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The rapid growth of vehicular pollution; mostly running on the diesel engine, emissions

emerging are the concerns of the day. Owing to clean burn characteristics features,

Hydrogen (H2) as a fuel is the paradigm of the researcher. Extensive research presented in

the literature on H2 dual fueled diesel engine reveals, the significant role of H2 in reducing

emissions and enhancing the performance of a dual fueled diesel engine. With meager

qualitative experiment data, the feasibility to develop an efficient Artificial Neural

Network (ANN) model is investigated, the developed model can be utilized as a tool to

investigate the H2 dual fueled diesel engine further. In the process of developing an ANN

model, engine load and H2 flow rate are varied to register performance and emission

characteristics. The creditability of the experiment is ascertained with uncertainty

analysis of measurable and computed parameters. Leave-out-one method is adopted with

16 data sets; seven training algorithms are explored with eight transfer function combi-

nations to evolve a competent ANN model. The efficacy of the developed model is

adjudged with standard benchmark statistic indices. ANN model trained with Broyden,

Fletcher, Goldfarb, & Shanno (BFGS) quasi-Newton backpropagation (trainbfg) stand out

the best among other algorithms with regression coefficient ranging between 0.9869 and

0.9996.

© 2017 Hydrogen Energy Publications LLC. Published by Elsevier Ltd. All rights reserved.
(J. Syed).
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Introduction

For decennaries, the dominant underpinning power source in

industrial and transportation sector is diesel powered en-

gines. With the rapid growth of transportation, emissions

from the diesel-fueled engines are concerns of the day.

Depletion of fossil fuel and an increase in emission made re-

searchers endeavor for energy substitution with renewable

and sustainable fuel in conjunction with a reduction in

emissions. Literature divulges the cardinal role of hydrogen

(H2) as a dual fuel in diesel engines with enhanced perfor-

mance and reduced emissions.

On the embarked prospect of performance enhancement

and diminution in emission, the diesel engine was duel fueled

with H2. It was divulged that increase in H2 energy substitu-

tion ratio increases thermal efficiency and NOx emissions [1].

Mathur et al. [2] investigated utilization of H2 fuel in dual

fueled diesel engine on a commercial 4 kW diesel engine. The

H2 flow rate of 20e50 l/min were attempted, water is injected

as a diluent to the cylinder to reduce knocking at higher H2

energy substitution. The significant findings of experimenta-

tion reiterate the fact that, H2 could be expediently used to

enhance performance and alleviate emissions.

H2 induction through intake port was inquisited on Kir-

loskar AV-1 single cylinder diesel engine and compared out-

comes with computational fluid dynamics analysis [3]. An

increase in peak pressure&NOx emissions with advancement

in ignition and increase in combustion velocity with the

augmentation of H2 substitution were reported. H2 can be

inducted into the cylinder by natural aspiration along with

intake air or by injecting in the intake manifold. Lata et al. [4]

inducted H2 naturally through an intake manifold of a diesel

engine running at 1500 rpm. At 80% engine load, H2 dual fuel

engine reported an increase in brake thermal efficiency (BTE)

of 4.48% as compared to baseline diesel fuel, but H2 flow rate

beyond 45% energy substitution results in a decrease in BTE.

In the presence of H2 fuel, CO (carbon monoxide) emissions

decrease as compared to baseline diesel fuel due to the

absence of carbon particles.

An inquest into a variation of H2 flow rate from 0 to 7.4% by

energy was probed, H2 substitution abates particulate matter

emissions, and the effect of H2 flow rate in reduction of NOx

(nitrogen oxide) is marginal [5]. Santoso et al. [6] investigated

H2 addition at low engine load conditions; the engine was run

at the constant speed of 2000 rpmand 10Nm load. Enrichment

of fuelmixture with H2 flow rate from 21.4 to 49.6 l/min results

in a decrease in peak pressure and BTE.

The role of H2 energy substitution on engine performance

and emissions is espied by De Morais et al. [7]. H2 energy

substitution was varied from 0 to 20% while varying engine

load from 0 to 40 kW. It was found that small H2 energy sub-

stitution results in a decrease in specific fuel consumption.

Also, carbon dioxide emissions decreasewith a supplement of

H2 fuel. With the increase in engine load, the oxygen con-

centration in exhaust decreases, whereas EGT increase. Zhou

et al. [8] effectuated experiments by increasing H2 energy

substitution from 0 to 40% at a constant engine speed of

1800 rev/min. H2 was naturally aspirated into the intake

manifold, and engine load is varied. The role of H2 energy
Please cite this article in press as: Syed J, et al., Artificial Neural Ne
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substitution with engine load was apparent. With 30% H2

energy substitution at 90% load, a drastic increase in peak

pressure, shorten ignition delay and combustion durationwas

recorded. Results show erratic combustion at higher H2 energy

substitution operating at higher loads.

Owing to carbon-free characteristics of H2 fuel along with

high calorific value, emanating lower emissions and exhibit-

ing better performance behavior, endeavors confirm utiliza-

tion of H2 as energy substitution as a dual fueled mode in a

diesel engine with minor modifications to the existing diesel

engine. On the other hand, H2 dual fueled engine experi-

mentations are strenuous and arduous. It is noteworthy to

mention that, with minimum significant qualitative experi-

mentation data, an efficient Artificial Neural Network (ANN)

model can be modeled to accurately predict the performance

and emission characteristics of a diesel engine running on

diesel fuel [9e12]. Parlak et al. [9] designed backpropagation

neural model with three inputs, seven neurons and two out-

puts (specific fuel consumption and EGT). The mean absolute

relative error was employed to judge the efficacy of the model

for a diesel engine. Yusaf et al. [10] model to predict diesel

engine torque and emissions accede to regression coefficients

of 0.955.

Uzan [11] illustrated the development of ANN model for a

turbocharged inter cooled diesel engine. Predictions obtained

with the well-trained model were used to perform parametric

studies. Bietresato et al. [12] model to predict torque and brake

specific fuel consumption (BSFC) of a diesel engine, various

transfer functions were tested, and maximal regression co-

efficient was observed for Gaussian transfer functions.

Literature review reveals, H2 has notable engine perfor-

mance & emission characteristics and is viable to be used as

dual fuel in a diesel engine. Numerous network models were

developed for diesel engine running on diesel fuel. However,

sparse ANN models were reported in the literature to predict

performance and emission characteristics of an H2 dual fueled

diesel engine.

Current research aims at developing robust ANN model

with meager data generated from the experiment, which can

efficiently predict the performance and emission character-

istics of H2 dual fueled diesel engine. The efficacy of the

developed model is adjudged comparing with the current

experimental results adapting standard benchmark statistics

indices. The developed model can aid in the further investi-

gation of H2 as a dual fuel in a diesel engine.
Artificial Neural Network

Working model of ANN is quite close to the functioning of the

human brain. When a set of input signal is received at a

neuron, each input signal is weighted, sum together, and

subjected to an activation (transfer) function. The neuron gets

fired, i.e., transmit a signal to another neuron or environment

when the resulted signal exceeds the threshold limit (bias) of

the neuron. This configuration is known as a perceptron. The

architecture of the perceptron is shown in Fig. 1.

The outcome of the perceptron is judged based upon the

performance function such asMean Squared Error (MSE). New

weights and activation levels are redefined feeding the error.
twork modeling of a hydrogen dual fueled diesel engine charac-
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Fig. 1 e Perceptron configuration with three transfer functions.
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Such process of training perceptron is known as feed-forward

backpropagation network. Taking into account of non-

linearity in data, additional layer(s) of neurons are included

between input and output layer, which leads to the formation

of multi-layer perceptron network. Various training algorithm

to train the perceptron are Levenberge Marquardt (trainlm),

Gradient descent with adaptive learning rate (traingda),

Gradient descent with momentum and adaptive learning rate

backpropagation (traingdx), Resilient backpropagation

(trainrp), Conjugate gradient backpropagation with Fletcher-

Reeves updates (traincgf), Scaled conjugate gradient back-

propagation (trainscg) and Broyden, Fletcher, Goldfarb, &

Shanno (BFGS) quasi-Newton backpropagation (trainbfg).

Based upon the nature of the relationship between inputs and

targets, the output of perceptron is subjected to either of these

transfer functions: Hyperbolic tangent sigmoid (tansig), Log-

arithmic sigmoid (logsig) and Linear (purelin). For an efficient

model, selection of training algorithm, transfer function and

number of neurons in hidden layers plays a decisive role.
Table 1 e Technical specifications of the test rig.

Sl. no. Parameter Specification

1 Make Kirloskar

2 Model AV1

3 Type Single-cylinder, Four-stroke,

Direct Injection, Water-cooled

CI Engine

4 Rated power 3.7 kW @1500 rpm

5 Bore & Stroke 80 � 110 mm

6 Swept volume 0.553 l

7 Governing class B1 as per IS:10000

8 Compression ratio 16.5:1, Range: 13.51e20

9 Dynamometer Electrical AC Alternator, PF: 0.7

10 Orifice diameter 20 mm
Methods summary

Engine test rig

The current experimentation investigation is conducted on a

Kirloskar AV1 engine test rig, specifications of which are

detailed in Table 1 and experimental set up is schematically

sketched in Fig. 2. Inlet air measurement is done with the aid

of U-tube manometer and diesel fuel consumption is

measured using a burette and stopwatch. Volumetric flow rate

of H2 is controlled with the help of a rotameter and pressure

with a pressure regulator valve. H2 being highly inflammable,

backfire propagation of flame is arrested using flame arrestor

and flash arrestor. H2 is premixed with air in an enrichment

chamber attached ahead to the inlet port and mixture is
Please cite this article in press as: Syed J, et al., Artificial Neural Net
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inducted through the inlet valve of the engine. Diesel fuel is

injected directly into the cylinder with the help of a me-

chanical injector; details of fuel injection are presented in

Table 2. Thermocouples are installed at various positions of

set up to register temperatures. The digital tachometer is

employed to record engine speed; a governor maintains the

constant engine speed of 1500 rpm. An AC alternator is

coupled to the engine to evaluate power generation in terms of

kW; heating coils are connected to an alternator to employ

load on the engine. All the sensors are coupled to data

acquisition card to register the reading digitally. Emission

parameters are observed with a Mars multi-gas analyzer,

specifications of emission analyzer are tabulated in Table 3.

Experimentation

Coolingwater to the engine is turned ON, and a flow rate of 3 l/

min is maintained using a rotameter. The engine is made to

run on standard diesel fuel. Emission analyzer is warmed for

7 min and ensured that a display of 20.9% for oxygen reading
work modeling of a hydrogen dual fueled diesel engine charac-
Energy (2017), http://dx.doi.org/10.1016/j.ijhydene.2017.04.096
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Fig. 2 e Experimental set up (1. H2 Cylinder, 2. Pressure Regulator, 3. Flash Back Arrestor, 4. Flame Arrestor, 5. Air Tank, 6.

Enrichment Unit, 7. Liquid Fuel Tank, 8. IC Engine, 9. AC Dynamometer, 10. Heating Elements, 11. Load Control Panel, 12.

Emission Analyser, 13. Crank Angle Sensor, TC. Thermocouple).
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while other parameters show 0% reading. Load on the engine

is applied by switching-ON 0.5 kW heating element. The

temperature at the outlet of cooling water is monitored, when

the constant temperature is attained i.e. steady state condi-

tion of operation, time for 20 ml of diesel consumption,

generator voltage& current, emission parameters and EGT are

registered. The same procedure is repeated for 1, 2 and 3 kW

engine load.

The engine is allowed to cool to room temperature; it is

ensured that cooling water inlet and outlet temperatures are

same. The engine is run on diesel fuel, and H2 (99.9% purity) at

a pressure of 1 bar is allowed to flow at 0.5 l/min. Performance

and emissions parameters are recorded for all the loads at

steady state operating condition. The above process is

repeated for 1 and 1.5 l/min H2 flow rate for 1, 2 and 3 kW

engine load.

Uncertainty analysis

Experimentation on engine engrosses range of instruments to

measure different parameters. Instrument holds certain error

in the measurement of the parameter known as fixed error.
Table 2 e Details of diesel fuel injector.

Sl. no. Parameter Specification

1 Make Bosch

2 Type Mechanical

3 Injection pressure 210 bar

4 Number of holes 3

5 Nozzle diameter 0.15 mm

6 Injection advance 23� top dead center

Please cite this article in press as: Syed J, et al., Artificial Neural Ne
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Other factors like environmental conditions also lead to in-

accuracy in measurement. Directly measured parameters

include all such errors. Hence, total uncertainty inmeasurable

parameters needs to be evaluated. The validity of such mea-

surements is carried out with a degree of ambiguity in mea-

surement. Parameter's measurable total uncertainties, in

turn, propagate to computed parameter accuracy. The accu-

racy of the experimentation depends on all uncertainties

involved. Each set of experiments is repeated for three times

and mean is considered for evaluating computed parameters

or analyzing the results. Estimation of uncertainty in

measurable and computed parameters is presented in Tables

4 and 5 respectively. Formulation of uncertaintywith a sample

calculation is provided in Appendix A. Uncertainty of the

experiment when the engine is run on diesel fuel with an H2

flow rate of 1.5 l/min at 3 kW load is stretched amidst 0.5 and

2.1%.

Development of ANN model

Efficacy of the ANNmodel depends upon the data used to train

themodel. Hence, significant caremust be taken in generating

experiment data within acceptable uncertainty limits. The

uncertainty tallies presented in Tables 4 and 5 shows the

tolerances of the data generated from the current research

work. In the current research, load and H2 flow rate are

considered as inputs to the network whereas, BTE, BSFC, CO,

NOx, HC (hydrocarbon) and EGT as targets. The network ar-

chitecture showing input, hidden and the output layer is

represented in Fig. 3. With a combination of four loads, three

H2 flow rate and diesel fuel, 16 data sets are generated from

experimentwork. Proper utilization of data plays a crucial role
twork modeling of a hydrogen dual fueled diesel engine charac-
Energy (2017), http://dx.doi.org/10.1016/j.ijhydene.2017.04.096
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Table 4 e Sample estimation of uncertainty (%) in measurable parameters at a 3 kW load for diesel fuel with H2 flow rate of
1.5 l/min.

Measured
Parameter

Test-1 Test-2 Test-3 Mean¼X Variable error
with 95% confidence

level ¼ 2s

% U:95 ¼ 2s�100
X

% Fixed
error of

Instrument
(FEI)

% Total Uncertainty

in measurementðTUÞ

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
U2

:95 þ FEI2
q

HC (ppm) 7 7 7 7 0.000 0.000 0.5 0.50

CO (vol%) 0.189 0.186 0.19 0.188 0.003 1.737 0.5 1.81

NOX (ppm) 321 320 322 319 2.494 0.779 1.5 1.69

EGT (�C) 209 207 209 211 3.266 1.563 1 1.86

Table 3 e Emission analyzer specifications.

Sl. no. Measured
qty.

Measuring
range

Accuracy Resolution Others

1 CO 0e10.0 vol% þ/� 0.01 vol% 0.01 vol%

2 HC 0e1000 ppm þ/� 1 ppm 1 ppm

3 NOx 0e2000 ppm þ/� 1 ppm 1 ppm

4 e e e e Warm up time: 7 min

5 e e e e Response time: < 15s

6 e e e e PC Interface: Yes, RS 232
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in developing a proficient model. Owing to fewer data sets

available, the leave-one-out (an extreme version of cross-

validation) method is adopted to train the model [13,14]; the

network model is developed with all data sets leaving one set

for validation of the model. The process is repeated for

another 15 times, so that entire data set gets involved in

training the network. Though such method of developing the

model is very intensive, the performance of the model is

noteworthy as all data sets are virtually participated in

training the network [15]. Before feeding the network with the

data sets, normalization of data between 0.1 and 0.9 [16] need

to be computed by using Eq. (1) [9,17,18]. The range of values

for experiment data are shown in Table 6. The data is ran-

domized before feeding to train the model.
Normalized value ¼
�
ðUpper Limit� Lower limitÞ�

�
Experiment value� Experiment valueMin:

Experiment valueMax: � Experiment valueMin:

�
þ Lower limit

�
(1)
Current ANN model is developed on MATLAB platform, a

flow chart representing the development process is shown in

Fig. 4. Multi-layer perceptron networkwith one hidden layer is

considered for present research work. Counters used for it-

erations are initialized before training the model, and weights

initialization are done randomly. All the 16models are trained

with various training algorithms such as trainlm, traingda,

traingdx, trainrp, traincgf, trainscg and trainbfg, whereas

combinations of transfer functions (tansig, logsig, purelin) are

employed with each algorithm. For every algorithm with a

combination of transfer function, number of neurons in the
Please cite this article in press as: Syed J, et al., Artificial Neural Net
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hidden layer is varied from 1 to 25. Statistical benchmark

indices such as Root Mean Squared Error (RMSE), Mean Ab-

solute Percentage Error (MAPE), Regression Coefficients (R),

Nashe Sutcliffe Efficiency (NSE) and Kling-Gupta Efficiency

(KGE) are adopted for adjudging the proficiency of the trained

model. The indices are computed using Eqs. (2)e(6). While

training ANNmodel, theminimumgradient of 10�7 and 10,000

epochs are used as stopping criteria. In the process of attain-

ing the acceptable tolerance for benchmarks, a model with

local minima may result; this is prevented by iterating the

above process for 100 times. Out of all trained models with

various combinations of algorithms and transfer functions,

ANNmodel having global minima is simulated for all 16 input

data sets to realize corresponding outputs of the model. De-
normalization of simulated results is computed following

Eq. (7).

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

(Xn
i¼1

ðTi � OiÞ2
)vuut (2)

MAPE ¼
(
100
n

Xn
i¼1

����
�
Ti � Oi

Ti

�����
)
% (3)
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Table 5 e Uncertainty (%) in performance parameters and
their relevant measurable parameters at a 3 kW load for
diesel fuel with H2 flow rate of 1.5 l/min.

Parameter Variable Uncertainty in
measurement
or computation

Voltage Voltage in V þ/� 2

Current Current in A þ/� 0.01

Diesel fuel volume

measurement (Burette)

Volume in ml þ/� 0.2

Time measurement for

diesel fuel consumption

Time in s þ/� 1 s

H2 flow measurement

(Rotameter)

Flow rate in l/min þ/� 0.015

Brake power Voltage, Current þ/� 0.827%

Mass flow rate of

diesel fuel

Volume of diesel

fuel, Time

þ/� 1.94%

Mass flow rate of H2 Flow rate of H2 þ/� 1%

Total fuel consumption Volume of diesel

fuel, Time, Flow

rate of H2

þ/� 1.927%

BSFC Brake Power,

Total fuel

consumption

þ/� 2.1%

BTE Brake Power,

Volume of

diesel fuel, Time,

Flow rate of H2

þ/� 0.89%

i n t e r n a t i o n a l j o u r n a l o f h y d r o g e n en e r g y x x x ( 2 0 1 7 ) 1e2 56
R ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�

(Pn
i¼1ðTi�OiÞ2Pn

i¼1O
2
i

)vuut (4)

NSE ¼
�
1�MSE

s2
T

�
(5)

KGE ¼
�
1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffih
ða� 1Þ2 þ ðb� 1Þ2 þ ðg� 1Þ2

ir �
(6)
De�Normalized value ¼
�
sim:valueANN*

�
Max: valueExp: �Min: valueExp:

2

�
þ
�
Max: valueExp: þ Min: valueExp:

2

��
(7)
Results and discussion

During the experimentation, volumetric flow rate of inlet air

and cooling water are maintained constant. While varying the

engine load and H2 flow rate, performance characteristic's
parameters and emission characteristics are recorded. Based

on the performance and emission characteristic's data

emanated from the current experimentation, ANN model is

developed.
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Performance characteristics

Brake thermal efficiency
Brake Thermal Efficiency is the measure of engine efficiency

to convert heat energy of fuel to mechanical energy. In the

current experiment set up, the engine is coupled to an AC

generator. The output of the generator ismeasured in terms of

voltage (V) and current (I) which intern is used in evaluating

the BTE following Eq. (8).

Brake Thermal Efficiency ¼
( �

V*I
0:7*1000

	
*100

ðMD*CVDÞ þ
�
MH2

*CVH2

	
)
% (8)

Engine load is varied for a different flow rate of H2 and BTE

is plotted against load as depicted in Fig. 5. At a particular load,

when the H2 flow rate is increased from 0 to 1.5 l/min, it is

noted that diesel fuel consumption decreases. This clearly

shows H2 fuel is taking part in the combustion process. The

addition of H2 contributes to the increase of in-cylinder peak

pressure and temperature, brings positive effect on engine

efficiency [19]. From Fig. 5 it is noted that in comparison to

diesel fuel, the supply of H2 shows better BTE except at peak

load condition. With the induction of H2 at peak engine load

condition, abnormal combustion occurs due to shortened

ignition duration and ignition delay [20], leading to drop in BTE

compared to diesel fuel. Effect of H2 flow rate variation is

marginal at low load condition due to a low in-cylinder tem-

perature which is in confirmation of results in the literature

[21,22].

Brake specific fuel consumption
It is a measure of fuel consumption to develop a unit brake

power and is evaluated as per Eq. (9). Fig. 6 exemplified vari-

ation of BSFC on engine load. H2 has higher diffusivity of

0.63 cm2/s with air, forms a perfectly homogeneous mixture

with air and diesel. H2 dual fueled engine having better com-

bustion process than diesel fuel when substitutes the diesel

fuel, BSFC of engine enhances. A similar trend is observed by

researchers [21,23,24]. Due to higher combustion tempera-

tures at peak load condition, combustion duration is short-
ened leading to escape of unburned fuel during exhaust.

Moreover, at higher loads with an increase in H2 flow rate, air-

H2 fuel ratio decrease causing loss of volumetric efficiency

[25]; lead to marginal increase in BSFC compared to 2/3rd load

condition which is in lines with the observation of Lilik et al.

[26] and Hamdan et al. [27].

Brake Specific Fuel Consumption

¼
(�

MD þ MH2

	
*3600�

V*I
0:7*1000

	
)
kg=kW� h (9)
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Fig. 3 e Artificial Neural Network architecture of present research work.
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Emission characteristics

Carbon monoxide emission
Carbonmonoxide is formed when there is insufficient oxygen

during the combustion process. It is colorless, odorless and

tasteless with a density slightly less than air. In general, diesel

engines are operated under a lean stoichiometry. The prin-

cipal path of CO formation is shown in Eq. (10) where R is

hydrocarbon radical [28].

RH/R/RO2/RCHO/RCO/CO (10)

CO emission variations for different H2 flow rate are plotted

against engine load and are illustrated in Fig. 7. With the in-

crease in engine load, the air-fuel ratio decreases leading to

incomplete combustion of fuel resulting increase in CO

emissions. This is a normal tendency as registered in the

literature [29]. H2 being carbon-free fuel, with an increase in H2

flow rate, CO emissions decreases for all load conditions [30].

The reduction in CO emissions, for diesel dual fueled with an
Table 6 e Range of inputs and targets obtained from
experiments.

Parameter Minimum value Maximum value

Load (kW) 0.5 3

H2 Flow rate (l/min) 0 1.5

BTE (%) 11.486 31.628

BSFC (kg/kWh) 0.261 0.722

HC (ppm) 1 30

CO (vol%) 0.048 0.296

NOX (ppm) 87 339

EGT (�C) 111 209
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H2 flow rate of 1.5 l/min as compared to neat diesel is 41 and

36% at low load and peak load respectively; this is attributed to

higher temperatures at peak load condition.

At 1 kW engine load, EGT is found to be lower for 0.5H2 flow

rate compared to other flow rate, indicating incomplete

combustion which in turn resulting in higher CO emission.

With the increase in load to 2 kW, air-fuel ratio drop leading to

a further increase in CO emissions. This reveals that the

addition of 0.5H2 flow rate at 1 and 2 kW load does not show

any improvement in CO emissions.

Nitrogen oxide emissions
Nitrogen Oxide emissions are most adverse emission during

combustion process [31]. It is a well-known fact that forma-

tion of NOx mainly depends upon in-cylinder temperatures,

oxygen content and resident time. Formation of NOx (nitric

oxide and nitrogen dioxide) is as shown in Eqs. (11)e(14) [32]:

OþN24NOþN (11)

Nþ O24NOþ O (12)

Nþ OH4NOþH (13)

NOþ H2O4NO2 þH2 OR NOþ O24NO2 þ O (14)

Fig. 8 demonstrates the variation of NOx emission over

engine load. Similar to CO emission, with induction of H2 at all

loads, NOx emission is improved compared with baseline

diesel fuel, this is attributed to an increase in peak heat release

rate with H2 [33]. Statistical analysis of results for H2 flow rate

variation from 0 to 1.5 l/min shows 3.5% improvement in NOx

emission at peak load (11%) compared to low load (7.5%)
work modeling of a hydrogen dual fueled diesel engine charac-
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Fig. 4 e Flow chart of the proposed feed-forward

backpropagation neural network model development.
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condition. This is ascribed to higher temperatures at peak load

conditions. Correlation between NOx and EGT is shown in

Fig. 9. In-cylinder combustion temperatures increases with

increase in engine load, hence NOx emissions increase with

the increase in EGT [34]. Combustion flame temperature is the

primary function in the rate of NOx formation. The results

reveal that with induction of H2, NOx is lowered. Also, at peak
Please cite this article in press as: Syed J, et al., Artificial Neural Ne
teristics: An experiment approach, International Journal of Hydrogen
load operating condition, the rate of EGT variation is higher

than NOx formation, this is attributed to better combustion

phenomena.

Hydrocarbon emission
Hydrocarbon emissions are unburnt hydrocarbon resulting

from incomplete combustion of fuel due to low combustion

temperatures. Such unburnt fuel will be deposited at bound-

ary layers and crevices [35]. Variation of HC emissionwhen the

engine load is varied for different H2 flow rate is portrayed in

Fig. 10. Due to the high flame speed of H2, the rate of H2

combustion is fast. With the induction of H2 at low loads,

owing to lower combustion temperatures inferior combustion

phenomena occurs resulting in the escape of unburnt HC. The

repercussion of increasing load is a rise in combustion tem-

peratures, resulting lessening of HC emissions. Current results

are similar to observations found in the literature [21,22]. At

peak engine load, the H2 flow rate of 0.5 l/min show lower HC

emission; this is attributed to lean H2 fuel mixture. HC emis-

sion decreases with the induction of H2, nevertheless, in-

creases for 1.5H2 flow rate. This phenomenon is attributed to

the high flame speed of combustionwith the high H2 flow rate.

Exhaust gas temperature
Variation of exhaust gas temperature with engine load is

delineated in Fig. 11. Experimental investigation reveals that

maximum rate of pressure rise and peak pressure increases

with induction of H2 in a dual fuel engine operation [36]. For all

loads, diesel fuel presents low EGT compared to H2 induction

[37]. This is imputed to rise in heat release rate when H2 is

induced [19,38]. At peak operating load condition, H2with 1.5 l/

min flow rate demonstrations 2.5% increase in EGT compared

to baseline diesel fuel.

Emission-performance trade-off study

Depletion of fossil fuel and emissions are the major concerns

of the globe [39]. The paradigm is to reconnoiter fuel which

possesses better BSFC and least harmful emission character-

istics. Literature reveals comprehensive trade-off analysis

was evaluated on NOx, HC, soot, and BSFC for the ingenious

fuels tested [32,39-41].

In the similar lines, for the present study, NOx, HC, and

BSFC trade-off contours are plotted to analyze flow rate of H2

at which performance and emission characteristics are found

to be optimum. The trade-off contours for all engine load

conditions obtained for different H2 flow rate are shown in

Fig. 12. The dash lines indicate the variation of NOx with HC

when the H2 flow rate is varied from 0 to 1.5 l/min. In Fig. 12a

when the H2 flow rate is increased from 0 to 0.5 l/min, NOx, HC

and BSFC decreases. Further H2 enrichment results in a

decrease in BSFC and NOx but HC increases. It is evident from

Fig. 12a that at low engine load, the H2 flow rate of 1 l/min

results in low BSFC andHC emission but higher NOx compared

to 1.5 l/min H2 flow rate. Fig. 12b show improvement in per-

formance and emissions with an increase in H2 flow rate from

0 to 1 l/min. Further increase in H2 flow rate results

improvement in NOx and BSFC but HC emissions increase.

Hence, in the case of engine running on 1 kW load, the opti-

mum H2 flow rate with better performance and emission
twork modeling of a hydrogen dual fueled diesel engine charac-
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characteristics is 1 l/min. In the case of 2 kW engine load,

increase in H2 flow rate from 0 to 1 l/min, NOx, HC and BSFC

decreases. Further increase in H2 flow rate leads to increase in

HC emission. From Fig. 12c it is figured out that H2 flow rate of

1 l/min is the optimum to obtain a trade-off between perfor-

mance and emission characteristics. At peak engine load of

3 kW operating condition (Fig. 12d), NOx, HC, and BSFC

decrease when the H2 flow rate is varied from 0 to 1.5 l/min

except for 0.5 l/min. At 0.5 l/min flow rate, fuel consumption is

high, but HC emissions lowered. The current trade-off results

reveal that for peak load engine operating condition, the H2

flow rate of 1.5 l/min is suitable to attain better performance

and emission characteristics.
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ANN predictions

Credible data generated by varying engine load and the H2

flow rate is fed to the network to develop the competent

model. Eight combinations of transfer functions were tested

with each training algorithm while varying the number of

neurons in the hidden layer. The predictions obtained by

feeding all 16 data set inputs are de-normalized to weigh the

performance of the model with benchmark indices. The best

benchmark indices obtained from 16 model iterations for

every training algorithm and transfer function combination

are tabulated in Tables B.1eB.7. The Number of neurons in the

hidden layers is also depicted in Tables B.1eB.7. Scrutiny of
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indices obtained for various training algorithms reveals tan-

sigetansig transfer function combination leads to the best

performance of the model. Also, Tables B.1eB.7 infer that

predictions obtain with tansigelogsig, logsigelogsig, pure-

linelogisg and purelinetansig are not within acceptable tol-

erances. Out of seven training algorithms tested trainbfg

stand out as the best model for the current research work.

Trainbfg algorithm is based upon the quasi-Newton method

and can train any network as long as its inputs, weights and

transfer functions have derivative functions. Back propaga-

tion is used to calculate performance function (MSE) with

respect to the weights and bias; trainbfg algorithm is robust

showing first-rate convergence [42].

Benchmark indices obtained for trainbfg algorithm with

tansigetansig transfer function are portrayed in Table B.7.
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Predictions of the model for trainbfg algorithm with tan-

sigetansig transfer function are compared with the current

experiment results. Regression plots and predictions of ANN

model developed in de-normalized form are presented in Figs.

13e18 for performance parameter BTE & BSFC and emission

parameter CO, NOx, HC & EGT. Regression plots represent

closeness of predictions to experimental results; higher

regression coefficient indices indicate higher prediction ac-

curacy of the model. Apart from regression coefficient, RMSE,

MAPE, NSE and KGE are presented in the regression plot to

evaluate the proficiency of the model. For an accurate model,

the RMSE and MAPE of predictions must be close to zero. A

meticulous insight into the regression and experiment-

prediction comparison plots, standard benchmark indices

demonstrate the efficacy of the developed model. Regression
2 2.5 3
oad (kW)

for various fuel combinations.
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Fig. 12 e Emission-performance trade-off plots for various fuel combinations at different load conditions.
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Fig.15 e (a) Regression plot for CO emission and (b) Experiment and predicted CO emission comparison for all 16 data sets.

100 150 200 250 300 350

100

150

200

250

300

350

Experiment NOx (ppm)

)
mpp(

x
O

N
detcider

P

6999.0:R
7558.2:ESMR
9833.1:EPAM

0079.0:ESN
5339.0:EGK

(a)
75

175

275

375

0 2 4 6 8 10 12 14 16 18

N
O

x
(p

pm
)

Test case

Experiment

Predictions

(b)

Fig.16 e (a) Regression plot for NOx emission and (b) Experiment and predicted NOx emission comparison for all 16 data sets.
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Fig.17 e (a) Regression plot for HC emission and (b) Experiment and predicted HC emission comparison for all 16 data sets.
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Fig.18 e (a) Regression plot for EGT and (b) Experiment and predicted EGT comparison for all 16 data sets.
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coefficient of BTE, BSFC, CO, NOx, HC,& EGT are 0.9996, 0.9968,

0.9975, 0.9996, 0.9898 & 0.9995 respectively, whereas NSE

stretched between 0.8255 and 0.97.
Conclusions

With the aim to develop pragmatic ANN model to efficiently

predict performance and emission characteristics of H2 dual

fueled diesel engine, the experiment is conducted by varying

engine load andH2 flow rate. Uncertainty analysis is evaluated

to ascertain the error in the outcomes of the experiment. The

experiment show, the H2 flow rate has a significant role on

performance and emissions characteristics. ANN model with

trainbfg algorithm, eight neurons in hidden layer for tan-

sigetansig transfer function is developed to prediction per-

formance, and emission characteristics of H2 dual fueled

diesel engine. The range of RMSE, MAPE, and KGE obtained for

predicted parameters are 0.0055e2.8557, 0.521e4.348% and

0.9208e0.9338 respectively. In the view of benchmark indices

obtained with the ANN model developed, it is implicit to

mention that ANNpredictions are preciselymatchingwith the

experiment outcomes.
Uncertainity in MFDF; i:e DMFDF ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


D*10�6

T
*DVol

�2
þ


ð�1ÞVol*D*10

�6

T2
*DT

�2s #
kg=s
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Appendix A. Uncertainty in computed
parameters.

The following formulations adopted to estimate the un-

certainties of performance parameters:

A.1. Brake power (BP)

BP ¼ ðVI=700ÞkW
where V: Voltage in V and I: Current in A.

vBP
vV

¼ I
700

vBP
vI

¼ V
700
Please cite this article in press as: Syed J, et al., Artificial Neural Ne
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Uncertainity in BP; i:e DBP ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


I
700

*DV

�2
þ


V
700

*DI

�2s #
kW

DBPð%Þ ¼
�
DBP*100

BP

�
%

A.2. Mass flow rate of Diesel fuel (MFDF) consumption)

MFDF ¼ �Vol*10�6*D=T
	
kg=s

where Vol: Volume of diesel fuel in burette inmL, D: Density of

diesel fuel in kg/m3 and T is time in s.

vMFLF
vVol

¼ D*10�6

T

vMFLF
vT

¼ ð�1ÞVol*D*10
�6

T2
DMFDF ð%Þ ¼


DMFDF*100

MFDF

�
%

A.3. Mass flow rate of H2 (MFH) consumption

MFH ¼ ðFRH*DH=60000Þkg=s
where FRH: Flow rate of H2 in l/min and DH: Density of H2 in

kg/m3.

vMFH
vFRH

¼ DH

60000

Uncertainity in MFH; i:e DMFH ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


DH

60000
*DFRH

�2s #
kg=s

DMFH ð%Þ ¼


DMFH*100

MFH

�
%

A.4. Total fuel consumption (TFC)

TFC ¼ 3600ðMFDFþMFHÞkg=h
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Uncertainity in TFC; i:e DTFC ¼

 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

½3600*DMFDF�2 þ ½3600*DMFH�2
q �

kg=h
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DTFC ð%Þ ¼


DTFC*100

TFC

�
%

A.5. Brake specific fuel consumption (BSFC)

BSFC ¼ ðTFC=BPÞkg=kWh

vBSFC
vTFC

¼ 1
BP

vBSFC
vBP

¼ ð�1ÞTFC
BP2
Uncertainity in BSFC; i:e DBSFC ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


1
BP

*DTFC

�2
þ


ð�1ÞTFC

BP2
*DBP

�2s #
kg=kWh

Uncertainity in BTE; i:e DBTE ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


100
g

*DBP

�2
þ


ð�1Þ 100*BP

g2
Dg

�2s #
%

DBSFC ð%Þ ¼


DBSFC*100

BSFC

�
%

A.6. Brake thermal efficiency (BTE)

BTE ¼ fBP*100=ðMFDF*CVD þMFH*CVHÞg%
where CVD: Lower Calorific value of diesel fuel and CVH: Lower

Calorific value of H2.
Please cite this article in press as: Syed J, et al., Artificial Neural Net
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Let; a ¼ ðMFDF*CVDÞ; b ¼ ðMFH*CVHÞ and g ¼ aþ b

va

vMFLF
¼ CVD

vb

vMFH
¼ CVH

Uncertainity in g; i:e Dg ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
½CVD*DMFDF�2 þ ½CVH*DMFH�2

q

vBTE
vBP

¼ 100
g

vBTE
vg

¼ ð�1Þ100 * BP
g2
A.7. Sample evaluation of BP, BSFC and BTE for diesel with
1.5 l/min flow rate of H2 at 3 kW engine load condition

Voltage: 243 ± 2 V.

Current: 11.31 ± 0.01 A.

Diesel fuel in burette: 20 ± 0.2 ml.

Time for diesel fuel consumption: 60 ± 1 s.

H2 flow rate: 1.5 ± 0.015 l/min.

Density of diesel fuel (D): 850 kg/m3

Lower Calorific value of diesel fuel (CVD): 43,400 kJ/kg.

Density of H2 (DH): 0.082 kg/m3

Lower Calorific value of H2 (CVH): 121,000 kJ/kg.
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A.7.1. Brake power (BP)

BP ¼ ðVI=700Þ ¼ 3:926 kW

vBP
vV

¼ I
700

¼ 0:016

vBP
vI

¼ V
700

¼ 0:347

Uncertainty in BP; i:e DBP ¼
 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


I
700

*DV

�2
þ


V
700

*DI

�2s !

¼ 0:033 kW

DBP ð%Þ ¼
�
DBP*100

BP

�
% ¼ ±0:827%

A.7.2. Mass flow rate of diesel fuel (MFDF) consumption

MFDF ¼ �Vol*10�6*D=T
	 ¼ 2:833*10�4kg=s

vMFDF
vVol

¼ D * 10�6

T
¼ 14:166*10�6

vMFDF
vT

¼ ð�1ÞVol*D*10
�6

T2
¼ �4:722*10�6

Uncertainty in MFDF i:e

DMFDF ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


D*10�6

T
*DVol

�2
þ


ð � 1ÞVol * D * 10�6

T2
*DT

�2s #

¼ ±5:506*10�6 kg=s

DMFDF ð%Þ ¼


DMFDF*100

MFDF

�
% ¼ ±1:94%

A.7.3. Mass flow rate of H2 (MFH) consumption

MFH ¼ ðFRH*DH=60000Þ ¼ 2:05*10�6kg=s

vMFH
vFRH

¼ DH

60000
¼ 1:366*10�6

Uncertainty in MFH i:e DMFH ¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


DH

60000
*DFRH

�2s #

¼ ±2:05*10�8 kg=s

DMFHð%Þ ¼


DMFH* 100

MFH

�
% ¼ ±1%
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A.7.4. Total fuel consumption (TFC)

TFC ¼ 3600ðMFDFþMFHÞ ¼ 1:0273 kg=h

Uncertainty inTFC i:eDTFC¼

 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

½3600*DMFDF�2þ½3600*DMFH�2
q �

¼0:0198kg=h

DTFCð%Þ ¼


DTFC*100

TFC

�
% ¼ ±1:927%

A.7.5. Brake Specific fuel consumption (BSFC)
BSFC¼ (TFC/BP) ¼ 0.2616 kg/kWh

UncertaintyinBSFC i:eDBSFC¼

 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


1
BP

*DTFC

�2
þ


ð�1ÞTFC

BP2
*DBP

�2s �

¼5:5*10�3kg=kWh

DBSFC ð%Þ ¼


DBSFC*100

BSFC

�
% ¼ ±2:1%

A.7.6. Brake thermal efficiency (BTE)

BTE ¼ fBP*100=ðMFDF*CVD þMFH*CVHÞg ¼ 31:29%

Let; a ¼ ðMFDF*CVDÞ ¼ 12:295

b ¼ ðMFH*CVHÞ ¼ 0:248

g ¼ aþ b ¼ 12:543

va

vMFLF
¼ CVD ¼ 43400

vb

vCVH
¼ MFH ¼ 2:05*10�6

Dg ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
½CVD*DMFDF�2 þ ½MFH*DCVH�2

q
¼ 0:344

vBTE
vBP

¼ 100
g

¼ 7:97

vBTE
vg

¼ ð�1Þ 100*BP
g2

¼ �2:495

Uncertainty in BTEi:eDBTE¼
" ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi


100
g

*DBP

�2
þ


ð�1Þ100*BP

g2
Dg

�2s #
%

¼±0:89%
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Appendix B

Table B.1 e Benchmark indices in de-normalized form for six output parameter predictions for trainlm with different transfer function combinations.

Parameter Benchmark indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 6 8 7 5 12 7 6 13

BTE R 0.9999 0.9994 0.9208 0.9207 0.9995 0.9997 0.9205 0.9997

RMSE 0.1433 0.3348 4.8304 4.8317 0.2861 0.1940 4.8327 0.2687

MAPE 0.5728 1.2372 11.0837 11.1934 0.5292 0.8314 11.2989 0.9906

NSE 0.9823 0.9587 0.4045 0.4044 0.9647 0.9761 0.4043 0.9669

KGE 0.9335 0.9314 0.5869 0.5920 0.9330 0.9335 0.5938 0.9316

BSFC R 0.9996 0.9961 0.9497 0.9502 0.9995 0.9990 0.9504 0.9983

RMSE 0.0054 0.0199 0.1692 0.1692 0.0060 0.0077 0.1696 0.0127

MAPE 0.5687 1.2821 9.8319 9.8705 0.9786 1.6043 5.2404 1.3374

NSE 0.9688 0.8851 0.0224 0.0224 0.9653 0.9553 0.0205 0.9267

KGE 0.9333 0.9078 0.3824 0.3805 0.9329 0.9343 0.3603 0.9241

CO R 0.9960 0.9981 0.8993 0.9105 0.9952 0.9964 0.9045 0.9744

RMSE 0.0077 0.0049 0.0812 0.0812 0.0077 0.0066 0.0813 0.0178

MAPE 5.6009 4.8058 9.5870 9.8653 3.9826 4.2493 10.4822 10.5732

NSE 0.9003 0.9368 0.0482 0.0485 0.9002 0.9149 0.0498 0.7705

KGE 0.9221 0.9329 0.2523 0.2498 0.9370 0.9358 0.2460 0.9557

NOx R 0.9987 0.9986 0.8964 0.8775 0.9996 0.999599 0.874012 0.993186

RMSE 5.3301 5.6770 8.4548 8.5838 2.6758 2.694544 8.49647 11.1489

MAPE 1.0916 3.0658 5.6847 5.8031 0.6647 1.449713 5.09346 6.931407

NSE 0.9439 0.9403 0.1745 0.1731 0.9718 0.971647 0.174027 0.882687

KGE 0.9305 0.9291 0.4354 0.4248 0.9335 0.933741 0.440974 0.937738

HC R 0.9760 0.9873 0.8680 0.8381 0.9866 0.969848 0.705428 0.901854

RMSE 2.2460 1.7580 7.9687 8.0216 1.7383 2.640773 8.352417 4.377442

MAPE 8.4128 3.0680 11.9990 11.0658 3.9887 5.366445 12.5613 12.66872

NSE 0.7751 0.8239 0.2020 0.1967 0.8259 0.735545 0.163565 0.56163

KGE 0.9499 0.9010 0.4156 0.4202 0.9318 0.884639 0.389859 0.94064

EGT R 0.9987 0.9997 0.8466 0.8517 0.9937 0.997536 0.843879 0.933804

RMSE 1.7665 0.8894 5.1623 5.1608 3.9541 2.472738 5.21237 8.34709

MAPE 0.8143 0.3049 8.8447 8.8316 0.9972 1.323201 9.17761 7.135711

NSE 0.9486 0.9741 0.2683 0.2684 0.8850 0.928099 0.266892 0.64098

KGE 0.9346 0.9336 0.5559 0.5476 0.9391 0.935743 0.553524 0.914654
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Table B.2 e Benchmark indices in de-normalized form for six output parameter predictions for traingda with different transfer function combinations.

Parameter Benchmark indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 13 20 12 14 14 13 10 5

BTE R 0.9997 0.9994 0.9211 0.9214 0.9973 0.9843 0.9207 0.9997

RMSE 0.2321 0.3268 4.8353 4.8335 0.6382 1.5099 4.8336 0.2717

MAPE 0.8832 1.1215 11.4342 11.3358 1.8478 3.9675 11.3484 0.9797

NSE 0.9714 0.9597 0.4039 0.4042 0.9213 0.8139 0.4041 0.9665

KGE 0.9319 0.9330 0.5951 0.5937 0.9295 0.9168 0.5972 0.9322

BSFC R 0.9985 0.9994 0.9490 0.9510 0.9777 0.9748 0.9495 0.9985

RMSE 0.0094 0.0073 0.1694 0.1693 0.0370 0.0412 0.1705 0.0095

MAPE 1.1567 0.9576 10.2107 10.1633 2.8830 3.6777 11.1808 1.2709

NSE 0.9459 0.9576 0.0216 0.0220 0.7864 0.7618 0.0150 0.9449

KGE 0.9348 0.9315 0.3868 0.3930 0.9272 0.8950 0.4356 0.9347

CO R 0.9841 0.9980 0.8156 0.8783 0.9972 0.9972 0.9450 0.9826

RMSE 0.0150 0.0052 0.0824 0.0820 0.0058 0.0058 0.0858 0.0146

MAPE 6.5026 4.3892 10.6964 10.6336 4.2771 3.9572 10.8277 9.5255

NSE 0.8062 0.9332 0.8642 0.8588 0.9251 0.9247 0.9088 0.8112

KGE 0.9066 0.9342 0.2088 0.2926 0.9363 0.9363 0.2678 0.9488

NOx R 0.9983 0.9990 0.8670 0.8554 0.9983 0.998946 0.877132 0.992899

RMSE 6.0412 4.4215 8.5129 9.6196 5.7611 4.472348 9.55839 11.43842

MAPE 2.1754 2.6932 5.1392 5.6396 3.1816 1.188923 5.25008 6.970433

NSE 0.9364 0.9535 0.1739 0.1622 0.9394 0.95294 0.162853 0.87964

KGE 0.9328 0.9324 0.4281 0.5101 0.9324 0.934054 0.503289 0.938917

HC R 0.9757 0.9956 0.8273 0.8911 0.9984 0.996498 0.625866 0.885949

RMSE 2.8942 0.9832 8.1073 8.8520 0.5663 0.875944 8.547352 5.270918

MAPE 9.1316 10.5804 9.1736 9.3127 8.0970 7.542759 9.9783 8.61457

NSE 0.7102 0.9015 0.1881 0.1135 0.9433 0.91228 0.144044 0.472155

KGE 0.8351 0.9315 0.4351 0.4742 0.9347 0.93031 0.392787 0.794136

EGT R 0.9992 0.9790 0.8451 0.8425 0.9988 0.996497 0.843736 0.930363

RMSE 1.5621 7.1063 5.1883 5.1843 2.0058 3.173086 5.21055 9.28005

MAPE 0.6487 1.9526 9.9983 9.0313 0.8990 1.26173 9.19059 6.640392

NSE 0.9546 0.7934 0.2676 0.2677 0.9417 0.907735 0.266945 0.613852

KGE 0.9337 0.9535 0.5506 0.9127 0.9338 0.929299 0.555802 0.941575
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Table B.3 e Benchmark indices in de-normalized form for six output parameter predictions for traingdx with different transfer function combinations.

Parameter Benchmark indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 8 7 10 14 9 6 5 10

BTE R 0.9851 0.9995 0.9229 0.9207 0.9995 0.9998 0.9211 0.9997

RMSE 1.4545 0.2798 4.8373 4.8343 0.2504 0.1885 4.8356 0.3396

MAPE 2.6178 1.0696 7.4425 7.3983 0.7865 0.7519 7.4780 1.4516

NSE 0.8207 0.9655 0.4037 0.4041 0.9691 0.9768 0.4039 0.9581

KGE 0.9466 0.9337 0.5938 0.5974 0.9338 0.9332 0.6015 0.9251

BSFC R 0.9995 0.9972 0.9493 0.9519 0.9994 0.9983 0.9490 0.9979

RMSE 0.0057 0.0145 0.1695 0.1693 0.0059 0.0103 0.1695 0.0199

MAPE 1.0351 1.3062 5.4088 5.0995 1.5058 1.4030 5.3761 1.7137

NSE 0.9672 0.9160 0.0209 0.0218 0.9659 0.9403 0.0211 0.8850

KGE 0.9336 0.9264 0.3576 0.3810 0.9338 0.9334 0.3952 0.8940

CO R 0.9913 0.9940 0.8720 0.8936 0.9943 0.9909 0.8890 0.9845

RMSE 0.0105 0.0085 0.0813 0.0814 0.0093 0.0106 0.0814 0.0151

MAPE 7.0901 6.4245 10.3984 10.3366 4.7962 6.8093 10.4436 9.7961

NSE 0.8650 0.8909 0.8501 0.8518 0.8793 0.8628 0.8511 0.8047

KGE 0.9380 0.9397 0.2570 0.2691 0.9135 0.9413 0.2640 0.9084

NOx R 0.9972 0.9997 0.8801 0.8810 0.9987 0.999757 0.863657 0.994258

RMSE 7.7129 2.4020 9.4919 9.4698 5.3896 2.15909 9.58474 11.31358

MAPE 2.5449 1.0297 9.0727 9.8212 1.1279 0.883225 9.45723 6.856031

NSE 0.9188 0.9747 0.1741 0.1743 0.9433 0.977281 0.173098 0.880954

KGE 0.9338 0.9330 0.4478 0.4502 0.9303 0.93353 0.463115 0.91652

HC R 0.9965 0.9872 0.7307 0.774439 0.9775 0.988969 0.694092 0.901939

RMSE 0.8814 1.6023 8.3192 8.223366 2.2908 1.508026 8.362489 4.34556

MAPE 7.5186 6.6204 9.1504 9.1796 8.8007 9.385357 9.8645 7.68846

NSE 0.9117 0.8395 0.1669 0.176488 0.7706 0.848982 0.162556 0.564823

KGE 0.9330 0.9403 0.4530 0.465161 0.9195 0.943125 0.39688 0.915195

EGT R 0.9990 0.9992 0.8554 0.850462 0.9990 0.989444 0.844256 0.934189

RMSE 1.5328 1.4330 5.1687 5.16444 1.5701 5.724247 5.21271 10.06475

MAPE 0.5936 0.5248 10.9309 10.90522 0.8118 2.243228 10.20185 7.470471

NSE 0.9554 0.9583 0.2682 0.268286 0.9543 0.833554 0.266882 0.620112

KGE 0.9343 0.9338 0.5534 0.553829 0.9344 0.920852 0.549395 0.828652
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Table B.4 e Benchmark indices in de-normalized form for six output parameter predictions for trainrp with different transfer function combinations.

Parameter Benchmark Indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 20 10 10 6 9 11 13 9

BTE R 0.9997 0.9998 0.9076 0.9206 0.9995 0.9996 0.9206 0.9997

RMSE 0.2956 0.2494 4.9030 4.8324 0.2473 0.2349 4.8327 0.3590

MAPE 1.0840 0.7782 5.8835 5.2252 0.9730 0.9525 7.2951 1.5270

NSE 0.9636 0.9693 0.3956 0.4043 0.9695 0.9710 0.4043 0.9558

KGE 0.9292 0.9318 0.5788 0.5941 0.9338 0.9334 0.5941 0.9236

BSFC R 0.9990 0.9995 0.9513 0.9631 0.9997 0.9992 0.9499 0.9985

RMSE 0.0090 0.0063 0.1694 0.1954 0.0045 0.0071 0.1694 0.0096

MAPE 0.5801 0.6815 5.0837 6.8872 1.1063 1.3118 6.2954 1.2814

NSE 0.9480 0.9635 0.0215 0.8286 0.9737 0.9591 0.0216 0.9447

KGE 0.9308 0.9327 0.3672 0.6321 0.9337 0.9334 0.3795 0.9348

CO R 0.9972 0.9963 0.8995 0.8995 0.9929 0.9967 0.9037 0.9844

RMSE 0.0059 0.0068 0.0812 0.0812 0.0102 0.0065 0.0813 0.0143

MAPE 4.2052 5.8000 9.5860 9.5878 5.2140 4.7516 10.4757 9.9924

NSE 0.9244 0.9125 0.8482 0.8482 0.8684 0.9164 0.8498 0.8157

KGE 0.9358 0.9359 0.2522 0.2520 0.9185 0.9357 0.2460 0.9367

NOx R 0.9996 0.9994 0.8776 0.8852 0.9988 0.999862 0.828223 0.992926

RMSE 3.0475 3.4097 8.3943 8.3730 5.0761 1.639013 8.8555 11.35723

MAPE 1.2083 1.8680 5.4961 5.3255 1.8876 1.000897 5.10152 6.922218

NSE 0.9679 0.9641 0.1751 0.1753 0.9466 0.982754 0.170249 0.880494

KGE 0.9334 0.9333 0.4404 0.4376 0.9322 0.933405 0.447524 0.939387

HC R 0.9938 0.9810 0.8567 0.842582 0.9912 0.990515 0.713735 0.900969

RMSE 1.1918 2.1459 7.9913 7.99908 1.4287 1.45785 8.347304 4.338042

MAPE 6.3279 11.7579 11.7136 11.8164 6.8907 12.14254 11.3116 11.56211

NSE 0.8806 0.7851 0.1997 0.1989 0.8569 0.854007 0.164077 0.565576

KGE 0.9351 0.8831 0.4096 0.4199 0.9298 0.93368 0.3819 0.880821

EGT R 0.9128 0.9992 0.8516 0.8515 0.9974 0.999452 0.843419 0.930346

RMSE 3.6427 1.4170 5.1545 5.1527 2.5225 1.153303 5.21051 11.24681

MAPE 4.0762 0.6967 9.7722 9.7607 1.2138 0.643213 10.18999 6.654939

NSE 0.5161 0.9588 0.2686 0.2686 0.9267 0.966465 0.266946 0.614818

KGE 0.8812 0.9331 0.5538 0.5541 0.9361 0.933718 0.555384 0.942519
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Table B.5 e Benchmark indices in de-normalized form for six output parameter predictions for traincgf with different transfer function combinations.

Parameter Benchmark indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 10 12 11 9 13 8 5 3

BTE R 0.9998 0.9998 0.9206 0.9205 0.9987 0.9997 0.9206 0.9221

RMSE 0.2640 0.2029 4.8327 4.8324 0.4151 0.2012 4.8329 3.9832

MAPE 1.0541 0.7543 9.2881 9.2404 1.3480 0.6152 10.3262 10.7317

NSE 0.9675 0.9750 0.4043 0.4043 0.9488 0.9752 0.4042 0.5090

KGE 0.9307 0.9333 0.5958 0.5936 0.9340 0.9335 0.5956 0.8112

BSFC R 0.9977 0.7137 0.9496 0.9493 0.9988 0.9993 0.8471 0.9894

RMSE 0.0211 0.2226 0.1692 0.1692 0.0088 0.0066 2.1954 2.0272

MAPE 1.7471 4.1387 4.8317 4.8851 2.1190 1.1896 6.8872 3.7839

NSE 0.8779 0.8856 0.0224 0.0224 0.9489 0.9619 0.7286 0.8430

KGE 0.8916 0.8856 0.3825 0.3802 0.9341 0.9339 0.8065 0.9336

CO R 0.9925 0.9951 0.8993 0.8992 0.9905 0.9980 0.9225 0.9795

RMSE 0.0098 0.0083 0.0812 0.0812 0.0112 0.0051 0.0814 0.0158

MAPE 4.3907 4.9002 9.5801 9.5770 6.3321 4.1370 10.7339 9.2863

NSE 0.8740 0.8933 0.8482 0.8482 0.8551 0.9338 0.8511 0.7963

KGE 0.9376 0.9301 0.2526 0.2525 0.9371 0.9343 0.2375 0.9335

NOx R 0.9998 0.9987 0.8839 0.8729 0.9996 0.999243 0.829201 0.978659

RMSE 1.8204 5.0838 8.3725 8.4289 2.7221 3.884286 8.86203 10.54112

MAPE 0.9319 1.6137 5.3134 5.6193 1.2736 1.306773 5.15252 9.15744

NSE 0.9808 0.9465 0.1753 0.1747 0.9714 0.959128 0.170181 0.678633

KGE 0.9332 0.9338 0.4391 0.4417 0.9336 0.933872 0.453836 0.777556

HC R 0.9906 0.9935 0.8499 0.847689 0.9906 0.968158 0.695882 0.898267

RMSE 1.5112 1.2320 7.9856 8.01339 1.4240 2.7016 8.380978 4.756194

MAPE 8.6644 3.4865 11.5821 11.1258 5.9507 6.419296 11.1511 10.12704

NSE 0.8487 0.8766 0.2003 0.1975 0.8574 0.729454 0.160705 0.523701

KGE 0.9258 0.9339 0.4194 0.4028 0.9371 0.933266 0.411617 0.912362

EGT R 0.9962 0.9990 0.8404 0.8408 0.9983 0.987906 0.837047 0.911939

RMSE 3.1733 1.5507 5.1899 5.1879 2.0304 5.415179 5.22315 9.88866

MAPE 0.8674 0.4769 8.9446 8.9435 1.0785 2.525417 8.29198 8.596841

NSE 0.9077 0.9549 0.2675 0.2676 0.9410 0.842541 0.266579 0.508923

KGE 0.9342 0.9342 0.5575 0.5570 0.9351 0.945967 0.570162 0.936376
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Table B.6 e Benchmark indices in de-normalized form for six output parameter predictions for trainscg with different transfer function combinations.

Parameter Benchmark indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 9 11 12 18 20 17 4 2

BTE R 0.9921 0.9996 0.9208 0.9206 0.9964 0.9979 0.9205 0.9996

RMSE 1.1020 0.2541 4.8344 4.8324 0.7173 0.5318 4.8340 0.3097

MAPE 2.1941 0.8753 9.4119 9.2354 2.7441 1.6056 9.3964 1.3098

NSE 0.8641 0.9687 0.4041 0.4043 0.9116 0.9344 0.4041 0.9618

KGE 0.9389 0.9319 0.6000 0.5940 0.9345 0.9350 0.5965 0.9331

BSFC R 0.9980 0.9970 0.8331 0.9379 0.9867 0.9867 0.4161 0.9985

RMSE 0.0113 0.0151 0.1739 0.1697 0.0318 0.0291 0.1954 0.0102

MAPE 1.3066 1.3043 11.3544 10.2863 2.7367 3.2934 12.8867 0.7921

NSE 0.9344 0.9127 0.8047 0.0199 0.8163 0.8321 0.1286 0.9411

KGE 0.9352 0.9277 0.3525 0.3674 0.9037 0.9416 0.8663 0.9322

CO R 0.9946 0.9951 0.9003 0.8992 0.9965 0.9701 0.8985 0.9847

RMSE 0.0085 0.0077 0.0812 0.0812 0.0068 0.0201 0.0813 0.0143

MAPE 6.2340 5.8453 9.6274 9.5782 5.5109 4.9455 10.4084 10.1400

NSE 0.8907 0.9011 0.8482 0.8482 0.9127 0.7399 0.8501 0.8151

KGE 0.9307 0.9383 0.2527 0.2526 0.9335 0.9347 0.2550 0.9332

NOx R 0.9998 0.9995 0.8803 0.8851 0.9992 0.999934 0.877059 0.993971

RMSE 2.1073 3.1663 8.3815 8.3725 4.1162 1.102053 8.50096 11.09111

MAPE 0.9869 1.4962 5.4915 5.3129 2.1471 0.606441 5.00722 6.844404

NSE 0.9778 0.9667 0.1752 0.1753 0.9567 0.988404 0.17398 0.883295

KGE 0.9335 0.9336 0.4390 0.4385 0.9329 0.933387 0.445141 0.924908

HC R 0.9824 0.9947 0.8721 0.815353 0.9917 0.978783 0.728669 0.901515

RMSE 1.9077 1.0525 7.9934 8.194695 1.3498 2.053213 8.350974 4.336479

MAPE 11.4530 8.0966 9.7119 9.5820 4.1711 11.14678 9.103 5.33101

NSE 0.8090 0.8946 0.1995 0.1794 0.8648 0.794385 0.163709 0.565732

KGE 0.9374 0.9339 0.4209 0.4425 0.9358 0.9557 0.371756 0.859991

EGT R 0.9979 0.9979 0.8495 0.8515 0.9951 0.997175 0.840174 0.938801

RMSE 2.3913 2.2988 5.1742 5.1524 3.5072 2.585175 5.21264 9.26188

MAPE 1.1293 0.6227 9.9485 9.7435 1.3813 1.282015 10.21268 7.540639

NSE 0.9305 0.9332 0.2680 0.2686 0.8980 0.92483 0.266884 0.643458

KGE 0.9344 0.9354 0.5704 0.5543 0.9354 0.936307 0.560076 0.847008
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Table B.7 e Benchmark indices in de-normalized form for six output parameter predictions for trainbfg with different transfer function combinations.

Parameter Benchmark indices Transfer function combination

tansigetansig logsigetansig tansigelogsig logsigelogsig logsigepurelin tansigepurelin purelinelogsig purelinetansig

Number of neurons in hidden layer 8 20 8 11 7 6 7 4

BTE R 0.9996 0.9994 0.9210 0.9209 0.9996 0.9997 0.9206 0.9997

RMSE 0.3086 0.2944 4.8332 4.8362 0.2401 0.2037 4.8329 0.3241

MAPE 1.3323 1.1809 6.3094 6.5174 0.7732 0.8489 6.3152 1.4454

NSE 0.9620 0.9637 0.4042 0.4038 0.9704 0.9749 0.4042 0.9600

KGE 0.9292 0.9337 0.5939 0.6033 0.9337 0.9334 0.5959 0.9268

BSFC R 0.9968 0.9970 0.9458 0.9314 0.9996 0.9973 0.9501 0.9984

RMSE 0.0177 0.0144 0.1697 0.1710 0.0047 0.0143 0.1694 0.0100

MAPE 2.4796 0.9983 5.2823 5.7235 1.0807 1.7325 5.2981 1.0909

NSE 0.8978 0.9169 0.0199 0.0125 0.9726 0.9173 0.0215 0.9420

KGE 0.9208 0.9311 0.4034 0.3414 0.9337 0.9261 0.3853 0.9342

CO R 0.9975 0.9973 0.8998 0.8573 0.9937 0.9963 0.9040 0.9845

RMSE 0.0055 0.0060 0.0812 0.0910 0.0098 0.0067 0.0813 0.0143

MAPE 3.9939 5.4955 6.6288 7.5574 4.2090 5.1769 7.4780 7.9908

NSE 0.9291 0.9227 0.8482 0.8758 0.8740 0.9132 0.8498 0.8157

KGE 0.9355 0.9343 0.2510 0.8652 0.9139 0.9369 0.2461 0.9343

NOx R 0.9996 0.9995 0.8835 0.8815 0.9995 0.999837 0.876824 0.993581

RMSE 2.8557 3.4647 8.3733 8.4054 3.8730 1.729667 8.49663 1.06199

MAPE 1.3389 1.6152 5.3571 5.6213 1.1699 0.794861 5.03254 6.904353

NSE 0.9700 0.9635 0.1753 0.1750 0.9592 0.9818 0.174026 0.883601

KGE 0.9335 0.9312 0.4388 0.4359 0.9302 0.933494 0.440891 0.932483

HC R 0.9868 0.9978 0.8119 0.857555 0.9849 0.9929 0.756315 0.90111

RMSE 1.7429 0.6720 8.0630 8.032493 1.7323 1.239422 8.395823 4.425875

MAPE 4.3480 6.8632 9.9714 9.8426 9.6382 10.03203 9.5332 9.14203

NSE 0.8255 0.9327 0.1925 0.1956 0.8265 0.875881 0.159218 0.55678

KGE 0.9311 0.9346 0.4109 0.4213 0.9492 0.932905 0.405694 0.949783

EGT R 0.9995 0.9996 0.8511 0.8177 0.9933 0.998806 0.843401 0.935494

RMSE 1.1403 0.9647 5.1532 5.2865 4.0192 1.772234 5.21051 8.34981

MAPE 0.6521 0.5143 7.7779 7.4601 2.0908 0.963526 7.18993 7.085262

NSE 0.9668 0.9719 0.2686 0.2647 0.8831 0.948468 0.266946 0.640901

KGE 0.9338 0.9334 0.5550 0.5619 0.9370 0.933683 0.55545 0.893313
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Nomenclature

CVD: Lower calorific value of Diesel (kJ/kg)
I: Current generated by AC dynamometer (amp)
MD: Mass flow rate of Diesel (kg/s)
n: number of trial cases
Oi: output for ith trial case
Ti: target for ith trial case
V: Voltage generated by AC dynamometer (V)
MH2 : Mass flow rate of H2 (kg/s)
CVH2 : Lower calorific value of H2 (kJ/kg)
sT: Standard deviation of targets of ANN
sO: Standard deviation of outputs of ANN
a: Relative variability ratio (sO/sT)
b: Ratio of mean of outputs to mean of targets
g: The Pearson Product Moment correlation coefficient (Covari-

ance/ sT * sO)
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