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Abstract

We describe the design and tuning of a controller
for enforcing compliance with a prescribed velocity
profile for a rail-based transportation system. This
requires following a trajectory, rather than fired set-
points (as in automobiles). We synthesize a fuzzy
controller for tracking the velocity profile, while pro-
viding @ smooth ride and staying wilhin the pre-
scribed speed limits, We use a genetic algorithm to
tune the fuzzy controller’s performance by adjusting
its parameters (the scaling factors and the member-
ship functions) in a sequential order of significance.
We show that this approach results in a controller
that is superior 1o the manually designed one, and
with only modest computational effort. This makes
it possible to customize automated tuning to a vari-
ety of different configurations of the route, the ter-
rain, the power configuration, and the cargo.

1. Introduction

1.1. Problem Description

We propose a system, composed of a cruise plan-
ning and a cruise conirol module, that will auto-
mate the controls of a freight train. This system
will be applicable during most of the train journey,
except for the initial and final transients, i.e. the
train starting and stopping. In this paper we will
focus on using a GA to improve the performance of
the on-line controller.

A freight train consists of several hundred heavy
masses connected by couplers. Each coupler may
have a dead zone and a hydraulically damped
spring. This implies that the railcars can move rel-
atively to each other while in motion, leading to a
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train that can change length by as much as 50-100
feet. Handling of the locomotive controls has a di-
rect effect on these inter-car coupler dynamics and
the forces and distances therein (which are termed
slack). Couplers are subjected to two types of forces
which may lead to breakage of the coupler, the brake
pipe, and the train — static forces, which exceed a
certain threshold, and dynamic forces, such as im-
pulse impacts, which may snap the coupler. In ad-
dition, violation of speed limits and excess accelera-

‘tion/breaking may also lead to derailments and se-

vere cargo damage. Smooth handling while follow-
ing a speed target is therefore absolutely imperative.
Usually this handling is provided by an experienced
train engineer.

1.2. Summary of Approach

This paper focuses on the module responsible
for on-line tracking of the externally supplied speed
profile to drive the train smoothly and without vi-
olating the speed constraints. The profile is the
reference provided according to railroad operating
rules and requirements. The controller uses a fuzzy
logic PI to minimize tracking error, while providing
a smooth ride and insuring that no part of the train!
will exceed the posted speed limit. The Fuzzy Pro-
portional Integral (FPI) controller uses the tracking
error and its change-in-error to recommend a change
in the control output. This is used to modify the
current control settings if feasible. The control out-
puts are the notch and brake settings (which control
the acceleration of the train). If allowed, the FPI
will track the reference profile accurately.

The computation of the error used by the FPI

11t is important to remember that the typical freight train
can be as long as 2.0 miles and requires up to four locomotives
to pull it.



incorporates a lookahead to properly account for
the train inertia. The algorithm predicts the fu-
ture velocity of the train and incorporates not only
the current error, but also the future predicted er-
ror, since the future reference speed is known from
the profile. Finally, the PI is tuned (off-line) us-
ing GA’s that modify the controllers most sensitive
parameters: scaling factors (SF) and membership
distributions (MF).

This system has multiple purposes: providing a
certain degree of train handling uniformity across
all crews, enforcing railroad safety rules (such as
insuring that the posted speed limits are never ex-
ceeded by any part of the train), maintaining the
train schedule within small tolerances, operating the
train in efficient regimes, and maintaining a smooth
ride by avoiding sudden accelerations or brake ap-
plications This last constraint will minimize damage
due to poor slack-handling, bunching, and run-in.

In the next section we will summarize related
work in the problem domain, and prior attempts
of tuning Fuzzy Controllers (FCs) via GAs. Then,
we will describe our system’s architecture, the tun-
ing of the FC, and some selected results. Finally,
we will conclude with an assessment of the current
system and possible future research.

2. Prior Work

2.1. Prior Work: Problem Domain

As described above, the handling of freight trains
involves a multi-body problem and proper slack
management, without sensors for most of the state.
This leads to a much more complex problem, which
cannot be solved by the simpler schemes used by
the cruise controllers for other vehicles, such as cars,
trucks, boats etc.

Current locomotives are equipped with a very
simplistic cruise control that uses a linear Propor-
tional Integral (PI) controller, which can be used
only below speeds of 10 mph. This PI controller
is primarily meant to be used for uniform loading,
yard movement etc. and does not prescribe braking
action. Furthermore, the technology used does not
consider slack or distributed dynamics in any way,
and is inappropriate for extended trains at cruising
speeds over general terrain. To test and tune our
fuzzy controller, we have used a simulator devel-
oped in-house, based on work done at GE and the
Association of American Railroads.
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2.2. Prior Work: GA and Fuzzy

Many researchers have explored the use of ge-
netic algorithms to tune fuzzy logic controllers. Ref-
erence [3] alone contains an updated bibliography
of 295 papers combining GA with fuzzy logic, of
which at least half are specific to the tuning and
design of fuzzy controllers by GAs. For brevity’s
sake we will limit this section to a few contribu-
tions. These methods differ mostly in the order or
the selection of the various FC components that are
tuned (termsets, rules, scaling factors).

Early work in this area was due to C. Karr
[6, 5, 7], who uses GAs to modify the membership
functions in the termsets of the variables used by
the FCs. Karr uses a binary encoding to represent
three parameters defining a membership value in
each termset. The binary chromosome is the con-
catenation of all termsets. The fitness function is a
quadratic error calculated for four randomly chosen
initial conditions.

Herrera, Lozano, and Verdegay [4] directly tune
each rule used by the FC. They use a real encod-
ing for a four-parameter characterization of a trape-
zoidal membership value in each termset. Each rule
is represented by the concatenation of the member-
ship values used in the rule antecedent (state vector)
and consequent (control action). The population is
the concatenation of all rules so represented. A cus-
tomized (max-min arithmetical) crossover operator
is also proposed. The fitness function is a sum of
quadratic errors.

Kinzel, Klawon and Kruse [8] tune both rules and
termsets. They depart from the string representa-
tion and use a (cross-product) matrix to encode the
rule set (as if it were in table form). They also
propose customized (point-radius) crossover opera-
tors which are similar to the two-point crossover for
string encoding. They first initialize the rule base
according to intuitive heuristics, use GAs to gener-
ate better rule base, and finally tune the member-
ship functions of the best rule base. This order of
the tuning process is similar to that typically used
by self-organizing controllers [2].

Lee and Takagi also tune the rule base and the
termsets [9]. They use a binary encoding for each
three-tuple characterizing a triangular membership
distribution. Each chromosome represents a TSK-
type rule[11], concatenating the membership distri-
butions in the rule antecedent with the coefficients
of the linear consequent. Also of interest to the
reader is the approach taken by Surman,Kanstein,
and Goser [10], who modify the usual quadratic fit-
ness function by addition an entropy term deserib-
ing the number of activated rules.
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Figure 1. System schematic for using a GA
to tune a fuzzy train controller.

In our approach, which will be described later, we
follow the tuning order suggested by Zheng [12] for
manual tuning. We begin with macroscopic effects,
by tuning the FC state and control variable scal-
ing factors, while using a standard uniformly spread
termset and a homogeneous rule base. After obtain-
ing the best scaling factors, we proceed to tune the
termsets, causing medium-size effects. Finally, if ad-
ditional improvements are needed, we tune the rule
base to achieve microscopic effects.

This parameter sensitivity order can be easily un-
derstood if we visualize a homogeneous rule base as
a rule table: a modified scaling factor affects the
entire rule table; a modified term in a termset af-
fects one row, column, or diagonal in the table; a
modified rule only affects one table cell.

3. System Architecture

The overall scheme for the proposed train han-
dling is shown in Figure 1. It consists of an FPI clos-
ing the loop around the train simulation (TSIM), us-
ing only the current velocity as its state input. This
speed and lookahead are compared with the desired
profile to generate a predicted near-term error as in-
put to the FPI, which outputs control actions back
to the simulator. Offline, a GA uses the setup for
evaluating various FPI parameters.

The simulator — TSIM, is an in-house imple-
mentation, combining internal data with physi-
cal/empirical models as described in TEM (Train
Energy Model) [1]. TEM was developed by the As-
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sociation of American Railroads. TSIM simulates
an extended train with arbitrary detailed makeup,
over a specified track profile. The version of TSIM
used here does not simulate a stretchable train for
the sake of computational efficiency.

For the purpose of this study, GENESIS (GE-
NEtic Search Implementation System) has been
adopted as a software development tool. It has been
developed by John J. Grefenstette to promote the
study of genetic algorithms for function optimiza-
tion. The user must provide only a “fitness” func-
tion which returns a corresponding value for any
point in the search space.

3.1. Fitness Functions

To study the effects of different objectives, we
minimize three fitness functions :

fi = Z inotch; — notch;_4|
+|brake; — brake;_|
f2 = Z |Uz - vdl
i
fo= w >-; Inoteh; — notch;_q|

K,

E lv; — |
K,

v? denotes the desired velocity and 7 is a distance
or milepost index. f; captures throttle jockeying,
f2 captures speed profile tracking accuracy, and fs
combines a weighted sum of the two.

3.2. Fuzzy PI Controller

A fuzzy logic PI controller is described by a
Knowledge Base (KB) composed of a rule set,
termsets, and scaling factors (SF). The rule set
maps linguistic descriptions of state vectors {e, Ae]
into incremental control actions Awu; the termsets
define the semantics of the linguistic values used in
the rules; and the scaling factors determine the ex-
tremes of the numerical range of values for both the
mput and output variables.

The relationship between output variable, u, and

control error, e, can be expressed approximately as
follows [12]:

Au(t)
Sy

Ae(t) e(t)

o
_Se S C(t) .<_ Se
—Sq < Ae(t) £ Sy

—Su < Au(t) < S,

u(t)z%— t)+



where S,, S4 and S, are the scaling factors of error,
change of error, and incremental output variable,
respectively.

On the other hand, a conventional PI controller
has u(t) = Kpe(t) + K; [ e(t)dt where K, and K;
are the proportional and integral gain factors, re-
spectively. Comparing the above equations, we ob-
tain

K, = Su/Sa, Kiw~ Sy/Se.(1/dt)

4. Tuning the Fuzzy PI

4.1. Testbed and Design Choices

For comparison purposes, twelve tests have been
conducted by taking a cross-product of : the scaling
factor values before and after GA tuning, the mem-
bership function parameter values before and after
GA tuning, and the 3 fitness functions. The tests
are designed to demonstrate that GAs are powerful
search methods and are very suitable for automated
tuning of FPI controllers. GAs are able to come up
with near-optimal FPI controllers within a reason-
able amount of time according to different search
criteria. In addition, the tests are also designed to
demonstrate that we should tune parameters in the
order of their significance. That is, we should tune
scaling factors first since they have global effects on
all the control rules in a rule base. Tuning member-
ship functions will only give marginal improvements
for a FPI with tuned scaling factors. In the follow-
ing, we present testbed set-up and design choices in
brief.

e Train Simulator Parameters: All testing for
the automated tuning of FPI was done using TSIM.
Two track profiles were used: an approximately 14
mile flat track and an approximately 40 mile piece
of actual track from Selkirk to Framingham over
the Berkshires. The train was nearly 9000 tons,
and about a mile long, with 4 locomotives and 100
loaded railcars. An analytically computed velocity
profile which minimizes fuel consumption was used
as the reference.

e FPI Controller Parameters: The standard
termset used in the FPI is {NH, NM, NL, ZE, PL,
PM, PH }. where N = Negative, P = Positive, H =
High, M = Medium, L = Low, and ZE = Zero. Ini-
tially, the terms are uniformly positioned trapezoids
overlapping at a 50% level over the normalized uni-
verse of discourse. Since the controller is defined by
a nonlinear control surface in (e, Ae, Au) space, we
need three termsets in all, one for each of e, Ae,Au.
The design leads to a symmetric controller, which
is not always a good assumption. In this case, the
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GA tuning will automatically create the required
asymmetry.

o GENESIS parameters: The GA parameters
are : Population Size = 50, Crossover Rate = 0.6,
Mutation Rate = 0.001. In addition, all structures
in each generation were evaluated, the elitist strat-
egy was used to guarantee monotone convergence,
gray codes were used in the encodings, and selection
was rank based.

e Tuning of Scaling Factors (SF): Each chro-
mosome is represented as a concatenation of three
3-bit values for the three floating point values for
the three FPI scaling factors Se, Sq and S,. They
are in the ranges: S. € [1,9],5; € [0.1,0.9], 8. €
{1000,9000]. The intent is to demonstrate a GA’s
ability for function optimization even with such a
simple 9-bit chromosome.

e Tuning of Membership Functions (MF):
When tuning membership functions (MFs), a chro-
mosome is formed by concatenating the 21 param-
eterized MFs. Since each MF is trapezoidal and
overlap degree=0.5 is maintained between adjacent
trapezoids, this partitions the universe of discourse
into intervals which alternate between being cores of
an MF, and overlap areas. The core of NH and PH
extend semi-infinitely to the left and right respec-
tively (outside the [-1,1] interval). These intervals,
denoted by b; are 11 in number for 7 MF labels.
In general, #(b) = 2 x #(MF) — 3, where #(b)
is the number of required intervals and #(MF) is
the number of membership functions. Each chro-
mosome is thus a vector of 11 ﬁoatin% point values.
Since the universe is normalized, E;___l b; < 2. For
the present study, each b; is set within the range
of [0.09,0.18] and five bits are used to represent a
chromosome for GA tuned membership functions. If
3, bi exceeds 2, this implicitly reduces the number
of effective MF’s, thus providing partial structure
optimization as well.

5. Simulation results

5.1. SF : Manually Tuned vs. GA

The GA was started with an initial set of scaling
factor values, and run with each of the fitness func-
tions fi, fo, fa for the flat track and unit train. The
results after four generations are shown in Table 1.

Throttle jockeying is almost eliminated in f; by
decreasing both K, and K; simultaneously. There
are no big differences in fuel consumption between
the four runs. These results will show further im-
provement when a more dynamic fuel consumption
model which models transients is incorporated into



the simulator.

5.2. Tuning SF vs. MF with f;

Four sets of tests were conducted for the compar-
ison of significance in tuning scaling factors (SF)
vs. tuning membership functions (MF) with re-
spect to fitness function f;. The results are shown
in Table 2. The initial set of scaling factors is
[SeSaSu] = [5.0,0.2,5000]. After 4 generations of
evolution, the set of GA tuned SF is [9.0,0.1,1000].
As shown in Table 2, the fitness value was dramati-
cally reduced from 73.20 to 15.15 for the GA tuned
SF with respect to fi1. Substantially smoother con-
trol results.

On the other hand, GA tuned MF only reduced
throttle jockeying a little bit after 20 generations
of evolution. It is indicated by the the small re-
duction in fitness value from 73.20 to 70.93. From
the above observations, we can conclude that tuning
SF is more cost-effective than tuning MF. The little
improvement by tuning MF’s leads to an asymmet-
ric shift in the membership functions, such that the
ones on the left of ZE get shifted more than the
ones on the right. This is due to the slightly asym-
metric calibration of the notch and brake actuators.
A +5 (notch) may not lead to the exact tractive
force forward that a -5 (brake) leads to in the op-
posite direction. As a result, the best F'PI responds
to negative error slightly differently than to positive
error.

Next, we demonstrate that tuning membership
functions only gives marginal improvements for
a fuzzy PI controller with tuned scaling factors.
we used GA to optimize FPI’s MF with respect
to fi, while using the GA tuned SF values of
[9.0,0.1,1000]. After 10 generations of evolution,
the fitness value was further reduced from 15.15
to 14.64. The change in smoothness and the MF
values is minimal. After observing the simulation
results, we conclude that tuning membership func-
tions alone will only provide marginal improvements
for a fuzzy PI controller with fine tuned scaling fac-
tors. )

5.3. Tuning SF vs. MF with f;

We further verified our arguments stated in the
last sub-section with the following four sets of tests
conducted with respect to fitness function fs, which
balances both tracking error and control smooth-
ness. The results are shown in Table 3.

Recall that the initial set of scaling factors is
[5.0,0.2,5000]. After 4 generations of evolution, the
GA came up with a set of SF =[3.3,0.9,5571], with
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respect to fz. As shown in Table 3, the fitness value
was reduced from 1.000 to 0.817 while doing this.
On the other hand, GA tuned MF only reduced the
fitness value from 1.000 to 0.942 after 20 generations
of evolution, confirming the claim that tuning SF is
more cost-effective than tuning MF.

We proceeded to experiment with MF tuning
with tuned SF = [3.3,0.9,5571]. This time there
were no significant improvements in fitness after 10
generations. .

Table 4 summarizes all the 12 tests run on the flat
track. In addition, we present the final performance
graphs in Figure 2 for the more complex piece of
real track with the samie train. It shows substantial
improvement in control accuracy and smoothness.

6. Conclusions and Future Work

We have presented an approach for tuning a fuzzy
KB for a complex, real-world application. In paz-
ticular, we used genetic algorithms to tune scal-
ing factors as well as membership functions, and
demonstrated that the approach was able to find
good solutions within a reasonable amount of time
under different train handling criteria. In addition,
we showed that all parameters do not need to be
treated as equally important, and that sequential
optimization can greatly reduce computational ef-
fort by doing scaling factors first. Additional im-
provement was shown by the good performance of
fairly coarse encodings. The scalability of the ap-
proach enables us to customize the controller differ-
ently for each track profile, though it does not need
to be changed for different train makeups. In this
way, we can produce customized controllers offline
efficiently. Future work will also focus on automatic
generation of velocity profiles for the train simulator
by using genetic algorithms for trajectory optimiza-
tion subject to “soft” constraints.
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Scaling factors Time (min) Journey (mile) Fuel (gal) Fitness
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Table 1. Results after 4 generations with different fitness functions.

Description Time Journey Fuel Fitness Generation
Initial SF, initial MF 26.51 14.26 878  73.20 0
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Initial SF, GA tuned MF 26.00 14.18 879  70.93 20
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Table 2. Results using f; with different parameter sets.
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Initial SF w/initial MF 26.51 14.26 878  1.000 0
GA tuned SF w/initial MF 27.21 14.35 871 0817 4
Initial SF w/GA tuned MF 26.26 14.18 871  0.942 20
GA tuned SF w/GA tuned MF 27.26  14.35 872  0.817 10

Table 3. Results using f3 with different parameter sets.

Description fi fa I3

Initial SF w/initial MF 73.2 227 1.00
GA tuned SF w/initial MF 15.2 213 0.82
Initial SF w/GA tuned MF 70.9 201 0.94

GA tuned SF w/GA tuned MF 146 204 0.82

Table 4. Summary of all simulation results on the flat track.
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