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Abstract: Differential Evolution (DE) is an evolutionary optimization technique, which is 
exceptionally simple, significantly faster & robust at numerical optimization and is more 
likely to find a function’s true global optimum. In the present study, DE has been used to 
solve the two non-linear chemical engineering problems. Comparison is made with αBB 
algorithm (which is based on a branch-and-bound approach). The results indicate that 
performance of DE is better than the αBB algorithm. 
 
Key words: Evolutionary Computation Method, Optimization, Differential Evolution, αBB 
algorithm, Non-linear Programming Problems. 

 
 
 

1. INTRODUCTION 
 
Realistic treatments of physical and engineering systems 
frequently involve nonlinear models. Non-linearities are 
introduced by process equipment design relations, by 
equilibrium relations and by combined heat and mass 
balances. The design variables may be continuous [non-
linear programming (NLP) problems] or some may be 
integer [mixed integer non-linear programming 
(MINLP) problems]. Model nonlinearities give rise to 
nonconvexities, which, in turn, lead to multiple local 
optima. Gradient optimization techniques have only been 
able to tackle special formulations, where continuity or 
convexity had to be imposed, or by exploiting special 
mathematical structures. Stochastic algorithms, also 
known as adaptive random search, have successfully 
tackled nonconvex problems, mostly in area of Chemical 
Engineering. 
 
The optimization of non-linear constrained problems is 
relevant to chemical engineering practice (Salcedo, 
1992; Floudas, 1995). In recent years, evolutionary 
algorithms (EAs) have been applied to the solution of 
NLP in many engineering applications. The best-known 
algorithms in this class include Genetic Algorithms 
(GA), Evolutionary Programming (EP), Evolution 
Strategies (ES) and Genetic Programming (GP). There 
are many hybrid systems, which incorporate various 
features of the above paradigms and consequently are 
hard to classify, which can be referred just as EC 

methods (Dasgupta and Michalewicz, 1997). They differ 
from the conventional algorithms since, in general, only 
the information regarding the objective function is 
required. EC methods have been applied to a broad range 
of activities in process system engineering including 
modeling, optimization and control. Differential 
Evolution (DE), developed by Price & Storn (1997), is 
one of the best EC methods. This method provides one 
of the best genetic algorithms for solving the real-valued 
test function. The convergence speed of DE is very high. 
 
In the present study, DE - a hybrid evolutionary 
computation method, has been used to solve the two 
non-linear chemical engineering problems viz., (1) Heat 
exchanger network design and (2) Reactor network 
design. These problems arise from the area of chemical 
engineering, and represent difficult non-linear 
optimization problems, with equality & inequality 
constraints. Comparison is made with αBB algorithm 
(Adjiman et al., 1998a; 1998b), which can be used to 
solve problems belonging to the broad class of twice-
differentiable constrained NLPs. The αBB algorithm is 
based on a branch-and-bound approach, where a lower 
bound on the optimal solution is obtained at each node 
through the automatic generation of a valid convex 
underestimating problem. It is found that DE, an 
exceptionally simple evolutionary computation method, 
is significantly faster and yields the global optimum for a 
wide range of the key parameters. 



2. DIFFERENTIAL EVOLUTION 
 
DE (Price & Storn, 1997) is an improved version of GA 
(Goldberg, 1989) for faster optimization. Unlike simple 
GA that uses binary coding for representing problem 
parameters, DE uses real coding of floating point 
numbers. Among the DE’s advantages are its simple 
structure, ease of use, speed and robustness. Price & 
Storn (1997) gave the working principle of DE with 
single strategy. Later on, they suggested ten different 
strategies of DE (Price & Storn, 2002). A strategy that 
works out to be the best for a given problem may not 
work well when applied for a different problem. Also, 
the strategy and key parameters to be adopted for a 
problem are to be determined by trial & error. The key 
parameters of control are: NP - the population size, CR - 
the crossover constant, F - the weight applied to random 
differential (scaling factor). The detailed Differential 
Evolution algorithm used in the present study is given 
below: 
 

• Choose a strategy 
• Initialize the value of D (Number of 

independent parameters), NP, CR, F & 
gen_max. 

• Initialize all the vector population randomly in 
the given upper & lower bound. 
For I=1 to NP 
{For j=1 to D 
xij = random Number} 

• Evaluate the cost of each vector. 
• Find out the vector with the lowest cost. 
• Repeat 
• Perform mutation & recombination. 

a) For each vector xt (target vector), select 
three distinct vectors xa, xb & xc (select 
five, if two vector differences are to be 
used) randomly from the current 
population (primary array) other than 
vector xt. 

b) Perform crossover for each target vector 
with its noisy vector to create a trial 
vector.  

• After the mutation & recombination, if the 
bound (i.e. lower & upper limit of a variable) is 
violated then it can be brought in the bound 
range (i.e. between lower & upper limit) either 
by forcing it to lower/upper limit (forced 
bound) or by randomly assigning a value in the 
bound range (without forcing). 

• Perform selection for 
each target vector, xt by comparing its cost with 
that of the trial vector. Vector with lower cost is 
selected for next generation. 

• Till termination criteria do not meet. 
• Print results. 

 
The crucial idea behind DE is a scheme for generating 
trial parameter vectors. Basically, DE adds the weighted 
difference between two population vectors to a third 
vector. Price & Storn (2002) have given some simple 

rules for choosing key parameters of DE for any given 
application. DE has been successfully applied in various 
fields. The various applications of DE are: digital filter 
design (Storn, 1995), batch fermentation process (Chiou 
and Wang, 1999; Wang and Cheng, 1999), estimation of 
heat transfer parameters in trickle bed reactor (Babu and 
Sastry, 1999), optimal design of heat exchangers (Babu 
and Munawar, 2000; 2001), synthesis & optimization of 
heat integrated distillation system (Babu and Singh, 
2000), optimization of an alkylation reaction (Babu and 
Gaurav, 2000), scenario-integrated optimization of 
dynamic systems (Babu and Gautam, 2001), 
optimization of non-linear functions (Babu and Angira, 
2001a), optimization of thermal cracker operation (Babu 
and Angira, 2001b), a differential evolution approach for 
global optimization of MINLP problems (Babu and 
Angira, 2002) etc. 

 
3. CASE STUDIES 

 
3.1 Problem-1. Heat Exchanger Network Design 
 
This problem addresses the design of a heat exchanger 
network as shown in Fig. 1. One cold stream must be 
heated from 100 0F to 500 0F using three hot streams 
with different inlet temperatures. The goal is to minimize 
the overall heat exchange area. It has been taken from 
Floudas and Pardalos (1990). It is also solved by 
Adjiman et al. (1998) using αBB algorithm. 
 
Min f = 321 xxx ++  

Subject to 
0.0025(x4 + x6) – 1 = 0 
0.0025(- x4 + x5 + x7) – 1 = 0 
0.01(- x5 + x8) – 1 = 0 
100x1 – x1x6 + 833.33252x4 – 83333.333 ≤ 0 
x2x4 – x2x7 – 1250x4 + 1250x5 ≤ 0 
x3x5 – x3x8 – 2500x5 + 1250000 ≤ 0 
100 ≤ x1 ≤ 10000 
1000 ≤ x2, x3 ≤ 10000 
10 ≤ x4, x5, x6, x7, x8 ≤ 1000 
Where  
x1, x2, and x3 are areas of heat exchangers and 
x4, x5, x6, x7, and x8 are temperatures of streams as shown 
in Fig. 1. 

     300      400      600  
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x1 x2 x3 

Fig. 1 Heat exchanger network design problem 
 
The global optimum is: (x1, x2, x3, x4, x5, x6, x7, x8; f) = 
(579.19, 1360.13, 5109.92, 182.01, 295.60, 217.9, 
286.40, 395.60; 7049.25).  



The above problem can be reformulated by eliminating 
equality constraint as given below: 
 
Min f = 321 xxx ++  

Subject to 
( ) 03338333333252833400100 4411 ≤−+−− .. xxxx  
( ) 012501250400 5445242 ≤+−+−− xxxxxxx  
( ) 012500002500100 55353 ≤+−+− xxxxx  

10000100 1 ≤≤ x  
100001000 32 ≤≤ xx ,  

100010 54 ≤≤ xx ,  
 
3.2 Problem-2. Reactor Network Design 
 
This example, taken from Ryoo and Sahinidis (1995), is 
a reactor network design problem, describing the system 
shown in Fig. 2. It involves the design of a sequence of 
two CSTR reactors where the consecutive reaction 

CBA →→  takes place. The goal is to maximize the 
concentration of product B in the exit stream. This 
problem is known to have caused difficulties for other 
global optimization methods. 
 
Min  4x−  

Subject to 
15211 =+ xxkx  

062212 =+− xxkxx  
153313 =++ xxkxx  

06441234 =+−+− xxkxxxx  

450
6

50
5 ≤+ .. xx  

(0, 0, 0, 0, 10-5, 10-5) ≤ (x1, x2, x3, x4, x5, x6) ≤ (1, 1, 1, 1, 
16, 16). 
 
Where  k1 = 0.09755988 
  k2 = 0.99k1 
  k3 = 0.0391908 
  k4 = 0.9k3 

                                                                                                                                                                                                                  
      k1     k3              k2         k4                          
 A           B           C          A           B          C  
       
       
   A           A, B, C        A, B, C 
 

CA0 = 1          x1 = CA1       x2 = CA2 
                
              x3 = CB1       x4 = CB2 

 
      x5 = V1    x6 = V2  

Fig. 2 Reactor network design 
 
The global optimum is: (x1, x2, x3, x4, x5, x6; f) = 
(0.771462, 0.516997, 0.204234, 0.388812, 3.036504, 
5.096052; -0.388812). 
 
This example constitute a very difficult test problem as it 
possesses a local minimum with an objective function 
value that is very close to that of the global solution. The 

local solutions are with f = -0.375 and f = -0.3881. 
Interestingly enough, the two local solutions utilize only 
one of the two reactors whereas the global solution 
makes use of both reactors. This problem can be 
reformulated by eliminating equality constraint as 
follows: 

Max  f = 
( ) ( )

( )( )( )( )64536251

621362

1111
11

xkxkxkxk
xkkkxk

++++
+++

 

 
Subject to  

450
6

50
5 ≤+ .. xx  

(10-5, 10-5) ≤ (x5, x6) ≤ (16, 16).  
Global optimum is same after reformulation. 
 

4. RESULTS AND DISCUSSION 
 
Table-1 & 2 show the results obtained using DE 
with/without forcing the bound on variables, and the 
comparison of DE with αBB algorithm respectively. The 
stopping criteria adopted for DE is to terminate the 
search process when one of the following conditions is 
satisfied: (1) the maximum number of generations is 

reached (assumed 2000 generations).  (2) | kk ff minmax − | < 
10-5 where f is the value of objective function for k-th 
generation. After the mutation & recombination, if the 
bound (i.e. lower & upper limit of a variable) is violated 
then it can be brought in the bound range (i.e. between 
lower & upper limit) either by forcing it to lower/upper 
limit (forced bound) or by randomly assigning a value in 
the bound range (without forcing). In Table-1, NFE & 
NRC represent respectively, the mean number of 
objective function evaluations and the percentage of runs 
converged to the global optimum in all the 10 executions 
(with different seed values). The key parameters of DE1 
(NP/CR/F) used for problem-1 and problem-2 are 
50/0.8/0.5 and 20/0.8/0.5 respectively. 
 

Table 1 Results of DE1 

Problem 
No. 

DE1  
(NFE/NRC) 

(Forced Bound) 

DE1  
(NFE/NRC) 

(Without Forcing) 
1. 40130/80 36620/100 

2. 996/10 1210/50 

DE1 Strategy used is DE/rand/1/bin (Price and Storn, 2002) 
 
In Problem-1, NFE without forcing is 8.75% less than 
NFE with forced bound (Table-1). However, for 
Problem-2 NFE with forced bound is 17.69% less than 
NFE without forcing.  Also, the NRC with forced bound 
is not 100% in both the problems while NRC without 
forcing is 100% for the Problem-1. It is important to note 
that in Problem-2, NRC with forced bound is just 10%. It 
is because when upper limit of bound is violated, the 
value of variable is forced to the upper limit that resulted 
in convergence to non-optimal solution. However, for 
Problem-1, the NRC is 80% for forced bound. Tolerance 
in the present study is 10-5 as compared to 10-3 in 
Adjiman et al. (1998b).  



The time taken by DE is much less than that of αBB 
algorithm (Table-2). Of course the CPU-times cannot be 
compared directly because different computers are used. 

Table 2 Comparison of DE1 with αBB Algorithm 

Problem 
No. 

DE1  
(CPU-time) 

(Without 
Forcing) 

DE1  
(CPU-time) 

(Forced 
bound) 

DBB 
Algorithm 

(CPU-
time) 

1. 1.445** s 1.566** s 54.4* s 

2. 0.044** s 0.033** s 5.5* s 

* CPU-time obtained using HP9000/730 (66MHz) with convergence 
tolerance of 0.001 (Adjiman et al., 1998b). 

** CPU-time obtained using Pentium-III (500MHz) with convergence 
tolerance of 0.00001 (present study). 

 
However, a comparison can be made after considering a 
factor of 10 (high enough) i.e. if the same problems 
would have been solved on HP9000/730 (66MHz) using 
DE they might have taken ten times more of CPU-time 
than at Pentium-III, 500MHz. Even then the CPU-time 
in DE is 73.44% less for the first problem and 92% less 
for second problem than that in αBB algorithm 
respectively. Therefore, it is evident that DE took least 
CPU-times to achieve global optima in each of the above 
test problems. Hence the performance of DE proved to 
be better than that of αBB algorithm in optimizing the 
nonlinear chemical engineering problems considered in 
the present study. 

 
5. CONCLUSIONS 

 
Two chemical engineering case study problems have 
been solved using DE in the present work. Results 
indicate that the bound on variables, when violated, 
should not be forced to lower/upper limit.  In such cases, 
assigning a random value between lower & upper limit 
found to give a better convergence to global optimum. 
Also there was difficulty in dealing with equality 
constraints. However, when reformulated by eliminating 
these equality constraints, the algorithm exhibited high 
convergence (100% in Problem-1). The performance of 
DE is found to be the best in the two problems studied. 
Results indicate that DE is more reliable, efficient and 
hence a better approach to the optimization of non-linear 
problems.  
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