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Motivation

Motivation

Speed Planning for Autonomous Driving

Speed planning exists in two main motion planning frameworks
@ Coupled motion planning framework

@ Explore the spatial-temporal space simultaneously using optimization techniques or

search algorithms
@ Decoupled motion planning framework

@ Plan a path first, then regulate the speed along the resulting path
@ Do speed planning directly along a fixed path (the focus of this paper)

speed profile

speed upper bound
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Convex Optimization
ol Challenges from Various Scenarios
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A speed planner should be able to

Requirements

Motivation @ Exploit the full mobility capacity of cars
Methods to deal with emergencies

Sheng Zhang ] 4
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Liu®

Results @ Encourage smooth speed profiles
Reference for ride comfort , better tracking performance

@ Pursue time efficiency
e.g. drive on the limits to pursue high speeds, racing car

@ Avoid static obstacles
e.g. safe stop at certain point of the path

@ Avoid dynamic obstacles
e.g. moving vehicles, cyclists, pedestrians
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Category Constraint Name Description Property
Motivation . Smoothness (S) continuity of speed, acceleration and jerk over the path performance
Soft Constraints N - ) q
Time Efficiency (TE) time used by travelling along the path performance
Methods
Rasults Hard Constraints Flrlctlon.Clrcle (FQ) tf)tal ft?rce should be within tlhe fr!:tlon circle safety
Time Window (TW) time window to reach a certain point on path safety
Reference Boundary Condition (BC) speed at the end of the path safety&performance

Remark

| \

A safety-guaranteed speed planner should be able to generate a solution satisfying at Least all the
hard constraints (safety) in the Table.
A mature speed planner should cover all these constraints that include soft and hard ones.
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State-of-the-art Methods
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Bifens zhang”. Capacity of different speed plannin ods
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- Method Name S TE FC T™W BC Optimality Safety Mobility Flexibility

Motivation Li et al. [1] Trapezoid v X X X v X low low low
Guetal. [2, 3, 4] Constraint-based v X X X v X medium medium medium

Methods Dakibay et al. [S] Approximated X X v X v X medium high low
Liu et al. [6] SCFS v S X v S local medium medium medium

Results Lipp et al. [7] MTSOS X v v X X global low high Llow

Reference

S: smoothness, TE: time efficiency, FC: friction circle, TW: time window, BC: boundary condition

Mobility How much mobility capacity of the vehicle the planner is able to leverage.
Optimality Whether the planner is able to identify an optimal solution in terms of its objective.

Flexibility How many type of scenarios the planner is able to handle by only adjusting parameters without changing underlying problem
formulation or problem structures.

Safety  Ability to stop in front of obstacles (BC) precisely, ability to deal with emergencies (FC), and ability to handle dynamic
obstacles (TW).
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ol Limitations of existing methods
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@ Not every aspect is covered
(Completeness)

Lietal.[1]

Guetal.[2,4]
o mmm Dakibay et al. (5]
Motivation - Liu et al.(6]
= Lipp et al.[7]

@ Acceleration capacity is not fully
exploited
(Friction Circle)

Time Wig

@ Dynamic obstacles are not
handled reasonably well

(Time Window)
@ Smoothness is ignored by some of
them
it moothness (Ride Comfort, Tracking
Performance)

v
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Motivation

Our Goals

Problem Definition

Assuming a curvature continuous path has been generated by a hierarchical motion planning framework,
the speed planning is to find a

@ time-efficient
Q@ safe
@ smooth

speed profile travelling along the fixed path with respect to both safety and performance constraints.

@ employ a unified framework to deal with various driving scenarios

@ cover safety, comfort, time efficiency and mobility

@ prefer an elegant mathematical model instead of error-prone algorithms

8/20
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@ Path Representation

) General arc-length representation in Cartesian coordinate system
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Guangming Xiong ! , Kai

y r(s) = (@(s),4(s)), s € [0, /]
Any path can be easily converted to this form.

@ Associate speed profiles with paths in the arc-length one dimension space
by

Methods

s = f(t)

@ Math Trick according to Verscheure et al.[8]
a(s) = f, longitudinal acceleration

B(s) = f2, square of the longitudinal speed

The prime / and the dot - denote derivatives with respect to the arc-length, s,

and the time, ¢, respectively for a curve.
S )
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Methods

Methods 0

Dyynomics and Friction Circle Constraints| «”

heading of the car
lateral force in ego frame
longitudinal force in ego frame

Ru = m¥(s), dynamics equation

ii(s) = r"(s)B(s) + 7' (s)a(s)

Friction Circle a

Right Turn

Speed Planning for Autonomous Driving via Convex Optimization

Dynamics _ |cos(0(s)) —sin(0(s)) . . Affine!
R= [sin(é(s)) cos(0(s)) :| , rotation matrix
u = (u”,u"), control vector
(as): 551, u(9) € { ((6).72(5). u(o) |
Friction Circle ||'u,(s)H < pmg, Convex!
uT(S) <m- a:namv
56 < s
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sf 7 g WE = [t,00)
Jr = TSf = / ﬂ(s) 2ds Autonomous Car g
Methods 0 O £
- — =
7] s
Convex! * E G
’ ot
X
Jo g WE = [t ts]
A [2) [ A
Time Window Trallic C1 @4_ @ a
Participant W= A S ¢
%4 1 ts ™ 4
b= -3 - -~ | - Wi =(0,t1]
Ty = /0 B(s)"%ds € (0, Ty] gl -
N _ta_ e 0. Arclengh S(m)
Convex!
y (a) (b)
R ——— )
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@ The jerk J(s) of the speed:
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T(s) = f = é(s) = o/ (s)f
= &/(s)V/B(5) = 26"(s)v/B(o),

Methods 2
which is nonlinear and non-convex.(Common used but not a good option for
optimization!)
@ The pseudo jerk, o(s):
the first derivative of acceleration with respect to the arc-length, s.
The smoothness function is defined as

i
Is= [l(o)|Pds,
0
which is convex!(Our Choice!)
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Guangming Xiong, Kai a(s),B(s),u(s) (Time Efficiency) (Smoothness)
Liu . Red parts are our
s.t. .
contributions.
Motivation (Vehicle Dynamics) Ru = m¥,

Methods

Results

Reference

(State Constraints)

(Friction Circle)

B'(s) = 2a(s), s € [0, s¢],

(a(s), B(s), u(s)) € {(f(8)7f2(8)7u(S))lllu(S)II < pmyg,

U’T(s) <m- a:nazrﬁ(s) < v?n,az}?

g, Sas, <A

B, <PBay <PBay)

= T(Sl) eWr = (O,TU}.

(Boundary Condition)

(Time Window)

Note that cu(s), 8(s), u(s) are the decision variables. The coefficient w € R4 is fixed in advance.

4
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Speed planning for Freeway Entrance Ramp Merging
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o . Method S TE FC ™™™ BC  Optimality Safety  Mobility  Flexibility

Methods Li et al. [1] v X X X v X low low low

RN Guetal [2,3,4 X X X v X medium medium medium
Dakibay etal. [5] X X v X v X medium high low

- ens Liu et al. [6] v X X v X local medium  medium medium
Lipp et al. [7] X v v X X global low high low
Ours v v v v global high high high

S: smoothness, TE: time efficiency, FC: friction circle, TW: time window, BC: boundary condition
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Capacity flexible, nd safe

Boundary Condition

Getat
ER
@ maintain the smoothness of the speed profile =l
W Lipp et al.[7]

drive within the limits of the friction circle

Results . . . 7
consider the time efficiency Y / fRnon Circle

(*]
(*]
@ determine the end boundary condition of the state
@ perform a precise safe stop

(*]

control the arrival time at a certain point on the path
(time window)

@ guarantee global optimality (convex optimization)

18120 )
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Results

Results

Expect more improvements?

Please see our follow-up journal papers:
Zhang Y, Chen H, Waslander S, Yang T, Zhang S, Xiong G, Liu K.

“Toward a More Complete, Flexible, and Safer Speed Planning for
Autonomous Driving via Convex Optimization.”

Sensors. 2018 Jul 6;18(7):2185.

Thank you for your attention!

et .. ettt ettt

Speed Planning for Autonomous Driving via Convex Optimization \ &2 Back \ \ ) Forward \



https://www.mdpi.com/1424-8220/18/7/2185
https://www.mdpi.com/1424-8220/18/7/2185
https://www.mdpi.com/1424-8220/18/7/2185
https://www.mdpi.com/1424-8220/18/7/2185

Speed Planning for
Autonomous Driving via
Convex Optimization

Yu Zhang1 , Huiyan
Chen
Waslander®, Tian Yang

1 , Steven L.

il

Sheng Zhang A
Guangming Xiong ! , Kai
Liu?

Reference

References |

]
[

A T P P T A P

20/20

Speed Planning for Autonomous Driving via Convex Optimization \ J

X. Li, Z. Sun, D. Cao, Z. He, and Q. Zhu, “Real-time trajectory planning for autonomous urban driving: Framework, algorithms, and
verifications,” /EEE/ASME Transactions on Mechatronics, vol. 21, no. 2, pp. 740-753, 2016.

T. Gu, J. Snider, J. M. Dolan, and J.-w. Lee, "Focused trajectory planning for autonomous on-road driving,” in /EEE Intelligent Vehicles
Symposium (IV), 2013, pp. 547-552.

T. Gu, "Improved trajectory planning for on-road self-driving vehicles via combined graph search, optimization & topology analysis,” Ph.D.
dissertation, Carnegie Mellon University, 2017.

T. Gu, J. Atwood, C. Dong, J. M. Dolan, and J.-W. Lee, “Tunable and stable real-time trajectory planning for urban autonomous driving,” in
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), 2015, pp. 250-256.

A. Dakibay and S. L. Waslander, “Aggressive vehicle control using polynomial spiral curves,” in /EEE International Conference on Intelligent
Transportation Systems (ITSC), Yokohama, Japan, October 2017.

C. Liu, W. Zhan, and M. Tomizuka, “Speed profile planning in dynamic environments via temporal optimization,” in /EEE Intelligent Vehicles
Symposium (IV), 2017, pp. 154-159.

T. Lipp and S. Boyd, “Minimum-time speed optimisation over a fixed path,” /nternational Journal of Control, vol. 87, no. 6, pp. 1297-1311,
2014.

D. Verscheure, B. Demeulenaere, J. Swevers, J. De Schutter, and M. Diehl, “Time-optimal path tracking for robots: A convex optimization
approach,” /EEE Transactions on Automatic Control, vol. 54, no. 10, pp. 2318-2327, 2009.




	Motivation
	Methods
	Results
	Reference

