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Abstract

The machine learning method Gaussian process (GP) regression is used to learn the vehicle
dynamics without any prior knowledge. The model formed with GP regression demonstrates char-
acteristics that make it useful in model predictive control (MPC). Previous applications of model
predictive control used linearized models to balance the need for fast computation and predictive
accuracy. This work aims to make nonlinear predictions in a timely manner. A method of cluster-
ing the training data is also developed in order to further speed calculation of dynamic predictions
necessary for MPC. An architecture to take advantage of the nature of GP regression calculations
is then developed. The efficacy of the approach is examined through training and validation using
data recorded from an instrumented all-terrain vehicle (ATV) and through a series of simulations.

The instrumented all-terrain vehicle allowed GPS, inertial, and encoder data to be used for
training and validation of the GP-based dynamic model. A series of maneuvers approximating si-
nusoids of varying frequency and amplitude is used to excite the vehicle for the purpose of generat-
ing a training dataset. That training dataset allows GP regression to learn the functions describing
a nonlinear state-space model of the vehicle dynamics. The data recorded during a separate set
of maneuvers is used to validate the predictions generated from the GP-based model. The speed
of computation is examined and methods of speeding the nonlinear portion of GP regression are
presented. The result of this is a model that can provide accurate estimates in a timely fashion. The
speed of computation is sufficient to allow for MPC to be implemented on a modest, contemporary
desktop PC.

A method of further decreasing computation time is then presented. Clustering of training
data has been mentioned in the literature though specifics regarding the choice of algorithm and
parameter selection are conspicuously omitted. Clustering has been applied in the closely related

method of support vector machine classification where similarity is easily defined. A definition

il



of similarity is offered here for the purposes of regression. An algorithm is selected to leverage
that definition of similarity. Parameter selection is addressed by basing the cluster size on the
characteristic length scale of the function being regressed. Evaluation of the clustering algorithm
and parameter is performed on two illustrative examples as well as the GP model formed from the

recorded ATV data.
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Chapter 1

Introduction

Driving a vehicle is a complex task. It involves many of our senses and requires us to predict
the behavior of our own vehicle as well as the behavior of others with whom we share the road.
The majority of the time we negotiate these complexities without major incident. However, when
we encounter unfamiliar situations advances in safety technology can act to preserve human life
and mitigate financial damages. This work aims to further those advances using a unique modeling
technique and associated controller.

Typical drivers are inexperienced with regards to executing emergency maneuvers and risk
rolling the vehicle over. Electronic stability control (ESC) and roll prevention have emerged as
crucial pieces of a passenger vehicle’s safety system. Vehicle rollover accounted for 35% of crash
fatalities in 2008 according to the US National Highway Traffic Safety Administration (NHTSA),
a disproportionate amount considering rollover only occurs in 3.2% of accidents[1, 2]. In 2006,
the Insurance Institute of Highway Safety (IIHS) estimated that one-third of fatal rollovers could
be prevented. This would result in an estimated 10,000 fewer deaths annually[3]. This is roughly
equivalent to saving the lives of a sold-out crowd in Auburn Arena or the entire population of
Valley, Alabama each year. The implications of ESC technology, with regards to the preservation
of human life, are profound.

Savings lives is important by itself but from the cold, mathematical perspective of the financial
cost of rollover accidents, further motivation can be found. NHTSA estimated the total cost of
vehicle accidents in the United States was 230.6 billion dollars[4]. Rollover accidents are among
the most destructive to the vehicle and, as already discussed, the most deadly. An example of
the destructive nature of rollover in shown in Figure 1.1. The Federal Highway Administration

(FHWA) placed the cost associated with each fatality on the road at 2.6 million dollars[5]. We



Figure 1.1: The consequences of vehicle rollover.

must also note that these statistics describe the financial and human cost for rollover accidents in
the United States but physics and tragedy do not recognize borders. Therefore, it is reasonable
to conclude that the costs of rollover are greater when international accidents are included. It
is also easy to conclude that, with rollover accounting for a large percentage of fatalities, the

improvements to ESC technology will significantly impact the financial cost of rollover accidents.

1.1 Prior Works

1.1.1 Stability Control

These numbers paint a grim picture, but there is hope. ESC technology has already begun
to reduce these costs and, with improvements, can mitigate further losses. Currently available
ESC systems brake individual wheels to steer the vehicle when a loss of control is detected as
described in [6]. This type of ESC system uses the steer angle to determine a desired yaw rate
and then acts to control the actual yaw rate by braking individual wheels. Recently, Ford Motor
Company presented a method to control the roll of the vehicle directly with the addition of an extra

gyroscope to measure the vehicle roll rate[7]. That method has been named and trademarked by



Ford Motor Company as Roll Stability Control™(RSC). The authors of that work assert that the
additional sensor is warranted to detect or predict rollover conditions directly rather than relying on
the previous assumption that errors between desired and actual yaw rate will result in rollover. Such
assumptions, they state, leads to “necessary trade-offs between control sensitivity and robustness”.
This compromise can be avoided by controlling the roll angle of the vehicle directly. Asserting
control by differential braking is an effective method to control vehicle yaw and roll, however, it
also undesirably reduces vehicle speed.

Removing mechanical linkage between the user controls and associated components of the
vehicle is not unheard of. Throttle-by-wire, where the pedal position is sensed and electronically
transmitted to the throttle, has been used on vehicles for a number of years. More recently, interest
has begun to grow in steer-by-wire (SbW) systems. Actuating steering in this way allows for
stability control to be performed without the need to slow the vehicle. SbW will therefore allow
greater control to be retained by the driver, in regards to longitudinal speed, while still providing
the safety realized by more conventional ESC systems. Some car manufactures are beginning to
build SbW vehicles for experimentation and, as such, research has begun on implementing ESC
with this new capability. Working ESC using SbW has been implemented in [8], [9], and [10].
The allocation of control effort is examined with regards to mixed systems, SbW and differential
braking, in [11]. Yaw control of a vehicle for ESC was implemented in [12] using all-wheel
braking and SbW. A study was conducted of what vehicle factors influence rollover in [13] and
offered guidance in placing constraints on the MPC ultimately used.

The above approaches rely on the accurate detection of conditions that indicate roll over is
imminent. There is evidence that suggests that this may not be the most effective control strategy.
Expert drivers are better able to predict the behavior of the vehicle and make adjustments before
conditions indicate that rollover is imminent[14]. This ability has been shown to benefit ESC
systems as well as human drivers.

Use of model predictive control (MPC) has expanded in recent years given the corresponding

increase in computation speed. MPC has been applied to ESC in [15], [16] and [17], all showing



that a controller’s ability to predict undesirable conditions early can allow for a more effective
response. The ability of MPC to handle constraints explicitly allows a great deal of flexibility in
how the controller is implemented. In addition, it is possible to dictate how control is allocated

between driver and controller for different situations.

1.1.2 Modeling Issues

Model simplifications make MPC a viable control method for systems requiring faster sam-
pling times, but these simplifications can degrade controller performance. Several works address
model simplification beyond simply linearizing the model about an operating point. Linearizing
the model during online operation is presented in [18] for a lateral MPC vehicle controller. This ap-
proach stabilized the vehicle’s lateral dynamics but did not perform well outside the linear region of
operation of the tire model as shown in [16, 19]. The difficulties introduced by the tire model were
addressed differently in [20]. Rather than linearizing the tire model (offline or online) a simplified
model was used in an effort to reach a comprise between controller performance and computation
speed. Simulated comparison of this approach against a similar approach with the more complex
Pacejka tire model in [21] shows that the more complex model outperforms the simplified model.
Another method for simplifying the tire models used for MPC was demonstrated in [22]. The rear
tire model was linearized online about the operating point while the nonlinearities in the front tire
model were “extracted” to remove the computational burden placed on MPC during optimization
of the control effort. This extraction was performed using MPC to find an optimal value of lateral
force on the front tire. The front lateral tire force was then used, along with a nonlinear tire model,
to find and command the associated steer angle. The resulting method preserves the convexity
of the optimization problem solved by MPC allowing linear optimization methods to be applied.
These works demonstrate that model fidelity and computation time remain a difficult trade-off to

make.



1.1.3 The Gaussian Process Approach

The trade-off between the accuracy and speed of calculations is as old as computation itself.
While it can not be avoided, there exists an interesting method of addressing it. Rather than us-
ing a parametric tire model, the nonlinearities required for calculation can be incorporated into
a Gaussian process (GP) model regressed from recorded data as described in [23]. Three clear
advantages to this method present themselves readily. First, nonlinearities can be modeled to an
arbitrary accuracy. A GP model shares many similarities to a radial basis function network and
can be rightfully described as a universal approximator. Cybenko introduced the idea that with the
superposition of an arbitrarily large number of sigmoid functions a nonlinear function could be ap-
proximated to an arbitrary accuracy [24]. Hornik extended the use of Cybenko’s work stating that
it was the superposition of the functions that allow for universal approximation, not the nature of
the sigmoid [25]. Where neural applications discuss this requirement in terms of an infinite amount
of neurons, GP applications treat the requirement by speaking of an infinite number of regressors.
While computation using this method seems infeasible, GP regression also provides a frame work
for marginalizing regressors to make this a practical method. This greater accuracy, of course,
can’t be free of additional computation but the additional computation required is performed in a
higher dimensional space where only linear operations are required.

An additional advantage also exists. The complexity of calculating predictions scales linearly
making it feasible to calculate a large number of predictions very quickly [26]. If this still does
not satisfy the requirements of a particular system, there are a number of works that offer further
reduction of computational burden. The subset of data method, described in [27], suggests that
some data points be removed prior to regression thus reducing computation. The method of se-
lecting which points are retained has a great effect on model performance in this case. That work
also suggest that, once a quantity of points is determined, the set of points that maximizes the dif-
ferential entropy be selected which is a measure of average information content. Another method
of selecting the points calls for the minimization of the Kullback-Leibler divergence which is a

measure of information gain [28]. Both approaches discard data that may otherwise be used to



improve model accuracy. The subset of regressors method retains all data points but only uses a
subset to calculate each prediction. The matter of which regressors to use is again an issue and this
method also inaccurately reports covariances [29].

Reduction of computation is treated with a clustering method in [30]. That work shows that
clusters of data points can be described by averaging both inputs and outputs and using the clus-
ter center points for GP regression. The computation versus accuracy compromise can then be
managed directly through the adjustment of the clustering threshold. That work demonstrates the
technique by modeling the lateral dynamics of a vehicle. While sensitivity to the cluster threshold
is discussed no guidelines for its selections were offered.

Last, a GP model provides a measure of confidence in each prediction in the form of a variance
estimate. The variance calculation does not scale as nicely as the prediction calculation, & (nz), but
offers a route to implement robust control. MPC requires multi-step prediction. The propagation of
prediction uncertainty is addressed by [31] and [32] demonstrating that it is possible to determine
prediction certainty for a distant horizon prediction.

Kocijan et al. discussed GP models for use in MPC [33]. That work lays the general frame-
work for making the multi-step predictions needed by MPC as they apply to a chemical process.
This is a typical application of MPC with slow sample rate placing little demands on the compu-
tation time. Several issues are left open by that work including method of computation reduction,
optimization technique used to find the control effort, and stability of the closed-loop system. Some
of these issues are addressed by [34]. That work incorporates the derivative of predictions and vari-
ances into the optimization technique, values that are easily calculated from the GP model [35].
However, that work stops short of using the GP model prior to considering computation-reducing
measures and opts for local linear models instead. Simulated results for a simplified first-order

vehicle model are solely used in that work.



1.2 Contributions

Gaussian process models provide an alternative to the simplified models previously used to
implement nonlinear MPC. GP regression accurately approximates nonlinear functions and offers
a variety of methods to reduce the computation required for this approximation. Therefore, the use
of this model was investigated to determine its ability to this end and also to identify constraints
appropriate to roll stability that allow for efficient computation. Further gains were made by con-
sidering a computation-reducing method and an appropriate optimization method was identified.
This approach to MPC offers a path to remove the limitations, inherent to simplified models, on
MPC-based roll stability of vehicles allowing the driver to retain as much control as possible.

Many issues were addressed to demonstrate the success of the method. MPC’s sensitivity to
model accuracy requires attention be paid to the formation and simplification of the model. The
choice of optimization technique is affected by different model structures and was explored. The
ability to implement constraints explicitly in an MPC opens discussions regarding what constraints
are appropriate. With prediction and computation speed addressed using data recorded from a
vehicle, a simulated controller is demonstrated to support to controller’s ability to constrain the

dynamics of the vehicle. Four specific contributions of this dissertation are detailed below:

i) Development, identification, and validation of GP model for vehicle Roll appropriate for

use in MPC

Modeling of a vehicle’s lateral dynamics in [30]. The same principles are used to model the
roll dynamics of a vehicle in this dissertation. An autonomous all-terrain vehicle (ATV) is used to
train and validate the model for use in the MPC controller. The maneuvers used in simulation were
executed by the ATV autonomously allowing the dynamics to be excited near the unstable region
of operation (i.e. close to vehicle to rollover). Identifying the model in this region is desirable to
predict an imminent vehicle rollover. The vehicle, available from the GPS and Vehicle Dynamics

Laboratory is shown in Figure 1.2. With an effective MPC, the vehicle will be prevented from



Figure 1.2: Autonomous Prowler ATV.

revisiting this state. Given the need for multi-step prediction, the GP model was evaluated for
use in this way. Propagation of prediction uncertainty are implemented in the event that a robust

implementation becomes desirable.

ii) Architecture to incorporate GP dynamic model into MPC

The GP dynamic model natural has strengths and weaknesses regarding its use in MPC. A
method of performing the nonlinear constrained optimization as the heart of MPC is employed. It
is shown that, due to the nature of the calculations necessary to generate predictions, it is feasible
to perform an exhaustive search of the space defined by the input to the system. The details of
required sensors are also described. A multi-antenna GPS receiver, from Septentrio, was used in
conjunction with a Crossbow inertial measurement (IMU) to provide measurements of vehicle roll,
roll rate, sideslip, and yaw rate. Steer angle was recorded from a potentiometer on the steering shaft
of the vehicle during identification. The performance of the controller was significantly affected
by the constraints placed on the dynamics and the method of optimization was suggested and

evaluated. for demonstration and data collection.



iii) Evaluation of large dataset approximation techniques as they pertain to GP based MPC

As discussed previously there are many works addressing the reduction of computation in GP
models. Clustering of training data has proven effective in classification problems where similarity
is easily defined. However, defining similarity and using it to cluster in regression had not been
addressed. The method used in [30] has been shown to be effective but little guidance is provided
regarding the cluster threshold. A method of selecting this value based on the characteristics of
the underlying function is presented here. The method of selection was evaluated for its ability to
reduce computation while preserving accuracy. Results show that the selected threshold value is

applicable to single and multiple dimensional problems as well as for models of dynamic systems.

iv) Implementation and demonstration of GP based MPC roll stability controller on au-

tonomous ATV

Finally, the end product of this work was demonstrated using the CarSim suite of vehicle
modeling tools. A series of maneuvers that are known to produce vehicle rollover were demon-
strated without constraints. Then, with the GP based MPC being used to constrain the commanded
steer angle, the same maneuvers were simulated. The results of these simulations show that the

dynamics are indeed constrained for two common maneuvers used in ESC testing.

Chapter 3 addresses the model accuracy and speed of necessary calculations for the use of a
GP model in MPC. Both of these aspects of the GP model are explored using data recorded from
an ATV using GPS and IMU measurements. Chapter 4 examines clustering as a means to reduce
the necessary computation for the GP model. A method of selecting a clustering method and
associated algorithm parameters is presented. One such clustering method is applied to one and
two dimensional problems to demonstrate its efficacy in an easily visualized manner. Next, Chapter

5 presents a manner of using the GP model in MPC in such a way that leverages the advantages



of that model. Results of two evasive maneuvers known to induce vehicle rollover were gathered
from simulation and are presented here. Finally, the final chapter includes a summation of results

and conclusions are drawn given the performance of the GP model in MPC.
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Chapter 2

Background

This work brings together two distinct areas of study and, as such, background is provided
here for those topics in two separate sections. This chapter provides a brief historical perspective of
model predictive control is given prior to a general statements of model predictive control (MPC)
for the linear and nonlinear cases. Gaussian process regression is used in this work to learn the
dynamics of a passenger vehicle. The method of learning a function with a GP is described and a

number of prior applications in the fields of robotics and controls are provided.

2.1 Model Predictive Control

Prediction has long aided control systems in nature. A predator predicts the movement of its
prey to affect its capture with the minimum necessary energy. A driver predicts traffic patterns
to minimize travel time. A writer predicts the response of his readers to maximize the likelihood
of his graduation. It is only since the 1960’s that predictive control has begun to gain favor for
Man-made control systems.

Distant horizon control is certainly not a new concept. Kalman’s Linear Quadratic Regulator
(LQR) considers controlling with an infinite horizon as early as 1960 [36]. Constraints were not
considered at that time and the limitations of the linear formulation limited the scope of the method.

In 1978 Richalet et al. presented Model Algorithmic Control (MAC) [37] and in 1980 Cutler
and Ramaker presented Dynamic Matrix Control [38]. These works used the impulse and step
response of a system, respectively, to develop a predictive model for use in the controller. Sta-
bility was not considered so applications were limited to stable plants with very distant horizons.
Garcia (1986) used quadratic programming to solve the optimal control problem [39] and handled

constraints explicitly in Quadratic Dynamic Matrix Control (QDMC).
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MPC had been adopted by industry for application in chemical process control but stability
analysis proved elusive. Sistu proved stability of a discrete MPC in [40]. Stability over the finite-
horizon has been addressed by a multitude of works and has been summarized nicely in [41].
Stability of a system controlled by MPC can be sufficiently proven using the axioms detailed in

those work.

2.1.1 General Form of a Model Predictive Controller

A dynamic model is used to predict the system’s open-loop response to control inputs over a

finite horizon. MPC is defined from the control input that optimizes some cost function,
c 2 v 2
T=Y w, (i —z)*+ Y wySug (2.1)
k=1 k=1

with respect to a reference trajectory, ry, and the predicted state, zz, over the finite horizon, d.
Weights w,, and w,, are left to tune the controller and may be vector quantities to account for
multiple states or inputs. Constraints can be placed on the state and inputs explicitly defined by the
inequality

C(zg,ux) <0 2.2)

and can be either linear on nonlinear.

The procedure implemented by the MPC at each time step can be generally stated as:
1. Generate reference trajectory, ry, over a finite horizon of N steps.

2. Find the optimal input to the system that minimizes the cost function in (2.1) as a function of
the predicted state, Z;, error and control effort. This optimization is subject to the constraints

described in (2.2).

3. Apply the first control effort in the set of inputs to the system.

While only open-loop predictions are computed, a closed-loop control is formed by recom-

puting the optimal input to the system at each time step. MPC is often referred to as receding
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horizon control given that the distance to the horizon is fixed and the location is relative to the
current time step.

Given that the controller performs the optimization of (2.1) online, adoption of MPC has been
limited to linear systems or those with dynamics which are sufficiently “slow”. Linear optimization
can be performed quickly but the accuracy of the model may be insufficient if the linear model is
used to approximate some nonlinear system. This has led to the adoption of MPC in chemical
plants and other systems where a low sampling frequency will suffice which allows time for an

optimal solution to be calculated.

2.1.2 Nonlinear MPC

The predictive model can take a multitude of forms. A number of works have discussed the
model forms appropriate for learning the dynamics of a system. Kocijan adopted an autoregressive
from in [42] for MPC Control of a chemical process. A similar autoregressive approach was used
in [30] for the prediction of lateral vehicle dynamics excluding any roll dynamics. Wang describes
a state-space model structure in [43] and Ko adopted a similar model structure in [44] to model the
dynamics of an autonomous blimp.

A generalized statement of the state-space model similar to those in [43, 44] is suitable to

describe the system dynamics as nonlinear systems are considered:

i1 = G(zy, uy)

vk = H(zy, uy) (2.3)

and a block diagram can be found in Figure 2.1.

Linear optimization is no longer an option to determine the optimal control input once a non-
linear is considered. Many works have focused on how optimization can be performed quickly
with nonlinear dynamic models. Some approaches include online linearization about the current

operating point (x;) [18], making piece-wise linear approximations of the system dynamics [20],
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Figure 2.1: MPC controller architecture.

and separating the linear and non-linear parts of a model to perform optimization on only the linear
part [22]. All of these contrivances serve to speed up the optimization of the cost function with
respect to the control input. However, each method has the undesirable side-effect of compromis-
ing model accuracy. The success of MPC control is closely tied to the internal models ability to
accurately predict the response of the system. Compromising model accuracy will therefore result
in suboptimal control and therefore degrade system performance.

The trade-off between speed of optimization and model accuracy will determine whether a
particular system can be controlled by MPC. The open-loop predictive capability of the model
must be shown to be sufficiently accurate over the finite horizon. However, accurate predictions
and the optimization associated with them come at a cost, namely computation time. An accurate
model will not be sufficient if optimization can not be performed within the sampling period of the
controller. Therefore, a model must make accurate predictions and allow for optimization within

the sampling period of the controller to be suitable for use in an MPC controller.

2.2 Gaussian Process Regression

The field of machine learning is beneficial to developing advanced autonomous robotic plat-
forms. Using machine learning techniques in the design of robotic platforms can improve a robots

ability to navigate accurately, learn a specific motion or task, or infer missing information about
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the environment it is in. The use of Gaussian process regression is an emerging technique in ma-
chine learning that can aid in making each of these improvements and surpasses the ability of more
conventional techniques.

While functionally mimicking neural networks, Gaussian process regression surpasses the
ability of a neural approach in many respects. A Gaussian process approach simplifies model
selection, copes with measurement noise, and avoids many pitfalls common to neural network
training. In addition to addressing these common difficulties of a neural approach, GP regression
also provides a variance associated with each estimate without much additional computation.

Here, an overview of the fundamental calculations is provided highlighting the benefits and
difficulties of using Gaussian process regression. Three applications of Gaussian process regres-

sion are provided as a review of GP applications in related fields.

2.2.1 Calculation of Estimates and Variances

GP regression was introduced in [23] and a more thorough treatment of GP models can be
found in [26]. Gaussian process (GP) regression has been shown to accurately model nonlineari-
ties in the presence of measurement noise allowing for an estimate to be developed for a nonlinear
function including the noise characteristics inherent to the sampling method. GP regression re-
moves the need to be familiar with the structure of the function by learning the nonlinearities from
sampled data. Additionally, GP regression incorporates the noise present on the sampled data to
develop a confidence interval for the inferred output.

GP models outperform traditional closed-form models and more widely accepted machine
learning techniques such as artificial neural networks (ANN). Much attention has been paid to
ANNSs to learn functions but they fail to account for measurement noise and suffer from over-
fitting resulting in a neural model that poorly describes the general behavior of the function. GP
regression mitigates the risk of over-fitting by adopting a Bayesian approach to learning. Addi-
tionally, a simpler model structure makes the learning method simple to implement and, therefore,

able to consistently outperform a comparable neural network models. ANN models also require
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model selection to be performed much in the way a closed-form model would be selected though
ANN models are less sensitive to errors in selection. Neural architecture requires a great deal of
attention where as the model structure adopted by GP model allows for the most likely model,
in a Bayesian sense, to be selected thereby making the solution reliable with respect to generally

modeling the function.

2.2.2 Estimating a Function with a Gaussian Process Model

The GP models the function from input-output pairs recorded from the function, the input
being defined as x and the output as y. The input-output pairs are used to construct a covariance
matrix using the function

—(x—x')?

k(x,x') = ojexp { } + 62A(x,X)) (2.4)

where the values [Gf, On, l] are termed the hyperparameters to distinguish them from parameters
of the function being modeled. Here, A indicates the Kronecker delta function.

The matrix is constructed by iterating the values for i and j from 1 to n as in:
K(i, j) = k(xi,x;) (2.5)

where 7 is the number of input-output pairs in the training data set.
The optimal values of the hyperparameters are determined by maximizing the marginal like-
lihood

1 _ 1 n
log p(y|X) = —EyTKy ly — 5 log |Ky‘ — Elog 2n (2.6)

over the training data set using a line search with a maximum of one hundred function calls. The
selection of hyperparameters constitutes the problem of model selection for a GP model. Neither,
the closed-form equation nor the neural architecture needs to be determined. The search for these

hyperparameters is considered the training of the model equivalent to determining parameters in
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a closed-form model or weights in a neural model. A closed-form model will be more sensitive
to a poorly selected model structure. A neural model requires the unreliable search of a high-
dimensional space to determine neuron weights. By reducing the dimensions of the search space
during training GP models do not suffer from problems caused by local minima as GP training
reliably converges to hyperparameters representing an acceptable model.

Estimates can be generated once the optimal hyperparameters are known. Given a point within

the input-space, X, indicating the location of a desired estimate, a vector is generated as

Ky = [k(Xs,X1), k(Xi,X2), vy K (X, X1 )| 2.7)

and the auto covariance is also found using,

Ko = k(Xs,Xy) (2.8)

The estimate for y is then assumed to be the mean of the output distribution and is calculated as

¥. =K.Kly (2.9)

The variance of the distribution can be found with

var(y,) = Kex — K. K KT (2.10)

to provide a measure of confidence in the generated estimate. The matrix inversion is calculated
using the Cholesky decomposition since the covariance matrix is known to be symmetric positive
definite. If the estimate’s input is close to a measurement from the training data, the variance will
be small. As the Euclidean distance from the training data increases, the variance will grow as the

region of the input-space has not been sufficiently sampled.
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The resulting model provides accurate nonlinear estimates of the function output with an
associated variance to be used as a measure of confidence in the estimates. In this way, accurate
regression of any function can be developed including nonlinearities and noise characterization.

The benefits introduced above have helped Gaussian process regression to gain acceptance

and wider use. In summary, these advantages are:

1. Simplified Model Selection: Closed-form equation or neural architecture are not needed for
this non-parametric method. Model selection is reduced to determination of hyperparameters

through training.

2. Reliable Training Method: Closed-form models suffer from sensitivity to poor model se-
lection. Neural models require a high-dimensional search for neuron weights and may not
converge. Search for hyperparameters is of relatively low-dimensional space and selects the

most-likely model in a Bayesian sense.

3. Estimate Confidence: Quality of estimates is not immediately available from closed-form
and neural models. Posterior variance is easily calculated for a GP regression estimate and

can be interpreted as a measure of estimate quality.

2.2.3 Examples of Gaussian Processes Regression in Controls and Robotics

The ease of designing for nonlinear systems offered by this technique has driven its use to
address a variety of problems faced in designing autonomous robotic systems. Training has proven
reliable over the three examples summarized here as well as many others. Additionally, the ability
of GP regression to provide confidence intervals is attractive to those interested in robust applica-
tions.

Robotic systems often operate in unknown environments. The first example addresses the
construction of an occupancy map to aid in collision avoidance and path planning. Many sensors
are nonlinear and provide noisy measurements of the environment. The second example addresses

the nonlinear, noisy case of determining vehicle pitch and roll from LiDAR measurements to the
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roadway. State estimation of nonlinear system dynamics requires great familiarity with the system
being modeled. The final example examines the case of modeling the lateral vehicle dynamics of

a passenger vehicle for predictive purposes.

Inference in Occupancy Maps

Learning about an environment is a critical task for a robotic system. The formation of an
occupancy map allows the design of path planning and obstacle avoidance behaviors. Grid-based
maps, such as the one in Figure 2.2 [45], are typically used requiring the environment to be sec-
tioned off into square locations and an occupancy-state to be stored for each grid location. A
trade-off is required between grid resolution and computation. A grid that is more coarse requires
less computation but struggles to accurately represent non-uniform obstacles. Storing an individ-
ual state for each location can be burdensome and does not scale as the number of dimensions
representing the environment grows. A method of mapping that is effective in two dimensions
may not operate well in three dimensions as required by unmanned air vehicles (UAV). Finally,
a margin of safety is typically implemented around obstacles to improve traversability. Each grid
location along the path from a sensor to an object must be updated with a new state for each mea-
surement taken. The addition of a safety margin surrounding an obstacle increases the number of

grid locations that must be updated for a given measurement.

Figure 2.2: A grid-based occupancy map.
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Seng Keat Gan et al. of the Australian Center for Field Robotics have published work ad-
dressing these difficulties by using a GP to classify locations as occupied or unoccupied [46].
Rasmussen details a method of altering the output of the GP model described above to act as a
binary classifier [47]. An occupied location can be assigned a value of +1 and an unoccupied lo-
cation a value of -1. The GP is trained to output these values. The output of the GP is then passed

through a sigmoidal “squashing” function,

yi(au;+B)

p(yi|x7y—i7 9) =o
\/ 1+ 02c?

to calculate the probability of a new location being occupied. The values of & and 8 are hyperpa-

2.11)

rameters of the classifier and are identified through additional training. Calculating the probability
of occupancy for a new location, X, is described in Equations (2.9) and (2.11). To form the map, a
LiDAR was used to scan the environment. For each scan the position of the obstacle was recorded,
if it was present, along with the appropriate state for that scan. If the scan did not reflect off of
an obstacle the correct classification, unoccupied, was associated with that location. In this way
the classifier now operates using the sensor measurements as input directly rather than requiring
the update of individual grid locations along the path of the LiDAR measurement. This approach
scales more easily to three dimensions than a grid-based approach since only a position and clas-
sification are recorded for each scan making the grid unnecessary.

The problem of updating each grid location to implement a safety boundary is addressed
directly by the GP model. A value can be set indicating a threshold probability of occupancy that
is acceptable for the robot to traverse. The level of risk for a particular path can therefore be set
explicitly in the path planning algorithm. It is also possible to vary the amount of acceptable risk
during operation of the system without revisiting each location as required by a grid-based map.

Grid-based occupancy maps have limitations that are addressed by the GP-based occupancy

map. The cumbersome record keeping of an occupancy grid, the poor scalability, and a simplistic
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approach to safety margins are removed as difficulties to a robotic system learning about its envi-
ronment. The work shows great potential as it was integrated into that research group’s pre-existing

UAV path planning algorithms.

Sensor Reduction and Calibration

Effective sensor calibration is a key component in contemporary autonomous systems. An
accurate nonlinear sensor model allows focus to be shifted to the use of the sensor output rather
than accommodating inaccuracies in the sensor model. Important issues that must be addressed
to improve the performance and reliability of modern autonomous systems include identification
of nonlinearities and characterization of noise in sensor output as well as developing a measure
of confidence in the measurement provided by the sensor. As nonlinear systems are considered in
more depth the range of mathematical structures the sensor model can adopt becomes a limiting
factor to our ability to calibrate sensors. Traditionally, complete knowledge of the sensor model
must be known to effectively calibrate the sensor, however, Gaussian process regression offers an
alternative that removes this burdensome requirement.

GP techniques have been previously used to estimate the pitch and roll of a passenger vehicle
relative to the road surface using a sensor already present on a test vehicle [48, 49]. The test
vehicle was equipped with a four-layer LiDAR for the purposes of identifying lane markings on
the roadway. A GP model was used to calibrate this sensor to estimate relative pitch and roll
of the vehicle. This model removed the need for an additional sensor to estimate these values,
typically a multi-antenna GPS receiver. A Septentrio multi antenna GPS receiver was used to
provide training data and a comparative measure of the LIDAR/GP estimates. Data was recorded
covering the expected range of pitch and roll of the vehicle and paired with measurements from
the GPS receiver. This data was then used to form the training data set. The measurements from

an individual LiDAR scan, p; , were formed into an input row vector:

X =[p1 P2 Pkl (2.12)
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and associated with the Septentrio measurement, y for the purpose of training. Accurate estimates
of the vehicle pitch and roll were then provided by the LiDAR while the Septentrio could be
removed during operation of the vehicle. The vehicle was put through a number of induced pitch
and roll maneuvers and the estimates provided by the GP model were compared to the Septentrio

measurements. The plots accompanying these values are seen in Figure 2.3
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Figure 2.3: Comparing GP model pitch and roll estimates to Septentrio measurements.

The GP model estimates were well within the half degree accuracy of the Septentrio measure-
ments having a mean square error of 0.0172 deg and 0.0398 deg for pitch and roll respectively.
The estimates were also calculated quickly enough, 0.003s per estimate, to allow for real-time im-
plementation given the 20Hz scan rate of the LiDAR. The ability to estimate vehicle attitude using

sensors that were already present for other reasons allows a reduced sensor set to be used.

Modeling of Dynamic Systems

Vehicle parameter and state estimation is a significant part of modern vehicle control sys-
tems. Specifically, estimation has become an integral part of controlling unmanned ground vehi-
cles (UGV). GP regression has been shown to be an effective technique to describe the dynamics
of non-linear systems. Furthermore, GPs address the difficulties encountered in previous attempts
to develop a flexible model and provide a means of control for the system. One such work consid-

ers the efficacy of modeling a four-wheeled vehicle with GP models. That effort investigated the
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usefulness of these methods on a system that has proven to be complex and has relatively faster
dynamics requiring fast calculations [30].

The form of the inputs and outputs for the GP must be determined. The model describes the
lateral behavior of a vehicle and therefore accepts the steer angle, d, as input and provide estimates
of the side slip angle, [§, and yaw rate, 7, as outputs. While this describes the input and outputs to
the system, an autoregressive structure was adopted to present the system input and outputs to the
GP for regression. A key parameter in forming the GP models is the number of previous input and
outputs to feedback as input to the model, also referred to as the lag space.

Two previous inputs and two previous outputs are fed back in addition to the current input to

form the lag space. Therefore, each case of input data will have the form

[517727 51'717 613[3172,[3171] (2-13)

The output of the GP model is the estimate of the current output or ﬁr in this case keeping in
mind that the sampling frequency of the training set, I00Hz, is preserved. A similar autoregressive

approach was taken to model and predict vehicle yaw rate. This results in the input shown here:
[0c-2,8¢-1,00,77-2,77—1] (2.14)

and the output of the GP model is 7;.

GP regression was used to map the two five-dimensional input-spaces to the estimates of f3;
and rz. It is important to note that the two estimators have two distinct input-spaces and therefore
are separated into two separate GP models. Each will have its own unique hyperparameters even
though they are modeling one system.

The simulated vehicle was excited using a chirp signal,

8 = %sin(O.lmz) (2.15)
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sampled at 100 Hz for ¢+ = 1s to 10s and corrupted by Gaussian white noise to mimic the noise
present should these values be measured directly from a vehicle. This noise had a standard devia-
tion of 0.5 deg.

A double lane change maneuver was used for validation. A test of model generalization is
provided by using a validation maneuver distinct from any of the training maneuvers. The data
recorded during the validation maneuver was then processed into input-output pairs as described

earlier with regards to the training data. Figure 2.4 shows that the estimates provided are accurate
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Figure 2.4: Side slip angle estimates, 3 (Left). Yaw rate estimates, 7 (Right).

as compared against the truth data. It also reveals that the 95% bounds are near +0.5 deg. Similar
analysis was performed with the yaw rate, r, estimates as both are required to estimate that position

of the vehicle.

2.2.4 Summary

GP regression offers simplified model selection in nonlinear problems, reliable training meth-
ods, and indication of estimate confidence. These attributes make the use of GP regression a
compelling answer to many of the questions faced in designing robotic systems. GPs have already
been used to improve obstacle avoidance and path planning, sensor calibration, and dynamic sys-
tem modeling. Results such as these demonstrate the effectiveness of GP regression in learning the
complex relationships inherent in all robotic systems. It is the ability to learn nonlinear dynamics

that makes GP regression a technique worthy of investigation for use in MPC.
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Chapter 3

Dynamic Gaussian Process Model for Vehicle Roll

3.1 Introduction

Use of model predictive control (MPC) has expanded in recent years given the corresponding
increase in computational power but still requires a trade-off between model accuracy and com-
putation speed. MPC has been applied to ESC in [15], and [16],both showing that a controller’s
ability to predict undesirable conditions early can allow for a more effective response even with
simplifications necessary to accommodate available processing capacity.

As discussed in Chapter 1, a number of works explore the use of simplified models for use in
MPC-based vehicle stability control [16, 18, 19, 20, 21, 22]. linearized online about the operating
point while the nonlinearities in the front tire model were “extracted” to remove the computational
burden placed on MPC during optimization of the control effort. This extraction was performed
using MPC to find an optimal value of lateral force on the front tire. The front lateral tire force was
then used, along with a nonlinear tire model, to find and command the associated steer angle. The
resulting method preserves the convexity of the optimization problem solved by MPC allowing
linear optimization methods to be applied. These works demonstrate that model fidelity and com-
putation time remain a difficult trade-off to make. An alternative approach to calculating an optimal
control effort is taken in this work. To begin, an alternative to the parametric model form used in
previous work is adopted. Gaussian process(GP) regression, a non-parametric machine learning
technique, is used to learn the vehicles dynamics rather than assuming a form and identifying pa-
rameters. The criteria necessary for this model to be successfully used in MPC are described and
the model’s performance will be evaluated against those criteria. A GP-based dynamic model is
presented incorporating GPS and inertial data recorded from a vehicle to demonstrated the speed

and accuracy of calculations.
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3.2 Gaussian Process Predictive Model

Four states are of interest in this application. The roll angle (¢) and roll rate (¢) are the first
two states considered as the aim is to constrain these values to prevent vehicle rollover. Figure 3.1
shows that the vehicle can be approximated by a sprung mass with ¢ describing the deviation of

the sprung mass from the vertical axis. The pair of states, ¢ and ¢, are referred to as the roll states
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Figure 3.1: Body roll free body diagram.

in this work.

In addition to the states describing vehicle roll, the lateral dynamics are also included in the
state vector, z. The vehicle sideslip () and yaw rate (r) can be used to reconstruct the path of the
vehicle and are coupled to the roll dynamics described above. Figure 3.2 shows 3 as describing
the angle between vehicle course and vehicle heading. The yaw rate is shown as the angular rate

of the vehicle around the vertical axis as it passed through the center of gravity.
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Figure 3.2: Bicycle model.

The complete state vector is defined by,

7= (3.1)

Adopting the discrete state-space form introduced in (2.3) the problem of model identification can
then be restated as the search for the function G(z;,u;). Note that the full state vector is assumed
to be observable. This work uses a nonparametric method of describing these functions rather
than assuming a model form and identifying model parameters. The method used to learn the two
functions here is Gaussian process regression as described in Section 2.2.

The input to each GP is comprised of the state vector z and additional inputs. Longitudinal
velocity (Vy) of the vehicle is also included in the input vector, x. However coupling between
longitudinal acceleration and the other vehicle states was ignored for this work and omitted from
the state vector. V still affects the dynamics of the vehicle and can not be ignored entirely. V; is
assumed constant and, while the V, dimension of the input does not select between discrete models,

vehicle speed can be thought of as a type of model scheduling in this context. Where a discrete
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value V, does not exist for the prediction being made a value is inferred based on the prediction of
closely adjacent models.
The steer angle at the steering wheel serves as the input to the system and is therefore also

included in the input to the GP. The entire vector fed to each GP as input is

(3.2)

N e S

Osw

3.2.1 Propagation of Uncertainty

The variance of the estimate given the input in (3.2) was addressed in (2.10) given that x
was considered certain. However the case where x is not certain was not address as part of GP
regression originally. Girard et al. addressed the propagation of estimate uncertainty in dynamic
GP models in [31].

The variance of the posterior distribution for a single-step estimate is easily calculated with
(2.10) however MPC depends on a multi-step estimate. The multi-step estimate can be found
iteratively though it becomes necessary to accumulate the prediction variance as each new step is
dependent on the previous estimate.

In [31] it is shown that while the mean of the distribution may be propagated naively in the
case of small o+, the variance must be corrected at each iteration. Building from (2.10) using

the law of iterated conditional variance and the second order Taylor series expansion the corrected
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variance was found as

where,

and,
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(3.5)

This type of correction was made in this work given that the predictions in the MPC are iterative

in nature and must be calculated to a distant but finite horizon. Any error bounds presented in this

dissertation for multi-step predictions were calculated with this method.

3.3 Model Identification and Excitation

The Prowler all-terrain vehicle from ATV Corporation shown in Figure 3.3 was instrumented

and used to perform experimental validation of the model. A Septentrio 3 antenna GPS receiver

was used to measure vehicle speed, attitude, course, and heading during training and validation.

A Crossbow 440 6-DOF inertial measurement unit (IMU) was used to measure yaw and roll rates

as well as refine the GPS data when filtered together in an extended Kalman filter(EKF). Details

of the GPS/INS EKF can be found in [50]. Steer angle, dsy, was measured at the steering wheel
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Figure 3.3: ATV Corporation Prowler vehicle instrumented for data collection.

using a Celesco string potentiometer connected to the steering wheel shaft and measured by a
10-bit analog to digital converter.

Dynamic system identification requires that input to the system during identification be suffi-
ciently rich for parameter estimates to converge. The condition extends to nonparametric models
such as the GP model. Lack of persistency of excitation affects the nonparametric case by de-
grading the training data’s ability to sufficiently describe the system’s behavior with regards to a
variety of states and inputs. Taking the machine learning perspective, the function that is regressed
by the GP must be sufficiently sampled within the region which inference will be performed. The
space defined by the dynamic system’s state and input forms the input-space to the GP. Ideally,
the function would be sampled uniformly throughout this space however this can prove difficult
with a dynamic system. The dynamics of the system can limit sampling within the input-space
to trajectories through that space. Exciting the input ensures that the training data that will result
from sampling the function along these trajectories will be sufficiently rich to infer values of the
function and predict the next state of the system given the current state and input. The need for

persistently exciting input is also necessary for thorough model validation. A trajectory, or set of
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trajectories, that occupy a greater area in the input-space will evaluate the model’s accuracy over a
greater variety of states and inputs.

Generally, in system identification signals such as an impulse, step, or white noise are used
to persistently excite the system for identification. While effective, these signals can be difficult in
practical identification given the inherent discontinuities. However, they all share the attribute of
exciting the system over a variety of frequencies. A more practical signal that excites the system
over a variety of frequency is a chirp, or sinusoid with sweeping frequency. It was this signal that
was used to collect data and train the dynamic GP model of the ATV Corp Prowler. The vehicle
was manually steered while state and input data was recorded. A series of sinusoidal maneuvers
were performed with varying frequencies to approximate a chirp input. The steer angle (system
input) used during training is shown in Figure 3.4 along with the longitudinal velocity during
data collection. This data was recorded over a variety of longitudinal velocities around which the

validation maneuver was expected to be performed. The bandwidth of possible inputs is limited
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Figure 3.4: Steer angle and velocity during training maneuver.

by mechanical design and driver strength. Examining the frequency content of the input during the

training maneuver in Figure 3.5, it becomes clear that the input is of a low frequency. However,
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Figure 3.5: Frequency content of steer angle during training maneuver.

the frequency content is distributed over the bandwidth indicated rather than concentrated on a
single frequency. It should also be noted that wheel lift occurred multiple times during the training
maneuver thus exciting the dynamics near the bound of stability.

Validation of both parametric and nonparametric models for lateral and roll dynamics of ve-
hicles is often performed with maneuvers that induce vehicle roll and sideslip, both of which are
phenomena that lead to vehicle rollover. Two maneuvers are commonly used to induce vehicle roll
and sideslip and can be performed on the experimental platform. Lambert focused on the NHTSA
fishhook in [13]. This maneuver was excluded from experimental validation to avoid completely
rolling the vehicle and destroying the instrumentation though it is studied later in this work with
simulated results. Edwards [51] used a double lane change (DLC) in CarSim simulations. The val-
idation maneuver used here was a DLC on an ISO 3888 standard course with a measured vehicle
width of 45¢m. A depiction of this course and the path of the vehicle are shown in Figure 3.6. The
steer angle and velocity over a typical validation maneuver are shown in Figure 3.7. In total, the

model was validated using 30 individual DLC maneuvers in addition to typical driving to position
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Figure 3.6: ISO 3888-2 double lane change course.
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Figure 3.7: Steer angle, 0, and velocity during a single DLC validation maneuver.
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the vehicle at the start of the DLC course. The input and velocity during the entire training dataset

is shown in Figure 3.8.

40
30
20
10
0
-10
-20
-30
B A I I BN ILEL L IR I LRI IR B
0 100 200 300 400 500 600 700 800 900

Steer Angle (deg.)

20

15

10

0 Tt r[rrrr[rrrr[rrrr[rrrr[prrro|rrrrjprrrrprrrr)

0 100 200 300 400 500 600 700 800 900
Time (s)

Longitudinal Velocity (m/s)

Figure 3.8: Steer angle, 0, and velocity during all validation maneuvers.

Comparing the frequency content during training from Figure 3.5 with that of the frequency
content during validation in Figure 3.9 reveals that while the bandwidth of the training data was

limited it encompasses that of the validation data.

3.4 Prediction Accuracy

Gaussian process regression was performed four times, once for each state, using data col-
lected during the training maneuvers described in Section 3.3. The functions estimated by these
four GPs comprise the model of the system to be used in a model predictive control. The predic-
tive capabilities of the GP model were evaluated by comparing the predictions with measurements
gathered during the validation maneuvers. The posterior variance was also calculated for the GP

predictions to offer a method of evaluating their quality.

34



0.25

0.2

magnitude
©
o

]

o
—
|

0.05

O —
-5 0 5
Frequency (Hz)

Figure 3.9: Frequency content of steer angle, 0, during all validation maneuvers.

3.4.1 Single-step Prediction Accuracy

Single step predictions during a single DLC are shown in Figures 3.10 through 3.13 for
sideslip, yaw rate, roll angle, and roll rate respectively. =~ Two-sigma bounds were also plotted
to indicate the posterior standard deviation for those estimates. The standard deviation, o, for each
estimate is interpreted as a measure of confidence in the estimate and the measured value used as
truth should lie within the 20 bound 95.4% of the time. The measured truth lies within the bounds
in most cases however the most notable exception is seen in Figure 3.13 near t = 407.5s or more
clearly on the phase plane of the roll states in Figure 3.14. Two approaches may be adopted to
correct this inaccuracy. First, more data should be collected to further excite the roll dynamics.
Second, as constraints are consider in for MPC a sufficient margin should be provided to prevent
inaccuracies such as these from allowing the system to operate in an unstable state.

Examination of the phase plane for the lateral states in Figure 3.15 shows the estimated trajec-
tory matches the measured trajectory more closely than the roll dynamics trajectory. The previous

figures highlight a typical DLC used for validation of the estimates but the validation dataset is
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Figure 3.10: Sideslip angle during typical DLC validation maneuver.
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Figure 3.11: Yaw rate during typical DLC validation maneuver.
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Figure 3.13: Roll rate during typical DLC validation maneuver.
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Figure 3.15: Lateral dynamics phase plane during typical DLC validation maneuver.
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comprised of many of these maneuvers. The root-mean-square (RMS) errors between the single-
step estimates and measurements for the entire validation dataset are listed in the first column of

Table 3.1.

Table 3.1: Summary of single-step estimate quality.
State 1-step RMS
Sideslip (B) 0.3190°
Yaw Rate (r) 1.1084des/s
Roll Angle (¢) 0.0474°
Roll Rate (¢) | 2.423deg/s

3.4.2 Multi-step Prediction Accuracy

Examination of single-step prediction accuracy indicates the success of training but does not
speak to the ability of the model to iteratively predict the vehicle state over the distant horizon.
Feedback is introduced as shown in Figure 3.16 to predict the vehicle state over the receding
horizon necessary for MPC. The initial state provided to the model, z;, is measured at the current
time, k. Ten steps are used in a number of works including [22] and that length horizon was
adopted for this work. The state estimate of interest is Zg 1. Z;1 through Z; ¢ are fed back in an
iterative fashion to arrive at a value for Z; 9. Vi is the current longitudinal velocity as measured
from the vehicle and is assumed to be constant. This assumption ignores any coupling between
the longitudinal, lateral, and roll dynamics of the vehicle but does not adversely affect the estimate
quality as demonstrated here. The steer angle, dsy, was measured at the steering wheel and related

to the steer angle at the road wheels with

8 =—0.16592 - (8gy — 604) (3.6)

where 604 was the measured A2D value at a zero steer angle and —0.16592 was the resolution in
degrees per count. For training and validation A2D value representing the steer angle, dgy, was

provided as input to estimate the states through Z; 9. The relationship in (3.6) was used only to

39



Sideslip b

— GP
;

| Yavg;ate
o,V ,z z
X & k+1
R T

RollAngle [®

—p GP
Roll Rate | ®

- GP

Figure 3.16: Predictive model based on regression of four separate Gaussian processes.
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plot the values. This relationship between the A2D count and steer angle was incorporated into the
model and learned through the training process.

The state z; as measured at the current time was assumed to be exact. The posterior variance as
calculated for the single-step predictions with (2.10) is then propagated through the next iteration
with (3.3) as described in Section 3.2.1. Each successive estimate carries with it a portion of the
uncertainty of the input for that step. The uncertainty will typically grow with each pass through
the GP model effectively limiting the usefulness of the model for very distant horizons. Figures

3.17 through 3.20 show a single ten-step prediction for each state predicted by the model. Each
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Figure 3.17: Single ten step prediction of Sideslip angle during typical DLC validation maneuver.

of these figures show the 20 bound growing with each successive estimate starting at a common
initial time. The initial value shown depicts the measurement of the current state which is taken
to be certain accounting for the large jump in certainty at the beginning of the iterative process.
The individual bounds grow at unique rates that depend on how well each GP was trained and the
location the posterior of that GP was sampled. In each case the truth measurements lie within the

bounds indicated and are often very close to the truth measurement.
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Figure 3.18: Single ten step prediction of yaw rate during typical DLC validation maneuver.
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Figure 3.19: Single ten step prediction of Roll angle during typical DLC validation maneuver.
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Figure 3.20: Single ten step prediction of roll rate during typical DLC validation maneuver.

The calculation of the states Z; | through Z;, 1 given the current state z;, longitudinal velocity
V., and the steer angles &y through &, ¢ illustrates how predictions are made over the finite horizon
during one sample period. The ten-step predictions over a single DLC validation maneuver are
shown in Figures 3.21 through 3.24. At each time shown on the plots the ten-step estimate is
shown using z;_ ¢ as the initial condition. =~ Each plot shows that the ten-step estimates match
the truth measurement closely though to a lesser accuracy than the single-step estimates. This
degradation in accuracy is expected as the uncertainty in each individual estimate accumulates
with each iteration. The ten-step estimates are less accurate but still lie within the 20 bounds and
match the truth to greater accuracy than the bounds reveal. Examination of the lateral and roll state
phase planes in Figures 3.25 and 3.26 show that the ten-step estimates behave in a similar manner
to the single step estimates though with reduced accuracy.

Again, these figures only depict ten-step estimate accuracy over a single validation maneuver.
To characterize the ten-step estimate quality over the entire validation dataset the RMS error of the

estimates are shown in Table 3.2. The single-step estimates are included in that table to offer easier
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Figure 3.21: Ten step predictions of sideslip angle during typical DLC validation maneuver.
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Figure 3.22: Ten step predictions of yaw rate during typical DLC validation maneuver.
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Figure 3.23: Ten step predictions of roll angle during typical DLC validation maneuver.
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Figure 3.24: Ten step predictions of roll rate during typical DLC validation maneuver.
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Figure 3.25: Ten step predictions of lateral dynamics on a phase plane during typical DLC valida-
tion maneuver.
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Table 3.2: Summary of single-step and 10-step estimate quality.

State I-step RMS 10-step RMS
Sideslip (B) 0.3190° 1.629°
Yaw Rate (r) 1.108°/s 6.0464e/s
Roll Angle (¢) | 0.0474° 0.2398°
Roll Rate (¢) 2.423°/s 3.964des/s

comparison and evaluation of how the iterative process degrades the accuracy. In both cases the

GP-based model shows acceptable accuracy to make predictions over the finite horizon.

3.5 Optimization Method and Computation Speed

Solving the nonlinear constrained optimization at the heart of MPC as described in Section 2.1
remains the primary impediment to broader adoption for nonlinear systems with a faster sample
rate. The computation of the optimal control effort must be carefully carried out in a manner
that allows for rapid optimization without sacrificing predictive accuracy. Much of the prior work
focuses on linearizing the model in a manner that facilitates this trade-off. Here, a counter-intuitive
method to perform nonlinear optimization with a GP model will be discussed.

The calculation of posterior means as seen in (2.9) is a linear operation. Given that the system

is assumed to be time-invariant, a portion of the calculation can be performed a priori such that

j. =K, Ky (3.7)
N——

calculated
a priori

is reduced to a single vector-vector operation to produce a single estimate where K, is a 1 X n
vector. K, can be augmented with additional rows in the case where multiple estimates are desired.
Each row represents a point in feature-space where an estimate is to be calculated. As K, is now
an m X n matrix, where m is the number of estimates to be calculated in a single operation, the

calculation of estimates is a linear matrix-vector operation.

47



Modern processors are centered around this type of calculation. Linear algebra operations are
implemented and optimized by processor manufacturers and a standard, portable interface is pro-
vided through the Basic Linear Algebra Subprograms (BLAS). Further study and optimization of
the BLAS routines has been performed in a number of works such as [52]. Further improvement in
calculation speed can be gained through the use of graphical processing units (GPUs) as described
in [53].

Calculation speed can be made shorter through the use of BLAS, or similar routines and often
outperforms a naive implementation of matrix-vector multiplication. The complexity of matrix-
vector multiplication is described as &'(2mn) with respect to the size of the two operands described
above. However, as each implementation of the matrix-vector operation is tailored to the platform
on which it will be performed, the advantages of each architecture, including parallelization, can
be leveraged to speed calculation. The improvement in speed through the use of optimized code is

depicted in Figure 3.27.
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Figure 3.27: Matrix-vector computation time vs. naive complexity.
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Estimates were calculated on a desktop computer with four Intel processors. The number of
estimates calculated by a single matrix-vector operation was increased and the average time over
100 calculations was recorded and normalized with the single estimate calculation time. Paral-
lelization becomes more effective as the number of estimates becomes large. Figure 3.27 clearly
shows that as the number of estimates calculated increases, the advantage of exhaustive search
with the GP model over exhaustive search with a naive nonlinear-model grows.

How an algorithm’s complexity scales is an important characteristic but ultimately the calcu-
lation must be completed within the sample period of the system. Given the vehicle is controlled
and sampled at S0Hz in this chapter the calculation of control effort must be completed within
20ms. Generating estimates of the four states in (3.1) for 200 discrete steer angles over the system
input-space for a ten step horizon was completed in only 54us. Plenty of time remains to calcu-
late the cost and constraints necessary for the GP model and select the optimal steer angle while
respecting the constraints. These calculations were performed on a contemporary desktop PC that
is commercially available thus lowering the hardware requirements to implement a nonlinear MPC
for systems with “fast” dynamics. The requirements are low enough to make such an approach
feasible with commonly available hardware rather than requiring expensive groups of machines.
The choice of 200 steer angles was chosen to be sufficiently dense within the steer actuator con-
straints. Those two hundred predictions correspond to an accuracy of one quarter degree of steer
angle at the drive wheel. While that choice was arbitrary here, it may be possible to develop a
method to define this value more deliberately using the characteristic length scale for the steer
angle dimension identified during training.

This approach to search for the optimal steer angle in the linear feature-space does not com-
pletely circumvent costly nonlinear calculations. The covariances detailed in (2.7) call for a large
number of exponentials to be calculated prior to estimating the next state. Repetitive calculation
of the exponential is fundamental to many algorithms including neural networks. Schraudolph
studied the exponential to increase speed of neural computation in [54]. As GP and neural models

are closely related that work is directly applicable to this effort. An approximation of the natural
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exponential function is formed by taking advantage of the binary exponential form used by most
processors to store floating point values.

The IEEE-754 standard representation of a floating point value calls for a sign bit followed by
an eleven bit exponent that includes an offset of 1023. A fifty-two bit mantissa completes the value
that occupies a total of 8 bytes in memory. The first four bytes (comprised of the sign, exponent,
and the most significant 20 bits of the mantissa) are designated as an integer value iexp. The other
four bytes (the least significant 32 bits of the mantissa) are designated as jexp and are initialized to

zero. An approximation of ¢* can be made using

fexp =ay+ (b—c) (3.8)

where a = 220/In(2) and b = 1023 x 2?% are calculated and stored once. Quantization error is
corrected by the value of ¢. The values of a, b, and ¢ presented in this section are distinct from those
values as presented elsewhere in this work. The minimum RMS error as compared to the original
function is obtained for ¢ = 60, 801. icxp and jexp are stored in adjacent memory locations and the
result of (3.8) is allowed to overflow into jexp. The resulting approximation is equivalent to that
obtained from a lookup table with 2!! entries for integer valued exponents and linear interpolation
for real-valued exponents. The quality of the estimates is identical but the computation time is
reduced. This method is over 3 times faster than the typical algorithm that is implemented in math
function libraries and 1.6 times faster than the equivalent lookup table with linear interpolation.
The reduced relative speed is beneficial but it must translate into a real-time calculation for
the application at-hand. 32,768,000 exponential calculations are required during each sample
period to estimate 4 states over 200 possible steer angles over a 10 step horizon with a training
set of 4096 data points. On the same desktop discussed above these operations are completed
in 15.463ms averaged over one thousand samples. Not surprisingly, the nonlinear portion of the
method remains the most time consuming. However, through the use of optimized methods of

computation an exhaustive search for the optimal control effort becomes feasible.
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3.6 Conclusion

A suitable method of modeling lateral and roll dynamics of a passenger vehicle for model
predictive control was presented. The model presented here was formed using Gaussian processes
to learn, and later predict, the states of a passenger vehicle relevant to constraining the roll dynam-
ics. Additionally, a method of performing nonlinear constrained optimization with the model was
presented and shown to be computationally simple enough to be performed within the sampling
period typical of stability control systems. The accuracy and speed of this model will be put to use
in the next chapter.

First, training and validation of the model was described and evaluated for accuracy. Single-
step prediction for a series of double lane changes demonstrated that training was successful. Ex-
amination of the posterior variance associated with these estimates provided a measure of confi-
dence in the estimates. Multi-step prediction was performed over the same validation dataset and
the uncertainty in the estimates was propagated to the prediction horizon. The measured values
of the states consistently fell with in the 20 bounds of the estimates. This comparison showed
the predictions were often more accurate than evident by examining the bounds taken from the
posterior variance.

Second, it was shown that an exhaustive search for the optimal steer angle was made reason-
able through the nature of the Gaussian process regression calculations. The nonlinear projection
of the input to each Gaussian process onto the feature-space is time consuming. However, the
uniformity of the projections allows for optimization of the implementation and straight-forward
parallelization. After projection onto the feature-space, the calculation of multiple estimates is re-
duced to a single matrix-vector operation. This type of linear operation is the foundation of modern
processing and is efficiently implemented by a number of currently available devices.

Accurate and timely predictions were demonstrated in this chapter by using a Gaussian pro-
cess to learn the nonlinear state-space model. Where other models suffer from degraded accuracy
due to linearization [16, 18, 19, 20, 21, 22] this approach offers a path forward in implementing

MPC using a nonlinear model. The computations required were performed on a modest desktop
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PC that is commercially available. An expensive and intricate cluster of machines was not neces-
sary as would be the case with a more conventional approach to computation. With the ability to
make accurate predictions quickly, the performance of the model must be demonstrated within a

model predictive controller and additional computational savings should also be investigated.
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Chapter 4

Large Dataset Approximation

4.1 Introduction

Gaussian process regression offers accuracy in the presence of measurement noise and the
ability to describe nonlinear functions without prior knowledge of the functions. These attractive
features of the technique come at a price, namely a large computational burden due to the large
datasets required. GP regression is being used in a growing number of applications, however this
burden provides an outstanding issue to be addressed. Methods to incorporate the information
contained in these large datasets will need to account for the the limitations of contemporary com-
puting systems. It is also paramount that any method to reduce computation should limit its effects
on model accuracy to preserve the benefits of GP regression that encourage its use.

The work in this chapter aims to reduce the computation required to make accurate estimates
with GP regression through the sparsification of the covariance matrix, K. Rather than selecting
a subset of points and discarding the remaining samples of the underlying function, the informa-
tion gained through extensive sampling is incorporated into a reduced-sized set of points that are
characteristic of the sampled data as well as the underlying function. A reduced-sized covariance
matrix allows faster calculation of estimates as required for distant-horizon prediction of dynamic
systems. Without a method of reducing computation, the use of GP in predictive control and
distant-horizon prediction will continue to be limited to systems with “slow” dynamics.

The remainder of this chapter begins with a review of previously developed techniques. A
new method of reducing computation is then detailed with the use of a simple problem before
being expanded for use in higher dimensional problems and dynamics systems. The selection of

algorithm parameters is discussed and a suggested method of selection is presented.
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4.2 Previous Work

Already, a number of methods to reduce computation in Gaussian process regression and
classification have been presented in Chapter 1. Examining the literature regarding support vector
machines (SVM), a closely related method, reveals a number of works where clustering of the
data was employed to reduce the size of the covariance matrix prior to inversion. These works
use SVMs in the role of a classifier rather than a regressor, but the similarities in the underlying
algorithm remain the same. Zhang used the average value of training data within each class to train
a SVM [55]. Two separate works by Koggalage [56] and Wang [57] clustered training data using
the k-means algorithm prior to SVM training. Such an approach requires the choice of how many
clusters will be formed prior to processing data. This issue of selecting algorithm parameters exists
in the work by Qi [58] that employs fuzzy C-means clustering in addition to another parameter that
accounts for soft boundaries between clusters. However, these works leave parameter selection as
an open issue.

Wang uses k-means clustering for classification [59] and suggests a heuristic method of se-
lecting the number of clusters. Boley uses Principal Direction Divisive Partition clustering in [60],
a method dependent on selection of initial clusters but allowing for variation in this number during
processing of the dataset.

An alternative clustering method is used by Shaohua in [61] that requires selection of a radius
to be used as a threshold. The algorithm used in that work is similar to that presented here though
that work focuses on classification rather than regression and is limited to the SVM framework.
Choice of the cluster radius is not detailed in that work as it will be here.

Reduction of computation in GP regression is treated with a clustering method in [30]. That
work shows that clusters of data points can be described by averaging both inputs and outputs and
using the cluster center points to train the GP. The computation versus accuracy compromise can
then be managed directly through the adjustment of the clustering threshold. The work demon-
strated the technique by modeling the lateral dynamics of a vehicle. While sensitivity to the cluster

threshold is discussed no guidelines for its selections were offered. Here, a method for algorithm
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parameter selection is suggested. Additionally, that work relied on a single cluster threshold for
all dimensions of the input-space. This is not an acceptable limitation as the function being re-
gressed may be more sensitive along some dimensions in comparison to others. The extension of

the clustering method to allow for varied thresholds is also addressed here.

4.3 Clustering

While clustering has proven useful in classification problems using the related SVM method,
the path to using clustering for regression is less clear. Clustering in classification problems is
performed by treating all data belonging to a single class as a cluster. In the case of classification
all data belonging to a single cluster is easily identified. This is not the case in regression where
all data is associated with a location in the input-space. It follows that data located in the same
neighborhood in the input-space may be considered a cluster but the definition of what constitutes
a neighborhood remains an open issue.

As previously described, a Gaussian process can be thought of as a Gaussian distribution in a
higher dimensional space. Given this similarity, a method of averaging multiple samples measured
at the same point within the input-space is considered. The presence of noise on the input and
output complicate this by causing measurements that would otherwise be considered to have the
same location to appear as if they were gathered from unique, but similar, locations in the input-
space. Rather than averaging measurements from the exact same locations, measurements that
are similar enough are considered to be from the same neighborhood and therefore the associated
outputs are averaged. Choosing the definition of similarity is often an important step in finding
clusters within a dataset. Here, similar points in the datasets will be within a small Euclidean
distance in the input-space given the assumption that a smooth function underlies the noisy data.
The task of grouping similar points is often performed using a method of finding clusters.

There are many methods of finding and clustering points within a dataset. A few clustering
methods are reviewed below to explore the attributes necessary for simplification of GP regression.

Each of these methods require its own set of parameters prior to locating clusters in a dataset. Some
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works have given casual mention to the use of clustering to reduce computation [26] but have not
prescribed a method of clustering nor a method of determining the parameters for the clustering
algorithm. The review in the following subsections explores the parameters necessary for some of
the most popular clustering methods in order to properly choose the method appropriate for this

work.

4.3.1 k-Means Clustering

Among the most commonly used algorithms is k-means clustering. The k-means algorithm,
as described in [62], requires the number of clusters to be selected a priori and proceeds to use
Euclidean distance to determine similarity. The resulting clusters are spherical in shape and of
varying sizes. These attributes of the clusters can prove troublesome given that their purpose is to
negate the measurement noise on the inputs. The output may vary more significantly with respect to
some inputs than others requiring ovate clusters as opposed to the spherical clusters provide by the
k-means algorithm. The size of the clusters should be dependent on the underlying function rather
than how much data was sampled in a particular neighborhood of the input-space. As k-means does
not limit the size of the cluster, an individual cluster can grow to incorporate measurements from
locations that should be considered distinct and, in doing so, degrade estimates of the output. The
k-means approach to clustering also results in every point being assigned to an individual cluster.
The number of clusters is fixed and must be selected prior to processing the data leaving outliers to
be assigned to the nearest cluster. The forced inclusion of outliers within a cluster serves to skew
the distribution of points with that cluster and adversely affecting the value assigned to represent

its average output.

4.3.2 Hierarchical Clustering

Hierarchical clustering offers an alternative approach and was presented in [63]. The algo-

rithm results in a tree structure that describes the proximity of different measurements. Depending
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on how proximity is determined, spherical clusters may result. This is not an insurmountable prob-
lem with the algorithm but remains undesirable is a single characteristic length scale is assumed
as it is in Gaussian process regression. While hierarchical clustering requires no a priori parameter
selection, the tree structure needs to be split to describe individual clusters after execution. The
choice of how and where to split the tree is an open issue and can directly affect the size of a cluster
relative to other clusters. All points will be incorporated into a cluster in a similar manner to the

k-means algorithm. This results in sensitivity to noise and outliers as described earlier.

4.3.3 Wilamowska’s Algorithm

Hierarchical and k-Means clustering both form clusters based only on how similar the points
are in the input-space without regard for the nature of the underlying function. This lack of con-
sideration for the application at hand can result in points being clustered that are not appropriately
similar. A method that limits the cluster size will allow for clusters that counter the presence of
noise on the inputs but differentiate points that can be explained by a significant change in the
underlying function. Wilamowska and Manic describe such a method in [64].

Identifying the clusters within the input-space begins by assuming the first data point of a
training set is the location of the first cluster. Each data point is then evaluated in turn. If it is
within a maximum Euclidean distance from a preexisting cluster that cluster is adjusted according
to

jl,)—((ji) +x

U = e (4.1)
1

where X; is the cluster location, x is the current measurement location, and j; is the number of
measurements currently included in that one cluster. The output values within each cluster are
averaged in the same manner. If no cluster is within the maximum distance, a new cluster is
formed. A list of cluster center points and average output values for each of the clusters is the
output of the algorithm. The index of these clusters, i, ranges from 1 to m where m is the quantity
of clusters.

In summary the following steps were taken to form clusters of the input-output pairs:

57



Algorithm 1
(* Clustering method described by Wilamowska )

1. assume first input-output pair to be initial cluster

2.  for each input-output pair in dataset

3. evaluate Euclidean distance to previous clusters

4. if distance to any previous cluster is below threshold distance
5. add input-output pair to closest cluster

6. else

7. form new cluster centered on input-output pair

This clustering algorithm requires that a threshold distance be determined prior to processing
the input-output pairs. A method of determining a suitable value for this parameter is detailed
below. The ability to grow the set of clusters as necessary allows the algorithm to handle outliers
more gracefully than the k-means and hierarchical methods. The outlier will form its own cluster
and not affect the others as is the case with the other algorithms. For this application an outlier
indicates a location within the input-space that was not sampled as throughly as others. It may be
the only data from that neighborhood and should not be discarded but it is improper to force it into
a cluster with an otherwise dissimilar set of input-output pairs. The resulting spherical clusters still
prohibit accounting for varying sensitivities to individual inputs. However, a simple transformation

of the input-space based on the relative sensitivities to each input can rectify this deficiency.

4.4 Single Dimension Example of Clustering

A one dimensional function is used to demonstrate the results of the method in a manner that

is easily visualized. A sinc function,

y(x) = (4.2)
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provides a nonlinear function for the GP to learn. Measurement noise will be added as necessary

for demonstration. Figure 4.1 shows the sinc function along with the uniformly distributed random

sample locations used for training.

0.5

Full Gaussian Process

95% Conf.
m Truth

Samples
= = = Estimate

Figure 4.1: A GP trained to learn the sinc function without clustering.

Figures 4.2 and 4.3 demonstrate the effectiveness of clustering on the one dimensional sinc

function. The cluster threshold was determined by increasing its value from zero until the entire

dataset was incorporated into a single cluster. The RMS error of the estimates and size of the

covariance matrix, K, are plotted as functions of the clustering threshold in Figure 4.4. If the

threshold is chosen too small the matrix size will remain large and the method will fail to reduce

computation. If the threshold is chosen too large dissimilar data points will be averaged and the

accuracy of the estimate will be degraded. In the extreme case of selecting an over-sized threshold,

all points will be treated as a single cluster and the estimator will only provide the mean value

of the training data albeit very quickly. This degraded accuracy is shown in Figure 4.5 and 4.6.

Therefore, properly selecting the clustering threshold is critical to the success of the method.
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Figure 4.2: Cluster centers found with appropriately sized threshold found through exhaustive
calculation.
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Figure 4.3: GP regression from cluster centers with appropriately sized threshold found through
exhaustive calculation.
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Figure 4.4: Effect of threshold on mean squared error and computation.
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Figure 4.5: Cluster centers found with inappropriately sized threshold.
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Figure 4.6: GP regression from cluster centers with inappropriately sized threshold.

4.5 Determination of Clustering Threshold

In selecting a clustering method, a meaningful and effective way of determining its parameters
must also be provided. The clustered data in this work is intended to group together points within
the input-space that are close enough to be considered similar. The proposed clustering algorithm
forms clusters with a given radius. However, it is necessary to provide the clustering algorithm
with this radius prior to execution. A suggested value for this threshold can be formed based on
knowledge of the function being estimated by GP regression.

Among the hyperparameters discussed as part of GP regression were the length scales, /;, of
each dimension of the input-space. The concept of a length scale is covered throughly in [65]
though [26] speaks of it informally as “the distance you have to move in input-space before the
function value can change significantly”. Taking Rasmussen’s [26] definition it is clear that the
length scale of a function may form a basis for defining similar points within the input-space.

This chapter asserts only that in using the length scale as a basis to chose the clustering threshold
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the training dataset can be reduced without significantly affecting the accuracy of the estimates

provided. The length scales of each dimension of the input-space are identified as part of training

in GP regression. However, any method that identifies the length scales would be appropriate to

determine the clustering threshold parameter.

Two similar points within a one dimensional neighborhood with a diameter equal to the length

scale may be clustered together appropriately. The clustering threshold defines a radius around a

cluster center within which similar points should lie. Adding an additional factor of two leads to

the selection of a clustering threshold that is one fourth the length scale. Applying this rule to (4.2)

results in cluster centers as shown in Figure 4.7 and the corresponding estimates in Figure 4.8.
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Figure 4.7: Cluster centers with clustering threshold from length scale estimate.

The frequency of the sinc function was varied to demonstrate the effectiveness of this criteria

for a variety of length scales. The function

-SIn WTX

y(x) = “onr (4.3)
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Figure 4.8: Estimates of sinc function with clustering threshold from length scale estimate.

was sampled 500 times on the interval [—5,5] while varying values of @ from 1 to 10. Figure 4.9
shows the RMS error of the GP estimates from unclustered and clustered datasets over the same
interval.

It is clear that the values match closely, although the clustered RMS is typically worse to a
small degree. The trending as @ is increased can be explained by the frequency of sampling in
comparison to the frequency of the sinc being sampled. This is not a concern as the trending is
seen in both the unclustered estimates and the clustered estimates.

The size of the covariance matrix is also shown in Figure 4.9. Each unclustered GP was the
size of the sampled data, or 500 by 500. After clustering, considerable reduction in size could be
seen for all values of @ shown. As the frequency of the sinc function increased, the length scale
found while training the unclustered GP became smaller (calling for smaller clusters). The size of
the covariance matrix grew with the decreased size of the clusters as expected in order to preserve

the accuracy of the estimates provided. This method of clustering and selecting the clustering
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Figure 4.9: RMS estimate error and matrix size before and after clustering for functions with
decreasing length scale.

threshold best suits applications where estimate accuracy is the focus and computation time is less

critical but still requires reduction.

4.6 Application to Higher-Dimensional Input Space

Clustering is demonstrated on a two dimensional function to extended the example from the

previous section. The two dimensional sinc function

sin T/x% +4y? 4.4)

z(x
( T/ X2+ 4y?
was sampled one thousand times within the intervals x = [—5,5] and y = [—5, 5] to form the training

dataset. The full training dataset was then used to learn the function and form a baseline for
prediction accuracy prior to clustering. The estimates generated using GP regression and the full

training dataset are shown in Figure 4.10.
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Figure 4.10: 2D sinc function with varied length scales (left). Estimates from full GP of 2D sinc
function (right).

Training with the full dataset yielded length scales of [, = 2.420 and [, = 1.201. Each point
in the input-space was transformed to accommodate the differing values of the length scales using

the transformation

XT X
— diag : { i 4, } (4.5)
yr y

as suggested previously in Section 4.5. Clustering of the training dataset was then performed with
a threshold of one using the transformed inputs x7 and yr. The resulting cluster centers were
then transformed back into the original input-space. Figure 4.11 shows the location and shape
of the clusters. The ovate shape of the clusters is introduced by the process of transforming the
input-space and accounts for the functions varied sensitivities to the inputs x and y in this example.
The more sensitive dimension, y, requires the clusters to be more dense while the x dimension
allows for a more sparse clustering. Ignoring the varied sensitivities would require a compromise
to be made. In choosing an isotropic clustering threshold according to the length scale of the y
dimension would yield accurate estimates but at the expense of computation time. Choosing an
isotropic clustering threshold according to the length scale of the x dimension will cause dissimilar

samples to be clustered together at the cost of estimate accuracy.
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Figure 4.11: Clusters in two dimensions found using length scales and transformed input-space.

The cluster centers were used to train a GP and estimates over the same interval were made.

The estimated surface is shown in Figure 4.12.

i
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e

Figure 4.12: 2D sinc function with varied length scales (left). Estimates from clustered GP of 2D
sinc function with transformed input-space to allow for ovate clusters (right).

The RMS error of the estimates prior to clustering was 0.0004407. After applying clustering

with the threshold chosen according to the suggestion made above the RMS error was .006834.
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Table 4.1: GP input length scales for each state estimator from recorded data
| Estimator | I Loy | Ly | e ] ls

| B [ 107770 | 1.569 [ 0.212643 | 1.7382 | 15.7994 | 160.6614 |

While some accuracy was sacrificed it was not a significant degradation. However, the size of the
covariance at the heart of GP regression was reduced significantly. Using the full dataset required
a 1000 by 1000 covariance matrix. After clustering was applied the covariance matrix was reduced

to 490 by 490 thus reducing the time required to generate estimates and train the new GP.

4.7 Application to Dynamic Systems

The example above demonstrates the clustering algorithm on a two dimensional problem but
scales nicely to the higher dimensions required by the dynamic vehicle models in this dissertation.
The clustering algorithm was applied to the sideslip estimator developed in Chapter 3. The length
scales found during training with the full training dataset are listed in Table 4.1. The input-space
of the training dataset was transformed according to (4.5) and clustering was performed. Figure
4.13 shows the single step predictions for both the unclustered and clustered training data. Visually
the two estimators match each other and the truth measurements well. Prior to clustering the RMS
error was 0.3190 using a covariance matrix of size 4048 by 4048. After clustering the RMS error
was 0.3635 using a covariance matrix of size 818 by 818. Again, a small sacrifice in accuracy
(13.95%) yields a training dataset that is less than a quarter the size of the unclustered dataset.
Given the ¢'(n?) scaling for a naive calculation of estimates and the ¢&'(n’) scaling for matrix
inversion during training this reduction in size reduces computation time effectively. Furthermore,
the results for this problem are consistent with those of the illustrative examples presented above
indicating that the method is applicable to more practical problems. In the Chapter 5, it will be

shown that the sacrificed accuracy does not prevent control and constraint of the vehicle dynamics.
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Figure 4.13: Sideslip estimate using clustered training data.

4.8 Conclusion

A clustering method of reducing the computation required for Gaussian process regression
was presented. Clustering had been applied to classification problems using the related support
vector machine method of learning where similarity between points was easily distinguished. The
issue of finding similar points for clustering in GP regression was addressed here using a clustering
method that parameterized the size of clusters rather than the quantity. The size of the clusters was
dictated by a clustering threshold that corresponds to the maximum euclidean distance between
points and the cluster center.

A suggested value for this clustering threshold was made and tested on a variety of problems
These problems included illustrative examples as well as data recorded for a dynamic model of
an ATV. The initial example showed the easily visualized single dimension problem and tested the
efficacy of the suggested value for a function with varying frequency. Higher dimensional functions
with varying sensitivities (length scales) to individual input dimensions was addressed using a

transformation to the input-space. Clustering was applied within the transformed input-space.
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A two dimensional function was developed to illustrate the method of clustering and parameter
selection. A comparison was made with a GP trained using the unclustered data and a GP trained
using the cluster centers. The results of that comparison was presented and evaluated.

Finally, the clustering method was applied to data recorded from an instrumented all-terrain
vehicle and used to predict the sideslip of the vehicle. This problem demonstrated the successful
application of the technique to data taken from a practical problem and required clustering be
performed in a six dimensional space to reduce the computation required for training and prediction

of the vehicle dynamics.
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Chapter 5

Gaussian Process Models in Model Predictive Control

5.1 Introduction

In Chapter 3 a model of the lateral and roll dynamics of a passenger vehicle was developed
using Gaussian process regression to learn the dynamics of the vehicle. The speed of computation
was examined when making both single and multiple estimates with this model over the distant
horizon called for by model predictive control. Thorough validation of the model showed that the
nonlinear nature of the vehicle behavior was accurately captured for both single-step and multi-step
predictions. Additional computational savings were demonstrated in Chapter 4 through the cluster-
ing of training data prior to regression. In that chapter it was shown that significant computational
savings could be realized with a small but acceptable degradation in prediction accuracy.

This chapter combines and demonstrates those two works to effectively constrain roll dynam-
ics in a model predictive controller. The use of simulation in this chapter allows for additional
maneuvers to be used in validation where safety concerns prohibited their use in previous exper-
iments with an all-terrain vehicle (ATV). The component steps of the model predictive controller
are described and detailed to make clear each component’s role in realizing an effective approach to
control. The constraints placed on the roll states are described before the controller is demonstrated

for two maneuvers that pose the risk of rolling the vehicle.
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5.2 Model Predictive Controller (MPC)

In MPC, a dynamic model is used to predict the system’s open-loop response to control inputs

over a finite horizon. The control input that optimizes the cost function,
- R v 2
J= szk(rk—zk) +Zwuk5uk (5.1
k=1 k=1

with respect to a reference trajectory, ry, and the predicted state, z;, over the finite horizon, N.
Weights w,, and w,, are left to tune the controller. Constraints can be placed on the state and

inputs explicitly defined by the inequality
C(zk,uk) <0 (5.2)

and can be either linear on nonlinear

The procedure implemented by the MPC at each time step can be stated as:
1. Generate reference trajectory, ry, over a finite horizon of N steps.

2. Find the optimal set of inputs to the system that minimizes the cost function in (5.1) as a
function of the predicted state, z;, error and control effort. This optimization is subject to

the constraints described in (5.2).
3. Apply the first control effort in the set of inputs to the system.

While only open-loop predictions are computed, a closed-loop control is formed by recom-
puting the optimal input to the system at each time step. MPC is often referred to as receding
horizon control given that the distance to the horizon is fixed and the location is relative to the
current time step.

Here the controller will be described as three separate components: the reference generator,
the predictive model, and the constrained optimizer. These components are shown in Figure 5.1

and are described in the following sections.
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Figure 5.1: GP-based model predictive controller block diagram.

5.2.1 Reference Generator

The reference generator is used to take input from the driver and produce a desired state
trajectory over the finite horizon. The controller described here controls the lateral dynamics while
constraining the roll dynamics. The reference generator should provide a trajectory the vehicle is
capable of following and the driver is accustom to. As in [22] and many other works, the bicycle
model is suitable for this task. A diagram of the bicycle model is shown in Figure 5.2 and the

dynamics are described by

_(Caf—i-Ca,) —(aCaf—bCa,) . 1 %

. mV, mv?2 mV,
e = | _acyrm 2C Xgt | |6 (5.3)

(aCqr—bCay) (a*Cqp+b"Cqr) aCyy

IZZ IZZVX IZZ

The roll dynamics of the vehicle are important only for the purposes of constraining the behavior of
the vehicle. Therefore, the reference trajectory is only defined by the lateral states for sample times
k+ 1 through k + 10. The longitudinal dynamics are not controlled so a reference trajectory is not
generated for V, though it is measured from the vehicle and provided as an input to the reference

generator. The remaining parameters of the bicycle model are listed in Table 5.1.
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Figure 5.2: Bicycle model used as reference generator in model predictive controller.

Table 5.1: Parameters used in reference generator from CarSim Small SUV model.

Parameter Description Value Unit
Coy Front cornering stiffness 57,295.5 | N/deg
Car Rear cornering stiffness 57,295.5 | N/deg

a Distance from cg to front axle 0.88 m
b Distance from cg to rear axle 1.32 m
m Total mass of vehicle 1142 kg
I, Yaw inertia 1296 | kg-m?
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5.2.2 Gaussian Process Predictive Model

The modeling technique based on Gaussian process regression developed in the previous
chapters was again applied to simulated data. the software package CarSim provides high-fidelity
models of a number of passenger vehicles. Using CarSim allows for an additional validation ma-
neuver to be performed, namely, the NHTSA fishhook (FH) that had been excluded to prevent
destruction of the instrumented vehicle previously presented. The simulations described here use
the “small SUV” model from CarSim as it is a similar vehicle to the Prowler ATV modeled in
Chapter 3.

Again, the model takes a nonlinear state-space form

Zir1 = G(zg, uy)

vk = H (2, uy) (5.4)

leaving the Gaussian process to learn the function G(z, 6;) which assumes the state is fully ob-

servable. The state vector is defined as

Z= (5.5

as in Chapter 3 previously. The vehicle was simulated performing a number of maneuvers to
provide training data for use in GP regression. The training dataset was comprised of the data from
a series of sinusoids with increasing amplitude. One such maneuver is depicted in Figure 5.3. The
training dataset consisted of similar sinusoids with frequencies ranging from 0.574d/; to 1574d/s in
0.5r4d/s increments. Each of these increments provides data between which inference is performed

to generate estimates.

75



350
300
250
200
150
100
30
0]
-50

o —100
—150i
-200
—250
-300
151 e e e . B B B

0 10 20 30 40 50 60
Timme (s)

Wheel Angle (deQ)

Steerin

Figure 5.3: Typical training maneuver used in simulated maneuvers.

The clustering method of reducing computation time detailed in Chapter 4 was applied to the
training data prior to validation. After initial training, the length scales listed in Table 5.2 were
used to transform the input-space of the GPs according to (4.5) to allow circular clusters to be

formed.

Table 5.2: GP input length scales for each state estimator used in simulation
’ Estimator H ZB ‘ I, ‘ l¢ ‘ lq5 ‘ le ‘ ls ‘

Bri1 3.8756 | 37.220 | 5.9185 | 18.993 | 24.398 | 182.93
Prt1 3.5887 | 41.494 | 3.9185 | 43.434 | 2.3543 | 268.64
Brs1 4.3006 | 47.747 | 3.7480 | 17.191 | 16.028 | 471.44

Ort-1 2.1504 | 16.774 | 1.9302 | 9.5511 | 13.151 | 126.88

Two maneuvers were used to validate the GP model after training and clustering. The first
mimicked the validation maneuver performed in Chapter 3. This double lane change (DLC) ma-
neuver is a typical evasive maneuver performed within two road lanes. The input to the vehicle,

Osw, the steer angle at the steering wheel is shown in Figure 5.4.
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Figure 5.4: Steering wheel input during double lane change maneuver used for validation.

The second validation maneuver was developed by NHTSA to examine a vehicle’s proclivity
to rolling during extreme maneuvers. The fishhook test is intended to test the vehicle’s stability
under conditions similar to those found when a driver leaves the roadway and over corrects in an
attempt to return to the roadway. The input for this maneuver is shown in Figure 5.5. After a period
of driving straight the steering wheel is turned to the right to 300deg at 7204¢¢/s. Following this,
the wheel is turned to the left to —300deg at —7204es/s.

The success of training can be evaluated by examining the GP model’s performance on both
the DLC and FH validation maneuvers. Examining the GP models’ performance on maneuvers
that are dissimilar from the training maneuver evaluates the ability of the model to describe the
vehicle dynamic in general and ensure that the model was not overfit to the training data. The
single step predictions of the lateral states are shown in Figures 5.6 and 5.7 for the DLC and FH
maneuvers respectively. The single step predictions of the roll states are shown in Figures 5.8
and 5.9 for the DLC and FH maneuvers respectively. All four figures show the measured values

falling within the 20 bounds as expected. This initial examination reveals that the training was
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Figure 5.5: Steering wheel input during fishhook maneuver used for validation.
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Figure 5.6: Single step double lane change validation of lateral estimates.

78




Sideslip Angle (deQ)

Roll Angle (deg)

75+
[ J2c 20
3 — Est. ——Est.
= = =Truth 50 - - = -Truth
2_
1 > 257
0]
e
0 o 0+
o]
[
14 2
O 25
-2
-50-
_3-
-4 T L L DL L TTTTTTT -75 T L L L L L L L |
0 2 3 4 6 7 0 1 2 3 4 5 6 7
Time () Time (s)
Figure 5.7: Single step fishhook validation of lateral estimates.
2~ 3]
2 —)
1.5- —Est. "
o Truth - - -Truth

Roll Rate (deg/s)

Time (s)

Time (s)

Figure 5.8: Single step double lane change validation of roll estimates.
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Figure 5.9: Single step fishhook validation of roll estimates.

successful and the GP model can be expected to describe the dynamics of the vehicle in general
rather than only for the training maneuvers.

MPC calls for the multi-step prediction over a finite horizon. A ten-step horizon was adopted
here as it was a common, though arbitrary, choice in previous works[20, 22]. Feedback was intro-
duced to the single-step GP model to produce the multi-step estimates. A depiction of the four-state
multi-step GP model is shown in Figure 5.10. Again, the accuracy of the estimates must be evalu-
ated on maneuvers separate from the training data. The ten-step predictions for the lateral states are
shown in Figures 5.11 and 5.12 respectively for the DLC and FH maneuvers. The estimates shown
were generated using z;_ ¢ as initial conditions and iterating 10 times to calculate and estimate for
Z;. The uncertainty for each estimate reflects the accumulated uncertainty over each iteration as
prescribed by Girard in [31] and detailed in (3.3). Similar ten-step predictions for the roll states
are shown in Figures 5.13 and 5.14 respectively. Again, the measured values of each state agree
with the ten-step prediction in that they lie within the 26 bounds that accompany each estimate.

The results of the computation-reducing clustering method are summarized in Table 5.3. Each
individual state estimator is based on a separate GP. All four GP estimators were trained with four
thousand points chosen randomly from the entire training dataset. Any reduction in size would be

acceptable as the training of each GP scales as ¢/(n®) and the calculation of estimates scales as
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Figure 5.10: Predictive vehicle model comprised of four Gaussian processes corresponding to four
vehicle states.

= =
Est. '
0.754 I Trsut = = = Truth
7_
0.5
@ 47
5 0257 S
! T
o3 0 %
@ [a4
o z 27
@ -0.25- 2
-5
_05_
-8 -
-0.754
114
-1 T T T T T i T T T T T T
0 2 4 6 8 10 12 0 2 4 10 12
Time (s) Time (s)
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Figure 5.13: Double lane change validation of roll estimates using ten step prediction.
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Figure 5.14: Fishhook validation of roll estimates using ten step prediction.

¢ (n?). Examining the second and third columns shows that three out of four of the GP estimators
(B, r, ¢) were reduced to less than a quarter of the original size. The fourth (¢) was slightly more
than half the original size reflecting the complexity of the function being learned relative to the
first three estimators.

The fourth and fifth columns of Table 5.3 reveal the low cost in accuracy paid for this reduction
in computation. In all four cases additional error was introduced to the GP estimates, however, in
all cases the reduction in accuracy was minimal and well worth the additional computational speed.

Further error was introduced as the uncertainty in each estimate was accumulated over the ten-
step predictions need for MPC. The final column of Table 5.3 shows the reduction in accuracy for
the multi-step predictions with clustered GPs. Three out of the four RMS errors for the estimates
remain within a degree of the measured value with the yaw rate estimate being the only stand out.
The yaw rate estimate remains within roughly 2 degrees per second of the measured value, a result
that is not surprising given the greater range of values that function covers in validation.

The output from the GP model during one sample period of the controller relies on the speed
of calculation detailed earlier. The calculation of multiple estimates can be performed within the
sample period of 50ms used in the simulations. The current measured state, z;, was used as initial

conditions to begin computation. The predicted trajectories, Z; 1. +10, for two hundred and one
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Table 5.3: Change in covariance matrix size and RMS error before and after clustering.

Single-step | Single-Step 10-Step

Estimator || Size Before | Size After | RMS Before | RMS After | RMS After
Bri1 4000 796 0.0034 0.0040 0.0969
Pra1 4000 668 2.1087 2.6693 2.0693
¢A’k+1 4000 674 0.0238 0.0277 0.2387
qgk“ 4000 2368 0.0543 0.0734 0.8383

possible steer angles were then estimated corresponding to !/4 degree increments of steer angle, 0,

at the road wheels.

5.2.3 Constraints on Rollover Index

A measure of rollover risk was computed for each of the 201 predicted trajectories. If an
individual trajectory resulted in a high risk of rollover, it was discarded from the subsequent opti-
mization. The form of this measure of rollover risk is unimportant as long as it accurately gives a
quantitative measure of the risk posed by each predicted trajectory. The rollover index used in this
worked was detailed in [66].

The rollover index at a single sample time was calculated with

|¢(I)|¢rh+|¢(t)|¢m |ay|) ( 10(1)] > .
c | ———————1= [y == G| —2L ), —k 0
RI = 1( D )+ 2( YO\ Vanrear ) 0 h0)>

(5.6)

which can be broken down into three individual terms. The first term places a constraint on the ¢ —
¢ phase plane. The second term constrains the lateral acceleration as excessive lateral acceleration
can also contribute to rollover. The third and final term represents the proximity of the roll states
to the thresholds ¢, and ¢, on the ¢ — ¢ phase plane. The angle 6 as indicated in Figure 5.15
decreases as wheel lift becomes imminent. The method of determining the rollover threshold
indicate in this figure is detailed below. The sine of 0 approaches zero as the vehicle nears the
unstable region. The angle remains in the first quadrant as follows upon examination of (5.6).

Therefore, the time to wheel lift will range from zero to one.
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Figure 5.15: Illustration of time to wheel lift for rollover index.
Three parameters must be determined to calculate these, and subsequent terms, ¢y, ¢, and

ayc. Anillustration depicting how ¢, and ay. were determined is shown in Figure 5.16. The values

for ¢y, and a,. were found by solving the system

aye = Krorr-¢
~1/2n t
= —— — 5.7
e arctan(2/r) o+ 2h 5.7)

Three vehicle parameters are needed to solve the system. The values of these vehicle parameters

are listed in Table 5.4, and corresponded to the diagram shown in Figure 5.4.

Table 5.4: Parameters used in determining constraint parameters taken from CarSim “Small SUV”
Model.

Parameter | Description | Value | Unit
t Track width | 1.47 m
h cg height 0.64 m
Krorr | Roll stiffness | 15 | N/mm
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A roll model was required to determine the threshold ¢;;,. Using the model detailed in [12],
simulations were run with varying initial conditions. A series of simulations were performed with
an initial roll angle of zero. The roll rate was increased until wheel lift was observed during
the simulation. Figure 5.18 shows the ¢ — ¢ phase plane during the simulation with the initial

conditions set at the threshold. The tire forces are also shown indicating wheel lift has occurred.
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Figure 5.18: Roll phase plane trajectory of vehicle initially equivalent to roll rate threshold. (left)
Vertical tire forces showing wheel lift at threshold. (right)

The three terms of rollover index (RI) taken together indicate the relative risk of rollover at
each point during rollover. The RI for the DLC and FH maneuvers are shown in Figures 5.19 and
5.20. Both maneuvers consist of two separate turns. In the DLC maneuver the first turn poses a risk
of rollover however the second turn poses a greater risk given the higher roll rate at the initiation
of this turn. The RI shown in Figure 5.19 agrees with this intuitive description of the maneuvers.

Examining the RI during the FH maneuver in Figure 5.20 reveals a similar result. The FH
maneuver emulates a driver avoiding an obstacle and over correcting to return to the roadway. The
RI increases during the turn to avoid the obstacle as well as in the overcorrection. The same RI
was applied to the predicted trajectories provided by the GP predictive model. If an unfavorable
RI was indicated for a predicted trajectory, Z; 1.+ 10, it was excluded from the optimization in the
subsequent step of calculating the control effort to prevent an unsafe control effort. It should be

noted that calculation of the RI is a function of the roll states and excludes the lateral states.
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5.2.4 Optimization with Gaussian Process Model

The lateral states must be predicted since the path of the vehicle depends on matching the pre-
dicted path of the vehicle with the reference generated with the bicycle model. A cost is calculated

for each predicted trajectory using

N
J=Y w, (r— %) (5.8)
k=1

where the state vector and predicted state vector are weighted by the vector quantity w,,. The
calculation of the the cost was then performed with element by element operations. Constraints
placed on the steer actuator were handled in the generation of predicted trajectories. Each pre-
dicted trajectory respects the limited range of steer angle possible with the simulated vehicle. The
steer angle associated with the predicted trajectory that satisfied the constraints on RI and had the
minimum cost as defined by J was used as the control effort for the next sample period. Tuning of
the controller is possible through the weights indicated in (5.8). Adjustment of the w,, weights can
cause each iteration’s predictions to affect the optimization differently. In this work it was found
that a naive use of uniform weights over the value of k yielded acceptable results. Additionally,
adjustment of the weights w,, can affect each state’s contribution to the cost function. It may be
called for if one state is more critical than others or varying scales artificially emphasize the impor-
tance of one state over others. in this chapter w,, was the row vector [5, 1] to adjust for the greater

range of yaw rate when compared to sideslip for the anticipated operation of the vehicle.

5.3 Simulated Validation

The controller was simulated using CarSim and each validation maneuver was performed
with and without the controller to evaluate the ability to adhere to constraints placed on the roll
dynamics. The RI was constrained and successful performance of the controller was defined as

adhering to this constraint while following the reference trajectory in a reasonable fashion.
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Figure 5.21 shows that given the same input used in the DLC earlier the RI has been con-
strained appropriately. The RI was constrained to 2 for this simulation. Figure 5.22 depicts the

closed-loop trajectory with and without constraints. Figure 5.23 shows each state individually.
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Figure 5.21: Rollover index during double lane change with and without constraints.

Similarly, a favorable result is seen when a FH maneuver was simulated with a constraint
on RI of 15. Figure 5.24 shows the RI was constrained appropriately and Figure 5.25 shows the
measured closed-loop trajectory matches that of the reference trajectory. Figure 5.26 shows each

state individually.

5.4 Conclusion

An architecture for a model predictive controller was presented that leverages the strengths
of Gaussian process regression to estimate passenger vehicle dynamics. The Gaussian process
model developed in this chapter allows for accurate predictions to be made of the vehicle’s future
state. The speed of computation allows for an exhaustive search of the system input-space ensuring

globally optimal solutions of the nonlinear constrained optimization problem inherent to MPC.
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Figure 5.22: Phase plane of lateral dynamics during double lane change with and without con-
straints.

The presented architecture was demonstrated on the simulated CarSim “small SUV” model.
Training and validation of the Gaussian process model was presented. The clustering method
presented in Chapter 4 was applied to the training dataset. Simulation of the controller indicated
that the clustered training dataset provided estimates that were accurate enough to control the
lateral states while constraining the roll states of the vehicle.

A method of quantifying the risk of vehicle rollover was selected from the literature and
applied in the model predictive controller. A comparison of the vehicle’s response to two validation

maneuvers revealed that the presented architecture was effective in constraining the risk of rollover.
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Figure 5.23: Four states during double lane change with and without constraints.
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Chapter 6

Conclusion

The research described in this dissertation developed a Gaussian process based model of the
lateral and roll dynamics of a vehicle for use in model predictive control. The accuracy of pre-
dictions and speed of computation was a large focus of the work. Modeling and validation was
performed using an instrumented all-terrain vehicle (ATV). Accuracy and speed of computation
was evaluated over single and multi-step predictions as required by model predictive control. A
computation-reducing method was described and evaluated for Gaussian process regression to fur-
ther speed the predictive controller. A method was suggested for selecting the parameters of the
computation-reducing method and applied to a variety of datasets, both illustrative and recorded
from the ATV. An architecture to incorporate the Gaussian process-based model was described and
demonstrated using the CarSim simulation environment and simulation software.

Gaussian process regression provides a distribution as output in the form of a mean and vari-
ance for a given estimate. The nonlinear state-space model consisted of four GP functions, one for
each of the four states describing the lateral and roll dynamics of the vehicle. Gaussian process
regression was used to learn functions describing the nonlinear state-space form of the dynamic
vehicle model. The model was trained using a series of sinusoidal maneuvers. Validation was
performed using the double lane change and fishhook maneuvers common to vehicle rollover eval-
uation. The single-step and multi-step predictions of the GP-based model were evaluated against
measured data from the ATV. The measured data was found to lie within the distribution/prediction
from the GP-based model.

Speed of computation was also a concern given the small sample period necessary to con-

trol the vehicle. Gaussian process regression calculates estimates as the sum of many Gaussian
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regressors. These regressors form a projection of the input-space onto what is termed the feature-
space. The nonlinear projection onto feature-space remained the most time consuming piece of
generating estimates. However, through the use of an optimized calculation and parallelization the
problem becomes tractable for modest hardware that is available today. Once in the feature-space,
the computation of many estimates appeared as a matrix-vector operation that is the linchpin of
contemporary computing architectures. The computation necessary to generate a large number of
estimates to cover the input of the vehicle was shown to be completed within the necessary sample
period (20ms).

After initial modeling and validation, a method of further reducing computation based on
clustering was described and extended. Clustering of data within the input-space in GP regression
has been discussed but selecting a method of clustering and the associated selection of parameters
has been previously ignored. In this discussion, guidelines for defining similarity were suggested
based on characteristics of the underlying function, namely the characteristic length scale. A clus-
tering algorithm that parametrized the size of each cluster rather than the quantity was then used
to take advantage of this definition of similarity. Demonstrations of the method were made on one
and two dimensional functions to easily visualize the method. A transformation of the input-space
was also introduced to account for varying sensitivities to each input of the GP. The transformation
extended the clustering method in order to accommodate ovate clusters where it had previously
been limited to spherical clusters. The clustering method was then applied to the GP- based model
trained with recorded data from the ATV. This demonstrated the clustering method’s applicability
to higher dimensional problems, six in this case. All demonstrations showed the ability of the clus-
tering method and associated guidelines for parameter selection to reduce the size of the training
dataset while sacrificing only a small amount of accuracy.

Given the results described above, that a GP-based model can provide accurate predictions
of nonlinear system dynamics, a controller architecture was described to leverage the nature of
calculations in GP regression. A GP model’s ability to calculate a large number of estimates in a

single, fast operation opens up the possibility to search exhaustively for an optimal system input on
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a contemporary desktop computing system. Additionally, given the search is exhaustive within the
constraints of the system input-space, the method avoids the pitfall of settling on locally optimal
solutions. Model predictive control allows for constraints to be handled explicitly. A measure
of risk of vehicle rollover was selected from the literature and used to place constraints on the
dynamics. Simulation of the controller demonstrated the efficacy of the controller architecture in

limiting risk of rollover during evasive maneuvers.

6.1 Future Work

This work may be furthered in a number of ways. First, a method of tuning the MPC controller
should be detailed to improve performance. The current method of arbitrarily selecting weights
for the cost function in the controller resulted in reasonable performance, but the controller could
benefit from a more deliberate search for weights. It may be desirable to emphasize one state over
the other or earlier predictions over distant predictions. Investigation into incorporating the vari-
ance of predictions should be performed to determine the advantages it offers. Steering the vehicle
to maintain operation in the well-known region of the dynamics may offer a path to developing a
robust application of GP-based model predictive control. Beyond using the prediction variance in
the cost function, it should be incorporated into the calculation of constraints to further improve the
robustness of the method. Prediction variance was used in this work as a means of validating the
trained model though not used in the controller. It was therefore excluded from the cost of compu-
tation and not optimized. Including the variance calculations in the cost function and constraints
would require a method of computation be proposed to maintain the ability of the controller to
operate at a high sample frequency.

Second, real-time implementation should be performed to strengthen the argument that a GP-
model predictive control can effectively constrain vehicle roll. Where other works required ex-
tensive use of groups of computers to make predictions efficiently this work makes clear that a
single desktop PC is capable of carrying out the required calculation. Additional constraints may

be required to accommodate actuator limitations beyond the simple limits placed on steer angle
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above. Particularly it is desirable to maintain a smooth input to the steering actuator and should be
ensured by the controller whether as part of the cost function or constraints.

Third, while the clustering method showed an ability to reduce computation without adversely
affecting estimate quality, it still required the training of the GP with the full dataset to acquire
the characteristic length scales. After acquiring the length scales training was performed again
more rapidly. Calculating estimates was also more rapid however, if a method of identifying the
length scales was introduced the initial training would not be necessary. While this work was
primarily interested in basing the clustering threshold on the characteristic length scales of each
input dimension, the ability to find the length scales quickly would further improve the methods
utility.

Finally, the Gaussian process-based model was demonstrated to provide accurate and fast
computation of dynamic equations. It did so by projecting the input-space into the higher dimen-
sional feature-space. The relationship between feature-space and the output was then linear and
could leverage the speed of computation available for linear operations. This model type already
offers some intriguing features to be used in nonlinear dynamic problems. To gain further fa-
vor within the controls community the more traditional issues of control should be investigated
including stability, controllability, and observability. Investigation should be made into any advan-
tages offered by the projection into the linear feature-space and its ability to answer these common

questions in studying dynamic systems.
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