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a b s t r a c t

The iron and steel industry plays a fundamental role in a country's national economy, especially in
developing countries. China is the largest iron ore consumption market in the world. However, because
of limited domestic iron ore resources, a large proportion of iron ore is imported from other countries.
Faced with the conflict between the iron ore supply shortage and the growing demand, it is necessary for
the government to predict imports and total consumption. This paper develops a high-precision hybrid
model based on grey prediction and rolling mechanism optimized by particle swarm optimization
algorithm. We use the China Statistical Yearbook (1996–2011) as our database to test the efficiency and
accuracy of the proposed method. According to the experimental results, the proposed new method
clearly can improve the prediction accuracy of the original grey model. Future projections have also been
done for iron ore imports and total consumption in China in the next five years.

& 2013 Elsevier Ltd. All rights reserved.

Introduction

This paper develops a high-precision hybrid model based on
grey prediction and rolling mechanism optimized by particle
swarm optimization algorithm (PSO) to forecast iron ore imports
and consumption in China. The iron and steel industry is an
essential foundation for economic growth in developing countries.
China's growth, even during the global economic crisis that began
in 2008, was largely attributable to the 4 trillion Yuan (about 570
billion US$) stimulus to boost the economy, with a focus on real
estate, infrastructure construction, and related manufacturing
sectors. These activities account for a large proportion of the
consumption of steel in China. Iron is an indispensable factor
across these industries.

China accounts for one-third of the world's total iron ore
consumption, and also ranks first in the world in iron ore import
and crude steel output. Ghosh (2006) and Evans (2010) investi-
gated the positive correlation between steel consumption and
economic growth activity. China's iron ore consumption rose 784%
between 2000 and 2010 and has ranked first in the world since
2003 (World Steel Association, 2009). However, China is not full of

iron ore, and the domestic ore grade in China is very poor (only
half of the average world level). To meet its iron ore needs, China
relies increasingly on imports from countries like Brazil, Australia
and India. Meanwhile, the variation in China's iron ore consump-
tion affects the world price trend of iron ore. Thus, an accurate
projection of China's import volume and consumption of iron ore
would be profoundly instructive to the economic development of
China and valuable to the world.

Table 1 shows China's iron ore imports and the world's marine
iron ore trade from 1999 to 2009. We further use Fig. 1 to visually
represent the data trend in Table 1. From Fig. 1, we can see that,
over the past ten years, China's iron ore imports account for an
increasing percentage of the world's total iron ore imports. The
decrease in total world imports in 2009 can be explained by the
2008 global financial crisis. The visible increase of China's iron ore
imports in 2009 can be explained by the stimulus described above.

Because iron ore demand is generally represented as following
an exponential trend, short-term data may have advantages in
explaining a country's macro-policy tendencies. Traditional fore-
casting models, such as regression analysis method needs plenty
of sample data. Sample size would limit the predictive accuracy of
these methods. Thus, for short-term data with an exponential
trend, it is helpful to establish new models that can use limited
samples to forecast iron ore imports and consumption in China.

Grey system theory, originally proposed by Deng (1982), aims
to deal with situations that have uncertain and insufficient
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information. Grey theory employs an accumulated generating
operation (AGO) to reduce the randomness of raw data to a
monotonically increasing series. Due to its convenience in use,
grey theory has been widely and successfully applied in forecast-
ing, systems analysis, data processing, decision-making and so on
(Li et al., 2011). In addition, grey forecasting methods can be used
to forecast a system with uncertain factors and can find regularity
from low volume, discrete, disorderly and unsystematic data in a
timely manner. Thus, grey forecasting methods have been used in
many applications (Jiang et al., 2004; Li et al., 2010; Tsaur and Liao,
2007; Zhao et al., 2012). GM(1,1) is a primary forecasting model in
grey systems which only needs the recent year's data for reliable
and acceptable accuracy in prediction, and this is one of the
considerable advantages of GM(1,1) over previous methods. The
potency of the original series in GM(1,1) has been proven to be as
few as four (Akay, 2007). In many practical applications, however,
the GM(1,1) model sometimes cannot fit the actual data very well,
so how to improve the accuracy of the GM(1,1) model is an issue of
concern to many researchers. Akay (2007) employed a rolling
mechanism to increase the forecasting accuracy of GM in the case
of exponential and chaotic data. Pi et al. (2010) applied a grey
prediction approach to forecasting energy demand in China. Wang
et al. (2011) proposed an optimized NGBM(1,1) model which can
realistically reflect the feature of non-linearity in data, as evi-
denced by high simulation and forecasting accuracy. Li et al. (2012)
used an adaptive grey-based approach to forecast short-term
electricity consumption of Asian countries. Zhou (2009) optimized

a nonlinear grey Bernoulli model by using PSO algorithm. Zhao
et al. (2012) improved the GM(1,1) model with DE algorithm.

Evolutionary algorithm (EA) has been applied in many fields
and proved to be efficient and fast at performing well approximat-
ing solutions in fields such as engineering, economics, marketing,
operations research, etc. EA may not get the optimal solution to a
problem, but it takes little efforts to reach a near-optimal solution.
As a typical evolutionary algorithm based on Swarm Intelligence
(SI), PSO has been successfully applied in many research and
application areas in past several years for its simple expression,
convenience to program and fast convergence (Yu et al., 2012;
Assareh et al., 2010; Boonchuay and Ongsakul, 2012; Nezhad and
Mahlooji, 2011) since it was proposed by Kennedy and Eberhart
(1995). It has been demonstrated that PSO gets better results in a
faster, cheaper way compared with other methods. Another reason
that PSO is attractive is that there are few parameters to adjust.

This paper utilizes PSO algorithm to optimize the parameter λ
of grey model GM(1,1). Furthermore, the PSO-rolling GM(1,1) was
constructed by introducing rolling mechanism. We use data from
the China Statistical Yearbook (1996–2011) as our database to test
the efficiency and accuracy of the proposed method. According to
the experimental results, the proposed new method clearly can
improve the accuracy of prediction compared to the original grey
model. Future projections have also been done for the iron ore
imports and total consumption of China in the next five years.

The remainder of the paper is organized as follows. In the next
section, a brief description of the grey prediction model is given.
Particle swarm optimization section introduces the basic PSO. In
PSO based GM(1,1) prediction model section, PSO based GM(1,1)
model and PSO based rolling GM(1,1) model are presented.
Empirical results section presents numerical results. Finally,
discussion and conclusion section contains the concluding
remarks.

Overview of grey prediction model

Classical grey model GM(1,1)

GM(1,1) model is constituted by a univariate first order differ-
ential equation.

Step 1: Assume that the original non-negative series with n
historical observed values is expressed as

Xð0Þ ¼ ðxð0Þð1Þ; xð0Þð2Þ;…; xð0ÞðnÞÞ ð1Þ

where x(0)(k) is the value of the behavior series at k, k¼1, 2, …, n.
Step 2: Using accumulated generating operator (AGO), X(0) is

converted into a monotonically increasing series

Xð1Þ ¼ ðxð1Þð1Þ; xð1Þð2Þ;…; xð1ÞðnÞÞ ð2Þ

where xð1ÞðkÞ ¼∑k
i ¼ 1x

ð0ÞðiÞ.
Step 3: The grey differential equation of the GM(1,1) model is:

xð0ÞðkÞþazð1ÞðkÞ ¼ b; k¼ 2;3;…;n ð3Þ

where

zð1ÞðkÞ ¼ λxð1Þðk�1Þþð1�λÞxð1ÞðkÞ; k¼ 2;3;…;n ð4Þ

where a is the development coefficient, b is the grey actor. zð1ÞðkÞ in
Eq. (4) is called the background value of GM(1,1) model, where λ
denotes a horizontal adjustment coefficient. λ is in the range of
0–1, which traditionally equals to 0.5. The selection criterion of the
value λ is to yield the smallest forecasting error rate (Wen et al.,
2000).

Table 1
China’ iron ore import and the world's marine iron ore trade (10,000 t).
(Data source: China statistical yearbook (2000–2010); Steel statistical yearbook
2010).

Year (1999–2009) World’ total iron
ore trade

China's iron
ore import

The ratio of China's
import in world's
total import (%)

1999 44,355 5,527 12.46
2000 51,078 6,997 13.69
2001 50,672 9,231 18.21
2002 53,130 11,149 20.98
2003 58,302 14,812 25.40
2004 66,990 20,808 31.06
2005 75,249 27,523 36.58
2006 80,301 32,629 40.63
2007 85,551 38,309 44.78
2008 93,324 44,356 47.53
2009 81,545 62,778 76.99
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Fig. 1. The percentage of China's iron ore import in the world.
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Step 4: According to Least Squares Estimation, a and b in Eq. (3)
can be estimated as follows

a

b

� �
¼ ðBTBÞ�1BTY ð5Þ

where

Y ¼

xð0Þð2Þ
xð0Þð3Þ
⋮

xð0ÞðnÞ

2
66664

3
77775; B¼

�zð1Þð2Þ 1
�zð1Þð3Þ 1

⋮
�zð1ÞðnÞ 1

2
66664

3
77775

Step 5: Using the inverse accumulated generating operation
(IAGO), and based on the estimated coefficients a and b, the

Fig. 2. PSO-based GM(1,1) prediction model.

Table 2
The data sources (10,000 t).
(Data source: China statistical yearbook (1996–2011)).

Iron ore
year

Domestic output
(10,000 t)

Actual import
volume

Actual
converted
import
volume

The converted
total consumption
(expressed by
domestic ore grade)

1995 26,192 4,115 8,230 34,422
1996 25,228 4,387 8,774 34,002
1997 26,861 5,510 11,020 37,881
1998 24,689 5,177 10,354 35,043
1999 23,723 5,527 11,054 34,777
2000 22,256 6,997 13,994 36,250
2001 21,701 9,231 18,462 40,163
2002 23,262 11,149 22,298 45,560
2003 26,272 14,812 29,624 55,896
2004 31,011 20,808 41,616 72,627
2005 42,049 27,523 55,046 97,095
2006 58,817 32,629 65,258 124,075
2007 70,707 38,309 76,618 147,325
2008 82,401 44,356 88,712 171,113
2009 88,017 62,778 125,556 213,573
2010 107,200 61,863 123,726 230,926

Table 3
Criteria of MAPE (DeLurgio, 1998).

MAPE(%) Forecasting power

o10 Highly accurate
10–20 Good
20–50 Reasonable
450 Inaccurate
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Fig. 4. Evolution of MAPE of PSO-GM(1,1) model for import volume forecasting
with different population size.
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forecasting values of x̂ð0ÞðkÞðk¼ 2;3;…;nÞ can be evaluated as

x̂ð1ÞðkÞ ¼ xð1Þð1Þ� b
a

� �
e�aðk�1Þ þ b

a ; k¼ 2;3;…;n

xð1Þð1Þ ¼ xð0Þð1Þ

(
ð6Þ

x̂ð0ÞðkÞ ¼ x̂ð1ÞðkÞ� x̂ð1Þðk�1Þ; k¼ 2;3;…;n ð7Þ

Step 6: Error analysis: Mean absolute error (MAE), root
mean square error (RMSE) and mean absolute percentage error
(MAPE) are three of the most common accuracy measures
utilized as criteria in examining the forecasting performance
of a model (Lee and Shih, 2011). Forecasting performance
increases as the criterion value decreases. Because MAPE is
more stable than the other two criteria (Makridakis, 1993), it is
employed as the benchmark in this study. Before showing
MAPE, we first introduce Percentage Error (PE). PE compares
the real values and forecast values to evaluate precision at a
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Fig. 5. Evolution of MAPE of PSO-GM(1,1) model for consumption forecasting with
different population size.

Table 4
Forecasting results of import volume for four models.

Year Actual import
volume (10,000 t)

GM(1,1) PSO-GM(1,1) Rolling GM(1,1) PSO-rolling GM(1,1)

Predicted value PE(%) Predicted value PE(%) Predicted value PE(%) Predicted value PE (%)

1995 4,115 4,115 0 4115 0 4115 0 4,115 0
1996 4,387 4,351.77 0.8031 4,178.89 4.7438 4,651.85 �6.0406 4,453.30 �1.1511
1997 5,510 5,333.15 3.2096 5,088.04 7.6581 5,013.71 9.0018 4,801.64 12.8559
1998 5,177 6,535.86 �26.2480 6,194.99 �19.6637 5,403.72 �4.3848 5,177.23 �0.0044
1999 5,527 8,009.78 �44.9209 7,542.75 �36.4710 5,824.08 �5.3736 5,582.19 �0.9986
2000 6,997 9,816.10 �40.2901 9,183.74 �31.2525 5,422.05 22.5096 5,423.24 22.4919
2001 9,231 12,029.78 �30.3194 11,181.73 �21.1324 8,013.82 13.1838 9,099.19 1.4279
2002 11,149 14,742.66 �32.2330 13,614.40 �22.1132 11,793.81 �5.7853 11,148.96 3.5878e�004
2003 14,812 18,067.34 �21.9777 16,576.31 �11.9114 14,006.66 5.4348 14,811.93 4.7259e�004
2004 20,808 22,141.78 �6.4099 20,182.62 3.0055 18,546.13 10.8708 20,808.000014 �6.5720e�008
2005 27,523 27,135.06 1.4095 24,573.50 10.7165 27,939.29 �1.5115 27,523.000432 �1.5690e�006
2006 32,629 33,254.40 �1.9167 29,919.66 8.3035 36,922.00 �13.157 32,629.03 �9.1942e�005
2007 38,309 40,753.74 �6.3816 36,428.91 4.9077 40,744.60 �6.3588 38,308.93 1.8272e�004
2008 44,356 49,944.29 �12.5987 44,354.30 0.0038 45,064.09 �1.5962 44,356.001 �2.2545e�006
2009 62,778 6,1207.43 2.5018 54,003.91 13.9764 51,613.96 �17.7833 58,345.56 7.0605
2010 61,863 75,010.58 �21.2527 65,752.88 �6.2879 79,193.60 �28.0151 62,950.24 �1.7575

MAPE(%) 16.8315 13.4769 10.0671 3.2072

Table 5
Forecasting results of consumption for four models.

Year Actual consumption
(10,000 t)

GM(1,1) PSO-GM(1,1) Rolling GM(1,1) PSO-rolling GM(1,1)

Predicted value PE(%) Predicted value PE(%) Predicted value PE(%) Predicted value PE(%)

1995 34,422 34,422 0 34,422 0 34,422 0 34,422 0
1996 34,002 17,027.91 49.9209 17,934.79 47.2537 35,138.24 �3.3417 34814.23 �2.3888
1997 37,881 20,383.93 46.1896 21,637.02 42.8816 35,639.17 5.9181 35,356.64 6.6639
1998 35,043 24,401.39 30.3673 26,103.48 25.5101 36,147.23 �3.1511 35,907.50 �2.4670
1999 34,777 29,210.65 16.0058 31,491.94 9.4461 36,662.54 �5.4218 36,466.94 �4.8594
2000 36,250 34,967.77 3.5372 37,992.72 �4.8075 32,866.57 9.3336 33,498.26 7.5910
2001 40,163 41,859.56 �4.2242 45,835.44 �14.1235 36,590.18 8.8958 36,916.92 8.0823
2002 45,560 50,109.64 �9.9860 55,297.11 �21.3721 42,826.26 6.0003 44,872.14 1.5098
2003 55,896 59,985.74 �7.3167 66,711.92 �19.3501 50,884.73 8.9653 55,320.64 1.0293
2004 72,627 71,808.31 1.1273 80,483.05 �10.8170 65,366.81 9.9965 72,627.20 �2.7538e�004
2005 97,095 85,960.98 11.4671 97,096.92 �0.0020 90,764.61 6.5198 97,094.71 2.9868e�004
2006 124,075 102,903.00 17.0639 117,140.33 5.5891 126,315.79 �1.8060 124,074.92 6.4477e�005
2007 147,325 123,184.12 16.3861 141,321.24 4.0752 160,484.24 �8.9321 147,324.96 2.7151e�005
2008 171,113 147,462.44 13.8216 170,493.75 0.3619 180,998.11 �5.7769 171,113.01 �5.8441e�006
2009 213,573 176,525.76 17.3464 205,688.25 3.6918 200,587.75 6.0800 213,572.96 1.8729e�005
2010 230,926 211,317.17 8.4914 248147.83 �7.4577 254,903.89 �10.3834 230,926.0021 �9.0938e�007

MAPE(%) 16.8834 14.4493 6.7015 2.3061
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specific time k. PE is defined as

PEðkÞ ¼ xð0ÞðkÞ� x̂ð0ÞðkÞ
xð0ÞðkÞ � 100%; k¼ 2;3;…;n ð8Þ

Then the total model precision can be defined by MAPE as

MAPE¼ 1
n�1

∑
n

k ¼ 2
jPEðkÞj � 100% ð9Þ

Rolling GM(1,1) model

In traditional GM(1,1) model, the whole data set is used for
prediction. However, the data may exhibit different trends or char-
acteristics at different times. To address these differences, it is
recommended to study such chaotic data by using the rolling GM
(1,1) model. Rolling GM(1,1) is an efficient technique to increase the
forecasting accuracy of GM(1,1) in the case of having exponential and
chaotic data (Akay, 2007). In the rolling GM, xð0Þðkþ1Þ is predicted by
applying GM(1,1) to xð0Þ ¼ ðxð0Þð1Þ; xð0Þð2Þ;…; xð0ÞðkÞÞ, where kon.
After the result is found, the procedure is repeated, but this time the
newly predicted entry xð0Þðkþ1Þ is added at the end of data, and the
oldest data xð0Þð1Þ is removed from the data. Next,
xð0Þ ¼ ðxð0Þð2Þ; xð0Þð3Þ;…; xð0Þðkþ1ÞÞ is used to predict xð0Þðkþ2Þ. When
k¼4,5,6,…,n�1, mean absolute percentage error (MAPE) for the
(kþ1) instant of GM(1,1) is defined as

PEðkþ1Þ ¼ xð0Þðkþ1Þ� x̂ð0Þðkþ1Þ
xð0Þðkþ1Þ

 !
� 100% ð10Þ

where kþ1rn. The average rolling error of GM(1,1) is

MAPE¼ 1
n�4

∑
n�1

k ¼ 4
PEðkþ1Þ

�����
������ 100% ð11Þ

Particle swarm optimization

PSO has been proven to be efficient in solving optimization
problems. PSO takes every individual as a particle without quality
or volume. Each particle flies in the search area with a certain
velocity. During the iteration, the particle will track two extreme
values: one is the best solution that each particle has gained so far,
which represents the cognition level of each particle; the other is
the global best solution gained by the population, which repre-
sents society cognition level. We suppose that the dimension of
the search area is D, and the number of the population is N.
xi ¼ ðxi1; xi2;…; xiDÞ and vi ¼ ðvi1; vi2;…; viDÞ respectively represent
the particle's position and velocity. pi ¼ ðpi1;pi2;…; piDÞ denotes the

best position that the particle has visited, and pg ¼ ðpg1; pg2;…; pgDÞ
denotes the best position that the swarm has visited. The particles
are manipulated according to the equations below:

vidðtþ1Þ ¼wvidðtÞþc1r1ðpidðtÞ�xidðtÞÞþc2r2ðpgdðtÞ�xidðtÞÞ ð12Þ

xidðtþ1Þ ¼ xidðtÞþvidðtþ1Þ ð13Þ
where 1rdrD, 1r irN, and c1 and c2 are non-negative con-
stants, which are called the cognitive and social parameter
respectively. r1 and r2 are two random numbers, which are
uniformly distributed in the range (0,1). vidA �vmax; vmax½ �, and
vmax is the pre-set maximum speed. When vid

�� ��4vmax, we set
vid
�� ��¼ vmax. w denotes the inertia weight that controls the impact
of the previous velocity of the particle on its current velocity, and
it plays an important role in balancing the global search ability and
local search ability of PSO.

Shi and Eberhart (1999) proposed the linearly decreasing
strategy as follows:

wðtÞ ¼wminþðwmax�wminÞ �
tmax�t
tmax

� �
ð14Þ

where the superscript t denotes the tth iteration, and tmax denotes
the iteration's maximum number. wmin and wmax respectively
denote the minimum and maximum of original inertia weight.

PSO based GM(1,1) prediction model

PSO-GM(1,1) model

As described in Classical Grey model GM(1,1) section, the value
of λ decides the forecasting performance of the GM(1,1) model. In
order to improve the forecasting accuracy of the GM(1,1) model,
we will employ PSO algorithm to optimize the parameter λ of the
GM(1,1) model. In this study, the particular goal is to minimize the
MAPE of prediction. Therefore, this study chooses the MAPE as the
fitness function.

The procedure of the PSO-GM(1,1) model is as follows.
Steps 1 and 2 are the same as in the classical GM(1,1) model.
Step 3: Calculate background values

zð1ÞðkÞ ¼ λxð1Þðk�1Þþð1�λÞxð1ÞðkÞ; λAð0;1Þ; k¼ 2;3;…;n ð15Þ

Step 4: PSO is applied to find the optimal parameter λ by using
the following procedure.

Step 4.1: Initialize the population size N and the maximum
iteration tmax; randomly initialize the position and velocity of the
particle.

Table 6
Optimal value of λ based on PSO-GM(1,1) model and PSO-rolling GM(1,1) model.

Year Optimal value of λ (Import volume forecasting) Optimal value of λ (Consumption forecasting)

PSO-GM(1,1) PSO-rolling GM(1,1) PSO-GM(1,1) PSO-rolling GM(1,1)

1999 0.3335 1.623e�004 0.7354 8.9698e�004
2000 0.1016 4.2874e�004
2001 0.9990 0.9990
2002 0.3836 0.9987
2003 0.6358 0.9985
2004 0.7453 0.8750
2005 0.4773 0.6517
2006 0.2917 0.4671
2007 0.3332 0.3246
2008 0.4385 0.3342
2009 0.9964 0.7460
2010 5.419e�005 0.1734
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Step 4.2: Calculate the fitness value fi (MAPE) of each particle
according to Eqs. (8) and (9).

Step 4.3: Calculate the particle's best own position pi and the
best global position pg: if the fitness value (pi) is better than the
best fitness value in history, set the current value as the new pi;
choose the particle with the best fitness value of all the particles as
the pg.

Step 4.4: Judge whether or not the new algorithm meets the
convergence criteria or the maximum iteration is attained. If so, go
to Step 4.6. If not, go to Step 4.5.

Step 4.5: Update each particle's position according to Eqs. (12)–
(14).

Step 4.6: Output the final result λ* as the best value of λ.
Substitute λn into Eq. (15) to obtain new background values

ẑð1ÞðkÞ ¼ λnxð1Þðk�1Þþð1�λnÞxð1ÞðkÞ; k¼ 2;3;…;n

Step 5: The coefficients a, b and the forecasting values of

x̂ð0ÞðkÞðk¼ 2;3;…;nÞ can be evaluated in the same way as in the
classical GM(1,1) model. A detailed flow chart is shown in Fig. 2.

PSO based rolling GM(1,1) model

In this section, we apply PSO to optimize the rolling GM(1,1)
model. The procedure can be described as follows. PSO-GM(1,1)
is applied to xð0Þ ¼ ðxð0Þð1Þ; xð0Þð2Þ;…; xð0ÞðkÞÞ (kon) to predict

xð0Þðkþ1Þ. After xð0Þðkþ1Þ is found, the newly predicted entry
xð0Þðkþ1Þ is added at the end of data, and the oldest data xð0Þð1Þ
is removed from data. Then, xð0Þðkþ2Þ is predicated by applying
PSO-GM(1,1) to xð0Þ ¼ ðxð0Þð2Þ; xð0Þð3Þ;…; xð0Þðkþ1ÞÞ. Next, the proce-
dure is repeated until the last data xð0ÞðnÞ is found.

In this paper, we set k¼4. Take the import volume of iron ore as
an example. Firstly, four recent years’ data (1995–1998) are
selected to predict the import volume of 1999 by executing PSO-
GM(1,1). Then the import volume of 1999 is added to the end of
the data, and the import volume of 1995 is removed from the data.
Next, data for 2000 is predicted based on the next four years data
(1996–1999) by using PSO-GM(1,1). The procedure is repeated
until the last year's (2010s) data is found.

The fitness function of PSO-rolling GM(1,1) can be evaluated as

fitðλYearÞ ¼ min
dataðYearÞ� d̂ataðYearÞ

dataðYearÞ

�����
������ 100% ð16Þ

where the region of the year in Eq. (16) is from 1999 to 2010.
To more directly compare the MAPE of the four different

prediction models more directly, when calculating the MAPE of
rolling GM(1,1) and PSO-rolling GM(1,1), the prediction percentage
errors of 1995–1998 are also considered. That is, we adopt the
same calculation method of MAPE in the four different prediction
models.

Empirical results

Data sources

The total consumption of iron ore in China includes the consump-
tion of domestic raw iron ore and the imported ore. Note that the ore
grade of domestic raw iron ore is different from the imported ore: the
average ore grade of domestic ore is 32%, while the imported ore
grade is 65%. In this paper the forecasts are analyzed and computed
based on the same ore grade measurement, and the imports and total
consumption should be converted into the same grade. Here we
define the conversion ratio as β¼2. Thus, the volume of imported iron
ore should be multiplied by 2. The volume of imported iron ore and
the converted total consumption, which is expressed by domestic ore
grade, are presented in Table 2.

From Table 2, we can see that the converted volume of imported
iron ore and the total consumption of iron ore increased year by year.
The slight decrease of imports in 2010 can be explained by China's
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macroscopic readjustment and control of the real estate market, which
accounts for 60% of the consumption of steel. We draw Fig. 3 to show
the suitability of choosing grey model. It can be found that the
scattered points trace out a near straight line in both Fig. 3a and b.
A high correlation is seen between X(1) and X(0), which proves that
using GM(1,1) model is suitable. Table 3 gives the criteria of MAPE to
evaluate the performance of the prediction model.

Evaluations and comparisons of forecasting performance

According to the PSO operations steps, the parameter settings
of the PSO in the current example are selected as c1¼c2¼2.0;
wmin¼0.4, wmax¼0.9; maximum iteration number Tmax¼100. To
study the searching efficiency and the impact of population size on
the performance of the PSO, four different population sizes, 40, 60,
80 are considered. The results are shown in Figs. 4 and 5. From
these two figures we can see that the PSO algorithm has a high
and steady efficiency on GM(1,1)'s parameter optimization and the
convergent speed becomes faster and faster as population size
increases. Thus the corresponding maximum number of genera-
tions is set to 80.

The error measures used for the forecasting comparison are the
MAPE for 1995–2010. Tables 4 and 5 show the forecasting results
of import volume and consumption of the four models. The
optimal parameter value of λ optimized by PSO-GM(1,1) model

and PSO-rolling GM(1,1) model are tabulated in Table 6. From
Table 6, we can see that it requires more work to obtain the
optimal λ of PSO-rolling GM(1,1) model compares to PSO-GM(1,1)
model. Figs. 6–9 are drawn based on the results of Tables 4 and 5
which aim to exhibit the forecasting results more intuitively and
clearly.

From Table 4, it can be seen that the MAPE of the traditional
GM(1,1) model, the PSO-GM(1,1) model, the rolling GM(1,1) model
and the PSO-rolling GM(1,1) model for the import volume fore-
casting from 1995 to 2010 are 16.8315%, 13.4769%, 10.0671% and
3.2072%, respectively. From Table 5, we can see that the MAPE of
the four models for consumption forecasting from 1995 to 2010
are 16.8834%, 14.4493%, 6.7015% and 2.3061% respectively. As can
be seen from Tables 4 and 5, the PSO-GM(1,1) model is better than
the traditional GM(1,1) model and the PSO-rolling GM(1,1) model
is better than rolling GM(1,1) model. This indicates that optimizing
parameter λ can improve the forecasting accuracy. As shown in
Figs. 6–9, the PSO-rolling GM(1,1) model obtains the lowest
predicted error among the four models. The PSO-rolling GM(1,1)
mode's MAPE reaches 3.2072% for import forecasting and 2.3061%
for consumption, which proves that the hybrid model exhibits a
highly accurate forecasting (see Table 3).

In addition, based on the PSO-rolling GM(1,1) model, the
forecasting results of import volume and consumption from 2011
to 2015 are given in Table 7. As can be seen from Table 7, the
import volume and consumption are respectively increasing with
mean annual incremental rates of about 9.2355% and 12.7381% up
to year 2015, which indicates high growth rates of iron ore import
volume and consumption in the next few years. Fig. 10 intuitively
describes the trend of China's iron ore import and consumption in
the next five years based on the forecasting results.

Discussion and conclusion

The iron and steel industry plays a fundamental role in a
country's economy development especially in developing coun-
tries. With rapid economic growth, China has become the second
largest economy in the world. Yet, when GDP is dived by its large
population size, China is still a developing country in the process
of industrialization. Secondary industries such as real estate,
infrastructure construction and automobile manufacture account
for a large portion of China's GDP. These industries account for the
main consumption of steel. China is the largest iron ore importer
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and consumption market in the world. However, restricted by the
limited domestic iron ore resource, a large portion of the iron ore
which is used to produce steel is imported from overseas coun-
tries. As the world's biggest iron ore importer, China's future
imports also affect the world's iron ore price trend. Thus, it is
useful and necessary for the government and large steel compa-
nies to predict iron ore imports and total consumption.

The application of grey prediction theory, particle swarm
optimization and the rolling mechanism to the study of the
forecasting of iron ore imports and total iron ore consumption in
China is novel. This paper has demonstrated that the proposed
hybrid-model performs better than the results obtained by a single
method such as basic GM(1,1), PSO-GM(1,1), or rolling GM(1,1). The
PSO-rolling GM(1,1) approach to modeling iron ore imports and
consumption in China is both reliable and efficient. The prediction
accuracies of the proposed model for imports and consumption
have reached 3.2% and 2.3% respectively. Applying on the proposed
prediction model to historical trend data, the import volume and
total consumption of iron ore of China will reach 1.017 and 4.295
billion tons respectively in 2015.
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