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Abstract: Demand prediction is a hot research field in
markets management, especially for fresh agricultural
products prediction based on supply chain management.
Based on BP neural network, a new demand prediction
algorithm for fresh agricultural products is presented in the
paper. First, the structure and data indicators of BP neural
network algorithm are redesigned and the training function
is selected for the fresh agricultural products prediction
algorithm. Second, the improvement of excitation function,
(including trigonometric function and sigmoid function) and
orthogonalizable design, are presented and analyzed to
speed up the calculation and improve the prediction
accuracy of ordinary BP algorithm. Finally, data from
certain fresh agricultural product corporations are taken
for example and the simulation results show that not only
the problem of convergence speed has been solved, but
also the prediction accuracy is ensured when the
improved algorithm is used in demand prediction for fresh
agricultural products .

Keywords: supply chain management, demand
prediction, BP neural network algorithm, fresh agricultural
products.

INTRODUCTION

Supply chain management plays an important role in
today’s society. The study and application of supply chain of
fresh agricultural products have also obtained remarkable
achievement in recent years. Application study on “organizing
supply of goods according to customers’ orders” is growing
vigorously, and the most basic job to achieve this is to
establish prediction system of market demand on fresh
agricultural products, which is the important factor driving the
entire supply chain. Reasonable and effective prediction
method can lower the inventory cost, provide basis for
making production plan and improve the overall efficiency of
supply chain. However, as the demand prediction of fresh
agricultural products has not only common characteristics of
general demand prediction, i.e. derivation, complexity,
timeliness, spatiality, but also some unique ones, for

example: @ prediction demand of fresh agricultural products

is wide in range, great in scale, mainly reflected in the
demand prediction of fresh agricultural products involving in
lots of departments, including agricultural sector, industrial

department, circulation department, consumers, and etc.; @

demand prediction of fresh agricultural products is high in
complexity, mainly because fresh agricultural products has
numerous kinds, which leads to various and variable specific
applications; ® fresh agricultural products, due to high
perishability, random life cycle and continuous physical
deterioration, are affected not only by human factors, but also
by natural factors. It is due to the above specific features of
prediction of fresh agricultural products as well as the
bullwhip effect in supply chain management that the effects of
traditional prediction methods are not that satisfactory.
Therefore, it is urgent to explore the demand prediction
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method of fresh agricultural products based on supply chain,
so as to improve prediction accuracy, reduce storage and
production cost, enhance the overall efficiency of supply
chain of fresh agricultural products market [1,2].

As for demand prediction of agricultural products at
home and abroad, this paper will mainly carry out the

analysis from the following two aspects. @ traditional

methods are moving average, exponential smoothing, linear
regression, time series decomposition, time series
forecasting, grey prediction and other methods[3.4,5], all of
which adopt historical demand data to carry out prediction,
not considering the change factors influencing specific
demand. While in fact, factors influencing logistics demand
are very complex, not only closely related to society,
economic consumption and price, but also to natural
resources and geographical conditions; relations among
these factors are very complicated and all of them are non-
linear relations, thus the prediction results of these models

are not that ideal [3-5]; @ demand prediction method based

on artificial intelligence; in recent years, with the continuous
maturity of artificial intelligence technology, neural network
with non-linear predictive ability is applied to logistics demand
prediction, having broadened the space for logistics demand
prediction, and obtained decent achievement. Neural network
is a prediction method based on empirical risk minimization
principle, the prediction performance of which is greatly
related to the size of logistics sample set. If the quantity is too
small, it is easy to be over-fitting; meanwhile, there are lots of
neural network parameters and complex network structure,
such defects exist as low rate of convergence and local
optimization, causing not high prediction accuracy of small
sample logistics [6-7].

Neural network has the capacities like non-linear, curve
fitting, learning and anti-interference, which is a generally-
used non-linear function approximation tool. Through the
training of BP neural network algorithm, especially applicable
to construct non-linear forecasting function and the accuracy
can reach preconcerted requirements. The features of
logistics demand of fresh agricultural products just adapt to
the performance of neural network. Therefore, theoretically, if
such defects of neural network as local optimization and low
rate of convergence can be conquered, the method is a
relatively superior analysis method of demand prediction of
fresh agricultural products. So the trigonometric function ,
sigmoid function and orthogonalizable design of BP neural
network algorithm is improved in the paper to speed up its
calculation and convergence of original BP algorithm, and
then presents a new demand prediction algorithm of supply
chain for fresh agricultural products based on BP neural
network algorithm.

MATERIAL AND METHOD
Structure design for BP neural network

According to the characteristics of logistics demand
of fresh agricultural products, while applying neural
network to predict logistics demand of fresh agricultural
products, it needs to establish three-layer (input layer,
hidden layer, output layer) BP neural network algorithm
prediction model based on logistics quantity prediction
of agricultural products (sees Fig. 1) [8].

Input Layer: the input layer neurons take gross retail
sales of fresh agricultural products, output value, yield,
resident income and fresh agricultural products
expenditure of enterprise as reference inputs, 5 in total.
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Fig. 1 - Basic structure of BP neural network / BP #2549 2254

Hidden Layer: the determination of hidden layer in this
paper is to make use of the empirical equation of the three-
layer neural network of trained linear basic function, in
which S means the number of nodes of hidden layer;
M, N indicate the number of input nodes and output

nodes, the conversion relation among which is as shown in
equation 1 [9].

S=

Through the equation 1, it can be temporarily
determined that the number of hidden layers is 16,
increasing or decreasing several nodes of hidden layer in
this interval to finally determine that the unit interval of
hidden layer is 10~19, adjusting according to error analysis
after adjustment and training. Output Layer: the output
layer neurons are only to predict single variable, and the
obtained node of output layer of neural network prediction
model shall be 1. Hence, as for the prediction result of this
paper, as prediction is only carried out on logistics demand
of fresh agricultural products, there is only one output

layer. Propagate the input vectors (X{, X, X0,
X, x0y forward to the hidden layer through transfer

function of input layer tan- sigmoid. Upon the effect of
transfer function tan- sigmoid through hidden layer,
transfer the output vector of node of hidden layer to output
node to obtain the results. BP neural network algorithm, in
the process of learning, has the characteristics of forward
propagation of working signal and back propagation of
error signal. If there is error between actual output and
expected output (i.e. set output vector) of network and the
error is beyond permitted range, it turns to back
propagation, returning the error signal layer by layer along
with the original propagation route, and network weights
shall be adjusted by error feedback. Make the actual
output of network more approximate to expected output
through continuous amendment of weights [10].

Determination of data indicators of BP neural network
algorithm

As it is very difficult to collect logistics demand data of
fresh agricultural products in actual work, indirect indicator
method is adopted in the model, i.e. adopting relevant
economic indicators besides logistics demand of fresh
agricultural products to establish economic indicator
system of logistics demand of fresh agricultural products,
carrying out induction and derivation through mathematical
methods so as to determine logistics demand type of
agricultural products.

As logistics demand of fresh agricultural products is a
derivative demand, the size of logistics demand of fresh
agricultural products is closely related to its self demand.
In a macro perspective, it mainly includes internal and external

m(n+1) +1
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factors: production capacity of agricultural products, external
economic environment and regulating influence. Basically, the
production capacity of fresh agricultural products is the key
factor of logistics demand of agricultural products. The higher
the output value and yield of fresh agricultural products are, the
faster the logistics demand increases; if the output value and
yield of fresh agricultural products reduce, the logistics demand
of fresh agricultural products will be insufficient and reduce.
Therefore, this paper adopts certain output value and yield of
fresh agricultural products as the indicators for predicting
logistics demand of fresh agricultural products. Secondly,
another key factor influencing logistics demand of fresh
agricultural  products comes from external economic
environment and national policy orientation. Gross retail sales
of products consumption, per-capita income of rural residents
and expenditures governments using for agriculture influence
the demand function of logistics of agricultural products and
the scale of logistics demand; better economic environment
and more support from the nation on agriculture have, to a
large extent, exerted an impact on the size of logistics
demand scale of agricultural products. Therefore, these
relevant economic indicators can be served as the influencing
factors of demand logistics scale of fresh agricultural products
in the model, i.e. 5 indicators of input layer neurons. Suppose

that xl(”, Xé‘), X9, XY, x{ indicate relevant economic

indicator systems in different period respectively, Y®
indicates logistics demand scale of agricultural products
determined under the influence of relevant economic
indicators, it can be expressed as Equation 1 with an
equation. In equation 2, y(t) is the output vector of BP

neural network algorithm; f () is the decision function for
connection weight and threshold of neural network [9].

Y0 = £(XO, X0, X0, X0, X)

Training function selection for BP algorithm

There are various kinds of training functions of BP
neural network algorithm; the training function used in
prediction model of logistics demand of agricultural
products based on neural network is BFGS Quasi-Newton
BP algorithm function which is able to train neural network
in any form, as long as its transfer function is derivable
towards weights and input. In this regard, available transfer
functions are tansig and logsig, meeting the premise for
the training of train bfg [10].

Take the determined macroeconomic indicators as the
input sample of logistics demand model of agricultural
products, train function train bfg with input sample, make
use of different input vectors to obtain corresponding
output vectors, so as to establish prediction model.
Through continuous test, after reaching relatively small
error, the network can be used for logistics demand
prediction of agricultural products, thus obtaining final
prediction results.

Excitation function improvement of BP algorithm
Theoretically, functions differentiable in any order and non-
constant can be served as the excitation function of H.
Generally, BP neural network adopts sigmoid function as
excitation function; however, it is found in research that S type
function often causes low rate of convergence of network, low
learning efficiency, and network easy to fall into local minimum
instead of global minimum, and other shortcomings. Thus, to
improve excitation function becomes one of the concepts to
improve BP neural network model [6].
-Improvement of trigonometric function: This paper
proposes to adopt trigonometric function to substitute
sigmoid function, as shown in equation 3.
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f (X) = 05sin(Ax) + 0.5 3

In which, according to the experience, the value of A
is among [1.2, 1.8]; and the simulation result in this thesis
shows that adopting the trigonometric function to be the
excitation function of BP neural network achieves
remarkable results on the global optimization, but not that
obvious in the improvement of learning rate of network.
Through further analysis and test, it is found that the
reason why learning rate is not obviously enhanced is that
there is no connection between two parameters in the

above equation: 0.5 and A ; thus if change equation 3 into
equation 4 [10].

EAR 3, RELR K A WEUEEEE [1.2, 1.9]
BREXE, FELERURA  U=ZAEBEN BP REHH
BEH , 2ESERELRSUILENHEBREE B
ENEREERERRAMKIRRER, 2RAFES
BUUKIEREERETIRAT LR 3 #3805 M
AFREBRR , BEHAFARK 330K 410

f (X) =( 05/ A)sin(1x) + 05/ (4)

In this way, while the period of function f(X) is

changed, the amplitude can be changed with the change of
function period, thus changing the excitement degree of
two connected neurons in layers, i.e. changing

corresponding link weight values, in which the value of A
is still among [1.2, 1.8]; as a result, it can both guarantee
global optimization of network and obviously enhance
learning rate.

- Improvement of sigmoid function for BP algorithm:
Traditional BP neural network adopts sigmoid function as
shown in equation 5. As action function is fixed in shape,
influencing the rate of convergence of network, the rate of
convergence of network shall be accelerated through
increasing its steepness, i.e. adding steepness factor (also

called shape factor) A . The improved excitation functions

in this paper are as shown in equation 6, equation 7 and
equation 8.

BIEAR 4, T(X) WEHABRTREEY , BE
BHRE AR 2 X EHNNEL , ETRZRFH M EEN
BETZENNEEEREXEK , URRETHNT QIE
BENE , 3% A WBEDAEEL2, 1.8]XE , XTI
ALRIE BP RENEFHRMA , ANERNELZNEHLHAE
BE
- R sigmoid B XBEHNE —HE BP EEXAWN
sigmoid I 5 FiR. BT ZEBMNERTR —BKRE

R XARRBRETELZEBENKSEE , B
sigmoid EERAIBEIBESRAT AR BP #ERWKRSURE | B
EHEBPMATRSEF A SOHENEMEHTUALR
6, X 7ML 8 KT,

1
f(x)= 5
(x) P (5)

1
f(X)=———— 6
(¥) T 6)
X=U; (7)

1 1

FTTS U X v

In which U, is the status value of the J th neuron, S
is shape factor, w, is the weight from pre-input x, to the
j th neuron, @, is the threshold of the neuron; due to the

introduction of shape factor A, sigmoid function, as for
input, is able to freely stretch out and draw back as well as
translational transformation.

- Improvement of Orthogonalizable Design: In order to
further optimize BP neural network algorithm, this thesis
adopts orthogonalizable design method to optimize
relevant parameters of BP neural network. Variables
intended to be chosen are nodes of hidden layers,
accuracy requirements and transfer function. Each
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variable can choose two levels. Training function adopts
gradient descent and LM method; the number of neurons
of hidden layers can also be chosen between two levels,
less than 7 or more than 7; accuracy required by training
can be high accuracy or low accuracy.

This paper, while making use of orthogonalizable
design to optimize BP neural network algorithm, adopts 7
nodes, algorithm accuracy as & < 0.001, transfer function
as traingdx function. First, BP neural network learning
input adopts N evaluation indicators, thus preliminarily
determining N indicators used for establishing system

model. Also adopt M in effective sample M as training
samples (M >m ), M —m as test sample. The
algorithm process is designed as below.[1] Randomly
divide sample data into two groups; [2] Respectively
establish two groups of C analysis programs; [3] Carry out
simulation with original data; [4] Analyze simulated results;

[5] Compare simulated results of the test with actual

results, make a judgment on whether needs to rebuild
model; if yes, turn to the 3" step; if no, the simulation
process finishes.

RESULTS
Data acquisition and pre-processing

The data from a certain fresh agricultural product
corporation were taken as experimental sample and the
data include 12 years from 2003-2013 of the corporation.
As BP neural network prediction model is the most

sensitive to data among 0~ 1 while training, in order to

improve the learning speed of BP neural network
algorithm, we shall firstly carry out normalization
processing on influencing factors of logistics demand; see

equation 9 for details, in which X is original data, )gl is

normalized data, X, and X, indicate the maximum
and minimum values of each variable.

Experimental results and analysis

The paper realized the demand prediction for fresh
agricultural products with improved BP neural network
algorithm. Table 1 and table 2 are the realization results of
the paper, in which Table 1 shows some experimental
results realized by the improved model presented in the
paper and table 2 shows the experimental results of
prediction performance ( including prediction accuracy and
time consumption) of different algorithms, including
traditional methods (taking exponential smoothing
prediction for example)[7], original BP algorithm[9] and
improved BP algorithm in the paper. As for the time
consuming, calculation time needed by the model
presented in the paper is 8 seconds and calculation time
for the original BP neural and network is 278 seconds with
the calculation platform as follows: hardware is Dell
Poweredge R710, in which processor is E5506, memory
2G, hard disk 160G; software platform is Windows XP
operating system, C programming language environment.
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Table1/ &1
The prediction results of the improved algorithm /| ZX X #MZHTHER
Year / Quarter/&F Actual demand / Prediction demand / Prediction error /
4 7 X5B/R FTHER HHERE
2003 2 6034 unit / E17 6098unit / #1/ 1.1%
2004 3 6567 unit / £1/ 6771 unit/ £17/ 3.1%
2005 4 6882 unit / E17 6975 unit / £17 1.4%
2006 1 7135 unit / £47 7265 unit / £17/ 1.8%/
2007 2 7689 unit / £/ 7765 unit | £17 1.0%
2008 3 7999 unit / £47 8201 unit / ££7 2.5%
2009 4 8699unit / £ 8787 unit/ #£1{Z 1.0%
2010 1 8567unit / £17 8689 unit / £17 1.4%
2011 2 9335 unit / #17 9596unit / #1/ 2.8%
2012 3 9795 unit / E17 9921unit / #1/ 1.3%
Table2/ &2

The prediction performance of different algorithms / F M ZFIRTH M EE

Exponential smoothing Original BP algorithm / Improved BP algorithm /
algorithm / #S#-PEHZ R8P HZ XA
The overall prediction error / . . .
HATIREEE 15.41% 4.79% 1.65%
The prediction error of the first
quarter / 14.22% 4.23% 1.45%
E—FETNEEE
The prediction error of the
second quarter / 14.56% 4.91% 1.87%
FoFERNEEE
The Prediction error of the third
quarter / 14.33% 4.78% 3.11%
F=FERNEREE
The prediction error of the forth
quarter / 16.87% 6.08% 1.39%
BOEETZEEE
Time consumption (S) /
7 278 8
ATEEFE (# )

From table 1 and table 2, we can see clearly that the
improved BP neural network algorithm in the paper can
realize the demand prediction for fresh agricultural
products for corporations in practice and the improved BP
neural network algorithm has more advantages in
prediction accuracy and time consumption compared with

exponential smoothing prediction and original BP
algorithm.
CONCLUSIONS

Prediction based on logistics demand of BP neural
network algorithm provides a brand-new research
approach. In allusion to the characteristics of logistics
demand of fresh agricultural products, this thesis applies
BP neural network algorithm to the demand prediction of
fresh agricultural products, and the test results show that
as BP neural network algorithm is the prediction method
specially for multi-dimensional and non-linear data with
better generalization ability, the accuracy of demand
prediction of fresh agricultural products is higher than
other models, having a broad application and theory
prospect in logistics demand prediction.
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