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Abstract

The global challenges of climate change have been compounded by an unprecedented level of environmental pollution
consequent upon the municipal solid waste, MSW generation. Recent advances by researchers and policymakers are
focused on sustainable and renewable energy sources which are technologically feasible, environmentally friendly, and
economically viable. Waste-to-fuel initiative is therefore highly beneficial to our environment while also improves the
socio-economic well-being the nations. This current study introduces an adaptive neuro-fuzzy inference systems (ANFIS)
model optimised with Particle Swarm Optimisation (PSO) algorithm aimed at predicting the enthalpy of combustion of]
MSW fuel based on the moisture content (H,O), Carbon, Hydrogen, Oxygen, Nitrogen, Sulphur, and Ash contents. This

model was trained with 86 MSW biomass data and further tested with a new 37 data points. The developed model was
observed to performed better in term of the accuracy when compared with other existing models in the literature. The
model was evaluated based on some known error estimation. The values of Root Mean Squared Error (RMSE), Mean
Absolute Deviation (MAD), Mean Absolute Percentage Error (MAPE), Log Accuracy ratio (LAR), Coefficient of]
Correlation (CC) were 3.6277, 22.6202, 0.0337, 0.8673 respectively at computation time (CT) of 36.96 secs. Regression
analysis was also carried out to determine the level of correlation between the experimental and predicted high heating
values (HHV).
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warming has shown that other aspects of energy
generation need to be holistically considered and
thoroughly researched. Since energy exploration will
obviously impact sustainable development, the
environmental effect and demography should be
considered. Today, researchers have now redirected to

1 Introduction

About three decades back, the sustainable development
criteria have been in the frontline charge of energy policy.

As at then, the sustainable energy was only defined with a
focus on availability as a function of the rate of
consumption [1]. But sustainability includes; the
generation of fuel from raw materials that are locally
sourced, in order to reduce the transportation logistics,
and ultimately reduce the net greenhouse gas emission [2-
4]. Also, further development and ongoing discussion
around the rising global temperature due to global
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address these fundamental energy issues.

According to World Health Organisation (WHO),
environmental  pollution is the world largest
environmental risk. It accounts for about 7million annual
mortality from its associated diseases such as stroke, lung
cancer, chronic obstructive pulmonary disease, and
respiratory infections [5]. Energy conversion using fossil
fuel during transportation, power generation, heating
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systems and so on, and disposal of solid waste in
municipalities are majorly accountable for environmental
pollution. As at 2016, urban location in the world
generated 2.01billion tonnes of solid waste, which amount
to a footprint of 0.74kg/per person/day. Going by the
current rate of urbanization and population growth, the
annual waste generation is projected to increase to
3.4billion tonnes in 2050 which represent 70% increase
from 2016 [6-8]. About 20-50% of municipal budget is
consumed by waste management [7]. The effect of waste
management is even more severe in the developing
countries where over 90% of waste is usually disposed
indiscriminately or incinerated openly [7]. This
culminates into health problems, global warming, and
urban violence. In order to mitigate the above-mentioned
menace, the implementation of waste to energy idea is
motivated since it reduces the municipal solid waste
landfills and reduces the traditional hydrocarbon fuels
consumption [9]. In recent times, energy derived from
waste is now being integrated into our energy feedstock.
Hence, determination of combustion enthalpy from
routine constituents such as Carbon, Moisture, Oxygen,
Nitrogen, Sulphur, Ash will ensure rapid decision for the
engineers and the policymakers. Also, the development of
modern system which can be used to process waste to
different energy resources such as electricity, heat and
transport fuels requires an accurate understanding of the
major properties of MSW such as elemental composition
and enthalpy of combustion. Enthalpy of combustion,
which is also known as high heating value, HHV is a
critical parameter, which determines the energy content of
MSW. Such properties constitute the determining factor
in the design and operation of biomass combustion
systems [10]. In the recent time, artificial intelligence has
gained traction as it has been applied in the estimation of
the properties of heating systems and biomass feedstocks
[11-14]. This is largely due to its ability to accurately
predict linear and nonlinear relationships between
variables due to its dynamic nature. Fuzzy inference
systems (FIS) and artificial neural network (ANN) are
very versatile in the estimation of the system behaviour
[15, 16]. Optimization of an adaptive neuro-fuzzy
inference systems (ANFIS) with particle swarm
optimisation (PSO) has been tailored to produce several
excellent results for different engineering applications
[14, 17, 18]. ANFIS hybridized with PSO optimizes the
adaptive ANFIS layers, thus achieving optimal ANFIS
parameters. PSO has been credited as a powerful and
intelligent population-driven computational algorithm
which is able to solve a problem using the population of
candidate solutions [19]. PSO acceptance is due to its
many benefits which include fast convergence, high
performance on nonlinear functions optimisation,
simplicity of operation, and ease of realization [17, 20].
PSO has been successfully applied in various field which
include engineering, management, medicine,
pharmaceuticals, safety and so on [19, 21, 22].

Several correlations have been developed to estimate
the HHV of solid waste constituents, but the accuracy of
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these correlations is not satisfactory as most of them do
not take cognizance of nonlinear dependencies of waste
constituents. Previous correlations and models were
developed by Wilson [23], Lloyd and Davenport [24],
Meraz, et al. [25], Boie [26], Khan and Abu-Ghararah
[27], Niessen [28], Chang [29], Baghban and Ebadi [11]
to estimate the heating value of waste and fossil fuel as
shown in Table 1. The correlations by Lloyd and
Davenport [24] and Boie [26] were developed based on
the elemental properties of fossil fuel and may not be able
to generalize the behaviour of MSW constituents. While
correlations developed by Chang [29]; Meraz, et al. [25];
Niessen [28]; Ringen, et al. [30]; Wilson [23] did not
consider the ash component of the solid waste. In
practical sense, it is justifiable to consider the effect of ash
and moisture constituents when developing a model to
predict the heating value of waste derived fuels. For
instance, ash content determines the cost of disposal of
combustion waste and may possibly contribute to particle
emission while moisture content could affect the shelf life
and also contribute to self-ignition of waste-derived fuel
[31]. Also, Baghban and Ebadi [11] developed a model
based on GA-ANFIS they reported that the model
accurately approximated HHV. Table 1 presents a brief
review of past studies on the prediction of HHV of
biomass feedstock.

Table 1. Correlations for the prediction of HHV

References Equation HHV Sample Feedstock
(MJ/kg) size class
Meraz et al 100 MSW
[25] (1
H,0

- W) ((-0.3708C)

—1.1123H + 0.13910
—0.3178N — 0.13915)

Wilson [23] (1 100 Organic
H.0 waste
2
- W) ((=0.32790)
— 1.5330H + 0.16680
—0.0242N — 0.09285)
Boie [26] 0.3517C + 1.1626H - Fossil fuel
—0.1047S — 0.1110
Lloyd and (1 138 Fossil fuel
Davenport "o
[24] _ L) _
100 ((-0.3578C)
—1.1357H + 0.08450
—0.0594N — 0.11195)
Chang [29] 35.8368 4+ 0.7523H 150 Organic
—0.2674S — 0.4654) waste

—0.3814Cl — 0.2802N

Niessen [28] 0.2322C + 0.7655H 80 Waste water
—0.0698S — 0.0720 sludge

—0.0262C1 — 0.1814P

EAI Endorsed Transactions on
Energy Web
032019 - 06 2019 | Volume 6 | Issue 23 | €9



Estimation of Municipal Solid Waste (MSW) combustion enthalpy for energy recovery

C=Carbon; H=Hydrogen; O=Oxygen; S=Sulphur;
N=Nitrogen; Cl=Chlorine; P=Phosphorous (on dry basis
in % weight); H,O=Moisture content (as discarded, in %
weight).

From the literature survey to the best of information
available to the authors, there is no model which has
predicted the High Heating Value of MSW based on PSO-
ANFIS. Bearing this in mind, this current study
introduces a PSO-ANFIS model aimed at predicting the
enthalpy of combustion of waste-derived fuel based on
the moisture content (H,O), Carbon C, Hydrogen H,
Oxygen O, Nitrogen N, Sulphur S, and Ash contents.

This study is aimed at estimating the combustion
enthalpy of MSW for the purpose of energy recovery. The
rest of this article is as structured: section 2 presents the
materials and methods used, section 3 discusses the
results obtained, and section 4 concludes the work.

2 Materials and Methods

A dataset comprising of 123 different waste samples of
municipal origin which have been experimentally
characterized were taken from Meraz, et al. [25] and
Phyllis2, database for biomass and waste [32]. The major
classification of municipal solid waste involved are; food
waste, municipal woods, tree, and plants residue, plastic,
paper, wood, textiles, solid waste incinerator samples,
refuse-derived fuel, domestic waste. The input variables
were the major components of MSW such as C, O, H, N,
S, Ash on dry basis and moisture content (weight
percentage calculated as discarded), while the output
parameter was the HHV(MJ/kg). The 123 datasets were
randomized and then divided into two subsets with 70%
of the data used for training while 30% was used for
model testing. The coverage of the data points and
statistical analysis of the ultimate constituents and HHV is
as shown in Table 2.

Table 2. Statistical analysis of MSW experimental

dataset
Constituents min max mean Std
H,0 (%) 0.20 78.7 204 22.5
C (%) 0.50 87.1 42.8 18.3
H (%) 0.08 14.2 5.7 2.7
O (%) 0.23 478 27.1 13.8
N (%) 0.04 10.0 1.2 1.7
S (%) 0.01 1.5 0.3 0.3
Ash (%) 0.26 98.9 232 28.9
HHV(MJ/kg) 0.14 459 16.2 9.6

2.1 Fundamental Principles of ANFIS
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Takagi-Sugeno fuzzy model is the most applied fuzzy
inference system (FIS) due to its adaptive framework [33-
35]. It provides a systematic approach to develop fuzzy
rules from given input and output variables. The data
elements are classified into different categories through
data clustering process. The optimal estimation of the
membership function parameters is achieved by dual
advantages of fuzzy logic and artificial neural network.
This enable the ANFIS to be able to solve complex and
nonlinear problems [34, 36]. The fuzzy rules are based on
first order Takagi-Sugeno fuzzy inference as follows:
Rule 1: If J; is A; AND}J, is C; then F; = byJ; +
cif, + kyq.

Rule 2: If J; is A, AND]J, is C, then F, = b,J; +
Cofo + k.

where A;, C;, A, C, are nonlinear parameters and
membership functions for input (J; and J,) and b, ¢y, ky,
b, ¢, k; and output function parameters. In this article, the
above two rules were adapted with input J; (i =1..7),
output F;(i = 1) and cluster C;(j =1...10) with equal
weights using fuzzy c-means clustering technique.

In general, ANFIS model is a five-layered network
comprising of the fuzzy layer, product layer,
normalization layer, de-fuzzification layer, and
summation layer. For the prediction of the enthalpy of
combustion, which is of interest in this study, ANFIS
model maps the seven inputs (H,O, O, H, C, S, N, Ash) to
the output (High heating value, HHV). It is established in
the literature that ANFIS model formulated based on
Gaussian principle gives a better performance in
comparison with other models. Therefore, fuzzy rules for
the antecedents in this study were formulated based on
Gaussian membership function. Further information about
ANFIS can be found in [37, 38] [34, 39].

2.2  Optimisation of ANFIS model with
PSO

The objective of the PSO is the optimization of the
adaptive layers in the ANFIS model such that optimal
membership function parameters are obtained. The
stopping criterion was selected in such a way that
premature convergence and overfitting is avoided [40,
41]. The PSO is terminated if maximum number of
iterations is exceeded, satisfactory solution is obtained
based on the set conditions, or if there is no further
improvement in the objective function over a specific
number of iterations. Fuzzy c-means (FCM) clustering
method is applied to minimize error in ANFIS and
subsequently, the ANFIS is trained with PSO algorithm.
Conventional ANFIS model proceeds with an integration
of the gradient descent backpropagation algorithm and the
least square method for the optimization of the adaptive
layers [42]. However, recent studies in this domain have
shown that optimization of the adaptive layers in ANFIS
model with evolutionary algorithm increases ANFIS
prediction accuracy [43, 44]. This study optimizes the
ANFIS model with PSO.
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PSO begins with a random set of initial solution and
evolves toward the optimal solutions, just like other
evolutionary algorithms. Each particle within the solution
space possess a random velocity value. When the previous
generation of information is updated, a new generation is
produced. The best solution is attained as the particle
search through the solution space according to equation 1
and 2. Once the fitness of the particles has been
established, the velocity of the particles is estimated
according to equation 1. The position of the particles is
updated based on their present position and velocity as
shown in equation 2. The iteration proceed until the
stopping conditions are attained. The position and
velocity of the particle are updated using a population
topology functions as defined in [19, 45] as:
Vit = [wx V2] + [by x rand1(pi — x2)]

+ [b,

x rand2! [P — X{!]| 1)

X' = X'~ v @
such that each particle j in M population possesses X]fi
position component and de velocity component at dth
dimension.  P; signifies the best position of the jth
particle and F; the global best position. The acceleration
coefficients are defined by b; and b,, wis the linearly
decreasing inertia weight. The rand1! and rand2
components of the equation are randomly generated
numbers within the range of 0 and 1. The readers may
refer to [17, 34, 35, 43, 46, 47] for more information and
further reading on PSO and ANFIS.

The flow diagram of PSO technique used as the
optimisation algorithm for ANFIS is as shown in
Figure 1. The model was used to predict the HHV of
MSW based on their ultimate constituents.

D EA

Divide the data into
testing and training

Normalize the dataset
le using min-max
method
generate NN

sets then train and

Initialize PSO

I

Generate
Initial population

!

Evaluate fitness of all
particles

I

Record local optimal
fitness of all particles

Particles fitness is
better than the best
fitness?

Set the particle best
fitness as the current
fitness

Use the current particle
fitness for ANFIS
parameters

Update the position and
the velocity of all particles

Figure 1. Flow diagram of PSO-ANFIS Algorithm

Is any stopping criteria
met?

The relationship between the ultimate composition and
HHV of MSW can be mathematically expressed as
follows

HHV = f (H,0,C,H,0,N,S, Ash) 3)

In general term, the principle guiding the PSO-ANFIS is
as outlined in the steps below:

Step 1: Prepare the data for the input and the
corresponding output.

Step 2: Generate initial FIS structure using Fuzzy C-
means clustering technique

Step 3: Generate the first particle swarm and do random
initialization of variables.

Step 4: Determine the initial location of the particles.

Step 5: Generate the next generation of the particles

Step 6: Estimate the fitness value of all the particles

Step 7: Evaluate the cost of particles and update personal
best

Step 8: If the stopping criteria is not met, update the
velocity and position of the particles then compute the
particle fitness again

Step 9: Use the global optimal value for the ANFIS
parameters then end PSO-ANFIS, Output results and
terminate the algorithm
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The PSO script was written in MATLAB (R2015a)
installed on a desktop computer workstation with
configuration 64 bits, 32GB RAM Intel (R) Core (TM) i7
5960X. An initial population of 20, local and global
learning efficiencies of 2 each and the initial weight
damping ratio of 0.8 was used for all ultimate constituents
and HHV. A total of 48 premise parameters were
optimized using the PSO. A maximum iteration of 400
and the convergence values which minimizes the training
error objective function were made the stopping criteria.
The specification of the PSO learning parameters are
shown in Table 1. Minimization of the training error
objective function was made a stopping criterion. The
training stops when no further improvement is recorded in
the value of the objective function:

Table 3. The specification of the PSO learning

parameters
User-defined Parameters Value
Input/output 7/3
Swarm size 20
Input MF type Gaussian
Output MF type Linear
Inertia damping ratio 0.8
Number of iterations 400
Personal learning coefficient 2
Global learning coefficient 2
Inertia weight 0.5
FIS type Takagi-Sugeno

FIS clustering Fuzzy C-means
Number of rules 20
Stopping criteria Minimum training error

2.3  Model performance evaluation

Statistical estimation of errors was performed to evaluate
the effectiveness of the model. These include; Mean
Absolute Deviation (MAD), Root Mean Square Error
(RMSE), and Mean Absolute Percentage Error (MAPE).
The Coefficient of Correlation (CC) was estimated to
determine the degree of fitness of the proposed model.
The choice of MAD and RMSE is based on their use in
numerous related studies as an effective means of
determining the eligibility of the model for prediction.
MAPE estimate the degree of accuracy and coverage of
the model. The Log accuracy ratio (LAR) was calculated
for the testing phase only since it is most expedient to
establish if the developed model satisfactorily predicts the
HHV. LAR was also introduced as a measure of error in
order to address the asymmetric nature of MAPE with
respect to over-forecasting and under-forecasting and also
non-resistance to outliers [48, 49] Computation time (CT)
was estimated as a measure of the overall prediction time
as a measure of time cost of the forecasting and to further
underline the economic significance of this model.

D EA

Correlation Coefficient (CC)
IO —W)? 4)

CC=1—FF7"—"—"7=—=
Z?:l(Yk _Yk)z

Root Mean square Error (RMSE):
2 (%)
Tr=1Vk — il

RMSE =
N

Mean Absolute Deviation (MAD):

MAD AN y ©
=N kzlb’k — ¥l
Mean Absolute Percentage Error (MAPE)
N _
1 Z Yk — Yk M
N
k=1

MAPE = x 100

Yk

Log Accuracy ratio, LAR

LAR = Log(AR) = log (ij—k) ®)
k

3 Results and Discussion

The prediction ability of the model developed for MSW
was evaluated at training and testing phases as shown in
Figure 2 and Figure 3. However, most of the discussion is
centred around the testing phase since the objective is to
determine if the model can predict the experimental
results with minimum error. To gain better insight into the
performance of the model, the predicted and actual HHV
were plotted against the data index. Also, Figure 4
illustrate the correlation between the experimental and the
observed HHV. The CC was determined to be 0.87. A
good dispersion around the best line of fit from the
regression plot was observed. Also, satisfactory fitness
and predictive capability with the actual data at both the
training and testing stages was established. As obtainable
in most linear correlations in MSW studies, the
dependencies among the constituents are not expected to
be linear, therefore a ‘propose and test’ method may not
be able to give an accurate prediction. Rather than
applying linear regression, where each correlation was
proposed, the corresponding coefficient of regression
calculated and the error estimated, this study presents an
optimized ANFIS model with new correlation and better
predictive capacity compared to existing linear models.
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Figure 2. Comparison of experimental and predicted
HHV for PSO-ANFIS at training stage
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Figure 3. Comparison of experimental and
predicted HHV for PSO-ANFIS at testing stage
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Experimental HHV (MJ/kg)

Predicted HHV (MJ/kg)

Figure 4. Regression plot of experimental and
predicted HHV(MJ/kg) by PSO-ANFIS

RMSE and MAD revealed the variability between the
experimental and estimated data, but the RMSE is more
sensitive to extreme data compared to MAD due to the
squared term. Table 4 shows the estimation of errors for
HHV developed for MSW. The value of R* and RMSE
may have improved if the moisture content were ignored
in the development of the model, however, the
significance of moisture variable makes it vital to be
considered for practical purpose. The computation time
(CT) which is a measure of the cost-effectiveness of the
MSW prediction model was evaluated. The CT results
shows that the model predict the HHV in less than
60seconds. This is quite an important outcome in term of
energy recovery from MSW.

Table 4. Estimation of errors for HHV of MSW

Training Testing
MSE 13.1603 11.8634
RMSE 3.6277 3.4443
MAD 2.7058 2.562
MAPE 29.0494 22.6202
Error STD 3.63 3.3141
CC 0.867
Computational 36.964
Time(s)
LAR 0.0337

The model developed in this study was compared to the
existing models. Meraz et al [25] and Wilson et al [23]
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were selected since they were originally used to predict
MSW and Organic waste respectively. All models were
applied to the data which was used in this study so that
the data was kept the same for each of the models
evaluated. The predicted results of each model are as
compared in Table 5.

Table 5. Experimental and Predicted HHV based on
different models

Experimental Wilson et al. Meraz et This study
HHV (MJ/kg) [23] al.[25] MIJ/kg)
MlJ/kg) MlJ/kg)
26.3400 27.5805 27.1253 26.0702
20.2490 20.1251 20.8074 20.2708
19.6610 19.5083 20.4102 19.3810
17.0700 15.9383 16.5805 16.7671
14.4950 13.9645 14.4361 14.4605
12.7470 12.4326 12.8900 12.6678
6.5130 7.3915 8.0940 6.3316
5.5120 5.7759 6.1709 5.5314
0.6980 1.6254 1.7166 0.7180
0.3880 0.2431 0.2673 0.3914
Conclusion

Sustainable and renewable energy sources which are
technologically feasible, environmentally friendly and
economically viable, are been explored using waste-to-
fuel technologies. This study introduced an ANFIS model
optimised with PSO aimed at predicting the enthalpy of
combustion of MSW based on the moisture content
(H,0), Carbon, Hydrogen, Oxygen, Nitrogen, Sulphur
and Ash contents. The study establishes the viability of
PSO-ANFIS model in predictive analysis in MSW
studies. The performance metrics in this study compared
with other existing models proved that this model will be
useful in municipal solid waste management to predict
expected HHV of the waste collected from the
municipalities. Future research will model the effect of
the predicted properties of biomass on the MSW energy
recovery technologies to establish the optimum energy
recovery condition.
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