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Abstract

A multiproduct lignocellulosic biorefinery converts various types of biomass into value-added products or energy through
different conversion pathways. However, its operation is susceptible to the changing nature of biomass properties, biomass
feedstock supply, ambient temperature, and product demands. Therefore, a new optimal resource allocation scheme must be
devised instantly upon detecting any fluctuations in the biorefinery to avoid oversupply or undersupply issues. Previous literature
on biorefinery resource allocation uses a mainly nonlinear programming approach that assumes steady state for all parameters
during simulation; this may result in a delay of response time due to the time taken during the optimization stage. In this paper, a
resource allocation system based on deep neural network (DNN) is proposed for the biorefinery. The input nodes of the DNN are
the parameters that undergo fluctuations while the output nodes are the flowrate allocation of biomass to different chemical and
energy conversion pathways. The connection weights and topology of the DNN are optimized using the neuro-differential
evolution (NDE) algorithm. The optimization results of the DNN yields an average optimality of 97.7% and reduces the response
time by 99.5% as compared to the conventional nonlinear solver. The proposed DNN-NDE framework accounts for both
responsiveness and cost performance during the synthesis of a smart resource allocation system.

Keywords Artificial intelligence - Smart manufacturing - Biomass - Neural network - Sustainable engineering - Integrated energy

Introduction process and equipment (Hasunuma et al. 2013). The product

diversity in biorefinery enhances its economic performance by
A biorefinery is defined as a facility that converts biomass to  increasing the number of markets it enters (Scherer and Ross
diverse fuels, energy, and value-added chemicals through 1990). Encountering product diversity, optimal resource
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allocation is crucial in maximizing the overall profit of the
biorefinery (Sammons et al. 2007). Zondervan et al. (2011) de-
veloped a mixed integer nonlinear programming optimization
model to determine the optimal biomass conversion route for the
production of ethanol, butanol, and succinic acid. Andiappan
et al. (2014) applied a multiple objective optimization model
for the synthesis of an optimal palm-based biomass allocation
network considering economic performance, environmental
performance, and energy requirement. Kasivisvanathan et al.
(2013) developed a mixed-integer linear programming model
for determining the optimal network reallocation when subject-
ed to process inoperability in unit operations. It is notable that
although resource allocation under uncertainties has been ad-
dressed in Kasivisvanathan et al. (2013), the variability in con-
version efficiency of the unit operations has not been taken into
account. Taking into account the unit operation efficiency may
result in a highly nonlinear model because it could be affected
by different variables such as part load ratio, feedstock proper-
ties, ambient temperature, etc. As a result, the modeling of a
biorefinery that is operating with multiple interconnected ther-
mal and biological unit operations may suffer from inaccuracy
due to the propagation of uncertainty by the assumptions made.
In contrast, detailed mathematical modeling emulating the actual
biorefinery ecosystem will give high accuracy, however at the
expense of large computational effort and duration.

Smart manufacturing is gaining attention from both re-
searchers and industries. It is a new manufacturing approach
that aims to connect unit operations through a wireless net-
work with the use of sensors and advanced computational
intelligence to improve system productivity and sustainability
performance (Wang et al. 2018). The implementation of smart
manufacturing can minimize human error especially in indus-
tries with various products and feedstocks. Human error can
occur during the product or feedstock adjustments due to the
unfamiliarity of the situation, time shortage for error detection,
miscommunication between operator and engineer, and men-
tal or physical fatigue (Kurata et al. 2015). Resource allocation
optimization is a key feature in smart manufacturing, whereby
the system must respond swiftly to perturbations in feedstock
supply and product demand by improvising a new optimal
allocation network (Yuan et al. 2017). Therefore, the problem
discussed in the previous literature by Kasivisvanathan et al.
(2013) poses a significant barrier in the implementation of
resource allocation in biorefinery.

To mitigate such issue, some research works have integrat-
ed the artificial neural network (ANN) into the mathematical
optimization model for the modeling of different unit opera-
tions (Chen et al. 2017, 2020). The artificial neural network
(ANN) can be used to model the unit operations in a
biorefinery because it is relatively simple and it does not re-
quire experts with highly specialized mathematical back-
ground (Gago et al. 2010). An ANN is based on an intercon-
nected group of artificial neurons that function to simulate the
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thinking process in the human brain (Wu et al. 2007). Many
research works have been carried out to compare the predic-
tion accuracy for various unit operations between mathemat-
ical modeling such as nonisothermal diffusion of moisture in
wood (Avramidis and Wu 2006), prediction of glucose con-
centration during enzymatic hydrolysis (Nikzad et al. 2012),
and drying kinetic of figs (Sahin and Oztiirk 2018). In these
works, the use of ANN is reported with higher prediction
accuracy as compared to mathematical modeling. Due to the
advantages mentioned above, ANN is used extensively in
modeling the unit operations and processes in the biorefinery,
for instance biomass boiler (Pornsing and Watanasungsuit
2016), combined heat and power (De et al. 2007), fermenta-
tion (Ahmadian-Moghadam et al. 2013), and pyrolysis
(Sunphorka et al. 2017). In the work of Fahmi and
Cremaschi (2012), ANN is used to replace the unit operations
in the mathematical model of a biodiesel production plant.
Mixed-integer nonlinear programming (MINLP) solver is
then applied to optimize the overall network based on total
annual cost. It is reported that the ANN output values differ
less than one percent as compared to the results from Aspen
HYSYS software. Furthermore, the computational effort dur-
ing the optimization is reduced significantly, leading to a
shorter computational duration ranging from 5 to 23 s.

Aside from mathematical optimization, deep neural net-
work (DNN) can be used for resource alllocation in a
manufacturing plant as it is able to manage an abundant num-
ber of data and input variables and identify the nonlinear be-
haviors among the variables (Behrooz et al. 2018).
Furthermore, it provides a quick response to the variations in
the process because no optimization is required when devising
the new resource allocation scheme. In further research,
Mason et al. (2018) has proposed the use of neuroevolution
algorithms to generate a deep neural network (DNN) system
for resource allocation. Neuroevolution of Augmented
Topology (NEAT) is one of the well-known neuroevolution
algorithms developed by Stanley and Miikkulainen (2002); it
employs genetic algorithm (GA) to evolve a DNN’s connec-
tion weight and topology in order to maximize the objective
function of a prediction problem. It is able to outperform the
best fixed-topology method such as Enforced Sub-
Populations (ESP) in a reinforcement learning task, and it
requires no output data during the training process and is
therefore suitable in solving large and complex problems
(Floreano et al. 2008). NEAT is widely applied in the field
of robotic movement (Wen et al. 2017), gaming (Stanley et al.
2005), knapsack problem (Denysiuk et al. 2019), and financial
trading (Nadkarni and Ferreira Neves 2018), as well as engi-
neering problems such as watershed management (Mason
et al. 2018). Apart from NEAT and ESP, Neuro Differential
Evolution (NDE) is a more recent neuroevolution algorithm
developed by Mason et al. (2017) and it improves the NEAT
algorithm. In NEAT, GA is employed to optimize both
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ANN’s topology and synaptic weight, whereas in NDE, the
ANN’s topology and synaptic weights are optimized separate-
ly using GA and differential algorithm. In the work of Mason
et al. (2018), all three neuroevolution algorithms (ESP,
NEAT, and NDE) have been applied to evolve a DNN for
the optimal allocation of water from the river to a number of
individuals accounting the variations in water supply and
stakeholders’ demand. The problem involves an environment
whereby the water availability in the river and the dam are
input variables and they are subject to changes. In their results,
NDE converged to the best solution in the shortest duration,
followed by ESP and NEAT. Besides, NDE is reported with
the highest fitness and lowest standard deviation as compared
to other neuroevolution algorithms.

Based on the above literature, there are several research gaps
that remained to be addressed. Firstly, there is a lack of literature
in addressing the resource allocation problem in a biorefinery
using NDE, given that the biorefinery is a complex process
which involves multiple unit operations, feedstocks, and prod-
ucts with possible fluctuations in supply, demand, biomass
properties, and ambient temperature. Secondly, although NDE
is proven to be more effective in addressing resource allocation
problems as compared to other neuroevolution algorithms such
as ESP and NEAT, its optimality and response time against the
mathematical optimization solver is not compared. We have
postulated the optimal resource allocation network and faster
response will enhance the profitability of an enterprise. Hence,
to address these research gaps, this work is proposed to study the
application of NDE in a biorefinery to optimize the resource
allocation problem. Firstly, various unit operations in the
biorefinery are modeled using ANN based on past literature data
in “Surrogate modeling of unit operations using ANN.” The
input and output values from these ANN models are then con-
nected to the overall plant network using mass and energy bal-
ances in “Overall network modeling,” and the net profit of the
overall network is evaluated in “Net profit evaluation.” Then, a
DNN is optimized using NDE to perform resource allocation on
the biorefinery with the objective of net profit maximization
(“Neuro differential evolution™). The optimality and response
time of the DNN is compared against the solution from nonlin-
ear programming (NLP) solver (“Result and discussion”).
Lastly, a conclusion is drawn to highlight the contributions
and findings in this work.

Problem statement

The problem statement in this paper is given as follows:

* Given three types of palm oil biomass used in the
biorefinery plant: empty fruit bunch (EFB), palm meso-

carp fiber (PMF), and palm kernel shell (PKS) and they
are represented with the set b € B.

* Given four lignocellulosic biomass-processing routes
available in the biorefinery plant to produce the following
end products: (1) direct selling of biomass; (2) steam gen-
eration for plant consumption; (3) chilled water generation
for plant consumption; and (4) ethanol synthesis for
selling.

* The biomass allocation to different processing routes is
determined by the DNN evolved from NDA.

* Given the chilled water generation process is driven by
steam from the biomass boiler using an absorption refrig-
eration system (ARS).

» Given the prices of lignocellulosic biomass, fuels, and
utilities are obtained based on the current market price.

Based on the problem statement above, NDE is used to
evolve a DNN for the resource allocation in a lignocellulosic
biorefinery plant that is responsive to the variations in feed-
stock supply, biomass properties, product demand, and ambi-
ent temperature. It is also intended to investigate the perfor-
mance of the DNN in the aspect of training duration, optimal-
ity, and response time.

Methodology

This study is conducted in the following manner. Firstly, the
unit operations for ethanol conversion, boiler, and absorption
chiller are modeled using surrogate modeling based on ANN
(“Surrogate modeling of unit operations using ANN”).
Secondly, mathematical model is used to connect the ANN
models using material and energy balance (“Overall network
modeling”), and to compute the net profit of the overall net-
work (“Net profit evaluation”). Finally, NDE is employed to
evolve a DNN to perform resource allocation in biorefinery
when subjected to fluctuations in supply, demand, biomass
properties, and ambient temperature ((“Neuro differential evo-
lution”). Figure 1 shows the overall network representation of
the biorefinery. The entire methodology is conducted using
MATLAB R2017b, and the detailed step is explained in the
following sub-sections.

Surrogate modeling of unit operations using ANN

Based on Fig. 1, there are three unit operations that are modeled
using a surrogate. Table 1 summarizes the inputs and outputs
for different unit operations along with the literature source of
the data used in the surrogate modeling. The first ANN model
(ANN-1) represents the biomass boiler. The efficiency of the
boiler is the output of ANN-1; it is affected by many input
variables such as biomass moisture content, steam temperature,
ambient temperature, and the part load ratio.

The ANN-2 ethanol formation process consists of pretreat-
ment, hydrolysis, and fermentation process. Note that PKS is
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Fig. 1 Overall network representation for oil palm—based lignocellulosic biorefinery (ANN = artificial neural network)

Table 1

Input and output data for ANN models

Model  Unit operation

Input

Output Refs

ANN-1 Biomass boiler

ANN-2 Pretreatment, hydrolysis,
fermentation

ANN-3 Double-effect
steam-driven absorption
chiller

» Biomass moisture content (¢BM7MC)

* Ambient temperature (T™MBy
* Steam temperature (TBOTLERy
+ Part load ratio of boiler (p"--BO™ER)

* The ratio of EFB to ethanol conversion

process (ppM-ETH

* The ratio of PMF to ethanol conversion

process (ga}?i’[[ETH )

« Hydrolysis temperature (75T

* Steam temperature (TBOILER)

* Chilled water temperature (T°HW)
* Ambient temperature (TAMBy

* Part load ratio of ARS (4,9P L_ARSy

* Boiler efficiency

(Cleaver Brooks 2019; Orang and Tran
(nBOILER)

2015)

« Ethanol conversion
process efficiency (1

(Al-Muraisy et al. 2017; Nurfahmi et al.

ETH) 2016; Sudiyani et al. 2013)

« Coefficient of
performance (COPARS)

(Broad 2008)
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not included in this pathway because it has a high lignin con-
tent which is not suitable for fermentation. The inputs of
ANN-2 are the ratio of EFB and PMF entering the process
and the hydrolysis temperature. The ratio of EFB and PMF
entering the process affects the conversion efficiency due to
different cellulose, hemicellulose, and lignin compositions
(Wongwatanapaiboon et al. 2012); the pretreatment hydroly-
sis temperature affects the effectiveness of the hydrolysis pro-
cess effectiveness and the ethanol conversion efficiency. A
high hydrolysis temperature is favorable for cellulose conver-
sion (Mekala et al. 2014), but at the same time contributes to
the operating cost. Other variables such as residence time, acid
concentration, enzyme loading ratio, and solid-medium ratio
are assumed constant in this study as they are not affected by
the variation in resource allocation. The output of ANN-2 is
the biomass-to-ethanol conversion efficiency.

ANN-3 models the double-effect absorption chiller that
recovers steam from a biomass boiler to generate chilled wa-
ter. Absorption chiller is a green technology that utilizes waste
heat in the form of hot water, steam, or flue gas for the gen-
eration of chilled water, hence reducing the electricity con-
sumption required by the commercial electric chiller (Chan
et al. 2017). Chilled water is a crucial utility in any industry
for process cooling, space cooling, or material preservation
purposes (Chan et al. 2019). The use of biomass to drive the
absorption chiller has proved to be more desirable for indus-
tries compared to other sources of energy (Chan et al. 2020).
In this work, the inputs of ANN-3 are steam temperature,
chilled water temperature, ambient temperature, and the part
load ratio. The output of ANN-3 is the coefficient of perfor-
mance of the absorption chiller, which depicts the steam con-
sumption per unit of cooling power.

The number of data used to train the ANN model for the
reactors is 850 data for ANN-1, 30 data for ANN-2, and 720
data for ANN-3 (Appendix 1). However, it should be noted
that the main focus of this work is to demonstrate the applica-
tion of the resource allocation system in a biorefinery rather
than the accuracy of unit operation modeling. Upon collecting
the data in Table 1, the ANNs are trained using the neural
network input-output and curve fitting app in MATLAB
R2017b. A default setting is used in modeling the unit opera-
tions (training, validation, and testing percentages are set to
70%, 15%, and 15%, respectively, with 10 hidden neurons).
In this study, the Bayesian regularization algorithm is selected
for ANN training because it can result in good generalization
for difficult, small, or noisy datasets (MacKay 1992). Mean
squared error is used as an indicator to evaluate the perfor-
mance of the ANN model. After ANN training, a MATLAB
function of the ANN with matrix and cell array argument
support is generated to be used combined with the overall
network modeling in “Overall network modeling” Eqgs. (7),
(16), and (19). The MSE obtained is 6.85¢—11 for ANN-1,
1.05¢—4 for ANN-2, and 1.31e—4 for ANN-3.

Overall network modeling

DNN is used to determine the values of output nodes upon
detecting changes in the parameters of input nodes (Fig. 2), so
that a new optimal resource allocation scheme can be devised
instantly during the sudden disruptions in the parameters. In
this section, mathematical modeling equations are used to re-
late the parameters and variables listed in Fig. 2 to the overall
network.

The overall network boundary begins from the biomass feed-
stock supplied by the palm oil mill to the generation of end
products such as ethanol, steam, and chilled water. Equations
(1)~(3) describe the mass balance of biomass from the palm oil
mill. Set b is used to describe the set of biomass feedstock
comprising EFB (b = 1), PMF (b = 2), and PKS (b = 3).

mEMFUEL — ,BM  BM_FUEL VbeB (1)
pPM-ETH _  BMBV_ETH vbeB  (2)
mSFLL — BV BMLETH_, BM_FUEL VbeB  (3)
where QBM-ETH and oBM-FUEL gre the ratios of biomass to the

ethanol conversion process and boiler operation, respectively;
these ratios are determined using the NDE algorithm, and they
are within the scale of 0 to 1. mEM is the mass flow rate of
biomass from the palm oil mill; mJM-FUEL | pBM-ETH " apnd
mlgM-SELL are the mass flow rates of biomass to boiler, ethanol
conversion process, and selling.

Boiler fuel is one of the possible pathways for biomass
utilization. By referring to Table 1, the biomass boiler effi-
ciency (°°™FR) is affected by various inputs which is a func-
tion of mass flow rate, composition, and moisture content of
biomass. Equation (4) determines the total mass flow rate of
biomass utilized as boiler fuel (m®M-FVED),

BM_FUEL BM_FUEL
m = Dbes™yp (4)

Equation (5) describes the derivation of biomass boiler fuel
energy content (P"V""). Equation (6) derives the boiler part
load ratio (@PLf BOILER) "\which is defined as the ratio of boiler
load to boiler maximum capacity.

BM_FUEL FUEL
PFUEL _ 2beBMp HHV),

mBM_FUEL (%)
pLsower _ PO (6)
— pMAX_BOILER

where HHV}F is the higher heating value of biomass and
PMAX_BOILER jq the maximum capacity of the biomass boiler.

Equation (7) describes the surrogate modeling of the bio-
mass boiler, whereby the boiler efficiency is determined based
on the ANN-1 inputs such as biomass moisture content ("™
- MC), ambient temperature (7" AMBY - team temperature
(TBOMERY and part load ratio (gpPLfBOILER). Equation (8)
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Fig. 2 NNC representation

describes the derivation of actual output from the biomass

boiler (PBO'ER) after accounting the boiler efficiency
(7fBOILER)

BOILER __ BM_MC AMB BOILER
- f ) T 9 T

7 | ( 0 7 (‘DPL_BOILER) (7)
PBOILER _  BOILER pFUEL (8)
where 7°""ER is the efficiency of the biomass boiler obtained

from ANN-1 (Table 1). fann 1 represents the function model
of ANN-I1.

Equations (9)—(11) describe the energy balance of steam
from the biomass boiler to ethanol conversion process

(PBOILER—ETH), ARS (PBOILER—ARS), and steam demand
(PBOILER _STEAM)

PBOILER_ETH — PBOILER (pBOlLER_ETH (9)
1

m}b}M _ARS

PBOILER _STEAM

___BM, _BOILER_ARS
=My Py (

_ PBOILER_ PBOILER,ETH_ PBOILER,ARS ( 11 )

BOILER _ ETH BOILER _ ARS

where ¢ and ¢ are the ratio of boiler
steam to the ethanol conversion process and ARS, respective-
ly; they are also determined using the NDE algorithm.
Ethanol conversion is the second pathway for the biomass.
Note that PKS is not available for this pathway because it has
low cellulose content and high lignin content which is more
suitable to be used as fuel. Equations (12)—(13) describe the
derivation of the total biomass feedstock mass flow rate to

ethanol conversion process (m®M-E™) and each biomass ra-
tio in the feedstock (chM -ETH
BM_ETH BM_ETH
m = DpesMy, (12)
BM_ETH __ myM-FTH
Oy = BNLETI VbeB (13)
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conversion
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Boiler steam temperature setting

q)BOIl ER_ARS
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Equation (14) describes the derivation of the total mass
flow rate of the mixture (m™X-ET™) for the pretreatment
and hydrolysis process. Equation (15) describes the reaction
temperature (7°™) during the hydrolysis process utilizing the

steam produced from the biomass boiler ( OILER_ETH,
MIX_ETH mPM-ETH
me = BV_ETH (14)

PBOILER_ETH

TAMB 4 (15)

TETH _
mMIX_ETHCpMIX-ETH

where P -ET s the ratio of biomass in the mixture of solu-

tion containing other substances such as sulfuric acid and water.
The composition of biomass in the mixture is obtained from
reference Mafe et al. (2015). 7°MB is the ambient temperature
and CpM™-FTH i the specific heat content of the mixture.

Equation (16) describes the surrogate modeling of the etha-
nol conversion process, whereby the efficiency is determined
based on the ANN-2 inputs such as the ratio of EFB (oM F),
the ratio of PMF (pPF™ ), and hydrolysis temperature
(75T, Equation (17) describes the derivation of ethanol gener-
ation after accounting the conversion efficiency.

FH = £ (%}?Ml ETH BM_ETH TETH) (16)
mETH — ETH, BM_ETH (17)
where "™ is the efficiency of the overall ethanol conversion

process obtained from ANN-2.

ARS utilizes steam from the biomass boiler for chilled
water generation. Equation (18) calculates the part load ratio
of ARS (cpPLfARS), which is defined as the ratio of actual of
thermal load to maximum thermal capacity of ARS.

PBOILER_ARS
PL_ARS __

¢ = T pMAX_ARS (18)
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where PMAX-ARS s the maximum thermal load capacity of
ARS.

Equation (19) describes the surrogate modeling of ARS,
whereby the coefficient of performance (COP**®) is deter-
mined based on the ANN-3 inputs such as steam temperature
(TBO™ERY Chilled water temperature (7", ambient temper-
ature (7"*M®), and part load (cpPLfARS). Then, the chilled wa-
ter output (P -ARS) is determined using Eq. (21).

COPARS — fANN_3 (TBOILER’ TCHW, TAMB, SOPL_ARS) (19)

PCHW_ARS — CO PARS PBOILER_ARS ( 20)

Net profit evaluation

In this work, the net profit of the overall network takes into
account the profit generated from the selling of ethanol and
raw biomass, the penalty cost from unmet demand for ethanol,
chilled water, and steam.

Equations (21) and (22) describe the calculation of hourly
profit from ethanol (Pf*™) and raw biomass (Pf EM ).

PprETH _ CETH, ETH 21)
P = CMmy P VbeB (22)
where C*™ and CBM are the selling prices of ethanol and

biomass per unit mass.

Equations (23)—(25) describe the calculation of hourly pen-
alty cost from unmet demand of ethanol (Cost™™), steam
(Cost>™**M) "and chilled water (Cost“™).

COSZETH _ O[ETHCETH (mDEM_ETH_mETH) (23)

Co StSTEAM _ aSTEAM CSTEAM ( PDEM_STEAM_ PBOILER_STEAM)

(24)
CosCHY — (CHW ~CHW ( PDEM_CHW_PCHW_ARS) (25)
where « is the penalty factor for unmet demand; mP=M - jg
the mass demand of ethanol; PPEM-STEAM ¢ the power de-
mand of steam; PP™ -V is the power demand of chilled
water; CSTEAM ig the purchase cost of steam; CMW is the
purchase cost of chilled water.
Equation (26) describes the net profit in this model, which
is the hourly net profit (NVPf). Then, NPf'will be used to cal-
culate the fitness value in “Neuro differential evolution.”

NP}(‘ — PfETH
+ 3 s Pf M —Cost*™M—CosSTEAM—Cost ™MW (26)

For the mathematical optimization approach, a nonlinear

programming (NLP) solver is used to perform optimization

on the variables (ppM-FTH  (;BM-BOILER |7 BOILER ", BOILER _

ETH apBOILER*ARS) based on the maximization of NPf.

Whereas for the NDE approach, these variables will be decid-
ed by the DNN generated using the NDE algorithm.

Neuro Differential Evolution (NDE)

The function of DNN is to improvise a new optimal resource
(biomass in this case) allocation network and steam upon de-
tecting changes in input variable such as biomass amount,
biomass properties, product demand, and ambient temperature
(Fig. 2). NDE is used to evolve the DNN’s connection weight
and topology such as its connection pattern, the number of
connections, and number of hidden nodes. Leaky ReLU is
used as the default activation function for the DNN. The de-
tailed methodology of NDE is summarized in Fig. 3.

In the first step, the settings of NDE including probability
of node addition, crossover, connection addition, and weight
mutation are defined for the simulation. Then, a matrix
consisting of nine inputs (columns) and 500 distinct states
(rows) are generated. The inputs in the 500 distinct states are
randomized and normalized values between predefined hypo-
thetical operating ranges (Table 2). Followed by that, a popu-
lation of 200 individuals is initialized whereby each individual
contains a DNN with the same topology but randomized
weight. Based on the input values, the output values of each
individual DNN can be obtained for the 500 distinct states of
inputs. These input and output values are then used in sections
“Surrogate modeling of unit operations using ANN” to “Net
profit evaluation” to evaluate the net profit (NVPf). The fitness
function is determined by averaging the net profit from the
500 distinct states.

At this stage, each individual DNN carries a value for the
fitness function and they are sent for mutation and crossover.
Differential evolution is first performed on the synaptic weight
of each individual DNN. It generates new weight by adding a
weighted difference weight between two individual DNNs to
a third individual DNN. The resulting advantages include the
minimization of nonlinear and non-differentiable continuous
space functions and faster convergence of solutions. Then,
stochastic universal sampling is performed to select parents
for crossover in the ANN topology. The offspring will under-
go probability-based mutation events such as the enabling and
disabling of specific connections, the addition of hidden
nodes, and connections.

After crossover and mutation, the offspring are passed
on to the next generation whereby they will be mixed with
individuals from the new population. The percentage of
old and new population in the next generation is self-de-
fined. The entire cycle is repeated until the following stop
conditions are achieved: (1) The fitness function stays
stagnant within a specific threshold for a given number
of generations, and (2) the maximum number of genera-
tions are met. Detailed methodology of DE, NDE, and
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Fig. 3 DNN-NDE methodology
flowchart (DE = differential
evolution; GA = genetic

Define input, NDE settings,
and initialize population

algorithm)

- |

Compute NNC output

DNN topology crossover and
mutation using GA

i

!

Selection of parents for

Evaluate fitness

crossover

!
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Stop condition

DNN connection weight
mutation using DE

*

No

Yes
\ J

Output results

NEAT can be referred to in the following literature: Price
et al. (2005), Mason et al. (2017), and Stanley and
Miikkulainen (2002), respectively.

Result and discussion

The minimum and maximum boundaries of the input data
used in the DNN training are tabulated in Table 2. The prices
of products, utility, fuels, and biomass are summarized in
Table 3. The rest of this section is presented as follows: (1)
NDE training performance and (2) DNN and NLP perfor-
mance evaluation. In this section, optimality is used as a

Table2 Minimum and maximum boundary of input data

quantifiable measure to compare DNN and NLP, and it mea-
sures how close the net profit is compared to NLP by dividing
the net profit of DNN to that of NLP.

NDE training performance

The machine used for the computation is Illeagear Raven-SE
with 10th gen. Intel i5-10300H/i7-10750H, 16GB DDR4
2933 MHz RAM. During the training process of DNN using
NDE, the performance of the process is evaluated based on the
optimality and duration it took for the training. Both perfor-
mances can be affected by different probabilities of connec-
tion addition, node addition, weight mutation, and crossover

Input Symbol Unit Minimum boundary Maximum boundary
EFB supply miM kg/s 5.1 7.7

PMF supply mBM, kg/s 29 43

PKS supply miM kg/s 14 22

Ambient temperature M8 °C 25 38

Ethanol demand mPEM_ETH kg/s 0.0 1.5

Steam demand PPEM_STEAM MW 0.0 40.0

Chilled water demand PPOEM_CHW MW 0.0 15.0

Chilled water temperature 7w °C 5.0 10.0

Biomass moisture content PBM-MC % 30.0 50.0
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Table 3  Resource prices (Foo et al. 2017)

Biomass/utility/ Symbol Unit Value
product

EFB M $/tonne 20
PMF i $/tonne 30
PKS M $/tonne 70
Steam (STEAM $/MWh 22
Chilled water v $/MWh 25
Ethanol cF™ $/tonne 410

in the NDE settings. In order to study the relationship between
these parameters and the NDE performance, the fitness value
and training duration against generation are plotted for differ-
ent probabilities. Finally, the DNN topology is displayed for
the NDE settings with the highest fitness value.

Based on Fig. 4, the optimum NDE settings for connection
addition, node addition, weight mutation, and crossover prob-
ability are 0.04, 0.003, 0.6, and 0.8, respectively. The first
three studies are categorized under mutation but in different
aspects (connections, hidden nodes, and weight), while the
fourth study focused on the crossover. In mutation studies
(which color line), a long duration is needed to arrive at the
optimum solution if the mutation probability is too low as
shown in Fig. 4 (e.g., P (connections) = 0.02, P (nodes) =
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0.001, P (weight) = 0.2, and P (crossover) = 0.4). In contrast,
if the mutation rate is too high (which color line), the search
space increases but it is difficult to arrive at a better fitness
value because the search is done coarsely near the parents
(Geretti and Abramo 2011). This explains why the plots for
large mutation probabilities tend to perform poorly or stay
stagnant after a certain generation (e.g., P (connections) =
0.06 and 0.08 in Fig. 4a, P (nodes) = 0.005 and 0.007 in
Fig. 4b, P (weight) = 0.8 in Fig. 4c¢). In a crossover study, a
low crossover probability depicts a slower rate to arrive at an
optimum solution. However, a crossover probability of 1
means that the new generation is composed entirely of the
offspring from the previous generation. This is unfavorable
for the simulation if the individuals in the starting generation
do not possess the genes needed for an optimal solution.

When the species with maximum fitness stays stagnant
within a threshold of 0.01 for more than 20 generations, its
fitness value will be reduced to zero and eliminated. Then, the
champion of other species with more than five networks
remained unchanged and was copied into the next generation.
At the same time, only the top two species are allowed to
reproduce in the given situation. This explains the sudden
drop of fitness value and the gradual increase after the sudden
drop in some of the figures. These features are part of the
algorithm in NDE to prevent stagnation during reproduction
and to refocus the species after the elimination of the stagnant
species.
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Fig. 4 Fitness value against generation for mutation studies. a Connection addition, b node addition, ¢ weight mutation probability, d crossover

probability (P = probability)
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Overall, the training duration varies between 150 and
200 min for 3000 generations (Fig. 5). Using the optimum
NDE settings, a DNN is evolved for the biorefinery DRE
problem using NDE. The training process is run continu-
ously until the fitness value becomes constant. Based on
Fig. 6¢, the highest achievable fitness value is 2137 USD/
h at generation 13,000. Note that the fitness value in-
creases rapidly during the initial 3000 generations. After
that, the rate of increase slows down and eventually be-
comes constant at a fitness value of 2110 USD/h during
the 12,000th generation. Aside from that, the number of
connections and hidden nodes is seen to increase con-
stantly throughout the generations (Fig. 6a, b) Therefore,
it can be drawn that the increase in the number of con-
nections and hidden nodes allows the DNN to obtain the
nonlinear relationship between the input and output nodes
that can lead to a high fitness value. The evolved DNN
consists of 130 hidden nodes and 550 connections (Fig.
7).

DNN and NLP performance
The main task of the DNN is to allocate steam and biomass
based on the different set of randomized input values in the

range defined in Table 2. In every industry, it is important
to ensure a smooth operation and at the same time
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maximize profit. In this section, DNN is used to compute
the fitness value for 100 states of inputs that are different
from the 500 states of inputs used in the NDE training
process. The fitness values and response time of DNN are
compared against the nonlinear programming (NLP) solver
in Matlab where optimization is done individually on each
of the 100 states of inputs to find the global optimum fit-
ness value. The response time is measured by the conver-
gence duration needed for the solver or DNN to process
one input state. The optimization results from DNN and
NLP are tabulated in Table 4.

Both NLP solver and DNN have their advantages and
drawbacks. Using the NLP solver, the optimality of the
results is guaranteed but the response time is significantly
longer as compared to the DNN (Appendix 2). This is a
drawback for unit operations that have a short cycle time
or frequent fluctuations in parameters. Based on Table 4,
the NLP solver is only able to respond to an existing state
after a duration of 7.81 to 55.04 s. The difference between
the shortest and longest response times may be contribut-
ed by the complexity of the resource allocation variables.
Any changes in parameters between this timeframe are
unable to be processed due to the ongoing optimization.
On the other hand, DNN has a much shorter response
time (ranging from 0.08 to 0.20 s) but it yields lower
average optimality (97.7%) as compared to the NLP
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Fig. 5 Training duration against generation for mutation study. a Connection addition, b node addition, ¢ weight mutation probability, d crossover

probability (P = probability)
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Fig. 6 NDE training using optimum configuration: a connections against generation, b hidden nodes against generation, ¢ fitness value against

generation

solver which gives a global optimum solution. Optimality ~ optimality varies between 91 and 100%. However, the
is defined as the ability to be optimal, and it is calculated  distribution is concentrated in the range of 98 to 99%.
by dividing the average fitness of DNN to that of the NLP ~ Overall, the results proved that DNN is effective in
solver. The distribution of optimality over the hundred  biorefinery resource allocation as it is able to ensure fast
sets of data is shown in Fig. 8. Based on the figure, the = response and high profitability.

Fig. 7 Optimum DNN evolved from NDE
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Table 4  Optimization results from NLP and DNN

Modeling platform NLP DNN
Average fitness (USD/h) 2237.70 2186.00
Average response time () 16.40 0.09
Shortest response time (s) 7.81 0.08
Longest response time (s) 55.04 0.20

Conclusion and future work

In this work, the NDE algorithm is applied to evolve a
DNN for the optimization of resource allocation in a
biorefinery. The optimal NDE settings for mutation and
crossover probability are first determined. The response
time and optimality of DNN are compared to the solution
obtained from the NLP solver. The response time of DNN
is 99.5% faster than NLP solver but it yields a lower
optimality (97.7%). In terms of process engineering, the
resource allocation provided by NDE-DNN provides a
swift response to any changes in input but at the expense
of lower optimality. The selection of which method de-
pends mainly on the cycle time of unit operations and the
time interval of parameter fluctuations. Future work may
consider the detailed study on the performance of NDE-
DNN to contribute to the higher-accuracy model. Besides,
the adoption of the HyperNEAT algorithm to evolve a
large-scale DNN will also be considered so that complex
processes that have more process parameters can be taken
into account.

40
35
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20

Frequency

10

91 92 93 94 95 96 97 98 99 100
Optimality (%)

Fig. 8 Histogram of DNN optimality
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Appendix 1

Table5 ARS ANN training data

Steam Chilled Ambient Partload (%) ARS
temperature ~ water temperature (6(0)3
(°O) temperature °O)

°C)

170 7 36 100 1.410
170 7 36 75 1.627
170 7 36 50 1.679
170 7 36 25 1.356
160 7 36 100 1.395
160 7 36 75 1.612
160 7 36 50 1.664
160 7 36 25 1.341
150 7 36 100 1.375
150 7 36 75 1.592
150 7 36 50 1.644
150 7 36 25 1.321
140 7 36 100 1.335
140 7 36 75 1.552
140 7 36 50 1.604
140 7 36 25 1.281
130 7 36 100 1.295
130 7 36 75 1.512
130 7 36 50 1.564
130 7 36 25 1.241
120 7 36 100 1.195
120 7 36 75 1.412
120 7 36 50 1.464
120 7 36 25 1.141
170 6 36 100 1.312
170 6 36 75 1.513
170 6 36 50 1.562
170 6 36 25 1.261
160 6 36 100 1.298
160 6 36 75 1.500
160 6 36 50 1.548
160 6 36 25 1.247
150 6 36 100 1.279
150 6 36 75 1.481
150 6 36 50 1.529
150 6 36 25 1.229
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Table 5 (continued) Table 5 (continued)
Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)
140 6 36 100 1.242 150 8 36 50 1.749
140 6 36 75 1.444 150 8 36 25 1.405
140 6 36 50 1.492 140 8 36 100 1.420
140 6 36 25 1.192 140 8 36 75 1.651
130 6 36 100 1.205 140 8 36 50 1.706
130 6 36 75 1.407 140 8 36 25 1.363
130 6 36 50 1.455 130 8 36 100 1.378
130 6 36 25 1.154 130 8 36 75 1.609
120 6 36 100 1.112 130 8 36 50 1.664
120 6 36 75 1.313 130 8 36 25 1.320
120 6 36 50 1.362 120 8 36 100 1.271
120 6 36 25 1.061 120 8 36 75 1.502
170 5 36 100 1.226 120 8 36 50 1.557
170 5 36 75 1.175 120 8 36 25 1.214
170 5 36 50 1.356 170 9 36 100 1.567
170 5 36 25 1.399 170 9 36 75 1.808
160 5 36 100 1.130 170 9 36 50 1.866
160 5 36 75 1.163 170 9 36 25 1.507
160 5 36 50 1.343 160 9 36 100 1.550
160 5 36 25 1.387 160 9 36 75 1.791
150 5 36 100 1.118 160 9 36 50 1.849
150 5 36 75 1.146 160 9 36 25 1.490
150 5 36 50 1.327 150 9 36 100 1.528
150 5 36 25 1.370 150 9 36 75 1.769
140 5 36 100 1.101 150 9 36 50 1.827
140 5 36 75 1.113 150 9 36 25 1.468
140 5 36 50 1.293 140 9 36 100 1.483
140 5 36 25 1.337 140 9 36 75 1.724
130 5 36 100 1.068 140 9 36 50 1.782
130 5 36 75 1.079 140 9 36 25 1.423
130 5 36 50 1.260 130 9 36 100 1.439
130 5 36 25 1.303 130 9 36 75 1.680
120 5 36 100 1.034 130 9 36 50 1.738
120 5 36 75 0.996 130 9 36 25 1.379
120 5 36 50 1.177 120 9 36 100 1.328
120 5 36 25 1.220 120 9 36 75 1.569
170 8 36 100 1.500 120 9 36 50 1.627
170 8 36 75 1.731 120 9 36 25 1.268
170 8 36 50 1.786 170 10 36 100 1.640
170 8 36 25 1.443 170 10 36 75 1.892
160 8 36 100 1.484 170 10 36 50 1.952
160 8 36 75 1.715 170 10 36 25 1.577
160 8 36 50 1.770 160 10 36 100 1.622
160 8 36 25 1.427 160 10 36 75 1.874
150 8 36 100 1.463 160 10 36 50 1.935
150 8 36 75 1.694 160 10 36 25 1.559
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Table 5 (continued) Table 5 (continued)

Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)

150 10 36 100 1.599 160 6 32 50 1.865
150 10 36 75 1.851 160 6 32 25 1.503
150 10 36 50 1.912 150 6 32 100 1.541
150 10 36 25 1.536 150 6 32 75 1.784
140 10 36 100 1.552 150 6 32 50 1.843
140 10 36 75 1.805 150 6 32 25 1.481
140 10 36 50 1.865 140 6 32 100 1.496
140 10 36 25 1.490 140 6 32 75 1.739
130 10 36 100 1.506 140 6 32 50 1.798
130 10 36 75 1.758 140 6 32 25 1.436
130 10 36 50 1.819 130 6 32 100 1.451
130 10 36 25 1.443 130 6 32 75 1.695
120 10 36 100 1.390 130 6 32 50 1.753
120 10 36 75 1.642 130 6 32 25 1.391
120 10 36 50 1.702 120 6 32 100 1.339
120 10 36 25 1.327 120 6 32 75 1.583
170 7 32 100 1.699 120 6 32 50 1.641
170 7 32 75 1.960 120 6 32 25 1.279
170 7 32 50 2.023 170 5 32 100 1.477
170 7 32 25 1.634 170 5 32 75 1416
160 7 32 100 1.681 170 5 32 50 1.634
160 7 32 75 1.942 170 5 32 25 1.686
160 7 32 50 2.005 160 5 32 100 1.361
160 7 32 25 1.616 160 5 32 75 1.401
150 7 32 100 1.657 160 5 32 50 1.618
150 7 32 75 1.918 160 5 32 25 1.671
150 7 32 50 1.981 150 5 32 100 1.346
150 7 32 25 1.592 150 5 32 75 1.381
140 7 32 100 1.608 150 5 32 50 1.598
140 7 32 75 1.870 150 5 32 25 1.651
140 7 32 50 1.933 140 5 32 100 1.326
140 7 32 25 1.543 140 5 32 75 1.340
130 7 32 100 1.560 140 5 32 50 1.558
130 7 32 75 1.822 140 5 32 25 1.610
130 7 32 50 1.884 130 5 32 100 1.286
130 7 32 25 1.495 130 5 32 75 1.300
120 7 32 100 1.440 130 5 32 50 1.518
120 7 32 75 1.701 130 5 32 25 1.570
120 7 32 50 1.764 120 5 32 100 1.246
120 7 32 25 1.375 120 5 32 75 1.200
170 6 32 100 1.580 120 5 32 50 1.418
170 6 32 75 1.823 120 5 32 25 1.470
170 6 32 50 1.882 170 8 32 100 1.807
170 6 32 25 1.520 170 8 32 75 2.085
160 6 32 100 1.563 170 8 32 50 2.152
160 6 32 75 1.807 170 8 32 25 1.738

@ Springer



Process Integr Optim Sustain (2021) 5:383-416 397
Table 5 (continued) Table 5 (continued)
Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)
160 8 32 100 1.788 170 10 32 50 2.352
160 8 32 75 2.066 170 10 32 25 1.900
160 8 32 50 2.133 160 10 32 100 1.954
160 8 32 25 1.719 160 10 32 75 2.258
150 8 32 100 1.762 160 10 32 50 2.331
150 8 32 75 2.041 160 10 32 25 1.879
150 8 32 50 2.107 150 10 32 100 1.926
150 8 32 25 1.693 150 10 32 75 2.230
140 8 32 100 1.711 150 10 32 50 2.303
140 8 32 75 1.989 150 10 32 25 1.851
140 8 32 50 2.056 140 10 32 100 1.870
140 8 32 25 1.642 140 10 32 75 2.174
130 8 32 100 1.660 140 10 32 50 2.247
130 8 32 75 1.938 140 10 32 25 1.795
130 8 32 50 2.005 130 10 32 100 1.814
130 8 32 25 1.591 130 10 32 75 2.118
120 8 32 100 1.532 130 10 32 50 2.191
120 8 32 75 1.810 130 10 32 25 1.739
120 8 32 50 1.876 120 10 32 100 1.674
120 8 32 25 1.462 120 10 32 75 1.978
170 9 32 100 1.888 120 10 32 50 2.051
170 9 32 75 2.178 120 10 32 25 1.598
170 9 32 50 2.248 170 7 28 100 1.808
170 9 32 25 1.815 170 7 28 75 2.086
160 9 32 100 1.867 170 7 28 50 2.153
160 9 32 75 2.158 170 7 28 25 1.738
160 9 32 50 2.228 160 7 28 100 1.788
160 9 32 25 1.795 160 7 28 75 2.067
150 9 32 100 1.841 160 7 28 50 2.133
150 9 32 75 2.131 160 7 28 25 1.719
150 9 32 50 2.201 150 7 28 100 1.763
150 9 32 25 1.768 150 7 28 75 2.041
140 9 32 100 1.787 150 7 28 50 2.108
140 9 32 75 2.078 150 7 28 25 1.694
140 9 32 50 2.147 140 7 28 100 1.712
140 9 32 25 1.715 140 7 28 75 1.990
130 9 32 100 1.734 140 7 28 50 2.056
130 9 32 75 2.024 140 7 28 25 1.642
130 9 32 50 2.094 130 7 28 100 1.660
130 9 32 25 1.661 130 7 28 75 1.938
120 9 32 100 1.600 130 7 28 50 2.005
120 9 32 75 1.890 130 7 28 25 1.591
120 9 32 50 1.960 120 7 28 100 1.532
120 9 32 25 1.527 120 7 28 75 1.810
170 10 32 100 1.975 120 7 28 50 1.877
170 10 32 75 2279 120 7 28 25 1.463
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Table 5 (continued) Table 5 (continued)

Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)

170 6 28 100 1.682 120 5 28 50 1.509
170 6 28 75 1.940 120 5 28 25 1.564
170 6 28 50 2.002 170 8 28 100 1.923
170 6 28 25 1.617 170 8 28 75 2219
160 6 28 100 1.664 170 8 28 50 2.290
160 6 28 75 1.922 170 8 28 25 1.849
160 6 28 50 1.984 160 8 28 100 1.903
160 6 28 25 1.599 160 8 28 75 2.199
150 6 28 100 1.640 160 8 28 50 2.270
150 6 28 75 1.899 160 8 28 25 1.829
150 6 28 50 1.961 150 8 28 100 1.875
150 6 28 25 1.575 150 8 28 75 2.171
140 6 28 100 1.592 150 8 28 50 2.242
140 6 28 75 1.851 150 8 28 25 1.802
140 6 28 50 1.913 140 8 28 100 1.821
140 6 28 25 1.528 140 8 28 75 2.117
130 6 28 100 1.544 140 8 28 50 2.188
130 6 28 75 1.803 140 8 28 25 1.747
130 6 28 50 1.865 130 8 28 100 1.766
130 6 28 25 1.480 130 8 28 75 2.062
120 6 28 100 1.425 130 8 28 50 2.133
120 6 28 75 1.684 130 8 28 25 1.693
120 6 28 50 1.746 120 8 28 100 1.630
120 6 28 25 1.361 120 8 28 75 1.926
170 5 28 100 1.572 120 8 28 50 1.997
170 5 28 75 1.506 120 8 28 25 1.556
170 5 28 50 1.738 170 9 28 100 2.009
170 5 28 25 1.794 170 9 28 75 2.318
160 5 28 100 1.449 170 9 28 50 2.392
160 5 28 75 1.490 170 9 28 25 1.932
160 5 28 50 1.722 160 9 28 100 1.987
160 5 28 25 1.778 160 9 28 75 2.296
150 5 28 100 1.433 160 9 28 50 2.370
150 5 28 75 1.469 160 9 28 25 1.910
150 5 28 50 1.701 150 9 28 100 1.959
150 5 28 25 1.756 150 9 28 75 2.268
140 5 28 100 1411 150 9 28 50 2.342
140 5 28 75 1.426 150 9 28 25 1.882
140 5 28 50 1.658 140 9 28 100 1.902
140 5 28 25 1.714 140 9 28 75 2211
130 5 28 100 1.369 140 9 28 50 2.285
130 5 28 75 1.384 140 9 28 25 1.825
130 5 28 50 1.615 130 9 28 100 1.845
130 5 28 25 1.671 130 9 28 75 2.154
120 5 28 100 1.326 130 9 28 50 2.228
120 5 28 75 1.277 130 9 28 25 1.768
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Table 5 (continued) Table 5 (continued)
Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)
120 9 28 100 1.702 130 7 24 50 2.172
120 9 28 75 2.011 130 7 24 25 1.724
120 9 28 50 2.085 120 7 24 100 1.660
120 9 28 25 1.625 120 7 24 75 1.961
170 10 28 100 2.102 120 7 24 50 2.033
170 10 28 75 2425 120 7 24 25 1.585
170 10 28 50 2.503 170 6 24 100 1.822
170 10 28 25 2.021 170 6 24 75 2.102
160 10 28 100 2.080 170 6 24 50 2.169
160 10 28 75 2.403 170 6 24 25 1.752
160 10 28 50 2481 160 6 24 100 1.802
160 10 28 25 1.999 160 6 24 75 2.083
150 10 28 100 2.050 160 6 24 50 2.150
150 10 28 75 2.373 160 6 24 25 1.733
150 10 28 50 2451 150 6 24 100 1.776
150 10 28 25 1.969 150 6 24 75 2.057
140 10 28 100 1.990 150 6 24 50 2.124
140 10 28 75 2314 150 6 24 25 1.707
140 10 28 50 2.391 140 6 24 100 1.725
140 10 28 25 1.910 140 6 24 75 2.005
130 10 28 100 1.931 140 6 24 50 2.072
130 10 28 75 2.254 140 6 24 25 1.655
130 10 28 50 2.332 130 6 24 100 1.673
130 10 28 25 1.850 130 6 24 75 1.953
120 10 28 100 1.781 130 6 24 50 2.021
120 10 28 75 2.105 130 6 24 25 1.603
120 10 28 50 2.182 120 6 24 100 1.544
120 10 28 25 1.701 120 6 24 75 1.824
170 7 24 100 1.958 120 6 24 50 1.891
170 7 24 75 2.260 120 6 24 25 1.474
170 7 24 50 2.332 170 5 24 100 1.703
170 7 24 25 1.883 170 5 24 75 1.632
160 7 24 100 1.938 170 5 24 50 1.883
160 7 24 75 2.239 170 5 24 25 1.943
160 7 24 50 2311 160 5 24 100 1.569
160 7 24 25 1.863 160 5 24 75 1.615
150 7 24 100 1.910 160 5 24 50 1.866
150 7 24 75 2211 160 5 24 25 1.926
150 7 24 50 2.283 150 5 24 100 1.552
150 7 24 25 1.835 150 5 24 75 1.591
140 7 24 100 1.854 150 5 24 50 1.843
140 7 24 75 2.156 150 5 24 25 1.903
140 7 24 50 2.228 140 5 24 100 1.529
140 7 24 25 1.779 140 5 24 75 1.545
130 7 24 100 1.799 140 5 24 50 1.796
130 7 24 75 2.100 140 5 24 25 1.856
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Table 5 (continued) Table 5 (continued)

Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)

130 5 24 100 1.483 140 9 24 50 2475
130 5 24 75 1.499 140 9 24 25 1.977
130 5 24 50 1.750 130 9 24 100 1.998
130 5 24 25 1.810 130 9 24 75 2.333
120 5 24 100 1.436 130 9 24 50 2414
120 5 24 75 1.383 130 9 24 25 1.915
120 5 24 50 1.634 120 9 24 100 1.844
120 5 24 25 1.694 120 9 24 75 2.179
170 8 24 100 2.083 120 9 24 50 2.259
170 8 24 75 2.404 120 9 24 25 1.761
170 8 24 50 2481 170 10 24 100 2277
170 8 24 25 2.004 170 10 24 75 2.628
160 8 24 100 2.061 170 10 24 50 2.712
160 8 24 75 2.382 170 10 24 25 2.190
160 8 24 50 2459 160 10 24 100 2.253
160 8 24 25 1.981 160 10 24 75 2.603
150 8 24 100 2.032 160 10 24 50 2.687
150 8 24 75 2.352 160 10 24 25 2.166
150 8 24 50 2.429 150 10 24 100 2.221
150 8 24 25 1.952 150 10 24 75 2.571
140 8 24 100 1.973 150 10 24 50 2.655
140 8 24 75 2.293 150 10 24 25 2.133
140 8 24 50 2.370 140 10 24 100 2.156
140 8 24 25 1.893 140 10 24 75 2.506
130 8 24 100 1.913 140 10 24 50 2.590
130 8 24 75 2.234 140 10 24 25 2.069
130 8 24 50 2311 130 10 24 100 2.091
130 8 24 25 1.834 130 10 24 75 2.442
120 8 24 100 1.766 130 10 24 50 2.526
120 8 24 75 2.086 130 10 24 25 2.004
120 8 24 50 2.163 120 10 24 100 1.930
120 8 24 25 1.686 120 10 24 75 2.280
170 9 24 100 2.176 120 10 24 50 2.364
170 9 24 75 2.511 120 10 24 25 1.843
170 9 24 50 2.591 170 7 40 100 1.195
170 9 24 25 2.093 170 7 40 75 1.379
160 9 24 100 2.153 170 7 40 50 1.423
160 9 24 75 2.488 170 7 40 25 1.149
160 9 24 50 2.568 160 7 40 100 1.182
160 9 24 25 2.069 160 7 40 75 1.366
150 9 24 100 2.122 160 7 40 50 1.410
150 9 24 75 2457 160 7 40 25 1.136
150 9 24 50 2.537 150 7 40 100 1.165
150 9 24 25 2.039 150 7 40 75 1.349
140 9 24 100 2.060 150 7 40 50 1.393
140 9 24 75 2.395 150 7 40 25 1.119
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Table 5 (continued) Table 5 (continued)
Steam Chilled Ambient Partload (%) ARS Steam Chilled Ambient Partload (%) ARS
temperature  water temperature COP temperature ~ water temperature COP
(°C) temperature  (°C) (°C) temperature ~ (°C)

§®) §®)
140 7 40 100 1.131 150 5 40 50 1.124
140 7 40 75 1.315 150 5 40 25 1.161
140 7 40 50 1.359 140 5 40 100 0.933
140 7 40 25 1.086 140 5 40 75 0.943
130 7 40 100 1.097 140 5 40 50 1.096
130 7 40 75 1.281 140 5 40 25 1.133
130 7 40 50 1.325 130 5 40 100 0.905
130 7 40 25 1.052 130 5 40 75 0.915
120 7 40 100 1.013 130 5 40 50 1.068
120 7 40 75 1.197 130 5 40 25 1.105
120 7 40 50 1.241 120 5 40 100 0.876
120 7 40 25 0.967 120 5 40 75 0.844
170 6 40 100 1.112 120 5 40 50 0.997
170 6 40 75 1.283 120 5 40 25 1.034
170 6 40 50 1.324 170 8 40 100 1.271
170 6 40 25 1.069 170 8 40 75 1.467
160 6 40 100 1.100 170 8 40 50 1.514
160 6 40 75 1.271 170 8 40 25 1.223
160 6 40 50 1.312 160 8 40 100 1.258
160 6 40 25 1.057 160 8 40 75 1.453
150 6 40 100 1.084 160 8 40 50 1.500
150 6 40 75 1.255 160 8 40 25 1.209
150 6 40 50 1.296 150 8 40 100 1.240
150 6 40 25 1.041 150 8 40 75 1.435
140 6 40 100 1.052 150 8 40 50 1.482
140 6 40 75 1.223 150 8 40 25 1.191
140 6 40 50 1.264 140 8 40 100 1.204
140 6 40 25 1.010 140 8 40 75 1.399
130 6 40 100 1.021 140 8 40 50 1.446
130 6 40 75 1.192 140 8 40 25 1.155
130 6 40 50 1.233 130 8 40 100 1.168
130 6 40 25 0.978 130 8 40 75 1.363
120 6 40 100 0.942 130 8 40 50 1.410
120 6 40 75 1.113 130 8 40 25 1.119
120 6 40 50 1.154 120 8 40 100 1.077
120 6 40 25 0.899 120 8 40 75 1.273
170 5 40 100 1.039 120 8 40 50 1.320
170 5 40 75 0.996 120 8 40 25 1.029
170 5 40 50 1.149 170 9 40 100 1.328
170 5 40 25 1.186 170 9 40 75 1.532
160 5 40 100 0.958 170 9 40 50 1.581
160 5 40 75 0.985 170 9 40 25 1.277
160 5 40 50 1.138 160 9 40 100 1.314
160 5 40 25 1.175 160 9 40 75 1.518
150 5 40 100 0.947 160 9 40 50 1.567
150 5 40 75 0.971 160 9 40 25 1.263
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Table 5 (continued) Table 6 Boiler training data
Steam Chilled Ambient Partload (%) ARS Biomass Ambient Steam Part Biomass Biomass
temperature ~ water temperature COP hydrogen to temperature temperature load moisture  boiler
(°C) temperature  (°C) carbon ratio (°C) (°C) (%) content efficiency
°O (%) (%)
150 9 40 100 1.295 0.21 37.78 178 25 0 82.6
150 9 40 75 1.499 0.22 37.78 178 25 0 82.4
150 9 40 50 1.548 0.25 37.78 178 25 0 82.1
150 9 40 25 1.244 0.31 37.78 178 25 0 80.8
140 9 40 100 1.257 033 37.78 178 25 0 80.6
140 9 40 75 1.461 0.21 37.78 178 50 0 83.5
140 9 40 50 1.510 0.22 37.78 178 50 0 83.3
140 9 40 25 1.206 0.25 37.78 178 50 0 83
130 9 40 100 1.219 0.31 37.78 178 50 0 81.7
130 9 40 75 1.424 0.33 37.78 178 50 0 81.5
130 9 40 50 1.473 0.21 37.78 178 75 0 83.8
130 9 40 25 1.169 0.22 37.78 178 75 0 83.6
120 9 40 100 1.125 0.25 37.78 178 75 0 83.3
120 9 40 75 1.330 0.31 37.78 178 75 0 82
120 9 40 50 1.379 0.33 37.78 178 75 0 81.8
120 9 40 25 1.074 0.21 37.78 178 100 0O 84
170 10 40 100 1.389 0.22 37.78 178 100 0O 83.8
170 10 40 75 1.603 0.25 37.78 178 100 0 83.5
170 10 40 50 1.655 0.31 37.78 178 100 0O 82.2
170 10 40 25 1.336 0.33 37.78 178 100 0O 82
160 10 40 100 1.375 021 37.78 115 25 0 82.9
160 10 40 75 1.588 0.22 37.78 115 25 0 82.7
160 10 40 50 1.640 0.25 37.78 115 25 0 82.4
160 10 40 25 1.321 0.31 37.78 115 25 0 81.1
150 10 40 100 1.355 0.33 37.78 115 25 0 80.9
150 10 40 75 1.569 0.21 37.78 115 50 0 83.8
150 10 40 50 1.620 0.22 37.78 115 50 0 83.6
150 10 40 25 1.302 0.25 37.78 115 50 0 83.3
140 10 40 100 1.316 0.31 37.78 115 50 0 82
140 10 40 75 1.529 0.33 37.78 115 50 0 81.8
140 10 40 50 1.581 0.21 37.78 115 75 0 84
140 10 40 25 1.262 0.22 37.78 115 75 0 83.8
130 10 40 100 1.276 0.25 37.78 115 75 0 83.5
130 10 40 75 1.490 0.31 37.78 115 75 0 82.2
130 10 40 50 1.541 0.33 37.78 115 75 0 82
130 10 40 25 1.223 0.21 37.78 115 100 0O 84.1
120 10 40 100 1.178 0.22 37.78 115 100 0O 83.9
120 10 40 75 1.391 0.25 37.78 115 100 0 83.6
120 10 40 50 1.443 0.31 37.78 115 100 0O 82.3
120 10 40 25 1.124 0.33 37.78 115 100 0O 82.1
0.21 26.67 178 25 0 82
0.22 26.67 178 25 0 81.8
0.25 26.67 178 25 0 81.5
0.31 26.67 178 25 0 80.2
0.33 26.67 178 25 0 80
0.21 26.67 178 50 0 82.9
0.22 26.67 178 50 0 82.7
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.25 26.67 178 50 0 82.4 0.31 15.56 178 75 0 80.8
0.31 26.67 178 50 0 81.1 0.33 15.56 178 75 0 80.6
0.33 26.67 178 50 0 80.9 0.21 15.56 178 100 0O 82.8
0.21 26.67 178 75 0 83.2 0.22 15.56 178 100 0 82.6
0.22 26.67 178 75 0 83 0.25 15.56 178 100 0O 82.3
0.25 26.67 178 75 0 82.7 0.31 15.56 178 100 0O 81
0.31 26.67 178 75 0 81.4 0.33 15.56 178 100 0O 80.8
0.33 26.67 178 75 0 81.2 0.21 15.56 115 25 0 81.7
0.21 26.67 178 100 0O 83.4 0.22 15.56 115 25 0 81.5
0.22 26.67 178 100 0O 83.2 0.25 15.56 115 25 0 81.2
0.25 26.67 178 100 0O 82.9 0.31 15.56 115 25 0 79.9
0.31 26.67 178 100 0O 81.6 0.33 15.56 115 25 0 79.7
0.33 26.67 178 100 0 81.4 0.21 15.56 115 50 0 82.6
0.21 26.67 115 25 0 82.3 0.22 15.56 115 50 0 82.4
0.22 26.67 115 25 0 82.1 0.25 15.56 115 50 0 82.1
0.25 26.67 115 25 0 81.8 0.31 15.56 115 50 0 80.8
0.31 26.67 115 25 0 80.5 033 15.56 115 50 0 80.6
0.33 26.67 115 25 0 80.3 0.21 15.56 115 75 0 82.8
0.21 26.67 115 50 0 83.2 0.22 15.56 115 75 0 82.6
022 26.67 115 50 0 83 0.25 15.56 115 75 0 82.3
0.25 26.67 115 50 0 82.7 0.31 15.56 115 75 0 81
0.31 26.67 115 50 0 81.4 0.33 15.56 115 75 0 80.8
0.33 26.67 115 50 0 81.2 0.21 15.56 115 100 0O 82.9
0.21 26.67 115 75 0 83.4 0.22 15.56 115 100 0O 82.7
0.22 26.67 115 75 0 83.2 0.25 15.56 115 100 0O 82.4
0.25 26.67 115 75 0 82.9 0.31 15.56 115 100 0O 81.1
0.31 26.67 115 75 0 81.6 0.33 15.56 115 100 0O 80.9
0.33 26.67 115 75 0 81.4 0.21 4.44 178 25 0 80.8
0.21 26.67 115 100 0O 83.5 0.22 4.44 178 25 0 80.6
0.22 26.67 115 100 0 83.3 0.25 4.44 178 25 0 80.3
0.25 26.67 115 100 0O 83 0.31 444 178 25 0 79
0.31 26.67 115 100 0O 81.7 0.33 444 178 25 0 78.8
0.33 26.67 115 100 0O 81.5 0.21 444 178 50 0 81.7
021 15.56 178 25 0 81.4 0.22 4.44 178 50 0 81.5
0.22 15.56 178 25 0 81.2 0.25 4.44 178 50 0 81.2
0.25 15.56 178 25 0 80.9 0.31 4.44 178 50 0 79.9
031 15.56 178 25 0 79.6 0.33 4.44 178 50 0 79.7
0.33 15.56 178 25 0 79.4 0.21 4.44 178 75 0 82
0.21 15.56 178 50 0 82.3 0.22 4.44 178 75 0 81.8
0.22 15.56 178 50 0 82.1 0.25 4.44 178 75 0 81.5
0.25 15.56 178 50 0 81.8 0.31 4.44 178 75 0 80.2
0.31 15.56 178 50 0 80.5 0.33 4.44 178 75 0 80
0.33 15.56 178 50 0 80.3 0.21 4.44 178 100 0O 82.2
0.21 15.56 178 75 0 82.6 0.22 4.44 178 100 0O 82
0.22 15.56 178 75 0 82.4 0.25 4.44 178 100 0O 81.7
0.25 15.56 178 75 0 82.1 0.31 444 178 100 0 80.4
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.33 444 178 100 0O 80.2 0.21 37.78 115 50 10 82.5
0.21 444 115 25 0 81.1 0.22 37.78 115 50 10 82.3
022 444 115 25 0 80.9 0.25 37.78 115 50 10 82
0.25 4.44 115 25 0 80.6 031 37.78 115 50 10 80.7
0.31 4.44 115 25 0 79.3 0.33 37.78 115 50 10 80.5
0.33 4.44 115 25 0 79.1 0.21 37.78 115 75 10 82.7
0.21 4.44 115 50 0 82 0.22 37.78 115 75 10 82.5
0.22 4.44 115 50 0 81.8 0.25 37.78 115 75 10 82.2
0.25 4.44 115 50 0 81.5 0.31 37.78 115 75 10 80.9
0.31 4.44 115 50 0 80.2 0.33 37.78 115 75 10 80.7
0.33 4.44 115 50 0 80 0.21 37.78 115 100 10 82.8
0.21 4.44 115 75 0 82.2 0.22 37.78 115 100 10 82.6
0.22 4.44 115 75 0 82 0.25 37.78 115 100 10 82.3
0.25 444 115 75 0 81.7 0.31 37.78 115 100 10 81
0.31 444 115 75 0 80.4 0.33 37.78 115 100 10 80.8
0.33 444 115 75 0 80.2 0.21 26.67 178 25 10 80.7
0.21 444 115 100 0 82.3 022 26.67 178 25 10 80.5
0.22 4.44 115 100 0O 82.1 0.25 26.67 178 25 10 80.2
0.25 444 115 100 0O 81.8 0.31 26.67 178 25 10 78.9
0.31 4.44 115 100 0 80.5 033 26.67 178 25 10 78.7
0.33 4.44 115 100 0O 80.3 0.21 26.67 178 50 10 81.6
0.21 37.78 178 25 10 81.3 0.22 26.67 178 50 10 81.4
0.22 37.78 178 25 10 81.1 0.25 26.67 178 50 10 81.1
0.25 37.78 178 25 10 80.8 0.31 26.67 178 50 10 79.8
0.31 37.78 178 25 10 79.5 0.33 26.67 178 50 10 79.6
0.33 37.78 178 25 10 79.3 0.21 26.67 178 75 10 81.9
0.21 37.78 178 50 10 82.2 0.22 26.67 178 75 10 81.7
0.22 37.78 178 50 10 82 0.25 26.67 178 75 10 81.4
0.25 37.78 178 50 10 81.7 0.31 26.67 178 75 10 80.1
0.31 37.78 178 50 10 80.4 0.33 26.67 178 75 10 79.9
0.33 37.78 178 50 10 80.2 0.21 26.67 178 100 10 82.1
0.21 37.78 178 75 10 82.5 0.22 26.67 178 100 10 81.9
0.22 37.78 178 75 10 82.3 0.25 26.67 178 100 10 81.6
0.25 37.78 178 75 10 82 031 26.67 178 100 10 80.3
0.31 37.78 178 75 10 80.7 0.33 26.67 178 100 10 80.1
0.33 37.78 178 75 10 80.5 0.21 26.67 115 25 10 81
0.21 37.78 178 100 10 82.7 0.22 26.67 115 25 10 80.8
0.22 37.78 178 100 10 82.5 0.25 26.67 115 25 10 80.5
0.25 37.78 178 100 10 82.2 0.31 26.67 115 25 10 79.2
0.31 37.78 178 100 10 80.9 0.33 26.67 115 25 10 79
0.33 37.78 178 100 10 80.7 0.21 26.67 115 50 10 81.9
0.21 37.78 115 25 10 81.6 0.22 26.67 115 50 10 81.7
0.22 37.78 115 25 10 81.4 0.25 26.67 115 50 10 81.4
0.25 37.78 115 25 10 81.1 0.31 26.67 115 50 10 80.1
0.31 37.78 115 25 10 79.8 0.33 26.67 115 50 10 79.9
0.33 37.78 115 25 10 79.6 0.21 26.67 115 75 10 82.1
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.22 26.67 115 75 10 81.9 0.25 15.56 115 100 10 81.1
0.25 26.67 115 75 10 81.6 0.31 15.56 115 100 10 79.8
0.31 26.67 115 75 10 80.3 0.33 15.56 115 100 10 79.6
0.33 26.67 115 75 10 80.1 0.21 444 178 25 10 79.5
0.21 26.67 115 100 10 82.2 0.22 4.44 178 25 10 79.3
0.22 26.67 115 100 10 82 0.25 4.44 178 25 10 79
0.25 26.67 115 100 10 81.7 0.31 4.44 178 25 10 77.7
0.31 26.67 115 100 10 80.4 0.33 4.44 178 25 10 71.5
0.33 26.67 115 100 10 80.2 0.21 4.44 178 50 10 80.4
0.21 15.56 178 25 10 80.1 0.22 4.44 178 50 10 80.2
0.22 15.56 178 25 10 79.9 0.25 4.44 178 50 10 79.9
0.25 15.56 178 25 10 79.6 0.31 4.44 178 50 10 78.6
0.31 15.56 178 25 10 78.3 0.33 4.44 178 50 10 78.4
0.33 15.56 178 25 10 78.1 0.21 444 178 75 10 80.7
0.21 15.56 178 50 10 81 0.22 444 178 75 10 80.5
0.22 15.56 178 50 10 80.8 0.25 444 178 75 10 80.2
0.25 15.56 178 50 10 80.5 0.31 444 178 75 10 78.9
0.31 15.56 178 50 10 79.2 0.33 4.44 178 75 10 78.7
0.33 15.56 178 50 10 79 0.21 444 178 100 10 80.9
0.21 15.56 178 75 10 81.3 0.22 444 178 100 10 80.7
0.22 15.56 178 75 10 81.1 0.25 4.44 178 100 10 80.4
0.25 15.56 178 75 10 80.8 0.31 4.44 178 100 10 79.1
0.31 15.56 178 75 10 79.5 0.33 4.44 178 100 10 78.9
0.33 15.56 178 75 10 79.3 0.21 4.44 115 25 10 79.8
0.21 15.56 178 100 10 81.5 0.22 4.44 115 25 10 79.6
0.22 15.56 178 100 10 81.3 0.25 4.44 115 25 10 79.3
0.25 15.56 178 100 10 81 0.31 4.44 115 25 10 78
0.31 15.56 178 100 10 79.7 0.33 4.44 115 25 10 77.8
0.33 15.56 178 100 10 79.5 0.21 4.44 115 50 10 80.7
0.21 15.56 115 25 10 80.4 0.22 4.44 115 50 10 80.5
0.22 15.56 115 25 10 80.2 0.25 444 115 50 10 80.2
0.25 15.56 115 25 10 79.9 0.31 444 115 50 10 78.9
0.31 15.56 115 25 10 78.6 0.33 444 115 50 10 78.7
033 15.56 115 25 10 78.4 0.21 4.44 115 75 10 80.9
0.21 15.56 115 50 10 81.3 0.22 4.44 115 75 10 80.7
0.22 15.56 115 50 10 81.1 0.25 4.44 115 75 10 80.4
0.25 15.56 115 50 10 80.8 0.31 4.44 115 75 10 79.1
0.31 15.56 115 50 10 79.5 0.33 4.44 115 75 10 78.9
0.33 15.56 115 50 10 79.3 0.21 4.44 115 100 10 81
0.21 15.56 115 75 10 81.5 0.22 4.44 115 100 10 80.8
0.22 15.56 115 75 10 81.3 0.25 4.44 115 100 10 80.5
0.25 15.56 115 75 10 81 0.31 4.44 115 100 10 79.2
0.31 15.56 115 75 10 79.7 0.33 4.44 115 100 10 79
0.33 15.56 115 75 10 79.5 0.21 37.78 178 25 20 79.3
0.21 15.56 115 100 10 81.6 0.22 37.78 178 25 20 79.1
0.22 15.56 115 100 10 81.4 0.25 37.78 178 25 20 78.8
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.31 37.78 178 25 20 71.5 0.33 26.67 178 50 20 77.6
0.33 37.78 178 25 20 77.3 0.21 26.67 178 75 20 79.9
0.21 37.78 178 50 20 80.2 0.22 26.67 178 75 20 79.7
0.22 37.78 178 50 20 80 0.25 26.67 178 75 20 79.4
0.25 37.78 178 50 20 79.7 0.31 26.67 178 75 20 78.1
0.31 37.78 178 50 20 78.4 0.33 26.67 178 75 20 77.9
0.33 37.78 178 50 20 78.2 0.21 26.67 178 100 20 80.1
0.21 37.78 178 75 20 80.5 0.22 26.67 178 100 20 79.9
0.22 37.78 178 75 20 80.3 0.25 26.67 178 100 20 79.6
0.25 37.78 178 75 20 80 0.31 26.67 178 100 20 78.3
0.31 37.78 178 75 20 78.7 0.33 26.67 178 100 20 78.1
0.33 37.78 178 75 20 78.5 0.21 26.67 115 25 20 79
0.21 37.78 178 100 20 80.7 0.22 26.67 115 25 20 78.8
0.22 37.78 178 100 20 80.5 0.25 26.67 115 25 20 78.5
0.25 37.78 178 100 20 80.2 0.31 26.67 115 25 20 77.2
0.31 37.78 178 100 20 78.9 0.33 26.67 115 25 20 77
0.33 37.78 178 100 20 78.7 0.21 26.67 115 50 20 79.9
0.21 37.78 115 25 20 79.6 0.22 26.67 115 50 20 79.7
0.22 37.78 115 25 20 79.4 0.25 26.67 115 50 20 79.4
0.25 37.78 115 25 20 79.1 0.31 26.67 115 50 20 78.1
0.31 37.78 115 25 20 77.8 0.33 26.67 115 50 20 77.9
0.33 37.78 115 25 20 77.6 0.21 26.67 115 75 20 80.1
0.21 37.78 115 50 20 80.5 0.22 26.67 115 75 20 79.9
0.22 37.78 115 50 20 80.3 0.25 26.67 115 75 20 79.6
0.25 37.78 115 50 20 80 0.31 26.67 115 75 20 78.3
0.31 37.78 115 50 20 78.7 0.33 26.67 115 75 20 78.1
0.33 37.78 115 50 20 78.5 0.21 26.67 115 100 20 80.2
0.21 37.78 115 75 20 80.7 0.22 26.67 115 100 20 80
0.22 37.78 115 75 20 80.5 0.25 26.67 115 100 20 79.7
0.25 37.78 115 75 20 80.2 0.31 26.67 115 100 20 78.4
0.31 37.78 115 75 20 78.9 0.33 26.67 115 100 20 78.2
0.33 37.78 115 75 20 78.7 0.21 15.56 178 25 20 78.1
0.21 37.78 115 100 20 80.8 0.22 15.56 178 25 20 77.9
0.22 37.78 115 100 20 80.6 0.25 15.56 178 25 20 77.6
0.25 37.78 115 100 20 80.3 0.31 15.56 178 25 20 76.3
0.31 37.78 115 100 20 79 0.33 15.56 178 25 20 76.1
0.33 37.78 115 100 20 78.8 0.21 15.56 178 50 20 79
0.21 26.67 178 25 20 78.7 0.22 15.56 178 50 20 78.8
0.22 26.67 178 25 20 78.5 0.25 15.56 178 50 20 78.5
0.25 26.67 178 25 20 78.2 0.31 15.56 178 50 20 77.2
0.31 26.67 178 25 20 76.9 0.33 15.56 178 50 20 77
0.33 26.67 178 25 20 76.7 0.21 15.56 178 75 20 79.3
0.21 26.67 178 50 20 79.6 0.22 15.56 178 75 20 79.1
0.22 26.67 178 50 20 79.4 0.25 15.56 178 75 20 78.8
0.25 26.67 178 50 20 79.1 0.31 15.56 178 75 20 71.5
0.31 26.67 178 50 20 77.8 0.33 15.56 178 75 20 77.3
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.21 15.56 178 100 20 79.5 0.22 444 115 25 20 77.6
0.22 15.56 178 100 20 79.3 0.25 444 115 25 20 77.3
0.25 15.56 178 100 20 79 0.31 444 115 25 20 76
0.31 15.56 178 100 20 71.7 0.33 444 115 25 20 75.8
0.33 15.56 178 100 20 71.5 0.21 4.44 115 50 20 78.7
0.21 15.56 115 25 20 78.4 0.22 4.44 115 50 20 78.5
0.22 15.56 115 25 20 78.2 0.25 4.44 115 50 20 78.2
0.25 15.56 115 25 20 77.9 0.31 4.44 115 50 20 76.9
0.31 15.56 115 25 20 76.6 0.33 4.44 115 50 20 76.7
0.33 15.56 115 25 20 76.4 0.21 4.44 115 75 20 78.9
0.21 15.56 115 50 20 79.3 0.22 4.44 115 75 20 78.7
0.22 15.56 115 50 20 79.1 0.25 4.44 115 75 20 78.4
0.25 15.56 115 50 20 78.8 0.31 4.44 115 75 20 77.1
0.31 15.56 115 50 20 71.5 0.33 444 115 75 20 76.9
0.33 15.56 115 50 20 77.3 0.21 444 115 100 20 79
0.21 15.56 115 75 20 79.5 0.22 444 115 100 20 78.8
0.22 15.56 115 75 20 79.3 0.25 444 115 100 20 78.5
0.25 15.56 115 75 20 79 0.31 4.44 115 100 20 77.2
0.31 15.56 115 75 20 77.7 0.33 444 115 100 20 77
0.33 15.56 115 75 20 71.5 0.21 37.78 178 25 30 75.3
0.21 15.56 115 100 20 79.6 0.22 37.78 178 25 30 75.1
0.22 15.56 115 100 20 79.4 0.25 37.78 178 25 30 74.8
0.25 15.56 115 100 20 79.1 0.31 37.78 178 25 30 73.5
0.31 15.56 115 100 20 77.8 0.33 37.78 178 25 30 73.3
0.33 15.56 115 100 20 77.6 0.21 37.78 178 50 30 76.2
0.21 4.44 178 25 20 77.5 0.22 37.78 178 50 30 76
0.22 4.44 178 25 20 77.3 0.25 37.78 178 50 30 75.7
0.25 4.44 178 25 20 77 0.31 37.78 178 50 30 74.4
0.31 4.44 178 25 20 75.7 0.33 37.78 178 50 30 74.2
0.33 4.44 178 25 20 75.5 0.21 37.78 178 75 30 76.5
0.21 444 178 50 20 78.4 0.22 37.78 178 75 30 76.3
0.22 444 178 50 20 78.2 0.25 37.78 178 75 30 76
0.25 444 178 50 20 77.9 0.31 37.78 178 75 30 74.7
031 444 178 50 20 76.6 0.33 37.78 178 75 30 74.5
0.33 4.44 178 50 20 76.4 0.21 37.78 178 100 30 76.7
0.21 4.44 178 75 20 78.7 0.22 37.78 178 100 30 76.5
0.22 444 178 75 20 78.5 0.25 37.78 178 100 30 76.2
0.25 4.44 178 75 20 78.2 0.31 37.78 178 100 30 74.9
0.31 4.44 178 75 20 76.9 0.33 37.78 178 100 30 74.7
0.33 4.44 178 75 20 76.7 0.21 37.78 115 25 30 75.6
0.21 4.44 178 100 20 78.9 0.22 37.78 115 25 30 75.4
0.22 4.44 178 100 20 78.7 0.25 37.78 115 25 30 75.1
0.25 4.44 178 100 20 78.4 0.31 37.78 115 25 30 73.8
0.31 4.44 178 100 20 77.1 0.33 37.78 115 25 30 73.6
0.33 4.44 178 100 20 76.9 0.21 37.78 115 50 30 76.5
0.21 4.44 115 25 20 77.8 0.22 37.78 115 50 30 76.3
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.25 37.78 115 50 30 76 0.31 26.67 115 75 30 74.3
0.31 37.78 115 50 30 74.7 0.33 26.67 115 75 30 74.1
0.33 37.78 115 50 30 74.5 0.21 26.67 115 100 30 76.2
0.21 37.78 115 75 30 76.7 0.22 26.67 115 100 30 76
0.22 37.78 115 75 30 76.5 0.25 26.67 115 100 30 75.7
0.25 37.78 115 75 30 76.2 0.31 26.67 115 100 30 74.4
0.31 37.78 115 75 30 74.9 0.33 26.67 115 100 30 74.2
0.33 37.78 115 75 30 74.7 0.21 15.56 178 25 30 74.1
0.21 37.78 115 100 30 76.8 0.22 15.56 178 25 30 73.9
0.22 37.78 115 100 30 76.6 0.25 15.56 178 25 30 73.6
0.25 37.78 115 100 30 76.3 0.31 15.56 178 25 30 72.3
0.31 37.78 115 100 30 75 0.33 15.56 178 25 30 72.1
0.33 37.78 115 100 30 74.8 0.21 15.56 178 50 30 75
0.21 26.67 178 25 30 74.7 0.22 15.56 178 50 30 74.8
0.22 26.67 178 25 30 74.5 0.25 15.56 178 50 30 74.5
0.25 26.67 178 25 30 74.2 0.31 15.56 178 50 30 73.2
031 26.67 178 25 30 72.9 033 15.56 178 50 30 73
0.33 26.67 178 25 30 72.7 0.21 15.56 178 75 30 75.3
0.21 26.67 178 50 30 75.6 0.22 15.56 178 75 30 75.1
022 26.67 178 50 30 75.4 0.25 15.56 178 75 30 74.8
0.25 26.67 178 50 30 75.1 0.31 15.56 178 75 30 73.5
0.31 26.67 178 50 30 73.8 0.33 15.56 178 75 30 73.3
0.33 26.67 178 50 30 73.6 0.21 15.56 178 100 30 75.5
0.21 26.67 178 75 30 75.9 0.22 15.56 178 100 30 75.3
0.22 26.67 178 75 30 75.7 0.25 15.56 178 100 30 75
0.25 26.67 178 75 30 75.4 0.31 15.56 178 100 30 73.7
0.31 26.67 178 75 30 74.1 0.33 15.56 178 100 30 73.5
0.33 26.67 178 75 30 73.9 0.21 15.56 115 25 30 74.4
0.21 26.67 178 100 30 76.1 0.22 15.56 115 25 30 74.2
0.22 26.67 178 100 30 75.9 0.25 15.56 115 25 30 73.9
0.25 26.67 178 100 30 75.6 0.31 15.56 115 25 30 72.6
0.31 26.67 178 100 30 74.3 0.33 15.56 115 25 30 72.4
033 26.67 178 100 30 74.1 0.21 15.56 115 50 30 75.3
021 26.67 115 25 30 75 0.22 15.56 115 50 30 75.1
0.22 26.67 115 25 30 74.8 0.25 15.56 115 50 30 74.8
0.25 26.67 115 25 30 74.5 0.31 15.56 115 50 30 73.5
031 26.67 115 25 30 73.2 033 15.56 115 50 30 73.3
0.33 26.67 115 25 30 73 0.21 15.56 115 75 30 75.5
0.21 26.67 115 50 30 75.9 0.22 15.56 115 75 30 75.3
0.22 26.67 115 50 30 75.7 0.25 15.56 115 75 30 75
0.25 26.67 115 50 30 75.4 0.31 15.56 115 75 30 73.7
0.31 26.67 115 50 30 74.1 0.33 15.56 115 75 30 73.5
0.33 26.67 115 50 30 73.9 0.21 15.56 115 100 30 75.6
0.21 26.67 115 75 30 76.1 0.22 15.56 115 100 30 75.4
0.22 26.67 115 75 30 75.9 0.25 15.56 115 100 30 75.1
0.25 26.67 115 75 30 75.6 0.31 15.56 115 100 30 73.8
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.33 15.56 115 100 30 73.6 0.21 37.78 178 50 40 71.2
0.21 444 178 25 30 73.5 0.22 37.78 178 50 40 71
0.22 444 178 25 30 73.3 0.25 37.78 178 50 40 70.7
0.25 4.44 178 25 30 73 0.31 37.78 178 50 40 69.4
0.31 4.44 178 25 30 71.7 0.33 37.78 178 50 40 69.2
0.33 4.44 178 25 30 71.5 0.21 37.78 178 75 40 71.5
0.21 4.44 178 50 30 74.4 0.22 37.78 178 75 40 71.3
0.22 4.44 178 50 30 74.2 0.25 37.78 178 75 40 71
0.25 4.44 178 50 30 73.9 0.31 37.78 178 75 40 69.7
0.31 4.44 178 50 30 72.6 0.33 37.78 178 75 40 69.5
0.33 4.44 178 50 30 72.4 0.21 37.78 178 100 40 71.7
0.21 4.44 178 75 30 74.7 0.22 37.78 178 100 40 71.5
0.22 4.44 178 75 30 74.5 0.25 37.78 178 100 40 71.2
0.25 444 178 75 30 74.2 0.31 37.78 178 100 40 69.9
0.31 444 178 75 30 72.9 0.33 37.78 178 100 40 69.7
0.33 444 178 75 30 72.7 0.21 37.78 115 25 40 70.6
0.21 444 178 100 30 74.9 0.22 37.78 115 25 40 70.4
0.22 4.44 178 100 30 74.7 0.25 37.78 115 25 40 70.1
0.25 444 178 100 30 74.4 0.31 37.78 115 25 40 68.8
0.31 444 178 100 30 73.1 0.33 37.78 115 25 40 68.6
0.33 4.44 178 100 30 72.9 0.21 37.78 115 50 40 71.5
0.21 4.44 115 25 30 73.8 0.22 37.78 115 50 40 71.3
0.22 4.44 115 25 30 73.6 0.25 37.78 115 50 40 71
0.25 4.44 115 25 30 73.3 0.31 37.78 115 50 40 69.7
0.31 4.44 115 25 30 72 0.33 37.78 115 50 40 69.5
0.33 4.44 115 25 30 71.8 0.21 37.78 115 75 40 71.7
0.21 4.44 115 50 30 74.7 0.22 37.78 115 75 40 71.5
0.22 4.44 115 50 30 74.5 0.25 37.78 115 75 40 71.2
0.25 4.44 115 50 30 74.2 0.31 37.78 115 75 40 69.9
0.31 4.44 115 50 30 72.9 0.33 37.78 115 75 40 69.7
0.33 444 115 50 30 72.7 0.21 37.78 115 100 40 71.8
0.21 444 115 75 30 74.9 0.22 37.78 115 100 40 71.6
0.22 444 115 75 30 74.7 0.25 37.78 115 100 40 71.3
0.25 444 115 75 30 74.4 0.31 37.78 115 100 40 70
0.31 4.44 115 75 30 73.1 0.33 37.78 115 100 40 69.8
0.33 4.44 115 75 30 72.9 0.21 26.67 178 25 40 69.7
021 4.44 115 100 30 75 0.22 26.67 178 25 40 69.5
0.22 4.44 115 100 30 74.8 0.25 26.67 178 25 40 69.2
0.25 4.44 115 100 30 74.5 0.31 26.67 178 25 40 67.9
0.31 4.44 115 100 30 73.2 0.33 26.67 178 25 40 67.7
0.33 4.44 115 100 30 73 0.21 26.67 178 50 40 70.6
0.21 37.78 178 25 40 70.3 0.22 26.67 178 50 40 70.4
0.22 37.78 178 25 40 70.1 0.25 26.67 178 50 40 70.1
0.25 37.78 178 25 40 69.8 0.31 26.67 178 50 40 68.8
0.31 37.78 178 25 40 68.5 0.33 26.67 178 50 40 68.6
0.33 37.78 178 25 40 68.3 0.21 26.67 178 75 40 70.9
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Table 6 (continued) Table 6 (continued)
Biomass Ambient Steam Part Biomass Biomass Biomass Ambient Steam Part Biomass Biomass
hydrogen to temperature temperature load moisture  boiler hydrogen to temperature temperature load moisture  boiler
carbon ratio (°C) (°0O) (%) content efficiency carbon ratio (°C) (°0O) (%) content efficiency
(%) (%) (%) (%)
0.22 26.67 178 75 40 70.7 0.25 15.56 178 100 40 70
0.25 26.67 178 75 40 70.4 0.31 15.56 178 100 40 68.7
0.31 26.67 178 75 40 69.1 0.33 15.56 178 100 40 68.5
0.33 26.67 178 75 40 68.9 0.21 15.56 115 25 40 69.4
0.21 26.67 178 100 40 71.1 0.22 15.56 115 25 40 69.2
0.22 26.67 178 100 40 70.9 0.25 15.56 115 25 40 68.9
0.25 26.67 178 100 40 70.6 0.31 15.56 115 25 40 67.6
0.31 26.67 178 100 40 69.3 0.33 15.56 115 25 40 67.4
0.33 26.67 178 100 40 69.1 0.21 15.56 115 50 40 70.3
0.21 26.67 115 25 40 70 0.22 15.56 115 50 40 70.1
0.22 26.67 115 25 40 69.8 0.25 15.56 115 50 40 69.8
0.25 26.67 115 25 40 69.5 0.31 15.56 115 50 40 68.5
0.31 26.67 115 25 40 68.2 0.33 15.56 115 50 40 68.3
0.33 26.67 115 25 40 68 0.21 15.56 115 75 40 70.5
0.21 26.67 115 50 40 70.9 0.22 15.56 115 75 40 70.3
0.22 26.67 115 50 40 70.7 0.25 15.56 115 75 40 70
0.25 26.67 115 50 40 70.4 031 15.56 115 75 40 68.7
0.31 26.67 115 50 40 69.1 0.33 15.56 115 75 40 68.5
0.33 26.67 115 50 40 68.9 0.21 15.56 115 100 40 70.6
021 26.67 115 75 40 71.1 022 15.56 115 100 40 70.4
0.22 26.67 115 75 40 70.9 0.25 15.56 115 100 40 70.1
0.25 26.67 115 75 40 70.6 0.31 15.56 115 100 40 68.8
0.31 26.67 115 75 40 69.3 0.33 15.56 115 100 40 68.6
0.33 26.67 115 75 40 69.1 0.21 4.44 178 25 40 68.5
0.21 26.67 115 100 40 71.2 0.22 4.44 178 25 40 68.3
0.22 26.67 115 100 40 71 0.25 4.44 178 25 40 68
0.25 26.67 115 100 40 70.7 0.31 4.44 178 25 40 66.7
0.31 26.67 115 100 40 69.4 0.33 4.44 178 25 40 66.5
0.33 26.67 115 100 40 69.2 0.21 4.44 178 50 40 69.4
0.21 15.56 178 25 40 69.1 0.22 4.44 178 50 40 69.2
0.22 15.56 178 25 40 68.9 0.25 444 178 50 40 68.9
0.25 15.56 178 25 40 68.6 0.31 444 178 50 40 67.6
0.31 15.56 178 25 40 67.3 0.33 444 178 50 40 67.4
033 15.56 178 25 40 67.1 021 4.44 178 75 40 69.7
0.21 15.56 178 50 40 70 0.22 4.44 178 75 40 69.5
0.22 15.56 178 50 40 69.8 0.25 4.44 178 75 40 69.2
0.25 15.56 178 50 40 69.5 031 4.44 178 75 40 67.9
0.31 15.56 178 50 40 68.2 0.33 4.44 178 75 40 67.7
0.33 15.56 178 50 40 68 0.21 4.44 178 100 40 69.9
0.21 15.56 178 75 40 70.3 0.22 4.44 178 100 40 69.7
0.22 15.56 178 75 40 70.1 0.25 4.44 178 100 40 69.4
0.25 15.56 178 75 40 69.8 0.31 4.44 178 100 40 68.1
0.31 15.56 178 75 40 68.5 0.33 4.44 178 100 40 67.9
0.33 15.56 178 75 40 68.3 0.21 4.44 115 25 40 68.8
0.21 15.56 178 100 40 70.5 0.22 4.44 115 25 40 68.6
0.22 15.56 178 100 40 70.3 0.25 444 115 25 40 68.3
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Table 6 (continued) Appendix 2
Biomass Ambient Steam Part Biomass Biomass ) .
hydrogen to temperature temperature load moisture  boiler Verify the effect of selected attributes
carbon ratio  (°C) C) (%) content efficiency Before applying the learning model, a statistical test is
(%) (%) necessary to verify the selection of attribute. In this work,
031 444 15 25 40 67 one-way ANOVA has been implemented to observe the
033 444 115 25 40 66.3 effect of selected attributes with the target. Since the statis-
021 444 115 50 40 69.7 t;cal telzs(ti 'has FlE)hrerequlsltes, al?alyils is %omp'ute;i' togvterilfy
022 444 115 50 40 69.5 the Va;1 lty}; e sulmrr'lary.o1 each attr1 thel n 1gi] 11; 01(;
0.25 444 (15 50 40 9.2 ;ates t aﬁt e sample Sc;thlS arge enolug (larger tlaim o0
031 444 s s 40 670 for eac group) an ese samples were collecte
individually.
033 4.44 115 50 40 67.7 . .
In this work, the steam temperature has been separated into
0.21 4.44 115 75 40 69.9 . .
6 groups, ranging from 120 to 170 with the offset of 10.
0.22 4.44 115 75 40 69.7 . . .
Consequently, the other attributes also consist of certain
0.25 4.44 115 75 40 69.4 . .
groups. Particularly, the chilled water temperature was com-
031 4.44 115 75 40 68.1 . .
posed of 6 groups; the ambient temperature was split into 5
0.33 4.44 115 75 40 67.9 . . .

o s ) groups—ranging from 24 to 40 using offset of 4; and loading
0. ’ 13 10040 70 ratio was also divided into 4 parts. The distribution of the
0.22 444 15 10040 698 target will be visualized in each group for a revision if any
0.25 4.44 13 10040 69.5 transformation is needed.

0.31 4.44 13 10040 682 According to the histogram plot in Fig. 10, the distributions
0.33 444 15 10040 68 in each group among all attributes project the normal distribu-
tion. Therefore, the distribution transformation step is

Table 7 Ethanol conversion
training data EFB composition PMF composition Reactor temperature (°C) Ethanol conversion ratio

1 0 100 0.4275

1 0 95 0.405

1 0 90 0.36

1 0 85 0.3285

1 0 75 0.2025

1 0 65 0.16

1 0 40 0.13

1 0 30 0.1

0 1 95 0.26

0 1 85 0.243

0 1 75 0.225

0 1 65 0216

0 1 40 0.2025

0 1 30 0.135

0 0 100 0

0 0 80 0

0 0 70 0

0 0 60 0

0 0 50 0

0 0 40 0

0 0 25 0

EFB empty fruit bunch, PMF palm mesocarp fiber
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Table8 Statistical summary of the dataset. The computation includes the number of data, mean, max, min, and relevant feature’s value in each quartile

Steam_temperature Chilled water temperature Ambient _temperature Part _load ARS COP
Count 720.000000 720.000000 720.000000 720.000000 720.000000
Mean 145.000000 7.500000 32.000000 62.500000 1.680824
Std 17.090124 1.709012 5.660787 27.97028 0.386725
Min 120.000000 5.000000 24.000000 25.000000 0.843927
25% 130.000000 6.000000 28.000000 43.75000 1.382457
50% 145.000000 7.500000 32.000000 62.500000 1.658921
75% 160.000000 9.000000 36.000000 81.25000 1.951956
Max 170.000000 10.000000 40.000000 100.000000 2.711563

Units: temperature, °C; part_load, %; ARS_COP, no units

dissolved. The last step of verification is demonstrated by
Fig. 11 which summarizes the standard deviation. Observing
the results in each group, the conclusion of similar standard
deviation is derived and the quartiles of attributes also were
not much different.

According to the one-way ANOVA, the p value of the first
three attributes—steam temperature, chilled water tempera-
ture, and ambient temperature—were really small which led
to the rejection of the null hypotheses and adoption of the
alternative hypotheses. It implied that these attributes have
the strong effects on the target output. As the p value of the
part load attribute was too high to reject the null hypothesis, it
is suggested that the effect of the part load is not significant.
These remarks suggest the output of small coefficients for
lesser effect attribute and high coefficient for strong affect
attributes in the later learning model.

Histogram of target from the group of Steam_temperature = 120

Histogram of target from the group of Steam_temperature = 130

Model tuning and error analysis

As the NDE algorithm has the ability to examine vari-
ous network architectures to select the optimality, we
also verify the efficiency of different architectures when
reproducing ANN. In our work, the efficient but ex-
haustive grid-search approach was implemented to de-
duce the most relevant architecture as well as hyper-
parameters. Firstly, the designed grid search reviews
the performance regarding number of layers and number
of hidden nodes.

The usual ANN architecture is built in a top—down hierar-
chy model in which the number of nodes will decrease after
each layer. This conventional architecture combines the raw
features to generate abstract features in the first layer layers.
Consequently, the higher context features are deduced in the

Histogram of target from the group of Steam_temperature = 140

20.0

175 175

15.0 15.0

125 2s
100 100
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50 50

25 25

0.0 00

Histogram of target from the group of Steam_temperature = 150

Histogram of target from the group of Steam_temperature = 160

175
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25
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Histogram of target from the group of Steam_temperature = 170
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Fig.9 The target distribution with respect to different groups of steam temperature (°C). Overall, the histogram graph confirmed the normal distribution
of the target value. This remark the validity of conducting hypothesis testing on the effect of the steam temperature (°C) with the target
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Histogram of target from the group of chilled_water_temperature = 5
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Fig. 10 The histogram plot of the other features with respect to the target value. Similarly, the distributions fit the normal distribution and hence proceed

with the statistical test

later layer. However, as the data is small and simple, only a
few layers are used to avoid the complex generalization. The
learning error in Fig. 12 indicates the saturation of the learning

Table 9 The standard deviation
of each group of features. The
computation is required for later
outlier removal and evaluate the
effect of strong variance

coefficient as increasing the number of layers. The result sug-
gests that the network adopt a simple 1 hidden layer to mini-

mize the cost function.

Steam temperature
Group 170
Standard deviation 0.390735
Chilled water temperature

Group 5

Standard deviation 0.274569
Ambient temperature

Group 24

Standard deviation 0.22258
Part load

Group 25

Standard deviation 0.298816

160
0.391299

6
0311782

28
0.268168

50
0.396372

150
0.386782

7
0.335166

32
0.285359

75
0.410334

140
0.377373

8
0.356559

36
0.309138

100
0.327761

130
0.368833

9
0.372407

40
0.188627

120
0.345422

10
0.389728

Units: temperature, °C; part_load, %
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Table 10 ANOVA to determine
if the hypothesis, which states the

Sum_sq df F

PRGF)

selected features have no effect on
the target value, is true.

Steam_temperature

According to the critical scoreand  Steam_temperature 4.646126 1.0 32.423897 1.807475¢—08
P value (less than 0.95). The null g ogigg) 102.884572 7180 NaN NaN
hypotheses are rejected and then .
the alternative hypotheses Chilled_water_
adopted temperature
Chilled_water 22.898428 1.0 194.2648 2.969303e—39
temperature
Residual 84.632271 718.0 NaN NaN
Ambient_temperature
Ambient_temperature 57.846509 1.0 835.955927 1.698325¢-122
Residual 49.684190 718.0 NaN NaN
Part load
Part load 0.024097 1.0 0.160934 0.688418
Residual 107.506602 718.0 NaN NaN
Table 11 The grid search cross-validation for multilayer perceptron

tuning. Three models with different numbers of nodes have been exam-
ined. The search range is selected to satisfy the following requirement.
The number of hidden must be larger than the number of input nodes and
should not be big enough (in this case, we chose at least 4 times the
number of input nodes) to avoid the complexity of the model

1 hidden layer
Number of nodes 5-6-7-8-9-10-11-12-13-14-15
2 hidden layers

Number of nodes in layer 1 5-6-7-8-9-10-11-12-13-14-15
Number of nodes in layer 2 5

3 hidden layers

5-6-7-8-9-10 —11-12-13-14-15

Number of nodes in layer 2 5

Number of nodes in layer 1

Number of nodes in layer 3 3

The Fig. 4 examine the performance using various nodes.
The MSE is computed on the validation set after applying the
5-fold cross-validation technique. Each figure is composed of
the learning progress of each fold and mean line to measure
the average performance of five estimators. In this data, the
model learns gradually as long as there is an increase in the

number of nodes. Although the improvement was still
achieved after 10 nodes, the difference is not significant—
the learning slope flattened after the 10 nodes in 4 out of 5
folds. As a result, the default recommended setting is adopted
to build ANN architecture for this problem.

Consequently, the most appropriate activation function
used in neural networks is selected based on the comparison
analysis results. As the model predicts a non-negative output,
a rectified linear unit is always used for the last layer. For the
case of 2 hidden layers and 3 hidden layers, logistics function
and tanh function have been reviewed alternatively. However,
the difference was not significant. The same analysis was
conducted with the other two datasets to attain the conclusion.

NomenclatureSets b, {1, ...., N} is a set of biomass types

Variable ¢, Ratio; 7, Efficiency; COP, Coefficient of performance;
Cost, Operating cost, USD/h; m, Mass flowrate, kg/h; P, Power consump-
tion, kWh; Pf, Hourly profit, USD/h; T, Temperature, °C; NPf, Net profit,
USD/h

Parameter «, Penalty cost factor; C, Cost unit factor; HHV, Higher
heating value, kJ/kg; m, Mass flowrate demand, kg/h; P, Power demand,
kWh

Abbreviations AMB, Ambient; ANN, Artificial neural network; ARS,
Absorption refrigeration system; BM, Biomass; CHW, Chilled water;

MSE score

2000

—— 1hidden Layer
2 hidden layers
—— 3hidden layers

6 8 10

Number of nodes

12 14

Fig. 11 The model performance with respect to increasing the number of hidden layers. The y-axis indicates the metric evaluation while the x-axis

denotes the number of used hidden layers
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Number of nodes

Fig. 12 The model performance with respect to increasing the number of
hidden nodes. The y-axis indicates the metric evaluation while the x-axis
denotes the number of used hidden layers. The first plot describes the

DNN, Deep neural network; ESP, Enforced sub-populations; ETH,
Ethanol; GA, Genetic algorithm; HC, Hydrogen to carbon ratio; MAX,
Maximum capacity; MIX, Mixture; NEAT, Neuroevolution of augment-
ing topologies; NDE, Neuro differential evolution; NLP, Nonlinear pro-
gramming; PL, Part load
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