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Abstract. Firefly algorithm (FA) is an efficient swarm intelligence optimization
technique, which has been used to solve many engineering optimization prob-
lems. In this paper, we present a new FA (called NFA) variant for demand
estimation of water resources in Nanchang city of China. The performance of
the standard FA highly depends on its control parameters. To tackle this issue, a
dynamic step factor strategy is proposed. In NFA, the step factor is not fixed and
it is dynamically updated during the search process. Three models in different
forms (linear, exponential and hybrid) are developed based on the structure of
social and economic conditions. Water demand in Nanchang city from 2003 to
2015 is considered as a case study. The data from 2003 to 2012 is used for
finding the optimal weights, and the rest data (2013–2015) is for testing the
models. Simulation results show that three FA variants can achieve promising
performance. Our proposed NFA outperforms the standard FA and memetic FA
(MFA), and the prediction accuracy is up to 97.91%.

Keywords: Firefly algorithm � Swarm intelligence � Water demand
estimation � Water demand forecasting � Optimization

1 Introduction

Water is a valuable resource for human survival and social economic development. It is
an irreplaceable basic natural resource and strategic economic resource. With the
speeding up of urbanization process, the demand of water resources is increasing.
However, the amount of water resources is limited in nature. Therefore, the optimal
allocation of water resources is important to the sustainable utilization of water
resources [1].
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Demand estimation of water resources is a significant step in the allocation of water
resources. The estimation of water demand aims to infer the water demand in the future
according to the historical water consumption, current situation, and environment
changes. As the basic means of water resources planning and management, water
demand estimation is the prerequisite for the optimal allocation of water resources.
Water demand is related to population, economy, social policy, ecological environment
and other factors. Due to some uncertain factors, the estimation error exists. How to
exactly estimate the water demand is worthy to be investigated.

Traditional estimation methods for water demand includes time series, regression
analysis, gray predication, artificial neural network (ANN), quota method, and so on.
For these methods, how to choose weighting parameters is a difficult task because of
the random behaviors of water consumptions. In the past several years, some intelligent
algorithms have been used to estimate the water demand [1–5]. In [1], a hybrid model
based on soft computing techniques was used to improve the demand estimation of
irrigation water. Fuzzy logic and genetic algorithm (GA) were combined with com-
putational neural network (CNN). Experimental results show that the hybrid model
outperforms the single CNN model. Do et al. [2] used GA to estimate the water demand
in water distribution system. Simulation results show that GA can achieve good
solutions on a 24-h period case study. In [3], harmony search (HS) was applied to short
term water demand estimation, in which HS aims to search the parameter of a double
seasonal ARIMA model. Romano and Kapelan [4] combined evolutionary algorithms
(EAs) and ANN to construct a smart estimation model. Reported results show that the
mean error is about 5%. Bai et al. [5] proposed a multi-scale method for urban water
demand estimation. In the approach, an adaptive chaotic particle swarm optimization
(PSO) was used to search the optimal parameters of the relevance vector regression
model.

Swarm intelligence is a new computational paradigm inspired by the social
behaviors from the nature [6]. In recent years, some efficient swarm intelligence
algorithms have been proposed, such as artificial bee colony (ABC) [7–10], firefly
algorithm (FA) [11–16], cuckoo search (CS) [17, 18] and bat algorithm (BA) [19]. FA
is inspired by the mating behaviors of flashing fireflies [11]. Some recent studies show
that FA can achieve promising results on many benchmark functions and real-world
problems [20]. In this paper, we present an application of FA on demand estimation of
water resources in Nanchang city of China. To reduce the dependency of FA on its
parameters, a dynamic step factor strategy is proposed. In our approach, the step factor
is not fixed and it can be dynamically updated during the search process. Three models
based on linear, exponential and hybrid forms are developed based on the structure of
social and economic conditions of Nanchang city. In the experiments, the performance
of proposed NFA is compared with the standard FA and memetic FA (MFA) [21].

The rest of the paper is organized as follows. In Sect. 2, the standard FA is briefly
described. Estimation models are developed in Sect. 3. Our approach is proposed in
Sect. 4. Results and discussions are presented in Sect. 5. Finally, this work is con-
cluded in Sect. 6.

12 H. Wang et al.



2 Firefly Algorithm

Like PSO, FA is also a population-based random search algorithm. Each individual
(firefly) in the population represents a candidate solution. The search of FA is inspired
by the mating behavior of flashing fireflies. When a firefly is attracted by other brighter
ones, it can move toward other new positions and find potential solutions. To construct
the search model, Yang [11] proposed three assumptions: (1) one firefly is attracted to
other all brighter ones; (2) the attractiveness is determined by the brightness; and
(3) the brightness is affected by the given objective function. The assumptions mean
that a brighter firefly has a better fitness value.

Let Xi ¼ ðxi1; xi1; . . .; xiDÞ be the ith firefly in the population, where i ¼ 1; 2; . . .;N,
N is the population size, and D is the dimensional size. For any two different fireflies Xi

and Xj, their attractiveness can be calculated as follows [11].

bðrijÞ ¼ b0e
�cr2ij ð1Þ

where b0 is the attractiveness at r = 0, c is the light absorption coefficient, and rij is the
distance between Xi and Xj. The distance rij is defined by [11]

rij ¼ Xi � Xj

�
�

�
� ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

XD

d¼1

ðxid � xjdÞ2
v
u
u
t ð2Þ

when Xj is brighter (better) than Xi, Xi will move toward Xj due to the attraction. In the
standard FA, this movement is defined as follows [11].

xidðtþ 1Þ ¼ xidðtÞþ bðrijÞ � xjdðtÞ � xidðtÞ
� �þ a rand � 1

2

� �

ð3Þ

where xid and xjd are the dth dimensions of Xi and Xj, respectively, a 2 [0, 1] is called
step factor, and rand is a random value within [0, 1].

3 Estimation Models

In this paper, we focus on an application of FA to estimate the water demand in
Nanchang city of China. The water demand is related to the social and economic
conditions. Table 1 shows the historical water use in Nanchang city from 2003 to 2015
[22, 23]. It can be seen that the water use of Nanchang is distributed in three depart-
ments, agriculture, industry and residents. The average proportion of agricultural water
use is up to 57%. It demonstrates that agriculture is the main department of water use.
Industrial and residential water use also take large proportions. The ecological water
use is only 3%. So, three factors related to agricultural, industrial, and residential water
use are utilized to construct the estimation model, while the ecological factor is
ignored.
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From the above analysis, we use gross agricultural production, gross industrial
production, and population to associate with agricultural, industrial, and residential
water use, respectively. Table 2 lists the total water use, population, gross industrial
production, and gross agricultural production in Nanchang city from 2003 to 2015 [22,
23]. By the suggestions of [24], both linear and exponential forms of models for water
demand estimation are defined as follows.

Linear estimation model:

Yl ¼ x1 �W1 þ x2 �W2 þ x3 �W3 þ x4 ð4Þ

Exponential estimation model:

Ye ¼ x1 �Wx2
1 þ x3 �Wx4

2 þ x5 �Wx6
3 þ x7 ð5Þ

where W1, W2, and W3 are the population, gross industrial production, and gross
agricultural production, respectively, and xi 2 [0, 1] are the corresponding weights.

In this paper, we propose a hybrid model, which is a middle phase between linear
and exponential models. The new model is defined by

Yh ¼ x1 � Yl þ 1� x1ð Þ � Ye ð6Þ

where Yl and Ye are linear and exponential models, respectively, and x1 2 [0, 1] is the
weighting factor. The hybrid model can be written as follows.

Yh ¼ x1 � x2 �W1 þ x3 �W2 þ x4 �W3 þ x5ð Þ
þ 1� x1ð Þ x6 �Wx7

1 þ x8 �Wx9
2 þ x10 �Wx11

3 þ x12
� � ð7Þ

Table 1. Historical water use in Nanchang city from 2013 to 2015 (108 m3).

Year Total
water use

Industrial
water use

Agricultural
water use

Residential
water use

Ecological
water use

2003 24.21 9.81 11.55 2.53 0.32
2004 26.22 8.72 14.47 2.75 0.28
2005 28.14 8.30 16.92 2.60 0.32
2006 27.71 8.11 16.73 2.52 0.35
2007 32.55 7.51 21.27 2.92 0.85
2008 30.42 6.90 19.73 2.94 0.85
2009 33.42 6.57 20.15 3.21 3.49
2010 30.87 7.51 17.37 3.49 2.50
2011 31.26 8.97 17.70 4.03 0.56
2012 28.82 9.20 14.68 4.36 0.58
2013 32.62 9.35 18.23 4.45 0.59
2014 31.42 8.92 17.35 4.54 0.61
2015 30.64 9.17 16.21 4.64 0.62
Average 29.87 8.39 (28%) 17.10 (57%) 3.46 (12%) 0.92 (3%)
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4 Proposed Approach

4.1 Dynamic Parameter Strategy

The performance of FA is seriously affected by its control parameters a and b. In our
previous study [25], we analyzed the relations between the step factor a and conver-
gence. If FA is convergent, a should satisfy the following condition.

lim
t!1 a ¼ 0 ð8Þ

where t is the index of iteration.
According to Eq. 8, a dynamic step factor strategy is designed to automatically

adjust the parameter a as follows.

aðtþ 1Þ ¼ aðtÞ � exp �k � t
Tmax

� �

ð9Þ

where Tmax is the maximum number of iterations. k 2 (0, 1] is called decreasing rate,
which can adjust the decreasing speed of a. In this paper, k = 0.2 is used based on
empirical studies. In some recent literature, the parameter a was limited in the range
[0, 1]. So, the initial a(0) is set to 0.5, which is the midpoint of the range.

4.2 Normalization

In this paper, the historical data from 2003 to 2015 listed in Table 2 is used for training
and testing the estimation models for water demand. To eliminate the influences of
different units of data, the normalization method is used. In Table 2, the total water use,

Table 2. The total water use, population, gross industrial production, and gross agricultural
production in Nanchang city from 2003 to 2015.

Year Total water
use (108 m3)

Population Gross industrial
production (108 yuan)

Gross agricultural
production (108 yuan)

2003 24.21 4437476 250.95 51.29
2004 26.22 4469671 306.08 99.11
2005 28.14 4500672 374.93 115.76
2006 27.71 4530776 448.15 124.58
2007 32.55 4563025 532.75 142.84
2008 30.42 4597936 676.61 171.14
2009 33.42 4632067 753.20 187.20
2010 30.87 5042567 952.75 204.66
2011 31.26 5088996 1223.72 229.70
2012 28.82 5131564 1290.93 249.35
2013 32.62 5184231 1398.63 266.12
2014 31.42 5240179 1500.70 283.63
2015 30.64 5302914 1619.50 296.92
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population, gross industrial production, and gross agricultural production are normal-
ized as follows.

W� ¼ W �Wmin

Wmax �Wmin
ð10Þ

where W* is the normalized value, W is the value to be normalized, Wmin and Wmax are
the minimum and maximal values for the corresponding variable, respectively.

4.3 Fitness Evaluation Function

The data from 2003 to 2012 is used to optimize the weighting factors of the estimation
models, and the rest data (2013–2015) is applied to test the models. To evaluate the
quality of obtained weighting factors, sum of squared errors (SSE) is employed to
construct the fitness evaluation function.

f Xð Þ ¼
Xm

i¼1

Ypre � Yact
� �2 ð11Þ

where Yact and Ypre are the actual and predicted water demand, respectively, and m is
the number of training samples.

5 Simulation Experiments

5.1 Experimental Setup

In the experiments, the proposed NFA is applied to estimate the water demand in
Nanchang city. The performance of NFA is compared with standard FA and memetic
FA (MFA) [21]. To have a fair comparison, the same parameter settings are used. The
population size N and MaxFEs are set to 30 and 1.0E+05, respectively. In the standard
FA, a and b0 are set to 0.5 and 1.0, respectively. For MFA, the initial a, c, b0, and bmin

are set to 0.5, 1.0, 1.0, and 0.2, respectively. In NFA, a(0) and b0(0) are equal to 0.5
and 1.0, respectively. The c is set to 1/C2, where C is the length of search range.

Data from 2003 to 2012 listed in Table 2 is used to optimize the weighting factors
of the estimation models, and the rest data (2013–2015) is applied to test the models.
For each model, each algorithm is run 20 times and mean results are recorded. In the
experiments, we use relative error (RE) and mean relative error (MRE) to measure the
performance of FA.

RE ¼ Ypre � Yact
Yact

�
�
�
�

�
�
�
�

ð12Þ

MRE ¼ 1
n
�
Xn

i¼1

YpreðiÞ � YactðiÞ
YactðiÞ

�
�
�
�

�
�
�
�

ð13Þ
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where Ypre(i) and Ypre(i) are the predicted and actual water demand on the ith test
sample, respectively, and n is the number of test samples.

5.2 Results

Tables 3, 4 and 5 present the results for the linear, exponential, and hybrid estimation
models, respectively. As seen, FA, MFA, and NFA can achieve promising results on
three estimation models. The best MRE is 2.09% and the worst one is only 5.76%. It
means that the prediction accuracy is between 94.24% and 97.91%. For each model,
NFA achieves better results than FA and MFA, and FA obtains the worst performance
among three algorithms. The exponential model is better than the linear one. Results on
the hybrid model are in line with our idea, which aims to provide a middle phase
between the linear and exponential models. For all FA variants, the mean MRE on the
hybrid model is better than the linear one, but worse than the exponential one. It is
surprised that the best MRE on the hybrid model is better than other two models.

Tables 6, 7 and 8 show the best relative errors for the linear, exponential, and
hybrid estimation models, respectively. It can be seen that the linear model achieves
good fitting for year 2013, and the exponential model is suitable for year 2014. Results
on the hybrid model show that the combination of the linear and exponential models
can provide more chances of finding better solutions. Due to the space limitation, some
figures and forecasting results from 2018 to 2020 are not presented.

Table 3. Results for the linear estimation model.

Algorithm Best MRE Mean MRE Std Worst MRE

FA 4.94% 4.97% 3.60E−04 5.05%
MFA 4.92% 4.96% 2.05E−04 4.98%
NFA 4.89% 4.95% 2.33E−04 4.96%

Table 4. Results for the exponential estimation model.

Algorithm Best MRE Mean MRE Std Worst MRE

FA 2.42% 2.53% 1.95E−03 3.00%
MFA 2.36% 2.40% 3.70E−04 2.47%
NFA 2.27% 2.35% 3.46E−04 2.38%

Table 5. Results for the hybrid estimation model.

Algorithm Best MRE Mean MRE Std Worst MRE

FA 2.25% 3.55% 1.39E−02 5.76%
MFA 2.22% 2.82% 7.04E−03 4.25%
NFA 2.09% 2.79% 6.98E−03 4.06%
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6 Conclusions

In this paper, we present a new FA (NFA) to estimate the water demand in Nanchang
city of China. To improve the performance of the original FA, a dynamic strategy is
proposed to adjust the step factor during the search process. By analyzing the historical
water use of Nanchang, three estimation models (linear, exponential and hybrid) are
developed. Moreover, the normalization method is employed to eliminate the effects of
different units of test data.

Data from 2003 to 2012 is used to optimize the weighting factors of the estimation
models, and the rest data (2013–2015) is applied to test the models. Simulation results
show that FA, MFA and NFA can achieve promising performance. NFA outperforms
FA and MFA and the prediction accuracy is up to 97.91%.

This paper only uses three factors (population, gross industrial production, and
gross agricultural production) to construct the estimation model. However, there are
some uncertain factors, such as social policy and climate change, which may affect the
water demand. This will be further investigated in the future work.

Table 6. The best relative errors (RE) for the linear model.

Year FA
RE

MFA
RE

NFA
RE

2013 1.04% 1.07% 1.14%
2014 4.75% 4.71% 4.64%
2015 9.02% 8.99% 8.90%
Average 4.94% 4.92% 4.89%

Table 7. The best relative errors (RE) for the exponential model.

Year FA
RE

MFA
RE

NFA
RE

2013 4.23% 4.32% 4.62%
2014 0.14% 0.01% 0.69%
2015 2.90% 2.75% 1.50%
Average 2.42% 2.36% 2.27%

Table 8. The best relative errors (RE) for the hybrid model.

Year FA
RE

MFA
RE

NFA
RE

2013 4.41% 4.31% 3.90%
2014 0.51% 0.13% 0.000037%
2015 1.82% 2.23% 2.36%
Average 2.25% 2.22% 2.09%
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