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Abstract: The total output value of the construction industry (TOVCI) reflects its own development
level to a certain extent. An accurate prediction of the construction industry’s total output value is
beneficial to the government’s dynamic regulation. The grey prediction model is widely used for its
simple calculation process and high prediction accuracy. Based on the TOVCI of China from 2017
to 2020, this paper constructs an FGM (1,1) model, calculates r by a simulated annealing algorithm,
and forecasts the TOVCI of China in next few years. At present, the Particle Swarm Optimization
algorithm (PSO) is employed in the calculation of r in the literature. However, the advantage of the
simulated annealing algorithm is its powerful global search performance. The prediction results
indicate that the TOVCI of China will continue to grow, but the growth rate will slow down. Therefore,
the construction industry of China should not simply pursue the high-speed growth of the total
output value, but pay more attention to high-quality development, such as technological innovation,
energy conservation and environmental protection. Finally, the limitations and future research
directions are elucidated.

Keywords: construction industry of China; total output value; FGM (1,1) model; simulated
annealing algorithm

MSC: 90C30

1. Introduction

Since the reform and opening up, the construction industry has been playing a crucial
role in China’s urban development. With the enhancement of China’s economic strength
and improvement of technical means, the total output value of the construction industry
(TOVCI) in China now ranks forefront. China’s national bureau of statistics pointed out
that the TOVCI is the sum of the construction products and services provided by the
construction enterprises in the form of money in a certain period. It includes the output
value of construction projects, the output value of installation projects and the output
value of others. As the TOVCI shows its own development level to a certain extent, a
precise prediction of the construction industry’s total output value is conducive to the
government’s dynamic regulation.

At present, numerous scholars have explored this issue. Cheng et al. took the TOVCI
of China in the past seven years as the research object, and established a residual tail
correction model was established to forecast the TOVCI of China based on the dynamic
gray prediction model (GM (1,1) model) [1]; Guang used genetic algorithm (GA) to optimize
the initial weights and thresholds of the BP neural network model, and constructed a GA-
GM (1,1)-BP model to predict the added value of the China’s construction industry [2];
Liu conducted a quantitative and qualitative analysis with a linear regression analysis,
and forecasted the total output value in Shaanxi Province [3]. The traditional research
method for data prediction has some deficiencies such as large computational effort and
low accuracy. Concerning the deficiencies of little data and poor information, Deng et al.

Axioms 2022, 11, 450. https://doi.org/10.3390/axioms11090450 https://www.mdpi.com/journal/axioms

https://doi.org/10.3390/axioms11090450
https://doi.org/10.3390/axioms11090450
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/axioms
https://www.mdpi.com
https://orcid.org/0000-0003-0170-1776
https://doi.org/10.3390/axioms11090450
https://www.mdpi.com/journal/axioms
https://www.mdpi.com/article/10.3390/axioms11090450?type=check_update&version=2


Axioms 2022, 11, 450 2 of 8

founded the grey system theory in 1982. They took the uncertain system with “partly
known information and partly unknown information” as the research object, and mainly
described the operation and evolution law of the system by processing and analyzing the
“partly” known information.

The GM (1,1) model is the basic model of grey prediction theory, often used for short-
term data prediction [4,5]. In recent years, many scholars have done a lot of prediction
research based on the GM (1,1) model [6–10]. Although the GM (1,1) model has achieved
ideal experimental results, its accuracy remains undesirable. Therefore, many scholars
have been trying to improve it [11–15]. At the same time, Wu et al. proposed the FGM (1,1)
model based on the principle of new information priority. In the FGM (1,1) model, each
sequence is multiplied by different fractional orders and then accumulated [16–19]. In fact,
the GM (1,1) model is a special case of the FGM (1,1) model. On this basis, many scholars
have adopted the FGM model for prediction research and achieved ideal results [20–25].

In the FGM (1,1) model, the r can be obtained by some optimization algorithms,
such as Genetic Algorithm (GA) [26,27], Ant Colony Algorithm (ACA) [28,29], Grey Wolf
algorithm [30–32], Particle Swarm Optimization algorithm (PSO) [33], Simulated Annealing
algorithm (SA) [34–36] and so on. The SA algorithm was introduced by Kirkpatrick
et al. in 1983, and it’s an extension of local search algorithm with powerful global search
performance [37,38]. Similar to the previous related literature, the FGM (1,1) model is used
for prediction. Nonetheless, as for the calculation of the r, we choose the SA algorithm.
The advantage of SA algorithm is its better global search ability which can help us find the
optimal solution in a more efficient way.

In order to understand the dynamic change law of the TOVCI of China, this paper
constructs the FGM (1,1) model, calculates r by SA algorithm, and forecasts the TOVCI of
China in the next few years based on the TOVCI of China from 2017 to 2020. The results
will help to guide the development of the construction industry and provide some reference
for promoting the development of China’s construction industry. In addition, it is of some
significance to speed up the structural adjustment of the construction industry and better
exercise macro-control so as to achieve sustainable development.

2. The FGM (1,1) Model and SA Algorithm
2.1. The FGM (1,1) Model

(1) The original sequence is derived from the original non-negative data:

X(0) =
{

x(0)(1), x(0)(2), . . . , x(0)(n− 1), x(0)(n)
}

(1)

(2) The accumulation formula is

x(r) = ∑k
i=1 Ck−i

k−i+r−1x(0)(i) (2)

and the r-order accumulation sequence is

X(r) =
{

x(r)(1), x(r)(2), · · · , x(r)(n)
}

(3)

where

C0
r−1 = 1, Ck+1

k = 0, Ck−i
k−i+r−1 =

(k− i + r− 1)(k− i + r− 2) · · · (r + 1)r
(k− i)!

(4)

(3) The whitening differential equation is

dx(r)(t)
dt

+ ax(r)(t) = b (5)

where a and b are the developmental gray number and endogenous control gray number.
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The solution of the equation in exponential form is

x(r)(t + 1) =
[

x(0)(1)− b
a

]
e−at +

b
a

(6)

The following results can be obtained based on the least square method:[
â
b̂

]
=
(

BT B
)−1

BTY (7)

where

B =


−0.5

(
x(r)(1) + x(r)(2)

)
−0.5

(
x(r)(2) + x(r)(3)

)
...

−0.5
(

x(r)(n− 1) + x(r)(n)
)

1
1
...
1

, Y =


x(r)(2)− x(r)(1)
x(r)(3)− x(r)(2)

...
x(r)(n)− x(r)(n− 1)

 (8)

(4) The time response function is solved as

x̂(r)(k + 1) =

[
x(0)(1)− b̂

â

]
e−âk +

b̂
â

(9)

where x̂(r)(k + 1) is the value of time k + 1.
(5) The reduced sequence of sequence X̂(r) =

{
x̂(r)(1), x̂(r)(2), · · · , x̂(r)(n)

}
is as

follows:

α(r)X̂(r) =
{

α(1) x̂(r)(1−r)(1), α(1) x̂(r)(1−r)(2), · · · , α(1) x̂(r)(1−r)(n)
}

(10)

where
α(1) x̂(r)(1−r)(k) = x̂(r)(1−r)(k)− x̂(r)(1−r)(k− 1) (11)

By cumulative subtraction operation, the prediction sequence is as follows:

X̂(0) =
{

x̂(0)(1), x̂(0)(2), · · · , x̂(0)(n)
}

(12)

(6) Evaluation the model (MAPE). Mean Absolute Percentage Error (MAPE) is used to
measure the relative errors between the predictive value and the real value. In the FGM
(1,1) model, MAPE is a function with r as the independent variable. The SA algorithm will
be used to determine the minimum of MAPE and the corresponding r.

MAPE = 100%× 1
n

n

∑
k=1

∣∣∣∣∣ x(0)(k)− x̂(0)(k)
x(0)(k)

∣∣∣∣∣ (13)

2.2. SA Algorithm

As a stochastic optimization algorithm based on Monte Carlo iterative solution strategy,
Simulated Annealing (SA) algorithm can eliminate the tendency of falling into local minima
and the dependence on initial values compared to other optimization processes. Compared
with local search algorithms, it will probably select inferior solutions in the large objective
values of the neighborhood. SA algorithm uses the Metropolis algorithm and control
the temperature drop process properly to achieve SA for the sake of addressing global
optimization problem [39].

Metropolis is an effective focused sampling method. When the system i changes from
one energy state to another system j, the corresponding energy changes from E1 to E2 with
the probability p = exp

(
− E2−E1

T

)
. If E2 < E1, the system will accept this state j; Otherwise,



Axioms 2022, 11, 450 4 of 8

its acceptance probability needs to be examined. If the probability p is still greater than the
random number in the [0, 1) interval, the state j will still be accepted as the current state; if
it is not true, the state i will be retained as the current state. The probability of state j being
accepted is as follows:

p(1→ 2) =

{
1, E2 < E1

exp
(
− E2−E1

T

)
, E2 ≥ E1

(14)

The system will gradually converge to a stable distribution state after iterations. The
flow chart of SA algorithm is shown in Figure 1.
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Figure 1. Flow chart of SA algorithm.

According to the characteristics of the FGM (1,1) model, the markov chain length is set
at 100, the initial temperature is T = 10, the decay parameter is 0.9, the step factor is 0.001,
the tolerance is 10−8, and the fractional order r is in [0, 1].

3. Empirical Research

To predict the TOVCI of China, a gray fractional order FGM (1,1) model is established
with the MAPE as the objective function, and the fractional order r is calculated by SA
algorithm. The MAPE is frequently used as a statistical indicator to measure the accuracy
of prediction. Its concept is concise, which can better reflect the difference between the
predicted data and the original data, and describe the accuracy of the data. Therefore, we
use the MAPE value to measure the results of the model.

The original sequence of the TOVCI of China from 2017 to 2020 is as follows (unit:
trillion yuan, data from “China Statistical Yearbook”):

X0 = {21.39, 22.58, 24.84, 26.39} (15)

According to the operation results of SA algorithm, the value of fractional order r is
0.5539 and the objective function value is 0.0615%. The iterative convergence processes
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of fractional order r and objective function values (MAPE) are shown in Figures 2 and 3,
respectively.
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By calculation, the fractional order r is 0.5539, and then it is substituted into the FGM
(1,1) model for calculation.

So
X(0.5539) =

{
x(0.5539)(1), x(0.5539)(2), x(0.5539)(3), x(0.5539)(4)

}
= {21.39 , 34.43 , 46.55 , 57.70}

(16)

â and b̂ are obtained as follows:[
â
b̂

]
=
(

BT B
)−1

BTY =

[
0.0779
15.233

]
(17)

where

B =

 −27.909 1
−40.490 1
−52.127 1

, Y =

 13.038
12.124
11.150

 (18)
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Then the time series function is

x̂(0.5539)(k + 1) =
[

21.39− 15.233
0.0779

]
e−0.0779k +

15.233
0.0779

(19)

So
X̂(0.5539) =

{
x̂(0.5539)(1), x̂(0.5539)(2), x̂(0.5539)(3), · · · x̂(0.5539)(7)

}
= {21.39 , 34.44 , 46.52 , 57.69 , 68.02 , 77.58 , 86.42}

(20)

The reduction sequence is as follows:

X̂(1) =
{

x̂(0.5539)(0.4461)(1), x̂(0.5539)(0.4461)(2), · · · , x̂(0.5539)(0.4461)(6), x̂(0.5539)(0.4461)(7)
}

= {21.39, 43.98, 68.78, 95.17, 122.66, 150.88, 179.53}
(21)

The predicted values are as follows:

X̂(0) =
{

x̂(0)(1), x̂(0)(2), x̂(0)(3), · · · , x̂(0)(7)
}

= {21.39 , 22.59 , 24.80 , 26.39 , 27.49 , 28.21 , 28.66 }
(22)

The FGM (1,1) model is the traditional GM (1,1) model when r = 1. It directly accumu-
lates the original data to get the accumulated data for fitting calculation, with each data
playing an equally important role. However, the FGM (1,1) model believes that there is
a gap between the information, and that the data have different degrees of influence at
different times. These things considered, the data will become more important. Thus, it
should give greater weight to the new information. The fitting results and the MAPE of the
GM (1,1) model and FGM (1,1) model are showed in Table 1, it can verify the superiority of
the FGM (1,1) model.

Table 1. The MAPE of GM (1,1) model and FGM (1,1) model (Trillion yuan).

Year Actual Value GM (1,1) FGM (1,1)
(r = 0.5539)

2017 21.39 21.39 21.39
2018 22.58 22.72 22.59
2019 24.84 24.54 24.80
2020 26.39 26.51 26.39

MAPE 0.57% 0.0615%

Based on the above results, taking the fractional order r = 0.5539, the prediction values
of the TOVCI of China from 2021–2023 based on FGM (1,1) model are shown in Table 2.

Table 2. The prediction values of TOVCI of China (Trillion yuan).

Year 2021 2022 2023

Prediction value 27.49 28.21 28.66
Growth rate 4.17% 2.63% 1.56%

According to Table 2, it can be seen that since the TOVCI of China will continue to
grow, so China’s construction industry still has some room for development in the coming
years. At the same time, the growth trend is gradually slowing down. The growth rate is
projected to be 4.17% in 2021, and it will drop to 1.56% in 2023.

4. Conclusions

On the basis of the TOVCI of China from 2017 to 2020, we constructed the FGM (1,1)
model, calculated r by SA algorithm (the advantage of SA algorithm is that it has powerful
global search performance), and forecasted the TOVCI of China next few years. The FGM
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(1,1) model can predict the data more accurately than the GM (1,1) model. In the past few
years, the TOVCI of China has been rising due to the simultaneous opening of a number of
projects. However, with the deepening of industrialization and urbanization, the market
demand of the construction industry will be saturate. In addition, the growth rate of the
TOVCI of China will decline in the coming years, which will lead to the depression of
construction industry if the development direction is not properly handled. The prediction
suggests that the government should pay more attention to the change trend of the TOVCI
of China and formulate corresponding countermeasures. In other words, China’s construc-
tion industry should not just pursue the high-speed growth of the total output value, but
high-quality development, including technological innovation, energy conservation and
environmental protection.

However, this paper has the following limitations. (1) This paper did not compare the
prediction results of FGM (1,1) model with those of other models. There are many prediction
methods available, and many scholars have used the FGM (1,1) model for forecasting
and achieved ideal results. However, it is still impossible to prove that the prediction
results of FGM (1,1) model are more accurate than those of other models. Moreover,
although FGM (1,1) model requires less raw data, and is a better choice for short-term
prediction, the prediction accuracy of the FGM (1,1) model may be relatively low for long-
term prediction. (2) we failed to take into account other factors, such as China’s land
policies and fiscal policies, infrastructure construction and the urbanization level. In recent
years, great changes of land policy and fiscal policy have taken place in China, and the
level of infrastructure construction and urbanization has been greatly improved. These
factors will certainly have a huge impact on the construction market and the TOVCI of
China. Therefore, future research should make more efforts to cope with these problems.
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