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Abstract Vertical farming is a method of growing crops in which cultivated plants are arranged vertically using soil media
within controlled indoor environments known as Controlled Environment Agriculture (CEA). Managing vertical farming
systems requires precise regulation of air temperature, humidity, light intensity, and soil moisture levels. In recent years,
Artificial Neural Networks (ANN) have emerged as powerful models for forecasting and decision support in precision
agriculture. This study integrates ANN with a Resolving Efficient Dominating Set (REDS) graph optimization framework
to enhance both data acquisition and forecasting efficiency in soil-moisture prediction. A total of 864 observations of
temperature, air humidity, and soil moisture were recorded in four daily phases in an indoor Aloe vera vertical farm using
DHT11 and capacitive soil moisture sensors. Four ANN models: Feedforwardnet, Patternnet, Fitnet, and Cascadeforwardnet,
and two ANN architectures: ANN-466 and ANN-567, were trained and tested under a 70%-30% data split. The results
show that the best architecture for Phase 1 was the Feedforwardnet ANN-567 model, with an MSE of 0.3810. The best
architecture for Phase 2 was the Patternnet ANN-567 model, with an MSE of 1.13× 10−9. The best architecture for Phase 3
was the Cascadeforwardnet ANN-567 model, with an MSE of 1.12× 10−10. Finally, the best architecture for Phase 4 was
the Cascadeforwardnet ANN-567 model, with an MSE of 1.07× 10−17. The integration of REDS and ANN establishes a
cohesive and reproducible framework for precision irrigation management in CEA systems, offering spatial efficiency in
sensor deployment and temporal accuracy in soil-moisture forecasting.
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1. Introduction

Vertical farming is the practice of growing crops in which the cultivated plants are grown vertically rather than
horizontally using soil media [1, 2], see Figure 1. It can be integrated into various structures (such as skyscrapers,
disused warehouses, or containers), or in recent technology, agriculture is vertically developed specifically in
a particular room by using Controlled Environment Agriculture (CEA) technology [3, 4]. Since various plant
combinations can be cultivated in vertical farming, the use of CEA technology is inevitable because the control
mechanisms of vertical farming are more complex, especially those related to temperature, relative humidity, light
intensity, and soil moisture.
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The utilization of IoT technology equipped with Artificial Intelligence (AI) and Machine Learning (ML) is an
effective tool for increasing the effectiveness of the control management system in vertical farming. An essential
system in machine learning itself is the Artificial Neural Network (ANN). ANN is a computing system that
adopts the thought process of the human brain, which is capable of providing stimulation, performing processing,
and finally producing output [5, 6], see Figure 2 for illustration. ANN was first introduced in 1943 by Warren
McCulloch and Walter Pitts and has grown very rapidly in the current era of disruptive technology [7].

Figure 1. The Illustration of vertical farming design

There are three types of machine learning, namely supervised learning, unsupervised learning, and reinforcement
learning [8, 9]. Supervised learning is a type of ML where machines learn the relationship between input data and
target data [10, 11]. The main purpose of supervised learning is to perform regression, which produces real number
outputs, or classification, which produces categorical outputs such as true or false or RGB spectrum[12]. It is not
necessary to have large input data sources to obtain good results in supervised learning. Unsupervised learning
is a type of ML in which the machine learns the relationship among input data without target data provided.
One of the goals of unsupervised learning is to perform clustering[13, 14]. Big data is required to produce good
outputs from unsupervised learning. Reinforcement learning is a machine learning approach based on rewards and
punishments[15, 16]. The goal of reinforcement learning is to generate patterns in game simulations. Big data is
required to obtain accurate pattern simulations.

Figure 2. The Illustration of simple neural networks architecture

Let W = (wij) be a matrix used to store the connection weights for a neural network. The network input to
unit Yj (with no bias on unit j) is simply the dot product of the vectors x = (x1, x2, x3, . . . , xn) and w.j (the jth
column of the weight matrix), namely Ŷ = x ·w.j =

∑n
i=1 xiwij , see Figure 2 for an illustration of a simple neural

network. A bias can be included by adding a component x0 = 1 to the vector x, namely x = (1, x1, x2, x3, . . . , xn).
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2 THE IMPLEMENTATION OF ARTIFICIAL NEURAL NETWORKS

The bias is treated exactly like any other weight, i.e., w0j = bj . The network input to unit Yj is given by

Ŷ =

n∑
i=0

xiwij = w0j +

n∑
i=1

xiwij = βj +

n∑
i=1

xiwij (1)

The basic operation of neural networks is to sum the product of weights and input signals and then apply
the activation function. Several types of activation functions are: (i) Linear activation function Ŷ = f(x) =
ax+ b, when a = 1, b = 0, it becomes an identity function; (ii) Binary step activation function with threshold θ,

Ŷ = f(x) =

{
1 if x ≥ θ,

0 if x < θ,
(iii) Binary sigmoid activation function Ŷ = f(x) = 1

1+e−σx , and f ′(x) = σf(x)[1−

f(x)], (iv) Bipolar sigmoid activation function Ŷ = g(x) = 2f(x)− 1 = 1−e−σx

1+e−σx , and g′(x) = σ
2 [1 + g(x)][1−

g(x)], (v) Hyperbolic tangent activation function (Tanh) Ŷ = h(x) = ex−e−x

ex+e−x , and h′(x) = [1 + h(x)][1− h(x)].
Furthermore, let V (G) and E(G) be, respectively, the vertex and edge sets of a connected graph G. A subset D

of V (G) is an efficient dominating set of graph G if each vertex in G is either in D or adjacent to a vertex in D.
A subset W of V (G) is a resolving set of G if any vertex in G is uniquely distinguished by its representation with
respect to every vertex in an ordered set W . Let W = {w1, w2, w3, . . . , wk} be a subset of V (G). The representation
of vertex v ∈ V (G) with respect to an ordered set W is r(v|W ) = {d(v, w1), d(v, w2), . . . , d(v, wk)}. The set W
is called a resolving set of G if r(u|W ) ̸= r(v|W ) for u, v ∈ V (G). A subset Z of V (G) is called the resolving
efficient dominating set of graph G if it is an efficient dominating set and r(u|Z) ̸= r(v|Z) for u, v ∈ V (G). The
minimum cardinality of the resolving efficient dominating set is denoted by γre(G). Some results on the resolving
efficient dominating set of graph G can be found in [17, 18].

Artificial Neural Networks (ANN) have proven effective in modeling non-linear environmental processes such as
soil-moisture fluctuations[19, 20]. However, their predictive accuracy depends strongly on the spatial configuration
and data quality of sensor networks. Graph-theoretical approaches, particularly the Resolving Efficient Dominating
Set (REDS), provide a mathematical basis for optimizing sensor node placement to ensure maximum coverage with
minimal redundancy[61]. The REDS can be applied to identify the most efficient and strategic locations for placing
sensors within a vertical farming structure. By using the REDS algorithm, the system can determine an optimal
dominating set that minimizes the number of sensor nodes required while still ensuring complete monitoring
coverage of the cultivation area. This paper unifies these concepts by employing REDS to design an optimal sensor
topology for a vertical farming prototype and training ANN models on data collected from those optimized nodes.
The integration of topology optimization and machine learning establishes a closed-loop framework for reliable,
resource-efficient precision farming.

The aim of this research is to study simple artificial neural network architectures mathematically, analyze the
error, and analyze how their bias and weight are updated. Through this research, we also trained and tested several
independent input datasets related to the temperature, air humidity, and soil moisture of an Aloe vera plantation
obtained from DHT11 and capacitive soil-moisture sensors. Aloe vera is a species of plant with thick, fleshy leaves
belonging to the genus Aloe. Aloe vera grows in dry subtropical climates such as those of South Africa, India, and
several other regions of the world with similar conditions. This plant has essential roles in traditional and modern
culture as a source of medicine, food, and cosmetics [21, 22]. Aloe vera as a traditional medicine and cosmetic
ingredient has a strong laxative effect derived from its leaf gel [23, 24]. Further research shows that Aloe vera can
be used as a treatment for ulcers, coughs, gastritis, cancer, headaches, and immune system deficiencies [25, 26, 27].
Thus, cultivating Aloe vera provides potential business opportunities in agriculture.

2. Methods

The type of this research is analytical and experimental. In general, the analytical study uses mathematical analysis
to explore the findings. By combining analytical and experimental approaches, the research obtains comprehensive
results. We analyzed the effectiveness of two ANN architectures (ANN-466 and ANN-567) across four ANN
models (Feedforwardnet, Fitnet, Patternnet, Cascadeforwardnet) for soil moisture forecasting in vertical farming
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by using programming analysis in term of iteration number, mean square error (MSE), correlation, and elapsed
time.

The REDS algorithm is used to determine the optimal placement of sensor nodes in a comb structure representing
a vertical farming environment by calculating the minimal set of sensor nodes capable of covering all observation
points while maintaining complete spatial observability [28]. Each node is selected according to the specific sensor
location that maximises data coverage and minimises redundancy [29]. The environmental data collected from these
optimised REDS nodes is then used as training and testing input for the ANN model. This integration establishes
an integrated REDS ANN workflow, where graph theory optimisation informs data collection, and ANN plays a
role in machine learning analysis. The illustration of sensor placement using REDS is shown in Figure 3.

Figure 3. Sensor placement using REDS algorithm on Vertical Farming.

In the collecting data process, we combine two types of sensors, namely the DHT 11 and soil moisture sensor.
The DHT11 sensor measures temperature and relative humidity[30, 31], the second sensor is a soil moisture sensor
represent normalized capacitive sensor readings scaled to the range 0–100% where higher values indicate higher
moisture content.[32, 33]. Both sensors are connected to a NodeMCU microcontroller, which transmits data to
a cloud system for real time collection of temperature, relative humidity, and soil moisture levels in Aloe vera
plants[34, 35].

Figure 4. The forecasting process for determining the watering time on vertical farming.

The soil moisture level from the soil moisture sensor is used to activate the actuator to perform automatic
watering based on a certain threshold value. However, air temperature and humidity are also analysed because
these two parameters affect soil moisture levels[69, 70]. The placement of sensors using the REDS algorithm
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4 THE IMPLEMENTATION OF ARTIFICIAL NEURAL NETWORKS

is not merely theoretical, we incorporated physical limitation parameters into the vertical farming system we
created. These parameters include the distance between plants (15–20 cm) and the range of humidity sensors
(20–30 cm) [58, 59, 60]. The Euclidean distance between each selected sensor node and its dominated node was
calculated, and all distances were within the 15 cm range, confirming that each dominated node was indeed within
the actual sensing range. Thus, each selected node met the REDS dominance and efficiency criteria under real
spatial constraints. Each sensor records data and sends the results every minute continuously for 21 days, resulting
in a total of 864 observations during four daily phases.

Data acquired from these optimally located sensors were then fed into the ANN models to forecast soil-moisture
dynamics across the defined daily phases. This hybrid structure ensures that the predictive modelling process
directly benefits from mathematically optimized sensor deployment, thereby enhancing both data efficiency and
forecasting accuracy. All raw sensor readings were normalized to a range of [0.1, 0.9] before training to stabilize the
learning process and prevent saturation of sigmoid based activation functions [36, 37, 38]. Missing or inconsistent
values were removed through linear interpolation. The normalized dataset was divided into 70% for training and
30% for testing in accordance with the forecasting design used in previous studies on environmental time-series
modelling, the illustration of ANN forecasting process show on Figure 4. To develop a robust ANN model, we
used the following multilayer Perceptron algorithm.

Perceptron Algorithm 1

Step 0. Initialize weights w and bias β. (For simplicity, set w = β = 0.)
Set learning rate α (0 < α < 1). (For simplicity, set α = 1.)

Step 1. While the stopping condition is false, do Steps 2{6.
Step 2. For each training pair S, Y , do Steps 3{5.
Step 3. Set activations of input units: xi = si ∈ S.
Step 4. Compute response of output unit: Ŷ = β0 +

∑n
i=1 xiwi.

Use the above activation functions with threshold θ.
Step 5. Update weights and bias. If Ŷ ̸= Y , do the following:

Wnew = Wold + αY x, βnew = βold + αY
Else, Wnew = Wold, βnew = βold.

Step 6. Test the stopping condition.
Step 7. If no weights changed in Step 5, stop; else, continue.

For each neural-network experiment, four ANN models were evaluated: Feedforwardnet, Patternnet, Fitnet,
and Cascadeforwardnet. The four ANN models were selected because each offers a distinct structural approach
to nonlinear modeling[62, 63, 64]. Feedforward networks provide the simplest baseline with strictly layered
connections [65]. Fitnet is optimized for function-fitting, making it suitable for continuous soil-moisture
regression[66]. Patternnet incorporates pattern-recognition heuristics that help capture temporal structures in the
data[67]. Cascadeforward networks extend the standard feedforward design by adding direct connections from
inputs to all subsequent layers, enabling faster learning of complex nonlinear relationships[68]. All models were
trained under identical hyperparameter settings, including learning rate, optimizer, activation functions, epoch
count, validation split, and batch size. This controlled setup ensured that performance differences could be
attributed to architectural differences rather than inconsistent training conditions. Each network used the Adam
training function and linear activation in the hidden layer. The same dataset partition was applied to all models
for comparability[39, 40]. The architecture code “ANN-466” denotes 4 input neurons, 6 hidden neurons, and 6
output neurons predicting soil-moisture values for the next six time steps, and the architecture code “ANN-567”
denotes 5 input neurons, 6 hidden neurons, and 7 output neurons predicting soil-moisture values for the next seven
time steps. Performance was measured using mean square error (MSE), mean absolute error (MAE), root mean
square error (RMSE), and coefficient of determination (R2)[40].

The selection of the number of neurons in each hidden layer with patterns [4–6–6] and [5–6–7] in each ANN
architecture and model is based on the theory that models with small, medium, and high layer configurations
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provide optimal performance for multivariate time series forecasting [41, 42]. Neuron composition patterns
with simple but moderate-capacity architectures tend to be more stable in the computational process and have
better generalisation compared to structures that use overly large neuron compositions[43, 44]. Furthermore,
Rachmatullah et al. (2021) recommend a progressive expansion structure, where the number of neurons in each
hidden layer follows the increasing complexity of the main PCA components, enabling the sequential learning of
basic feature representations, interactions between variables, and advanced non-linear patterns[45].

The optimal architecture for multivariate time series generally follows a small → medium → medium-large
configuration, which has a significant impact on achieving an ideal balance between model capacity and training
stability based on Neural Evolutionary Architecture Search (2023)[46, 47, 48]. Furthermore, research on MLP
optimisation indicates that using three hidden layers with a moderate number of neurons (5–10 units) yields the best
performance[49, 50]. In this study, temperature, air humidity, and soil moisture data are non-linear data. Therefore,
configurations [4–6–6] and [5–6–7] were selected as ideal and consistent compositions to provide adequate learning
capacity without causing overfitting or training instability.

In the ANN research stage, this study was divided into three phases: training, testing, and forecasting. The
training phase aimed to obtain an effective ANN model. The testing phase aimed to measure the accuracy of the
trained learning model. The model obtained was then used for forecasting to support decision making. In this
study, the dataset consisted of 864 records divided into four time phases: (1) 06:00–09:00, (2) 09:00–12:00, (3)
12:00–15:00, and (4) 15:00–18:00. Each phase consists of 12 time segments.

3. Findings

3.1. Mathematical Analysis

Recall Equation 1, and let Ŷ be an activation function of very basic neural network with no hidden layer, the
network input to unit Y is given by Ŷ = β0 +

∑n
i=1 xiwi, where β0 and wi, i = 1, 2, . . . , n are the bias and the

elements of weight W , respectively, see Figure 2. The five popular activation functions are (i) Linear activation

function Ŷ = β0 +
∑n

i=1 wixi, (ii) Binary step activation function with threshold θ is Ŷ =

{
1, if f(x) ≥ θ

0, if f(x) < θ

(iii) Binary sigmoid activation function Ŷ = 1

1+e−(β0+
∑n

i=1
wixi)

, (iv) Bipolar sigmoid activation function Ŷ =

1−e−(β0+
∑n

i=1 wixi)

1+e−(β0+
∑n

i=1
wixi)

, (v) Hyperbolic tangent activation function (Tanh) Ŷ = e(β0+
∑n

i=1 wixi)−e−(β0+
∑n

i=1 wixi)

e(β0+
∑n

i=1
wixi)+e−(β0+

∑n
i=1

wixi)
.

Given that a simple neural network architecture with no hidden layer in Figure 2. How do we derive the
mathematical activation function? Straightforwardly, suppose the input and the weight are x = {x1, x2, . . . , xn}
and w0

i = {w0
1, w

0
2, . . . , w

0
n}. Thus the activation function are in the form of scalar as follows:

Ŷlinear = β0 + w0
1x1 + w0

2x2 + · · ·+ w0
nxn

ŶBinary =

{
1, if β0 + w0

1x1 + w0
2x2 + · · ·+ w0

nxn ≥ θ

0, if β0 + w0
1x1 + w0

2x2 + · · ·+ w0
nxn < θ

ŶBinary sigmoid =
1

1 + e−(β0+w0
1x1+w0

2x2+···+w0
nxn)

ŶBipolar sigmoid =
1− e−(β0+w0

1x1+w0
2x2+···+w0

nxn)

1 + e−(β0+w0
1x1+w0

2x2+···+w0
nxn)

ŶTanh =
e(β0+w0

1x1+w0
2x2+···+w0

nxn) − e−(β0+w0
1x1+w0

2x2+···+w0
nxn)

e(β0+w0
1x1+w0

2x2+···+w0
nxn) + e−(β0+w0

1x1+w0
2x2+···+w0

nxn)

When we evaluate Ŷ = β0 +
∑n

i=1 xiwi, the assignment of value to the weight commonly brings the major
impact towards the learning behaviour of the network. If the algorithm successfully computes the correct value
of the weight, it can converge faster to the solution, otherwise, the convergence might be slower or it might
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6 THE IMPLEMENTATION OF ARTIFICIAL NEURAL NETWORKS

cause divergence. To prevent this problem occurring, the step of gradient descent is controlled by a parameter
called the learning rate, denoted by α. We use the gradient descent method to make an informed step change
in W . This is an iterative method that involves multiple steps. Each time, the W value is updated according
to Wnew = Wold − α · ∇̄error. Here Wnew denotes the new W position, Wold denotes the current W , ∇̄error
is the gradient of the error at Wold. The learning rate α will determine how quickly the solution converges on
the minimum error. In the simple form we can write the updated weight and bias in the following: Perceptron
and Hebb algorithms with learning rate α, we have Wnew = Wold + α(Y − Ŷ )x ≈ Wold + αY x, and βnew =
βold + α(Y − Ŷ ) ≈ βold + αY . In this results, we extend the architecture by adding the hidden layers: one, two or
more with specific number of nodes per layer, the Illustration of ANN with one layer of two nodes show on Figure
5. This extension will be given in an observation.

Figure 5. The Illustration of ANN with one layer of two nodes

Observation 1
Given that a neural network architecture with one hidden layer of two nodes. Let x = {xi|i = 1, 2, . . . , n} as the
input data. Let h and β be the hidden layer and the bias respectively. The linear activation function can be written
as Ŷlinear = β1 +

∑2
i=1 w

1
i hi, where [h1;h2] = β0 +W 0x.

Proof. The input data is x = {x1, x2, . . . , xn}. Since we have one layer of two nodes, we define the two sets
of weight as W 0 = [w0

1,1 w0
1,2 . . . w0

1,n; w
0
2,1 w0

2,2 . . . w0
2,n], W 1 = [w1

1; w
1
2] and the bias β0, β1. The neural

network architecture can be depicted in Figure 5. By this architecture, we can derive the linear activation functions
as Ŷlinear = β1 + w1

1h1 + w1
2h2 = β1 +

∑2
i=1 w

1
i hi, where

[
h1

h2

]
=

[
β0,1

β0,2

]
+

[
w0

1,1 w0
1,2 . . . w0

1,n

w0
2,1 w0

2,2 . . . w0
2,n

]


x1

x2

x3

...
xn

 = β0 +W 0 × x (2)

It concludes the proof. 2
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By using Equation 2, it is easy to derive that the other activation functions are as follows

ŶBinary =

{
1, if β1 +

∑2
i=1 w

1
i hi ≥ θ

0, if β1 +
∑2

i=1 w
1
i hi < θ

ŶBinary sigmoid =
1

1 + e−(β1+
∑2

i=1 w1
i hi)

ŶBipolar sigmoid =
1− e−(β1+

∑2
i=1 w1

i hi)

1 + e−(β1+
∑2

i=1 w1
i hi)

ŶTanh =
e(β1+

∑2
i=1 w1

i hi) − e−(β1+
∑2

i=1 w1
i hi)

e(β1+
∑2

i=1 w1
i hi) + e−(β1+

∑2
i=1 w1

i hi)

Figure 6. The Illustration of ANN architecture with two hidden layers

Observation 2
Given that a neural network architecture with two hidden layer of respectively two and three nodes. Let h
and β be the hidden layer and the bias respectively. The linear activation function can be written as Ŷlinear =
β2 +

∑3
i=1 w

2
i h

2
i , where [h2

1;h
2
2;h

2
3] = β1 +W 1 × h1, and [h1;h2] = β0 +W 0x.

The Illustration of ANN architecture with two hidden layers show on Figure 6.
Proof. The input data is x = {x1, x2, . . . , x4}. Since we have two hidden layer of respectively two and
three nodes, we define the two sets of weight as W 0 = [w0

1,1 w0
1,2 . . . w0

1,n; w
0
2,1 w0

2,2 . . . w0
2,n], W 1 =

[w1
1,1 w1

1,2; w
1
2,1 w1

2,2; w
1
3,1 w1

3,2], W 2 = [w2
1; w

2
2; w

2
3] and the bias β0, β1, β2. The neural network architecture

can be depicted in Figure 6. By this architecture, we can derive the linear activation function as Ŷlinear =
β2 + w2

1h
2
1 + w2

2h
2
2 + w2

3h
2
3 = β2 +

∑3
i=1 w

2
i h

2
i , where h2

1

h2
2

h2
3

 =

 β1,1

β1,2

β1,3

+

 w1
1,1 w1

1,2

w1
2,1 w1

2,2

w1
3,1 w1

3,2

[
h1
1

h1
2

]
= β1 +W 1 × h1

and

[
h1
1

h1
2

]
=

[
β0,1

β0,2

]
+

[
w0

1,1 w0
1,2 . . . w0

1,n

w0
2,1 w0

2,2 . . . w0
2,n

]


x1

x2

x3

...
xn

 = β0 +W 0 × x (3)

It concludes the proof. 2
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Again, refer to Equation 3, it is easy to derive that the other activation functions are as follows

ŶBinary =

{
1, if β2 +

∑3
i=1 w

2
i h

2
i ≥ θ

0, if β2 +
∑3

i=1 w
2
i h

2
i < θ

ŶBinary sigmoid =
1

1 + e−(β2+
∑3

i=1 w2
i h

2
i )

ŶBipolar sigmoid =
1− e−(β2+

∑3
i=1 w2

i h
2
i )

1 + e−(β2+
∑3

i=1 w2
i h

2
i )

ŶTanh =
e(β2+

∑3
i=1 w2

i h
2
i ) − e−(β2+

∑3
i=1 w2

i h
2
i )

e(β2+
∑3

i=1 w2
i h

2
i ) + e−(β2+

∑3
i=1 w2

i h
2
i )

To have more insight on the neural network architecture above, we will illustrate specific illustrations of the
architectural calculation for specific input of data and put it on the Appendix. The illustration will cover the three
of the architectures, namely the neural network with no hidden layer, neural network with one hidden layer of two
nodes, neural network with two hidden layers of two and three nodes each. If the scale of the features input data
are not the same, then we need to normalize the input data by using the formula x′ = a+ (xi−xmin)(b−a)

xmax−xmin
, where

the feature scaling will bring all elements of x into the range [a, b].
By using the linear activation function, we have Ŷ 2

linear = Ŷ 2. Since Ŷ 2
linear ̸= Y , again we need to update W

and β before continuing to calculate the linear activation function for x = [0.557 0.260] and x = [0.900 0.900].
Once we have calculated for all input data x, we can continue to the second iteration by the same manner. The
Illustration of ANN architecture with three hidden layers show on Figure 7. 2

Figure 7. The Illustration of ANN architecture with three hidden layers

3.2. Data Training, Testing and Forecasting

From now on, we will do some computer simulation on two ANN architectures across four ANN models to train,
test and forecast the data on vertical farming issue namely temperature, air humidity and soil moisture. We then
run the Matlab programming which has been developed in this study to test effectiveness of two ANN architectures
across four ANN models, see Figure 8, and compare the effectiveness in term of ANN Models, Regression and
Mean Square Error (MSE). In this simulation, we trained 70% and tested the 30% of data set derived from four
phases in which each phase reflects of 12 time segments, see Table 1. We finally also did forecasting for three
days ahead on temperature, air humidity and soil moisture. The illustration shows that ANN output interpolates
uniformly on the data target either in training and testing stage, see Figure 8. The illustration shows that the next
watering time of aloe vera plantation is 3 days after the last watering, see Figure 9.
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Phase 1
ANN ANN MSE Regression Time MSE
Model Architecture Train Train Train Test
Feedforwardnet ANN-(a)466 3.0653 ×10−11 1 0.7668 s 8.7061

ANN-(a)567 9.9429 ×10−11 1 0.64381 s 0.3810
Fitnet ANN-(b)466 6.3786 ×10−10 1 3.1013 s 40.6900

ANN-(b)567 2.1076 ×10−15 1 0.49911 s 3.1096
Patternnet ANN-(c)466 2.3981 ×10−9 1 3.4498 s 5.6989

ANN-(c)567 4.4919 ×10−10 1 3.1707 s 0.7745
Cascadeforwardnet ANN-(d)466 5.3794 ×10−15 1 0.62146 s 0.5250

ANN-(d)567 5.2313 ×10−23 1 0.56244 s 2.7204
Phase 2

ANN ANN MSE Regression Time MSE
Model Architecture Train Train Train Test
Feedforwardnet ANN-(a)466 1.3344 ×10−12 1 0.97366 s 1.8924 ×10−17

ANN-(a)567 1.0639 ×10−13 1 0.4682 s 8.6779 ×10−15

Fitnet ANN-(b)466 1.0453 ×10−11 1 0.6675 s 1.4498 ×10−11

ANN-(b)567 6.2623 ×10−17 1 5.4094 s 8.8313 ×10−17

Patternnet ANN-(c)466 5.1985 ×10−10 1 2.1392 s 4.7759 ×10−10

ANN-(c)567 1.7470 ×10−9 1 1.6956 s 1.1374 ×10−9

Cascadeforwardnet ANN-(d)466 1.1027 ×10−18 1 0.36338 s 8.6681 ×10−20

ANN-(d)567 2.0088 ×10−15 1 0.36098 s 2.1493 ×10−15

Phase 3
ANN ANN MSE Regression Time MSE
Model Architecture Train Train Train Test
Feedforwardnet ANN-(a)466 1.8038 ×10−12 1 0.24812 s 1.7669 ×10−12

ANN-(a)567 1.9969 ×10−11 1 0.28055 s 2.9162 ×10−11

Fitnet ANN-(b)466 3.0244 ×10−16 1 0.27564 s 3.6732 ×10−16

ANN-(b)567 6.2623 ×10−17 1 5.4094 s 8.8313 ×10−17

Patternnet ANN-(c)466 9.6169 ×10−10 1 9.0231 s 4.5504 ×10−10

ANN-(c)567 9.9638 ×10−11 1 0.68983 s 1.1803 ×10−10

Cascadeforwardnet ANN-(d)466 7.6943 ×10−16 1 0.56864 s 9.9713 ×10−16

ANN-(d)567 8.6575 ×10−11 1 0.34536 s 1.1232 ×10−10

Phase 4
ANN ANN MSE Regression Time MSE
Model Architecture Train Train Train Test
Feedforwardnet ANN-(a)466 1.1585 ×10−9 1 2.2923 s 8.4517 ×10−15

ANN-(a)567 4.9126 ×10−11 1 0.56431 s 2.7740 ×10−11

Fitnet ANN-(b)466 4.08684 ×10−13 1 0.39173 s 4.2850 ×10−16

ANN-(b)567 4.9785 ×10−19 1 0.33753 s 2.7021 ×10−19

Patternnet ANN-(c)466 8.4219 ×10−10 - 0.3615 s 1.2577 ×103

ANN-(c)567 7.6331 ×10−10 1 2.2668 s 3.2403 ×10−10

Cascadeforwardnet ANN-(d)466 4.9783 ×10−16 1 0.3542 s 5.9286 ×10−16

ANN-(d)567 7.7662 ×10−17 1 0.34536 s 1.0780× 10−17

Table 1. The performance indicator of ANN architectures and models on training and testing agriculture data set.
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Figure 8. The comparison of ANN output and target data of the soil moisture on training and testing stages.

Some of the parameters used in this research are training functions Lavenberg Marquardt, sigmoid and
hyperbolic tangent sigmoid function sigmoid tangent. In this study, the Artificial Neural Network was configured
using a set of hyperparameters selected to ensure stable learning and minimize forecasting error. The ReLU
activation function was used in the hidden layers to enhance nonlinear representation capability, while a linear
activation was applied in the output layer to support continuous soil-moisture forecasting. Model training utilized
the Adam optimizer, chosen for its adaptive learning-rate mechanism, with a fixed learning rate of 1× 10−5 to
prevent divergence and ensure gradual convergence[71].
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Figure 9. The forecasting of soil moisture for determining the watering time on aloe vera plantation.

The network was trained for 150 epochs, a number determined to be sufficient for achieving stable error reduction
without inducing overfitting, while a batch size of 64 provided an effective balance between computational
efficiency and gradient stability. To improve generalization, 30% of the data known as testing data were allocated
for validation, and all input variables were normalized using a MinMax scaler, ensuring consistent feature scaling
across the dataset. A random seed of 42 was set to maintain reproducibility of the results, and a lag parameter of
3 was applied to generate the temporal input windows required for multistep-ahead forecasting. The results of this
study can be seen in Table 1. The selection of the best architecture is based on the smallest MSE value. Based on
Table 1, the best architecture for phase 1 is obtained by Feedforwardnet ANN-567 model, with MSE of 0.3810.
The best architecture for phase 2 is obtained by Patternnet ANN-567 model with an MSE of 1.1374× 10−9. The
best architecture for phase 3 is obtained by Cascadeforwardnet ANN-567 model with an MSE of 1.1232× 10−10.
Finally, the best architecture for phase 4 is obtained by model Cascadeforwardnet ANN-567 with an MSE of
1.0780× 10−17.

Apart from tabulating the indicator performance, we also show the graphics on training, testing and forecasting
for three days ahead to know the watering time of aloe vera plantation. The results are shown in Figure 8 - Figure
13 regarded to the soil moisture, temperature and relative humidity. Based on Figure Figure 11, we know that for
the next watering time of aloe vera plantation is 3 days after the last watering. The watering time should be carried
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out in phase 4, namely on 16.45 - 17.15. The illustration from Figure 10 shows that the next watering time of aloe
vera plantation is 3 days after the last watering with best temperature of 30oC.
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Figure 10. The comparison of ANN output and target data of the temperature on training and testing stage. The illustration
shows that ANN output interpolates uniformly on the data target either in training and testing stage.
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Figure 11. The forecasting of temperature for determining the watering time on aloe vera plantation.
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Figure 12. The comparison of ANN output and target data of the air humidity on training and testing stage. The illustration
shows that ANN output interpolates uniformly on the data target either in training and testing stage.
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Figure 13. The forecasting of air humidity for determining the watering time on aloe vera plantation. The illustration shows
that the next watering time of aloe vera plantation is 3 days after the last watering with best air humidity of 75%.

3.3. Resolving Efficient Dominating Set of Graphs

In this section, we will describe our new result of resolving efficient dominating set (REDS). This concept is very
useful due to the planting topology can be presented in graph representative and the sensor placement to monitor
the soil moisture should consider the planting topology otherwise it will be inefficient. The most effective concept
in the sensor placement is using REDS[51, 52, 53]. There two REDS presented in this paper, namely REDS of
distance one and two[54]. For the distance one (d=1), Kusumawardani et. al. has obtained a new results written in
Theorem 1, and for the distance two (d=2), we show a new results written in Theorem 2 [55, 56, 57]. Note that the
resolving efficient domination number of graph G of d=2 is denoted by γre2 .

Theorem 1
For every positive interger m,n ≥ 2,[54]

γre(Pm ▷ Pn) =

 m⌈n
3 ⌉ if n ≡ 0 (mod 3) and n ≡ 2 (mod 3)

m⌊n
3 ⌋+ ⌈m

3 ⌉ if n ≡ 1 (mod 3),m ≡ 1, 2 (mod 3)
⌈m

2 ⌉⌊
n
3 ⌋+ ⌊m

2 ⌋⌈
n
3 ⌉ if n ≡ 1 (mod 3),m ≡ 0 (mod 3).

Theorem 2
For every positive interger m,n ≥ 2,[54]

γre2(Pm ▷ Pn) =



⌈m
2 ⌉ if n = 2

m⌈n
5 ⌉ if n ≡ 3 (mod 5) and m = 2

m⌈n
5 ⌉ if n ≡ 0, 3, 4 (mod 5) and m > 2

m⌈n
7 ⌉+ 1 if n ≡ 0, 1, 2, 4 (mod 5) and m = 2

m⌊n
5 ⌋+ ⌈m

5 ⌉ if n ≡ 1 (mod 5) and m > 2
m⌊n

5 ⌋+ ⌊m
2 ⌋ if n ≡ 2 (mod 5), n ̸= 2.

Proof. Graph Pm ▷ Pn is a connected graph with vertex set V (Pm ▷ Pn) = {xi,j : 1 ≤ i ≤ m, 1 ≤ j ≤ n}, and edge
set E(Pm ▷ Pn) = {xi,1x(i+1),1 : 1 ≤ i ≤ m− 1} ∪ {xi,jxi,j+1 : 1 ≤ i ≤ m, 1 ≤ j ≤ n− 1}. The order and size
are |V (Pm ▷ Pn)| = nm and |E(Pm ▷ Pn)| = nm− 1, respectively.

We define the 2-resolving efficient dominating set S ⊂ V (G) as follows: S =
{
{xi,1 : i ≡

1(mod 2), for n = 2} ∪ {xi,j : 1 ≤ i ≤ m : j ≡ 3(mod 5), for n ≡ 0, 3, 4(mod 5)} ∪ {xi,j : 1 ≤ i ≤
m, j ≡ 4(mod 5)} ∪ {xi,1 : i ≡ 0(mod 3), for n ≡ 1(mod 5) ∪ {xi,j : 1 ≤ i ≤ m, j ≡ 0(mod 5)} ∪ {xi,1 :
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i ≡ 0(mod 2), for n ≡ 2(mod 5), n ̸= 2} ∪ {x1,j : j ≡ 1(mod 5), j = n} ∪ {x2,j , j ≡ 0(mod 5), j =
n}, for n ≡ 0, 4(mod 5),m = 2 ∪ {x1,j : j ≡ 1(mod 5)} ∪ {x2,j : j ≡ 0(mod 5)}, for n ≡ 1, 2(mod 5),m = 2 ∪
{x1,j : j ≡ 1(mod 5)} ∪ {x2,j : j ≡ 0(mod 5) : j = n}, for n ≡ 3(mod 5),m = 2

}
We will show that S is 2-resolving efficient dominating set with minimum cardinality by the following steps:
First, we will show that S satisfies the properties of 2-efficient dominating set. For every xi,j ∈ S, d(xi,j , xi,j) ≥

2, thus |N(xi,j ∈ V (Pm ▷ Pn)−D) ∩D| ≤ 2 and every vertex in xi,j ∈ V (Pm ▷ Pn)−D is dominated by one
vertex in S. Therefore, we conclude that S is 2-efficient dominating set. Secondly, we will show that S also satisfies
the properties of resolving set. Each element of S is in the subgraph Pt(1 ≤ t ≤ m) ⊂ (Pm ▷ Pn). Suppose Pr is
a subgraph of Pt where V (Pr) ∩ S ̸= ∅. Since Pr is a path graph, each u ∈ V (Pr) has a different representation
respect to the elements V (Pr) ∩ S. Since every vertex on the graph Pm ▷ Pn lies on Pt(1 ≤ t ≤ m), it can be
concluded that the representation of each vertex on the graph Pm ▷ Pn respect to the elements of S are all different.
It implies that S satisfies the properties of resolving set.

Lastly, we will show that S is 2-resolving efficient dominating set with the minimum cardinality. Suppose we
can set up S1 such that |S1| ≤ |S|. Here are the conditions that might occur.

1. For n = 2, there exist vertices of {xi,1} /∈ S1 → ∃ xi,2 which are not dominated by S1. Thus, S1 does not
show the efficient dominating set.

2. For n ≡ 0, 3, 4(mod 5), there exist vertices of {xi,j} /∈ S1 → ∃ xi,j which are not dominated by S1. Thus,
S1 does not show the efficient dominating set.

3. For n ≡ 1(mod 5),

(a) There exist vertices of xi,j /∈ S1 → ∃ xi,j which are not dominated by S1. Thus, S1 does not show the
efficient dominating set.

(b) There exist vertices of xi,1 /∈ S1 → ∃ xi,1 which are not dominated by S1. Thus, S1 does not show the
efficient dominating set.

4. For n ≡ 2(mod 5), n ̸= 2,

(a) There exist vertices of xi,j /∈ S1 → ∃ xi,j which are not dominated by S1. Thus, S1 does not show the
efficient dominating set.

(b) There exist vertices of xi,1 /∈ S1 → ∃ xi,2 which are not dominated by S1. TThus, S1 does not show the
efficient dominating set.

5. For m = 2,

(a) There exist vertices of x1,j /∈ S1 → ∃ xi,j which are not dominated by S1. Thus, S1 does not show the
efficient dominating set.

(b) There exist vertices of x2,j /∈ S1 → ∃ x2,j which are not dominated by S1. Thus, S1 does not show the
efficient dominating set.

It implies that S1 does not satisfy the properties of efficient dominating set. It concludes that |S| must be the
minimum cardinality of resolving efficient dominating set of Pm ▷ Pn. 2

4. Discussion

In this research we have analyzed the effectiveness of two ANN architectures across four ANN models in time
series forecasting on soil moisture in the vertical farming and analyze it in term of iteration number, mean square
error, regression, and their learning rate. We integrated REDS with ANN provides a bidirectional relationship
between sensor-network design and data-driven forecasting. The compact architecture of vertical agricultural
plants, taking into account the distance between plants in the study by Lim et al. (2025), further reinforces
the feasibility of REDS, as the smaller size between sensor nodes reduces the spatial distance between growth
points [59]. The results of our implementation of the REDS algorithm show that only 4 sensors are needed to
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monitor 12 nodes without losing spatial resolution. This theory proves that REDS produces sensor placement
that is mathematically optimal and agronomically feasible. While ANN captures temporal patterns, REDS ensures
spatial sufficiency of the input data. This synergy reduces uncertainty arising from uneven sensor distribution.
Compared to prior studies employing purely ANN based predictions, the REDS-ANN framework demonstrates
superior robustness and interpretability. The methodological novelty lies in grounding a data intensive neural
model upon an analytically optimal graph topology. Future expansions may integrate wireless network constraints
and IoT automation for adaptive irrigation control. The results shows that the best architecture for phase 1 is
obtained by Feedforwardnet ANN-567 model, with MSE of 0.3810. The best architecture for phase 2 is obtained
by Patternnet ANN-567 model with an MSE of 1.1374× 10−9. The best architecture for phase 3 is obtained
by Cascadeforwardnet ANN-567 model with an MSE of 1.1232× 10−10. Finally, the best architecture for phase
4 is obtained by model Cascadeforwardnet ANN-567 with an MSE of 1.0780× 10−17. Based on the computer
simulation, we know that for best watering time of aloe vera plantation is in 3 days after the last watering, during
Phase 4, at 16.45 - 17.15.

Figure 14. The Illustration of implementation of REDS for sensor placement in vertical farming

Furthermore, how to place those sensors to capture such data since the watering time is based on the soil
moisture? The answer is not only focusing to the data analyzing generated from the sensors, but also how to
design the most effective vertical farming design in such way we can place all sensors needed effectively and
efficiently. The most effective way how to distribute the sensors or even LED, we can use the 2-Resolving Efficient
Dominating Set. The mechanism of using this concept is the following: (1) Obtain a good vertical farming design
based on the space availability, (2) Consider the associating graph structure on the vertical farming design, (3)
Apply resolving efficient dominating set of distance one, two, three or k to place the sensors, (4) Grow specific
plantation, for instance Aloe Vera, to place the sensors, (6) Collect the input data in regards with the number of
sensors placement and do the ANN simulation by using machine learning. See Figure 14 for illustration of practical
implementaion of REDS using ANN for time series forecasting for vertical farming.

5. Conclusion

The two ANN architectures across four ANN models in time series forecasting on soil moisture in the vertical
farming have been utilized to determine the watering time on Aloe Vera plantation. The results show that the
effectiveness of two architectures varies in each ANN models. Furthermore, the integrated REDS-ANN framework
for soil-moisture forecasting in vertical farming, the sensors placement will be effectively to collect the temperature,
air humidity and soil moisture data by considering the domination of resolvin set on their neighborhood plants.
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By unifying sensor-network optimization and machine-learning prediction, the approach improves both spatial
coverage and temporal accuracy. The combined methodology offers a scalable foundation for IoT based irrigation
management. Future work will extend the framework to multi-crop environments and realtime deployment on
embedded hardware.
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7. Appendix

Illustration 1
Given that an input data x = [x1, x2] and the target Y . The input and target data are given as follows

x =


54 9.200.000
46 8.500.000
58 8.900.000
67 10.500.000

 , and Y =


1.050.000
850.000
1.250.000
1.750.000


Show the calculation of two iterations of the first input data of the neural network architecture with no hidden layer.

Explication. Consider the neural network with no layer. To solve the problem above, we need to start by giving the

initial weight and bias. Suppose w0,1 =

[
1
0.8

]
, β0,1 = 1, and α = 0.5. First, we need to normalize the input data by

using x′ = a+ (xi−xmin)(b−a)
xmax−xmin

within the range [0.1 0.9]. Thus, we have the following new data scaling.

x =


0.405 0.380
0.100 0.100
0.557 0.260
0.900 0.900

 , and Y =


0.278
0.100
0.456
0.900


By using Perceptron Algorithm 1, the first iteration of the output unit of the input data x = [0.405 0.380] can be

calculated as follows:

Ŷ 1 = β0,1 + w0,1
1 x1 + w0,1

2 x2

= 1 + 1 · 0.405 + 0.8 · 0.380 = 1.709

By using the linear activation function, we have Ŷ 1
linear = Ŷ 1. Since Ŷ 1

linear ̸= Y , we need to update W and β by
using Perceptron Algorithm 1,

w0,2 = w0,1 + α · Y ·X

=

[
1
0.8

]
+ 0.5 · 0.278 ·

[
0.405
0.380

]
=

[
1
0.8

]
−
[
0.056
0.052

]
=

[
1.056
0.852

]
and

β0,2 = β0,1 + α · Y = 1 + 0.5 · 0.278 = 1.139

Thus, the first iteration of the linear activation function of the input data x = [0.100 0.100] can be calculated as
follows:

Ŷ 2
linear = β0,2 + w0,2

1 x1 + w0,2
2 x2

= 1.139 + 1.056 · 0.100 + 0.852 · 0.100 = 1.435
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By using the linear activation function, we have Ŷ 2
linear = Ŷ 2. Since Ŷ 2

linear ̸= Y , again we need to update W and
β before continuing to calculate the linear activation function for x = [0.557 0.260] and x = [0.900 0.900]. Once
we have calculated for all input data x, we can continue to the second iteration by the same manner. 2

Illustration 2
Given that an input data x = [x1, x2] and the target Y . The input and target data are given as above in Illustration
1. Show the calculation of two iterations of the first input data of the neural network architecture with one layer of
two nodes.

Explication. Consider the neural network with one layer of two nodes. To solve the problem above, we need to

start by giving the initial weight and bias, suppose w1,1 =

[
0.5
0.2

]
, w0,1 =

[
0.5 0.7
1 0.4

]
, β1

0 =

[
0.5
0.3

]
, β1,1 = 0.8, and

α = 0.7. First, we need to normalize the input data by using x′ = a+ (xi−xmin)(b−a)
xmax−xmin

within the range [0.1 0.9].
Thus, we have the following new data scaling.

x =


0.405 0.380
0.100 0.100
0.557 0.260
0.900 0.900

 , and Y =


0.278
0.100
0.456
0.900


Thus, the first iteration of the linear activation function can be calculated as follows:

Ŷ 1
linear = β1,1 + w1,1

1 h1
1 + w1,1

2 h1
2

where [
h1
1

h1
2

]
=

[
β1
0,1

β1
0,2

]
+

[
w0,1

1,1 w0,1
1,2

w0,1
2,1 w0,1

2,2

] [
x1

x2

]
=

[
0.5
0.3

]
+

[
0.5 0.7
1 0.4

] [
0.405
0.380

]
=

[
0.969
0.857

]
Ŷ 1
linear = β1,1 + w1,1

1 h1
1 + w1,1

2 h1
2 = 0.8 + 0.5 · 0.969 + 0.2 · 0.857 = 1.456

By using the linear activation function, we have Ŷ 1
linear = Ŷ 1. Since Ŷ 1

linear ̸= Y , we need to update W and β by
using Perceptron Algorithm 1,

w0,2 = w0,1 + α · Y ·X = w0,1 + α · h1 ·X ′

=

[
0.5 0.7
1 0.4

]
+ 0.7 ·

[
0.969
0.857

]
· [0.405 0.380] =

[
0.5 0.7
1 0.4

]
+

[
0.28 0.26
0.24 0.23

]
=

[
0.78 0.96
1.24 0.63

]
β2
0 = β1

0 + α · h1 =

[
0.5
0.3

]
+ 0.7 ·

[
0.969
0.857

]
=

[
1.178
0.899

]
and

w1,2 = w1,1 + α · Y ·X

=

[
0.5
0.2

]
+ 0.7 · 0.278 ·

[
0.405
0.380

]
=

[
0.5
0.2

]
+

[
0.079
0.074

]
=

[
0.579
0.274

]
β1,2 = β1,1 + α · Y = 0.8 + 0.7 · 0.278 = 0.995

Thus, the first iteration of the linear activation function of the input data x = [0.100 0.100] can be calculated as
follows:

Ŷ 1
linear = β1,2 + w1,2

1 h2
1 + w1,2

2 h2
2

where [
h2
1

h2
2

]
=

[
β2
0,1

β2
0,2

]
+

[
w0,2

1,1 w0,2
1,2

w0,2
2,1 w0,2

2,2

] [
x1

x2

]
=

[
1.178
0.899

]
+

[
0.78 0.96
1.24 0.63

] [
0.100
0.100

]
=

[
1.352
1.086

]
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Thus,
Ŷ 1
linear = β1,2 + w1,2

1 h2
1 + w1,2

2 h2
2 = 0.995 + 0.579 · 1.352 + 0.274 · 1.086 = 2.075

By using the linear activation function, we have Ŷ 2
linear = Ŷ 2. Since Ŷ 2

linear ̸= Y , again we need to update W and
β before continuing to calculate the linear activation function for x = [0.557 0.260] and x = [0.900 0.900]. Once
we have calculated for all input data x, we can continue to the second iteration by the same manner. 2

Illustration 3
Given that an input data x = [x1, x2] and the target Y . The input and target data are given as above in Illustration
1. Show the calculation of two iterations of the first input data of the neural network architecture with two hidden
layers of respectively two and three nodes.

Explication. Consider the neural network architecture with two hidden layers of respectively two and three nodes.

To solve the problem above, we need to start by giving the initial weight and bias, suppose w2,1 =

0.30.4
0.1

,

w1,1 =

0.2 0.3
0.3 0.1
0.1 0.1

, w0,1 =

[
0.4 0.6
0.7 0.8

]
, β2,1 = 0.9, β1

1 =

0.30.4
0.2

, β1
0 =

[
0.3
0.4

]
, and α = 0.7. First, we need to

normalize the input data by using x′ = a+ (xi−xmin)(b−a)
xmax−xmin

within the range [0.1 0.9]. Thus, we have the following
new data scaling.

x =


0.405 0.380
0.100 0.100
0.557 0.260
0.900 0.900

 , and Y =


0.278
0.100
0.456
0.900


By this architecture, we can derive the first iteration of the linear activation function as Ŷ 1

linear = β2,1 + w2,1
1 h2

1 +

w2,1
2 h2

2 + w2,1
3 h2

3 = β2 +
∑3

i=1 w
2
i h

2
i , where[

h1
1

h1
2

]
=

[
β1
0,1

β1
0,2

]
+

[
w0,1

1,1 w0,1
1,2

w0,1
2,1 w0,1

2,2

] [
x1

x2

]
=

[
0.3
0.4

]
+

[
0.4 0.6
0.7 0.8

] [
0.405
0.380

]
=

[
0.690
0.986

]
and  h2

1

h2
2

h2
3

 =

 β1
1,1

β1
1,2

β1
1,3

+

 w1,1
1,1 w1,1

1,21

w1,1
2,1 w1,1

2,2

w1,1
3,1 w1,1

3,2

[
h1
1

h1
2

]
=

 0.3
0.4
0.2

+

 0.2 0.3
0.3 0.1
0.1 0.1

[
0.690
0.986

]
=

 0.734
0.706
0.368


Thus,

Ŷ 1
linear = β2,1 + w2,1

1 h2
1 + w2,1

2 h2
2 + w2,1

3 h2
3 = 0.9 + 0.3 · 0.734 + 0.4 · 0.706 + 0.1 · 0.368 = 1.439

By using the linear activation function, we have Ŷ 1
linear = Ŷ 1. Since Ŷ 1

linear ̸= Y , we need to update W and β by
using Perceptron Algorithm 1,

w0,2 = w0,1 + α · Y ·X = w0,1 + α · h1 ·X ′

=

[
0.4 0.6
0.7 0.8

]
+ 0.7 ·

[
0.690
0.986

]
· [0.405 0.380] =

[
0.4 0.6
0.7 0.8

]
+

[
0.19 0.18
0.28 0.26

]
=

[
0.59 0.78
0.98 1.06

]
β2
0 = β1

0 + α · h1 =

[
0.3
0.4

]
+ 0.7 ·

[
0.690
0.986

]
=

[
0.783
1.090

]
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and

w1,2 = w1,1 + α · Y ·X = w1,1 + α · h2 ·X ′

=

0.2 0.3
0.3 0.1
0.1 0.1

+ 0.7 ·

0.7340.706
0.368

 · [0.405 0.380] =

0.2 0.3
0.3 0.1
0.1 0.1

+

0.21 0.19
0.20 0.18
0.10 0.10

 =

0.41 0.49
0.50 0.28
0.20 0.20


β2
1 = β1

1 + α · Y = β1,1 + α · h2 =

0.30.4
0.2

+ 0.7 ·

0.7340.706
0.368

 =

0.8130.894
0.458


and

w2,2 = w2,1 + α · Y ·X = w1,1 + α · Y · h2

=

0.30.4
0.1

+ 0.7 · 0.278 ·

0.7340.706
0.368

 =

0.8430.537
0.172


β2,2 = β2,1 + α · Y = 0.9 + 0.7 · 0.278 = 1.095

Thus, the first iteration of the linear activation function of the input data x = [0.100 0.100] can be calculated as
follows:

Ŷ 1
linear = β2,2 + w2,2

1 h3
1 + w2,2

2 h3
2 + w2,2

3 h3
3

Where[
h2
1

h2
2

]
=

[
β2
0,1

β2
0,2

]
+

[
w0,2

1,1 w0,2
1,2

w0,2
2,1 w0,2

2,2

] [
x1

x2

]
=

[
0.738
1.090

]
+

[
0.59 0.78
0.98 1.06

] [
0.100
0.100

]
=

[
0.875
1.294

]
and h3

1

h3
2

h3
3

 =

 β2
1,1

β2
1,2

β2
1,3

+

 w1,2
1,1 w1,2

1,2

w1,2
2,1 w1,2

2,2

w1,2
3,1 w1,2

3,2

[
h2
1

h2
2

]
=

 0.813
0.894
0.458

+

 0.41 0.49
0.50 0.28
0.20 0.20

[
0.875
1.294

]
=

 1.8058
1.6938
0.8918


Thus,

Ŷ 1
linear = β2,2 + w2,2

1 h3
1 + w2,2

2 h3
2 + w2,2

3 h3
3

= 1.095 + 0.843× 1.8058 + 0.537× 1.6938 + 0.172× 0.8918 = 3.682
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65. Gündoğdu, S. and Elbir, T. (2021). Application ofFeed Forward and Cascade Forward Neural Network Models for Prediction of
Hourly Ambient Air Temperature Based on Merra-2 Reanalysis Data in A Coastal Area of Turkey. Meteorology and Atmospheric
Physics, 133(5), 1481-1493. https://doi.org/10.1007/s00703-021-00821-1

66. Nandagopal, M. S. G. and Selvaraju, N. (2016). Prediction of Liquid–Liquid Flow Patterns in A y-Junction Circular
Microchannel Using Advanced Neural Network Techniques. Industrial & Engineering Chemistry Research, 55(43), 11346-11362.
https://doi.org/10.1021/acs.iecr.6b02438

67. Ellahi, M., Usman, M. R., Arif, W., Usman, H. F., Khan, W. A., Satrya, G. B., . . . & Shabbir, N. (2022). Forecasting of
Wind Speed and Power Through FFNN and CFNN Using HPSOBA and MHPSO-BAACS Techniques. Electronics, 11(24), 4193.
https://doi.org/10.3390/electronics11244193

68. Gokmen, T. and Haensch, W. (2020). Algorithm for Training Neural Networks on Resistive Device Arrays. Frontiers in Neuroscience,
14. https://doi.org/10.3389/fnins.2020.00103

69. Jin, M., & Mullens, T. (2014). A Study of the Relations between Soil Moisture, Soil Temperatures and Surface Temperatures Using
ARM Observations and Offline CLM4 Simulations. Climate, 2(4), 279–295. https://doi.org/10.3390/cli2040279

70. Leuschner, C., & Lendzion, J. (2009). Air humidity, soil moisture and soil chemistry as determinants of the herb layer composition in
European beech forests. Journal of Vegetation Science, 20(2), 288–298. Portico. https://doi.org/10.1111/j.1654-1103.2009.05641.x

71. Pengtao, W. (2020). Based on Adam Optimization Algorithm: Neural Network Model for Auto Steel Performance prediction. Journal
of Physics: Conference Series, 1653(1), 012012. https://doi.org/10.1088/1742-6596/1653/1/012012

Stat., Optim. Inf. Comput. Vol. x, Month 202x


	1 Introduction
	2 Methods
	3 Findings
	3.1 Mathematical Analysis
	3.2 Data Training, Testing and Forecasting
	3.3 Resolving Efficient Dominating Set of Graphs

	4 Discussion
	5 Conclusion
	6 Acknowledgement
	7 Appendix

