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Abstract

Intermittent contact is ubiquitous in robotic systems. It can take the form of legged robots making

and breaking contact with the ground while walking, running, or locomoting in general. This also

occurs in manipulator robots while grasping, reconfiguring, and placing objects. For robots to be

useful, it is necessary for them to physically interact with their environments.

To perform meaningful tasks, robots need an accurate estimate of their current position within

that environment as well as their current contact state. This would include knowledge of whether a

given foot is on the ground or whether a finger is currently touching an object. Without knowledge

of this state, a robot will have difficulty determining reasonable control actions to take. If a foot

is in contact with the ground, it can exert large contact forces on the robot, however if that same

foot is even slightly above the ground, it won’t be able to exert any contact forces. Without this

knowledge, a robot can easily be induced to trip and fall. Similarly, this can mean the difference

between properly grasping an object or failing to do so like pinching thin air or making an insecure

grasp for a manipulator robot.

Most existing state estimation methods assume that the underlying system has smooth dynamics.

The nonsmooth or even discontinuous nature of contact systems causes issues for these existing

state estimation methods as their assumptions do not hold. This work addresses the problem of state

estimation for contact systems by analyzing them as hybrid dynamical systems and improving upon

existing algorithms to operate on this class of systems.

One aspect of this problem that this thesis solves is when we don’t have access to accurate

system models. Some examples of this include unknown ground height for legged locomotion or

uncertainty in object dimensions for manipulation tasks. We handle this by explicitly considering

model uncertainty in state estimation algorithms. To do this, we use probability distributions to

represent uncertainties and calculate how variations in guard and reset parameters affect gradients

through transition events to create an augmented form of the saltation matrix. This work is presented

as the uncertainty aware Salted Kalman Filter (ua-SKF).
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Another part of the problem this work solves is when ground truth information isn’t available to

test online estimation algorithms. In these cases where ground truth is not readily available directly

through sensors such as motion capture cameras, we optimize over the available measurements to

create a proxy for ground truth to compare against for online algorithm evaluation. Using system

dynamics and measurement information from the entire trajectory rather than only information prior

to each timestep results in more accurate estimates at each time. This work is presented as Hybrid

iterative Linear Quadratic Estimation (HiLQE).

Lastly, we estimate the current contact conditions using methods specifically designed for

bipedal robots without foot contact sensors. This is a particularly difficult problem as existing

algorithms for state estimation either utilize contact sensors or make assumptions that do not

generally hold for bipedal robots, such as the assumption that the robot’s legs represent significantly

less mass than the body. This work uses multiple momentum observers to detect touchdown events

and maintain an estimate of the current contact conditions. By utilizing momentum observers

with the assumption that the current contact feet are effectively fixed to the ground, we can avoid

assumptions about the mass distribution of the robot.

The work presented in this thesis greatly improves the performance of state estimation on hybrid

dynamical systems in a variety of situations. Through the use of these techniques, many contact

systems including legged robots and manipulators will perform better when handling contact events.

By considering environmental uncertainty, robots will be better able to operate in less structured

environments such as in the wilderness or through the imperfections of urban settings. With access

to offline optimization methods, online algorithms can be tuned to offer greater performance. Access

to a better estimate of hybrid modes enables more dynamic motions as control decisions that rely

on knowledge of the current contact mode can be made at a faster pace.
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Chapter 1

Introduction

1.1 Motivation

Legged robotic systems have recently started moving out of labs and other controlled environments

into more unpredictable environments like wilderness and cities. The use of robots in these contexts

has the potential to remove humans from dangerous or repetitive tasks. Some tasks which we hope to

use robots in place of humans include search and rescue in wilderness or disaster conditions which

could lead to physical harm of people, as well as environmental and system monitoring in remote

locations which could prove hazardous for chemical or other reasons. Tasks like these require

robots to interact with their environments through contact. Contact can be required for a variety of

actions, whether it is for locomotion due to foot touchdown and liftoff, or for manipulation tasks

such as performing pick and place in warehouse environments, using tools to sample environments

or adjusting the controls of systems they seek to monitor.

To complete their tasks, robots need reliable planning, estimation, and control. For contact

systems, these can present additional difficulties as the states of contact systems can be non-smooth

and potentially discontinuous. Traditional algorithms for planning [1], estimation [2], and control

[3] are not designed with contact events in mind, so they cannot be directly applied to hybrid
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Chapter 1. Introduction

systems.

To handle the discontinuous nature of these contact systems, we examine them within the

framework of hybrid dynamical systems [4, 5, 6]. Hybrid dynamical systems simultaneously

represent the continuous and discrete states of a system. The continuous states typically considered

for robots are position, velocity, orientation, angular velocity, and joint angles. Typically, the

discrete states that are considered are whether a given foot is in contact with the ground or if a

hand/finger is making contact with an object. The framework of hybrid dynamical systems also

enables the consideration of instantaneous events to update the state, both discrete and continuous,

when certain conditions are met such as the height of a foot reaching ground level.

The goal of this work is to improve estimation on these contact driven systems since estimation

is critical to both planning and control. Without reliable state estimation, the starting point for

planning may be inaccurate, which can cause infeasible plans to be selected as optimal. Similarly,

without an accurate estimate of the current state, control actions may be selected that rely on

inaccurate contact information, leading the system to expect reaction forces where there won’t be

any, and conversely expect to be able to move freely when contact may restrict that motion.

To improve performance around contact events, this thesis addresses the problem of state

estimation for this class of hybrid dynamical systems. We address this problem with algorithms

which seek to estimate state with system structural uncertainty, perform offline algorithm evaluation,

and tackle issues specific to bipedal robotic systems. We utilize the saltation matrix and other

analysis methods for hybrid dynamical systems to redesign traditional state estimation algorithms

for contact systems. The algorithms presented either improve performance over existing algorithms

or adapt algorithms that would not work on hybrid dynamical systems previously. In combination,

these algorithms will greatly improve the performance of robotic systems with intermittent contact.

The rest of the thesis is organized as follows:

2



1.4. Hybrid Systems and the Saltation Matrix

1.2 Hybrid Systems and the Saltation Matrix

Chapter 2 introduces the definition of a hybrid dynamical system and provides an overview of

the saltation matrix, a tool for linearizing these systems. The work presented in this chapter was

performed with Dr. Nathan Kong and is intended to serve as a survey of the field as well as a tutorial

on the use of the saltation matrix in a variety of engineering contexts. The paper this chapter is

sampled from appears in the Proceedings of the IEEE [6].

1.3 Uncertainty Aware Kalman Filtering

Chapter 3 presents the uncertainty aware Salted Kalman Filter (ua-SKF). This algorithm builds off

of the salted Kalman filter (SKF) [7] designed to be applied to hybrid systems, which I developed

in conjunction with Dr. Nathan Kong, though he led the project, so it does not appear in this

thesis. The modifications presented in this thesis are designed to consider structural uncertainty.

This includes uncertainty both in guard location as well as uncertainty in reset map parameters.

The explicit consideration of the guard and reset uncertainty at hybrid events in addition to the

saltation terms results in better estimation performance around impact events for uncertain hybrid

systems. This can be used in situations such as walking on uneven ground where the exact height

isn’t known ahead of time, or if the system parameters, such as coefficient of restitution or ground

slope, are unknown. By explicitly considering the uncertainty in parameters, a better estimate of the

covariance of a distribution can be achieved. This improved estimate results in better performance

in the filtering algorithm. This paper was presented at IROS 2022 [8].

1.4 Optimization Based Estimation

In Chapter 4, we use iterative linear quadratic (iLQ) methods for state estimation on hybrid

dynamical systems. The initial work for this is to perform an offline batch estimation algorithm

to create a pseudo-ground truth for online algorithms to use as a comparison point for evaluation.
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When we consider the entire trajectory of measurements and dynamics, we are able to achieve more

accurate state estimates than simply using online information. An advantage of this method is the

ability to achieve better knowledge of impact times, which notably reduces errors around hybrid

events. This could potentially be extended as an online moving horizon estimation algorithm.

1.5 Hybrid Mode Detection for Bipedal Robots

The issue of current contact mode estimation is of specific interest for bipedal robotic systems due

to their limited contact points and need for stability. To address this issue, Chapter 5 estimates the

current contact state of a bipedal robot without relying on common assumptions made in existing

contact mode estimators. Existing estimation algorithms for legged robots often assume the robot

has contact sensors at the feet or ground reaction force sensors. For systems lacking these sensors,

another assumption that is often made is that the legs represent significantly less mass than the

floating base. These assumptions often do not hold for bipeds as contact sensors may not be durable

enough for long term use and legs often represent a significant portion of the robot’s mass. In place

of these assumptions, we take the assumption that flight phases will not occur. We then utilize

momentum observers for each contact mode to detect touchdown and liftoff events of the other leg.

1.6 Additional Work

While they will not appear in this thesis, I have worked on a variety of other projects during my time

in this program. With Hans Kumar, I worked on periodic SLAM [9], which seeks to solve the state

estimation problem for hybrid systems (specifically legged robots) from a different direction. This

work leverages the periodicity of the gait cycles of many legged robots to improve the estimation on

these systems. In this work, we exploited this periodicity to examine camera frames that are close

to one another in orientation rather than close to one another in time. Periodic SLAM was able to

provide accurate state estimates in scenarios where many state of the art algorithms were induced to

fail. Additionally, I worked with Dr. James Zhu on the dual problem of planning and control of
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hybrid systems [10]. In this work, we utilize an iLQR algorithm to simultaneously solve a trajectory

planning problem and optimize the resulting trajectory for convergence properties.
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Chapter 2

The Saltation Matrix

This chapter defines the saltation matrix and the broad class of hybrid systems where the saltation

matrix applies (Sec. 2.1), derives the expression of the saltation matrix using a geometric approach

(Sec. 2.2), and demonstrates the use of saltation matrices in linear (Sec. 2.3) and quadratic forms

(Sec. 2.4).

2.1 Hybrid systems and the saltation matrix

While there are many definitions of hybrid dynamical systems, e.g. [11, 12, 13, 5], this treatment of

the saltation matrix is based on the definition from [6].

Definition 1 A Cr hybrid dynamical system, for continuity class r ∈ N>0 ∪ {∞, ω}, is a tuple

H := (J , Γ,D,F ,G,R) where the parts are defined as:

1. J := {I, J, ...} ⊂ N is the finite set of discrete modes.

2. Γ ⊆ J × J is the set of discrete transitions forming a directed graph structure over J .

3. D := ⨿I∈J DI is the collection of domains, where DI is a Cr manifold and the state x ∈ DI

while in mode I.
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2.1. Hybrid systems and the saltation matrix

Figure 2.1: An example 2 mode hybrid system where the domains are shown in black circles D, the dynamics
are shown with gray arrows F , the guard for the current domain is shown in red dotted lines g, and the reset
from the current mode to the next mode is shown in blue dashed lines R.

4. F : R×D → T D is a collection of Cr time-varying vector fields, FI := F|DI
: R×DI →

T DI, for each I ∈ J .

5. G := ⨿(I,J)∈Γ G(I,J)(t) is the collection of guard sets, where G(I,J)(t) ⊆ DI for each

(I, J) ∈ Γ is defined as a regular sublevel set of a Cr guard function, i.e. G(I,J)(t) =

{x ∈ DI|g(I,J)(t, x) ≤ 0} and Dxg(I,J)(t, x) ̸= 0 ∀ g(I,J)(t, x) = 0.

6. R : R×G → D is a Cr map called the reset that restricts as R(I,J) := R|G(I,J)(t)
: G(I,J)(t)→

DJ for each (I, J) ∈ Γ .

Note that this definition incorporates the control input u(t, x) into the dynamicsF asF(t, x, u(t, x)),

which we simplify as F(t, x) going forward.

Fig. 2.1 shows an example hybrid system with a hybrid execution consisting of a starting point

x(0) in DI flowing with dynamics FI and reaching the guard condition g(I,J)(t, x) = 0 at time t,

7



Chapter 2. The Saltation Matrix

applying the reset map R(I,J)(t, x) resetting into DJ and then flowing with the new dynamics FJ.

Denote t− as the instant before a hybrid event occurs while the system is still in domain I, t+ the

instant after the reset map is applied following the hybrid event where the system has transitioned

into domain J, and x(t±) = x± the limiting value of the signal x from the left (−) or right (+).

The goal in this chapter is to understand how variations about a nominal trajectory evolve over

time. For smooth systems, it is well known that variations about a nominal trajectory, δx ,can be

approximated to first order using the derivative of the dynamics F (t, x) with respect to state Dx:

d

dt
δx(t) = DxF (t, x)δx+ h.o.t. (2.1)

where h.o.t. represents higher order terms. Hybrid systems with time triggered reset maps can

be similarly analyzed using the Jacobian of the reset map, δx+ = DxR(t, x)δx−. However, the

Jacobian of the reset map does not account for differences that are introduced from time-to-impact

variations in systems with event driven resets, where the differences in dynamics in the two hybrid

modes must be considered. The saltation matrix, e.g. [14, Eq. 3.5], [15, Pg. 118 Eq. 6], or [16,

Eq. 7.65], accounts for these terms to capture how variations are mapped through event-driven

hybrid transitions to the first order. From here on, the term hybrid transition/system refers to this

event-driven class.

For notational simplicity, the following shorthands are made for the terms in the saltation matrix:

F−
I := FI(t

−, x(t−)) (2.2)

F+
J := FJ(t

+, x(t+)) (2.3)

x(t+) := R(I,J)(t
−, x(t−)) (2.4)

DxR
− := DxR(I,J)(t

−, x(t−)) (2.5)

DtR
− := DtR(I,J)(t

−, x(t−)) (2.6)

Dxg
− := Dxg(I,J)(t

−, x(t−)) (2.7)

Dtg
− := Dtg(I,J)(t

−, x(t−)) (2.8)

8



2.1. Hybrid systems and the saltation matrix

Note that Dt in (2.6) and (2.8) refers to the derivative with respect to the first coordinate (and not the

time dependence of x, which is captured by other terms). Now, we can define the saltation matrix

as follows.

Definition 2 The saltation matrix for transition from mode I to mode J is the first order approxima-

tion of the variational update at hybrid transitions from mode I to J, defined as

Ξ(I,J) := DxR
− +

(
F+
J −DxR

−F−
I −DtR

−)Dxg
−

Dtg− +Dxg−F
−
I

(2.9)

In the saltation matrix, the first term, DxR
−, captures the variations due to the reset map being

applied at different states. The second term accounts for the variations caused by a trajectory being

subject to differing dynamics for a small amount of time due to the displacement.

Note that the matrix multiplication in (2.9) results in an outer-product between the terms in the

parentheses and Dxg
− to get a rank-1 correction to the Jacobian of the reset map. The saltation

matrix is an nJ × nI matrix, where nI is the dimension of the states in domain DI and nJ is the

dimension of the states in domain DJ.

The saltation matrix maps variations to the first order from pre-transition δx(t−) to post-

transition δx(t+) as

δx(t+) = Ξ(I,J)δx(t
−) + h.o.t. (2.10)

The saltation matrix in (2.9) is well defined when the following assumptions are true:

1. Guards and resets are differentiable

2. Trajectories must be transverse to the guard at an event:

d

dt
g(I,J)(t, x(t)) = Dtg

− +Dxg
−F−

I < 0 (2.11)

In addition, it is often taken that trajectories cannot undergo an infinite number of resets in finite

time (no Zeno) in order to ensure trajectories can be analyzed without needing to determine the

9



Chapter 2. The Saltation Matrix

behavior in limit conditions.

The saltation matrix relies on differentiating the guards and reset maps so they must be differen-

tiable. Transversality ensures that neighboring trajectories impact the same guard unless the impact

point lies on any other guard surface, in which case the Bouligand derivative is the appropriate

analysis tool [17, 18, 19, 20, 21]. Transversality also ensures the denominator in (2.9) does not

approach zero.

These assumptions also indicate the main limitations of the saltation matrix. On top of the

limitations inherent to the linearization of nonlinear systems, the saltation matrix assumes that all

neighboring trajectories undergo the same transition sequence as the nominal trajectory. This is

unable to capture situations where the nominal trajectory transitions transversely to the guard (i.e.

grazing impact) or near the intersection of two guard surfaces (i.e. simultaneous touchdown of feet).

In some cases, the saltation matrix for a hybrid transition can become an identity transformation.

Knowing when the saltation matrix is identity is useful to simplify computation and analysis. The

most common reason for a saltation matrix to become identity is if both of these conditions are true:

1. The reset map is an identity transformation in the neighborhood of the center of approximation,

R(x) = In×nx, where n is the dimension of the state x in both DI and DJ, additionally this

means that DxR = I .

2. The dynamics in both modes are the same before and after impact, F−
I = F+

J .

With these conditions, we can see that the saltation matrix becomes the identity map:

DxR(I,J) = In×n

F−
I = F+

J

 =⇒ Ξ(I,J) = In×n (2.12)

An example of such a transition is a foot lifting off from the ground, since there is no abrupt

change in forces, the dynamics are equal at the mode transition. If the reset map is an identity

transformation, then DxR is also identity and DtR is zero. Using these conditions to simplify the

10



2.2. Saltation matrix derivation

expression in (2.9) gives

Ξ(I,J) = In×n +

(
F+
J − In×nF

−
I − 0n×n

)
Dxg

−

Dtg− +Dxg−F
−
I

= In×n (2.13)

Lastly, in the case that the transition is triggered by time rather than state, the saltation matrix is

exactly equal to the Jacobian of the reset map DxR. This is because there is no longer a variation in

the time to impact, and Dxg
− = 01×n, thus

Ξ(I,J) = DxR
−+

(
F+
J −DxR

−F−
I −DtR

−) 01×n

Dtg− + 01×nF
−
I

= DxR
− (2.14)

Therefore, in this case, it is safe to use the Jacobian of the reset map instead of the saltation

matrix because they are equivalent.

2.2 Saltation matrix derivation

In this section, the derivation of the saltation matrix (2.9) is presented, following the geometric

derivation from [16] with the addition of reset maps. There are many alternate ways to derive (2.9),

one method is a derivation using the chain rule, which is included in [6].

Suppose the nominal trajectory of interest is x(t) as shown in Fig. 2.2. The trajectory starts in

mode I and goes through a hybrid transition to mode J at time t. The saltation matrix is a first-order

approximation, so the flow is treated as a constant in each mode, evaluated at time t± as in (2.2) and

(2.3) such that for an infinitesimal timestep δt:

x(t−) ≈ x(t− − δt) + F−
I δt in mode I (2.15)

x(t+ + δt) ≈ x(t+) + F+
J δt in mode J (2.16)

The reset and guard are also linearized at t− as in (2.5) and (2.7), such that
(2.17)R̄(t− + δt, x+ δx(t−)) = R(I,J)(t

−, x(t−)) + DxR
−δx(t−) + DtR

−δt

(2.18)ḡ(t− + δt, x+ δx(t−)) = g(I,J)(t
−, x(t−)) + Dxg

−δx(t−) + Dtg
−δt

11
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a) v⃗ = F−I δt + δx(t−)

b) 0 = Dxg
−v⃗

c) δx(t̃+) = DxR
−v⃗ − F+

J δt

Figure 2.2: Linearizations made about the nominal trajectory shown in black where a perturbation is shown
in yellow and the perturbed trajectory is shown in blue. At a) describes v⃗ = F−

I δt + δx(t−). At b) the
guard condition is 0 = Dxg

−(δx(t−) + F−
I δt). At c) δx(t̃+) is DxR

−v⃗ − F+
J δt. Here δt is positive (late

transition) and for the purposes of this figure it is assumed that the system is autonomous, so the Dtg and
DtR terms drop out.

where R̄ and ḡ are the linearization of the reset map and guard function about a nominal trajectory.

Trajectories that are perturbed δx away are labeled as x̃. Variations can lead to changes in the

impact time, which we describe with the infinitesimal time difference δt := t̃ − t where t is the

original impact time and t̃ is the perturbed impact time. If δt > 0 then the perturbed transition

occurs after the nominal solution and the perturbed solution stays in the previous hybrid mode

longer, while if δt < 0 then the perturbed solution transitions early. For simplicity of notation,

assume the perturbed trajectory reaches the guard surface late, but the analysis also works for early

transitions, resulting in the same expression (2.9), which is shown in [6].

Define the perturbation at the pre-impact time of the nominal trajectory t− and the post-impact

time of the perturbed trajectory t̃+, which we will solve for based on the initial state perturbation,

as:

δx(t−) := x̃(t−)− x(t−) (2.19)
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δx(t̃+) := x̃(t̃+)− x(t̃+) (2.20)

where x̃(t−) is the perturbed trajectory following the previous mode dynamics until time t−. Next,

we can write (2.20) in terms of the nominal trajectory at time of impact x(t−) and just after impact

x(t+).

Using (2.15) and (2.19), x̃(t̃−) can be written in terms of the flow before impact F−
I δt and the

perturbation before impact δx(t−):

x̃(t̃−) = x(t−) + δx(t−) + F−
I δt+ h.o.t. (2.21)

Note that we denote the expression δx(t−) + F−
I δt as v⃗ in Fig. 2.2 Eq. a. For brevity, we will drop

the higher order terms for the rest of this chapter.

By using the linearized reset map (2.17) and the perturbation expressed in terms of the nominal

trajectory (2.21), the reset at x̃(t̃−) can be expressed in terms of the nominal state x(t−), the

pre-transition perturbation δx(t−), and the difference in impact time δt

x̃(t̃+) = R(t−, x(t−)) + DxR
− (

δx(t−) + F−
I δt

)
+DtR

−δt (2.22)

The final term in (2.20) is obtained using the constant flow after the reset (2.15) to calculate x(t̃+):

x(t̃+) = R(t−, x(t−)) + F+
J δt (2.23)

By combining (2.20), (2.22), and (2.23), δx(t̃+) is now a linear function of δx(t−) and δt :

δx(t̃+) = R(t−, x(t−)) + DxR
− (

δx(t−) + F−
I δt

)
(2.24)

+DtR
−δt−

(
R(t−, x(t−)) + F+

J δt
)

= DxR
−δx(t−) +

(
DxR

−F−
I +DtR

− − F+
J

)
δt (2.25)
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This step is highlighted by the vector addition in Fig. 2.2 Eq. c.

Next, we solve for δt as a function of δx(t−). The linearization of the guard (2.18) and the

perturbation expressed in terms of the nominal trajectory (2.21) are used to rewrite the guard

evaluated at x̃(t̃−) as a function of the nominal (and noting that g(t−, x(t−)) = 0):

0 = g(t−, x(t−)) + Dxg
−(δx(t−) + F−

I δt) + Dtg
−δt (2.26)

= Dxg
−δx(t−) + (Dxg

−F−
I +Dtg

−)δt (2.27)

This expansion shows up in Fig. 2.2 as Eq. b. Using 2.18 to write δt as a function of δx(t−) gives:

δt = − Dxg
−

Dxg−F
−
I +Dtg−

δx(t−) (2.28)

Substituting this δt into (2.25) and solving for δx(t̃+) in terms of δx(t−) gives

δx(t̃+) = DxR
−δx(t−) +

(
F+
J −DxR

−F−
I −DtR

−)Dxg
−

Dxg−F
−
I +Dtg−

δx(t−) (2.29)

= Ξ(I,J)δx(t
−) (2.30)

where Ξ is the saltation matrix, as in (2.10).

2.3 Linear forms for the saltation matrix

Understanding how perturbed trajectories behave near a trajectory of interest is crucial for many

algorithms which rely on linearizations. The sensitivity equation describes how these variations

evolve over time. For a hybrid system, the time evolution simply applies the standard smooth

sensitivity equation based on the Jacobian of the dynamics with respect to state, AI(t, x) :=

DxFI(t, x) (2.1), and the saltation matrix equation when a hybrid transition occurs (2.10). For a
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2.3. Linear forms for the saltation matrix

Figure 2.3: Constant flow hybrid system with identity reset map. The Jacobian of the reset map DxR predicts
no variational changes whereas using the saltation matrix Ξ predicts the correct variational changes.

transition from mode I to mode J at time t−, the perturbation dynamics are described by

d

dt
δx(t) = AIδx(t) s.t. t ≤ t− (2.31)

δx(t+) = Ξ(I,J)δx(t
−) s.t. t = t− (2.32)

d

dt
δx(t) = AJδx(t) s.t. t ≥ t+ (2.33)

An example is shown in Fig. 2.3, where the sensitivity is updated only by the saltation matrix

because the flows are constant in both modes (A is zero). Instead, it is the difference in mode timing

that determines the change in sensitivity from the initial to final state. If the Jacobian of the reset
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(which in this case is identity) is used instead of the saltation matrix, the prediction is incorrect.

Sensitivity of hybrid systems is extensively analyzed in [22] and [23].

Many algorithms consider finite, discrete timesteps. This makes the analysis slightly different,

since the hybrid transition will most likely not occur exactly at the boundary of a discrete timestep.

In this case, a “sandwich” method is utilized, where three (or more) smaller discrete updates are

applied during a timestep in which a hybrid transition occurs. Consider a time interval from tk to

tk+1 := tk +∆ over which a single reset occurs at time tk +∆1. The system spends ∆1 time in the

first mode and ∆2 := ∆−∆1 in the second mode. In practice, ∆ may be chosen based on a desired

control update rate, while ∆1 can be solved for with a zero-crossing algorithm in an event-driven

hybrid simulator or similar method. Let AI,∆ be the Jacobian of the dynamics AI discretized to time

duration ∆. Then a discrete approximation of the forward dynamics is

δx(tk+1) = AJ,∆2Ξ(I,J)AI,∆1δx(tk) (2.34)

which holds to first order. This result comes from the fundamental matrix solution [16, Eq. 7.22].

Note for the example in Fig. 2.3, the constant flow in each mode means that AI,∆1 = AJ,∆2 = I . If

multiple (but finitely many) hybrid transitions occur over a time interval, additional A∆ and Ξ terms

can be appended to (2.34) as necessary.

2.4 Quadratic forms for the saltation matrix

Similar to the linear gradient forms from the last section, quadratic forms are often used in algorithms

which rely on linearizations. Examples of such algorithms include the well-known Kalman filter

and LQR controller, where quadratic forms are used to propagate the covariance distribution and

value function approximation, respectively. More formally, these equate to the propagation of the

quadratic forms of vectors and co-vectors, respectively, [24, Ch. 3]. This propagation allows for

accurate updates to state estimates and control laws along a trajectory. In this context, the vector in

question is the state vector, with the corresponding quadratic form being the covariance distribution.
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2.4. Quadratic forms for the saltation matrix

The co-vector, which lies in the space of linear functions of the vector, does not have an explicit

representation here, but the quadratic form of the co-vector is the value function approximation of

LQR [25].

For covariances, recall that the update law for covariance Σ through a discretized smooth system,

with timesteps ∆, is:

Σ(tk+1) = A∆Σ(tk)A
T
∆ (2.35)

e.g. as in [26, Eqn. 1.10] or [27, Eqn. 6]. Similarly, at hybrid transitions, the saltation matrix applies

in an analogous way (see derivation in [6, App. C]):

Σ(t+) = Ξ(I,J)Σ(t
−)ΞT

(I,J) (2.36)

[28, Eqn. 17], [7, Eqn. 7], which holds to first order. As with linear forms, the sandwich method

(2.34) can be applied to retrieve the covariance propagation for an entire discrete timestep:

Σ(tk+1) = AJ,∆2Ξ(I,J)AI,∆1Σ(tk)A
T
I,∆1

ΞT
(I,J)A

T
J,∆2

(2.37)

[7, Eqn. 19]. An example is shown in Fig. 2.4, where the covariance is once again updated only by

the saltation matrix because the flows are constant in both modes (A∆ terms are identity). If the

Jacobian of the reset is used instead, the incorrect covariance is predicted. Algorithms, such as a

Kalman filter [7], that propagate covariances with the dynamics can utilize this update law.

In the case of propagating a quadratic form of a co-vector, the matrix transpose terms flip sides

similar to how a co-vector quadratic form propagates in the smooth domain:

P (tk) = AT
∆P (tk+1)A∆ (2.38)

as in [29, Eqn. 3.40]. This structure compared with (2.35) highlights the dual nature of the co-
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Figure 2.4: Constant flow hybrid system with identity reset map. The Jacobian of the reset map DxR predicts
no covariance change whereas using the saltation matrix Ξ predicts the correct covariance.

vectors and vectors. The co-vector propagation law for the hybrid transition uses the saltation matrix

in an analogous way (see derivation in [6, App. D]):

P (t−) = ΞT
(I,J)P (t+)Ξ(I,J) (2.39)

[25, Eqn. 23], [30, Eqn. 31]. The main application of the co-vector case is in the update to the

Riccati equation or Bellman value function update, e.g. in LQR [30, 25].
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Chapter 3

Kalman Filtering for Hybrid Systems with

Uncertain Structure

3.1 Abstract

In this chapter, we present a method for updating robotic state belief through contact with uncertain

surfaces and apply this update to a Kalman filter for more accurate state estimation. Examining how

guard surface uncertainty affects the time spent in each mode, we derive a novel guard saltation

matrix – which maps perturbations prior to hybrid events to perturbations after – accounting for

additional variation in the resulting state. Additionally, we propose the use of parameterized reset

functions – capturing how unknown parameters change how states are mapped from one mode to the

next – the Jacobian of which accounts for additional uncertainty in the resulting state. The accuracy

of these mappings is shown by simulating sampled distributions through uncertain transition events

and comparing the resulting covariances. Finally, we integrate these additional terms into the

“uncertainty aware Salted Kalman Filter”, uaSKF, and show a peak reduction in average estimation

error by 24-60% on a variety of test conditions and systems.
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3.2 Introduction

Making and breaking contact is critical for robots as they often need to physically interact with their

environment to accomplish their tasks. For a legged robot to navigate to a desired location – for

search and rescue, mapping, remote surveying, etc. – its feet will need to repeatedly impact the

ground as it walks or runs. Manipulation robots must grasp, push, pull, etc, the objects they need to

manipulate. In order to safely and reliably operate during these changing contact conditions, robots

need to have an accurate estimation of their state in order to generate reasonable plans and complete

their tasks. However, when dealing with these intermittent contacts, the robot’s dynamics become

non-smooth and even discontinuous, which presents a challenge for classic methods that assume

smoothness [31, 32, 33, 34].

Another difficulty with intermittent contact systems is that outside of constrained environments

like labs and factories, there will not be perfect models of the environment. The contact surface

and physical properties may not be perfectly known ahead of time. In the language of hybrid

systems [11, 12, 13], this environmental uncertainty requires us to consider the guards (where

contact conditions change) and reset maps (how contact conditions change) to be stochastic. The

combination of uncertainty in the guard with the discontinuity in dynamics results in additional

state uncertainty due to variation in the time spent in each mode. For example, Fig. 3.1 shows

a simple contact system – a ball bouncing off of a slanted surface. If there is uncertainty in the

guard location or in the angle at which the ball will rebound, the resulting state uncertainty will

grow. Filtering methods present a way to utilize the information of how state and guard uncertainty

interact at hybrid events by directly updating the state belief based on hybrid model uncertainty.

To address these issues, this chapter presents an “uncertainty aware Salted Kalman Filter”, or

uaSKF, for hybrid dynamical systems. We propose to model uncertainty as distributions of guard

locations and reset map parameters, and we derive how these distributions couple into the system

state uncertainty. We introduce the “guard saltation matrix,” which captures the uncertainty due to

variations in the guard location and time to impact (Fig. 3.1b). To handle reset uncertainty, we use
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Figure 3.1: Simulating a 2D bouncing ball impacting an angled ground. a) No uncertainty in the guard offset
or normal. b) Only offset (guard location) uncertainty. c) Only surface normal (reset function) uncertainty. d)
Both offset and normal uncertainty. Yellow particles: Initial and final distribution. Black curve: Nominal
trajectory. Black ellipses: Initial and final covariances. Red dotted ellipse: Predicted covariance using only
saltation matrix (identical in all four plots). Blue dashed ellipse: Predicted covariance using the proposed
method. The proposed method captures the effect of guard and reset uncertainty on the propagated covariance.

the Jacobian of the reset function with respect to the uncertain parameters (Fig. 3.1c). These terms

combine to produce an accurate state uncertainty update through the uncertain ground interaction

(Fig. 3.1d). Then we integrate these tools into a Kalman filter and provide results showing reduced

estimation error on several example systems.
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3.3 Related Work

While the fields of hybrid systems and state estimation both have long histories, here we focus on

related work that specifically tackles the intersection of the two.

3.3.1 State Estimation for Hybrid Systems

Initial work on Kalman filter (KF) based methods for hybrid dynamical systems such as [31, 34]

utilized the reset map to update the mean estimate and the Jacobian of the reset map to update

covariance beliefs at hybrid events. However, recent work showed that the Jacobian does not capture

all of the effects of the hybrid event on reshaping the covariance. Instead, [7] proposes the “Salted

Kalman Filter” (SKF), which uses the saltation matrix in place of the Jacobian of the reset map

for Kalman filtering. The saltation matrix is a rank 1 update to the Jacobian that accounts for

state variations caused by time to impact variations. This work was extended to include filtering

on manifolds in [35] with the hybrid invariant extended Kalman filter (HInEKF). In this work,

the saltation matrix method is further extended to account for uncertainties in the structure of the

underlying hybrid system, such as variation in guard location and the reset map. To do this, we use

techniques similar to consider covariance methods [36, 37] to incorporate uncertainty in system

parameters around hybrid events.

Other work on hybrid system state estimation has largely involved multiple estimators. Some

have kept the number of estimators relatively low, such as in Interacting Multiple Model estimation

(IMM) [38], which maintains KFs for each of the hybrid modes. Multiple model methods have been

extended to a variety of problems including nonlinear dynamics [39] and non-identity rests [40].

Multiple model methods are not easily applicable on event-driven hybrid dynamical systems as one

of the core assumptions of these methods is that the transitions between discrete modes follow a

Markov model, which is not necessarily true when the probabilities of discrete state transitions are

dependent on the continuous state beliefs.

Alternatively, many methods such as [41, 42] have adopted particle filtering approaches and
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have used large numbers of individual estimates to represent a distribution, as opposed to summary

statistics like mean and covariance in the case of KFs. While these methods have many benefits,

including capturing nonlinear dynamics and non-Gaussian beliefs, the computational complexity of

running a particle filter is far greater than a simpler Kalman style filter. As such, this work aims to

utilize KFs to maintain the benefits of fast computation times.

3.3.2 Nonlinear Event Mapping and Saltation Matrices

In this chapter, the standard KF is augmented with additional knowledge about the structure of reset

maps from the saltation matrix.

The saltation matrix [14, 22, 16, 19] is used to map perturbations through nonsmooth dynamics

at the boundary between modes. Previously, [28] demonstrated the saltation matrix can be used

to map probability distributions through hybrid transitions and [7] extended this to use in Kalman

filtering, as in (Fig. 3.1a).

The primary difference in this work is that perfect knowledge of guard locations and reset maps

is not assumed. This is similar to [43] in which they examined the “noisy saltation matrix” for

systems with guards that are time varying with random low amplitude, zero mean, mean reverting

noise. This chapter uses similar time to impact analysis to derive our guard saltation matrix, which

instead views the uncertainty in guard locations as stationary with an estimated distribution they are

drawn from. This results in a different mapping, as the noisy saltation matrix views the guard as

time varying (so the velocity of the noise affects the time to impact for the system), which is not

present in our guard saltation matrix. The other difference is that the noisy saltation matrix does not

assume any sort of distribution, only that information about time to impact can be extracted. This

work assumes that Gaussian information is known about the guard and directly determines the time

to impact from that distribution.
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3.4 Background

3.4.1 Hybrid Dynamical Systems

A hybrid dynamical system is a system with both continuous states, such as positions and velocities,

and discrete states or modes, such as whether a specific limb is in contact with the ground, in which

the sequence of discrete states is determined by the evolution of the continuous states. This chapter

will follow the definition of a hybrid system from Chapter 2 Def. 1.

3.4.2 Perturbation Analysis and the Saltation Matrix

Within a single mode, the Jacobian of the continuous dynamics can be used to update the covariance

of a distribution. However, at hybrid events, the same method cannot be used. In order to properly

update covariance through a mode transition, the time to impact of perturbations must be considered.

The saltation matrix includes the time to impact for covariance updates [14, 22, 16, 19]:

Ξx := DxRI,J +
(fJ −DxRI,JfI −DtRI,J)DxgI,J

DxgI,JfI +DtgI,J
(3.1)

where Dx and Dt represent Jacobians with respect to state and time, fI is the linearization of the

vector field FI at the point of impact. The saltation matrix captures both the effects of the Jacobian

of the reset map and variations in the time a system is acted upon by the dynamics of each mode.

It maps pre-transition variations δx− to post-transition variations δx+ as, δx+ = Ξxδx
−, and, by

extension [28, 7], maps pre-transition covariance in state Σ−
x to post-transition covariance Σ+

x as:

Σ+
x = ΞxΣ

−
xΞ

T
x (3.2)

In order to ensure the saltation matrix is well defined, we utilize the conventional assumptions

from [44, Assumption 1], which most notably includes that transitions are transverse. This ensures

that trajectories in a neighborhood of a guard must transition exactly once at small timescales. This
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3.5. Modeling Uncertainty in Guards and Reset Maps

assumption excludes Zeno behavior from this analysis. These assumptions are discussed in more

detail in Sec. 2.1. Additionally, we make the assumption that the vector fields in each mode are

extensible beyond the nominal guard as is done in [43]. This assumption allows us to analyze the

effect of each mode’s dynamics on a trajectory through a guard that is not at the nominal position.

More detailed discussion on the saltation matrix and its derivation are provided in Chapter 2.

3.5 Modeling Uncertainty in Guards and Reset Maps

A notable limitation of the saltation matrix formulation is that it assumes perfect knowledge

of the structure of the hybrid system. However, in real applications, the guard boundaries and

reset properties will be uncertain. This work seeks to capture these uncertainties for covariance

propagation in hybrid systems with uncertainty in the guard (Sec. 3.5.1) and reset (Sec. 3.5.2).

3.5.1 Uncertainty in Guard Location

When the location of the guard is unknown along its normal direction, the post-transition state

uncertainty is higher than if the guard location is perfectly known. The effects of uncertainty along

the guard normal direction can be captured as an additional rank 1 update to the standard saltation

matrix. Note that the effects of uncertainty in the normal direction of the guard surface are discussed

in (Sec. 3.5.2), as the timing elements of uncertainty in normal are higher order terms that do

not show up for a first order approximation, similar to the curvature of the guard surface. This

section goes through the mathematical derivation of the guard-uncertainty saltation matrix, using a

geometric derivation similar to the saltation matrix derivation in [16].

Here we consider how pre-impact displacements δx(t−) in mode I map to post-impact dis-

placements δx(t̃+) in mode J . To do so, we start by considering how the nominal state x(t) and a

perturbed state x̃(t) evolve from the time the nominal state reaches the guard before transitioning

(t−) to the time the perturbed state enters the new mode (t̃+). For simplicity of notation, in this

derivation we assume that the nominal trajectory reaches the guard first, however, the same result is
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Figure 3.2: Uncertainty in guard location changing the relative position of variations before and after
transition. For ease of depiction, the reset map is shown as identity, but accounting for them is an additive
term in the saltation matrix. This is the basis of the guard saltation matrix.

reached if the opposite assumption is chosen. The displacements can be expanded as:

δx(t−) = x̃(t−)− x(t−) (3.3)

δx(t̃+) = x̃(t̃+)− x(t̃+) (3.4)

For readability, hereafter we use the + and - superscripts to represent the state at times t̃+ and

t−, respectively, e.g. x+ = x(t̃+). The evolution of these trajectories can be seen in Fig. 3.2.

We would like to solve for δx+ as a function of δx− and known system parameters by using the

continuous and reset dynamics. For this first-order analysis we linearize the pre-impact dynamics

FI about the point x(t−) as fI , and similarly we linearize the post-impact dynamics FJ about the
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point x(t+) as fJ . Following the linearized hybrid dynamics forward from time t−, and assuming

without loss of generality that the nominal trajectory impacts the guard first at time t−, we have:

x+ = RI,J(x
−, t−) + fJδt (3.5)

that is, the final state is equal to the initial state passed through the reset map and then following

the dynamics of the new mode for time δt = t̃− t, the time between impact events, until time t̃+.

Similarly, we can follow the hybrid dynamics forward from x̃− to get:

x̃+ = RI,J(x̃
− + fIδt, t̃

−) (3.6)

where in this case the perturbed state first flows in the prior mode until time t̃− and then passes

through the reset. Using the definition of δx− and δt, (3.6) can be written entirely in terms of the

pre-impact variation and times:

x̃+ = RI,J(x
− + δx− + fIδt, t

− + δt) (3.7)

Substituting (3.5) and (3.7) back into (3.4) yields:

δx+ = RI,J(x
− + δx− + fIδt, t

− + δt)−RI,J(x
−, t−)− fJδt (3.8)

Using the first-order Taylor series expansion of the reset map about (x−, t−), we can replace

this expression with:

δx+ =RI,J(x
−, t−) +DxRI,Jδx

− +DxRI,JfIδt

+DtRI,Jδt−RI,J(x
−, t−)− fJδt (3.9)

=DxRI,Jδx
− + (DxRI,JfI +DtRI,J − fJ) δt (3.10)
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The next step is to determine what δt is in terms of δx− and system parameters by examining

the dynamics of the first mode along the guard normal direction, Dxg:

(DxgfI +Dtg)δt = −Dxgδx
− + δg (3.11)

δt =
−Dxgδx

− + δg
DxgfI +Dtg

(3.12)

where δg is the perturbation in the guard location along its normal direction, which holds whether

the guard occurs early or late. Effectively, this means that time is equal to distance divided by

velocity on infinitesimal perturbations. Note that this additional perturbation δg is the key difference

compared to the derivation of the traditional saltation matrix. Additionally, it should be noted

that this requires the extra assumption that the dynamics are extensible beyond the nominal guard

surfaces.

Plugging (3.12) into (3.10) results in the following expression:

δx+ =

(
DxRI,J +

(fJ −DxRI,JfI −DtRI,J)Dxg

DxgfI +Dtg

)
δx−

+

(
DxRI,JfI +DtRI,J − fJ

DxgfI +Dtg

)
δg (3.13)

:=Ξxδx
− + Ξgδg (3.14)

where Ξx is the traditional saltation matrix, (3.1), and Ξg is a “guard saltation matrix”, defined as:

Ξg :=
DxRI,JfI +DtRI,J − fJ

DxgfI +Dtg
(3.15)

Note that Ξx = DxRI,J − ΞgDxg, and so Ξg can be computed as part of computing Ξx. The guard

saltation matrix is a single column vector if δg is only the normal direction component of guard

uncertainty1. Note also that while (3.15) was derived assuming the nominal transitions first, the

1For a full dimensional guard uncertainty vector δg−, we have δg = Dxgδg
−, and can use the matrix (ΞgDxg) as

δx+ = Ξxδx
− + (ΞgDxg)δg

−, however note that only the uncertainty along the normal direction affects the outcome.
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same expression is obtained if the perturbed trajectory is assumed to transition first.

This can be used as an extended saltation matrix, which we call Ξ̂,

δx+

δg

 =

Ξx Ξg

0 1


δx−

δg

 = Ξ̂

δx−

δg

 (3.16)

Extending now to covariance, as in (3.2), when using this saltation matrix with no prior known

covariance between the guard and state, the covariance updates for both the state and the guard are:

Σ+
x Σ+

xg

Σ+
gx Σ+

g

 = Ξ̂

Σ−
x 0

0 Σ−
g

 Ξ̂T (3.17)

where Σx is the state covariance and Σg is the guard covariance. Pulling out the state covariance

through an uncertain guard, we get:

Σ+
x = ΞxΣ

−
xΞ

T
x + ΞgΣ

−
g Ξ

T
g (3.18)

The improved covariance estimation of the guard saltation matrix is shown in Fig. 3.1b. Note

that the covariance of the uncertain guard distribution is equivalent to the sum of the covariance

of propagating the initial distribution through the certain guard and the resulting covariance of

propagating a known starting condition through an uncertain guard. For this trial, the K-L divergence

[45] (which is a measure of the difference between two probability distributions) between the actual

covariance and the estimated is reduced from 402 to 0.03 by including the guard uncertainty

propagation terms. The final error between the true and the estimated covariance from the guard

saltation matrix is caused by the linearization of the dynamics.

There are trade-offs between using the extended matrix (3.17) and directly updating the state

covariance (3.18). Using the extended matrix requires extending the state and increases the di-

mensionality of all terms, but it allows for past measurements to affect knowledge of the guard

distribution. Directly updating the state distribution allows for a simpler state vector, but assumes
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that the guard distribution is static. If repeated behavior near the same region of a guard is expected,

then it would be beneficial to try to estimate the guard parameters. However, in situations like

locomotion on uneven ground where the system is not expected to re-traverse the same areas

frequently, it makes sense to accept the mean and covariance as fixed (or calculated separately, e.g.

based on exteroceptive sensor noise) parameters for the guard surface.

3.5.2 Uncertainty in Reset Parameters

Even in cases where the location of the guard is perfectly known, the exact properties of the reset

map may not be known. Some physical examples of this include the coefficient of restitution in

elastic systems and the precise surface normal in any contact system. These types of uncertainties

can be handled by parameterizing the reset maps to be not only functions of state and time, but to

also include other parameters. By including these additional parameters, the resulting uncertainty in

state caused by variations in reset parameters can be examined through the Jacobian with respect to

these additional parameters.

For this derivation, we re-define the reset map R(x) to include its “fixed” parameters as

arguments R(x, θ). This θ term can include values like the coefficient of restitution in the bouncing

ball problem. Using this formulation, we can examine how uncertainty in model parameters can

affect the resulting state estimation covariance after an impact, updating (3.5) and (3.6):

x+ = RI,J(x
−, θ) + fJδt (3.19)

x̃+ = RI,J(x̃
− + fIδt, θ̃) (3.20)

Taking the difference between these two to find δx+:

δx+ = RI,J(x̃
− + fIδt, θ̃)− (RI,J(x

−, θ) + fJδt) (3.21)
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Now using first order approximations of the reset map with the Taylor expansion, as in (3.10):

δx+ =RI,J(x
−, θ) +DxRI,Jδx

− +DxRI,JfIδt+DθRI,Jδθ +DtRI,J(x
−, θ)δt

−RI,J(x
−, θ)− fJδt (3.22)

=DxRI,Jδx
− + (DxRI,JfI +DtRI,J − fJ) δt+DθRI,Jδθ (3.23)

where equality holds to first order.

By using δt from (3.12), and rearranging into a block matrix, this becomes:

δx+

δθ+

 =

Ξx DθRI,J

0 1


δx−

δθ−

 (3.24)

Assuming there is no initial covariance between the state and the reset map information, this

can be used to update the state covariance with:

Σ+
x = ΞxΣ

−
xΞ

T
x + (DθRI,J)Σ

−
θ (DθRI,J)

T (3.25)

where Σ−
θ is the covariance of the θ parameters. Note that, as was the case with uncertain guard, the

covariance of the uncertain reset distribution is equivalent to the sum of the covariance of propagating

the initial distribution through the certain reset and the resulting covariance of propagating a known

starting condition through an uncertain reset.

This expression can be used in combination with the uncertainty in guard location for a total

covariance update:

Σ+
x = ΞxΣ

−
xΞ

T
x + ΞgΣ

−
g Ξ

T
g + (DθR)Σθ(DθR)T (3.26)

Results demonstrating the improvement over assuming perfect knowledge of the reset map in

uncertainty propagation can be found in Fig. 3.1c. For this trial, the K-L divergence between the

actual covariance and the estimated is reduced from 357.6 to 19.8 by including the reset uncertainty

propagation term. Furthermore, combining both guard and reset uncertainty, Fig. 3.1d, the K-L
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divergence between the actual covariance and the estimated is reduced from 739 to 0.03. The final

error between the true and the estimated covariance is caused by the linearization of the dynamics.

3.6 Kalman Filtering with Uncertain Environment

This section applies the covariance update rules found in the prior section to the problem of

state estimation using Kalman filtering (summarized briefly in Sec. 3.6.1). With these more

accurate distribution updates through hybrid events, we can achieve better estimation accuracy. The

implementation details for this “uncertainty aware SKF” (uaSKF) follow the algorithm for SKF,

presented in [7]. The key differences from the SKF occur during hybrid transition events. We

discuss how to handle these events in both the process and measurement updates in Sec. 3.6.2 and

Sec. 3.6.3, respectively.

3.6.1 Kalman Filtering in the Smooth Domains

While the system is not interacting with any guard surfaces, the uaSKF behaves as a standard KF or

EKF would. In these cases, the system follows the standard update rules. The standard KF updates

the mean x̂ and covariance Σ̂ estimate in two steps [26, Eqns. 1.9–1.13]: first, the a priori update:

x̂(k + 1|k) = AI,∆x̂(k) (3.27)

Σ̂(k + 1|k) = AI,∆Σ̂(k)A
T
I,∆ +WI,∆ (3.28)

at timestep k+1, where AI,∆ is the discrete dynamic matrix for FI , ∆ is the discretization timestep,

and WI,∆ is the covariance of the additive Gaussian process noise. Second, the a posteriori update:

Kk+1 = Σ̂(k + 1|k)CT
I

[
CIΣ̂(k + 1|k)CT

I + VI

]−1

(3.29)

x̂(k + 1|k + 1) = x̂(k + 1|k) +Kk+1 [y(k + 1)− CI x̂(k + 1|k)] (3.30)

Σ̂(k + 1|k + 1) = Σ̂(k + 1|k)−Kk+1CIΣ̂(k + 1|k) (3.31)

32



3.6. Kalman Filtering with Uncertain Environment

where Kk+1 is the Kalman gain, CI is the measurement function, y(k + 1) is the measurement, and

VI is the covariance of the additive Gaussian measurement noise.

While the standard Kalman update works well during the continuous domains, additional

consideration has to be taken for hybrid events. We will now present how to handle hybrid

transitions in both the a priori and a posteriori updates.

3.6.2 Uncertainty Aware Hybrid A Priori Updates

In a discretized KF, the hybrid event will most likely not take place perfectly at the time steps.

Accordingly, the a priori update must include the first mode dynamics, the discrete update, and

the second mode dynamics to bridge the time from one sample time to the next. Conceptually,

what happens here is three separate updates (or more if multiple hybrid transitions occur in a single

timestep) combined into one, with the first and final portions following (3.27)–(3.28) with timesteps

∆1 and ∆2, respectively. This does not require knowledge of the number of impact events in the

system as these updates are driven by the mean estimate reaching guards, not by ground truth

impacts.

The instantaneous mean and covariance updates during the discrete transition from mode I to J

use the following update rules, using (3.26) as in [7, Eqns. 16–17]2:

xJ(t) = RI,J(xI(t)) (3.32)

ΣJ(t) = ΞxΣI(t)Ξ
T
x + ΞgΣgΞ

T
g + (DθRI,J)Σθ(DθRI,J)

T (3.33)

By combining this instantaneous update with the standard KF updates (3.27)–(3.28) in the first

and second modes, as in [7, Eqns. 18–19], we arrive at the following update rule:

x̂(k + 1|k) =AJ,∆2RI,J(AI,∆1x̂(k)) (3.34)

Σ̂(k + 1|k) =AJ,∆2

(
Ξx(AI,∆1Σ(k)A

T
I,∆1

+WI,∆1)Ξ
T
x

2In the notation of [7, Eqn. 17], we are setting WR(I,J)
= ΞgΣgΞ

T
g +DθRΣθDθR

T .
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+ ΞgΣgΞ
T
g +DθRΣθDθR

T
)
AT

J,∆2
+WJ,∆2 (3.35)

3.6.3 Uncertainty Aware Hybrid A Posteriori Updates

When a measurement update causes the mean estimate to meet a guard condition, the uncertainty

aware SKF applies the discrete update to the a posteriori mean and covariance estimates following

equations (3.32)–(3.33).

3.7 Kalman Filtering Performance on Example Systems

To demonstrate the increased accuracy of these methods on systems with uncertainty in the guard

conditions and reset dynamics, we provide filtering results from a variety of systems. For each sys-

tem, a comparison is made against the standard SKF formulation without incorporating knowledge

of guard uncertainty using the sign test for the median difference between trials [46], as used in [7].

3.7.1 Elastic Bouncing Ball

Consider a simple point mass in two dimensions (x1, x2), elastically impacting a plane with uncertain

height δg, angle θ, and coefficient of restitution α. An example of propagating a distribution through

this system can be seen in Fig. 3.1. This system has 1 mode with a self reset. The continuous

dynamics are:

ẋ =

[
ẋ1, ẋ2, ẋ3, ẋ4

]T
=

[
x3, x4, 0,−ag

]T
(3.36)

where ag is the acceleration due to gravity.

The guard for this system is:

g(x) = x2 cos θ − x1 sin θ − δg (3.37)
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Figure 3.3: Average error for 1000 trials of Kalman filtering on a bouncing ball model with uncertain
parameters. The standard SKF results are in red dashed lines and the uncertainty aware SKF results are in
blue solid lines. The shading represents the time from the earliest to latest ground truth impacts. A sketch of
the system and a typical trajectory is shown to the right.

The reset dynamics for the system are:

x+ =



x−
1

x−
2

x−
3 + sin θ(1 + α)(x−

4 cos θ − x−
3 sin θ)

x−
4 − cos θ(1 + α)(x−

4 cos θ − x−
3 sin θ)


(3.38)

We simulated 1000 trials of this system running for 1 second from a height of 3 m with initial

velocity of -5 m/s in the vertical direction and initial covariances of 0.05I2 for position and 0.001I2

for velocity, where I2 is the 2× 2 identity matrix. For this test, the mean ground height was 0 with

a standard deviation of 0.25 m, the mean angle of the ground was -0.25 radians with a standard

deviation of 0.05 radians, and the coefficient of restitution was 0.8. The process noise for this system
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was Wp = 10I2 for position and Wv = I2 for velocities. The system measured only positions with

covariance V = I2.

The results of the elastic ball test are shown in Fig. 3.3. The uncertainty aware method had a

lower error than the standard saltation method with p < 0.005. The median improvement in MSE

over complete 1 s trajectories is 0.6%. Additionally, the maximum percent improvement in average

error magnitude for a timestep is 24% at 0.98s. The estimation is improved in all dimensions, but

most notably in the vertical direction because the uncertain guard component accounts for the extra

uncertainty in the vertical direction, while the uncertain reset term arising from the uncertain guard

normal adds uncertainty in both velocity terms, which propagates to position as the filter progresses.

3.7.2 Point Mass with Plastic Impact and Separation Conditions

To demonstrate the method on a system with plastic impact and a constrained mode, we examine

the case of dropping a plastic ball onto a circle of known center but unknown radius. The system

consists of two modes, an unconstrained aerial mode with the same dynamics as the elastic ball

example, and a constrained mode when the ball is sliding on the surface. The ballistic dynamics

of this system are the same as the dynamics for the prior elastic ball example. The impact reset

map for this system is also the same as (3.38), however, the angle of the guard is determined by the

tangent plane to the circle at the point of impact and the coefficient of restitution α is zero. The

constrained dynamics enforce zero acceleration along the radius extending from the center of the

circle to the current position. A liftoff event is triggered with an identity reset map when the force

required to maintain the acceleration constraint becomes attractive.

We tested this system by running 1000 trials for 3 seconds each with initial position of (0.5,5)m,

zero initial velocity, and position and velocity covariance of 0.1I2 each. The nominal surface is a

circle with radius 2m centered about the origin. The process noise for this system is Wp = 0.1I2 for

position and Wv = 0.01I2 for velocity. The system measures positions with covariance V = 0.1I2.

Results for this test can be seen in Fig. 3.4. On average, utilizing awareness of model uncertain-

ties notably improves performance on position estimates, but since the dynamics are largely the
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Figure 3.4: Average error of 1000 trials on a point mass plastically impacting a circle of unknown radius. The
mean radius is 2m with a standard deviation of 0.25m. SKF results are red dashed lines and the uncertainty
aware SKF results are blue solid lines. A sketch of the system and a typical trajectory is shown to the right.

same regardless of minor position variations, the velocity estimates are very similar. The uncertainty

aware method outperforms the standard saltation method with p < 0.005. The median improvement

in MSE over complete 3 s trajectories is 3.6%. Additionally, the maximum percent improvement in

average error magnitude for a timestep is 35% at 0.93s.

3.7.3 ASLIP Hopper System

Finally, we demonstrate the efficacy of this method on a more complicated robot model, the ASLIP

(asymmetric spring loaded inverted pendulum) hopper [47], which is shown on the right in Figure

3.5. The state for the ASLIP hopper is defined as:

q = [xb, yb, θb, xt, yt, ẋb, ẏb, θ̇b]
T (3.39)

In the aerial phase, the system uses ballistic dynamics with a fixed leg length and angle. We
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Figure 3.5: Left: Average error for 1000 trials on an ASLIP hopper with unknown ground height. The mean
ground height was 0 with a standard deviation of 0.01m. The standard SKF results are in red dashed lines
and the uncertainty aware SKF results are in blue solid lines. Note the improvement primarily in the vertical
(y) directions that are aligned with the direction of ground uncertainty. Right: The model used for these
experiments.

used Lagrangian dynamics to generate the dynamic equations for the contact mode. The guard for

touchdown is based on the height of the toe reaching the ground, which is uncertain. The guard

for liftoff is based on the leg returning to rest length. The complete derivation of these dynamics is

given in [7].

For this example, 1000 trials were run for 5 seconds, which is approximately 4 hops depending

on the sampled conditions, with system parameters:

mb = 1kg, ag = 9.8m/s2, lb = 0.5m, Ib = 1kgm2, (3.40)

kh = 100nm/rad, kl = 100n/m, l0 = 1m, ϕ0 = 0rad

The initial state of the system is yb = 2.5m, xb = 0m, θb = 0rad, xt = 0m, yt = 1m with zero

initial velocity. The covariance of the initial positions was 10−6I5 and the velocity covariance was

10−6I3. The process noise is W = 0.001I8 and the system measures all positions with covariance

V = 0.01I5. The height of the ground is uncertain with zero mean and a standard deviation of

0.01m.
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Results for this system can be seen in Fig. 3.5. The uncertainty aware method primarily improved

results in the y direction for body position and velocity and toe position, as the guard saltation

matrix primarily operates in the vertical direction due to the ground normal being vertical, but it

propagates variations to other states through the dynamics outside of the touchdown event. The

uncertainty aware method outperforms the standard saltation method with p < 0.005. The median

improvement in MSE over complete five second trajectories is 54.7%. Additionally, the maximum

percent improvement in average error magnitude for a timestep is 60.1% at 1.9s.

3.8 Conclusion and Future Work

In this work we derive a first order propagation law for guard and reset uncertainty by using the

guard saltation matrix and a Jacobian of the reset map. This uncertainty aware method outperforms

the standard saltation matrix method at estimating resulting probability distributions simulated

through uncertain hybrid guards and reset maps. We then use this propagation law in the uncertainty

aware SKF and achieved lower estimation error than the standard SKF. The uncertainty aware SKF

reduces the average estimation error overall, with up to 24-60% improvement after impact events.

While these results aid in updating the covariance once a transition is believed to have occurred,

there is still the problem of determining whether mode transitions have occurred. Future work

will extend these results to include explicit reasoning about which mode the system is in. One

potential approach for reasoning about whether mode transitions have occurred is to modify multiple

model estimation methods [38, 39, 40] to account for variable transition probabilities based on the

estimated position relative to guard locations.

Additionally, this work handles single mode transitions and multiple mode transitions with

known sequences. This can be extended to reasoning about simultaneous (or near simultaneous)
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contact with the Bouligand derivative [20, 19], to encode multiple potential contact sequences.
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Chapter 4

Hybrid Iterative Linear Quadratic

Estimation: Optimal Estimation for Hybrid

Systems

4.1 Abstract

In this chapter we present Hybrid iterative Linear Quadratic Estimation (HiLQE), an optimization

based offline state estimation algorithm for hybrid dynamical systems. We utilize the saltation

matrix, a first order approximation of the variational update through an event driven hybrid transi-

tion, to calculate gradient information through hybrid events in the backward pass of an iterative

linear quadratic optimization over state estimates. This enables accurate computation of the value

function approximation at each timestep. Additionally, the forward pass in the iterative algorithm is

augmented with hybrid dynamics in the rollout. A reference extension method is used to account
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for varying impact times when comparing states for the feedback gain in noise calculation. The

proposed method is demonstrated on a simple two dimensional bouncing ball system with position

measurements as well as an ASLIP hopper system with position measurements. In comparison

to the Salted Kalman Filter (SKF), the algorithm presented here achieves a maximum of 62.25%

reduction in estimation error magnitude over all state dimensions near impact events.

4.2 Introduction

Contact is essential for many robots as they must physically interact with their environment to

accomplish their goals. For example, legged robots must repeatedly make and break contact

with the ground to move around and perform their tasks, whether that is mapping, surveying,

search and rescue, or any other task. Similarly, manipulation robots must make contact with the

objects they seek to manipulate and their environment in order to push, pull, grasp, etc., those

objects. To plan reliable control sequences through contact, robots need an accurate state estimate.

However, intermittent contacts cause robots’ dynamics to become non-smooth and potentially

discontinuous, breaking the assumptions of classical methods of state estimation which assume

smoothness [31, 32, 33, 34, 48].

Accurate state estimation is especially critical near contact surfaces as minor configuration

variations can cause major changes in control authority. A key example is when a foot is in contact

with the ground, that leg can exert large ground reaction forces on the robot, but if that same foot

is even slightly off the ground, then it can exert no force. Accordingly, for controllers to generate

feasible plans, a strong estimate of current state is necessary. This is typically approached as a

filtering problem using either Kalman filters [31, 34, 7, 35, 8] or particle filters [41, 42].

There are many situations where full state ground truth cannot be obtained to evaluate the
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Figure 4.1: Average error magnitude over 100 trials when simulating a an ASLIP system which impacts the
ground four times during its execution. The error from the proposed HiLQE method is shown as a solid blue
line while the error from the SKF is shown as a dashed red line.

performance of the robot or tuning of these algorithms. In these cases, offline methods for state

estimation [49, 48] can provide a log of the robot’s behavior as well as a comparison point for

estimation performance when tuning gains and designing online estimation algorithms. These

offline methods can provide better performance as they consider all of the information from a given

trial to achieve higher state estimation accuracy at each timestep. These frameworks can also be

used to better estimate dynamic parameters of a system given the additional information.

To this end, here we propose Hybrid iterative Linear Quadratic Estimation (HiLQE), an offline

iterative linear quadratic state estimation scheme for hybrid systems which optimizes over all sensor

readings to achieve a more accurate state estimate. Similar to the Hybrid iterative Linear Quadratic

Regulator (HiLQR) for control [30, 50], we use the saltation matrix [6] in the backward pass of
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the iterative update in order to properly capture the gradients through impact events. Additionally,

we explicitly account for the differing hybrid system discrete modes [11, 12, 13, 5], utilizing the

proper system dynamics for each mode during both the backward and forward passes in the smooth

domains. In the forward pass, we utilize a reference extension method [30, 50] to create reasonable

comparisons between states in differing domains. We demonstrate the efficacy of these methods on

a simple two dimensional bouncing ball system as well as an asymmetric spring loaded inverted

pendulum (ASLIP) system, which can be seen in Fig. 4.1. With these updated techniques for

hybrid transitions, HiLQE notably outperforms the online, incremental Salted Kalman Filter (SKF)

method.

4.3 Related Work

As the fields of hybrid systems [11, 12, 13, 5] and state estimation [51, 52] are relatively mature

and have plenty of relevant work, here we focus specifically on work covering the intersection of

the two.

4.3.1 State Estimation for Hybrid Systems

Initial works on Kalman filter (KF) based methods for hybrid dynamical systems such as [31, 34]

utilize the reset map to update the mean estimate and the Jacobian of the reset map to update

covariance beliefs at hybrid events. However, recent work demonstrated that the Jacobian does not

capture all of the effects of the hybrid event on reshaping the covariance. Instead, [7] proposed

the Salted Kalman Filter, which uses the saltation matrix [6] in place of the Jacobian of the reset

map at hybrid events for Kalman filtering. The saltation matrix includes a rank 1 update to the

Jacobian that accounts for state variations caused by time-to-impact variations, and is discussed in

44



4.3. Related Work

more detail below. This SKF will be the baseline against which we compare our accuracy in this

work. This work was extended to include filtering on manifolds in [35] with the Hybrid Invariant

Extended Kalman Filter (HInEKF) and to include uncertainty in guard conditions and reset maps in

[8] with the uncertainty aware Salted Kalman Filter (ua-SKF). In this chapter, the saltation matrix is

used to determine gradient information in an optimization problem over a series of measurements.

Other work on hybrid system state estimation has largely involved multiple estimators in order

to track belief in multiple hybrid modes. For example, the Interacting Multiple Model estimation

algorithm (IMM) [38] maintains KFs for each of the hybrid modes. Multiple model methods have

been extended to a variety of problems including nonlinear dynamics [39] and non-identity rests

[40]. Multiple model methods are not easily applicable on event-driven hybrid dynamical systems as

one of the core assumptions of these methods is that the transitions between discrete modes follow

a Markov model, which is not necessarily true when the probabilities of discrete state transitions are

dependent on the continuous state beliefs.

Alternatively, many methods such as [41, 42] have adopted particle filtering approaches and use

large numbers of individual estimates to represent a distribution as opposed to summary statistics

like mean and covariance in the case of KFs. While these methods have many benefits, including

capturing nonlinear dynamics and non-Gaussian beliefs, the computational complexity of running a

particle filter is far greater than that of parametric filters which we seek to tune using our offline

method.

In [49], an offline optimization based state estimation method was proposed. This work relaxed

the discrete state estimates to a continuous state in order to estimate both the continuous and discrete

portions of the state simultaneously. To handle the hybrid events in this continuous formulation,

the model of the process noise was switched from a Gaussian distribution to a long tailed student’s

t distribution. In contrast, the work we present in this chapter explicitly considers the hybrid
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nature of the systems and accounts for non-identity reset maps directly. By explicitly considering

the dynamics in an iterative formulation, the estimates generated by our method will always be

physically realizable, which could be useful in a potential extension to an online moving window

approach.

4.3.2 Nonlinear Event Mapping and Saltation Matrices

The saltation matrix [14, 22, 16, 19, 6] is used to map perturbations through non-smooth dynamics

at transition events between discrete modes. In contrast to the Jacobian of the reset map at a hybrid

event, the saltation matrix captures to first order the effects of variations in dwell time in each hybrid

mode caused by displacements in state. The difference between the two methods of propagation

through hybrid events can be seen in Fig. 2.3 in Sec. 2.3. In the context of the work we present

here, the saltation matrix will be used to capture gradient information through hybrid events.

Previously, [28] demonstrated the saltation matrix can be used to map probability distributions

through hybrid transitions in a quadratic formulation. In this work we will use this to propagate

quadratic cost functions backwards in an iterative linear quadratic estimation context.

4.3.3 Iterative Linear Quadratic Methods for Hybrid Systems

In recent work, Bailly presented the MAPE-DDP algorithm [48], which uses a DDP/iLQ framework

to estimate the centroidal state of a legged robot. This is similar to prior work on smoothing filters

such as the iterative extended Kalman smoother [53] or the Backward Smoothing Extended Kalman

Filter [54]. A key difference between this approach for estimation and DDP or iLQR for path

planning is that the Jacobian of the measurement function must be used in calculating cost gradients.

While a legged robot is a hybrid system, the floating base model presented does not treat the robot
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as a hybrid system. In contrast, the work we present in this chapter explicitly considers the differing

dynamics in each mode and the effects of mode transitions on gradient information. By accounting

for hybrid dynamics, our formulation would allow estimation to use information from lower level

control architecture which deals with legged control directly.

Another recent work solved the iLQR trajectory planning problem on hybrid systems [30, 50].

In that work the saltation matrix is used to calculate gradient information through mode transition

events in the backward pass of an iLQR problem for trajectory planning. The work we present in

this chapter can be viewed as the solution to the dual problem to the planning problem presented

there. One of the key differences is that the estimation is looking backward in time to estimate a

trajectory whereas the planning problem looks forward to generate a trajectory. Additionally, rather

than a reference trajectory, the estimation problem we present in this work uses a series of past

measurements, which may be in a lower dimensional space than the trajectory itself.

4.4 Background

4.4.1 Hybrid Dynamical Systems

A hybrid dynamical system is a system with continuous states, such as positions and velocities, and

discrete states or modes, such as whether a specific limb is in contact with the ground. In a hybrid

dynamical system, the sequence of discrete states is determined by the evolution of the continuous

states. This chapter will follow the definition of a hybrid system from Chapter 2 Def. 1.
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4.4.2 Perturbation Analysis and the Saltation Matrix

Within a single mode, the Jacobian of the continuous dynamics can be used to obtain gradient

information. Analogously, the saltation matrix is used to obtain gradient information through hybrid

events. The saltation matrix captures both the Jacobian of the reset map and the variations in time

to impact as:

Ξ(I,J) := DxR
− +

(
F+
J −DxR

−F−
I −DtR

−)Dxg
−

Dtg− +Dxg−F
−
I

(4.1)

where F−
I is the value of the first mode’s vector field at the point of impact, F+

J is the value of the

second mode’s vector field at the nominal reset point, R− is the reset map at the point of impact, and

g− is the guard function representing the boundary between the two modes. The saltation matrix

captures both the effects of the Jacobian of the reset map and variations in the time a system is

acted upon by the dynamics of each mode. It maps pre-transition variations δx− to post-transition

variations δx+ as, δx+ = Ξδx−, as can be seen in Fig. 2.3 in Sec. 2.3.

In order to ensure the saltation matrix is well defined, we utilize the conventional assumptions

from [44, Assumption 2], which most notably include that the dynamics are transverse to guards

and that Zeno behavior will not occur. This ensures that trajectories in a neighborhood of a guard

must transition exactly once at small timescales, which is a useful simplifying assumption when

crafting algorithms to operate on these systems.
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4.4.3 Iterative Linear Quadratic Estimation

The iterative Linear Quadratic Regulator (iLQR) algorithm [55] is traditionally used to solve

trajectory optimization problems. The same methods can be used to solve state estimation problems

when properly formulated. The state estimation optimization problem is written as [48]:

min
X0:N ,W0:N−1

1

2
||x0 − x̄0||2Px

+
N∑
i=1

(
1

2
||h(xi)− yi||2Pv

+
1

2
||wi−1||2Pw

)
s.t. xi+1 = f(xi, ui) + wi∀i

(4.2)

Where X and W are the vectors of states and process noises, xi and wi, for the full trajectory, x̄0

is the nominal initial state, h(x) is a measurement function from the full state to the measurement

space, yi is a measurement taken at timestep i, and Pv,Pw,Px are the inverses of the measurement

noise, process noise, and arrival cost covariances respectively. In this formulation, ||x||2P represents

the squared weighted norm xTPx. This form of cost function is known as the Mahalanobis

distance, which penalizes deviations in directions with more certainty more harshly than deviations

in directions with low certainty.

Intuitively, this optimization simultaneously seeks to minimize process noise and deviations

from measurements and the initial state while ensuring the dynamics are satisfied.

The iLQR algorithm seeks to solve this optimization problem by examining it in a series of

backward-forward passes through a trajectory using the principle of optimality to separate the

problem into a series of smaller optimal estimation problems. This backward and forward iterative

process is repeated until either some convergence property is met, such as the decrease in cost of a

step falling below some threshold, or until a limit of iterations is reached.
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Backward Pass

Algorithm 1 Backward Pass
1: Initialize X,W, Y
2: Vxx,N ,Vx,N ← TERM_GRAD(xN , yN )
3: for i← N − 1 : −1 : 1 do
4: if i = 1 then
5: lx, lxx, lw, lww ← INIT_GRAD(xi, wi, yi)
6: else
7: lx, lxx, lw, lww ← STAGE_GRAD(xi, wi, yi)
8: end if
9: A,Bw ← LINEARIZE_DYNAMICS(xi, wi)

10: Qx ← lx + ATVx,i+1 ▷ (4.7)
11: Qw ← lw +BT

wVx,i+1

12: Qxx ← lxx + ATVxx,i+1A
13: Qww ← lww +BT

wVxx,i+1Bw

14: Qxw ← ATVxx,i+1Bw

15: ki ← Q−1
wwQw ▷ (4.8)

16: Ki ← Q−1
wwQ

T
xw

17: Vxx,i ← Qxx −QxwQ
−1
wwQ

T
xw ▷ (4.9)

18: Vx,i ← Qx −QxwQ
−1
wwQw

19: ∆J ← ∆J +QT
wki ▷ Expected decrease

20: end for
21: return K, k,∆J

Using the principle of optimality, the optimal cost-to-go Vk can be recursively written as:

Vi(xi, ui, wi) =min
wi

li(xi, ui, wi)

+ Vi+1(f(xi, ui, wi))

(4.3)

Where li is the cost associated with a single timestep in the optimization, which is represented

by a single term in the summation in (4.2). However, for ease of notation, we will suppress the

ui in these expressions as the control input is assumed to be known and not optimized over. The
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cost-to-go, Q, which will be optimized over to obtain V can be written as:

Qi(xi, wi) = li(xi, wi) + Vi+1(f(xi, wi)) (4.4)

This can be approximated with a second order Taylor expansion to determine cost change:

∆Qi =Qi(xi + δxi, wi + δwi)−Qi(xi, wi) (4.5)

≈


1

δxi

δwi


T 

0 QT
x,i QT

w,i

Qx,i QT
xx,i QT

xw,i

Qw,i Qxw,i QT
ww,i




1

δxi

δwi

 (4.6)

Where the block matrix entries can be written as:

Qxx =lxx + ATVxx,i+1A (4.7a)

Qww =lww +BT
wVxx,i+1Bw (4.7b)

Qxw =lxw + ATVxx,i+1Bw (4.7c)

Qx =lx + ATVx,i+1 (4.7d)

Qw =lw +BT
wVx,i+1 (4.7e)

Where Bw is the Jacobian of the dynamics function with respect to the process noise. Using this

second order Taylor expansion, the optimal update for wi can be calculated as:

δw∗
i =−Q−1

ww,iQ
T
xw,iδxi − αiQ

−1
ww,iQw,i

:=−Kiδxi − αiki

(4.8)
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Where αi is a line search parameter and K and k are defined to be the feedback and feedforward

gains.

With the Taylor series approximation, the backward pass update to approximate the value

function gradient and hessian at each timestep can be derived by substituting the optimal update

into (4.6):

Vx,i =Qx,i −Qxw,iQ
−1
ww,iQw,i (4.9a)

Vxx,i =Qxx,i −Qxw,iQ
−1
ww,iQ

T
xw,i (4.9b)

These updates are then applied backward from the last measurement to the prior on the initial

condition. An outline of this process is found in Algorithm 1.

Initial Point Update

Since the initial point is not known with certainty as in an iLQR control problem, an additional step

must be added to update the initial point in the estimation problem [48]:

x′
0 = x0 − V−1

xx,0Vx,0 (4.10)

This can be derived by looking at the approximation of the initial cost and taking the derivative of

the expression with respect to a perturbation in x. The optimal point should have a derivative of

zero:

V(x+ δx) = V(x) + Vx(x)δx+ δxTVxx(x)δx (4.11a)

∂

∂x
[V(x+ δx)] = Vx(x) + Vxx(x)δx (4.11b)
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0 = Vx(x) + Vxx(x)δx (4.11c)

δx∗ = −V−1
xx Vx (4.11d)

Practically, this is taken as a direction of improvement and is incremented by a search parameter α

during a line search in the forward pass of the algorithm.

Forward Pass

After the backward pass determines the feedforward and feedback gains on the noise input, a

forward pass is then performed to update the state and process noise estimates at each timestep. The

forward pass of the algorithm performs a line search with α over the feedforward gain k calculated

in the backward pass for each timestep with (4.8). The outline of this process is found in Algorithm

2.

Algorithm 2 Forward Pass
1: Initialize X,W, J,K, k
2: it← 1
3: α← 1
4: while J > Jgoal & it < max-itr do
5: X,W, J ← ROLLOUT(X,W,K,k,α) ▷ (4.8)
6: α← α/2 ▷ Line Search
7: it++
8: end while
9: return X,W, J

4.5 Methods

In this section we present the details of our proposed algorithm, Hybrid iterative Linear Quadratic

Estimation (HiLQE). As in the iLQE methods discussed in Sec. 4.4.3, HiLQE will iteratively
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perform backward and forward passes until either a convergence parameter is met, such as a

threshold in the cost decrease for a timestep, or until a set number of iterations is performed.

4.5.1 Backward Pass

The backward pass generates cost gradient information at each timestep so that the forward pass

can update the process noise estimate to reduce the estimation cost. In this work, we limit the class

of hybrid systems to those with continuous measurement information through hybrid events. This

constraint ensures that the cost gradients are well defined near hybrid events. In systems where

the measurements are not continuous through hybrid events, there is mode information implicitly

encoded in the measurements and a different approach should be taken to utilize that information.

In this pass, we deal with the smooth timesteps and the hybrid timesteps in different manners.

Smooth Case

In timesteps that did not experience hybrid events in the prior rollout, the cost gradients are

calculated in the same way as in the standard estimation algorithm presented in Sec. 4.4.3. Based

on the optimality principle, individual timesteps can be handled independently. Because of this, we

do not need to account for hybrid events that occur in other timesteps when calculating gradients

for a smooth timestep.

Hybrid Case

When the backward pass calculates the gradient information for a timestep that contains a hybrid

event, the reset map and time-to-impact variations must be accounted for in the gradient information.

To account for this, we augment the state and process noise Jacobians with the saltation matrix from
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(4.1). For simplicity, we assume that hybrid events occur at the end of timesteps. Using the saltation

matrix we update the backward pass from (4.7a)-(4.7e):

Qxx =lxx + ATΞTVxx,k+1ΞA (4.12a)

Qww =lww +BT
wΞ

TVxx,k+1ΞBw (4.12b)

Qwx =lwx +BT
wΞ

TVxx,k+1ΞA (4.12c)

Qx =lx + ATΞTVx,k+1 (4.12d)

Qw =lw +BT
wΞ

TVx,k+1 (4.12e)

The saltation matrix Ξ is calculated at the stored pre-impact state for each of the timesteps with

hybrid events.

4.5.2 Forward Pass

The forward pass is used to update the state and noise estimates based on the information from the

cost gradient of the previous backward pass. This step involves integrating the dynamics forward at

each step based on updated noise inputs. As in the backward pass, the smooth and hybrid timesteps

are handled differently.

Smooth Case

The dynamics that are used to integrate the state forward at each timestep are selected based on

the currently estimated active mode as opposed to the standard algorithm where there is one set of

dynamics applied for all timesteps. In each timestep, the forward integration is augmented with an

event function to check for situations where guard conditions for the currently active mode are met.
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In cases where no guard condition is met, the feedforward and feedback gains are applied as they

would be in a standard forward rollout step.

Hybrid Case

In contrast, when a timestep contains a hybrid transition, the forward pass needs to be modified. In

these cases, a guard condition will be met during a forward rollout. At the instant when that guard

condition is met, the reset map between the two hybrid modes will be applied and the dynamics

will be updated from the first mode’s dynamics to the second mode’s dynamics. From there, the

integration will continue forward to the end of the discrete timestep under the new mode’s dynamics.

The feedback gain calculation needs to be updated as well since reset maps may make trajectories

that are very close together arbitrarily far apart in state space. An example of this is the case of a

bouncing ball with a coefficient of restitution of 0.8 in which a the reference state has a velocity of

−10.1m
s

slightly before impact and an estimated velocity for the current iteration of +8m
s

slightly

after impact. Nominally, the difference in velocity between these two states is 18.1m
s

. However,

in this case, these two states should be treated as very close together since the hybrid transition

makes the post impact velocities very similar. Without handling this, the estimate for the updated

measurement noise can be updated far more than it should because of the large δx that would be

used in its calculation, as in algorithm 2.

This must be handled by reference extension for feedback gain calculation. In the case of

reference extension, the current estimated state should not be directly compared to the state estimate

from the prior forward pass. Instead it will be compared to a value meant to reflect the prior

estimate’s distance from the current estimate projected into the current mode.

In cases where the new rollout has not made a transition and the reference state has, we back

up to the impact point of the reference state and integrate it forward with the original dynamics to
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obtain the reference state. In cases where the new rollout has made a transition before the former

trajectory, we combine the difference between the current state and the nominal post-impact state

from the prior rollout with the difference between the current reference state and the nominal

reference impact state propagated with the saltation matrix to map that displacement into the new

mode:

δx = Xn(i)− r(Xref (j)) + Ξ(Xref (j)−Xref (i)) (4.13)

Where Xn is the current rollout, Xref is the reference state from the prior forward pass, i is the

current timestep of interest, and j is the timestep at which the reference state reaches the hybrid

event.

4.6 HiLQE Performance on an Sample Systems

4.6.1 Bouncing Ball

In this section, we present the estimation performance on a two-dimensional bouncing ball system.

The state of the system is represented as:

q = [x, y, ẋ, ẏ]T (4.14)

Additionally, the coefficient of restitution of the system was 0.8. For this test, the position of the

center of mass is measured, and not the velocity to ensure that the measurements are continuous

near the impact event. The data for this analysis was collected over 1000 one second long trials

with measurements at 100Hz, which results in a single impact event during each trial. The initial
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Figure 4.2: Average error magnitude over 1000 trials when simulating a bouncing ball system (inset) which
impacts the ground once during its execution. The errors from the proposed method are shown in blue solid
lines while the errors from the salted Kalman filter are shown in dashed red lines.

conditions for the trial were x = 0, y = 1, ẋ = 0.5, ẏ = −5. The system was corrupted with a

process noise of covariance 0.1I4 and the measurement was corrupted with covariance I2.

The comparison of the total magnitude of the error as well as an illustration of the system can be

seen in Fig. 4.2. The HiLQE method outperformed the SKF at a peak of 48.60% for a timestep near

the impact event, and the median MSE trajectory improvement across all of the trials was 30.48%.

This improvement arises out of HiLQE’s ability to shift around the impact timing with more

measurement information. Associated with this, HiLQE reduces the average mode mismatch at

peak near impact events by 34% when compared to the SKF.
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Figure 4.3: Average error for each state over 100 trials when simulating an ASLIP system which impacts the
ground four times during its execution. The errors from the proposed method are shown in blue solid lines
while the errors from the salted Kalman filter are shown in dashed red lines.

4.6.2 ASLIP Hopper System

We also demonstrate the efficacy of this method on the ASLIP (asymmetric spring loaded inverted

pendulum) hopper [47], which can be seen in Fig. 4.1. The state for the ASLIP hopper is defined as:

q = [xb, yb, θb, xt, yt, ẋb, ẏb, θ̇b]
T (4.15)

Where xb, yb, and θb are the center of mass positions and orientation and xt, and yt are the toe

positions. A schematic for this system can be seen in Fig. 4.1. In the aerial phase, the system uses

ballistic dynamics with a fixed leg length and angle. We used Lagrangian dynamics to generate the

dynamic equations for the contact mode. The guard for touchdown when yt = 0, or when the toe
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height reaches zero. The guard for liftoff is ll − l0 = 0, where ll is calculated from the displacement

between the toe and the hip attachment point to the body and l0 is the rest length of the leg spring.

The full derivation of the dynamics is presented in [7].

For the results presented in this work, the data is gathered from 100 five second long trials at a

sample rate of 1 kHz, which typically results in four jumps, depending on the sampled noise. The

parameters used for these trials were:

mb = 1kg, ag = 9.8m/s2, lb = 0.5m, Ib = 1kgm2,

kh = 100nm/rad, kl = 100n/m, l0 = 1m, ϕ0 = 0rad

For these trials, the state was nominally initialized at yb = 2.5m, yt = 1m, with all other states

and velocities set to zero. This initial state is corrupted with a covariance of 10−5I8. The process

noise sampled for these trials was W = 10−1I8 and the measurements were taken for all positions

(but not velocities) with measurement covariance V = I5.

The comparison of the total magnitude of the error across all dimensions can be seen in Fig. 4.1,

and a breakdown of the error reduction in each dimension of the state can be seen in Fig. 4.3. The

peak average percent improvement for a single timestep was 62.25% throughout these trials, which

indicates that in many of the spikes near impact, the HiLQE algorithm strongly outperforms the

SKF. Similarly, the median MSE improvement throughout entire runs was 60.11% throughout the

100 trials as HiLQE consistently outperforms the SKF at all timesteps within these trials.

4.7 Conclusion and Future Work

In this chapter we presented HiLQE, an offline method for estimating the state of hybrid systems.

We used the saltation matrix to obtain gradient information through hybrid events to approximate
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the value function gradient and hessian at each timestep in the backward pass. In the forward

pass we modified the dynamics to include checking for guard conditions and applying reset maps.

Additionally, when calculating feedback gains in the forward pass, we applied a reference extension

method to deal with mode mismatch due to shifting estimates of impact times.

The performance of the hybrid estimator was demonstrated on a simple two dimensional

bouncing ball system as well as an ASLIP hopper model. This algorithm produced notably better

results than the comparable SKF. In the presented trials, HiLQE outperformed SKF by a peak of

62.25% at the worst timesteps near impact events on the ASLIP hopper.

There are still a wide variety of interesting research directions in hybrid state estimation. An

immediate extension to this work would be to implement this iterative method online over a moving

horizon of state estimates in an analogous manner to Model Predictive Control (MPC) for control

problems. This work could also be combined with information seeking control. To deal with

uncertainty in hybrid mode, we could look to designing control schemes that seek to gain as much

confidence in the current mode as possible while still achieving other control goals. In legged

systems, an optimization like this might result in a behavior such as slamming legs into the ground

rapidly to ensure contact is made. Another potential direction for future work is platform and

controller design for hybrid systems. One interesting aspect of this would be to investigate whether

it is possible to optimize robot designs and gaits in a way that the dynamics can be relatively

accurately expressed as smooth systems. This would save on the need to consider time-to-impact

variations and simplify the gradient computations. Additionally, this work could be integrated with

the Simultaneous Localization And Mapping (SLAM) problem by treating the solutions to the

visual estimations as measurements on the system state in this optimization framework.
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Chapter 5

Contact Mode Estimation for Bipedal

Robotic Systems

5.1 Abstract

As bipedal robots become more and more popular in commercial and industrial settings, the ability

to control them with a high degree of reliability is critical. To that end, this paper considers how

to accurately estimate which feet are currently in contact with the ground so as to avoid improper

control actions that could jeopardize the stability of the robot. Additionally, modern algorithms

for estimating the position and orientation of a robot’s base frame rely heavily on such contact

mode estimates. Dedicated contact sensors on the feet can be used to estimate this contact mode,

but these sensors are prone to noise, time delays, damage/yielding from repeated impacts with

the ground, and are not available on every robot. To overcome these limitations, we propose a

momentum observer based method for contact mode estimation that does not rely on such contact
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sensors. Often, momentum observers assume that the robot’s base frame can be treated as an inertial

frame. However, since many humanoids’ legs represent a significant portion of the overall mass, the

proposed method instead utilizes multiple simultaneous dynamic models. Each of these models

assumes a different contact condition. A given contact assumption is then used to constrain the

full dynamics in order to avoid assuming that either the body is an inertial frame or that a fully

accurate estimate of body velocity is known. The (dis)agreement between each model’s estimates

and measurements is used to determine which contact mode is most likely using a Markov-style

fusion method. The proposed method produces contact detection accuracy of up to 98.44% with a

low noise simulation and 77.12% when utilizing data collect on the Sarcos© Guardian® XO® robot

(a hybrid humanoid/exoskeleton).

5.2 Introduction

Without explicit knowledge of which feet are in contact with the ground, a legged robot may take

unreasonable or unsafe control actions. As an example, if a robot expects to step on the ground

while its foot is still mid-air or if it expects to swing a leg while it is still in contact with the ground

under some load, this mismatch between expectation and reality can result in the robot tripping and

potentially falling. Therefore, it is imperative that the current contact mode of a robot is estimated

so that appropriate control actions can be taken.

Traditional methods for detecting the contact mode on legged robots make certain assumptions

that often do not hold for bipedal (humanoid) robots. These methods typically take one of two

approaches. First, a contact sensor, such as a switch or a force-torque sensor, is installed at the

robot’s foot so that contact detection becomes a problem of filtering or thresholding a single sensor’s

data [31, 56, 57, 58, 59]. This method requires hardware changes and is not ideal for robots requiring
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Figure 5.1: Left: The Sarcos© Guardian® XO®, a hybrid humanoid robot/exoskeleton on which we demon-
strate these algorithms. Right: The estimated external torques on the system during a gait cycle using each
separate momentum observer.

robust sensing over long lifespans, as contact sensors are easily damaged due to the impulsive nature

of repeated impact with the ground during locomotion. The other method that is often used for

contact detection is a thresholding method on estimated contact forces from joint torques [60, 61].

The issue with this method is that it assumes that the robot’s body frame can be treated as an inertial

frame and that the legs have significantly lower mass than the body. This assumption does not hold

in the case of many bipedal robots as the legs often represent a substantial portion of the robot’s

mass, such as the Sarcos© Guardian® XO® shown in Fig. 5.1 which has close to 50% of total body

mass in each leg, and therefore movement of the legs has an appreciable effect on the state of the

body.

This work proposes a new contact estimation system that addresses these challenges through
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the use of multiple momentum observers that adopt different contact assumptions. We avoid the

assumption that the robot’s body frame can be taken as an inertial frame by instead using the world

frame as the inertial frame with an assumed stationary foot contact for the stance foot to reduce the

order of the dynamics. This assumption allows the 6 constraints at a given foot (in 3D) to remove

the need to estimate the base link position, orientation, and velocities. Then, a momentum observer

[62, 63, 64, 32, 65] is applied to the constrained dynamics of the system in each contact mode. By

comparing the results of momentum observers on each of these assumptions, as well as monitoring

the relative velocity between the feet, we obtain a probability of each contact condition (including

dual support).

The proposed approach is thus a novel combination of reduced order dynamics, momentum

observers, and Markov models which enables contact detection in large scale bipedal robots without:

1) direct contact sensors, 2) using the second derivative of any measurement, 3) precise knowledge

of the body velocity, or 4) assuming that the legs are much lighter than the body or moving much

faster than the body. The knowledge of contact states provided by this algorithm will enable the use

of a variety of full body state estimators that rely on contact knowledge.

5.3 Related Work

There has been a wide array of research on state estimation for legged robotic systems, here we will

primarily focus on floating base and contact estimation methods. Additionally, we will discuss the

use of momentum observers for estimation of external contact forces.
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5.3.1 Floating Base Estimation

Often, floating base estimators will assume that contact information is already provided. To enable

these floating base estimators, we will need to provide this information, which is not directly

available in most bipedal robots.

In [31], an inertial measurement unit (IMU) is used as a process model in an extended Kalman

filter (EKF) and the legged kinematics of a quadrupedal robot are used in the measurement update.

This work was then extended in [56] to apply to humanoid robots. In these algorithms, the contact

information is used to update the process noise in the prediction step of the EKF. In the case where

a foot is not believed to be on the ground, its process noise is set to infinity, or a very large number,

so that it is free to reposition.

In [66], IMU and kinematic data is fused through an unscented Kalman filter (UKF). This

method similarly rejects information from legs that are not detected to be in contact with the ground.

However, it additionally uses outlier rejection to ignore data from feet that may be slipping. This

outlier rejection could potentially be used to differentiate feet that are not in contact with the ground,

however we propose a different method for contact detection.

Other works have used factor graph based methods for state estimation to fuse together different

sensor modalities. In [57, 58], forward kinematic constraints are added into a factor graph formu-

lation alongside visual and IMU factors to estimate trajectories. This work also requires a binary

contact sensor or other means of determining active contact modes to determine which kinematic

constraints are active between nodes on the factor graph. Similar work was presented in [67], which

seeks to rely on contact classification less, but still uses estimates of external contact forces. This

was also extended in [68] to include an additional foot velocity factor, but still utilized the kinematic

constraint factors from the other works.
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In [61], the factor graph formulation is extended to simultaneously estimate parameters for the

system that may be inaccurate such as link lengths. While this improves over the other methods in

many ways, it still requires a sensor to provide the current contact state to construct the kinematic

constraints for the optimization problem.

5.3.2 Contact Estimation

Contact estimation is critical to our ability to estimate whole body state in legged robots. There

have been a variety of approaches to estimating the current contact conditions of a system.

Many methods have placed sensors directly on the feet to determine which contact modes

are active. In [66, 57, 58], binary contact sensors are employed to determine the active contact

modes for the floating base estimators. Rather than a binary sensor, [59] uses a force-torque sensor

mounted on the feet to determine the active contact mode. Similarly, [69] places additional IMUs

on each of the feet as an additional means of sensing the active contact mode. With the relatively

slow walking gait of the bipedal robot we consider in this paper, the differences in velocities are

not as drastic between contact modes as in quadrupeds with faster leg trajectories during walking

gaits. Furthermore, the standard walking gait has the feet slow down before impact to minimize

the impulse on the heavy legs. Therefore, while the feet of our system do have an IMU already on

them, during slow walking they do not provide much information on the active contact mode.

Alternatively, many algorithms have sought to estimate contact modes through encoder and

torque measurements in robot’s legs [70, 71]. These internal sensors have also been used in methods

such as the one proposed in [32], which utilizes a momentum observer. Our approach also uses a

set of momentum observers as a part of the overall system, and we further discuss these systems in

the following section. However, these prior methods assume that the robot’s legs are significantly
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lighter than the body in order to ignore inertial effects on the body. This assumption does not hold

in the case of large bipedal robots as the legs represent a significant portion of the robot’s mass.

Additionally, the method in [32] relies on knowledge of the ground plane height as an additional

means of determining contact probabilities. Our method avoids making this assumption to remove

the method’s dependence on knowledge of the environment.

A comparison between each of these methods is presented in Table 5.1. Our proposed method is

able to perform contact estimation without utilizing assumptions that do not hold for our large-scale

bipedal robot and without modifying the hardware on the robot.

Rough
Ground

Non-inertial
Base Frame

No Hardware
Modification

Low
Speed

Proposed Method ✓ ✓ ✓ ✓

Leg-Momentum Observer [32] ✗ ✗ ✓ ✗

Contact Sensor [66, 57, 58] ✓ ✓ ✗ ✓

Foot IMU [69] ✓ ✓ ✓/ ✗ ✗

Table 5.1: Comparison between the proposed method and a variety of existing contact sensing methods.

5.3.3 Momentum Observers

One method for determining the current contact condition is to use a momentum observer. Momen-

tum observers, as introduced in [62, 63] and summarized in [64], utilize the generalized momentum

of a system to estimate external contact forces. By examining momenta rather than accelerations,

these methods have the benefits of avoiding costly inversions of generalized inertia matrices and

the use of noisy estimates of joint accelerations from encoder data. The difference between the

expected and actual momenta at the end of each timestep are then taken to be the result of some

externally applied torques. Further explanation of the details of momentum observers can be found

in Sec. 5.4.1.
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Recently, momentum observers have begun to see use in contact state estimation for legged

robots. In [32], the estimates from a momentum observer are fused with gait cycle information and

the estimated foot height to determine the current contact mode. This method assumes a reasonable

and steady gait cycle so as to determine the likelihood of contact based on clock timing, which does

not always hold for more variable/dynamic walking behaviors. Additionally, this method uses an

estimate of the height of each foot as well as a measure of ground roughness as additional factors in

determining contact probability. As we seek to decouple floating base estimation and the contact

state estimation, we cannot rely on estimates of the current foot height for contact mode estimation

as they are typically derived from estimates of the centroidal state of the robot. Alternatively, in

[65], a momentum observer is used to detect entanglements of a robot’s legs with vines or other

environmental disturbances during planned swing phases of a quadruped’s gait cycle. However,

both of these methods implicitly assume that the robot’s body can be taken as an inertial frame due

to the relative masses of the bodies and legs of the robots, which does not hold for larger bipedal

robots.

5.4 Methods

5.4.1 Momentum observers

Many force estimation methods rely on acceleration data which is often noisy as it requires position

data to be differentiated twice. Alternatively, momentum observers avoid the use of these noisy

acceleration estimates by instead utilizing the difference between the evolution of the expected

momentum and the observed momentum of a system to estimate the external forces and torques

acting on it.
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Consider a floating base (humanoid) robot with the following dynamic equations:

Mq̈ + Cq̇ +G+ ATλ = BT (τmot + τext) (5.1)

where {q, q̇, q̈} represent the generalized coordinates of the system (i.e., joint angles + base posi-

tion/orientation) and their derivatives, M is the generalized momentum matrix, C is the Coriolis

matrix, and G is the gravity vector. Modeled constraint forces (λ) act on the system through the

constraint matrix A, while applied motor torques (τmot) and unmodeled/external torques (τext) act

through the selector matrix (BT τ ≡ [0T6×1 τ
T ]T ) that simply ensures the floating base degrees-of-

freedom (DOFs) are not actuated. Trivially, it is possible to calculate the external torques with

measurements/estimates of q (and its derivatives), λ, and τmot utilizing the inverse dynamics ap-

proach. But rather than relying on noisy acceleration data, we instead consider the derivative of the

system’s generalized momentum p = Mq̇:

ṗ = Ṁ q̇ +Mq̈

= Ṁ q̇ − (Cq̇ +G+ ATλ) +BT (τmot + τext)

(5.2)

Taking advantage of the identity Ṁ = C + CT , the dependence on the time derivative of the mass

matrix can be removed to recover an equation for the rate of momentum that does not depend

explicitly on joint accelerations:

ṗ = CT q̇ −G− ATλ+BT (τmot + τext) (5.3)

= β +BT τext (5.4)

where β = CT q̇ − G − ATλ + BT τmot. Using this formulation, now we maintain an estimate of
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the system’s momentum, p̂, and compare it to the measured momentum at each timestep to obtain

estimates of the external torques τ̂ , as in [65]:

p = Mq̇ (5.5a)

τ̂ = B−TKO(p− p̂) (5.5b)

˙̂p = β +BT τ̂ (5.5c)

Where KO is an observer gain for the estimation of the external torques. Practically, this is

implemented by discretizing the system’s dynamics and considering the evolution of momentum

estimates when ˙̂p is assumed constant over the discretized timestep.

5.4.2 Constrained Dynamics

When a system is subject to holonomic constraints, such as flat-footed contact with the ground,

the free dimensions are reduced by each independent constraint. In these cases, we can utilize

the linearization of the constraints at a given operating point to reduce the degrees of freedom of

the system. Consider the generalized dynamics from (5.1). We can simultaneously select a set of

reduced coordinates y = Y q and enforce the constraints Aq̇ = 0:

A
Y

 q̇ =

0
I

 ẏ (5.6a)

q̇ =

A
Y


−1 0

I

 ẏ (5.6b)
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q̇ =Hẏ, H :=

A
Y


−1 0

I

 (5.6c)

where the choice of coordinates y must be independent of the constrained directions such that the

matrix in (5.6b) is invertible. By using q̇ = Hẏ and q̈ = Hÿ + Ḣẏ, and noting that HTAT = 0, we

can now rewrite (5.1) as a reduced order (constrained) system that no longer explicitly depends on

the constraint forces λ:

HTMHÿ +
(
HTCH +HTMḢ

)
ẏ

+HTG+HTATλ = HTBT (τmot + τext)

(5.7a)

M̃ÿ + C̃ẏ + G̃ = τ̃mot + τ̃ext (5.7b)

where,

M̃ = HTMH (5.8a)

C̃ = HTCH +HTMḢ (5.8b)

G̃ = HTG (5.8c)

τ̃mot = HTBT τmot (5.8d)

τ̃ext = HTBT τext (5.8e)

5.4.3 Multiple Model Observers

For quadruped robots (with proportionately lighter limbs), the momentum observers described in

(5.5) typically assume that the base frame of the robot can be treated as an inertial frame and thus
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only consider the dynamics of an individual leg. For larger bipedal robots, this assumption does

not hold, so instead we utilize the ground as an inertial frame. In order to do so, we consider the

various contact-constrained dynamics that arise from assuming only one foot in (flat) contact with

the ground1:

Hi =

 Ai

SDOFs


−1 0

I

 (5.9a)

q̇ = Hiẏi (5.9b)

q̈ = Hiÿi + Ḣiẏi (5.9c)

where i ∈ {l, r} represents the single support contact modes. For each contact assumption,

the reduced order dynamics are obtained (as in Sec. 5.4.2) by assuming the plant foot posi-

tion/orientation is constant (i.e., Aiq̇ = 0) and selecting the joint positions as our reduced coordinates

Y q = SDOFsq = y.

M̃iÿi + C̃iẏi + G̃i = τ̃i,mot + τ̃i,ext (5.10)

Using these constrained system dynamics, we can separately maintain a momentum observer like

those in (5.5) for each of the contact modes:

pi = M̃iẏi (5.11a)

βi = C̃T
i ẏi − G̃i + τ̃i,mot (5.11b)

1It is important to consider flat contacts in 3D to fully constrain the system and to allow the constraint forces, λ, to
be fully determined by the configuration of the robot (and its derivatives).
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τ̂i,ext = KO(pi − p̂i) (5.11c)

˙̂pi = βi + τ̂i,ext (5.11d)

Intuitively, in situations where a leg is in single support and the other leg is in a swing phase

and not impeded by its environment, then the estimated external torques τ̂[l,r] corresponding with

that stance phase should be near zero. We can utilize this information to inform our belief in

which contact mode is currently active. Additionally, when neither observer is estimating near zero

external torques, it is likely that the robot is in a dual support phase (i.e., both limbs are experiencing

"external" torques produced by contact with the ground). Lastly, spikes in the estimated external

torque for the active mode also represent a low latency means of detecting touchdown events.

5.4.4 Velocity Constraints

While the external torque estimates can quickly enable detection of touchdown events, they are not

as sensitive to feet lifting off of the ground. To fill in this gap, we additionally use the violation of a

relative velocity constraint as a means of detecting liftoff. Specifically, during a dual support phase,

the relative velocity between the two feet (calculated explicitly from joint measurements) should be

zero, so when nonzero velocities are estimated it is likely that a liftoff event has occurred. We can

therefore use the relative motion between the two feet as a metric for how likely it is the system is

in dual support:

vrel = Alrq̇ = (Al − Ar)q̇ (5.12)
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5.4.5 Model Fusion

To combine the estimates from each of the momentum observers as well as the velocity constraint

violation, we maintain an estimate of the likelihood of each contact condition. To update this

estimate, we utilize a Markov model based on how likely it is that each transition event has occurred.

To determine how likely a touchdown event is to have occurred from a swing-leg phase, a

threshold value τt and a band value τb are defined to apply to a sigmoid activation function:

πi,Dual = sgm
(
||τ̂i,ext||2−τt

τb

)
(5.13)

where πi,Dual is the probability of transition from the given single support mode into dual support.

Similarly, when calculating the transition probability from dual support to single support, we

apply a sigmoid function centered about vt with width vb to the estimated velocity constraint

violation. Then we determine which stance leg is more likely by comparing the relative magnitudes

of external torques estimated by the two momentum observers – whichever has a lower estimate is

more likely to be the active mode.

πDual,i = sgm
(
vrel − vt

vb

)
||τ̂j,ext||2

||τ̂i,ext||2+||τ̂j,ext||2
(5.14)

where, for each i ∈ {l, r}, j ∈ {l, r}\{i} and πDual,i is the transition probability from dual support

to the given single support mode.

The means and widths for each of these transition probability sigmoids can be tuned for a

given system to achieve some desired performance characteristics. By combining these transition

probabilities, we are able to calculate a Markov transition model for each timestep to update the

likelihood of each given contact condition. We maintain the likelihood of each mode in vector form
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as:

P =

[
pl pr pDual

]T
(5.15)

To update these probabilities, we construct the transition matrix Π at each timestep based on the

individual transition likelihoods:

Π =


1− πl,Dual 0 πDual,l

0 1− πr,Dual πDual,r

πl,Dual πr,Dual 1− πDual,l − πDual,r

 (5.16)

such that we can update the probabilities at each timestep by:

Pk+1 = Π Pk (5.17)

To select the active contact mode estimate, we take the most likely mode at a given time. This

may sometimes result in selecting an active mode that is estimated to have less than a 50% likelihood.

In practice, there are many ways to handle this information. The likelihoods themselves could be fed

into other estimation methods as a means of representing how much certainty should be associated

with dynamic constraints from a contact mode. Alternatively, an additional mode that represents an

uncertain contact condition could be added in order to prevent switching when uncertainty is more

likely. For the work proposed here, the contact mode estimate is only allowed to transition to a new

contact mode once a threshold of belief in a given mode is crossed (e.g., > 50% likelihood for a

given mode is required to switch to that mode).
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5.5 Results

5.5.1 Simulated Walker

In this section we present the results of estimation performed on a planar five link walker simulated

in Drake [72]. This walker was modeled to have significant mass distribution in its legs – each leg

weighs twice as much as the base link – to ensure that the assumption that the floating base is an

inertial frame does not hold. The model used in this system is shown in Fig. 5.2. Each link has a

mass of 1 kilogram with a uniform mass distribution. The system has seven degrees of freedom, the

position and orientation of the base link are three unactuated degrees of freedom, and the angle of

each of the joints in the legs – left and right hips and knees – are four actuated degrees of freedom.

The state representation of the system is:

q =

[
xb yb θb θ1 θ2 θ3 θ4

]T
(5.18)

and the dynamics matrices M , C, and G and the constraint matrix A are calculated using Lagrangian

dynamics.

The bipedal walker is run through a left-right gait for these trials. Each momentum observer for

this simulated system assumes that a foot is in point contact with the ground, which provides two

constraints to the system. Using the constrained dynamics, as discussed in Sec. 5.4.3, we are able to

remove the dependence of the estimator on the two body position variables, so the measurements

used are the orientation of the base and each of the joint angles.

For a single 5 second trial running at 1kHz using a signal to noise ratio of 70dB, the associated

confusion matrix, which compares the estimated modes to the ground truth modes from the
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Figure 5.2: The five link walker model we use in simulation to evaluate the algorithm. The floating base
location is defined as a position and angle relative to the vertical. The link angles are defined relative to
straight hip and straight knee positions.

simulation, is shown in Fig. 5.3. Similarly, a timeseries of the estimates for a single trial can be

seen in Fig. 5.4. The associated mode accuracy for this system is 98.44% with much of that error

occurring in the initial timesteps while the momentum observers initialize.

To better characterize the performance of the estimator across a variety of levels of noise in

the system, we present a plot comparing the mode accuracy as a function of the signal to noise

ratio (calculated as 10 log(
signal
noise )) in Fig. 5.5 over 100 trials at each noise level with randomly

sampled noise. In this, we can see that when the noise in the system is minimal, a properly tuned

estimator can reach near 100% accuracy. At higher noise levels, we see much lower accuracy. As

the momentum observer is highly dependent on accurate velocity estimation, the error increasing

due to noise in the velocity makes sense. This leads to neither observer estimating external torques
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Figure 5.3: A confusion matrix for the mode estimation from the simulated five link walker over a five
second trajectory with a signal to noise ratio of 70dB. The values on the diagonal in blue represent correct
estimations and the values off the diagonal in red represent incorrect estimations. The bottom and side contain
the percentages of the time that a specific estimate is correct and that a specific mode is correctly estimated,
respectively.

near zero magnitude, so it is more likely to select dual support, leading to low accuracy.

5.5.2 Exoskeleton Walker

For this portion of the work, we utilize data collected from a Sarcos© Guardian® XO® robot (a

hybrid humanoid/exoskeleton), which is shown in Fig. 5.1. This robot has a mass of 150kg and

much of that mass is distributed in the limbs, so the assumption that the body link is an inertial frame

cannot be adopted. This data was collected during a trial in which the XO walked as a humanoid on

its own without a person inside controlling it. The measurements used for this experiment are the
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Figure 5.4: A comparison between the current contact mode estimate and the ground truth of the simulated
five link biped system on a trial with a signal to noise ratio of 70dB. The estimate is shown as a blue dashed
line and the ground truth is shown as a solid yellow line. An inset highlights the short lag in detecting
touchdown and liftoff at a stance transition event.

measured joint torques (as opposed to the commanded), the orientation of the body via an IMU, and

the joint positions via encoders.

All of the mode estimates on the XO are compared against hand-labeled contact modes derived

from a video of the corresponding trial. A confusion matrix comparing the estimated mode to the

mode extracted from the video is shown in Fig. 5.6. The associated estimates from the trial are

shown as a time series in Fig. 5.7. The corresponding mode accuracy for this system is 77.12%,

compared to 70.15% from the planned contact sequence. Directly utilizing the most likely contact

mode for a given time without the probabilistic transition model results in a similar accuracy of

76.10%, however it predicts twice as many transitions than truly occur compared to 27.5% fewer

than true transitions predicted by the transition model. While this is not a perfect model of the

transitions, it is preferable to have a stable estimate of the current contact state for control purposes.

Some of the misalignment can be explained by the difference in the estimation update rate and
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Figure 5.5: Estimation accuracy as compared to the signal to noise ratio of the system. With lower noise
levels, we see very accurate mode estimation. However, as the momentum observer is sensitive to velocity
noise, the performance degrades notably with higher noise levels.

the camera frame rate. Additionally, due to the hand-labeled nature of the ground truth, there are

orientations in which it is difficult to discern the true contact conditions. However, the general

timing and gait patterns align well between the estimate and the values derived from the associated

video. To improve the practical performance, the cutoff values for the sigmoids can be tuned to

either over- or under-estimate dual support depending on the context in which the estimation is

being used. Additionally, this should be fused with more information, such as estimated ground

heights from a visual or lidar sensor. However, for this work we sought to make this estimation

agnostic to the profile of the ground.
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Figure 5.6: A confusion matrix for the mode estimation from the bipedal walker in hardware over an
approximately twelve second trajectory. The values on the diagonal in blue represent times where the
estimator and the video frame align and the values off the diagonal in red represent estimations where the two
do not align. The bottom and side contain the percentages of the time that a specific mode estimate aligns
with the video and that a specific mode from the video is correctly estimated, respectively.

5.6 Conclusion and Future Work

In this work we show that through the use of multiple momentum observers we are able to obtain

estimates of the active contact mode of a system through only proprioceptive means. Using this

method we are also able to avoid making the assumption that the base of the robot is an inertial

frame.

We then demonstrate the effectiveness of this method by implementing it for both a simple

simulated bipedal system and a large scale bipedal exoskeleton in hardware. In simulation we show
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Figure 5.7: A comparison between the current contact mode estimate with the proposed method, the planned
contact sequence, and the contact mode derived from the corresponding video. The estimate is shown as a
blue dashed line, the planned state is shown as a red dotted line, and the mode extracted from the video is
shown as a solid yellow line.

that the mode estimation accuracy is able to reach 98.44% with low noise. Additionally, in hardware

we show that the estimator is able to track the active contact mode that we observe through our

collected video during the trial more accurately than relying on the planned contact mode.

In combination with other sensor information, this method will allow robots without contact

sensors in their feet to better estimate their current stance phases. This will enable them to take

more well informed control actions, leading to more robust gaits.

However, there is still room for extensions to this work. So far, we have considered flat foot

stance for each of the feet, limiting us to 3 contact modes. This could be extended to include heel

strike and toe-off modes to better understand the control authority of the system at a given time.

Additionally, this work assumes that there is no flight phase as the systems we considered are

not capable of flight phases. This method could be modified to differentiate between situations

where neither individual momentum observer agrees with the measurements when in dual stance or
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when in flight.

Similarly, we assume that any contact occurring corresponds to a foot touchdown event. It is

possible the robot will also be making contact or experiencing external forces and torques not due

to foot touchdown. An interesting extension would be to differentiate between ground contact and

other external forces, such as tripping events as discussed in [65].

While this method was designed specifically for bipedal systems, it could also be interesting to

consider how these assumptions can be used to better understand the contact modes of quadrupedal

and other systems. While the mass distribution of those systems does make the assumption of taking

the floating base as an inertial frame more reasonable, it still doesn’t hold perfectly. A difficulty

with this extension would be considering the combinatorial nature of the contact modes.
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Chapter 6

Conclusion

In this thesis we address the problem of state estimation for contact systems such as legged robots

and robotic manipulators. We specifically seek to improve performance of estimation algorithms

around contact events such as foot touchdown and initial grasping as they can result in nonsmooth

and potentially discontinuous dynamics. Pre-existing methods are unable to explicitly handle these

events, resulting in inaccurate estimations or failures. To handle contact events, this thesis uses

the framework of hybrid dynamical systems, which treats different contact conditions as different

discrete modes and uses continuous state information to trigger transitions between different discrete

modes. By examining hybrid dynamical systems, we improve upon a variety of state estimation

methods which each have unique advantages for different estimation goals.

For cases in which the environment and system dynamics are uncertain or potentially stochastic,

we created the uncertainty aware Salted Kalman Filter (ua-SKF). This method explicitly considers

distributions of potential parameter values. The ua-SKF has the benefit of being able to handle

situations such as a robot walking over rough terrain where the exact height of the ground is
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unknown or grasping cases where the manipulated object has variation in dimensions.

When a system doesn’t have access to a method of determining ground truth states, such as a

motion capture environment, it is still important to be able to evaluate the performance of online

estimators. To this end, we present Hybrid iterative Linear Quadratic Estimation (HiLQE). This

work utilizes full horizon optimization to generate an estimate of states over the entire trajectory,

which will be more accurate than any online method. This estimate can then be used as a baseline

to evaluate online estimation methods when ground truth is not available. This method iteratively

solves quadratic optimization problems rather than optimizing a full nonlinear problem at once.

The saltation matrix is used for gradient information in the backward pass of the algorithm and the

hybrid dynamics are rolled out in the forward pass.

Another major concern for hybrid systems is the determination of the current contact mode as

the control authority of the system varies greatly depending on this contact mode. For example, in

cases where a leg is in contact with the ground it can exert large forces, yet if it is even slightly

off the ground it cannot exert any forces. To determine the current contact mode as well as the

confidence in that contact mode we present a momentum observer based estimator specifically

designed for bipedal robots. This method for bipedal robot contact estimation seeks specifically to

leverage assumptions about the robot dynamics to detect touchdown and liftoff without access to

contact sensors or ground reaction force sensors.

The work in this thesis expands the capabilities of legged robots and manipulators through

access to better state estimation. Without accurate state estimation, reasonable control actions

cannot be taken, leading to issues in these systems such as falling over, not moving in the desired

direction, dropping objects, or crushing objects.
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6.1 Potential Extensions

Beyond the scope of this thesis, there are many opportunities for future work in the area of state

estimation for hybrid dynamical systems. This section will introduce a few of these potential

extensions.

6.1.1 Simultaneous or Near Simultaneous Impacts

One major place where this work can be extended is in the case where multiple hybrid transitions

occur simultaneously or in quick succession. In cases with near simultaneous transitions, the

ordering of the transition can significantly change the expected mean value of the post-impact state

as well as the shape of the distribution. However, there are also cases where the ordering can result

in insignificant changes in distributions. This presents two possible directions for analysis: first, one

could seek to understand how to update distributions while taking into account the bipartite nature

of the dynamics. These cases can be handled by considering the Bouligand derivative [20, 19]

in place of the saltation matrix. Another direction would be to classify conditions in which the

ordering of impacts do not cause notable variations in the resulting distributions. In these cases, the

order of the combination of the reset maps and saltation matrices could be arbitrarily selected.

6.1.2 Information Seeking Control

A central theme throughout this work is the difficulty with estimating the current contact conditions,

or discrete mode, of a system. Part of this difficulty could be offloaded to the control of these

systems through information seeking control [73, 74, 75, 76]. An additional control goal/cost could
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be added to a controller to maximize the certainty in the hybrid mode. In the case of a legged robot,

this could take the form of intentionally moving feet toward the ground to ensure contact is made.

6.1.3 System Design

An interesting challenge would be to consider the effects of hybrid transitions during the design of a

system. In a design optimization framework, an additional penalty could be added to the distance of

the saltation matrix from identity during typical contact events so that the saltation matrix can be

safely ignored in control and estimation. Similarly, one could seek to maximize the convergence of

the system by minimizing the eigenvalues of the saltation matrix in these common contact events

[77, 10].

6.1.4 Applications to Simultaneous Localization and Mapping

Current implementations of simultaneous localization and mapping (SLAM) rely on process models

driven by the integration of inertial measurement units (IMUs) and rarely consider the underlying

robotic system’s dynamics. In some systems, the kinematics are also leveraged [31, 57, 58], but this

is still leaving out a lot of useful information from control inputs and a system’s natural dynamics.

Understanding the dynamics in continuous modes as well as during hybrid transitions with the reset

map and saltation matrix would enable an additional factor in a factor graph to relate the states of a

robot at each timestep.
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