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Abstract 
The Tabu Search heuristic can be used to optimise the WET (waste to energy 
technology). Developments were made to the basic Tabu Search to adapt it to 
the optimisation problem. This paper explains the contribution made in de-
velopment of the adaptations to the basic Tabu Search. The principle of Tabu 
Search is explained, followed by the statement of the optimisation problem, 
the description of the optimisation of WET is given, the Tabu Search algo-
rithm is described and the experiments and results are discussed. It was found 
out that initial thresholds of infeasibility should be set and these should be 
varied during the optimisation. The multi-objective, multi-period function 
should be evaluated on a Pareto incumbent front. Different strategies should 
be used for minimisation of cost and minimisation of infeasibility, and diver-
sification should be done by performing random restarts with the incumbent 
solution. 
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1. Introduction 

The global pursuit of sustainable energy solutions has intensified the need to har-
ness renewable resources more efficiently. One promising approach is the conver-
sion of biomass waste into usable energy, a process that not only provides an al-
ternative energy source but also addresses environmental concerns related to 
waste management. Optimising the operation of Waste-to-Energy Technologies 
(WET) is a complex yet critical task that involves managing multiple objectives, 
such as minimising operational costs, reducing environmental impact, and max-
imising energy yield. The WET optimisation problem, therefore, requires careful 
consideration of diverse factors across multiple time periods and under varying 
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constraints of feasibility. 
This paper explores the application and adaptation of the Tabu Search (TS) 

heuristic to optimise the WET system. Before describing the principle of Tabu 
Search, the terms used to describe the Tabu Search are defined. A heuristic is an 
iterative rule used to find an optimum solution that terminates as soon as no im-
mediately accessible solutions can improve the incumbent solution [1]-[3]. A me-
taheuristic is a master strategy that modifies other heuristics, to produce solutions 
beyond those that are generated when searching a local optimum [3]-[5]. As such, 
Tabu Search is a meta-heuristic [6]-[8], which guides a local heuristic search pro-
cedure to explore the solution space beyond a local optimum [3] [9] [10]. 

In Tabu Search, the optimisation problem is formulated as [8]: 

minimize ( ) : ,f u u U∈                      (1) 

where f(u) is the objective function, and u is selected from a set of constraints U. 
A move n leads from one solution to the next. The move is defined as [8]: 

( ) : .n U n U→                         (2) 

The moves n ∈  Ɲ that can be applied to u form a set denoted by Ɲ(u), and 
termed the neighbourhood of u [8]. A characteristic of the Tabu Search is to Ɲ 
constrain the search by restricting moves [8]. This leads to creation of an element 
of memory that is managed using a Tabu list. Moves that result in a good solution, 
are used to update the current solution and are stored in the Tabu list. The reverse 
moves are also stored in the Tabu list. Use of memory in the form of a Tabu list 
prevents cycling, which occurs if a solution is stuck in a local optimum. In the 
basic Tabu Search, moves that are in the Tabu list are not allowed during the op-
timisation, during a given number of iterations [8] [11] [12]. The Tabu list is up-
dated by removing older entries and adding new entries with every move. The 
length of the Tabu list or the number of iterations for which a move is Tabu, is 
dependent on the optimisation strategy. The basic Tabu Search algorithm is de-
scribed in Algorithm 1. 

 
Algorithm 1 Basic Tabu Search 
1. Select an initial solution u ∈  U 
2. Set uincumbent ← u 
3. Set iter ← 0 
4. Initialise the Tabu list: Tlist ← ∅  
5. while stopping condition is not reached do 
6.     Find the best admissible solution u ∈  Ɲ(u) with respect to f(u) 
7.      if f(u) < f(uincumbent) then 
8.         Update the incumbent solution uincumbent ← u 
9.         Update the Tabu list 
10.      end if 
11. end while 

 
where u is the current solution, U is the constraints set, uincumbent is the incumbent 
solution, iter is the iteration counter, T is the Tabu list, Ɲ(u) is the neighbourhood 
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of solution u and f(u) is the objective function. 
The following is an explanation of the choice of Tabu Search over other me-

taheuristics for solving the optimisation problem. The successful implementation 
of a metaheuristic is dependent on how well it is modified for the problem being 
solved [13]-[15]. The waste to energy technology (WET) is a complex model con-
stituting of components that model the energy conversion processes. The digester 
model, the internal combustion engine model and the induction machine models 
use complex non-linear differential equations. Each of the models of the WET is 
a difficult non-linear optimization problem that is treated as a black box. As such 
a metaheuristic is selected for solving the optimisation problem. The reasons for 
the choice of Tabu are: (i) it uses a deterministic approach for optimisation, (ii) it 
moves aggressively to a local optimum and (iii) it can easily be tailored to the 
optimisation problem. The following is an explanation of these reasons. 

Tabu Search uses a deterministic approach to search the solution space, which 
shortens the computational time. The other metaheuristics like genetic algorithms 
and simulated annealing perform a random search of the solution space. This re-
sults in long computational times, making simulated annealing and genetic algo-
rithms less suited to complex problems like the optimisation of WET. Three me-
taheuristics namely: Tabu Search, simulated annealing, and genetic algorithms 
were compared in solving facility location problems, under time-limited, solu-
tion-limited, and unrestricted conditions [16]-[18]. Tabu Search showed good 
performance in most of the facility location problems experimented with, com-
pared to the simulated annealing and genetic algorithm. 

Again, compared to simulated annealing, Tabu Search moves aggressively to a 
local optimum. Simulated annealing works on the premise that a slow decent will 
lead to a local optimum that is closer to a global optimum. With Tabu Search the 
best available move is made at each iteration, and the search does not spend time 
in regions whose solution are less attractive [8] [12]. In [19], a Tabu Search algo-
rithm that diversifies the search by using 3 different neighborhoods was developed 
for solving a flowshop scheduling problem. The Tabu Search was compared with 
an ant colony algorithm that was used to solve the same problem. The Tabu Search 
performed better than the ant colony algorithm. 

The third reason for selection of Tabu Search, is that Tabu Search can easily be 
tailored to take into account the nature of the optimisation problem. This is done 
by proper selection of variables, handling of constraints and parameter tuning. The 
success of Tabu Search is as a result of tuning its parameters to the problem being 
solved [20]-[22]. A multiple Tabu Search algorithm was developed by [23] to solve 
a dynamic economic generator dispatch problem. The multiple Tabu Search algo-
rithm used additional strategies for initialisation, carried out adaptive and multiple 
searches, crossover and restarts. The performance of the Tabu Search was compared 
with that of simulated annealing, a genetic algorithm and particle swarm optimisa-
tion, in solving the problem. A higher quality solution was obtained, with better 
computational efficiency using the multiple Tabu Search algorithm. 
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2. Statement of the Optimisation of WET 
2.1. Outline of the Problem 

The optimisation problem consists in dimensioning the WET for a given manure 
input in a given time period m M∈ . M is a set of the number of months in the 
multi-period dimensioning problem. The WET under study is shown in Figure 1, 
for a farm with nherd cattle. Dimensioning is carried out with an adapted monthly 
setup, for: the backup propane flow rate, 1

mu , the split of biogas between the in-
ternal combustion engine (ICE) and the boiler, 2

mu  and the volume flow rate of 
manure from the lagoon, 3

mu . 
 

 
Figure 1. Waste to energy technology. 

 
This is subject to the constraint of operating the WET such that the electricity 

and heating demands of the farm and the digester are met, while maximising rev-
enue from the system. Manure from the livestock at a volume flow rate in

mv  in 
goes into a lagoon, where it is stored. The manure from the lagoon is fed to a 
digester at a volume flow rate, 3

mu . In the digester, the manure undergoes anaer-
obic digestion to produce biogas at a mass flow rate, biogas

mm , air-fuel ratio, AFm 
and lower heating value, biogas

mLHV . The biogas produced is to be shared between 
an internal combustion engine and a boiler, at a ratio determined by the variable 

2
mu . The mass flow rate of biogas going into the internal combustion engine is 

( )2 biogas1 mu m−  and that going into the boiler is biogas 2
mm u . 

The biogas is combusted in the internal combustion engine generating a torque 

L
mT . The torque L  mT  is applied to an induction machine (IM) to generate elec-

tricity, output 1
my . The electricity is used by the farm to meet the electricity load 
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e
md . If excess electricity is produced by the WET it is sent to the electricity grid. 

The electricity sent to the grid is designated by e 1
m md y− . If the electricity gener-

ated by the WET is insufficient to meet the demand of the farm, electricity is ob-
tained from the grid and is designated by e 1

m md y− . Combustion of biogas in the 
internal combustion engine produces exhaust gases at a mass flow rate and tem-
perature denoted by exh

mm  and exh
mT  respectively. Heat from the exhaustgases is 

captured by the heat exchanger (HEX) and forms the heat output 2
may . The bio-

gas that goes into the boiler is combusted to generate heat, denoted by ( ) 21 ma y− . 
The total heat output 2

my  has to meet the heating demand of both the digester 

h
mbd  and the farm ( ) h1 mb bd− . The heating demand of the digester is calculated 

taking into consideration the heat losses from the walls, floor and roof of the di-
gester, and the heat required to raise the temperature of the influent manure to 
the digester’s operating temperature. When the boiler does not generate enough 
heat to meet the total heating load, propane will also be combusted in the boiler. 
The propane is supplied as a backup fuel from a propane tank, at a mass flow rate 

1
mu  and lower heating value LHVpropane. 
The optimisation of the WET described is done with the objective of maximiz-

ing revenue. The optimisation problem is expressed as a cost minimisation prob-
lem by: 

min ( )cost
1 2 3, ,m m mf u u u  for a given manure input inv ,         (3) 

subject to: ( )WET 1 2 3, , 0m m mC u u u ≤  for m M∈ ,            (4) 

such that: { }1 0,0.0001,0.0002,0.0003, ,0.0036mu ∈   for m M∈ ,     (5) 

{ }2  0,0.01,0.02,0.03, ,0.099mu ∈   for m M∈ ,             (6) 

{ }3 1, 2,3, ,59mu ∈   for m M∈ ,                  (7) 

( )1 1 1 2 2 2
1 2 3 1 2 3 1 2 3, , , , , , , , ,m m mu u u u u u u u u u=   for m M∈ ,          (8) 

Where 1 2,m mu u  and 3
mu  are the v1ariables: backup propane mass flow rate, bio-

gas sharing ratio and volume flow rate of manure going into the digester respec-
tively. CWET denotes a set of global constraints, some of which are linear and others 
non-linear. u denotes the solution of the optimisation problem as described in the 
Tabu Search (see Algorithm 2). 

 
Algorithm 2 Optimisation of a WET 

 Initialization 
1. Inputs: herdn , 1

mu , 2
mu , 3

mu  for m M∈  

2. Initialize parameters: 0
lagoon THEX boiler water propane, , , , ,,V a b T LHVη η  

3. for m M∈  
4. Build an initial solution ( 1

mu , 2
mu , 3

mu ) for m M∈  

5. 

Calculate the outputs of the WET model components 

( ) ( )1

lagoon 3 in lagoon herd
, LAGOON , ,m m m mV u v V n−=  

( ) ( )biogas biogas 3 h
, , DIGESTER ,m m m m mAF LHV m u bd=  
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Continued 

5. 

( ) ( )( )L exh exh exh biogas 2 biogas, , , ICE , 1 , ,m m m m m m m mT m T cp m u AF LHV= −  

( )1 LIMm my T=  

( )2 HEX exh exh exh water
m m m may m cp T Tη= −  

( ) ( )2 propane 1 biogas biogas 2 boiler1 m m m m ma y LHV u m LHV u η− = +  

6. end for 

7. Evaluate the objective function costf  

Tabu Search Optimisation 

8. iter ← 0 
9. while iter ≤ max_iter do 

10. 
Perform Tabu Search which includes evaluation of each of the WET model com-
ponents 

11. Evaluate iterative solutions and update the incumbent solutions accordingly 
12. end while 

2.2. Optimisation Process Flow 

Algorithm 2 describes the process flow of the optimisation. The inputs of the 
WET are: herd size nherd, electricity demand e

md , heating demand h
md  and vol-

ume flow rate of manure from the cattle in
mv . These inputs are specified for each 

time period, m M∈ . The parameters of the optimisation are initialised, i.e., 

lagoon
oV , volume of manure in the lagoon, a, ratio of heating output, b, ratio of 

heating demand, ηHEX, efficiency of the heat exchanger, ηboiler, efficiency of the 
boiler, Twater, water temperature and LHVpropane, lower heating value of propane. 
An initial solution ( 1

mu , 2
mu , 3

mu ) is built for each of the time periods m M∈ . 
This is done by calculating the outputs of the manure storage and the energy 
conversion processes in each component of the WET, using the functions: LA-
GOON, DIGESTER, ICE, IM, and the linear equations of the heat exchanger 
and the boiler. The function LAGOON is linear and calculates the storage of 
manure from the livestock, for each of the time periods m M∈ . The functions 
DIGESTER, ICE and IM include complex non-linear differential equations and 
are represented as component models in the WET optimization problem. Each 
of the component models of the functions DIGESTER, ICE and IM model a 
difficult nonlinear optimisation problem. A variable that determines the output 
of the energy conversion processes in each of these component models is se-
lected to define the solution ( 1

mu , 2
mu , 3

mu ), as shown in Algorithm 2. As such the 
non-linear optimization problems of the component models are solved by opti-
misation of the WET, with the solution ( 1

mu , 2
mu , 3

mu ). The inputs and outputs 
of the component models and equations are defined in Table 1. The electricity 
and heat outputs, 1

my  and, 2
my , respectively, are obtained and used in compu-

tation of the objective function. Once an initial solution has been found and the 
objective function computed, the Tabu Search optimisation is carried out to de-
termine the near optimal solutions. 
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Table 1. Inputs and outputs of the model components. 

Input/Output Description 

herdn  herd size 

e
md  electrical demand of the farm 

h
md  heat demand 

in
mv  volume flow rate of the manure from the livestock 

lagoon
mV  volume of the manure in the lagoon 

biogas
mm  mass flow rate of the biogas from the digester 

exh
mm  mass flow rate of the exhaust gases 

exh
mT  temperature of the exhaust gases 

exhcp  specific heat capacity of the exhaust gases 
mAF  air-fuel ratio of the biogas 

biogas
mLHV  Lower Heating Value of the biogas 

L
mT  output torque of the internal combustion engine 

1
my  electricity output 

2
my  heat output 

3. Description of the Optimisation of WET 

The optimisation problem involves evaluation of the biogas production and elec-
tricity and heat production from the volume flow rate of manure, in

mv  for 
m M∈ . Starting with in

mv , the inputs and outputs of the WET components are 
calculated in turn using the functions, LAGOON, DIGESTER, ICE, IM and the 
linear equations of the boiler and the heat exchanger. The functions of the respec-
tive WET components are indicated in Figure 1, together with the inputs and out-
puts. This section describes the objective function and the constraints of the opti-
misation, followed by an outline of the process flow of the optimisation problem. 

3.1. Objective Function 

The formulation of the optimisation problem maximises revenue from a WET 
subject to meeting the heating demand of the farm and the digester. The objective 
function has four components; the cost of capital, capital

mC , the cost of propane, 

propane
mC , the cost of incentives, incentives

mC  and the cost of grid electricity, 

grid_electricity
mC  for m M∈ . The following is a description of the components of the 

objective function. 

3.1.1. Cost of Capital 
The cost of capital capital

mC  is calculated from the capital expenditure on the di-
gester, lagoon, boiler and engine-generator set. The capital expenditure on these 
items is dependent on their sizes, which in turn depends on the herd size. The size 
of the digester and the lagoon are dependent on the volume flow rate of manure 
from the livestock, in

mv . The cost of the boiler and engine-generator set are de-
pendent on the ratings of the respective equipment. This capital expenditure is 
amortized monthly to obtain the cost of capital capital

mC . The cost of capital is cal-
culated using the non-linear function (9). 
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(
)

capital digester lagoon rated engine boiler cap_incentive

rate period in lagoon_storage h 2

CAPITAL HRT, , , , , , ,

, , , , , for .

m

m m m

C c c P c c C

i n v V d ay m M

=

∈
     (9) 

where CAPITAL is the function for calculation of the cost of capital, in
mv  is the 

volume flow rate of manure from the livestock, HRT is the hydraulic retention 
time, cdigester is the cost of the digester, Vlagoon_storage is the storage capacity of the 
lagoon, clagoon is the unit cost of the lagoon, Prated is the power rating of the induc-
tion machine, cengine is the cost of the engine-generator set, h

md  is the heating 
load, a is the ratio of heat output from the heat exchanger, 2

my  is the heat output, 
cboiler is the cost of the boiler, Ccap_incentive is the capacity incentive, irate is the interest 
rate and nperiod is the number of periods over which the interest is charged. 

3.1.2. Cost of Propane 
The monthly cost of propane, propane

mC  is a linear function of the backup propane 
mass flow rate, 1

mu  and is given by (10). 

( )proppane propane 1PROPANE , for ,m mC c u m M= ∈            (10) 

where PROPANE is the function for calculating the cost of propane, cpropane is the 
unit cost of propane and 1

mu  is the backup propane mass flow rate. 

3.1.3. Cost of Incentives 
A performance incentive is given for generation of renewable energy. This incen-
tive is included in the objective function and is calculated by a linear function (11). 

( )incentives incentives 1INCENTIVES , for ,m mC c y m M= ∈           (11) 

where incentives
mC  is the cost of incentives, INCENTIVES is the function for calcu-

lating the cost of incentives, 1
my  is the electricity output and cincentives is the unit 

cost of incentives. 

3.1.4. Cost of Grid Electricity 
The cost of grid electricity, grid_electricity

mC  is a non-linear function of the electricity 
output, 1

my  (12). 

( )grid_electricity tariff 1GRID_ELECTRICTY , , for ,m m m
eC c d y m M= ∈      (12) 

The four cost components of the objective function form a multi-objective op-
timization problem. With the Tabu Search method used, sampling of the neigh-
bourhood results in many solutions. Each of these solutions is to be evaluated us-
ing the multiobjective function. The incumbent solution is to be selected as the 
one with the minimum overall cost. In determination of a solution that will min-
imise the overall objective, an easy way is to compute the overall cost as: 

( )capital proppane incentives grid_electricity
1

for ,
M

m m m m

m
z C C C C m M

=

= + − + ∈∑       (13) 

The drawback of (13) is the different ranges of the values of the cost compo-
nents. This means that the overall objective will largely be minimising the cost 
components with the highest value. This can be overcome by the use of weights, 
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but it is difficult to find the proper weights. A better method is to express the 
objective function as a cost vector of the components, resulting in a cost vector 
for each of the solutions. 

Let 

cost
capital propane incentives grid_electricity

1 1 1 1
, , , ,

M M M M
m m m m

k
m m m m

f C C C C→

= = = =

 
= − 
 
∑ ∑ ∑ ∑  or k K∈  and m M∈  (14) 

be the set of solutions. The individual cost components of the solution vectors are 
compared for dominance. The vectors with the non-dominant cost components 
form a Pareto incumbent front. The solutions on the Pareto incumbent front are 
selected as the incumbent solutions. There are several incumbent solutions, all of 
which are retained, as shown in Figure 2 for the comparison of the cost of propane 
and the cost of grid electricity. 

 

 
Figure 2. Illustration of pareto incumbent front. 

3.2. Global Constraints 

This section describes the global constraints, CWET, and how they are derived from 
the optimisation problem. The initial solution described in Algorithm 2 satisfies 
the global constraints. In the Tabu Search optimisation that follows, the solution 
( 1 2 3, ,m m mu u u ) has to be checked for satisfaction of the global constraints. These 
constraints are defined as: 

( )1
in days lagoon_manure days 3 lagoon_storage in0 ,m m m m m mv n V n u V v−≤ + − ≤           (15) 

( )D 3HRT 0,mV u− ≥                      (16) 

( )( )( )rated mech biogas mech 2 biogasICE , , 1 0,m m mP LHV u mω ω− − ≥        (17) 

( ) ( )( ) ( )h HEX exh exh exh water propane 1 biogas biogas 2 h ,m m m m m m m m
hd m cp T T LHV u m LHV u dη δ≤ − + + ≤ +  (18) 

( )( )h HEX exh exh exh water 0,m m m
rb d m cp T Tη− + − ≤  for m M∈        (19) 
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where in
mv  is the volume flow rate of manure from the cattle, days

mn  are the num-
ber of days, 1

lagoon_manure  mV −  is the volume of manure in the lagoon, 3
mu  is the vol-

ume flow rate of manure from the lagoon, lagoon_storageV  is the storage capacity of 
the lagoon, DV  is the volume of the digester, HRT is the hydraulic retention time 
of the digester, Prated is the power rating of the induction machine, ωmech is the 
speed of the internal combustion engine, ICE is the function for evaluation of the 
torque output of the internal combustion engine, biogas

mLHV  is the lower heating 
value of biogas, 2

mu  is the biogas sharing ratio, biogas
mm  is the mass flow rate of 

biogas, h
md  is the heating demand, HEXη  is the efficiency of the heat exchanger, 

biogas
mm  is the mass flow rate of the exhaust gases, cpexh is the specific heat capacity 

of the exhaust gases, exh
mT  is the temperature of the exhaust gases, Twater is the 

temperature of water, 1
mu  is the mass flow rate of backup propane, Propane

mLHV  
is the lower heating value of propane, ηboiler is the efficiency of the boiler, δh is an 
allowance for the heating constraint and br is the boiler rating. The manure from 
the livestock is stored in a lagoon with a storage capacity of Vlagoon_storage days. The 
volume flow rate of manure from the lagoon into the digester, 3

mu  is varied to 
minimise the cost of the system. Constraint (15) is set to ensure that the net vol-
ume of manure in the lagoon is not negative. In a given month m, the volume of 
manure that goes into the lagoon day 3

m mu u , should not be greater than the sum of 
the volume of the manure that was in the lagoon the previous month 1

lagoon_manure
mV − , 

and the volume of manure from the cattle in month m. Constraint (15) also en-
sures that the volume of manure in the lagoon is not greater than the storage ca-
pacity of the lagoon. Constraint (17) is set to ensure that the volume of manure in 
the digester, 3HRT mu , is not greater than the volume of the digester VD. The di-
gester is modeled using non-linear differential equations. The digester model is 
treated as a black box for purposes of optimisation. The differential equations in 
the black box, DIGESTER, used to calculate the mass flow rate, biogas

mm , the air-
fuel ratio, mAF  and the lower heating value of biogas, biogas

mLHV  can be found 
in [24]. The output torque of the internal combustion engine is determined by 
applying the Newton-Raphson method to a two dimensional linear interpolation 
function. The linear interpolation function is multiplied by the available torque. 
The available torque is calculated from the mass flow rate of biogas to the internal 
combustion engine, the lower heating value of biogas, and the speed of the internal 
combustion engine. The internal combustion engine model is also treated as a 
black box of these functions (ICE). The details of the modeling of the internal 
combustion engine can be found in [25]. The internal combustion engine is cou-
pled with an induction machine of rating, Prated, that generates electric power. The 
induction machine is modeled using non-linear differential equations detailed in 
[26]. The induction machine is also treated as a black box, IM, with the input as 
torque and the output as electricity, 1

my . The electricity generated is a function of 
the torque, which in turn is a function of the mass flow rate of biogas to the inter-
nal combustion engine. Constraint (18) is therefore set to limit the mass flow rate 
of biogas to not more than what is required to generate rated power, Prated in the 
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induction machine. 
Sometimes the biogas generated by the digester may be insufficient for sharing 

between the internal combustion engine and the boiler. Priority is then given to 
the combustion of biogas in the internal combustion engine, and propane is com-
busted in the boiler. This is done to generate electricity that can be sold to the 
utility. The revenue from the sale of electricity to the utility will be greater than 
the cost savings from the avoided use of propane for heating. A propane tank that 
supplies propane at a mass flow rate, 1

mu  is therefore included in the WET. The 
heat produced by the boiler is calculated from the mass flow rate of biogas to the 
boiler, biogas 2

mm u , the mass flow rate of propane, 1
mu , the lower heating value of 

propane and the lower heating value of biogas. Exhaust heat is also produced as a 
result of the combustion process in the internal combustion engine. This exhaust 
heat is captured by the heat exchanger. Constraint (19) is set to ensure that the 
heat output of the WET meets the heating demand of the farm and the digester. 
Constraint (6.20) is set to ensure that the heat to be generated by the boiler is not 
greater than the boiler rating, br. The contribution of the heat captured by the heat 
exchanger is subtracted from the heat output of the boiler in formulation of Con-
straint (20).  

Infeasible solutions arise if the constraints are not met. The measure of infeasi-
bility of the solution is calculated as: 

( )infeas
lagoon_volume digester_size mbiogas heating_demand boiler_rating

1
,

M
m m m m m

m
f S S S S S

=

= + + + +∑  for m M∈  (20) 

where infeasf  is the total measure of infeasibility, lagoon_volume
mS , digester_size

mS , 

mbiogas
mS , heating_demand

mS  and boiler_rating
mS  are the measures of infeasibility of the vol-

ume of manure in the lagoon, the digester size, the mass flow rate of biogas to the 
engine-generator set, the total heat output and the boiler rating, respectively. The 
measures of infeasibility are derived from the respective Constraints (15), (17), 
(18), (19) and (20). 

Using the measure of infeasibility of the volume of manure in the lagoon as an 
example: 

1
days 3 lagoon_volume lagoon_manure lagoon_manure in in days
m m m m m m mn u S V V v v n−+ = − +  for m M∈ ,   (21) 

The solution is feasible for lagoon_volume 0mS ≥ . 
where days

mn  are the number of days, 3
mu  is the volume flow rate of manure from 

the lagoon, lagoon_volume
mS , is the measure of infeasibility of the volume of manure in 

the lagoon, 1
lagoon_manure
mV −  is the volume of manure in the lagoon, lagoon_manureV  is the 

storage capacity of the lagoon and in
mv  is the volume flow rate of manure from 

the livestock. The other measures of infeasibility are defined similarly.  

4. Description of the Tabu Search Algorithm 

This section describes the adaptations of the Tabu Search algorithm developed for 
optimisation of a WET. The Tabu Search is described in Algorithm 3. The notation 
and the parameters of the Tabu Search are given in Tables 2-3 respectively. 
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4.1. Basic Tabu Search Algorithm 

The basic Tabu Search defines a neighbourhood of moves that can be applied to 
the solution, keeps a list of the forbidden moves (Tabu list) and incorporates a 
stopping condition. These aspects of the basic Tabu Search included in the opti-
misation of the WET are discussed in this section. 

4.1.1. Definition of the Neighbourhood 
The neighbourhood of: m

iu  is defined as 

( )
: 1, 2,3

GLOBAL

m
i i

newm m
i i i

MODEL

u i

N u u m M

u U U

ν ν δ

ν δ

 = + =
  = = − ∈ 
 

∈ ∪  

 

( ): ,m
iLB UB N uν νν ν≤ ≤ ∈  

where m
iu  is the optimisation variable, UMODEL is the set of constraints to be sat-

isfied by the WET black box models, UGLOBAL is the set of global constraints to be 
satisfied by the optimisation, LBv is the lower bound of the neighbourhood and 
UBv is the upper bound of the neighbourhood. The move from m

iu  to m
i iu δ±  

is selected within the specific limits and step sizes for the different variables. 

4.1.2. Tabu List 
A Tabu list is formulated from moves that result in the current solution. Each 
entry of the Tabu list is a vector of the move from m

iu  to m
i iu δ± , and its asso-

ciated month. Reverse moves are also included in the Tabu list. The Tabu list in-
cludes a random number NTL_length, selected within a given interval that decides for 
how many iterations a Tabu condition persists. 

4.1.3. Stopping Condition 
The stopping condition of the Tabu Search algorithm is set to termination of the 
optimisation, if no improvement in the incumbent solution has been observed 
after max_iter iterations, following the application of diversification. 

 
Table 2. Tabu search notation. 

Input/Output Description 
,initm

iu  initial solution 
m
iu  current solution 

bestS  set of the Pareto incumbent solutions 
currentS  set of the Pareto current solutions m

iu  

Ɲ ( )m
iu  neighbourhood of variable 

vLB  lower bound of neighbourhood 

vUB  upper bound of neighbourhood 
listT  Tabu list 

MODELU  set of constraints to be satisfied by the WET black box models 
GLOBALU  set of global constraints to be satisfied by the optimization 
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4.2. Adaptations of the Tabu Search 

Four aspects of the Tabu Search have been developed for adaptation to the prob-
lem being solved. These are: use of the Pareto optimal front method to evaluate 
the multi-period and multi-objective function, constraints handling, the multi-
period optimisation strategy and the diversification strategy. The adaptations 
made to the basic Tabu Search algorithm in the context of the Waste-to-Energy 
Technology (WET) optimisation problem significantly enhance the algorithm’s 
ability to deal with the problem's inherent complexity. The WET problem is char-
acterised by multiple objectives, multi-period variables, non-linear models treated 
as black boxes, and strict constraints that can conflict with cost reduction goals. 
The motivation behind each adaptation is rooted in addressing these specific chal-
lenges, making the modified Tabu Search more robust, flexible, and effective than 
the standard form. This section describes the adaptations developed. 

4.2.1. Pareto Incumbent Solutions 
In the WET problem, multiple objectives must be optimised—primarily cost min-
imisation and constraint (infeasibility) reduction—over a series of time periods 
(months). Standard TS typically handles single-objective optimisation and lacks a 
mechanism to evaluate trade-offs among conflicting objectives or time-variant ef-
fects. 

During the Tabu Search optimisation a different variable is optimised for each 
time period, m M∈ , for as long as the current solution is improving. This implies 
that only the cost components of the period for which the optimisation is carried 
out are modified, each time the objective function is evaluated. In order not to lose 
the benefit of the modified cost components, they are summed separately for all the 
periods to form the cost vector (15). The cost vectors are then checked for non-
dominance and the non-dominated solutions form a Pareto incumbent front. Sum-
ming the cost components separately over all the periods, M, incorporates the multi-
period nature of the optimisation into the evaluation of the objective function. The 
Pareto front method of evaluating multi-objective functions has therefore been 
modified to incorporate the multi-period nature of the optimisation problem. 

Standard TS retains a single best solution; this adaptation maintains a front of 
non-dominated solutions, enabling multi-objective, multi-period optimisation 
and better long-term decision-making. 

 
Algorithm 3 Tabu Search  
 Initialization 
1. Build a feasible initial solution ,initm

iu  

2. Set { },init best ,init, , , 1,2,3m m m
i i iu u S u m M i← ← ∈ =  

3. Initialize the Tabu list: listT ←∅  
4. Set the bounds  

5. 
Evaluate cost

minf


, infeas
minf


 
Tabu Search 

6. iter ← 0 
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Continued  

7. while iter ≤ max iter do 
8.      while iter ≤ max_iter_div do 
9.         Phase 1: Minimize Cost 
10.         iter_opt ← 0 

11. 
 while iter opt ≤ max iter opt /*Attempt at finding a solution with a 
smaller cost  regardless of the infeasibility*/do 

12. Perform a round robin search on the months : For a given month m M∈ , 
select one variable with index i(m) : i(m) = i(m – 1) + 1 (mod 3) 

13.        Update the neighbourhood of the selected variable 

14. Evaluate all solutions m
iu ′  in Ɲ ( )m

iu  with respect to cost
minf


, infeas
minf


 

(only for storage with solution) 

15. 
( )current cost

minarg min
u

S f u
′

← ′


  

for 1 1 1 2 2 2
1 2 3 1 2 3 1 2 3, , , , , , , , ,m m mu u u u u u u u u u= 

 and m M∈  
16.      end while 
17.      iter_feas ← 0 
18.      Phase 2: Minimize Infeasibility 
19.      while iter_feas ≤ max_iter_feas /* Reducing infeasibility*/do 

20. 

         Select the month m M∈  for which the search is to be carried out : 

           ( )infeas
minarg max

m
m f u

′
← ′



 for 

( )1 1 1 2 2 2
1 2 3 1 2 3 1 2 3, , , , , , , , ,m m mu u u u u u u u u u u= =   

21.           Update the neighbourhood of the selected variable 

22. 
 Evaluate all solutions 1

mu ′  in Ɲ m
iu  with respect to cost

minf


, infeas
minf


 (only 
for storage with solution) 

23. 
( )current cost

minarg min
u

S f u
′

← ′


  

       for 1 1 1 2 2 2
1 2 3 1 2 3 1 2 3, , , , , , , , ,m m mu u u u u u u u u u= 

 and m M∈  
24.     end while 
25.   end while 
26.   Apply diversification 
27. end while 

 
Table 3. Parameters of the Tabu search. 

Parameter Description Value 
lagoon_storageV  storage capacity of the lagoon (days) 35 

HRT  hydraulic retention time (days) 20 

herdn  number of livestock 500 cows 

day
mn  number of days in a month Varies 

ratedP  rating of the induction machine (hp) 150 

propaneLHV  lower heating value of propane (kJ/kg) 46,300 [27] 

waterT  water temperature (˚C) 35 

HEXη  heat exchanger efficiency (%) 70 

ratedη  boiler efficiency (%) 70 

lagoonc  unit cost of lagoon (USD/m3) 2.47 [28] 

propanec  unit cost of propane (USD/m+) 1.98 [29] 
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Continued 
rand_divn  consecutive random moves (diversification Strategy D1) 5 

nonimprov_divn  consecutive non-improving moves to apply diversification 5 
restart_divn  restarts with incumbent solution (diversification Strategy D2) 3 

max_iter_div number of iterations for application of diversification 100 

hδ  allowance for heat demand constraint (kW) 10 
max_iter number of iterations for the stopping condition 150 

max_iter_opt number of iterations for the minimisation of cost 50 
max_iter_feas number of iterations for the minimisation of infeasibility 25 
max_iter_div number of iterations for the application of diversification 100 

   
infeasS  threshold of infeasibility Varies 
infeas
0S  initial threshold of infeasibility varies 

4.2.2. Method of Handling Constraints 
The WET system includes global constraints (UGLOBAL) such as energy balance or 
heat demand that must be met for a feasible solution. However, strict feasibility 
throughout the search can prevent reaching low-cost areas. 

There are two sets of constraints in the optimisation problem of the WET. 
UMODEL is the set of constraints to be satisfied by the models of the WET and 
UGLOBAL is the set of global constraints to be satisfied by the solution of the opti-
misation problem, i.e., CWET ( 1 2 3, ,m m mu u u ) (4). The set of constraints to be satis-
fied by the models of the WET, UMODEL is not defined because the WET models 
are treated as black boxes in the optimization problem. The method of handling 
constraints discussed applies to the set of global constraints, UGLOBAL. Infeasible 
solutions result if the global constraints are not satisfied. Infeasible solutions are 
allowed in the Tabu Search optimisation in order to allow the search to move to 
low cost regions during the minimisation of cost. To ensure that the search goes 
back to a feasible region, a second objective function is introduced. The second 
objective function minimises infeasibility (20). The Tabu Search optimisation al-
ternates between minimising cost (Phase 1) and minimising infeasibility (Phase 
2). Thresholds are set for the extent to which infeasibility is allowed. These thresh-
olds are progressively reduced during the course of the optimisation. 

Traditional TS avoids infeasible regions or uses penalty functions. This approach 
intentionally explores infeasible space and uses two separate objectives to alternate 
exploration and correction, improving convergence in constraint-heavy scenarios. 

4.2.3. Multi-period Optimisation Strategy 
WET operates over time (months), with different variables (e.g., feed rates, stor-
age levels, energy outputs) for each period. Standard TS does not inherently sup-
port temporal decomposition or sequential optimisation. 

A multi-period optimisation strategy is developed to ensure a smooth transition 
from one period to the next during optimisation. Different strategies are used for 
the phase for minimisation of cost (Phase 1) and minimisation of infeasibility 
(Phase 2). The period is measured in months. The variables are optimised for each 
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month. During the phase for minimisation of cost, optimisation is done based on 
a round robin strategy of the months, starting with the month of January. If a 
solution is encountered that is worse than the current solution, another variable 
is selected for optimisation, in the same month. If all three variables do not result 
in an improved solution, the current solution is not updated. This is repeated for 
the twelve months period. If the current solution does not improve over this 12 
months period, it is updated with the least non-improving solution. The optimi-
sation strategy during the phase for minimisation of infeasibility is such that the 
month with the most infeasible solution is selected for optimisation. This is in 
contrast to the phase of minimisation of cost, where the round robin method is 
used. Once a feasible solution is encountered during the phase of minimisation of 
infeasibility, the strategy reverts to minimisation of cost. 

This strategy introduces temporal awareness into the optimisation, allowing TS 
to behave more intelligently across time-dependent variables—something not 
considered in basic TS. 

4.2.4. Diversification 
Tabu Search is prone to getting trapped in local optima, especially in large, con-
strained, or multi-modal search spaces like those in WET. Diversification is es-
sential to escape these regions. 

If the incumbent solution does not improve for max iter div iterations, diversi-
fication is applied. Diversification is applied by performing three consecutive re-
starts with the incumbent solution. For each restart performed, a different variable 
is selected for optimisation. Diversification is only applied if after the 
max_iter_div iteration, the current solution does not improve for nnonimprov_div con-
secutive iterations. The Tabu list is emptied on performing each of the restarts. 

Standard TS relies on diversification through long-term memory (e.g., fre-
quency-based strategies), which may not be sufficient for highly constrained prob-
lems. This explicit restart mechanism with structured randomness ensures 
stronger exploration and reduces premature convergence. summary of key im-
provements of the tabu search is presented in Table 4. 

 
Table 4. Adaptations of the Tabu search. 

Adaptation Motivation Benefit over standard TS 
Pareto Front for  
multi-objective 

Handle trade-offs in cost/ 
infeasibility across periods 

Retains multiple diverse, 
non-dominated solutions 

Dual objective strategy 
Navigate feasibility/cost 

conflict 

Enables escape into  
low-cost regions and 

guided return to feasibility 
Multi-period  

Round-robin +  
feas-targeting 

Reflect time dimension and 
focus effort effectively 

Improves search balance 
and precision across  

temporal phases 

Diversification by  
incumbent restarts 

Escape local optima in 
black-box models 

Facilitates broader  
exploration with  

structured randomness 
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These enhancements make the Tabu Search algorithm better suited for the real-
world complexity, dynamic constraints, and trade-offs inherent in biomass WET 
optimisation, producing more reliable, diverse, and cost-effective solutions than 
the standard approach. 

5. Experiments and Results 

This section begins with a description of the data instances and definitions of the 
experiments. 

5.1. Data Instances 

The data instance is obtained from a dairy farm of herd size 500 cows [30]. 

5.2. Descriptions of the Strategies of the Tabu Search Experiments 

The experiments carried out are grouped into strategies. Many strategies were 
tested and the most successful ones were reported. The strategies correspond to 
the aspects of the Tabu Search developed are defined below: 

 
(i) Strategy C1, the threshold of infeasibility is adjusted to handle constraints; 

(ii) 
Strategy C2, the number of iterations for minimisation of cost and  

minimization of infeasibility are varied to handle constraints; 

(iii) 
Strategy C3, feasible and infeasible solutions are allowed during the phase for 

minimisation of infeasibility; 
(iv) Strategy D1, diversification by consecutive random moves; 

(v) 
Strategy D2, diversification by consecutive restarts with the incumbent  

solution; 
(vi) Strategy MOBJ1, evaluation of Pareto incumbent solutions; 
(vii) Strategy MOBJ2, summing cost components of the objective function; 
(viii) Strategy MP1, round robin and updating current solution; 

(ix) 
Strategy MP2, round robin and updating solution with improving solution 

only; 

(x) 
Strategy MP3, round robin and updating solution with improving solution 

only, 
and sampling all variables in one month if required; 

(xi) Strategy MP4, round robin during the phase for minimisation of infeasibility; 

 
Experiments with Strategies C1, C2 and C3 were developed to investigate the 

handling of constraints. Two diversification strategies D1 and D2 were experi-
mented with. Experiments with Strategies MOBJ1 and MOBJ2 were developed to 
investigate the formation of Pareto incumbent solutions in the multi-objective 
and multiperiod optimisation problem. Handling of the multi-period nature of 
the problem was investigated in Strategies MP1, MP2, MP3 and MP4. Each of 
these strategies is explained in detail in the following sections.  

5.2.1. Constraints Handling Strategy 
The aim of the experiments for constraint handling carried out in Strategies C1, 
C2 and C3, is to show that allowing infeasibility for a given set of parameters aids 
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in moving towards an optimal solution faster. Two parameters are experimented 
with: (i) thresholds of infeasibility and (ii) number of iterations for which the cost 
or the infeasibility is minimised. The threshold is a value that limits the extent of 
infeasibility. This is required to prevent the solution from becoming too infeasible 
and therefore unable to return to a feasible region. In Strategy C1 the threshold of 
infeasibility is fixed. Three fixed thresholds are experimented with. These are Sinfeas 
= −500, −200 and −100. The results of fixing the threshold of infeasibility to Sinfeas 
= −200 is shown in Figure 3(a). 

When the threshold is fixed to Sinfeas = −500, the cost reaches low values. How-
ever these low values are in the infeasible regions. The costs of grid electricity for 
the current solutions are −18,278, −18,197, −19,091 and −19,949 at the 50th, 
100th, 200th iterations and at termination, respectively. 

 

 
(a) Fixed Threshold Sinfeas = −200 

 
(b) Varying Thresholds infeas 200oS = −  

 
(c) Varying Thresholds infeas 300OS = −  

Figure 3. Strategy C1. 
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Fixing the Threshold of infeasibility to a lower value of Sinfeas = −200, gives better 
incumbent solutions. The iterations 100, 200 and the termination conduction 
have costs of grid electricity for the incumbent solutions of −16,130, −16,627, -
16,730 and −16,834. The current solution also reaches relatively low values of costs 
of grid electricity of −17,701 and −18,302 at the 50th and 100th iterations respec-
tively. Fixing the threshold of infeasibility to a lower value of Sinfeas = −100 does 
not result in significantly better incumbent solutions. At Sinfeas = −100, the cost of 
grid electricity of the incumbent solution is −16,130. This is because Sinfeas = −100 
is so low that it restricts the search to a local region. This is evidenced by the high 
values of the costs of grid electricity of the current solutions of −15,410, −13,739 
and −13,022 at the 100th and 200th iterations, and at termination respectively, for 
the cows data instance. The respective values of infeasibility are −155, −99 and 
−139. The costs of grid electricity are higher than those at Sinfeas = −500 and −200, 
at the same number of iterations. From these experiments, a good starting point 
for the threshold of infeasibility is identified as Sinfeas = −200. 

Further investigation was required on the effect of varying the threshold of in-
feasibility, before a conclusion could be arrived at on the suitability of the strategy 
of fixing the threshold. Strategy C1 therefore also included experiments where the 
threshold of infeasibility was varied. The initial thresholds of infeasibility were set 
to infeas

OS  = −500, −300, −200 and −100. The thresholds of infeasibility were var-
ied as follows: 

{ }i nfeas i nfeas500; 500, 400, 300, 200, 100, 50, 40, , 10 ,OS S= − ∈ − − − − − − − −   (22) 

{ }i nfeas i nfeas300; 300, 200, 100, 50, 40, 30, 20, 10 ,OS S= − ∈ − − − − − − − −     (23) 

{ }i nfeas i nfeas200; 200, 150, 100, 90, 80, 70, 60, , 10 ,OS S= − ∈ − − − − − − − −    (24) 

{ }i nfeas i nfeas100; 100, 90, 80, 70, 60, 50, 40, 30, , 10 ,OS S= − ∈ − − − − − − − − −   (25) 

where infeas
OS  is the initial threshold of infeasibility and infeasS  is the varying 

threshold of infeasibility. The results of these experiments are shown in Figures 3 
(b) and 3 (c).  

With regard to Strategy C1, a cost of grid electricity of −16,884 for the incum-
bent solution, is obtained, at infeas 200OS = − . infeas 200S = −  also gave the best in-
cumbent solution, for the experiments of fixing the threshold of infeasibility. Var-
ying the threshold of infeasibility gives a better incumbent solution compared to 
fixing the threshold of infeasibility.  

Figures 3 (b), show a move towards lower costs at the beginning of the itera-
tions, for infeas 200OS = − . As the iterations progress, the costs tend to increase. This 
is because of the progressive decrease in the threshold of infeasibility, leading to 
large decreases in infeasibility. Decreasing infeasibility has the reverse effect of 
increasing cost. The increasing cost means the solution is moving away from the 
optimal. Diversification Strategy D1 which involves making 5 consecutive random 
moves was being applied after 100 iterations, to move the search to a new region. 
This however did not impact the optimisation significantly and the incumbent 
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solution was obtained before the 100th iteration (Figure 3 (b)). In order to obtain 
improving incumbent solutions after the 100th iteration, diversification Strategy 
D2 was developed and used for subsequent experiments of Strategies C2, C3, 
MOBJ1, MOBJ2, MP1, MP2, MP3 and MP4. In Strategy D2, a restart was made 
with the incumbent solution, if there was no improvement in the incumbent so-
lution after max-iter_div iterations. 

In Strategy C2, the number of iterations for the minimisation of cost and min-
imisation of infeasibility were varied. In the first experiment done, the same num-
ber of iterations were allowed for minimisation of cost and minimisation of infea-
sibility, i.e. max_iter_opt = max_iter_feas = 50. The incumbent solutions are bet-
ter with max_iter_opt = 50 and max_iter_feas = 25 than with max_iter_opt = 
max_iter_feas = 50. 

The experiments were repeated with: (i) max_iter_opt = 75 and max_iter_feas 
= 50, and (ii) max_iter_opt = max_iter_feas = 75. The best parameters for Strategy 
C2 were found to be max_iter_opt = 75 and max_iter_feas = 50 (Figure 4). The 
cost of grid electricity of the incumbent solution for max_iter_opt = 75 and 
max_iter_feas = 50 was −20,545, whereas that with max_iter_opt = 50 and 
max_iter_feas = 25 was −19,504. 

 

 
Figure 4. Strategy C2: Varying number of iterations for minimisation of cost and minimi-
sation of infeasibility. 

 
The handling of feasible solutions that arise during the phase of minimisation 

of infeasibility is investigated in Strategy C3. In this strategy, both feasible and 
infeasible solutions (within the threshold of infeasibility) are allowed during the 
phase of minimisation of infeasibility. This is compared to what is done in Strategy 
C2. Although Strategy C2 investigated the number of iterations for minimisation 
of cost and minimisation of infeasibility, it uses a different method from Strategy 
C3 for handling feasible solutions that arise during minimisation of infeasibility 
(Figure 5). A comparison can therefore be made between Strategy C3 and C2. In 
Strategy C2 only feasible solutions are allowed during the phase of minimisation 
of infeasibility as a first priority. If there are no feasible solutions, then infeasible 
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solutions within the threshold of infeasibility are allowed. The results of the ex-
periment for Strategy C3 are compared with those of Strategy C2. The cost of grid 
electricity of the incumbent solution for Strategy C3 is −18,308, whereas that of 
Strategy C2 with max_iter_opt = 75 and max_iter_feas = 50 is −20,545. It can be 
deduced that the strategy of allowing only feasible solutions as a first priority, dur-
ing the minimisation of infeasibility (Strategy C3) is better than allowing both 
feasible and infeasible solutions. 

 

 
Figure 5. Strategy C3: Allowing all solutions within threshold during minimisation of in-
feasibility. 

5.2.2. Diversification Strategy 
Two strategies were applied to test diversification. In the experiments of Figure 3, 
diversification Strategy D1 was applied. In Strategy D1, diversification was applied 
if the incumbent solution did not improve for 100 iterations. The diversification was 
also subject to the current solution not improving for 5 consecutive iterations. Di-
versification was applied by making 5 consecutive random moves. The results for 
Strategy D1 show that this type of diversification does not result in an improvement 
in the incumbent solution. Experiments were performed with Strategy D2, where 
three consecutive restarts with the incumbent solution were performed, if the solu-
tion did not improve for 100 iterations. Strategy D2 is described by Pseudocode 1. 
Figure 6 shows that use of Strategy D2 for diversification results in an improvement 
in the incumbent solution. The cost of grid electricity of the incumbent solution is 
−16,884 with Strategy D1 and −19,504 with Strategy D2. 
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Figure 6. Strategy D2 + C2: Diversification by restarting with the incumbent solution and 
varying number of iterations for minimisation of cost and minimisation of infeasibility. 

5.2.3. Multi-objective Optimisation Strategy 
The experiments in this section are to investigate Strategy MOBJ1, developed to 
evaluate the multi-objective function, on a Pareto incumbent front, while taking 
into consideration its multi-period nature. Strategy MOBJ1 is compared to Strat-
egy MOBJ2. In Strategy MOBJ2, the sum of the cost components of the objective 
function is calculated and the solution with the least sum is selected as the current 
solution. In Strategy MOBJ1 the multi-period cost components of the objective 
function are evaluated for non-dominance and form a Pareto incumbent front. 
Figure 7 shows the improvement in the incumbent solution using Strategy 
MOBJ1. The cost of grid electricity of the incumbent solution for Strategy MOBJ1 
is −20,545, whereas there is no improvement in the incumbent solution with Strat-
egy MOBJ2. As such, Strategy MOBJ1 where a Pareto incumbent front is used to 
evaluate the objective function is better than Strategy MOBJ2 which sums the cost 
components of the objective function. 

https://doi.org/10.4236/ojop.2025.142005


D. Makumbi et al. 
 

 

DOI: 10.4236/ojop.2025.142005 85 Open Journal of Optimization 
 

 
Figure 7. Strategy MOBJ1: Multi-objective optimisation using pareto incumbent front. 

5.2.4. Multi-period Optimisation Strategy 
The aim of the experiments in this section is to investigate the strategies for han-
dling the multi-period nature of the optimisation problem, in a manner that will 
ensure continuity from one period to the next. The Tabu Search has two phases: 
(i) minimization of cost and (ii) minimisation of infeasibility. Different strategies 
for handling multi-periodicity are applied to the different phases. Each of these 
strategies is discussed next under the appropriate phase of the Tabu Search. 

Round Robin in Phase 1 of Minimisation of Cost 
In Strategy MP1 round robin of the months is carried out while updating the 

current solution, whether it is improving or not as described in Pseudocode 2.  
In Strategy MP2, round robin of the months is carried out while updating the 

current solution with an improved solution only (Pseudocode 3). The results of 
experiments using Strategy MP2 are shown in Figure 8. 

 
Pseudocode 2: Strategy MP1  
1. for iter =1.12 do 
2.     Select a variable m

iu  for optimization  
3.       Perform Tabu Search 
4.       Evaluate iterative solution currentS ′  
5.       Update the current solution current currentS S ′←  
6.       Select the next month for which to carry out the optimization 1m m← +  
7.      Select the index of the next variable to be optimised 1i i← +  (mod 3) 
8. end for  

 
Pseudocode 3: Strategy MP2  
1. for iter =1.12 do 
2.    iter_m ← 0 
3.    Select a variable m

iu  for optimization  
4.    Perform Tabu Search 
5.    Evaluate iterative solution currentS ′  
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6.    while current currentS S′ >  and iter_m≤12 do 

7. 
        Select the next month for which to carry out the optimization 

1m m← +  

8.         Select the index of the next variable to be optimised  1i i← +  (mod 
3) 

9.         Select a variable m
iu  for optimization 

10.          Perform Tabu Search 
11.          Evaluate iterative solution currentS ′  
12.         iter_m ← iter_m + 1 
13. end while 
14.  Update the current solution current currentS S ′←  
15.  Select the next month for which to carry out the optimization 1m m← +  
16.  Select the index of the next variable to be optimised  1i i← +  (mod 3) 
17. end for    

 

 
Figure 8. Strategy MP2: Round robin & updating current solution with an improving so-
lution only. 

 
The third multi-period strategy investigated is MP3, where round robin of the 

months is carried out and more than one variable is sampled in a given month, in 
order to obtain an improving solution. Strategy MP3 is described by Pseudocode 
4. Strategy MP3 was investigated together with the Strategy C2 with max_iter_opt 
= 75 and max_iter_feas = 50. 

 
Pseudocode 4: Strategy MP3  
1. for iter =1.12 do 
2.    iter_m ← 0 
3.    Select a variable m

iu  for optimization  
4.    Perform Tabu Search 
5.    Evaluate iterative solution currentS ′  
6.    while current currentS S′ >  and iter_m≤12 do 
7.       while 3i ≤  and current currentS S′ >  do 
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8.            Select a variable i
mu for optimization 

9.            Perform Tabu Search 

10.             Evaluate iterative solution currentS ′  

11.             Select the index of the next variable to be optimised 1i i← +
(mod 3) 

12.        end while  

13. 
        Select the next month for which to carry out the optimization 

1m m← +  

14.         Select the index of the next variable to be optimised 1i i← +  (mod 
3) 

15.         Select a variable m
iu  for optimization 

16.         Perform Tabu Search 

17.          Evaluate iterative solution currentS ′  
18.         iter_m ← iter_m + 1 

19.     end while 

20.     Update the current solution current currentS S ′←  
21.     Select the next month for which to carry out the optimization 1m m← +  
22.     Select the index of the next variable to be optimised  1i i← +  (mod 3) 

23. end for    

 
Strategies MP1 and MP2 are compared to Strategy MP3. Strategy MP3 gives the 

best cost of grid electricity of −20,545 for the incumbent solution. Strategies MP1 
and MP2 give costs of grid electricity of −17,169 and −17,534, respectively. 

The best strategy with regard to round robin, during the phase of minimisation 
of cost is MP3, where the current solution is updated with improving solutions 
only. This is done while trying out all the variables in turn in the same month, 
until the current solution improves or until after 12 iterations. A non improving 
solution is allowed only after the current solution has not been updated for 12 
iterations. This strategy ensures that there is an attempt to find an improving so-
lution in every month, and tries to build continuity from one month to the next 
during the optimisation. 

Round Robin in Phase 2 of Minimisation of Infeasibility 
Round robin is also investigated in Phase 2 where infeasibility is being mini-

mized (Strategy MP4). The results are compared with those of Strategy MP3. Strat-
egy MP3 also investigated the selection of the month for which to carry out the 
optimisation, during the phase for minimisation of infeasibility. In Strategy MP3 
optimisation of the variables is done for the month with the least infeasible solu-
tion. The incumbent solution with Strategy MP3, is better than with Strategy MP4. 
−20,545 is obtained as the cost of grid electricity with Strategy MP3 and −16,691 
with Strategy MP. During the minimisation of infeasibility, selection of the month 
with the most infeasible solution for optimisation (Strategy MP3) is therefore bet-
ter than round robin of the months (Strategy MP4). 
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6. Limitations and Future Research Directions 

While the proposed adaptations to the Tabu Search (TS) algorithm significantly 
improve its performance for the Waste-to-Energy Technology (WET) optimisa-
tion problem, certain limitations remain. These limitations stem from the algo-
rithm’s design choices, inherent complexity of the problem domain, and practical 
implementation constraints. Identifying these shortcomings can guide further re-
finement and inspire new avenues of research. 

6.1. Sensitivity to Parameter Settings 

The algorithm depends heavily on various predefined parameters such as max_iter, 
max_iter_opt, S_infeas, diversification thresholds, and the structure of the neigh-
bourhood search. These parameters are problem-specific and must be finely tuned 
to achieve optimal performance. 

Improper tuning can lead to premature convergence, inefficient exploration, or 
failure to find feasible solutions. 

Incorporating learning-based or self-adaptive parameter adjustment strategies 
could allow the algorithm to dynamically fine-tune its behaviour during the search. 
In addition, a systematic study of parameter influence could help identify robust 
settings or provide guidelines for tuning in similar WET scenarios. 

6.2. Computational Cost in Multi-Period, Multi-Objective  
Evaluation 

The use of a Pareto incumbent front across multiple periods requires maintaining 
and evaluating a large number of non-dominated solutions. This becomes com-
putationally intensive as the number of time periods and decision variables in-
creases. 

Scalability may be limited for larger problem instances (e.g., multi-year plan-
ning, more variables per period), leading to long runtimes. 

Introducing surrogate (meta) models to approximate objective function evalu-
ations can reduce computational burden. Also, combining TS with Genetic Algo-
rithms (GA) or NSGA-II can improve scalability while maintaining diversity and 
exploration. 

6.3. Dependence on Black-Box WET Models 

The algorithm treats the WET models as black boxes, with no gradient or struc-
tural information used in the search. While this increases generality, it limits the 
efficiency of the search, especially in identifying and avoiding infeasible regions. 
Search may waste time evaluating infeasible or non-informative regions, particu-
larly in large and sparse feasible spaces. 

Incorporate domain knowledge or partial model understanding (e.g., constraint 
bounds, sensitivity analysis) to guide search more intelligently. Also, the use ma-
chine learning to learn feasibility boundaries or infeasibility trends from historical 
evaluations. 
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6.4. Limited Exploration Beyond Local Regions 

Although diversification strategies are introduced (e.g., restarts with incumbent 
solution), they are still based on the local region around the best-known solution. 
There is limited capability for global exploration or large structural changes in the 
solution space. 
The search may remain confined to local basins of attraction, especially in highly 
non-convex or discontinuous spaces. 

Introduce frequency-based memory or historical solution archives to promote 
broader exploration. Also, periodically apply large perturbations or problem-spe-
cific heuristics to explore distant regions of the search space. 

6.5. No Explicit Handling of Uncertainty or Dynamic Changes 

The current algorithm assumes deterministic input parameters and static operat-
ing conditions. In real-world WET scenarios, parameters such as feedstock avail-
ability, energy demand, and cost factors can vary over time or be uncertain. 
Solutions may be suboptimal or infeasible under real operating conditions if the 
model does not account for uncertainty. 

Adapt the algorithm to handle uncertainty by optimising expected performance 
or worst-case outcomes. In addition, use multiple demand or supply scenarios in 
the objective evaluation and solution comparison. The summary of limitations 
and research directions are presented in Table 5. 

 
Table 5. Summary of Limitations and Research Directions. 

Limitation Impact Suggested future work 

Sensitivity to parameters 
May cause inefficiency 
or convergence issues 

Adaptive parameter  
tuning, sensitivity analysis 

Computational burden 
of Pareto evaluation 

Limits scalability to 
large/multi-year  

problems 

Surrogate models,  
hybridisation with GA or 

NSGA-II 

Black-box model  
treatment 

Inefficient navigation of 
feasible space 

Constraint learning,  
domain-informed  

guidance 

Limited global  
exploration 

Risk of premature  
convergence to local  

optima 

Long-term memory, Large 
Neighbourhood search 

Lack of uncertainty  
handling 

Reduced real-world  
applicability 

Robust/stochastic  
optimisation,  

scenario-based approaches 

7. Conclusion 

The developments to the basic Tabu Search were designed to handle constraints, 
multi-objectives, multi-periods and diversification. Experiments were done, to 
test the adaptations developed. It was found out that for optimisation of WET, 
constraints are best handled by alternating between allowing feasible and infeasi-
ble solutions. The minimisation of cost should also be alternated with the mini-
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misation of infeasibility, for different numbers of iterations. Diversification should 
be applied by performing restarts with the incumbent solution. It was also found 
out that evaluation of the multi-period cost components of the objective function 
on a Pareto incumbent front, is better than summing the cost components of the 
objective function. During minimization of cost, a round robin strategy of the 
months, should be applied, whereas during minimisation of infeasibility, the pe-
riod with the most infeasible solution should be selected for optimisation. 
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