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Abstract 

The purpose of this paper is to examine which propulsion and energy storage 
configurations of a diesel-electric hybrid locomotive lead to the lowest life cycle costs 
using evolutionary multicriteria optimisation methods. Life cycle costs are computed 
determining acquisition costs, consumption costs and costs of maintenance within a 
particular configuration.  

The configuration itself is determined by four design parameters: driving power, 
energy storage capacity, specific storage energy and the state of charge range. The 
computation of consumption costs is based on an energy simulation program which 
minimizes the fuel consumption for an arbitrary route and storage configuration.  

Finally, the weight of the different components is considered in respect of their 
influence on the fuel consumption. Therefore, additional costs are computed when 
exceeding a maximum weight. On this basis, driving power and storage 
configurations are economically optimized for different routes and locomotives. Using 
multicriteria optimisation methods a variety of so-called pareto-optimal solutions is 
provided. The user may now choose particular solutions with respect to their 
individual emphasis of the different single criteria. 

Kurzfassung 

In diesem Beitrag wird mit Hilfe evolutionärer mehrkriterieller Optimierungsmethoden 
untersucht, welche Antriebs- und Energiespeicherkonfigurationen einer 
dieselelektrischen Hybrid-Lokomotive zu minimalen Lebenszykluskosten führen. 
Dafür wird ein Modell zur Berechnung der Lebenszykluskosten aufgestellt, das 
die Anschaffungs-, Verbrauchs- und Instandhaltungskosten in Abhängigkeit einer 
speziellen Konfiguration ermittelt.  

Eine Konfiguration wird dabei durch die Entwurfsvariablen Antriebsleistung, 
Speichernennenergie, spezifische Speicherenergie und den maximalen 
Ladezustandsbereich des Speichers charakterisiert. Zur Verbrauchskosten-
bestimmung kann auf ein Programm (Energiesimulation) zurückgegriffen werden, 
das einen minimierten Kraftstoffverbrauch für beliebige Strecken und 
Speicherkonfigurationen berechnet.  

Auf dieser Grundlage werden für verschiedene Teststrecken und Lokomotiven 
ökonomisch optimierte Antriebs- und Speicherkonfigurationen berechnet. Durch die 
Anwendung der mehrkriteriellen Optimierung wird eine Vielzahl sogenannter pareto-
optimaler Lösungen bereitgestellt, die dem Anwender eine Auswahl im Hinblick auf 
verschiedene Gewichtungen der Einzelkriterien ermöglicht. 



 

 

1   Introduction 

The rising energy costs and the decline of fossil fuels require the development of 
reasonable and energy efficient drive propulsion systems, especially for vehicles, to 
ensure the increasing mobility needs for the future. 

One approach to fulfil this aim is the introduction of energy storage systems, which 
recuperate a fraction of the kinetic energy during decelerations and deliver it during 
accelerations. Such hybrid drive systems are well-known in the automotive industry. 
Symbol for the success of hybrid cars is the Toyota Prius, which production started in 
1997. The third generation is on the market today and a strong competitor for 
conventional cars. In April 2011 Toyota sold the one-millionth Prius in the US [1].  

Diesel-electric locomotives and traction units are used for the operation of non-
electrified tracks, which have a great share in the European and worldwide railway 
net. In comparison to catenary powered vehicles they are not able to recuperate to 
the overhead traction line. They are well suited for the employment of energy storage 
systems, because they already have electric driving motors. Furthermore they carry a 
high amount of kinetic energy, they decelerate of well known defined stopping points 
and the driving resistance is low due to marshalling (long trains) and low losses in the 
wheel-rail-contact. The potential fuel savings depend on the configuration of the 
hybrid vehicle, the track parameters and the type of operation. Under specific 
conditions savings up to 20 % have been reported [2]. To reach that numbers, the 
downsizing of the diesel engine needs to be deployed additionally. Lower power 
reserves can be compensated by the storage system to avoid a drop of performance. 
Furthermore, inefficient working points of the propulsion system and the energy 
storage can be prevented when using an intelligent energy management system 
coupled with a traction power forecast. 

 

Figure 1: Diesel-electric locomotive including propulsion components 

2  Components 

The layout and the components of the diesel-electric propulsion system of the 
locomotive can be comprehended with the help of an energy flow chart (Figure 2). 



 

 

The diesel engine is the primary energy source. At the crankshaft the ancillary 
systems are mounted, which absorb a share of the power. The main part of the 
mechanical work is transformed to electric work by the 3-phase alternator and will be 
fed into the DC-link after passing rectifier stage. The DC-link is backed up by a 
capacitor and mark the core of the propulsion systems. Primary the driving motors 
are fed, which provide the drag force of the locomotive via the gear set and the wheel 
set. 

During deceleration phases the regenerative brake is in favour. The traction motors 
can work in alternator mode and can supply the DC-link via a bidirectional frequency 
converter. Additionally the hydro pneumatic brakes of the locomotive and the 
carriages can be used. 

The DC-link also needs to feed the train power supply line and the auxiliaries of the 
locomotive. During regenerative braking the DC-link-voltage might rise to above the 
limit. If this happens, the controllable braking resistor dissipates the energy to heat. 
The configuration shown includes additional energy storages, which can store the 
recuperated energy and can assist the diesel generator during traction phase. 
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Figure 2: Energy flow chart of a diesel-electric locomotive [4] 

3  Theoretical approach 

3.1 Driving schedule- and consumption calculation for hybrid locomotives 

A train simulation tool has been developed at the chair for vehicle modelling and 
simulation, which can determine the consumption of a diesel-electric locomotive for a 
specific track (including altitude and curves). A maximum journey time has to be 
defined. The driving style and the energy management of the storage system is 
calculated. A gradual approximation procedure is used to find a consumption optimal 
driving profile. It calculates the transition points between the driving regimes 
"constant velocity", "coasting", "regenerative deceleration" and "braking with constant 



 

 

deceleration". The dynamic programming algorithm is used to find the optimal 
operation strategy of the energy storage system. Additionally there is the option to 
use rule based strategies, which consume less calculation time and offer a 
straightforward implementation in the vehicle ([3], [4]). 

3.2 Enhancement by a life cycle cost optimisation 

The calculation of a single combination consisting of a vehicle and a storage system 
allows the determination of the savings potential of one trip. This information is not 
sufficient to gain a direct forecast of the economic efficiency of the configuration. 
A number of criteria needs to be defined to evaluate the life cycle costs (LCC). From 
an economic point of view these are the acquisition costs, the costs of maintenance 
and the cost for the operating fluids, mainly fuel [5]. 

Although the three cost elements could be added to gain one single criteria (total 
costs), a separate evaluation helps to investigate the influence of the outline 
variables. In addition, the unequal weighting of the criteria, which can be found in bid 
announcements of operators, can be addressed by this approach.  

The main cost elements are obtained by functions (so called objective functions) 
including analytical equations, approximation in maps or simulation results. These 
functions are minimized with respect to the outline variables, which represent a 
certain vehicle- and storage configuration. The objective functions involved are in part 
non-analytic and the characteristic behaviour of the objective functions are difficult to 
describe. 

Beside the description of the objective functions, characteristic outline variables need 
to be defined, which represent the vehicle configuration. The variables, e. g. engine 
power or storage size, are part of the objective functions (cost elements). 
A multicriteria evolutionary algorithm has been used to minimize the objective 
functions (Figure 3). 
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Figure 3: LCC-optimisation loop [6] 

3.3 Basics of multicriteria optimisation 

The multicriteria optimisation is used if more than one criteria shall be optimised. 
Every criteria is defined by an objective function. Contrary to single point optimisation 

http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=acquisition&trestr=0x1001
http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=costs&trestr=0x1001
http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=costs&trestr=0x8001
http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=of&trestr=0x8001
http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=maintenance&trestr=0x8001


 

 

with a single solution, a vector of solutions can be gained. It represents objectives 
which, depending on the problem, cause each other, are contradictory or are 
independent.  

Often one can find competing objective functions. Hence, an optimal compromise 
needs to be obtained. Searching for a single optimal total solution is non-trivial, 
because if one objective function gets better another objective might be sacrificed 
and the distinction between the objective functions is lost. Aim of the multicriteria 
optimisation is therefore, to provide the user several pareto-optimal compromise 
solutions, which might represent different optima. Then a solution needs to be 
chosen, which represents the special needs for this application. The range of all 
pareto-optimal solutions is called pareto front. The area is represented by the 
objective function vectors. The characteristic of that solution is that if one objective is 
improved at least one other objective declines. 

Figure 4 shows the transformation of design parameters in the space of objective 
functions (z1 and z2), which depends on these parameters (x1 and x2). On the right 
side the resulting pareto front is marked. It is uncomplicated to limit the acceptable 
range of design parameters in advance. Providing the compliance of side conditions, 
which might be detected during the calculation of the objective functions, is difficult. 
An established procedure to overcome that problems are penalty functions, which 
penalise violated restrictions by the addition of a certain penalty operator. 
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Figure 4: Pareto front 

4  Implementation 

4.1 Evolutionary algorithms 

The presented optimisation problems can be classified as a global and multicriterial 
optimisation problem, which consists of nonlinear and non-differentiable functions. 
The use of evolutionary algorithms have been proved more suitable compared to 
classic deterministic approaches for that class of problems [7]. Evolutionary 
algorithms work with a number of potential solutions simultaneously. The solutions 
can be regarded as individuals, which form a population. The natural mechanism of 
the evolution, like selection and variation, are represented by mathematical 
algorithms and applied to the population. Thus, a new generation is established. The 

http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=procedure&trestr=0x8001
http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=simultaneously&trestr=0x8004
http://dict.leo.org/ende?lp=ende&p=Ci4HO3kMAA&search=individual&trestr=0x401


 

 

principle "Survival of the fittest" is implemented by a fitness estimation and 
a selection procedure. Therefore, the individuals (design parameters) improve 
regarding the objective functions. Like in natural evolution, there are no prerequisites 
for the search domain. 

At first, an initial population has to be found to start the algorithm. Usually it will be 
distributed over the design space randomly. Evaluating the capability of every 
individual a fitness factor is obtained, which needs to be distinguished from the 
defined fitness level of the individual. The fitness level of the individuals is determined 
by the comparison of all objective functions of the population. The levels are used for 
the following selection of the individuals (parents). The chosen individuals produce 
offspring design configurations (children) applying evolutional operators. The 
recombination and mutation will differ according to the tool. Various algorithms are 
known and can be composed with different focus and in varying orders. The same 
applies for the process of identifying the fitness level.  

With the integration of the new individuals a new population is created. After the 
rating of the population abort criteria needs to be checked, like the enhancement of 
the objective function vector, time limits, generation number and so on. The 
optimisation loop is shown in Figure 5. 
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Figure 5: Schematic cycle of evolutionary algorithms (according to [8], modified) 

4.2 Embedding in existing program structure 

Numerous global optimisation tools which use evolutionary algorithms are available. 
A lot of them focus on certain applications or are even coupled to CAE tools. The 
MATLAB Global Optimisation Toolbox has been chosen for this project, because it 
offers comfortable options for parameterisation. Furthermore, it can easily be linked 
to the existing MATLAB tool for consumption calculation easily and provides parallel 
computing on either multiple cores of one machine or distributed workstations [9]. 

4.3.  Design parameter 

To identify adequate design factors, the characteristic parameters of the locomotive 
and the energy storage need to be found. Directly coupled parameters should be 
avoided, since they slow down simulation and provide no additional information. Also, 
the parameters shall have a decent influence on cost elements.  



 

 

A limiting factor is the calculation time of one consumption calculation using energy 
storage. Because the determination of an optimal storage configuration is in the 
focus, only one parameter is assigned to the locomotive: the mechanical power of the 
diesel engine (PEng). In respect to the propulsion power, basic functions for cost and 
mass of the diesel engine and the alternator can be implemented.  

The most relevant attributes of electrical energy storage for the use in diesel-electric 
locomotives have been identified 

· rated storage energy (Erated), 

· specific storage energy (Espec), 

· specific storage power (Pspec) and 

· maximum range for the state of charge (ΔSOC). 

Offering enough specific power and allowing longer charging times compared to 
supercapacitors, Lithium-ion batteries have been chosen for the type of electric 
energy storage. Nevertheless it is possible to represent other kinds of storage 
system, if the basic functions are enhanced.  

The allowed SOC-range has an significant influence on the cumulative energy 
turnover of the battery. It rises, if a low ΔSOC is chosen. Therefore the intermediate 
storing of energy becomes less expensive. On the other hand, narrowing of the SOC-
range demands a high storage with high capacity and mass, which can lead to a rise 
of energy consumption and increasing running times (neglecting the advantages 
when using the storage).  

The total rated energy of the storage system is therefore another important design 
parameter. The specific gravimetric energy of the storage is also directly linked to the 
storage mass. Today Lithium-ion batteries with energy densities of 40 Wh/kg and 
160 Wh/kg are available on the market. A high specific energy is usually associated 
to poor specific power. By comparison of various data sheets and so called Ragone 
plot diagrams, which show the relation of specific energy and power of a storage, a 
coherence between these two values (separately for charging and discharging) can 
be determined. Because of this, they can be reduced to a single parameter.  

4.4. Computation of the objective functions 

The objective functions of the optimisation are the acquisition costs, consumption 
costs and costs of maintenance of the diesel-electric locomotive life-cycle 
(Section 3.2). The acquisition costs are computed from the cost of a reference 
configuration and the alternative cost which result from the variation of the most 
important elements (dimensioning) of the locomotive (e.g. the energy storage system 
with a certain capacity). When a critical weight is exceeded a factor called "mass 
costs" considers the additional costs of weight reducing arrangements. The 
maintenance costs consist of the maintenance costs of the reference locomotive and 
the maintenance costs of the energy storage system. The latter contain an energy 
throughput dependent and an operating time dependent part. The consumption costs 
are computed determining the locomotive basic operating supplies and the fuel 
consumption of a trip and energy simulation program. 
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Figure 6: Maintenance and consumption costs as cost elements of the LCC 

5   Results and conclusion 

The calculation basis is a route with five km distance between stops served by an 
suburban commuter train (“S-Bahn”) containing of the locomotive, four double-decker 
wagons and one control car. The optimisation results shown in Figure 7 refer to 
eleven operating hours per day over twenty years. The single cost elements of each 
axis are related to the minimal overall costs. The figure illustrates pareto-optimal 
solutions, a discrete approximation of the pareto-optimal set. The interpolated surface 
in between them serves to enhance the spatial impression and is not part of the 
solution. 



 

 

 

 

Figure 7: Representation of the pareto front for the specified passenger train 

For an in-depth analysis a two-dimensional figure is used (Figure 8). The third 
dimension (fuel consumption costs) is represented by the colour of the point. 
Furthermore, the altitude of the four vertical bars as well as written numbers show the 
corresponding solution vector (design parameter set) for every objective value vector. 
In order to ensure a better resolution, the bars are respectively scaled upon the 
predefined co-domains of the solution vector. Thus, the altitude of a bar only gives 
insight of the relative size of a parameter within a certain solution vector component 
range. 

The grey horizontal bars show how good each solution performs with respect to the 
sum of single costs. The smaller they are, the lower are the overall costs. For the 
specified trip good solutions are reached with a high energy storage capacity and a 
small ΔSOC. This configuration leads to relatively low overall costs. 

Being operated within a narrow SOC range, an energy storage with high capacity 
leads to relatively high acquisition costs and low consumption and maintenance 
costs. In this case (solutions with high rated storage energy) the associated diesel 
engine power shows a high diversity. The solutions on the left side with high 
consumption and maintenance costs result in low driving power (PEng). Due to low 
storage costs and low driving power, low acquisition costs can be obtained in this 
part of the solution. This can be explained by lightweight configurations which do not 
lead to further costs due to overweight. Moreover, high maintenance costs can be 
clearly connected to a high ΔSOC. This is due to the rising replacement rates for the 
energy storage, which leads to an expensive energy throughput when operating with 
a high ΔSOC.  

 



 

 

 

Figure 8: Multicriteria optimisation results (i.e. pareto-optimal objective function 
values with their corresponding solution vectors) 

High consumption costs occur when applying high energy batteries with low capacity. 
These batteries are cheaper and lighter compared to high power batteries with the 
same capacity. Due to their low charge and discharge power, they also have little 
potential to accommodate the full breaking energy. Therefore, the configuration 
consists of a cheap, low capacity battery, which leads to increasing consumption 
costs. 

6  Summary 

An approach to determine an optimal design and control of a hybrid diesel-electric 
train has been introduced in this paper. The presented method proved to be 
operational on an example scenario. It can also be used for other tracks and service 
profiles, which helps the manufacturer to estimate the improvement of the fuel 
consumption when using an energy storage and the impact on operational costs. An 
optimal solution can be found to fulfil the needs of the operator. The inclusion of all 
vehicle dependent cost factors can help to avoid incorrect decisions, which leads to 
an expensive investment without meeting the expected cost reductions in real world 
operation. 

A difficult task is to predict the storage costs for the future. The data base is quite 
small and therefore, different scenarios have to take into consideration. With the 
growing market for traction batteries the development of storage prices and 
characteristics needs to be monitored. The method itself can be also extended to 
other design parameters. An implementation for other kinds of vehicles promise 
similar applicable results. 
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