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Neural Networks derives intelligent systems and modern autonomous applications. With
the complexity introduced in today’s systems, designing architectures remains open
research problem in all fields. Despite many efforts to generalize, the resources required
by neural architectures remain challenge. Robots design, Smart cities, 10Ts ...etc. become
the leading industry and driving the fourth industrial revolutions. All these challenges
dictate the search for efficient utilization of resources. This paper demonstrates details of
the architecture EIHa Net. The architecture finds the minimum resources required for
pattern recognition domains. Composed of two stages, Extraction stage followed by
classification stage. The extraction stage is a self-extraction, performed by convolutions
like processes. The classification stage receives the extracted patterns and associates them
through weighting to defined classes. The architecture is found to compete with many

Receptive Fields
FEuclidean Distance
K-Means

reported in literature.

1. Introduction

The industry and the fourth industrial revolution witness
automation in all systems. With the realization of Artificial
Intelligence, deep learning plays an important role in
generalization of Neural Networks. Deep learning results in huge
architectures and resources to perform computing tasks. Thus it
becomes essential to introduce the issue of complexity in finding
solutions towards efficient resources to address this problem.

In search for enhanced architectures in machine learning,
convolution neural networks and deep learning play significant
roles. Deep learning proves its efficiency in learning patterns using
huge volume of inputs to train machines for self-efficient
extraction utilizing convolution in the extraction of features.
Recent architecture EIHa Net originally presented at ISAS
symposium addresses deep learning pattern recognition neural
networks architecture [1].

The research on Hand written digits recognition is a bench
mark for neural network in pattern recognition. Many models were
developed and tested on the MNIST data set. Originally, models
based on feature extraction of LeCun in 1989 [2]. Then emergence
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of convolution nets become the state of the art. To Develop and
train complex convolution architectures requires huge volume of
data composed of thousands of neurons. LeCun ideas based on the
concepts of local receptive fields, shared weights, and
spatial/temporal sub sampling. Zip codes digits used LeNet as the
first convolution neural network [2]. Then appear AlexNet in
2012 in computer vision, beside others. The Network architecture
is similar to LeNet of LeCun, utilizing deeper, bigger, and featured
Convolution Layers stacked on top of each other followed by a
Pool layer [3] - [5]. Many developments took place across the years
[6], [7]. In 2013 Matthew Zeiler and Rob Fergus developed ZF Net
(short for Zeiler& Fergus Net). It was an improvement over
AlexNet architecture hyper parameters, it expands the middle
convolution layers and modify the stride and filter size on the first
layer [8]. GoogLe Net 2014, from [9] developed an Inception
Module that reduced the number of parameters in the network. The
authors use Average Pooling instead of Fully Connected layers at
the top of the ConvNet, which reduces parameters that do not
contribute to the classification process [9]. In 2014 also appeared
VGG Net. Karen Simonyan and Andrew Zisserman that became
known as the VGG Net. Identifies good performance as a result of
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the depth in the network [9]. 2016 witness the appearance of
ResNet. Residual Network developed by [10]. The architecture
uses heavy batch normalization, the fully connected layers at the
end of the network disappeared. ResNet are currently the state-of-
the-art Convolution Neural Network models [10]. Despite the
success of these models, remain the challenge of huge architecture
and the connectionist model among the cascaded layers of the
networks. These result in demands for computing resources that
beyond individual systems.

In this paper, we developed E/[Ha Net Neural Network utilizing
the efficiency of deep learning and the convolution neural network
of self-extraction. The architecture used the hand written digit
characters of the MNIST data set. The MNIST data set is used as
the bench mark across the literature. The approach is found to
perform favorably with minimal computation and time resources.
By computation resources we refer to the neurons architecture and
the connections required, while time resource refers to the
processor’s time [11], [12].

The organization of the paper includes an Introduction. In
section 2 we demonstrate the model in a top-down approach. We
give the functions, then the structure of the components, followed
by the overall architecture. The data flow demonstrated in section
3. Results discussions and conclusions of the implementation using
MNIST data set is demonstrated in section 4.

2. ElHa Net Neural Network
2.1. ElHa Net Model

ElHa Net model is a hybrid architecture utilizing the
advantages of the k-Means approach and the Convolution Neural
Networks. The network is a self-extraction Neural Network.
Composed of two stages, a feature extraction Network and a
classification Network, Figure 1.

Classification Stage

Extraction Stage

Figure 1: ElHa Net Block Diagram

Figurel demonstrates the block diagram for the two stages of
ElHaNet Neural Network composed of two stages, An input stage
is the feature extraction network. Output of this stage is the input
patterns to the classification stage. The classification network will
perform on the extracted features and produced output. Training
the network is a backpropagation algorithm.

2.2. ElHa Net Functions and Structure

We follow a Top-Down approach to define E/Ha Net, first we
start with the functions, then define the structure for the building
blocks defined in Figure 1.

FElHa Net Functions:

e  Extraction; features extraction measured based on Euclidean
distance. The feature extraction is a self-process.
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e Dimensionality reduction and preserve spatial invariance with
pooling.

e Classification; classify the patterns detected as belong to
particular classes, as probability of image.

e Pattern recognition; recognize patterns of different objects
based to their present in the input. Through none linearity and
training

ElHa Net Structure:

The main building blocks of Figure 1 structured in extraction
stage, and a classification stage. The extraction stage is capable of
self-extraction. Neurons in the first layer accepts inputs from an
input image. The weights of the neural network store kernels that
produce feature maps. The feature maps are distance-base
operation using Euclidean distance as the square root of the
quantity in the summation of equation (1)

D= ¥,(x; —y)? (1
In the above equation x, y are two points in Euclidean n-space

xi, yi Euclidean vectors, starting from the origin of the space
(initial point).

n is the n-space

The extraction operation produces feature maps based on the
minimal distance obtained for a particular kernel. Receptive fields
in the image are then represented by the kernel that produces this
minimal distance.

To reduce dimensionality, the minimum distance kernel is
searched, the kernel representing an area is averaged and forms the
input to the feature map produced from the pooling operation. The
feature maps are passed through a ReLLU function (2) to finalize
the extraction stage.

fe ={ @

The classification stage is a fully connected network.
Composed of a flattened pattern layer, formed from the extraction
stage, one hidden layer, and an output layer. Neurons are fired as
a result of sigmoid activation, equation (3)

fl) =
3. ElHa Net Architecture
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ElHa Net Architecture Figure 2 shows the two stages of the
network. The extraction pipeline network accepts nXn input image.
The classification stage accepts flattened patterns detected by the
extraction network.
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Figure 2: E[Ha Net Architecture
3.1. ElHa Net Operations

The extraction stage of the network specifies the number of
kernels -code words-, two-dimensional array of real values. Each
has a square dimension of kSize X kSize. Typical kernel
dimensions are 2X2, 3X3, or 5X5, Figure 3. Initialized at the
beginning of the training and adjusted gradually.
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Figure 3: A set of n 3x3 kernels.

Figure 3 gives typical n 3X3 kernels that is designed specific.
The size of such kernels is based on the application domain.
Feature maps are computed for an input image according to the
distance of a frame from the kernel, Figure 3. By frame we mean
portion of the image that will be convolved with the kernel.
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Figure 4: A Feature Map Entry Computation

Figure 4 gives the computation of one entry in the feature map.
An input image is scanned from left to right, top to bottom
partitioning it into frames. Each is of size, Ksize X Ksize. A frame
will be represented by the nearest kernel. This will be the entry in
the feature map, equation (4).

Fmapij= F(min(distance(frameij , kernel0...no. of kernels))) . (4)

The feature map is then pooled for dimensionality reduction.
This step also achieves spatial invariance. The pooling is done by
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averaging the kernels present in the feature map. Passes through a
ReLU, then flattened to produce a one-dimensional array for the
classification network.

3.2. ElHa Net Learning

The training algorithm is a backpropagation algorithm. Errors
are backpropagated to update the kernels. Kernels are randomly
initialized, and are updated according to the backpropagation in the
extraction network, as well as weights in the fully connected
network for enhanced recognition rate. The training continues to
reach a preset target or the maximum number of the training
epochs reached. Kernels are ksize X ksize stored as weights.
Feature maps are produced based on the distance measure. The
minimum distance kernel is the input to the feature map. Pooling
is the dimensionality reduction process that produces an averaged
kernels to represent the code word for the detected features. The
rectified linear unit Figure 5, works on the code words to normalize
the detected features. The output of the feature extraction is then
flattened to compose the input to the classification stage.
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Figure 5: Rectified Linear Unit

The classification stage is a two-layer dense network. Neurons
in the hidden layer uses sigmoid activation to fire. Figure 6. This
process classify the detected patterns as one of the output classes.
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Figure 6: Sigmoid activation

Output of the network, Algorithm 1 specifies the process of
pattern detection present in the input image.

Algorithm 1: Network Output Computation

Compute_feature_map (input image x) returns feature map
fmap
Kerns = array of kernels, each of dimension kSize xkSize
fori==0..N-1
forj:=0..M-1
set frame := x[i..i+kSize][j...j+kSize]
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set fmap[i][j] := min(distance(frame, kerns))
netOutput(inputs: image x, weights matrices W1,
w2)
returns netStruct, classindex
fmap :=Compute_feature_map (x)
v = Flatten(fmap) //y: input to the fully connected
layer
y =relu(y)
netStruct.y:=y
//Full connected layers
ol := matrixMultiply(y, W1)
netStruct.otl :=ol
ol := sigmoid(ol)
netStruct.ol :=ol
02 :=matrixMultiply(ol, W2)
netStruct.ot? =02
02 = sigmoid(o2)
netStruct.o2 :=o2
classIndex :=argMax(02)
end
end

Algorithm 1 gives the algorithm for computing the output.
The feature extraction stage produces features for the classification
stage. The dense network as mentioned is two fully connected
layers that accept the flattened output of the extraction stage.
Neurons activation uses sigmoid activation both in the hidden layer
and the output. One of the output neurons will fire based on
activation.

To produce the output, the network is trained to recognize the
pattern present in the input image, Algorithm 2, E/Ha Net learning
algorithm uses backpropagation to recognize the input pattern. A
set of training images is used for the training process.

Algorithm 2: Network Training

Initialize weights to small random values
Initialize kernels

Initialize training parameters

set N := feature map number of rows

set M := feature map number of columns
repeat
for each training sample tsmp do

// compute network output

netStruct, class :=netOutput(tsmp, W1, W2)
outl, out2, otl, ot2, y :=netStruct.( outl, out2, otl, ot2, y)
fork:=0...length(out2)

diff == target — out2k

02k := o x diff x sigmoid(outlk)
forj:=0...W2rows

szk = WZJ‘k + 02k

W2rows

sum := Z Ox W2,
=0

sd = 0.0
forj:=0...WI cols
fork:=0...WI rows

Oty== sumx sigmoid(olt)
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01y =0t X inpx
Wl =Wl + 6l
sd:=sd + oty; x Wl x reluD(inpy)

// update kernels

for p==0...noofKernels - 1
kernMp :=mean(all frames belong to kernelp)
fori, j=0...kSize
kernp;j:= 2 xsd* (kernMp;; - kernp;;)

until either number of epoch = maxepoch or error < eps

Algorithm 2 used to train the network. The kernels are updated
according to the propagation of the error. The successive iterations
continue to meet a criterion, or a stated number of epochs expired.

3.3. MNIST Implementation

The MNIST is a world bench mark data set used globally to
test novel architectures. The data set is used in order to recognize
hand written digits. The data set composed of 60000 Hand written
digit images each is 28X28. Data is divided into training and
testing sets.

ElHa Net accepts MNIST images and apply kernels to filter the
images. This process produces the feature maps. The feature maps
consist of kernels that matches certain patterns in the presented
image. Pooling produces a reduced feature plane by averaging
each kernel present in the feature map. ReLU applied to the pooled
plane. Output of the ReLU is then flattened to compose the input
to the classification stage. This is the two layer fully connected
network that classify the extracted features as one of the ten
decimal digits.

4. Results, Discussions and Recommendations

The architecture E/Ha Net applied MNIST data set. Results are
demonstrated together with recommendations that can foster
further research..

4.1. Results and Discussions

ElHa Net uses 2X2 kernels in the extraction stage of the
network for the MNIST application, Figure 7. This size was
approached after extensive experimentation with first 5x5 kernels,
then a 3x3 kernels due to poor recognition rates. The size then
reduced to 2x2 kernels.

Figure 7: 2X2 Kernels in the extraction stage of the MNIST Application
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Figure 7 visualizes 8 kernels used in the E/HaNet. Figure 8
visualizes sample feature maps produced in extraction stage.

(. )
2
o 25 0 250 250 250 250 25
0
* EEH“W
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Figure 8: Sample Feature maps of the extraction stage , first row original digits,
second row output.

As seen in the figure 8, the feature map reduces the 28X28
input image into half the size, which is 14X14, thus reduced
dimensionality by 50%. This achieved through extraction and
pooling explained earlier. These extracted patterns are then
flattened to form the input to the classification stage. The
classification network initializes the weights randomly. The
backpropagation, propagates the errors across the network back
and forth to meet a threshold of 1™, Figure 9.
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Figure 9: Visualizing the Training Error

Figure 9 shows the error during the training of the network.
Due to random initialization, the curve shows an improvement as
the time progress, and the network learns the pattern of interest.

Figure 10 visualizes the digits in the test set. The figure shows
969 for digits 0, 1127 for digits 1, 1015 for digit 2, 989 for digits
3,961 for digit 4, 858 for digit 5, 933 for digit 6, 1005 for digit 7,
955 for digit 8, and 974 for digit 9.

-

Digits 0 to 9 in the Test Set

s0 =] =2 =3 w4 =5 a6 w7 w8 9

. J
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Figure 10: Digits 0 through 9 in the Test Set

Figure 11 shows the training and testing accuracy for the
handwritten digit’s application. E/Ha Net achieved 99.96 accuracy
during the training, and 99.53 in the testing.

Training accuracy = 99.96159690103688

Testing accuracy = 99.52994073165748

[5918. 6742.5947. 6117. 5836. 5409. 5913. 6245. 5836. 5928.] 59891.0
[969. 1127.1015. 989. 961. 858. 933.1005. 955. 974.]19786.0
[2.0.0.5.2.2.1.3.4.4.]23.0

[1.0.4.7.2.10. 0. 5.8.9.]46.0

[0123456789]

Figure 11: Training and Testing Accuracy

The recognition for individual digits is shown in Figure 12. The
network capability to recognize the ten digits varies considerably.
Figure 13 detailed the frequency of the miss classified digits.

62[99.89680083 100.  99.60591133  99.29221436 99.791883&

98.83449883 100.  99.50248756 99.16230366  99.07597536]
[0.10319917 0. 0.39408867  0.70778564 0.20811655
1.16550117 0. 0.49751244 0.83769634 0.92402464]
PS = 0.9952449892041173
RS = 0.9951620753892669
FIS = 0.9951991801112723
\0.9952035305697337 )

Figure 12: Recognition of Individual Digits 0 Through 9

Frequency of incorrectly classified digits

Frequency

Digits

Figure 13: Incorrectly Classified Individual Digits 0 Through 9

As seen in the above figure, some digits are well recognized,
produced 100% recognition rate, as in digits 1 and 6. Other digits
vary. The most challenging digit to be recognized is digit 5, with
98.83% recognition rate.

f[[968000001000]\
[01127 0 0 0 0 0 0 0 0]
[0 01011 2 0 0 0 0 2 0]
[1 00982 02 0 1 2 1]
[0 00099 00 1 0 1]
[2 006 088 1 0 1 0]
[0 0000 093 0 0 0]
[0 03 1 1 0 01000 0 0]
[1 022020 1947 0]
00025000209

Figure 14: Confusion Matrix

Figure 14, confusion matrix, shows the performance of the
network on individual digits. For digit 0, 968 out of 969 images are
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successfully recognized. While one image missed and classified as
6. For digit 1, represented by 1127, all are successfully recognized.
Digit 2, from 1015, 2 were classified as 3, and 2 as 8. For digit 3,
989 images were used, 982 are correctly recognized, 1 classified
as0,2as5,1as7,2as8, and 1 as 9. For the digit 4, we have 961
images, 959 were well recognized, while 1 classified as 7 and
another as 9. Digit 5 represented by 858 images, 848 were
recognized, 2 classified as 0, 6 classified as 3, 1 as 6 and 1 as 8.
Digit 6 images are 933 all recognized. Digit 7 images are 1005,
1000 were correctly recognized, 3 missed as 2, 1 as 3, 1 as 4. For
digit 8, the total images are 955, 1 classified as 0,2 as 2,2 as 3, 2
as 5 and 1 7. For digit 9 from 974, 965 were recognized, 2
classified as 3, 5 as 4, and 2 as 8.

(Precision= [99.89680083 100. 99.60591133 99.29221436 \
99.79188345 98.83449883 100. 99.50248756
99.16230366 99.07597536] -1.4210854715202004¢-14

Recall = [ 99.58847737 100. 99.50787402 98.69346734
99.3782383 99.53051643 99.78609626 99.70089731
99.26624738 99.79317477]

F-measure=[99.74240082 100. 99.55686854 98.99193548
99.58463136 99.18128655 99.89293362
\ 99.60159363 99.2142483 99.43328181] 99.5199180111272y

Figure 15: Precision and F Matrix

The Precision matrix, Figure 15 again shows the precision for
individual digits, which is a measure of how well the network
recognizes a certain pattern. Recall is a measure of how well the
network remembers a pattern of interest; it gives the percentage of
actual positive predictions correctly classified. The F-measure lay
the foundation for comparison and useful to bench the performance
of the algorithm with other produced on similar applications. It is
a weighted average of the precision and recall. Figure 16 visualizes
the accuracy of individual digits 0 through 9.

-

Precision of Individual Digits 0 through 9

\

«0 =] =2 =3 =4 =5 a6 =7 =8 =9

o /

Table 1 reports performance of different architectures
referenced in the literature, the first row reports the performance
of EIHa Net architecture. The recognition rate based on the
MNIST data is found to compare favorably with other
architectures reported in the literature.

Figure 16: Precision of Individual Digits 0 Through 9
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Table 1: Recognition of different Architectures on the MNIST Data Set

Architecture Recognition | Reference
Rate

ElHaNet 99.5 Current work

CNN 98.32 [2]

ResNet 99.16 [10]

CNN (Keras & Zeano) 98.7 [13]

DNN 98.08 [14]

LeNet-4-CNN 98.9 [15]

SVM 98.6 [16]

Robert Edge 99.01 [17]

Adaptive MLP 98.3 [18]

ANN 97.32 [19]

CNN 99.15 [20]

CNN 98 [21]

CNN and Multi-Level Fusion | >=98 [22]

DenseNet 99.37 [23]

ElHa Net developed on CPU Intel core i7 (§750H) @2.2 GH
GPUINVIDIA Geforce GTX1050 with 16GB RAM, 128GM and
1 TB HHD, USB SSD (Ubuntu) 500 GB. Windows 11&Ubantu
C++ Compiler: gcc, gt++. These specifications contribute to the
processing time spent on training and testing. Table 2 compare the
performance of EIHa Net with reported architectures on the same
data set [24]-[29].

Table 2: ElHa Net Architectural Training and Size Comparison

Model Training Time (s) | Model Size (MB)
ElHa Net 600 10.8
GoogleLeNet 512 49.7
MobileNet V2 498 13.6
ResNet-50 510 97.8
ResNeXt-50 549 95.8
Wide ResNet-50 540 132

The time required for training can be attributed to the
computational power of the machine. Table 2 reported the least
model size for E/Ha Net.
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4.2. Recommendations

The architecture developed in this paper aims to provide an
efficient off line recognition that can be implemented in many
applications. Excellent recognition rate on the MNIST application
demonstrated the efficiency of this approach. Utilizing code word
approach enable reducing architecture [30], [31]. The architecture
can be implemented on other scenarios for testing efficiency and
robustness.
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