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Abstract. Transitions in the supply and demand for a good cause price
changes, which in turn impact customers’ disposable incomes. If a precise
or somewhat accurate forecast can be made of the price of the commodity,
then the risk associated with price fluctuations may be managed. In this
research, a model is employed using MLP to accurately anticipate agri-
cultural commodity prices. The model is trained using univariate time
series price data. Daily tomato prices in the Raipur area of Chhattisgarh
were used to test and refine the model. A computation and evaluation
of the Root Mean Square Error (RMSE) of the model are carried out.
As an analysis, it gives an innovative approach to computing the cost of
agricultural products. The findings of the modeling process illuminate
the degree to which the proposed model accurately predicts outcomes as
well as the efficiency of the early warning system.
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1 Introduction

The agricultural and ancillary industries in India are helping to boost the coun-
try’s GDP. A positive growth rate of 3.6% was expected in agriculture and asso-
ciated sectors in 2020-21. This was made possible by a combination of factors,
including a good monsoon and a number of government efforts aimed at in-
creasing financing availability, improving investments, building market facilities,
promoting the growth of infrastructure in the agricultural sector and boosting
the availability of high-quality inputs to the industry.

Timely execution of the Atma Nirbhar Bharat (ANB) Abhiyan and other
growth-promoting initiatives (ANB and other programmes are described in the
appropriate areas) has further assisted agriculture in reaching an enhanced
growth rate of 3.9% in 2021-22. Agriculture is one sector that has grown rapidly
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during the last two years. With a 3.6% increase in 2020-21 and a 3.9% increase
in 2021-22, the sector that provides jobs for the vast majority of the popula-
tion significantly boosted the country’s Gross Value Added (GVA). The primary
drivers of industry expansion have been growth in allied businesses such as dairy-
ing, fishing, and agriculture [1].

The price of agricultural commodities has an impact on the economy of our
nation. The commodity price is determined by the demand for the crop. There
are a number of variables that could affect the price of a crop, including supply
and demand, the weather, and the time of year. Knowing the expected market
price for a crop well in advance of its commercial release would be of great
benefit to both consumers and producers alike. The use of deep neural networks
to forecast crop prices is a relatively new method that might lead to the creation
of a useful tool for long-term commodity price forecasting and monitoring.

In order to extract the underlying truth or pattern from the current com-
modity market price, innovative methods are being utilized in the agriculture
industry today. To estimate future commodity or agricultural prices, analysts
use historical data to examine patterns in the past. Time series data may be
useful for examining how the cost of a crop or product has changed over time.
Time series data may be used to estimate future crop prices based on observa-
tions made at many intervals (daily, weekly, etc) [2]. Researchers uncovered a
plethora of papers using neural networks and deep learning strategies for agri-
cultural commodity price prediction. Researchers utilising the multilayer feed
forward network and comparing it to ARIMA for US Live Cattle data have been
the subject of many papers on price prediction methods [3].

The other contributors also employed the genetic approach in the network
for learning and provided ambiguous inputs and weights. Not only for the com-
modities sector but also for the boiler industry, they also applied the case-based
reasoning technique, and discovered this strategy performs better than linear
regression or the regression tree approach [4].

Integrating ARIMA and NN in various ways, such as backpropagation with
equal weight. For assessment, they computed MSE, MAPE, and MAE and indi-
cated that ANN shows superior benefit [5,6]. In predicting the price of sugar, a
few researchers employed a hybrid model such as ANN with the Kalman filter.
This data was acquired from the Brazilian and Indian markets [7] not only for
vegetable commodities but also for predicting the prices of oil seeds like soybean
and rapeseed mustard, others in the literature tested out the ANN-based model
using data from these crops. They focused on the turning point as a component
that is helpful in making predictions.[9]. Develop a short-term prediction sys-
tem for five vegetables and use data from the Beijing market. They employed
the exponential smoothing and moving average approaches, and certain volatile
factors were assessed via a Multivariate Regressor MR. Using both linear and
nonlinear techniques, such as VECM and SVR, is a novel approach for predict-
ing future prices of cotton and maize in China [10]. This method was intended
to help in price forecasting. Machine learning approaches like radial basis, back-
propagation, and genetic-based networks are also used for forecasting the price
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of vegetables for the next day. However, genetic-based networks show a higher
level of accuracy than the other approaches [11]. The researchers used the data
on agricultural products that were sold on the Brazilian market and then ap-
plied the ANN model to their multivariate analysis. It was discovered that a
large number of other academics were working on the price prediction of the
agriculture commodity [12].

ELMs perform better than other models in terms of error metrics, based on
computational research. A unique technique that includes preprocessing steps,
lag choices, and the application of ELMs, the analysis addresses a gap in the
area of coffee price prediction [13].

Price asymmetry exists between real interest rates and agricultural com-
modities. The negative correlations between real interest rates and agricultural
commodity prices have been found statistically significant [14]. The dimensions
such as user, item, and time capture temporal patterns and input these di-
mensions in CNN-based model for predicting user preference over a particular
context on these dimensions. And suggested that user, item, and time correlation
must be analyzed for prediction [15]. Two dimensions such as user and item for
the prediction suggested two-stage deep-learning-based recommendation helps
in prediction [16]. As Time series data are nonlinear in nature so fuzzy-based
RBNF and Auto-regressive model with exogenous variables results in effective
accuracy and performance than a simple model [17]. Price fluctuation affects
the demand and supply of any commodity so a dual input-based mechanism in
a short-term memory-based model was suggested by the author and they rec-
ommend using data such as meteorological, past price, and trading volume and
applying the model for predicting the price of two vegetables such as cabbage
and radish for south Korean market [18]. LSTM networks predict carry trade
profits better than regression models.

Factors such as demand, supply, population growth, consumer preference,
production, and transportation cost affect the price so all these factors must be
analyzed during the commodity price forecasting. Other determinants include
natural disasters, public opinion, exchange rates, and urban-rural consumption
indices and also suggested models based on RBF for price forecasting [19]. The
Internet of Things (loT) boosts agricultural efficacy, and a cutting-edge MLP
method improved precision and productivity by 99% when predicting sugar pro-
duction in loT agriculture [20].

Predicting the price of commodities, notably oil, is a popular area of research.
Multiple researchers use a variety of techniques, for example, Gaussian process
estimation and vine copula regression, to predict oil rates employing the bench-
mark S&P 500 inventory information. The combination of Vine copula regression
and NLPCA is the most effective approach for reliably forecasting oil prices [21].

An MLP neural network was found to have lower MSE and be useful for
decision-making regarding future banana prices, despite the authors’ preference
for an ARIMA (4,1,2) (1,0,1) model. Understanding the previous pricing is criti-
cal for understanding and estimating future changes in banana prices, suggesting
that research efforts can improve future price estimates [22].
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The study finds that MLP and NARX models beat ARIMA in Korean power
generation SMP that is system marginal price prediction, with certain hidden
layer units performing best. All predictions rank ARIMA, MLP, and NARX by
forecast error [23]. Suggested MLP model to predict the dropout rate of students
during the COVID-19 pandemic [24]. MLP-based forecasting is done not only
in the field of agriculture but also in power load forecasting taking into account
atmospheric elements for accuracy. The suggested approach forecasts electricity
load better than existing models, proving its reliability and effectiveness [25].

Theoretical research identifies that low Forecasting error helps in reducing
the cost of operation and risk suggested a two-stage load forecasting model,
combining LSTM and MLP neural networks, which outperforms other models
in accuracy. Sequence to sequence module is suggested effective in the early hours
of predictions, and the MLP further enhances results, reducing the MAPE to
2% [26]. Determine neurons that remain hidden in neural networks and a new
strategy to ElIman networks for wind speed prediction, offering a simple, effective
response [27].

Food-energy price relationships are analyzed using the vector autoregressive-
moving-average algorithms with coherent time intervals.

Partial Wavelet Coherence (PWC) and Multiple Wavelet Coherence (MW(C)
to identify coherency across time and frequency domains for five agricultural
commodities namely global crude oil, soybeans, corn, wheat, and and prices for
sugar instead of return and volatility correlations in model-free wavelet analysis
[38]. Sentiments related to commodities along with factors such as economic, so-
cial, and environmental were addressed [33] and their impact on price forecasting
is discussed in [37].

The MLP is a kind of ANN that is often used for Machine Learning appli-
cations such as price prediction. Other examples include the Synthetic Neural
Network (SNN). The use of an MLP model for predicting vegetable prices may
have a wide variety of outcomes.

Improved accuracy : They are able to catch intricate patterns and correla-
tions in the data, MLP models are particularly effective at forecasting the price
of vegetables. In order to provide more accurate predictions about vegetable
prices, an MLP model may be trained on historical data to understand trends,
seasonality, and other characteristics that impact prices.

Rapid Decision Making : Prudent choices may be made in the vegetable
industry with the support of precise price estimates by farmers, wholesalers,
and retailers. With real-time information on prospective price changes, they
may adjust production, inventory management, buying, and pricing strategies
as needed.

Contingency Planning : A number of market participants might benefit from
a vegetable price prediction in terms of risk management. Farmers may decide
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when the optimum time is to harvest and sell their crops, mitigating risk from
price fluctuations. Wholesalers and retailers may structure their pricing and
buying methods to mitigate the consequences of price volatility.

Risk Management : With reliable pricing projections, the vegetable supply
chain may be optimized. By anticipating price changes, stakeholders may bet-
ter plan distribution channels, warehouse space, and shipping operations. This
optimization has the potential to lessen costs, cut down on waste, and ensure
customers have consistent access to fresh veggies.

Market Disclosability : Models that anticipate future prices of vegetables
may contribute to the openness of markets by providing more information about
fluctuations in prices. The ability of market participants to make well-informed
choices based on market circumstances, supply-demand dynamics, and other
factors is enhanced when they have access to reliable price estimates.

Strategy Formulation : Models that estimate the future value of vegetables
may help governments and policymakers examine market trends, measure the
impact of existing restrictions, and develop effective responses. By analysing
price shifts and the factors that underlie them, policymakers have the ability
to institute measures that will bring about price stability, provide assistance to
farmers, and ensure the safety of the food supply.

It's worth noting, however, that no model is foolproof and that variables
like weather, pests, illnesses, geopolitical events, and consumer preferences make
it hard to reliably estimate vegetable prices. Furthermore, the performance of
MLP models is heavily influenced by the quality and accessibility of the data.
As a result, while MLP-based price prediction models may have beneficial ef-
fects, they should be employed as only one tool among many in the vegetable
industry’s decision-making processes. In this article, an MLP-based exploratory
study on agriculture commodity prices was performed on univariate price data,
and experiments were carried out. This paper is divided into several parts: Part
Il discusses the related work, where different linear and nonlinear models were
found to be used for forecasting in different application areas like electricity
price and load forecasting; Part Il includes the data preparation or data set
used for the experiment and discusses the existing methodology or architecture
used in an experiment; Part IV displays the experimental result performed on
price data; and Part V concludes with some conclusions and future work. The
results and experiments are summarised in Section V, and the future directions
of the study are considered.

2 System Modelling

In this investigation, the experiment was carried out using Python. Python Scipy
is a prerequisite for this purpose. In addition, TensorFlow is used as a backend

2519 Rubi Kambo et al 2515-2547



Journal of Computational Analysis and Applications VOL. 33,NO. 7, 2024

10.48047/jocaaa.2024.33.07.52

with Keras 2.0. To conduct the research, modules like Pandas, Numpy, and
Matplotlib were used.

2.1 Predicting the cost of vegetables using a non-linear model

1. Agriculture product wholesale cost: The daily commodity prices for vegeta-
bles at the wholesale level are described in the vegetable price dataset. Exper-
imentation is performed using data collected over one year. The government’s
daily report on prices and arrivals may be seen at https://www.nhb.gov.in
/OnlineClient/MISDailyReport.aspx. In this experiment, the price of a com-
modity, such as a tomato, from a certain website to do forecasting-related
research. New product variants, such as local and hybrid varieties, have en-
tered the marketplace. The native kind of tomatoes that are grown in the
Raipur area of Chhattisgarh state were used for this experiment, and the
price of those tomatoes was taken into consideration. We only used the mid-
dle price of tomatoes that was published on the website, although data for
minimum, maximum, and median prices, as well as retail prices, were all
available. The utilization of data and calculations done on the data were
used to forecast the price of veggies for the next day. Using the Pandas and
Matplotlib libraries, a series of data are imported and plotted in Python.
Below is a line plot of the data series, which was generated for one month
of commodity prices as shown in Fig 2. The graph demonstrates rising price
tendencies.

2. Proposed forecasting model based on MLP: The subsequent phase was to go
through the model setup, and many test harnesses were carried out. Mul-
tiple tasks, including but not limited to the following, are required for the
experiment.

a) Data Split:

The daily commodity price data set is partitioned into two subsets a training
set and a testing set. As previously mentioned, a dataset spanning one year
was gathered. The training set included seven months of data from a whole
year, whereas the test set consisted of the remaining three months. To de-
termine the pricing of tomato commodities, data were gathered beginning in
January 2018 and continuing through December 2018. The first set, cover-
ing January through September, was used for training, while the second set,
covering October through December, served as test data. Actual observed
data is pulled from the website and input into the model for the experiment.
The model is then trained using the data, and it predicts the value of the
commodity one day in advance. Forex, actual data from the previous year or
daily data of the past year utilized in the model, such as 31 December 2018,
etc., were used to forecast the price in January 2019. The total number of
days of historical data included in the model is hyperparameterized by the
timestamp.

b) Methods for Model Configuration and Assessment:

Assembly of Models: The MLP-based model was used to conduct a rolling
window analysis, often known as the walk-forward approach. In rolling win-
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dow analysis, historical data is accumulated over time and used to make pro-
jections about the market’s future worth. The process of forecasting serves
to increase one’s awareness of future trends. It’s useful for spotting trouble
spots in performance. For the duration of the investigation, the “roll” dimen-
sion in the rolling window remains constant. In the course of this research, a
variety of timesteps, including 1, 3, 5, and 7, were used. This implies that in
the test dataset, each step walked one, three, five, or seven steps at a time.
In this research, an MLP-based model was used to create the prediction for
each of the four anticipated timesteps. The test set’s actual or observed val-
ues were used to predict the following day’s value, taking into account the
various time steps. Models are used in the agricultural industry to antici-
pate the cost of a certain product based on data on its expected daily arrival
and current market price. On the test dataset, every conceivable prediction
was computed, the results were gathered, and an error score was computed
for the model; this score, in turn, summarises the model’s performance. To
measure the effectiveness of the model, root-mean-squared error (RMSE)
was used. Preparing and transforming data for experimentation is neces-
sary before fitting the model to time series data. The skeleton of a simple
forecasting model is shown in Fig. 1.

From farm, Farmers, Date
agriculturist, 'agnculture - Collsction
website
[ nput
Frrss Data Data Cleaning And
Preprocessing Data Transformation
MLP DeSIgnl?g
Algorithm —»| Forecasting
8 Model

Evaluating Model

Fig. 1. Basic Model Architecture for Forecasting

3 Research Methodology

In this paper, an innovative MLP-based model for predicting the price of veg-
etables is suggested. In Section 3.1, the procedure for selecting data is presented.
Section 3.2, provided a comprehensive model layout. Finally, Section 3.3 explains
the experimental methodology and the measures used in the study’s assessment.
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3.1 Methods for Choosing and Preparing Data

To assess the accuracy of our proposed MLP methodology, the research looks
at the daily modal prices of several commodities grown in the Raipur district
of Chhattisgarh. These crops include tomatoes. Annual city statistics (covering
around 230-240 calendar days) are gathered from the official government website.
How often studies are conducted is determined by the timeliness of available
data and the characteristics of the explanatory factors. The short-term lagging
effects on the pricing of vegetables are collected monthly. The study mostly
focused on predicting one-month using data from one year due to the nature
of the algorithm. Therefore, samples ranging from January 1, 2018, all the way
through December 31, 2018, are employed for the data splitting. The model is
fitted using the first eight months of data (e.g., 01/01/2018 to 30/8/2018), and its
prediction strength is then tested with the remaining samples (e.g., 01/09/2018
to 31/12/2018). In a nutshell, we have 240 samples set aside for training, and
between 90 and 100 samples have been set out for testing. Take note that there
are 235 data samples included in one year’s worth of research.

1. The Wholesale Cost of Agricultural Products: The daily prices of commodi-
ties entering the wholesale market are described in the Vegetable Price
Dataset. The experiment uses data collected over one year. The following
URL is where the daily price and arrival data report is retrieved from the gov-
ernment website: https://www.nhb.gov.in/OnlineClient/MISDailyReport.

The purpose of this experiment is to gather data for forecasting-related re-
search by downloading the price of a commodity like a tomato from a certain
website. Different kinds of products made their way into the market, such
as the local and hybrid kinds of products. In this study, the cost of the
locally grown tomato variety is used. Daily minimum, maximum, and me-
dian prices, as well as wholesale and retail prices, were all shown on the
website, although in this experiment only considered the median price of
a commodity. Vegetable price projections for the next day were calculated
using historical data. The data is loaded in series format as shown in Fig 2.
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Graph representing the pnice of commodity
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Fig. 2. Graph depicts the plot of day and price of a commodity for one month

3.2 MLP based Model Design

Step one in putting the MLP-based model into action is to gather and record all
relevant trade and pricing data, either in a database or a file. Step three entails

loading and pre-processing this data.

Input fea'ure,

.

Input ff.aalure2

.

Input foalum3

|

Input layer

Hidden layer

Output layer

Fig. 3. MLP Model with Three Layer along with window size ws=3

Data Preprocessing The first stage is called “data preprocessing,” and it en-
tails performing transformations on the acquired data. When there is a data
point that does not exist, the previous day’s value is used as a stand-in. During
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this trial, three distinct transformations were carried out. To get rid of the ris-
ing trend in the data, the time series must be ”stationarized” by employing a
differencing lag value of 1. Second, employed an Input-Output data structure to
convert the time series data into a supervised learning problem for experimen-
tation and then fed that data into a multi-layer perceptron model. The value
that was gathered during the time step before this one was used as an input to
predict the output during this time step. Normalization is the last step in trans-
forming the data to a given scale from the range -1 to 1. To facilitate quicker
learning and convergence, neural network-based models need normalized data.
Therefore, use the min-max scalar for each variable across the entire training set
to standardize them. The formula for scaling:

X — Xmin

Xsc = 1
¢ Xmin - Xmax ( )

Since just the quantity measures must be taken into account, such a rescaling
does not alter the economic or internal meaning of feature variables. On the
test samples, the same transformation is carried out in compliance. All of these
transformations had to be reversed to the original scale before the error score
could be calculated after the experiment.

Model Design MLP-based models were built for agriculture commodities. For
training and testing, 80 After downloading price data for training and testing,
this study makes use of the MLP model, whereby the model is defined by com-
prising numerous layers of input nodes that are directly coupled to one another.
Between the input and output layers, a directed graph is built at the point
of intersection. MLP is a deep learning method that uses backpropagation for
training the network. A multilayer perceptron-based model can be applied at
any time series data for forecasting. The MLP-based model used in this study
predicts the price of the next day using only the previous day’s price data of
agriculture commodities. Previous timestamps are used as input. A data vector,
or window size, is used for predicting the price of the next day. The MLP model
consists of multiple layers of interconnected artificial neurons. Each neuron re-
ceives input from the previous layer, applies a nonlinear activation function, and
passes the output to the next layer. MLP’s hidden layers let it detect complex
correlations in the data, while the output layer gives the final predicted values.
As can be seen in Fig. 3., the MLP model has three distinct layers: an input
layer, a hidden layer, and a prediction layer.
Layer-by-layer explanations and design considerations:

1. Input Layer: The first layer of the model is the input layer, sometimes called
the feature layer, and it is responsible for receiving data, in this case prices.
The number of neurons in the input layer determines the size of the input
vector. Here, t is the timestamp, and X = (X1, X2, X3, , Xt) Where t
is the timestamp.
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2. Hidden Layer: The second layer, ”"hidden,” processes the incoming data.
At this layer, which is known as the computational layer, the input is pro-
cessed. This research begins with a single hidden layer since it is known to
be sufficient for approximating the mapping of any continuous function. The
selection of neurons in the hidden layer was conducted empirically according
to a thumb rule. Overtraining occurs when the hidden layer has too many
neurons, whereas a lack of neurons might have a negative impact on the
model’s overall performance. After the learning process has been completed
successfully, the number of neurons may decrease. In comparison to a newly
trained model, the results of a network that has been trained several times
are far more favorable.

Activation Function : The Rectified Linear Unit (ReLU) function is a promi-
nent activation function that is utilized in a variety of machine learning mod-
els, including those used for price forecasting. The primary purpose of the
ReLU function is to introduce non-linearity into the model. This makes it
possible for the model to discover intricate linkages and patterns in the data,
which is essential for accurate price predictions.

RELU helps predict price movements because:

In a neural network, a neuron (or node) is said to be activated (i.e., fire) if
the weighted sum of its inputs meets a threshold value set by the activation
function. The activation function of the RelLU is defined as follows:

RelLU (x) = maximum(0, x) (2)

If the value being inputted is positive, the output will be that value; other-
wise, it will be 0.

When compared to other activation functions like sigmoid and tanh, the
vanishing gradient issue is something that may slow down the training of
deep networks; however, ReLU can help alleviate that.

In the domain of price forecasting, the ReLU function is generally used as
the activation function in neural network models like feedforward neural
networks or deep learning designs like convolutional neural networks (CNNs)
and recurrent neural networks (RNNs).

The model becomes non-linear as a result of the use of this straightforward
thresholding. When compared to other activation functions, such as sigmoid
or tanh, the primary benefit of ReLU is that it helps alleviate the vanishing
gradient issue, which is a challenge that may arise during the training of
deep neural networks.

Non Linearity: Complexity and non-linearity are hallmarks of the price data
and financial markets. These non-linear correlations may be more accurately
captured by the neural network with the assistance of the ReLU function.
The ability of the model to mimic complex patterns in the data is made
possible by the RelLU algorithm, which prevents neuronal firing unless the
input is positive.

Sparse Activation: The ReLU function has several fascinating properties, one
of which is that it brings sparsity into activations. This is known as sparse
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activation. As a consequence of the fact that it is only active when the input is
positive, certain neurons may stay inactive while the model is being trained.
This gives the model the ability to concentrate on the characteristics that
are most important to it while ignoring the noise.

Effective Computation: The RelLU function may be computed in an effec-
tive manner, which is essential when working with huge datasets and deep
architecture.

The RelLU activation function is often used as the activation function in
the hidden layers of neural network model architectures for use in price
prediction. In addition to this, its derivative is either 0 or 1, which helps to
simplify the process of backpropagation when it is being used in training.

3. Prediction Layer: The third and final layer of the network is the prediction
layer, which makes forecasts about the commodity’s price for the next day.
The combined output of the input and hidden layers is used to generate the
final result.

The use of a thumb rule enabled the selection of the hidden layer’s number of
neurons.

TR:1 The amount of neurons in the hidden layers should be determined by
the size of the input and output layers.

TR2: The number of hidden neurons should be equal to two-thirds the size
of the input layer and the output layer combined.

TR:3 The number of hidden neurons needs to be much less than twice the
magnitude of the input layer.

Alternatively, one may use a heuristic technique like cross-validation to judge
performance.

During the research, several models for MLP were considered, including the
one that is shown in Fig.4., with 1IL:1HL:10L proportions.

mput: | (None, 1)

output: | (None, 1)

dense 279 mput: InputLayer

mput: | (None, 1)

dense_279: Dense -
output: | (None, 1)

l

mput: (None, 1)
output: [ (None, 1)

denge 280: Dense

Fig. 4. MLP Model with ws=1
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Model Training The MLP’s output layer provides the final predicted values,
while its hidden layers are responsible for enabling the model to identify intricate
correlations in the data. The MLP model is constructed with the assistance of
hyperparameters and an appropriate architecture. Optimization methods like
backpropagation are used to iteratively alter the weights of the neurons in the
model based on the data from the training dataset.

1. Backpropagation: The price disparity between what was predicted and what
happened should be reduced as a goal. One of the most crucial algorithms
for training ANNs is called backpropagation. To do this, it repeatedly ad-
justs the weights and biases of the neurons, allowing the network to ”learn”
from the input data. Backpropagation is a method that works by recursively
propagating the error of the network’s output across the layers to obtain the
gradient of the loss function concerning each weight and bias. This is done to
identify how the loss function is affected by each weight and bias. Backprop-
agation is a prevalent method for training artificial neural networks. The
neurons in the network are given the ability to learn from labeled training
data by adjusting the weights and biases of connections within the network.
To describe how backpropagation works on the inside, consider its outlined
phases:

Backward Propagation:- The backward propagation of errors through the
weights of the network and bias in the opposite direction is the most essential
component of backpropagation. At first, the gradients of the loss function
relative to the network’s output need to be calculated. After the gradient is
calculated, it is sent back through the network’s layers to see whether any
changes were made. Each neuron’s slope is calculated using its activation
function’s derivative and the gradient of the neurons it connects to in the
layers below it. In calculus, this technique is known as the rule of chaining.
Forward Propagation:- When the neural network is accessed, the input data
propagates through the layers in a forward fashion. To produce an output,
each neuron in a layer must first receive signals from the layer above, and then
process the weighted sum of those signals using an activation mechanism.
Calculation of the Loss:- After defining a loss measure, the forward propaga-
tion process compares the network’s output against the intended output. The
loss function calculates the dissimilarity between the predicted and observed
output.

Adjustments made to the weight and bias:- An Update on Weight and Bias:
Once the gradients of the weights and biases are known, the weights and
biases are modified to minimize the loss. In most cases, this is achieved by
the use of an optimization technique such as gradient descent, which makes
bias and learning rate-scaled weight adjustments in the opposite direction of
the slope.

Until the network’s efficiency stabilizes or reaches an adequate level, the
aforementioned steps 1-5 are repeated a predetermined number of times over
a defined amount of time using numerous different training samples. Using
the slopes determined by backpropagation, the artificial neural network can
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fine-tune its weights and biases to improve its predictive abilities and reduce
the loss function. To get the lowest possible error in training data, weights
are also modified throughout the learning phase. The layer-specific hyperpa-
rameter settings that were employed were... When predicting a single actual
value, it is sufficient to have a single neuron in the last fully connected layer,
also known as the prediction layer.

3.3 Pseudo Code

uhwNeE

Input: Vegetable Price Data Set.

Output: Price Prediction for next day.

Data Collection.

Data Loading.

Data Preparation:

(a) Transformation TS data into Stationary by differencing of order 1.

(b) Transformation TS data into supervised form by setting lag=1 or window
size=1,3,50r 7.

(c) Scaling data into Range from[-1,1] by min-max scalar.

Partitioning the Input price data into two parts i.e 70% for training and 30%

for testing.

After preprocessing, apply the MLP-based TS model to the Price data of

the commodity.

for training, Repeat for each training vector pair(xp, t), evaluate output (yp)

when (xp) is Input. if (yp) ~ (tp) form a new weight vector according to the

below-given formula: (Whnp) = (Wp) + a (tp—yp).(xp) Wweights are propagated

back to the starting point of a network by the below-given equation

Swp(tp) = —e(FE/Owp(tp)) + ad(wp(ts)) (3)

In each iteration, the weighted sum is forwarded through all layers and MSE
is calculated. MSE is calculated as a loss by the formula,

1 2
MSE==3N 'y —y° (4)
N =1 p1 pI

where N= no. of datapoints,

Ypi= observed values,

Ypi = predicted values.

And Neurons are activated by RELU,

ifinput>0:

return input

else

return O function g(z) using max() over a set of z,0, and Input.

g(z) = max{0, z} (5)

. Test the model with 30% of the rest price data.
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10. Forecast the next day price.

11. Invert the scaling.

12. Invert the Differencing

13. Store the forecast result into the predicted variable.
14. Lastly, performance measure on RMSE

\/

RMSE = (forecast value — observed values) (6)

3.4 Training Procedure

Procedure for Training: While backpropagation has been used to train multilayer
perceptron (MLP) models, the optimizer known as Adam has been more popular
as an optimization approach. Blending ideas from RMSProp (Root Mean Square
Propagation) and AdaGrad (Adaptive Gradient Approach), it is an optimization
method with a dynamic rate of learning. The fundamental goal of the Adam opti-
mizer is to dynamically adjust the MLP’s learning rate for each parameter based
on the magnitude of their respective prior slopes. Backpropagation uses a record
of the squared values of prior gradients and an exponentially decreasing average
of all those values to adjust the MLP’s parameters. For each parameter, the ap-
proach primarily uses two estimates: the first-moment estimate (mean) and the
second-moment estimate (uncentered variance). The algorithm’s main estimates
for each parameter are their first-moment estimates (mean) and second-moment
estimates (uncentered variance). During the first stage of training, the estimated
values are set to zero by initializing the vectors that make up those values to
zero. Throughout each iteration of the backpropagation approach, the Adam
optimization model produces these estimates by taking into account the slope of
the parameter at the time as well as the rates at which the mean and uncentered
variance degrade. The Adam optimizer is a well-known method of optimizing the
training of multilayer perceptron (MLP) models via backpropagation. It com-
bines ideas from the Adaptive Gradient Approach (AdaGrad) and the Root
Mean Square Propagation (RMSProp) algorithms to optimize the learning rate
in a dynamic environment. To adjust its settings, the Adam optimizer takes
these estimates into account with its learning rate throughout its update phase.
The following procedures are carried out: The MLP’s parameter slope may be
determined with backpropagation. Improve the current first-moment estimate
(mean) by incorporating the decay rate of the mean with the current gradient.
The second-moment estimate (uncentered variance) is updated by multiplying it
by the decay rate and adding the squared value of the current gradient. Estimate
the mean and uncentred variance using zero-centered initialization bias correc-
tions. Modifying the parameters of the MLP is accomplished by performing the
following calculation: multiplying the learning rate by the bias-corrected mean
estimate, then dividing this result by the square root of the bias-corrected un-
centered variance estimate. Due to adaptive learning rate adjustments and the
incorporation of momentum-like behavior through the first-moment estimate,
the Adam optimizer is both effective and efficient when training MLP models. It
aids in the control of sparse gradients, boosts convergence, and provides stability
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while choosing hyperparameters. An often-used optimization strategy in MLP
backpropagation is the Adam optimizer, which controls the learning rate and
improves training performance.

All of the above analyses were carried out on one month’s worth of tomato
pricing data from the Raipur area shown in Fig.2. Using the aforementioned
rules of thumb, the study’s authors estimated RMSE for use in model training.
Different scenarios involving the MLP input layer neuron generation depending
on the window size or rolling window are considered.

Case 1: The annual price of tomatoes in the Raipur area is taken into consid-
eration. In this scenario, the batch size is 4, and the experiment is run 20 times
with a value of 1 for the lag feature variable and a value of 1 for the hidden layer
neurons. The activation function is set to RELU, the loss is the mean squared
error, and ADAM is used to optimize the model. The epochs used here are 50,
100, and 500.The RMSE score was evaluated across different training epochs
(50, 100, and 500) using a lag value of 1. The comparative performance of these
configurations is shown in Fig. 5., which presents a summary of RMSE error
scores.
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Fig. 5. RMSE Error Score Summary Plot with lag 1 considering epochs 50,100, 500

The RMSE plot shows that 100 epochs yield the lowest and most stable
RMSE, indicating optimal model performance, as depicted in Fig. 5.

Case 2: Consider case 2, the Annual Raipur Tomato Price. Here, the batch
size is 4, there are 20 iterations of the experiment, and both the value of the
lag feature variable and the number of neurons in the hidden layer are set to 1.
In addition, the activation function is set to Relu from the outset, the MSE is
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utilized as the loss, and ADAM is used as the optimizer. epochs equals [50, 100,
500, 1000].

Case 3: Diagnostic MLLP with Variable Epochs, Hidden layer neurons, and
Window Sizes.

a) Iterate ten times for a total of one thousand epochs, using a batch size of
four and a hidden layer neuron count of one, with a lag value of one for wsl,
ws3,ws5, and ws7.

b) Iterate ten times for a total of one thousand epochs, using a batch size
of four and a hidden layer neuron count of two, with a lag value of one for
ws3,ws5,ws7.

c) lterate ten times for a total of one thousand epochs, using a batch size of
four and a hidden layer neuron count of five, with a lag value of one for ws3,
ws5, and ws7.

8 | - T T
8 1 ﬁrﬁ L

1 1 i

Fig. 6. RMSE Error Score Summary Plot with lag 3 considering epochs 1000
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wiH

Fig. 7. Box Plot with lag 7 along with different HLNeurons

An Adam optimizer with a learning rate of 0.001 was used to train the model.
To train the MLP, the size of the batch was set to 4. As MLP is differentiable, the
parameters of the model can be learned through the backpropagation algorithm
with the mean square error as a loss function, as shown in equation 7.

4 Result and Discussion

The evaluation of how well the experiment was carried out is the topic of discus-
sion in this section. In the course of this investigation, there were three separate
tests performed. The first experiment was done to determine the optimal time
step for the model. The second step is to experiment to compare the performance
of the test and train RMSE.

4.1 Evaluation Criteria and Measures

Calculating the root mean square (RMSE) is one of the methods used in this
investigation for determining how well a model is doing. The root-mean-square
error (RMSE) is a statistic that measures the gap between the actual value and
the expected value.

During the process of making predictions about quantitative data, an abso-
lute error is a useful metric for determining how accurately a certain model is
being used.

r

1, L2
RMSE = Nz =Y T ¥Vt (7)

Where yt is the actual value or observed value, y t is the predicted value at a
particular time t and n is the total no. of observations. RMSE is normally used
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as a heuristic for training models and is also used to evaluate trained models for
their accuracy or usefulness.

After each iteration of the experiment, the RMSE of the test set is printed
out. A summary statistics table is generated after every run, including a row for
every statistic and a configuration for every column.

A box and whisker plot is produced and kept for displaying the pattern of
distribution of the test RMSE score for each particular type of instance. The plot
demonstrates that each configuration exhibits a distinct spread in test RMSE
box plot scores. The green line, which represents the median, tends to rise until
it reaches three hidden layer neurons. After that point, it keeps growing with
a lag of 7. However, for lagl, the median stays constant after 3 hidden layer
neurons, as depicted in Figs. 6. and 7.

Train RMSE

Test RMSE

%0 }

200 |

Fig. 8. Line Plot of Train and Test Performance of 1000 Epochs with lagl on the
commodity price Dataset with lag 1

The final train and test RMSE for each execution is displayed when the
diagnostic is executed. The most fascinating aspect is the generated line plot’s
last line.

Following each training period, the train RMSE (blue) and test RMSE (or-
ange) are shown on the line plot shown below in Fig. 8. Upon completion of about
training epochs, the diagnostic plot reveals little variation in the train and test
RMSE figures. Performance on both the test and the training sets approaches
a flat line. This quick leveling out indicates that the model is at capacity and
might need more data, such as lag observations or more neurons.

In this study, a framework is tested with a window dimension of three, where
the total quantity of neurons in the layer that receives input is three, the number
of neurotransmitters in the layer that is concealed is two, and the number of
neurotransmitters in the layer that generates information is one and depicted in
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fig.2. The epoch of ten is employed, and the values that were anticipated can be

observed in Table 1.

Table 1. MLP Model configuring for 31:2H:10 of 10 Epochs with predicted values

No. of No- of No. of
Neurons = .. "~ Neurons No. of """~
Ws=3 Gnip Withl 5 6/p Epochs  V2IU©
1 Hidden of Series
avar lavar
layer
3 3 2 1 10 170.44
3 3 2 1 10 196.48
3 3 2 1 10 235.43
3 3 2 1 10 440.26
3 3 2 1 10 560.25

In this study, a framework is tested with a window dimension of three, where
the total quantity of neurons in the layer that receives input is three, the number
of neurotransmitters in the layer that is concealed is two, and the number of
neurotransmitters in the layer that generates information is one. The epochs of
twenty, fifty, hundred, five hundred & thousand were employed, and the values
that were anticipated can be observed in Table II, Table Ill, Table IV, Table V

& Table VI respectively.

Table 2. MLP Model configuring for 31:2H:10 of 20 Epochs with predicted values

No. of No. of
Neurons "~~~ .~ Neurons No. of "~~~ =77

= 1
Ws=3 Gnip  Withl & 6/P Epochs V3Ue
1 Hidden of Series

avar lavar

layer
3 3 2 1 20 106.542
3 3 2 1 20 196.840
3 3 2 1 20 146.250
3 3 2 1 20 452.251
3 3 2 1 20 529.568
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Table 3. MLP Model configuring for 31:2H:10 of 50 Epochs with predicted values

No. of

No. of No. of
__ Neurons "~~7 """ Neurons No. of ~ """~
Ws=3 Sinip WIth G0/ Epochs  VAUe
| Hidden of Series

awvar lavar

layer

3 3 2 1 50 133.959
3 3 2 1 50 393.420
3 3 2 1 50  1070.201
3 3 2 1 50 734.394
3 3 2 1 50 578.567

Table 4. MLP Model configuring for 31:2H:10 of 100 Epochs with predicted values

No. of

No. of No. of
Neurons "~ .., "~ Neurons No. of "~ ~°77
Ws=3 Gnip  Withl & 6/p Epochs V2IUe
1 Hidden of Series
avar laver
layer
3 3 2 1 100 488,51
3 3 2 1 100 187.89
3 3 2 1 100 360.98
3 3 2 1 100 480.56
3 3 2 1 100 520.25

Table 5. MLP Model configuring for 31:2H:10 of 500 Epochs with predicted values

No. of . No. of
Neurons ~~ .~ 7 Neurons No. of "~ ~°77
= 1
Ws=3 Gnip  Withl & 6/P Epochs V3Ue
1 Hidden of Series
avar lavar
layer
3 3 2 1 500 46534
3 3 2 1 500 49731
3 3 2 1 500 520.58
3 3 2 1 500 537.72
3 3 2 1 500 52335
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Table 6. MLP Model configuring for 31:2H:10 of 1000 Epochs with predicted values

No. of No. of No. of
__ Neurons "~~7 """ Neurons No. of ~ """~
Ws=3 Sinip WIth G0/ Epochs  VAUe
| Hidden of Series
awvar lavar
layer
3 3 2 1 1000 51452
3 3 2 1 1000 510.25
3 3 2 1 1000 298.03
3 3 2 1 1000 495.88
3 3 2 1 1000 555.35

In this empirical study, an organizational structure with a window factor of
three is assembled for evaluation. In the aforementioned structure, the overall
number of neurons in the segment that is capable of acquiring data is three, while
the quantity of neurons in the layer by layer that is capable of concealing data
is three, and the number of neurons in the layer that is capable of generating

information is one.

Table 7. MLP Model configuring for 31:3H:10 of 10 Epochs with predicted values

No. of No. of
Neurons "~~~ .~ Neurons No. of ~ "~~~

= 1
Ws=3 Gnip  Withl & 6/P Epochs V3Ue
1 Hidden of Series

avar lavar

layer
3 3 3 1 10 208.674
3 3 3 1 10 1047.023
3 3 3 1 10 513.508
3 3 3 1 10 307.493
3 3 3 1 10 229.305
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Table 8. MLP Model configuring for 31:3H:10 of 20 Epochs with predicted values

No. of

No. of No. of
__ Neurons "~~7 """ Neurons No. of ~ """~
Ws=3 Sinip WIth G0/ Epochs  VAUe
| Hidden of Series

awvar lavar

layer

3 3 3 1 20 439.652
3 3 3 1 20 645.220
3 3 3 1 20 439.273
3 3 3 1 20 552.536
3 3 3 1 20 861.894

Table 9. MLP Model configuring for 31:3H:10 of 50 Epochs with predicted values

No. of

No. of No. of
Neurons "~ .., "~ Neurons No. of "~ ~°77
Ws=3 Gnip  Withl & 6/p Epochs V2IUe
1 Hidden of Series

avar lavar

layer

3 3 3 1 50 261.853
3 3 3 1 50 759.635
3 3 3 1 50 490.048
3 3 3 1 50 569.435
3 3 3 1 50 493.258

Table 10. MLP Model configuring for 31:3H:10 of 100 Epochs with predicted values

No. of . No. of
Neurons ~~ .~ 7 Neurons No. of "~ ~°77

= 1
Ws=3 Gnip  Withl & 6/P Epochs V3Ue
1 Hidden of Series

avar laver

layer
3 3 3 1 100 342333
3 3 3 1 100 529.195
3 3 3 1 100 537.568
3 3 3 1 100 485.685
3 3 3 1 100 539.241
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Table 11. MLP Model configuring for 31:3H:10 of 100 Epochs with predicted values

No. of

No. of No. of
__ Neurons "~~7 """ Neurons No. of ~ """~
Ws=3 Sinip WIth G0/ Epochs  VAUe
| Hidden of Series

awvar lavar

layer

3 3 3 1 100 342.333
3 3 3 1 100 529.195
3 3 3 1 100 537.568
3 3 3 1 100 485.685
3 3 3 1 100 539241

Table 12. MLP Model configuring for 31:3H:10 of 500 Epochs with predicted values

No. of

No. of No. of
Neurons "~ .., "~ Neurons No. of "~ ~°77
Ws=3 Gnip  Withl & 6/p Epochs V2IUe
1 Hidden of Series

avar laver

layer

3 3 3 1 500  528.109
3 3 3 1 500 508923
3 3 3 1 500  439.198
3 3 3 1 500  499.629
3 3 3 1 500  536.719

Table 13. MLP Model configuring for 31:3H:10 of 1000 Epochs with predicted values

No. of . No. of
Neurons ~~ .~ 7 Neurons No. of "~ ~°77

= 1
Ws=3 Gnip  Withl & 6/P Epochs V3Ue
1 Hidden of Series

avar laver

layer
3 3 3 1 1000 491.789
3 3 3 1 1000 538.265
3 3 3 1 1000 515.682
3 3 3 1 1000 492.658
3 3 3 1 1000 534.250
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Table 14. MLP Model configuring for 31:5H:10 of 10 Epochs with predicted values

No. of

No. of No. of
__ Neurons "~~7 """ Neurons No. of ~ """~
Ws=3 Sinip WIth G0/ Epochs  VAUe
| Hidden of Series

awvar lavar

layer

3 3 5 1 10 41,1994
3 3 5 1 10 514.495
3 3 > 1 10 729.046
3 3 5 1 10 463.1101
3 3 > 1 10 515.1522

Table 15. MLP Model configuring for 31:5H:10 of 20 Epochs with predicted values

No. of

No. of No. of
Neurons "~ .., "~ Neurons No. of "~ ~°77
Ws=3 Gnip  Withl & 6/p Epochs V2IUe
1 Hidden of Series

avar lavar

layer

3 3 5 1 20 -159.969
3 3 5 1 20 726.998
3 3 5 1 20 463.101
3 3 5 1 20 726998
3 3 5 1 20 510.585

Table 16. MLP Model configuring for 31:5H:10 of 50 Epochs with predicted values

No. of . No. of
Neurons "~~~ .~ Neurons No. of "~~~ =77

= 1
Ws=3 Gnip  Withl & 6/P Epochs V3Ue
1 Hidden of Series

avar lavar

layer
3 3 > 1 50 486.695
3 3 5 1 50 314.379
3 3 5 1 50 470.733
3 3 > 1 50 505.074
3 3 > 1 50 511.782
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Table 17. MLP Model configuring for 31:5H:10 of 100 Epochs with predicted values

No. of

No. of No. of
__ Neurons "~~7 """ Neurons No. of ~ """~
Ws=3 Sinip WIth G0/ Epochs  VAUe
| Hidden of Series

awvar lavar

layer

3 3 5 1 100 311.665
3 3 5 1 100 483535
3 3 5 1 100 470.733
3 3 5 1 100 508.226
3 3 5 1 100 514.187

Table 18. MLP Model configuring for 31:5H:10 of 500 Epochs with predicted values

No. of

No. of No. of
Neurons =~~~ Neurons No. of ~ "=~~~
Ws=3 Gnip  Withl ' 6/p Epochs V3Ue
lauar Hidden lauor of Series

layer

3 3 5 1 500  521.192
3 3 5 1 500 498575
3 3 5 1 500 494.037
3 3 5 1 500 522432
3 3 5 1 500  542.949

Table 19. MLP Model configuring for 31:5H:10 of 1000 Epochs with predicted values

No. of . No. of
Neurons "~ ..~ 7 Neurons No. of "~ "~ ~-°77
Ws=3 nip Withl & 6/p Epochs V2Ue
1 Hidden of Series

avar laver

layer

3 3 5 1 1000 510.529
3 3 5 1 1000 515901
3 3 5 1 1000 525217
3 3 5 1 1000 516577
3 3 5 1 1000 530.007

Tables VII, VIII, IX, X, XI & XIl show the projected readings based on
the chosen time periods of the ten, twenty, fifty, five hundred, and thousand
iterations.
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In this empirical study, an organizational structure with a window factor of
three is assembled for evaluation. In the aforementioned structure, the overall
number of neurons in the segment that is capable of acquiring data is three,
while the number of neurons in the layer by layer that is capable of concealing
data is five and the number of neurons in the layer that is capable of generat-
ing information is one. Tables XIII,XIV,XV,XVI,XVII,XVIIl show the projected
readings based upon the chosen time periods of the ten, twenty, fifty, five hun-
dred and thousand iterations. A detailed comparison of predicted prices across
different MILP configurations and epochs is presented in Table XIX, showing the
consistency and convergence of the model outputs.

4.2 Optimal time step search

In time series prediction, the timestep is a hyperparameter that determines how
many past data samples are used to predict future data, optimal time step may
differ depending on the task to be solved. Several candidate’s values were set and
a a grid search was conducted to find the optimal timestep. Different timestep
values were used for this study. In this study, an experiment was conducted to
find a more suitable time step for the data of single agricultural commodity.
In this experiment, the model was trained and tested, and its performance was
measured while changing the timestep of the MLP-based model. Consequently,
a lower MSE was recorded for agricultural commodities.

The experimental results show that the hidden layer with 1, 2, and 4 neurons,
with lag5 for 1 k epochs, provides the most accurate mean value for predict the
price of the commodity on the following day. Based on analysis of agricultural
commodity price time series data, we find that when the number of hidden layer
neurons is increased, the mean and standard deviation of root mean square
error (RMSE), both rise at timestamps 3 and 5. It has been discovered that lag7
displays the lowest rmse value for 1k epochs and 30 counts, but lag3 displays
the highest value for 50 percent. When looking at lag3, it has been shown that
the standard deviation and minimum values both decrease for neurons in hidden
layers 1 and 2, but then continue to increase after neuron 3. while at first, max
grows and shrinks as a result of a rise in the number of neurons in the hidden
layer, respectively. As the number of neurons in the hidden layer increases, the
mean and standard deviation of lag5 continue to increaseincrease. It can be
observed only when using lag7 and counting 30 for 1K epochs that the shortest
possible RMSE is demonstrated and depicted in the form of a bar graph in Fig.
9., Fig. 10.

The research paper presents Tables | to XIX, which summarize predicted
tomato prices using various MLP configurations, differing in input neurons, hid-
den layers, and number of epochs (10 to 1000) under a fixed window size. These
tables illustrate how increasing training epochs and hidden neurons generally
improves forecast stability and accuracy, with Table 13 and Table 19 captur-
ing optimal results at 1000 epochs. The series of tables collectively demonstrate
the model’s evolving prediction capability, emphasizing how model depth and
training time influence output precision in agricultural price forecasting.
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MLP with 1:5 HLNeurons with LAG3 for 1K Epoch

count mean std min 25% 50% 75% max

w1 30 80.728861 | 0.778927 | 80.106556 | 80.165871 | 80.165899 | 81.668561 | 81.945158
=2 30 81.475566 | 0.740062 | 80.106377 | 81.111731 | 81.885544 | 81.992012 | 82.288201
m3 30 81.720348 | 1.013907 | 80.118111 | 81.252098 | 81.963978 | 82.124447 | 84.891281
ud a0 81.883903 | 0.73838 | 80.074749 | 81.434881 | 81.908702 | 82.347127 | 83.756365
us5 30 82.0688562| 0.858036 | 80.802294 | 81.545653 | 81.981329 | 82.472252 | 84.359273

Fig. 9. RMSE Error Score Box Plot with lag 3 considering epochs 1000

MLP with 1:5 HLNeurons with LAG5 for 1K Epoch
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. count mean std min 25% 50% 75% max
w1 30 80.547415 | 0.492355 | 80.042407 | 80.17833 | 80.198977 | 81.04377 | 81.33887
u?2 a0 81.019182 | 0.805004 | 79.961757 | 80.188228 | 81.133229 | 81.636113 | 82.449612
w3 30 81.789237 | 1.049816 | 79.525644 | 81.260368 | 81.685008 | 82.565002 | 83.573028
| ] 30 82.567209 | 1.894939 | 79.917541 | 81.269002 | 82.184571 | 83.024591 | 89.26344
=5 30 82.975939 | 1.739662 | 80.171279 | 81.620009 | 82.783047 | 83.720686 | 88.303367

Fig. 10. RMSE Error Score Box Plot with lag 5 considering epochs 1000
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MLP with 1:5 HLNeurons with LAG7 for 1K Epoch

std i 25% 50% 75% max |
“1| 30  |80.595257 | 0.544827 | 79.919388 | 80.188303 | 80.190036 | 81.141828 | 81.695013 |
w2| 30 |81.267249 | 1.099702 | 79.770357 | 80.260531 | 81.075213 | 81.9819 | 83.765433
=3| 30 81839721 1.563647 | 78.544703 | 80.683912 | 81.463656 | 82.833213 | 85.184005
m4| 30 | 82.837956 | 1.665775 | 79.976643 | 81.810258 | 82.546531 | 83.57203 | 86.810549
=5| 30 | 8323211 | 2158629 |79.954522 | 81.749205 | 83.052221 | 84.49428 | 88.647728

Fig. 11. RMSE Error Score Box Plot with lag 7 considering epochs 1k

The final evaluation of model predictions under the optimized configuration
is depicted in Fig. 11., highlighting the model’s generalization ability on unseen
data.

5 Conclusion

The multilayer perceptron model is used in order to carry out the process of
price forecasting for agricultural commodities. The MLPTSM model is used for
the study of nonlinear pricing time series data. In the beginning stages of this
experiment, data are gathered, and then the gathered data are subjected to
preprocessing. Differentiation and normalization are operations that are carried
out on the data. In order to provide an accurate price prediction, a model must
first be trained using the training data and then evaluated using the test data
after the data has been divided in a 70:30 ratio. In time series prediction, several
timesteps such as 3,5 and 7 are explored for experimentation; nevertheless, it
has been shown that the ideal time step will be 5, since it exhibits the smallest
mean RMSE. According to our findings, which are derived from an examination
of time series data pertaining to the prices of agricultural commodities, as the
number of neurons in the hidden layer increases, both the mean and the standard
deviation of the root mean square error (RMSE) grow at timestamps 3 and 5. In
order to discover the timestep that worked best, many candidates for the value
were established, and a grid search was performed. The values of the time-steps
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varied throughout the investigation. For the purpose of this research, we focused
on one agricultural commodity and performed experiments to determine which
timestep would work best for its data. The model was trained and tested, and
performance was monitored while adjusting the MLP-based model’s timestep.
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