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Abstract—Bipedal robots promise the ability to traverse
rough terrain quickly and ef ciently, and indeed, humanoid
robots can now use strong ankles and careful foot placement
to traverse discontinuous terrain. However, more agile under-
actuated bipeds have small feet and weak ankles, and must
constantly adjust their planned footstep position to maintain

balance. We introduce a new model-predictive footstep con-
troller which jointly optimizes over the robot's discrete choice

torque in the sagittal plane, and center of mass trajectory,
to track a velocity command. The controller is formulated as
a single Mixed Integer Quadratic Program (MIQP) which is

o

of stepping surface, impending footstep position sequence, ankle Fig. 1. We presenta model predictive foot placement controller for underac-

tuated bipedal walking with foothold constraints. Left: Cassie stepping over
a curb onto a grassy hill using the proposed controller and a real-time terrain
segmentation pipeline. Right: visualization of the terrain segmentation and
footstep plan during the step-up.

solved at 50-200 Hz, depending on terrain complexity. We

implement a state of the art real-time elevation mapping . .
and convex terrain decomposition framework to inform the Program (MIQP). MIQPs are used extensively in robot

controller of its surroundings in the form on convex polygons motion planning, but they can be dif cult to solve at high
representing steppable terrain. We investigate the capabilities rates due combinatorial complexity in the planning horizon.
and challenges of our approach through hardware experiments gy this reason, existing MIQP footstep planners run at 1-5
on the underactuated biped Cassie. L . . b -

Hz [9], limiting their applicability to underactuated walking.
In contrast, our controller achieves an average solve time

While the ability to traverse unstructured terrain is a ke)sJf less t_han 2.0 ms even in challe_zngmg scenarlos_by using
low dimensional, linear dynamics model, planning over

motivation for bipedal robots, navigating these environmen . . .
is an open prgblem Humanoidg robgts can walk sem@ short footstep horizon, and heuristically pruning foothold
Qndidates.

autonomously on discontinuous terrains such as cinder-blo& : . . .
We use a real-time elevation mapping and terrain de-

piles, but rely on careful foot placement and decouplin% i inell 101 Cthe t .

footstep planning and balance control [1], [2]. In contrast,ormosI lon Iplpe ';:e 'Eh ] to represetn feth_erra!n EI‘.S cor? Vex

underactuated bipeds have limited ankle torque and sm plygons oniine. As the components of this pipeiiné have
een applied primarily to quadrupeds [11] [12], we discuss

feet, allowing for ef cient, agile motion but limiting hori- di cati ded for deol Cassi dh
zontal center of mass (CoM) actuation. Therefore, footsteﬁgo | cations needed for deployment on Cassie, and how

must be continuously re-planned to maintain balance in Iiglﬁﬁrtat"lr?es'gr} choices al}dtkt)ro'&tlart:aes% ofttr:e perceiptlllon S:"Ck
of disturbances and model error. affect the performance of the MIQP footstep controller. An

A simple yet powerful framework for online replanning overview of our perception and control stack can be seen in

of stabilizing footstep sequences is to use the step—to—stgﬁg'@' I . .

dynamics of the linear inverted pendulum model (LIP) [3] to The key contributions of this paper are:

synthesize MPC or LQR footstep controllers. This approach An MPC style footstep planner which reasons over
regulates walking speed without ankle torque by using foot  discrete foothold selection, footstep sequence, center of
placement to affect the initial conditions of each contin-  Mass trajectory, and ankle torque, formulated as a single
uous single stance phase. Combined with output tracking MIQP which can be solved at up to 200 Hz to stabilize
via inverse-dynamics based whole body torque controllers, underactuated walking on discontinuous terrain

this approach has enabled dynamic and robust walking [4]. We extend an existing approach to vision-based real-
The Angular Momentum Linear Inverted Pendulum (ALIP)  time elevation mapping and terrain segmentation to be
model, in particular, has been shown to accurately describe Mmore robust to challenges inherent to underactuated
the bulk motion of walking even for robots with heavy legs ~ bipedal walking. We introduce a simple algorithm which
[5], and has been used to stabilize walking on sloped terrain ~ USes approximate convex decomposition [13] to nd a

I. INTRODUCTION

[6], synthesize specialized stair climbing controllers [7], and
walk on pre-selected constrained footholds [8]. We extend
this framework to rough terrain by modeling valid footholds
as convex planar polygons, and enforcing via a mixed-integer
formulation that each planned footstep lie in a valid foothold.
We transcribe our controller as a Mixed Integer Quadratic

convex polygon decomposition of the steppable terrain.
Evaluation of the proposed controller on hardware as a
full, vision integrated system. We demonstrate perceiv-
ing and stepping over curbs in real time, and discuss
how perception accuracy limits the robustness of the
controller.
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Fig. 2. Block diagram of the control stack used to achieve perceptive locomotion on unstructured terrain. A real-time perception pipeline provides convex

stepping stone constraints to our proposed MIQP footstep controller, which updates the commanded foot position at 50-200 Hz to maintain balance. This
stack allows for foot placement control of underactuated bipeds in previously unseen environments by sensing the terrain on the y and providing a terrain

representation to the walking controller.

Velocity Command

Il. RELATED WORK controllers view the continuous dynamics of each stance
A. MIQP Footstep Planning phase as approximated by the autonomous LIP dynamics,

Deits and Tedrake introduced the use of MIQPS fc)%and stabilize the walking motion by placing the next footstep

aostep pianning in [16) by decompoing ssfe terain indf 1% SPOPTALeposton t aestoxees momentyn s
a collection of convex polygons, and using integer variables, 9sing : P

to assign every footstep o a polygon. Tonneau et al. [1 hilosophy as these works, but extends the applicability of

provide a convex approximation of this problem as a linear IS approach beyond at or mildly sloped terra_ln to terrain

program, and Song et al. [16] show how both the mixe&Vh'Ch can reasonably be modeled as a collection of convex

integer and linear programming formulations can be maa%olygons.

more gf cient by using a simplied trajectory planner to lIl. PRELIMINARIES

prune irrelevant footholds. In contrast to our work, these o . .

works only consider geometric and quasistatic stability crite- TN controller is implemented in two coordinate framés.

ria, and focus on long horizon footstep planning which maj® the yaw frame, representing a rotation of the world frame

take seconds to solve. about thez axis to match the yaw angle of the oating base.
MIQP footstep planning has also been used for quadruped 1S the stance frame. It is an identity rotation from the

robots. In [17], Risbourg et al. use the convex relaxation froffeW frame, with its origin located at the bottom center of

[15] online to project the desired footstep sequence to tHBe current stance foot. We followsaforward, y-left, z-up

closest convex footholds, subject to kinematic constraint§onvention.
In [9], Corberes et al. incorporate this footstep plannin
strategy as an online foothold scheduler at 1-5 Hz wit
vision in the loop. Due to the low planning rate, and The ALIP modelis an approximation of the CoM dynam-

the lack of dynamics constraints in the contact scheduldgs of the robot during single stance based on the LIP [3],
they rely on a separate whole body MPC to nd feasiblavhich uses angular momentum in place of CoM velocity to

robot trajectories. Aceituno-Cabezas et al. [18] formulate @escribe the speed of the robot. We direct the reader to [6] for
full quadruped trajectory optimization problem using mixec® derivation of the 3D ALIP dynamics assuming piecewise
integer constraints for assigning footsteps to footholds arfanar terrain with a passive ankle. To take full advantage of
to approximate the nonlinear manifold constraint for 3D roCassie’s blade foot, we include ankle torque in the sagittal
tations. Their trajectory optimization features both kinemati@lane,u as an input to the continuous time ALIP model. The

and dynamics Constraintsl but unlike our Work' does not rélate of the ALIP model consists of the horizontal pOSition
plan the footholds in real time. of the center of mass and the horizontal components of the

angular momentum of the robot about the contact point. The
dynamics of the ALIP with ankle torque are given by

. Continuous ALIP model

B. Foot placement control for underactuated walking

A family of controllers has emerged which use LIP based 2 3 2 32 3 23
linear control policies [19] [4] or MPC footstep planners _Xcom 0 0 0 ﬁ Xcom 0
[6], [20] to generate footstep plans which are realized by Ycomé _80 0 ﬁ 0 Zgycom Z + EOZ u (D)
tracking outputs such as CoM height, swing foot position, & Lx 0 mg g (()) Lx 0

0 L 1
{z =2 14z}
A X B

and joint angles with some form of Quadratic Program- Lf | mg
ming (QP) based whole-body torque control [21] . These |_{__}



wherem is the robot's mass, and is the height of the CoM
above the terrain, and all quantities are in the stance frame.

B. ALIP Reset Map

The reset map enables control of the ALIP through foot
placement by relating the positions of the robot's feet to
a discrete jump in the ALIP state. On hardware, a dou-
ble stance phase between footsteps helps avoid oscillations
caused by rapidly unloading Cassie's leaf springs. Therefore
we derive a reset map from , the ALIP state just before
footfall, to x,, the ALIP state just after liftoff, including . o _
the double stance phase. We start by integrating the douf, %, Iustetr, of ey VFC pobles dts s decion vries

stance dynamics, and then we apply a coordinate changesdgthold constraints. The black lines extend from the stance foot to the
express the ALIP state with respect to the new stance fooEoM position at the beginning and end of each single stance phase, and the

: M trajectories for each single stance phase are shown as alternating blue
During double stance, we treat the center of pressure (Cogﬁd red paths. The footstep positions are labgled- p3, wherep; is the

as a control input, and integrate the reSUlting dynamiCS Wit&hrrem stance position amg andps are decision variables.
an assumed input trajectory,

t IV. MIQP MoDEL PREDICTIVE FOOTSTEPCONTROLLER
Poor =P+ (P D) @ °
S

wherep andp, are the pre- and post-touchdown stance The following section details the formulation of the MPFC

foot positions in the yaw framdgs is the duration of double @s an MIQP. We simultaneously plan the footstep position,
stance, and is the time since the beginning of double stancgnPut, and ALIP trajectory over a horizon dfl stance

We assume the CoM velocitiow is approximately parallel Periods, satisfying the continuous dynamics (1) and discrete
top. p . This is reasonable, as the robot is generalljeset map[(8). Each footstep is constrained to lie in a
stepping in the direction it is walking. Under this assumptionSteppable regiol;, represented as a 2D polygon embedded

(Pcop P ) Mvcom O, so angular momentum aboutin 3D space. We discretize each single stance period of
p andpcor are equal. xed duration Tss into K knot points in order to apply

intra-mode workspace constraints on the center of mass.
Lecor = Lp +(Pcor P ) MVeom Lp i (3) For convenience, we index state knot points by their stance
By treating the CoP as a virtual contact point and applyingerIOOI and their order within the stance period, so kfie

(@), we arrive at the continuous dynamics not point of then™ stance period would be denotedy .
' 2 3 An illustration of key problem parameters is shown in gure

402 1 021 0 ' Fig.[3.
x=Ax+% 0 mg 0 9(pcr p): (4 The MIQP formulation features continuous variables for
| mg {(z) 0 } the state and input trajectoriesandu, as well as the stance
B cop foot position for each ste,. We assign one binary variable,

The solution to[{#) with the inpuf]2) and0) = x is a ni per foothold per step, indicating whether the foothold

rst order hold discretization of[{4) over double stance, is used for that step. We can now introduce the problem
statement of the MPF(J](9), and dedicate the rest of this

X(Tas) = Arx + Bas(p+  p ): (5)  section to elaborating on the cost and constraints.
whereA, = exp(ATgs) and WK1 ] )
1 minimize . k + Upg Rupx +
Bus=AA Y —A 11 A' A Beor: (6) X;IU;L; 'z ~ X Qnikc + Uny Rulnik (9a)
Tds n=1 k=1
.
The remainder of the reset map is just a coordinate change, XNk Qf ¥nik
I o subject t0Xnk +1 = AgXnk + BglUnk (9b)
_ 2 2 2 1 Y Y .
X+ = X(Tgs) + 0 5 0, 1 P+ p (7) Xn+1:1 = ArXnk + Br(Pn+1  Pn) (9c)
I—B{fZP—} i = 1=) p,2P; (9d)
ni =1 (%e)

with the fp subscript denoting "foot placement”.
By sequentially applyind {5) thef](7), we arrive at a reset
map fromx to x; which is linear inx ;x.;p andp., ni 21019 (9f)
> 3 CoM, Input, and Footstep limits

i2l

X
X+ = Ar ( Bgs Bip) inS +28ng 4p 5: (8) wherex = x X4 is the error from a desired reference

B, P+ trajectory, andP;;i 21 are the footholds.




A. Dynamics and Reset Map Constraints

The dynamics constrainf (Pb) is the discretization[df (1)
as a sampled system. Lettingt = Ts=(K 1), then

Ag =exp(A t) (10)
Ba=A (Aqg 1)B: (11)
The reset magd (9c) i$](8) expressed with MPFC indexing.Fig. 4. We realize the planned footstep footstep positions by constructing

. a swing foot trajectory through the way poimg, w1, andwsz, wherewg
B. Foothold Constraints is the position of the swing foot at the beginning of the single stance phase,

Each convex polygonal foothold is de ned by a pIaneandW2 is the most recent MPFC solution for the incoming stance foot.
fiT p = b and a set of linear constrairsp  ¢;. The logical
constraint[(91) is enforced with the big-M formulation

V. OUTPUT TRACKING VIA OPERATIONAL SPACE

CONTROL
Fipn G+ M( i) (12a) To realize the planned walking motion on the physical
ffpn B+M@ o) (12b)  robot, MPC outputs are tracked with an inverse-dynamics
fiT Pn b+ M(1 i ) (12c) based operational space controller (OSC). We use the same

, . N ' guadratic program as our previous Cassie examples [22] [23].
With approprlately normalized _andf,, (I9) corresponds This section describes the construction of the task space
to relaxing each foothold constraint W meters when ; = trajectories tracked by the OSC

0. Since our problem scale is on the order of 2 m, we choose
M = 10 for simplicity] The binary constrain{(pf) and the A. Center of Mass Reference
summation constrainf (Pe) imply that exactly one foothold gjyen a footstep plan from the MPC, we construct a CoM

must be chosen, and the remaining footholds relaxed.  yrajectory which enforces the local planarity assumption of
C. State, Input, and Footstep Limits the ALIP model by constructing the least-inclined plane pass-

We add a bounding box constraint on the CoM positiofnd Fhrough the current and imminent stance foot po;itions.
with conservative bounds oycom to avoid hip-roll joint Lettingp= ®pn+1, the plane parameters are the solution to
limits. We limit the ankle torque to 5 Nm, which is what K
the OSC can reliably provide without foot slip. Finally, we P By kX = %Z ; (15)
add a constraint to prevent the feet from crossingxhez Py Px y
plane. After solving fork, andky, we de ne the reference trajec-

D. Reference Design tory for the CoM height in the stance frame as

Given a desired average horizontal velocity,2 R?, we Ze(t) = H + kyXc(t) + kyye(t): (16)
generate a reference trajectory for the MPFC by nding 3
periodic ALIP trajectory which achieves this average velocity
with a user-speci ed stance width In addition to letting us e generate swing foot trajectories by constructing a
tune the stance width directly, this also ensures the desirégline between the initial and nal foot location during
position and angular momentum are consistent with thawing. First we generate an additional way point above the
ALIP dynamics without using ankle torque. First, the gai{ine connecting the initial and nal foot location, as shown

parametersy and| are encoded into a footstep sequence N Fig.- [4. Then, as a heuristic for generating swing foot
trajectories which will be tractable to track despite Cassie's

Pner = P+ VaTsos + nlé (13)  |eaf springs, we construct a minimum-snap spline through the
where Teos = Tes + Tgs and , = 1;1 for left and way points. The motivation for this is that when considering
right stance, respectively. To nd the corresponding periodithe spring dynamics, the foot position is relative degree four
ALIP trajectory, we de ne the step-to-step dynamics, whicio the motor torques.
combine the single stance dynamics and reset map to arriveda\t
a discrete dynamical system which has statq, the ALIP '

state at the beginning of single stance, and takgs.1 as We track a constant pelvis roll and pitch of zero, and
an input. The dynamics are a constant hip yaw (abduction) angle of zero. We track a

_ AT +B.S ) 14 commanded pelvis yaw rate from the remote control, and
Xn+1;1 = €XP(ATs25)Xn; 1 rPn+i 14 5 swing toe angle so that Cassie's foot makes an angle of

We nd the reference gait by substituting {13) info (14) andarctank, with the ground.

rolling out the dynamics for two stance modes, then solvinq/

f _ l.

Oor X1:1 = X3;1

. Swing Foot Reference

Constant references

PERCEPTIONSTACK FOR HARDWARE EXPERIMENTS

Here we describe the perception stack used to translate

IM must be large enough for every relaxed foothold to contain everboim clouds from the Intel RealSense D455 depth camera
unrelaxed foothold, but should otherwise be small for numerical stability

2This is a speci ¢ choice of Period-2 orbit [4] which achieves symmetrytO convex _fOOthOId. ConStram_ts in real time. The perception
between left and right stance. stack architecture is shown in Fig. 2.



A. State Estimator 3 @ 3 g@ g

We use the contact-aided invariant extended Kalman lter
developed by Hartley et al. [24] to estimate the pose an( %
velocity of the oating base. Due to the unobservability of \ Q

Cassie's global position, we experience state estimator drift;
especially vertically, which is accounted for in the elevatiortig. 5. |iustration of the convex polygon decomposition process. Left:

mapping node as described below. original nonconvex polygons with holes. Middle: approximate convex de-
composition of the original polygons. Right: convex inner approximation
B. RealSense D455 Depth Camera of the approximately convex components, with small components Itered

] ) ) _out. When tuning the convex decomposition, there is a trade off between
The RealSense is mounted to Cassie's pelvis, lookingaximizing the total traversable area and maintaining a low number of

down at the terrain in front of the robot (Fif] 6). We usef°nvex polygons.
therealsense-ros E]ROS package to publish point-cloud
data at 30 Hz, applying a decimation Iter to reduce th
number of points sent to the elevation mapping node.

connected components of steppable terrain are identi ed, and
Sheir outline is extracted as a 2D polygon embedded in 3D
space, with a safety margin of 5 cm. It should be noted that
C. GPU Based Elevation Mapping the effective safety margin is higher, as the Gaussian blur

We use the GPU based elevation mapping framewoJI?undS off sharp comers in the elevation map.

developed by Miki et al. in [10] to construct a robot-centricE. Convex Polygon Decomposition
elevation map of the terrain. This framework represents the |, general, the planar segmentation yields non-convex

terrain as a grid around the robot, with the height of eacho|ygons with holes (caused, for example, by small obstacles
cell updated by point cloud measurements through a Kalmay} gther unsteppable areas), but we require convex foothold
lter. The quality of the convex planar decomposition, and.qnstraints for the MPFC. We use a two stage process[{Fig. 5)
ultimately the stability_ of the controller, depends on theto nd a set of convex polygons whose union approximately

accuracy of the elevation map, so we make several Cassigaiches the original non-convex polygon. This avoids creat-
speci ¢ modi cations to [10], outlined below. ing many small triangles like an exact convex decomposition

1) Point Cloud Preprocessing:To eliminate spurious oyid, decreasing the number of integer variables in the
measurements of the Cassie's front shell, we crop out @pgc.

band of points along the near edge of the depth camerapist we perform approximate convex decomposition
frame. Additionally, we crop out points outside user-speci ed(ACD)[lB] on each polygon. ACD returns a decomposi-
minimgm and maxium depths. We' mask out Cas§ie‘s legs B of the original region into polygons which are-
removing all points from a bounding box extending up andy,proximately convex, with representing the depth of the
back from the front of each foot. _ largest concave feature. After Itering out polygons with area
2) Drift Correction using the Stance FootWhile [10] |ess than 0.1 ) we nd a convex inner-approximation of
features a oating base drift correction feature which comihese nearly convex polygons with a greedy approach we
pares the height of the input point cloud to the height of thgame the whittling algorithm (Algorithrfi] 1), after the way
existing map, we found this to be insuf cient for the severityjt makes incremental cuts to the polygon. We initialize the
of oating base drift we experience on Cassie. Becausgyiut polygonp as the convex hull of the original polygon,
Cassie's state estimate experiences a consistent upward e take the intersection ¢ with greedily chosen half-
due to impacts during touchdown, and because we have oijaces until no vertices of the original polygon are contained

one depth camera on the front of the robot, terrain under angl p \while this does not guarantee containmenPaiin the
behind the robot is estimated to be lower than in reality. T8riginal polygon, we do not see violations in practice.

correct for this, before each point cloud update, we adjust the
height of the elevation map by adding the height differencg|gorithm 1 Whittling Algorithm
between the elevation map and the current stance foot.

Require: Input polygon vertice&/ = fvg:::vag

D. Planar Segmentation procedure WHITTLE(V)
. . P ConvexHul(V
We use the planar segmentation module provided by [10] for all v \éox ultv)
(but described in [11]) to segment the elevation map into o .
| | Fi L lied h if vi 2 Interion(P) then
planar polygons. First, several lters are applied to the H = MakeCut;, P)

elevation map. In addition to the de-noising median lIter

X . ; ) P P\ H
described in [11], we apply an erosion Iter and Gaussian
blur to the height map to smooth out the terrain into its broad
features. Next, each pixel in the elevation map is classi ed as ) .
steppable or not based on surface inclination and roughnesdVakeCutP;v) is a QP which ndsa such that the half-

in a neighborhood around the pixel. From this classi cationSPaceH = fx | al(x ) Og contains as much d? as
ossible, as measured by minimizing the squared hinge loss

3https://github.com/IntelRealSense/realsense-ros max(a’ (pi  Vv);0)?, wherep; are the vertices oP .

return P




Fig. 6. Example of the elevation mapping and planar polygon extraction process showing the eld of view of the Intel RealSense. Frame (a) shows the

raw point-cloud data as seen in the world frame. Our point cloud pre-processing step (b) crops out potentially noisy measurements of Cassie's front shell
and a bounding box around the robot's feet. Frame (c) shows the raw elevation map constructed from the cropped point cloud. Frame (d) Shows the map
after applying a Gaussian blur and median lter, as well as the steppable planar polygon extracted from the map. (e) Shows the extracted polygon by itself.

VII. RESULTS the stairs when stepping up. We witnessed this effect more

Both layers of the control stack are implemented in cseverely on hardware, and discuss it further in Sedfion VIil.

u_sing the Drake _[25] systems framework and mutlibodys Hargware Experiments

kinematics/dynamics. The MPFC and OSC use Drake's )

interfaces to the Gurobi and OSQP solvers respectively. TheFOr hardware deployment, we run the high speed state
controllers are run in separate processes and communic§giimator and OSC loops on Cassie's onboard NUC computer
over LCM [26]. This abstracts the controller from source oftnd sénd joint torque commands to Cassie's target PC over
the robot state information, allowing us to test identical code/DP- The NUC is upgraded from stock to achieve better

in simulation or on hardware. We use a horizon of 3 standeerformancef] The MPFC and perception stack run on an

periods for the MPFC in order to plan multiple footstepLffboard ThinkPad p15 Laptop with an 8-core, 2.3 GHz
ahead. Intel 1180H processor and 24 GB of RAM. The laptop is

carried in a backpack by one of the safety bar carriers and
A. Simulation Experiments networked with the NUC over ethernet for LCM and ROS
communication.

We demonstrate our walking controller ascending and
descending a 9 cm. curb with vision in the loop. One
trial can be seen in Fid.] 8, and additional trials can be
seen in the supplemental video. While we achieved multiple
successful trials, several interactions between the controller
and perception stack make the system brittle in practice, as
detailed in Section VIII.

1) Controller Solve TimesSince the computational com-

§ i P& lexity of the MPFC scales with the number of foothold con-

e/‘ﬁ\;(l;) f55ss §§ ’“’}2*’;2 5“{1& 2train>t/s, and fast re-planning is required for stable walking,

SN @ AN we analyze the effect of the number of potential footholds

on solve time (Fig[]9). While the minimum, mean, and 90th

Fig. 7. Cassie descending and ascending a set of 1 m. long, 15 cpercentile solve times are similar, and all increase slowly up

tall steps with a pre-programmed velocity prole in simulation. Cassietg g footholds, the maximum solve time is 2.5-5 times higher.
tracks the commanded velocity with occasional deviations to satisfy foothol.iihese occasional long solve times can be up to 10 percent

constraints.

o o ) _ of a single stance phase, and introduce torque spikes when

To highlight the capabilities of the controller in an ide-y5cking commanded foot position with high feedback gains.
alized environment, we demonstrate Cassie ascending ajg aiso examine the relationship between foothold constraint
descending steps in simulation (Ffg. 7). While we modelation and solve time. When the MPFC solution contains
Cassie as realistically as possible, including springs, re ected tqotstep on a foothold boundary, the convex relaxation of

inertia, motor curves, and realistic joint limits, the MPFCij, MIQP is no longer optimal, leading to longer solve times.

and OSC have access to ideal state and terrain informatiefhis scenario makes up 4.9 percent of the data in[Fig. 9, and
Cassie is able to track a commanded velocity of 0.75 m/s Qpi|| increase with more challenging terrains.

meter long stairs, and automatically deviate from the velocity

command to satisfy foothold constraints. Given Cassie's VIIIl. | MPLEMENTATION LESSONS
limited ankle torque, walking can only be stabilized on steps In this work, we synthesized a number of mature or
!ong enough to use footstep placement as the primary Contr|%Iaturing ideas. We combined LIP based footstep control and
input, 1 m for a commanded speed of .O_'75 m/s, and 50 cm f IQP based kinematic footstep planning to design a novel
a commanded speed of 0.5 m/s. Additionally, for steps taller

than 15 cm, the ALIP model b_e_comes_ a poor apprOXimati_on “https://github.com/DAIRLab/cassie_documentation/wiki/Upgrading-the-
of the dynamics, and the trailing swing foot starts to clipntel-NUC



Fig. 8. Motion tiles showing Cassie stepping up (top row) and then down (bottom row) a curb using the perception and control stack outlined in this
paper. Neither the controller nor the perception stack have any prior knowledge of the environment.

A. Elevation Mapping Artifacts

Errors and noise in the elevation map can propagate
through the perception pipeline to the controller, leading
to failure. When walking on grass, for example, the stance
foot drift correction con icts with the height of the point
cloud, as Cassie's foot rests below the top of the grass. This
leads to discontinuities in the height map when walking on

i ) ) ] ) ) at grass. Additionally, the controller is sensitive to errors
Fig. 9. Analysis of MPFC solve times over 6 trials totaling 3:35 minutes

of walking and 8 surface transitions. Left: Plot of solve time vs. the numbel! the estimated ground he|ght' which alter the swing foot

of foothold constraints. Solve time increases Right: Box and whisker pidouchdown time, ultimately causing the swing-foot to miss
showing the relationship between constraint activation and solve time. Solyfis commanded target.
time increases when the optimal footstep is on the boundary of a stepping
tone, as th laxati f the MIQP i I timal :
stone, as the convex relaxation of the MIQP is no longer optima B. Safety Margins

Because we model Cassie's feet as points in the MPFC, we

walking controller. We informed this controller with a state off€ly on a safety margin in the planar segmentation algorithm
the art elevation mapping and convex planar decompositid account for the length of the blade foot. Tuning this margin
framework. Here, we discuss successes and shortcomings®fluite dif cult in practice, as there is a trade off between

these methods and how they integrate into the full percepti\ygllisio.n. risk and traversqble area. Insuf c_ient margin leads
locomotion system. to collisions when stepping up onto a higher surface, but

i . unnecessary margin leads to terrain gaps too large to cross

MPFC demonstrates yet again the effectiveness of (A)LIB; reas0nable walking speeds. We experienced both of these
based foot placement control for underactuated walking,ij,re modes with the same margin, depending on the
When using MPFC on at terrain, it is capable of achiev-commanded velocity and initial conditions of the step. While
ing robust, dynamic walking similar to our baseline ALIP;q 4ttempted shaping the swing foot trajectory to avoid col-
walking controller based on [5]. Our simulation results als@isions, these trajectories were dif cult to track due to large
show that with ideal terrain information, incorporating mixed, -.e|erations needed to start the swing phase moving away
integer foot§tep constraints gxpan_ds the capapilities of ALIRom the target position. The walking speed dependence of
based walking control to discontinuous terrain. Fast solVgs effect increased the skill and concentration required from
times point to the fact that more advanced solvers are making, operator. Future work will consider reformulating the
it possible to use MIQPs for high-rate control tasks. MPFC cost function to address these challenges, as well as

Where we experienced challenges was our controller&llowing for asymmetric safety margins in the planar polygon
sensitivity to perception error and noise. The GPU basegbntour extraction process depending on the relative height
elevation mapping framework has so far been applied prdf each surface.
marily to quadruped robots, which are lighter, more stable ) .
and less susceptible to the effects of impacts when walkins:.' Perception Noise
Additionally, existing controllers with real-time perceptive When the planned footsteps are at or near the boundary
footstep planning generally plan footholds about once paf a foothold, noise in the robot state or foothold boundaries
stride [1], [9], [11], making them less susceptible to noise itan cause sudden jumps in the impending footstep position
the perception system. The MPFC foothold constraints, doy changing which foothold sequence is optimal. To avoid
the other hand, are updated in real time, and are the direzdusing large jumps which would be impossible to track,
output of a 30 Hz perception system. Therefore the wholee introduce an additional bounding box constraint on the
system's performance is dependent on accurate, consisteeit footstep position. The constraint is applied when 250ms
perception. remain in the swing phase, and constrains the upcoming



footstep to a bounding box with half length 10 cm, centeredo]
at the footstep solution from the most recent MPFC solve.

IX. CONCLUSIONS ANDFUTURE WORK [10]

We present a new model predictive footstep controller
which allows underactuated bipeds to walk on constrained
terrain without prede ned foothold sequences. We formulatg1]
our controller as a single Mixed Integer Quadratic Program
which can be solved online faster than the 30 Hz rate cﬂz]
the realtime perception system used to model the terrain as
convex polygonal footholds. We demonstrate the controller
on Cassie with a fully integrated vision system. (23]

Future work will focus on improving the reliability of the
perception pipeline to give a consistent and accurate terrelitf!
representation while maintaining its real-time performance,
and improving the robustness of the MPFC and OSC tps)
perception error.
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