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Abstract: It is generally known that the two most crucial elements of concrete that depend on the
slump value of the mixture are workability and compressive strength. In addition, slump retention is
more delicate than the commonly used slump value since it reflects the concrete mixture’s durability
for usage in civil engineering applications. In this study, the effect of three water-reducer additives
was tested on concrete’s workability and compressive strength from 1 day to 28 days of curing. The
slump of the concrete was measured at the time of adding water to the mix and after 30 min of adding
water. This study employed 0-1.5% (%wt) water-reducer additives. The original ratio between water
and cement (wc) was 0.65, 0.6, and 0.56 for mixtures incorporating 300, 350, and 400 kg of cement.
It was lowered to 0.3 by adding water-reducer additives based on the additives type and cement
content. Depending on the kind and amount of water-reducer additives, w/c, gravel content, sand
content, crushed content, and curing age, adding water-reducer additives to the concrete increased
its compressive strength by 8% to 186%. When polymers were added to the concrete, they formed a
fiber net (netting) that reduced the space between the cement particles. As a result, joining the cement
particles quickly enhanced the fresh concrete’s viscosity and the hardened concrete’s compressive
strength. The study aims to establish mathematical models (nonlinear and M5P models) to predict
the concrete compressive strength when containing water-reducer additives for construction projects
without theoretical restrictions and investigate the impact of mix proportion on concrete compressive
strength. A total of 483 concrete samples modified with 3 water-reducer additives were examined,
evaluated, and modeled for this study.

Keywords: concrete; water-reducer contents; workability; compressive strength; slump retention

1. Introduction

Cement, fine, and coarse aggregates are combined with water to make a composite
material called concrete [1]. Concrete is a flexible material in a fresh condition that can be
quickly blended to fit a range of particular demands and molded into almost any shape.
Ordinary portland cement is the most often used cement for manufacturing concrete [2].
The study of concrete characteristics and their practical applications are covered by concrete
technology [3]. Floors, columns, beams, slabs, and other load-bearing components are
made of concrete in building construction [4-6].

Appl. Sci. 2023, 13, 1208. https:/ /doi.org/10.3390/app13021208 1
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Chemical admixtures known as water-reducer additives are added to concrete mix-
tures to lower the water content or slow the concrete setting rate while preserving the
mixture flowability. Several liquid and powdered water reduction additives are avail-
able [7,8]. Chemically, water-reducer additives fall into three groups. First, Sulfonate
Naphthalene Formaldehyde (SNF); then, Formaldehyde Sulfonate (SMF); and finally, sul-
fonate and carboxylic copolymers [9-11]. Polycarboxylate ether (PCE) (high-scale water
reduction) is one of the most common water-reducer additive types [12]. Through the
adsorption and dispersion of cement components, water-reducer additives are active in the
cement waterways network [13-15]. Water-reducer additives improve concrete flowability
by dispersing agglomerated cement particles [16].

Concrete compressive strength, a significant mechanical characteristic, is often mea-
sured using concrete specimens after a standard curing period of 28 days. Various factors
affect the strength of concrete, including cement strength, water content, w/c, and aggre-
gate quality. The conventional method for modeling the impact of these factors on the
concrete compressive strength begins with an assumed form of an analytical equation
and is followed by a regression analysis utilizing experimental data to identify the equa-
tion’s parameters [17]. Polymers are one of the chemical admixtures used to improve the
properties of fresh and hardened concrete [15-18]. Polymers affect cement setting times,
hydration, flowability, and strength. Many types of polymers are present in liquid and
powder forms. Polycarboxylate (PCE) (high-scale water reduction) is one of the most
common polymer types [19]. The currently available superplasticizers can be divided into
three categories according to the chemical compound. The first is condensed with Sulfonate
Naphthalene Formaldehyde (SNF), the second Formaldehyde Sulfonate (SMF), and the
last is made up of sulfonate and carboxylic copolymers, for example, Polycarboxylate
Superplasticizers (PC) in the Sulphonate group. Concrete quality and durability can be
significantly enhanced with PC superplasticizers [20]. Superplasticizers are activated in
the cement waterways network by adsorption and dispersion of cement parts. The main
way in which polymers increase the flowability of concrete is to disperse agglomerated
cement particles. The fluidity of superplasticizers depends mainly on their adsorption
on concrete surfaces [21-27]. The effects of polymers (Polycarboxylate-Superplasticizer)
in liquid form have been studied to enhance concrete’s mechanical properties, such as
compressive strength [12]. There are several methods for modeling the properties of ma-
terials, including computational modeling, statistical techniques, and recently developed
tools such as regression analyses and Artificial Neural Networks (ANN) [33]. Multilinear
regression analysis, M5P-tree, and ANN are techniques widely used to solve problems in
construction project applications [18-22].

Nonlinear regression, multilinear regression analysis, and M5P-tree are construction
problem-solving methodologies [28-30]. M5P-tree was initially introduced by [31]. This
tree technique adapts to each sub-location by classifying or dividing data into various
spaces. Error is estimated using each node’s M5P-tree tree division criterion. Variance
measures class mistakes. Any node function uses the attribute that minimizes errors. The
MB5P-tree tree division criterion is the error computations per node. Node-class standard
deviation calculates M5P error. Node division reduces errors by evaluating each node’s
characteristics. Parent nodes have more StDev than child nodes (more significant nodes).
Choose the structure with the best error-reduction potential. This split is tree-like. Second,
linear regression functions replace the clipped sub-trees. Thus, the effect of numerous
parameters such as water-reducer content, w/c, and curing duration of 1 day to 28 days was
quantified using nonlinear regressions, multi-regression, and M5P-tree-based approaches
to forecast concrete compressive strength, utilizing 483 tested samples for each model.

Research Significance

The main objective of this study is to propose two systematic multiscale equations
to estimate the maximum stress of concrete modified with polymers. Thus, experimental
data of 483 tested samples using three different types of liquid polymer with polymer



Appl. Sci. 2023, 13,1208

contents, mix proportion, curing period, and the water-to-cement ratio was considered
with different analysis approaches. (i) The effect of polymers on the slump retention
and compression strength of concrete is investigated and quantified in the early curing
period (ii) to guarantee the construction industry to use the proposed models without any
experimental work, and (iii) to quantify and propose a systematic multiscale model to
predict the compression strength of concrete containing small amounts of polymers (up to
1.5%) with various water-to-cement ratios and curing time up to 28 days.

2. Materials and Methods
2.1. Ordinary Portland Cement
This investigation used ordinary portland cement (OPC) from the Gasin Cement Com-

pany in Sulaimani, Iraq. Table 1 summarizes the chemical and mineralogical constitution
of the OPC.

Table 1. Composition of the ordinary portland cement.

CaO 63.9%

SiO, 20.1%

Al O3 4.08%

Chemical composition Fe, O3 5.10%
MgO 1.48%

SO3 2.20%

LOIL 3.41%

Ca3SiOs5 66.3%

. . - CaySiOy 7.67%
Mineralogical composition CasALO, 2199
Ca4A12Fe2010 15.5%

2.2. Aggregate

In this study, natural sand was used. Crushed stone was used as fine aggregate, and
gravel passing a sieve of 20 mm was used as coarse aggregate.

2.3. Additives

In this study, three additives were used to enhance the compressive strength of concrete.
SP62 is a liquid brown Polycarboxylic ether. It is a highly concentrated fluidizing admixture.
An admixture can obtain a homogeneous mixture with minimized frictional forces between
the mixed components. RC897 is a superplasticizer that produces high-quality ready-
mix and precast concrete with reduced water needs and high workability retention. This
water-reducer extends processing time and meets industry requirements. PC180 is a high-
performance superplasticizer that was purposefully designed for concretes having high
consistencies and low w/c ratios in precast applications. In this study, up to 1.5% of the
additives were used. The properties of the three types of additives are summarized in
Table 2.

Table 2. Properties of the additives.

Additives SP62 RC897 PC180
Color Brown Light yellow Amber
State Liquid Liquid Liquid
Density, (gm/cm?) 1.1 1.08 £ 0.02 1.07 £ 0.02
pH - 45+1.0 5+1
Chloride content 0.1% <0.10 mass-% <0.10 mass.-%
(N/:ikoaleiqc;r:fzr;\t) <8.5 mass-% <8.5 mass-% <8.5 mass-%
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2.4. Slump

In this study, the additives” consistency and effectiveness on the concrete mixes’
flowability according to ASTM C143 and EN-12350 were assessed using a concrete slump
test (Figure 1a,b). The slump values of the modified concrete with additives and the control
sample ranged from 200 to 220 mm. In order to assess the effectiveness of the additives on
the workability of the concrete to the control sample, slump retention was also carried out.

ey
,:.o,mn‘.,

il

(b)

(d)

Figure 1. Experimental work (a) concrete mixer, (b) slump test, (c) cubic molds, (d) compressive
strength test.

2.5. Compressive Strength

For this investigation, a cube sample (150 x 150 x 150 mm) was employed (Figure 1c).
There was a (0.5 MPa)/sec loading speed. Based on EN-12390-3 [8], the three-sample
average was chosen as the concrete strength for the analysis during a specific curing period
(Figure 1d).

2.6. Concrete Mix

The range of additive content was 0% to 1.5%. Due to the addition of the additives,
less water was used to make the mixture, and the w/c ratio was gradually lowered so that
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the slump value remained between 200 and 220 mm. The specimens were kept in water
with a humidity level of 95 percent and a temperature of 25 °C for the appropriate curing
age. Table 3 provides a summary of the concrete mixtures. The slumps were controlled
between 200 to 220 mm, and 0, 0.5, 0.75, 1, 1.25, and 1.5% of the three additives, such as
SP62, PC180, and RC897, were used (Table 4).

Table 3. Concrete mix design.

Materials Mix 1 Mix 2 Mix 3
Cement, kg 300 350 400
Coarse aggregate, kg 788 669 557
Crushed stone, kg 98 96 186
Sand, kg 1083 1145 1115

Water, kg 195.73 221 2253

Table 4. Impact of the additives on the workability of concrete.

Slump Retention, mm

SP62 PC180 RC897
Cement, kg Additive, %
10 min. 30 min. 10 min. 30 min. 10 min. 30 min.
0 210 208 200 190 210 210
0.5 200 80 200 80 200 60
300 0.75 210 100 210 90 210 80
1 200 85 200 80 210 80
1.25 200 120 215 100 210 90
15 200 90 210 95 210 90
0 210 215 210 215 210 215
0.5 200 90 200 90 200 90
350 0.75 200 0 200 100 210 100
1 220 90 210 110 200 90
1.25 210 130 210 80 200 100
15 200 100 220 130 210 110
0 200 100 200 100 200 100
0.5 210 80 200 80 210 70
400 0.75 205 90 210 90 220 90
1 220 100 210 120 210 100
1.25 210 110 210 50 210 115
15 200 90 215 70 220 80
2.7. Modelling
A total of 483 datasets (161 samples for each polymer) containing tested results for
each modification were examined. The water-cement ratio (w/c), curing age (t, days),
cement content (C, kg), gravel content (G, kg), sand content (S, kg), crushed stone content
(CRS, kg), curing time (t, days), and the additives’ content (Add.,%) are all included in the
set of input data, with the tested compressive strength (MPa) of the concrete provided as
the target value.
2.7.1. Nonlinear Regression Model
To develop a nonlinear regression model, the following formula (Equation (1)) can be
considered a general form [2,8,12]. Equation (1) represents the interrelation between the
variables to estimate the compressive strength of the conventional and concrete components.
0c = P1 X w/cP? 4 B3 x CP4 + Bs x SPe + By x CRSPS + Bg x GP10 4 By x tP12 4+ s PPus (1)
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2.7.2. M5P Model

One of the most significant advantages of model trees is their ability to efficiently
solve problems, dealing with many data sets with a substantial number of attributes and
dimensions. They are also noted for being powerful while dealing with missing data [31].
The M5P-tree approach establishes a linear regression at the terminal node by classifying or
partitioning diverse data areas into numerous separate spaces. It fits on each sub-location in
a multivariate linear regression model. The error is estimated based on the default variance
value inserted into the node. The general formula for the M5P-tree model is shown in
Equation (2).

w
0c = B1 x () + B2 x (C) + B3 x (8) + By x (CRS) + s x (G) + o x (C.T) + 7 x (P) + s @
w/c: ratio of water-to-cement content
C: cement content
S: sand content
CRS: crushed stone content
G: gravel content
t: curing time
P.: additive (SP62 or PC180 or RC897) ranged from 0% to 1.5 and p; to 14 are modeli
paramters (Tables 5 and 6).
Table 5. NLR model paramters.
Additive
Model Parameter SP62 RC897 PC180
B1 52.60 282.2 303.8
B2 —0.491 —0.13 —0.116
B3 652.5 298 273
Ba 0.006 0.029 0.051
Bs 2.018 2.017 2.01
Be —-1.33 —-1.33 —1.36
By —33.1 69.07 124.8
Bs —0.125 0.008 —0.248
Bo 1.297 1.467 1.467
B1o 0.303 037 —0.377
B —720 712 —715
B2 —0.008 —0.009 —0.01
B3 0.209 2.229 2.120
Bus 2.00 0.574 0.634
R? 0.89 0.92 0.94
RMSE (MPa) 4.220 3.867 3.556
Table 6. M5P-tree model paramters.
c=B1 X ()+B2 X (O)+B3 X (8)+B4 X (CRS)+B5 x (G)+B6 < (C.T)+P7 x (P)+Ps
Additive LM RMSE
Number P B2 Bs Pa Bs Be B Bs R? (MPa)
1 78.4 0.0051 0 0 0 0.3114 5.491 -15.22
2 74.03 0.0051 0 0 0 0.3114 5.491 —13.45
3 51.98 0.0051 0 0 0 0.3114 5.967 —9.737
4 38.08 0.0127 0 0 0 0.888 5.499 0.2689
5 —7.795 —0.0006 0 0 0 0.331 3.6161 36.01
SP62 6 7795 —0.006 0 0 0 0.29 3.174 36.02 091 3.784
7 —58.81 0.0122 —0.0153 0 0 0.2877 0.4122 65.65
8 —50.1 0.0122 —0.0153 0 0 0.2877 0.4122 61.94
9 —61.61 0.0122 0 0 0 0.2877 0.4122 49.89
10 ~77.31 0.0227 0 0 0 0.4121 0.4122 61.9
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Table 6. Cont.

0c=P1 X (D) +B2 X (O)+B3 X (S)+Pa X (CRS)+P5 % (G)+P6 X (C.T)+P7 X (P)+Pg

Additive LM RMSE
Number P B2 Bs Ps Ps Be B Bs R (MPa)
1 77311 0.0227 0 0 0 04121 04122 619
2 9845 0052 0 0 0 0.278 0 6151
PC180 3 1126 0.0261 0 0 0 0.3861 0 8471 0.92 400
4 ~9321  0.0326 0 0 0 0.3681 0 64.14
5 1068 0.0335 0 0 0 0.4932 0 76.37
1 —60.77 0 0.0374 0 0 2.654 1.353 9.7022
2 ~50.87 0 0.041 0 0 2.654 1.125 2.481
3 4995 0 0.0257 0 0 2.654 1.584 21.82
RC897 4 6034 0 0.0257 0 0 2,654 1.743 262 0.96 2846
5 ~73.07 0 0.0228 0 0 413 0.8277 3123
6 ~37581 0 0.0629 0 0 0.4122 3.87 207

2.8. Performance Evaluation and Model Criteria

To assess the accuracy and efficacy of the model predictions, the coefficient of determi-
nation (R?), root mean squared error (RMSE), and mean absolute error (MAE) were used.
The reliability of the suggested models and the effect of mix proportions on the concrete
compressive strength were investigated using the nonlinear and M5P models, which were
evaluated using several common assessment criteria. Their equations are as follows:

2
R2 — Yo (Vi — ) (xi — %) o
\/ (D1 i = 9] |2y (i — %))
n RV
RMSE = w @
Py — x
MAE = w )

yi = laboratory-tested values; xi = estimated value; i = average of yi; X = average of xi,
and 7 is the number of datasets.

3. Results and Analysis
3.1. Water-Reducing Additives

In this research paper, three types of additives (SP62, PC180, and RC897) were used
to enhance the performance of the concrete. The additives content ranged from 0 to
1.5%. Adding the additives reduced the water in the mixture, and the w/c ratio gradually
decreased, thus keeping the slump value in the range of 200220 mm. Regarding the
concrete mixture, which contains 300 kg of cement, an addition of 0.5% of SP62 reduced
the mixture’s water content by 12.6%, while it was reduced by 17.6% and 9.1% when
modified with 0.5% of PC180 and RC 897, respectively. Compared with 300 kg and 400
kg cement content in the mixture, the percentage of water-content reduction was higher
for the mixture containing 350 kg of cement for the three types of additives, as shown in
Figure 2. By increasing the content of the additive, the water-content reduction gradually
increased (Figure 2). Modified the concrete with the SP62, PC180, and RC897 decreased the
water content required to achieve the desired workability by 9.1% to 46.7%, based on the
types and content of additives and based on the cement content, as shown in Figure 2.
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Figure 2. Percentage of water reduction caused by the addition of 3 types of additives in concrete
mixes with (a) 300 kg, (b) 350 kg, and (c) 400 kg of cement.
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3.2. Slump Retention (ASTM C 143-90)

Fresh concrete loses its workability due to stiffening with time—a well-known phe-
nomenon called “slump loss”. The consistency changes because chemical and physical
factors brought about by early hydration gradually reduce the system’s free water and
build up the inner skeleton structure. It is well known that the workability of concrete in
the concrete industry faces slump loss, which is different for various grades of concrete.
Slump loss also varies with time. A study must determine the factors affecting slump loss
in the concrete mix. Factors such as cement content, water content, admixtures, weather,
and concrete volume influence the workability loss rate. The main objectives of this project
are to study the variation of a slump with the time of transportation, which is dependent
on the slump value of the concrete mixture.

Moreover, slump retention is the most sensitive compared to a well-known slump
value because it represents the durability of the concrete mixture for its applications in
civil engineering. Slump loss is the rapid stiffening of fresh concrete. Slump loss becomes
significant when polymers are used with cement. The stiffening of concrete becomes
accelerated under hot climates. This is due to the evaporation of mixing water, hydration of
cement, and even water absorption by the aggregates. Retarders lower the rate of hydration
of cement. The concrete compressive strength linearly increases with a mixing time of up
to 180 min. This increase was 10% after mixing for 180 min [3]. The dispersant remaining
in the aqueous phase can influence slump retention. Rapidly adsorbed dispersant from the
aqueous phase has a higher rate of slump loss than that was absorbed more slowly from
the aqueous phase [7]. The slump loss in the field can be regained by redosing the polymer
in the concrete. Besides enhancing the concrete compressive strength, monitoring the
slump retention of the fresh concrete modified with water-reducer additives is necessary.
In this study, slump retention of the fresh concrete modified with SP62, PC180, and RC897
was monitored when adding water to the mixture and after 30 min of adding water, as
summarized in Table 4. The slump of the fresh concrete with and without water-reducer
additives was controlled between 200 mm and 220 mm. After 30 min, the concrete modified
with water-reducer additives lost its workability (Table 4). Workability loss is affected
by cement, water, admixtures, weather, concrete volume, and other factors. The rapid
stiffening of fresh concrete is known as slump loss. A hot environment accelerates concrete
stiffening due to the evaporation of mixing water, cement hydration, and aggregate water
absorption [32]. There were many ways to control the slump loss of fresh concrete. One of
the methods was by adding retarder admixture to the mix. By slowing the cement’s rate of
hydration, retarding admixtures delay the setting. As a result, the water combined with
cement decreases due to the decreased hydration rate throughout a particular period. The
slump loss in such a mix for a specific period will be significantly lower than that without a
retarder [32,33].

Modifying the concrete with water-reducer additives enhances the concrete compres-
sive strength from 1 day up to 28 days of curing for 3 different contents of cement (300, 350,
and 400 kg), as shown in Figures 3-5. For the mixture containing 300 kg of cement at 1 day
of curing, the compressive strength was 11.41 MPa, while it was 16.52 MPa and 20.17 MPa
for 350 and 400 kg of cement, respectively. Regarding the mixture containing 300 kg of
cement, adding 1% of SP62, PC180, and RC897 enhanced the concrete compressive strength
by 104%, 150%, and 129%, respectively, as shown in Figure 2. While it was 97%, 141%, and
150%, the mixture contained 350 kg of cement (Figure 3). The growth percentage decreased
when the mixture contained 400 kg of cement modified with 1% water-reducer additives
(Figure 4).
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3.3. Compressive Strength

After 28 days of curing, the concrete compressive strength was enhanced up to 74 MPa,
depending on the content of cement and the types and content of water-reducer additives.
In the case of polycarboxylate-based superplasticizers and naphthalene- or melamine-based
superplasticizers, electrostatic and steric repulsion mechanisms work together to weaken

the cohesiveness of the cement particles.

The compressive strength of concrete was predicted using nonlinear and M5P models
based on data from 483 tests using three distinct mixtures and three different water-reducer
additives, as shown in Figure 6. Additionally, it explores how mixed proportions affect

concrete compressive strength.
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Figure 6. The mix proportions” impact on the concrete compressive strength using (a) nonlinear and

(b) M5P models.
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3.4. Predicted and Measured Compressive Strength Relationships
3.4.1. The Nonlinear Regression Model (NLR)

The connection between the anticipated and actual compressive strengths of normal
concrete, including polymer content, is shown in Figure 6a. The most significant parameters
affecting compressive strength were curing time and cement content. The following formula
was derived for the NLR model with numerous changeable parameters (Table 5).

3.4.2. M5P-Tree Model

In this study, the M5P-tree model tree is utilized to forecast the compressive strength of
conventional concrete using 483 mix-design data. The coefficient of determination (R?), root
mean square error (RMSE), and goal were all employed to assess the suggested performance
of the model in this research. The M5P-tree technique, as seen in Figure 6b, divides the
input space (independent variables) into linear tree regression functions (marked LM1
through LM8). Y = b, + by x X1 + by x Xp, where by, by, and b, are linear regression
constants representing the model parameters. The model parameters are listed in Table 6.
The study dataset has a 25% and 35% error line, indicating that all measured values fall
within the 20% and —15% error line. The coefficient of determination R? for this model
indicates that the model performance is better than the NLR.

Therefore, from the result of slump retention and compressive strength, SP62 (FM) can
be used to produce a precast concrete member. The admixture should maintain a liquid
consistency and good workability when used with concrete that has a low w/c and a high
quantity of mineral additives. High early strength developments are made possible by
the PCE-based superplasticizer even at low ambient temperatures and without additional
external heat. This might make it possible to shorten the stripping periods, which could
lead to a more effective production process. The compaction energy used to compact
concrete may be lessened with concrete admixture. Therefore, concrete producers, builders,
and installers may profit economically and technically. The three types of water-reducer
additives can be used to produce the precast concrete member.

A similar study was also conducted on the effect of two water-reducer polymers with
smooth and rough surfaces on the workability and the compression strength of concrete
from an early age (1 day) up to 28 days of curing. The polymer contents used in this study
varied from 0 to 0.25% (%wt.). The initial ratio between water and cement was 60%, and
it slowly reduced to 0.46 by increasing the polymer contents. The compression strength
of concrete was increased significantly by increasing the polymer contents by 24% to 95%
depending on the polymer type, polymer content, w/c, and curing age. Because of a fiber
net (netting) in the concrete when the polymers were added, which led to a decreased
void between the particles, binding the cement particles increased the viscosity of the
fresh concrete and the compression strength of the hardened concrete rapidly. This study
also aims to establish systematic multiscale models to predict the compression strength of
concrete containing polymers and to be used by construction projects with no theoretical
restrictions. For that purpose, 88 concrete samples modified with two types of polymer
(44 samples for each modification) have been tested, analyzed, and modeled. Linear and
nonlinear regression, M5P-tree, and Artificial Neural Network (ANN) approaches were
used for the qualifications. In the modeling process, the most relevant parameters affecting
the strength of concrete were polymer incorporation ratio (0-0.25% of cement’s mass), water-
to-cement ratio (0.46-0.6), and curing ages (1 to 28 days). Among the used approaches and
based on the training data set, the model made based on the nonlinear regression, ANN,
and M5P-tree models seem to be the most reliable. The sensitivity investigation concludes
that the curing time is the most dominating parameter for predicting concrete’s maximum
stress (compression strength) with this dataset [12].
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4. Conclusions

The following conclusions are drawn based on the tested data and the simulation
of the compression strength of concrete at 483 different ratios between the water and the
cement, polymer content, and curing ages.

1. The compression strength of cement increased from 84% to 250%, depending on the
mix proportion. Based on NLR parameters, polymer RC897 had the highest impact
on increasing the compression strength of concrete as compared to polymer SP62
and PC180. This improvement in compression strength was due to the dispersion of
cement particles and increasing the friction between the particles, reducing the void
ratio and increasing the density of concrete.

2. With a cement content of 300 kg, the polymer PC180 had the highest effect on reducing
the water content of the other two types of the polymer by 43.5%, while, at a cement
content of 400 kg, the polymer RC 897 had the highest effect on reduction in water
content compared with the other two polymers, by 46.7%.

3. The compressive strength of the concrete mixes was calculated using NLR and M5P-
tree models. The correlation of the coefficient (R?) and the root mean square error
(RMSE) are used as assessment criteria. The order of the models was M5P-tree and
NLR; the M5P-tree was the best model offered in this study, based on data obtained
from the experimental work, and provided a higher R? and a lower MAE and RMSE.
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Abstract: Elevating the accuracy of streamflow forecasting has always been a challenge. This
paper proposes a three-step artificial intelligence model improvement for streamflow forecasting.
Step 1 uses long short-term memory (LSTM), an improvement on the conventional artificial neural
network (ANN). Step 2 performs multi-step ahead forecasting while establishing the rates of
change as a new approach. Step 3 further improves the accuracy through three different kinds
of optimization algorithms. The Stormwater and Road Tunnel project in Kuala Lumpur is the
study area. Historical rainfall data of 14 years at 11 telemetry stations are obtained to forecast
the flow at the confluence located next to the control center. Step 1 reveals that LSTM is a better
model than ANN with R 0.9055, MSE 17,8532, MAE 1.4365, NSE 0.8190 and RMSE 5.3695. Step
2 unveils the rates of change model that outperforms the rest with R = 0.9545, MSE = 8.9746,
MAE = 0.5434, NSE = 0.9090 and RMSE = 2.9958. Finally, Stage 3 is a further improvement with
R =0.9757, MSE = 4.7187, MAE = 0.4672, NSE = 0.9514 and RMSE = 2.1723 for the bat-LSTM hybrid
algorithm. This study shows that the §Q model has consistently yielded promising results while
the metaheuristic algorithms are able to yield additional improvement to the model’s results.

Keywords: optimization; metaheuristic algorithms; streamflow forecasting

1. Introduction

The natural water movement on our planet is known as the hydrological cycle. Stream-
flow is one of the main components of this cycle. The streamflow characteristic is often
associated with climate and land use conditions [1]. Under-capacity rivers can trigger
frequent flooding in the surrounding catchment due to excess runoff. On the other hand,
water scarcity can also happen during dry weather. Therefore, the state of streamflow
can transpire in future events. Streamflow forecasting can optimize water resource alloca-
tion [2].

For this reason, researchers have been developing various methods to forecast stream-
flow [3]. The conventional approach relies on preserving mass, momentum and energy [4] to
retrieve broad basin information. However, data collection is time-consuming and costly as
the conventional method requires a wide range of parameters. As more and more flooding
occurs due to climate change, a more accurate forecasting model is required to pursue better
flood management and disaster preparedness [5]. Artificial intelligence is seen as a better
alternative to the conventional method. A study has shown that the adaptation of artificial
intelligence allows better river and drought management [1]. It can establish the association
of predictors and predictand variables without considering hydrological complexity.
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Although many studies have shown promising results, standalone models (e.g., arti-
ficial neural network) display specific drawbacks of overfitting due to large datasets. In
addition, past states of network retrieved from time-series data are not kept for the benefit
of information related to data sequence [6]. These drawbacks can be tackled through
the implementation of deep learning that can generate higher accuracy through better
extraction of obscure data with higher computing power and complex mapping ability.
This ability has contributed to significant developments in many fields, such as speech
recognition, language processing and hydrological studies, such as river flood forecasting,
runoff forecasting, streamflow forecasting and groundwater level forecasting [7].

Xiang and Demir (2020) proposed a study applying a deep recurrent neural network,
specifically the neural runoff model, to predict streamflow in the state of Iowa. The model
successfully incorporated multiple measurements and model results to produce long-
term rainfall-runoff modeling [7]. Ahmed et al. (2021) applied a deep-learning hybrid
model to forecast the monthly streamflow water level in the Murray Darling Basin that
yielded improved results when optimized with Boruta [1]. Lin et al. (2021) developed
three components of the hybrid DIFF-FFNN-LSTM model to forecast hourly streamflow,
which accomplished better results than statistical methods [6]. Granata et al. (2022)
performed a comparison study between the stacked model of random forest and the
multilayer perceptron algorithm with bidirectional LSTM. The bidirectional LSTM model
significantly outperformed the stacked model for low-flow prediction [8]. Elbeltagi et al.
(2022) developed a study comparing four machine learning algorithms, namely random
subspace, M5P, random forest and bagging, to predict streamflow in the Des Moines
watershed. The M5P algorithm yielded the best prediction [9].

Increasing accessibility to the latest research has triggered tremendous advancement in
science and technology. A modern measuring device can quickly secure physical hydrologi-
cal data with standard intervals. As more significant obscured knowledge is extracted, more
demands for complex engineering optimization start to the surface [10]. This requirement
comes with multiple purposes, multi-level conditions and numerous restrictions.

In response, more recent research has been integrating machine learning methods with
a metaheuristic algorithm to solve the optimization complexity [11]. This integration leads
to a more efficient, effective and robust search, resulting in faster convergence.

Khosravi et al. (2022) introduced an optimized deep learning model integrating a
convolutional neural network (CNN) with the BAT metaheuristic algorithm to predict daily
streamflow in the Korkorsar catchment in northern Iran. This model outperformed the
other algorithms [12].

Machine learning is a subset of artificial intelligence that exploits algorithms and
statistical methods to provide computers with learning ability [13]. It aims to optimize ex-
perimental arrangements for a data structure [14]. A continuous source of data from actual
observation is fed into the system, improving the learning over time. Artificial intelligence
closely resembles how human brains capture internal data relationship patterns [15]. The
acquired knowledge enriches the machine’s ability to generalize a real-world position [16].

Metaheuristics denote high-level computational intelligence algorithm frameworks that
are problem-independent and are employed to solve complex optimization demands [17].
A robust, iterative search process is involved in the metaheuristics algorithm to generate an
approximation that does not guarantee an optimum solution [18] but instead an adequately
good global solution within a reasonable computational time. The algorithm can self-tune the
global exploration and local exploitation to reach greater search abilities [19].

Metaheuristics can be categorized into nature-inspired and non-nature-inspired. The
nature-inspired category can be further classified into evolutionary algorithms [20] and
swarm intelligence. Evolutionary algorithms include genetic algorithms, genetic program-
ming, evolution strategy and differential evolution based on biological transformation.
Swarm intelligence includes artificial bee colony algorithm, ant colony optimization, crow
search algorithm, jellyfish search optimizer, firefly optimization and bat algorithm. The non-
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nature-inspired category consists of the Jaya algorithm, imperialist competitive algorithm,
simulated annealing, harmony search and forensic-based investigation algorithm.

All evolutionary and swarm intelligence algorithms involve proper tuning of standard
controlling parameters such as population size and generation boundary. In addition,
each algorithm has its algorithm-specific control parameters such as mutation probability,
crossover probability and selection operator for the genetic algorithm. Failure to properly
tune can decrease computational speed and entrap in local optimal. Swarm intelligence
algorithms are also subjected to slow convergence and are challenging to integrate with
a particular artificial intelligence model [21]. In order to avoid algorithm-specific non-
performance, the teaching learning-based optimization algorithm and the Jaya algorithm
can be implemented [22].

The bat algorithm is used in tuning residential HVAC controller parameters to op-
timize energy consumption and obtain thermal comfort. It is also used for controlling
illumination and air quality [23]. Other applications are wind power forecasting [24] and
transportation [25].

The firefly algorithm has been used in numerous fields to solve complex applications
such as breast cancer recognition, vehicle communication problem, path planning, privacy
protection and forecast power consumption. It can also be used in structural optimization
and image processing [26].

The Jaya algorithm has been developed for many engineering works such as structural
damage identification [27], welding optimization, heat exchangers optimization, path
selection for a wireless network, waterjet machines, dam monitoring [28], wind power
systems and cart position control [29].

From the authors’ observation, there is a lack of research in the area of optimization
for deep learning using hybrid models.

In order to fill this gap, this study aims to improve the deep learning model for better
streamflow simulation and forecasting using optimization algorithm hybrid models, which
will lead to a better early warning system.

The contributions of this paper can be simplified as follows:

1.  Application of the LSTM model as a deep learning model for simulation and multi-
step ahead streamflow forecasting;

2. Anew approach to using rates of change in the artificial learning model to minimize
input errors;

3. Toimprove the performance of LSTM models by introducing a novel method in deep
learning through metaheuristic algorithms to form hybrid models.

2. Methodology

This study involves numerous deep learning models and metaheuristic algorithms
such as the bat, firefly and Jaya algorithms. The study area and model development are
also discussed.

2.1. Long Short-Term Memory (LSTM)

LSTM is an improved version of a recurrent neural network (RNN) [30]. It is a deep
learning algorithm that has been set up to perform forecasting in the field of hydrology and
water resources [31]. It eliminates the issue of overfitting and can yield better generalization
than standalone models. The network captures long-term dependencies and deals with
vanishing gradient limitations that exist in the original RNN [32]. The LSTM network (see
Figure 1) comprises blocks of memory cells, an input gate, an output gate and a forget gate.
The network operates like a chain [33] and can deal with delays such as seasonal and trend
patterns [34]. The input gate manages the extra information added to the cell state.
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Output

Input Gate Output Gate

v

Figure 1. Architecture of LSTM blocks.

The forget gate eliminates information from the cell state. The ability of LSTM to
store or remove information outperforms other neural networks [35]. Information can be
carried over multiple time steps and provide for learning of sequential dependency in the
input data, making it relevant even for long time series [36]. This gives an advantage to
the LSTM when it comes to modeling time series, particularly hydrologic variables, which
employ common hyperparameters, such as precipitation, flow or water level, for streamflow
prediction, water quality modeling and flood forecasting [37]. Although the training process
is longer than other data-driven models, LSTM can yield higher accuracy [38].

2.2. Bat Algorithm

The bat algorithm (see Figure 2) is a swarm intelligence algorithm inspired by the
echolocation produced by bats when interacting with their surroundings [23]. The echolo-
cation starts with the emission of short and loud sound waves released by bats to identify
their prey, obstacles or resting cracks in the dark. The time-lapse for the emitted sound
to bounce back reveals the prey’s distance, direction and speed. All bats use echolocation
to measure distance and distinguish between targets and obstacles [39]. The algorithm
keeps a record of the bat’s velocity, position, frequency, varying wavelength, loudness and
pulse emission. The loudness is measured in the range between Ap,;, and Aj while the
pulse emission is logged between 0 and 1, where 0 represents no pulse, and 1 refers to the
highest rate of the bat’s emission. The bat algorithm is suitable to handle both continuous
and discrete optimization matters. One of the advantages of this algorithm is the ability to
reach quick convergence at the initial stage and shift from exploration to exploitation when
optimality is near [40].

The mathematical equations that relate to the velocity and location can be defined as:

fi = fmin + (fmax — fmin)p 1
vf = vfl + <x571 — X*)fz (@4
xf = xfl + v,-t 3

where:
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B € [0,1] is the random vector from a uniform distribution;

fi is the initial frequency;
vl-t is the velocity at t iteration;

x! is location at t iteration in a d-dimensional search or solution space.
The loudness and pulse emission rates are represented below:

Set initial position, velocity and parameters

Evaluate each bat best position in the population

»
L g
b

r

Calculate the frequency, velocity and position

e B e ~—— Apply random
= Randl=pulse rate? L
e e position
= s
No ¢
LTS i Updat,
Rand2 < A & ~_ Yes pras
—— loudness &

o

T~ faO)<fe®)

emission
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v
Update the best position

Figure 2. Bat algorithm flowchart.
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AL = g Al )
it =1l —exp(—1)] ®)

where:
0 <a <1and vy > 0 are constants;
« is the constant reducing loudness, and + is the constant increasing pulse rate.

2.3. Firefly Algorithm

Bioluminescence refers to the biochemical process that provides the insects” ability to
flicker. The flashing light is visible, particularly at night, to court potential mates and gives
a warning signal for potential predators nearby. The emission of the rays can be controlled
towards brighter or dimmer light [41].

The firefly algorithm (see Figure 3) is considered a swarm intelligence algorithm
that originated from the flickering behaviors of insects. It is a popular algorithm in the
swarm intelligence domain [42]. Flashlight without gender distinction is simulated to
entice fireflies with less brightness to draw toward the individual. Under this algorithm
(see Figure 3), two significant features are considered, mainly brightness and attractiveness.
The brightness echoes the firefly’s position and establishes the path of movement. At the
same time, the attraction indicates the distance the firefly travels. The algorithm’s goal is to
continuously update the brightness and attractiveness status [15].

’ Define fireflies” initial population I

l

’ Set the objective of the function l
[

Compute attractiveness and distance values
between two fireflies

l

Is firefly 2 brighter
than firefly 17

No
Update firefly position to firefly 2 ’7

Compute new solution and updatelight

intensity

l

Arrange the ranks of the fireflies and find a
better solution

Is termination

criteria met?

Figure 3. Firefly algorithm flowchart.
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The light brightness will decrease as distance increases. Since the brighter fireflies attract
the dimmer ones, the latter will move toward the former position. The brightness indicates
the fitness value of the algorithm. The greater the brightness, the better will be the fitness
value. If two adjacent fireflies transmit similar brightness, the fireflies will move randomly.

The algorithm is set to adhere to the three following rules [43]:

(a) Allfireflies are considered unisex, and therefore, they are attracted to others regardless
of their sex;

(b) Attractiveness is based on the brightness of the light. The dimmer one will move
towards the brighter one. If brightness is equal, movement will be random;

(c) The brightness is associated with the objective of the function.

When firefly i is attracted to j, then the new position of the firefly i will be computed
as follows:

1t —r2ij (b t ¢
X = x4 Boe” " l]<xjfxi>+ﬂét€i (6)

where:
xf“ is the new position of the firefly i;

x!is the original position of the firefly i;

Bo is the attractiveness parameter;

7 is the absorption coefficient;

«; is randomization parameter (0 to 1);

r is the distance between two fireflies;

el is random number.

2.4. Jaya Algorithm

Jaya algorithm (see Figure 4) is a population-based algorithm that constantly searches
for the best solutions and avoids bad ones [29,44]. Two main parameters, the population
size and the maximum number of iterations, are used to define the framework of the algo-
rithm [45]. The iteration process will continue to be executed to find a better solution [46]
than the current state with the following equation:

Xijx = Xijk + 11k (Xipestk — ’Xi,j,k‘) = 12,k (Xiworstk — ’Xj,j,k’) 7)

where:
Xi x is the current state;

71k (Xipesth — ‘Xi,j,k ) is the best solution;

72,j,k(Xi,worst,k - ’Xj,j,k’) is the worst solution.

The process will remain until the stopping criteria are met. Jaya algorithm is suitable
for controlled and unrestricted optimization [22].

2.5. Rates of Change

Rates of change (6Q) is introduced as a new model development method to replace
the conventional method of utilizing flow or water level as the prediction model output.
The current research on streamflow forecasting concentrates mainly on the prediction of the
flow or water level as the output variables of the forecasted value (Qy). The mathematical
expression of a forecast flowrate is as follows:

Qr =Qi+46Q ®)
where:
Q i is the forecast flowrate;
Q; is the initial flowrate at the time, f;
0Q is the rate of change.
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Figure 4. Jaya algorithm.

A rate of change is proposed in this study based on the mathematical relationship
as follows:
Qr— Qi

Q=5 ©)

where:

0Q is the rate of change;

Qq is the flowrate at current time, t;

Qj is the initial flowrate at a previous time interval;

t is the current time;

t; is the last time interval.

By applying the rates of change (6Q), the fluctuation can be controlled to improve the
model’s accuracy. For this research, the 6Q will be based on 30 min.

2.6. Model Performance Evaluation

In this study, the performance of each model is evaluated based on four types of
performance indices. The evaluation includes both the absolute and relative aspects of the
errors, such as the root mean square error (RMSE), mean absolute error (MAE), correlation
coefficient (R), Nash—Sutcliffe efficiency (NSE) and mean absolute percentage error (MAPE).

2.6.1. Root Mean Square Error, RMSE

RMSE measures the deviations between predicted values and observed values. The
variations, also known as the prediction errors, are developed from computation performed
over out-of-sample data. RMSE is sensitive to maximum and minimum errors and can
better reflect the predicted results. However, it is not sensitive to linear offsets between the
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observed and simulated values resulting in a low RMSE value [47]. RMSE with a value
close to 0 indicates a higher level of prediction accuracy.

i (yi— xi)z

n

RMSE = ,0 < RMSE < +o0 (10)
where:

x; are the observed values of the criterion;

y; are the simulated values of the criterion;

n = sample size.

2.6.2. Mean Absolute Error, MAE

MAE measures the significance of average error in a model with the same criteria [48].
The mathematical representation of MAE is as follows:

Xy = xil

,0 < MAE < +o0 (11)
where:

x; are the observed values of the criterion;

i are the simulated values of the criterion;

n = sample size.

2.6.3. Nash-Sutcliffe Efficiency (NSE)

NSE measures the relative differences between the observed and predicted values. A
higher value of NSE indicates the model’s superiority. When NSE is 1, it means a perfect
match of the observed and predicted. Otherwise, if NSE is 0, the predicted values are similar
to the average of the observed values [49]. The model accuracy can be categorized as very
good for 0.75 < NSE < 1, good for 0.65 < NSE < 0.75, satisfactory for 0.50 < NSE < 0.65 or
unsatisfactory for NSE < 0.50 [50].

The mathematical representation of NSE is as follows:

Lo (Y= Y

NSE=1-— L
Tio(Yi—Y)

,—00 < NSE <1 (12)

where:
Y; is the predicted values of the criterion;
Y is the measured value of the criterion variable (dependent) variable Y;
Y is the mean of the measured values of Y;
n = sample size.

2.6.4. Mean Absolute Percentage Error (MAPE)

MAPE is an error metric used to measure the accuracy of forecasting values. It denotes
the average absolute percentage deviation of each dataset entry between actual and forecast
values [51]. As absolute values are applied, the possibility of negative and positive errors
canceling each other out can be avoided. The lower the value of MAPE, the better the

model will forecast.
100%

Lt

AffF[

MAPE =
Ay

(13)

where:
Ay is the actual value;
F; is the forecast value;
n = sample size.
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2.7. Study Area and Data Description

Malaysia’s climate is hot and with high humidity all year round. The country is
exposed to two major monsoon seasons, mainly the north-east monsoon from November
to February and the south-west monsoon from May to August. During the north-east
monsoon, a significant increase in rainfall occurrence can be detected in the eastern and
southern regions of the country. Moreover, the south-west monsoon and inter-monsoon
seasons of March to April and September to October can cause intense convective rainfall
on the country’s west coast.

Kuala Lumpur is Malaysia’s capital city, as shown in Figure 5. The city is highly urban-
ized and covers an area of 243 km? with an estimated population density of 6696 residents
per square kilometer [52]. Changes in land use and land cover have been intense since the
1980s due to the economic boom. The city receives an average annual rainfall of 2600 mm
and is subjected to flash floods. It is situated in the middle of the Klang River basin with a
watershed area of 1288 km?. The Klang River flows through a 120 km distance [53], with
11 major tributaries flowing across Selangor state and Kuala Lumpur [54]. Batu, Gombak,
Ampang and upper Klang River at the upper catchment of Kuala Lumpur are the main
tributaries of Klang River that contribute significantly to the flow at the downstream point
of Masjid Jamek, which is a famous historical site and a tourist attraction.
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Figure 5. Map of study location at the Klang River Catchment.
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The flash flood occurrence in 1971 that lasted for five days with massive damage of
RM36 million prompted the government to develop a comprehensive Kuala Lumpur Flood
Mitigation Plan (KLEM) [55]. The Stormwater Management and Road Tunnel (SMART)
project built in 2007 is part of the early plan to divert flow from the upper catchment of the
Klang River and Ampang River to the Kerayong River downstream [56].

SMART is a mega project to construct a 9.7 km tunnel that combines wet and dry
systems [52]. During a major storm, mode 2 is activated when the flow reaches more than
70 m3/s at the confluence of the Klang and Ampang rivers [57]. Moreover, Mode 3 is
activated when the flow at the confluence reaches 150 m®/s. Total storage of 3 million®
infrastructure is available to cater for the excess stormwater. During regular days, a total
length of 3 km is available for dual-deck motorway use [57].

Study Data

The SMART catchment has an area of 160 km? equipped with a rain gauge and doppler
current meter at 28 hydrological stations. The sensors collect rainfall and flow data and
transmit the data to the control center using telemetry. Within the 28 hydrological stations,
data from 11 telemetry stations are used for modeling. The rest of the stations are meant
for observation only. This study collects historical data of 30 min interval rainfall at the
11 telemetry stations and the flow at the confluence of the Klang River and Ampang River
from January 2008 to August 2021. Seventy percent of the historical data from January 2008
to August 2019 are used for training, while the rest are used for testing. Normal flow at
the confluence of Ampang and Klang Rivers is generally within the range of 5 to 10 m3/s.
However, this flow can increase tremendously above 150 m?/s depending on the intensity
of the precipitation.

2.8. Model Development

As shown in Figure 6, the proposed artificial intelligence model is intended to
seek the best fit that yields the best results for deployment purposes. Input data for
the model consist of historical rainfall data from 11 telemetry stations at the upper
catchment of the Klang River basin taken from 1 January 2008 to August 2021 with
an interval of 30 min. Moreover, the target data consist of flow data at the confluence
between the Ampang-Klang rivers with equal intervals and similar time ranges. The
confluence is considered the point of interest in this study as the current flow will deter-
mine the mode of operation, as mentioned earlier. Three steps of model development
are introduced to pursue the best relationship between historical data and predictors.

Step 1 employs the LSTM model as the deep learning framework for streamflow
prediction, and ANN is the benchmark model. Several performance indices are performed
to compare the models.

Step 2 introduces the novel rates of change method and implements multi-step
ahead forecasting to analyze the results better. The models’ performance on fitness and
errors are checked.

Step 3 develops the novel optimization method for deep learning using meta-
heuristics to find the near-optimum weights and biases. Three optimization algorithms
were picked for this study: bat algorithm, firefly algorithm and Jaya algorithm. Af-
ter going through the optimization algorithm, the data are fed into the LSTM model.
Performances on fitness and errors are checked. The best model is deployed after the
three steps.

3. Results and Discussion

This section unveils the results acquired from the training and testing of various LSTM
models. There are three steps involved (refer to Figure 6). For Step 1, numerous LSTM
and ANN models are employed to perform streamflow prediction. The performance is
evaluated for the goodness of fit by executing several measures listed in Section 2.6. Table 1
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lists the best model results of the LSTM and ANN. Figures 7 and 8 show the graphs of
observed flow vs. forecast flow for the ANN model and LSTM model, respectively.

Data Collection
Rainfall Data, Flow at confluence

Preliminary Data Filtration
- check for missing data
- check for outliers

A 4

STEP 1. Develop and compare LSTM
Models & ANN Models

I

Model evaluation
- fitness: e.g., NSE
- error: e.g., RMSE

Model
satisfied?

v

STEP 2: Multi-step ahead, Rates of
Change 6Q

End:
model deployment

v

Model evaluation
- fitness: e.g., NSE
- error: e.g., RMSE

:

STEP 3: Optimization Hybrid Models

A 4

Model evaluation
- fitness: e.g., NSE
- error: e.g., RMSE

Figure 6. Model development flowchart.
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Table 1. Best LSTM and ANN models for prediction.

Best ANN Model
# of Neurons in Layer 1 R.Train R.Test MSE MAE NSE RMSE
10 0.4520 0.4254 78.4215 3.7135 0.1994 8.8556
Best LSTM Model
Model R.Train R.Test MSE.Train MSE.Test MAE.Train MAE.Test NSE RMSE
Simul. 0.9055 0.8586 17.8532 28.8315 1.4365 2.4208 0.8190 5.3695
4t Comparison of Forecast vs Observed Flow for ANN Model
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Figure 7. Graph of ANN model observed flow vs. simulated flow.
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Figure 8. Graph of LSTM observed flow vs. simulated flow.
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Step 2 introduces rates of change and executes multi-step ahead forecasting to facilitate
the flood mitigation operation better. LSTM models are performed on multiple conditions,
mainly simulation, 30 min ahead forecasting, 1 h ahead forecasting and rates of change 6Q.
Table 2 lists the performance of this exercise.

Table 2. LSTM forecasting models.

Model R.Train R.Test MSE.Train MSE.Test MAE.Train MAE.Test NSE RMSE
0 min. 0.9055 0.8586 17.8532 28.8315 1.4365 2.4208 0.8190 5.3695
30 min. 0.9470 0.9476 10.2326 10.0042 0.5640 0.6935 0.8963 3.1629
1h 0.8849 0.8677 21.4296 25.0978 0.9397 1.2829 0.7828 5.0098
0Q 0.9545 0.9214 8.9746 15.6981 0.5434 0.8108 0.9090 2.9958

0 min refers to simulation of the streamflow in real time.

Step 3 develops several new hybrids of artificial intelligence. Three metaheuristic
frameworks are selected for execution with the deep learning LSTM models: the bat
algorithm, firefly algorithm and Jaya algorithm. Table 3 shows the streamflow prediction
performance models for the hybrid model of the bat algorithm and LSTM. The parameters
set for these models consist of maximum iteration = 40, alpha = 0.95, gamma = 0.95, bat
numbers = 4, bat minimum frequency = 0, bat maximum frequency = 1 and maximum
epochs = 500.

Table 3. Performance of LSTM with bat algorithm models for streamflow.
Model R.Train R.Test MSE.Train MSE.Test MAE.Train MAE.Test NSE RMSE
0 min. 0.9237 0.8525 14.2629 29.9912 1.4419 2.5535 0.8529 3.7766
30 min. 0.9512 0.9355 9.5954 11.4159 0.6157 0.7815 0.9043 3.0976
1h 0.8932 0.8473 19.5178 28.9255 0.9876 1.3884 0.7976 4.4179
0Q 0.9757 0.9046 4.7187 19.8966 0.4672 0.8565 0.9514 21723

Table 4 displays the performance of the LSTM model after integration with the firefly
algorithm. The parameters set for these models consist of maximum iteration = 40, alpha = 0.95,
betta = 1, gamma = 0.95, firefly numbers = 4 and maximum epochs = 500.

Table 4. Performance of LSTM with firefly algorithm models for streamflow.
Model R.Train R.Test MSE.Train  MSE.Test = MAE.Train MAE.Test NSE RMSE
0 min. 0.9491 0.8214 9.6326 43.8420 1.3235 2.5607 0.9006 3.1036
30 min. 0.9743 0.9291 5.0785 12.5037 0.5178 0.7324 0.9493 2.2536
1h 0.9146 0.8447 15.8306 30.6191 0.8815 1.2835 0.8365 3.9788
0Q 0.9733 0.8990 5.1913 20.4748 0.4910 0.8525 0.9465 22784

Table 5 shows the performance of the LSTM model with the Jaya algorithm. The
parameters set for these models consist of maximum iteration = 30, population = 5 and
maximum epochs = 500.

Table 5. Performance of LSTM with Jaya algorithm models for streamflow simulation.
Model R.Train R.Test MSE.Train MSE.Test MAE.Train MAE.Test NSE RMSE
0 min. 0.9420 0.7773 10.9191 46.4891 1.4316 2.9865 0.8873 3.3044
30 min. 0.9741 0.9102 5.1395 15.7782 0.5536 0.8486 0.9487 2.2670
1h 0.9401 0.7928 11.2678 38.2200 0.8736 1.5270 0.8836 3.3568
6Q 0.9738 0.9010 5.1252 20.5746 0.4766 0.8563 0.9475 2.2639

Figure 9 displays graphs of observed vs. forecast flow based on simulation, 30 min
ahead forecasting, 1 h ahead forecasting and rates of change model.
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A further check is performed on the hybrid optimization models to determine the
MAPE, MAE and maximum error values for the flows equal to or greater than 150 m3/s.
This ensures the accuracy of forecasting high flow values, which is important in a flood
mitigation operation.

3.1. Performance of Step 1

In Step 1, the LSTM and ANN algorithms were developed and compared. It was found
that LSTM performed much better than ANN. Several literature reviews also supported
this by identifying the LSTM as the best deep learning model for time series data due to its
ability to keep selective memory. LSTM algorithm could also filter the hydrological noise
and retrieve the intrinsic characteristics of the hydrological series for simulation and future
forecasting purposes.

Table 1 indicated that the ANN model had a regression of 0.4520, MSE 78.4215, MAE
3.7135 m3/s, NSE 0.1994 and RMSE 8.8556 m?/s. Furthermore, the best LSTM had regres-
sion 0.9055, MSE 17,8532, MAE 1.4365 m3/s, NSE 0.8190 and RMSE 5.3695 m3/s. Generally,
it had shown a double improvement in overall results.

When comparing the graphs between Figures 7 and 8 on peak-to-peak values between
the observed and forecast flows, it was evident that LSTM was much better than ANN
models. Therefore, LSTM was chosen as the primary research model for this study.

3.2. Performance of Step 2

Step 2 introduced rates of change as an innovative approach to the model develop-
ment. In addition, multi-step ahead forecasting was performed as a requirement for flood
mitigation operations. Table 2 revealed that the worst result was acquired for the 1 h ahead
forecasting, where the regression value for training was the lowest at 0.8849. However, it
had a better regression value for testing when compared to simulation. This trend was
applicable to MSE and MAE for having the worst values. The NSE value also turned out to
be the worst. Considering the longer forecasting time, the results of this study were still
regarded as logical and satisfactory. The longer the forecasting time, the more uncertainties
and missing information would appear.

Comparison of Forecast vs Observed Flow for simulation flow of LSTM-BAT model
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Comparison of Forecast vs Observed Flow for 30-minutes ahead flow of LSTM-BAT model
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Figure 9. Graphs of optimization-LSTM hybrid models.

The output from 30 min ahead forecasting turned out to be quite good as it had a
regression training value of 0.9470, and the regression value for testing was not far off,
which was 0.9476. The MSE and MAE values were low, which was good, with acceptable
values for NSE and RMSE.

However, the best performance of the model was discovered with the novel method
when applying rates of change as the target values. The regression value for training was
the highest, 0.9545, while the error values were the lowest. The NSE value was the highest,
0.9090, while the RMSE was the lowest at 2.9958 m?/s. The §Q model was the most superior
among the four models tested.

The study did not seek an experiment of more than 1 h forecasting as the lag time
determined was 30 min for this catchment. The results would deteriorate further as the
time of forecasting increased.

3.3. Performance of Step 3

Step 3 was one of the main contributions of this study. Current metaheuristics studies
mainly concentrate on developing a hybrid model with ANN or primary neural networks.
Therefore, this study initiated the hybrid models for the deep learning algorithm, mainly
the LSTM. Three metaheuristic frameworks, the bat algorithm, firefly algorithm and Jaya
algorithm, were selected for this study. The bat algorithm and firefly algorithm belonged to
swarm intelligence algorithms. They required trials on nature-based characteristics to find
the optimum yield. Jaya algorithm, on the other hand, was designed based on searching
for the best solutions. The effort to introduce numerous hybrid optimization algorithms
was intended to further enhance the model performance results from steps 1 and 2.

Tables 3-5 represent each of the selected optimization algorithms. From the three
tables, it was determined that all the hybrid models produced better results. However, the
best model identified was the bat-LSTM hybrid algorithm where the §Q model yielded
R.train 0.9757, R.test 0.9046, MSE.train 4.7187, MSE.test 19.8966, MAE.train 0.4672 m3/s,
MAE.test 0.8565 m>/s, NSE 0.9514 and RMSE 2.1723 m®/s.

The results also proved that the choice of metaheuristic algorithms did not significantly
impact the performance. The performance inclination is still the same as the LSTM-only
model in step 2, where 30 min ahead of forecasting yielded the best results. As the time of
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forecasting increased, the results deteriorated accordingly. §Q models consistently yielded
the best results by keeping the error values to a minimum.

This process was then followed by the plotting of a peak-to-peak flow graph between
the observed and the forecast values. Figure 9 indicated that the best graph with the highest
accuracy was the Q models.

A further experiment was performed to seek high flow performance for each hybrid
model in terms of MAPE, MAE and maximum error. This study concentrates on the flows
equal to or greater than 150 m3 /s, which was the high flow indicator to initiate modes 3 and
4 in the SMART control center’s standard operating procedure. The results are tabulated in
Table 6. From the results, it could be seen that 6Q models again outperformed the rest with
the smallest error values, where the bat and Jaya algorithms yielded the best with MAPE
6.33%, MAE 12.2865 m3/s and maximum error 97.70% for bat-LSTM algorithm while
MAPE 6.22%, MAE 12.6687 m®/s and maximum error 97.70% for Jaya-LSTM algorithm.
The maximum error values could be ignored in this case as they could not represent the
overall performance of the models.

Table 6. Performance of LSTM-optimization algorithm models for streamflow forecasting.

MAPE MAE m®/s Max. Error
Bat-LSTM algorithm
0 min 26.41% 59.6951 64.71%
30 min 24.03% 55.7999 64.02%
1h 37.63% 80.4564 83.81%
0Q 6.33% 12.2865 97.70%
Firefly-LSTM algorithm
0 min 15.11% 31.7240 56.92%
30 min 11.33% 22.8895 56.52%
1h 27.55% 55.1539 86.05%
6Q 7.40% 14.6589 97.71%
Jaya-LSTM algorithm
0 min 17.29% 37.1065 61.75%
30 min 11.08% 24.7873 53.09%
1h 16.98% 35.3379 78.41%
6Q 6.22% 12.6687 97.70%

4. Conclusions

The effectiveness of flood management and disaster preparedness is in tandem with
the ability to accurately forecast the immediate condition of streamflow in the catchment
area. This study intended to develop the best deep learning model for the SMART control
center in managing the river flow through streamflow forecasting. The aim was to create
a novel approach in using rates of change for model development and introduce new
metaheuristic algorithms with LSTM hybrid models to enhance the performance results.

This study employed LSTM models to develop and train historical data at the Ampang
River and Klang River. The task is to forecast river streamflow with simulation, 30 min
ahead, 1 h ahead and rates-of-change models. In order to ascertain the best performance
that can be achieved, three steps of the improvement process were introduced.

Step 1 is where the comparison of ANN and LSTM models is performed. The best
results come from the LSTM model with regression 0.9055, MSE 17,8532, MAE 1.4365 m3/s,
NSE 0.8190 and RMSE 5.3695 m®/s. ANN yielded weaker results, and therefore LSTM
model is the center of this research.

Step 2 introduces rates of change and performs multi-step ahead streamflow forecasting.
The best result comes from the 5Q model with performance values of R (training) = 0.9545, R (test-
ing) = 0.9214, MSE (training) = 8.9746, MSE (testing) = 15.6981 , MAE (training) = 0.5434 m3/s,
MAE (testing) = 0.8108 m?3/s, NSE = 0.9090 and RMSE = 2.9958 m3/s. The finding reveals
that a shorter forecasting time yields better performance results. The second finding shows
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that applying new rate changes in model development has significantly improved the
model results.

The last step of the experiment is to introduce new hybrid models between optimiza-
tion and LSTM algorithms. The bat algorithm, firefly algorithm and Jaya algorithm were
selected for this study. From the results, all hybrid models demonstrate better outcomes.
Therefore, the third finding shows that metaheuristic algorithms play a role in model
improvement. Under this study, it is also noticeable that the selection of an optimization
algorithm does not significantly affect performance.

5Q model for the bat algorithm with LSTM hybrid model yielded the best results with R
(training) = 0.9757, R (testing) = 0.9046, MSE (training) = 4.7187, MSE (testing) = 19.8966, MAE
(training) = 0.4672 m3 /s, MAE (testing) = 0.8565 m3 /s, NSE = 0.9514 and RMSE = 2.1723 m3/s.

Findings from this study are beneficial to improving the deep learning process so that
the performance can yield better results with higher precision. This knowledge also helps
elevate a new approach to flood mitigation operations. This study is significant as it has
presented several new steps to improve the learning process leading to a better relationship
between the input and output data. The current study is limited to a small catchment area
and several optimization models. The results may differ for bigger catchments and with
more optimization models. In order to further improve the experiment, it is suggested to
try reinforcement learning for future studies.
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Abstract: This study investigates the design and sizing of the second life battery energy storage
system applied to a residential building with an EV charging station. Lithium-ion batteries have an
approximate remaining capacity of 75-80% when disposed from Electric Vehicles (EV). Given the
increasing demand of EVs, aligned with global net zero targets, and their associated environmental
impacts, the service life of these batteries, could be prolonged with their adoption in less demanding
second life applications. In this study, a technical assessment of an electric storage system based on
second life batteries from electric vehicles (EVs) is conducted for a residential building in the UK,
including an EV charging station. The technical and energy performance of the system is evaluated,
considering different scenarios and assuming that the EV charging load demand is added to the
off-grid photovoltaic (PV) system equipped with energy storage. Furthermore, the Nissan Leaf
second life batteries are used as the energy storage system in this study. The proposed off-grid solar
driven energy system is modelled and simulated using MATLAB Simulink. The system is simulated
on a mid-winter day with minimum solar irradiance and maximum energy demand, as the worst case
scenario. A switch for the PV system has been introduced to control the overcharging of the second
life battery pack. The results demonstrate that adding the EV charging load to the off-grid system
increased the instability of the system. This, however, could be rectified by connecting additional
battery packs (with a capacity of 5.850 kWh for each pack) to the system, assuming that increasing
the PV installation area is not possible due to physical limitations on site.

Keywords: second life batteries; off-grid PV system; residential building; EV charging station

1. Introduction

Global concerns surrounding the decarbonization of energy systems have notably
increased over the past years [1]. Distributed energy generation systems such as PV panels
are one of the most promising technologies primarily contributing to the building service
industry [2]. However, the main improvement to the technology has been in connection
with the electrochemical efficiency of the PV cells [3]. Despite notable technological ad-
vancements, there are various technical challenges associated with their adoption in the
building sector including the mismatch in the supply and demand timing. One of the
possible solutions to address this challenge is to install electric storage systems (ESS) [4].
The ESS, integrated with the renewable energy systems equipped with PV panels, espe-
cially in the stand-alone (off-grid) systems, is used for peak shaving and power shifting
from day time to peak load hours (mostly evenings) [5]. In stand-alone renewable energy
systems in buildings, the total energy demand is supplied by solar or other renewable
energy sources [6], making the energy supply and demand management an integral part of
the system [7,8].

The energy storage systems although contributing positively to the energy manage-
ment solutions, have considerable environmental impacts [9]. This is mainly associated
with the extraction of raw materials such as Cobalt, Nickel, and Lithium, and energy

Appl. Sci. 2022, 12, 11103. https:/ /doi.org/10.3390/app122111103 39

https:/ /www.mdpi.com/journal/applsci



Appl. Sci. 2022, 12, 11103

intensive processes when manufacturing Lithium-ion batteries [10]. This impact, however,
could be reduced by prolonging the service life of the batteries retired from their first appli-
cation in EVs, to less demanding applications such as residential buildings [11]. The initial
state of health (SoH) of the second life batteries in such applications is generally around
75-80% of their nominal capacity [12]. Such second life applications are also expected to
provide financial benefits making renewable energy more affordable and desirable for the
end-users [13].

Lithium-ion batteries used in electric vehicles are considered second life when their
capacity reaches 80% of their initial value. The lithium-ion batteries can be used in less-
stressed applications such as buildings until their end of life. In order to achieve highest life
span of the SLBSs, the load stress applied to them should be minimized. For grid-connected
systems, it will be managed by the battery management system (BMS) which controls the
energy flow through the SLBs, and mostly the extra demand will be applied to the grid.
However, in stand-alone systems, the stress level and variations of the load applied to the
SLBs are higher than grid-connected systems. In addition, the size of the PVs and SLBs
plays a key role in the stand-alone system to find the optimum energy performance of
the system as well as achieving the highest life span for the SLBs. On the other hand, as
the number of electric vehicles increases, more buildings are equipped with EV charging
stations applying a significant extra load to the building energy storage system which
may directly affect the SLBs service life. This is the case especially when these systems are
designed to cover the building demands excluding EVCS.

Numerous studies have investigated the application of second life batteries for ESS
in residential buildings. Hart et al. [14] studied second life batteries in a micro-grid using
an equivalent circuit model (ECM) and validated the model against the experimental data.
Furthermore, the performance of the microgrid with different architectures was assessed.
The results demonstrated that the second life batteries could be successfully installed in
grid-connected or islanded microgrid applications uninterrupting the normal operation of
the system. Sun et al. [13] have introduced the integration of a 3 MW second life battery
ESS with the grid for peak shaving in China. The mathematical modelling of the system
as well as a cost-effective model for the BSS is developed. It has been demonstrated
that employment of second life batteries in the grid for peak shaving in China is cost
beneficial, especially for the grid companies. The impacts of the second life battery packs
with a different state of health (SoH) on the performance of the system was investigated
by Mathews et al. [15]. The semi-empirical degradation model was used for modelling
demonstrating that second life batteries are comparatively more profitable than first life
batteries in PV systems. Cusenza et al. [9] developed a mathematical model for the second
life battery sizing and optimization of a stand-alone PV system for a net zero energy
residential building. The second life battery sizing was performed to achieve the best load
match of the building and the results confirmed the optimum ratio of battery size to PVs
total power to achieve the best load match in the residential buildings.

Further, Uddin et al. [16], modelled a grid-connected residential building equipped
with PV and second life ESS considering building demand in various times during the
year. The ECM was used to predict the battery parameters at different times and estimated
the battery degradation parameters. The results of their work demonstrated that by
considering degradation effects on financial parameters, the second life batteries are no
longer cost effective for the customers. The technical assessment of integration of second
life batteries with grid-connected PV systems for a residential building is demonstrated in
Assuncao et al. [17], by considering a typical European residential building load demand.
MATLAB Simulink was used to model the proposed system for three scenarios: without
storage, large (Nissan Leaf), and small (Citroen C0) second life battery energy storage
system. In the first year, the employment of second life BSS resulted in a reduction of 82.1%
and 78.8% in energy exchange between the building and the grid for large and small BSS,
respectively. Tong et al. [18] has investigated the integration of second life batteries with an
off-grid EV charging station in the United States, where MATLAB SIMULINK has been
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applied for mathematical modelling of the proposed system. The charging station cost
was significantly reduced in some locations, along with the similar performance compared
to new batteries in other places. It was evident from the reviewed literature that the
integration of the second life battery ESS for a residential building with EV charging station
has not been investigated. The main contribution of this study is to reveal the impacts
of load increase on the sizing of the second life battery energy storage system. The load
applied to the second life battery storage system in this study is the residential building
electricity load plus EV charging station.The EV charging stations apply an extra load to
the residential building load demand [19].

Accordingly, in this study, the design and sizing of the second life battery ESS applied
to a residential building with an EV charging station is investigated. The proposed system
is modelled using MATLAB SIMULINK. The performance and stability of the system is
assessed in a day in the middle of the winter, with the lowest solar irradiance and highest
demand. The assessment considers the second life battery ESS with a different number of
packs. Itis assumed that the roof area is fully covered with PVs, therefore, the energy supply
demand mismatch and the system stability maintenance is accomplished by adjusting the
ESS size. The energy assessment and SoH analysis are performed to compare the system
energy exchange, degradation, and energy supply demand mismatch in various scenarios.

2. System Description

The study is based on an off-grid PV system designed for the energy consumption
of a typical house located in Oxford, UK. The study assesses the impacts of adding EVCS
demand on the ESS technical parameters, energy exchange, and degradation. The proposed
off-grid renewable energy system with an EVCS component could be listed as PV panels,
DC-DC converter, second life battery packs, DC-AC inverter, residential building” load,
and EVCS. The block diagram and components of the proposed energy system is shown in
Figure 1. According to the figure, the solar energy is converted to electrical energy by PV
panels and some of the generated electrical energy will be stored in the second life battery
packs, while the rest of the energy would be consumed directly by the AC consumers such
as the residential building electric consumers and EVCS. The load demand profiles are
presented in Figure 2 [20,21]. The demand profile represents the average UK household
load according to the CREST demand model for 15,000 households in the UK [21]. The red
line in Figure 2 indicates the building’s daily electricity load. The EV charging station daily
load applied to the system is also shown by the black line in Figure 2. The aggregate hourly
load is also calculated based on the building and EV charging station loads as presented in
Figure 2.

EV charging station

Solar Panels DC/DC DC/AC
converter inverter

Residential building

Second life batteries

Figure 1. Schematic block diagram of the proposed off-grid energy system.
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Figure 2. Different load demands applied to system [20,21].

Figures 3 and 4 demonstrate the block diagrams of the solar system and the second
life battery pack. The SoC is monitored frequently during the solution of the model and
is used for controlling the switches in the PV system to prevent battery packs from over
charging. A MATLAB function is used to calculate the solar irradiance in different times
during the day, the details of which will be presented in the next section (see Figure 4).
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Figure 3. Block diagram of the solar PV system in MATLAB SIMULINK.
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Figure 4. Block diagram of the 2nd life Nissan Leaf battery pack in MATLAB SIMULINK.

In this study, three scenarios for the off-grid PV system are defined and assessed as
presented in Table 1. For the base scenario, two 2nd life battery packs connected in parallel
are used, and only residential building demand is applied to the system. The second life
batteries and the solar PVs specifications are provided in Tables 2 and 3. There are 15 s life
modules in each battery pack (Figure 4) and the PV panels are connected with a 5 parallel
and 3 series configuration (Figure 3).

Table 1. The defined scenarios in this study.

Scenarios Number of Battery Packs Number of PVs Load Demand
Base 2 15 RB
EV-2P 2 15 RB + EVCS
EV-3P 3 15 RB + EVCS
EV-4P 4 15 RB + EVCS

Table 2. Second life battery pack specifications [22].

Parameter Value
Model Nissan Leaf

Number of modules in the pack 15

Modules configuration in the pack series
Module nominal voltage [V] 7.5
Module maximum voltage [V] 8.3
Module minimum voltage [V] 5
Initial state of charge [%] 60

Second life module initial capacity [Ah] 47.026
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Table 3. Solar PV panel specifications [23].

Parameter Value
Model Amerisolar-6 M 360 W

Voltage at maximum power [V] 38.7
Current at maximum power [A] 9.31
Open circuit voltage [V] 473
Panel efficiency [%] 18.55
Maximum power [W] 360

Cell number 72

3. Mathematical Modelling

As mentioned in the previous section, the mathematical modelling of the proposed
system is performed in MATLAB SIMULINK software using the Simscape toolbox. The PV
panel and batteries with other components are added to the SIMULINK environment and
connected to each other with the desired architecture.

3.1. Solar PV Panels

For calculation of the solar irradiance based on the geographic location (Oxford,
UK) and other technical parameters such as the tilt angle of the panel, a model has been
designed in MATLAB function in SIMULINK, which calculates the solar irradiance in
various simulation steps. For the calculation of beam radiation incidence angle on a surface
(0), Equation (1) is employed [24]:

cos 6 = sin d sin ¢ cos f — sin é cos ¢ sin  cos 7y 4 cos § cos @ cos B cos w )
+ cos 4 sin ¢ sin B cos y cos w + cos ¢ sin B sin 7y sin w

where 6, ¢, B, w and 7 are declination, latitude, slope, hour angle and surface azimuth
angle, respectively [24]. v and B are assumed to be 0° and 30°, respectively, since most of
the houses in the UK has 30° slope on their ceilings, where PV panels arebe installed. The
equation of Cooper is used for calculation of declination [24]:

@

§ = 23.45sin (360284 + ")

365

where 7 is the number of days during the year. Further, the radiation on the tilted plane
(Go) could be calculated by Equation (3) [24,25]:

360
Go = Gsc (1 +0.0033 cos ﬁ> 3)

where G, is extraterrestrial radiation and assumed as 1367 W/m? in this study [1]. To
calculate the beam and diffuse radiations transmitted through a clear atmosphere, the
following equations are applied based on Hottel’s method [1,24]:

—k
T :a0+u]exp<w> 4)
z
T3 = 0.271 — 0.2947, 5)

T, and T4 are the atmospheric transmittance for beam and diffuse radiations, consecu-
tively. Further information about the parameters used in Equations (4) and (5) (such as k, ag
and a1) can be found in this reference [24]. Finally, the clear-sky radiation (G,) is obtained
using Equation (6) [24]:

Ge = Go(p + 14) (6)
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The output current of the PV panel is given by [26]:

V+I4Rs V+1#Rs V+1%xR
Ipv = Iph - Is (3 NV — 1> — 1s2 (6 v — 1) N % (7)
P

where, Is and I, are diode saturation currents for diodes 1 and 2 shown in Figure 5,
respectively. V; is the thermal voltage, N and N; are diode emission coefficients and I,
is solar-generated current, respectively. The mentioned PV parameters are obtained from
MATLAB SIMULINK Simscape library for Amerisolar PV panel the specifications of which
are provided in Table 3 [26].

—_—

& Is & 52 Rs +

C] Iph SZ D1 SZ D2 > Rp

®

Figure 5. Block diagram of the equivalent circuit used for modeling PV cell in MATLAB.

3.2. Second Life Battery Pack

Rint ECM [27] was used for modelling the second life batteries in this study. Besides,
the ECM model contains an ideal voltage source representative of OCV as the function of
SoC with resistors to calculate the internal ohmic losses [28]. The output of this systems is
calculated by the following Equation (8):

Vi = Vock — IkRs (8)

The experimental data for the parameters in this model is obtained from the litera-
ture [22,29-31]. In Nissan Leaf prismatic module, there are two cells integrated in a series
configuration. In the reference [22], the Nissan Leaf battery is aged using an accelerated
ageing profile (Figure 6) [22] in which the second life modules are put under constant
current-voltage charging (=1C) and constant current discharging (=1C) at 25 °C environ-
mental temperature. The reference performance test (RTP) is done every 25 cycles to
measure the module capacity fade and HPPC test [22]. The HPPC test results are used to fit
ECM Rint model parameters the results of which are shown in Figures 7-9.
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Figure 8. Nissan leaf second life battery capacity fade in various discharge cycles [22,29-31].
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Figure 9. Nissan leaf second life battery voltage fade in various discharge cycles [22,29-31].

4. Results and Discussions

As the main aim of this study is to assess the impacts of second life battery sizing and
demand variations on the energy performance of the system, a two-way coupling between
the developed second life batteries and solar cells is performed. The operating voltage of
the solar cells will be affected by the variation of second life batteries voltage leading to
their efficiency variations which