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ABSTRACT 

The portfolio optimization problem is a problem concerning asset allocation and diversification 
for maximum return with minimum risk. Markowitz model considers what is termed as standard 
portfolio optimization.  

In the standard portfolio optimization problem, the constraints taken into account are budget and 
no-short selling. In reality however, portfolio optimization has realistic constraints to be 
incorporated, such as holding sizes, cardinality and transaction cost. When these realistic 
constraints are added to portfolio optimization, the problem becomes too complex to be solvable 
by standard optimization methods, now we have an extended portfolio optimization problem.  

Markowitz solution and the conventional methods like quadratic programming become 
inapplicable. Heuristic methods are usually used to deal with this extended portfolio optimization 
problem. Threshold Accepting is an established heuristic algorithm in the extended portfolio 
optimization problem.  

In this paper a heuristic algorithm is proposed for the extended portfolio optimization problem. It 
is a hill climbing algorithm named Hill Climbing Simple, HC-S. HC-S is tested in solving the 
standard Markowitz model. It is benchmarked with the quadratic programming (QP) which is a 
standard method. Threshold Accepting is used as a benchmark heuristic algorithm to the proposed 
HC-S. 

Keywords: Portfolio Optimization, Hill climbing, Algorithm, Heuristic optimization 
 

1. INTRODUCTION 

In portfolio optimization, the problem is to find the portfolio weights, i.e. how to distribute the 
initial wealth across the available assets, in order to meet the investor’s objectives and constraints 
as well as possible (Meucci (2005), Maringer (2008), Markowitz (1952), and Markowitz, (1959)). 

The most important constraints are budget and return constraints since they characterize the main 
part of the portfolio problem (Di Tollo and Roli (2008)). The return constraint is when the investor 
requires a certain level of profit from his investment with minimum risk. The budget constraint is 
when the investor has to invest all the capital in the portfolio. However return constraints can only 
be satisfied using a historical portfolio (Sharpe, (2000), Korn (1997), Prigent (2007), Markowitz 
(1952), Markowitz (1959)). 

Markowitz’s standard portfolio optimization model (Markowitz (1952), Markowitz, H., (1959).) 
is a mathematical framework for describing and assessing return and risk of a portfolio of assets, 
using returns, volatilities and correlations. Markowitz introduced what is known as the mean-
variance principle, where future returns are regarded as random numbers and expected value 
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(mean) of the returns E(r) and their variance (whose square root is called standard deviation/ risk) 
capture all the information about the expected outcome and the likelihood and range of deviations 
from it ( Markowitz (1952),  Markowitz, H., (1959)). 

Although the Markowitz model is a well-defined optimization problem, there exists no general 
solution for the optimization problem, because of the non-negativity constraint on the asset weight. 
Though the Markowitz model cannot be solved analytically, numerical methods exists by which 
the model can be solved for a given set of parameters (Maringer (2008)). The capacity of these 
traditional/standard methods, rely on strong assumptions and simplifications which do not reflect 
the real market situations (Sharpe, (2000)). For reliable results that reflect the constraints of the 
real market situations, alternative optimization techniques that are capable of dealing with these 
real market situations have to be employed. Heuristic algorithms are usually used to deal with the 
extended portfolio optimization problem (Streichert and Tamaka-Tamawaki, (2006), Maringer 
(2008), Gilli and Kellezi (2000), Crama and Schyns (2003), and Muralikrishna, (2008)). These are 
heuristic optimization techniques like Simulated Annealing (Kirkpatrick et al (1983), and 
Threshold Accepting (Dueck and Scheuer (1990)). 

The most established heuristic algorithm used in extended portfolio optimization problem being 
Threshold Accepting (Maringer, (2005), Winker and Maringer (2007), Gilli and Kellezi (2000), 
Winker (2001), Gilli and Schumann (2010). Gilli and Schumann (2012)).  

Heuristic techniques solve optimization problem by repeatedly generating new solutions and 
testing them (Hoos and Tsang (2006)). They seek to converge to the optimum in the course of a 
search. They are flexible and not so restricted to certain forms of constraints (Gilli and Kellezi 
(2000), Winker (2001), Gilli and Winker (2008).  And Gill et al. (2011)). They operate on an 
iterative principle that includes stochastic elements in generating new candidate solutions and/or 
in deciding whether these replace their predecessors – while still incorporating some mechanism 
that prefers and encourages improvements (Maringer (2008), Winker and Maringer (2007), Glover 
and Kochenberger (2003), and Voudouris et al, (2010)).  

The stopping criterion is usually a fixed number of steps or if the quality of the solution does not 
improve after a given or specified number of iteration or both (Winker and Maringer (2007)). 

In this paper, a heuristic algorithm is designed and investigated for portfolio optimization problem. 
The produced algorithm is tested in solving the standard portfolio optimization problem. 

The significance of the research is in achieving efficient portfolio optimization (Markowitz, H., 
(1959)). 

2. MARKOWITZ MODEL 

In the standard Markowitz model, the objective is to maximize the expected return, R, while 
diminishing incurred risk, , measured as standard deviation/variance (Markowitz (1952)).  

Considering return (Rp) of a portfolio and variance (2
p) of portfolio, the equation to maximize is  

Max (.E(Rp)  –  (1-).2
p)  (1) 

Subject to 

 Expected return: 
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𝐸(𝑅p) = ∑ 𝑤 E(𝑅 )  (2) 

 Portfolio return variance: 

2
p=∑ ∑ 𝑤 𝑤      (3) 

 = 1  for i=j 

 Constraints: 

∑ 𝑤 = 1   (4) 

0 ≤ 𝑤 ≤  1  (5) 

Where the expected return of each asset is𝐸(𝑅 ), each asset variance is  , and each asset weight 
is 𝑤 . 

Equation (1) reflects the trade-off between return (Rp) and risk (p) of portfolio.  

By solving the above problem for different values of (0, 1): the efficient line/frontier is then 
identified.  

If =1 the model will search for the portfolio with highest possible return regardless of the 
variance. If =0, the minimum variance portfolio (MVP) will be identified.  

Higher values of   put more emphasis on portfolio’s expected return and less on its risk. 
(Markowitz (1952)). Equation (4) and (5) are the constraints on the weights that they must not 
exceed certain bounds. 

3. DESIGN OF THE ALGORITHM HC-S 

The designed hill-climbing algorithm is denoted as HC-S. Here HC stands for Hill Climbing, S 
stands for Simple search of neighbourhood, according to the neighbourhood functions defined 
below. In each step, the algorithm attempts to improve the solution by changing the relative weight 
of a single asset. 

ThP stands for Threshold Percentage. It refers to the size of a step in the proposed hill climbing 
method. In HC-S, ThP is fixed (to 0.5%). 

3.1. Representation of Solution 

A solution is represented by a vector of numbers (yi, …,yn). The element in position i represents 
the relative weight of the capital invested in stock i. The vector of numbers (yi, …,yn) are 
normalized to make sure that the weights in all the assets add up to 1.  

The percentage/weight to be invested in stock i is xi, where:  

xi = yi/ ∑ 𝑦  
One advantage of using this representation is that the vector, y, may take any number without 
violation of budget constraint that the weights add up to 100%. 
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Figure 1: Pseudo Code for procedure for HC-S, Hill climbing procedure of HC-S 

3.2. Definition of Neighbourhood for the Hill Climbing Algorithm HC-S 

The current solution has two neighbours or possible candidate solutions. Elements of vector y in 
the range of 0 to 100 are randomly generated. The number of elements of y is equal to the number 
of asset/stocks. The randomly picked position in y is denoted as pos. ThP is a small percentage, 
which we refer to as threshold percentage, by which elements of y will be varied to get the next 
neighbour. 

The neighbourhood definition is to pick just one position (pos) in the current solution, y, at random. 
After picking the random position in the current solution, one neighbour is obtained by adding ThP 
to that position and another is obtained by subtracting ThP on the same position. This gives two 
neighbours (two possible candidate solutions) to be compared with the current solution, at random. 
The first better candidate solution (neighbour) to be picked is taken to be the current solution out 
of the possible candidate solutions. If no better solution is found, another position, pos, in y is 
picked at random. The procedure is repeated for a pre-set number of iterations, or until local 
maximum.  

Given mean returns of all stocks in column vector denoted as retasset, given assets’ co-
variances/deviations matrix, denoted as dev, and given  as the level of risk aversion;  

Below, figure 1, is the procedure for HC-S. 

Figure 2 below is the Function to search for better neighbouring solution 

 
Function Move_to_neighbour (y, yplus, 
yminus, , retasset, dev) 
 
Begin 
 x =y / ∑ y  
xplusi = yplus / ∑ yplus   

 
 
 
 
% Find weights, x, of all the assets n in portfolio% 
% Find weights, xplus, of all assets n % 

Procedure HC-S (ThP, , retasset, dev) 
Randomly generate initial current solution y 
Begin 

Repeat 
Pick random position, (pos), in current solution y 
yplus = y     
yminus = y     
yplus(pos) =  yplus(pos)*(1 + ThP)  
yminus(pos) = yminus(pos)*(1 - ThP) 
y = move_to_neighbour(y, yplus, yminus, , 
retasset, dev)  

Until stopping criterion 
End 

 
 
 
 
 
 
% Generate yplus from current solution 
%Generate yminus from current solution 
% Get a neighbour of current solution % 
% Get second neighbour of current solution % 
 
% Pick a better neighbour solution % 
% Stopping criterion; no neighbour is better 
than current solution or pre-set maximum 
number of iterations reached% 
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xminusi = yminus / ∑ yminus   
xvalue = objectvalue (x, , retasset, dev)
 xplusvalue = objectvalue (xplus, 
, retasset, dev) 
xminusvalue = objectvalue (xminus, , 
retasset, dev)   

if  xplusvalue>xvaluetheny=yplus 
end if 

if xminusvalue>xvalue then y=yminus 
end if 
return y 

End 

% Find weights, xminus, of all assets n% 
% Calculate objective value of portfolio x and 
denote as xvalue. % 
% Calculate objective value of portfolio xplus and 
denote as xplusvalue% 
%Calculate objective value of portfolio xminus 
and denote as xminusvalue. % 
% Return yplus if it is better than y. % 
 
% Return yminus if it is better than y. % 
 

Figure 2:  Pseudo Code for a function for searching for better neighbouring solution 

Figure 3 is the function for calculating the objective/objective value from equation (1). It is used 
to measure the quality of a portfolio. 

 
Function Objectvalue (x, , retasset, 
dev) 
Begin 
retport= scalar/dot product(retasset, x) 

  risk = x*dev*x’    
fitvalue = *retport – (1 - )*risk  
returnfitvalue 

End 

 
%Calculate effective expected return of portfolio% 
% Calculate effective risk/variance of portfolio % 
%Calculate objective/objective value according to 
equation (1) above. % 

Figure 3: Pseudo Code for calculating Objective function value 

4. BENCHMARKING THE ALGORITHM  

The algorithm is applied on a benchmark problem of solving standard Markowitz model as 
described in equations (1), (2), (3) under basic constraints (4) and (5). This problem has exact 
solution by standard methods. The standard method used for comparison is Quadratic 
Programming. Then the results from the algorithm proposed is compared with the results by 
Threshold Accepting. This is a well-established heuristic algorithm in portfolio optimization. The 
effectiveness, efficiency and reliability of the algorithm is further analysed. 

The assets and their return data used for applications in the algorithm are from DAX stock 
exchange. The data used were daily returns over 1001 days. 

4.1. Efficient Frontier 

For every level of return, there is one portfolio that has the lowest possible risk and for every level 
of risk there is a portfolio that offers the highest return. This combination when plotted on a graph 
of the curve/line is the efficient frontier (Markowitz (1959)). The portfolios of this combination of 
return, risk values, plotted on the efficient frontier make up the set of efficient portfolios 
(Markowitz (1959)). The standard Markowitz model, equations (1) to (5), was used to find an 
optimum portfolio of 230 assets.  
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Below is the efficient frontier obtained by tackling the Markowitz model using HC-S. It was 
applied on 230 assets portfolio. The 230 assets are from DAX stock exchange. The data used were 
daily returns over 1001 days. 

 

Figure 4. Efficient Frontier of 230 assets portfolio using HC-S 

4.2. Benchmarking HC-S with Quadratic Programming method 

Here HC-S is benchmarked on the Markowitz model. It is tested on 10 assets portfolio. The results 
are compared with Quadratic Programming (QP), which is a standard method. 

Below are experimental results on benchmarking HC-S with QP. They are the percentage values 
in a table and corresponding bar charts of the weights of 10 assets portfolio. They were obtained 
by finding minimum variance portfolio (Markowitz model with =0 in expression (1) above) by 
quadratic programming method and by the hill-climbing algorithms HC-S. Quadratic 
programming (QP) produces exact solution so results by HC-S are compaired with QP results to 
see how accurate the method is.The values show the relative weights (of total bugdet) to be 
invested in each asset . The results (weights) by algorithm HC-S is from the best solution after 100 
runs/iterations. 

The bar chart, figure 5, shows the results of the algorithms HC-S in comparison to QP. The blue 
bars are that of Quadratic Programming (QP) and the red ones are of HC-S respectively. 

Table 1: Experimental results on benchmarking HC-S with Quadratic Programming 

algorithm 
Weight in each asset 

QP 0.0053    0.0802    0.1150    0.3191    0.1622    0.0599    0.0419    0.0067    0.0356  0.1741 
HC-S 0.0053    0.0801    0.1150    0.3193    0.1620    0.0601    0.0419    0.0067    0.0357  0.1739 
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Figure 5:  Comparison of HC-S (red) with Quadratic Programming (blue) 

It is observed from the results (in Table 1 and Figure 5) that solutions obtained by HC-S do not 
differ much from the exact solution  by quadratic programming (QP). 

Variance/risk was calculated from the weights obtained by the methods QP and HC-S. The two 
methods attained the same low portfolio risk of 6.9751e-005. Attaining the same value of risk as 
QP depicts that the algorithm HC-S attains very accurate solutions. 

The similar height bars of HC-S compared to QP also depict that the algorithm HC-S give very 
accurate solutions. 

4.3. Benchmarking the Algorithm using Threshold Accepting 

4.3.1. Experimental Results 

HC-S is benchmarked on the Markowitz model, equation (1). They are tested on 100 assets 
portfolio. The results are compared with Threshold Accepting, which is a well-established Hill 
Climbing algorithm in portfolio selection and optimization. 

The assets and their return data used for applications in the algorithms are from DAX stock 
exchange. The data used were daily returns over 1001 days. 

The following is the algorithm that is evaluated; 

HC-S: Hill Climbing-Simple  

HC-S (9e+5) is HC-S with 9e+5 iterations. 
Below is table 2 with experimental results on the portfolio optimization on 100 stocks from DAX 
stock exchange; taken after 100 runs. The results show the values of objective function, number 
of functional evaluations required to reach final objective value, and average time in seconds for 
one run to converge to local maximum (final solution). The Best Final Objective value is the 
highest objective function value obtained in all 100 runs. Final objective values obtained in each 
run were recorded and so below is the Mean, STD and Worst of Final objective values in all the 
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100 runs. The Mean and STD of Number of functional evaluations to reach final objective value, 
of the 100 runs, are also given. 

 
Table 2: Experimental results on Portfolio optimization on 100 stocks, after 100 runs. 

Algorithm 
Iterations 

 HC-S 
(9e+5) 

Threshold Accepting 
(9e+5) 

Best Final Objective value  0.000596 0.000588 

 
Final objective value 

Mean 
STD 
Worst 

0.000594 
6.46e-6 
0.000559 

0.000563 
3.46e-5 
7.2563e-5 

No. of functional evaluations to final objective value Mean 
STD 

2.7e+5 
6800 

3.0e+5  
1770 

Average time for 1 run (in sec.)  39.0 704.7 

STD =Standard Deviation 

4.3.2. Statements on the Results above 

HC-S is better than T.A HC-S managed to attain higher best final objective value (0.000596) than 
Threshold Accepting (0.000588). The best final objective values are higher in HC-S showing that 
the method is more robust than Threshold Accepting as HC-S better escape local optima.  

To understand the significance of the difference in final objective value we look at the best final 
objective value of HC-S which is 0.000596. This translates to a return of 0.14% and a risk of 1.34% 
one day after investment, of the 100 stocks considered. The best final objective value of Threshold 
Accepting, 0.000588, translates to a return of 0.13% and a risk of 1.54% one day after investment. 
The following days could include compounded interest on the original capital. From the return and 
risk values, it is observed that you incur more risk but expect less return when you use the 
Threshold Accepting rather than HC-S to find an optimal portfolio.  

The mean of final objective value of HC-S is higher (0.000594) than that of Threshold Accepting 
(0.000563). The worst final objective of HC-S is a lot better (0.000559) than that of Threshold 
Accepting (7.2563e-5). The STD of mean of final objective value of HC-S (6.46e-6) is 10 times 
less that of Threshold Accepting (3.46e-5). 

The number of functional evaluations for HC-S was 2.7e5 while that of Threshold Accepting was 
3.0e5. HC-S was faster as it required less number of functional evaluations. The STD of the 
number of functional evaluations of HC-S (6800) is more than that of Threshold Accepting (1770).  

Considering the time in seconds for one run to converge to best final objective value, Threshold 
Accepting (704.7), required more time than HC-S (39.0). This shows that it is far more expensive 
(time wise) to compute neighbourhood function of Threshold Accepting than that of HC-S. 

A t-test was performed on final objective values and on the number of functional evaluations to 
final objective of the 100 runs. Both outcomes displayed a rejection of the null hypothesis at the 
5% (default value) significance level. The t-test was performed using Mat-lab (R2010a). 
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Furthermore, to use Threshold Accepting, one has to first calculate and sort threshold sequences 
according to a certain problem. These are the sequences by which poor solutions will be accepted 
to avoid being trapped in a local optimum. The process makes Threshold Accepting quite 
cumbersome.  

HC-S was tested on the Markowitz model; in finding weights for 100 stocks in portfolio 
optimization, where a budget and return constraints are imposed. Results demonstrate that HC-S 
manages to find significantly better solutions than Threshold Accepting, an established algorithm 
for portfolio optimization. Below is table 3 where the effectiveness and efficiency of the algorithms 
are summarised. 

Table 3: Summary on benchmarking HC-S with T.A 

Algorithm Effectiveness Efficiency 

T.A  Well 
established 
algorithm in 
portfolio 
optimization 
 

 

HC-S  
 

More effective 
in finding 
better solution 
than T.A  

More 
efficient and 
quite faster 
than T.A  

 

5. CONCLUSION AND RECOMMENDATION 

A heuristic algorithm, HC-S, has been proposed, its effectiveness and efficiency for the portfolio 
optimization problem demonstrated. The algorithm produced attained promising results for 
portfolio optimization. 

HC-S was used to tackle the portfolio optimization problem, of the standard Markowitz model, 
where a budget constraint is imposed and no short-selling is permitted. HC-S.  Benchmarking with 
Quadratic programming (QP) showed that HC-S attains accurate solutions. Also HC-S has been 
demonstrated to be more effective and efficient than Threshold Accepting (TA), an established 
algorithm for portfolio optimization since HC-S find solutions with significantly higher objective 
value and require less computing time.  

It is recommended that, realistic, non-linear constraints like cardinality, maximum holding size, 
minimum holding size, transaction costs, and regulations should be incorporated in the proposed 
hill climbing algorithm to solve the extended portfolio optimization problem.
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ABSTRACT 

This study attempted to review the river training of Nkana River in Momba District, the artery of 
Naming’ongo Bridge and Irrigation Scheme Project that supply irrigation water that is adequate 
for rice production in more than 1,500 ha. River training has been widely applied to reduce the 
effects of afflux, backwater effects and sediments deposition on upstream or downstream. Also to 
ensure that the adequate capacity of the channels to accommodate the flows is achieved. The study 
applied the qualitative approach to design the training of the River and is explained by the Manning 
Equation. A 600 m length of the river reach was trained. The simulation of cross section indicated 
that a channel bottom width of 20 m will allow a flow depth of 5.63 m with an average flow 
velocity of 3.72 m/s. The trained channel has been observed from 2016 to 2021 and there is no 
erosion and deposition of debris along the channel this is attributed to created steady flow along 
the river reach. Finally the study recommends continuous effort to conserve the environment on 
the upstream and monitoring of trained river reaches for sediments depositions. 

 

KEYWORDS 

River training, meandering, geomorphological characteristics, Manning’s Equation, river 
engineering 

1. INTRODUCTION  

In many places in the world, valleys with alluvial soils that support economic activities formed the 
cradle of cities and irrigated agriculture as well as the development of the branch of river 
engineering (Mosselman, 2020). These rivers include the Tigris and the Euphrates in 
Mesopotamia, the Nile in Egypt, the Indus in Pakistan, and the Yellow River in China. James 
(1999) reported that studies of river channels in Great Britain and the United States has evolved 
into two scientific traditions of river engineering and fluvial geomorphology, although there is no 
clear boundary between the two. All are concerned with river modification for various purposes. 
Among others, river engineering is involved in river training. Mosselman (2020) defined five 
classes of river training which are flood protection by provision of sufficient cross-sectional area 
or construction of embankments (“training for discharge”), maintenance of a safe and good 
navigable channel (“training for depth”), sediment control not to allow sediment to enter irrigation 
canals (“training for sediment”), prevention of bank erosion and directing the flows along a pre-
defined alignment, for instance towards irrigation canal offtakes or under bridges. The natural river 
channel of Nkana River, in Momba District, Songwe Region Tanzania was trained to create a 600 
m predefined straight river reach for irrigation canal offtake and to create a sufficient under bridge 
waterway for a peak flow above 560 m3/s (Katambara et al., 2013) (Figure 1). The impact of debris 
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have been reported in Katambara et al, 2020), therefore this study forms part of the ongoing study 
of the hydrodynamics and structural issues of the Naming’ongo Bridge and Irrigation Scheme 
Project and the current work focuses on river engineering issues, the river training so as to improve 
the conveyance of undesirable debris along Nkana River to flow under the bridge and irrigation 
water offtake for the Irrigation Scheme which occupies more than 1,500 hectares.  

 

Figure 1: Naming’ongo Bridge and irrigation Scheme offtake (Photo taken on 22nd May 2018) 

2. OBJECTIVES AND METHODOLOGY  

The main objective of this study was on the design of river training procedure for the Nkana River. 

The specific objective of this study were as follows: 

(a.) To review the geomorphological characteristics of Nkana river;  
(b.) To review the various approaches applied in river training; and 
(c.) To develop a river training procedure for training Nkana River;  

3. GEOMORPHOLOGICAL CHARACTERISTICS OF NKANA RIVER AT THE 
PROJECT SITE 

Topographically, the sub-catchment upstream of the Naming’ongo Bridge occupies an area of 895 
km2 (Katambara et al., 2013). Nkana River drains the sub-catchment and contribute its flows into 
Momba River which flows into Lake Rukwa. Upstream of the bridge there are several tributaries 
that contribute flows of Nkana River as it passes through a natural forest reserve that is perceived 
to be the major contributor of wood debris. The location of project site is characterised by flood 
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plain that is relatively flat at an altitude of 960 m above mean sea level. At the project site, the 
River forms a boundary between Nkala Village and Makamba Village. Prior to the training, Nkana 
River formed a U shaped river reach which was noted not to be stable particularly during peak 
flows (Figure 2). Earlier attempts to construct the project in 2006 and thereafter in 2010 to 2011 
at the U shaped reaches of the River failed. The failure in 2006 was attributed to wood debris as 
discussed in Katambara et al. (2020). The underestimation of the potential impact of debris can 
lead to failure of hydraulic infrastructure. In 2011 the failure occurred during the excavation and 
was attributed to occurrence of piping connecting the 8 m excavated pit and the diversion canal 
(MCB, 2011). The geology of the area suggest for sand silt soil with bearing capacity of less than 
100 kN/m2 (MCB 2010). James (1999) noted on the high levels of precision has been attained in 
engineering design theories, but the geological environments in which these structures are placed 
are highly irregular in ways that are difficult to precisely anticipate or model. This situation has 
been witness at the project site during various exaction processes and thickness of the soil profiles 
varied from one section to the other.  

 
Figure 2: Trained 600 m Nkana River reach 

4. METHODOLOGY 

The study used a quantitative approach that employs the principles of open channel hydraulics and 
iterations. The implementation of these principles is supported by filed data collected during the 
conduction of topographical survey.  

5. REVIEW OF RIVER TRAINING DONE IN THE WORLD  

In the study on analysing the suitable location of highway and railway bridges across Kosi River 
in India, Burele and Singh (2010) insisted on locating bridges on straight river reaches and the 
alignment of the bridge should be normal to the flow so as to reduce, afflux, backwater effects and 
sediments deposition on upstream or downstream of the bridge. A one dimensional mathematical 
model “CHARIMA” described by de St. Venant’s equations was applied. The typical equations 
are: 
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+ = 0       (1) 

+ 𝛼 + 𝑔𝐴 + 𝑔𝐴
⌊ ⌋

= 0    (2) 

where:  

x, t - the independent variables representing the longitudinal coordinate and time, 
respectively;  

Q is the water discharge;  

A is the cross-sectional area;  

Z is the water-surface elevation; 

g is gravitational acceleration;  

α is coefficient of non-uniform velocity distribution; and 

K is conveyance.  

Burele and Singh (2010) found that CHARIMA has strong potential to reproduce features in 
natural watercourses with sediment mixture, including free-surface elevations, discharges, 
suspended-sediment concentrations and size-class distribution of bed sediment. 

Jamuna River in Bangladesh was trained during the implementation of Jamuna Multipurpose 
Bridge Project (Oostinga and Daemen, 1997). The works were meant to ensure that the river 
remains flowing underneath the bridge and therefore a pair of banana-shaped guide bunds, a pair 
of hard points and flood embankments were constructed including the closure of river branches. 
Radspinner et al (2010) noted that when river training is properly designed and maintained, these 
structures help to protect channel erosion and lateral migration.  

The impact of river training on Shenzhen River hydraulics was studied by Chan and Lee (2010) 
by applying an integrated three-dimensional numerical hydrodynamic mode, the Environmental 
Fluid Dynamics Computer Code (Version 2008). The results showed that, river training has 
changed from a damped tidal oscillation to a more standing wave character with less amplitude 
damping and tidal current is reduced by about 50%. Wang et al (2007) reported that river training 
and management is based on four principles: (a) improving river flows by extending the river 
course or reducing the flow velocity; (b) controlling erosions and reducing transportation of 
sediments; (c) improving the ecosystem diversity by enhancing the connectivity between the river 
and  riparian waters; and (d) restoring natural landscapes. Kidová et al (2021) evaluated the river 
training impact on a multi‑thread river system of the Belá River in Carpathians, Slovakia. The 
study applied the discharge extrapolation and the Manning’s equation. The discharge extrapolation 
is given as: 

𝑄  = 𝑄        (3) 

where  

Qx max is the discharge at the measured cross-section (m3 /s); 

Qw max is the discharge at the gauging station (m3 /s); 

Ax is the catchment area for the measured cross-section (km2); 
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Aw is the catchment area for the gauged cross-section (km2); and  

n is the parameter of the extrapolation equation. 

The application indicated an increase in flow velocity, shear stress and stream power for all studied 
cross-sections on the Belá River and might result in accelerated erosion of the riverbed in the near 
future. In another study, Mkhandi et al (2003) assessed the impact of urbanisation on drainage 
structures crossing rivers draining Dar es Salaam City and periphery as well as the channel carrying 
capacity. The study applied Manning Equation and concluded that the urbanisation increased the 
flows by a factor ranging from 1 to 2.5. The channel capacity in some river reaches cannot 
accommodate peak flows of return period greater than 5 years.  

The training of Nkana River was deem necessary so as to harness the advantages associated with 
river training. The procedure is explained by the Manning’s equation and as applied by Mkhandi 
et al (2003).  

6. TRAINING OF NKANA RIVER 

River morphology prior to river training  

Generally, the river morphology is characterised by meanders of which locating a straight river 
reach that is suitable for construction of a bridge is a challenge. It was considered suitable to train 
the Nkana River so as to create a straight river reach. This involved: 

(a) Conduction of topographical survey to identify the various elevations at strategic points 
and the existing channels characteristics;  

(b) Establish a uniform slope of channel bed; 

𝑆  =        (4) 

where:  

Schannel bed is the channel bed slope; 

Y1 and Y2 are elevations at the beginning and end of the channel; and 

L1 and L2 are chainage at the beginning and end of the channel. 

(c) Simulate suitable trapezoidal cross section of the trained channel using Manning’s equation 
and velocity area method for the given discharge(Equation 5) 

 𝑄 = 𝑆       (5) 

Where: 

Q50 is the peak flow for a return period of 50 years; 

n is Manning coefficient; 

A is the flow cross sectional area;  

P is the wetted perimeter of the trained channel; and 

S is the slope of the channel bed. 
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The cross section of the trained channel is shown in Figure 3. YFB is the freeboard of the channel, 
YD is the flow depth and B is the bottom width of the channel.  

 

Figure 3: A typical trapezoidal section of the trained river channel 

7. RESULTS AND DISCUSSIONS 

7.1. Results 

The review suggests that river training has the potential to reduce the effects of afflux, backwater 
effects and sediments deposition on upstream or downstream. Bridges should be placed on a 
straight river to allow smooth flows and prevent the migration of the river course.  

The meandering nature of Nkana River necessitated the conduction of river training in order to 
create a straight river reach. The straight alignment of the river reach was obtained to be 600 m. 
Using a peak discharge for 50 years return period of 560 m3/s, the simulation of the cross section 
characteristics indicated that the channel bed width is 20 m, the flow depth YD is 5.63 m, a 
freeboard YFB of at least 1 m was accommodated and a flow velocity of 3.72 m3/s.  

7.2. Discussion 

The design of the artificial channel was found to have a bed width of 20 m and a flow depth of 
5.63 m. The velocity required was found to be adequate. The observation made for since 2016 to 
2021 indicate that the channel carry capacity is still adequate. There is no substantial deposition of 
sediments or trapping of wood debris along the channel except those debris that were trapped at 
the channel offtake and bridge.  Also no scouring effect along the channels suggesting that the 
velocity is not supercritical. Therefore the combination of the flow section, velocity and channel 
slope are suitable for the sustainability of Naming’ongo Project.  

8. CONCLUSION AND RECOMMENDATION  

8.1. Conclusion 

The field of river engineering include river training and has been applied in many parts of the 
world so as to reduce the effects of afflux, backwater effects and sediments deposition on upstream 
or downstream. Also to ensure that the adequate capacity of the channels to accommodate the 
flows is achieved. 
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The trained river reach of Nkana River of 600 m long was found to be adequate for a channel width 
of 20 m, flow depth of 5.63 m and resulted to a flow of 3.72 m/s. The trained channel has been 
observed from 2016 to 2021 and there is no erosion and deposition of debris along the channel this 
is due to the creation of a steady flow condition along the river reach. 

8.2. Recommendations 

The study recommends of continuous effort to ensure that the pathogenic activities conducted 
upstream are those that conserve the environment. Monitoring of trained river reaches is required 
to see if there are some sediments depositions. 
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ABSTRACT 

Portfolio can be defined as a collection of investments. Portfolio optimization usually is about 
maximizing expected return and /or minimising risk of a portfolio. 

Markowitz made simplifying assumptions in coming up with the mean - variance model for 
portfolio optimization problem. Presence of realistic constraints lead to a significant different and 
complex problem. Also the optimal solution under realistic constraints cannot always be derived 
from the solution for the frictionless market. The heuristic algorithms are alternative approach to 
solve the extended problem. 

In this research, a heuristic algorithm is presented and improved for efficiency. It is a hill climbing 
algorithm to tackle the extended portfolio optimization problem. The improved algorithm is named 
HC-S-R. It is applied in standard portfolio optimization problem and benchmarked with the 
quadratic programing method and the Threshold Accepting algorithm, a well-known heuristic 
algorithm for portfolio optimization problem. The results are also compared with its original 
algorithm HC-S. 

Keywords: Portfolio Optimization, Heuristic optimization, Hill climbing algorithm, Threshold 
percentage, Sequence, Reducing,  

 

1. INTRODUCTION 

Algorithms for portfolio optimization are used to guide an investor’s selection of financial assets. 
The aim is to achieve maximum return and minimum risk. 

The pioneering work of Markowitz (1952) introduced the mean – variance optimization as a model 
for the problem of asset allocation and diversification for maximum return with minimum risk. 
The allocation is made by considering the trade-off between risk, measured by the variance of the 
future asset returns, and return. To apply the Markowitz model strong assumptions on market 
situations have to be made so as to solve the problem using standard methods like quadratic 
programming.  

Markowitz (1952) considered the most important constraints which are budget and return 
constraints since they characterize the main part of the portfolio problem (Di Tollo and Roli 
(2008)). The budget constraint is when the investor has to invest all the money/capital in the 
portfolio while the return constraint is when the investor requires a certain level of profit from his 
investment with minimum risk. However return constraints can only be satisfied using a historical 
portfolio (Sharpe, (2000), Korn (1997), Prigent (2007), Markowitz (1952), Markowitz (1959)). 
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Although it is a popular model, when constraints of the realistic market like minimum and 
maximum holding sizes, transaction costs and cardinality, are introduced into Markowitz model 
the standard methods cannot be used to solve the complex problem.  

The complex portfolio optimization becomes difficult to solve because the objective function have 
multiple local optima, have discontinuities or not well behaved (Gilli et al. (2011)). On the other 
hand to shape the model such that it can be solved by standard methods leads to giving up the 
relevant aspects of the original problem. Heuristics are able to compute solutions even to problems 
that are infeasible for standard methods like the extended portfolio optimization problem. They 
have been shown to be capable of handling non-convex optimization problems with all kinds of 
constraints (Gilli and Schumann (2012)). 

The algorithm proposed below is benchmarked with Threshold Accepting algorithm under 
standard portfolio optimization problem. 

The objective of the research is to improve the hill climbing algorithm to a better efficiency. 

In the standard Markowitz model, equations (1), (2), (3), (4) and (5) below, the goal is to maximize 
the expected return, R, while diminishing incurred risk, , measured as standard deviation/variance 
( Markowitz (1952)).  

For a return (Rp) of a portfolio and variance (2
p) of the portfolio, the equation to maximize is  

Max (.E(Rp)  – (1-).2
p)  (1) 

Subject to 

 Expected return: 

𝐸(𝑅p) = ∑ 𝑤 E(𝑅 )  (2) 

 Portfolio return variance: 

2
p=∑ ∑ 𝑤 𝑤      (3) 

 = 1  for i=j 

 Constraints: 

∑ 𝑤 = 1   (4) 

0 ≤ 𝑤 ≤  1  (5) 

Where the expected return of each asset is 𝐸(𝑅 ), each asset variance is  , and each asset weight 
is 𝑤 .  
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The trade-off between return (Rp) and risk (p) of portfolio is reflected in equation (1). Higher 
values of   put more emphasis on portfolio’s expected return and less on its risk. Equation (4) and 
(5) are the constraints on the weights that they must not exceed certain bounds. 

 

2. THE ALGORITHM HC-S 

The hill-climbing algorithm is denoted as HC-S. Here HC stands for Hill Climbing, S stands for 
Simple search of neighbourhood, according to the neighbourhood functions defined below. In each 
step, it attempts to improve the solution by changing the relative weight of a single asset. 

ThP stands for Threshold Percentage. It refers to the size of a step in the proposed hill climbing 
method.  

2.1 Solution Representation 

The solution is represented by a vector of numbers (yi, …,yn). The element in position i represents 
the relative weight of the capital invested in stock i. The vector of numbers (yi, …,yn) are 
normalized to make sure that the weights in all the assets add up to 1.  

The percentage/weight to be invested in stock i is xi, where:  

xi = yi/ ∑ 𝑦  
One advantage of using this representation is that the vector, y, may take any number without 
violation of budget constraint that the weights add up to 100%. 

2.2 Neighbourhood definition for the Hill Climbing Algorithm HC-S 

HC-S algorithm is proposed for portfolio optimization.  
The current solution has two neighbours or possible candidate solutions. Elements of vector y in 
the range of 0 to 100 are randomly generated. The number of elements of y is equal to the number 
of asset/stocks. The randomly picked position in y is denoted as pos. ThP is a small percentage, 
which we refer to as threshold percentage, by which elements of y will be varied to get the next 
neighbour. 

The neighbourhood definition is to pick just one position (pos) in the current solution, y, at random. 
After picking the random position in the current solution, one neighbour is obtained by adding ThP 
to that position and another is obtained by subtracting ThP on the same position. This gives two 
neighbours (two possible candidate solutions) to be compared with the current solution, at random. 
The first better candidate solution (neighbour) to be picked is taken to be the current solution out 
of the possible candidate solutions. If no better solution is found, another position, pos, in y is 
picked at random. The procedure is repeated for a pre-set number of iterations, or until local 
maximum.  

Given mean returns of all stocks in column vector denoted as retasset, given assets’ co-variances/ 
deviations matrix, denoted as dev, and given  as the level of risk aversion; below is the procedure 
for HC-S. 
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Pseudo Code for procedure for HC-S 

Figure 1: Procedure of HC-S 

Pseudo Code for a function for searching for better neighbouring solution 
Function Move_to_neighbour (y, yplus, 
yminus, , retasset, dev) 
 
Begin 
 x =y / ∑ y  
xplusi = yplus / ∑ yplus   
xminusi = yminus / ∑ yminus   
xvalue = objectvalue (x, , retasset, dev)
  
xplusvalue = objectvalue (xplus, , 
retasset, dev) 
xminusvalue = objectvalue (xminus, , 
retasset, dev)   

if  xplusvalue>xvaluetheny=yplus 
end if 

if xminusvalue>xvalue then y=yminus 
end if 
return y 

End 

% Find weights, x, of all the assets n in portfolio% 
% Find weights, xplus, of all assets n % 
% Find weights, xminus, of all assets n% 
% Calculate objective value of portfolio x and 
denote as xvalue. % 
% Calculate objective value of portfolio xplus and 
denote as xplusvalue% 
%Calculate objective value of portfolio xminus 
and denote as xminusvalue. % 
% Return yplus if it is better than y. % 
 
% Return yminus if it is better than y. % 
 

Figure 2:  Function to search for better neighbouring solution 

The function in figure 3 calculates the objective value (equation (1)).  

  

Procedure HC-S (ThP, , retasset, dev) 
Randomly generate initial current solution y 
Begin 

Repeat 
Pick random position, (pos), in current solution y 
yplus = y     
yminus = y     
yplus(pos) =  yplus(pos)*(1 + ThP)  
yminus(pos) = yminus(pos)*(1 - ThP) 
y = move_to_neighbour(y, yplus, yminus, , 
retasset, dev)  

Until stopping criterion 
End 

 
 
 
 
 
 
% Generate yplus from current solution 
%Generate yminus from current solution 
% Get a neighbour of current solution % 
% Get second neighbour of current solution % 
 
% Pick a better neighbour solution % 
% Stopping criterion; no neighbour is better 
than current solution or pre-set maximum 
number of iterations reached% 
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Pseudo Code for calculating Objective function value 
Function Objectvalue (x, , retasset, 
dev) 
Begin 
retpor t= scalar/dot product(retasset, x) 

  risk = x*dev*x’    
fitvalue = *retport – (1 - )*risk  
returnfitvalue 

End 

 
%Calculate effective expected return of portfolio% 
% Calculate effective risk/variance of portfolio % 
%Calculate objective/objective value according to 
equation (1) above. % 

Figure 3: Function to calculate objective/fitness value 

2.3 Design of the Hill Climbing Algorithm HC-S-R 

2.3.1 Neighbourhood definition for the Hill Climbing Algorithm HC-S-R 

HC-S-R is like HC-S, except that the ThP is reduced over time. In other words, it searches the 
neighbourhood with finer and finer steps.  Elements of vector y are randomly generated. The 
number of elements of y is equal to number of asset/stocks.  The randomly picked position in y is 
denoted as pos. ThP is a small percentage, which we refer to as threshold percentage, by which 
elements of y will be varied to get the next neighbour. 

Similar to HC-S, the neighbourhood definition of HC-S-R is to pick just one position (pos) in the 
current solution, y, at random. After picking the random position in the current solution, one 
neighbour is obtained by adding ThP to that position and another is obtained by subtracting ThP 
on the same position. This gives two neighbours (two possible candidate solutions) to be compared 
with the current solution, at random. The first better candidate solution (neighbour) to be picked 
is taken to be the current solution out of the possible candidate solutions. If no better solution is 
found, another position, pos, in y is picked at random. The procedure is repeated for positions 
picked at random for a pre-set number of iterations, or until local maximum.  

In HC-S-R ThP is reduced over time. That is after a pre-set number of iterations or on reaching 
local maximum, ThP is repeatedly reduced to be half the previous value until it reaches the pre-set 
minimum ThP value, denoted as minThP. 

Given mean returns of all stocks in column vector denoted as retasset, given assets’ co-
variances/deviations matrix, denoted as dev, and given  as the level of risk aversion; below is the 
procedure for HC- S-R. 
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Pseudo Code for HC-S-R 

Procedure HC-S-R (ThP, minThP, , retasset, 
dev) 
Randomly generate initial current solution y 

 set minThP 
Begin 

Do while ThP>minThP 
Repeat 

Pick random position, pos, in current solution y 
yplus = y     
yminus = y      
yplus(pos) =  yplus(pos)*(1 + ThP)  
 yminus(pos) = yminus(pos)*(1 - ThP) 
y = move_to_neighbour (y, yplus, yminus, , 
retasset, dev)   
Until stopping criterion 

ThP=ThP/2 
End while 

End 

 
 
 
 
 
 
 
 
%Generate yplus from current solution 
%Generate yminus from current solution 
% Get a neighbour of current solution % 
%Get second neighbour of current solution 
% Pick a better neighbour solution % 
 
% Stopping criterion was: no neighbour is 
better than current solution or pre-set 
maximum number of iterations reached% 

Figure 4. Procedure of HC-S-R 

The function Move_to_neighbour (y, yplus, yminus, , retasset, dev) is the same as that of HC-S 
above, and also the function Objectvalue (x, , retasset, dev) is the same as that of HC-S above. 

2.3.2 Benchmarking HC-S, and HC-S-R using Threshold Accepting 

HC-S, and HC-S-R, are tested on 100 assets portfolio. They are used to solve the Markowitz model, 
equations (1), (2), (3) under basic constraints (4) and (5). The results are compared with Threshold 
Accepting, which is a well-established Hill Climbing algorithm in portfolio selection and 
optimization. HC-S denotes Hill Climbing-Simple and HC-S-R: denotes HC-S with Reducing 
ThP. HC-S (9e+5) is HC-S with 9e+5 iterations while HC-S-R (0.1, 0.01, 9e+5) is HC-S-R with 
starting ThP = 0.1, half ThP every 9e+5 iterations, until ThP is below 0.01.  

The above number of iterations was given on every ThP but the program was to stop on reaching 
a local optimum. 

Below is table 1 with experimental results on the portfolio optimization on 100 stocks from DAX 
stock exchange; taken after 100 runs. The results show the values of objective function, number 
of functional evaluations required to reach final objective value, and average time in seconds for 
one run to converge to local maximum (final solution). The Best Final Objective value is the 
highest objective function value obtained in all 100 runs. Final objective values obtained in each 
run were recorded and so below is the Mean, STD and Worst of Final objective values in all the 
100 runs. The Mean and STD of Number of functional evaluations to reach final objective value, 
of the 100 runs, are also given. 
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Table 1 Results on Portfolio optimization on 100 stocks, after 100 runs. 

Algorithm  HC-S-R  

(0.1, 0.01, 9e+5) 

HC-S 

(9e+5) 

T.A 

(9e+5) 

Best Final Objective value  0.000596 0.000596 0.000588 

Final objective value Mean 

STD 

Worst 

0.000594  

7.32e-6 

0.000572 

0.000594 

6.46e-6 

0.000559 

0.000563 

3.46e-5 

7.2563e-5 

No. of Functional evaluations 

to final objective value 

Mean 

STD 

3.2e+4  

850 

2.7e+5 

6800 

3.0e+5  

1770 

Average time for 1 run (in sec.)  10.84 39.0 704.7 

STD =Standard Deviation 

3. STATEMENTS ON THE RESULTS 

The best final objective values are higher and similar in HC-S-R, and HC-S showing that the 
methods are more robust than Threshold Accepting as they better escape local optima.  

The effect of “R” in HC-S-R is seen in speed to reach final objective value. This means repeatedly 
reducing ThP (instead of fixing ThP) made the algorithm more efficient. The mean of number of 
functional evaluations for HC-S-R is 3.2e4 while that of HC-S is 2.7e5. Average time to converge 
to final objective value for HC-S-R was 10.84 seconds while that of HC-S was 65 seconds.  

Of the algorithms, HC-S-R required less number of functional evaluations to final objective as the 
Mean and STD of Number of Functional evaluations to final objective of HC-S-R (3.2e4, 850) 
was the least of all. The time elapsed for HC-S-R to finish the 1 run was the smallest, making it 
the fastest of the algorithms. So HC-S-R is more efficient than HC-S. 

Table 2 Summary on benchmarking HC-S-R, and HC-S with T.A 

Algorithm Effectiveness Efficiency 

T.A 
(Dueck and Cheuer 
(1990)) 

 

Well established algorithm in portfolio 
optimization (Winker (2001), 
Radziukynienė (2008), Gilli and 
Schumann (2010)., Hoos and Tsang 
(2006).  And Gilli and Schumann (2012)). 

 

HC-S  More effective in finding better solution 

than T.A  

More efficient and quite 

faster time wise than T.A  

HC-S-R Similar with HC-S in effectiveness to find 

better solution.  

 

More efficient than HC-S 



JOURNAL OF THE INSTITUTION OF ENGINEERS TANZANIA  ISSN: 0856 – 0196 
 

THE TANZANIA ENGINEER 26 VOL. 17 NO. 2, DECEMBER 2020 

 

 

The mean of final objective value of HC-S-R (0.000594) is the same as that of HC-S (0.000594). 
This indicates that HC-S-R and HC-S are similar in effectiveness to find better solution. 

The results on benchmarking HC-S-R and HC-S with T.A are summarized in table 2. 

 

4. CONCLUSION AND RECOMMENDATION 

Algorithms HC-S-R and HC-S, have been described and implemented in portfolio optimization 
problem.  

Results show that the technique of reducing ThP made HC-S-R more efficient than HC-S. Also 
the small standard deviations observed in final objective values show that HC-S, and HC-S-R find 
solutions more robust than Threshold Accepting.  

Results also demonstrate that HC-S-R and HC-S manage to find significantly better solutions than 
Threshold Accepting, an established algorithm for portfolio optimization. 

It is recommended for technique to be used to increase the efficiency of other algorithms. 

Also the hill climbing algorithms produced can be combined with other algorithms like 
evolutionary algorithms, to give hybrid algorithms for better performance. 
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ABSTRACT 

Woody debris accumulations at bridge piers can significantly increase the risk of bridge failure 
due to changes in the loading system. The wood debris observed at the Naming’ongo Bridge 
suggested that debris can interfere with the flow regime and may result to introducing another 
loading system to the bridge that may result to overturning. The evaluation of the bridge against 
overturning when there is scouring on the riverbed and when there is no scouring suggest the safety 
factor of 3.08 and 4.04 which is greater than the allowable of 1.5. Therefore and based on the 
values, the bridge is safe from overturning. Similar considerations should be made when designing 
bridges that cross rivers draining from forest that are characterised by anthropogenic activities.  

  

KEYWORDS 

Anti-overturning, waterway blockage, forest debris, human induced hydrological processes 

1. INTRODUCTION  

Within the road network systems, bridges are engineered structures built across physical obstacles 
to enable the use of the underneath part for other purposes such as flowing water or road while 
providing continuation of the road network (Lemeirut and Katambara, 2020). In recent years, high 
peaks of water flows have been witnessed due to high amount of surface runoff generated and is 
attributed to the combination of anthropogenic activities, climate change and variability 
(Katambara and Msambichaka 2020, Ndiritu, 2005). These anthropogenic activities have been 
reported to be responsible for land use change including deforestation and urban development. 
These activities are associated with generation of debris. For instance, on 21st January 2021, tons 
of floating wood debris were trapped on the Naming’ongo Bridge in Momba District Tanzania 
(Figure 1). The amount are higher than what was assumed to be the situation during the design 
phase. If this trend continues chances are that the bridge will be blocked by the debris. When 
blocked, the bridge will act as an embankment compounding water on the upstream. This calls for 
evaluation of the anti-overturning response of the bridge and is the subject of this study. 
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Figure 1: Naming’ongo Bridge with the flows being blocked by wood debris 

2.  OBJECTIVES AND METHODOLOGY  

The main objective of this study was to evaluate the anti-overturning response when the whole 
bridge is blocked by wood debris. 

The specific objective of this study were as follows: 

(a) To review the various bridges that were destroyed by debris; 
(b) To derive procedure for evaluating the overturn response of a blocked bridge; and  
(c) To evaluate the Naming’ongo Bridge’s anti-overturning response. 

3. ENGINEERING BACKGROUND OF NAMING’ONGO BRIDGE 

The Naming’ongo Bridge is a tri-spanned reinforced concrete bridge covering a width of 45.0 m 
long. The structural spans are 15 m each. The deck is composed of a 3.5 m carriage way and two 
pedestrian walkways 1.0 m width on each side of the bridge. The deck rests on 3 simply supported 
15.0 m long longitudinal beams that are restrained by 5 transverse beams including 2 seat beams 
(end beams) located at the end of the longitudinal beams and the other 3 beams are equally spaced 
(Katambara and Msambichaka, 2020). The longitudinal beams transmit the load to piers or 
abutments through 3 bearings that permit rotation and movement. For hydraulic consideration, the 
piers have circular ends. The dimension of the pier are 5.5 m width, 1 m thick and 11.58 m high. 
The piers rest on 1.5 m thick pad footings that are connected by tie beams. All the dimensions of 
bridge components were cast-in-situ and was meant to ensure that the structure is economic and 
does not fail permanently or partially during the life span of the project (Katambara and 
Msambichaka, 2020).  

4. METHODOLOGY 

The study used an analytical approach to verify the design considerations made if it can with stand 
the water pressure when the waterway is block by wood debris. In addition to the performance of 
the bridge in the past five years, chances are that the bridge may be blocked during the life span. 
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The observed debris (Figure 1) has inspired the need to evaluate the anti-overturning response of 
the bridge. 

5. REVIEW OF IMPACT OF WOOD DEBRIS ON BRIDGES  

Rivers draining through forests that are characterised by human activities are prone to debris 
(Briaud et al, 2006). The flow of wood debris are further complicated by the existence of hydraulic 
structures placed across the rivers and they include bridges. These bridges may require placement 
of piers within channel (Subribabu et al., 2011) and thereafter encounter debris that forms an 
important aspect in the bridge design (Tyler, 2011). De Cicco et al (2015) conducted a flume 
experiment on bridge clogging by wood debris and found that the shape geometry of the pier and 
the nature of the wood debris such as the presence of roots and branches influence the clogging of 
the bridge. On the other hand, Lyn et al (2003) reported that the delivery of debris to the bridge 
site occur in bursts rather than continuously. Panici and de Almeida (2017) categorised the debris 
jam into three phase growth. The first is the unstable phase where growth (accumulation) of debris 
occurs rapidly but are easily disengaged. The second is the stable phase and the growth of debris 
assumes a less pronounced trend and are less likely to be escaped. The third is the critical phase 
and the accumulation begins to oscillate about the pier and ultimately drifts away (fails). In such 
circumstances and given the nature of debris, clogging the bridge is likely to happen, therefore the 
evaluation of the Naming’ongo Bridge is of paramount importance.  

In another study, Rusyda et al (2014) proposed an empirical equation for estimating wood debris 
accumulation on the bridge (Equation 1). 

𝑉 = 2.5 𝐿 × 𝐷   (1) 

where: 

Vwood is the volume of wood debris,  

Ly is the length of accumulation and 

Dx is the bridge thickness.  

The results were in line with the field observation made in their study conducted along the Nayoshi 
River, Tsuwano Town, Japan .  

Nakatani et al (2017) investigated the effect of bridge clearance, amount of woody debris and 
length of wood debris on the blockage of bridges by woody debris under supercritical flow regime. 
The study applied the ratio of wood length to span of the piers and found that the blockage is 
pronounced when the ratio is greater than 1. Therefore, the span of the bridge (clearance width) 
and flow regimes are important factors to be considered when designing bridges. 

On the other hand, when debris are trapped also sediments are accumulates behind these debris. 
The shape of the sediments deposition is similar to the geometry of a wedge. Gomi et al (2001) 
provide and equation to estimates the sediment deposition behind the wood debris is river channel. 
The equation is 

𝑉 =  (2) 

 where: 

Vsediments is the volume of sediments behind the wood debris;  
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Lw is the length of sediment wedge; and 

DW is the depth of the sediments.  

However when the bridge is blocked, the hydraulic head of the water behind the debris is high and 
the pressure flow at the bottom is high. Equation (2) is suitable for small river channels and River 
Nkana is not small. 

6. THE EVALUATION PROCEDURE FOR OVERTURNING OF A BLOCKED 
BRIDGE 

6.1. The static systems of the blocked bridge 

The damming of debris blocks the water way, pushes the flow to the riverbed causing erosion and 
afflux on the upstream (Katambara et al. 2020). When such a situation occurs the static system of 
the changes, the whole bridge becomes an embankment retaining water on the upstream. Two 
static system can be considered the first when the there is no erosion by the bridge is blocked 
(Figure 2a) and the second system is when the riverbed has been eroded and the footing is exposed 
(Figure 2b).  

 

(a) 

 

(b) 
Figure 2: A blocked bridge with wood debris (a) before the riverbed is eroded, and  
(b) when riverbed is eroded up to the blind concrete level 

 

6.2. Drag force and load effects due to wood debris 

Dammed debris increases loading on structures due to an enlarged cross-sectional area exposed to 
the incoming flow (Mauti et al. 2020). The force due to dammed debris is given in Equation (3) 
(FEMA, 2012). 

𝐹 = 𝐶 𝜌 𝐵𝐻𝑣  (3) 

  where: 
ρf is density of the fluid;  
CD is drag coefficient with a value of 2.0;  
B is cross stream width of the debris dam (distance between piers);  
H is water depth;  
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v is flow velocity. 
 

For stability adequate, BS 5400 Part 1 stipulates that the design resistance exceeds the design load 
effect. 

𝐷𝑒𝑠𝑖𝑔𝑛 𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑡𝑛𝑐𝑒 ≥ 𝐷𝑒𝑠𝑖𝑔𝑛 𝐿𝑜𝑎𝑑 𝐸𝑓𝑓𝑒𝑡𝑐 (4) 

For the case of overturning, the moment of resistance against overturning (MR) should be greater 
than the overturning moment (MO) due to wood debris.  

≥ 1.5 (5) 

Critical situation is when there is no live load on the bridge. The live load provide a relieving 
condition. Therefore, the overturning moment due to debris   

𝑀 =
𝐹 × + 𝐻 + 𝐻   𝑤𝑖𝑡ℎ 𝑛𝑜 𝑠𝑐𝑜𝑢𝑟𝑒𝑑 𝑟𝑖𝑣𝑒𝑟𝑏𝑒𝑑

𝐹 ×
( )

                     𝑤𝑖𝑡ℎ 𝑠𝑐𝑜𝑟𝑒𝑑 𝑟𝑖𝑣𝑒𝑟𝑏𝑒𝑑
   (6) 

This model was implemented in Microsoft based spreadsheet.  

7. RESULTS AND DISCUSSIONS 

The peak discharge was predicted to be above 560 m3/s for a return period of 50 years (Katambara 
et al., 2013) and the maximum velocity was found to be 3.72 m/s. Based on Equation (3) the drag 
force was deduced based on two cases where there is scouring or no scouring. 

7.1. When there is no scouring 

For a height (H1) of 6.58 m which is the design flood level, the drag force was found to be 351.3 
kN . The total normal load from the weight of the deck, stem of the pier and footing was found to 
be 2,855 kN. Considering H2 to be 2.5 m and H3 to be 1.5 m, the overturning moment MO was 
found to be 2,824 kNm (Equation 6) and moment of resistance MR was found to be 11.420 kNm. 
Therefore the safety factor (ratio of MR to MO) was 4.04 which was greater than the allowable 1.5. 
The safety factor of 4.04 suggests that the bridge will remain safe from overturning. 

7.2. When there is scouring down to base of the footing 

For a height of 13.08 m from the bottom of the footing, the drag force was found to be 351.3 kN. 
The total normal load was found to be 2,855 kN. MO was found to be 3,702 kNm and MR was 
found to be 11.420 kNm. Therefore the safety factor (ratio of MR to MO) was 3.08 and was greater 
than the allowable 1.5. The safety factor of 3.08 suggests that the bridge will remain safe from 
overturning. 

7.3. Volume of wood debris 

The volume of wood debris accumulated at the pier considering Figure 1 is substantial. Assuming 
that the whole depth of the design flood of 6.58 was covered by debris and length of 8 m parallel 
to the bridge, and width of 15 m which is equal to the span. The volume of wood debris is slightly 
above 2630 m3 (Equation 1). This amount of wood debris suggest for the anthropogenic activities 
that do not ensure the sustainability of the forest environment on the upstream.   
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8. CONCLUSION AND RECOMMENDATION  

The road network systems is composed of bridge structures built across physical obstacles to 
enable the use of the underneath part for other purposes. When a river drains through a forest that 
is characterised by anthropogenic activities wood debris are witnessed to clog the opening of the 
bridge.   

A review of wood debris suggested that debris can interfere with the flow regime and may result 
to the introduction of another load to the bridge. There was a necessity to evaluate the 
Naming’ongo Bridge against overturning when the whole bridge opening is clogged.  

The evolution of the bridge against overturning when there is scouring and when there is no 
scouring suggest the safety factors of 3.08 and 4.04 which is greater than the allowable of 1.5. 
Based on the values, the bridge is safe from overturning.  

The study recommends similar considerations to be made when designing bridges that cross rivers 
that drain through forests that are characterised by anthropogenic activities.   

REFERENCES 

FEMA (2012). Guidelines for Design of Structure for Vertical Evacuation from Tsunamis. P646, 
Washington, DC. 

Ndiritu, J. G. Long-term trends of heavy rainfall in South Africa, IAHS-AISH Publication. 2005. 
Suribabu C. R., Suribabu R. M., Narasimhan R. and Chandhru A. R. (2011) Backwater rise and 

drag characteristics of bridge piers under subcritical flow conditions, European Water 36, 
27-35. 

Tyler R. N. (2011), River debris: Causes, impact and migitation, Alsakk Centre for Energy and 
Power 

Katambara Z. and Msambichaka J., (2020) Response to Water Transported Debris of the 
Naming’ongo Bridge in Momba District, Tanzania, Journal of Institution of Engineers, The 
Tanzania Engineer Vol. 17(1) 69-77. 

Briaud, Jean-Louis; Chen, Hamn-Ching; Chang, Kuang-An; Chen, Xingnian; Oh, Seung J. (2006): 
Scour at bridges due to debris Accumulation: A Review. In: Verheij, H.J.; Hoffmans, Gijs 
J. (Hg.): Proceedings 3rd International Conference on Scour and Erosion (ICSE-3), 
November 1-3, 2006, Amsterdam, The Netherlands. Gouda (NL): CURNET. S. 113-120. 

Pina Nicoletta de Cicco, Enio Paris and Luca Solari (2015), Flume experiments on bridge clogging 
by woody debris: the effect of shape of piers, 36th IAHR World Congress 28th June – 3rd 
July, 2015, The Hague, the Netherlands 

Dennis A. Lyn, Thomas Cooper, Yong-Kon Yi, Rahul Sinha, and A. R. Rao (2003), Debris 
Accumulation at Bridge Crossings: Laboratory and Field Studies, Indiana Department of 
Transportation and Federal Highway Administration, FHWA/IN/JTRP-2003/10. 

Rusyda M.I., Kusukubo M., Maricar M. F., Ikematsu S. and Hashimoto H. (2014) Woody debris 
accumulation during the flood event in the Nayoshi River, Tsuwano Town, Japan. 
Proceedings of the 19th IAHR-APD Congress 2014, Hanoi, Vietnam, ISBN 978 607 821 
338. 

Kana Nakatani, Motoki Hiura, Yuji Hasegawa, Ken’ichiro Kosugi, and Yoshifumi Satofuka, 
(2017), Experimental study on bridges over mountainous streams with blocked piers due 
to woody debris, J. JSNDS 36 15 -24. 



JOURNAL OF THE INSTITUTION OF ENGINEERS TANZANIA  ISSN: 0856 – 0196 

THE TANZANIA ENGINEER 34 VOL. 17 NO. 2, DECEMBER 2020 

 

Takashi Gomi, Roy C. Sidle, Mason D. Bryant, and Richard D. Woodsmith (2001), The 
characteristics of woody debris and sediment distribution in headwater streams, 
Southeastern Alaska, Canadian. Journal of Forest Research. 31: 1386–1399 

Lemeirut N. N. and Katambara Z. (2020), Failure Mechanism of Bridges: A Review, 12th 
International Conference 3rd – 4th December, 2020, Ngurdoto Mountain Lodge, Arusha, 
Tanzania 

Diego Panici and Gustavo A. M. De Almeida (2017), understanding the formation of woody debris 
jams at bridge piers, E-proceedings of the 37th IAHR World Congress August 13 – 18, 
Kuala Lumpur, Malaysia 

 



JOURNAL OF THE INSTITUTION OF ENGINEERS TANZANIA  ISSN: 0856 – 0196 
 

 

THE TANZANIA ENGINEER 35 VOL. 17 NO. 2, DECEMBER 2020 

 

COMPLETE SEARCH HILL CLIMBING ALGORITHM FOR 
PORTFOLIO OPTIMIZATION  

 
Collether John 

University of Dar es Salaam, COICT, P. O. Box 33335, DSM 
Email: nyalusicj@yahoo.com 

 

ABSTRACT 

In portfolio optimization, the fundamental goal of an investor is to optimally allocate investments 
between different assets. Mean-variance optimization methods make unrealistic assumptions to 
solve the problem. When Realistic constraints like holding size and cardinality are introduced it 
leads to optimal asset allocation which differ from the mean variance optimization. The resulting 
optimization problem become quite complex as it exhibits multiple local extrema and 
discontinuities. Heuristic algorithms work well for the complex problem. 

Here, a heuristic algorithm is developed, namely Hill climbing Complete (HC-C). It is for solving 
the extended portfolio optimization problem.  
The HC-C produced, is tested in standard portfolio optimization problem. Experimental results are 
benchmarked with the quadratic programming method and Threshold Accepting algorithm, is a 
well-established heuristic algorithm for the complex portfolio optimization problem. 

Keywords: Optimization, portfolio, hill climbing, algorithm, heuristics. 

1. INTRODUCTION 

Optimization techniques are search methods where the goal is to find a solution to an optimization 
problem such that a given quantity is optimized subject to a set of constraints. 

Portfolio optimization problem is a problem concerning asset allocation and diversification for 
maximum return with minimum risk. The problem is to find the portfolio weights, i.e. how to 
distribute the initial wealth across the available assets, in order to meet the investor’s objectives 
and constraints as well as possible (Meucci (2005), Maringer (2008), Markowitz (1952), and 
Markowitz, (1959)).  

Markowitz (1992) introduced the mean-variance optimization as a quantitative tool to allow this 
allocation by considering the trade-off between risk and return. The risk is measured by the 
variance of the future asset returns. The assumptions of the normality of the returns or of the 
quadratic investor’s preferences allow the simplification of the utility optimization problem in a 
relatively easy to solve quadratic program. 

To dismiss the normality hypothesis in order to account for the fat-tailed ness and the asymmetry 
of the asset returns, heuristic approaches and other alternative approaches attempt to conform the 
assumptions to reality. The resulting optimization problem become quite complex as it exhibits 
multiple local extrema and discontinuities. 
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Heuristic algorithms are usually used to deal with this complex / extended portfolio optimization 
problem (Streichert and Tamaka-Tamawaki, (2006), Maringer (2008), Gilli and Kellezi (2000), 
Crama and Schyns (2003), and Muralikrishna, (2008)).  

There are some heuristic algorithms that have been applied to extended portfolio optimization 
problem like Simulated Annealing (Kirkpatrick et all (1983)) in (Muralikrishna, (2008)), and with 
constraints and trading restrictions in (Crama and Schyns (2003)), and also Threshold Acceptance 
(Dueck and Scheuer (1990)), being the most established heuristic algorithm, has been applied in 
(Gilli and Schumann (2012)), Gilli and Schumann (2010), Winker and Maringer (2007), Maringer 
(2005), Winker (2001), Gilli and Kellezi (2000)).  

The new algorithm HC-C, proposed below is benchmarked with Threshold Accepting algorithm 
under standard portfolio optimization problem. 

The objective of the research is to come up with a more effective and more efficient hill climbing 
algorithm to tackle the complex portfolio optimization problem. 

In the Markowitz model optimization, the aim is to maximize the expected return, R, while 
diminishing incurred risk,  (measured as standard deviation/variance), (Markowitz (1952), 
Markowitz (1959)). 

Given return (Rp) of a portfolio and variance (2
p) of portfolio, the equation to maximize is  

Max (E(Rp)  – (1-)2
p)  (1) 

Subject to 

 Expected return: 

𝐸(𝑅p) = ∑ 𝑤 E(𝑅 )   (2) 

 Portfolio return variance: 

2
p=∑ ∑ 𝑤 𝑤       (3) 

 = 1  for i=j 

 Constraints: 

∑ 𝑤 = 1    (4) 

0 ≤ 𝑤 ≤  1   (5) 

Where the expected return of each asset is 𝐸(𝑅 ), each asset variance is  , and each asset weight 
is 𝑤 . 
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2. DESIGN OF HC-C 

The hill climbing algorithm is denoted as HC-C. HC stands for Hill Climbing, C stands for 
complete search of neighbourhood, according to the neighbourhood functions defined below. HC-
C explores the possibility of changing the relative weight of every asset in each step, hence the 
name “complete”. 

2.1. Solution 

The solution is represented by a vector of numbers (yi, …,yn). The element in position i represents 
the relative weight of the capital invested in stock i. The vector of numbers (yi, …,yn) are 
normalized to make sure that the weights in all the assets add up to 1. The percentage/weight to be 
invested in stock i is xi, where:  

xi = yi/ ∑ 𝑦  

2.2. Neighbourhood search Function for HC-C 

The sequence of all the positions of the elements of initial random solution y is randomized (so 
that the elements are not sequentially picked). If first position in the random sequence gives no 
better solution, next position is picked and so on. So HC-C searches a large space. This will 
potentially help it to find better solutions. 

The randomly picked position in y is denoted as pos. ThP is a small percentage, which we refer to 
as threshold percentage, by which elements of y will be varied to get the next neighbour. 

The neighbourhood definition is to pick one position (pos) in the current solution. After picking 
the random position in the current solution, one neighbour is obtained by adding ThP to that 
position and another is obtained by subtracting ThP to the same position. This gives two 
neighbours (two possible candidate solutions) at a time to be compared with the current solution, 
at random order. The first better candidate solution (neighbour) to be picked becomes the current 
solution out of the possible candidate solutions. On getting a better solution, the sequence of the 
positions of the elements of y is again randomized.  The overall procedure is repeated for a number 
of iterations, or until local maximum.  

In figure 1, mean returns of all stocks in column vector are denoted as retasset, assets’ co-
variances/deviations matrix are denoted as dev, and  is the level of risk aversion. 

Figure 1 below is the procedure for HC- C 

Pseudo Code for HC-C 
Procedure HC-C (ThP, , retasset, dev) 

Randomly generate initial current solution y 

Begin 

Repeat 
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pick random position, (pos), in 

current solution y 

yplus = y 

          yminus = y   

 yplus(pos) =  yplus(pos)*(1 + ThP) 

yminus(pos) = yminus(pos)*(1 - ThP)    

yb4=y 

y = move_to_neighbour (y, yplus, 

yminus, , retasset, dev)   

Randomly change the sequence of the positions 

                          while y=yb4 do   

  

yplus = y   

 yminus = y   

    

yplus(pos) =  yplus(pos)*(1 + ThP)              

yminus(pos) = yminus(pos)*(1 - ThP) 

        if  (all positions in the sequence 

have been checked for better solution)  then  

break while loop  

end if 

            end  while 

Until halting criterion is met 

End 

 

% Generate yplus from current solution. % 

% Generate yminus from current solution.% 

% Get neighbour of current solution. % 

% Get second neighbour of current solution 

% keep record of current solution y. % 

% Pick a better neighbour solution. % 

 

% Provides randomness. % 

% Looks for better solution in the random 

sequence. (pos) is any position. % 

% Generate yplus from current solution %  

% Generate yminus from current 

solution. % 

% Get neighbour of current solution% 

%Get second neighbour of current 

solution% 

 

% Halting criterion was; no neighbour is 

better than current solution or maximum 

number of iteration is reached. 

Figure 1: Hill climbing procedure of HC- C 
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Pseudo Code for a function for searching for better neighbouring solution 
Function Move_to_neighbour (y, yplus, 
yminus, , retasset, dev) 
 
Begin 
 x =y / ∑ y  
xplusi = yplus / ∑ yplus   
xminusi = yminus / ∑ yminus   
xvalue = objectvalue (x, , retasset, dev)
  
xplusvalue = objectvalue (xplus, , 
retasset, dev) 
xminusvalue = objectvalue (xminus, , 
retasset, dev)   

if  xplusvalue>xvaluetheny=yplus 
end if 

if xminusvalue>xvalue then y=yminus 
end if 
return y 

End 

% Find weights, x, of all the assets n in portfolio% 
% Find weights, xplus, of all assets n % 
% Find weights, xminus, of all assets n% 
% Calculate objective value of portfolio x and 
denote as xvalue. % 
% Calculate objective value of portfolio xplus and 
denote as xplusvalue% 
%Calculate objective value of portfolio xminus 
and denote as xminusvalue. % 
% Return yplus if it is better than y. % 
 
% Return yminus if it is better than y. % 
 

Figure 2:  Function to search for better neighbouring solution 

The function below measures the quality of a portfolio. The function calculates the 
objective/objective value from equation (1). The mean returns and co-variances of all assets/stocks 
are initially calculated from the daily prices in the main program. They are used to calculate the 
expected return and risk of a portfolio. The return and risk of a portfolio calculated are used to 
measure the quality of a portfolio. 

Pseudo Code for calculating Objective function value 
Function Objectvalue (x, , retasset, 
dev) 
 
Begin 
retpor t= scalar/dot product(retasset, x) 

  risk = x*dev*x’    
fitvalue = *retport – (1 - )*risk  
returnfitvalue 

End 

 
%Calculate effective expected return of portfolio% 
% Calculate effective risk/variance of portfolio % 
%Calculate objective/objective value according to 
equation (1) above. % 

Figure 3: Function to calculate objective/fitness value 

3. BENCHMARKING THE ALGORITHM  

The working of the algorithm HC-C is first illustrated by solving the standard Markowitz model 
as described in equations (1), (2), (3) under basic constraints (4) and (5). The model is also solved 
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using quadratic programming method and then Threshold Acceptance, a well-established heuristic 
algorithm in portfolio optimization, which are used as benchmarks.  

The data used were daily returns over 1001 days DAX stock exchange. 

HC-C is tested on 10 assets example. The results are compared with Quadratic Programming (QP), 
which is a standard method. Below, table 1 and corresponding bar charts in figure 4, are 
experimental results on benchmarking HC-C with QP. They are the percentage values in a table 
and corresponding bar charts of the weights of 10 assets portfolio. They were obtained by finding 
minimum variance portfolio (Markowitz model with =0 in expression (1) above) by quadratic 
programming method and by the hill-climbing algorithm HC-C. Quadratic programming (QP) 
produces exact solution so results by HC-C are compared with QP results to see how accurate the 
method is. The values show the relative weights (of total budget) to be invested in each asset. The 
results (weights) by algorithm HC-C is from the best solution after 100 runs/iterations. 

Table 1 Results on benchmarking HC-C with Quadratic Programming (QP) 

algorithm Weight in each asset 

QP 0.0053    0.0802    0.1150    0.3191    0.1622    0.0599    0.0419    0.0067    0.0356  0.1741 

HC-C 0.0053    0.0802    0.1150    0.3192    0.1622    0.0599    0.0419    0.0067    0.0356  0.1740   

 

 

Figure 4: Composition of the optimal portfolio for HC-C (red) and QP (blue) 

It is observed from the results (in table and bar chart form) that solutions obtained by HC-C do not 
differ much from the exact solution by quadratic programming (QP). 
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Variance/risk was calculated from the weights obtained by the methods QP and HC-C. The method 
attained the same low portfolio risk of 6.9751e-005. Attaining the same value of risk as QP depicts 
that the algorithm HC-C attain very accurate solutions. 

The bar charts shows the results of the algorithms HC-C in comparison to QP. In the two figures, 
the blue bars are that of Quadratic Programming (QP) and the red ones are of HC-C respectively. 

The similar height bars of HC-C compared to QP also depict that the algorithm HC-C give very 
accurate solutions. 

To benchmark HC-C with Threshold acceptance, both algorithms are applied on a benchmark 
problem of solving standard Markowitz model as described in equations (1), (2), (3) under basic 
constraints (4) and (5). They are tested on 100 assets portfolio. The experimental results of HC-C 
are compared with those of Threshold Accepting (T.A).  

The results in table 2 show the values of objective function, number of functional evaluations 
required to reach final objective value, and average time in seconds for one run to converge to 
local maximum (final solution). The Best Final Objective value is the highest objective function 
value obtained in all 100 runs. The Mean, STD and Worst of Final objective values in all the 100 
runs are given. The Mean and STD of Number of functional evaluations to reach final objective 
value, of the 100 runs, are also given. HC-C (9e+5) is HC-C with 9e+5 iterations. 

Table 2 Results on Portfolio optimization on 100 stocks (100 runs). 

Algorithm  HC-C 

(9e+5) 

T.A 

(9e+5) 

Best Final 

Objective 

value 

  

0.000596 

 

0.000588 

Final 

objective 

value 

Mean 

 

STD 

 

Worst 

0.000595 

 

2.47e-6 

 

0.000572 

0.000563 

 

3.46e-5 

 

7.2563e-5 

No. of 

Functional 

evaluation

s to final 

 

Mean 

 

STD 

 

3.0e+5 

 

7400 

 

3.0e+5  

 

1770 
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objective 

value 

 

 

Average 

time for 1 

run (in 

sec) 

 100 

 

704.7 

STD =Standard Deviation 

 

4. EVALUATING THE RESULTS  

In the numerical experiments presented in table 2, the best final objective value is higher in HC-C 
than in TA which means that HC-C is good at escaping local optimum and locating high quality 
solutions given enough number of runs (in this case 100 runs). Also the mean of final objective 
value of HC-C is higher (0.000595) than that of T.A (0.000563). The worst final objective of value 
of HC-C is a lot better (0.000572) than that of T.A (0.000559). The STD of mean of final objective 
value of T.A (3.46e-5) is more than ten times that of HC-C (2.47e-6). These results demonstrates 
that HC-C is better than TA as HC-C is more accurate and reliable than T.A 

The time, in seconds, it takes for one run to converge to best final objective value of HC-C is 100 
and for T.A is 704.7. HC-C required far less time than TA. Therefore it is far more expensive (time 
wise) to compute neighbourhood function of Threshold Accepting than that of HC-C.   

What makes Threshold Accepting cumbersome is that to use Threshold Accepting, one has to first 
calculate and sort threshold sequences according to a certain problem. These are the sequences by 
which poor solutions will be accepted to avoid being trapped in a local optimum.  

A t-test was performed on final objective values and on the number of functional evaluations to 
final objective of the 100 runs. Both outcomes displayed a rejection of the null hypothesis at the 
5% (default value) significance level. The t-test was performed using Mat-lab (R2010a). 

In table 3 the effectiveness and efficiency of the algorithms are compared. 
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Table 3 Comparison of HC-C with T.A 

Algorithm Effectiveness Efficiency 

T.A 

(Dueck 

and 

Scheuer 

(1990)) 

Well established algorithm in portfolio 

optimization  

(Winker (2001), Hoos and Tsang (2006) , 

Radziukynienė (2008), Gilli and Schumann 

(2010). and Gilli and Schumann (2012)). 

 

HC-C More effective in finding better solution than T.A  more efficient than T.A  

 

The assets and their return data used for applications in the algorithms are from DAX stock 
exchange. The data used were daily returns over 1001 days. 

5. CONCLUSION AND RECOMMENDATION 

In this paper, a hill climbing algorithm HC-C has been developed, HC-C was used to tackle the 
portfolio optimization problem, of the standard Markowitz model, where a budget constraint is 
imposed and no short-selling is permitted. The algorithm performs very well according to the 
results by benchmarking with Quadratic programming, giving accurate solutions. The results also 
have shown that HC-C is more effective and efficient than Threshold Accepting, a well-known 
algorithm for portfolio optimization problem. 

The hill climbing algorithm, HC-C, produced is quite easy to understand and to implement. So I 
would recommend that this algorithm be utilised in other areas of application that require effective 
and efficient algorithm of optimization. 
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