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Abstract: As the increasingly fierce competition, more and more manufactureesstarted to sell products through online channels
apart from traditional retail channel. Meanwhile, increased competiasrsignificantly shortened the product life cycle, which makes
sales forecast meaningful. Taking lack of historical record into augthe sales forecast model based on historical sales data based on
Bass model as well as the improved Bass model by considerationvifessand purchase factors are firstly discussed. And then, based
on analysis of above model, a multi-factors sales forecast moded bas&VM (Support Vector Machine) for short-life cycle product in
dual-channel is creatively proposed, which integrates multi-factoch as the improved Bass model predictive value, seasonal index,
number of customers, credit value in practice. Finally, through simulatiadysis, it is found that SVM-based multi-factor model is
able to improve sales forecast of short life-cycle products in duateélagsupply chain system.

Keywords: Dual-channel, Bass, SVM, sales forecast, short life-cycle.

1 Introduction or trend-setting clothing has become much shorter with
improved of consumer demand level, increased
competition and technological advances. Therefore,

With the rapid development of e-commerce, a significanty, a1 channel supply chain of short life-cycle product has

number of enterprises are using online stores as a diregjeep, given more attention. As to hybrid supply chain of
distribution channel in addition to their traditional riéta ¢, life-cycle selling product, Haiyang analyzed
channels. When enterprises expand their business througﬁ]ventory policy of manufacturer and retailer and he

dual-channel, it is inevitable fqr ;upply chain parities to reported on how demand uncertainty affects optimal
face market demand uncertainties. To better plan theig ventory policy B]. Yina and Junxue Xu reported a

resources, they have to precisely evaluate market de_ma al-channel of the short selling season product supply
and forecast their sales. Therefore, how to preciselyypaiy inventory transshipment with the constraint of
forecast the market demand from different channels has, 4 ction capacity7. In their study they analyzed the
been one of research hotspots in recent years. Apart fro '

e T . rdering decisions in the case of non-cooperative and
pricing, Kumar argued that the motivation to open directy,nsshinment strategy as well as decisions when demand
channel service level factor should be considered;g normally distributed.

Furthermore the retail price is largely affected by online

wholesale price]]. Kurata proposed price rebate strategy ~ On the other hand, there exist some of products with
based on channel coexistence and brand competi®lon [ short selling season, such as fashion goods, toys,
Cai explored price discount strategy under Stackelberghigh-tech products, which need to produce or order before
and Nash game equilibrium3]. Xujin quantified the the season. They are susceptible to uncertainty demand
bullwhip effect for a simple two-stage supply chain and risk and that is the reason why manufacturers of short
demonstrated that centralizing demand information carlife-cycle products prefer dual-channel supply chain so as
significantly reduce the increase in variabilig}.[Cai GS  to response to the changing demand as quickly as
considers a supply chain model with a manufacturer angossible. Thus, a scientific and effective forecast for the
multiple symmetric retailers 5. Meanwhile, the demand of dual-channel supply chain of short selling
life-cycle of products such as fashion electronic productsseason products has become extremely important. There
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are several methods to evaluate and forecast the demang. Sales forecast based on improved Bass
None of them can guarantee 100% yields of the demangnodel

data. However, accuracy and confidence level enable to be

improved by using more than one method. Some 1 Sales forecast with past Sales based on Bass
researchers have employed several classical statistica%'

methods such as exponential smoothing, time serie§nOdeI

method to forecast demand and make sales @an [
Past sales records can be used for future sales forecast.

The longer term past sales record used the more accurate

" for forecast. However, it is difficult to obtain long-term
/Actually, traditional forecast methods are often used,qt sales data for the short life-cycle products due to its

to identify the regularity of historical data change over agnq jife season of sales. Therefore, we consider the

certim period, apd ar:e also adopted as a b<’;115|§ to pred'fﬁarket as a continuous diffusion and penetration process.
market demand for the products. However, the impact ofj, g case, the dealers firstly attract a small part of

lack of historical data on forecast process has always beepycumers with a certain sense of innovation through
neglected. Some scholars have taken into account

. . - “product promotion or trials 1J0]. Actually, realistic
characteristics of the short life-cycle products and &ebli " igysion process involves a large number of factors and

the Bashs and improyf(?d Bass moldel farr?ily into tTeirthe relationships among them. The scenario can be built
research. However, diffusion models are hard to inc lJdethrough Bass diffusion model. In this section we use Bass
all of characteristics of the market and lack of differenhtia ., 4e| 1o explore the short life-cycle product sales

treatment on retail channel and online channel. One of thg, e a5t problem based on single factor, which is the sales
most accurate methods used today is Support Vectofe.qq.

Machine (SVM) This method has been developed to solve  goced on Bass theory, the relevant definition and

the dataset with small sample, nonlinear and highpgtation are described as follows. f(t) is the time density
latitudes of the limitation and improved generalization ¢ tion of purchasers, indicating the likelihood of

"%bﬂ“y-_'f.‘ this paper, SV'\I/' Stat(iftiﬁal Iearréi.ng, strudlr o rchase at time t; F(t) is the cumulative ratio of the
risk minimization principle and the VC dimension aré . chasers at time t accounting for all purchasers; p

mainly focused. The linearly constrained quadralic yefineq by p (0,1) is the coefficient of innovation group,
programming problem has been considered on the firsf o qeting the role of external factors on how they affects
training session, which is to achieve global optimization i, nrocess of dissemination of the product attributes such
[9]. Nevertheless, it has to be emphasized that only & ice: q defined by q (0,1) is the coefficient of imitation
small amount of data is more suitable for sales forecast o roup, which indicates the publicity effect of experienced
products when SVM model is employed. users on potential users. The potential users require a
long-term experience which later will enable them to
explore certain features of the product. Potential
In this paper, sales historical data is considered as @urchases are denoted m; N(t) indicates the cumulative
single impact factor. After brief explanation of short purchase at time t; n(t) represents the non-cumulative
selling season product forecast based on Bass model, giurchase at time t; X(i) is the product demand. p, gand m
improved Bass model by considering service-purchasean be estimated by using Bass model. According to the
intention factor is conducted. The influence factors of principle of the Bass model, the sales forecast model of a
short selling season products in dual-channel sales nahort-life selling season products can be described as
only include price, season, promotion, industry status andollow:
historical sales data but also the type of the channel.
Therefore, the inputs of SVM model include correction ) _ P~ pe (Prali  p— pe (Prakia
values of improved Bass model as well as other market p+qge (Prai  p4 e (Pralti-1
factors]. Finally, through simulation, we are able to prove
the effect of sales forecast of short selling season preductwhere (t-1,t) indicates the product sales in a certain
in dual-channel supply chain. interval.
Based on the above described equation, we put the past
sales records of the two channels as the training groups
and set the initial values. And then, Bass model is used to

se a-glcq)ﬁ tv;/gt—jitgt%ewsituhpgléﬁhIaénrs;/rslhef;tzfr:r zm%rtrﬁﬁu:n?determine the fitting parameter values. The algorithm is as
P 9 P& ollows where x(i) is for initial value, xdata for cycle inde

retailers has been considered in this study. The dv for historical sales data:

manufacturer operates through two channels; one chann&N? Y for historical sales data.

is the traditional retail one where he sells the products tog,,_ inline(’x(1) x (X(2) x (x(2) +x(3)"2 x exp(—x(2) x xdata
the retailers, while for the other one, the manufacturer _x(3) x xdata))./(x(2) +x(3) x exp(—x(2) x xdata

own online shop and sells the products directly to the —x(3) x xdata))."2',/x'/ xdata)

end-customers. (2)

+ui (1)
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Therefore, we are able to obtain each phase of markeand set the initial values. And then, Bass model is used to
sales through wusing fitting function which can determine the fitting parameter values. The algorithm is as
approximately reflect the market demand. The innovationfollows where x(i) is for initial value, xdata for cycle inde
and imitation coefficient of the two channels are different, and y for historical sales data:
so the two channels can be distinguished from each other. o R
Although the model enables to find a solution to the F””:'”“ge( X(l)x(;(z)X(X(ZHXG) sze’ép(*x(z)”data
problem, it is still difficult to accurately or :igg iidiggg‘ﬂ(z)f,)ﬁxﬁg?) eXp(—X(2) x xdata
comprehensively reflect the demand of short selling S (4)
season products by considering only one single factor  rherefore, we are able to obtain each phase of market
which is short-term historical sales record. sales through using fiting function which can

approximately reflect the market demand. The innovation
. . and imitation coefficient of the two channels are different,
2.2 Salesforecast with service-purchase so the two channels can be distinguished from each other.
intention based on improved Bass model Although the model enables to find a solution to the
problem, it is still difficult to accurately or
Past sales records can be used for future sales forecastomprehensively reflect the demand of short selling
The longer term past sales record used the more accuraszason products by considering only one single factor
for forecast. However, it is difficult to obtain long-term which is short-term historical sales record.
past sales data for the short life-cycle products due to its
short-life season of sales. Therefore, we consider the

market as a continuous diffusion and penetration proces2.3 Sales forecast with servi ce-purchase

In this case, the dealers firstly attract a small part °fintention based on improved Bass model
consumers with a certain sense of innovation through

product promotion or trials 10]. Actually, realistic | this section, a relatively ideal solution that forecast i
diffusion process involves a large number of factors andypy the basis of sales records is proposed. In reality, sales
the relationships among them. The scenario can be builgrecast is affected by many factors, no matter which
through Bass diffusion model. In.th|s section we use Bassjtyations, service quality of the seller and the buyer's
model to explore the short life-cycle product sales pyrchase intention cannot be replaced. To this end, the
forecast problem based on single factor, which is the salegyq factors are set to be adjusted, which is able to make
record. dual-channel sales forecast more reliable.

Based on Bass theory, the relevant definition and |t is supposed thatt)indicates the purchase amount at
notation are described as follows. f(t) is the time density,, .+ o N@)

. R S N(t) represents the cumulative purchase amount
function of purchasers, indicating the likelihood of (t) rep P

purchase at time t; F(t) is the cumulative ratio of the attime t
purchasers at time t accounting for all purchasers; p —— dN(t)
defined by p (0,1) is the coefficient of innovation group, nt)=—g = Bn(t) +B-WN(1) (5)

suggesting the role of external factors on how they affects

the process of dissemination of the product attributes such In formula ), B denotes service impact factor
as price; q defined by q (0,1) is the coefficient of imitation describing the extent of customers’ satisfactioh;
group, which indicates the publicity effect of experienced represents rate repeat purchase describes how much the
users on potential users. The potential users require &ustomers would like to continue to buy the products.
long-term experience which later will enable them to Supposing3>0, A >0, the formula is as follows:

explore certain features of the product. Potential

purchases are denoted m; N(t) indicates the cumulative ;i — m{B[p(pJFQ)Ze*(’Hq)t auP— pe*p*q)t]
purchase at time t; n(t) represents the non-cumulative (p+ge(Prat)2 p+qe (Prait
purchase at time t; X(i) is the product demand. p, g and m - (6)

can be estimated by using Bass model. According to theCumulative purchase amouNtt):
principle of the Bass model, the sales forecast model of a

short-!ife selling season products can be described as N(t) :ﬁN(t)Jr/tByN(t)dt (7)
follow: 0
_ i - ti_ N1 _pe(PHalt ~(ptat
X(i):m[p_pe (p+a) _p—pe (p+a)ti—1 w3 N(t)_m{B[%]—%’[In%fpt—ln(erq)}}

p+ge (POt p4 ge(Prati-1 }
o . ~ For the nonlinear model, we use nonlinear least squares
where (f-1,t) indicates the product sales in a certain method to estimate the parameters. Sales volume between

interval. ti_pand t is as follows:
Based on the above described equation, we put the past
sales records of the two channels as the training groups X(i) =N(ti) = N(ti_1) + i
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channel are respectively are expressed as follows:
— pe~(P+a)t —(P+a)t;
=m{p[>F -+ %yln[imqe - %V pti }

pre P e e | X (t) = S(t) + M(t) + L(t) + P(t) + Y (t) + [changedB(t)]
_pe (PTA)i_1 —(PHa)t_1
~m{BEE ]+ N> M) - R

(8)
where i indicates the sales at time N(tj)—N(t_1)  X(t)=S{t)+M(t) +L(t)+P(t) + N(t) + [changedB(t)]
deducts the sales at that time, so X(i) is used to make up.
X(i), which is derived from the model is able to tell
the difference retail channel and online channel. In detalil
the two channels can be distinguished by specific
historical data. Compared with the Bass model mentione
in the section 2.1, the improved model includes not onlyn
the seller’'s service level but also buyer’s willingness to
buy the product. Taking all the major factors mentioned
above into account, forecast reliability can be enhanced.

3.2 Pretreatment of input vector

where X(t) represents the sales forecast values of the
products; S(t) denotes seasonal index; M(t)represents
industry situation; L(t)represents promotional efforts;

(represents price of the product; Y(t) denotes

ustomers’ trust towards online shopping; and N(t), the
umber of customers in the store at time t; changed(t)
represents sales value obtained by improved Bass model.

3 Salesforecast with multiple-factor based Firstly, we need to calculate sales forecast value by using
on improved Bass model where x(i) represents initial value, x
data for cycle index and y data for revised sales data. The

SVM mode algorithm is as follows:

There still exist some limitations in the model when ydata
we base on only historical sales records. Nev_ertheless:(é;((fgxaggg;igﬁ;f%; i(fgjaxt;;‘)‘;“j;(jgi) i(g?il?gg'(fx’(‘gfx(g)x
some breakthroughs have been made in improveckxp—x(2) x xdata—x(3) x xdata)).,/ exp(—x(2) x xdata— x(3) x xdata)),/
service-purchase intention model. No matter whether it iszg(—;(%): (@éx(g X;‘?;Iax/ Z(SQ; X(llf))_ /(Z()Efz)) Iﬁfé@ ;x):)((2>;(2)><
the previous model or the improved one, it is hard to get @qaa- 1) x(3) x (xdata- 1)),/ exp—x(2) x (xdata— 1) —x(3) x (xdata—
comprehensive and precise distinction between the twal)))/x(3) —x(4) x x(5) x x(2) x (xdata—1)/x(3)) x x(1)
channels. This would happen due to ignoring the unique 9)
features of channels.

Therefore, we need to further consider sales forecast
for the short life-cycle products in dual-channel under a3.3 Pretreatment of the sample and
number of influencing factors. Multiple factors here refer normalization
to factors which may affect the market demand;
meanwhile different channel is impacted by different To avoid singular data i.e. large demand fluctuations in the
factor. As for the retail channel, the demand is mainly model, the data need to be normalized. To speed up the
affected by the price of the product, seasonal index,convergence of the algorithm, we are able to use formula
promotional index, industry situation, the scale of the (10) to achieve normalization procesk?].
store and historical sales. As for online channel, the scale X X
of the store is replaced by credit index while other factors X = N Xmin G m) (10)
remain unchanged. A model which enables to reflect the Ximax = Ximin
characteristics of the different channels in forecast seed
to be _bunt. Due to the fact that SVM enables us to _make3.4 Sales forecast model based on Support
effective analysis of small sample and multiple input )
factors, we introduce and put the factors and predictiveVeCtor Machine
sales values derived by improved Bass model as inpu

vectors when building SVM forecast model Eased on the basic idea of ??SVM regression, through a

nonlinear mapping®, sample dataset,yi),x € R",y; €
R, i=1,...,1 are mapped to high-latitude feature space F
and achieved to linear regressidr8].

f(x)=(a'®(x)) +b0:R"=FacF (11

To reflect comprehensively, the model takes advantage ofphe sym regression can be expressed as a constraint

not only the correction values in improved Bass modelqimization problem. The objective function of quadratic
but also considering the selling price, seasonal 'ndexprogramming is given as:

promotion index and other influencing factors of the
market. Demand of the products is mainly determined by
the following relevant factors. Retail channel and online

3.1 Analysis of input factors of the model

1 N a a
mmE[aT,(a )1Q| g | +P| o (12)
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Best c=256 g=0 011842 CV¥mse=0 029347
T|a .
st.R ] =0,0<a,a" <C(i=1,....m) (13)

o is weight vectoragtF, Q and P is vector group, which is
defined as:

2
K —-K —|Xi —Xj
Q= {K K ]7Kij ZK(N>X1)=EXD(M)
(14)
where K(x;,x;) is kernel function.
P=[eET+VYT eET —YT] (15)

log2g log2e

whereeg represents insensitive loss coefficient; E is a unit
column vector ofX|; R =[ri] is unit column vector ofX2|

and Y=(y1,Y2,... ,y|)T. r=1wheni=12,...,[;ri=-1
wheni=I1+11+2,...,2l

Besides, ¥i=1,2,.....I)denotes the i-th input of
training sample while i =1,2,....,1) is the i-th output

of training sample. From the above equations, an optimal

solution toaand #(i=1,2....1) can be obtained of sales and influencing factors of retail channel and

through Matlab2010a= (a1,a1",...,a1,0i") ~ online channel are shown in Table 1 and Table 2:
Substituting them into the formul&), the regression

decision function of SVM can be obtained:

Fig. 1. SVR parameters selection results of retail channel (3D
map)

By simulation of an improved Bass model described

earlier, historical record of past 14 months of both
I _ channels and fitted sales values are shown in Table 4 and

f(x)= Z\(ai7ai KX,%)+Db (16)  Table 5:

= We get the influencing factors shown in Table 1 and
the sales data of retail channel in improved Bass model
presented in Table 4 as input vector and the data are

composed through SVM toolbox. Through simulation, we

. . select a group of (c, g) which satisfies the minimum

3.5 Determination of optimal parameters penalty parameter ¢ of the highest validation classificatio
) ) ) ~accuracy. Thereafter we substitute the optimal parameters

The method of selecting optimal parameters in SVM is togptained into SVM model and put the training set of data

find out the smallest penalty parameter of the highestnto the SVM model. By substituting the training data to

validation classification accuracy ¢ and reciprocal of thepe predicted into SVM model, we obtain the comparison
number of the attributes in the input data g, and then takgesults and relative error between actual sales and fdrecas
the values within certain rang. For a given set of ¢ and g.sales of following 3 months. Figure 1 shows the angle of

according to K-CV method, the group of ¢ and g would 3p which is the results of optimal parameters for the
be selected. retail channel. Figure 2 describes the fitting sales data of

A retail channel for the previous 14 months. Figure 3
Y =Y (Ymax— Ymin) + Ymin a7) depicts the sales forecast data of retail channel in the

previous 14 months.

From the above prediction process, the fitted values
??of improved Bass model, history values ??and othegal
market characteristics are substituted into the model a
the dataset of input vector. Optimal parameters an
demand predictive values are determined throughd
simulation.

whereb represents intercept of linear function.

Similarly, we put influencing factors (Table 2) and
es data of online channel in and improved Bass model
resented in Table 5 as the input of SVM model and
ompose the program through SVM toolbox. The main
ifference here is that for the sales forecast of retall
channel, the number of customers in the store needs to be
considered, while the credit index caused by the payment
) ) of security will be concentrated in online channel
4 Numerical calculations forecast. Finally, by substituting the training data into
SVM model, parameters selection of online can be
Supposing the manufacturer sells electronic productsachieved, which is described in Figure 4. Similarly, we
through dual-channel supply chain, which are traditionalcan get the fitting sales data of online channel for the
and online shopping channels, the indexes of each phaggrevious 14 months, which is shown in Figure 5, Figure 6
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Table 1: The indexes of retail sales

Month | Price | Seasonal Promotional | Industry Numbers customers in Sales
index index index the store
1 287 0.08 1 0.96 3460 23
2 491 0.28 1 0.95 2995 41
3 432 0.50 0.9 0.82 2675 67
4 459 0.05 0.8 0.75 2623 64
5 496 0.37 0.8 0.75 2106 67
6 453 0.25 1 0.72 2735 86
7 468 0.21 1 0.74 3150 76
8 430 0.36 0.5 0.77 3026 93
9 421 0.60 0.4 0.68 2405 79
10 488 0.22 0.3 0.64 2809 85
11 228 0.36 0.2 0.66 2902 85
12 222 0.09 0.2 0.61 2561 51
13 296 0.21 0.1 0.56 2282 48
14 247 0.52 0.2 0.58 1941 31

Table 2: The indexes of online sales

Month | Price Seasonal | Promotional Industry Credit Sales
index index index index
1 287 0.25 1 0.96 0.87 151
2 491 0.32 1 0.95 0.86 536
3 432 0.06 0.9 0.82 0.83 1330
4 459 0.08 0.8 0.75 0.76 1370
5 496 0.37 0.8 0.75 0.76 1606
6 453 0.18 1 0.72 0.73 2454
7 468 0.58 1 0.74 0.75 2373
8 430 0.10 0.5 0.77 0.78 2409
9 421 0.54 0.4 0.68 0.69 1487
10 488 0.58 0.3 0.64 0.65 1105
11 228 0.22 0.2 0.66 0.67 1350
12 222 0.42 0.2 0.61 0.62 1170
13 296 0.36 0.1 0.56 0.57 539
14 247 0.00 0.2 0.58 0.59 128
Table 3: Actual sales to be predicted of retail channel and online channel
Month
15 16 17

Actual sales of| 26 13 9

retail channel

Actual sales of| 148 82 53

online channel

Table 4: Fitting sales of retail channel

Month

1 2 3 4 5 6 7
Actual sales of| 43.5 56.9 71.7 86.4 99.0 107.5 | 110.2
retail channel

8 9 10 11 12 13 14
Actual sales of| 107.0 | 98.8 87.6 75.3 63.6 53.4 45.0
retail channel
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Table5: Fitting sales of online channel

Month

1 2 3 4 5 6 7
Actual sales of onlingl 397.3 | 659.6 | 1026 | 1464.8| 1869.5 2086.3 2024.2
channel

8 9 10 11 12 13 14
Actual sales of online 1737.7| 1370.6 1040.9 795.7 | 632.4 | 530.3 | 468.9
channel

it B A B

% —&— Actual Bales
R | —&— Fitting Sales |

L ST NI P S NN

T —

o

Sales

B0

log2g

i I

40+

30

4 : : 3
20 i i ; i H i i
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Fig. 2: Fitting sales data of retail channel for the previous 14 Fig.- 4. SVR Parameters selection results of online channel
months (contour map)

5 2500 -

—&— Actual Bales
—&— Bales Forecast

ifswes g ey o T T, il

n 2000}
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20 R R R
i 1000

soof B

y f 7
5 : : : ! Honth

Fig. 5: Fitting sales data of online channel for the previous 14
Fig. 3: Sales forecast data of retail channel based on SVM  months

depict the sales forecast data of online channel andbtained by improved Bass model. Therefore, taking into
relative error of sales data of online channel, respegtivel account the number of input factors, we can find that
Table 6 and Table 7 demonstrate the actual sales an8VM sales forecast model is able to provide supply chain
forecast sales in the next 3 months by using improvedparties more accurate and objective prediction.
Bass model and SVM model. Table 8 compares the According to the definition of dual-channel described
indicator RMSE, namely regression root mean square oabove, no matter whether is a traditional retail channel or
fitting standard deviation in the regression system. Fromonline channel, the short selling season products comes
the tables, we can see that no matter which channel it isirom the manufacturer and ultimately flow to the end-
the RMSE obtained by SVM model is smaller than that customers. Obviously, the sales forecast for the whole
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Table 6: Comparison between actual sales and forecast sales of retail tfranméhe 15th to the 17th month

Month 15 16 17
Actual sales 40 35 30
Improved Bass| 34.5512 30.0246 29.6160
forecast sales

SVM forecast| 36.6103 33.5650 27.2505
sales

Table 7: Comparison between actual sales and forecast sales of online tframméhe 15th to the 17th month

Month 15 16 17
Actual sales 542 542 487
Improved Bass| 634.8265 604.0543 586.3053
forecast sales

SVM forecast| 488.7873 455.1177 440.0680
sales

Table 8: Comparison of forecast effect of retail channel and online cHanne

Indicator Improved Bass| SVM Indicator Improved Bass| SVM
retail channel retail channel online channel | online channel
RMSE 4.7441 1.5315 RMSE 92.2739 32.0484

5 Conclusions

140y -+

—&— Actual Sales
: i | —&— Sales Ferscast
17, T Ly GRS, e sl ; 2

The sales forecast of short life-cycle products for the
parties in dual-channel supply chain system is a
complicated problem. Thus, we have to consider not only
the features of the short life-cycle products but also the
sales of the two channels. In this paper, on the basis of the
existing findings, sales forecast method for short
life-cycle product of dual-channel supply chain based on
SVM has been put forward. The introduction of input
vectors (sales effort, seasonal index, number of customers
: : ; in the store, and the price) in the improved Bass model,
Uy — we choose different training samples to build SVM
Yaith model. Through analysis and simulation, major indicators
such as fitting data, RMSE have been compared. The
results indicate that SVM model enables to provide the
supply chain parties better demand prediction. However,
due to short selling season of the product and market
uncertainty, it is necessary to further explore a way of
pflynamic tracking, which will help the manufacture and
retailer to absorb and update data, improve self-adaption,

100F--

(21

Sales

B0

40

20

Fig. 6: Sales forecast data of online channel based on SVM

market comprises two parts, namely forecast sales fro
retail channel and online channel. Actually, however, for L L
more than one retail stores, it is necessary to consider thBrediction flexibility consequently as well as enhance
number of retail outlets when calculating the total salesCOrPorate decision-making validity.

forecast. For simplicity, we assume that in a certain area

each store’s historical sales data are broadly similar, so,
we get the sales of retail channel, sales of online channe’?‘CknOWIedgements

and total sales under different number of retailers, which-l-hiS work is partially supported by the National Natural

is shown in Figure 7. Science Foundation of China (71172174, 70772073) and

Obviously, the scale of retailers exerts an impact onPh.D. Programs Foundation of Ministry of Education of
the entire market demand, which causes change of salgShina (20110075110003) and China Scholarship Council
plan. The figures indicated above reflect the features 0f201206630035) and Innovation Program of Shanghai
dual-channel structure and pave a way for further studyMunicipal Education Commission (12ZS58). Thanks for
on coordination and optimization processes. the help.
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