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Abstract:  Based on the analysis of characteristics and advantages of HSO (harmony search optimization) algorithm, HSO was used in 

reservoir engineering assisted history matching of Kareem reservoir in Amal field in the Gulf of Suez, Egypt. HSO algorithm has the fol-

lowing advantages: (1) The good balance between exploration and exploitation techniques during searching for optimal solutions makes 

the HSO algorithm robust and efficient. (2) The diversity of generated solutions is more effectively controlled by two components, mak-

ing it suitable for highly non-linear problems in reservoir engineering history matching. (3) The integration between the three components 

(harmony memory values, pitch adjusting and randomization) of the HSO helps in finding unbiased solutions. (4) The implementation 

process of the HSO algorithm is much easier. The HSO algorithm and two other commonly used algorithms (genetic and particle swarm 

optimization algorithms) were used in three reservoir engineering history match questions of different complex degrees, which are two 

material balance history matches of different scales and one reservoir history matching. The results were compared, which proves the 

superiority and validity of HSO. The results of Kareem reservoir history matching show that using the HSO algorithm as the optimization 

method in the assisted history matching workflow improves the simulation quality and saves solution time significantly. 
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Introduction 

Manual history matching is a time consuming and often 
frustrating process[15]. In recent years, several approaches 
have been introduced to automate several tasks of the process. 
The concept of the assisted history matching is as simple as 
converting the history matching problem to an optimization 
problem with the objective of minimizing the difference be-
tween actual observations (e.g. pressure, rate, and saturation 
distribution) and simulated data. The workflow of assisted 
history matching is usually composed of three main elements: 
experimental design, proxy modeling, and optimization. 
Shams et al.[6] proposed a detailed description of the assisted 
history matching process and a newly workflow.  

HSO is a stochastic optimization algorithm developed by 
Geem et al.[7] and inspired by harmony improvisation of musi-
cians searching for the best harmonious performance[8]. Like-
wise, an optimal solution of an optimization problem is the 
best solution available of the problem under the given objec-
tives and the predefined constraints. Similarities between the 
two processes were used to develop the new optimization 
algorithm, namely, HSO, which has never been used before in 

reservoir engineering questions.  
HSO algorithm was used in optimization part of assisted 

history matching in this study and compared with other two 
popular algorithms, genetic algorithm (GA) and particle 
swarm algorithm (PSO). Of them, GA is the most widely used 
algorithm in commercial assisted history matching software, 
and PSO is one of the latest high efficiency global optimiza-
tion techniques. The application results of these algorithms in 
3 assisted reservoir engineering history matching questions to 
verify the effectiveness of the HSO algorithm. Finally, the 
HSO was used in the numerical simulation of a mature oil re-
servoir with gas cap that has been developed for 28 years. Its 
history matching results were compared with the results from 
manual history matching and GA assisted history matching.   

1.  Optimization techniques 

Optimization algorithms include two categories: determi-
nistic and stochastic algorithms[8]. Deterministic optimization 
is the classical approach of optimization methods which com-
pletely depends on linear algebra. In deterministic optimiza-
tion, the gradient of the mathematical model is calculated to  
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optimize the parameter to minimize the objective function. 
The solution of this kind of algorithm is a local optimum but  
not the global optimum. A local optimum maxima or minima 
is not the real optimal solution. Due to the non-uniqueness 
nature of the history matching questions, we expect to have 
several local minima, and therefore the deterministic algo-
rithms can’t work effectively in solving this kind of question[9]. 
In contrast, the stochastic optimization concept is based on 
employing randomness in the search procedure[10]. Several 
stochastic optimization algorithms, such as simulated anneal-
ing[1113], heat-bath algorithm[14], GA[1518], evolutionary strat-
egy[1922], scatter search optimization[23], simultaneous pertur-
bation stochastic approximation[2426], ensemble Kalman fil-
ters[2734], PSO[35], ant colony algorithm[36], have been tested in 
reservoir engineering assisted history matching[3740]. In this 
work, HSO algorithm was introduced into assisted history 
matching of reservoir engineering and compared with two 
other optimization algorithms (GA and PSA) commonly used 
in this kind of research. 

1.1.  Harmony search optimization 

As mentioned above, HSO algorithm is inspired by har-
mony improvisation of musicians searching for the best har-
monious performance. The music harmony improvisation 
process is usually divided three steps: (1) Selecting a satisfac-
tory pitch of music from the musicians’ memory; (2) Selecting 
a pitch of music similar to the satisfactory pitch and then ad-
justing slightly; (3) Composing a new or random pitch. The 
sets of better harmony are memorized and the poor sets are 
discarded. The harmony sets are updated continuously until 
the best harmony is achieved. The three steps of the music 
harmony improvisation process were formalized by Geem et 
al.[7] in an attempt to mimic the inherent optimization proce-
dure, that is the harmony search optimization algorithm 
(HSO). The steps of HSO algorithm are as follows: firstly, 
initializing the harmony memory. Then generate new solution 
vectors, and their components can be generated by 3 mecha-
nisms, namely, (1) keeping some components in the harmony 
memory, with a retention probability of harmony memory as 
HMCR; (2) Generating some components stochastically, with 
the probability of 1−HMCR, (3) Adjusting the new compo-
nents from (1) and (2), if the evaluation function of the new 
solution vector is better than the worst solution in the har-
mony memory, then the new solution vector is used to replace 
the worst solution; and the calculations ends when the termi-
nal conditions are met (for example, reaching the maximum 
iterative times). The main control factors of HSO algorithm 
are the size and retention probability of harmony memory and 
pitch adjustment probability (PAR). 

(1) The size of harmony memory. The harmony memory is 
a simple matrix that represents the fundamental structure of 
the HSO algorithm and composed of the best solution vectors. 
Each row in the harmony memory matrix represents a solution 
vector and the last column represents the vector’s fitness value. 
Before the optimization process begins, the harmony memory 
is initialized with the randomly generated solution vectors. 

The solution vectors can be randomly chosen around a point  
that may represent an area in the search design space where 
the optimum is most likely to be found. In reservoir engineer-
ing assisted history matching, the harmony memory matrix 
can be initialized with solution vectors equal to the most like-
ly values of the history matching parameters. The most likely 
values of the history matching parameters can be determined 
by reservoir engineers from experience or simple taken the 
median of each studied history matching parameter. In a 
M-dimensional optimization question, the harmony memory 
matrix can be expressed as the following: 
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(2) Retention probability of harmony memory (HMCR): 
Value selection in a harmony memory is like the process of 
musician selecting a satisfactory pitch to ensure the rendition 
of good music piece. In HSO, HMCR selects the best fit solu-
tion value for each variable to ensure the carrying-over of the 
best harmony to the new harmony memory. HMCR is a prob-
ability in the range of 0 to 1. If the HMCR selected is too low, 
only a few best harmonies are selected, and the convergence 
may be slow. If the HMCR selected is too high (close to 1), 
almost all the harmonies are used in the harmony memory and 
then other harmonies are not explored well. This may lead to 
potentially wrong solutions. Therefore, in most applications, 
HMCR is set between 0.70 and 0.95[7].    

(3) Pitch adjustment probability (PAR). Pitch adjustment is 
similar to playing a pitch of music similar to a satisfactory music 
piece. In HSO, pitch adjustment is equivalent to the process of 
creating a slightly different solution. By adjusting a pitch sto-
chastically, a new solution is created around an existing good 
solution. By applying PAR (0–1) to control the degree of ad-
justment. If a low adjusting rate parameter with a narrow band-
width is assigned, the search will be limited in a sub-space of the 
search space, and then the convergence of the harmony search 
will decrease. Conversely, if a high adjusting rate parameter 
with a wide bandwidth is assigned, the probability of having 
scattered solutions around potential optima will increase. Thus, 
the PAR is set between 0.1 and 0.5 in most cases[7].  

1.2.  Superiority of HSO  

The reasons why HSO works better in reservoir engineer-
ing assisted history matching questions than other algorithms 
are: (1) The good balance between exploration and exploitation 
during searching for optimal solutions makes the HSO algo-
rithm robust and efficient. Exploration means that the algo-
rithm is able to generate a series of solutions including the po-
tentially optimal ones, explore the whole search space and avoid 
sticking to local minima. Whereas exploitation means that the 
algorithm intensifies its search surrounding the optimal or near 
optimal solution to find a better solution. (2) In HSO algo-
rithm, the diversity of generated solutions is more efficiently  
controlled by two subcomponents (pitch adjustment and ran-
domization) compared with other optimization algorithms that  
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are almost controlled by only one subcomponent. In HSO 
algorithm, the subcomponent of randomization can ensure this 
algorithm has at least the same level of efficiency as other 
optimization methods. Whereas the exploration subcomponent 
(pitch adjustment) of HSO enhances the generated solution 
vectors by intensifying randomness to the existing pitch or 
solution vectors from the harmony memory. In other words, 
the pitch adjusting subcomponent of HSO works as a refine-
ment process of local solutions. Reservoir engineering history 
matching questions can be highly non- linear and usually em-
ploy a large number of optimization parameters. The explora-
tion function of HSO will work better in solving this kind of 
question. (3) The coordination between the three components 
(retention of harmony memory, pitch adjustment, and ran-
domization) of the HSO enables to find unbiased solutions. 
The interaction between the processes of retention of harmony 
memory and pitch adjustment ensures that there is potential 
optimal local solution. Meanwhile, the retention of harmony 
memory and randomization work interactively to explore the 
global search space effectively to get a variety of controlled 
solutions near good solutions. The randomization explores the 
search space more efficiently and effectively while pitch ad-
justment ensures that the newly generated solutions are not 
too far away from existing good solutions. (4) HSO algorithm 
is much easier in implementation process than other optimiza-
tion algorithms. This is because the HSO is less sensitive to 
the optimization parameters. There is no need to adjust the 
optimization parameters to obtain higher quality solutions. 

In comparison, the quality of GA optimization results 
highly depends on the probabilities of genetic operators 
(crossover, selection, mutation) and is greatly affected by the 
tuning ways of these parameters. In addition, the tuning proc-
ess of GA parameters is a pure random process and depends 
on trial and error. Also, if the population size assigned to an 
optimization question utilizing GA is too small, there won’t be 
enough evolution to go on. There will be a high risk that the 
whole population set is dominated by a limited number of 
individuals, which may lead to premature convergence and 
meaningless solutions[41]. Clerc and Kennedy[42] pointed out 
that the theoretical mathematical foundation of PSO algorithm 
was not strong enough. They analyzed the stability of the PSO 
transmitting matrix and found that there were a limited num-
ber of conditions under which the particle could move stably. 
In addition, according to Shailendra[43], the PSO algorithm 
would fall into stagnation once the particles have prematurely 
converged to any particular region of the search space. He 
also found that PSO algorithm had higher efficiency with 
small number of particles, but when the number of particles 
increases, the algorithm became worse in performance. This 
can be a question in reservoir history matching questions as 
they usually have many unknown variables to optimize. 

2.  Application of HSO in assisted history  
matching of reservoir engineering  

2.1.  Assisted history matching tests 

HSO algorithm was tested in three reservoir engineering 

history matching questions of different complex degrees 
namely, two different scales of material balance matching and 
one reservoir simulation assisted history matching questions 
to prove the correction and universality of the HSO algorithm. 

2.1.1.  Single tank material balance matching 

Simple single tank material balance problem with a Hurst- 
van Everdingen-modified aquifer model was constructed. 
Three uncertain parameters (oil in place, aquifer encroach-
ment angle, and aquifer permeability) are selected as history 
matching parameters to test the HSO optimization algorithm.  

2.1.2.  Multiple tanks material balance matching  

The multiple-tanksmaterial balance model consists of three 
fault blocks and each fault block has two layers. Each fault 
block/layer is modeled with its own material balance model, 
which gives a total of six compartments. The fault blocks are 
communicating with some transmissibility across the faults. 
The model has eight wells in total produced in commingled 
manner. Twenty uncertain parameters (oil in place, reservoir 
thickness, aquifer encroachment angle, initial gas cap volume, 
transmissibility between different reservoirs) of the different 
fault blocks are selected as history matching parameters.  

2.1.3.  Reservoir history matching 

The reservoir geologic model is shown in Fig. 1. The model 
includes 3 fault blocks with 3 different initial oil-water con-
tacts and oil-gas contacts. The model size is 5049199 and 
has 487 750 grids. The model contains twenty producers and 
three injectors.  

To implement the assisted history matching, fifty history 
matching parameters were selected, including oil-water con-
tact and gas-oil contacts, permeability multipliers, aquifer 
porosity, aquifer permeability, aquifer thickness, aquifer en-
croachment angle, fault transmissibility multipliers of the 
different fault blocks, Corey exponents of different rock types, 
critical water saturations of different types of rock, and skin 
factors of wells etc. 

2.2.  Comparison of results from different optimization 
methods 

The assisted history matching optimization method pre- 

 

Fig. 1.  Geologic model of reservoir history matching. 
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sented in this paper was applied to above three history match-
ing questions. The experimental design method used to select 
the sample points, the size of the search space and proxy 
modeling technique were the same in HSO, GA and PSO al-
gorithms to ensure that any improvement in the results was 
brought about by the optimization method only. Sobol se-
quence was used as the experimental design technique and 
artificial neural network (ANN) was used as the proxy mod-
eling technique.  

The assisted history matching was conducted according to 
the following procedure: (1) Use MBAL, ECLIPSE and Petrel 
software tools to generate production data in 10 years with 
known reservoir parameters. MBAL was used in material 
balance history matching, while ECLIPSE and was used in 
reservoir history matching case, Carter Tracy model in Petrel 
was used to match water layer. (2) Use the generated produc-
tion data as known historical data in the test questions. (3) 
Change the original reservoir parameters to obtain unmatched 
production data.(4) Use Sobol sequence experimental design 
technique to select the samples of history matching parame-
ters. The selected samples were used to build the scoping runs. 
(5) Calculate the objective function of each scoping run using 
equation (2). (6) Build proxy model for the objective function 
with the experimentally designed reservoir parameter samples. 
All the proxies were built with ANN method. A two-layer 
feed-forward network composed of sigmoid transfer function 
for the hidden neurons and linear transfer function for the 
output neurons was used to fit the multi-dimensional data. The 
network was trained with Levenberg-Marquardt back propa-
gation algorithm, during which the training automatically 
stopped when the ANN mean square error stopped improving. 
The input and target vectors were randomly divided into three 
sets: 70% were used to train the network, 15% to validate the 
network, and 15% to test the network. (7) Minimize the cre-
ated proxy model with the optimization algorithms. This 
minimization process was run five times to choose a more 
representative solution. (8) Use equation (3) to quantify the 
error between the estimated values from history matching and 
actual values of the parameters.  

   2*
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The smaller the value of the performance indicator, the 
closer the estimated value of the model history matching pa-
rameter is to the actual value. For fair comparison of the op-
timization algorithms, the individuals in a population, number 
of iterations in a run and number of runs were kept constant in 
the history matching processes. When doing history matching 
with GA algorithm, the fitness was taken as reciprocal value 
of tour length, and roulette wheel selection was used to match 

crossover operator with a probability of 95%, and reciprocal 
exchange mutation operator with a probability of 0.1%. In the 
history matching with PSO algorithm, the same fitness was set. 
The values of the performance indicators are shown in Table 1. 
The results show that the HSO algorithm have lower values of 
performance indicator than those from GA and PSO algo-
rithms in all the 3 history matching cases, proving HSO algo-
rithm is better than the other algorithms.  

3.  Assisted history matching of reservoir Kareem 

3.1.  Test of the HSO algorithm in assisted history matching  

Kareem reservoir is a mature gas-cap reservoir  put into 
production in December 1988. It showed the drive mechanism 
of strong gas-cap and weak bottom water aquifer during the 
production. Structurally, the reservoir consists of three fault 
blocks and six connected faults. The three fault blocks had the 
same initial oil-water and gas-oil contacts and followed the 
same pressure depletion trend. 23 wells have been drilled in 
the reservoir, of which, 9 are currently in production. Fig. 2 
shows the 3D geological model of the reservoir. The model 
size is 4411972), and has 376 992 cells in total and 116 676 
active cells. The latest simulation of the reservoir succeeded 
in matching 28 years of historical data manually. The com-
prehensive reservoir study took about five months, including 
90 d for the manual history match.  In this work, HSO was 
used in the assisted history matching of the Kareem reservoir, 
and the results were compared with those from manual history 
matching and GA assisted history matching.    

The 15 parameters used in the assisted history matching 
and manual history matching are shown in Table 2. The work-
flow of assisted history matching is as follows: (1) Use Sobol 
sequence experimental design technique to select 25 sample  

Table 1.  Performance indicators in different algorithms of the 

three history matching cases. 

Average performance indicator/% 
Optimization 

Algorithm 
Single tank mate-

rial balance 

Multiple tanks 

material balance 

Reservoir history 

matching 

GA 26.82 30.9 25.38 

PSO 40.98 29.41 35.18 

HSO 12.86 20.29 22.06 

 

Fig. 2.  3D geological model of Kareem reservoir. 
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Table 2.  Values of history matching parameters for different 

workflows. 

History matching technique 

History matching parameter 
Manual 

history 

matching 

Sobol- 

ANN- 

HSO 

Sobol-

ANN-

GA 

Oil water contact/m 2191 2187 2198 

Oil gas contact/m 2067 2066 2072 

Perm. multiplier in X,Y direction 5.06 3.62 4.21 

Perm. multiplier in Z direction 5.24 6.08 2.23 

Critical water saturation/% 32 33 34 

Corey exponent of water (krow) 3.80 4.44 3.06 

Water relative permeability under  

residual oil saturation 
0.48 0.54 0.48 

Corey exponent of oil (krow) 3.71 3.63 3.91 

Corey exponent of oil (krog) 3.84 4.30 3.09 

Oil relative permeability under the  

largest oil saturation 
0.63 0.64 0.63 

Corey exponent of Gas (krog) 2.31 1.86 3.06 

Gas relative permeability under  

irreducible water saturation 
0.85 0.85 0.87 

Gas relative permeability under  

residual oil saturation 
0.62 0.64 0.60 

Volatile gas to oil ratio/(m3m3) 0.08 0.08 0.09 

Dissolved gas oil ratio/(m3m3) 1.08 1.14 1.04 
 
runs out of the uncertainty range of the assigned history 
matching parameters. (2) The scoping runs contains 26 runs 
(25 selected by the experimental design method and the rest 
one represents the most likely values of the history matching 
parameters) following JUTILA’s rule of thumb[44] that states 
that the number of scoping runs should not be less than (2N+1) 
with upper limit of 26 runs. (3) Run the scoping runs over the 
first half of the historical data (first 14 years). For each scop-
ing run, a multiple objective function was calculated with 
equation (2). (4) In the proxy model built by ANN, the objec-
tive function and the experimentally designed reservoir pa-
rameter samples were interpolated. (5) The created ANN 
proxy model was minimized by HSO and GA. The minimiza-
tion process was run five times to take a more representative 
solution by each algorithm. (6) Use the values of the history 
matching parameters obtained by the two algorithms as input 
for running the next half of the history matching (last 14 years) 
in prediction mode. (7) Compare the simulated data of each 
workflow with the actual data by using the error indicator 
calculated with equation (4). (8) Petrel and ECLIPSE com-
mercial software programs were used for reservoir simulation 
of the field case and then MATLAB was used to run the coded 
assisted history matching workflow. 
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3.2.  Results of the assisted history matching  

The HSO assisted, manual and GA assisted history match-
ing most widely used were compared in matching quality and 

time. The matching results of production, water cut, average 
reservoir pressure and GOR are shown in Figs. 3 to 6. It can 
be seen from Fig. 3 that the history matching results of oil 
production rate obtained by the proposed workflow (Sobol- 
ANN-HSO) are close to that obtained by manual history 
matching and they are both in good match with the actual data. 
Whereas the history matching results obtained by the (Sobol- 

 
Fig. 3.  History matching results of oil production of Kareem 
reservoir. 

 
Fig. 4.  History matching results of water cut of Kareem reservoir. 

 
Fig. 5.  History matching results of average pressure of Kareem 
reservoir. 

 

Fig. 6.  History matching results of gas-oil ratio of Kareem res-
ervoir. 
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ANN-GA) workflow are poorer in quality than those from the 
other two workflows, especially in the period between 1991 
and 2004. The results of water cut history matching are simi-
lar with those of production (Fig. 4). The water cut from 
Sobol-ANN-GA workflow is lower over the whole lifetime of 
the reservoir. Whereas the water cut from manual and Sobol- 
ANN-HSO are close and in better agreement with the actual 
water cut. Fig. 5 shows the history matching results of average 
reservoir pressure by the three methods. It can be seen from 
the figure the simulation results obtained by the manual his-
tory matching and Sobol-ANN-HSO are close and better in 
matching effect than that obtained by Sobol-ANN-GA. The 
results of gas-oil ratio obtained by the 3 methods don’t have 
much difference (Fig. 6). 

To make a quantitative comparison, the error indicator of 
each history matched model was calculated, and the results 
show the error indicators of manual matching, Sobol-ANN- 
GA, Sobol-ANN- HSO models are 0.698，1.035，and 0.691 
respectively. The number of runs to obtain the matching with 
the three methods are 200, 26, 26 respectively, and the time 
spent is 90, 2 and 2 d respectively. The Sobol-ANN-HSO 
method gave the matching model with the lowest error indi-
cator, and is highest in matching quality and efficiency. 

Fig. 7. shows the history match quality of the Sobol-ANN- 
GA method and Sobol-ANN-HSO method on well basis. It 
can be seen that the quality of matching obtained by Sobol- 
ANN-HSO is better than that obtained by Sobol-ANN-GA in 
6 wells, similar in one well, and poorer in 2 wells.   

 4.  Conclusions 

It is concluded from 3 history matching cases of reservoir 
engineering and history matching of Kareem reservoir that the 
proposed optimization algorithm (HSO) is superior to the GA 
and PSO optimization techniques commonly used in assisted 
history matching. The use of HSO in assisted history match-
ing can save time spent on reservoir simulation significantly. 
The proposed optimization algorithm (HSO) has matching 
quality close to that of manual history matching, but takes 
much less time. 

 

Fig. 7.  Comparison of quality of history matchings by Sobol- 
ANN-HSO and Sobol-ANN-GA methods on well basis. 

Nomenclature 

A—harmony component;  

EI—error indicator;  

f(x)—objective function obtained using a set of history matching 

parameters x;  

Hest—estimated value of history matching parameter;  

Hexa—exact value of history matching parameter;  

i—serial number of actual data point;  

j—serial number of history matching parameter;  

Krog—oil gas relative permeability;  

M—dimension number of the optimization question;  

n—number of observed data points;  

N—number of history matching parameters;  

PI—performance index, %;  

S—size of the harmony memory;  

wi—weight to each data set in the objective function;  
*
iy —simulated data obtained using a set of history matching pa-

rameters x;  

yi—observed data point;  

Φ—fitness.  

Subscripts:  

GOR—gas-oil ratio;  

WC—water cut;  

P—pressure. 
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