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Geometric neuro-fuzzy transfer learning for in-cylinder pressure modelling 
of a diesel engine fuelled with raw microalgae oil 

Ji Li a, Dawei Wu a, Hassan Mohammadsami Attar b, Hongming Xu a,* 

a Department of Mechanical Engineering, School of Engineering, University of Birmingham, Birmingham B15 2TT, UK 
b Marine Technology, School of Engineering, Newcastle University, Newcastle upon Tyne NE1 7RU, UK   

H I G H L I G H T S  

• In-cylinder pressure modelling of a diesel engine fuelled with microalgae oil is carried out. 
• A novel approach of geometric neuro-fuzzy transfer learning is proposed. 
• Three segmentation patterns are designed for transfer domain of the engine operation region. 
• The proposed approach performs superior computational and experimental efficiency.  

A R T I C L E  I N F O   

Keywords: 
Black-box modelling 
In-cylinder pressure 
Neuro-fuzzy transfer learning 
Microalgae oil 
Experimental reduction 

A B S T R A C T   

Bioenergy attracts more attention owing to the reduction of both air pollution and greenhouse gas emissions in a 
whole life cycle compared to fossil fuels. As a third-generation biofuel, Microalgae Oil (MAO) can utilise carbon 
dioxide and light energy at an increased photosynthetic efficiency compared to energy crops for biomass. Due to 
the wide variety of MAO and their blends with diesel in different ratios, characterization of these biofuels’ engine 
performance is difficult to be standardized, e.g., in-cylinder pressure. This paper proposes a novel approach of 
geometric neuro-fuzzy transfer learning (GNFTL) for in-cylinder pressure modelling of a diesel engine fuelled 
with MAO. Inspired by computational geometry, this approach only utilizes limited experimental data obtained 
by geometric screening to learn a high-precise transfer model of the in-cylinder pressure with different MAO 
blending ratios. Followed by the process of MAO extraction and test cell description, the proposed approach of 
GNFTL is presented which comprises geometric transfer domain segmentation and neuro-fuzzy transfer learning. 
By a comprehensive study, the results demonstrate that the proposed approach can achieve a competitive pre-
diction accuracy whilst significantly reducing experimental efforts on used biofuel by 47.8% and operation time 
by 41.5%, compared to the conventional manual design of experiment.   

1. Introduction 

According to the statistics, internal combustion (IC) engines oper-
ating on fossil fuel oil provide about 25% of the world’s power, whilst 
they produce about 10% of the world’s greenhouse gas (GHG) emissions 
[1]. The current share of renewable biofuel production in the overall 
fuel demand has been found insufficient to replace fossil fuels [2]. 
Microalgae can deliver a sustainable and complementary biofuel plat-
form with some important advantages, which has lower environmental 

impact compared to biofuels produced from crops and do not compete 
with food supply [3]. Among many advantages, the production and use 
of biofuels from microalgae shows: a high CO2 sequestration capability 
[4]; reduction of the use of freshwater [5]; a high concentration of 
feedstock; value-added coproducts [6]; capability to meet the global 
demands of energy for transportation [7]. However, strain selection, 
cultivation method, culture conditions and chemical composition 
strongly influences biofuel production cost as well as engine’s perfor-
mance and exhaust gas emissions. 

In terms of the methodologies applied, the modelling approaches of 

Abbreviations: IC, Internal combustion; GHG, Greenhouse gas; MAO, Microalgae Oil; ANN, Artificial neural network; GNFTL, Geometric neuro-fuzzy transfer 
learning; RSS, Root Sum Square; ANFIS, Adaptive neuro fuzzy inference system; RMSE, Root-mean-squared error; MSE, Mean-square error; St.D., Error standard 
deviation; DoE, Design of experiment. 
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diesel engines can be categorized as white-box, grey-box, and black-box 
modelling [8]. As a typical white-box approach, the model of compu-
tational fluid dynamics is often used in diesel engine design and per-
formance analysis [9–10]. It is labelled with high accuracy but time- 
consuming resulting from the calculation of finite element method. 
The thermodynamic model provides a relatively rapid way to calculate 
the performance of diesel engine. Its combustion process can be 
described by multi-zone [11], two-zone [12] and single-zero [13] as-
sumptions. But their accuracy often needs more measured data to help 
improve (as a grey-box model) [14]. The mean value model regards the 
work process as a continuous mass and energy flow. The average per-
formance over the engine cycles can be obtained for engine analysis 
[15], controller design [16], hardware in the loop [17], and fault 

diagnosis [18]. Owing to the simplification of the in-cylinder process, 
this model calculates faster than the 0D model, but more measured data 
is also required to keep the accuracy (as a grey-box model) [19]. In 
summary, white-box and grey-box modelling approaches could obtain 
good prediction performance but that relies on expert experience and 
model accuracy often needs more measured data to help to improve. 

Unlike the above two, black-box modelling approaches offer an 
efficient way to represent a numerical relationship between inputs and 
outputs under the omission of physical knowledge [20]. Raghuvaran 
et al. adopt the artificial neural network (ANN) to model performance 
and exhaust emission on a diesel engine fuelled with different pro-
portions of blends of palm oil biodiesel [21]. The results show great 
regression behaviour for two input variables of load and blend. None-
theless, there is a caveat in which proper training of the ANN is essential 
to avoid the notion of overfitting as well as measurement errors. Hos-
seini et al. develop a twelve-input and twelve-output ANN for evaluating 
performance, emission, and vibration of a diesel engine using alumina 
nano-catalyst added to diesel–biodiesel blends [22]. Multi-task learning 
can be efficiently handled by a multilayer perceptron network, but a 
large number of input variables make it difficult to apply in practice. 
Adaptive neuro-fuzzy inference system also has been widely applied for 
performance prediction and optimization of diesel engines fuelled with 
biofuel, such as diesel-palm oil [23], diesel-algal oil [24], and diesel- 
Kusum [25]. Besides, optimization algorithms such as Genetic Algo-
rithm [26] and Particle Swarm Optimization [27] can be used that 
enable gradient-free agent to further optimize ANN-driven prediction 
model of engine performance. Response surface methodology as one of 
typical analytical approaches is often adopted for engine performance 
modelling. Its prediction performance is competitive for predicting some 
performance indicators e.g., emissions [28] and output power [29]. 
However, such existing black-box modelling approaches for diesel en-
gines require a large amount of experimental dataset, which undoubt-
edly will be time-consuming and expensive (for material and operation 
cost) for the development of diesel engines fuelled with new biofuels. 

Currently, governments worldwide have adopted and enforced 

Nomenclature 

p Power load 
n Engine speed 
λ Blending ratio of MAO 
θ Crank angle degree 
RSS Root Sum Square 
εs System error 
εr Random error 
S Data domain distribution 
x FIS input 
F FIS output 
u Membership degree 
c Fuzzy cluster centre 
E Root-mean-squared error 
d Desired output 
y Model’s output 
N The number of data pairs  

Fig. 1. Soxhlet extraction method: (a) Dried microalgae biomass (b) Soxhlet extractor (c) Mixture of Hexane and MAO (d) Rotary evaporator (e) Extracted MAO.  
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stricter-than-ever emission legislation to prevent the deterioration of the 
environment [30]. It makes the calibration of vehicle engines fuelled 
with such new biofuel more challenging in terms of balancing the need 
for dynamics, emissions, and economy [31]. Using the in-cylinder 
pressure as an indication, engine calibration becomes easier because 
most of the required information for engine controls can be derived from 
the in-cylinder pressure such as brake thermal efficiency [32]. In light of 
this, an accurate, fast-response, and low-development-cost prediction 
model of in-cylinder pressure is essential in the optimization of diesel 
engines fuelled with new biofuels. 

Rapid development in informatics enables fast and cheap modelling 
of complex physical systems based on the measurement of real-world 
performance [33–34]. Because of avoiding much expensive data- 
labelling efforts, transfer learning has been emerging as a new 
learning framework to improve the performance of learning [35]. In the 
development of a diesel engine fuelled with a new biofuel, biofuel 
preparation and experimental operation are always expensive and time- 
consuming. Raw MAO is one of the promising biofuels to achieve 
decarbonisation, where its combustion behaviour is largely affected by 
the blending ratio found in our recent research [36]. To reduce experi-
mental efforts and ensure prediction accuracy, this paper, for the first 
time, proposes a novel approach of geometric neuro-fuzzy transfer 
learning (GNFTL) for in-cylinder pressure modelling of a diesel engine 
fuelled with MAO. Inspired by computational geometry, this approach 
only utilizes limited experimental data obtained by geometric screening 
to learn a high-precise transfer model of the in-cylinder pressure with 
different MAO-diesel blends. Differing from the conventional data- 
driven modelling approaches, the proposed GNFTL approach is used 
to pre-define transfer domains before initializing and tuning hyper- 
parameters of the ANFIS for saving computational and experimental 
costs. The experimental dataset is obtained from steady-state tests car-
ried out in a Lombardini 15 LD 225 diesel engine fuelled with MAO. For 
this model to be valid, we assume the dataset obtained includes 
boundary values of the studied engine in study. An extensive numerical 
study of the proposed approach is carried out for comparison of the- 
state-of-the-art approaches. 

2. Experimental Set-up 

2.1. Microalgae oil extraction 

To effectively extract the MAO from Schizochytrium sp. biomass, the 
commonly used Soxhlet extraction (chemical) method [37] is adopted. 
In the process of Soxhlet extraction, firstly, the microalgae biomass in 
Fig. 1(a) is placed inside a thimble filter paper. Secondly, as shown in 
Fig. 1(b), the thimbles are placed into the main chamber of the Soxhlet 
extraction equipment. Thirdly, the extraction solvent (Hexane) is placed 
in a distillation flask. It is clear from Fig. 1(c) that MAO was successfully 
extracted from the biomass. For separating the solvent from the 
extracted oil, the mixture in Fig. 1(d) is placed in a rotary evaporator. 
Using a rotary evaporator in the extraction process will separate the oil 
from the hexane and will also recover the hexane for future use. 

In order to alleviate any injection and combustion difficulties in the 

diesel engine, a preheating process should be carried out to reduce the 
viscosity of the microalgae oil. In this study, the engine fuel system has 
two additional heating processes to maintain the biofuel temperature 
between 55 and 65  degreesC. The properties of the MAO and diesel oil 
are illustrated below in Table 1. Because Microalgae oil has poor fluidity 
below 50 degrees and usually cannot be directly mixed with diesel, for a 
fair comparison, the Kinematic viscosity of these two types of oils at 50 
degrees is presented here. 

2.2. Test cell description 

The experiment test bench P8250 consists of a Lombardini 15 LD 225 
diesel engine, which is established by Cussons Technology Ltd. The 
engine specification is summarised in Table2. For enabling the use of 
biofuel, this test bench, as illustrated in Fig. 2, has been slightly modified 
by adding some critical sensors, data acquisition, and a new fuel system 
with a preheating unit. A 3-phase Prestolite 66,021,637 electrical 
alternator is connected to the engine via toothed pulleys and a toothed 
belt. Additionally, the alternator is fitted with a 3-phase bridge reaction 
circuit. The electric output power from the alternator is dissipated in a 
controllable electric heater, as a load bank mounted within the test 
bench frame. The front panel has a fuel flow measuring burette con-
nected to the fuel line via a two-way valve to allow fuel to be drawn from 
the burette when it switched to the measuring position. Another three- 
way valve is connected to the fuel line before the measuring valve and 
is used to switch between diesel oil and MAO tanks. At the intake side, a 
plenum chamber is also mounted on the test bench to measure the 
airflow by using a differential pressure transducer that is displayed in a 
digital form through a digital meter in the front panel. A resistance type 
load bank is mounted on the rear of the front panel in order to dissipate 
the rectified DC output from the alternator. An electric fan cools the load 
bank to prevent a build-up of any potential heat. There is a rotary knob 
on the side of the control panel that is used to control the load applied to 
the engine. The output voltage and current are displayed via an 
analogue voltmeter and ammeter. Temperature sensors were added to 
the test bench in order to monitor the critical temperatures during the 
experimental work, e.g., the MAO temperature inside the tank and 
before injection, cylinder head and lubricant oil temperatures. 

2.3. Experimental data and error analysis 

Collection process of experimental data has three main steps: 1) 
engine warm-up 2) testing and sampling; and 3) oil change, wherein 
Step 2 and 3 will be carried out alternately during the testing process. 
The testing time (for each scenario) and oil change time are both 30 mins 
in average. After stable engine operational condition achieved (cyclic 
variation ≤ 5%), the first 5 cycles of in-cylinder pressure data while the 
engine performs with minimum errors of power load and speed against 
set values are selected as contending candidates. Based on the five 
contending candidates, the mean-value cycle is calculated and regarded 
as a target cycle. The representative cycle is sorted out from the con-
tending candidates which has the lowest integral time absolute error 
compared to the target cycle. 

There are many variables considered in empirical modelling of in- 
cylinder pressure [24,32,38–39], such as crank angle, ignition timing, 
engine speed, power load, blending ratio, duct pressure, temperature, 

Table 1 
Properties of the Schizochytrium sp. Raw MAO and diesel oil.  

Properties Diesel oil MAO Unit 

Kinematic viscosity at 50◦C  1.811 19.67 cSt  
Density 762.5 930 kg/m3  

Calorific value 42.8 36.84 MJ/kg  
Carbon 86 75.9 %  
Hydrogen 14 10 %  
Oxygen 0 14 %  
Flashpoint 52 180 ◦C   

Table 2 
Engine specification.  

Parameter Value Parameter Value 

Num. of cylinders 1 Max. speed 3600 rpm 
Cycle 4-stroke Max. torque 10.4 Nm at 2400 rpm 
Power 3.5 kw Injection system Direct 
Bore 60 mm Aspiration Natural 
Compression ratio 21:1 Cooling system Air  

J. Li et al.                                                                                                                                                                                                                                         



Applied Energy 306 (2022) 118014

4

and ion current signals. For this study, multi-input-one-output model 
structure is adopted as expressed in Eq. (1). Input variables include 
power load (%), p = [25, 50,75,100]; engine speed (rpm), n =

[2000,2400,2800,3200]; blending ratio of MAO, λ = [0,0.2, 0.5,1]; 
and crank angle degree (◦), θ ∈ [ − 100,100]. The output is in-cylinder 
pressure (bar), Pressure. 

Pressure = f (p, n, λ, θ) (1) 

In order to facilitate the analysis of experimental data, data visuali-
zation is carried out based on three discrete input variables i.e., power 
load, rotational speed, and blending ratio. As displayed in Fig. 3, each of 
the three discrete input variables has four levels. Each small cube 
comprises time-series measured data of crank angle degree and in- 
cylinder pressure at a specific condition of power load, rotational 
speed, and blending ratio. 

Errors in experimental studies and the resultant measurements occur 
and include both random and systematic errors. The sources of these 

errors are wide ranging and include experimental planning, instrument 
selection, condition of the instrument, calibration, environmental con-
ditions, observation of measurement, and measurement reading. 
Therefore, to demonstrate the accuracy of experimental studies, uncer-
tainty analysis can be utilised. The random error refers to an accidental 
and unanticipated change in the experimental conditions, for example, 
mechanical variation, electrical interference, sensor or temperature 
variation. The systematic error is non-random and is determined as the 
difference between the actual value and the mean value. In this project, 
the experimental error and uncertainty were calculated by using the 
statistical tolerance analysis method Root Sum Square (RSS), using the 
following equation: 

RSS =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(εs)2
+ (2εr)2

√

(2)  

where εs is a system error, and εr is a random error. The relative per-
centage uncertainties of various parameters are calculated, as shown in 
Table 3. 

3. Geometric Neuro-Fuzzy transfer learning 

To reduce experimental efforts and ensure prediction accuracy, this 
paper proposes a novel approach of geometric neuro-fuzzy transfer 
learning (GNFTL) for in-cylinder pressure modelling of a diesel engine 
fuelled with MAO. This approach consists of two main procedures: 1) 
geometric transfer domain segmentation and 2) neuro-fuzzy transfer 
learning. Firstly, three segmentation schemes of geometric transfer 

Fig. 2. Schematic diagram of the engine test bench.  

Fig. 3. Experimental data distribution.  

Table 3 
Data measurement error.  

Parameters Uncertainties 

Engine speed ±10rpm  
Brake power ±2.5%  
Fuel consumption ±3%  
In-cylinder pressure ±2%   

J. Li et al.                                                                                                                                                                                                                                         
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domain will be designed to determine the dataset for source and target 
domains. Secondly, adaptive neuro fuzzy inference system (ANFIS) 
model will be developed and used as transfer learning structure. 
Different methods of fuzzy space partition will be applied to generate the 
fuzzy rules and MF scalar parameters for in-cylinder pressure model by 
using the data from source domain. Finally, all parameters will be re- 
calibrated by using the additional data from target domain. 

3.1. Geometric transfer domain segmentation 

To reduce experimental effort (i.e., fuel consumption and operation 
time), the demand of much expensive labelled data for both source 
domain and target domain needs to be greatly reduced. Considering the 
particularity of the cylinder pressure experiment, the smallest unit of the 
experimental workload is for one specific working condition (as shown 
as one small cube in Fig. 3), rather than the traditional way to reduce 
random samples. If reducing the labelled sample in this way, however, 
this will cause the labelled sample to not cover the entire operation 
region of the engine. 

In the light of this, a design scheme of geometric transfer domain 
segmentation is proposed to formulate this situation as a multi-task 
transfer learning problem [35] and try to minimize feature loss 
weakens during learning the target and source task simultaneously. 
Three segmentation patterns are designed to allocate source and target 
domains in the engine operation region as displayed in Fig. 4, wherein 
the source domain data is marked in purple and target domain data is 
marked in green. 

Three source domains assigned by the segmentation patterns are all 
fixed at eight cubes with three-dimension (3D) boundary in the engine 
operation region. The three target domains are set to be flexible for 
assignment. According to the attribute of boundary data, they can be 
defined as 1D (Fig. 4(a)), 2D (Fig. 4(b)), and boundary-interior mixed 
(Fig. 4(c)) segmentations. Here, the data domain distribution S of using 
geometric transfer domain segmentation can be alternatively repre-
sented as follows:  

where, ‘0′ indicates unsupervised domain (non-labelled) data; ‘1′ in-
dicates source domain data; ‘2′ indicates target domain data. The detail 
of the three typical designs is organized as Table 4. Data volume 
including three types of different domains i.e., source, target and un-
supervised domains will be used in the next section for the hyper-
parameters’ initialization, hyperparameters’ re-tuning, and validation, 
respectively. It should be noted that there is a small variation in the 
sampling volume under each specific working condition, but all include 
the complete cycle of in-cylinder pressure. 

Here, Spearman’s rank correlation coefficient is used to perform 

sensitivity analysis of data from different transfer domains. As illus-
trated in Fig. 5, crank angle degree has the strongest positive correlation 
to in-cylinder pressure, compared to the other 3 features. From a view of 
transfer domains, data from the source domain has the lowest correla-
tion to in-cylinder pressure. The authors think the reason behind this is 
that the data of 8 vertices are quite different. Besides, the correlation of 
three target domains to in-cylinder pressure all has a certain 
improvement. 

3.2. Neuro-Fuzzy transfer learning 

Based on the transferability of neural networks, network-based 
transfer learning is incorporated with fuzzy rules i.e., neuro-fuzzy 
transfer learning to realize the model expansion of in-cylinder pres-
sure prediction to the source, target, and unsupervised domains. The 
basic principle is to reuse the partial neuro-fuzzy network that has been 
pre-trained in the source domain and utilize it to initialize the specific 
parts of the neuro-fuzzy network in the target domain, as shown in 
Fig. 6. The key idea of such a treatment is to transform data into internal 
representations, in which generic features extracted by neuro-fuzzy 
networks can be reused in similar domains [40]. In the context of 
transfer learning, it targets to optimize the spaces of weights and bias by 
hybrid algorithm, which incorporates the least square estimation to the 
backpropagation method to accelerate the convergence, and the pa-
rameters of neural networks are the internal representations of data. 

Generally, the implementation of the neuro-fuzzy transfer learning 
can be divided into four steps: the first step is to determine the ANFIS 
structure based on Pressure = f(p, n, λ, θ). The second step is to classify 
fuzzy space for representations of a number of input–output pairs in the 
source domain until the fuzzy C-mean clustering algorithm converges to 
a stable and desired state. Afterwards, internal representations of the 
source domain excluding rules are utilized to initialize the same neuro- 
fuzzy network parameters of both source and target domains while 
constantly fixing the network structure. Ultimately, data of the unsu-
pervised domain will be considered to verify the migration performance 

of in-cylinder pressure prediction. 

3.3. ANFIS structure determination 

ANFIS is an artificial intelligence way used for solving complicated 
and extremely nonlinear issues [41]. As ANFIS integrates with both FIS 
and ANN, it is effective at solving nonlinear and complex problems in 
one framework. The ANFIS structure used in this study contains four 
inputs plus five layers. In this structure, the Takagi-Sugeno fuzzy system 
was employed as FIS. To explain the process of ANFIS, it was considered 
that the FIS contains two inputs (x1,x2) and one output (F). Typically, 

Sa =
[
Sa,1Sa,2Sa,3Sa,4

]
=

⎡

⎢
⎣

1 0
0 2

0 1
2 0

0 2
1 0

2 0
0 1

0 2
2 0

2 0
0 2

2 0
0 2

0 2
2 0

0 2
2 0

2 0
0 2

2 0
0 2

0 2
2 0

1 0
0 2

0 1
2 0

0 2
1 0

2 0
0 1

⎤

⎥
⎦ (3)  

Sb =
[
Sb,1Sb,2Sb,3Sb,4

]
=

⎡

⎢
⎣

1 2
2 0

2 1
0 2

2 0
1 2

0 2
2 1

2 0
0 0

0 2
0 0

0 0
2 0

0 0
0 2

2 0
0 0

0 2
0 0

0 0
2 0

0 0
0 2

1 2
2 0

2 1
0 2

2 0
1 2

0 2
2 1

⎤

⎥
⎦ (4)  

Sc =
[
Sc,1Sc,2Sc,3Sc,4

]
=

⎡

⎢
⎣

1 0
0 0

0 1
0 0

2 2
1 2

0 0
0 1

0 0
0 2

0 0
2 0

2 2
2 2

2 0
0 0

1 0
0 2

2 2
2 2

0 2
0 0

2 0
0 0

1 0
0 2

2 1
2 2

0 2
1 0

2 0
0 1

⎤

⎥
⎦ (5)   
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the fuzzy rules can be reported in the following way [42]: 

Rule1 : Ifx1isI1andx2isJ1andetc.; thenF1 = a1x1 + b1x2 +⋯+ r1;

Rule2 : Ifx1isI2andx2isJ2andetc.; thenF2 = a2x1 + b2x2 +⋯+ r2;

where x1 and x2 are the inputs. a1; b1; r1; a2; b2; r2 are the output’s (O) 
function parameters. I1, I2, J1, J2 are the membership functions for in-
puts (x1 and x2). The fundamental configuration of ANFIS is feed- 
forward network that contains five layers with various functions. The 
function of each layer is presented in Eqs. (6)–(11). With input nodes in 
layer 1, the membership relationship involving the input and output 
functions of this layer is referred to as: 

F1,i = μAi(I), i = 1, 2 (6)  

F1,i = μBi(J), i = 1, 2 (7) 

In rule nodes or layer 2, this layer’s output is the input signal’s 
product that is referred to as 

F2,i = Wi = μi(I)μi(J), i = 1, 2 (8)  

where μi(I) and μi(J) are the membership functions. In normalized layer 
or layer 3, the weight function is under normalization as: 

F3,i = w =
wi

w1 + w2
, i = 1, 2 (9) 

In consequent nodes or layer 4, which is defuzzied layer, the output 
from the prior layer is multiplied with the Sugeno fuzzy rule’s function: 

F4,i = wifi = wi(a1x1 + b1x2 +⋯+ r1), i = 1, 2 (10) 

In output node with one node (layer 5), the sum of all outputs of 
every rule from the last layer is calculated. 

F5,i =
∑n

i=1
wifi =

∑
i=1wifi

∑
i=1wi

(11)  

3.4. Fuzzy space partition 

Fuzzy space partition plays a decisive role in the ANFIS on deter-
mining the fuzzy space of Takagi-Sugeno fuzzy system and outcome of 
the if-then rules. Conventionally, the fuzzy space is partitioned by grid 
partition or subtractive clustering, which are simple or crude hard 
clustering methods and cannot effectively fulfil fuzzy space partition. In 
our study, fuzzy C-mean clustering algorithm is introduced to learn 
knowledge of the source domain, which is mainly based on the fuzzy 
logic in which the discussion of the membership function and the 
membership of a sample is presented in several clusters. By assuming 
that the data set is X and dividing X into C fuzzy clusters, the objective 
function J is obtained in an environment where the fuzzy coefficient is 
m: 

J =
∑N

i=1

∑C

j=1
um

ij ‖xi − cj‖
2
, 1 ≤ m ≤ ∞ (12)  

where uij represents the membership degree of the ith sample to the 
centre of jth fuzzy cluster contrary to each sample only belongs to one 
group, and cj represents the jth fuzzy cluster centre: 

uij =
1

∑C
k=1

(‖xi − cj‖)
2

m− 1

‖xi − ck‖

(13)  

cj =

∑N
i=1um

ij ∙xi
∑N

i=1um
ij

(14) 

Once fuzzy C-mean clustering algorithm converges to a stable and 
desired state, the fuzzy rules will be fixed, and its neuro-fuzzy network 
parameters will pass to the next step as the initial condition. 

3.5. Transfer learning for tuning parameters 

For achieving high performance in a complete range of in-cylinder 
pressure prediction, multi-task transfer learning is developed to learn 
the target and source task simultaneously. The advantage of this treat-
ment is to avoid the overfitting by the source domain data (original 8 
vertex data) and describe the non-linearity of all data by transferring 
knowledge from both source and target domain data. In order to 
implement knowledge transfer, the ANFIS uses a two-pass learning al-
gorithm to re-tune the neuro-fuzzy network parameters, i.e., forward 
pass and backward pass. In the forward pass, the premise parameters are 
not modified, and the consequent parameters are computed using the 
least squares estimate learning algorithm. In the backward pass, the 
consequent parameters are not modified, and the premise parameters 
are computed using the gradient descent algorithm. Based on these two 
learning algorithms, ANFIS adapts the parameters in the adaptive 
network. Commonly, a learning algorithm owns a single objective 
(approximation error minimization) that is often achieved by mini-
mizing the root-mean-squared error (RMSE) on the learning data. 

Fig. 4. Three designed segmentation patterns for transfer domain of the engine operation region.  

Table 4 
Detail of three segmentation pattern designs for transfer domain.  

Segmentation 
pattern 

Ratio of 
known 
regions 

Data volume 

Source 
domain 

Target 
domain 

Unsupervised 
domain 

1-D (8 + 24)/64 788 2610 4781 
2-D (8 + 24)/64 788 2960 4431 
Mixed (8 + 22)/64 788 1888 5503 

Note: Ratio of known regions = (source domain data + target domain data)/ 
entire data 

J. Li et al.                                                                                                                                                                                                                                         



Applied Energy 306 (2022) 118014

7

E =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(di − yi)

2

√
√
√
√ (15)  

where d and y are the desired and the model’s outputs, respectively, and 
N is the number of data pairs in the training set. In this paper, the se-
lection of the best phenotype in a single objective training was solely 
based on a comparison of the RMSEs. Once terminal condition reached, 
iterations will be ended. The final hyperparameters of ANFIS will be 
fixed for function validation and testing of entire data from source, 
target, and unsupervised domains. 

4. Results and discussion 

From here on, a comprehensive comparative study for the proposed 
GNFTL is carried out from four aspects of 1) impact of segmentation 
patterns; 2) transfer learning vs. non-transfer learning; 3) comparison of 
fuzzy space partition methods; and 4) contribution on experimental 
reduction. 

4.1. Impact of segmentation patterns 

This section investigates the impact of three designed segmentation 
patterns for transfer domain of the engine operation region on in- 

Fig. 5. Spearman’s rank correlation coefficient comparison of: a) source domain; b) 1-D target domain; c) 2-D target domain; and d) mixed target domain.  

Fig. 6. Workflow of neuro-fuzzy transfer learning.  
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cylinder pressure modelling. They are 1D boundary, 2D boundary, and 
boundary-interior mixed segmentations. Dataset split ratio of training 
and testing for each domain is set to 70/30 and the repeatability 
experiment is carried out 20 times. 

Fig. 7 shows the best performance of using three designed segmen-
tation patterns obtained from the repeatability experiment. From Fig. 7 
(a), the prediction performance of using 2D and mixed segmentation 
patterns both are more precise and stable than that of using 1D seg-
mentation pattern. Through further observation of sample index 
[2000,4000] as shown in Fig. 7(b), three peaks caused by 1D segmen-
tation can be found and their sample indexes are 2400 (rpm@2400/ 
blending ratio@1/power load@0.5), 3000 (rpm@2400/blending 
ratio@1/power load@0.75), 3550 (rpm@2400/blending ratio@1/ 
power load@1), respectively. The authors think the reason behind is the 
in-cylinder pressure has a strong nonlinearity on the specific condition 
with rpm@2400 and blending ratio@1. Since the mixed segmentation 
ignores the target domains on both sides of the cube diagonal, function 
approximation will be proceeded to directions of the diagonal and eight 
vertices, so that the error will be relatively evenly apportioned to the 
unsupervised domain. From Fig. 7(c)(d), basically, the errors are 
concentrated in the interval [ − 5,5], in which the distribution of using 2D 
segmentation pattern is narrower than the other two. 

Table 5 summarises four evaluation metrics of three designed seg-
mentation patterns. It is worth mentioning that 2D segmentation has 
scored first in all four metrics of mean-square error (MSE), RMSE, error 
mean, and error standard deviation (St.D.) Compared to 1D and mixed 
segmentations, 2D segmentation can significantly reduce the RMSE of 
57.5% and 19.3%, respectively. Error St.D. can be also reduced by 
41.7% and 18.4%, respectively. Such evidence demonstrates that the 
prediction model of using 2D boundary segmentation has stronger 

robustness and this pattern will be adopted for the following discussion. 

4.2. Transfer learning vs Non-transfer learning 

This section evaluates the prediction performance of using transfer 
learning and non-transfer learning, in which the terminal conditions for 
both transfer learning and non-transfer learning are maximum iteration 
number, T = 200, for a fair comparison. Different from transfer learning, 
non-transfer learning always uses data from both source and target 
domain to train the ANFIS model. For quantitative analysis of benefits of 
transfer learning, several metrics as defined in [43] such as jumpstart 
(before learning), asymptotic Performance, Total Reward, Transfer 
Ratio, and Time to Threshold are generally considered. In conjunction 
with our specific studied case, the evaluation metrics for transfer 
learning of in-cylinder pressure modelling are redefined as: 1) prediction 
accuracy (validation data), ΔP; 2) jumpstart (before learning), ΔJ; 3) 
time to converge, ΔT; and 4) generalization performance (testing data), 
ΔG. 

Fig. 8 shows real-time performance comparison of non-transfer and 
transfer learning, wherein training, validation, and testing data are 
simultaneously observed in both iteration process of non-transfer and 
transfer learning. Thanks to the pretrain of the ANFIS model by using 
source domain data, as illustrated in Fig. 8(a), using transfer learning 
can effectively reduce initial error (before learning) by 
ΔJ = 4.057( − 59.0%) and time to converge by ΔT = 76( − 50.7%), 
compared to using non-transfer learning. In the observation of valida-
tion data as Fig. 8(b) shown, although the gap of time to converge be-
tween non-transfer and transfer learning has a certain degree of 
reduction, the prediction accuracy of using transfer learning is still much 
higher than that of using non-transfer learning, ΔP = 3.44( − 64.0%). 

Fig. 7. Performance of using three designed segmentation patterns: a) prediction performance comparison; b) error comparison; c) possibility distribution of errors; 
and d) normal density function fitting. 
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Fig. 8(c) expresses the observation of testing data which can be seen that 
RMSE of the ANFIS model using non-transfer learning is significantly 
much higher than that of using transfer learning, ΔG =

3671.7( − 99.9%). Through analysis of the four metrics, the transfer 
learning for in-cylinder pressure modelling has absolute advantages 
contrast to traditional non-transfer learning. The reasons for such a large 
gap will be discussed in the follow-up. 

Fig. 9 and Fig. 10 display the regression performance of using non- 
transfer and transfer learning, respectively. From Fig. 9(d), using 
traditional non-transfer learning can lead to severe overfitting. This may 
be due to excessive belief in the source and target domains, and these 
two domains are only partial representations of the whole domain 
including unsupervised domain. Relatively, using transfer learning 
firstly uses eight vertex data (source domain) to pre-train and locate the 
hyperparameters of ANFIS model. Such a treatment is a restriction on 
the moving range of these hyperparameters in the second training and to 
differentiate the characteristics of the source domain and the target 
domain for avoiding the assimilation of the two. As results from Fig. 10, 
it shows excellent regression performance of transfer learning especially 
in the aspect of generalization performance (testing data). 

4.3. Comparison of fuzzy space partition methods 

After verifying the advantages of GNFTL, this section will further 
investigate a suitable fuzzy space partition method applied in ANFIS 
model with most computationally efficient. One computer equipped 
with i7-10750H @ 2.60 GHz is deployed for all tasks. There are three 
fuzzy space partition methods of grid partition, subtractive (sub.) clus-
tering, and fuzzy C-mean. According to their own partition techniques, 
the studied ranges for their three is described as follows:  

1) Grid partition - rules of each MF: 
[
24 34 44]

2) Sub Clustering - influence radius: [0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0]
3) Fuzzy C-mean – clusters (rules): [10 15 20 25 30]

Based on their studied range, the generalization performance and 
computational time are measured and illustrated in Fig. 11. In general, 
the computational time has a positive correlation with the number of 
tuning parameters. The less the number of tuning parameters, the less 
the computational time. However, the relationship between the gener-
alization performance of the three fuzzy space partition methods and the 
number of tuning parameters is non-linear. The both trends of RSME 
obtained from grid partition and fuzzy C-mean methods can be observed 
from Fig. 11(a)(c) that are first a decrease and then an increase. More 
tuning parameters involved cannot improve generalization ability and 
consume a lot of computing resources. 

In conjunction with Table 6 about best performance comparison of 
using three fuzzy space partition methods, fuzzy C-mean method has the 
lowest RMSE and affordable number of tuning parameters, compared to 
the other two. Although, sub. clustering method has the lowest 
computational time, the RMSE seriously increases 523% contrast to that 
obtained by fuzzy C-mean method. Therefore, Fuzzy C-mean methods 
with 20 rules setting is desirable solution for enhancing computational 
efficiency of the proposed GNFTL for in-cylinder pressure modelling. 

4.4. Contribution on experimental reduction 

In order to examine the contribution of the proposed GNFTL to the 
experimental reduction in practice, conventional manual design of 
experiment (DoE) is considered as a control group. Commonly, a skill 
technician as the main executor operates the entire experiment. Ac-
cording to the experimental routine introduced in Section 2.3, the fuel 
mass flow rate of biofuel will be measured to calculate the fuel con-
sumption. Besides, operation time will also be estimated and considered 
in the comparison. 

Table 7 collects experimental effort comparison of two experimental 
schemes, which includes diesel oil, MAO, operation time, and oil change 
time. The results are calculated based on a complete experimental 
routine with various testing conditions at 25, 50, 75, 100% power load, 
and 2000, 2400, 2800, 3200 rpm, and 0, 0.2, 0.5, 1 blending ratio of 
MAO. The manual DoE uses diesel oil of 6222 g and MAO of 4599 g to 
obtain experimental data used for in-cylinder pressure characterization. 
The GNFTL driven one uses diesel oil of 3641 g and MAO of 2691 g to 
obtain experimental data used for predictive modelling of in-cylinder 
pressure. Compared to the manual DoE, the GNFTL driven scheme can 
significantly reduce biofuel consumption by 47.8%, including diesel oil 
of 1623g and MAO of 950g. In terms of time cost during the entire 
experiment, the GNFTL driven scheme saves the time by 41.5%, 
contributed by testing time of 16 h. Fig. 12 depicts the perdition results 
of in-cylinder pressure with 75% power load and 1:1 MAO-diesel blends 
by using GNFTL-driven experimental scheme. As unsupervised domain 
data, this scheme still shows an excellent ability of function approxi-
mation with acceptable error mean (-0.25) and St.D. (2.83). By experi-
mental validation, the proposed GNFTL illustrates that it has a great 
potential to save much experimental efforts in the research and 

Table 5 
results of four evaluation metrics of three designed segmentation patterns.  

Segmentation Evaluation metrics 

Pattern MSE RMSE Error mean Error St.D. 

1D  44.69  6.68  1.25  6.57 
2D  8.044  2.84  − 0.25  2.83 
Mixed  12.36  3.52  0.56  3.47  

Fig. 8. Real-time performance comparison of non-transfer and trans-
fer learning. 
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development of biofuel and further speed up the pace to enter the 
market. 

Table. 8 summarises the prediction performance of in-cylinder 
pressure with various blending ratios and power load conditions. In 
overall, the proposed approach demonstrates prediction accuracy with 
3.71 bar (at 3200 rpm) to 5.22 bar (at 2800 rpm) of the peak pressure 
absolute error and 0.70 bar (at 3200 rpm) to 1.07 bar (at 2000 rpm) of 
absolute mean error. As the speed increases, absolute mean errors of in- 
cylinder pressure prediction gradually decreases, and finally drops to 
0.7 bar at 3200 rpm. The authors think the reason behind this might be 
values of in-cylinder peak pressure at a high-speed condition of 3200 
rpm is farther away from the boundary of its prediction interval 
(compared to other speed conditions). This makes it possible to avoid 
the discrepancy caused by exceeding the boundary or insufficient data in 
the transfer learning process. From a view of power load, the prediction 
accuracy at 50% and 75% power load are similar (Mean: 1.07 bar and 
1.05 bar) but lower than those at 25% and 100% power load (Mean: 
0.86 bar and 0.87 bar). 

In terms of the generalization ability of the proposed approach, it has 
great potential to be applied to other engine parameters, different en-
gine configurations, and biofuels with various physicochemical char-
acteristics e.g. brake thermal efficiency and emissions. The main 
challenge for implementing this approach for various cases is to find the 
most effective features for such machine learning prediction systems. 
This would be the focus of our recent research. 

5. Conclusions 

This paper proposes a novel approach of geometric neuro-fuzzy 
transfer learning for in-cylinder pressure modelling of a diesel engine 
fuelled with MAO. Inspired by computational geometry, this approach 
only utilizes limited experimental data obtained by geometric screening 
to learn a high-precise transfer model of the in-cylinder pressure with 
different MAO-diesel blends. This is the first application of transfer 
learning in the field of internal combustion engines. An extensive nu-
merical study of the proposed approach is carried out in terms of 1) 
impact of segmentation patterns; 2) transfer learning vs non-transfer 
learning; 3) fuzzy space partition methods; and 4) contribution on 
experimental reduction. The conclusions drawn from the investigation 
are as follows:  

1) In three designed segmentation patterns for transfer domain of the 
engine operation region, using 2D segmentation pattern can signif-
icantly reduce the RMSE of 57.5% and 19.3%, respectively, 
compared to 1D and mixed them. 

2) Compared to non-transfer learning applied in the in-cylinder pres-
sure modelling, transfer learning performs excellent generalization 
performance that can effectively reduce initial error (before 
learning) by ΔJ = 4.057( − 59.0%) and time to converge by ΔT =

76( − 50.7%). 
3) In the comparison of fuzzy space partition method, desirable solu-

tion, fuzzy C-mean with 20 rules (260 tuning parameters) setting, is 

Fig. 9. Regression performance of using non-transfer learning.  
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found to enhancing computational efficiency of the proposed geo-
metric neuro-fuzzy transfer learning.  

4) The manual DoE uses diesel oil of 6222 g and MAO of 4599 g to 
obtain experimental data used for in-cylinder pressure character-
ization. The GNFTL driven one uses diesel oil of 3641 g and MAO of 
2691 g to obtain experimental data used for predictive modelling of 
in-cylinder pressure. Compared to conventional manual DoE, the 
proposed approach can achieve a competitive prediction accuracy 
whilst significantly reducing biofuel consumption by 47.8% and 
operation time by 41.5%. 
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Table 6 
Best performance comparison of using three fuzzy space partition methods.  

Fuzzy space 
partition 
methods 

RMSE R2 Num. 
of 
Rules 

Num. of 
tuning 
parameters 

Computational 
time (s) 

Grid 
partition  

5.533  0.9645 81 429 304 

Sub. 
clustering  

12.698  0.7873 9 117 34 

Fuzzy C- 
mean  

2.037  0.9952 20 260 60  
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Table 7 
Experimental effort comparison of two experimental schemes.  

Experimental effort Experimental scheme Total reduction (%) 

Manual DoE GNFTL driven 

Diesel oil (g) 6222 3641 47.8% 
MAO (g) 4599 2691 
Testing time (hrs) 32 16 41.5% 
Oil change time (hrs) 1.5 1.5  

Fig. 12. Comparison of in-cylinder pressure with 75% power load and 1:1 MAO-diesel blends: a) at 2000 rpm; b) at 2400 rpm; c) at 2800 rpm; and d) at 3200 rpm.  

Table 8 
Comparison of in-cylinder pressure with various blending ratio and power load conditions.  

Blending Power 2000 rpm 2400 rpm 2800 rpm 3200 rpm 

Ratio Load Max (bar) Mean (bar) Max (bar) Mean (bar) Max (bar) Mean (bar) Max (bar) Mean (bar)  

25%  4.41  1.04  5.32  0.89  5.23  0.87  4.79  0.86 
0 50%  5.37  1.19  4.00  0.93  7.15  1.25  3.54  0.74  

75%  6.59  1.09  4.78  0.88  5.19  1.05  4.91  0.73  
100%  4.13  0.85  4.34  0.81  3.41  0.78  4.65  0.67  
25%  5.46  0.98  5.29  1.18  4.62  0.68  2.41  0.58 

0.2 50%  5.26  1.06  3.68  0.96  6.23  1.24  3.97  1.08  
75%  5.33  1.21  2.28  0.82  7.70  1.53  3.86  0.93  
100%  5.04  1.04  4.64  0.98  6.14  1.14  3.18  0.47  
25%  3.41  0.88  4.14  1.06  4.63  0.71  2.09  0.52 

0.5 50%  3.47  1.03  3.42  1.10  6.30  1.51  5.01  1.05  
75%  3.47  0.99  3.35  0.99  5.90  1.81  5.11  0.93  
100%  2.30  0.70  4.42  1.15  6.29  1.41  1.76  0.49  
25%  4.98  1.17  4.33  1.10  3.19  0.58  3.21  0.60 

1 50%  4.98  1.42  7.03  1.27  3.85  0.69  2.96  0.55  
75%  5.57  1.24  5.85  1.45  4.19  0.68  3.05  0.50  
100%  5.28  1.25  4.30  1.11  3.51  0.61  4.79  0.52 

Overall 4.69  1.07  4.45  1.04  5.22  1.03  3.71  0.70 

Note: the indicators Max and Mean stand for in-cylinder peak pressure absolute error, and absolute mean error. 
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