/National_Institute_of_Standards_and_Technology
https://en.wikipedia.org/wiki/National_Institute_of_Standards_and_Technology
https://en.wikipedia.org/wiki/Database
https://en.wikipedia.org/wiki/Training_set
https://en.wikipedia.org/wiki/Image_processing
https://en.wikipedia.org/wiki/Machine_learning
http://www.nist.gov/srd/upload/nistsd19.pdf
http://www.nist.gov/srd/upload/nistsd19.pdf
https://en.wikipedia.org/wiki/United_States_Census_Bureau
https://en.wikipedia.org/wiki/Americans
https://en.wikipedia.org/wiki/High_school
https://en.wikipedia.org/wiki/Normalization_(image_processing)
https://en.wikipedia.org/wiki/Spatial_anti-aliasing
https://en.wikipedia.org/wiki/Spatial_anti-aliasing
https://en.wikipedia.org/wiki/Academic_publishing
https://en.wikipedia.org/wiki/Convolutional_neural_network
https://en.wikipedia.org/wiki/Computer_performance
https://en.wikipedia.org/wiki/Support_vector_machine
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K Nearest Neighbor 99.3% [16] 
Boosted Stumps 99.1% [17] 
Non-Linear Classifier 96.4% [15] 
SVM 99.4% [18] 
Neural Net 99.6% [19] 
Convolutional Net 99.7% [20] 

 
 

 
Figure. 2 

                         Sample of The Raw Dataset 

 
Figure. 3 

Fully connected Neural networks 
 

 

Figure.  4 
Curve of Number of hidden neurons vs.accurcy 

VI. METHODOLOGY 
Previously [10] we had test the same dataset with a fully 

connected neural networks technique as shown in fig 3, and we 
used simple XY plot, as shown in fig 4, to plot the accuracy we 
got (96.3) According to this result we needed to build an 
Autoencoder classifier to compare it with our previous work. 
 Matlab Neural Network Toolbox autoencoder functionality 
will be used to build, train, test the stacked autoencoder 
classification system. 

A dataset containing 10,000 images was downloaded from 
the MNIST database. Each with 784 data points.Once the 
training data was loaded into memory, the first autoencoder was 
defined. The random number generator was explicitly set to 
default value. The number of nodes in the hidden layer was set 
to 100. The first autoencoder was trained with 400 epochs and 
a sparsity proportion of 0.15. 

 

 
                                           Figure. 5 
                   The diagram of first  the autoencoder 

The second autoencoder was trained similarly but with 50 
nodes in the hidden layer, 100 epochs and sparsity proportion 
of 0.10. The first autoencoder had 784 input and output nodes 
(28*28). The input for the second autoencoder was taken from 
the features determined by the first autoencoder’s 100 node 
hidden layer. 

 

 
                                     Figure. 6 
                 The diagram of second autoencoder 

The softMax layer was trained from the 50 features from 
second autoencoders hidden layer and trained for 400 epochs. 

 

 
                                     Figure. 7   
                    The diagram of softmax Layer  
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 Now the autoencoders and the softmax layer were stacked. 

 
                                     Figure. 8 
                diagram of the stacked network 

VII. RESULTS 
The first pass of the test data showed an accuracy of 79.7%. 

 
                                       Figure. 9 
         Result with Confusion matrix before fine tuning 
 
 
We then did backpropagation on the stacked autoencoder 

and obtained an accuracy of 99.7%. 

 
                                       Figure. 10 
       Final result with confusion matrix after fine tuning 
 
 
 

VIII. CONCLUSION  
 
We have shown that stacked autoencoders with a softMax 

classifier can return good results when applied to the MNIST 
digit database. Giving an accuracy of 99.7%. 
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