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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):ueU, (1)

where f u) is the objective function, and u is selected from a set of constraints U.

A move nleads from one solution to the next. The move is defined as [8]:
n:U(n)->U. (2)

The moves n € N that can be applied to u form a set denoted by N(u), and
termed the neighbourhood of u [8]. A characteristic of the Tabu Search is to N
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

Select an initial solution u ¢ U
Set uincumbent é u

Set iter < 0

Initialise the Tabu list: 7t ¢ {
while stopping condition is not reached do
Find the best admissible solution u e N(u) with respect to f u)
if fu) < fuevmbent) then
Update the incumbent solution uneumbent &
Update the Tabu list
end if
end while

L
C S0 ® NG oW

where uis the current solution, Uis the constraints set, z*"™®"t js the incumbent

solution, iter is the iteration counter, 7'is the Tabu list, N(u) is the neighbourhood
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of solution zand A 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 e 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 .. cattle. Dimensioning is carried out with an adapted monthly
setup, for: the backup propane flow rate, u,", the split of biogas between the in-
ternal combustion engine (ICE) and the boiler, u," and the volume flow rate of

manure from the lagoon, u;".

bdj? Digester Heating

Torque i
ICE ™M Electricity

TLm

Biogas

Electrical
Load

Uym

Manure dgm — yym

Output from
Cows

Boiler |um Ly,

‘propane

Exhaust
Heat

Propane

MM exh Heat (1 - @)y,m
uym = Variable backup propane mass flow rate m
uym = Variable biogas sharing ratio T exh
uzm =variable digester volume flow rate h 4
v™ ;, = input volume flow rate of manure going into lagoon HEX ay,m
MM piogas =Mass flow rate of biogas Heat

MM exn = mass flow rate of exhaust gases
T™oxn = temperature of exhaust gases
LHV™pi0gas = lower heating value of biogas Heatin.
LHVpropane = Lower heating value of propane g
AF™ = air fuel ratio of biogas Load
T]_m = torque output
y1™ = output electricity generated (1= b)ym
2™ = output heat

d,™ = input heating demand

d,™ = input electricity demand

a= ratio of heating output

b= ratio of heating demand

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 v in
goes into a lagoon, where it is stored. The manure from the lagoon is fed to a
digester at a volume flow rate, u;' . In the digester, the manure undergoes anaer-
obic digestion to produce biogas at a mass flow rate, my;,,, , air-fuel ratio, AF”
and lower heating value, LHV

an internal combustion engine and a boiler, at a ratio determined by the variable

. The biogas produced is to be shared between

u," . The mass flow rate of biogas going into the internal combustion engine is
(1 —uy )mbiogas and that going into the boiler is 1, 15 .

The biogas is combusted in the internal combustion engine generating a torque
T" . The torque 7;" is applied to an induction machine (IM) to generate elec-

tricity, output )". The electricity is used by the farm to meet the electricity load

DOI: 10.4236/0jop.2025.142005

66 Open Journal of Optimization


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

D. Makumbi et al.

d!" . If excess electricity is produced by the WET it is sent to the electricity grid.
The electricity sent to the grid is designated by d." — . 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 d." —3;". Combustion of biogas in the
internal combustion engine produces exhaust gases at a mass flow rate and tem-

perature denoted by m_,, and T,

exh

respectively. Heat from the exhaustgases is
captured by the heat exchanger (HEX) and forms the heat output ay; . The bio-
gas that goes into the boiler is combusted to generate heat, denoted by (1 - a) Vs
The total heat output y," has to meet the heating demand of both the digester
bd;" and the farm (1—b)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
u" and lower heating value LH Viropane.

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 (ul'" Uy ,u;”) for a given manure input v, , (3)
subject to: Cypp (ul’",ug",u;” ) <0 for meM, (4)
such that: u" €{0,0.0001,0.0002,0.0003,---,0.0036} for me M, (5)
uy' €{0,0.01,0.02,0.03,---,0.099} for me M, (6)
u;’e{1,2,3,~-,59} for meM, (7)
u= (ull,u;,u;,uf,uf,uf,'--,ulm‘,u‘zm‘,u‘}m‘) for meM, (8)

Where u",u; and u}' are the vlariables: backup propane mass flow rate, bio-
gas sharing ratio and volume flow rate of manure going into the digester respec-
tively. Gwer 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 myg, u', u), ul for meM

- e
Initialize parameters: Vlagoon > @50, M s Moiter » Lwater » LHmepanc
for meM

Build an initial solution (", wu}', wuy')for me M

Lol

Calculate the outputs of the WET model components
m m m m-1
s (7o) =1AGOON(v: 1" )

in? " lagoon > herd

(4F",LHV. .m] )= DIGESTER (i ,bd)

biogas ? " biogas
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Continued

(77 m Tl ) = 1CE (i (1= ) AE" LHVE, . )

exh > *exh

' =IM(1")

m o_ m m mo_
ayZ - nHEX mexh Cpexh ( exh Twaler)

(1 - a)y;n = (LHV ulm + mgzogasLHVbrinogasugl )nboi]er

propane
6. end for

Evaluate the objective function f°

cost

7 Tabu Search Optimisation
iter < 0
while iter < max_iter do
0. 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 e, electricity demand d.", heating demand ;" and vol-
ume flow rate of manure from the cattle V. These inputs are specified for each
time period, m e M . The parameters of the optimisation are initialised, i.e.,
Vigoon » Volume of manure in the lagoon, a, ratio of heating output, b, ratio of
heating demand, 7uex, efficiency of the heat exchanger, yoiler, efficiency of the
boiler, Tiaer, water temperature and LH Viropane, lower heating value of propane.
An initial solution (u;", uy', u;') is built for each of the time periods me 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 (u," ,u' ,u;' ), 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 (u,",u;",u;" ). The inputs and outputs
of the component models and equations are defined in Table 1. The electricity
and heat outputs, y" and, y;', 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
Myerg herd size
dr electrical demand of the farm
dl heat demand
v volume flow rate of the manure from the livestock
Veoon volume of the manure in the lagoon
Myiosas mass flow rate of the biogas from the digester
m, mass flow rate of the exhaust gases

T temperature of the exhaust gases
CPoi specific heat capacity of the exhaust gases
AF™ air-fuel ratio of the biogas
LHV 0 Lower Heating Value of the biogas
" output torque of the internal combustion engine
W electricity output
vy 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, v for

me M . Starting with v, 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, C..

capital >

the cost of propane,
cr the cost of incentives, C”

propane > incentives

Caid clecricity  for m € M . The following is a description of the components of the

and the cost of grid electricity,

objective function.

3.1.1. Cost of Capital

The cost of capital Cp,;, 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, v'. 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 C,,

capital - 1 D€ cost of capital is cal-

culated using the non-linear function (9).

DOI: 10.4236/0jop.2025.142005

69 Open Journal of Optimization


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

D. Makumbi et al.

Cm

capital

P

rated » €

= CAPITAL (HRT, Cdigester 2

engine ° Cboi]er H Ccapiincentive >

dl:”,ay;") formeM.

Clagoon >

&)

. m
lrate > nperiod H vin > I/;agoonistcorage H

where CAPITAL is the function for calculation of the cost of capital, V" is the
volume flow rate of manure from the livestock, HRT is the hydraulic retention
time, Cugester i the cost of the digester, Vigoon_storage 18 the storage capacity of the
lagoon, dagoon is the unit cost of the lagoon, Pt is the power rating of the induc-
tion machine, Gugine is the cost of the engine-generator set, d," is the heating
load, ais the ratio of heat output from the heat exchanger, y,' isthe heat output,
Ghoiler 18 the cost of the boiler, Ciap_incentive is the capacity incentive, . is the interest

rate and eriod is the number of periods over which the interest is charged.

3.1.2. Cost of Propane
The monthly cost of propane, C, ... isalinear function of the backup propane

mass flow rate, u" and is given by (10).

cro= PROPANE(c

proppane propane >

ul'") formeM, (10)

where PROPANE is the function for calculating the cost of propane, Gropane is the

unit cost of propane and u," 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).

Citeenives = INCENTIVES (C,peunies 1" ) for me M, (11)

incentives i

where C”

incentives

is the cost of incentives, INCENTIVES is the function for calcu-
lating the cost of incentives, y;" is the electricity output and Gucentives i the unit

cost of incentives.

3.1.4. Cost of Grid Electricity
The cost of grid electricity, C."

arid electriciy 18 @ on-linear function of the electricity

output, y" (12).
CVPI

grid_electricity

= GRID_ELECTRICTY (Cypyqr . 31" ) for me 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:

M

2= (Clti + Coropane — Cientves + Co

api proppane incentives grid_electricity

) formeM, (13)

m=1

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

M M M M
—cost __ m m m m
f}c - |:Z Ccapita] H Z Cpropanc > _Z Cinccmivcs H z Cgridiclcctricity j| , Or k € K and me M (14)
m=1 m=1 m=1

m=1

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.

x f;cost
fcost
| ™
|
\
\ t
Xf;cost f; X
\ o X feost
\ < t; 2 6 f;cost

Figure 2. Illustration of pareto incumbent front.

3.2. Global Constraints

This section describes the global constraints, Gyer, 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
(u",uy ,u;') has to be checked for satisfaction of the global constraints. These

constraints are defined as:

0< (V:: n:;ys + Vi:;:mfmanure - n(;r;ys u3m ) < Viagonnistoragevinnz > (15)
(v, —HRTw' ) > 0, (16)
(Pratcd /a)mcch - ICE (LHVb’iyé)gas > a)mcch H (1 - u;" )mlr:ilogas )) 2 07 (17)

biogas

dy' < (nHEXm:::l(hcpcxh (Tc::lh ~Tuer ) + (LHVpropanculm + My LHV 13 )) < (d}:n +9, )s (18)

(br - dl:n + nHEXmgl(hcpexh (T::h - Twater )) < 0’ for meM (19)
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where v is the volume flow rate of manure from the cattle, 7y are the num-

ber of days, V! is the volume of manure in the lagoon, ;" is the vol-

lagoon_manure

ume flow rate of manure from the lagoon, /]

lagoon_storage

the lagoon, ¥}, isthe volume of the digester, HRT is the hydraulic retention time

is the storage capacity of

of the digester, P.aea is the power rating of the induction machine, wnea is the
speed of the internal combustion engine, ICE is the function for evaluation of the

torque output of the internal combustion engine, LHV}!

bioas 18 the lower heating

value of biogas, u)' is the biogas sharing ratio, my, . is the mass flow rate of
biogas, d;" istheheating demand, 7, is the efficiency of the heat exchanger,
m

My 18 the mass flow rate of the exhaust gases, ¢pex is the specific heat capacity

of the exhaust gases, T

exh

is the temperature of the exhaust gases, Ziuer is the
temperature of water, ;" is the mass flow rate of backup propane, LHVy ..
is the lower heating value of propane, 7o is the efficiency of the boiler, & is an
allowance for the heating constraint and 4; is the boiler rating. The manure from
the livestock is stored in a lagoon with a storage capacity of Vagoon_storage days. The
volume flow rate of manure from the lagoon into the digester, u;' 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

m m

manure that goes into the lagoon ug, 3", should not be greater than the sum of
-1
a:ngoon_manure 4

the volume of the manure that was in the lagoon the previous month V]
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, HRTu;’, is not greater than the volume of the digester V5. 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, my,., the air-
fuel ratio, AF" and the lower heating value of biogas, LHV,

biogas

can be found
n [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, P..q, 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, y;". 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, Pruta 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, u;" is therefore included in the WET. The
heat produced by the boiler is calculated from the mass flow rate of biogas to the
boiler, my,,,u,, the mass flow rate of propane, ", 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, 4.. 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:

M
infeas __ m m m m m
f - Z (Slagoonivolume + Sdigesterisize + Smbiogas + Sheatingidemand + Sboilerirating )’ fOI' me M (20)
m=1

where ™ is the total measure of infeasibility, Sy 5

lagoon_volume > digester_size
m m m
S mbiogas S heating_demand and S boiler_rating

ume of manure in the lagoon, the digester size, the mass flow rate of biogas to the

are the measures of infeasibility of the vol-

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:

m m m _ rm-l1 m m__m
Mgayslls +S =V, -V Vin tVilgs for meM,  (21)

lagoon_volume lagoon_manure lagoon_manure ”in i

>20.

where ny, ~ arethe number of days, u;' is the volume flow rate of manure from

. . . m

The solution is feasible for Su.0n volume
m . . 1 01 .

the lagoon, Sj,.0n volume » IS the measure of infeasibility of the volume of manure in

thelagoon, V! is the volume of manure in the lagoon, ¥, isthe

lagoon_manure lagoon_manure

storage capacity of the lagoon and v 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: u;" is defined as

viv=u"+9, i=1,23

N(u.’” )new =3 v=u"-96, meM

1 1

MODEL GLOBAL
uelU U

LBVSVSUBVZVEN(M;"),

where u" is the optimisation variable, IM°P™ is the set of constraints to be sat-
isfied by the WET black box models, U'PAL is the set of global constraints to be
satisfied by the optimisation, LB, is the lower bound of the neighbourhood and
UB, is the upper bound of the neighbourhood. The move from u" to u" £¢,

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 u" to " £5,, and its asso-
ciated month. Reverse moves are also included in the Tabu list. The Tabu list in-
cludes a random number N™-'¢®, 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
init initial solution
u" current solution
G best set of the Pareto incumbent solutions
§eurent set of the Pareto current solutions "
N (ulm ) neighbourhood of variable
LB, lower bound of neighbourhood
UB, upper bound of neighbourhood
st Tabu list
{yMODEL set of constraints to be satisfied by the WET black box models
oLoBaL 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, A4, 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 ™"
2. set w'uM™, 8™ {u[’”"’“,m eM,i= 1,2,3}

3. Initialize the Tabu list: 7™ « &

Set the bounds
Evaluate fcost, finfeus
> Tabu Search
6. iter < 0

DOI: 10.4236/0jop.2025.142005

75 Open Journal of Optimization


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

D. Makumbi et al.

Continued
7. while iter < max iter do
8. while iter < max_iter_div do
9. Phase 1: Minimize Cost
10. iter_opt < 0
1 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 7 € M,
' select one variable with index i(m) : i{(m) = ({m-1) + 1 (mod 3)
13. Update the neighbourhood of the selected variable
14 Evaluate all solutions " in N (H,m ) with respect to Foost, ik
(only for storage with solution)
S ¢ argmin [ ()
15. v
for u :ull,u;,u;,ulz,uzz,uf,-~-,u‘l"",u‘2'"‘,u‘3'"‘ and meM
16. end while
17. iter_feas <0
18. Phase 2: Minimize Infeasibility
19. while iter_feas <max_iter_feas /* Reducing infeasibility*/do
Select the month M €M for which the search is to be carried out :
infeas [ 1
0. m ¢ argmax i (u) for

P11 2 2 2 m m |
u:(u:ul’uz’uw”l ,u2,u3,-~-,u‘1 "”‘2 "uL ‘)

21 Update the neighbourhood of the selected variable
- Evaluate all solutions # inNu” withrespectto fcost, finfss (only
for storage with solution)
§m ¢ argmin £ (u')
23. "
for u=u,l,u;,u_l,ulz,uzz,uf,---,ul’"‘,uL’"‘,u_L"" and meM

24. end while

25. end while

26. Apply diversification

27.  end while

Table 3. Parameters of the Tabu search.
Parameter Description Value
lagoon_storage storage capacity of the lagoon (days) 35
HRT hydraulic retention time (days) 20
Pyerd number of livestock 500 cows
jay number of days in a month Varies
P i rating of the induction machine (hp) 150
LHV o lower heating value of propane (kJ/kg) 46,300 [27]

Tyaer water temperature (°C) 35
MuEx heat exchanger efficiency (%) 70
Neated boiler efficiency (%) 70
Clagoon unit cost of lagoon (USD/m3) 2.47 [28]
Coropane unit cost of propane (USD/m+) 1.98 [29]
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Continued
g rand_div consecutive random moves (diversification Strategy D1) 5
ppronimprov_div consecutive non-improving moves to apply diversification 5
prestartdiv restarts with incumbent solution (diversification Strategy D2) 3
max_iter_div number of iterations for application of diversification 100
o, 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
§infeas threshold of infeasibility Varies
Sinfeas initial threshold of infeasibility varies

4.2.2. Method of Handling Constraints

The WET system includes global constraints (US-°®AL) 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.
UMOPEL js the set of constraints to be satisfied by the models of the WET and
UFMOBAL is the set of global constraints to be satisfied by the solution of the opti-
misation problem, i.e., CWET (u",u)’,u3" ) (4). The set of constraints to be satis-
fied by the models of the WET, UMOPEL 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, U°-°BAL, 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 pronimprov-divcon -
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 Handle trade-offs in cost/ Retains multiple diverse,
multi-objective infeasibility across periods non-dominated solutions

. o Enables escape into
o Navigate feasibility/cost .
Dual objective strategy . low-cost regions and
conflict . o
guided return to feasibility
Multi-period . . . Improves search balance
) Reflect time dimension and o
Round-robin + . and precision across
. focus effort effectively
feas-targeting temporal phases
. . . o Facilitates broader
Diversification by Escape local optima in . .
. exploration with
incumbent restarts black-box models
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:

) Strategy C1, the threshold of infeasibility is adjusted to handle constraints;
. Strategy C2, the number of iterations for minimisation of cost and

(i) 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;
Strategy D2, diversification by consecutive restarts with the incumbent
W) 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;

. Strategy MP2, round robin and updating solution with improving solution
() only;

Strategy MP3, round robin and updating solution with improving solution
(x) 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 §™
= —500, =200 and —100. The results of fixing the threshold of infeasibility to S
= —200 is shown in Figure 3(a).

When the threshold is fixed to $** = —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.
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Figure 3. Strategy C1.
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Fixing the Threshold of infeasibility to a lower value of $** = —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 50 and 100" iterations respec-
tively. Fixing the threshold of infeasibility to a lower value of $"** = —100 does
not result in significantly better incumbent solutions. At $** = —100, the cost of
grid electricity of the incumbent solution is —16,130. This is because $™** = —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 §** = —500 and —200,
at the same number of iterations. From these experiments, a good starting point
for the threshold of infeasibility is identified as $"%* = —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 S =-500, -300, —200 and —100. The thresholds of infeasibility were var-

ied as follows:
Sy =500, 8" € {~500,-400,-300,-200,-100,-50,—40,---,—10},  (22)
Sy =300, 8™ e {-300,-200,-100,-50,-40,-30,-20,-10},  (23)
Sy = =200, 8™ € {-200,-150,-100,-90,-80,-70,-60,--,—10},  (24)
Sy =—100; 5 e {~100,-90,-80,—70,-60,-50,-40,-30,---,-10},  (25)

where S is the initial threshold of infeasibility and S$™* is the varying
threshold of infeasibility. The results of these experiments are shown in Figures 3
(b) and 3 (¢).

With regard to Strategy Cl1, a cost of grid electricity of —16,884 for the incum-
bent solution, is obtained, at S;™* =-200. §™* =-200 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 S5 =-200. 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,
MOB]J1, 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.
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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.

T -50
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+
Infeasibility

Cost
oo
2 30 M = H

WY

-200

i i i
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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.

Pseudocode 1: Strategy D2

while iter < max_iter do
while iter < max_iter_divdo
Perform Tabu Search

current’

Evaluate iterative solution §
end while
iter_div_current < 0

N oo W

while (iteridivicutrent < nmg’m) and (S oo g ) do
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Continued
Perform Tabu Search
9. Evaluate iterative solution S
10. end while
11. iter_restart < 0
12. while (iter_div_cunent < n“"“j"‘p“’gvfdjv) and (Sm“t < Smem') do
13. Replace current solution with incumbent solution while S eurrent’ o geurrent ¢y
14. Clear Tabulist 7™ « &
15. Perform Tabu Search
16. Evaluate iterative solution §<™
17. end while
18. end while
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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
MOB]J1. 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.
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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
for iter =1.12 do

Select a variable " for optimization
Perform Tabu Search

. . . C t’
Evaluate iterative solution ™"

Select the next month for which to carry out the optimization m < m+1

1

2

3

4

5. Update the current solution %™ « §*™"

6

7 Select the index of the next variable to be optimised i¢i+l (mod 3)
8

end for

Pseudocode 3: Strategy MP2

1. for iter =1.12 do

2 iter_m < 0

3 Select a variable " for optimization
4. Perform Tabu Search

5 Evaluate iterative solution §°™"
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Continued
6. while S$%™ > §"™* and iter_m<12 do
Select the next month for which to carry out the optimization
7 me«—m+l
s, Select the index of the next variable to be optimised i¢i+] (mod
3)
9. Select a variable " for optimization
10. Perform Tabu Search
11 Evaluate iterative solution ™"
12. iter_m &iter_m + 1
13. end while
14. Update the current solution §™ ¢ §eum
15. Select the next month for which to carry out the optimization m < m+1
16. Select the index of the next variable to be optimised i¢«i+l (mod 3)
17. end for

Cost

Infeasibility

2 i i -2800

0 50 100 150 200 250 300 350 350
Iterations

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
for iter =1.12 do
iter_m <0

Select a variable " for optimization
Perform Tabu Search
Evaluate iterative solution S®™"

while S$™ > U™ and iter m<12 do

while 1<3 and S%™ > §UT do

N o ne e
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Continued

8. Select a variable ;" for optimization

9. Perform Tabu Search

10. Evaluate iterative solution ™"

11, Select the index of the next variable to be optimised i< i+l
(mod 3)

12. end while

13 Select the next month for which to carry out the optimization
m<m+l

14, Select the index of the next variable to be optimised i< i+l (mod
3)

15. Select a variable " for optimization

16. Perform Tabu Search

17. Evaluate iterative solution S

18. iter_m <iter_m + 1

19. end while

20. Update the current solution S™" ¢ S

21. Select the next month for which to carry out the optimization m ¢ m +1

22. Select the index of the next variable to be optimised i« i+l (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

Computational burden
of Pareto evaluation

Black-box model
treatment

Limited global
exploration

Lack of uncertainty
handling

May cause inefficiency
or convergence issues
Limits scalability to
large/multi-year
problems

Inefficient navigation of
feasible space

Risk of premature
convergence to local
optima

Reduced real-world
applicability

Adaptive parameter
tuning, sensitivity analysis
Surrogate models,
hybridisation with GA or
NSGA-II
Constraint learning,
domain-informed
guidance

Long-term memory, Large
Neighbourhood search

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.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this paper.

References

(1]

(2]

(5]

(8]

(10]

Razali, M.K.M., Ayob, M., Rahman, A.H.A,, Jarmin, R,, Liu, C.Y., Maaya, M., et al.
(2025) Unveiling Effective Heuristic Strategies: A Review of Cross-Domain Heuristic
Search Challenge Algorithms. Computer Modeling in Engineering & Sciences, 142,
1233-1288. https://doi.org/10.32604/cmes.2025.060481

Arik, O.A. (2024) Fuzzy Rule-Based Variable Neighborhood Search Algorithm for
Single-Machine Weighted Earliness/Tardiness Scheduling with Common Due Date.
Neural Computing and Applications, 37, 3355-3371.
https://doi.org/10.1007/s00521-024-10844-5

Glover, F. and Laguna, M. (1997) Tabu Search. Kluwer Academic.
https://doi.org/10.1007/978-1-4615-6089-0

Srivastava, S., Tripathi, A., Bansal, S. and Vuppuluri, P.P. (2025) Introduction to Op-
timization: Techniques and Applications in Engineering. In: Bansal, S., Tripathi, A.,
Srivastava, S. and Vuppuluri, P.P., Eds., Nature-Inspired Metaheuristic Algorithms,
CRC Press, 1-28. https://doi.org/10.1201/9781003612858-1

Marti, R., Sevaux, M. and Sérensen, K. (2025) Fifty Years of Metaheuristics. European
Journal of Operational Research, 321, 345-362.
https://doi.org/10.1016/j.ejor.2024.04.004

Ben Abdellafou, K., Hadda, H. and Korbaa, O. (2018) An Improved Tabu Search
Meta-Heuristic Approach for Solving Scheduling Problem with Non-Availability
Constraints. Arabian Journal for Science and Engineering, 44, 3369-3379.
https://doi.org/10.1007/s13369-018-3525-3

Sharma, S., Khanum, S., Madhumala, R.B., Maroju, A. and Aggarwal, S. (2025) Pri-
oritization and Meta-Heuristic Approach for Efficient Congestion Control in Vehic-
ular Ad Hoc Networks (VANETS). International Journal of Information Technology.
https://doi.org/10.1007/s41870-025-02542-9

Glover, F. (1997) Tabu Search and Adaptive Memory Programming—Advances, Ap-

plications and Challenges. In: Barr, R.S., Helgason, R.V. and Kennington, J.L., Eds.,
Interfaces in Computer Science and Operations Research, Springer, 1-75.
https://doi.org/10.1007/978-1-4615-4102-8 1

Laguna, M. (2018) Tabu Search. In: Marti, R., Pardalos, P. and Resende, M., Eds.,
Handbook of Heuristics, Springer, 741-758.
https://doi.org/10.1007/978-3-319-07124-4 24

Zhou, X., Ma, H., Gu, J., Chen, H. and Deng, W. (2022) Parameter Adaptation-Based
Ant Colony Optimization with Dynamic Hybrid Mechanism. Engineering Applica-
tions of Artificial Intelligence, 114, Article ID: 105139.

DOI: 10.4236/0jop.2025.142005

90 Open Journal of Optimization


https://doi.org/10.4236/ojop.2025.142005
https://doi.org/10.32604/cmes.2025.060481
https://doi.org/10.1007/s00521-024-10844-5
https://doi.org/10.1007/978-1-4615-6089-0
https://doi.org/10.1201/9781003612858-1
https://doi.org/10.1016/j.ejor.2024.04.004
https://doi.org/10.1007/s13369-018-3525-3
https://doi.org/10.1007/s41870-025-02542-9
https://doi.org/10.1007/978-1-4615-4102-8_1
https://doi.org/10.1007/978-3-319-07124-4_24

D. Makumbi et al.

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

https://doi.org/10.1016/j.engappai.2022.105139

Bou Saleh, M., Chariete, A., Schwartz, L., Grunder, O. and El Hassani, A.H. (2024)
Reactive Tabu Search and Mixed-Integer Linear Programming for Multi-Day Assign-
ment, Scheduling, and Routing Problems of Specialised Education and Home-Care
Services. International Journal of Production Research, 63, 1779-1802.
https://doi.org/10.1080/00207543.2024.2391947

David, M., Uzorka, A. and Makeri, Y.A. (2022) Optimisation of a Renewable Energy
System for Rural Electrification. Journal of Power and Energy Engineering, 10, 1-15.
https://doi.org/10.4236/jpee.2022.1011001

Hliopoulou, C., Kepaptsoglou, K. and Vlahogianni, E. (2019) Metaheuristics for the
Transit Route Network Design Problem: A Review and Comparative Analysis. Public
Transport, 11, 487-521. https://doi.org/10.1007/s12469-019-00211-2

Pirim, H., Bayraktar, E. and Eksioglu, B. (2008) Tabu Search: A Comparative Study
(Vol. 278). Intech Open Access Publisher.
https://doi.org/10.5772/5637

Makumbi, D., Uzorka, A. and Ajiji Makeri, Y. (2022) Number of Cattle for Commer-
cialising Electricity from Cattle Waste to Energy Technology. International Research
Journal of Applied Sciences, Engineering and Technology, 8, 1-14.

https://cirdjournals.com/index.php/irjaset/article/view/824

Arostegui, M.A., Kadipasaoglu, S.N. and Khumawala, B.M. (2006) An Empirical
Comparison of Tabu Search, Simulated Annealing, and Genetic Algorithms for Fa-

cilities Location Problems. International Journal of Production Economics, 103, 742-
754. https://doi.org/10.1016/j.ijpe.2005.08.010

Zhi, J. and Keskin, B.B. (2018) A Multi-Product Production/distribution System De-
sign Problem with Direct Shipments and Lateral Transshipments. Networks and Spa-
tial Economics, 18, 937-972. https://doi.org/10.1007/s11067-018-9436-8

Mota, A., Avila, P., Bastos, J., Roque, L.A.C. and Pires, A. (2025) Comparative Anal-
ysis of Simulated Annealing and Tabu Search for Parallel Machine Scheduling. Pro-
cedia Computer Science, 256, 573-582. https://doi.org/10.1016/j.procs.2025.02.154

Eksioglu, B., Eksioglu, S.D. and Jain, P. (2008) A Tabu Search Algorithm for the Flow-
shop Scheduling Problem with Changing Neighborhoods. Computers & Industrial
Engineering, 54, 1-11. https://doi.org/10.1016/j.cie.2007.04.004

Ansotegui, C., Heymann, B., Pon, J., Sellmann, M. and Tierney, K. (2018) Hyper-
reactive Tabu Search for MaxSAT. In: Battiti, R., Brunato, M., Kotsireas, I. and Par-
dalos, P., Eds., Learning and Intelligent Optimization, Springer, 309-325.
https://doi.org/10.1007/978-3-030-05348-2 27

Chou, X., Gambardella, L.M. and Montemanni, R. (2021) A Tabu Search Algorithm
for the Probabilistic Orienteering Problem. Computers & Operations Research, 126,
Article ID: 105107. https://doi.org/10.1016/j.cor.2020.105107

Uzorka, A., Kibirige, D., Mustafa, M.M. and Ukagwu, J.K. (2025) Design and Imple-
mentation of a Photovoltaic System for Health Facilities in Rural Areas of Uganda.
Discover Applied Sciences, 7, Article No. 197.
https://doi.org/10.1007/s42452-025-06640-y

Pothiya, S., Ngamroo, I. and Kongprawechnon, W. (2008) Application of Multiple
Tabu Search Algorithm to Solve Dynamic Economic Dispatch Considering Genera-
tor Constraints. Energy Conversion and Management, 49, 506-516.
https://doi.org/10.1016/j.enconman.2007.08.012

Batstone, D.]., Keller, J., Angelidaki, I., Kalyuzhnyi, S.V., Pavlostathis, S.G., Rozzi, A.,

DOI: 10.4236/0jop.2025.142005

91 Open Journal of Optimization


https://doi.org/10.4236/ojop.2025.142005
https://doi.org/10.1016/j.engappai.2022.105139
https://doi.org/10.1080/00207543.2024.2391947
https://doi.org/10.4236/jpee.2022.1011001
https://doi.org/10.1007/s12469-019-00211-2
https://doi.org/10.5772/5637
https://cirdjournals.com/index.php/irjaset/article/view/824
https://doi.org/10.1016/j.ijpe.2005.08.010
https://doi.org/10.1007/s11067-018-9436-8
https://doi.org/10.1016/j.procs.2025.02.154
https://doi.org/10.1016/j.cie.2007.04.004
https://doi.org/10.1007/978-3-030-05348-2_27
https://doi.org/10.1016/j.cor.2020.105107
https://doi.org/10.1007/s42452-025-06640-y
https://doi.org/10.1016/j.enconman.2007.08.012

D. Makumbi et al.

(25]

[26]

(27]

(28]

(29]

(30]

et al. (2002) The IWA Anaerobic Digestion Model No 1 (ADM1). Water Science and
Technology, 45, 65-73. https://doi.org/10.2166/wst.2002.0292

National Renewable Energy Laboratory (2002) Advanced Vehicle & Fuels Research.
https://docs.nrel.gov/docs/fy020sti/31967.pdf

Mohan, N. (2014) Advanced Electric Drives: Analysis, Control, and Modeling Using
MATLAB/Simulink. John Wiley & Sons. https://doi.org/10.1002/9781118910962
National Gas (2022) Characteristics of LP Gas.
https://nationalgasco.net/characteristics-of-lpg/

Lusk, P. (1998) Methane Recovery from Animal Manures. The Current Opportuni-
ties Casebook. https://docs.nrel.gov/docs/fy990sti/25145.pdf

Burns, R. (2007) Status of Manure Anaerobic Digestion in the United States. /nter-
national Conference on 21st Century Challenges to Sustainable Agri- Food Systems:
Biotechnical, Environment, Nutrition, Trade and Policy, 15-17 March 2007, 476-481.
NYSERDA (2022) DG/CHP Integrated Data System.
https://der.nyserda.ny.gov/data/

DOI: 10.4236/0jop.2025.142005

92 Open Journal of Optimization


https://doi.org/10.4236/ojop.2025.142005
https://doi.org/10.2166/wst.2002.0292
https://docs.nrel.gov/docs/fy02osti/31967.pdf
https://doi.org/10.1002/9781118910962
https://nationalgasco.net/characteristics-of-lpg/
https://docs.nrel.gov/docs/fy99osti/25145.pdf
https://der.nyserda.ny.gov/data/

	Tabu Search Technique for Optimisation of Biomass Waste to Energy Technology
	Abstract
	Keywords
	1. Introduction
	2. Statement of the Optimisation of WET
	2.1. Outline of the Problem
	2.2. Optimisation Process Flow

	3. Description of the Optimisation of WET
	3.1. Objective Function
	3.1.1. Cost of Capital
	3.1.2. Cost of Propane
	3.1.3. Cost of Incentives
	3.1.4. Cost of Grid Electricity

	3.2. Global Constraints

	4. Description of the Tabu Search Algorithm
	4.1. Basic Tabu Search Algorithm
	4.1.1. Definition of the Neighbourhood
	4.1.2. Tabu List
	4.1.3. Stopping Condition

	4.2. Adaptations of the Tabu Search
	4.2.1. Pareto Incumbent Solutions
	4.2.2. Method of Handling Constraints
	4.2.3. Multi-period Optimisation Strategy
	4.2.4. Diversification


	5. Experiments and Results
	5.1. Data Instances
	5.2. Descriptions of the Strategies of the Tabu Search Experiments
	5.2.1. Constraints Handling Strategy
	5.2.2. Diversification Strategy
	5.2.3. Multi-objective Optimisation Strategy
	5.2.4. Multi-period Optimisation Strategy


	6. Limitations and Future Research Directions
	6.1. Sensitivity to Parameter Settings
	6.2. Computational Cost in Multi-Period, Multi-Objective Evaluation
	6.3. Dependence on Black-Box WET Models
	6.4. Limited Exploration Beyond Local Regions
	6.5. No Explicit Handling of Uncertainty or Dynamic Changes

	7. Conclusion
	Conflicts of Interest
	References

