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ABSTRACT

Today, Sales forecasting plays a key role for each business in
this competitive environment. The forecasting of sales data in
automobile industry has become a primary concern to predict
the accuracy in future sales. This work addresses the problem
of monthly sales forecasting in automobile industry (maruti
car). The data set is based on monthly sales (past 5 year data
from 2008 to 2012). Primarily, we used two forecasting
methods namely Moving Average and Exponential smoothing
to forecast the past data set and then we use these forecasted
values as a input for ANFIS (Adaptive Neuro Fuzzy Inference
System). Here, MA and ES forecasted values used as input
variable for ANFIS to obtain the final accurate sales forecast.
Finally we compare our model with two other forecasting
models: ANN (Artificial Neural Network) and Linear
Regression. Empirical results demonstrate that the ANFIS
model gives better results out than other two models.
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1. INTRODUCTION

Automobile industry plays an important role in modern
manufacturing in India. Although, sales forecasting helps the
industry to drive sales revenue, improve efficiency, increase
customer retention and reduce costs, it is the hardest part of
management [1-2]. However, a automobile market depends on
the index of key factors including wholesale price, population,
income, and oil price causes the demand in automobile sales
instability in this current market. In forecasting researches, the
common forecasting methods are Moving Average,
Exponential Smoothing, so first we have forecasted our sales
data using these methods and then use these forecasted values
as a input variable for popular non linear forecasting method
such as ANFIS (Adaptive Neuro Fuzzy Inference System).
After getting forecasted results by ANFIS method, we
compared these result with two other forecasting method such
as ANN and Linear Regression. However, the forecasting’s
methods are not limited to the mentioned methods. For
instance, ANFIS (Adaptive Neuro Fuzzy Inference System) as
one of the newest methods is applied in different areas such as
medical, industry, geography, econometric etc. In these areas,
variety of tasks such as analysis of decision, forecasting,
pattern recognition, system control, inventory management,
logistic systems and operations management are used by
ANFIS [3]. ANFIS is extended by an expert system which is
capable to use combined fuzzy reasoning with the pattern
recognition capability of neural networks.

The ANFIS is a neuro-fuzzy system, which uses a feed-
forward network to search for fuzzy decision rules that
perform well on a given task. Using a given input/output data
set, ANFIS creates a fuzzy inference system whose
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membership function parameters are adjusted using a back-
propagation algorithm alone or combination of a back-
propagation algorithm with a least mean squares (LMS)
method (hybrid learning). This allows the fuzzy systems to
learn from the data being modeled. ANFIS provides a method
for the fuzzy modeling procedure to learn information from
the data set, followed by creation of the membership function
parameters that best performs the given task. The ANFIS can
simulate and analyze the mapping relation between the input
and output data through a learning algorithm to optimize the
parameters of a given Fuzzy Inference System (FIS) [4]. The
aim of this research is the application of ANFIS as powerful
features of fuzzy inference system model in automobile
industry sales data forecasting (2008-2012).

2. SALES FORECASTING

The sales forecasting for automobile industry provide the best
way to predict the future sales market demand [5]. An
efficient forecasting system can help to improve machine
utilization, achieve greater flexibility to change and increase
profits [6]. Sales forecasting is particularly important because
its outcome affects many functions in the organization [7].

In this paper, the popular technique called ANFIS is used to
predict the future sales accuracy. Other statistical forecasting
approaches such as exponential smoothing and moving
average have recently used to predict the forecasting value for
short period [8].

Since the sales are dependent on many factors, the sale
forecasting is not an easy job. However, there are some
methods to increase the accuracy sales forecasting such as
Adaptive Neuro Fuzzy Inference Systems (ANFIS) method.
In this paper we forecast the sales of Automobile Industry in
India based on forecasted sales produced by two forecasting
method moving average and exponential smoothing as input
variables to the ANFIS method. In addition, we consider Root
mean squared error (RMSE) as a scale to compare ANFIS
with ANN and Linear Regression. By using some data from
Maruti car Industry in India. it is seen that ANFIS method is
better than ANN & Linear Regression based Method.

3. METHODOLOGY
3.1 Moving Average (MA)

Moving Average is simply a time series analysis forecasting
method. The advantage of MA is that it is simple and easy to
use. It also gives a basic and efficient tendency index. Based
on this, this method is commonly used to make forecasts from
historical data [9].

Moving Average (MA) is a popular method for averaging the
results of recent sales history to determine a projection for the
short term. The MA forecast method lags behind trends. This
method works better for short range forecasts of mature



products than for products that are in the growth or
obsolescence stages of the life cycle.

3.2 Exponential Smoothing

In Exponential Smoothing, the system assigns weights that
exponentially decay. The forecast is a weighted average of the
actual sales from the previous period and the forecast from the
previous period [8-9]. Alpha is the weight that is applied to
the actual sales for the previous period. You should assign a
value for the smoothing constant, alpha. If you do not assign a
value for the smoothing constant, the system calculates an
assumed value that is based on the number of periods of sales
history that is specified in the processing option.

Forecast specifications:

e o equals the smoothing constant that is used to
calculate the smoothed average for the general level
or magnitude of sales.

Values for alpha range from 0 to 1.

e nequals the range of sales history data to include in
the calculations.

3.3 Linear Regression

Linear regression is a form of regression analysis and can be
used to calculate a mathematical relationship between two (or
more) sets of data. In forecasting, you would use this if you
thought one set of data could be used to predict another set of
data. A typical approach towards regression analysis involves
using regression to determine the mathematical relationship,
but also to help give you an idea of how valid that relationship
is (that’s the analysis part). The Forecast Function skips the
analysis, and just calculates a relationship and automatically
applies it to your output. This makes things easier for the user,
but it assumes your relationship is valid. So essentially, the
Forecast function uses linear regression to predict a value
based on a relationship between two sets of data [10].

Regression analysis is a statistical tool for the investigation of
relationships among variables. Regression analysis is widely
used for prediction and forecasting. The focus is on the
relationship between a dependent variable and one or more
independent variables. More specifically, regression analysis
helps one understand how the typical value of the dependent
variable changes when any one of the independent variables is
varied, while the other independent variables are held fixed.
Linear regression including the simple linear or polynomial
regressions, consider only one predictor as a linear or
nonlinear form. Linear regression has been used widely in
practical applications.

3.4 ANN (Artificial Neural Network)

Neural networks are composed of simple elements operating
in parallel. These elements are inspired by biological nervous
systems [11]. As in nature, the connections between elements
largely determine the network function. You can train a neural
network to perform a particular function by adjusting the
values of the connections (weights) between elements.
Typically, neural networks are adjusted, or trained, so that a
particular input leads to a specific target output. There, the
network is adjusted, based on a comparison of the output and
the target, until the network output matches the target.
Typically, many such input/target pairs are needed to train a
network. Neural networks can also be trained to solve
problems that are difficult for conventional computers or
human beings.
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3.5 Adaptive Neuro Fuzzy Inference

System (ANFIS)

Adaptive Neuro Fuzzy Inference System (ANFIS) has been
suggested by (1993). Adaptative Neuro-Fuzzy Inference
System (ANFIS) is one of the hybrid neuro-fuzzy inference
expert systems and it works in Takagi-Sugeno-type fuzzy
inference system. The technique provide a method for the
fuzzy modeling procedure to learn information about a data
set, in order to compute the membership function parameters
that best allow the associated fuzzy inference system to track
the given input/output data [12-13]. This learning method
works in a manner similar to that of neural networks. Many
types of FIS have been proposed in literature such as
Mamdani, Sugeno and etc (Sugeno 1988). However, in the
implementation of an ANFIS for financial predictions and
estimation the most suitable model is the Sugeno model. The
Sugeno model makes use of the rules to produce an output for
each rule. Rule outputs consist of the linear combination of
the input variables plus a constant term; the final output is the
weighted average of each rule’s output.

Input Input Fuzzy Output Output
Variables Membership Rules Membership Variables

Functions

Functions

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Figure 1:- general anfis architecture

4. SIMULATION RESULTS
ANFIS Based Forecasting Model

In Neuro-fuzzy model, The membership function of each
input was tuned using the hybrid method consisting of back
propagation for the parameters associated with the input
membership function and the least square estimation for the
parameters associated with the output membership functions.
The computations of the membership function parameters are
facilitated by a gradient vector which provides a measure of
how well the FIS system is modeling the input/output data.
For a given set of parameters, the numbers of nodes in the
training data were found to be 40. The numbers of linear
parameters and non-linear parameters were found to be 27 and
18 respectively. The hypothesized FIS model is trained to
emulate the training data by modifying the membership
function parameters according to the chosen error criterion. A
suitable configuration has to be chosen for the best
performance of the network.



Sugeno Model for Sales Forecasting:-
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Figure 2:- sugeno fis model for sales forecasting
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Figure 5:- surface viewer for sales forecasting model
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Figure 6:- ANFIS structure for sales forecasting analysis,
Neuro-fuzzy, with 2 input parameters and 9 rules. Layer-1
represents inputs, layer-2 input membership function,
layer-3 rules, layer-4 output membership function, and
layer-5 weighted sum output and layer-6 output.

The error was set to be 0 and number of training epochs was
given 10. After the training (with 10 epochs) was complete
final configuration for the FIS are Number of output
membership functions = 9 Number of fuzzy rules = 9 Neuro-
fuzzy adaptive networks for sales forecasting accuracy:

1. No. of input =2

2. No. of membership functions for each input = 3

3. Type of membership functions for input = gbell

4. No. of rules=9

5. Type of membership functions for each output = Linear

6. No. of output membership function = 9



7. No. of training epochs = 10
8. No. of training data set pairs = 40
9. No. of checking data set pairs = 20
10. Error tolerance = 0
11. Error achieved = 5.6591
Neuro-fuzzy, with two input parameters and 9 rules is shown
in figure. ANFIS info: Number of nodes: 35 Number of linear
parameters: 27 Number of nonlinear parameters: 18 Total
number of parameters: 45 Number of training data pairs: 40
Number of checking data pairs: 20 Number of fuzzy rules: 9
Start training ANFIS...

1. 5.6732 239.2481
2. 5.6591 238.7083

Designated epoch numbers reached
completed at epoch 2.

-> ANFIS training

Training Data (ooo) — ANFISInfo.
200
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Figure 7:- training dataset for sales forecasting model
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Figure 9:- testing error for sales forecasting model
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Figure 10:- training error for sales forecasting model

5. RESULTS

OBTAINED

FROM

LINEAR REGRESSION AND ANN
5.1 Regression Results:-

Regression output
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Figure 8:- checking dataset for sales forecasting model

variables  coefficients std. error t (df=58) p-value
Intercept 88.0885 8.9667 9.824 5.97E-14
t 0.9021 0.2621 3.441 .0011
Residuals
i = s
Eg -35.2 gﬂly 'y 'S P 3 bl

Observation

10



Normal Probability Plot of Residuals
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5.2 ANN Results:-

Actual vs. Forecast
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Actual vs. Forecast (Scatter Plot)

Forecasted
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Actual
Training set Test set

# of rows: 50 10
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Average AE: | 7.094532448 | 17.204825
Average
MSE: 176.2832379 | 454.14623
Tolerance
type: Relative Relative
Tolerance: 10% 30%
# of Good
forecasts: 42 (84%) 7 (70%)
# of Bad
forecasts: 8 (16%) 3 (30%)
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Scatter Plot of Monthly Forecasted Sales Data
(LR, ANN, ANFIS):-
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6. CONCLUSION

Forecasting the sales data is an important task in today
business to predict the actual future sales demand of product
in this competitive market. In this paper, we use ANFIS
method to predict the sale of automobile industry in India. In
this paper, we consider MA & ES forecasted sales of actual
sales data as input to ANFIS system. We forecast automobile
sale with ANFIS, ANN and linear regression. By considering
RMSE as a compared scale, it is shown that ANFIS is better
than other two.
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The study shows that the performance of sales prediction can
be significantly enhanced by using ANFIS. There is much
scope in extending the present work. For example,
considering quality factors such as appearance that a
significant effect on demand in the forecasting model.
Compare the proposed model with other forecasting
techniques. Finally train and test the data with other functions
of ANFIS or high-tech technology.
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