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Abstract. In order to reduce the computational amount and improve the computational accuracy for
parameter optimization of Muskingum models, a new algorithm, chaos DNA optimal algorithm (CDNAOA)
is proposed, in which initial population are generated by chaos mapping and searching range is automatically
renewed with the excellent individuals obtained by CDNAOA. Its global convergence is analyzed. Its
efficiency is verified by application of Muskingum models. Compared with standard binary-encoded genetic
algorithm (SGA), differential evolution algorithm (DEA), directly search algorithm (DSA) and trial and error
method (TEM), CDNAOA has higher precision and rapider convergent speed. It is good for the global
optimization in the practical hydrology models.
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1. Introduction
The Muskingum model is one of the most important hydrology models. Their parameters are usually
estimated from historical data using a trial and error method (TEM) [1], genetic algorithm (GA) [2],
differential evolution algorithm (DEA), directly search algorithm (DSA) [3]. The parameter optimization of
the complicated models is intractable mathematically with traditional optimization methods. Once an
objective function has many local extreme points, the traditional optimization methods may not obtain the
global optimization efficiently [2,4,5].
Recently Adleman [6] showed that DNA can be used to solve a computationally hard problem. He solved
the Hamiltonian path problem for a directed graph with seven nodes and demonstrated the power of solving
computational problems using molecules in solution [7]. Lipton then solved an instance of the satisfiability
problem to reveal the advantage of the huge parallelism inherent in DNA computing [8].
In addition, Chaos can be considered as the movement in a limited range occurred in a deterministic
nonlinear dynamic system. Such a movement is very similar to a random process. It is extremely sensitive to
the initial condition, a property sometimes referred to as the instability in Liapunove’s sense or the so-called
butterfly effect [9]. The chaotic map has special characters such as the ergodic property, stochastic property
and sensitivity dependence on initial conditions. Taking advantage of this characteristic feature of the chaotic
system, one can design an efficient approach for maintaining the population diversity in the problem of
interest [10-12].
In this paper, a chaos DNA optimal algorithm (CDNAOA) is presented to reduce computational amount
and to improve the calculation precision in which initial population are generated by chaos mapping. It
gradually directs to an optimal result with the excellent individuals obtained by CDNAOA. Its efficiency is
verified by application of Muskingum model in the practical water environmental model.
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2. Muskingum models
The flow conditions at two locations on a river can be related through the continuity equation.
,

(1)

dW
= I −Q
dt

. W = kQ ' = k ( xI + (1 − x )Q )
(2)
In which I and Q represent the inflow and outflow discharges to the river reach at the two locations,
respectively, W represents the storage volume within the reach, k and x are the Muskingum parameters, and t
is time. The continuity equation can be expressed in finite difference form as:
(3)

~

Q(1) = Q(1)
~

~

Q (i ) = c1 I (i ) + c 2 I (i − 1) + c3 Q (i − 1), i = 2,..., n

.

c1 + c 2 + c3 = 1

~

(4)
(5)

In which Q(i ) and Q(i ) represent the calculated outflow discharges and observed outflow discharges at
time t, respectively. I (i) represents the inflow discharge at time interval t i . n is the total time number,
c1 , c 2 and c3 are the Muskingum parameters in (4).
In order to estimate the parameters of the above Muskingum models, we adopt the following objective
function:
min f (c1, c2 )
n

~

= (∑| c1I (i) + c2 I (i −1) + (1− c1 − c2 )Q(i −1) −Q(i) |) /(n −1)

(6)

i=2

3. Description of Cdnaoa
Consider the following optimization problem:

min f (c1 , c 2 ,⋅ ⋅ ⋅, c p )

{

}

st.. a j ≤ c j ≤ b j , for j=1,2,…, p

(7)

where c = c j , j = 1,2,..., p , c j is a parameter to be optimized, f is an objective function and f ≥ 0 .
The procedure of CDNAOA is shown as follows.
Step 1 (DNA encoding). Suppose DNA encoding length is m in every parameter, the jth parameter range
is the interval [a j , b j ] , and then each interval is divided into 2 m − 1 sub- intervals:
(8)
c = a + θ ⋅ (2 m − 1) ⋅ h
j

j

j

j

where the length of sub- interval of the jth parameter h j =

bj − a j

2m −1

is constant. The searching location

I j = θ j ⋅ (2 m − 1) , is an integer, and 0 ≤ I j < 2 m ， θ j is a chaos variable, 0 ≤ θ j ≤ 1 ,for j = 1,2,..., p .

The DNA code array of the jth parameter is denoted by the grid points of {d ( j , k ) | k = 1,2,..., m} for
every individual:
.

m

I j = ∑ d ( j, k ) ⋅ 2 k −1

(9)

where ⊕ denotes the operator of addition modulo 2 on {0,1} . CDNAOA’s process operates on a population
of individuals (also called DNA code array, strings or chromosomes). Each individual represents a potential
solution to the problem. For corresponding 1× 1 → T , 1× 0 → A, 0 × 1 → G, 0 × 0 → C. The first position value ‘1’
or ‘0’ expresses the position of DNA code and the second position value ‘1’ or ‘0’ expresses the true value of
binary code, and the value of DNA code.
k =1

Step 2 (Creating the initial population by chaos algorithm). To cover the whole solution space and to
avoid individuals entering into the same region, large uniformity random population is selected in this
algorithm. The initial population of n chromosomes is generated by chaos algorithm. We give chaos variable
θ j as follows:

x( j , k , i ) = 1 − a ⋅ x( j , k , i − 1) 2 + b ⋅ x ( j , k , i − 2)
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(10)

x( j , k , i ) − x min
(11)
, i = 1,2,..., n
x max − x min
where θ ( j, k , i) are chaos controlling variables of Henonmap system, where x min is the minimum of
x( j, k , i) and x max is the maximum of x( j, k , i) . Here we let a = 1.41, b = 0.34 and θ ( j , k ,−1) = 0.95 ,
θ ( j , k ,0) =0.23, i =1,2,…,300. When a = 1.4, b = 0.3 , phase points will full in the phase space and system
(10)-(11) will be chaos [9]. Once the initial father population has been generated, the decoding and fitness
evaluation should be done.

θ ( j, k , i) =

Step 3 (Evaluating fitness value of each individual). The smaller the value f (i) is, the higher the fitness of
its corresponding ith chromosome is. So the fitness function of ith chromosome is defined as follows:
1
F (i ) =
[ f (i )]2 + 1.0
Step 4 (Selection). Select chromosome pairs randomly depending on their fitness value from the initial
population. And two groups of n -chromosomes d1 ( j , k , i), d 2 ( j , k , i ) , are gotten
( j = 1,2,..., p; k = 1,2,..., m; i = 1,2,..., n ).
Step 5 (Two-point crossover and two-point mutation). Perform crossover and mutation on chromosomes
the same as GA in Fig. 1and Fig. 2 as follows:
…AAGAT|CCGTCGGA|CAGAG… (Chromosome 1)
…CTGAT|AAGTCAGA|TATAG… (Chromosome 2)
Point 1

Point 2

…AAGAT| AAGTCAGA |CAGAG…
…CTGAT| CCGTCGGA |TATAG…
Figure 1.

Flow chart describing the CDNAOA for two-point crossover

…AAGAT|AAGTCGGA|CAGAG…(Chromosome)
Point 1

Point 2

…AAGAT|TTGTCAGT|CAGAG…
Figure 2.

Flow chart describing the CDNAOA for two-point mutation

Step 6 (DNA evolution). Repeat Steps 3 ~6 until the evolution times q = Q (Q is the total evolution times)
or the termination condition is satisfied.
Step 7 (Optimal accelerating cycle). The parameter ranges of ne -excellent individuals (the ne individuals
nearest to the optimum solution in the evolution) obtained by Q-times of the DNA-encoded optimal evolution
alternating are regarded as the new ranges of the parameters, and then the whole process back to the DNAencoding. The CDNAOA computation is over until the algorithm running times gets to the design T times or
there exists an optimal chromosome C fit whose fitness satisfies a given criterion. In the former case the C fit is
the fittest chromosome or the most excellent chromosome in the population. The chromosome C fit represents
the solution.
The CDNAOA is convergent if the shrinking interval ratio k tj ≤ α <1, ∀t , j = 1,2,..., p [13]. Considering
the evolution generations Q, excellent individuals ne , optimized parameter p and accelerating evolution
generations T, the probability pe of excellent individuals surround the optimum point is pe = (1 − 2 Qne ) pT [13].
And the CDNAOA is global convergence with probability pe =1.000 000, and ne =10, Q≥3. From the above
analysis, we can conclude that the global optimization of the CDNAOA is not only accurate but also stable.
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In this paper the parameters of the CDNAOA are selected as follows: The length e =10, population size
n=100, the number of excellent individuals ne =10, the times of evolution alternating Q=3, the crossover
probability pc = 1.0 , and the mutation probability p m =0.5.

4. Practical Example
Example. An automatic calibration for the Muskingum models.
The Parameter estimation of Muskingum models is studied in this paper. Time interval Δt = 12h . The
observed inflow and outflow discharges for the practical example are shown in Fig. 3. The detail data can be
seen in [3].

Figure 3.

The figure of the observed inflow discharges I and outflow discharges Q

The parameters c1 and c2 are required in this model. The significance of these parameters can be seen in
(4)-(6). In this work, these two parameters are estimated with respect to one criterion, namely the mean
absolute error. The form of the objective function is described in (6).
The optimal parameters c1=0.1159, c2=0.7174, the mean absolute error f is 45.84 with CDNAOA. For
CDNAOA, the evaluation number of the objective function is 900. The computational results of the above
model are given in Table 1. For SGA (Standard binary-encoded genetic algorithm), the evaluation number of
the objective function is 2400, and the mean absolute error f is 52.59. For DEA (Differential evolution
algorithm) [3], the evaluation number of the objective function is 2400, and the mean absolute error f is 47.98.
For DSA (Directly search algorithm) [3], the mean absolute error sum f is 49.55. And for TEM (Trial and
error method), the mean absolute error f is 52.84.
Table 1 gives the errors comparison of several methods. From Table 1, we can see that the results
achieved with our CDNAOA are satisfactory in global optimum and convergent speed. In terms of
minimizing the objective function, CDNAOA has shown to be capable for Muskingum models.
TABLE I.

COMPARISON WITH SEVERAL METHODS IN THE MUSKINGUM MODELS
Parameters
Methods
CDNAOA
SGA
DEA
DSA
TEM

The
evaluation
number

900
2400
2400
-

c1
0.1159
0.0151
0.1269
0.2310
0.1175

c2
0.7174
0.8699
0.7296
0.5380
0.7554

Mean
absolute
errors
f

45.84
52.59
47.98
49.55
52.84

5. Conclusion
In this paper, the chaos DNA optimal algorithm (CDNAOA) is developed for the parameter optimization
of Muskingum models. The circulating mechanism of CDNAOA has been studied. The corresponding global
convergent ability is analyzed for the new CDNAOA. The global optimization of the CDNAOA is not only
accurate but also stable. Because the DNA-encoding, the chaos initial population and accelerating cycle are
adopted, the efficiency and accuracy of the new CDNAOA algorithm are very high compared with SGA,
DEA, DSA and TEM methods. It has been applied to the Muskingum models, and the results are encouraging.
This paper provides a good optimal algorithm for the parameter estimation of the practical hydrology models.
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