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Abstract

Modeling human control strategy (HCS) is becoming an increasingly popular paradigm in a number of different research
areas, ranging from robotics and intelligent vehicle highway systems to expert training and virtual reality computer games.
Usually, HCS models are derived empirically, rather than analytically, from real-time human input—output data. While these
empirical models offer an effective means of transferring intelligent behaviors from humans to robots and other machines,
there is a great need to develop adequate performance criteria for these models. It is our goal in this paper to develop several
such criteria for the task of human driving. We first collect driving data from different individuals through a real-time graphic
driving simulator that we have developed, and identify each individual’s control strategy model through the flexible cascade
neural network learning architecture. We then define performance measures for evaluating two aspects of the resultant HCS
models. The first is based on event analysis, while the second is based on inherent analysis. Using the proposed performance
criteria, we demonstrate the procedure for evaluating the relative skill of different HCS models. Finally, we propose an iterative
algorithm for optimizing an initially stable HCS model with respect to independent, user-specified performance criteria, by
applying the simultaneously perturbed stochastic approximation (SPSA) algorithm. The methods proposed herein offer a
means for modeling and transferring HCS in response to real-time inputs, and improving the intelligent behaviors of artificial
machines. © 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction vehicle highway system. Because human control
strategy (HCS) is a dynamic, nonlinear, stochastic
HCS models, which accurately emulate dynamic process, developing good analytic models of human
human behavior, find application in a number of re- actions, however, tends to be quite difficult, if not
search areas ranging from robotics to the intelligent impossible. Therefore, recent work in modeling HCS
has focused on learning empirical models, through,
for example fuzzy logic [7,16], and neural network
* Corresponding author. techniques [1,8,11]. See [2,4,6,8], for detailed surveys
E-mail address: nechyba@mil.ufl.edu (M.C. Nechyba). of the human modeling literature.

0921-8890/02/$ — see front matter © 2002 Elsevier Science B.V. All rights reserved.
Pll: S0921-8890(02)00169-0



20 Y. Xu et al./Robotics and Autonomous Systems 39 (2002) 19-36

Since most HCS models are empirical, few if any commit occasional errors and deviate randomly from
guarantees exist about their theoretical performance. some nominal trajectory. Any empirical learning algo-
In previous work, a stochastic similarity measure, rithm will necessarily incorporate those problems in
which compares model-generated control trajectories the learned model, and will consequently be less than
to the original human training data, has been proposed optimal. Furthermore, control requirements may dif-
for validating HCS models [9]. While this similarity  fer between humans and robots, where stringent power
measure can ensure that a given HCS model ade-or force requirements often have to be met. A given
guately captures the driving characteristics of the hu- individual’s performance level, therefore, may or may
man operator, it does not measure a particular model’s not be sufficient for a particular application.
skill or performance. In other words, it does not (nor Hence, in this paper, we not only consider the
can it) tell us which model is better or worse. Thus, problem of performance evaluation, but the additional
performance evaluation forms an integral part of HCS problem of performance optimization. We propose an
modeling research, without which it becomes impossi- iterative optimization algorithm, based on simultane-
ble to rank or prefer one HCS controller over another. ously perturbed stochastic approximation (SPSA), for
Moreover, only when we have developed adequate improving the performance of learned HCS models.
performance criteria, can we hope to optimize the HCS This algorithm leaves the learned model's structure
models with respect to those performance criteria. in tact, but tunes the parameters of the HCS model in

In general, skill or performance can be defined order to improve performance. It requires no analytic
through a number of task-dependent as well as task- formulation of performance, only two experimental
independent criteria. Some of these criteria may con- measurements of a user-defined performance crite-
flict with one another, and which is most appropriate rion per iteration. The initial HCS model serves as a
for a given task depends in part on the specific goals good starting point for the algorithm, since it already
of the task. Overall, there are two approaches for generates stable control commands.
defining performance criteria: (1) event analysis and In this paper, we first introduce the dynamic graphic
(2) inherent analysis. driving simulator from which we collect human con-

In event analysis, we examine performance within trol data and with which we investigate the modeling
the context of some event. Consider the task of human and evaluation of human control strategies. We then
driving, for example. For this task we can define any show how we model a given individual’s driving con-
number of performance criteria tied to specific events. trol strategies using the flexible cascade neural net-
In preliminary work [14], e.g., two such event-based work learning architecture. Next, we develop and test
criteria were defined, one based on the HCS model’s performance criteria specifically related to the task
ability to avoid sudden obstacles, and the second basedof human driving, where we apply both event-based,
on the HCS model’s ability to negotiate tight turns in as well as inherent analysis. We then propose the
a safe and stable manner. Each of these performancdterative optimization algorithm for improving perfor-
measures tests the HCS model’s performance outsidemance in the HCS models. Finally, we describe and
the range of its training data. discuss some experimental results of the optimization

In inherent analysis, we examine a given model’s algorithm.
behavior on a more global scale. Once again, consider
the task of human driving. For a given HCS model,
we might be interested in such measures as average2. Experimental setup
speed, passenger comfort, driving smoothness, and
fuel efficiency. These measures are not based on any Human control strategy, as we define the term, en-
single event, but rather are aggregate measures of percompasses a large set of human-controlled tasks. It is
formance. In other words, they measure the inherent neither practical nor possible to investigate all of these
characteristics of a particular HCS model. tasks comprehensively. In this paper, we therefore look

Performance evaluation is, however, only one part towards a prototypical control application, the task of
of the solution for effectively applying models of HCS. human driving to collect, model and analyze control
When performing a specified task, a human will often strategy data from different human subjects.
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Within the driving domain, we have a choice be- it bears substantial resemblance to a comparable real
tween simulated driving (i.e. driving through a sim- task. We believe that our driving simulation environ-
ulator) and real driving. For our purposes, the ideal ment does meet that criterion.
control task should embody several desirable quali- Thus, for this work, we collect human driving
ties. First, during the execution of the control task, the data from a real-time graphic simulator, whose inter-
human subject must not be injured or harmed in any face is shown in Fig. 1. In the simulator, the human
way. Second, the human subject should have prior ex- operator has independent control of the vehicle’s
periences that will help him complete the control task steering as well as the brake and gas pedals. The sim-
successfully. Third, the control task should pose a sig- ulated vehicle’s dynamics are given by the following
nificant challenge to the human controller. Finally, the second-order nonlinear model [5]:
ta;k shpuld be complex enpugh thgt ij[ gllows forvari- 1 ps 4 Fet — I Fe
ations in strategy across different individuals. 6 = i : (1)

Let us examine real driving in the context of these

four criteria (safety, prior experience, control difficulty b = Pté + Fet + Fer _ Vn9 _ (sgnvg)cdvsz o)

and control strategy variations). First, unless we ask m

individuals to drive very conservatively, it is difficult P+ Pr — Fgté . )

to guarantee the safety of our human subjects in real n = ——— ——— + v — (Sgnvy)cavy, 3)
driving experiments. If we do ask them to drive con- )

servatively, however, the control task will not be very [x} _ [ cosd  sind ] [VS } )
challenging; moreover, variations between individuals | Y —sing  coso || vy |’

will be somewhat muted. Finally, with respect to prior ;here

experience, real driving measures up to the qualities |
we seek in our control task. ¢ = angular velocity of the car (5)
Simulated driving, on the other hand, differs from
real driving in a number of important respects. Most
importantly, the human subject poses no threat to v, = longitudinal velocity of the car @)
himself or others while driving in the simulator, no o -3
matter how recklessly he chooses to drive. Conse- Fer = nFxc <&k _ (sgnd)aj, “_k)
quently, unlike in real driving, we can challenge

ve = lateral velocity of the car (6)

3 27

individuals to drive near the edge of their abilities. 72 72
This produces driving control_strateg|es that are richer % [1— k4 2k ok edf,n, @8)
and more complex than their real counterparts. Be- (W Fx)? c,f
cause of this increased complexity, the demonstrated CrolL
control strategies will potentially exhibit greater vari- a; = R ke {f,r}, 9
ations from one individual to the next. Finally, while &
human subjects may not be familiar with respect to ] ) %6 + Ve
a specific driving simulator prior to testing, they can, « = fronttireslipangle=§ — —=—, (10)
as experienced drivers, transition from real driving to !
simulated driving with relative ease and efficiency. . . 16 — vg
With respect to our goal of modeling and analyzing *" = rear tire slip angle= T (11)
human control strategies, simulated driving embod-
ies more of the qualities which we desire. Thus, we F; = mgl — (P + P')h,
choose simulated driving as our primary control task. Iy + I
We emphasize that in choosing simulated driving, we Foe mgls + (Pt + Pr)h7 (12)

If + 1
&, n = body-relative laterallongitudinal axis  (13)

do not suggest that simulation is in general better than
reality for experimentation. We only suggest that since
the focus of this paper is the human control strate-
gies themselves, a simulated task can be appropriate ifcs, ¢ = 50,000 N/rad, 64,000 N/rad, (14)
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Fig. 1. The driving simulator gives the user a perspective preview of the road ahead. The user has independent control of the steering,

break, and accelerator (gas).

cq = air resistance= 0.0005 m 1,

n = coefficient of friction= 1,

Fjk = frictional forces
Jetén) kelf,r,

P 0, Pt 20,

e koPr, P <O, kp=0.34,
m = 1500kg I = 2500kgn?,
f=125m L =15m, h=05m,

(15)

(16)

(17)

(18)

and the controls are given by
—8000N< Pr < 4000N (29)

—0.2rad< 8§ < 0.2rad (20)

where P is the longitudinal force on the front tires,
ands is the steering angle.

We ask each individual to navigate across several
randomly generated roads, which consist of a sequence
of (1) straight-line segments, (2) left turns, and (3)
right turns. The map in Fig. 1, for example, illustrates
one randomly generated 20 km road for which human
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driving data was recorded. Each straight-line segment
as well as the radius of curvature for each turn range
in length from 100 to 200 m. Nominally, the road is
divided into two lanes, each of which has width=

5m. The human operator’s view of the road ahead is
limited to 100 m. Finally, the entire simulator is run at
50 Hz.

3. HCS modeling

In this paper, we choose the flexible cascade neural
network architecture with node-decoupled extended
Kalman filtering (NDEKF) [10] for modeling the hu-

23
inputs are
{ve(k —ng), ..., ve(k — 1), v (k),
vk —ng), ..., vy(k — 1), vy (k), Ok — ng), ...,
Ok — 1),0(k)}, (21)
{8k —ne), ..., 8k —1),8(k),
Pi(k —ng), ..., P(k — 1), Pr(k)}, (22)
(x(D),x@2),...,x(ny),

wherens is the length of the state histories and
is the length of the previous command histories pre-

man driving data. We prefer this learning architecture sented to the network as input. For the road descrip-
over others for a number of reasons. First, no a priori tion, we partition the visible view of the road ahead
model structure is assumed; the neural network au- into n, equivalently spaced, body-relative, y) coor-
tomatically adds hidden units to an initially minimal  dinates of the road median, and provide that sequence
network as the training requires. Second, hidden unit of coordinates as input to the network. Thus, the total
activation functions are not constrained to be a partic- humber of inputs to the network is

ular type. Rather, for each new hidden unit, the incre- (24)
mental learning algorithm can select that functional

form which maximally reduces the residual error over The two outputs of the cascade network &¢k +

the training data. Typical alternatives to the standard 1), P; (k + 1)}. For the system as a whole, the cascade
sigmoidal function are sine, cosine, and the Gaussian neural network can be viewed as a feedback controller,
function. Finally, it has been shown that NDEKF, a whose two outputs control the vehicle.

guadratically convergent alternative to slower gradient

descent training algorithms (such as backpropaga-

tion) fits well within the cascade learning framework 4. Performance criteria based on event analysis

and converges to good local minima in less time
[10].

ny = 3}’ls+ 27’1(; + 2}’lr.

Once we have abstracted models of driving control

The flexible functional form which cascade learning
allows is ideal for abstracting human control strate-
gies, since we know very little about the underlying
structure of each individual's internal controller. By
making as few a priori assumptions as possible in mod-
eling the human driving data, we improve the likeli-
hood that the learning algorithm will converge to a
good model of the human control data.

In order for the learning algorithm to properly
model each individual’'s HCS, the model must be pre-

strategies from the human control data, we would like
to evaluate the skill or performance exhibited by these
models. The first set of performance measures that
we develop is based on the observation that, in real
driving, obstacles such as rocks and debris can unex-
pectedly obstruct a vehicle’s path and force drivers to
react rapidly. In order to gauge how well our learned
models would deal with these types of events, we
define two related performance criteria. The first mea-
sures a model’s ability to avoid obstacles, while the

sented with those state and environmental variables second measures a model's capacity for negotiating

upon which the human operator relies. Thus, the in-
puts to the cascade neural network should include:
(1) current and previous state informatipn, v,, 6},
(2) previous output (command) informatidd, Ps},
and (3) a description of the road visible from the
current car position. More precisely, the network

tight turns.
4.1. Obstacle avoidance

Obstacle avoidance is one important measuring
stick for gauging a model's performance. Since our
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HCS models receive only a description of the road virtual path segments as [14]

ahead as input from the environment, we reformulate 2

the task of obstacle avoidanceastual path follow- y = z w, (25)
ing. Assume that an obstacle appears a distance 8w 2

ahead of the driver's current position. Furthermore, and the corresponding sweep angles

assume that this obstacle obstructs the width of the /2 .

road () and extends for a distancé along the o = sin~* (—) = sin~* <m> (26)

road. Then, rather than follow the path of the actual
road, we wish the HCS model to follow the virtual As an example, consider an obstacle located 60 m
path illustrated in Fig. 2. This virtual path consists of ahead of the driver's current position. For this ob-
(1) two arcs with radius of curvatune, which offset stacle distance ang = 5m, y evaluates to 92.5m.
the road median laterally byu? followed by (2) a This is less than the minimum radius of curvature
straight-line segment of length and (3) another two (100 m) that we allow for the roads over which we
arcs with radius of curvaturg which return the road  collect our human control data. Hence, a particu-

median to the original path. lar HCS model may deviate significantly from the
By analyzing the geometry of the virtual path, we center of the road during the obstacle avoidance
can calculate the required radius of curvatyref the maneuver.

Road

Fig. 2. Virtual path for obstacle avoidance.
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Below, we derive the important relationship be-
tween the obstacle detection distancand a model’s
corresponding maximum lateral deviatiah. First,
we takeN measurements af for different values of
7, where we denote thgh measurement as;, ;).
Next, we assume a polynomial relationship of the
form

=
Vi=apt] tapat’ T+t taote

= FiTa +e;, (27)

wheree; is the additive measurement error. We can
then write

Y1 =T a+ e,
Yo =T a+ ez,
(28)
YN = F;a + en,
or, in matrix notation,
U =Ta+te, (29)

wherew = [y, ¥, ..., ¥n]T is the observation vec-
tor, ' =[Iy,1>,..., I“N]T is the regression matrix,
ande = [e1, e, ..., ey]" is the error vector.

Assuming white noise properties fer(E{e;} = 0
andE{e;e;} = o25jj for all i, j), we can minimize the
least-squares error criterion,

1 1Y
A T 2
Va) = 58 £ = Ekg_lek

1
=W - ra)'w —ra) (30)
with the optimal, unbiased estimaie
a=T"N7ir'y (31)

assuming that['" I') is invertible.

25

Now, we define the following obstacle avoidance
performance criterion/y:
Tmin

J1= (32)

Vinitial
where vinitial 1S the velocity of the vehicle when the
obstacle is first detected. Thig criterion measures to
what extent a given HCS model can avoid an obsta-
cle while still controlling the vehicle in a stable man-
ner. The normalization byinitial IS required, because
slower speeds increase the amount of time a driver has
to react and therefore avoiding obstacles becomes that
much easier.

4.2. Tight turning

Here we analyze performance by how well a partic-
ular HCS model is able to navigate tight turns. First,
we define a special road connection consisting of two
straight-line segments connected directly (without a
transition arc segment) at an angleFor small val-
ues of¢, each HCS model will be able to success-
fully drive through the tight turn; for larger values of
¢, however, some models will fail to execute the turn
properly by temporarily running off the road or losing
complete sight of the road.

Fig. 3 illustrates, for example, how one HCS model
transitions through a tight turn fot=>5r/36rad.
Fig. 3(a) plots the two straight-line segments con-
nected at an angle. The solid line describes the
road median, while the dashed line describes the ac-
tual trajectory executed by Harry's HCS model. The
length of the initial straight-line segment is chosen
to be long enough (150m) to eliminate transients
by allowing the model to settle into a stable state.
This is equivalent to allowing the vehicle to drive on
a straight road for a long period of time before the
tight turn appears in the road. Fig. 3(b) plots the lat-
eral offset from the road median during the tight-turn

In this relationship, as the obstacle detection dis- maneuver. Here, Harry’'s model maximally deviates

tance T decreases, the maximum lateral offset in-

about 8 m from the road center. Both before and after

creases [14]. Consequently, for a given model and the turn, the lateral offset converges to zero. Fig. 3(c)

initial velocity vinitial, there exists a valuenn, below
which the maximum offset error will exceed the lane
width w. We define the driving control for obstacle
distances abovenmin to be stable; likewise, we de-
fine the driving control to be unstable for obstacle
distances belovwmn.

plots the commanded steering angle for Harry’'s HCS
model, and Fig. 3(d) plots the corresponding change
in velocity. Models for other drivers yield similar
results.

Now, define the maximum lateral offset error cor-
responding to a tight turn with angle to be .
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Fig. 3. Example model driving behavior through a tight turn.

We can determine a functional relationship between
¥ and¢ for a given HCS model. First, we tak®¥
measurements gb for different values of¢ where
we denote théth measurement &g;, ¥;). Then, we
assume a polynomial relationship betwegnand ¢
such that,

Vizaptl+ap 1l ol fao+ e, (33)

The least-squares estimate of the modgli§ given
by

a=¢"o Ty, (34)
where
V=Y, v2, ..., ynl", (35)

_0_2_
0.3} Time (sec)
-0.4 ‘ l
0 10 20 30
(d) Transition of lateral velocity of car
-1
o ¢ a1
-1
N 7 ] 2 1
¢=| : (36)
-1
oty iy 1
& =[ap, ap-1,...,a0]". (37)

Previously, we have observed that the linear coef-
ficient o1 dominates the polynomial relationship in

Eq. (33) [14]. Hence, as a first-order approximation,
we define the following tight-turning performance

criterion Jo:

Jo =g (38)
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5. Performance criteria based on inherent analysis

In the previous section, we introduced performance
criteria based on specific events. In this section, we
now will investigate other performance criteria which
evaluate the inherent characteristics of HCS models
through analysis of the whole driving process.

5.1. Passenger comfort

Passenger comfort is one important criterion for
evaluating driving control strategies. Suppose a person
were sitting in a car driven by a learned HCS model.
His/her comfort, while a combination of many fac-
tors, would be primarily influenced by the forces that
that passenger experiences while in the car. Everytime
the HCS model would change the applied foRgeon
the car, the passenger would feel a longitudinal force.
Similarly, everytime the HCS model would change the

steerings, the passenger would experience a lateral t

force. Below we quantify passenger comfort as a func-
tion of the applied forces on the vehicle under HCS
model control.

Consider the vehicle shown in Fig. 4. Let the con-
figuration of the system be described by the mass
center of the vehicléx, y), the angled between the
positive Y-axis and the axis of symmetry of the car,
and the location of the passeng§r (xs, ys). Fur-
thermore, define the distance frofhto the axis of
symmetry as, and define the distance froto the
center of mass along the axis of symmetrysas

Y

(Xs5Ys)

/,/,é(%) (X,Y)

X

Fig. 4. The coordinate configuration of the vehicle and passenger.
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The velocity of the pointS as a function of the
coordinate velocities is given by

v =i+ 34

= (% + 510 COSA + 526 SiNO)?
+(y — 510 SiNB + 520 COSH)?

= %2 + 5262 c0s%0 + 5262 sin0 + 2510 cOsH
+250%6 SINO + 2515002 COSH SING + 72
+5262 sin0 + 5202 c0s?0 — 25176 sind
+25076 cOSO — 2515202 SiNO COSH

=52 4 3% + 5262 4 5302
+2510 (% cosf — y sinf)

42500 (% sing + y cosp). (39)

As we described in Section 2, the longitudinal accel-
eration of the vehicle is given by

P + Pr — Fetd
Uy = ———

+ved — (sgnvy)equ?,  (40)

m
and the lateral acceleration of the vehicle is given by
P8 + Fet + Fer)

- m
Now, the accelerations experienced by the passenger

include not only the vehicle's acceleration, but also
the centrifugal force, given by

Vg — vyf — (Sgrvg)cgvy.  (41)

2 1

v . . .
— = %+ 5% 45707 + 530
+2510 (% cost — y sinf)

+2500 (% SiN@ + y cosh)]. (42)

The centrifugal force generally points in the direction
of the negative lateral acceleration of the vehicle. By
combining the vehicle and centrifugal accelerations,
we then arrive at the following expression for the total
acceleration at poins:

v2

a= i),%—l—(i)g—; (43)

In defining a “comfort” performance criterioss, we

will normalize this acceleration felt by the passenger,
by the speed of the vehicle, since higher speeds gen-
erate higher accelerations through a given curve:

dmean ( 4 4)

Umean
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Table 1
The statistic of the acceleration

__ Gmean

Data name a > g(9.8m/s%) a > 2g (19.6m/s?) a > 3g (29.4m/s)

Vmean

Tom1-A 28.20% 3.85% 0.39% 0.2411
Tom1-B 20.99% 0.79% 0 0.2101
Tom2-A 19.11% 0.74% 0 0.2142
Tom2-B 18.00% 0.63% 0 0.2185
Tom3-A 22.15% 0.21% 0 0.2117
Tom3-B 25.76% 0.31% 0 0.2196
Dick1-A 36.43% 8.69% 1.63% 0.2938
Dick1-B 36.85% 6.79% 0 0.2625

Dick2-A 37.73% 8.87% 2.19% 0.2956
Dick2-B 37.25% 7.31% 0.43% 0.2721
Dick3-A 43.20% 15.17% 5.13% 0.3367
Dick3-B 43.35% 14.97% 4.61% 0.3307
Harryl-A 5.93% 0.48% 0 0.1662

Harryl-B 8.13% 1.30% 0.013% 0.1941
Harry2-A 1.16% 0 0 0.1302

Harry2-B 2.69% 0 0 0.1267

Harry3-A 4.93% 0 0 0.1552

Harry3-B 11.49% 1.28% 0 0.1757

Thus, J3 is defined as the ratio of average acceleration g 22.36% of the time, accelerations above 209%
over average speed for a given road. of the time, and accelerations aboye®065% of the

Let us now look at how different HCS models per- time. The same statistics for Dick’'s model are 39.14%,
form with respect to this performance criterion. First, 10.30% and 2.33%, respectively. Similarly, for Harry’s
we collect driving data from three human operators— model the statistics are 5.72%, 0.51% and 0.00%, re-
Tom, Dick and Harry. After training an HCS model spectively. From these results, we would expect that
for each individual, we then run that person’s model Harry’'s HCS model offers the smoothest ride of the
over three different roads (1, 2, and 3). Each run takes three models, since it generates the smallest forces.
approximately 15 minutes over the 20 km roads. That Driving with Dick’s model, on the other hand, would
means that at a data collection rate of 50 Hz, each run prove to be quite uncomfortable. Calculating the
consists of approximately 45,000 time-sampled data performance criterion for each model confirms these
vectors. In other words, for each model run, we collect qualitative observations. For Tom’s mode} varies
approximately 135,000 data vectors. After data col- from 0.2101 to 0.2411, and the average is given by
lection, we split the three runs for each driver into two _
groups A and B, where group A represents the first half JsTom = 0.2192 (45)
of each run, while group B represents the second half For Dick's model, J3 varies from 0.2625 to 0.3367,
of each run. Thus, for example, ‘Tom1-A’ represents and the average is given by
the first half of Tom’s HCS model’'s run over road 1.

Table 1 gives some aggregate statistics for each of Jspick = 0.2986 (46)
these model-generated data sets. Specifically, the ta-Finally, for Harry’s model,J3 varies from 0.1303 to
ble lists the percentage of time that the acceleration in 0.1941, and the average is given by
a particular data set is larger than ofie2¢ and %, .
respectively. These percentages give us a rough ideq’ 3Hamy = 0.1508 (47
about the comfort level of each model driver. If we We observe thafs is the smallest for Harry’s model,
average the percentages for each HCS model, we findand that that value is much smaller th&nfor Dick’s
that Tom’s model generates accelerations above onemodel.
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5.2. Driving smoothness define the discrete Fourier transform [13] and,

. 27 (k — 1
Another way to evaluate the smoothness of a given Hy = 0.54 — 0.46 cos[%} ,
driver’s control strategy is through frequency analysis -

of the instantaneous curvature of the road and the cor- % € {1, 2,.... L} (52)

responding instantaneous curvature of the vehicle’s jefines the Hamming coefficients, which we include
path. As an HCS model steers the car along the road, iy minimize the spectral leakage effects of data
the vehicle’s curvature will in general not be the windowing.

same as the that of the road. Below, we will use this By summing up the terms in Eq. (50),
difference between the two curvatures to evaluate the
driving smoothness of a given model in the frequency
domain. We will show that the resulting performance
measure yields consistent results with thg pas-
senger comfort performance criterion defined in the 1
previous section. Swzr(w) = & > Ly L), (54)
Let us defina«(k) as the instantaneous curvature of i=1

the road at time ste{a, and Ietz(k) be the instanta- we define the frequency respor@éjw) for a given
neous curvature of the vehicle’s path at time step  HCS model as

1 N
Sup(w) =13l L (w), (53)
i=1

We can view the road’s curvaturgk) as the input to S i
. uz.L(Jw)
the HCS model, and(k) as the output of the HCS G(w) = ———. (55)
model Su.(w)
To calculate the frequency response frono z, we Fig. 5 plots|G(jw)| for the HCS models correspond-

first partition the complete data infé groups, where  ing to Tom, Dick and Harry. Each group of data cor-
each group is of lengtli.. Hence, thekth element of ~ responds to 40 seconds & 2000 at 50 Hz), and the

groupi is given by data for each model was collected over road 1. InFig. 5
the solid line corresponds to Tom, the dash-dotted line
u;(k) = ulk + (i — 1)L], corresponds to Dick, and the dashed line corresponds
to Harry.
zi(k) = z[k + (0 = DL], Given the plots of G(jw)|, we now define the fol-
i=12. . . N:1<k<L. (48) lowing smoothness performance criterion:
Ja = fdomain (56)

We also define the following convolutions for each
group of data’: where fyomaincOrresponds to the domain frequency of

each|G(jw)| curve.
We get the following smoothness results for the
three models:

Jom = 0.66 Hz (58)
Joick = 0.72 Hz (59)

1 T,
Ly L (w) = ZUi(Jw)Ui (Jw) = ZIIUi(Jw)II ,

. 1
Iul-zi,L(Jw) = ZUI(Jw)Zl (ju)),
i=12 ... N, (49)

where .
Note that these results agree with tlig passenger

_ L ik comfort criterion defined in the previous section.
Uijw) =) ui (k) Hy €7, (50) Harry’s model was found to offer the best passenger
k=1 comfort, and here, his model is found to offer the
L smoothest ride. Similarly, Dick’'s model was found to
Zi(w) = ZZ" (k) Hy 717k (51) be the least comfortable and here, his model is found

=1 to be the least smooth.
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Fig. 5. PSD analysis with Harry (dashed), Dick (dash-dot), and Tom (solid).
6. Performance optimization algorithm will necessarily incorporate those in the

learned HCS model, and will consequently be less than

In Sections 4 and 5, we introduced performance optimal. Second, control requirements may differ be-
measures for evaluating the performance of our driv- tween humans and robots, where, e.g., stringent power
ing models. Below, we develop an algorithm for opti- or force requirements often have to be met. Thus, a
mizing a learned control strategy model with respect given individual's performance level may or may not
to one of those (or for that matter, any other) perfor- be sufficient for a particular application.
mance criterion. There are two primary reasons why  Since an HCS model does offer an initially stable
this may be necessary in order to successfully transfer model, however, it represents a good starting point
control strategies from humans to robots. from which to further optimize performance. Let

First, while humans are in general very capable
of demonstrating intelligent behaviors, they are far
less capable of demonstrating those behaviors with- denote a vector consisting of all the weights in the
out occasional errors and random (noise) deviations trained HCS modell" (w). Also let J(w) denote
from some nominal trajectory. The cascade learning any one performance criterion (e.gz or J2 in the

w = [w1, wa, ..., wy] (60)
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previous sections). We would now like to determine
the weight vectoro* which optimizes the perfor-
mance criterionJ (w). This optimization is difficult

in principle because: (1) we have no explicit gradient
information

9
G(w) = a—J(a)), (61)

w
and (2) each experimental measurement Jatv)
requires a significant amount of computation. We
lack explicit gradient information, since we can
only compute our performance measures empirically.

31
where
I = J(wr + e Ap), (65)
‘]k(_) = J(wk — ckAx), (66)
A = [Akwrs Dkwgs ++ Ak, 1T (67)

and where A, is a vector of mutually indepen-
dent, mean-zero random variables (e.g., symmetric
Bernoulli distributed), the sequené¢d;} is indepen-
dent and identically distributed, and tHey}, {ck}

are positive scalar sequences satisfying the following

Hence, gradient-based optimization techniques, suchproperties:

as steepest descent and Newton—Raphson [13], are
not suitable. And because each performance measure

evaluation is potentially computationally expensive,
genetic optimization [3], which can require many

iterations to converge, also does not offer a good al-

ternative. Therefore, we turn to SPSA to carry out the
performance optimization.

Stochastic approximation (SA) is a well-known
iterative algorithm for finding roots of equations

ar >0, ¢ —> 0 ask — oo, (68)

00 00 o 2

Zak = 00, Z (—k> < 00. (69)
Ck

k=0 k=0

The weight vectokwg is of course the weight repre-
sentation in the initially stable learned cascade model.
Larger values op in Eq. (63) will give more accurate
approximations of the gradient. Fig. 6 illustrates the

in the presence of noisy measurements. SPSA [15] overall performance optimization algorithm.

is a particular multivariate SA technique which re-

quires as few as two measurements per iteration and

shows fast convergence in practice. Hence, it is well
suited for our application. Denote; as our esti-
mate ofw* at thekth iteration of the SA algorithm,
and let w; be defined by the following recursive
relationship:

(62)

where G, is the simultaneously perturbed gradient
approximation at théth iteration,

wp41 = wp — oGy,

G 1XP:G" 9 J (o) (63)
= — N — ),
k i 7 90
-1
Akwl
Gl =K "% | A 64
k 2ck ,wz (64)
1
L Akwn .

Eq. (63) averageyp stochastic two-point measure-
mentsG,, for a better overall gradient approximation,

7. Experiment
7.1. Results

Here, we test the performance optimization algo-
rithm on control data collected from two individuals,
Harry and Dick. In order to simplify the problem
somewhat, we keep the applied force constant at
P; = 300 N. Hence, the user is asked to control only
the steering.

For each person, we train a two-hidden-unit HCS
model withns = n¢ = 3, andn, = 15; because we
are keepingP; constant, the total number of inputs for
the neural network models is therefore= 42.

Now, we would like to improve the tight-turning
performance criterion> defined in Eq. (38) for each
of the trained models. In the SPSA algorithm, we em-
pirically determine the following values for the scaling

sequence$oy}, {ck}:

0.000001

a=——— k>0, (70)
0.001

Ck k> 0. (71)

= ;025
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Fig. 6. Stochastic optimization algorithm.

We also set the number of measurements per gradientJ20 = 25.5 is much worse than Harry’s initial perfor-

approximation in Eqg. (63) tp = 1. Finally, denotelé‘

as the criterion/, after iterationk of the optimization
algorithm; hence]z0 denotes the performance measure
prior to any optimization.

Fig. 7 plots 100« J¥/J9, 0 < k < 60, for the HCS
models corresponding to Dick and Harry. We note that
for Dick, the performance indey> improves from
J9 = 25510790 = 12.5. For Harry, the improvement
is less dramatic; his model’s performance index im-
prove fromJ9 = 17.7 to J$° = 16.1. Thus, the per-
formance optimization algorithm is able to improve
the performance of Dick’s model by about 55% and
Harry’s model by about 9% over their respective ini-
tial models. In other words, the optimized models ne-
gotiate tight turns better without running off the road.
From Fig. 7, we observe that most of the improve-
ment in the optimization algorithm occurs in the first
few iterations. Then, a8 — oo, Jf converges to a
stable value sincey, ¢, — 0. Clearly, the extent to
which we can improve the performance in the trained

mance index of]20 = 17.7. Therefore, we would ex-

pect that Dick’s initial model lies further away from
the nearest local minimum, while Harry’s model lies
closer to that local minimum. As a result, Harry's
model can be improved only a little, while Dick’s
model has much larger room for improvement.

7.2. Discussion

Below we discuss some further issues related to per-
formance optimization including: (1) the effect of per-
formance optimization on other performance criteria,
and (2) the similarity of control strategies before and
after performance optimization.

First, we show how performance improvement with
respect to one criterion can potentially affect perfor-
mance improvement with respect to a different cri-
terion. Consider Dick’'s HCS model once again. As
we have already observed, his tight turning perfor-
mance criterion improves fronty = 255 to J2°

HCS models depends on the characteristics of the 12.5. Now, Ietjf denote the obstacle avoidance per-

original models. Dick’s initial performance index of

formance criterion for Dick’s initial HCS model, and
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Fig. 7. Performance improvement in stochastic optimization algorithm.

let 1160 denote the obstacle avoidance performance cri- avoidance maneuver, tight turns are precisely what is
terion for Dick’s HCS model, optimized with respect required for successful execution of the maneuver.

to Jo. Fig. 8 plots the maximum offset from the road Second, we would like to see how much per-

median as a function of the obstacle detection distanceformance optimization changes the model’s control

7 for Dick’s initial model (solid line) and Dick's op-  strategy away from the original human control ap-

timized model (dashed line), whevgiia = 35. proach. To do this we turn to a hidden Markov
From Fig. 8, we can calculatg? and J£: model-based similarity measure [9] developed for
comparing human-based control strategies. Hgt
JO~ %2 =120, (72) panng gies. Hy

denote the human control trajectory for individual
760 A, 36 _ 103 (73) let M, denote control trajectories for the unoptimized
1 35 = LV : S

model corresponding to individuat, and let O,
Thus, Dick’s optimized HCS model not only improves denote control trajectories for the optimized model
tight turning performance, but obstacle avoidance per- (with respect toJ2) corresponding to individuak.
formance as well. This should not be too surprising, Also let 0< o (A, B) < 1 denote the similarity mea-
since the tight turning and obstacle avoidance behav- sure for two different control trajectoried and B,
iors are in fact tightly related. During the obstacle where larger values indicate greater similarity, while
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Fig. 8. Maximum lateral offset for original (solid) and final (dashed) HCS models.

smaller values indicates greater dissimilarity between is preserved. Furthermore, the other similarity mea-

A andB. sures are consistent with the degree of performance
For each individual, we can calculate the following improvement in each case. For Dick, where a substan-
three similarity measures: tial performance improvement of 55% was achieved,
the similarity between the initial and optimized mod-
o (Hy., My), (74) . Y P :
els is far less than Harry, where the performance im-
o (Hy, Oy), (75) provement was more incremental.
o(My, Oy). (76)
Table 2

Table 2 lists these similarities for Dick and Harry.

' i e Y Control strategy similarity
From our experience with this similarity measure, we

note that all the values in Table 2 indicate significant » = Dick x = Harry

similarity. Specifically, the similarities for (H,, Oy) o (Hy, My) 0.762 0.573

(0.434 and 0.469) suggest that even after performance® (#x- 0x) 0.434 0.469
o(My, Oy) 0.544 0.823

optimization, a substantial part of the original HCS
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