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Artificial Neural Networks
1. Introduction:
Artificial Neural Networks (ANNs) is a technique for Artificial Intelligence programs, and one of the most common
approaches to machine learning. These programs invest learning capabilities in intelligent systems that can improve their
performance over time. Furthermore, these systems possess a “machine learning mechanisms form” that is considered
fundamental for adaptive systems to work [1-3]. In other words, the human brain is a basic model in fundamental
approaches for neural networks that are created based on a biological concept [1, 3].
The symmetry of both these mechanism behaviors that lead to learning abilities has led to attempts to mimic a biological
neural network in recent computers. However, the human brain still remains more efficient and faster than the fastest
computers when performing its functions [1-3]. Biological neural networks consider learning activation as a fundamental
and essential merit, which has led to endeavors to imitate a biological neural network in modern computers [1, 2]. An
ANN’s plasticity and connections between neurons, which can lead to selecting a right answer are thereby strengthened
and vice versa. In addition, when ANNs are exposed to a sufficient quantity of data to be processed, they have the ability
to learn from experience to improve performance behavior in processing samples [1]. Moreover, “ANNs can generalise to
others they have not yet encountered” [1]. However, ANNs are simultaneously storing and processing data throughout the
entire network model instead of in a limited space, which means it must be considered as a global feature rather than a
local one [1]. In addition, it is important to note that the term “machine learning” needs to be clearer and more
understandable for stakeholders.
Many definitions for the term machine learning have been devised by specialist researchers and scientists. Learning is a
system merit that denotes changes in the system based on its ability to achieve a similar task with more efficiency in the
future [4]. Learning improves the work performance of our minds by creating useful changes [5]. Learning produces or
improves the system is based on experience drawn from work done previously [6]. For a computer program to learn from
experience depends on a task’s data and how performance is measured [7].
2. Historical Overview of Artificial Neural Networks:
The future of Artificial Neural Networks is still uncertain but, historically, they have been biologically inspired [1].
McCulloch and Pitts (1943) are generally considered to be the designers of the first ANNs [1-3, 8, 9]. They collected
together information about numerous simple processing units that could advance computational power. They also presented
many ideas about the components of neural networks. A fixed set of components weights is a characteristic of McCulloch
and Pitts’ network [8, 9].
A learning rule developed by Donald O. Hebb (1949) is considered the first explicit representation of a physiological
learning rule for synaptic modification. It presented the idea that the strength between two neurons is increased if they are
active at the same time [2, 3]. In the 1950s and 1960s, other learning methods were developed by researchers such as Block,
Minsky, Papert, and Rosenblatt, who worked on perceptron. They found a style of learning algorithm that uses the
perceptron based on weight adjustment for network processing elements. Consequently, the learning algorithm was seen
to be more powerful and more efficient than the learning rule developed by Hebb [1-3, 9]. In 1956, Rochester et al. made
the first attempt to use computer simulations to test a well formulated theory based on Hebb’s rule of learning. In 1956, F.
Rosenblatt developed the perceptron model and the perceptron convergence algorithm. In 1960, Widrow and Hoff [10]
introduced the idea of gradient descent by the least mean square error algorithm, which is considered the basis for most
modern “error correction rules.”
Later, Minsky and Papert (1969) discovered a negative characteristic to perceptron in its inability to learn behavior for
nonlinear separable functions, thereby demonstrating the fundamental limitations for a one-layer perceptron [8]. Also in
1969, Bryson and Ho devised the initial concept for a back-propagation learning algorithm, but this ideas was not taken up
until 1986 [1]. Researchers were slow to utilize ANNs from 1970 until the mid-1980s, when the perceptron’s inability to
learn behavior for certain significant functions was identified [1]. In 1982, McDermott began operations at the “Digital
Equipment Corporation”, and his work is considered to be the first successful commercial expert system using neural
networks [9]. This technique provided support to constituting commands for a new generation of computer system, saving
an estimated $40 million a year [9]. In 1986, Rumelhart and McClelland reinvented the back-propagation learning
algorithm in Parallel Distributed Processing [1]. At about the same time (1987-1988), Parker and LeCun discovered a style
of learning algorithm for multi-layer networks to overcome the problem of nonlinearity functions separable in ANNs, a
procedure called Back Propagation (BP) [1].
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3. Behavior Artificial Neural Networks as Human Brain:
According to a main definition of an artificial neural network, it is described as a biologically inspired computational model
consisting of a large number of very simple and highly interconnected processors called neurons, which are analogous to
the biological neurons in the human brain, which are called nerve cells (see Fig. 1) [2, 3, 8, 9]. The neuron’s structure can
be divided into four main elements. The soma is a cell body that contains the nucleus and other elements, and it works by
supporting chemical processes and producing neurotransmitters. Dendrites are branching fibers that extend from the soma.
An axon is a single fiber that transmits information away from the soma to the synaptic sites of other neurons, or muscles,
or glands. A synapse is the connection point between neurons and a muscle or gland.

Figure 1: Biological neural network structure [9]

Figure 2: Biological neural network workflow processes [11]

Artificial neural network neurons are connected by coefficients’ weight links passing signals from one neuron to another,
bound by connections which constitute the neuronal structure, and training and recall algorithms are attached to the
structure. In addition, neural networks are known as connectionist models, a term derived from the main role as the
connections in neurons. The weights of connection links are stored within the system to use as the memory of the intelligent
process [8]. Thus, it is possible to show the elements that are analogous in biological and artificial neural networks (see
Table 1).
Table .1 Analogies between biological and artificial neural networks [12]
Biological neural network
Artificial neural network
Soma
Neuron or Processing Element
Dendrite
Input
Axon
Output
Synapse
Weight

Artificial neural networks (ANNs) contain links that connect neurons in the model, and each link has a numerical weight
to identify the effect of each neuron (see fig.3). ANNs have long-term memory that considers weights essential in achieving
the model goal [1-3, 8, 9]. Moreover, these weights show the strength for each input; in other words, they show the
2
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importance each neuron has for the input layers. The repetitive style of the weights’ adjustment processes leads to learning
in a neural network [1-3, 8, 9].

Figure 3: Typical architecture design of ANNs

A neuron receives a number of input signals from its connecting links, then computes a new activation level to produce a
result value, which is then sent as an output signal through the output links. “The output signal is transmitted through the
neuron’s outgoing connection (corresponding to the biological axon)” [13]. Moreover, a neuron never yields more than a
single output signal, which represents a final solution to the problem, or an input to other neurons, regardless of the number
of input signals (see fig.4). In addition, the outputs data of other neurons can be used as input signals in the ANNs model,
and raw data is an important source for creating an ANN model.

Figure 4: Typical input / output signal process of neurons.

4. Typical Structure of Artificial Neural Networks Model:
A typical structure of an ANN is made up of a hierarchy of layers which consist of a number of processing elements called
neurons. These neurons are usually arranged in an input layer, an output layer, and one or more hidden layers between
them (see figure 5) [1]. Input and output layers are connected by the neurons to the external environment form. Each neuron
in an ANN’s model is fully or partially joined to many other neurons by connection links, which have different weights.
An ANN’s model works continuously to modify the weights of the connections to bring input/output behavior into line
with the external environment. Thereby, the main objective of an ANN’s model is based on the real relationship between
input and output data.

Figure 5: Typical structure of ANNs model with two hidden layer [1].

3
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There are significant steps to building an artificial neural network. First, the network architecture must be designed, which
involves deciding how many neurons are to be used, how the neurons are to be connected to form a network, what
appropriate kind of neuron is to be used, and how many hidden layers the network will have. Then, the type of learning
algorithm to use is decided. Finally, the neural network must be trained; that is, the weights within the network are
initialized and then updated from a set of training examples [1, 9].
5. Neurons' Methodology to determine Outputs:
The neuron is a simple means for finding a result. It is based on an idea proposed by McCulloch and Pitts in 1943, and it
still forms the basis for most artificial neural networks [1]. Each neuron (or processing element) performs a simple
computation when it receives signals from its input connections, and computes a new activation that it then sends along
each of its output connections.
The values of each input signal received from an adjacent node and the weights on each input connections are dominant
factors on the activation level in the computation processes [9]. The computation is divided into two components. First is
the input function (Ini). This is used to compute the weighted sum of the input values for each unit that is a linear component
[9]. Second is the activation function (g), which is used to transform the weighted sum into the final value that is considered
as the activation value for a unit that is a nonlinear component [9]. It should be noted that “Usually, all units in a network
use the same activation function” [9].
At each neuron, the weighted sums of the input signals are computed, and the result compared with a threshold value or
bias (θ). “If the net input is less than the threshold, the neuron output is -1. But if the net input is greater than or equal to
the threshold, the neuron becomes activated and its output attains a value +1” [14]. McCulloch and Pitts’ mathematical
explanation of types of activation function is called a sign function (see equation 1-3):
𝑛𝑛

𝑋𝑋 = � 𝑥𝑥𝑖𝑖 . 𝑤𝑤𝑖𝑖
𝑖𝑖=1

−1,
𝑌𝑌 = �
+1,

𝑛𝑛

𝑥𝑥 ≥ θ
𝑥𝑥 < θ

𝑌𝑌 = sin �� 𝑥𝑥𝑖𝑖 𝑤𝑤𝑖𝑖 − θ�

Where:
xi = the value of input i,
wi= the weight of input i,
n = the number of neuron inputs,
Y= the output of the neuron, and
𝜃𝜃= the threshold value.

(1)
(2)
(3)

𝑖𝑖=1

6. Common Activation Functions of Neuron:
A mathematical function that designates the net input to a neuron or processing element to its output is also referred to as
Transfer function [1]. Earlier generations of research on artificial neural networks resulted in many trials and efforts
designed to test different activation functions. However, only four common forms have found practical applications with
good verification values. A specific name is allocated to each common function: Step, Sign, Sigmoid, and Linear function
[1, 9]. Figure 6 shows the work characteristics of the four common activation functions. The step and sign activation
functions are called hard limit functions, and are “often used in decision-making neurons for classification and pattern
recognition tasks” [1]. Sigmoid functions are used in back-propagation networks where transforming the input signals can
produce a wide range of values “between plus and minus infinity, into a reasonable value in the range between 0 and 1”
[1]. To solve a linear approximation, the linear activation function is considered the best choice in order to provide an
output equal to the weighted input [1].
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Figure 6: Common activation function of ANNs [1].

Each neuron is an elementary information-processing unit. It has a means of computing its activation level given the inputs
and numerical weights.
7. Brief View of Perceptron:
In 1958, Frank Rosenblatt introduced a training algorithm, based on the McCulloch and Pitts neuron model, known as
perceptron, which provided the first means of training a simple artificial neural network [6]. Thus, perceptron can be
defined as the simplest form of artificial neural network, consisting of “a single neuron with adjustable synaptic weights
and a hard limiter” [1]. A hard limiter receives the weighted sum of the input signals to produce an input equal to +1 for
positive input and -1 for negative input. The purpose of perceptron is to classify inputs where work in the form of externally
applied stimuli to the input data is divided into one of two classes. Perceptron learns to sort tasks by making small
adjustments in the weights to diminish the variance between their actual and desired outputs [1].
Shynk, 1990 [15], and Shynk and Bershad, 1992 [16] showed a single-layer perceptron was unable to solve nonlinear
problems by making decisions in the same way, regardless of the activation function used to solve the problem. Minsky
and Papert, 1969 [17], had already proved that a single-layer perceptron cannot achieve global generalizations on the basis
of examples learned locally. Their solution for overcoming this problem was to use a two-layer feed-forward network [1].
However, they did not produce a way to solve the problem of how weights can be adjusted from input to hidden neurons
[9]. An earlier solution to this problem had actually come in 1974, from Werbos, but it did not attract much attention [9].
After that, Parker, 1985, Cun, 1985, and Rumelhart, Hinton and Williams in 1986 all developed ways to answer this
question [2]. They showed that any answer to this question should be focused on the fact that “errors for the units of the
hidden layer are determined by back-propagating the errors of the units of the output layer” [2]. What is needed to overcome
the limitations of a single-layer perceptron is the development of an advanced procedure to solve non-linearity problems
with robust explanation for weighted adjustment between layers. The learning style in multilayer neural networks was
invented by Bryson and Ho in 1969, but it was not taken up until the mid-1980s [9].
8. Multilayer Neural Networks:
Typically, this type of neural network consists of an input layer of source neurons that receive input data from the external
environmental, and an output layer of computational neurons, together with at least one hidden layer in between the input
and output layers that contains the computational neurons [1]. The input data are propagated in forward networks on a
layer-by-layer basis [1]. Usually, feed-forward propagation requires that the layers be arranged to ensure each unit receives
input only from units in the immediately preceding layer [9]. The Multilayer feed-forward neural networks “can represent
any function, given enough units” [9].
9. Hidden Layer in the Neural Networks:
Hidden layers are connected layers between the input layer and the output layer, and they contain the computational
functions of neural networks. In other words, “they are connected to neither the inputs nor the outputs of the network
directly” [18]. A hidden layer is an essential element for the weights rules update from input layer to output layer [9]. The
data redistributed by the input layer are received by the hidden layer in order to adjust weights into hidden neurons, which
are used by the output layer in determining the output pattern [1]. Weight adjustment is considered an essential
characteristic for detecting a hidden layer [1]. “Neural networks represent complex nonlinear functions with a network of
linear threshold units” [9]. However, neural networks can use one hidden layer to deal with any continuous function of the
input data, and discontinuous functions need to be examined using two hidden layers [1]. The behavior of neurons in hidden
layers are not evident through the input and output behavior of the neural networks [1], and this is considered a desired
output, one that is determined by the hidden layer itself [1].
5
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Commercial artificial neural networks consist of three or four layers with one or two hidden layers, and each layer can be
constructed from tens to thousands of neurons or processing elements [6]. In contrast, experimental ANNs may have five
to six layers, with three or four hidden layers, and each layer may contain millions of neurons [1]. Many of the additional
hidden layers may be utilized in artificial neural networks, which can lead to an exponential increase in the computational
load [1]. Therefore, most practical applications in ANNs use just three layers of neural networks [1].
10. Preprocessing data for neural networks (The Data Scaling):
The preprocessing steps are implemented on the inputs and target data, which can make the neural networks performance
more efficient in achieving its objective [19]. In other words, the data preprocessing stage is necessary to facilitate network
training which can then perform preliminary processing on the data, in order to make the data easier for the neural network
training to extract the relevant information [20]. Data scaling is one of the important procedures for preprocessing the data
in neural networks. The significant reason for data scaling is to equalize the importance of variables, to improve the training
of the neural network, and to avoid the slowing down of the learning rate near the edges of specifically the output range
due to the property of the sigmoid function, which is asymptotic to values 0 and 1 for logistic function (sig), and to values
-1 and 1 for hyperbolic tangent function (tanh) [8]. Therefore, the preference is for a sigmoid learning function with a
scaling range between 0.1 to 0.9, and the linear scaling formula can be expressed by equation (4). For instance, if input
data variables range between 1 and 100000, and other ranges between 0.1 and 0.0001, the network should be able to learn
to use tiny input weights for the first variable and enormous weights for the second variable and vice versa. However, these
situations with such different ranges are asking a lot of the network to overcome. The network’s task is made much easier
if it is provided with data scaled in a way that helps to maintain all weights within a small set of predictable ranges [20].
Furthermore, it is a standard practice to normalize the inputs before applying them to the artificial neural network [20].
Initializing the neural network weights to tiny random values ensures that the product of the input weight will be small
[20]. Moreover, the values of the weights can be a more meaningful when the input values are normalized [20].

Where:

𝑋𝑋 = �

0.8

𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

� 𝑋𝑋𝑖𝑖 + (0.9 −

xi = the value of input data (i.e. 1,2, 3,….,n)
X= the normalize/scaling value of the input data,
Xmin= the minimum value of the input data.
Xmax= the maximum value of the input data.

0.8 𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋

𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

�

(4)

11. Classification of Learning Algorithms:
The learning term in artificial neural networks refers to the process of the weights that are adjusted into neural networks to
achieve some desired behavior of the network, which is also referred to as Training [1]. There are a number of learning
algorithm styles that are used in artificial neural networks (see Fig. 7); some of them are basic types of learning rules, while
others are classified into classes and sub-classes. The fundamental learning rules can be classified into three main types:
supervised learning, unsupervised learning, and reinforced learning algorithms rules [21]. These three basis types of
learning methods are classified based on the presence or absence of the guide (i.e. teacher), and the information provided
to the system to learn the behavior of the input signal. Two of these basic types are each categorized into two sub-classes
depending on the learning rules to be used on their units. Thus, unsupervised learning can be classified as either Hebbian
or competitive, and supervised learning can be classified as either stochastic or gradient descent. In addition, gradient
descent (error correction) itself can be further classified into two categories; the least mean square and back-propagation
[11].
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Figure 7: Hierarchical representation of Learning Algorithms of ANNs [11].

The supervised pattern is a learning style that has teacher existence during the learning process, and also for the expected
output. This method considers every input pattern to be useful in training the network, and a learning process is based on
a comparison between the network's computed output and the correct, expected output, which then generates error
correction. The "error" generated is used to change the weights of the neural network parameters such that a result is
instantaneously used to improve the network’s computational performance [21].
An unsupervised pattern is a learning style without a teacher as part of the processing, or else it is a style of self-learning,
where the expected or desired outputs do not already exist in the network. Thus, the system learns by itself by detecting
and adapting to the structural characteristics in the input patterns [21].
A reinforced pattern is a learning style with teacher existence, which is used to indicate whether the output computation is
correct or not, without the presence of the desired or expected output. The information supports the network in its learning
process. Consequently, this learning algorithm style is considered as an intermediate pattern between the other two patterns,
and it is not a commonly used form of learning for neural networks when compared to the supervised and unsupervised
learning algorithm styles [21].
12. Back Propagation Learning Algorithms of ANNs:
Back-propagation is used to solve the weight optimization problems of multilayered artificial neural networks [18]. The
data sequence is a principal factor in achieving a good learning process, especially in the back-propagation pattern, as is
the influence of the training data distribution on all supervised training methods [22]. The back-propagation algorithm
attempts to minimize the error function in weighted space, which leads to minimizing error output using the method of
gradient descent [3, 9]. The incorporation of the weighting to minimize the error function is considered to be a solution for
the learning problem [3].
The computation of the gradient of the error function is a main parameter required in this method and, for each iteration
step, the system must ensure the continuity and variability of the error function [3]. Usually, a type of activation function
is used; otherwise, the step function is utilized in perceptron to produce a composite function that leads to interconnected
perceptrons becoming discontinuous. One of the more common applications used for back-propagation networks is the
sigmoid activation function [3].
There are two phases of learning algorithm in the back-propagation neural network. A training input pattern is the first
phase that is submitted to the network input layer [1]. Then, the input pattern propagates forward from layer to layer in the
neural network until the output pattern is generated by the output layer. If the desired output is different from the expected
output (i.e. output of this pattern), then an error should be calculated, which then starts a second phase with the error passing
backwards through the network from the output layer to the input layer [1, 22]. The error is propagated to modify the
weights [1].
In artificial neural networks, the connection between neurons is specified in the back-propagation (the network’s
architecture), then neuron uses the activation function and the type of learning algorithm that determines the procedure for
the weight’s adjustment [1].
The back-propagation learning pattern is used to determine a local minimum for the error function. Randomly chosen
weights are an initial step to initiate data processing into ANNs. The initial weights are corrected by the gradient of the
7
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error function [3]. The target of the operation is to compute this gradient repeatedly until the optimum values of error
correction are reached.
A neuron output is determined in a similar style to Rosenblatt’s perceptron. First, it computes the net weighted input (see
eq. 2) and, in the next step, this input value is passed through the activation function. However, unlike perceptron, a sigmoid
activation function is preferred for use with neurons in back-propagation networks (see eq. 5,6) [1].
𝑛𝑛

𝑋𝑋 = � 𝑥𝑥𝑖𝑖 . 𝑤𝑤𝑖𝑖 + 𝜃𝜃

Where:

(5)

𝑖𝑖=1

X: the net weighted input to the neuron,
xi: the value of input i,
wi: the weight of input i,
n: It is the number of neuron inputs, and
θ: It is the threshold applied to the neuron.

𝑌𝑌 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =

1
1 + 𝑒𝑒 −𝑥𝑥

(6)

A simple example of a three layer neural networks helps to show how the back-propagation learning form is derived (see
Figure 8). The indices i, j and k given in Figure 8 refer to neurons in the input, hidden and output layers, respectively [1].
Also, table 2 is shows the nomenclatures for symbols used in figure 8.

Figure 8: Back-propagation of three layers in the ANNs.
Table 2: The nomenclature of symbols is used in the mathematical expressions of ANNs.
The nomenclature
Input value (input vector)
Intermediate output value of hidden layer
Output value (Output vector)
Weight values between the input layer and hidden layer
Weight values between the hidden layer and output layer
Threshold or bias between the input layer and hidden layer
Threshold or bias between the hidden layer and output layer
Desired output
Actual output

Definition
X ϵ Rp , X=(X1,X2,X3,….,Xp)T
H ϵ Rq , X=(H1,H2,H3,….,Hq)T
Y ϵ Rr , Y=(Y1,Y2,Y3,….,Yr)T
Wij(i=1,2,3,…,p & j=1,2,3,..,q)
Wjk(i=1,2,3,…,q & j=1,2,3,..,r)
θj or bj (j=1,2,3,…,q)
θk or bk (j=1,2,3,…,r)
T1,T2,T3,….,Tp, Yd
Y1,Y2,Y3,….,Yr, Ya

The learning rate is a positive number less than unity that controls the magnitude of changes to the weights in the artificial
neural network from one iteration to the next. The speed of network training is directly influenced by the learning rate [1].
However, the learning rate is adjusted according to the change in errors during training [1]. If the error at the current epoch
(epoch is the presentation of the entire training set to an ANN during training) exceeds the previous value by more than a
predefined ratio, the learning rate is decreased. However, if the error is less than the previous one, the learning rate is
increased [1].
The codes x1, x2, . . ., xp refer to the input data (or signal) that is propagated through the network from left to right, and
the codes e1, e2, …., ep are error values from right to left (i.e. error is the difference between the actual and desired outputs
in an ANN with supervised learning. The code wij denotes the weight for the connection between processing element ‘i’
(i.e. neuron) in the input layer and processing element ‘j’ in the hidden layer, and the code wjk is the weight between
processing element ‘j’ in the hidden layer and processing element ‘k’ in the output layer [1]. The weight correction of the
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hidden layer can be calculated, and eq. 4 can be applied for the output layer:
The output layer can be considered as a starting point for the work of backward propagation to the hidden layer in order to
produce an error value. Thus, an error value at the output of a neuron (k) at iteration (I) is expressed by equation (7). The
procedures for updating weights in the output layer is analogous to the perceptron learning rule [1], and we can express it
as an equation (8).
𝑞𝑞

𝑒𝑒𝑘𝑘 (𝐼𝐼) = 𝑦𝑦𝑘𝑘𝑟𝑟 (𝐼𝐼) − 𝑦𝑦𝑗𝑗 (𝐼𝐼)

𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼 + 1) = 𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼) − ∆𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼)

(7)
(8)

The learning algorithm procedures can be summarized as a series of five steps that are performed sequentially in each
artificial neural network as follows: (1) Data preparation and entering; (2) Feed-forward computation; (3) Computing the
error correction factor; (4) A back-propagation algorithm is used to compute the necessary corrections based on randomly
choosing the network weights in the hidden layer; and (5) Weight correction (i.e. weight update). The algorithm is stopped
when the value of the error function has become sufficiently small [3].
13. The Mathematical steps of the computational procedures for the training algorithm into ANNs:
The systematic steps, with equations, for the workflow in an artificial neural network through the forward and backward
propagation can be set out as follows:
1- Data preparation, preprocessing and scaling: Set all the weights and threshold levels of the network to random
numbers, uniformly distributed inside a small range [23] (see eq.4).
2- The input vector (data or signal) is presented to the input layer, which computes the input to the hidden layer by
applying inputs (x1,x2,x3,…., xp) for each iteration, and desired outputs (yd1,yd2,yd3,….,ydp) for each iteration, to
𝑞𝑞
calculate the actual outputs of the neurons in the hidden layer ( 𝑦𝑦𝑗𝑗 ) (see eq. 9):
𝑝𝑝

𝑞𝑞

Where:

𝑦𝑦𝑗𝑗 (𝐼𝐼) = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �� 𝑥𝑥𝑖𝑖 (𝐼𝐼). 𝑤𝑤𝑖𝑖𝑖𝑖 (𝐼𝐼) + 𝜃𝜃𝑗𝑗 �

(9)

𝑖𝑖=1

𝑞𝑞

𝑦𝑦𝑗𝑗 : the actual outputs of the neurons in the hidden layer for each iteration,
xi: the value of input parameter i for each iteration,
wij: the weight of input i,
p: the number of neuron j in the hidden layer, and
θj: the threshold applied to the neuron (i.e. bias function of hidden layer).
Sigmoid: the sigmoid activation function

3- The hidden layer takes its input for neuron from equation!!!, and uses it as the argument for a sigmoid function to
produce the actual output of the neurons in the output layer ( 𝑦𝑦𝑘𝑘𝑟𝑟 ) (see eq.10):
Where:

𝑦𝑦𝑘𝑘𝑟𝑟 (𝐼𝐼)

𝑞𝑞

= 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �� 𝑥𝑥𝑗𝑗𝑗𝑗 (𝐼𝐼). 𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼) + 𝜃𝜃𝑘𝑘 �

(10)

𝑗𝑗=1

𝑦𝑦𝑘𝑘𝑟𝑟 : the actual outputs of the neurons in the output layer for each iteration,
xjk: the value of output parameter I for hidden layer for each iteration,
wjk: the weight of input j to output layer,
q: the number of neuron k in the output layer, and
θk: the threshold applied to the neuron (i.e. bias function of output layer).
Sigmoid: the sigmoid activation function

4- The procedure of backwards propagating the error associated with output neurons to modify the weight’s
parameter in the back-propagation network. The error gradient and weight correction are thereby computed for
the neurons in the output layer, and then in the hidden layer (see eq. 11-17):
𝑟𝑟 (𝐼𝐼)
𝑟𝑟
𝑒𝑒𝑘𝑘 (𝐼𝐼) = 𝑦𝑦𝑑𝑑,𝑘𝑘
− 𝑦𝑦𝑎𝑎,𝑘𝑘
(𝐼𝐼)

𝛿𝛿𝑘𝑘 (𝐼𝐼) = [𝑒𝑒𝑘𝑘 (𝐼𝐼)]. 𝑦𝑦𝑘𝑘𝑟𝑟 (𝐼𝐼). [1 − 𝑦𝑦𝑘𝑘𝑟𝑟 (𝐼𝐼)]
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∆𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼) = 𝛼𝛼. 𝑦𝑦𝑗𝑗 (𝐼𝐼). 𝛿𝛿𝑘𝑘 (𝐼𝐼)

𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼 + 1) = 𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼) − ∆𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼)
𝑟𝑟

(14)

𝑞𝑞
𝑞𝑞
𝛿𝛿𝑗𝑗 (𝐼𝐼) = �� 𝛿𝛿𝑘𝑘 (𝐼𝐼). 𝑤𝑤𝑗𝑗𝑗𝑗 (𝐼𝐼)� . �𝑦𝑦𝑗𝑗 (𝐼𝐼). �1 − 𝑦𝑦𝑗𝑗 (𝐼𝐼)�. �

(15)

∆𝑤𝑤𝑖𝑖𝑖𝑖 (𝐼𝐼) = 𝛼𝛼. 𝑥𝑥𝑖𝑖 (𝐼𝐼). 𝛿𝛿𝑗𝑗 (𝐼𝐼)

(16)

𝑘𝑘=1

Where:

(13)

𝑤𝑤𝑖𝑖𝑖𝑖 (𝐼𝐼 + 1) = 𝑤𝑤𝑖𝑖𝑖𝑖 (𝐼𝐼) − ∆𝑤𝑤𝑖𝑖𝑖𝑖 (𝐼𝐼)

(17)

Δwij(I): the weight correction for input layer with hidden layer,
Δwjk(I): the weight correction for hidden layer with output layer,
𝛼: learning rate,
xi: the weight of input i,
𝛿j(I): the error gradient at neuron j in the hidden layer.
𝛿k(I): the error gradient at neuron k in the output layer at iteration I.
r: the number of neurons in the output layer
yj(I): the output of neuron j in the hidden layer
I: the number of iteration.
q: the number of neurons in the hidden layer
𝑞𝑞
: The value of output of the hidden layer,

5- After executing equation 17, one iteration of the training algorithms is completed. The next stage is a return to
step 2 and a repetition of all the succeeding steps in the process until the detected error criterion is satisfied, or the
error values remain minimum without change [1].
14. Practical Applications of Artificial Neural Network:
Applications can be grouped into five main patterns that relate to problems for researchers and engineers:
Clustering pattern: This categorizes the merits of artificial neural networks that are considered to be an unsupervised pattern
classification. The principle of work is based on there being no training data, with known class labels, and the clustering
algorithm scouts the similarity between the patterns and then places analogous patterns in a cluster. Clustering applications
are recognized as useful for data mining, data compression, and exploratory data analysis [24].
Classification/Pattern recognition: This is a task to assign an input pattern for a study system, such as a speech waveform
or handwritten symbols, which are represented by a feature vector to one of many predefined classes. This pattern includes
algorithmic implementations such as associative memory [24].
Function approximation: This is a task to find an estimate of the unknown function that is subject to noise. This pattern is
commonly used in the various engineering and scientific disciplines that require function approximation. This pattern is
used in training algorithms for a set of input and output data that are generated by an unknown function [24].
Prediction Systems: This is a task to forecast some future values of a time-sequenced data set, and which is capable of
predicting various function approximations by considering a time factor. Prediction has a significant impact in business,
science, and engineering. For instance, support making-decision systems for stock market prediction and weather
forecasting. Prediction differs from function approximation by considering a time factor. This pattern may be a dynamic
system and may produce different outputs for the same input data depending on the system situation [24].
Optimization pattern: This is a significant task to the wide variety of the problems in mathematics, statistics, engineering,
science, medicine, and economics that can be presented as optimization problems. The main goal of optimization
algorithms is finding a maximum or minimum objective function as a solution to a set of constraints [24].
15. Brief background to utilizing ANNs in construction management:
ANNs have a number of applications in construction management. For example, they have been developed as simple tools
for predicting earthmoving operations, to help planners to select an optimum crew based on the unit cost of construction
projects, or for forecasting the work performance for a given crew [25]. ANNs have been applied in earthmoving machinery
systems that involve excavators and haulers in order to predict an effectiveness ratio for designing earthworks in
construction projects [26]. The ANN model is built up using measurement data for the earthwork equipment, which can
then be used to select an optimum machinery setting for the earthwork with a consideration of the execution cost or time
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based on their productivity prediction [27]. ANN models have been used to formulate cost and timesaving solutions in
construction planning activities for large construction projects that have been seen as a "combinational optimization
problem" in terms of producing a good construction site layout [28]. ANNs have also been used to predict the duration of
building construction projects, with 13.6% proving to be an average error for time estimation in the earlier stages of the
projects [29]. Similarly, an ANN model was developed to predict a bidder’s performance based on information available
at the tender stage, based on the project data available from the Hong Kong Housing Department [30]. In China, an
undetermined ANN model was proposed to assess the quality of construction projects to assist decision makers with the
project’s quality management procedures based on quality construction index data [31]. In the City of Montreal, ANNs
were developed to improve pavement management systems based on maintenance and repair strategies in order to
guarantee the balance between a specific maintenance budget and a good level of pavement condition [32]. In another
example, an ANN model, based on historical information and input from experienced superintendents was used to
determine factors that affect labor productivity for concrete formwork tasks in a construction project [33]. An ANN model
was also used as part of a structured methodology to develop crane selection and utilization in construction operations [34].
It is possible to develop an ANN model by adapting the general neural dynamics model of Adeli and Park (1995a) to
provide a solution to the problem of construction scheduling and cost optimization [35]. For example, an ANN-based model
was proposed as a means to forecast construction costs, and improve cost estimation, for residential construction in Vietnam
[36]. In Singapore, an economic indicator was devised using ANNs to predict demand for residential construction projects
[37]. An ANN model was also used to forecast the total structural cost of building projects in the Philippines [38]. An
efficient ANN model was developed based on a construction industry database collected from the Gaza Strip in Palestine
to forecast costs in the early phases of building construction projects [39]. Investigations have also been carried out into
the capabilities of ANNs to meet the needs of designers and planners in tackling cost estimation problems in early stages
of the building design process in order to help achieve the best decisions in cost estimation [40]. The cost data from eighteen
actual cases of highway construction projects in Newfoundland, Canada were used as the source data to build an ANN to
improve the parametric cost estimation model for highway projects, as well as utilizing ANNs black box properties to
develop an easy spreadsheet in excel format that offered powerful capabilities for cost data management [41]. A
construction cost estimation model for residential building projects in Korea was developed based on incorporating the
operations of ANNs with genetic algorithms (GA) to produce an efficiency estimation model [42]. [43] They used data
extracted from several completed typical construction projects to achieve prompt cost estimating. An ANN model was
developed to predict the lower tender price of the construction cost based on a database taken from the Building Cost
Information Service (BCIS) for primary and secondary school building [44]. [45] They investigated the ability of the neural
networks’ technique to model nonlinearity in the total cost data to the clients (i.e. external, internal, and construction costs)
and showed that it is the best model for overcoming nonlinear data problems. An ANN model was used to predict the actual
cost of projects based on the earned value management system and project standard data set for the actual cost and
completion percentage [46]. Using an ANN technique enabled a more precise cost estimation model to be produced for
highway construction projects in developing countries during the initial phase that aimed to reduce the percentage of errors
in cost estimation [47]. ANNs have been utilized to predict construction cost indexes by observing cost-change related to
the specific quantity of products for limited intervals [48]. In Louisiana, an ANN model was developed to forecast the
construction cost index for highway projects and the effects on cost escalation over time based on the cost index for the
five index parameters which predominate in total highway construction costs using data for past highway construction cost
trends as a basis [49]. ANNs that could predict construction productivity and costs proved the feasibility of an integrated
knowledge-based system to predict productivity [50]. ANNs applications are used to demonstrate as an efficient tool to
predict a productivity rate per hour of the excavation equipment, and productivity level for the construction trade [51].
ANNs model can forecast the factors affecting overhead costs for construction projects and so decide the optimum level of
overhead costs, which enables contractors to effectively administer major construction projects [52]. Thus, in Egypt, it was
possible to forecast a site’s overhead costs based on a parametric cost-estimating model developed using an ANN based
on database collected from the construction project [53].
Previous research has mainly focused on the study of conventional issues such as time, cost, quality, productivity, and
planning problems in construction projects, in both building and highway projects. Here, however, the emphasis is on
research that deals with earthwork operations or construction machinery, and also is considered as extended study for work
done by Jassim et al. 2017. Consequently, the main purpose of this study is to build an ANN model for predicting the
amount of hourly air pollutant (in term of CO2, CO, CH4, NOx, and PM) of excavators based on its hourly fuel consumption,
which estimates based on excavator operational characteristics and earthwork site properties, in order to support planners
to drawing environmental plan, and investigate an environmental impact of their machine selection in the early stages of
road and infrastructure; therefore, provides a solution to fill a shortage of estimating formula at this stage.
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16. Brief definition to primary types of air pollutant:
It is necessary to show a general definition of the air pollutants to be more understandings, and insight in the importance
of study an environmental impact of earthwork's operations in road and infrastructure projects. “Air pollution is a change
in the physical, chemical and biological characteristic of air that causes adverse effects on humans and other organisms”
[54]. Therefore, any substance is responsible to cause changing in air quality are called air pollutant (PA), which can be
happened by two ways; natural (e.g. wildfire), or made by man activity (e.g. emitting gas from fossil fuel combustion). The
air pollutant can be classified to two categories; 1) Primary air pollutant are emitted directly from processes or activities
such as carbon monoxide from the exhaust of vehicle’ engines. 2) Secondary APs are substances not directly emitted that
are form in the air when APs react or interact.
16.1. Major types of primary pollutants made by human activities:
1) Sulphur oxides (SOx): It is produced by natural in case volcanoes, and also released from various industrial
processes and activities. For example, coal and petroleum components often contain Sulphur compounds;
therefore, Sulphur dioxide (SO2) produces from their combustion. Acid rain is caused by forms H2SO4 that
produced from SO2 in the presence of a catalyst such as NO2. Thereby, it is one of the causes for concern over the
environmental impact of the use fossil fuels as power sources [54].
2) Nitrogen oxides (NOx): It is compound that especially emitting from high temperature combustion. Further,
nitrogen dioxide (NO2) is the chemical compound where its responsible for photochemical smog, acid rain etc.
[54].
3) Carbon monoxide (CO): It can be described as a colorless, odorless, and non-irritating gas, but in contrast it is
very poisonous gas, which is a product of incomplete combustion of fossil fuel such as natural gas, coal or wood,
therefore, a vehicular exhaust considers as major source of this compound [54].
4) Carbon dioxide (CO2): It is one of the important gases that caused global warming effects where is emitted from
combustion. Besides that, it is also a vital gas to living organisms, therefore, is a natural-gas present in the
atmosphere [54]. CO2 represents 65% of all emissions of fossil fuel and industrial process [EPA-IPCC 2010].
5) Volatile organic compounds: VOCs are a significant kind of outdoor air pollutant that has a high vapor pressure
and water solubility, which are predominantly components of petroleum fuels [EPA]. Furthermore, they are often
divided into two categories of methane (CH) and non-methane (NMVOCs) [54]. Methane is an extremely efficient
greenhouse gas which contributes to enhanced global warming, for example; methane (CH4) is produced by
human activities that represented 16% of global greenhouse-gas emissions, which is cover all of the agricultural
activities, waste management, energy use, and biomass burning [EPA-IPCC 2010]. In addition to other
hydrocarbons VOCs are also important greenhouse gases based on their role in creating ozone and in prolonging
the life of methane in the atmosphere, although these effect is variate follows the local air quality [54].
6) Particulate matter (PM) or fine particles are tiny particles of solid or liquid suspended in a gas or droplets found
in the air that also called particle pollution [EPA]. The sources of particulate matter can be made-by-man or
natural, since some particulates generate naturally that originating from volcanoes, dust storms, forest and
grassland fires, living vegetation, and sea spray. Besides that, combustion of fossil fuels in vehicles engines, power
plants and different industrial processes where considers as main source of PM from human activities [54].
7) Ammonia (NH3): it is a compound emitted from agricultural processes where is normally described as a gas with
a characteristic pungent odor, which contributes significantly to the nutritional needs of terrestrial organisms by
serving as a precursor to foodstuffs and fertilizers [54]. Although in wide use, it is both caustic and hazardous
[54].
8) Toxic metals such as lead, cadmium, and copper [54].
9) Chlorofluorocarbons (CFCs): it is a harmful to the ozone layer emitted from products currently banned from use
[54].
10) Odours: it is formed from garbage, sewage, and industrial processes [54].
11) Radioactive pollutants: it is produced by nuclear explosions, war explosives, and natural processes such as the
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radioactive decay of radon [54].
In this study, six types of pollutants (i.e. CO2, CO, CH4, NOx, VOC, and PM) are addressed from hourly work for
excavator in earthwork operations, in order to predict by ANN proposed model, because these types of air pollutants are
directly connected with excavator activities in site construction projects.
17. Practical study for ANN Models in Construction Engineering and management:
17.1. Predicting Excavator Air Pollutant and Factors Impacts on it:
17.1.1. Collecting and preparing the data analysis for Excavator:
The data for analysis was collected from the Caterpillar handbook 42.0 and 44.0, which contains information on digging
depth (Dp), total cycle time (Tc), bucket size (Bs), bucket payload (Bp), load factor (Lf), and horsepower (Hp) for twentyfive models of caterpillar Excavator (307C, 308D CR, 308D CR SB, 311D LRR, 312D, 312D L, 315D L, 319D L, 319D
LN, M313D, M315D, M316D, M318D, M322D, 320D, 320D RR, 321D CR, 323D, 324D, 328D LCR, 329D, 336D, 345D,
365C L, and 385C) [55, 56], in addition to information of different earthwork sites that related to densities. Excavators are
tested for work with different digging depth, bucket size, bucket payload, and earthwork conditions, which requires a
different cycle type for each excavator with different conditions at each analysis iteration. For instance, with different types
of earth excavation (i.e. packed earth, sand, gravel, and hard clay), each type has various values of earth densities, and
these values can be arranged by the interval (960 – 2415 kg/m3) and then tested for different digging depth with a different
bucket size to use for each depth, and different fill factor for bucket based on type of material haulage. Following a long
analysis procedure for the basic data using the excel program, 5092 operational situations from all types of excavators were
selected. Finally, fuel consumption per hour of material excavating and loading on the hauler body is calculated based on
the basic principle parameters of formula Filas 2002 [57], data for 5092 operational situations with their hourly fuel
consumption, to produce fuel output values for each excavator operational situations that was used to training and testing
within ANN proposed model.
17.1.2. ANN Model Developments for Fuel Consumption Prediction of Excavators:
The ANN model is used to derive an estimate formula to calculate the hourly fuel consumption for excavator in earthworks
by using multi-layer perceptions (MLP) for training the model with the back-propagation training algorithm. The model
has five inputs representing the digging depth (Dp), total cycle time (Tc), bucket payload (Bp), horsepower (Hp), and load
factor (Lf). The Architectural structure of the optimal ANN model is shown in figure 9, based on best neural networks
results for training and testing data subsets that was decided based on the minimum square error values (MSE), and
coefficient of correlation (R) for train and test data subsets to proposed model. Further, there is no strike rule to determine
the number of hidden nodes and layers in neural network. Besides that, the rule of thumb is practically applied to select the
optimum structure of neural networks model. However, all input and output data subset was scaled into neural networks
within interval 0.1 to 0.9, in order to avoid slow rate learning at the ends of data subsets.
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Figure 9: Architectural structure for the optimal ANN model to predicting fuel consumption of excavator.

17.1.3. Training and testing of the neural networks:
The data of 5092 cases generated by analysis of the operational characteristics for excavators based on information
available in the Caterpillar handbook 42.0 and 44.0 has been varied by intervals, as shown in Table 3, and 90% of the data
(i.e. 4629) is used in the training of the neural network, and 10% (i.e. 453) is used for tests with the constructed network,
as shown in Figure 10-15 that shows different indicators for processing the input data into neural networks, and also, the
outputs are verification of the final results. Perception Multilayer (PML) networks, with a back-propagation algorithm, are
used for the training. The multi-layer feed forward and backward propagation technique is implemented with sigmoid
activation function to develop and train the neural network in the current study. The design hidden nodes and layers for
neural network in this study was followed the detailed information that showed by Jassim et al. 2017 [58], which is
considered the best values of minimum square errors (MSE), and the value of the correlation coefficient (R). As can be
seen from the figures (11-15), the coefficient of correlation, R, is close to 1, i.e. 0.9997& 0.99977 respectively for training
and testing, with MSE for best training performance of ANN model is equal (0.0000069135) at epoch 11, which indicates
that the resulting model is satisfactory and so good practice.
Table 3: List of parameters and their boundary values used in the analysis of basic data collection from the Caterpillar handbook with
various earthworks site conditions.
Minimum
Name of Parameter
Nomenclature
Maximum boundary
Unit
boundary
Digging Depth
Dp
1.5
5.6
m
Total Cycle Time
Tc
0.17
0.35
min
Bucket Payload
Bp
0.2263
3.6316
m3
Load factor
Lf
0.15
0.91
decimal
Horsepower
Hp
41
355
kW
Fuel Consumption
Fh
1.19912
91.57
L/h
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Figure 10: Total data distribution in the ANNs model.

Figure 11: Training data with target in the ANNs model.

Figure 12: Mean Square Error For the ANNs model.

Figure 13: Gradient and Mu for training data in the ANNs model.
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Figure 14: Training Output data with target in the ANNs model.

Figure 15: Testing Output data with target in the ANNs model.

17.1.4. The estimation formula:
The formula length is mainly depending on the matrices size for weights connection that depends on the number of nodes
in the hidden layer for proposed ANNs model. Through my trails to figure out a best value for gradient and regression with
different numbers of nodes, an adoption of fifteen nodes gives an accuracy of 99. 7% that may give us long formula but
not complex, when can solve by excel sheet format or MATLAB workplace or any other computation program. However,
to shorten the length of the equation, an adoption of the number of nodes by five is introduced with a correctness of 93%
where the small number of connection weights of the neural network enables the ANN model to be translated into a
relatively simple formula. But we like to use a more accuracy formula (99. 7%) which the predicted fuel consumption per
hour can be expressed as follow matrices:
𝑋𝑋𝑠𝑠 = �

⎡
⎢
⎢
⎢
⎢
⎢
⎢
𝑨𝑨 = ⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

2,183557335
2,261822691
−1,696148204
−1,557606253
−1,47856826
0,177367726
−0,168364085
3,3528132
2,082963016
−2,393550618
−1,269984256
1,20771374
0,352422755
1,258613897
−0,029735561

0.8

𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚

−12,45828512
−9,606210239
34,55488576
37,96144875
11,16019595
15,10140685
4,363213075
−9,743821382
−16,2673949
6,560200632
19,69397759
−33,28722918
26,98199755
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where Xs represents the normalizing/scaling value of the input data, xi is the value of input data for each parameter (i.e., 1,
2, 3,…, n), xmin is the minimum value of the input data for each parameter, and xmax is the maximum value of the input data
for each parameter. “A” represents the weight connection matrix between the input and hidden layers (For i = 1, 2,…, n; j
= 1, 2,…, m; n = 15 and m = 5), a matrix “B” represents the scaled values for the input parameters (where b = 1, 2,…, q; q
= 5) (i.e., element “b1” is digging depth, “b2” cycle time, “b3” bucket payload, “b4” engine horsepower, and “b5” load
factor), a matrix “C” represents the bias values (i.e., threshold) of nodes in the hidden layer (where c = 1, 2,…, p; p = 15),
a matrix “H” represents the weights connection vector matrix between the hidden and output layers (where h = 1, 2,…, O;
O = 15), and “θy” represents the bias value (i.e., threshold) of nodes in the output layer. “D” represents the resultant matrix
of the multiplication of the weight connections and scaled input parameters matrices, “E” represents a summation matrix
for “D” and “C”, “F” represents a matrix resulting from applying a sigmoid function to each weight connection between
the input and hidden layers, consisting of fifteen elements (i.e., f1; f2; f3; f4; f5; f6; f7;……..; f15), “K” is a vector matrix for
elements facing each other in both the “F” and “H” matrices (note that this step is not typical for matrix multiplication, but
it is regarded as multiplication only for parallel elements in both of them), “S” represents the summation values of the bias
value of the node output layer and the summation values for the elements of the “K” matrix (For i = 1, 2,…, n; n = 15),
“Fs” is the normalizing/scaling prediction value for excavator hourly fuel consumption (L/h), and “Fh” represents a
rescaling (i.e. actual prediction values) prediction value for excavator hourly fuel consumption (L/h), fmin is the minimum
value of the original output data, and fmax is the maximum value of the original output data (see table 4 is shows important
values for scaling and rescaling input and output data for ANN model). EhCO2 represents the value of hourly CO2 emission
of excavator in earthworks, EhCO represents the value of hourly CO emission of excavator in earthworks, EhCH4 represents
the value of hourly CH4 emission of excavator in earthworks, EhNOx represents the value of hourly NOx emission of
excavator in earthworks, EhVOC represents the value of hourly VOC emission of excavator in earthworks, and EhPM
represents the value of hourly PM emission of excavator in earthworks. Ef1 is a conversation factor for the CO2 emission
of each liter of diesel fuel (i.e. 2.6569 kg CO2/L) [53]. Ef2, Ef3, Ef4, Ef5, Ef6, Ef7, and Ef8, are a conversation factor for the different
air pollutant emissions of each liter of diesel fuel (kg of each kind AP/L) that shows in table 5 under Sweden column.
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Table 4: The values for scaling and rescaling input/output data for prediction model.
Delta
Value
Maximum
Value

b1
4.1
b1
5.6

b2
0.18
b2
0.35

b3
3.44814241
b3
3.631635576

b4
314
b4
355

b5
0.883662235
b5
0.996665308

f
90.376791557
f
91.57595358

Table 5: Emission factor for different types of air pollutant emission based on EEA 2016 for inventory emission 2005
[59].
Category

Diesel Heavy Duty Vehicles (HDV) Bulk Emission Factors (kg/L diesel fuel)

Country

Austria

-

CO2

2.6945

Ef2

CO

0.00595

0.005891 0.007489 0.005806 0.005525 0.006061 0.006129 0.005933 0.006843

0.00584

0.007514 0.005602

Ef3

CH*

0.00017

0.000179 0.000153 0.000213 0.000204 0.000162

0.00017

0.000145

0.00017

0.000153

0.000213 0.000145

Ef4

NOx

0.02652

0.027625 0.029835 0.027285

0.02737

0.027965 0.030345

0.02686

0.03179

Ef5 NMVOC 0.001343 0.001258 0.001981 0.001326 0.000765 0.001267 0.001411 0.001233 0.002032

0.001267

0.002465 0.001003

0.00068

0.001097

Ef6

PM

Denmark Finland
2.6945

2.6945

0.000672 0.000663 0.001054

Sweden

Norway

Belgium

France

Germany

Italy

Netherlands

Poland

UK

2.6945

2.6945

2.6945

2.6945

2.6945

2.6945

2.6945

2.6945

2.6945

0.00068

0.02703

0.027625

0.000663 0.000748 0.000672 0.000723 0.000918

* It is means an emission factor for CH pollutant have been investigated by various components for each European country.
i.e. Austria and Denmark represents CH4; Finland represents CH12; Sweden represents CH24; Norway represents CH31;
Belgium represents CH9; France represents CH13; Germany represents CH8; Italy represents CH15; Northland represents CH20;
Poland represents CH21; UK represents CH27.
There are many inventory reports dealt with emission factors that published by governments and agencies offices through
past decades. which may be have all or some of components was listed in table 5. Therefore. the study was selected emission
factor for carbon dioxide from update version report to Defra 2012 [60]. because this value could be considered to mean
values for factor (CO2) based on author decision that comes from reviewing other reports. In addition to other emission
factors were selected from Sweden emission factors have published by EEA update report 2017 that showed emission
factors to inventory data 2005 for all European countries [59].
17.1.5. Comparing between results of prediction equation and original analysis data:
Using the input data to recalculate the outputs by a new prediction formula to evaluate the estimation errors for each
operational situation of excavators. An errors' value is represented a divergence between computing values and original
result values. An important to mention for the computing values considers as a scaling data. and should be re-rescaling
them to calculate errors against original results. In order to achieve this step. the whole original input was tested by ANN
proposed model. and then comparing results with original output data. Therefore. Figure 16 shows good agreement between
the original and predicted values for hourly fuel consumption by ANN models. which is considered as basic value to
estimate different pollutant values from hourly activities of excavators.

Figure 16: Error evaluation of predicting fuel consumption of the excavators based on an optimal ANN model.
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17.1.6. Comparing between data used to build ANN prediction model and Caterpillar hourly fuel data:
Using the hourly fuel consumption data from caterpillar 42 and 44 that relevant for each excavator model used in study.
However, the comparison was done for each level of load factor where excavator work on it. There are three levels of load
factor are applied in the caterpillar handbooks against hourly fuel consumption for each excavator model. Table 6 shows
criteria to dividing range values of load factor.
Table 6: Load factor intervals based on Caterpillar 42 and 44 [55. 56].
Load Factor

Low

Range

20%-40%

Medium

40%-60%

High

60%-80%

Typical Application Description 300 Series

Typical Application Description M Series

Mostly shallow depth urban utility construction where
excavator sets pipe and digs less than 50% of the daily
work schedule. Sandy loam. free flowing. low density
material. Most scrap handling applications. Little
traveling and little or no impact.
Most residential sewer applications. Continuous mass
excavation and trenching in natural bed clay soils.
Digging 60-85% of the daily work schedule. Most log
loading applications. Some traveling and steady. full
throttle operation.
Continuous trenching or truck loading in rock or shot
rock soils. Most pipeline applications in hard rocky
material. Digging 90-95% of the daily work schedule.
Large amount of travel over rough ground. Working
on rock floor with constant high load factor and high
impact.

Urban utility construction application in sandy
loam. low density material. Digging less than
50% of the daily work schedule. Rehandling and
scrap handling applications.
Residential sewer applications in natural bed
clay. Continuous digging in sandy clay/gravel.
Digging 60-85% of the daily work schedule. Site
development and lumber yard applications. Most
logging applications.
Pipeline applications in hard rocky material.
Continuous digging in rock/natural bed clay.
Digging 90-95% of the daily work schedule.
High impact. using hammer. working in forests
and quarries.

Load factor values for each operational situation for each excavator model was estimate based on proposed formula by
Jassim at el. 2017 [51] (see Eq. 34). which depend on bank density of excavating materials. However, this concept is
descripted in Caterpillar handbooks.
𝐿𝐿𝑓𝑓 = 0.0366𝑒𝑒 0.00136𝐵𝐵𝐷𝐷

(34)

The hourly fuel consumption data for each model of the excavator at each level of a load factor was extracted. and then an
interpolation was achieved to find approximate hourly values into each range of the load factors. in order to make many
references points to compare. Figure 17 shows a good consistency for all most data comparing within each level of load
factor comparing. exactly with each range over a load factor. However, it is important to appear all data generated were
deposited within lower and upper boundary conditions.

Figure 17: Hourly fuel consumption of the excavators generated data vs caterpillar reference data.

19

Artificial Neural Networks as a Technique in Construction Engineering and Management:
Predicting Hourly Air Pollutant of Excavator in the Earthworks

17.1.7. Study of Importance Input Factors Model
The relative importance of the various input parameters into designed artificial neural network models are significant for
understanding the parameter’s input impacts on the desired output. and for trying to check them. when we need to select
the best excavator for earthwork activities. The partitioning weights method was proposed by Garson [61] and adopted by
Goh [62]. and it is used in this study in order to determine the relative importance of the various input parameters that
impact excavator fuel consumption in various work conditions. The major important parameter influencing the fuel
consumption per cubic meter for excavator is the total cycle time (Tc) (66.76%). that involves on excavate. swing. loading
and retain to start point. Load factor (Lf) is a second impact (15.99%). Horsepower (Hp ‘6.27%’). and digging depth (Dp
‘3.60%’). and Bucket payload (Bp ‘12.21%’). The indication is shown in figure 18 where cycle time demonetized factor on
hourly fuel consumption within input parameters for ANN proposed model.

Figure 18: Relative importance factors for input parameter of ANN proposed model.

17.1.8. Study Effects of Input Factors Model
This section offers a brief insight into the effects on the hourly fuel consumption of excavators at earthworks when different
input factors are changed. Figure 19 shows the effects of changing the cycle time of the excavator when digging earth at
different depths and then loading the earth onto a hauler during earthworks. The first three data groups (i.e. data1, data2,
and data3) are selected from each group of excavators that are recommended for working with specific earth types (i.e.
packed earth, sand/gravel, and hard clay). A positive behavior with increasing cycle time for each excavator model in these
data groups can be clearly seen in fig 9. In addition, two other groups (i.e. data4 and data5) were selected randomly, for
data for excavator work. The data4 data group represents earthworks data for large excavators with a long cycle time and
with a deep digging depth that were tested on work during the interval from low value to high value within their operational
boundaries (i.e. starting to work at a shallow depth and small cycle time and up to the recommended and maximum digging
values). The data5 data shows the behavior for excavators selected to work during the interval from low value to high value
that exceeds their boundaries. The results, showed a rapid increase in hourly fuel consumption, and the resulting curve
crossed with the data4 curves when digging depth at specific cycle time was exceeded the recommended boundary to use
a machine. According to these results, the proposed ANN model can be considered a good sensitivity indicator for
recognizing unfavorable machine selection for each earthwork project.
Load factor behavior for different excavator models that have different horsepower engines are shown in fig 20. This shows
a positive relationship between the load factor of excavators and fuel consumption. However, each group of excavators’
data was tested with a range of minimum and maximum values of load factor in the ANN prediction model. In addition,
the excavators with large engine sizes showed a rapid increase in fuel consumption compared with medium and small
engine sizes at the same level of load factors. The data groups in fig 21 represent data for different models of excavator
where each group is tested with the same work conditions for cycle time, digging depth, bucket payload, and load factor.
Therefore, Figure 21 shows the relationships between engine horsepower and hourly fuel consumption, with a positive
uniform behavior between them being observed. However, this result is based on adopting the idea of selecting the optimum
machine for the work (i.e. based on recommended work) which can reduce environmental impact from machine use in the
case of all other factors being constant.
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Figure 22 shows the effects of changing excavating depth on machine fuel consumption. Five groups of data were tested
to represent the data work for different model of excavators. Data groups data1, data2, and data3 represent the behaviors
for different models of excavators that work on excavating earth from a shallow depth up to the maximum recommended
depth for each model and by type of earth on-site earthworks. The excavators showed hourly fuels consumption to have a
positive relationship with increasing digging depth. Moreover, data4 and data5 represented the two models of large-size
excavators which were tested for excavating earth using the same site conditions to those operating for the first three
groups, but with a different range of digging depths. The data from data4 and data5 show the effects of changing digging
depth for different models of excavators that were tested on digging earth within values smaller than the recommended
depth values (i.e. compared to their operational characteristics) for each excavator model. The results showed increasing
fuel consumption with increasing digging depth until a specific value, and then decreasing towards a minimum value of
consumption at the recommended excavating depth for excavator works.

Figure 19: Effects of change cycle time against fuel use.

Figure 20: Effects of change load factor against fuel use.

Figure 21: Effects of change horsepower against fuel use.

Figure 22: Effects of digging depth against fuel use.
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17.1.9. User graphical Interface of ANN Predicting Model:
In order to make ANN predicting model in the simplest and practical representation for practitioners and users. the graphical
user interface (GUI) by using MATLAB application was applied to achieve this objective. Figure 23 shows GUI for
application before and after the input data enter to model in order to estimate different pollutant values.

Figure 23: User graphical interface to ANN predicting model.

18. Conclusion:
This report is a brief study to the artificial neural networks as a general and principal concept. application. and
implementation in the construction engineering and management. However, a study concerning data relative with fuel
consumption has been applied to the style of artificial neural networks to model fuel consumption per hour for different
models of excavators. Five input parameters have been used. and one output parameter where ANN model has been proven
that the neural network is capable of modeling and forecasting with good accuracy. Moreover. ANN model has been
shown the relative importance of the input parameters and their effects on output. Cycle time of excavator is
demonstrated factor (66.76%) on fuel consumption per hour of earthworks. The prediction equation is a good practice to
aided planners and practitioners in the construction management to estimate fuel consumption per hour of earthworks at
early stage (i.e. at planning stage) of the construction projects.
19. Future work:
This study will be extended as soon as to build an ANN model to predict an energy consumption and greenhouse gas
emissions per cubic meter of excavators into earthworks based on discrete events simulation (DES) data of the construction
projects. However, the author plan to collect real world data that relevant to data analysis for each operational situation for
each excavator model was used in this study. in order to identify the robust of data generated to build ANN predicting
model. and also to find correction factor to model output based on real world data.
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