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ABSTRACT

In today’s world, accurately predicting sales is important for minimising
costs and improving overall profits. A wide range of understanding of or-
ganisational performance and future sales can be accomplished through
improved customer service strategies. It aids in enhancing product returns
and lowering lost sales, leading to more efficient production planning. The
sales prediction in dairy products reflects distinctive challenges, predomi-
nantly due to the quality of these products, which is closely connected to
consumers’ health. To overcome the problem, the proposed research em-
ploys an effective DL (Deep Learning) based technique for forecasting the
sales of dairy products by analysing the dairy goods sales dataset from an
openly available website. The proposed research utilises Universal Scale
CNN (Convolutional Neural Network), a 1D CNN, which is capable of
learning the features at optimal and effective rates. The following features
are passed to the Multi-Perspective based Bi-LSTM (Bidirectional Long
Short-Term Memory), which is capable of learning features effectively by
reducing error rates in predicting sales rates of dairy-based products. The
overall performance of the proposed Multi-Perspective Fusion Bi-LSTM
with Universal Scale CNN is evaluated with performance metrics, includ-
ing RMSE (Root Mean Squared Error), MAE (Mean Absolute Error) and
MSE (Mean Squared Error). These performance metrics evaluate the pro-
posed model’s effectiveness in forecasting dairy product sales.
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1. INTRODUCTION

Recently, the dairy industry has been experiencing
some intense changes all over the world. According to
the information given by the dairy price index of the
United Nations Food and Agriculture Organization,
the current cost has been lowered by up to 26% to
others, in the month of February 2014 [1]. The milk
prices of China have plunged recently, due to trade
constraints imposed against Russia in the market, us-
ing some milk products. Due to this, the powdered
milk production is on the upsurge and by 2025, it will
have achieved 177 million metric tons with an 18%
increase per year. In emerging countries, growing ur-
ban populations and decent living standards could

be driving this growth [2]. The European farmers
have started employing intervention stocks in an ef-
fort to hedge against the universal deterioration in
milk prices. India is the paramount milk producer
which producing 23% of the world’s milk. In the next
few years, the national milk production growth rate
is forecasted to be almost 6.2%. The highest milk
production state of India is UP (Uttar Pradesh) with
nearly 18% [3]. The overall quantity of milk pro-
duced by India is from UP. The most milk-producing
states in India are UP, AP (Andhra Pradesh), MP
(Madhya Pradesh), Rajasthan and Gujarat [4]. The
division of Animal Husbandry and Dairy proclaimed
finance in infrastructure development in June 2020 as
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a representative of the Indian government. In order
to predict milk production, fat and protein content,
researchers are enhancing scheduling and distribution
strategies more precisely and feed intake [5]. Corre-
spondingly, small businesses, programmers and pri-
vate businesses will become distracted to motivate
investment in the animal and dairy feed industries,
which is expected to outcome in the creation of 3.5
million new jobs. Researchers see Indian Food man-
ufacturing initiatives emerging to the point where re-
searchers can strive with the supreme in the globe,
and Indian food brands are flourishing increasingly
eminent on international markets with these funds [6].
There is a firm requirement for innovative approaches
for milk process enhancement in the dairy industry.
The creators of dairy products are required to direct
their procedures with utmost caution due to the milk
components of milk being reduced rapidly [7].

The AI (Artificial Intelligence) is the best method
to tackle this big data-relevant problem [8]. Huge
datasets are used by recognized ML algorithms to in-
stinctively analyse and discover patterns in variables.
The ML techniques can analyse existing unnoticed
patterns in data, generate an exclusive understand-
ing and direct researchers in the right direction [9].
The concept of Al, known as ML, uses complex algo-
rithmic frameworks to resolve issues that could oth-
erwise be unsolvable by computers. A huge retailer
could have thousands of distributors, as opposed to
the lesser and far more controllable number of pro-
ducers. The supply chain of retail could be able to ac-
tivated effectively as a result, and it should highlight
the coordination of the supply chain more [10]. Addi-
tionally, a retailer competes with millions of end users
against a few distributors. Retailers are required to
spend more time appropriately planning and respond-
ing to understand customer demand. There are varia-
tions among the cost structures of retailers and man-
ufacturers. Among several fields, the dairy sector is
the one where ML could be employed. The sequence
of processes that take place during the time period
raw milk is obtained and kept in the supermarket is
known as the dairy supply chain [11]. The most sig-
nificant factor that impacts the cost of commercial
dairy products is the price variation of raw materials,
which impacts the price of dairy products to a cer-
tain extent. There are various time series methods to
predict the price, and one of the conventional regres-
sion methods is Ridge, AR, Lasso, ARIMA (Autore-
gressive Integrated Moving Average), etc [12]. The
ARCH (Autoregressive Conditional Heteroskedastic-
ity) is a statistical model for time series data that
determines the variance of innovation or current er-
ror term as a function of the definite sizes of the
error of the existing time period. With the devel-
opment of AI technology, the time series prediction
techniques depicted by the BP NN (Neural Network),
LSTM (Long Short-Term Memory), SVM (Support

Vector Machine), RNN (Recurrent NN) and trans-
formers have been broadly employed [13]. The DL
techniques can analyse the pattern and structure of
data for the complexity and nonlinearity of time se-
ries prediction. Likewise, the LSTM can identify and
analyse the patterns or interactions in data by a self-
learning process; however, the computation time will
be huge, and the time consumption of the approached
network is deep [14]. Though various unsupervised
time series approaches are similar to NLP (Natural
Language Processing). CV (Cross-validation) fields,
which have robust inductive bias they are not appro-
priate for modelling time series in most cases [15].
To tackle this problem, the proposed model employs
1D-CNN (Convolutional NN) and Bi-LSTM (Bidi-
rectional LSTM), which are enhanced with Multi-
Perspective Fusion Bi-LSTM with Universal Scale
CNN to predict the sales of dairy products. The pro-
posed research employs a dairy goods sales dataset
from an openly available website to evaluate the pro-
posed Multi-Perspective Fusion Bi-LSTM with Uni-
versal Scale CNN model. The demonstration of the
proposed model has been examined with performance
metrics such as RMSE, MAE and MSE.

1.1 Research Contribution

The main objective of the proposed research is as

follows:

e To use the dairy goods scales dataset for fore-
casting the sales of the dairy products.

e To employ different pre-processing techniques
like feature scaling, label encoding and outlier
removal for handling missing values, removing
inconsistencies of the data.

e To implement an improved regression model,
such as proposed multi-perspective fusion BiL-
STM with Universal Scale CNN model for pre-
cisely predicting the sales of dairy products with
the least error rates.

e To exhibit the proposed Universal Scale CNN
model to track and conceal all the scales of the
respective field by converting the input among
innumerable combinations of the prime-sized
kernels.

e To evaluate the performance-based metrics of
the model performance enabling regression for
the sales forecast of dairy products.

1.2 Paper Organization

The following paper is divided into four sections.
Section II deliberates the existing approaches for fore-
casting the sales of dairy. Section III deliberates
on the process of the proposed method. Section IV
reflects the results and discussion of the proposed
model. Section V reflects the conclusion and future
work of the proposed model.
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2. LITERATURE REVIEW

The existing study [16] has utilized several algo-
rithms, namely the RF (Random Forest), GB (Gra-
dient Boosting), SVM, NN, and AdaBoost, for fore-
casting the price of milk. Additionally, the ML ap-
proach has included the HPT (Hyper Parameter Tun-
ing) with nested cross-validation for estimating the
validity of the suggested algorithms. The approached
algorithms have attained better outcomes in contrast
with the others. Likewise, the study [17] has sug-
gested an RMP-CPR (Raw Milk Price Prediction
Framework), which has been utilized for examining
the performance of the consumer regarding the rela-
tionship between milk price and dairy consumption.
As aresult, the RMP-CPR has enhanced the develop-
ment of accurate marketing strategies. Furthermore,
the framework has played a major role in balancing
the interests among consumers, dairy enterprises, and
dairy farmers. Similarly, the study [18] has implied
that NN classification is the right direction for fore-
casting. As ANN (Artificial Neural Networks) has
been influenced by the significance and transparency
of the trained input data, the study has suggested a
methodology named CS (Compressed Sensing), which
has considered the incomplete data as noisy trends
that are to be reconstructed using CS reconstruction
algorithms. Finally, the suggested methodology has
given effective outcomes. Likewise, the study [19]
has introduced an ML technique for analysing the
PPI (Producer Price Index) of cheese manufacturing
companies. Several DL models, such as LSTM, BIL-
STM, and GRU, have been approached and tested.
Furthermore, in contrast with the other performance
metrics, the LSTM model has performed better than
the others. As a result, the suggested model is sim-
ilar to the BILSTM and GRU models, which have
delivered better outcomes using the PPI. The LSTM
has been implemented by the study [20] for predict-
ing the cow cheese production by using ML and DL
techniques, which have not been implemented in the
field previously. Along with LSTM, a few models like
MLP, SVR and KNN have been tested and compared
with performance metrics such as MSE, MAE, MAPE
(Mean Absolute Percentage Error), and RMSE. As a
result, the LSTM model has demonstrated high ac-
curacy and dependability in the production of cow
cheese. Similarly, the study [21] has implemented the
ARIMA model for forecasting the milk price in the
Ukrainian market of raw milk. Additionally, it has
demonstrated the absence of a single direction dur-
ing the bias period. The delivered results of the milk
price have been modified regarding the time lag. Fi-
nally, the resultant data has been compared with real
prices of milk sales, which has specified the presence
of irrelevant changes by demonstrating the capability
of the suggested approach. Furthermore, the drivers
of regional milk prices in Russia have faced numer-
ous challenges in the accessibility of data. Hence,

the study [22] has suggested an RF approach to over-
come the data-based difficulties in which the tradi-
tional panel regression nodes have been limited. Fi-
nally, the model training and hyper parameter opti-
mization have been implemented on the trained data
set with cross-validation. As a result, the suggested
algorithm has a better demonstration in terms of test
data.

Correspondingly, the study [23] has performed the
modifications in the milk cost and other yields at the
European Union (EU), where the descriptive statis-
tics, correlation and regression analyses have been
presented. Additionally, the approach has utilized
the ADF (Dickey-Fuller) test and the GARCH (Gen-
eralised Auto Regressive Conditional Heteroscedas-
ticity) model, which have been used to evaluate the
normality and fluctuations of the data. As a result,
the processes for butter, WMP (Whole Milk Pow-
der), SMP (Skim Milk Powder), cheddar, Edam, and
Gouda have been reliant on earlier values. Further-
more, the main goal of the study [24] has implied
that the milk supply from Norwegian dairy farmers
to dairy has been performed with the utilisation of
a time series model in an ML approach. According
to the results, the application forecast monthly milk
deliveries to dairies up to 24 months in advance with
a MAE of 1-2 per cent. Additionally, the outcomes
have delivered useful insights into the characteristics,
which have been essential for forecasting future milk
delivery. Similarly, the existing study [25] has exam-
ined the cost of cheddar cheese, butter, SMP, and
WMP with the utilisation of an MFSV (Multivariate
Factor Stochastic Volatility) technique for extracting
correlation matrices and time-varying covariance. As
a result, the matrices delivered a higher reliance dur-
ing the mid-year of 2006-2014, which has been recog-
nised by the RADP (Regional Agricultural Dairy
Policies). Similarly, the study [26] has evaluated the
cost volatility of four dairy commodities, MP, but-
ter, WMP and cheddar cheese, with the utilisation
of a panel-GARCH model for the first time. Fur-
thermore, it has delivered potential efficiency received
from assessing conditional variances and covariance’s.
As a result, the CV has increased values during 2007-
2016, when conditional cross-correlations have been
low. Furthermore, on the basis of examining the per-
formance of volatility spill over and the rate of im-
port trade, GDT milk powder has been designated.
The study [27] has suggested the GARCH 1:1 model,
namely BEKK (Baba-Engle-Kraft-Kroner), for im-
plementing GDT milk powder. As a result, a bidi-
rectional volatility of spill over has been observed be-
tween China’s raw milk market and GDT milk pow-
der. Likewise, the study [28] has derived the cer-
tified data from Russia from 2015-2019, which has
been examined by 12 predictor variables for describ-
ing the milk price of the particular region. Also,
with the utilization of the ML algorithm, the MT
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and HO (Hyper-parameter Optimization) have been
accomplished through SCV (Spatiotemporal Cross-
Validation) technique. As a result, the suggested RF
algorithm has delivered better outcomes by exposing
the four main factors, such as population density, pro-
duction of milk, income and livestock numbers that
have caused dissimilarity in Russia’s raw milk cost.
The study [29] has suggested LSTM-based NNs for
improving the decision-making process. The training
data has been obtained from more than 6000 differ-
ent herds. As a result, the approach has performed
better than the ARIMA statistical model by 68% at
verification time, forecasting the monthly income for
each cow’s fifth year with an RMSE of 8.36.

The study [30] has suggested a SAE (Sequential
Auto Encoder) for decoding low-dimensional repre-
sentations and sequential data. Furthermore, the
SAE, in contrast with the conventional MLP (Multi-
Layer Perceptron) model, has utilized parity data and
protected milk yields as input. As a result, the combi-
nation of lactation number, herd statistics, daily milk
yields, as well as reproduction and health events the
cow has faced in the lactation period has been dis-
played in qualitative latent representations. The ex-
isting study [31] has demonstrated the designs and de-
terminants of organic dairy payments and evaluated
the monthly cost premiums for organic milk, eggs,
fluid milk, and yoghurt, using ML techniques over the
period 2008-2017. As a result, the calculated premi-
ums are 27%, 56%, 38% and 51%, respectively, along
with a CAGR (Compound Annual Growth Rate) of
8%, ™%, —1.42%, and —2.86%. Furthermore, keep-
ing organic sales constant, the premium results are
high. The study [32] has explored an approach for
forecasting milk yield and lactation patterns in differ-
ent phases, utilising a dataset from the largest dairy
farms in Jordan. The data has been reinforced in the
development of data-driven AT and ML models. As a
result, the approached models had better outcomes in
increasing the dairy cattle efficiency. The study [33]
has implied that the TMC (Tamil Nadu Milk Coop-
eratives) has made numerous donations to the devel-
opment of the dairy sector. Additionally, the study
has forecasted milk production in Tamil Nadu using
TSM by utilizing annual milk data from 1976 to 2020,
and also implemented ARIMA and ANN for forecast-
ing milk production. As a result, the CAGR of the
predicted milk production is 0.02% with the utiliza-
tion of performance metrics such as RMCE, MAE,
and MAPE. The study [34] has suggested an Edge-
Centric approach, App Adapt-LWDL (Application-
Adaptive Light-Weight DL) for identifying the type
of milk and recognising adulteration. Moreover, the
approached algorithm has maintained speed and ac-
curacy by influencing the clipping ratio. As a result,
the suggested framework has enhanced efficiency and
accuracy regarding the application.

2.1 Problem Identification

e The limitation of the existing approach [18] im-
plies that the advanced compilation of the data
and retrieving characteristics has to be accom-
plished using a real-world COVID-19 data set.

e In contrast, GRU models did not adopt the
LSTM and BILSTM frameworks [19].

e The limitation of the prevailing study [29] im-
plies that more detailed data and incorporation
of raw variables have to be included.

3. RESEARCH METHODOLOGY
3.1 Proposed Method

Sales forecasting is a critical task across various in-
dustries. Accurate forecasting helps alleviate inven-
tory and stock-related challenges, thereby prevent-
ing revenue loss. Hence, the proposed model uti-
lizes Multi-Perspective Fusion Bi-LSTM with Univer-
sal Scale CNN to effectively forecast dairy sales.

01-Load the Dataset

05 - Predicting and
Evaluating Performance

= :
E

02 - Data Pre-processing

04— Proposed Model (Multi- 04

Perspective Fusion

BiLSTM . _

With Universal Scale CNN) 03 - Train and Split
03

Fig.1: Owverall Flow of Proposed Research.

Figure 1 depicts the flow of the proposed research.
Initially, the dairy sales dataset is loaded as input
into the proposed model. The loaded dataset under-
goes several pre-processing techniques such as feature
scaling, label encoding and outlier removal, which en-
hance model performance by transforming raw data
into a structured format that improves the models
efficiency, reliability and accuracy. Next, the pro-
cessed dataset is divided into two subsets: training
data (80%) and testing data (20%). The training
data is processed using Multi-Perspective Fusion Bi-
LSTM with Universal Scale CNN, while the testing
data is used for the evaluation of the proposed model.
Finally, the performance of the proposed model is
assessed using performance metrics such as RMSE,
MAE and MSE.

3.2 Dataset Description

The dataset used in this research is sourced from
the open-access website Kaggle. The link of the
dataset is provided below for reference: https://
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www.kaggle.com/datasets/suraj520/dairy-goods
-sales-dataset/data. This dataset offers a com-
prehensive and detailed collection of data relevant to
inventory management, dairy farms, dairy sales and
products. It encompasses a wide range of informa-
tion including farm size, farm location, cow popu-
lation, land area, product details, production dates,
storage conditions, brand information, pricing, quan-
tities, sales information, expiration dates, sales chan-
nels, customer locations, reorder qualities, stock qual-
ities and stock thresholds.

3.3 Data Pre-processing
3.3.1 Feature Scaling

This technique is significant when the dataset en-
compasses features with varying scales or units. It
assures that all features are subsidized for analysis us-
ing z-score normalization and min-max scaling. The
min-max scaling technique is used to adjust feature
values to a fixed range, typically [0, 1]. Meanwhile,
the standardization technique transforms the data to
have mean of 0 and SD (Standard Deviation) of 1.
These two methods helps in normalizing the data,
which can improve the performance of the proposed
model.

3.3.2 Label Encoding

Label encoding is utilized for categorical variables
that need to be transformed into a numerical format
for the proposed algorithms. This process involves as-
signing integer values to each category using specific
libraries. Each unique entry in a categorical feature is
assigned a distinct integer, which means milk, yogurt
and cheese are encoded as 0, 1 and 2. The python
library sklearn provides “Label Encoder” that auto-
mates the transformation of categorical variables into
a suitable format.

3.3.3 Outlier Removal

This technique can significantly distort results
and affect the performance of the proposed model.
Analysing and removing outliers from the dataset in-
volves the use of statistical methods and visualiza-
tion techniques. The statistical method applies stan-
dard techniques such as z-score and IQR (Interquar-
tile Range). Values with a z-score less than -3 or
greater than 3 are identified as outliers. Visualization
techniques, such as scatter plots or box plots can help
visualize the outliers before making decisions regard-
ing their removal.

3.4 Multi-Perspective Fusion Bi-LSTM with
Universal Scale CNN

To forecast the dairy sales, the proposed research
utilizes a Multi-Perspective Fusion Bi-LSTM with
Universal Scale CNN. The complete process of the
proposed model is represented in Figure 2.

i
Pooling ve
Pooling

Fig.2: The Entire Process of Proposed Model.

Figure 2 illustrates the complete process of the pro-
posed model. The model begins with an input data
layer structured into sequential blocks that likely rep-
resent a series of data values or features. The data
series is divided into two sections. The first section in-
volves the process of first result concatenation, where
the initial data blocks are combined. The output is
then processes through a batch normalization layer
followed by a ReLU activation function layer. Batch
normalization stabilizes the training process by nor-
malizing the data, while the ReLU introduces non-
linearity. The second section performs a similar op-
eration, combining the initial data blocks and pro-
cessing the output through batch normalization and
ReLU. This signifies a parallel operation to capture
multiple aspects of the data.

After the batch normalization and ReL.U activa-
tion function in both sections, the outputs are con-
catenated again. This layer-by-layer approach with
transitional concatenations suggests a deep structure
model, where each level gathers features from previ-
ous layers to capture more complex patterns. Fol-
lowing the initial transformations, both sections un-
dergo average pooling, which reduces dimensionality
by averaging values, thus retaining significant fea-
tures while discarding less critical information. Fol-
lowed by the pooling process, each section connects to
a fully connected layer, usually in classification tasks.
This layer combines all the processed features to de-
liver the final classifications or predictions. The pro-
vided a time seriesIn, smearing a neural convolution
process with kernel « is corresponding smearing a sig-
nal processing convolution with kernel 1. Besides, in
the Fourier domain this process is also corresponding
to the element-wise multiplication among In and .

Inxy=In®¢=F YF(In)-F(y)) (1)

Where, the signal processing convolution of In and
is,
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M—

" In[P - QlY[Q)

(In@y)Pl=) (2)

Where, the signal processing convolution is denoted
as ®, the convolutional theorem is stated as

In®¢ =F~(F(In)- F(4)) 3)

Where, the Fourier transform is represents as F' and
the inverse Fourier transform is represents as F~1. In
a traditional 1D-CNN, the convolution of In and ~
is,

M—-1

(InxNPl=) _ In[P-Qh[R-1-Q] (4)

m=0
Where, a neural convolution is denoted as *. When
P[Q] = v[R — 1 — Q] in equation 1 which is affirmed
in the Lemma 1. ¥[Q] = 7[R — 1 — Q)] states ¢ has
the reversed sequence of y. Which means v = [1, 2, 3]
where as ¢ = [3,2,1]. In the frequency domain, the
proposed research analyze the time series, which can
decompose a time series data In into three divisions.

F(In) = F(Ins)+ F(Inn,) + F(iny,) (5)
Where, the preferred signal for classification task is
denoted as Ing, the noise on a similar frequency of the
preferred signal is denoted as Iny, and the noise on
the other frequencies is denoted as Iny,. Similarly,
the neural convolution kernel v can be decomposed
as.

F(y) = F(s) + F(¥n,) + F(¢n,) (6)

To streamline, replace F(In,), F(Inn,), F(Inn,)
with A, B, C. Likewise replace F(¢5), F(¢n.), F(¢¥n,)
with a, b, c. Hence in the frequency domain, the result
of convolution is.

F(Ins~) = F(In) - F()) = Su+ Sv + Sc+

7
Tu+Tv+Tc+ Ku+ Kv+ Kh (™)

Here, F'(Iny,) does not intersect with F'(1)) in the
Fourier domain, hence that:

F(Iny,) - F(¢s) ==0 (8)

For a similar reason in equation (8), the Sc, T'c, Ku, Kv
turned as zero, hence, the result of convolution result
might be represents as

Su+Sv+0+ F(Inxvy)=Tu+Tv+ 0+

040+ Kh=(S+T)(u+v)+Kh ©)

Consequently, if the noisy part of Kh is remove
or reduce, then the result of convolution operation
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F(In ) will have minimal noise that might be ad-
vantageous for the classification. Specifically, the en-
tire equation of the layer output before the activation
layer:

LayerOutput = BN (In v + bias) (10)

Where, the batch normalization is denoted as BN. If
the BN is expanded then the equation (10) will be,

r(Inx~y+bias— E)+ (11)

Where, the parameters of batch normalization is de-
noted by r and 3, in a batch, the mean value of Inx~y
is denoted as E. All the trainable parameters are de-
noted as r,bias, E and 8. Hence equation (11) has a
similar analytic form:

LayerOutput = r(In v+ €)

Where, the representation of zoom rate is denoted as
r,e = bias — E + (8/r) is inductive bias which is as-
sessed using numeric variables which do not contain
any information related to frequency. The proposed
research maps the layer output into frequency infor-
mation.

F(LayerOutput) = r[F(In * ) + F(e€)] (12)

Include equation (9) into equation (12), the result is:

F(LayerOutput) = r[(S +T)(u + v) + Kh + F(¢)]

€ is a real value vector of constant value from the bias
and batch normalization definition. The proposed re-
search represents the constant value as Total_bias,
hence:

F(e)[P] = Total_biasp =00 P #0

Where, F'(e) is a real value vector while Kh is a com-
plex value vector, the K'h noise cannot be represented
by € in convolution. The sizes of kernel are a prime
number from 1 to P in the first two convolutional
layers and all kernel sizes are dissimilar to each other
in the layer. It is the last layer to achieve a convo-
lution operation in the 3rd convolution layer. With
this circumstances, the receptive fields of proposed
Universal Scale CNN can shield all applicable integer
in (0,2P). If the stride is 1, the size of receptive field
is assessed as,

L
Rsize =1- L+Zl:1 Rl

Where, the total number of convolution layers is de-
noted as L and the Ith layer’s kernel size is denoted
as R;. In divergence to traditional CNN, the pro-
posed research employs a global average pooling af-
terwards multiple convolution layers relatively than

(13)
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include one pooling layer next to each convolution
layer. By global average pooling in proposed 1D-
CNN which permits the manipulation of the CAM
(Class Activation Map) to identify the contribution
of data region to the particular labels. The CAM is
assessed as:

R

C; = %szl Fip (14)
Where, the output value of ith channel is denoted as
C;, the length of time series is denoted as P and in the
ith channel, the nth value is denoted as F; p. Accord-
ing to the extracted features, the final layer of pro-
posed 1D-CNN is a fully connected layer that is the
classifier identifying labels. The proposed research
develop an ensemble version of 1D-CNN with M clas-
sifier. The proposed ensemble method is weighted by
the classification probability based on majority vot-
ing. Provided input In, the forecasted output c is
assessed as,

1 R

¢ = argmax ZQZl PO, In) x I[c = F(0,,, In)],

(15)
Here, the model parameters of the mth classifier
is depicted as 6,,, the probability of the forecasted
class ¢ is represented as P(0,,,In) to that In be-
longs and I represents the Boolean indicator. The
proposed research van minimize the size of the model
through substituting kernels with receptive fields and
the representation ability of the proposed model is
also avoided. If there is no loss of representation abil-
ity, VIn and 0p, 304 makes A(In,04) = B(In,0p).
The input data is denoted as In, the model’s param-
eter is denoted as 6,. The output result of the model
with parameter is denoted as *(In,0,.). The pro-
posed research found when L(C) = L(C1)+L(Cy)—1,
C(K) = 17 C(Kl) = min(Kl, KQ), for VITI,K,HKl,KQ

makes

Conv(In, K) = Cove(Conv(In, K1), K2)

Where, the input signal is denoted as In, the ker-
nel of the one layer network is denoted as K, the
1%t and 2"¢ layer of the two layer network is de-
noted as K7 and K5, the kernel size of K is de-
noted as L(K), the output Channel number of K
is denoted as C(K) and the convolution results of
In and K with batch normalization and ReLU acti-
vation is denoted as Conv(In,K). The final mul-
timodal characteristics achieved could unavoidably
comprise a large quantity of terminated information,
if the interaction of modality information was not de-
liberated, which could be inappropriate to the predic-
tion task. As a result, the proposed study employs
Cross-perceptual with the multi-modal fusion upon
Bi-LSTM, the fusion function. The feature matrices

for cross-perceptual is assessed to achieve the infor-
mation matrix. The attention distribution is assessed
by line- by-line soft max function.

4. RESULTS AND DISCUSSION

This section deliberates the performance metrics,
EDA (Exploratory Data Analysis) and performance
analysis on the proposed research. The perfor-
mance on the proposed model has been assessed using
RMSE, MAE and MSE.

4.1 Performance Metrics
4.1.1 RMSE

Root Mean Squared Error (RMSE) is the stan-
dard deviation on the differences between the actual
and predicted values. Lower RMSE values indicate a
better fit on the model to the data, whereas higher
RMSE values suggest less accurate predictions and
larger errors. RMSE has been calculated using equa-
tion (16)

N
RMSE = \/Z_l(acuml — predicted)?/N  (16)

4.1.2 MAE

MAE aids as an efficient metric for evaluating the
accuracy on proposed model accuracy, providing a
balance among effectiveness, and simplicity in per-
formance evaluation.

1 n .
MAE = — Zi:l lyi — Uil (17)

n

4.1.3 MSE

It is the measurement on image excellence metric.
If the standards are nearer to zero, the metric dimen-
sion has better quality. The formula for MSE has
been calculated in equation (18)

1 )
MSE==5, (Yi-Y)

- (18)

4.2 EDA (Exploratory Data Analysis)

Figure 3 depicts the total sales on dairy products
using product name. The plot displays twelve differ-
ent types on dairy products, including butter, ghee,
curd, yogurt, ice cream, paneer, milk, lassi, cheese,
and buttermilk. Butter achieves the highest sales,
with 6000 liters/kg, while lassi, cheese, and butter-
milk have the lowest sales, each at 4000 liters/kg.

Figure 4 depicts the customer preference using lo-
cation and sales channels. The plot shows 15 loca-
tions and their sales channel. There are three types
on sales channels, online retail, and wholesale. The
highest revenue is completed using Chandigarh with
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Fig.4: Clustomer Preference using Location and
Sales Channel.

2.5 INR in retail sales channel. The lowest revenue
is completed using Haryana and Kerala with 0.7 INR
in online sales channel.

166 Monthly Total Revenue in the Dairy Industry
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Fig.5: Monthly Total Revenue in the Dairy Indus-
iry.

Figure 5 depicts the monthly total revenue in the
dairy industry. The chart shows total revenue from
January 2019 to December 2022.

4.3 Performance Analysis

Table 1: Performance Analysis on Proposed Model.

Model MAE MSE | RMSE | R-squared
Proposed
Model 0.0908 0.016 0.1264 0.9836
RF 0.1513 0.0389 0.1973 0.9601
Linear 0.2102 | 0.1003 | 0.3167 0.897
Regression
Support
Vector 0.2075 0.0989 0.3144 0.8986
Regression
Decision | 1547 | 0.0371 | 0.1926 | 0.9619
Tree

Performance Analysis
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Fig.6: Performance Analysis on Proposed Model.

Table 1 represents the performance analysis on
the proposed model. The performance on the pro-
posed Multi-Perspective Fusion Bi-LSTM with Uni-
versal Scale CNN has been compared with other re-
gression models namely RF Regressor, linear regres-
sion, SVR (Support Vector Regression) and DT Re-
gressor (Decision Tree Regressor) with the metrics
on MAE, MSE, RMSE, and R-Squared. The values
on RFR is 0.1513, 0.0389, 0.1973, and 0.9601. The
value on linear regression is 0.2102, 0.1003, 0.3167,
and 0.897. The values on SVR are 0.2075, 0.0989,
0.3144, and 0.8986. The values on DTR are 0.1347,
0.0371, 0.1926, and 0.9619. The value on the pro-
posed Multi-Perspective Fusion Bi-LSTM with Uni-
versal Scale CNN Model is 0.0908, 0.016, 0.1264, and
0.9836. When compared to other models the pro-
posed model obtains the least error value. The graph-
ical representation on table is depicted in figure 6.
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5. CONCLUSION AND FUTURE RECOM-
MENDATION

Sales forecasting is one on the significant tasks in
the dairy industry which assists to avoid the rev-
enue loss and learn about the high sale locations.
Many existing studies have employed various algo-
rithms to forecast dairy sales; however, these models
have encountered certain limitations. To overcome
the problems, the proposed research has employed
Multi-Perspective Fusion Bi-LSTM with Universal
Scale CNN model to forecast the dairy sales. The
proposed research has been assessed using the dairy
goods sales dataset. The proposed Multi-Perspective
Fusion Bi-LSTM with Universal Scale CNN model
has compared with four regression models namely RF
Regressor, linear regression, SVR, and DT Regressor.
The performance on the proposed Multi-Perspective
Fusion Bi-LSTM with Universal Scale CNN model
has assessed using performance metrics on RMSE,
MAE, and MSE. The proposed model has obtained
0.0908, 0.016, 0.1264, and 0.9836. In contrast to ex-
isting models, the proposed Multi-Perspective Fusion
Bi-LSTM with Universal Scale CNN model has at-
tained less error. The completed results on the pro-
posed Multi-Perspective Fusion Bi-LSTM with Uni-
versal Scale CNN is very motivating, and promis-
ing. In future, the proposed research will analyze
the products on MEVGAL (Greek dairy production
company) to find out the external factors which im-
pact the dairy market, technological, economic, and
environmental factors. Additionally, it aids in under-
standing the current situation on the dairy industry
and analyzing the prospective chances for growth and
development.
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