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Abstract

The demand of Battery Electric Vehicles (BEVS) is incregsaha very fast rate and the auto-
mobile industry is considering them as the future of transpidhey have number of advantages
such as pollution free environment, lower cost of ownersimigg comfortable ride etc. but even
with all these advantages customers are hesitant to buy BE¥d0 driver’'s range anxiety,
scarcity of charging infrastructure and long charging tiffilee driver’s range anxiety is emerg-
ing as the major concern for customers. Hence, a system kasdeyeloped to accurately
predict the energy consumption for a BEV based on the diftergluencing factors such as
traffic, road elevation, auxiliary loads, environmentahgerature and wind speed etc. The
proposed system contains two main modules, one for enemgguooption estimation and the
other for traffic speed prediction.

For estimating the energy consumption based on differemainpeters two solutions have been
proposed namely, Basic Energy Estimation (BEE) model angrdred Energy Estimation
(IEE) model. The BEE model uses a Convolutional Neural NetW@€NN) to predict en-
ergy consumption based on three parameters namely, vedpeled, tractive effort and road
elevation. Multiple experiments with different variatoare performed to explore the impact
of number of layers and input feature descriptors. The IEBEehases a hybrid approach by
combining a multi-channel CNN with Bagged Decision Treedoergy estimation. The IEE
model provides better performance as it considers a nunflzeher factors (such as auxiliary
loads, battery’s initial state of charge, wind speed andreninental temperature etc.) also for
prediction. Unlike existing techniques, the proposed aapines do not require internal vehi-
cle parameters from manufacturer and can easily learn enpgaltterns even from noisy data.
Comparison of results with existing techniques shows thadeveloped IEE model provides
better estimates with least mean absolute energy deviati®08 + 0.069.

To predict the traffic speed a deep learning based approacblpaVultistep Traffic Speed Pre-
diction (MTSP), has been developed using both the spatibleanporal dependencies. To con-
sider spatio-temporal dependencies, nearby road sengmagiaular instant are selected based
on the attributes such as traffic similarity and distance.o pre-trained deep auto-encoders
were cross connected using the concept of latent space nipppd the resultant model was
trained using the traffic data from selected nearby sensomsput. The MTSP model was
trained using the real world traffic data collected from la@pector sensors installed on differ-
ent highways in Los Angeles. The traffic data is freely aldddrom web portal of California
Department of Transportation Performance Measuremene®y&eMS). The effectiveness



of the MTSP model was verified by comparing it with number ofciiae/deep learning ap-
proaches.

The proposed IEE model and MTSP model are integrated to faystem which can provide
real-time accurate energy consumption prediction foedsht routes to a destination based on
different traffic, road and environmental conditions. Hertbe system can be used to guide the
driver for selecting the best possible route with minimurergy consumption so that he/she
can reach the destination with the remaining charge presdahe battery. This will greatly
improve the confidence of the driver and hence will reduceeds range anxiety.

Keywords. Battery Electric Vehicles, Range Anxiety, Deep learningn@lutional Neural
Network, Bagged Decision Tree, Traffic Prediction, Energm€umption Estimation
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Chapter 1

Introduction

The road vehicles have become the necessity of everydagridechanged the way of human
life drastically. According to sales statistics [1] giveyn ®rganisation Internationale des Con-
structeurs d’Automobiles (OICA), more than 90 million neehicles were sold in 2019 only
and this number was increasing till 2019. This include velsiof both types i.e. passen-
ger and commercial vehicles. The population of vehicleddvade has already crossed the
1 billion mark in 2010, excluding off-road vehicles and hga&wonstruction machines as per
estimates provided by WardsAuto [2]. With the increase imber of vehicles mainly Internal
Combustion Engine (ICE) vehicles, the amount of air padintis also increasing. Accord-
ing to different studies [3—6], the ICE vehicles used in $fortation sector contributes almost
90% CO, 40% NQ, 25% CQ and 25% PM;s emissions. This affects the health of people
significantly. World Health Organization (WHO) estimatéxdt due to outdoor air pollution
4.2 million people died worldwide prematurely in 2016 al¢gidg Anenberg et al. [8] in their
study estimated that 3,85,000 deaths have occurred in 204 50dPM 5 and ozone concen-
tration, caused by transportation sector alone. This isceqmately 11.4% of total global
deaths caused, due to PMand ozone concentration. This stimulates the automotohesitny

to look for vehicles other than ICE vehicles. Hence, Battéligctric Vehicles (BEVS) emerge
as the strong candidate which can help the automotive indtstovercome the problem of
environmental pollution.

1.1 History and Future of BEVs

The concept of BEVs is not new to the automotive industry.yllaere more popular than ICE
vehicles in early 1900s. The BEVs first came into existenoersat 1820s. Who invented the
first EV is not clear because the credit has been given to @leveentors. Anyos Jedlik, a
hungarian priest invented a small-scale model car whichpeagered by an electric motor in
1828 [9]. Robert Anderson from Scotland developed a crueetret carriage in year between
1832 and 1839. The carriage was powered by non-rechargpeaiviary cells. The first gen-
eration of BEVs was not suitable for use in daily life becatis= electric motor and battery



had poor efficiency. Also, the batteries were non-rechdngeso they could not be used again
once discharged. Almost half of a century passed beforedielopment of DC electric motor
and rechargeable batteries. The first generation of EVigldaifor practical use on roads, was
developed in 1880s. With mass production of rechargealiterizs, BEVs gained more popu-
larity by the end of 19th century [10]. They remained an ativa mode of transport till 1920s,
with maximum production in 1912. The popularity of BEVs stardeclining due to a number
of factors [11]. The improvement in road infrastructureviestn cities increased the demand
of vehicles that can provide a long traveling range. With discovery of new oil reserves
the prices of petrol/gasoline decreased and hence theyneecere affordable. Also, in 1912
the electric starter was invented by Charles Kettering.[T2js made the use of ICE vehicles
more convenient. The ICE vehicles were also able to provodg traveling range compared
to BEVs. Furthermore, long recharging time and costly batpacks for BEVs made them
less popular among consumers. Due to this, by 1930s the BEAtuglly disappeared from
market.

With the development of laptops and mobile phones in 199@shattery technology improved
drastically. Number of new types of batteries came onto theket including nickel-metal hy-
dride, nickel cadmium and lithium-ion etc. Also, due to lied availability of oil resources and
increase demand, the prices of petrol/diesel startedyreggain. Further, the impact on environ-
ment due to pollution forced the automotive industry to irdtrabout BEVs. Due to this, the
BEVs again gained the popularity and are commercially atségl since late 2000s. Figures 1.1
and 1.2, show the trend of growth of BEVs [13] in world in last years i.e. from 2010 to 2019.
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Figure 1.1: Population growth of EVs from year 2010 to 2019
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Figure 1.2: EV sales in key country markets and global makate from year 2010 to 2019

From Figure 1.1, it can be concluded that the number of EVsdeerasing at a very fast rate.
This can be extrapolated and future trends can be found asadifwan that it has been estimated
that by 2030 more than 90 million EVs will be on roads worldev{d3]. Similar trend can be
observed in sales of new EVs from Figure 1.2. However, thedtie slow down in the uptake
of sales of EVs in 2019 compared to previous years is worthyote. From the Figures 1.1
and 1.2, it also can be observed that China is dominating V& ket and this is expected to
continue. It is estimated that by 2030 China will hold 49% kil EV market [14]. Among
EV manufacturers, Tesla is the leading market player in kbieag market as of 2019. Tesla sold
370,000 units globally in 2019 which is approximately 16%iloé global market share [15].

1.2 Benefits of BEVsS

There are number of benefits that BEVs provide in comparisatter vehicles. This section
briefly describes all of these benefits of BEVs.

1.2.1 Environment Friendly

One of the major benefit of BEVs is that they are environmeaentily. BEVs do not emit
harmful pollutants such as carbon monoxide, ozone, hydoocs and greenhouse gases etc.
However, this benefit may only be local because to rechamedtieries of BEVs the electricity



used come from electric grids where to generate the elagtdidferent fossil fuels are used.

This is known as "long tailpipe" of BEVs [16, 17]. The regiomkere electricity is produced

using natural resources such as solar systems or wind asbihe BEVs can really help in

reducing the pollution but in other regions the environrakimipact can be not that significant.
Thus, it is necessary to study the environmental impact af8&sing a Life Cycle Assessment
(LCA) methodology [18, 19]. This includes raw material ediion, manufacturing of different

components, their assembly, usage and maintenance any fireatlisposable stage.

Emissions from different sources account for BEVs emissidrese sources include emission
from manufacturing plants, electricity generation unitaste energy due to vehicle’s energy
usage efficiency and efficiency of charging process. It has béserved that if coal is used for
generating electricity then BEVs are just slightly betteart modern ICE vehicles in terms of
greenhouse emissions, but BEVs produce morg,l®®™ and SQ emissions [20]. However, al-
ternative methods [21, 22] such as solar, wind and hydracaitbe used to generate electricity
at power plants, which can result in almost zero emissioncégaher environment.

1.2.2 Lower Cost of Ownership

Costs of ownership for any vehicle include purchase, rupiffoel price) and maintenance
(servicing and general wear and tear) expenditures. Thahpaing price of BEVs is more than
ICE vehicles according to sales figures of 2019 in India [ZBje average cost of the top 10 ICE
vehicle models in India is about INR 8 lakh. This is going torgase due to introduction of BS
VI emission norms. In comparison to this, the average pwicigaprice of 3 most accessible
BEVs is approximately INR 12.5 lakh. The major part of BEVgghasing price is for the
battery pack. With advancement in battery technology tret abbattery pack is decreasing.
This will make BEVs cheaper in the near future. Although,aeding to sales figures of 2019
in India the upfront cost for BEVs is more than ICE vehicles the operation/running cost
for BEVs is much less than ICE vehicles. Based on recent paitesel and electricity prices,
it has been found that the running cost of an ICE vehicle isiabdR 3.6-5.6/km, whereas
for BEVs this is around INR 1/km. So, BEVs in comparison to |@&hicles provide more
savings with every kilometer driven. According to a study3iyak and Schoettle [24], in US
the average cost to use an ICE vehicle is $1,117/year whefewaBEYV it is $485/year. The
maintenance cost of BEVs is also less in comparison to ICEkcke=h Unlike ICE vehicles, the
BEVs have lower number of moving parts. The main componeBEN's is the DC motors.
The DC motor does not require servicing as frequently astannal combustion engine. Also,
there is much less wear and tear so BEVs do not require oilgghand spark plug replacement
etc. Due to these factors, the maintenance cost for BEVscestio approximately between



half to a third in comparison to the maintenance cost of ICHEales. So, due to this the total
cost of ownership for BEVs is lower than ICE vehicles and waitbre usage the user can have
much more savings.

1.2.3 Ease of Use

BEVs use electric motors which are mechanically very sinapie can be controlled precisely.
Due to this, unlike ICE vehicles there is no need of multiggarg in BEVs to match the power
curve. Also, electric motors, used in BEVSs, provide higlgtes from rest. So, BEVs can work
without gearboxes and torque converters. This helps inamipg the driving experience as the
driver need not to change the gears again and again in trAffo, BEVs provide very smooth

and quiet operation i.e. there is no unnecessary noise &naltigin during vehicle operation.

This makes the user experience more pleasant. The lessatsis&ises a concern for blind or
elder people as there is no usual sound of approaching edBt]. This can be easily resolved
by producing warning sounds [26], when the vehicle is mowsloyvly until the the speed is

sufficiently high to generate significant road-tyre integaoise.

1.2.4 High Energy Efficiency

ICE vehicles use petrol/diesel to generate the energy togbtbe vehicle whereas BEVs get
energy from battery packs. Table 1.1 compares the differeatgy sources i.e. petrol, diesel
and various battery packs in terms of energy density, atibs and efficiency [27, 28].

Table 1.1: Energy density and efficiency comparison of ceffie sources

Ene(\r/g\jlyr/]/[lzge)nsny Utilisation | Efficiency
Diesel 11800 100% 22%
Petrol 12100 100% 18%
Battery (Lead-Acid) 30-50 80% 80%
Battery (NiCd) 45-80 80% 80%
Battery (NiMH) 60-120 80% 80%
Battery (LiFePQ) 90-160 80% 80%
Battery (LiCoQ) 150-200 80% 80%
Battery (LiINiCOAIG,) 200-260 80% 80%

From the table, it can be observed that petrol/diesel have mwergy density in comparison
to the available battery technologies. Also, it is recomdaehto not discharge the batteries to
0%. Normally, it is advised to use the batteries upto 80% eirthominal capacity. This is

known as the utilisation factor of batteries. Although, greergy density for batteries is less



and they can not be utilized fully but the energy efficiencyB&Vs is very high compared to
ICE vehicles. In ICE vehicles most of the energy generatedusging fuel is wasted as heat
whereas BEVs can use maximum energy to propel the vehicles. i§mainly because better
efficiency of electric motors to convert the energy storebldtieries to move the vehicle. Also,
BEVs have a unique feature of regenerative braking i.e. vioinakes are applied electric motors
of BEVs work as generator and convert the kinetic and graeital potential energy to electric
energy and store this energy back into the batteries. Thisedses the energy requirement of
BEVs significantly. According to the study carried out by Qtek et al. [29], BEVS consume
approximately 64% less energy compared to ICE vehicles wperated in urban areas due to
frequent braking because of high levels of traffic.

1.3 Motivation

Although, BEVs have a number of benefits compared to ICE lehiteir market penetration
is still not that high. This is because of a few issues astetiwith BEVSs which act as the
barrier for their wide spread adoption. Hibner et al. [38cdssed these issues by conducting
a comprehensive survey in UK. A total of 162 electric vehdrigers were surveyed in UK and

a summary of the results are referred in Figure 1.3.
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Figure 1.3: Survey responses regarding barriers to thedattion of EVs

Four main barriers towards adoption of BEVs are highlightethe survey as discussed be-
low:



High purchasing price

Limited driving range

Limited availability of public charging infrastructure

Time required to recharge the vehicle

Hubner et al. [30] also presented some solutions to theseetsaand argued that the research
community can play a vital role in removing these barriersohgst these, the major challenge
faced by the research community sums down to a limited dyivamge offered by EVs. Zhang
et al. [31] also reported that 37.8% EV owners out of 2193 padaeels that limited driving
range is the major concern for EVs. The driver needs a prionkedge to confirm whether a
particular destination can be reached, given the availadufeery charge. This is known as the
“range anxiety" of the EV driver.

A number of researchers have proposed several solutiongetcame these barriers and im-
prove the adoption rate of BEVs. Most of these are relatedéoomming the technical barriers
such as improving battery technology to store more enerdlyarbattery [32—36], problem of

charging infrastructure [37—39], improving powertrairdaglectric motor efficiency [40—-42].

Large batteries to store more energy can obviously incrisesdriving range of the BEVs but
it also increases the battery weight and cost. Huge amountze$tment is required to build

fast charging infrastructure. Also, it will take time to leawide spread availability of charg-
ing infrastructure. Improving the efficiency of electric tapand using regenerative braking
can provide the long driving range, but to increase the dsvanfidence there is still need
to provide the accurate information to the driver that howtfee vehicle can travel with the

remaining charge in the battery. For this, it is necessagcturately predict the energy con-
sumption requirement to reach the destination. As disclisgd-erreira et al. [43], there are
number of factors, as shown in Figure 1.4, that can influemeebergy consumption of BEVSs.
A number of researchers have proposed energy consumptioraésen algorithms [43—45] by

considering only a subset of these factors. So, there is @ foee@n accurate solution which
can provide energy consumption prediction based on alledfahnfluencing factors.

The main aim of this thesis is to increase the driver’s conitdeby providing real time infor-
mation to the driver. The driver should be provided with ath&information that whether he
can reach a particular destination or not given the currbatge in the battery. For this, en-
ergy consumption has to be predicted accurately basedffin tanditions, route information
and weather etc. The driver also should be provided withredtese route information to save
some energy. In most of the cases, shortest or fastest raydenthe best option, also from
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energy consumption point of view. However, there may be scamses where alternative route
can provide more energy saving especially the routes wittertraffic signalled functions and
negative road slope.

1.4 Obijectives

The following research objectives have been defined basttegmoblem discussed above:
1. To classify the terrain based on various surface features

2. To develop a learning algorithm for estimation of navigia&l parameters based on en-
ergy consumption through simulation/experimentation.

3. To integrate the trained model for augmenting optimah praformation for a destination
under current conditions.

4. To test and verify the model in different environmentad amad conditions.



1.5 Methodology

The following methodology has been adopted to achieve tbheeatlefined objectives:

e To achieve the first objective, terrain has been classifisgdan road elevation/grade.
Road elevation, as the main contributor, plays an imporaletin deciding the energy
consumption of an EV because the steeper road inclinateimnigher the energy con-
sumed from battery. Conversely, if there is negative iratlon (i.e. declining road)
energy can be generated and stored back to the battery. detd into account, data
has been used from roads with varying road grade from -2@6-11.30) to 20% (i.e.
11.30) for training and testing the developed approach.

e The second objective has been achieved by creating twoyenengumption estimation
models and one traffic prediction model. The first energy aonion estimation model
uses Convolutional Neural Network (CNN) to estimate enaxggsumption based on
the tractive effort, vehicle speed and road elevation fomadigqular trip. The second
model is the improved version of the first basic energy modetiwuses multi-channel
CNN and Bagged Decision Tree for estimating energy consiemponsidering multiple
other factors such as wind speed, environment temperatgréndial battery’s state of
charge (SOC) etc. As the energy consumption of an EV alsopsrdent on the traffic
conditions, the traffic prediction model has been develogeith uses two deep auto-
encoders cross-connected using the concept of latent spam@ing.

¢ To achieve the third and fourth objective, the proposed awpd energy estimation model
and traffic speed prediction model are integrated to formstesy. The integrated system
can predict the energy estimation for a route based on tiafiditions, battery’s SOC,
environment temperature, auxiliary loads, road elevadimhwind speed. The integrated
system has been verified and tested using the traffic, roadthed environmental data
from the city of Los Angeles.

1.6 Contributions

The following points highlight the main contribution of tmesearch carried out in this the-
sis:

1. Two energy consumption estimation models have beenajesel One is the Basic En-



ergy Estimation (BEE) model, which uses a Convolutional fdedetwork (CNN) for
predicting energy consumption. Another, an Improved Epé&istimation (IEE) model
has been developed which uses a multi-channel CNN and Bdggedion Tree (BDT)
to give the more accurate energy consumption estimatioth Bodels also can be used
to provide trip level energy consumption estimates.

. Unlike existing techniques, both the BEE and IEE moddds &xternal input parameters
and does not require the internal vehicle parameters fromufaaturer and hence, can
be trained easily for any other vehicle.

. The BEE model takes only three input parameters, nantely, grade, tractive effort and
vehicle speed and can estimate the energy consumptioneaish Root Mean Square Er-
ror(RMSE) of 1.35 KW. The IEE model provides improved estigsavith least RMSE of
0.74 KW, as it considers the influence of several other patensi@amely, vehicle speed,
acceleration, wind speed, auxiliary loads, battery’s S&@®jronmental temperature and
road elevation.

. The effect of different input features descriptors on inedel’s performance has also
been studied by training the BEE model with three differemt@ire descriptors namely,
Covariance, Gramian Angular Field (GAF) and Eigen Vectéiso, the effect of differ-
ent number of hidden layers in training the BEE models has b&plored.

. To predict the future traffic speed based on historicéficrdata a deep learning based
model namely, Multistep Traffic Speed Prediction (MTSP)s baen developed which

uses two Deep Auto-Encoders (DAE) cross-connected usiegtlapace mapping. This
helps to better understand the source and target domainlgantam has been devel-

oped for neighboring sensor selection to take into accdunspatio-temporal dependen-
cies of historical traffic data.

. The IEE model and MTSP model are integrated to create arayshich can provide
real-time energy consumption estimation to the driver. @heer also can select the
alternative route based on the energy consumption essmpateided by the integrated
model.

. The multichannel CNN and cross-connected DAE makes thgriated system work effi-
ciently even with noisy data, which is generally the cas&éreal world. Also, it makes
the approach effectively learn the non-linear relatiopsiatween the input parameters.
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1.7 Thesis Outline

The thesis has been organized into 7 chapters. A brief eutlfrthese chapters is given be-
low:

Chapter 1: Introduction This chapter gives an overview of the current status of BEMbeé
market. It discusses the history of BEVs along with theiufattrends that are expected
in near future. Also, the various benefits of BEVs such asrenmental impact, ease of
use and lower cost of ownership etc. are discussed in déteblems associated with
BEVs, such as driver’'s range anxiety and limited chargirfigastructure etc., that act as
a barrier in widespread adoption of BEVs are also discuskethlly, to overcome the
driving range anxiety barrier, objectives of thesis hasideemulated.

Chapter 2: Literature Review In this chapter, literature has been discussed for difteapn
proaches proposed for estimating the energy consumptieedban various influencing
parameters. As traffic is an important factor that influeresesrgy consumption of EVs
and it is not readily available, approaches developed fedipting the traffic accurately
has been discussed also.

Chapter 3: Basic Energy Estimation (BEE) Model In this chapter, a Basic Energy Estima-
tion (BEE) model has been developed. The model uses CNN,mleaming approach,
to estimate the energy consumption by an EV by taking threetiparameters, namely
vehicle speed, road elevation and tractive effort. Thepatiparameters are time-series
and are converted into images for using as input to the pexposdel. Three different
techniques i.e. Gramian Angular Field, Covariance andrE\gtors, are used to con-
vert time-series data into images and to study the effeciffgirent input descriptors on
the model’s performance. A number of CNN models are traineddoying the number
of hidden layers, to study the impact of different numberayilrs on the model’s accu-
racy. The superiority of the proposed BEE model also has pemred by comparing its
performance with several existing techniques.

Chapter 4: Improved Energy Estimation (IEE) Model In this chapter, an Improved Energy
Estimation (IEE) model to predict the energy consumptioa BEV has been developed.
The model is a hybrid model which uses a multi-channel CNNBegged Decision Tree
(BDT) for providing the improved energy estimates than BE&dsl. The model takes
seven input parameters, namely vehicle speed, accelgratiod speed, auxiliary loads,
the battery’s SOC, environmental temperature and roachétev The multi-channel
CNN extracts individual feature from these input paranseterd then combine those
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extracted features to obtain an initial energy consumpéstimate. The seven input
parameters, along with the initial energy estimate pravidg multi-channel CNN, are
then used by BDT to further fine tune the energy estimatesrdardo benchmark the
results, the performance of IEE model has been comparedBfth model and other
existing techniques.

Chapter 5: Multistep Traffic Speed Prediction (MTSP) Model In orderv to predict the traf-
fic speed at multiple time instants in the future, a Multistepffic Speed Prediction
(MTSP) model has been developed. The model uses two DeepEagoders (DAES)
trained separately to learn the critical features of inpsidnical traffic speed and output
future traffic speed. After training them separately, th&yencross-connected using the
concept of latent space mapping. In order to take into cenatan the spatial-temporal
dependency, the historical traffic data has been taken feaghboring sensors. An algo-
rithm has been developed to select these neighboring sebased on historical traffic
similarity and distance from target sensor. The MTSP mosi¢tained using the real
world data collected from several loop detector sensotaliesgl on highways of Los An-
geles. The comparison with other existing techniques asdben performed to validate
the performance of the MTSP model.

Chapter 6: System Integration In this chapter, the MTSP model, proposed in Chapter 5, and
IEE model, proposed in Chapter 4, are integrated as a whetersyto provide real-time
energy consumption estimates to the driver. The integsatsigm provides accurate esti-
mates by considering the effect of traffic, road elevatiandsspeed, auxiliary loads, ini-
tial battery SOC and environmental temperature. The iategrsystem has been tested
on the real-world traffic data collected from highways of LArsgeles. The proposed
integrated system has been compared with multiple othegiiated systems and it has
been found that the proposed integrated system providiesates with more accuracy.

Chapter 7: Conclusion and Future Work This chapter concludes the thesis by providing the
significance and main conclusions drawn from the research presented in the thesis.
Also, some future research direction has been providediftindr work in this area.
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Chapter 2

Literature Review

In this chapter, the state of art of different techniquesttgyed to estimate energy consumption
of BEVs is presented. As discussed in Chapter 1, the enengyucaption of BEVs depends
on number of factors such as traffic condition, speed of ticles road elevation, wind speed
etc. In real life, these factors vary a lot and hence make shimation of energy consumption
a complex problem. Most of these factors can be obtainetydesin different sources such as
vehicle speed which can be obtained from the vehicle it&ghgraphic Information System
(GIS) can be used for obtaining road elevation, freely atdd weather API's (such as API's
from OpenWeatherMap [46]) can be used to obtain wind sped@&avironmental temperature
etc. However, future traffic conditions for a particular t®w@an not be obtained easily. So,
it is necessary to predict the future traffic so that energysamption prediction with known
statistical confidence can be obtained. For this, a numbessefarchers have proposed different
approaches in literature. So in this chapter, differennégques proposed by researchers for
traffic prediction and estimating the energy consumptioBBYs are discussed. The chapter
has been divided into three main sections where Sectionigliskes the different techniques
proposed in literature for energy consumption estimatsatction 2.2 explores the literature for
techniques to solve the problem of traffic prediction andia@.3 concludes the chapter by
summarizing the findings.

2.1 Techniques for Energy Consumption Estimation of BEVs

Energy consumption estimation of BEVs is a complex probletanse there are number of
factors that can influence the energy use. Over the yeangdbarch community has invested a
considerable amount of time and effort to propose a numberoafels to resolve this problem.
These models can be classified into categories from two n&sppctives, as shown in Figure
2.1. These perspective are explained in detail as below:

e Modeling methodology: The modeling methodology referdmtype of approach used
i.e. rule based and data driven. Rule based models are thge-lbdx" models that
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use the fundamental laws of physics to replicate the interaand dynamics of various
components of BEVs for estimating the energy consumptiateudifferent conditions.
In comparison to this, the data driven models are the "blamK- models which learn
the statistical relationship between inputs and energgudwtithout considering the un-
derlying vehicle dynamics and without understanding theess of energy generation
and consumption. These models rely heavily on the inpyttdwtata for prediction with
known statistical confidence.

e Modeling scale: The modeling scale refers to spatial-teap@solution of predicted
results. There are three main categories (i.e. microscopsoscopic and macroscopic)
into which the energy estimation models can be classifieddas the modeling scale.
The macroscopic models are those which can be used to estifivattotal energy con-
sumption at the trip level which include orgin and destioatalong with a number of
connecting roads with prevailing traffic conditions. Thesogcopic models are the mod-
els used to estimate the EVs energy consumption for eachimaie road network so
that energy consumption cost can be assigned to each rolael indad network and then
can be used to plan the optimal route. The microscopic matelshe models which
provide more detailed second-by-second energy consumfiioan EV based on the
different influencing factors. The microscopic models camnaggregated to obtain the
energy consumption estimates for each link in the road miéted hence can serve the
purpose of mesoscopic models and then can be further aggddgeestimate the energy
consumption for the whole trip and serve the purpose of nsgomc models.

Energy
Estimation
Models
I
Modeling Modeling
Scale Methodology
) i ) v v
Macroscopic Mesoscopic Microscopic Rule Based Data Driven

Figure 2.1: Energy consumption estimation models categdnsing different perspective

The sections below, discuss the literature for differerrgy consumption estimation models
from the perspective of type of methodology used to deveieptiodel.
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2.1.1 Rule Based Models for Energy Consumption Estimation

BEVs have lower number of components and their configuraidess complicated, as com-
pared to ICE vehicles. Due to this, it is relatively easy toresent and understand the flow
of energy in BEVs. Also, the energy efficiency of individuaheponents of BEVSs is less var-
ied. Therefore, a number of energy consumption models haee proposed by following the
rules of physics. Figure 2.2 shows the different forces délcabn a vehicle while driving on an
inclined road. According to the force balance principle bygics the tractive force ;;, pro-
duced by electric motor of EV, should overcome the total gpgpforce acting on the vehicle
which is the sum of the rolling resistance for¢e, the aerodynamic drag,,, hill climbing
force f,. and inertial force due to linear acceleratigip. Based on this, a Vehicle Specific
Power (VSP) model, as given by Equation (2.1), has been pexpim [47].

Figure 2.2: Forces acting on the vehicle while driving

1
P/m =VSP =wva+ gvSin(0) + gvf + §pC'DAv2 (2.1)

In the above equation?’ represents the power required from the batteryis the mass of
the vehiclep is linear velocity,a is linear accelerationy is gravitational acceleratioid,is the
angle of elevation of the road,is the coefficient of rolling resistancejs air density('p, is the
coefficient of aerodynamic drag amtis the vehicle’s frontal area. The VSP model has been
used as the basic principle for developing different ruleobenergy consumption estimation
models for EVs which can be further categorised into sinnuteind physical models.
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2.1.1.1 Energy Estimation using Simulation Models

Simulations are models or tools, used to replicate driviagdviour of a vehicle by imple-
menting its different components such as electric motdtebg transmission mechanism and
tires etc. There are various tools (for example Powertrgstesn Analysis Toolkit (PSAT)
[48], ADvanced Vehlicle SimulatOR (ADVISOR) [49], Future #amotive Systems Technol-
ogy Simulator (FASTSim) [50] and Powersim (PSIM) [51] et@yailable that provide the
simulation of various vehicle types built in them. Also, yh@ovide the option to create cus-
tom tools. Gao et al. [52] discussed the capabilities okdéiht simulation tools for simulating
electric and hybrid vehicles. Other than these, tools sgsdWlATLAB/Simulink can be used
to implement different vehicles. Different researchergehproposed a number of simulation
models of BEVs as discussed below:

Genikomsakis and Mitrentsis [53] developed a simulatiordehofor energy estimation and
route planning, of the Nissan Leaf. The proposed simulatiodel uses a dynamic approach
to mimic the regenerative behaviour of BEV and it also coasitie overloading conditions
of the electric motor to represent the performance of the RiVoutes with high energy
demand. The performance of the simulation models was cadgar nine drive cycles using
a vehicle simulation tool named, FASTSim. The proposed kitimn model was tested for
different drive cycles by varying the road grade from -6% #6.6 The model was able to
mimic the BEVs behaviour with Mean Absolute Error (MAE) of Wh for cumulative energy
consumption.

Four simulation models for a city electric bus were devetbpg Halmeaho et al. [54]. They

also validated the models with the data collected from a bototype. The models were

different in the type of methods used to simulate the behavobdthe motor. One model used
the efficiency map and other models try to represent the $asfsine motor as resistive losses.
The validation results show that the model using efficieneyp rof the motor had an error of -

3.4% to 5% whereas the models based on resistive loads gaveoanf -0.4% to 11.9%.

Donkers et al. [55] studied the effect of driving style, weat infrastructure and traffic on
the performance of EVs. For this, they have developed a maidéV in a simulation tool
named, VISSIM. The energy consumption model of the EV is thasethe physical model
of EV combined with a microscopic traffic model to study th#uance of each factor. The
energy consumption model was calibrated for BMW i3 vehidsdd on the data taken from
Argonne National Laboratory [56]. They concluded thatdast(such as vehicle speed, accel-
eration, temperature, air pressure, wind speed, wind ttbrgcroad type and traffic intensity
etc.) significantly influence the energy consumption of an B driver can achieve high
energy efficiency through an economical driving patterndréving by applying less accelera-
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tion.

A simulation model of an EV was developed by Miri et al. [5S7§bd on a real vehicle named,
BMW i3. For this, they have used the internal data availableBMW i3 and created the
model in MATLAB/Simulink software. The model simulates thehaviour of the vehicle’s
powertrain system and longitudinal vehicle dynamics. Asstvansmission and a battery model
using Thevenin equivalent circuit model has been modelgdarsimulation. The developed
simulation model also includes the components for simndategenerative braking and aux-
iliary loads of an EV. The model was tested using differeahdard drive cycles and showed
satisfactory performance with an error less than 6%.

In general, simulation models use the actual vehicle’siatigparameters to replicate the vehi-
cle’s behaviour. Hence, they are difficult to generalizenay require calibration according to
the specific vehicle and require internal vehicle pararmsetacluding motor efficiency curve,
battery internal resistance etc., from the manufacturees€ internal parameters are not readily
available and sometimes difficult to obtain which comprasithe development of a reliable
simulation model.

2.1.1.2 Energy Estimation using Physical Models

Physical models use the laws of physics to understand adidatpthe behaviour of actual
vehicles. There are number of models developed by diffes#archers which fall into this
category, as discussed below.

Yang et al. [44] proposed an electricity consumption modelain EV based on the different
forces acting on a vehicle. The model was tested by varyigaad elevation to study its effect
on electricity consumption while driving. It has been fouhdt considerable amount of energy
gets consumed while travelling uphill whereas, due to regative braking significant amount
of energy can be regenerated and stored in batteries wiviegidownhill. For instance, they
concluded that for a road distances0f)m, energy consumption increases frém9 x 10% KJ

to 7.03 x 10% KJ with increase in road’s uphill angle froif to 2°.

Wu et al. [58] analysed the data collected for approximafigly months from a test vehicle
using a data collection system developed using CAN bus dgggel and smart phones. Based
on the findings of the analysis, they also proposed an analytiodel to estimate the energy
consumption of BEV. The model basically calculates thetivaceffort required by an EV to
overcome the different opposing forces such as aerodynarag; rolling resistance and road
grade resistance etc. The proposed model performed welhbudata set used for analysing
and developing the model contains data only for one vehigcteane driver which limits its
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application.

A fuzzy logic based model has been proposed by Maia et al.ffB3hodelling the electricity
consumption of EV. Similar to other rule based models, theylogic based model considers
the underlying physical principles of EVs. The model usezydogic to effectively model the
behaviour of regenerative braking considering accel@amajerk and inclination as the inputs.
The results of the proposed model were compared with expatsrconducted using a Nissan
Leaf driven in urban and suburban regions. The model shoa@eaging results but has to be
tuned manually which can be quite complex and tedious task.

An instantaneous energy consumption model for Nissan kceakidering the speed profile i.e.
vehicle speed and acceleration as input, was developedhbyefal. [60]. The model was able
to capture the regenerative energy efficiency as a funcfialeceleration of the vehicle. The
impact of auxiliary loads on energy consumption was alsdistuby considering a constant
auxiliary load of 850W, 1200W and 2200W keeping the tempeeatonstant a25°C. It has
been found that significant amount of energy is consumed>iliaty loads. The model was
tested on different drive cycles and it has been concludatdethergy consumption of EVs is
less in urban driving conditions than motorway driving.

A personalized energy consumption model was developedidniz et al. [61] by considering
the vehicle dynamics and driving events. Similar to the nhddeeloped in [58], the proposed
model uses the laws of physics to calculate the tractiveefoequired to overcome different
opposing forces. Then the model was extended further tadedhe effect of different driving
events such as left turn, right turn, acceleration and bre&ethis, data from different inertial
sensors of a smartphone is fed to a neural network which ases song-Short Time Memory
(LSTM) layers. The neural network classifies the drivingrégenvhich are then used by the
model as driving behaviour input to personalize the esémat

Luin et al. [62] proposed an energy consumption estimatiodehfor EV based on VSP model.
The proposed model also takes into consideration the flomefgy on both sides i.e. the en-
ergy consumed for propelling the vehicle forward and theggngenerated due to regenerative
braking. They coupled the developed model with a microsataultool named, Simulation of
Urban MObility (SUMO), to study the model’s performance nban traffic. An energy saving
of 21.3% was achieved at constant auxiliary loads whilértgshe model in urban traffic.

In summary, the physical models use the fundamental pteggf physics along with physical
characteristics of the vehicles so they are easy to unaersteowever, they are very sensitive
to noise i.e. if the data from sensors contains noise theslngan fail to provide the good
estimates. This makes the real-world application of thegsdals unrealistic as the sensors in
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practical-scenario generate noisy data due to interferéom different sources.

2.1.2 Data Driven Models for Energy Consumption Estimation

With the advancement of technology, different sensorentatics and automotive electronics
are used to obtain more and different types of data. Rese@rdtave used this data from
different sources to develop a number of different dataeisirimodels for estimating the energy
consumption of an EV. These data driven models can be caedopas shown in Figure 2.3.
Most of the data-driven approaches developed so far for Eidsgg consumption estimation
have used regression based techniques such as multiphe fegression [63—71], multilevel
linear regression [72], logarithmic regression [69]. Alsofew clustering [73, 74], Neural
Network (NN) [75, 76] and decision tree [77] based modelsensdso developed to provide
energy consumption predictions with measurable accurBog.following paragraphs discuss
these different types of data driven models in detail.

Data Driven
Models

v v v v

: . Neural Decision
Regression Clustering Network Tree
Multilevel Fuzzy C-
Regression
Multiple N Gaussian
—» Linear Mixture
Regression
N Loganthr_mc
Regression

Figure 2.3: Categories of data driven energy consumptitmason models

A multivariate linear regression based energy estimatiadehfor EVs was developed by
Galvin [66]. The model takes vehicle speed and accelerasthe main input parameters
for predicting the energy consumption. The model was vi&didlaising the data from eight
commonly used EVs (such as NissanSV, Kia, Mitsubishi and Be#d/) for a number of

different drive cycles. It has been found that the energyieficy of EVs is compromised
significantly when acceleration changes at a high rate déggs of the speed.
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Fetene et al. [67] collected and combined data from fouedsfiit sources namely, GPS driving
patterns of 741 drivers over two years, road type, weathadlitions and driver characteristics.
A linear model to estimate Energy Consumption Rate (ECRnhdE¥ was proposed and the
impact of various factors on ECR was studied. It has beenddbat approximately 34%
more energy is consumed during winters compared to sumnieey also concluded that an
optimal speed and acceleration can be used to increaseitiregdange of the vehicle. This
is useful to advise the drivers whether they can reach thesitimhtion with available charge in
battery.

A statistical model using liner regression based on a paysiodel of an EV was proposed by
Yuan et al. [68]. The regression analysis was used to obteirgg consumption characteristics
independent of the driving condition. The proposed modesuaters vehicle’s driving speed as
the main factor to estimate the energy consumption of an Eéudifferent conditions. How-
ever, the model uses test data from a simulation model ameftirdacks practical application
as the data set used for the experimentation is very smalb, Al consider only vehicle speed
as the main influencing factor, whereas there are numbetef ¢dctors which influence sig-
nificantly the energy consumption in an EV such as auxiliaagdland environment temperature
etc.

A predictive model has been developed for studying the etiethe variation in traffic reg-
ulation on energy consumption of EV by Lopez and Fernandgk [Fhe model predicts the
variation in energy consumption of EV with change in trafic@gmeters that represent the traf-
fic regulations. The stochastic speed profiles for routegweed to minimize the effect of
human intervention on energy consumption and then a meltipéar regression model was
used to predict the energy consumption based on set of pteeateat define the traffic. The
proposed model focuses mainly on traffic parameters bug #er a number of other influenc-
ing factors that need to be considered for obtaining an atestimate of energy consumption.
These include weather conditions, road conditions anastdbehaviour etc.

De Cauwer et al. [63] proposed three models for energy copsamestimation of EV using
multiple linear regression based on the equation of veligteamics. The models differ de-
pending on the variables included and the level of aggregatf input parameters. The first
model uses the kinematic parameters aggregated for trippas The model uses parameters
such as travel time, travel distance and temperature. Tdmdanodel extends the first model
by including acceleration data. The third model uses motaildd kinematic data as input
to predict energy consumption. The three models show sipddgormance when compared
to the data collected from a Nissan Leaf 2012. They furthésreded their work in [65] and
developed a cascade NN-MLR model for energy consumptiasigiren. The Neural Network
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(NN) in the model was used to predict the speed profile basedaihcharacteristics, weather
conditions and traffic and then the third model from [63],&leped using Multiple Linear Re-
gression (MLR), was used to predict the energy consumptsed on these parameters. The
proposed NN-MLR model shows encouraging results as cordparather models.

Qi et al. [70] developed an energy consumption estimatiodehby analysing the effect of
different factors. For this, real world data collected frdlissan Leaf 2013 was used. The data
was collected from the vehicle using CAN bus and GPS logg@mFRhe collected data most
important features were selected by performing Principden@onent Analysis (PCA). It has
been found that Positive Kinetic Energy (PKE) and Negativeekic Energy (NKE) are the
most critical factor that influence the energy consumptioiV. Then, using these features
a linear regression model was proposed which show promrgisigits as compared to other
regression models.

Liu et al. [69] studied the effect of road elevation/gradagsl2 grade ranges and developed
eight regression models (4 linear and 4 logarithmic) forgpeonsumption estimation. For
experimentation, data from 492 GPS equipped EVs were telletom February 2011 to
January 2013 in Japan. They demonstrated that EVs are mengyezificient than conventional
vehicles in areas where road gradient changes frequenittytal regenerative braking. The
comparison of proposed eight regression models showstbdbgarithmic models performed
better than linear models.

Other than these multiple linear and logarithmic regressnmodels, a number of researchers
have used multilevel linear regression for developing nottepredict energy consumption of
EVs. For instance, a number of multilevel mixed-effect®éinregression models were pro-
posed by Liu et al. [64] for estimating the energy consumptbEV. The impact of change
in driving behaviour under different road and traffic envimeent was studied by analysing
the data collected for 12 months from 68 EVs in Japan. Basdteanalysis they proposed
three types of multilevel models: one two-level randomrcggt model, two three-level mixed-
effects models and three two-level mixed-effects modelseylcompared the performance of
these models and found that one of the three-level mixeztesfinodels outperformed the oth-
ers. Although the models performed well, these models laglability to mimic the behaviour
of regenerative braking as there was no term defined in theelmoal consider that.

Further, Liu et al. [72] extended their research by studyiregimpact of temperature and aux-
iliary loads. They proposed three models, calibrated usmdgary least square and multilevel
mixed-effects linear regression, for estimating energyscaption. From the study, they in-
ferred that the temperature range2af8 — 25.2°C is the most economical in terms of energy
efficiency. They have also concluded that with proper usdgeixiliary loads vehicle energy
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consumption can be reduced by approximately 9.66% per kitanwhich can be vital in sce-
narios when charge in battery is already low.

Some researchers have used different approaches suclstesioly, neural networks and de-
cision trees to develop models for obtaining estimates efggnconsumption of an EV. For
example, Xu and Wang [73] proposed a power consumption gredimodel for EV using
clustering. For this, vehicle historical data, elevatidiselected route and real-time road con-
gestion data for route were used. In the first step, the ereyggumption for different drive
cycle categories was obtained from historical vehicle dgtapplying principle component
analysis and Fuzzy C-means clustering algorithm. Next tiheré vehicle speed profile was
predicted using road elevation and real-time congestitafda particular route. Finally, based
on future vehicle speed profile the energy consumption wéasredd by identifying the drive
cycle. The model was verified by conducting 10 real vehic&stand model was found to
perform consistently well for all tests with averagely 44 8eviation from the actual energy
consumption.

Similarly, a cyber-physical system based approach waslalese by Lv et al. [74] consider-
ing vehicle characteristics and the different driving etyto optimally control the EV for best
performance in terms of energy. To recognize differentidg\styles namely, aggressive, con-
servative and moderate, data is clustered using an unssgémnachine learning algorithm
named Gaussian mixture model. The experimental resultrcothat vehicles can perform
better with respect to energy consumption in conservativegerate and aggressive driving
style, when an optimized control strategy is used.

Diaz Alvarez et al. [75] trained Artificial Neural Network&N) for estimating the energy
consumption of EVs. For this, the neural networks were gingut of vehicle speed, accel-
eration, and jerk. They further classified the acceleraitidm positive and negative accelera-
tion. Similarly, the jerk was classified into Starting Movemt Jerk (SMJ), Cruising Track Jerk
(CTJ), Starting Brake Jerk (SBJ) and Ending Brake Jerk (EB3® mean and variance of these
parameters were used as input to the neural network to obit&irgy consumption output for
a trip. Felipe et al. [76] extended the work of [75] by addingte information to the input of
the neural network. The route information contains infaiorasuch as road grade, number of
lanes etc. They trained the neural network with 137 inputs laputput of total energy con-
sumed during the trip. The ANNs developed in [75, 76], gavg one output of total energy
consumed for the trip at the end of the trip. So, these modeiaat be used in real time to
guide the driver about remaining energy in the battery.

Zhang et al. [77] developed an energy consumption prediaigorithm for EVs based on
real-world driving data collected from 55 electric taxisBeijing. They analysed different
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factors related to vehicle (velocity, regenerative brgkamd acceleration), environment (traf-
fic and temperature) and driver behaviour that effect theggneonsumption of EV from the
collected data. Based on the analysis, they developed ainedelarning model using decision
trees (XGBoost) to predict the energy consumption of an Edfeunifferent conditions. The
proposed approach shows considerable improvement in terpesformance when compared
to traditional linear regression models.

The approaches discussed above mainly used regressiomnfaes, specifically multiple linear
regression. These regression techniques rely heavilyeawilability of real-world data and
vary in the extent to which they can be linked to underlyinggtal principles. Also, these
techniques are sensitive to noise [78]. As real-world dataebtained from different sensors
which generally provide noisy data due to interference frammber of different sources, these
techniques lack applicability in real-world. Althoughethechniques based on NN [75, 76]
can handle the noisy data better than other regressioniteas) they also cannot be used in
real-world. The NN based models provide single energy aopsion output for the whole
trip. Hence, these models cannot be used by the drivers &bttinee guidance based on the
current energy consumption to maintain an optimal speed t@ke an alternative path, so that
the driver can reach his/her destination with minimum epeansumption. Also, these models
have considered speed, acceleration, jerk and road redatatheters only but there are many
other influencing parameters that also need to be considered

In brief, a number of different approaches (rule-based ata driven) for energy consumption
estimation are discussed. Table 2.1, summarizes thesadeels based on a number of differ-
ent parameters. In the table, four different input fact@saly, dynamics, traffic, environment
and auxiliary, are considered for comparing the technigties input factors related to dynam-
ics include vehicle speed, acceleration and road gradeSatailarly, factors related to traffic
(such as traffic congestion, historical traffic data etayjrenment (such as wind speed, wind
direction and temperature etc.) and auxiliary (such as Aatér, power brakes and lights etc.)
are considered. From the table, it can be concluded thatohtdstse models use only a subset
of these influencing factors for estimating the energy consion of EV.

2.2 Techniques for Traffic Prediction

Traffic is an important factor to consider when estimating éimergy consumption of an EV
with a specific level of accuracy. Traffic affects the drivehbviour while driving. Normally,
people drive the vehicle with a desired speed dependingadficttevels. Congested traffic

23



Table 2.1: Summary of energy consumption estimation teghes for EVs

Year Input factors Data Modeling Reference
Dynamics| Traffic | Environment| Auxiliary Source Scale
2014 v X X X Simulation | Microscopic [44]
2015 v X X X Real-world | Macroscopic [75]
2015 v X v X Real-world | Macroscopic [76]
2015 v X v v Real-world | Microscopic [63]
2015 v v v v Real-world | Microscopic [65]
2015 v X X X Real-world | Microscopic [58]
2015 v X X X Real-world | Microscopic [59]
2016 v X X v Dynamometer Microscopic [60]
2016 v X v v Real-world | Microscopic [64]
2017 v X v X Simulation | Microscopic [53]
2017 v X X X Simulation | Microscopic [54]
2017 v X X X Dynamometen Microscopic [66]
2017 v X v v Real-world | Macroscopic [67]
2017 v X X v Simulation | Microscopic [68]
2017 v X X v Real-world | Macroscopic|  [69]
2018 v X X X Real-world | Microscopic [61]
2018 v X v v Real-world | Macroscopic [72]
2018 v v X X Real-world | Mesoscopic [70]
2018 v v X X Real-world | Macroscopic [73]
2019 v v X v Simulation | Microscopic [62]
2019 v X X X Real-world | Microscopic [74]
2020 v v v X Real-world | Macroscopic [77]
2020 v v X X Real-world | Macroscopic [71]
2020 v X X v Simulation | Microscopic [57]
2020 v v v v Simulation | Microscopic [55]

makes the driver apply brakes again and again whereas wdféa i light the driver can drive
the vehicle more freely. Itis very difficult to predict theduwe traffic speed for a particular route
as it depends on a number of factors such as current trafetslgvaffic conditions and time of
the day etc. There are number of different techniques peaplg researchers in the literature to
predict traffic. These techniques can be divided mainly iwtmcategories namely, parametric
and non-parametric techniques, which can further be ¢ledsanto different categories, as
shown in Figure 2.4. The following sub-sections discussvdreous techniques found in the
literature for traffic prediction based on these categories

2.2.1 Parametric Traffic Prediction Techniques
Parametric Techniques use a fixed number of parameters gogsenting the behaviour of

the data. There are number of approaches developed byediffiersearchers using parametric
techniques for predicting traffic in future. Most of thesehteiques use time series analysis such
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Figure 2.4: Classification of traffic prediction techniques

as Auto-Regressive Integrated Moving Average (ARIMA) [80], ARIMA with explanatory
variable (ARIMAX) [81], Seasonal ARIMA [82, 83], Vector ARMA [84] etc. Other than
this, statistical models such as Kalman filter has also bsed in number of studies for traffic
prediction [85-87].

2.2.1.1 Traffic Prediction using Time-series Forecastingdchniques

Among traffic prediction approaches based on time serielysiaahe most commonly used
approach is ARIMA and its different variants such as ARIMA¢€asonal ARIMA (SARIMA)
and Vector ARIMA (VARIMA) etc. The ARIMA model is an extensioof Auto-Regressive
Moving Average (ARMA). ARIMA is mainly used to predict futevalues based on the past
values of a time-series and is representedd&d M A(p,d,q). Here,p, d andq represent
autoregressive, integrated and moving average polynardalr, respectively. The following
paragraphs discuss the different time series approacketoged for predicting traffic.

Levin and Tsao [79] proposed an Box-Jenkins's ARIMA baseat@gch to predict short-term
traffic volume. For this, the traffic volume and occupancyadaas collected from two freeway
locations in Illinois, USA. They found that thé R7 M A(0, 1,1) model provided statistically
better predictions for both traffic volume and occupancye Teveloped model gives short-
term traffic prediction with forecasting durations of 20, @@d 60 seconds. Similar to this,
Hamed et al. [80] implemented the Box-Jenkins's ARIMA mofttel predicting short-term
traffic volume for next 60 seconds. They also have usedthé)M A(0, 1, 1) to predict traffic
volume based on past values. Both the models developed]iafidd80] are similar. However,
the ARIMA model developed in [79] was tested on data from egpways whereas the model
in [80] was tested on data from urban arterial roads. Alsth baffic volume and occupancy
can be predicted using the former ARIMA model considerirggdrical volume and occupancy
data whereas the later model was developed to predict tvaliiene only.
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Williams [81] used ARIMAX for short-term traffic flow prediin. The proposed ARIMAX

model was applied to the traffic data obtained from freewdygance. The multivariate ARI-
MAX model takes traffic flow data of multiple upstream sendor$orecast the traffic flow
at target sensors. The proposed model was compared with wihariate traffic prediction

models and it has been observed that the proposed modetprbetter prediction with less
error.

To consider the seasonal variations of traffic data Williand Hoel [82] developed a traffic
prediction model using seasonal ARIMA. The seasonal ARIM&del was applied on traffic

data collected from two freeway locations in United Kingdana United States. In U.K. traffic

data was collected from the M25 motorway around London usaiged inductive loops and the
traffic data of U.S. was collected from video cameras on |-28&way. The proposed model
was applied to consider seasonal differences with one-\ege&ind in comparison with other
ARIMA based techniques it has been concluded that the peaposdel was able to capture
the seasonal variation more effectively.

Kumar and Vanajakshi [83] used seasonal ARIMA for shomnté&affic flow prediction. They
proposed a method to solve the problem of large data reqaireoi ARIMA based model. For
this, traffic flow data was collected using an automated tra#nsor named Collect-R camera
for three consecutive days (Sept 20, 2012 to Sept 22, 20d@2)Rajiv Gandhi road of Chennai,
India. Although, the comparison results show the effectdss of the proposed model but the
proposed model was tested on very small dataset. Also, fibet ef linked roads has not been
considered in the prediction.

Chandra and Al-Deek [84] also used a variant of ARIMA i.e. tdeARIMA for short-term
traffic speed prediction. Instead of using a univariate madultivariate model was proposed
considering the effect of upstream and downstream locatimrtarget location. The proposed
model was developed using traffic speed data from five s&toonl-4 corridor in Florida.
The comparison of the results showed that VARIMA performeattmbetter than traditional
ARIMA models.

In brief, the above discussed ARIMA based models use timessanalysis to predict future
traffic based on the past traffic data. The main problem wiglsétmodels is that the ARIMA
based models work on the assumption of stationary datdheentan and variance of the data
does not change. This is not the case with traffic data as #itéseckhibits non-linear properties
and depends on multiple other factors such as connected, ib&cenvironment conditions and
time of day etc. Also, these models are sensitive to noisetwmiakes the use of these models
in real-life unrealistic because data collected from défe sensors is susceptible to noise in
sensors due to interference.
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2.2.1.2 Traffic Prediction using Kalman Filtering

Another popular technique in parametric techniques is lgalrRiltering which is generally
used for non-stationary data. The following paragraphsudis previous work to predict traffic
based on Kalman Filtering.

In 1984, Okutani and Stephanedes [85] used Kalman filtedpgedict traffic volume. For this,
the traffic volume data was collected from the street netwbitkagoya, Japan. For predicting
traffic volume on a street link they have considered the idatd from the number of connected
links. The proposed model performed well for predictindfitavolume with an average pre-
diction error less than 9%. Xie et al. [86] proposed a shemtttraffic volume prediction model
using Kalman Filter and discrete wavelet transformatidme Wavelet transformation was used
to remove noise from the data by dividing it into several dietband approximate data. The
Kalman filtering is then applied to predict the future traffmume using the de-noised data.
The proposed model was applied on the traffic data collected four different locations in
Seattle using loop detector sensors. The results of the aasom showed that the proposed
model outperforms the approaches with direct Kalman filgermplementation. Ojeda et al.
[87] proposed four models using adaptive Kalman filter foedicting traffic flow multiple
time-steps ahead. For this, traffic data was collected fon@4s from Grenoble south ring
road in France. The proposed approach was compared withaggpeoaches and it performed
better than others for all test scenarios.

2.2.2 Non-parametric Traffic Prediction Techniques

Recent advancement in computing power and data manageasimdneased the popularity of
non-parametric techniques for traffic prediction. Theydifferent from parametric techniques,
as they do not use a fixed number of parameters and also theyt dssume the stationarity of
data. Based on the type of technique used, these can berfadksified into machine learning
and deep learning techniques. The following sections dstwe various approaches proposed
by different researchers using non-parametric techniques

2.2.2.1 Machine Learning based Techniques for Traffic Predition

Machine learning algorithms such as artificial neural nekwsupport vector machine etc. are
being used by different researchers [88, 89] to solve a numibdifferent problems such as
object recognition, gesture recognition etc. Due to theareased popularity and ability to
learn non-linear patterns, several machine learning élgos also have been proposed for
traffic forecasting and these algorithms have shown promisnprovement over statistical

27



techniques. Among many machine learning algorithms, treztalgorithms namely, k-Nearest
Neighbor (kNN), Support Vector Regression (SVR) and ArtidieéNeural Network (ANN) are
mainly used for the traffic prediction problem.

Davis and Nihan [90] proposed the use of kNN for short-teraffitr forecasting to overcome
the limitations of parametric approaches. They comparedptioposed kNN approach for
freeway traffic forecasting with other univariate lineané-series approaches and found that
kNN performed comparably to the linear time-series apgreac Chang et al. [91] developed
a dynamic system using k-nearest neighbor non-paramefgression (kNN-NPR) for short-
term traffic flow prediction based on historical data. Thesteéd the model on traffic data
collected from Suwon tollgate located on expresswdyin Korea. The experiments show
that the proposed model gave satisfactory prediction eéwvaaia values in the time-series vary
abruptly.

Wu et al. [92] developed a travel time prediction system@gSNR. For this, traffic speed data
collected from Sun Yet-Sen Highway of Taipei, Taiwan wasdugen comparison with other
techniques, it has been observed that due to the capabilBVB to converge rapidly and
avoid local minima it performed better for all experimen&milarly, Su et al. [93] used an
online version of SVR namely, incremental SVR for shortvtdraffic flow prediction. They
concluded that the proposed model performed even bettarlthek propagation neural net-
work, in terms of accuracy. Castro-Neto et al. [94] also us@dthe SVR for short-term traffic
flow forecasting in typical and atypical conditions. Thepweed approach was compared with
Gaussian Maximum Likelihood (GML), ANN and Holt exponehsmoothing. A comparative
analysis concluded that the GML performed better in typtoalditions but the proposed online
SVR performed better than other models in atypical trafficditbons.

Khotanzad and Sadek [95] used Artificial Neural Network (ANd Fuzzy Neural Network
(FNN) for network traffic prediction. The output from bothural networks were combined
for the final prediction. The proposed model was tested onddterent databases containing
traffic videos and it has been observed that the ensembléensyserformed better than the
individual ones. Similarly, Csikos et al. [96] also used ANt traffic speed prediction of
urban networks. They have used traffic speed data from a aiatutool called VISSIM by
replicating the road intersection of Oktogon square of a6, Budapest, Hungary. The
ANN was used to classify the traffic speed into four differeategories based on the traffic
data from the simulation.

Other than the above discussed approaches, some ressaislodnave used Bayesian network
[97, 98], decision tree [99, 100] and random forest [101,] I0@traffic prediction. Although,
the machine learning models have shown performance imprereover statistical techniques,
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these techniques rely highly on manually selected featurdshese features vary from problem
to problem. Also, there are no standard guidelines availfdyl selecting features. Other than
this, the above mentioned machine learning models havédoshatchitectures which limit
their capability to extract and understand the highly caxr@nd dynamic patterns from large
historical traffic data. So, without proper features set dud to their shallow architectures
the machine learning techniques may not be best suited icomplicated traffic prediction
task.

2.2.2.2 Deep Learning based Techniques for Traffic Prediatn

With the advancement of technology, capability of proaegdarge amounts of data has in-
creased dramatically. Hence, deep learning techniques dgimed popularity in the field of
computer science and also have been successfully applibé imansportation sector. There
are a number of studies carried out by different researdbgrsedict future traffic using vari-
ous deep learning techniques. The following paragraphudssas some of these techniques in
detail.

Zhang et al. [103] used stacked auto-encoders for predittaific congestion in the transport
network. For this, they have used time series of snapshaoistafork traffic congestion maps as
input to the model. The stacked auto-encoder model pretiicéic congestion very efficiently
but did not consider the effect of other parameters suchaffsctflow, occupancy, speed and
volume etc. Ma et al. [104] proposed the use of Convolutidtealiral Network (CNN) for
traffic speed prediction. For this, traffic speed data fromous sensors was converted into
images before giving them as input to the CNN. Here, they ltavsidered the traffic speed
data from nearby sensors located on the same road only acd dahnot consider the effect
of traffic from neighboring roads. A Deep Belief Network (DBNased approach has been
developed in [105] for traffic flow prediction. The DBN was wpized using the algorithm of
multi-objective particle swarm optimization which incsegthe time for forecasting. Also, the
model was trained and tested on a dataset obtained from ordydetectors installed on small
section of a highway of Wisconsin so the scalability of thprapch has not been tested. Other
than these, to consider the temporal dependency of traffec ai@proaches using Long Short
Term Memory (LSTM) has also been developed. For instanceetCal. [106] and Liu et al.
[107] developed LSTM based approach for traffic predictidithough, LSTMs can represent
the temporal dependencies effectively, they lack the tghiti capture spatial dependencies
which also plays a vital role in influencing traffic. Hencey, &@curate future traffic prediction
the model should be capable of capturing both the spatiateangoral dependencies.

In brief, researchers have developed a number of deep hegloased techniques for predicting
the future traffic. There are some problems associated Wwétekisting studies for instance,
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it has been found that with increase in prediction time twrize. when predicting for a
time instant in the distant future such as 60-min, the ptemicaccuracy decreases. Also, the
prediction accuracy decreases for traffic prediction irkgeaurs for most of the deep learning
based algorithms. The main reason for this is that most cktlseudies have either considered
spatial dependency or temporal dependency. Also, mosedittidies while considering spatial
dependency, only considered the traffic information frorettgam or downstream sensors and
have completely neglected the effect of traffic from othaghloring roads. Although, there
are some short-comings, the deep learning algorithms Heoxerspromising results compared
to shallow machine learning and statistical algorithms.

2.3 Concluding Remarks

In this chapter, different techniques proposed in theditene have been discussed for estimat-
ing energy consumption of EVs and predicting future traffioe following paragraphs discuss
the main findings based on the literature presented in ps\sections.

The energy consumption estimation techniques have beetediinto two categories namely,
rule based and data driven techniques. The rule based teEmdeveloped for energy con-
sumption estimation of an EV require vehicle specific calilon, which in turn require internal
vehicle parameters, such as efficiency curve of the motorrgadhal resistance of the battery
etc. These vehicle specific parameters are very difficulbtaio because vehicle manufactur-
ers do not share this information in the public domain. Sanly] the data driven techniques,
mostly regression based techniques, require real-wotkl dss most of these techniques are
sensitive to noise, they lack the applicability in the realfd because data is mostly collected
using different sensors which provide noisy data due tofietence from different sources. As
discussed previously, energy consumption of an EV is smamtly influenced by a number
of factors such as temperature, wind, battery’s State ofgh¢sOC) and auxiliary loads etc.
Most of the data-driven and rule based techniques propogéd literature use only a subset of
these factors. So, to obtain statistical significant edtsd is important to consider the effect
of all these factors.

Similarly, the researchers have proposed number of teabaifpr traffic prediction using time-
series forecasting, machine learning and deep learning sifhple time-series models for traf-
fic prediction work mainly on the assumption of stationaryagavhich is not consistent with
the traffic data. Also, as the future predictions greatlyeaepon the previously observed values
the error can propagate to multiple steps in multistep ptegt. So, these simple time series
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models lack the capability to satisfy the high level of aecyrrequired for successful appli-
cation in the real-world. Similarly, the machine learningaithms proposed in the literature
rely heavily on manual feature selection as they can noaeitheir own features from the raw
data. Also, shallow architectures can not extract and whaied the complex and ever changing
patterns from past traffic data. Also, most of the approaaked for traffic prediction consider
only one type of dependencies i.e. either temporal or dp&tize to this, it has been observed
that most of these techniques fail to provide predictiorth @tceptable level of accuracy when
multi-step ahead prediction is required.

Considering the above findings, two deep learning based Imdaleestimating energy con-

sumption have been developed in Chapter 3 and 4. These naydalgveloped to overcome a
number of research gaps: (i) the models do not require iateehicle parameters for making

predictions, (ii) they are robust towards noisy data, anjlttiey consider the effect all the

influencing factors such as road elevation, vehicle speszkleration, wind speed, environ-
mental temperature, auxiliary loads and the battery’s S@Chapter 5, a multi-step traffic

speed prediction model has been developed. This model ssidréwo main research gaps:
(i) unlike other machine learning techniques the develapedel is capable of selecting its
own features, and (ii) provides better traffic predictionasidering both spatial and temporal
dependencies.
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Chapter 3

Basic Energy Estimation (BEE) Model!

Energy consumption of EVs depends on various factors suebhasle characteristics, vehicle
speed, road elevation, auxiliary loads and accelerationletreal life, these factors vary a lot
and hence make the estimation of energy consumption a carppdlem. To overcome this
problem, in this chapter, a Deep Convolutional Neural Nek(®-CNN) based methodology
namely, Basic Energy Estimation (BEE) model, has been dpeel. To the best of author’s
knowledge, the proposed D-CNN based approach for poweggmstimation of EV is being
developed here for the first time. One of the main challeng#s &xisting techniques was
the requirement of internal vehicle data from the manufactufor calibration of simulation
models, which is vary hard to obtain as the manufacturersodsimare the data in public do-
main. The BEE model requires only three parameters namehicke speed, road elevation
and tractive effort. Also, the required input parameters loa easily obtained or calculated,
for instance, vehicle speed and road elevation can be edsiyned using Global Positioning
System (GPS) and Geographic Information System (GIS) ectsely. Similarly, tractive ef-
fort can be calculated easily using equation (3.1), as dssiin Section 3.1, which requires
very basic parameters such as linear acceleration (ceédufeom speed) and vehicle weight
(readily available) etc. Along with vehicle weight, the gkt of passengers and luggage can
also be taken into consideration. In theory the extra weiglinfluence the energy consump-
tion of an EV significantly, as with more weight more energyeguired to propel the vehicle.
The analysis of the rate of variance of the energy consumti@n EV, to the extra weight,
though interesting is not in the current scope of this the$isere are some ANN based ap-
proaches [75, 76] which provide very promising results amdak require internal vehicle data
from the manufacturer but they do not provide real-time augnd hence are not useful in
the real-world as they can not be used to guide the driverahtm@e. In contrast to this, the
proposed deep learning based solution provides an enengyegption estimate in real-time as
output and hence, remaining driving range of the vehiclsoAlhe deep learning architectures
can learn more complex patterns than shallow networks, isirex ANN based models have
only one hidden layer. Recent advances in computing powefaast learning algorithms have

1The content of this chapter is published as “Estimation afrgn consumption of electric vehicles using
Deep Convolutional Neural Network to reduce @ig range anxiety,ISA Transactionsvol. 98, pp. 454-470,
2020. DOI: https://doi.org/10.1016/j.isatra.2019.@%5.(SCI Impact Factor: 4.305)
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made training deep learning architectures feasible. kerélason, deep learning architectures
have gained a lot of interest in the automotive sector ane h@en successfully applied to
numerous problems such as image classification, objectta@igtraffic flow prediction etc
[108-115]. Also, the nonlinearity and complexity inducedthe combination of all the in-
fluencing parameters makes the problem of energy consum@sittimation more suitable for
a deep learning approach, in contrast to other regressabmitpues. This motivates the au-
thors to focus on the deep learning based models to solverdiem of estimating energy
consumption of EVs.

This chapter has been divided into five sections. Sectiond4cribes the datasets used for
training and testing the BEE model. The architecture andkingrof the BEE model is dis-
cussed in Section 3.2. Further, in Section 3.3 the resuliiaofing and testing are discussed.
The BEE model is compared with other existing techniquesrtiSn 3.4. Finally, Section 3.5
concludes the chapter by providing a brief summary. Note tirdess otherwise stated auxil-
iary load is in W, temperature fiC, time in seconds, speed in m/h, vehicle weight in kg, power
in KW and energy in MJ.

3.1 Datasets Description

Data from two different sources for an EV namely, Nissan .23, was used for training,
validating and testing the BEE model.

One dataset was obtained from Downloadable DynamometabBs¢ [D?) [56] generated at
the Argonne National Laboratory (ANL) of Advanced PowdrirResearch Facility (APRF),
under the funding and guidance of the U.S. Department ofdgynét contains data from sev-
eral dynamometer tests conducted on various EVs at roac gral% for several drive cy-
cles.

As this dataset was quite small and not enough for trainiafjdating and testing the BEE
model, another dataset was generated from a simulationlmbdtiessan Leaf 2013 available
in FASTSim (Future Automotive Systems Technology Simulgie0]. The simulation model
is based on internal vehicle parameters of Nissan Leaf 2018,[117], given in Table 3.1.
Similar to this, simulated models for other EVs can also hestigped based on the availability
of manufacturer data such as motor efficiency curve, baiteggrnal resistance etc. Using
the simulated model of Nissan Leaf 2013 the data was genkiat&0 standard drive cycles
(such as US06 Supplemental Federal Test Procedures (SBii&)yp Dynamometer Driving
Schedule (UDDS), Highway Fuel Economy Test (HWFET) and NemoRean Driving Cycle
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(NEDCQ)), which also have been widely used by other reseesdb8, 68]. In addition, 30 road

grade profiles by varying the road grade from -20% to 20% wereetated. It is to be noted
that for checking the robustness of the BEE model a numbethafr@ustom generated road
grade profiles or drive cycles also can be used.

Table 3.1: Parameters of Nissan Leaf used for simulationainadcFASTSim [116, 117]

Component Parameter Value
Type Permanent Magnet AC Synchronous
Motor Max. Power (kW) 80
Max. Torque (Nm) 253
. Type Single Speed
Transmissio Final Drive Ratio 7.9
Type Lithium lon
Number of Cells 192
Cell Configuration 2 Parallel, 96 Series
Battery Nominal Cell Voltage (V) 3.7
Nominal System \oltage (V) 364.8
Rated Pack Capacity (Ah) 66.2
Rated Pack Energy (kwh) 24
Front & Rear Track (m) 1.53
Vehicle Weight (kg) 1498
Drive Train Front Wheel Drive
Vehicle Aerodynamic Drag Coefficient 0.29
Frontal Area (n?) 2.27
Wheelbase (m) 2.7
Weight Distribution Front/Rear (% 58/42
Wheel Radius (m) 0.3162

Henceforth, in this chapter the dataset generated througlsitulation model and dataset
obtained from the Downloadable Dynamometer Database wilkberred a®)S — I andDS —

11, respectively. As both the datasets are obtained for the $8vhnamed Nissan Leaf 2013
and also a number of drive cycles are common in the datasdtsey are comparable. Training
and validation of the BEE model was carried out using datéset- 7, while DS — I was
used for testing the BEE model. This is done to check the dpeel model’s robustness and
its ability to generalize out of distribution samples. THses not create any biasing as test
data is unseen by the trained model. The dataBets— I and DS — I both contain data
recorded at 10 Hz frequency i.e., 10 readings for every sdwe dataset)S — [ contain
various parameters such as vehicle speed, battery powplieipbattery’s state of charge,
environmental temperature, tractive effort, road el@raind auxiliary loads. In the current
work, for training, validating and testing the BEE modelifparameters were selected, namely
Vehicle Speed«(,,), Tractive Effort {.;,), Elevation of the roadr(;) and Power Supplied by
battery p,..¢) at environmental temperature 5°C and constant auxiliary load of 150 W.
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The effect of auxiliary load on energy consumption is additn nature, so does not increase
the complexity of the problem. Also, the environmental tenapure does not affect the energy
consumption of EV significantly, unless there is a huge ckanglimatic temperature. So, this

dataset, although recordeat C, is valid for wide range of temperature. The three pararaete
Usps Ter ANApyq are straight forward but ¢, refers to the driving force required by the vehicle
to move forward which is a combination of multiple comporseand can be calculated using
the following equation, provided in [53]:

teff:fad+frr+fhc+fla+fwa (31)

where f,, represent the opposing force due to aerodynamic dfags the opposing rolling
resistance forcef,. is the gravitational force component which acts while clingoa hill, f;,

is the opposing force due to linear acceleration Apds the inertial force due to rotating parts
of the vehicle. So, tractive effott;,; contains the combined effect of all these forces, which
in turn depend upon a number of vehicle characteristicdy sigcfrontal area of the vehicle,
vehicle’s aerodynamic drag coefficient, vehicle’s mass ianichg resistance coefficient etc.
Due to this, tractive effort.;, along with road elevation,, and vehicle’s speed,, are the
ideal candidate to be considered for input and instantaspower supplied by battepy,,;; for
output.

3.2 Architecture of BEE Model

Energy consumption of an EV depends upon number of fact@is as road elevation, auxil-
iary loads, vehicle speed and vehicle acceleration etcsd fectors have a non-linear relation
among them as they vary a lot in the real-world. So, to prowddeestimate with accept-
able statistical confidence this non-linearity is dealtmdy adopting the deep learning based
methodology.

Deep learning architectures are capable of learning higledsional non-linear functions using
a sequence of semi-affine non-linear transformations. €bp drchitectures can be represented
as a graph of nodes and edges. Each edge has a weight whiilesitire relative importance
of the link and each node applies an activation function ®® weighted sum of incoming
connections. A number of activation functions are avadatch as sigmoid function, tanh
etc. A particular deep learning architecture, namely, ©amional Neural Network (CNN),
has been used in this work for the estimation of energy/p@aesumption of EV.
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The CNN has a unique learning ability from images due to its twique characteristics,
namely, pooling mechanism and locally connected layerse gdoling mechanism signifi-
cantly reduces the number of parameters required for trgithie network while preserving the
important features. In locally connected layers, the outeurons of the layers are connected
to their local input neurons only instead of all the input rogs, as in fully connected layers.
This helps CNN to effectively extract the critical local feges from the images because every
layer tries to extract a different feature of the prediciiwablem.

Considering the above-mentioned characteristics, anenbaged CNN was chosen and used
for estimating the energy consumption of EV. Figure 3.1@spnts the complete architecture
of the BEE model. There are mainly two modules namely, Tim&eSdo Image Encoder and
Image based Deep Convolutional Neural Network.
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Figure 3.1: Architecture of the Basic Energy Estimation @3odel

3.2.1 Time Series to Image Encoder

While there are recurrent neural networks for time-seri@ssification, some researchers have
also considered the transformation of time-series into as@pal thus taking advantage of
a CNN based classification or regression. CNN models haveedrtheir performance for
recognizing patterns from images. Hence, to take advambile success of CNN models in
learning features from images, literature was explorecekusting algorithms to convert time
series data into images. Also, different features in an en&presentation of a time-series
data, not present in its 1D form, elevates the performantesafask. A number of approaches
have been proposed by researchers for encoding time sateesodmages, for instance, Yang
et al. [118] have proposed a method, to encode time seriasdanages for human activity
recognition, in which the multiple time series were connated as rows of image i.e. each time
series correspond to the particular row in the image. Thithatkis not suitable for the current
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problem, as only three parameters, namely, road elevdkierspeed of the vehicle and tractive
effort have been considered for the input. So, images wily thimee rows are not appropriate
for training the CNN models. In 2015, Wang and Oates [119ppsed Gramian Angular Field
(GAF) and Markov Transition Field (MTF) as two approache&mneode time series data to
images for classification. However, a lot of informationasifid to be lost using MTF because
the time series need to be binned to a number of quantile biesce, for our work, it is very
difficult to even roughly recover the original signal aftgrpéying MTF whereas in GAF the
information loss is comparatively lower, i.e. it is possiltb approximately reconstruct the
original signal.

Hence, in this work, GAF has been used as one of the appro&zitesvert time series data
to images. Due to some information loss in GAF, the covaga eigenvector methods also
were considered for conversion. The covariance descripfiacts the correlation information,
hence accommodating the power consumption changes dustémiracceleration. Also, the
covariance matrix being symmetric becomes computatiprediiéctive. The eigenvectors of a
covariance matrix give a set of orthonormal vectors whichaate the directions in which the
data varies the most (principal components). In general @es augmentation techniques
(such as Principal Component Analysis and whitening) taceaverfitting. Hence, motivating
the use of eigenvectors as feature input.

In order to convert time series data into images, the seldotee series namely, Vehicle Speed
(vsp), Tractive Effort {.;,), Elevation of the roadr(;) and Power Supplied by battery;),
from datasetDS — I and DS — 11 were partitioned inton. small time series each of 10 sec
duration, such that datasétS — I contain approximately 3.5 lacs whileS — 1 contains
approximately 3500 partitions. Out of the§é% of the partitioned time series were randomly
selected fromDS — I (sayDS — I,) and were used for training and r&sts (say DS — I,,)
were used for validating the CNN models. As discussed pusioin section 3.1, out of
the four time series, the first three were used as input to ¥l @odel and the fourth one
was taken as output. So, the partitions of input time sendg were converted into images
using three preprocessing techniques namely, GAF, Cowaiand Eigenvectors, and generate
three different sets of images as output. The output setbeaapresented, in general, using
equation 3.2.

X = {M"'| M" € RIO103 gnd i =1,2,...,m} (3.2)

whereX is the output set obtained after using particular prepisinggechnique)/*'s are the
images obtained from corresponditity partition of input time series of,, t.;; andr., as
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shown in Figure 3.2. In this figure, the input signals wereitfigartition of time serieg,

tesy andr (highlighted in red) and denoted by, _In, t.;,_In andr},_In. The preprocessing
algorithm can be any of the three methods, namely GAF, Canee and Eigen Vectors. For
each input, the preprocessing algorithms gave the comelspg output of sizel00 x 100 ,
denoted by, Out, t},;,_Out andr;,_Out. The output matrices generated were then concate-
nated to obtain the corresponding imagé which was then fed to CNN models as input. The
three preprocessing methods are discussed as follows:

5000 i Out
-5000 .
100 200 300 400 5
()
. 100x100
Tractive Effort (tes) _g % *
=5
T . §I>§ ; Input to
50 Vi In| = o @V, Out
Sp — ap © 5 Sp— CNN
100 200 300 400 g ; yr
. =S 100x100 £
Vehicle Speed (vsp) E éﬁ 100x100x3
<
g
20 E
10 / s \
0 ; o ]
0 r’]_In ~ rl]_Out
100 200 300 400 © e
100x100

Road Elevation (re)

Figure 3.2: Preprocessing of Time Series Data

i) Gramian Angular Field (GAF)In Gramian Angular Field method, proposed in [119],
initially all the m partitioned time series (say's) of Vehicle Speed(,), Tractive Ef-
fort (t.;r) and Road Elevationr(;) were normalized into the range of [-1,1], using Equa-
tion (3.3), to generate three new séts7’ and R each containing the corresponding nor-
malized partitions:’ € R100x1 of VUsps teyp @ndr respectively.

(3.3)

In this equationmax(z) andmin(x) represents the maximum and minimum values of
time seriese. Then, the set¥’, 7' and R were further transformed to three new sBtsl"
andR of GAF matrices’ € R19*19 gptained from corresponding normalized partitions
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2, by using Equation (3.4).

P i g —\/I—xl \/I—:zcZ (3.4)

where! represents the 1D arrdy, 1, ..., 1]7 of length100. The setsV/, T' and R were
then used to generate the input 3ebf imagesM's. The;*" element ofX, i.e. M7 €
R100x100x3 “\yas obtained by concatenatinf GAF matricesG’ € R'09x1%0 from V/,

T and R after normalizing them to the range of [0,1], i.€ from V, T" and R after
normalizing became the first, second and third layer, rés@dg of M7. There is some
information loss, as explained in [120], due to the negatve (second term with square
roots) in Equation (3.4) which can affect the estimatioruaacy of the proposed models.

if) Covariance:The loss in information in above method motivated the use ©begariance
matrix as feature input. The first step in this method was tonadize the partitions:*’s
of v, tess andr, and obtain three new normalized séfs 7 and R. After normal-
ization, three set¥’, T" and R were generated each containing the covariance matrices
Ci € R100X100 of 7 7" and 12 respectively. The sef, T and R were then used to create
the setX by concatenating the correspondkﬁ'@s fromV, T andR.

iii) Eigen Vectors:In this method, the covariance matriocgs € R%°*1% of each partition
of vy, tesr andr,, was calculated but without normalization. It generate@ehsetd’«,
T and R° each containing the covariance matric&s of v,,, t.;; andr,. Then eigen
vector matricesw’s from these covariance matric€és were calculated and normalized
to the range of [0,1]. So three new sétsT" and R were generated each containing the
normalized eigen vector matricés € R'0<1%0_ Finally, the sefX was generated by
concatenating the correspondiﬁ@s fromV, T andR.

3.2.2 Image based Deep Convolutional Neural Network

CNN architectures have gained a lot of popularity in the fedldattern recognition [121, 122].
AlexNet [123] is one of the most popular and vastly used &echire proposed in the field of
pattern recognition. Also, it has been considered as a ledseence for researchers applying
deep learning in a new domain [124]. Considering the abaovigally the authors chose to
start with CNN architecture considering AlexNet architeetas the base reference. AlexNet
architecture has multiple convolution, pooling and fulpnoected layers stacked together. So
in this work, experiments with multiple CNN architecturbaying different number of layers,
were performed. Later in the experiments, it has been obdetivat increasing the layers
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further after a particular number of layers (in this casei@)nbt enhance the performance for
the current data. So, the results for two architectureshess in Figure 3.3, are presented in
this work. The CNN architecture with seven layers, shownguFe 3.3a, and architecture with
nine layers, shown in Figure 3.3b, are referred t€asN" andC' N N?, respectively.

FM EM
nput  50x50x12  FM o5.05.9 1y HU
50x50x9 FM 864
100x100x%3 25x25x%x6 Output
12x12x6
ﬂ 100
CNL MP MP FCL
5x5 Kernel CNL 2x2 Kernel CNL 2x2 Kernel
5x5 Kernel 5x5 Kernel Flatten
(a) CNN Model with 7 layersQ NN7)
FM FM EM
FM  50x50x12 g  25x25x9 12x12x9 "
Input 50x50x12 FM FM
100x100x3 2oxzoxiz 25x25%9 12x12xp 864 Output
100
CNL MP CNL 7 CNL FCL
5x5 Kernel CNL 2x2 Kernel CNL 5x5 Kernel MP 5x5 Kernel
5x5 Kernel 5x5 Kernel 2x2 Kernel Flatten

(b) CNN Model with 9 layers(' N N?)

Figure 3.3: Two CNN Models with different architecture uge8EE model (Convolution with
Non-Linearity (CNL), Fully Connected Layer (FCL), Max Pow (MP), Feature Maps (FM),
Hidden Units (HU))

CNNT architecture takes an image of si## x 100 x 3, obtained from Time Series to Image
Encoder module, as input and convolves it viith5 kernels. The kernels have depth of 3 as the
inputimage has three channels. During the convolutionaifmer, padding of two rows and two
columns have been used along with stride of 2 positions.dtitkt convolution layer, 12 such

5 x 5 kernels were used which gave an outpus@fx 50 x 12 feature maps (can be calculated
using the equatio®utputs;.. = ((Inputs,. — Kernelg,. + 2 x Padding)/Stride) + 1).
Here, it can be observed that number of channels were ireteéasnultiples of 4 i.e. from 3
to 12 and size of the image has been reduceld 44" i.e. from100 x 100 to 50 x 50. So, the
first convolution layer produces the same number of featasdhe size of the input image i.e.
100 x 100 x 3 become$0 x 50 x 12. The number of kernels for the first layer was chosen as 12
compared to standard sizes of 48 etc in AlexNet for two reasbirst, the data considered is
time series data as opposed to more complicated image datand a larger number of kernels
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will require a bigger training set in order to converge. Thepot from the convolution layer
was then passed through a non-linear (Tanh) activation laja&ch maps it using a function
tanh(z) = ﬁi—:z After the first convolution with non-linearity (CNL) layethere is a pattern
of layers (i.e. one CNL layer then a max pooling layer), whiets been repeated twice. This
pattern has been used to decrease the dimension and nunfeatwe maps and only keep
the important features. For instance, the second CNL lagderae the number of feature maps
from 12 to 9 and then, a max pooling layer has been used whidk fie maximum feature
map over the local neighborhood and reduce the size of feataps front0 x 50 to 25 x 25.
After the repeated pattern of layers, a flatten layer has beed which changes the shape of
feature maps from 3D to 1D because the next layer which islg doinnected layer (FCL)
take a 1D vector as input. So, the FCL maps the output of puevilatten layer to the desired
output of length100. Similar to CN N7 architecture, th&' N N? architecture was developed
by increasing the number of layers. dhV N? architecture, the main difference is the number
of layers and hence the dimension and number of feature megpsabke slowly. The main
reason for this was to keep the important features as longssiljje so that more accurate
result can be obtained. However, no accuracy gain was adxsénvincreasing the number of
layers further after a specific number of layers.

A set of imagesX, obtained from Time Series to Image Encoder module, wasitakanput
to the CNN models, and the models generated an output sdthe output set’, defined in
Equation (3.5), was the set of 1D array$s each of length 00, corresponding to the instan-
taneous power supplied by the battery. Each 1D afrayepresents thé” partition of time
seriespyqi:, Normalized into the range of [0,1].

Y ={0"| 0" e R andi=1,2,...,m} (3.5)

3.3 Experimental Results and Discussion

A number of CNN models with different number of layers we@rted with the dataset pre-
processed with three methods, namely GAF, Covariance agehBiectors. Henceforth, CNN
models withn number of layers trained with GAF, Covariance and Eigen &efgatures are
denoted a&’ NN, ., CNNz, andCNN(, , respectively. In all of these models, 70% of the
datasetDS — I (mentioned in Section 3.1) was used for training with 2000cks. The re-
maining 30% of the dataset was used for validation. Furtbeeminitially CNN architectures

were considered as black boxes and the only performancesitads were the level of accuracy
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achieved, error etc but recently Shwartz-Ziv and Tishbys[lIi2zave presented an interesting
approach to visualize the behaviour of internal hiddenrapé Deep Neural Networks (DNN)
in an information plane using mutual information of layef$e visualization of internal be-
haviour of DNN architecture provides the insight into howliviee model is training, how
many epochs are actually required for fitting (called th& ghase) and whether the particular
architecture able to find the fitting solution etc.

3.3.1 Mutual Information of Layers

The mutual information represents the amount of relevdotimation contained by a random
variable X about another random variable. The mutual information of any two random
variables X andY’, with joint distributionp(z, y), can be defined as:

I(X;Y)= ) p(w,y)10g<pp(x7’y)> (3.6)

reX,yeYy

wherep(z), p(y) represent the marginal distribution of the variableandY respectively. The
mutual information obtained using the above equation rdrage [0,00). So for comparison
purposel (X; Y') was normalized to the range of [0,1] by using equation (337pkows:

I(X:;Y)

NMI(X;Y) = TEDED)

(3.7)
whereH (X) andH (Y') represent the entropy of random variableandY. A number of other
normalizations are also possible based on the observai@h(tX;Y) < min(H(X), H(Y))
using arithmetic or geometric mean 8f X)) andH (Y'). The geometric mean was used due to
the analogy with the normalized inner product in Hilbert &paAsH (X) = I(X; X), it can

be observed thaV M 1(X; X) = 1 as desired.

3.3.2 Training and Validation of BEE Models

While training the CNN models, the kernels of each convohai layer of CNN models were
initialized with random numbers generated from a uniforstribution, defined in the range of
[—stdv, stdv) wherestdv = 1/v/kw x kh x numInPl. Herekw, kh andnumIn Pl represent
the kernel width, kernel height and number of input plangbeparticular convolutional layer,
respectively. The models were trained to learn the kermmgla fnaximum 2000 epochs using
Stochastic Gradient Descent (SGD) with initial learninterand batch size set to 0.01 and
64, respectively. The learning rate was set to graduallyedse as the training progresses at
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a constant rate. The objective was to minimize the Mean $giaor (MSE) between the
predicted and actual power consumption. Experiments wandwucted with different number
of layers such as 5, 6, 7, 8,9, 10 and 11. It was found that bgasing the number of layers,
the number of epochs to converge reduced, for instance, ¢ @odels with 5, 7, 9 and
11 layers when trained using dataset preprocessed withotregiance method converged at
approximately 420, 380, 330 and 290 epoch, respectivelthodigh by increasing the layers
the models converge early, it is also a well known fact thatdtchitectures with more layers
require more training data to achieve the same level of acgutompared to an architecture
with less number of layers. For comparison purpose, thedteefew two CNN modelsO N N7
andC' N N are presented in this thesis.

For the experimental purpose, the normalized mutual in&bion for each CNN model was
calculated between each layer’s output and the model'sinpuN M (X; L') and between
each layer’s output and the model’s output VM I(Li;Y). Here L' represents thé" layer’s
output, X C X andY C Y represent the input and output of a particular CNN model. For
calculating the normalized mutual informatioX,, Y, and L? were binned into 5000 equal
intervals. Then these discretized, Y and L were used to calculate their joint distributions
and hence, normalized mutual informatidid/ 1 (X ; L') andN M I(L*;Y). These calculations
were performed repeatedly for 20 randomly initialized CNBdwels for each CNN architecture
trained with 75% of randomly selected training samples. Vdr&@tions in normalized mutual
information for CNN models trained using the databet — [ after preprocessing using GAF,
Covariance and Eigen Vector methods are shown in Figurear®l8.5. These figures clearly
show that normalized mutual information grows as the trajrprogresses and all the layers
starting from different initial state try to obtain the red@t information. The information gain
was quite large from initial state until approximat8iy0* epoch and after that not much further
information was gained. So, itis evident from the figure$ tha networks are training well and
can be used even after approximatédy’” epoch because after that the layers are just optimiz-
ing themselves with minimal information gain. Also, theday of randomized networks form
clusters and behave similarly. So, it is justified to takeaerage of the randomized networks
and plot the average training and validation error acro§® Zpochs as shown in Figure 3.6.
The training and validation error shown in the figure was waled from normalized actual
and predicted output of the particular CNN model.

Validation was performed at eveiy* epoch. Figure 3.6, shows how the choice of input fea-
ture descriptor effects the training and performance of Ghddlels. It can be clearly observed
that the CNN models trained with Eigen Vectors, iCéNN;g andCNN;’Z.g, have high training
and validation error compared to other CNN models trainegt eovariance and GAF features.
The CNN models trained with covariance feature descrippatperformed the other models
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with minimum training and validation error, but out 6fN /N,

7, andCNN?

cov?

which one is

better, it is very difficult to conclude from the figure as theaining and validation errors are

overlapping. Also, it can be observed that the CNN mo

desN;

cov

andCNN?

cov

converged

before other models at approximat&l§0’” epoch. All these observations are in accordance
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with discussion in section 3.2.1, where it has been expthihat the GAF features have some
information loss which affect the performance of CNN modedsed with GAF. Similarly, the
eigen vectors descriptors contain only the direction ofarare and loose most of the relevant
information compared to the covariance features descspto
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Figure 3.7: Normalized mean of gradient weights of eachrlayEE models. In legend CL
and FCL stands for Convolutional and Fully Connected Lag=pectively

For a better understanding of the behaviour of layers ownitrg, plots of the normalized
mean and standard deviations of stochastic gradients bfeeswolutional and fully connected
layer are shown in Figure 3.7 and 3.8. In the figures, the $age# numbered such as CL 1,
CL 2 and so on. The lower number represents the layer clostetoput and the number
increases on moving towards the output. Also, it can be cmied that the normalized mean
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Figure 3.8: Standard deviation of gradient weights of eagkil of BEE models. In legend CL
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of each layer of each CNN model is converging around a sirglleev So after converging, the
layers are optimizing themselves which can also be obsenvEdjures 3.4 and 3.5. Another
observation is that the mean of the gradient weights aretdlgn the standard deviation of
the gradient weights which indicates small gradient ststibi#dy which in turn implies high
signal to noise ratio (SNR). Also, the difference betweentbrmalized mean and the standard
deviation of gradient weights becomes almost constantaasrg progresses which means that
with the training the empirical error saturates. Anotheseation is that the layers near to
the output have lower standard deviation of gradient weiglihe main reason for that is the
layers near to the output already have a large amount ofmrd#bon regarding the output which
results in less deviation in gradient weights. So, it candeluded that more the information
a layer has, the lower is the standard deviation in gradienght of that layer.

3.3.3 Testing of BEE Models

As discussed previously, the models were tested using taset® .S — 1 after preprocessing
with the three methods explained in Section 3.2.1. Dat&set- /7 has a number of differ-
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ent drive cycles to test upon. Figure 3.9 shows the testisgltsefor four such drive cycles
namely, UDDS, SFTP, HWFET and NEDC with each CNN model. Feg@i® clearly shows
that the CNN models trained with eigenvector features@:a/ N, andC'N N

eig’

in most of
the cases, are no-where near the target value which is temsigith the conclusion drawn

from Figure 3.6. The models trained with GAF and covariareaure are really close to the
target power consumption. On closer examination, CNN motélN”

tently perform better in all of the cases compared to oth&rse main reason for this is the
amount of information each feature descriptor holds. Adarpd previously, the covariance

are found to consis-

feature descriptors hold the maximum amount of informatiompared to GAF and eigenvec-
tors. To make the above conclusion clear, Table 3.2 showgdtezntage energy consumption
deviation (calculated using equation (3.8)) for the abaue firive cycles by each CNN model

compared to actual energy consumption.

T T
B | ft:o Pt (t)dt — ft:O P, (t)dt| y

By = 100
[, Pact(t)dt

(3.8)

whereE,.,, represents the percentage energy consumption devi&jqly,) and P.(t) is the
actual and estimated instantaneous power consumptionet,trespectively. From Table 3.2,
it can be concluded that N N = performed consistently better compared to other CNN models
with the lowest energy consumption deviation. There areeserteptions such as in case of
HWFET drive cycleCNN? performed marginally better thatilNN” . So, to justify and

generalize the above conclusion a cross validation hasperdéormed for all the BEE models
and presented in the next subsection.

Table 3.2: Total energy consumption deviation (in perageydor different drive cycles with
BEE models

CNN? JCNNJ TCNNY [CNN. TCNN. JCNN.,
UDDS |13.18 |59.56 |13.90 |7.04 4809 |28.92
SFTP | 10.75 | 4858 |10.68 |2.93 36.22 | 13.47
HWFET | 06.31 | 35.86 | 07.97 |6.61 3220 |12.18
NEDC |11.39 |55.90 |17.50 |6.04 28.94 | 21.53

3.3.4 Cross Validation of BEE Models

To show the generalization ability and to measure the rolesst of the BEE models, cross
validation has been performed for all the CNN models. Fas,thicross validation technique
namedk-fold cross validation has been used. The datds&t— / was partitioned into:
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Figure 3.9: Estimated power consumption for differentitigvcycles with BEE models

equally sized partitions. Thefi)% of thesek partitions was selected and used for training the
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CNN models and remaining)% was used for validation. This process was repeététhes
(the folds), such that each of tlepartitions used at least once as part of validation set. The
following are the different metrics that have been used @®prance indicators.

i) Root Mean Square Error (RMSERMSE is a very popular and standardized formula to
measure the error rate and hence the performance of a syistean. be calculated using
the below equation:

n i _ Pt o\2
RMSE _ \/Zil(PaCt Pest) (39)

n

whereP,.; is the actual power consumptioR,,; is the estimated power consumption by
the CNN model ana is the total number of instances.

i) Mean Absolute Error (MAE)MAE is also a standardized measure which gives the idea
of absolute deviation of estimated value with respect taalctalue. The following is the
equation which was used to calculate mean absolute errarebatactual and estimated
power consumption:

(P, — P
MAE — Zz:l |< act est>| (310)
n

Similar to RMSE, the symbol8&,.;, P.,; andn represent actual power consumption, esti-
mated power consumption and total number of instancesgcésply.

iii) Correlation (Corr): Correlation represents the statistical relationship ketwactual and
estimated value. It can be calculated using the below emuati

Z?Zl (PGZ;Ct - aCt)(PeiSt - E)— (311)
\/Z:‘L:l(Péct - act)2 Z:‘L:l(Pezst - Pest)2

Corr =

whereP,., andP.,, represent the mean of the actual power consumption and ni¢ae o
estimated power consumption and remaining symbols areaime s RMSE or MAE.
The correlation lies in the range of [-1,1]. If the corretettivalue for two variables and

y IS negative, it means that whanincreases; decreases and vice versa. If correlation
is 0, it means the two variablesandy are not related whereas if correlation is positive,
it means the two variables are linearly related to each athdrhave similar behaviour
which means if one increases other also increases and visa. \®0, correlation between
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actual and predicted variable should be close to 1 or -1 fpiaégorithm to be considered
good.
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Figure 3.10: 10-fold cross validation of the different BEBadels using different error met-
rics for power consumption. Legend—) CNNJ,, (---) CNN;,, (—) CNN;,;, (---)
CNN;’af, (—)CNNE,, (---) CNNY,

In this work, value oft has been taken as 10. So, the results for 10-fold cross tialida
using RMSE, MAE and correlation as the performance indisatwe shown in Figure 3.10.
It can be observed that NN has minimum RMSE and MAE and maximum correlation
compared to the other CNN models. To further validate thischgsion, statistical analysis
also was performed using the two samplest between the results 6fN N” and the other
CNN models i.e CN N[, with CNN{,,, CNNZ,, with CN N, and so on. An analysis was
conducted with the assumption that the populations havaleguiances at the significance
level of « = 0.05. For the test, the null hypothesis was: the difference ofufeipn means

is zero. Under this null hypothesis, the pootetést has been performed with the assumption
of equal variance and hence t-statistics values, shown leTa3, are obtained. It can be
observed from the table that thestat values are greater than the t-critical values. Alse, t
p-values corresponding to each pair are less than thetstaltisignificance level ofv = 0.05.
Thus, the null hypothesis is rejected and the populatiomsdéfer statistically significantly.
Further, the mean of the RMSE and MAE values in cas€ dfN?  is less than other CNN
models and hence, the results obtained iGN N are better than the other CNN models

and this difference is statistically significant.
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Table 3.3: Statistical analysis of BEE models with two samikst using RMSE and MAE of
power consumption from 10-fold cross validation

CNN2, | CNNI, [CNNJ [TCNNZ T CNNY, [CNNT,
Results using RMSE values from 10-fold cross validation
Mean 3.26 3.76 12.46 13.62 1.84 1.39
Variance 0.41 0.37 0.56 0.15 0.07 0.05
Observations 10 10 10 10 10 10
Pooled Variance 0.26 0.23 0.34 0.11 0.07 -
Hypothetical mean difference 0 0 0 0 0 -
Degree of freedom 18 18 18 18 18 -
t-stat 8.19 10.97 42.28 81.61 3.91 -
P(T < t)one tail 8.70x107% | 1.05x107Y 0 0 5.17x107* -
t—critical one talil 1.734 1.734 1.734 1.734 1.734 -
Results using MAE values from 10-fold cross validation
Mean 2.29 2.54 8.38 9.65 1.06 0.88
Variance 0.57 0.26 0.45 0.24 0.01 0.02
Observations 10 10 10 10 10 10
Pooled Variance 0.33 0.15 0.26 0.14 0.02 -
Hypothetical mean difference 0 0 0 0 0 -
Degree of freedom 18 18 18 18 18 -
t-stat 5.49 9.41 32.79 51.61 3.03 -
P(T < t) one tail 1.63x107° | 1.13x107® 0 0 3.56x107* -
t—critical one tail 1.734 1.734 1.734 1.734 1.734 -

3.3.5 Analysis of Results

A number of experiments were performed by training a numb&NN models with different
number of layers (such as 5, 6, 7, 8, 9, 10 and 11) and varyminiput feature descriptors,
namely covariance, eigenvectors and GAF. From the ressltassed above, it can be observed
that different number of layers in the CNN model and différaput feature descriptors have
large impact on the performance of the BEE model. In brieGam be concluded that the
CNN models trained with covariance have performed really asscompared to CNN models
trained with eigenvectors and GAF. The main reason for thalot of information is lost while
calculating GAF and eigenvectors compared to covariandso, At can be concluded that as
the number of layers increases the CNN models converge, femtastance, the CNN models
with 5, 7, 9 and 11 layers, when trained using the dataset@repsed with covariance method,
converged at approximately 420, 380, 330 and 290 epochecatrgely. Although, increasing
the layers helps the models to converge earlier it incredmesomputational cost. Also, it is
well known fact that the CNN models with more number of layreigguire more training data to
achieve the same level of accuracy as CNN models with les®euati layers. Therefore, it is
important to find the minimum possible number of layers witbeptable performance. In this
work, it has been observed that CNN model with 7 layers andedawith covariance feature
descriptors, represented@¥ N? , performed consistently better than other CNN models and
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also it has been statistically validated in Subsectiord3.3.

3.4 Comparative Analysis of BEE model and Other Tech-
niques

To benchmark the results and to show the efficiency of the BBHat) the computed results
are compared with five of the existing approaches. From dg&ous in section 3.3.3, 3.3.4
and 3.3.5, it was observed th@fV N, performed better than other CNN models. Also, CNN
modelsCNN;,, andCNN,, . have comparable performance. So, in this section the gesult
comparing outputs from this resear€iVN/,,, CNN;,, andCN N}, . with five state-of-the-

art techniques is presented.

i) To implement the multivariate model for power consumptéstimation of EV the equa-
tion (3.12) proposed by Galvin [66] was used.

P=1rV+sV>+tV3+uVA (3.12)

whereP, VV and A represent the power demand, speed and acceleration, tiespeand
r, s, t andu are regression coefficients. The values for these coeffgcfen NissanSV as
given in [66] arer = 479.1, s = —18.93, t = 0.7876 andu = 1507. According to the
dataset used in this paper the variableorresponds to,, and A corresponds to change
in speed per unit time. So the equation (3.12) becomes

P(t) = 479105, (t) — 18930, (1) + 0.7876v,,(t)”
Vep(t) = vgp(t — 1) (3.13)
) —(t—1) )

+1507v,(t) (

whereP(t), v,,(t) represent the power demand and speed of the vehicle at tirespec-
tively.

i) The model proposed by Yang et al. [44] also was implemerfide comparison with the
CNN models. Yang et al. [44] proposed the equations (3.1d)(8rl5) for estimating
the power consumption of EV when the motor runs in normal a&g&merative mode,
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respectively.

v dv . pCpA ,
"= dt Ty F 14
_— (5m o +mg(f +i) + —5—0" | + Paccessory (3.14)

d CpA
Preg B kv/r/te/r/m (6md_1t} + mg(f + /L) + pTD/UQ) + Paccessory (315)

whereP is the power consumptiot).., is power regenerated,is the speed (correspond-
ing tov,, in DS — I andDS — 1] dataset)y. is the transmission efficiency, is driving
efficiency, d is the coefficient related to weight of EW; is mass of vehiclef is rolling
resistance coefficient,is the road grade (correspondingitein DS — I and DS — I1
dataset)p is air density,C', is the aerodynamic drag coefficient,is the frontal area of
vehicle, P,...ssory IS the power consumed by accessoriess the percentage of total en-
ergy during braking that can be recovered by the motorgnas the motor efficiency.
Parametefk was defined using the following equation:

0.5 % % v < bm/s

E—
05+03°—> > 5mis
20

(3.16)

For implementing the above model for Nissan Leaf 2013, wwabfen, Cp, and A were
used from Table 3.1. Other than these, value§, of., 1., 1e, P, Paccessory (@SSUMING NO
AC or heater is running) and given in [44] were 1.1, 0.9, 0.9, 0.8, 1.2, 150 and 0.015,
respectively.

iii) A neural network model, as proposed by Diaz Alvarez ef' &), with 14 inputs and 1 out-
put but without hidden layer was trained using the mean andmnee of three parameters
as inputs. The parameters include speed, acceleratiahdfulivided into positive and
negative acceleration) and jerk (further partitioned iStarting Movement Jerk (SMJ),
Cruising Track Jerk (CTJ), Starting Brake Jerk (SBJ) andiim8rake Jerk (EBJ)). The
neural network was trained with S — I, which is the 70% of data fror.S — I and
validated using the rest 30%, denoted®y — I,,;.

iv) Similar to the above for comparison purpose a neural agtyas developed by Felipe et al.
[76] which is the extension of the neural network in [75], viesned with 137 inputs, 1
output, and no hidden layer. The input parameters inclueertéan and variance of road
grade, accelerator pedal, brake pedal, speed, speed, landsleration, deceleration and
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number of lanes etc along with the jerk parameters used ijp T#8s neural network was
also trained with 70% of data frof? S — I and validated with the rest.

v) The MLR (Multiple Linear Regression) model proposed by Ca&uwer et al. [65] was
implemented to estimate the energy consumption of EV foipadivided into number of
small segments using the following equation:

trip n
AE = Z [B1Asj + By Z(UEVi + vwi)QAsj + Bg(CMFjJF)ASj
segments | i (3 . 17)

+ By(CMF; )As; + BsAHpos; + B¢ AHneg; + By Auxp; At + 5]

with: . ) )
Zz‘:z | Vev, — VEv,_, |

S

whereB;, AE, vgy,, Vwi, AS, As;, Auzy, At, AHpos;, AHneg;, €, n are regression
coefficients, energy, vehicle speed at titnewind speed at time;, distance, driven dis-
tance between_, andt;, temperature scaling, time, positive elevation changegative
elevation changes, error term and number of data pointsgmest;, respectively. For
implementing the above model the drive cycles were dividéo small segments each of
10 sec duration. Then for each segment equation (3.17) waedfy using the values
from datasetDS — I and DS — II. For instance, for vgy, average,, of segment;
multiplied by time forAs; etc. The values of regression coefficiesto B; for Nissan
Leaf was provided in [65], so those values were used for coisgrawith the BEE models.

The values of different performance metrics of the aboveudised five techniques and the BEE
modelsCNN[,,, CNN,, andCN N7, ; are presented in Table 3.4 and it can be observed that
CN N  outperforms the other existing approaches with a lowesthnigg, of 5.21% =+ 2.95
and5.09% +1.31 on dataseDS — I,,,;, andDS — I I, respectively. These results have also been
validated by other metrics such as Root Mean Square ErrorSRIMMean Absolute Error
(MAE) and Correlation (Corr). Also, it can be observed thet BEE models”’ NN and
CNN? have lowest RMSE (i.e. 1.39 and 1.84 % — I, and 1.35 and 1.46 obS — I1)

and MAE (i.e. 0.88 and 1.06 oRS — I,,; and 0.76 and 0.85 oS — II) and highest Corr
(i.e. 0.995 and 0.993 oS — I,,; and 0.997 and 0.996 ahS — I7) values, as compared to
the existing techniques. This shows tidayv N’ is the second best model aftl€iV N, , in
terms of RMSE, MAE and Corr. Values of RMSE, MAE and Corr cah @ calculated for
[75, 76] as the techniques presented in these do not givéinealpower/energy consumption
as output and provide only a single value of total energy aonion for the trip. It can be

observed that all the approaches performed bettdoSn- 17 than onDS — [,,,,. The main
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Table 3.4: State-of-the-art comparison using differemtqggenance metrics

Approach DS — Iy DS —11 Avera_ge Predic_tion Time
MeanFEy., | RMSE | MAE | Corr | MeanE,., | RMSE | MAE | Corr / drive cycle (in sec)
De Cauwer et al. [65] 7.25 4.22 | 1.70 | 0.953 6.09 1.85 | 0.95 | 0.982 1.58x1073
Yang et al. [44] 8.78 6.19 | 3.13 | 0.935 8.13 3.45 | 2.36 | 0.977 1.97x1073
Galvin [66] 13.63 8.54 | 3.87 | 0.763 11.56 2.33 | 1.11 | 0.981 3.47x107%
Diaz Alvarez etal. [75] 12.37 NA NA NA 10.21 NA NA NA 1.14x1072
Felipe et al. [76] 7.41 NA NA NA 7.34 NA NA NA 3.06x1072
The BEE Models
CNN? | 5.21 1.39 | 0.88 | 0.995 5.09 1.35 | 0.76 | 0.997 1.76
CNNJ, 9.43 1.84 | 1.06 | 0.993 8.86 1.46 | 0.85 | 0.996 2.26
CNN}I’H, 13.38 3.26 | 2.29 | 0.972 12.07 3.01 | 1.99 | 0.978 2.28
NA represent not applicable and bold values are the best ones

* The models developed in this chapter

reason for this is datasélS — /1 had readings on constant road grade of 0% i.e. no change
in road elevation whereals — I,,,; had readings with road grade varying from -20% to 20%.
Results for another metric namely, the average predictina per drive cycle is also given in
Table 3.4. The average prediction time per drive cycle igithe, the trained model takes to
predict the output for given driven cycle and does not ineltlte training time of the model.

It has been calculated on a system with Intel i5 Processds, B&M on a torch-lua platform.

It can be seen that the BEE modé€lV N/,,, CNN;,, andCN N}, , take more inference time
compared to existing techniques. This is due to the factttieeBEE models have more layers
in the architecture which increases the amount of compmutagquired. This is also evident
from the prediction time o€ NN” andCNN? , whereCNN? takes 2.26 sec compared
to CNN/  which takes 1.76 secC NN/ takes less time to predict the output because it
has fewer layers. However, the current aim is to compare ¢haracies of the architecture
with previous techniques. Once the model is verified in teofreccuracy, it can be converted
to a TensorFlow Lite format to be suitable for execution oro@e Coral boards or Odroid
boards with Movidius sticks, hence providing a real timd@anance with a very low inference

time.

A comparison of energy consumption, estimated using the BB&elsC NN, CN N2 and
CN N;’af and state-of-the-art approaches [44, 65, 66] are presentéddure 3.12. The energy
consumption was calculated by integrating the power owetithe period. As [75, 76] do not
provide real-time power/energy consumption as outputtseas not possible to plot them. In
Figure 3.12, each column represents the different roadegpaafile and each row represents
the different drive cycle i.e., from top to bottom, rows regent UDDS, SFTP, HWFET and
NEDC drive cycles, respectively and from left to right, aolus represent Grade Profile 1
(constant grade at% i.e., no change in elevation), Grade Profile 2 (varies frofb 18 2%)
and Grade Profile 3 (varies from -20% to 15%), as shown in Eigutl. It can be clearly

observed from the Figure 3.12 that in most caS@sN,” = has performed better than all of the

cov
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existing approaches [44, 65, 66] and the two other CNN mode¥sV;,, andCNN;,, in
terms of accuracy of estimates. The difference in estin@r$e seen more clearly when road
grade varies within a larger range such as in Grade Profile. 3im the rightmost column of
Figure 3.12. Also, it can be concluded that the estimate=gdy BEE models follow the same
behaviour or trend as the actual energy consumption whénegsrevious techniques display

large deviation from the actual value.
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Figure 3.11: Grade Profiles for different drive cycles (shamwsub-axis), (a) UDDS, (b) SFTP,
(c) HWFET and (d) NEDC

As Galvin [66] did not consider the effect of road grade scsijustified for his model to
deviate from actual energy consumption when road gradetajiets introduced. Yang et al.
[44] considered the effect of road grade but they tested thedel only for small tilt angles i.e.
0°, 1°, 2° and3° so when the tilt angle changes with large values as in Graoldd8, where
road grade varies from -20% (i.e.11.30°) to 15% (i.e.8.53°), their model fails to estimate the
actual energy consumption accurately. The MLR model dpesidoy De Cauwer et al. [65]
has performed really well and in some cases even perfornteet biean the” NN but it also
fails to estimate the energy consumption to an acceptatbét ¢é statistical confidence when
road grade changes with high values. The main reason forsthine non-linear relationship
of the influencing parameters which the MLR model was not bkstimate with comparable
statistical confidence as ti&V N . The NN architecture presented in [75, 76] have no hidden
layer and has one input layer with 14 and 137 inputs, respgtand 1 output corresponding
to the inputs. As the networks were shallow, they also weteabte to reasonably represent
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the non-linear relationship between the influencing factéidso, the NN architectures provide
only one output of total energy consumption over the whafe 4o they can not be used to
provide real-time information to the drivers.

From the above discussions, a number of observations casnistuded which are summarized
as follow:

(i) The results show that although the CNN model with morestayi.e.,C N N? converge
faster than a model with fewer layers i.€.NN7, an increase in number of layers does
not necessarily increase the estimation accuracy.

(i) Road gradient is an important parameter that effects éhergy consumption of EV
greatly. This is why it can be seen that with large road grddeges most of the ex-
isting techniques fail to accurately estimate the energysomption.

(i) CNN models trained with covariance feature descniptoe. CNN! andC NN  give

very good results than CNN models trained with GAF or Eigextiee descriptors so the
choice of input features also affect the performance of CkidWigectures.

3.5 Summary

Deep Convolutional Neural Networks (D-CNN) based soluti@s been developed for esti-
mation of energy consumption of EVs considering three edgparameters namely, road el-
evation, tractive effort and speed of the vehicle. Unlikeviwus methods that require either
manufacturer data, which is not readily available, or rgaftd data, which require special sen-
sors to be deployed on EVs, the BEE model requires only treesnpeters which can easily be
obtained. A number of CNN models with different architeesiwere trained using simulated
data after preprocessing, in which the simulated time sela¢a was converted to images. The
data was generated from a simulation model of Nissan Le&8 2f8veloped in FASTSim. The
CNN models were tested using the experimental data obtéinsdArgonne National Labo-
ratory of US. It has been observed that one of the CNN modéls seiven layers represented
with CNN” performed really well with average percentage energy aopsion deviation
of 5.21% 4 2.95 and5.09% =+ 1.31 on datasetDS — I,,, and DS — I1, respectively. In the
next chapter, an improved model which also considers tleetedff other parameters such as
environmental temperature, traffic and auxiliary loads eitt be presented.
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Chapter 4

Improved Energy Estimation (IEE) Model 1

An Improved Energy Estimation (IEE) model using ConvolaotbNeural Network (CNN) and
Bagged Decision Tree (BDT) has been developed to providalginee estimates of EVs en-
ergy consumption with an acceptable level accuracy. The @d8d is multi-channel i.e. there
are multiple parallel branches where each branch extragisritant features from individual
input parameter and then the extracted features are cothtwrgredict the energy consump-
tion. The IEE model also uses a BDT, which consist of multigieision trees ensembled
together using weighted average ensembling. The BDT is asedfine tuner to improve the
initial estimate given by the CNN by decreasing the predicerror further. The IEE model
is the extension of Basic Energy Estimation (BEE) modelgused in the previous chapter,
and does not require any vehicle specific parameters fombté. It takes seven input param-
eters namely, vehicle speed, vehicle acceleration, raadebn, wind speed, auxiliary loads,
environmental temperature and initial State of Charge (B@®attery. These parameters are
easily available, for instance, vehicle speed is easilylabda from vehicle, acceleration can
be computed from the speed, Geographic Information Sysgif) (can be used to obtain road
elevation, freely available weather API's (such as APIanirOpenWeatherMap [46]) can be
used to obtain wind speed and environmental temperaturénetomparison to the BEE model
discussed in Chapter 3, the IEE model provides better niea&l-¢nergy consumption estimates
in terms of accuracy, as it considers the effect of almoghallnfluencing factors namely, vehi-
cle speed, acceleration, wind speed, auxiliary loadsehegtSOC, environmental temperature
and road elevation.

This chapter consists of four sections. Section 4.1, dessithe architecture of the IEE model.
Section 4.2, discusses the experimental setup for the IE@eme. the datasets used and
training parameters etc. The IEE model was compared withipheibther existing techniques
and a comparison of the results is discussed and analyseztiin®4.3. Finally, Section 4.4
summarizes the results and concludes the chapter. Noteautilass otherwise stated auxiliary

1The content of this chapter is published as “Convolutioralral network—bagged decision tree: a hybrid
approach to reduce electric vehicle’s driver’'s range agbig estimating energy consumption in real-timggft
Computingvol. 25, no. 3, pp. 2399-2416, 2021. DOI: https://doi.by1007/s00500-020-05310-y (SCI Impact
Factor: 3.050)
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load is in W, temperature irC, time in seconds, speed in m/s, vehicle weight in kg, power i
KW and energy in MJ.

4.1 Architecture of IEE model

There are number of factors such as environmental temperatind speed, road elevation, the
battery’s SOC etc which influence the energy consumptiomdt® These factors vary sig-
nificantly in real life and have a non-linear relationshipaang them. Therefore, to effectively
represent their non-linear relationship a hybrid apprdahbeen adopted, which can provide
more accurate power / energy consumption estimates of amB¥rulifferent conditions. Fig-
ure 4.1, shows the IEE model’s architecture. There are fa@in komputational modules of the
IEE model namely, Power Consumption Estimation (PCE), &wgder, Fine Tuner and State
of Charge Calculator. The IEE model takes seven inputs namehicle speed, vehicle ac-
celeration, environment temperature, wind speed, auxil@ads, road elevation and battery’s
initial SOC. As discussed in Section 4.2.1, these inputshoet partitioned time series of 10
Hz frequency each of 10 sec duration i.e. each partition Basdadings for 10 sec duration.
The environmental temperature and battery’s initial SO€sdwt change much in the duration
of 10 sec so they have been considered as constant for autarpartition. The inputs are pro-
vided simultaneously to the PCE and Re-sampler module. TterRodule consists of a CNN
model, which uses the seven inputs to provide an estimatgdmnsumption for the EV. The
power consumption estimate given by the PCE module is of Irétpuency. The Re-sampler
module takes the seven inputs and up/down sample them td et érequency of inputs with
output from PCE module i.e. 1 Hz. Then, the re-sampled dataténalong with estimated
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Figure 4.1: Architecture of IEE model
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power consumption, are further passed through a Fine Tundula which uses BDT to fine
tune the estimate of power consumption by reducing the.effa fine tuned estimated power
consumption is then used by the State of Charge Calculatouleo This calculates the re-
maining state of charge of the battery based on the poweuowed by the EV. This calculated
remaining SOC is used as the initial battery SOC for the nastitpn of 10 sec. The follow-
ing sub-sections discuss in detail the workings of thesedomputational modules of the IEE
architecture.

4.1.1 Power Consumption Estimation (PCE) Module

The Power Consumption Estimation (PCE) Module is respdmddy estimating the power
consumption of EV under different environmental and roatbitions. For this a multi-channel
CNN, as shown in Figure 4.2, has been developed. The mudtiodl CNN is inspired from
the network architecture used in [126], originally deveddor hand gesture classification from
time series pose data. In this work, the IEE architecturegaeven input time series namely,
vehicle’s speed,), road elevations(;), vehicle’s accelerationu(..), auxiliary loads ¢;4),
wind speed+,,), initial state of charge of battery,) and environmental temperatueg.(,,).

As discussed in Section 4.2.1, all of these time series {3ay the dataset were recorded at
10 Hz frequency and were partitioned intosmall time series (say’,i = 1,2,...,n) each

of 10 seconds duration. These small time series each of 1dwation became the input
for the network. It has been observed that out of these senmrt parameters the first five
parameters vary a lot but the environmental temperaturg,) and battery’s initial SOCi.)
does not change during the interval of 10 seconds. Due tgthi@se two parameters have been
considered as constant for each partition and no featuraatixin has been performed for these
two parameters. Each of the other five parameters were pasaeskparate feature extraction
module, each of them has four separate branches to extedatdés. Each feature extraction
module has one residual branch and three similar convolaitiranches.

The residual branches make gradient backpropagatiorr lolettieg the training and hence the
network optimizes easily which ultimately increases theuaacy of the network [127]. The
residual branch is acting like an identity function but @&l of giving the same output as the
input three average pooling layers were used. The averagmgdayers downsample the data
by taking the average of the input data from a particularaegirhe pooling layers make the
CNN locally invariant i.e. the CNN can extract the same fezgdrom the input regardless of
rotation, scaling or shifting of features [104]. In this waye pooling layers not only reduce
the network scale, but also extract the important featwi@®s the input. This also helps in
avoiding overfitting of the network. The main feature exti@t is carried out by the three
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Figure 4.2: Architecture of Power Consumption Estimatid@E) Module. (Numbers after K,
N and @ represent the kernel size, number of kernels andriengdion of vector, respectively)

convolutional branches which have similar architectusajiacussed below.

Each convolutional branch has three convolutional laya@tewed by an average pooling layer
except the last convolution layer which is followed by a droplayer and then a pooling layer.
Convolutional layers are different from traditional fubpnnected layers as they apply convo-
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lutional filters on the input. The convolutional filters eatt the local features by focusing on
a particular region of the input. One convolutional layan bave a hundred of such filters and
extract hundreds of features from the input. This helps thevalutional layers to learn the
complex patterns. In a single branch, the convolutionaisyliffer from each other in terms
of the number of kernels used, for instance, in each coneolakbranch the first convolutional
layer has 8 kernels whereas the second and third convodutiayer has 4 kernels. Convolu-
tional branches differ from each other in terms of size ofikés i.e. one convolutional branch
has kernels of size 3, second has kernels of size 5 and trarkienaels of size 7. Branches with
different kernel size help the network to extract and lelmfeatures based on different time
resolutions. Each convolution layer has padding,oirhich depend on kernel size, as given by
the equatiom = (kernel_size — 1)/2. ReLU has been used as an activation function for each
convolutional layer and can be definedRsLU (z) = max(0,z). The activation function in
CNN has the two main advantages. First, the activation fonconvert the output to a scaled
range which helps fast training of the network. Secondlycibmbination of activation function
help the network learn more complex non-linear patternsiftioe input. Each convolutional
branch has a dropout layer as a regularizer [128]. Duringitrg, the dropout layers make
some outputs from the previous layer randomly ignored. frtakes the training process noisy
and forces the layers to co-adapt for mistakes made by @myar$ which ultimately make the
network more robust.

The output features from the convolutional and residuahdinas are concatenated at the end
which results in the output features of siz& x 12 extracted by the feature extraction mod-
ule. The extracted features from each feature extractiotutecare further concatenated and
then flattened in the consecutive layers. These flattenégréegectors of siz&80 and the two
parameters of environment temperatutg,(,) and the battery’s initial SOG(,.) are concate-
nated to form the final feature vector of siz& which is then passed through two successive
fully connected layers to give the final output of estimated/@r consumption of siz&0 for

the 10 second interval.

4.1.2 Re-sampler Module

The Re-sampler module up-sample or down-sample the inpahpaers to match the fre-
guency of output generated by PCE Module. As discussed iR@te module, the estimated
power consumption output generated is of 1 Hz frequencyne.data point for each second,
S0 it is necessary to re-sample the input parameters to rttegdhequency of 1 Hz before giv-
ing them as input to the Fine Tuner module. The input parametmely, temperature and the
battery’s initial SOC, as mentioned in PCE module are carsidlas constant for each 10 sec-
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ond interval. Due to this, the input parameters other thair@mment temperature and battery’s
initial SOC are down-sampled from 10 Hz to 1 Hz and the inpuapeeters of temperature and
battery’s initial SOC are up-sampled to 1 Hz by repeatingstimae value 10 times.

4.1.3 Fine Tuner Module

The fine tuner module takes eight input parameters namelycleés speed, road elevation,
vehicle’s acceleration, auxiliary loads, wind speed, envinental temperature, battery’s initial
SOC and estimated power consumption. The first seven of egaeeters are re-sampled by
the Re-sampler module and the last one is estimated by thex®@kle. The main purpose of
the fine tuner module is to fine tune the estimated power copgambased on the other input
parameters by reducing the error in the prediction. Mudtgtperiments were performed with
different regression models and it was found that Baggedsizec Trees (BDT) performed
better than other regression models. The BDT is a colleafomultiple decision trees en-
sembled together using bagging. Bagging or bootstrap ggtiom is an ensemble learning
technique proposed by Breiman [129]. The main objectiveagiging is to reduce the variance
of learners, in this case the decision trees. This is actieyeombining the output of multiple
learners through averaging which ultimately help to achiggh prediction accuracy. In BDT,
each learner is a separate decision tree and each decesgois trained separately on a subset
of the training dataset. For this, the training datasetvgldd into multiple subsets using the
bootstrap resampling. In bootstrap resampling, sampkesealected from the training dataset
with replacement. The output from all the separate decisees are then averaged to obtain
the final predictions which is, in this case, the fine tunethreged power consumption. In this
work, the number of trees and other parameters of the BDT @tisnized by minimizing the
cross validation error. The optimized model contains 10kiese learners, ensembled together
in the BDT with minimum prediction accuracy.

4.1.4 State of Charge Calculator Module

The fine tuned estimated power consumption obtained frorfitee Tuner module is used by
the State of Charge Calculator Module to calculate the reimgistate of charge of the battery.
For this, the following equation, given in [130], was used:

t
Pgdt
SOC, = SOC, — (fOEi’f X 100) (4.1)

cap

whereSOC),, SOC; represent the battery’s initial state of charge and stathafge at time.
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P, is the fine tuned estimated power consumption for the tinexvat andE,,, represents the
battery’s rated energy capacity. In the current case, ds@&abe small partitioned time series
is of 10 sec duration, value ofwill be 10. Therefore, the system requires the initial SO on
for the first partitioned time series and after that it carcelate the SOC based on the energy
consumed by the vehicle and the calculated SOC can be usedialsSOC for the next time
series partition.

4.2 Experimental Setup

In this section, the details of the dataset, hyperparametad other information related to the
training of the IEE model is discussed.

4.2.1 Datasets Used

For training, testing and validating the IEE model data s@hftwo different sources was used.
The first source was Downloadable Dynamometer DatabBSg [66] which contains data

obtained by performing a number of dynamometer tests at tijere National Laboratory

(ANL) of Advanced Powertrain Research Facility (APRF) onuanier of electric vehicles.

These tests were conducted for a number of drive cycles ab@&elevation under different

environmental conditions. This is the same dataset use@$ting the BEE model presented
in the previous chapter.

As the data available db® was very small and was not sufficient for training, testingd gali-
dating the model, a large dataset was obtained from a NissafsLsimulated model provided
in a simulation tool named FASTSim (Future Automotive Systdechnology Simulator) [50].
The simulation model used Nissan Leaf’s vehicle specifiaipaters which can be obtained
from [116, 117]. The dataset for other electric vehicle® alan be obtained by developing
similar simulated models for other electric vehicles sabje the availability of vehicle data
from manufacturer such as efficiency curve of motor, interasistance of the battery etc.
The dataset was generated using the simulated model folebatif temperatures (from5°C

to 35°C' at an interval ofl0°C’), 10 road elevation profiles (road grade varies from -20% to
20%), 4 different initial state of charge of battery (fron?8® 90% with intervals of 20%), 40
drive cycles (such as UDDS (Urban Dynamometer Driving Satedaind SFTP (Supplemental
Federal Test Procedures) etc) and 8 wind speed profiles. ¥peed was categorized into 13
different groups according to the Beaufort scale [131], elgnCalm (< 0.5 m/s), Light Air (0.5

- 1.5 m/s), Light Breeze (1.6 - 3.3 m/s), Gentle Breeze (3.6 1%/s), Moderate Breeze (5.5 -

67



7.9 m/s), Fresh Breeze (8 - 10.7 m/s), Strong Breeze (10.8-r&), Near Gale (13.9 - 17.1
m/s), Gale (17.2 - 20.7 m/s), Strong Gale (20.8 - 24.4 m/®}n$(24.5 - 28.4 m/s), Violent
Storm (28.5 - 32.6 m/s) and Hurricane 82.7 m/s). Out of these 13 categories the first 8 were
used for the data generation from the simulated model bedaesemaining categories are not
suitable conditions for driving. It is to be noted that moeg¢adcan be generated by varying the
environmental and road conditions and using new drive sycle

From now onwards in this chapter, the dataset obtained tisexgimulated model of FASTSIim
and the dataset downloaded fran? will be denoted aD.S — I and DS — I1I, respectively.
Both datasets have time series data which is recorded ataeiney of 10 Hz i.e. for each
second there are 10 readings. In order to train, validatéemtthe IEE model the datasets were
partitioned into a number of segments each of 10 secondsaht&o, in total the datasérs —

I andDS — I1 were partitioned into approximately 17 lacs and 3500 pant#, respectively.
70% of the partitions of datasétS — I were used for training the IEE model and the remaining,
i.e. 30%, were used for validation. Henceforth in this chgpthe training and validation
dataset will be represented ByS — I, and DS — I, respectively. The testing of the IEE
model was carried out using dataget — /1.

4.2.2 Data Preprocessing

As discussed in Section 4.2.1, both datasets have data tptaydarameters recorded at 10 Hz
frequency. For experimental purposes, the time seriesfadatathe datasets were divided into
smaller partitions each of 10 sec interval i.e. each partitias 100 readings. Time series data
for each parameter (say from the dataset was normalized, using the Eqg. (4.2), mtaange

of [0,1] before using it for training, validation or testitige IEE model.

i 2t — min(z) 4.2)

max(z) — min(z)

In above equation;?, 2%, min(z) andmax(z) represent thé'" normalized partition of time
seriesz, i** partition of time series, minimum and maximum values of time seriggespec-
tively.

4.2.3 Training of IEE Model

In the IEE model, there are mainly two modules, namely, PCHMmand Fine Tuner Module.
The PCE module was implemented in Python using PyTorch AiRldtze Fine Tuner module
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was implemented in MATLAB 2019a. PyTorch packagessh.nnandtorch.optim were used
to define the multi-channel CNN architecture for PCE moduid bss functions used for
learning. It also provides a number of APIs for training aasting the created model. For
training the BDT of Fine Tuner Module an addon, named Regraedsearner App, provided
in MATLAB was used. This can be used for training a number ffedent regression models
in MATLAB. The implementation code for the IEE model alongthvthe sample data has
been provided on GitHubh{tps://github.com/shatrughanmodi/CNN-BPRfter training the
PCE and Fine Tuner modules separately, both modules wesgrated by calling MATLAB
code from Python. The training of modules was done on a sysi#¢im3 GB RAM and Intel
i5 Processor. While training the modules, the feedback,l@opvhich the remaining SOC
calculated after each 10 sec interval was fed to the ini@2C3f the next interval, was not
used, but the feedback loop was used while testing the IEEemod

First the PCE module was trained using &, of time series data from the dataget — /.
For training the PCE module, the weights of all the convoluél and fully connected layers
were initialized using the Xavier initialization [132], wdh initializes the layer’s weight from
a random uniform distribution with limits OF—\/ o fan \/ o f«moutJ’ where fan,,
and fan,,; are the number of input connections to the layer and numbeutpiut connections
from the layer, respectively. The PCE module was traineth Wwatch size of 64 for 3000
epochs using Adam optimization algorithm [133]. The Adantirojzer has the combined
advantages of two stochastic gradient descent algorittensAidaGrad and RMSProp. The
Adam Optimizer uses the delta learning rule to update thghtgiof the network. It basically

computes an exponential running average of the gradientsamare of the gradients. The
decay rate of these running averages are controlled by tzengderss; and S, which were
initialized to 0.9 and 0.999, respectively. The initialieag ratecr was set to 0.001 and to avoid
division by zero during training epsilanwas set td0~%. These values of;, 3,, o, ande were
selected using hyperparameter tuning which showed thenaptesults with the above values.
The Mean Square Error (MSE) was used as the loss functionnomzie the MSE between
the actual and estimated power consumption. To avoid otregfitdropout layers were used
as regularizers in each convolutional branch of the featateaction module. A number of
experiments were performed by varying the drop ratnd it was found that increasing the
drop rate after a certain threshold (in this case 0.2) doésatuce the testing error. After
training the PCE module, the Fine Tuner Module was trainedguhe output obtained from
PCE module and re-sampled input data obtained from the Reisamodule.

The bagged decision tree of the Fine Tuner Module was degdlbp ensembling the multiple
decision trees. The number of trees and other parameteesopmized by using the Bayesian
optimization which tries to minimize the cross validatiomoe. The model, optimized with
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Bayesian optimization, has 10 weak tree learners which wasembled to form a bagged
decision tree with minimum prediction error.

4.3 Experimental Results and Analysis

In this section, the results obtained using IEE model areudised. Figure 4.3 and 4.4, show
the energy consumption prediction comparisons for the IBBehwith the actual energy con-
sumption of EV under different conditions for the UDDS droxecle with initial battery’s SOC
level at 30% and 70%, respectively. The different profilesoafd grade, air speed, auxiliary
load and vehicle speed, which were used to obtain the reshdtgn in above mentioned figures,
are given in Table 4.1.

Table 4.1: Different input parameter profiles for resultsvgh in Figure 4.3 and 4.4

Parameter Name | Profile | Minimum | Maximum | Mean | Standard Deviation
Vehicle Speed (m/s) UDDS 0 25.347 8.747 6.576
. Profile 1 0 0 0 0
Auxiliary Load (W) 5 e 51957941 | 1124.705] 977.649 41.605
Air Speed (m/s) Prof@le 1| 0.084 0.214 0.150 0.019
Profile 2| 11.305 13.187 | 12.299 0.353
Profile 1 0 0 0 0
Road Grade (%) | Profile 2| -18.765 17.696 1.198 9.107
Profile 3| -17.953 10.262 -8.064 9.883

There are number of observations that can be drawn from gweds 4.3 and 4.4. From a single
sub-figure of these figures, it can be observed how the anxlbads and air speed influence
the energy consumption of EV. For instance, observe Figuse, £nergy consumption for
four combinations of air speed and auxiliary loads have l@esented each with different
colors. It can be seen that when the wind flows at a higher spesdd air speed profile 2, and
also auxiliary loads have been applied, as in auxiliary jo@dile 2, the energy consumption is
highest compared to the energy consumption with other coatioins of air speed and auxiliary
loads. There is approximately a 50% increase in energy copson under air speed profile
2 and auxiliary load profile 2 compared to under air speedlpriafand auxiliary load profile
1 (i.e. no auxiliary load). So, a significant amount of eneiggygonsumed to overcome the
aerodynamic drag and fulfill the demand of auxiliary loadsxgsected.

The effect of road grade profile can be seen clearly by comg@ahe energy consumption
within a column of the Figures 4.3 and 4.4, where all otheapueaters are the same but only
road grade varies. For instance, consider the middle cobfriaigure 4.4, the energy consump-
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Figure 4.3: Energy consumption estimation using IEE modeldDDS drive cycle at initial
SOC of 30% under different conditions. Legend: Actual (&tine) / Predicted (Dashed Line)
energy consumption under: air speed profile 1 with auxiliaag profile 1 ¢) / auxiliary load
profile 2 (), air speed profile 2 with auxiliary load profile &)(/ auxiliary load profile 2 ¢).

tion for air speed profile 2 and auxiliary load profile 2 aftempleting the drive cycle is about

9 MJ, 11 MJ and -8 MJ in Figure 4.4b, 4.4e and 4.4h, respeygtiEhergy consumption for
grade profile 2 is more as compared to grade profile 1 becaasle grofile 1 has zero mean
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Figure 4.4: Energy consumption estimation using IEE modeldDDS drive cycle at initial
SOC of 70% under different conditions. Legend: Actual (&tine) / Predicted (Dashed Line)
energy consumption under: air speed profile 1 with auxiliaag profile 1 ¢) / auxiliary load
profile 2 (), air speed profile 2 with auxiliary load profile &)(/ auxiliary load profile 2 ¢).

and zero standard deviation i.e. no elevation/de-elevatttereas grade profile 2 has +ve mean

i.e. mostly elevation. Similarly, energy consumption foadg profile 3 is -ve because mean
grade for grade profile 3 is -ve i.e. de-elevation, so thegyneill be generated which will be
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used to charge the battery, hence -ve energy consumption.

Similar to road grade, the effect of temperature can be wbdeby considering one of the
rows of the Figures 4.3 and 4.4, where only environment teatpee is different for each sub-
figure in a row and all other parameters are the same. Fonicestaonsider the second row of
Figure 4.3, the difference in energy consumption due togbamtemperature is clearly visible.
There is a peak at approximately 5 min in Figures 4.3e andwh&feas no such peak exist in
Figure 4.3d. The main reason for this is that the battery'fopmance degrades with decrease
in temperature as battery’s capacity decreases at low ratupe due to increase in internal
resistance of battery. Due to this, the battery can not geosufficient power to the vehicle
to reach the desired speed or acceleration and hence thex driforced to run the vehicle
at a lower speed. The peak in the figures is due to high spesiiéaation demand which
was successfully fulfilled at temperatureI6®C and35°C' but at environmental temperature
of —5°C' the battery was not able to provide sufficient power. Thisalvedur is normally seen
when the battery’s SOC is low as in this case where initial 3880D% but when the initial SOC
is 70%, as in the second row of Figure 4.4, the energy consampattern at low temperature
is similar to the energy consumption pattern at high tentpeza

From the above discussion, it can be concluded that all cfetlparameters namely, vehicle
speed, vehicle acceleration, road elevation, wind speedjaxy loads, environmental temper-
ature and initial battery’s SOC, are influencing the the gmeonsumption of EV significantly.
Also from Figures 4.3 and 4.4, it can be observed that the IBHahsuccessfully represents
the non-linear influence of these parameters on energy ogtgan of EV with small deviation
and can be used to estimate the energy consumption of EVIhtimea

4.3.1 Cross Validation of IEE Model

Cross validation of the IEE model has been performed to atdidhe generalizability and
robustness of the methodology. There are several crosgatialn techniques and repeated
k-fold cross validation is one of them, which is often used bgearchers to validate their
approach. In the current work, repeated 10-fold cross &abd has been performed. The
performance of the IEE model has been measured using threeesngamely, Root Mean
Square Error (RMSE), Mean Absolute Error (MAE) and Cortieta{Corr), defined in Section
3.3.4 using equations (3.9), (3.10) and (3.11), respdgtive

In order to perform the 10-fold cross validation once for EBE model, datasebS — I was
divided into equally sized 10 small datasets. 70% of thesmlggsized 10 datasets were
selected as the training set and remaining 30% were use@ &slidation set. Then the CNN
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model of PCE Module and bagged decision tree of the Fine TMioelule were trained using
the training set and validated using the validation set. gioeess of selecting the training-
validation set and training and validating the IEE modehgghe training-validation set was
repeated 10 times (the folds). The datasets for trainitigiat@on set were selected, such that
each of the 10 equally sized datasets is part of the validaeb at least once. The process of
10-fold cross validation was repeated 5 times (the runsk @drformance of the IEE model
during the repeated 10-fold cross validation is shown iruFegd.5. From the figure, it can
be observed that the results from different runs overlapadsl the results do not vary much.
For instance, mean standard deviation in RMSE and MAE fdediht runs i.1 x 10~2 and
6.4 x 104, respectively. So, it can be concluded that the IEE moddbpmed consistently
well during each run of repeated 10-fold cross validatiothwaw variance.
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1 05042:%& 0.9978
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Figure 4.5: Results of repeated 10-fold cross validatiohe® model using different error
metrics for power consumption

4.3.2 Comparison of IEE Model with Other Existing Techniques

The results of three existing approaches, presented i6B}4,5], and the BEE model are com-
pared with the IEE model to benchmark the results. The impteation of all these existing
techniques have been explained in detail in Section 3.4edMius chapter.

A comparison, for estimated energy consumption for UDDS8edaycle under different con-
ditions, of the IEE, BEE model and three existing technigegzesented in Figures 4.6 and
4.7. Figure 4.6 shows the comparison of the results whemitialiSOC of battery was 30%
whereas Figure 4.7 shows the results with the initial SOQ&6.7In both figures, there are two
rows and two columns, where each row depicts the resultdfatetit grade profiles and each
column show the results at different environment tempeeatuEach subfigure shows the com-
parison of the results with four combinations of two diffetrair speed profiles (AS 1 and AS 2)
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Figure 4.6: Energy consumption prediction comparison eflteBE model with other existing
techniques for UDDS drive cycle at initial SOC of 30% undédfedlent conditions of two road
grade profile, two environmental temperatures, two airdpeefiles (AS 1 and AS 2) and two
auxiliary loads profiles (AL 1 and AL 2). Legend: Energy comgtion: @) Galvin [66], @)
Yang et al. [44], ) Diaz Alvarez et al. [75],) BEE Model, (@) IEE model, () Actual.

* The model developed in Chapter 3

t The model developed in this chapter

and two different auxiliary load profiles (AL 1 and AL 2). Thed different grade profiles,
air speed profiles and auxiliary load profiles used to comff@eesults shown in Figures 4.6
and 4.7 are given in Table 4.1. From the figures, it can be gbddahat the IEE model gave
consistently better energy consumption estimate compartgk existing techniques under all
the different conditions considered. As the technique psegd by Galvin [66], considered
speed and acceleration only to estimate the power/energguagption it is justifiable for the
results to deviate from the actual when other factors corteptay. Similarly, Yang et al.
[44] in their proposed technique does not consider the effeenvironment temperature and
initial SOC on energy consumption and hence the results@rasmaccurate but their technique
performed much better than Galvin’s technique. The newalork, proposed by Diaz Alvarez
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Figure 4.7: Energy consumption prediction comparison eflteBE model with other existing
techniques for UDDS drive cycle at initial SOC of 70% undédfedlent conditions of two road
grade profile, two environmental temperatures, two airdpeefiles (AS 1 and AS 2) and two
auxiliary loads profiles (AL 1 and AL 2). Legend: Energy comgtion: @) Galvin [66], @)
Yang et al. [44], ) Diaz Alvarez et al. [75],) BEE Model, (@) IEE model, () Actual.

* The model developed in Chapter 3

t The model developed in this chapter

et al. [75], performed badly for two main reasons, first it hashidden layer and therefore
was not able to learn the non-linearity among the influen¢amgors and second only three
parameters namely, speed, acceleration and jerk were gskieput and the influence of other
factors was not considered. The BEE model, gave consigtiemter estimates than the actual
energy consumption. The main reason for this is that it do¢dake into account the effect
of varying auxiliary load, air speed, environment tempamagnd initial SOC of battery when
estimating EVs energy consumption.

To generalize the comparison of the results, Table 4.2 shbesesults of different perfor-
mance metrics for the IEE and BEE models along with diffeexsting techniques. The
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different performance metrics are Mean Absolute Energyi@mn (M AFE,.,), Root Mean
Square Error RM SE), Mean Absolute ErrorX/ AFE), Correlation C'orr) and Mean Predic-
tion Time per Drive Cycle{/ PT'DC). M AE,., can be obtained using the following equation:

MAEdev — Zz:l | act est | (43)

n

i, andE: , represent the actual and estimated energy consumptiatt fdrive cycle
andn represents the total number of drive cycles under condidaraRMSE, MAFE and
Corr are the same as defined in Section 3.3MPTDC' is the average time an approach
takes to predict the power consumption by the EV for a givavedrycle. It does not include
the training time. It can be observed from the Table 4.2 the EE model gave very reliable
results than the existing techniques. The IEE model hasdowedE,.,, RMSE, MAE of
0.14, 0.97 and 0.50, respectively and higl@@str of 0.997 for dataseb S — I,,,; in comparison
to the other existing techniques. Similar behaviour canliseored for dataseédS — 1. As
datasetDS — I contains data recorded for road grad@fand no external wind, due to this
all the approaches performed better0§ — I1 compared ta)S — [,,,;,. Also, the deviation
in prediction results by IEE model is very less compared keotechniques. For instance, the
IEE model has least standard deviationtf.069 MJ in absolute energy deviation for dataset
DS — II whereas Yang et al. [44], Galvin [66], Diaz Alvarez et al.][ahd BEE Model has
standard deviation of£0.760 MJ, +1.320 MJ, +1.647 MJ and+1.314 MJ, respectively. The
values of MAE, RMSE andCorr are not available for [75], as the NN proposed provides
total energy consumed as output for the whole trip instegat@fiding instantaneous power
consumption. Due to this, using NN model it is difficult to piae instructions in real-time to
the driver based on the current power consumption. Alsagethee a number of influencing
parameters (including initial SOC of battery, wind speed anvironmental temperature etc.)
that need to be considered along with the parameters coedite[44, 66, 75]. Due to this,
the IEE model gave reliable estimates even when these adalifparameters come into play.
The IEE model provides very good results but it takes more ttmmpared to the existing

whereFE"

Table 4.2: Comparison of IEE and BEE models with existindntégues using different per-
formance metrics

Approach MAEj ., RMSE MAFE Corr(R) MPTDC
DS—1I,u | DS—1I1I|DS—1,y|DS—1I|DS—1,u|DS—II|DS—1,|DS—-1II (in sec)

Yang et al. [44] 2.30 1.98 8.90 3.78 4.73 2.28 0.884 0.961 | 1.97x1073

Galvin [66] 6.77 2.75 13.79 4.04 8.64 2.64 0.377 0.970 |3.47x107%

Diaz Alvarez et al. [75]  4.68 2.15 NA NA NA NA NA NA 1.14x1072
BEE Modet 4.15 1.82 7.98 2.61 5.33 1.96 0.948 0.977 1.76

IEE Modef 0.14 0.08 0.97 0.74 0.50 0.41 0.997 0.998 2.10x107t

Values in bold represent the best ones and NA means not apfgic

* The model developed in Chapter 3
f The model developed in this chapter

77



techniques, see the values of the fifth mefvic® 7' DC, provided in the Table 4.2. The IEE
model takes more time to predict results because it reqaites of computation in the PCE

and Fine Tuner modules. However, the objective of this werloidevelop a technique which
can provide more accurate results in comparison to othatiegitechniques. As the results
presented in Table 4.2, are computed using system with 8 GBI RAd Intel i5 Processor,

the real time performance can be achieved by convertinggBeniodel into TensorFlow Lite

format and execute on Odroid boards with Movidius sticks oo@e Coral boards. These
are specially designed hardware components to run machideep learning models with

high performance. For instance, Google Coral Dev board higee HPU coprocessor as an
accelerator and can perform 4 Trillion Operations Per S@¢d@PS) by consuming very less
power of 0.5 watt for each TOPS.

4.3.3 Statistical Analysis

To further validate the conclusion that the IEE model isdrdtian existing techniques, statisti-
cal analysis using two sampldest also has been performed between the results of IEEImode
and other techniques i.e. IEE model with Galvin [66], IEE mlodith Yang et al. [44] and

so on. For this, the 10 partitions used for validating the le&del during repeated 10-cross
validation were used and results were obtained for theg&ipas using other techniques. So,
for each techniqué/AE,.,, RMSE and other performance metrics were calculated for the
results for each of the 10 partitions. Using these obsematan analysis was performed by
taking an assumption that with the statistical confidencellef o = 0.05 the populations have
equal variances. Population means difference as zero was 88 the null hypothesis. Under
the above null hypothesis, two sampkest was performed and Table 4.3 shows the results
obtained. From the table, it can be seen that the values dfdfigcal are less than the values
of t-stat for each pair of techniques and also the p-values asetih@n the significance level

a = 0.05. This implies that the means of the populations differ digantly and hence null
hypothesis is rejected. As the mean of theAFE,., and RM SE values is less for the IEE
model than other techniques, it can be concluded that theri&del provides better results and
the difference in results is statistically significant.

4.4 Summary

In this chapter, a hybrid IEE model using CNN and BDT devetbimeprovide the EV drivers
with accurate energy consumption estimates in real-tinseblean presented. Hence, it can be
used to guide the driver in real-time and decrease his/imgeranxiety. The IEE model con-
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Table 4.3: Results of state-of-the-art two samptest usingM AE,., and RMSE of data
partitions from 10-fold cross validation

Galvin [66] | Yang et al. [44]] Diaz Alvarez et al. [75] BEE Modet | IEE model
Results oft-test onM AE,,,
Observations 10 10 10 10 10
Mean 6.772 2.306 4.679 4.155 0.139
Variance 29.660 4.104 16.258 4.710 0.012
Hypothetical mean difference 0 0 0 0 -
Pooled Variance 15.045 2.087 8.249 2.394 -
Degree of freedom 18 18 18 18 -
t—critical one tail 1.734 1.734 1.734 1.734 -
P(T < t) one tail 0 0 0 0 -
t-stat 10.261 9.002 9.485 15.572 -
Results oft-test onRM SE
Observations 10 10 - 10 10
Mean 13.796 8.900 - 7.988 0.975
Variance 37.372 24.303 - 1.255 0.047
Hypothetical mean difference 0 0 - 0 -
Pooled Variance 20.788 13.528 - 0.724 -
Degree of freedom 18 18 - 18 -
t—critical one tail 1.734 1.734 - 1.734 -
P(T < t) one tall 3.159x107% | 6.902x107° - 0 -
t-stat 6.287 4.817 - 18.433 -

* The model developed in Chapter 3
t The model developed in this chapter

siders the effect of seven factors namely, vehicle speeg)e@tion, air speed, road elevation,
auxiliary loads, environment temperature and the initatdry’s SOC. As no internal vehicle
parameters are required, the model can be easily gener&bizany other electric vehicle. The
accuracy of the IEE model has been validated by comparintEBenodel with other existing
techniques. The comparison results show that IEE modelsianate the energy consumption
with least mean absolute energy deviatio OB + 0.069 MJ and highest correlation of 0.998.
So, from the comparison results, it can be concluded thallEBemodel, unlike the previous
existing techniques, can learn the non-linear relatigpsbietween different parameters and
can provide improved estimates. The IEE model can be cawéot TensorFlow Lite format
and then can easily run on different microcontrollers orlmadeployed to vehicular embedded
system.
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Chapter 5

Multistep Traffic Speed Prediction (MTSP) Model

Use of automobile vehicles is increasing at a very rapidwditieh creates a number of social
problems such as traffic congestion, overconsumption ofggnéraffic accidents and high
carbon emission [134]. To solve these problems IntelliJeanhsportation System (ITS) [135]
have been considered as a promising solution. For exan@esdn provide travellers with real
time information and can suggest optimal travelling routased on future traffic predictions
[136]. Other than this, based on the current traffic speedfatude traffic change trend, ITS
can help in optimizing the traffic signal timings which carsere smooth traffic movement
and hence, can help in reducing traffic congestion [137].0Afer EVs traffic can play a
vital role in the amount of energy consumption or regenematiTherefore, it is necessary to
predict the traffic speed in future so that the future enemsamption for a particular route
can be calculated in advance and then using this inform#t®B&YV driver can select the energy
efficient route. In this chapter, a Multistep Traffic Speeddtetion (MTSP) system has been
proposed to get the traffic status on a particular route @tioa in advance.

The chapter consists of four sections. Section 5.1, expli@ architecture and working of the
MTSP model. Section 5.2, discusses the datasets and hypergi@rs used for training and
the MTSP model. To benchmark the results, the MTSP model wagpared with multiple
other techniques. Section 5.3 provides the discussion aalysas of the comparison of the
results with previous approaches. Finally, Section 5.4reanzes the results and concludes the
chapter. Note that, unless otherwise stated time is in raghamd traffic speed is in m/h.

5.1 Architecture of MTSP Model

The problem of the multistep traffic prediction (i.e. traffi@diction at multiple time steps into
the future) has been addressed by developing a deep leapprgach using the concept of
latent space mapping. Figure 5.1, shows the framework dWith&P model. Firstly, raw traffic

speed data was collected from the loop detector sensoedl@tson city roads. These loop
detectors can provide various traffic related parametenis as traffic speed, volume and flow
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etc. In this work, historical traffic speed has been used edipt the future traffic speed. The

data was pre-processed to make it suitable for use in tigaand testing the MTSP model. Cer-
tain data cleaning algorithms were employed for removimguirious data anomalies, which
occur due to physical limitations of loop detector sensAfger data cleaning, the neighboring

sensors of all sensors were selected based on their difi@tebutes (such as correlation and
distance etc). Next, historical traffic data from all theeghboring sensors was formatted into
a particular format to provide input to the MTSP model. The auto-encoders, in the MTSP

model, were trained separately: one for learning the patiethe historical traffic speed and

the other for future traffic speed. After the individual triaig of both of the auto-encoders, the
pre-trained encoder of the first auto-encoder and the pieetl decoder of the second auto-
encoder was concatenated by adding a latent feature majgyiegin between them. Then,

the concatenated model was optimized by training the |d@tire mapping layer. Finally, the

trained model was used to predict the future traffic speea fohowing subsections discuss

each part of the model in detail.
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Figure 5.1: Framework of the MTSP model

5.1.1 Preprocessing of Traffic Data

Pre-processing of the collected traffic speed data wasnemtjbefore using the data for training
or testing the MTSP model. It was achieved in three stepssasissed below:

5.1.1.1 Data Cleaning

Traffic speed data collected from various loop detector@snsontain a number of anomalies
including missing values, due to failure of sensors, presesf outliers, due to noise, etc.
Therefore the data was cleaned using data cleaning teasimpiore use. For instance, the loop
detector sensors, for which the missing values were morediparticular threshold percentage,
were removed from the dataset and for other loop detect@osgrthe missing values were
replaced with values obtained by linearly interpolating tfata. Similarly, the outliers (mainly
point outliers i.e. single value which is too high or too Idwan its neighbors) in the dataset
were replaced using the average value of the neighboringsal
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5.1.1.2 Selection of Neighboring Sensors

Traffic on a particular road depends on the traffic status @fhimring roads. This is known

as the spatial dependency of the traffic. The spatial depeydgso changes with time, for

instance, it might be possible at a particular point in tiime tmore traffic is coming from one

neighboring road and at other time from a different neigifgproads. Therefore, it is very

important to cluster the traffic data according to the spatid temporal dependency. For this,
a neighbor sensor selection algorithm, as given below, bas bsed.

Algorithm 1: Algorithm for selecting the neighboring sensors
Input: Tg, S, D, p, to

Output: $*

Function Nei ghbor Sensor Sel ecti on(Ts, S, D, p, to) :
initialize distance threshold

S «— S[D[p,:] < ] Il Get sensors with distance <4
/[l fromp

Dg <— DIp, 5] /1 Get distance of sensors S
/Il fromp

Ts «— Tglto — At : tg, S| /| Get past traffic data of

/'l sensors S for At duration
foreachq € S do
Cslq) «— corr(Ts[:,p], Ts|:,q]) /1 Find traffic correlation
Aslg) «— |Ts[:,p] = Tsl:,q]| /1 Find absolute mean difference

end
ag <— concatenate(Cg, Dg,Ag) |1 Concatenate the attributes

+— [+1,-1,-1] /] Attributes to be maxinm zed(+)
/1 or mnimzed(-)
A— [1,1,1] I/ Weightage of the attributes
Rs «— topsis(ag, A, £) /'l Rank the sensors using Topsis
$* «— Rg[l : m] /1 Select top m sensors
return 5*
end

The algorithm takes multiple input parameters, namelyigt)df all n sensorss, (ii) distance
matrix D of sizen x n, where each elememt ; € D represent the distance from sensor
to sensorj, (iii) traffic speed matrix of the sensoilg; of sizer x n, wherer represents the
number of time instances for which speed data was recorded &the number of sensors,
(iv) sensormp for which neighboring sensors are to be identified and (vgtinstant,. Firstly,
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all the sensors which are less thadistance apart from senspiare selected and stored $h
Also, the distance of these sensors frpns stored inDs. Then, traffic speed data of all the
sensorsS for time interval oft, — At is obtained ifls. Then, using the traffic speed déata,
traffic similarity is calculated betwegnand each sensqre S. For traffic similarity, Pearson’s
correlation coefficient [138] and absolute mean traffic spgiference was used. So, for each
sensorg € S three attributes were obtained i.e. distance between theoseDg, Pearson’s
correlation coefficient’s and absolute mean traffic speed differedeg. The sensors iy
were then ranked using a multi criteria decision making émplne named Technique for Order
of Preference by Similarity to Ideal Solution (TOPSIS) [},38ased on these three attributes
with equal weightage\ but with different decision making criteri@i.e. +1 for correlation
because it should be maximum ard for distance and absolute mean difference because
these two should be minimum. Then, topsensors were selected as neighboring serfsors
and returned by the algorithm.

5.1.1.3 Formatting the Traffic Data

After selecting the neighboring sensors for a particulaseep at particular time instance,
past traffic data for all these neighboring senstiravas formatted in a specific format before
using it for training and testing the MTSP model. The traffatad matrix (say,X of size

I x m x c¢) was created from the past traffic speed data of all seleaeghboring sensors.
Here,l represent the number of time instances in the time intekvain represent the number
of selected nearby sensors and the number of channels. In this workwas taken as 4 and
each channel correspond to the traffic data of a differentaaghown in Figure 5.2. The first
channel has data of the current day (gaythe second channel contains data for the past day
i.e. d — 1 and third and fourth channels contain data for same day oividek as current day
but of the past two weeks i.el — 7 andd — 14, respectively. This was done to capture the
characteristics of the weekly traffic pattern. The timeanses for which traffic data was used
for each channel is also different i.e. the first channel@ostdata for time instances between
to — At to ty whereas other channels contain data for time instancesbaty— % toty+ %.
This helps the deep learning model in understanding how hadraffic speed pattern after
time instantt, in past day and past two weeks. The traffic speed data matmvas used as
input for the MTSP model. The output of the traffic predictimodel is future traffic speed
vectorY = [yi, 10, - - ya)? Of sensop. Here,y; represents the traffic speed at sensor location
p at time instance, + i. The traffic data matribX andY were normalized into the range of
[0,1] using the equation similar to Eq. (4.2). The normalimaffic speed data pairX, Y') was
then used for training and testing the MTSP model.
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Figure 5.2: The channels of formatted traffic data makfix

5.1.2 Traffic Prediction Model

A deep learning based model inspired from Deep Auto-Enco@AES) has been developed
for multistep traffic speed prediction. An auto-encoder twas main components, namely, an
encoder and a decoder. The encoder is used to learn theahtepresentation of the input.
This internal representation is also known as the laterdespgpresentation, which can also be
used as a feature vector. The decoder does the reversepanckelearns to convert the internal
representation back to the input. Several researchersusmc DAEs [140, 141] for robust
feature extraction and then the extracted features haveussel for classification or regression
tasks. Vincent et al. [142] used auto-encoders to extrdmistofeatures by giving corrupted
inputs. Similarly, Masci et al. [143] used the hierarchieatures extracted using auto-encoders
to initialize the convolutional neural network. Althougtiney have used auto-encoders for
different problems, the effectiveness of auto-encoderseibracting the robust features has
been demonstrated. Therefore, in this work pre-trained-antoders were used to predict
the multistep traffic speed. Figure 5.3, shows the architeadf the traffic prediction model.
Two different DAEs were used in the architecture: one DAEHstorical traffic speed and the
other DAE for future traffic speed. The encoder of the first DAE;, converts the historical
traffic speedX into the corresponding latent representatioh, i.e. Ex : X — Z*. On the
otherhand, the decodéry recreates the historical traffic speed from its latent regméation,
i.e. Dy : ZX — X. Similarly, the encoder and decoder of other DAE convertisréutraffic
speedy” to its corresponding latent representatioh and then back to the future traffic speed.
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The extraction of the/” latent feature mag) for input I can be expressed as:

I'=o(I*W'+b) (5.1)

whereos, Wi, bP andx represent the activation function, weight, bias and cariah operation,
respectively. Similarly, the reconstruction from lategppresentation is obtained using:

f:a</ ﬁu@+a (5.2)
€L

whereL, W andc respectively, represent the list of latent feature mapsspose convolution
operation and bias for input channel. The two DAEs try toaxttthe features of individual
domains in terms of their corresponding latent represiemtat his is achieved by minimising
the mean square error loss between inpaind reconstructed outpiibf both DAEs which can
be expressed as follows:

LDAEif(Lf):HI_fHQ (5.3)

The idea was to use both the pre-trained DAES,WA.Ey : Ex — Dx andDAFEy : Ey — Dy,

by cross connecting the encodey with decoderDy for predicting the future traffic speed
from historical traffic speed. The cross connection waseae using Latent Feature Mapping
Module LE MM, which maps the latent representation of historical traffieedZ* to the
latent representation of future traffic spegtl i.e. FM : ZX — ZY¥. As both the DAEs were
trained separately, the two latent space representatiengt andZ¥ do not lie in the same
dimensional space. Therefore, thé'M M fills the gap by properly mapping the two latent
spaces. Since the encodéy was already trained to convert the historical traffic sp&eidto
corresponding latent representatigty, it learns to effectively extract the critical features of
X in the traffic prediction learning phase. Similarly, the oéer Dy also learns to regenerate
future speed” from latent representatiai’” while preserving the normal characteristicsvof
due to the pre-training effect. In Figure 5.3, the flow of databoth the DAEs, i.e.DAEx
and DAFEy is shown by red and green arrows, respectively. SimilaHg, ftow of data of
cross-connected DAEs is represented using blue arrowsfollbeing subsections discuss the
architecture of both the DAEs arddi" M M in detail.

5.1.2.1 Deep Auto-Encoders (DAES)

As discussed earlier, there are two DAES{ E'y and D AEy) in the architecture. The encoder
of DAEx has three convolutional layers followed by batch normélireand the Tanh activa-
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tion layer. The three convolutional layers use convoluideernels of sizes x 3 with stride
of 2 and padding of 1. Past research in deep learning hasgthaethe deeper networks can
achieve better performance but simply stacking the layedsasithe training process difficult
due to the problem of vanishing gradient. So, to overcongeploblem the concept of resid-
ual learning using residual blocks was introduced in [127$pired by the success of residual
learning, three residual blocks were used in the encagerEach residual block has two con-
volutional layers with kernel size of x 3, stride of 1 and padding of 1 followed by batch
normalization and non-linear activation ReLU. Each reaidulock has a connection which
adds input of residual block to the batch normalized outpaeoond convolutional layer of the
block. To avoid overfitting of the model, a dropout layer wisaised. The decodé?y also
has a similar structure but in the reverse order. To reveesednvolution effect, the transposed
convolutional layers were used instead of convolutiongis.

The auto-encodeb AEy has simple architecture of convolutional auto-encodee @icoder
Ey has three convolutional layers each followed by batch nbzatgon and the tanh layer.
Each convolutional layer has kernels of size 3, stride amidlipg of 1. Two average pooling
layers also were used to maintain the average effect ofiemt@and reduce dimension. The
decoderDy also has similar architecture with convolutional layenslaeed with transposed
convolutional layers and average pooling layers replaci#d wpsampling layers. Dropout
layers were used both in encoder and decoder to avoid owegfitt

5.1.2.2 Latent Feature Mapping Module (.F'M M)

The two DAEs were cross connected using M M, which maps the latent featur&s® of the
historical traffic speed to the latent featuté$ of future traffic speed. Th& ¥ M M has three
layers in sequence i.e. a convolution layer followed by ddiatind a fully connected layer.
The convolution layer has convolutional kernels of size 3 with 1 stride and padding of 2
rows and 2 columns. As shown in Figure 5.3, the blue arrowsvghe flow of data for the
cross connected network. The entire cross connected rewas fine-tuned after pre-training
the individual DAEs separately.

5.2 Experimental Setup for MTSP Model

This section describes the dataset used and initializatidhe hyperparameters along with
other details for training the MTSP model.
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5.2.1 Description of Traffic Datasets

Traffic data from a very popular data source, available ttinoaiweb-portal of California De-
partment of Transportation Performance Measurement ®y&eMS) [144] is used. The data
source provides a large volume of traffic data from the lodpaters installed on the freeways
of the state of California. Figure 5.4 shows the location@isors on a map of Los Ange-
les, for which the traffic data is used for training and tegtime MTSP model. There are 660
sensors on the mainline of freeways of Los Angeles, showmemiap with markers. Out of
these sensors, 382 shown with green marker, were selectietl adver the five freeways of
Los Angeles, namely, 15, 110, 1110, 1405 and US101. The MTSRlehwas trained and tested
to predict future traffic speed for these selected sensossexplained in Section 5.1.1.2, the
neighboring sensors for all these 382 sensors were obtasied Algorithm 1. The algorithm
can select any sensor from all 660 sensors as the neightsamsgr depending upon the traffic
pattern. For predicting traffic speed for the next one howr particular sensor the last five
hours of traffic data was used. As traffic speed data at evemnSnterval is available from
the data source and the top 10 sensors were selected usmgjghéor selection algorithm, the
input traffic speed matriX has a dimension af0 x 10 x 4 and output traffic speed matrix
has dimension of2 x 1. Traffic data for the period of two months from 1st June, 2@l 3lst
July, 2017 was used for the experiments. 70% of the datasetised for training the MTSP
model and the remaining 30% was used for testing. As trafinggddt is very low and does not
require forecasting, for the experiments in the currendystraffic data from 7:00 am to 10:00
pm only was used.

5.2.2 Hyperparameters for Training MTSP Model

The MTSP model has two DAEs which were trained separatelyt, ke two DAES were cross
connected using /"M M and the fine tuning was carried out. For training the DAEs dued t
cross connected network, all the fully connected, convahatl and transposed convolutional
layers were initialized with Xavier initialization [132}t initializes the weight of a layer using
random numbers from a uniform distribution with the Iimifs[e\/ 6 \/ 6 J :

fanin+fanout’ fanin+fanout

Here, the variablegan,, and fan,,; represent the count of input connections with the layer

and count of output connections from the layer, respestivéhe Adam optimization algo-
rithm [133] was used for finding the optimized solution wittitial learning rate of 0.001 and
batch size of 128. The Adam algorithm at each step calcuatpsenential running average
of the gradients and square of the gradients. To control goaydof these running averages
the parameterg; and 5, were initialized to 0.9 and 0.999, respectively. Duringrirzg to
avoid division by zero epsilon was set to a small value d0~%. The Mean Square Error
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Figure 5.4: Loop detector sensors on the map of Los Angeles

(MSE) was used as the loss function during training. AlstvenM TSP model there were some
dropout layers which were used as regularizers to avoidfittuay. For all the dropout layers
the dropout probability was set to 0.2, as the experimeras ghat increasing the drop rate
further has negative effect on the model’s performance.

5.3 Traffic Prediction Experimental Results

In this section, the traffic speed data collected from the ldetectors of Los Angeles is used to
show the effectiveness of the MTSP model, by comparing thelteewith several state-of-the-
art techniques which includes machine learning (ANN, kNN 2iGBoost) and deep learning
techniques (LSTM and CNN).
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i) ANN: A three layered Atrtificial Neural Network (ANN) [145] was daweped for traffic
speed prediction. Each neuron in the ANN was activated usisgmoid function. As
ANN does not differentiate the input variables across titn&as not able to capture the
temporal dependencies.

i) KNN: A k-Nearest Neighbor (KNN) [146] approach finds the togimilar observations
from the training set based on the Euclidean distance. Ttherfuture traffic speed pre-
diction is calculated using the weighted sum of the corradpw future traffic speed df
selected observations. The hyper paramieisrselected using cross validation by varying
the value oft from 5 to 20.

i) XGBoost:XGBoost [147] is quite a popular machine learning technigbih has already
been applied to different tasks with outstanding perforcearfo implement XGBoost, all
the input features were reshaped to a vector and then uskd et for training.

iv) CNN: Convolutional Neural Network (CNN) [104] has been appliegtedict traffic speed
by reshaping the traffic data into matrices. Although, CNMsaapable of learning com-
plex patterns from the data, they can not take temporal abp®y into account.

V) LSTM:Long Short Term Memory (LSTM) [148] is a very popular deeprieag method
which has been used widely for time series forecasting. L33 bapable of taking tem-
poral dependencies into account but can not capture thessipddrmation.

The most appropriate inputs were selected for the aforeéoresd techniques to ensure a fair
comparison. The traffic data for the last 5 hours (i.e. padiri® steps) of the target sensor
was reshaped to form a vector and given as input to ANN, kNNBX¥&st and LSTM which
provide a prediction of next 1 hour (i.e. 12 time steps) apwout All these models were
trained with a number of such inputs for all the 382 sensoenfraned in Section 5.2.1) taken
at different time instances. The best hyperparametersifiereht models were chosen using
cross validation, for instance, value bf= 17 for kNN gave best performance. For training
the CNN, the same matrices were used, which were used foirtggihe MTSP model. The
CNN model contain three ReLU activated convolutional layeach followed by an average
pooling layer and then a dense layer has been used to takatthg.or he input traffic data was
normalized into the range of [0,1] before using for trainihg models.

The performance of the above said state-of-the-art tedesigre compared with the MTSP
model using three standard evaluation metrics, namely Mdasolute Error (MAE), Root
Mean Square Error (RMSE) and Mean Absolute Percentage BWAPE). The RMSE and
MAE are already defined in Section 3.3.4 using Equationg @8 (3.10), respectively. The
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MAPE can be calculated using the following equation:

=N

1
MAPE = (N Z

i=1

) %
Tact — Lpred

)
x act

) « 100 (5.4)

where, N is the total number of samples, , andz?, ., represent the actual and predicted value,
respectively. The evaluation metric MAE and RMSE can meathe absolute deviation of the
predicted values from the actual values whereas MAPE carsunedhe relative deviation.
Table 5.1 shows the performance of the comparison of thdtsestithe MTSP model and
other benchmark techniques at five different predictioretimrizons. From the table, it can
be concluded that the MTSP model has the best performanbethétleast values at all of
the prediction time horizons except for 5-min ahead preashctAlthough the performance of
the MTSP model is not the best for 5-min prediction but it ismparable to the performance
of other techniques. Also, it can be observed from the tdidé &s the prediction horizon
increases the performance error for each technique alseases but consistently increase

in error with prediction horizon is less for the MTSP modehgmared to other benchmark

Table 5.1: Traffic speed prediction performance comparédiT SP model with other popular
approaches

Technique Metric | 5-min | 15-min | 30-min | 45-min| 60-min
MAE 151 2.78 3.93 4.80 5.42
ANN RMSE | 2.58 4.90 6.92 8.14 9.03
MAPE | 3.69 7.12 10.75 | 13.38 | 15.53
MAE 2.28 3.12 4.02 4.74 5.29
kNN RMSE | 3.90 5.46 7.00 8.04 8.77
MAPE | 5.99 8.33 11.08 | 13.41 | 15.16
MAE 1.27 2.39 3.44 4.19 4.75
XGBoost RMSE | 2.13 4.11 5.89 6.97 7.73
MAPE | 3.09 6.10 9.04 11.35 | 13.09
MAE 1.92 2.88 3.62 4.09 441
CNN RMSE | 2.85 4.70 6.12 6.82 7.25
MAPE | 4.77 7.47 9.88 11.37 | 12.37
MAE 1.52 2.62 3.43 3.96 4.55
LSTM RMSE | 2.48 4.38 5.85 6.73 7.55
MAPE | 3.71 6.56 8.87 10.43 | 12.11
MAE 1.64 2.26 2.57 2.75 3.09
MTSP* RMSE | 2.58 3.73 4.51 4.88 5.38
MAPE | 4.43 6.03 6.81 7.32 8.44
Values in bold represent the best ones

* The model developed in this Chapter

92



techniques. The main reason for this is the ability of the MT8odel to effectively capture
spatial and temporal features of the traffic by selectingm@dring sensors at a particular in-
stant based on traffic similarity and distance.

The traffic speed prediction performance of the MTSP modehaitiple time horizons for
each highway was also compared with other techniques andsh#s are shown in Figure 5.5.
There are a total of 5 highways in the dataset i.e. 15, 11001405 and US101. The pre-
diction performance for the traffic on both sides of the higiilaave compared separately. In
Figure 5.5, the letter in round brackets along with highwayne represent the traffic travel
direction. The similar behaviour, as depicted in Table baly be observed in the figure. The
MTSP model performed consistently better than other teghes on all highways with least
error values. The consistency also can be observed by cormgphe error with respect to time
horizons. For instance, as shown in Figure 5.5i and 5.5IMAE of MTSP model lies in the
range of [5,10] approximately for both prediction time fzom of 30-min and 60-min whereas
for same time horizons the MAPE of other techniques has ase@ from [7,15] to [10,21]
approximately.

The difference in prediction performance of MTSP model atieotechnique is clearly visible
in Figure 5.7. The figure shows the comparison of one daydrpfediction at three different
time horizons (5-min, 30-min and 60-min) by MTSP and otherdbenark techniques for two
sensors 716960 and 717040 located on highway I5 and 11Csctgply. The location of both
the sensors on the map has been shown in Figure 5.6 for battersianding. In Figure 5.7,
it can be seen that the MTSP model consistently provide ¢raffeed predictions which are
very near to the actual traffic speed. The difference is mig@ly visible in Figures 5.7e and
5.7f, where other techniques deviate from the actual traffieed quite frequently while the
MTSP model follows the pattern of actual traffic speed cdastdy. Also, it can be observed
that the MTSP model is performing really well whenever thisrsudden transition in traffic
speed, for instance, at around 9:00 and 18:00 hours (peais)hiiere is sudden change in
traffic speed for both the sensors, as shown in Figures 5.7d, 5.7e and 5.7f, but the traffic
prediction by MTSP model does not deviate much from the &ttatfic speed as compared to
other techniques.

From the above discussion, it can be concluded that the MT&#Rehoutperforms than the
other state-of-the-art techniques for traffic speed ptedic The main reason for the improved
performance is the capability of the MTSP model to underbstha spatio-temporal dependen-
cies for predicting the traffic speed. Also, the predicti@nfprmance degrades with increase
prediction time horizons. The MTSP model provides betténeges even in peak hours where
other techniques lag behind considerably.
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* The model developed in this chapter
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5.4 Summary

A deep learning based model has been developed which cardenmultistep traffic speed
prediction by considering the spatio-temporal traffic dejency. The MTSP model was trained
with real-world traffic speed data, collected from a numiddoop detector sensors located on
different highways of Los Angeles. An algorithm has beenetigyed to consider the spatio-
temporal dependencies by selecting the nearby sensord taseaffic similarity and distance.
The selection changes for each instant in time. The MTSP humigains two deep auto-
encoders which were cross-connected using the concepteott Ispace mapping. The cross-
connected auto-encoders were then trained using the ibattmaffic data from the selected
nearby sensors. The effectiveness of the MTSP model wasaged by comparing it with five
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* The model developed in this chapter

96



approaches (i.e. ANN, kNN, XGBoost, CNN, LSTM). A comparisaf the results confirms
that the MTSP provides better predictions with least ertdlifeerent prediction time horizons.
Although, the MTSP model has been trained and tested usentrdffic data of highways of

Los Angeles, it can easily be applied to any other city’sficdfased on the availability of
data.

97



98



Chapter 6

System Integration

The IEE model, discussed in Chapter 4, and MTSP model, diedus Chapter 5, are inte-
grated as a whole system. This chapter provides the detdle system architecture and dis-
cusses the results obtained from the integrated systemthisothe chapter has been divided
into four sections. Section 6.1, explains the architectdithe integrated system. Section 6.2,
discusses the testing procedure followed after testingnith@idual modules. Using the ex-
isting techniques multiple other integrated systems haenlileveloped and compared. The
comparison of the results are discussed in Section 6.3.II\isection 6.4 summarizes the
findings and concludes the chapter.

6.1 Integrated System Architecture

An integrated system has been developed for improving ttimate of the energy consump-
tion of electric vehicles. The system can be used to prelggoehergy consumption on different
routes to a destination and then the driver can select ttigobssible route or some routing al-
gorithm can be used for route selection. To achieve imprpeethrmance the system takes into
consideration the effect of number of factors such as traffiad elevation, wind speed, envi-
ronmental temperature etc. Figure 6.1 shows the overatidveork of the integrated system.
It can be seen from the figure that the MTSP model, developeldapter 5, is integrated with

the IEE model, developed in chapter 4, by adding a module eda®peed Profile Generator,
in between them. The integrated system will be referred tb@MTSP-IEE model, from now

onwards. In brief, the data pre-processing module of MTSBehdeans, clusters and formats
the raw traffic data and then the traffic prediction modulaljts the future traffic speed. The
predicted future traffic speed is then used by the speed @gdiherator module to predict the
vehicle’s future speed profile on a particular route and tiexi{power consumption estimation
module takes seven inputs of vehicle speed, acceleratidiraad elevation for a route etc.

to predict the power consumption. The re-sampler modulgrugown sample the different

parameters to match the frequency of all the parametersebpfoviding all the parameters as
input to the fine tuner module. The fine tune module takes astidpower consumption along
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with re-sampled seven input parameters of power consumpsibmation module and fine tune
the power consumption estimate. Finally, the state of ahaadculator module calculates the
remaining state of charge of the battery based on the estihpatwer consumption from fine
tuner module. The algorithm for the generation of the vehsgleed profile from the predicted
traffic speed by the speed profile generator module has bseuasdied in the following subsec-
tion.

Traffic
Prediction
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Traffic

|

|

| Speed Profile
Prediction T

|

|

|

|
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Data Pre-
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Figure 6.1: Architecture of integrated MTSP-IEE system

6.1.1 Speed Profile Generator Module

In this module, an algorithm (see Algorithm 2) has been dmesd to calculate the speed profile
of the particular route. The algorithm takes mainly fourutgy namely (i)$,. which represents

the list of £ sensors on route, (i) D, which represents the sequence of distances between
the sensors i.e. the distance of second sensor from thetlfiest,distance of the third from
the second and so on, (iii) future speed predictipf sizek x n, wheren is the number of
future time steps and (i, which represents the initial time instant. In brief, theaalthm

first calculates the timg; a vehicle takes to cover the distance to the next sensor loastnd
average speed,,,. The average speed is the average of the current spgedt the current
sensor and the next step’s future speed at the next sensor.bEsed on the travel time, using
interpolation the speed on the next sensor is calculatethattecomes the new current speed.
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This process is repeated for all the sensors on the rolEaally, the algorithm returns a time
seriesV,. which contains traffic speed at the sensor locations of roatalifferent time instants

if a vehicle starts the journey at timg The time serie¥, after interpolation is used further by
the IEE module for predicting the energy consumption forghsicular route.

Algorithm 2: Algorithm for generating the future speed profile for a marar route
Input: S,, D,,Y,,

Output: Vi,
Function SpeedPr of i | eGener at or ( S,, D,, Y, to) :
T<+—0 /[l Initialize travel time T
Vip, to] <— Y [p, to] /1 Get the speed of sensor p at
Il time t
Veurr — Y2[p, to] /1 Initialize current speed v.,.
foreachq € S, do
j— |T/At] +1
d «— D,[p, q| /| Get the distance d to next
/'l sensor ¢ fromcurrent sensor p
Vavg — ”““”*Yr[g’t”j'm] /] Cal cul ate average speed of
/'l travel to next sensor g
tg +— -2 // Calculate time to travel to ¢
Vewrr <—%gtd'Yr[q7t0+j'At}+(At;:d)'Yr[q7t0+(j*1)'Aﬂ
/'l Update current speed v.,, Wth
/'l the future speed at tine ¢, at
/'l sensor g
T+—T+1y /'l Update total travel time T
Vg, T <— Veurr /'l Update V., with current speed
p—q /'l Update current sensor p to ¢
end
return V,
end

6.2 Testing the MTSP-IEE Integrated System

After training and testing the IEE model and MTSP model, tiveye integrated and tested as
a complete MTSP-IEE system. For this, a directed node-edaphg-, as shown in Figure 6.2,
was created where each node represents the sensor locaticeways of Los Angeles and
directed edges represent the roads connecting these sembkerdirection of edges represents
the direction of flow of traffic. The elevation at differentnser locations and the distances
between them were obtained using free web APIs provideddpplenroute service [149]. A
number of routes were identified between different the orégid destination from the gragh
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Figure 6.2: Node-edge graghfor loop detector sensors of Los Angeles

Environmental temperature and wind speed on differensdatd time instances were obtained
from free web APIs provided by Meteostat [150]. Finally, 8ystem was tested to assess the
accuracy of energy prediction along these routes at diffénme instances.

6.3 Discussion of Experimental Results of MTSP-IEE Sys-
tem

Multiple routes were identified with different origin andsdimation from the node-edge graph
G, as explained in Section 6.2. Data from these routes atreliffdime instances was used
to test the performance of the MTSP-IEE system. The restiltseoMTSP-IEE system were

benchmarked against multiple state-of-the-art techrsigber this three traffic prediction mod-
els, namely XGBoost, LSTM and CNN, were selected based ondh®parison of their per-

formance with MTSP model, as discussed in Section 5.3. Nkgte selected models were
integrated with two state-of-the-art techniques, presgtimt [44, 66], and the BEE model for
energy consumption estimation and the results were olatdoreall the routes selected from
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graphG.

The integrated models of existing techniques, discussedealwere trained and tested us-
ing the data from different routes selected from gr&gh The comparison of the results of
MTSP-IEE system and these integrated models is preseni@bla 6.1. The comparison was
performed using three evaluation metrics i.e. RMSE, MAE BIAPE which are defined in
Equations (3.9),(3.10) and (5.4), respectively. Theseioseare calculated based on energy
consumption estimation given by the particular integratextiel and actual energy consump-
tion given by FASTSim. In Table 6.1, the notation XGboosivBarepresents an integrated
model, in which XGBoost has been used for traffic speed ptiediand then the model pro-
posed by Galvin [66] has been used for energy predictionil&imotation has been used for
other integrated models. From the table, it can be concltiigithe MTSP-IEE system pro-
vides results with the least RMSE, MAE and MAPE of 0.47, 0.8@ .60, respectively. Also,
it can be observed that the integrated models, which useéBERemodel (model developed in
Chapter 3) for energy consumption estimation, performetébthan other integrated models.
The main reason for this is that the model given by Galvin [#i@&3s not consider the effect of
other factors such as wind speed, road elevation and ayxibads etc. Similarly, the model
proposed by Yang et al. [44] does not consider the effect wir@mmental temperature, bat-
tery’s State of Charge (SOC) etc. Also, these models laclaliigy to effectively represent
the complex non-linear relationship between differentiaficing parameters. The BEE model
takes three inputs namely, vehicle speed, road elevatidriraantive effort. Here, the tractive
effort is calculated from the combined effort, the vehichs o make to overcome the force due
road elevation and backward force due to aerodynamic dragAdthough, the effect of most

Table 6.1: Energy estimation performance comparison of RITEE system with other popular
approaches

Technique RMSE | MAE | MAPE
CNN-Galvin 9.25 7.68 | 29.57
CNN-Yang 6.67 | 5.32 | 19.68
CNN-BEE 1.98 | 0.97 3.54
LSTM-Galvin 9.04 7.62 | 29.86
LSTM-Yang 6.51 535 | 20.57
LSTM-BEE 0.99 0.65 2.55
XGBoost-Galvin| 9.19 | 7.72 | 30.06
XGBoost-Yang | 6.33 | 5.24 | 20.16
XGBoost-BEE 1.53 | 0.85 3.09
MTSP-IEE 0.47 0.32 1.60
Values in bold represent the best ones
T The BEE model is developed in Chapter 3
* The integrated system developed in this chapter
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of the factors have been considered, the effect of auxil@agds, environmental temperature
and battery’s SOC was not considered in the CNN model of BEHehdt can be observed
that the integrated model LSTM-BEE performed better tharNEBEE and XGBoost-BEE.
This is due to the better performance of LSTM than CNN and X@#Bcas shown in Table 5.1,
for traffic speed prediction, in most of the cases i.e. traffediction for 15 min, 30 min and
45 min horizon. So, it can be concluded that the error accatasiwhen the different traffic
prediction models were integrated with different energystonption estimation models.

Similar observations can be drawn from Figure 6.3, whichwshthe performance compar-
ison of MTSP-IEE system and other integrated systems forrd@@omly selected sample
routes from grapld: between different origin and destination pairs. The comsparhas been

performed by calculating the Absolute Percentage Energyaflen (AP E D) for each route

using the following equation:

Eact - Eest

APED =
(’ Eact

) + 100 (6.1)

In above equationt,.; and E.; represent the actual and estimated energy consumption for a
particular route. From the Figure 6.3, it can be observetttteMTSP-IEE system provide
better estimates for all the routes with leds? £ D. Also, for most of the routes thé PE D is

in the range of 0-5%, shown with black color, which is in actzorce with the results presented
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Figure 6.3: Performance comparison for 100 randomly setesample routes (Dark color
represent less error in energy consumption prediction)

* The integrated system developed in this chapter

T The BEE model is developed in Chapter 3
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in Table 6.1, as discussed above.

Out of these 100 randomly selected routes, two possiblesdugtween location A and B are
shown in Figure 6.4. One route, shown in blue color, is of appnately 7.7 miles and other
route, part of which is shown in grey color, is of approxinia& 7 miles. Both the routes have
a common portion at the start then deviate. Henceforth,ltbeer route will be represented by
R — I and longer route will be represented usig- /. The energy prediction comparison of
the MTSP-IEE system and other integrated models for réute ! on the13* July, 2017 has
been presented in Figure 6.5. From the figure, it can be obdehat the MTSP-IEE system
shows the same behaviour as the actual i.e. the deviationT@PMEE system’s estimates
from the actual is much less. Also, it can be seen that eactoagip is taking different time
for completing the trip from location A to B. This is becaube MTSP-IEE system and the
integrated models gave different traffic speed estimateshemce follow a different speed
profile. Due to this, the estimated energy consumption saiet for the different approaches,
but the MTSP-IEE system performed better compared to alhtiegrated models.

ET——
State
Historic Park

g

4

Los Angeles )

Figure 6.4: Two routes from location A and B

The comparison of energy estimation by MTSP-IEE system #fetent integrated models for
routesk — I andR — I1 for two different days i.e13" July, 2017 (Thursday) antb™* July,
2017 (Sunday) has been presented in Figure 6.6. From the figuwan be observed that the
energy consumption is higher on the weekend in the morning‘6fiuly, 2017 (Sunday) at 10
AM compared to weekdays morning/evening and weekend egemims is due to less traffic on
Sunday morning hence the driver can drive at higher speedlandhe driver uses less braking
which results in less energy regeneration which can benesstrack to the battery. Hence, more
energy consumption takes place from the battery. On comgpamergy consumption of both
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t The BEE model is developed in Chapter 3
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Figure 6.6: Performance comparison of MTSP-IEE system atitler techniques on two routes
from location A to B for two different daysl¢!* and16t* July, 2017) and two different time of
day (10:00 AM and 06:00 PM). Legend: Actual)(MTSP-IEE (=), CNN-Galvin @), CNN-
Yang @), CNN-BEE (m), LSTM-Galvin @), LSTM-Yang @), LSTM-BEE' (m), XGBoost-
Galvin @), XGBoost-Yang ), XGBoost-BEE (m).

* The integrated system developed in this chapter

t The BEE model is developed in Chapter 3
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the routes, it can be seen that in most of the cases energyroptisn for routeR — 71 is more
than routeR — I. The obvious reason for that is the longer distance to beredva route
R — 11, butin Figure 6.6¢ the energy consumption for rohte /1 is predicted to be less than
route R — I. Here, the driver can save around 1 MJ of energy i.e. the gafimround 9%,
which can be vital in cases where the SOC of battery is lowadleThis is just one case but
there can be other such cases where the driver can save newgy.e80, in such cases, using
the estimates provided by the MTSP-IEE system, the driversedect the routé&? — 11 over

R — I for saving energy even though the vehicle has to cover matarte.

6.4 Summary

A integrated MTSP-IEE system has been developed which canda the accurate and real-
time energy consumption estimates to the EV drivers. The RHEE system can provide
reliable real-time energy consumption estimates and carsée for guiding the EV drivers in
real-time, thus can reduce driver’'s range anxiety. The MIEIPsystem takes into account the
influence of traffic, wind, road elevation, temperaturetdrgts SOC and auxiliary loads. The
system can be generalized for other vehicles as no integhathe parameters are required from
manufacturer to train and use the proposed system. The cmopaf MTSP-IEE system with
other benchmark techniques validates that the MTSP-IEEEsyperforms better than other
techniques with least mean absolute percentage error @¥4dl.6
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Chapter 7

Conclusion and Future Work

In this chapter, the work presented in the thesis has beeriumtad by highlighting its signif-
icance. For this, the chapter has been divided into two@esti Section 7.1 summarizes the
work presented in this thesis by highlighting the main poiot the individual modules and
hence the complete integrated system. Section 7.2, preane future directions to extend
the work.

7.1 Conclusion

The work presented in this thesis aims towards developiggtas that can provide guidance to
the EV driver to minimize the energy consumption for reagharparticular destination based
on current charge present in battery and different trafedrand environmental conditions.
The system is capable of providing real time energy consiamgsstimates for different routes
to the destination and hence can be used by the drivers tct sleéebest possible route based
on predicted energy consumption and time. For this, a systenbeen developed, as discussed
below, by integrating two main modules namely, the energysamption estimation module
and the traffic speed prediction module.

1. Energy consumption estimation modulBvo deep learning based solutions were de-
veloped, capable of estimating the energy consumption fioE¥ based on different
influencing factors to a known level of confidence. The firdtiBon namely, the Basic
Energy Estimation (BEE) model (developed in Chapter 3)sas€&NN for making the
estimate based on three parameters namely, tractive,afbad elevation and vehicle’s
speed. The second solution namely, the Improved Energyngstn (IEE) model (devel-
oped in Chapter 4), is the improved version of the first solutind uses a multi-channel
CNN along with Bagged Decision Tree (BDT) to estimate thergyneonsumption by
considering a number of other factors such as wind speetpanvent temperature, bat-
tery’s State of Charge (SOC) and auxiliary loads etc. Thiefohg points provide the
main highlights of the developed energy consumption Smhgti
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(a) The proposed solutions can provide energy consumpgitomates with known level
of confidence in real-time. Hence, they can be used to gugdriker in real-time
and decrease his/her range anxiety.

(b) The proposed solutions does not require any vehicleifspgarameters, such as
battery’s internal resistance, the motor’s efficiency eurthe battery’s descharg-
ing/charging curve etc., for estimating the energy condionp Due to this, the
proposed approach can be easily generalized for any otierielvehicle.

(c) The accuracy of the proposed approaches has been edlidgtcomparing them
with other existing techniques. The comparison of the tesof different ap-
proaches show that the IEE model can estimate the energumomi®n with a
least Mean Absolute Energy Deviatioh/(A E,.,,) of 0.08 4+ 0.069 MJ and highest
correlation of 0.998.

(d) From the comparison of the results, it can be concludatilibth of the solutions
developed in this research, unlike the previous existiegrngues, can learn the
non-linear relationships between different parameteirspoove the estimate of the
energy consumption. The improvement can be seen based valties of different
error metrics, presented in Table 4.2, for instantBAFE,,., for test dataset has
decreased from 1.98 MJ for Yang et al. [44] to 0.08 MJ for IEEdelo

2. Traffic speed prediction modulé deep learning based approach namely, Mutistep Traf-
fic Speed Prediction (MTSP) model, has been developed int€hapvhich can provide
traffic speed prediction at multiple time-steps ahead bysitiating the spatio-temporal
traffic dependency. The MTSP approach contains two deepemttoders which were
cross-connected using the concept of latent space mappirggfollowing are the main
highlights of the proposed approach:

(@) The MTSP approach can provide traffic speed predictiotipreitime-steps ahead
based on the historical traffic data. The model is able toipréxdhffic speed for
5-min ahead horizon with MAE of 1.64 m/h and the error in pcadn increases by
approximately 6% averagely with each 5-min increase inipteah horizon.

(b) The MTSP approach was trained with real-world trafficespdata collected from
a number of loop detector sensors located on different hagisvof Los Angeles.
The spatio-temporal dependencies were taken into accguslbcting the nearby
sensors based on traffic similarity and distance. The sefechanges for each time
instance.
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(c) The effectiveness of the MTSP technique is validateddsgmaring it with 5 previ-
ous approaches (i.e. ANN, kNN, XGBoost, CNN, LSTM). The camnigon of the
results confirms that the MTSP technique provides improvediption with the
lowest of errors at all prediction time horizons, except hues.

(d) Although, the MTSP approach has been trained and testad the traffic data of
highways of Los Angeles, it can easily be applied to any otiitgis traffic based
on the availability of data.

7.2 Limitations and Future Research

The present work focuses on developing a system to predicetiergy consumption based
on different influencing factors to provide real time guidarto the EV driver. For this, deep
learning models have been developed using torch/pytordiVBAT LAB environments. Future
research could usefully convert these models into TensarEite format such that they can
be used with Google Coral boards or Odroid boards with Masditicks etc. and hence, can
be deployed in vehicle’s embedded system to provide thengptiriving parameters (such as
speed, the route to be taken etc.) to the driver in real timeo,An future more factors like
wind direction, passenger/luggage weight and the baftestgte of health can be considered
for estimating energy consumption of an EV. The proposdtidiarediction technique can be
further extended to predict long-term traffic speed sucheasamy traffic speed prediction. Al-
though, the proposed traffic prediction approach conslueetfect of environment conditions
or social events implicitly by neighboring sensor seleti@tgorithm, the prediction accuracy
can be improved by considering these factors explicitlysoAlalong with pre-trip speed pre-
diction if information about time for covering the distansealso made available to the driver
before starting the trip then, the driver can take bettersitats in selecting the alternative
routes.
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