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Abstract— Supply Chain Management (SCM) plays a very vital role in managing and
organizing enterprise processes, increasing operational efficiency of the organization. Factors
such as product success, customer satisfaction, organization’s growth depends upon successful
execution of Supply Chain Management (SCM). Supply chain management is becoming a
necessity to improve the foundation and infrastructure within societies which in turn increases
the economic growth, living standard of society also. The research findings indicate that
although it seems that SCM provides many services, but it has some issues too; which includes
poor inventory management, bullwhip effect, High cost of logistics, technology usage and
inadequate investments in IT. To overcome issues of SCM there is a need of an improved sales
forecasting model which will build the reliable and efficient forecasting results. An improved
Sales forecasting model is presented in this paper, which is based on kernel based support
vector machine regression.
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I.  INTRODUCTION

Supply chain encompasses all of the facilities, functions and activities involved in producing
a product or service from suppliers to customers. Supply chain functions include purchasing,
inventory, production, scheduling, facility location, transportation and distribution [01]. All
these functions are affected in the short run by product demand and in the long run by products
and processes and changing markets. Forecast of product demand determine how much product
to make and how much material to purchase from suppliers to meet forecasted customers’
needs. Due to the ever-increasing global competition, sales forecasting plays a prominent role
in supply chain management. The availability of huge data demand tools that can extract
information from data. Recent research has shown that advanced forecasting tools enable
improvements in supply chain performance [02].

A forecasting model which gives accurate results and upon which one can rely, need to be
built for improving financial growth of organizations and better decision making. The main
objective of this research work is to identify the issues related to supply chain management and
how these problems were overcome by using data mining and data warehousing. The issues
were identified through a, questionnaires, interviews with apparel manufacturing company
with the added support of literature review. Data related to supply chain process were
collected and examined with the help of SPSS Statistics 21.

II. FORECASTING

Supply chain management relies on forecasts of future demand for decision making.
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Demand forecasts are used in supply chain design, planning as well as in operations. For
example, in the production phase of SCM, it is used for aggregate planning, inventory control
and scheduling, in marketing it is used for new product introductions, promotions, and sales-
force allocation, in finance it is used for plant and equipment investment decisions, operating
budgeting and finally in personnel it is used for workforce planning and resulting hiring and
layoff [03].

It might be possible that forecasts may always go wrong; hence the forecasted result should
include both the expected value and a measure of forecast error. Short-term and aggregate
forecasts are more accurate. Forecasting methods are listed as below;

e Qualitative: It is based on judgments, expertise, and opinion.

¢ Quantitative methods: These types of forecasting methods are based on mathematical
models and rely heavily on mathematical computations.

e Time Series: Historical data is used to do forecasting.

e Causal: It is based on the relationship between the variable to be forecasted and an
independent variable.

III. PROPOSED FORECASTING METHODOLOGY

A good forecasting system has qualities that distinguish it from other systems. The qualities
provide a useful basis for understanding why good forecasting systems outperform others over
time. If users understand the rationale of a forecast, they can appraise the uncertainty of the
forecast, and they will know when to revise the forecast in light of changing circumstances [6]
[7]. The more accurate a forecast is, the better are the decisions that depend upon it. Inaccurate
forecasts lead to too much or too little capacity and can be very costly. Forecasts cost money,
time and effort. Added expense must purchase added accuracy, flexibility, or insight. A
sophisticated forecasting system requires ample staff resources and technical skills for
maintenance. The choice of a forecasting system must include a commitment to the resources
necessary to maintain it and avoid systems the utility will be unable or unwilling to maintain.
Earlier statistical methods were used for forecasting. A time series model was constructed
solely from the past values of the variables to be forecast. Figure 1 shows the detailed steps of
predictive model used to construct the forecasting model based on data mining.
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Figure 1: Data Mining based Predictive Modeling
The steps of forecasting methodology are as follows;

e Processing of the problem definition is done and required information related to the
problem defined.

e The next step is, Data Discovery. In this step, data are collected from various sources for
e.g., Survey data, Data collected from clients and Dataset available in dataset repositories.

e (ollected data is pre-processed to remove possible outliers and most relevant features are
selected. Data conversion in required format, Data standardization may be a part of this
step.

e A Further step is modeling of forecasting system. Training and validation are the sub tasks
of this step.

e Forecasting model is build and trained. In this step training of data is done after that,
forecasting model is validated.

e Accuracy of forecasting model is analyzed by obtaining evaluation parameters such as
MAPE, MAD and MSE.

¢ Final forecasted results of sales value are displayed.

IV. PROPOSED SYSTEM
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Processing of K-SVM Algorithm is depicted in figure 2. It includes many steps such as
processing input data, selection of kernel functions, training of forecasting model, validating
the forecasting model and finally accuracy calculation.
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Figure 2: Processing of K-SVM Algorithm

Steps for processing, training and testing of K-SVM Algorithm are as follows:

Preprocessing of the input data is done and most relevant features are selected, scaling is
done in the range [-1, 1] and check for possible outliers.

The kernel and kernel/regularization parameters can be selected by optimizing a cross-
validation based model selection or radius-margin can be used.

Selection of the appropriate kernel function determines the hypothesis space of the decision
and regression function.

Build and train the forecasting model by selecting the parameters of the kernel function. In
this step training of data is done.

Forecasting model is validated by training unseen test data.

Desired accuracy is chosen by defining the ‘e-insensitive loss’ and Penalty factor
by ‘C’.

Finally, the accuracy of forecasting model is calculated by accuracy measures such as
MAPE, MAD and MSE.
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The methodology used for the design, training and testing of Kernel based Support Vector
Machine algorithm (K-SVM) algorithm is shown in figure 2.

V. JFORECAST EVALUATION

Evaluation of Forecasting techniques can be done on the basis of evaluation parameters such
as MAPE, MAD and MSE, etc. A model with minimum MAPE value is considered to be best
prediction of performance [07]. Forecast error is the difference between the actual value and
the forecast value for the corresponding period [09].

DATA PREPARATION

A detailed survey is carried out in “Creative Handicrafts”, Andheri, Mumbai [10] and data
collection has been done related to actual sales of manufactured apparels in the company
monthly, quarterly and annual wise. There are three categories of apparels are manufactured
namely Menswear, Womenware and Kids ware.

The proposed forecasting model has been implemented using C# programming language
and .net platform in the visual studio IDE. Machine with windows 7 operating system and 4
GB of RAM is used to conduct the experiments and analyze the results. To ensure that the
results are comparable, all experiments were rerun.

Interviews, questionnaires are carried out, in order to find out the need of forecasting in the
supply chain system by correlating various questions with each other. It has been observed that
efficient forecasting tool is required for better decision making, manage the inventory levels
and manage the organization processes.

vl. RESULTS

Actual sales data which is collected from supply chain industry has been tested with
proposed methodology. The number of product units that will be sold by monthly, quarterly
and yearly basis, depending upon the product and category need to be estimated. Time series
data, representing monthly sales data, during the period which runs from June 2009

to June 2014 has been analyzed. Each forecasting model has been
Et Yt Ft

Where, E is the forecast error at period t, Y is the actual value at Period t and F is the forecast
for period t.

MAPE stands for ‘Mean Absolute Percentage Error’ and it is formulated as;

>
=1 vt
MAPE [
N
(1)

(2) evaluated for identical data and same set of parameters.
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The tables I, II and III shows the evaluation result of accuracy error measures such as mean
absolute percentage error (MAPE), mean absolute deviation (MAD) and mean squared error
(MSE), obtained over the test data and predicting sales of six different products depending
upon the category. The best result for each product is highlighted and underlined. For
demonstration purpose, values of MAPE, MAD and MSE are calculated for ‘menswear’
category.

The notations used for table I, II and III are as follows;

MAD stands for ‘Mean Absolute Deviation’ and it is formulated as;

2|

MAD 1] 3)

N

MSE stands for ‘Mean Squared Error’ and it is formulated as;

P : Product

SA : Simple Moving Average WA : Weighted Moving Average ES

Exponential Smoothing AR : Adaptive Rate Smoothing NB : Naive Bayes
ANN  : Artificial Neural Network SVM  : Support Vector Machine K-SVM :  Kernel
based SVM N
2
MSE []
N(4)

TABLE I. MEAN ABSOLUTE PERCENTAGE ERROR (MENSWEAR)

P |SA|WA|ES | AR [NB|/A |SV K-
N |M | SV
N M
0.0 0.0 [00|0.0 [0.00.0{0.0/ 0.0
92 184 197 199 |79 |99 |74 |92
00 ({00 {0000 |0.0 (00100100
86 [ 88 |74 |9 |65 |75 |79 |69
0000 (0000 |0.00.0{0.0]0.0
99 198 196 192 |99 |98 |96 |88
0000 (0000 |0.00.0{0.0]0.0
92 195 |88 |93 |91 |90 |89 |83
00100 (00|00 |0.00.0(00/0.0
91 |88 |83 |97 |87 |72 |87 |74
0000 (0000 |0.00.0{0.0]0.0
84 [82 |89 [98 95 |99 |89 |82
0000 (0000 |0.00.0{00]0.0
91 |89 |88 |96 |8 |89 |86 |81
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In Table I, the observed value of MAPE for K-SVM is lower than the other techniques
except the few cases.

TABLE II. MEAN ABSOLUTE DEVIATION (MENSWEAR)

P |SA|W |ES |[AR|NB |A |SV | K-

A N M |SV

N M

P |11 | 127 | 133 | 130 | 110 | 99. | 79. | 76.

1 (1.8 .37 .12 |.79 | .67 |57 [49 |39
6

P |12 | 127 | 127|129 | 105 | 88. | 77. | 71.

2 | 1.1 .63 | .85 |41 |38 |22 |1 43

P |11 | 126 | 126|122 | 108 | 82. | 89. | 86.

3 |37 |.88 | .57 |.55 | .82 |62 |83 |66
2

P | 97. |95 |88. |109 | 101 |87.|82. |78.

4 |59 |72 |98 .14 |78 |19 |72 |38

P |10 | 109 | 109 | 118 | 90. | 85. | 80. | 78.

5 121194 .78 |37 |52 |44 |96 |72
7

P | 99. | 105|100 |91. | 88. | 87.|83. | 85.

6 (26 |89 |47 |78 |43 [39 |63 |74

A |10 | 115|114 | 117 | 100 | 88. | 82. | 79.

v |76 |.57 | .46 | .00 | 93 |40 |28 |55
g. |1

Somewhat similar behaviour is observed for MAD value. As we see in the Table II, except the
few cases the observed value of MAD for K-SVM is lower than the other techniques.

TABLEIIl. MEAN SQUARED ERROR (MENSWEAR)

P/ SA|W|ES| A| N| A |SV| K-

A R| B | N | M| SV

N M

P17 (29|25 18 | 18 | 15| 15| 14

11673919691 ]72|95|34] 6.7
5 1 5 1 1 6 1 2

P| 19|27 (24 22|17 |12 | 11 | 10

2146|3444 ,74|102|76] 86|49
5 5 5 1 1 8 8 1

P| 192724 21|18 15| 13 | 14
31291808084 |59|11]99 23
8 9 8 1 7 7 3 6

P| 1821 2522|1314 | 14| 14
4197|2557 ,64|82|93]85]|0.8
3 5 6 1 1 6 8 3

P| 1923|2819 | 18|16 | 16| 16
5/108[3980|98|72]26|87|47
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s 1[ol8[1]5]5]2
pl 18| 28|26 |23 | 18| 14| 13| 12
691]51]86[84[92[29|7.7]54

1341 ]1]1]5]8
Al 1826|2621 17| 14| 14] 13
v]90|28|07]66|63[88|45]|75
o | 1| 4|8 14920

In Table III, the observed value of MSE for K-SVM is lower than the other Classical technique
and ANN except the few cases. The results obtained are contradictory for some specific
products, but the average error levels confirm that the proposed K-SVM methodology
consistently outperforms ANN and Classical results, for all the three error measures of MAPE,
MAD and MSE. This confirms the ability of the proposed methodology to provide accurate
forecasts.

VII. CONCLUSIONS

In the research work, we have observed that K-SVM outperforms the SVM, ANN and Naive
model in various accuracy measures such as MAPE, MAD and MSE. K-SVM require
less time to optimally train and gives more consistent and accurate results as compared to ANN
and SVM due to optimization of threshold functions. ANN gives improved performance if
numbers of iterations are increased with less prediction errors.

In data mining, analysis and preprocessing of input data plays an important role prior to
algorithm selection. Proper understanding and interpretation of the problem is required before
choosing a technique to predict data, as different forecasting model fits for different conditions.
Through data cleansing and preprocessing time series data, pruning decision spaces, improved
coding standards, performance of forecasting model can be improved.

It has been observed that every forecasting model has its own significance, one may fit for
particular problem but not for all. The proper forecasting model which suits the requirements,
needs to be selected and comprehensive understanding of the problem domain is required.

SCOPE FOR THE FUTURE WORK

For future work, the proposed system can be enhanced by optimal design for multiclass SVM
classifiers to improve the accuracy and quality of the prediction. It may also possible to enhance
the system to keep a track and monitor the current trends and changes in system flow.
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Figure 5: MSE for All Techniques (Menswear)
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