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Abstract
Control of Hydraulic Hybrid for wheel loader using Machine Learning is one of the
possible ways to control Energy Management Strategies. In this thesis, The control
of Supplementary Hydraulic Hybrid System was studied and project divided analysis
of this control into two Phases. In Phase 1, Existing Rule Based Energy Manage-
ment Strategy was replaced with Neural Networks. Investigations were carried out
whether neural networks is able to replicate the Rule Based Energy Management
Strategy. From the training accuracy of a neural network and simulation results, it
was found that a Neural Network was able to predict States similar to Existing Rule
Based Energy Management Strategy for most of the cases. In the Phase 2, Dynamic
programming was used to simulate a Short Loading Cycles to obtain optimized re-
sults of hybrid torque request and pump pressure. The results of hybrid torque
request and pump pressure were then trained using Neural Network Regression and
implemented online to predict hybrid torque request and pump pressure. The neural
network regression models was successful in predicting the optimised hybrid torque
and pump pressure. The results of Phase 1 demonstrated that a neural network
can replace the rule based controller when deciding which hybrid state the hybrid
drive line should operate on and in Phase 2, it was shown that a neural network can
determine the torque request and pump pressure accurately and comparing with re-
sults from dynamic programming, which find the optimal control, it was possible to
show that the neural network was very close to the optimal control. This approach
showed the potential of improving the fuel efficiency.

Keywords: Hydraulic Hybrid, Machine Learning, Neural Networks, Dynamic Pro-
gramming, Rule Based Energy Management System, Wheel Loader, Short Loading
Cycles, Control System.
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1
Introduction

1.1 Background

In recent years, sustainable and fuel-efficient transportation led to the evolution of
alternative fuels and energy efficient vehicles. The carbon free and renewable poten-
tial of electricity has led to electrification and electric hybridization of cars. In the
field of construction machineries, hybrid technology is considered an important can-
didate to address the issues of high emissions and improve fuel efficiency [1]. The
construction machineries often operate in short repetitive cycles which involves a
lot of starts and stops. Hydraulic hybrid technology, which can deliver high specific
power output can be favorable to use in construction machinery [2] [3]. A previous
study has shown the potential of combined hydraulic hybrid concept in a wheel
loader to improve the fuel efficiency [4].

Most of the construction machineries use automatic transmission to transfer engine
power to the wheels. Torque Converter (TC) is used in wheel loader for automatic
transmission. Usually, TC have low transmission efficiency at higher torques. If
the dependency on the TC is reduced during its low-efficiency phase then, a signif-
icant amount of fuel can be saved by using a hydraulic hybrid. Further, the fuel
efficiency can be improved by effective utilization of the hybrid system. An energy
management strategy is required to efficiently utilize the energy from the Internal
Combustion Engine (ICE) and the hydraulic system. In the previous work [4] a rule
based strategy was developed and led the foundation for potential energy savings.

1.2 Problem Definition

A rule-based strategy proposed for the system in [4] is quite complex and is not
able to deliver the expected fuel efficiency for different driving cycle. Based on the
previously carried out preliminary results [5], it has been found that Dynamic Pro-
gramming (DP) and online machine learning (ML) strategies can produce better fuel
efficiency for different driving cycle, while maintaining an acceptable operability in
the wheel loader applications.
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1. Introduction

1.3 Scope
The project is divided into two phases. The first phase of the project aims to
replicate the existing Rule Based Energy Management Strategy (RB-EMS) [4] using
a control strategy based on ML. The ML strategy should predict the same states as
the RB-EMS, therefore learning the transition rules and further leading to similar
fuel consumption as that of the previously used RB-EMS. In the second phase of the
project, the focus is on improving the fuel efficiency by optimizing the hybrid system
control with DP and implementing with ML technique. The following questions will
be investigated and answered:

• Q1: Will the ML strategy be able to learn and replace the functionality of
RB-EMS ?

• Q2: Which ML strategies are efficient and are used to replace different control
systems?

• Q3: Does implementation of ML technique, using optimized results of DP,
have the potential of improving fuel efficiency?

• Q4: What are the challenges involved in the implementation of online ML in
the existing energy management system?

1.4 Method
The methods used in carrying out the thesis are listed below.

• Literature survey and pre-study.
• Training of different ML strategies.
• Modeling.
• Simulation.

To fulfill the previously discussed scope and to generate the necessary background,
the project will begin with a literature study on the analysis of previously carried
out thesis work and conceptual analysis of the Simulink model provided. Different
ML strategies is studied and the suitable ML models is trained and implemented
in phase 1 and phase 2 using Short Loading Driving Cycles (SLC). DP is used to
obtain the optimal solutions and ML model is used to train the control sequence of
DP in phase 2. The trained ML models are implemented on the Simulink model in
Phase 1 and Phase 2. Finally, the results obtained by simulating the model with
new control strategy was evaluated and the performance of the hybrid system was
analyzed.
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1. Introduction

1.5 Thesis Outline
The remaining of this thesis report consists of following chapters.

Chapter 2: Relevant theory about different types of Hydraulic hybrid vehicles are
presented. It also explains about hydraulic hybrid wheel loader concept, DP, dif-
ferent driving cycles and ML techniques. Finally, Overview of system model are
presented in this chapter.

Chapter 3: In this chapter, two phases of implementation in EMS are presented.
Phase 1 explains about implementation of neural network (NN) to replicate existing
rule based strategy states. Phase 2 explains about implementation of ML technique
to improve efficiency with the help of DP.

Chapter 4: In this chapter, Results of phase 1 and phase 2 are presented which
includes training accuracy, ML techniques implemented in RB-EMS of a Simulink
model.

Chapter 5: This chapter includes conclusion from the thesis work together with
recommendation about the future work.
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2
Theory

This section explains about relevant theory of wheel loaders and ML techniques.

2.1 Hydraulic Hybrid Vehicles

The hybrid vehicles have a secondary energy carrier attached to the conventional
driveline system, which often consists of fossil fuel as primary source of energy and
ICE to generate energy. The primary energy carrier often have high energy density
and larger energy storage capacity. However, secondary energy carrier has short
amount of energy storage capacity and are usually electricity or hydraulic energy.
This secondary energy carriers recuperate and stores the energy during situations
such as regenerative braking and hence are very effective to improve fuel efficiency
of the vehicle [6]. Different configurations of hydraulic hybrid vehicles have their
own significance and are explained in the subsections.

2.1.1 Series Hybrid

In series hybrid vehicle, the secondary energy generator is often connected to the en-
gine shaft. Similarly, in Series Hydraulic Hybrid Vehicle (SHHV) a hydraulic pump
is connected to the engine shaft and a clutch is placed between the engine and the
pump in order to enable decoupling of the engine. An accumulator is connected to
the pump to store the hydraulic energy [7]. Series hybrid is a traditional catego-
rization used for transportation vehicles, whereas there are other configurations for
working machines that are more difficult to put in these categories. Illustration of
the SHHV configuration can be seen in Figure 2.1.

5



2. Theory

Figure 2.1: Schematic illustration of the SHHV. Picture source - [7]

2.1.2 Parallel Hybrids

Figure 2.2 illustrates the Parallel Hydraulic Hybrid Vehicle (PHHV). PHHV has
a conventional drive train, which consists of an engine directly connected to the
transmission. A hydraulic machine is connected to the drive shaft in-between the
engine and the transmission. The hydraulic machine is connected to an accumulator
to store the hydraulic energy. There is a clutch placed in-between the engine and
the hydraulic machine, which enable complete decoupling of the engine from the
road load. The power is supplied completely by the hydraulic system during the
decoupling phase and whenever the pressure/charge in the accumulator is very low,
the engine is coupled again to recharge the accumulator [7].

Figure 2.2: Schematic illustration of the PHHV. Picture source - [7]
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2. Theory

2.1.3 Combined Hybrids
Figure 2.3 illustrates the Power-Split Hydraulic Hybrid Vehicle (PSHHV). It has the
architecture of both series and parallel hybrid configuration. The hydraulic machine
is connected to the drive shaft as in SHHV and the drive train is conventional as
in PHHV. PSHHV have the advantages of both series and parallel configurations.
Series configuration always allows the engine to run at optimal speed in addition,
helps to reduce the fuel consumption. Parallel configuration allows the vehicle to
consume energy parallel from both engine and hydraulic system whenever the torque
demand is high, while keeping engine at optimal speed and eventually improving the
fuel efficiency. Hence, the power split hybrids have advantage of both series hybrid
and parallel hybrid configurations [7].

Figure 2.3: Schematic illustration of the PSHHV. Picture source - [7]

7



2. Theory

2.2 Hydraulic hybrid wheel loader Concept
A wheel loader is a construction machinery used to perform different operations
such as load loose materials with the bucket mounted at front and to move the
gravel at the construction site. Often the size of the wheel loader is determined
by the load it carries and the type of operations it performs. Figure 2.4 represents
the driveline system of a conventional wheel loader. The main components such
as ICE, transmission system, TC, Pump/motor, Power Take-Off (PTO), cylinders,
work hydraulic control valves and Final Drive (FD) are also illustrated [4] [8].

Wheel loaders uses a TC instead of a clutch. It is an important component in the
driveline system for main reasons, torque amplification and mechanical decoupling
of the ICE from the wheels [4]. This is how a TC replaces the work done by clutch,
in a typical wheel loader [9].

The PTO transfers power from the engine to the main hydraulic pump. The hy-
draulic pump is mainly used to supply hydraulic power to the cylinders that control
the functions such as boom lifting/lowering, bucket tilting and steering of the ma-
chine. These functions are controlled by the main control valves and these valves
are called as Work Hydraulics Control Valve in Figure 2.4 [6] [4] [8].

Figure 2.4: Schematic illustration of the conventional wheel loader driveline, Picture
source- [4]

The hydraulic hybrid system investigated during this thesis work is as shown in
Figure 2.5. A Supplementary Hydraulic Hybrid System (SHHS) is integrated into
a conventional wheel loader shown in Figure 2.4. It can be seen that the hydraulic
machine is connected to the driveline at two locations, one to the PTO at the ICE

8



2. Theory

and one to the transmission. These two connections enable both series and parallel
hybrid operations. Rule-based strategy is used to control the operations of the
valves, and this effect has reduced a significant amount of fuel consumption [4] [9].

Figure 2.5: Hydraulic wheel loader driveline, Picture source- [4].
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2. Theory

2.3 Driving Cycles
Wheel loader often operate in a short and repetitive cycle. The most often performed
driving characteristics of a wheel loader can be generalized and represented in the
form of SLC and Load and Carry Cycle (LCC).These SLC and LCC will be studied
and used to train the ML model.

2.3.1 Short Loading Cycle

Figure 2.6: SLC, Picture inspired by [10].

Picture description of a typical SLC can be seen in Figure 2.6 and the velocity profile
of a SLC performed by wheel loader can be seen in Figure 2.7. The driving pattern
of SLC is explained as follows:

• bucket-fill (step 1): The operator moves from the starting point and fills
the bucket.

• Reversing from gravel pile (step 2): The operator shifts to reverse and
moves away from the gravel pile.

• Approaching hauler (step 3): Once the vehicle comes in the direction of
hauler, the operator applies brake and shifts to move forward.

• Unloading the bucket (step 4): While in the process of approaching the
hauler, the operator lifts the bucket and gets ready to unload.

• Reversing from the hauler (step 5): The operator shifts to reverse and
moves away from the hauler.

• Approaching gravel pile (step 6): The operator now brakes and shifts
forward. Now the cycle gets complete and the operator gets ready to repeat
the cycle.

10



2. Theory

Figure 2.7: Velocity profile of SLC, Picture source- [8].

2.3.2 Load and Carry Cycle
The LCC is similar to SLC but the transportation phase is long which involves
carrying the load in the bucket from the gravel pile to the hauler and returning back
from the hauler and approaching the gravel pile. The typical velocity profile for the
LCC is represented in Figure 2.8.

Figure 2.8: Velocity profile of LCC, Picture source-[8].
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2. Theory

2.4 Machine Learning

ML is a branch of artificial intelligence that allows computer systems to learn directly
from examples, data, and experience [11]. Through enabling computers to perform
specific tasks intelligently, ML systems can carry out complex processes by learning
from data, rather than following pre-programmed rules [11].
There are many ML algorithms that are classified under the following approaches.

1. Supervised learning
2. Unsupervised learning
3. Reinforcement learning
4. Recommender systems

2.4.1 Supervised learning
Supervised machine learning algorithms can apply what has been learned in the past
to new data using labeled examples to predict future events [12]. The system is able
to provide targets for any new input after sufficient training [12]. The algorithm
can also minimize the error by reducing the differences between actual and intended
output. The data are divided into training, cross validation and test set. Training
data are used to train the model and learn the output pattern. Cross validation
data are used to check if model is biased, variance or rightly fitted. There is always
a trade off between biased and variance. A good learning algorithm would discover
various heuristics and rules that apply to task at hand, such a system is said to be
unbiased [13]. However, achieving low bias results in high variance. To overcome
this, model are built in sufficiently versatile manner to reasonably approximate a
broad range of input/output mappings is necessarily sensitive to the idiosyncrasies
of particular data used for its training and therefore require large training set [13].
Best performance is achieved when model has minimal bias and variance term.
Some of commonly used types of supervised learning are as follows.

1. Linear regression
2. Logistic regression
3. Artificial neural network
4. Support vector machines

2.4.1.1 Linear regression

Linear regression using one single independent variable is called uni-variate regres-
sion while analysis using more than one independent variable is called multivariate
regression analysis [14]. To explain further about linear regression, consider a small
example of uni-variate regression.
In the Figure 2.9 X is the input with number of experience in years and y is the
output with salary of a person in SEK. With regression technique, the linear rela-
tionship between salary of a person and work experience is found out. The regression
line shows the best fit of the model.
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Figure 2.9: Uni-variate linear regression

The regression line is found by using the following hypothesis equation.

hθ(x) = θo + θ1(x) (2.1)

Here,
x=training data (number of experience in years)
y=output data (supervised learning)
The hypothesis hθ(x) maps from input x to estimate the value of y by finding best
values of θo, θ1. Ideally θo and θ1 is selected so that hθ(x) is close to y for the
given training examples(x, y). Theta’s are calculated using following cost function
equation.

J(θo, θ1) = 1
2m ∗

m∑
i=1

(hθ(x(i)) − y(i))2 (2.2)

The cost function equation (2.2) is minimized to find best possible θo, θ1 using gra-
dient descent or normal equation. Once best θo, θ1 are found out, they are inserted
in equation (2.1) to get best fit regression line for the model.
Similarly, linear regression for multiple variable/inputs can be solved using the fol-
lowing hypothesis equation.

hθ(x) = (θT ∗ x) = θo ∗ x0 + θ1 ∗ x1 + θ2 ∗ x2 + θ3 ∗ x3 + ....+ θn ∗ xn (2.3)

2.4.1.2 Logistic regression

Logistic regression is popular probabilistic based statistical model used to solve the
classification problems [15]. Generally logistic regression is classified as negative class
(0) and positive class (1) that is the output y is either predicted 1 or 0. Logistic
regression estimates the probabilities using a logistic function, which is also referred
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to as sigmoid function [15].
To predict negative class and positive class, the following hypothesis equation is
used .

hθ(x) = g ∗ (θT ∗ x) = g(z) = 1
1 + e−z = 1

1 + e−θT x
(2.4)

where,
g= 1

1+e−z is the sigmoid function.
z= θTx.
A sigmoid function is a mathematical function having a characteristic "S"-shaped
curve or sigmoid curve [16] and is shown in Figure 2.10
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Figure 2.10: Sigmoid function

There is threshold classifier for hypothesis equation at 0.5.
If hθ(x)>=0.5, predict y=1 which reflects to g(z)>=0.5 when z>=0.
If hθ(x)<0.5, predict y=0 which reflects to g(z)<0.5 when z<0.
The cost function of logistic function is different from linear regression. Logistic
function produces wavy output, causing many local optima. In other words, it will
not be a convex function [17]. Therefore, the following cost function will be used to
obtain theta.

J(θ) = − 1
m

[
m∑
i=1

y(i)loghθ(x(i) + (1 − y(i))log(1 − hθ(x(i)))] (2.5)

Note that, y is always either 0 or 1.
Therefore,
If y=1, J(θ)=-log(hθ(x))
If y=0, J(θ)=-log(1- hθ(x))
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Cost function is minimized using optimizing techniques like gradient descent, con-
jugate gradient, BFGS, L-BFGS.

Multi-class classification logistic regression: It is the type of classification
method where there are more than two possible outcomes. One of the common
example is to predict weather to be either sunny/cloudy/rain/snow. In case of bi-
nary logistic regression, the output y is always either 0 or 1 whereas in Multi-class
classification logistic regression the output y for weather prediction example would
be 1,2,3,4 respectively for each class.

One vs all Multi-class classification: It is one of widely used multi-class classi-
fication. The Figure 2.11 shows the example of one vs all multi-class classification
with 3 classes.

Figure 2.11: One vs all Multi-class classification. Picture Source [18]

Basically, Figure 2.11 shows that it selects one class and then lumps the other two
class into a single second class. This is done repeatedly by applying binary logistic
regression to each case, and then use the hypothesis that returned the highest value
as prediction [17].

2.4.1.3 Artificial neural network

A NN is an interconnected assembly of simple processing elements, units or nodes,
whose functionality is loosely based on the animal neuron [19]. The processing
ability of the network is stored in the interunit connection strengths, or weights,
obtained by a process of adaptation to, or learning from, a set of training patterns
[19].
Artificial neural network (ANN) works on the same principle as that of human brain.
To understand it better, Refer to neuron of human brain in Figure 2.12.
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Figure 2.12: Neuron, Picture Source:[20]

In Figure 2.12, neurons are basically computational units that take inputs (den-
drites) as electrical inputs (called "spikes") that are channeled to outputs (axons)
[17]. Similarly, In ANN x1, x2, x3....xn are input features act as dendrites and out-
put of the hypothesis act as axon.
In ANN, there is a input node x0 called as bias unit that always produces constant
value 1 or other constant. In ANN, activation functions are preferred to improve
convergence speed . Theta’s are considered as weights. Input features are known as
first layer, output of hypothesis are known as output layer and intermediate layers
between first and output layers are known as hidden layers. The hidden layers are
represented by ao2....an2 called as activation units.

Figure 2.13: Artifical Neural Network
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Figure 2.13 shows an example of ANN. It consists of 4 layers, Layer 1 and layer 4 are
known as Input and output layer respectively where as layer 2, layer 3 are hidden
layers of the network. The NN is calculated as follows.

a
(2)
1 = g(θ(1)

10 x0 + θ
(1)
11 x1 + θ

(1)
12 x2 + θ

(1)
13 x3) (2.6)

a
(2)
2 = g(θ(1)

20 x0 + θ
(1)
21 x1 + θ

(1)
22 x2 + θ

(1)
23 x3) (2.7)

a
(2)
3 = g(θ(1)

30 x0 + θ
(1)
31 x1 + θ

(1)
32 x2 + θ

(1)
33 x3) (2.8)

The equations 2.6, 2.7, 2.8 are used to calculate the activation nodes for layer 2.
Similarly, activation nodes are calculated for layer 3 and output of NN is calculated
as follows:

hθ(x) = a
(3)
1 + a

(3)
2 (2.9)

In general,
ai(j)="activation" of unit i in layer j [17]
θ(j)=matrix of weights controlling function mapping from layer j to layer j+1[17]

2.4.1.4 Support Vector Machines

Support Vector Machines (SVM) is a alternative approach to logistic regression
which is based on statistical learning theory by Vapnik et al. SVM is mainly used
for classification type of problems.

It is based on the principle of structural risk minimization, rather than the tradi-
tional empirical risk minimization principle [21]. Figure 2.14, 2.15 shows a simple
example of SVM. There are two different classes in Figure 2.14 segregated in three
different ways. Finding the best hyperplane is very important in SVM. In this ex-
ample, hyperplane B is performed excellently in segregating the two classes. For
further verification, SVM uses margin method which is shown in Figure 2.15. This
method is used to find maximised distance between nearest point and hyperplane.
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Figure 2.14: SVM Stage 1, Picture Source:[22]

Figure 2.15: SVM Stage 2, Picture Source:[22]

It is also quite effective when it comes to non linear boundary decisions, it is calcu-
lated using Gaussian Kernel and similarity function.
Nowadays, due to technological advancement SVM packages like liblinear, libsvm
are used to solve for parameter θ. The parameter which needs to specify for these
packages are choice of parameter C and choice of kernel(similarity function).
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2.4.2 Unsupervised learning
Supervised learning is one of the most widely used and successful procedure for
multilayer feedforward network using backpropagation algorithm [23]. However, it
has been limited by poor scaling behaviour: the learning becomes unacceptably slow
as the size of the network or problem increases [23]. This problem arises for non
linear network where to achieve high accuracy many hidden layers are used. One
solution to these kinds of problems is to adopt unsupervised learning procedures.
In unsupervised learning, rather than providing output to be learned by the network,
it forms a cluster of its own by randomly initialized cluster centroid. This procedures
is repeated several times until it has lowest cost function. There can be two or
more cluster centroid, This algorithm is known as K-means algorithm. Some of the
applications of clustering are market segmentation, social network analysis.
Market segmentation: It consists of large number of customer database that are
grouped in different market segments using clustering method which helps in serving
market segment in a better way [17].
Spam emails: To avoid spam emails in mailbox, unsupervised learning works in
effective way. It basically divides an email into different segments like header, sender,
content and then they are grouped together. This helps in detecting the spam email
accurately.
The following Figure 2.16 shows flow chart of K-means algorithm.
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Figure 2.16: Flow chart of K-means algorithm, Picture Source:[24]

Where k is number of clusters.

Apart from K-means algorithm, few other unsupervised learning algorithms are
hebbian learning, encoder learning paradigm, maximise information transmission,
spatial coherence as an objective function [23].

2.5 Neural Network Regression and Deep Learn-
ing Regression

The regression models are mainly used to predict the continuous output values [25].
The NN regression models are mainly used in predicting and forecasting by finding
the relationship between the input variables and the output variables. The idea
of NN regression and Deep Learning (DL) regression is the combination of linear
regression and NN. The only difference between NN regression and DL regression
is that the DL model has many hidden layers, where as the simple NN regression
model has one hidden layer [26].
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The regression can be implemented using following steps:

Step 1: Implementation of activation function.

hW (x) = hW (x) = Wo(x) +W1(x)......Wn(x) = W T ∗X (2.10)
Here, X = Input training data

The hypothesis hW (x) maps from input x to estimate the value of y by finding best
values of Wo, W1 up to Wn. Ideally the values of W are selected so that hW (x) is
close to y for the given training examples(x,y). In order to get the values of W the
following steps are used.

Step 2: Forward Propagation.

Figure 2.17: Neural network forward propagation

The forward propagation in the NN is represented in the Figure 2.17. A simple
linear activation of neuron involves the multiplication of weights Wo up to Wn with
the input feature matrix X. However other non-linear activation functions like tanh,
Rectified Linear Unit (ReLu) and Leaky ReLu can also be used in the hidden layers
in order to improve the learning process fast.

Step 3: Implementing Cost function.

J(Wn) = 1
2m ∗

m∑
i=1

(hW (x(i)) − y(i))2 (2.11)

The cost function equation (2.11) is minimized to find best possible Wn values using
gradient descent or normal equation. By minimizing the cost function the best Wn

are found out. they are inserted in equation (2.10) to get best fit regression line for
the model.
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Step 4: Implementing gradient descent to minimise the error.

In order to minimise the cost function we need to find the derivative of the cost
function J with respect to each of the parameters Wn, these derivatives can be
obtained by back propagation. The cost function will be minimum only when the
derivative of J w.r.t Wn is zero.

Step 5: Updating the gradient descent.

Wn := Wn − α ∗ ∂J

∂Wn

(2.12)

By using the partial derivatives of J w.r.t Wn, gradient descent is computed using
the equation 2.8. Here α is the learning rate. It also defines the rate at which the
gradient descent propagates. If α is too small, then gradient descent may converge
very slowly and it might require large training examples. If α is very large, it may
change the value of W very quickly and might not converge to the global optimal.
Hence it is very important to choose the correct learning rate α.

The steps from 2 to 5 are repeated for gradient descent to reach a global optimal.
The values of W obtained at the end are used to predict new values using the
equation 2.10.

2.6 Dynamic Programming Method
DP deals with sequential decision processes, which are models of dynamic systems
under the control of a decision maker. At each stage or in each period of some
planning horizon, the decision maker chooses an action from a set of available al-
ternatives, which generally depends on the current state of the system [27]. The
objective of DP is to find optimal performance of the system.
To illustrate further, DP is used to find the optimal values of hybrid torque demand
and reference Machine 2 pressure which can be seen in Figure 2.5. DP performs
forward simulations and backward simulations in order to achieve optimal control
system for above mentioned output.
It is not possible to implement DP online because it performs forward and backward
simulations whereas, In real time control, it is not possible to perform backward sim-
ulation. Therefore results obtained from DP are trained using ML techniques which
are implemented on Simulink model.

2.7 Overview of the system model
In the present thesis, a backward-facing simulation model is used to simulate and
study the wheel loader system. The same model is used to evaluate all the developed
EMS using ML.
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2.7.1 Backward-facing simulation model

In the backward-facing simulation model, the direction of computation goes back-
wards, from wheels through all the components of drive-line system, finally the
required control inputs are obtained. One of the main advantage of backward-facing
simulation is that it does not require a feedback control system. Whereas most of
the forward facing simulations require a feedback system. The developed backward-
facing simulation model can be used to simulate and study for different drive cycles,
component sizes and vehicle size, without redesigning the whole control system. [28]

2.7.2 Wheel loader simulation model overview

Figure 2.18: Wheel loader simulation model. Picture source Wheel loader: [29]

The wheel loader model used in the present work is shown in the Figure 2.18. The
simulation model has been adapted form the previous work [4]. The drive cycle
model inputs the wheel loader with signals such as velocity, gear, traction force.
The control system takes input from the sensors signals of the wheel loader and
provides the appropriate signals back to the wheel loader model.
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Figure 2.19: Backward-facing simulation model of the wheel loader modelled in
Simulink

Figure 2.20: Method of calculation of blocks modeled in Simulink. Picture source
Wheel loader: [4]

Figure 2.20 shows backward facing simulation model of the wheel loader. The di-
rection of computation is backwards as explained before. The drive cycle provides
the inputs which are used in further simulations. The same work-flow principle was
adapted and a Simulink model was built. The Simulink model of the wheel loader
can be seen in Figure 2.19. In the paper the wheel loader model is briefly explained.
The complete description about the components and the model can be seen in [4]
[9].

2.7.3 Control System
The sensor signals from the different components of the wheel loader are fed to the
control system. The main function of the control system is to control the speed
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of ICE and the SHHS. The sensor signals provide vital information such as engine
speed, vehicle velocity, gear and accumulator pressure. These signals are further
processed in control system and the processed signals help in selecting appropriate
EMS states. The suitable utilization of SHHS is calculated for these EMS states.
The outputs of the control system are then fed to the relevant components for
execution.

2.7.4 Energy Management Strategies
EMS subsystem previously contained a rule based system to make decisions of energy
management system [4]. The RB-EMS was executed using stateflow in Simulink.
This system was more complex as it had many sub-sections and loops. EMS has a
total of nine states. These states were used for utilising SHHS. Based on the sensor
signals and the SHHS diagnosis signals, the most suitable EMS was fed further in
the control system execution. In the present work, the rule based system is replaced
by NN to classify these nine states.
The states with short description can be seen in Table 2.1. The states named parallel
operate as parallel hybrid configuration and the states named series operate as series
hybrid configuration. Both these configurations utilise the power from SHHS instead
of completely utilising the power from ICE. During the idle state the SHHS system
is shut down. The wheel loader enters the charge state at the start of the vehicle
and when the accumulator pressure is below pre-charge pressure [4] [9].

Table 2.1: Strategy states. Source [4]

States name States Description
Idle state Hybrid system is shut off
Parallel Direction Change Machine 1 recuperates energy by performing

pump operation
Parallel Drive Machine 1 performs motor operation

and assists in propelling the vehicle
Parallel Bucket-fill Machine 1 performs motor operation

and assists in propelling the vehicle
Parallel Accumulator Charge Machine 1 performs pump operation

and pre-charge the accumulators
Series Direction Change Energy is recuperated by Machine 1 performing

pump operation and extra energy stored by
Machine 2 performing pump operation

Series Drive Machine 1 performs motor operation and
Machine 2 performs pump operation,
assisting vehicle propulsion

Series Bucket-fill Machine 1 performs motor operation and
Machine 2 performs pump operation,
assisting vehicle propulsion

Series Accumulator Charge Machine 2 performs pump operation
and Pre-charge the accumulators
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Figure 2.21 shows the architecture of the rule based energy management system.
It has got state specific rules which determine the utilization of the states. All
the states share a common diagnostic rules such as parking brake check and engine
check. The architecture is complex in composition. All these state specific rules,
transitions rules and diagnostic rules are executed along and a suitable state is de-
termined at every unit time in the simulation, making the system more complex to
execute and computationally expensive.

Figure 2.21: RB-EMS state flow architecture. Picture source: [4]

2.7.5 Torque control system
The main task of torque control system is to control hydraulic hybrid torque dis-
tribution and also determine from where the torque should be retrieved either from
ICE or SHHS [4]. This decision is made from hydraulics manager subsystem. Avail-
able hydraulic hybrid torque received from hydraulics manager subsystem will act
as input to torque control system. Along with torque, brake pedal demand, gear,
acceleration pedal demand and several other parameters serve as input to torque
control system. In the torque control system, total torque demand, state specific
torque demand and brake hybrid torque demand is calculated. It also calculates a
suitable limitation in ICE rotational speed to keep the driveline power output close
to a conventional wheel loader [4].
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The project was mainly divided into two phases as shown below.

3.1 Phase 1: Replicate a RB-EMS with a Neural
Network

In this phase, RB-EMS was replaced with NN. The same states are maintained and
transition rules are learned by the network.
To illustrate further, Figure 3.1 shows schematic representation of implementation.

Figure 3.1: Schematic Representation of Implementation

There are many ML techniques which were discussed in the theory section and ini-
tially NN and support vector machine were found to be reliable for this kind of
implementation because it belongs to one vs all multi- class classification category
where only one State is predicted at given instant of time. SVM require high com-
putational cost and not possible to implement on online ML. Therefore NN was
selected as it was easy to implement in Simulink as well as machine.

3.1.1 Neural Network Training
NN training was carried out in MATLAB script. Before training the network lot of
parameters had to be decided, the key parameters are shown below.

1. Number of layers.
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2. Number of input features.
3. Training examples
4. Number of iterations
5. Number of outputs

Number of layers: There are no particular rules when selecting layers for the
network. Various architectures were tried and tested starting from 1 hidden layer
up to 4 hidden layers. Along with number of layers, layer size was also decided by
testing different sizes with a training accuracy. Finally, 3 hidden layers with size
of 10, 20, 30 for first, second and third hidden layer respectively was chosen as it
produced acceptable accuracy. Further increase in hidden layers or size resulted in
same accuracy. Sigmoid activation function is used for training

Number of input features: Selection of input features plays an important role
in the training accuracy as selection of irrelevant may lead to inaccuracy/predicting
wrong state. Optimum number of features needs to be selected as increase/decrease
in number of features results in high variance/bias. Also, it is reasonable to choose
these features since we have certain sensors on our machines today. Before selecting
the features for NN, conditions and input features used for RB-EMS was observed.
Since the task involved was to replicate RB-EMS so, the following 7 features were
selected based on their key decisions/conditions involved in selecting States for RB-
EMS.

1. Acceleration Pedal Demand
2. Gear
3. Brake Pedal Demand
4. State of Charge
5. Engine Speed
6. Machine Velocity
7. Torque Converter Output Speed

Training examples: The training examples were taken from real world measure-
ments for SLC of a wheel loader. In total there were 54 SLC. These data were
divided into three categories as follows.

1. Training Data: This data is used to train the NN. The data was reformat-
ted/restructured according to the requirement of the script. For training data,
33 SLC data are used for training data.

2. Cross Validation Data: Cross-validation is a data resampling method to assess
the generalization ability of predictive models and to prevent overfitting [30].
This data also helps to analyze if there is a requirement of additional data /
input feature for training data. 9 SLC data are used for cross validation data.

3. Test Data: This data gives information about the adaptation to the training
data. This estimate quantifies the generalization ability of the model [30].
Testing data also gives an idea whether trained network follows same pattern
when a new data is provided to the network. 9 SLC data are used for Test
data.
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Number of iterations: Several number of iterations are performed to find global
optimal value in order to achieve least possible cost function. At certain number of
iterations, it reaches global optimal value and further increase in number of iteration
does not change the results significantly.

Number of outputs: From Table 2.1, Five output states is used for training. Idle
state was left out of training because RB-EMS is built in a manner that every time
when a system needs to change from one state to another (this does not include
switching from parallel mode to series mode or vice versa), it has to pass through
Idle state for few milliseconds. This is quite difficult for NN to predict because the
training data are based on ruled based strategy and there are instances when input
features have same value for Idle state and other states. These overlapping data
results in wrong prediction of state by NN. Idle state was predicted in Simulink
MATLAB function by using few operating conditions.

After deciding on key parameters, next step was to extract good accuracy from
network. The accuracy was measured using confusion matrix. A confusion matrix
is a tabular way of visualizing the performance of your prediction model. Each entry
in a confusion matrix denotes the number of predictions that were made by the model
where it classified the classes correctly or incorrectly [31]. In this phase, performance
is evaluated by comparing predicted results by NN with RB-EMS states. As the
goal of this phase was to replicate rule based energy management strategy with NN.
Confusion matrix is created for testing of neural network. NN results is considered
as predicted value and results of ruled based strategy is considered as actual target
value.
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3.1.2 Implementation of Neural Network in Simulink
The optimal trained NN in the MATLAB script was implemented in Simulink using
MATLAB function block.
The following Figure 3.2 shows the working principle of MATLAB function block
implemented in Simulink.

Figure 3.2: ML implementation on simulink

Figure 3.2 shows there are 7 input features connected to MATLAB function block.
These features are mentioned in 3.1.1. The theta/weights are obtained from NN
trained in MATLAB script. As shown in Figure 3.2, sigmoid function is applied to
the product of Theta 1 and input features. similar operations are carried out for 2,
3 and 4th layer respectively. Finally, the state with highest probabilty predicted by
NN (h4) is sent to the output. Furthermore, few conditions are added to MATLAB
function block to increase the accuracy.

3.2 Phase 2: Optimization of hybrid torque and
Machine 2 pressure.

3.2.1 Optimization using Dynamic Programming
As discussed in the previous chapter, DP cannot be implemented online because of
high computational cost and require prior knowledge of power demand. One way of
achieving a close-to-optimal online EMS is by using results from DP optimization as
inputs for supervised learning algorithms [5]. In this thesis, NN one of the supervised
learning algorithm is used to learn the decision making process by DP and implement
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it online as an EMS [5]. DP is used to obtain optimised values for Hybrid torque
request and Machine 2 pressure. With suitable DP model, SLC are simulated using
DP. The optimised results of Hybrid torque request and Machine pressure 2 obtained
from DP are expected to be learnt by NN.

3.2.2 Training of Hybrid torque request

3.2.2.1 Obtaining Data

The optimized hydraulic hybrid torque request that was obtained from DP tool was
used as a target value to be trained using ML. A total of 15 test cycles that gave a
feasible solution in DP tool were used to obtain the data required for ML. Feature
data to train the ML model were also obtained from the optimised driving cycles
of DP and some of the feature data were obtained from the respective test cycle data.

The training feature data that were obtained from optimised cycles of DP:

1. Engine speed
2. SOC of the accumulator
3. Gear

The training feature data that were obtained from test cycle data:

4. Traction force
5. Vehicle velocity

Two regression models were used to train the hybrid torque request. These models
were compared with the training accuracy, complexity and the duration of training.
Since the NN regression model had the best accuracy, it was selected for the imple-
mentation in the Simulink model.

Regression models trained:
1. Linear regression
2. NN regression.

3.2.2.2 Linear regression

Feature normalization

The feature data that were used to train had a different range, The learning process
of the model was very slow and there were high chances of the gradient descent
reaching a local optimal. Hence it was necessary to normalise the training features
to a common scale. This was done by dividing the maximum value of a feature with
all the data points of that feature, by doing this all the features were within the
scale of -1 to 1. An example of feature normalization is shown in Equation 3.1
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V elocitynormalized = V elocity(1−m)

V elocitymax
(3.1)

After normalizing all the features, the feature data was arranged into a matrix X
of dimension (m,n) where m is the number of data points or examples, and n was
the number of features. The target feature, hybrid torque request which was to be
trained was also arranged into a matrix Y of dimension (m,1).

Gradient descent

The values of θ were initialized to zero. The cost function was found out by using the
Equation 2.2. The gradient descent was obtained by Equation 3.2 and performing
the gradient update of θ using Equation 3.3. The gradient update was dependent
on learning rate α. α was the hyper parameter, which was set by trial and error
method to obtain a good gradient descent. These steps were repeated for for number
of iterations, which was again a hyper-parameter. Number of iterations was also
tuned to get a good results. The values of θ at the end of gradient descent was
saved.

δ = 1
m

∗ (X ∗ ((X ∗ θ) − y)) (3.2)

θ = θ − α ∗ δ (3.3)

Predicting new values by the trained regression model

The new value with its feature data was multiplied with the saved values of θ to get
the predicted value. In the Equation 3.4, Ŷ represents the predicted value.

Ŷ = X ∗ θ (3.4)

3.2.2.3 Neural network linear regression

Feature normalization

The same features were used to train the NN regression model. The feature nor-
malization was also carried out using the Equation 3.5.

y = ((ymax − ymin) ∗ (x− xmin)
(xmax − xmin)) + ymin (3.5)

[32]
Where,
x: is an element of the vector (input or output) to normalize.
xmax: is the value of the greatest element of the vector to normalize.
xmin: is the value of the smallest element of the vector to normalize.
y: is the normalized value of x.
ymax: is the maximum value (1).
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ymin: is the minimum value (-1).

Forward Propagation and Backward Propogation

The NN was a two layered network with one hidden layer and one output layer. Two
activation functions namely, tansig and purelin were used during the training and to
predict new values. Tansig was used as activation function of neurons in the hidden
layer and purelin was used as activation function of the output layer. The equation
governing tansig is shown in Equation 3.6. The mathematical functionality of tansig
function is explained in [33]. Purelin activation function was the linear combination
of inputs from the prior node. Equation 3.7 explains the purelin activation [34] [35].
The derivatives of the cost function with respect to input features are calculated
during back propagation and the gradients were updated according to Equation
2.12. Hyper-parameter, number of neurons in the hidden layers was set to 50 and
number of iterations was set to 1000, these parameters were set by trail and error
method to get the faster learning and accuracy.

a = 2
(1 + exp(−2 ∗ hw(x)) − 1 (3.6)

Where, hw(x) was found by equation 2.1

a =
l∑

i=1
W T ∗X + b (3.7)

Where, i: is the number of neurons in the previous layer.
b: is the bias term.

Prediction of new values

Figure 3.3: Neural network regression implementation in Simulink

The data coming from the sensor signals were arranged into a matrix using mux as
show in Figure 3.3, a total of 4 features were arranged into a matrix of size (1,4).
The forward propagation calculation block was fed with this input matrix. Figure
2.17 and Figure 3.5 shows the forward propagation in predicting new values, the
features/inputs gets multiplied with the corresponding weights and tansig activation
function is used in the neurons of Layer 1 to calculate the value of a using Equation
3.6.
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Figure 3.4: Neural network regression Simulink block

Figure 3.5: Forward propagation inside Layer 1

The values of a obtained in neurons of Layer 1 are then multiplied with the cor-
responding weights similarly as shown in Figure 3.6 , purelin activation function is
used in the Layer 2 to get the output using Equation 3.7, the output of the network
is pre-processed using Equation 3.5 for the torque request to have its original value
instead of the normalized value.

During Idle conditions the Torque Request should be zero, therefore a switch was
implemented to ensure that the torque request was zero during idle conditions.The
filter operation using a switch can be seen in Figure 3.3.

Figure 3.6: Forward propagation inside Layer 2

The output obtained from NN regression was then divided with the shaft gear ra-
tio to get the actual hybrid output torque before loss. In reference to Figure 2.21,
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the complex rule based state flow system is replaced by simple regression model to
predict the hybrid toque request which is shown in Figure 3.4.

3.2.3 Training of the Machine 2 pressure

3.2.3.1 Obtaining training data

The optimized Machine 2 pressure that was obtained from DP was used as the target
value to be trained using ML. Feature data to train the model was obtained from
the optimized driving cycles (output) of DP. Some extra feature data was created
by performing algebraic operations on the feature data obtained from the DP tool.
Only three features were available for the training because some of the features were
unavailable in the optimized drive cycle data of the DP tool, and some features had
a problem of data mismatch.

The training feature data that were obtained from the optimized cycles
of DP:

1. Hybrid torque request
2. SOC of the accumulator.

The training features that were obtained by algebraic operations:

3. Hybrid torque request * SOC of the accumulator

The algebraic operation ’hybrid torque request * SOC’ gives the neural network a
better dimension of data and hence improves the training accuracy.

Similar to the training of hybrid torque, Machine 2 pressure was also trained using
two models and since NN regression model had better accuracy over linear regres-
sion model, it was selected for the implementation in the Simulink.

3.2.3.2 Linear regression

The modelling and implementation of linear regression model and NN regression
model are same as explained before. There is only difference in the values of hyper-
parameters that were used to tune the model for better accuracy.

3.2.3.3 Neural network regression

The NN model is a two layered NN, with 3 inputs, 30 neurons in the second Layer
and one neuron or unit in the output layer. The number of iterations were set to
1000.

35



3. Energy Management System

Prediction of new values

Figure 3.7: Machine 2 pressure neural network implementation in simulink

The data coming from the sensor signals at every millisecond and its algebraically
operated signals were arranged into a matrix in the math function block as shown
in Figure 3.7. A total of 3 features were arranged into a matrix of size (1,3). The
forward propagation calculation block was fed with this matrix. The prediction of
new values for Machine 2 pressure using forward propagation block is similar to that
explained in NN regression for hybrid torque calculation, see Figure 3.5, 3.6.

The math function block was used to set the upper limit of the Machine 2 pressure
request as 350 bars and during the idle conditions the pressure request was set to be
0 bars. During Idle conditions the Machine 2 pressure should be zero, therefore a
switch was implemented to ensure that the pressure was zero during idle conditions.
The filter operation using a switch can be seen in Figure 3.7.
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Results and Discussion

The ML technique developed is evaluated by simulating hydraulic hybrid wheel
loader model with implementation of ML in Simulink. Firstly, in the Phase 1 train-
ing accuracy of ML replicating rule based strategy is shown. Then the results of
implementation in Simulink with training, cross validation and test data are shown
using confusion matrix. The comparison of ML predicted states and Rule based
predicted states using same data are displayed. In the Phase 2, Optimized DP re-
sults are analyzed by plotting Hybrid torque, State of Charge (SOC) and Velocity.
Similarly, Machine 2 pressure, SOC and Velocity are analyzed. Followed by com-
parison of accuracy between linear regression and NN regression. Finally, results of
NN regression implemented in Simulink is shown where it is analyzed whether the
network produces reasonable results.

4.1 Phase 1
Figure 4.1 shows training accuracy of states predicted by ML. Confusion matrix
shows comparison of predicted value with actual target value.There are total of 5
states predicted using ML excluding idle state which was discussed in Section 3.1.1.
State 1, State 2, State 4, State 6 and State 9 represents following States.

• State 1 represents Parallel Direction Change

• State 2 represents Parallel Drive

• State 4 represents Parallel Bucket-fill

• State 6 represents Series Bucket-fill

• State 9 represents Series Drive
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The states description are explained in Table 2.1. From the Figure 4.1, It can be
observed that state 1 has accuracy of 99.2% and state 2 and 9 has accuracy of
89.9% and 80.1% respectively. State 2 and 9 perform same task with state 2 acting
as parallel hybrid and state 9 acting as series hybrid. So in this way state 2 predicting
state 9 or vice versa would not cause any problem. Similarly, state 4 and 6 perform
the same way as state 2 and 9. So it can be said that accuracy of state 4 and 6 are
good as it is either predicting state 4 or 6. Finally, looking at Figure 4.1 it can be
observed that ML is successful in replicating ruled based predicted states and these
training results are extracted from MATLAB and implemented in Simulink model.

Figure 4.1: Confusion matrix of ML Training Accuracy

Figure 4.2, 4.3, 4.4 shows results of Phase 1 implementation of ML in Simulink model
compared with ruled based predicted states using confusion matrix for training, cross
validation and test data respectively.
Figure 4.2 shows results of ML implemented using Training data. From the results,
it can seen that ML has good accuracy while predicting state 1, 4 and 6 but accuracy
of state 2 and 9 are slightly on lower side because of conditions put up for Idle state
0. As stated in previous chapter, Idle condition was not considered for training
instead certain operating conditions were implemented in MATLAB function block
such that system always goes to idle state for few milliseconds when switching from
one state to another. Due to this, few conditions are overlapping with state 2 and
9 which is main reason for having low accuracy.

38



4. Results and Discussion

Figure 4.2: Confusion matrix of ML in Simulink for training data

Figure 4.3, 4.4 shows result of ML implementation using cross validation and test
data. Results indicate that ML is able to produce good accuracy for new data which
has not been trained. This signifies that there was no issue regarding bias/variances
and network is able to adapt to new data while maintaining good accuracy.

Figure 4.3: Confusion matrix of ML in Simulink for cross validation data
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Figure 4.4: Confusion matrix of ML in Simulink for test data

Figure 4.5 shows results of comparison of ML implementation in Simulink against
ruled based predicted states. Results indicate that ML is quite successful in repli-
cating strategy states predicted by ruled based energy management system. From
Figure 4.5, it can be seen that ML using NN is able to follow same pattern as that
of RB-EMS. Apart from few inaccurate results in predicting state 1 and Idle state
due to overlapping of few conditions which is explained in previous paragraph, it
enters and exit bucket-fill phase(state 4 and 6) accurately which is an crucial state
for wheel loader.
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4.2 Phase 2

4.2.1 Dynamic Programming results
The DP search for ways to improve the fuel efficiency by utilizing the hybrid system
at the right time and hence minimizing the dependency on the torque converter dur-
ing its low efficiency phases. Bucket-fill phase is one of the phases during which the
torque converter has a very low efficiency. Utilising hybrid system during bucket-fill
phase would reduce the fuel consumption. DP optimises the power request from
ICE and SHHS.

Figure 4.6 shows the graph of vehicle velocity, SOC and hybrid torque request for
two SLC’s. The yellow box shown in the Figure 4.6 corresponds to the bucket-fill
phase. A large amount of torque was delivered from the hybrid system. Hence the
SOC of the accumulators was decreasing during bucket-fill phase. It can also be
seen that just before the bucket-fill phase the accumulators were charged and SOC
was slightly increased, as the SOC was about to be consumed during the bucket-fill
phase. The green box shown in the Figure4.6 corresponds to the braking phase.
During braking, energy was recuperated and hence we can see that there was slight
increase in SOC.
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Figure 4.6: Comparison of Hybrid torque, SOC, Velocity obtained from optimized
DP

Figure 4.7 shows the graph of Vehicle velocity, SOC and the Machine 2 pressure
for the two SLC’s. The bucket-fill phase is highlighted by a yellow box. It can
be observed that the SOC of the accumulators was decreasing and the SOC of the
accumulators was used to perform the bucket-fill operation. Machine 2 also assisted
the bucket-fill operation and hence the pressure on Machine 2 also increased during
this phase. It can also be observed in the green box that during braking there
was a slight increase in SOC of the accumulators. During braking, the energy was
recuperated by Machine 1 and increased the SOC of the accumulators. Since the
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4. Results and Discussion

pressure in the accumulators was increasing, the pressure on Machine 2 should also
increase in order to further assist HFW, and hence it can be observed that the
Machine 2 pressure was also increased during braking. There was a lot of noise
in the Machine 2 pressure data. A filter was used in the further application to
smoothen the data.
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Figure 4.7: Comparison of Machine 2 pressure (pump pressure), SOC, Velocity
obtained from optimized DP

4.2.2 Comparison of accuracy of Linear Regression and Neu-
ral Network Regression

The optimized hybrid torque request from the DP was trained using linear regression
and NN regression. Both the regression models were trained using the same data
points. The training data was divided into training set and test set. The training
set was used to train and tune the hyper parameters to get good accuracy. Test
set was used to predict the hybrid torque request values for the new untrained data
points.

4.2.2.1 Training on prediction of hybrid torque request

Figure 4.8 shows the graph of target values of hybrid torque (obtained from DP)
versus predicted values of hybrid torque from the linear regression model on training
set. The learning rate (alpha) and number of iterations were tuned to get the best
accuracy. The final values of learning rate and number of iterations used were 0.01
and 30000 respectively. The blue line in the graph is the target hybrid torque and the
red line is the predicted values from the linear regression model. The mean squared
error was found out to be 3760.27. Since, there were only 4 features available to
train the model, the accuracy of the simple linear regression model was less. It can
also be observed that the predicted values followed the trend of the target values,
but there was a lot of deviations and spikes in the predicted data and also lot of
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disturbance in the predicted data can be observed whenever the target data was 0
Nm.

1000 2000 3000 4000 5000 6000 7000 8000

Time [ms]

-500

-400

-300

-200

-100

0

100

200

300

400

500

H
y
b

ri
d

 T
o

rq
u

e
 [

N
m

]

Linear regression prediction accuracy of hybrid torque request

Target data (Obtained from DP)

Predicted data from ML

Figure 4.8: Training accuracy of the predicted hybrid torque values using linear
regression model
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Figure 4.9: Training accuracy of the predicted hybrid torque values using neural
network regression model

Figure 4.9 shows the graph of the target values of hybrid torque (obtained from DP)
versus predicted values of the hybrid torque from the NN regression model on the
training set. The mean squared error between the target and the predicted data
was found out to be 2627.91, which is less than the mean squared error of linear
regression model. A clear follow-up trend of the predicted data can be observed,
even at higher torque request unnecessary spikes were not present. The predicted
data was a lot more smoother in predicting the neutral values (0 Nm) than the
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predicted data of the linear regression model. The NN regression predicted more
accurately on the training set than the linear regression model, it can be observed
from Figures 4.8 and 4.9.

4.2.2.2 Testing on prediction of hybrid torque request

The trained linear regression model was used to predict the hybrid torque on test
data set. Figure 4.10 shows the graph of target data versus the predicted hybrid
torque request. The mean squared error over the test set was 3850.42. Similar to the
predictions on trained data, the predictions on the test data was also not accurate
and a lot of spikes and deviation from the target data can be observed. The fewer
features and training data were the reasons for the model being less accurate.
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Figure 4.10: Test accuracy of the predicted hybrid torque values using linear regres-
sion model

The trained NN regression model was used to predict hybrid torque on the test
data. Figure 4.10 shows the graph of target data versus the predicted hybrid torque
request. The mean squared error over the test set was 2513.26, which is lesser than
the mean squared error of the linear regression model. Although there was some
disturbance in predicting the neutral value (0 Nm), the overall accuracy was much
better than the linear regression model.
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Figure 4.11: Test accuracy of the predicted hybrid torque values using neural net-
work regression model

Since the accuracy of the NN model was better than the linear regression model
in predicting hybrid torque, it was considered for further implementation. The
problem in wrongly predicting neutral values was solved by using a filter in further
implementation.

4.2.2.3 Training on prediction of Machine 2 pressure

Figure 4.12 shows the graph of target values of Machine 2 pressure (obtained from
DP) versus predicted values of Machine 2 pressure from the linear regression model
on training set. The learning rate (alpha) and number of iterations were tuned to
get the best accuracy.The final values of learning rate and number of iterations used
were 0.15 and 10000 respectively. The blue line in the graph is the target hybrid
torque and the red line is the predicted values from the linear regression model. The
mean squared error was found out to be 6162.08. It can be observed from the Figure
4.12 that the predicted data was failing to follow the target data at many regions.
The model was not accurate in predicting the neutral value (0 bars). Since the actual
mapping that the training model had to learn was a complex nonlinear function, the
linear regression model could not accurately learn the non linear relation between
the features and the target values resulting in bad accuracy. Lack of training data
also contributed for the model to be less accurate.
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Figure 4.12: Training accuracy of the predicted Machine 2 pressure (pump pressure)
values using linear regression model

Figure 4.13 shows the graph of the target values of Machine 2 pressure (obtained
from DP) versus predicted values of the Machine 2 pressure from the NN regression
model on the training set. The mean squared error between the target and the
predicted data was found out to be 2976.28, which is less than the linear regression
model. The NN regression predicted more accurately on the training set than the
linear regression model, it can be observed from Figures 4.12 and 4.13. The predicted
data followed the target data more accurately than the linear regression model, but
still the NN predictions were not accurate in predicting the neutral value (0 bars).
The main reason was the lack of features and data to train the model.
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Figure 4.13: Training accuracy of the predicted Machine 2 pressure (pump pressure)
values using neural network regression model
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4.2.2.4 Testing on prediction of Machine 2 pressure

The trained linear regression model was used to predict the Machine 2 pressure
on test data set. Figure 4.14 shows the graph of target data versus the predicted
Machine 2 pressure. The mean squared error the test set was 6228.76. The predicted
data followed the trend of target data with very poor accuracy. The model also failed
in predicting the neutral values similar to the predictions made on training data set.
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Figure 4.14: Training accuracy of the predicted Machine 2 pressure (pump pressure)
values using linear regression model
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Figure 4.15: Training accuracy of the predicted Machine 2 pressure (pump pressure)
values using NN regression model

The trained NN regression model was used to predict the Machine 2 pressure on test
data set. Figure 4.15 shows the graph of target data versus the predicted Machine
2 pressure. The mean squared error over the test set was 2983.35. The predicted
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data followed the trend of target data with more accuracy, but model suffered the
problem of wrongly predicting the neutral values. When compared with the predic-
tions of linear regression model on test set, the NN model was more accurate.

Since the accuracy of the NN model was better than the linear regression model in
predicting Machine 2 pressure, it was considered for further implementation. The
problem in wrongly predicting the neutral values was solved by using a filter in
further implementation.
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4.2.3 Results of neural network regression implemented on
Simulink model

The two NN regression models are used to predict hybrid torque and Machine 2
pressure were implemented to replace the rule-based systems for calculating hybrid
torque request and Machine 2 pressure.

Figure 4.16 shows the graph of vehicle velocity, SOC and hybrid torque request for
three SLC’s, the hybrid torque was predicted by the NN regression model. It was
observed that the NN regression model has learned from the optimized cycles of
DP. The predictions made by NN regression was similar to the optimized cycles of
DP. The yellow box in Figure 4.16 shows the bucket-fill phase and a large amount
of torque was delivered from the hybrid system during the bucket-fill phase. Hence
the SOC of the accumulators was decreasing during bucket-fill phase, similar to
the optimized results by DP cycle. Braking is represented by green rectangular
box. During braking, energy was recuperated by the hybrid system, similar to the
optimized cycles of DP, a negative torque can be observed and there was a slight
increase in the SOC due to the recuperation of energy. Also, in comparison with the
results of NN training in Figure 4.9 and 4.11, the hybrid torque request was always
0 Nm during idle condition.

Figure 4.16: Comparison of Hybrid torque, SOC, Velocity obtained by integrating
ML model in Simulink model

Figure 4.17 shows the graph of Vehicle velocity SOC and the Machine 2 pressure
request for the three SLC’s, the Machine 2 pressure was predicted by the NN regres-
sion model. The bucket-fill phase is highlighted by a yellow box. It can be observed
that the SOC of the accumulators was decreasing during the bucket-fill phase and
the SOC of the accumulators was utilized for the bucket-fill operation, similar to the
optimized DP tool results 4.7. It can also be observed in the green box that during
braking there was a slight increase in the SOC of the accumulators. During braking
the energy was recuperated by Machine 1 and since the pressure in the accumulators
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was increasing, the pressure on Machine 2 should also increase in order to further
assist HFW, and hence we can observe that the Machine 2 pressure also increased
during braking similar to optimized DP tool results shown in Figure 4.7. Since, a
filter was used before the training of the Machine 2 pressure, the Machine 2 pressure
data was a lot smoother than the optimized DP tool data. Also, in comparison
with the results of NN training in Figure 4.13 and 4.15, the Machine 2 pressure was
always 0 bars during idle condition.

Figure 4.17: Comparison of Machine 2 pressure (pump pressure), SOC, Velocity
obtained by integrating ML model in Simulink model
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Figure 4.18 shows comparison of the normalized fuel consumption between the sim-
ulation model with RB-EMS [4] and simulation model with online ML for 5 SLC.
There was no significant difference in fuel consumption between the two models.
The fuel consumption of the model with online ML is marginally higher than model
with RB-EMS [4]. This might be due to assumptions made while developing the DP
tool, DP model developed was much simpler than the one built in Simulink model
which in turn affects ML training as it was trained using DP results, the deployed
online machine learning model might have predicted incorrectly for a few cases which
it had not encountered during the training. The engine speed limit which was not
calculated during all the hybrid phases is also a reason for reduced fuel efficiency.
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5
Conclusion

From the results and discussion, the following conclusions can be drawn:

The existing RB-EMS [4] can be replaced by NN which significantly improves com-
putational time by 18% and reduces the complexity in the model. A simple MAT-
LAB function consisting of trained NN is able to learn and replace functionality of
existing RB-EMS. The NN implemented is quite flexible wherein, it can be trained
offline if there is an update on driving cycles and is easily implementable on the
Simulink model.

The online ML model deployed in the Simulink, might sometimes encounter un-
trained cases. Hence care should be taken during the training of the NN so that it
does not over-fit or under-fit the cases. If a new cycle data is available, then the NN
should be trained and the updated model should be deployed in the Simulink.

The results from the optimized DP tool shows promising results in efficient utiliza-
tion of the SHHS. The NN regression model rightly learnt to predict hybrid torque
by training on the optimized DP cycles. Although the NN regression model had an
average accuracy in predicting the Machine 2 pressure, the predictions followed the
trend of the optimized Machine 2 pressure in DP tool. Both the NN can be used
to predict the hybrid torque and Machine 2 pressure in the model, as they show
possibilities of improving fuel efficiency and reduce the cost of computation as they
are very simple to implement.

The models in the DP and Simulink model are not exactly same, there are differ-
ences in model parameters and efficiency maps. There are also situations in Simulink
model, where the NN encountered the untrained cases. Hence there is a significant
deviation from the training to deployment of the ML models in the Simulink model.
Having more training data might be helpful in better generalisation, but it will def-
initely improve the accuracy. Hence its recommended to collect more training data.

The optimization process in the DP depends on the model parameters. A recom-
mendation is to improve the DP tool so that the model and parameter calculations
matches with the simulation model. By doing so, we will be addressing the actual
optimization problem in the model and can significantly lead to improvement in the
fuel efficiency. Sufficient amount of feature data can be obtained from the improved
DP tool, which will further improve the training accuracy of the NN regression
models.
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Q1: Will the ML strategy be able to learn and replace the functionality of Rule
Based Energy Management Strategy (RB-EMS)?
Yes, the ML strategy is able to learn the transition rules and replace the function-
ality of RB-EMS, eventually reducing the computational cost by 18%.

Q2: Which ML strategies are efficient and are used to replace different control
systems?
Neural network for multi-class classification model and SVM for multi-class classifi-
cation are suitable to replace the RB-EMS. But the Neural network for multi-class
classification model was used in the model, because it is simple in composition and
the computation cost to train is less than that of SVM model.

Neural network regression model is suitable for learning the values of hybrid torque
and Machine 2 pressure obtained from DP tool. These trained neural networks are
suitable for replacing the rule based system used for calculating the hybrid torque
and pump pressure.

Q3: Does implementation of ML technique using optimized results of DP have the
potential of improving fuel efficiency?
Yes, the neural network regression models can accurately predict the hybrid torque
and Machine 2 pressure, similar to the results of DP tool. By building the DP model
similar to the Simulink model and by deploying the neural network regression mod-
els trained on results of the improved DP tool, there is a potential of improving fuel
efficiency.

Q4: What are the challenges involved in the implementation of online ML in the
existing energy management system?
The data used for training plays a key role in the implementation of online ML. The
training data should cover all cases that will possibly happen, this helps the ML
model to predict accurately in all scenarios. Since the training data did not cover all
the driving scenarios, it was a major challenge faced during online implementation,
some cases involved extreme scenarios like very low SOC which was not covered
during training, by addressing this problem there is a possibility of improving fuel
efficiency.
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