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Abstract— In this paper we address the simultaneous collision
detection and force estimation problem for quadrupedal loco-
motion using joint encoder information and the robot dynamics
only. We design an interacting multiple-model Kalman filter
(IMM-KF) that estimates the external force exerted on the
robot and multiple possible contact modes. The method is
invariant to any gait pattern design. Our approach leverages
pseudo-measurement information of the external forces based
on the robot dynamics and encoder information. Based on
the estimated contact mode and external force, we design a
reflex motion and an admittance controller for the swing leg
to avoid collisions by adjusting the leg’s reference motion.
Additionally, we implement a force-adaptive model predictive
controller to enhance balancing. Simulation ablatation studies
and experiments show the efficacy of the approach.

I. INTRODUCTION

Quadrupedal locomotion has made significant progress
over the past few decades, demonstrating exceptional dy-
namic behavior and robustness against external disturbances
[1]–[3]. To enhance the capabilities of legged robots on
more challenging terrains, such as stairs or rocks, successful
approaches [4]–[7] have integrated terrain information into
planning or estimation [8] modules to intentionally reduce
the risk of tripping. However, due to the limited bandwidth of
sensor data and potential tracking errors, reliable descriptions
of surrounding terrains are not always available, particularly
for legged robots moving at high speeds. This limitation un-
derscores the importance of of robust collision detection and
contact force estimation in dynamic locomotion independent
on external sensors, allowing rapid reactions to unexpected
contact events.

Independent of additional sensors, which are expensive
and prone to damage, proprioceptive collision detection for
rigid robots has garnered significant attention [9]. For legged
locomotion, collision detection presents a greater challenge
due to the frequent intentional contacts inherent in move-
ment. A critical problem is distinguishing between different
contact modes, such as regular stance mode and unexpected
collisions. Heuristics-based approaches have been success-
fully deployed on quadruped robots. For example, in [10],
unexpected collisions are detected based on prior knowledge
of the locomotion gait and the shape of friction cones,
following a rough estimation of external contact forces.
Additionally, [11] explicitly builds a Hidden Markov Model,
which is later extended to contact and slip detection in
[12]. However, the aforementioned works primarily focus on
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contact or collision detection, without accurately estimating
the external contact force or wrench for further use.

The Momentum-Based Observer (MBO) [13] offers accu-
rate estimation of external torques without requiring joint
acceleration measurements, which can be further utilized
to compute external contact wrenches when the contact
location is known. MBO has been effectively applied in
various aspects of dynamic locomotion, including contact
detection (stance or swing) [14]–[16], collision detection
[17], [18], and disturbance rejection [19], [20]. In particular,
prior work on contact or collision detection often employs
a hierarchical pipeline, first estimating external forces and
then using post-processing techniques, such as thresholding,
to determine whether contact has occurred. While a robust
thresholding method was proposed in [18] to account for
model uncertainties, developing a robust criterion that con-
siders multiple contact modes beyond binary contact detec-
tion remains challenging. To achieve reliable performance,
additional filtering and heuristics, such as scheduled contact
timing from the controller design, are typically necessary
[14], [16]. To the best of our knowledge, no existing collision
detection approach simultaneously estimates multiple contact
modes and the external force while remaining invariant to
any gait pattern design.

To this end, we propose an approach based on the In-
teracting Multiple-Model Kalman Filter (IMM-KF) [21] to
simultaneously estimate external forces and contact modes,
including swing, stance, and collision, only using encoder
information and the robot dynamics. Each KF within the
IMM-KF is tailored to a specific contact mode, where the
dynamics of generalized momentum (GM) are integrated
with a disturbance observer for contact forces [22]. In the
measurement model, we incorporate pseudo-measurements
for the external forces derived from the robot’s dynamics.
The IMM-KF then fuses these contact modes and determines
the probability of each mode occurring. Upon estimating
the contact mode and external forces, we implement an
admittance control law to respond effectively to detected
collisions. In addition, the estimated contact force is sent to
a model predictive controller (MPC) [1], [23] for disturbance
rejection, ensuring robust and adaptive locomotion with
minimal sensing capabilities.

The main contributions of this work are:
• We develop an estimator based on the IMM-KF that

is independent of any specific controller design. By
integrating GM with desired ground reaction forces, we
provide enhanced feedback for distinguishing between
contact and collision modes.



• Leveraging the collision detection capability, we design
a reflex motion response. Additionally, the estimated
forces are fed into an MPC module for improved
balance control.

• We validate our approach through ablation studies and
comparisons with other baselines in both simulation and
hardware environments.

II. PRELIMINARIES

This section contains brief descriptions of momentum-
based observers and Kalman filters to facilitate understanding
of the proposed approach.

A. Momentum-Based Observer

The robot dynamics for a quadrupedal robot with n
degrees of freedom (DoF) can be expressed as

M(q)q̈ +C(q, q̇)q̇ + g(q) + τf = τext + τm, (1)

where M ∈ Rn×n is the mass matrix, C(q, q̇) ∈ Rn×n

is the Christoffel’s symbol due to Coriolis and centrifugal
terms, q is the joint angle, g is the gravity term, τf is the
joint frictional torque, τm is the joint torque induced by the
motors, and τext is the external joint torque induced by the
ground reaction forces. The external joint torque is

τext =

nf∑
j=1

JT
cj (q)F ext,j , (2)

where Jcj (q) ∈ R6×n and F ext,j are the geometric contact
Jacobian and external wrenches applied at the jth foot,
respectively. nf is the number of feet of the robot. The
external wrench includes both the external force fext and
moment mext, i.e.,

F ext =

[
fext
mext

]
∈ R6. (3)

The generalized momentum (GM) p can be defined as

p = Mq̇ (4)

where due to the skew-symmetry property of the robot
dynamics,

Ṁ(q) = C(q, q̇) +CT (q, q̇), (5)

the dynamics of the estimated GM p̂ can be written as

˙̂p = τm − τf +CT q̇ − g + τext. (6)

Then, further filtering can be applied either using a first-
order filter [13] or a Kalman filter [22], with p = M̂q̇ as
the measured GM and M̂ as the estimated mass matrix.

B. Single-Model Kalman Filter

A Kalman filter is a recursive state estimator for a dynam-
ical system of the form

xt+1 = Atxt +Btut +wt, (7a)
yt = Ctxt + vt, (7b)

where xt ∈ Rnx is the state at time step t, ut is the
input, yt ∈ Rny is the output vector, wt ∼ N (0,Qt)
defines the process noise, and vt ∼ N (0,Rt) defines the
measurement noise. At each recursion, the Kalman filter
executes a prediction step and an update step [24].

1) Prediction step: In the prediction step, a model of
the dynamical system’s evolution is used to propagate and
predict the first and second moments of the posterior distri-
bution,

x̂t|t−1 = At−1x̂t−1|t−1 +Bt−1ut−1, (8a)

P t|t−1 = At−1P t−1|t−1A
T
t−1 +Qt−1, (8b)

where x̂t|t and P t|t are the mean and covariance of the
distribution describing the state estimate at time step t, and
x̂t|t−1 and P t|t−1 are the predicted mean and covariance.

2) Update step: In the update step, the predicted mean
and covariance are updated using sensor measurements:

ỹt = yt −Ctx̂t|t−1, (8c)

St = CtP t|t−1C
T
t +Rt, (8d)

Kt = P t|t−1C
T
t S

−1
t , (8e)

x̂t|t = x̂t|t−1 +Ktỹt, (8f)
P t|t = (I −KtCt)P t|t−1, (8g)

with the innovation residual ỹt, the innovation covari-
ance St, and the Kalman gain Kt.

III. COLLISION DETECTION AND FORCE ESTIMATION

To ensure the proposed algorithm remains independent
of the number of feet, we assume that during the collision
phase, the external force applied to one foot has negligible
effects on the GM of the floating base and the other legs,
similar to the approach in [16]. This assumption is reason-
able before a detrimental crash occurs, especially when an
advanced balancing controller is deployed simultaneously. It
is important to note that while the proposed algorithm can be
applied to the full model, this would result in exponentially
more contact modes and significantly higher computational
complexity. Therefore, each leg uses an identical estimator
but updates independently. All the vectors with a subscript
j discussed later, unless otherwise specified, denote the
segment corresponding to the nj DoF of jth leg.

A. Mode-Dependent Process Model

By combining the GM with a disturbance observer for
contact forces [22], the mode-dependent system dynamics
for the jth leg in a continuous format can be represented as[

ṗj

ḟext,j

]
=

[
0 S(k)JT

j

0 Af

] [
pj

fext,j

]
+

[
I
0

]
u+

[
ωp

ωf

]
, (9)



where the state is x = [pT
j ,f

T
ext,j ]

T , control is u = (τm −
τf + CT q̇ − g)j , and process noise is ω = [ωT

p ,ω
T
f ]

T .
Here we define the jacobian Jj ∈ R3×nj by extracting
the sub-block for jth leg from Jcj . Note that we ignore
external moments due to the point feet and the effects of the
floating base following the earlier assumption. The matrix
Af ∈ R6×6, usually defined by a small negative definite
diagonal matrix, governs the dynamics of the external force
to mitigate the potential constant offset introduced by the
disturbance [25]. The mode-dependent part is determined by
the selection matrix S(k), where k ∈ {1, ...,M} denotes the
kth of the M modes. In this work, we define M = 3 with
swing mode (k = 1), stance mode (k = 2), and collision
mode (k = 3). We define the selection matrix S(k),

S(k) =

{
0 if k = 1

I otherwise
. (10)

Therefore, in the process model, we differentiate only be-
tween the swing mode and other contact modes. For the
swing mode, we assume zero external force, which is not
factored into the prediction of the GM.

B. Mode-Dependent Measurement Model

In the measurement model, we introduce an additional
pseudo-force measurement to better distinguish between dif-
ferent contact modes. The measurement model is

y =

[
I 0
0 I

] [
pj

fext,j

]
+

[
vp

vf

]
, (11)

where the output is the stack of the GM and contact force
y = [pT

j ,f
T
ext,j ]

T and the measurement noise v = [vp,vf ]
T .

The GM measurement is directly obtained from p = M̂q̇.
Although a direct force measurement is not available due to
the absence of a force sensor, a hypothetical pseudo force
can still be computed given the explicit contact mode. For
the swing mode, we assume zero contact force. For the other
contact modes, we combine the robot dynamics (1) and the
contact constraint

Jcj q̈ + J̇cj q̇ = 0. (12)

Hence, shorthanding τ = τm − τf − g, the pseudo wrench
is

Fpse,j = −(JcjM
−1JT

cj )
†(JcjM

−1τ + J̇cj q̇). (13)

where Fpse = [fT
pse,m

T
pse]

T and (·)† denotes the pseudo-
inverse. Assuming the joint velocity is zero during contact,
a further simplified expression is [10], [26]

Fpse,j = −(JT
cj )

†τm. (14)

Instead of directly using (14), our explicit definition of
multiple contact models allows us to use this pseudo force
as an additional feedback for noncontact (swing) mode and
other contact modes separately. Again, in this work we are
only using fpse due to the point contact.

To further distinguish between the contact modes, As
shown in Fig. 1, the shapes of the friction cones F (k) are

Swing Stance Collision

Fig. 1. Force measurement models for different contact modes.

defined separately for the stance (vertical cone Fv) and
collision (horizontal cone Fh) modes given prior assumption
on the potential terrains. The measurement noise for the
external force v

(k)
f is then

v
(k)
f =

{
large value if fpse,j ∈ F (k)

small value otherwise
(15)

C. Interacting Multiple-Model Kalman Filter

Given the mode-dependent process and measurement mod-
els described above, we formulate an IMM-KF for a switched
system of the form

xt+1 = A
(k)
t xt +B

(k)
t ut +w

(k)
t (16a)

yt = C
(k)
t xt + v

(k)
t . (16b)

The switched system’s modes are modeled as a Markov chain
with transition probabilities

Pr
(
mt+1 = m(j)

∣∣∣mt = m(i)
)
= πij , (16c)

where mt ∈ M is the mode at time step t, and the transition
probability from mode m(i) to mode m(j) is πij . The IMM-
KF involves an interaction, a filtering, a probability update,
and a combination step [21].

1) Interaction step: In the interaction step, the estimates
of the M filters are mixed and used to initialize each filter,

c(k) =

M∑
j=1

πjkµ
(j)
t−1, (17a)

µ
(j|k)
t−1|t−1 =

πjkµ
(j)
t−1

c(k)
, (17b)

x̄
(k)
t−1|t−1 =

M∑
j=1

µ
(j|k)
t−1|t−1x̂

(j)
t−1|t−1, (17c)

P̄
(k)
t−1|t−1 =

M∑
j=1

µ
(j|k)
t−1|t−1

(
P

(j)
t−1|t−1 +X

(k,j)
t−1|t−1

)
, (17d)

with X
(k,j)
t|t =

(
x̄
(k)
t|t − x̂

(j)
t|t

)(
x̄
(k)
t|t − x̂

(j)
t|t

)T
, where x̂

(k)
t|t is

the state estimate of filter k at time step t, and µ
(k)
t is the

probability of filter k being active.
2) Filtering step: Each Kalman filter is executed sepa-

rately using the mixed estimate x̄
(k)
t−1|t−1 and P̄

(k)
t−1|t−1 to

initialize filter k.



3) Probability update step: The filters innovation residu-
als are used to update the filters model probabilities,

L
(k)
t =

exp
(
− 1

2

(
ỹ
(k)
t

)T (
S

(k)
t

)−1
ỹ
(k)
t

)
∣∣∣2πS(k)

t

∣∣∣0.5 (17e)

µ
(k)
t =

c(k)L
(k)
t∑M

i=1 c
(i)L

(i)
t

(17f)

with the likelihood L
(k)
t and the model probability µ

(k)
t .

4) Combination step: Lastly, the filters’ state estimates are
combined as a weighted sum using the model probabilities,

x̂t|t =

M∑
k=1

µ
(k)
t x̂

(k)
t|t (17g)

P t|t =

M∑
k=1

µ
(k)
t

(
P

(k)
t|t +

(
x̂t|t − x̂

(k)
t|t

)(
x̂t|t − x̂

(k)
t|t

)T)
,

(17h)

which is the minimum mean-square estimate of the IMM-
KF. Hence, this provides the estimated external force x̂t|t

and the probability µ
(k)
t of each contact mode being active.

IV. COLLISION-AWARE MOTION CONTROL

Although the design of contact-aware motion control
algorithms remains an active field [27], we demonstrate
the advantages of accurate collision detection and external
force estimation by integrating this information into a widely
adopted locomotion control framework [1]. The collision-
aware adjustments include a reflex motion design, a swing
leg Admittance Control (AC) law, and an MPC with external
force feedback.

A. Reflex Motion Design

Upon detecting a collision on one leg, a reflex motion
is triggered. If the swing foot is in the first half of its
swing duration, as determined by the gait scheduler, the
original step height is increased by a fixed amount above
the current foot height at the moment of collision. In our
validations we use 10 cm increase of the foot height, but
this can be practically adjusted as needed. The desired
swing foot trajectories in the forward (x) and lateral (y)
directions remain almost unchanged and only follow a newly
interpolated trajectory towards the original foothold to further
evaluate the swing leg AC, which is discussed next.

B. Swing Leg Admittance Control

We deploy an AC scheme to react to the external force,

r̈ = M−1
a (f̂ext −Da(ṙ − ṙd)−Ka(r − rd)) + r̈d, (18)

where the scalars r and rd are the current and desired foot
positions in the x or y direction. The estimated external
force f̂ext is applied only after the collision event is detected.
The parameters Ma, Da, and Ka are the virtual mass,
damping coefficient, and stiffness coefficient, which can
be tuned based on the practical system. Compared to a

Fig. 2. Gazebo simulation environment for collision tests.

traditional operational space control (OSC) used in [1], [23],
the inclusion of estimated external forces enables a compliant
reaction to unexpected collisions, minimizing the impact
force while compromising the original reference trajectory
tracking error.

C. MPC with External Force Feedback

In this work, we use a convex PC [1] based on a single
rigid body model. Unlike the original MPC implementation
in [1], when a collision is detected, we incorporate the
estimated external force applied to the swing leg into the
dynamics of the single rigid body model. This allows the
MPC to account for disturbances caused by unexpected col-
lisions, thereby enhancing the robot’s balancing capabilities.

V. RESULTS

We verify the proposed approach through both simulation
and hardware experiments on a quadrupedal robot Unitree
A1. The essential kinematic and dynamic terms are effi-
ciently calculated using Pinocchio [28].

A. Estimator Setup

Table I shows the estimator parameters for our method.
The transition probability matrix (TPM) π is chosen as:

π =

 π1
1−π1

2
1−π1

2
1− π2 π2 0
1− π3 0 π3


where π1 = π2 = π3 = 0.8. This design is based on the
observation that collision and stance modes typically do not
transition directly from one to the other during movement.

TABLE I
ESTIMATOR PARAMETER SETUP

Af ωp ωf vp vf

-0.01 0.0001 10.0 0.0001 0.001 / 200

B. Gazebo Simulation and Benchmark

Since the ground truth force measurements are absent on
hardware, we first perform extensive studies in a Gazebo
simulation engine. We establish an environment as shown in
Fig. 2, where a set of rigid blocks are placed in front of the
robot moving direction. The robot is commanded to trot at
a speed of 0.5m/s. We compare the following methods:



Fig. 3. The likelihoods of different contact modes estimated by the IMM-
MBKO. The collision likelihood starts ramping up when a collision happens
at around 0.11s.

• FO-MBO: first-order momentum-based observer
(MBO) [13].

• MBKO: momentum-based Kalman observer (MBKO)
through a combination of Kalman filter and disturbance
observer [22].

• PM-MBKO: pseudo measurements (14) MBKO using
a single Kalman filter.

• IMM-MBKO: our proposed IMM-KF based MBKO.
For the methods we compare with, since the likelihood
of different contact modes is not explicitly computed, we
use a similar logic as in Fig. 1 to determine the contact
mode based on the estimated force distribution. Thresholds
and estimator parameters are separately tuned to achieve
best possible performance. We exclude comparisons with
other heuristics-based approaches that require inputs from
a planner or controller, as these are dependent on specific
controller designs and extensive tuning.

Table II presents the collision-detection results after 89
test collisions, including the number of successful detec-
tions, detection delay, and instances of false detection (false
positives for early detections and false negatives for missed
detections). To further evaluate the quality of the estimated
external forces, we include additional metrics: the absolute
error in the magnitude of the collision force, as well as
the swing and post-collision force Root Mean Square Error
(RMSE) compared to the ground truth data. Following the
approach in [18], we determine the absolute error

e =

∣∣∣∣(∥F̂ ∗∥
∥F ∗∥

− 1

)
·100%

∣∣∣∣ (19)

to reflect the magnitude of estimated forces during collisions
across all directions. These metrics including (19) provide a
comprehensive analysis of the accuracy of force estimation

Fig. 4. Estimated forces in x (upper) and z (lower) directions.

TABLE II
OBSERVER BENCHMARK RESULTS

FO-MBO MBKO PM-MBKO IMM-MBKO
Success/Total 74/89 84/89 84/89 85/89
False positive 69 4 10 1
False negative 9 5 4 4

Delay (ms) 15.08 13.44 24.34 14.79
Abs error (%) 58.96 45.69 31.54 33.09

Swing RMSE (N) 16.77 17.25 .56 4.46
Post-collision

RMSE (N) 15.33 11.21 25.15 12.43

before, during, and after collision events.
IMM-MBKO outperforms the other methods in most met-

rics. Metrics such as the magnitude of collision force error,
detection delay, and post-collision RMSE are also compa-
rable to the best-performing approach. This demonstrates
that IMM-MBKO combines the benefits of using pseudo-
measurements for improved force estimation accuracy and
IMM-KF for distinguishing between contact modes.

Using a specific collision as a demonstration, Fig. 3
illustrates how the likelihoods for different contact modes
change when a collision occurs around 0.11 seconds. Fig. 4
shows the corresponding changes in the estimated forces
on the x and z axes during the same time period. The
IMM-MBKO shows a better match with the ground-truth
force profile expanding the swing → collision → swing
phases. It is worth noting that the PM-MBKO produces
large estimated forces after the collision, primarily due to
the high acceleration from the reflex motion. By using IMM-



Fig. 5. Desired foot accelerations in the x direction for AC (red) and OSC
(blue) before and after the reflex motion (black) is triggered.

TABLE III
SWING LEG CONTROL SCHEMES COMPARISONS

OSC + MPC w/o f̂ext AC + MPC w/ f̂ext
Total Collisions 61 71

Average Duration (s) 0.052 0.036
Velocity RMSE (m/s) 0.090 0.072
Average Impulse (Ns) 2.134 1.15

KF, the IMM-MBKO significantly reduces this inaccuracy by
explicitly distinguishing between different contact modes.

To demonstrate the proposed AC for the swing leg, Fig. 5
shows both how the AC and OSC modify the reference foot
acceleration after a collision. The AC intentionally reacts to
the estimated collision force by pulling the foot backward to
reduce the impulse, while the OSC simply follows the newly
interpolated trajectory. Table III presents a benchmark in the
same simulation environment, comparing the performance of
OSC with the original MPC in [1] versus the proposed AC
with MPC incorporating estimated force feedback. The re-
sults indicate significant reductions in base velocity tracking
RMSE, average collision duration, and impulse.

C. Hardware Experiments

To further validate the proposed algorithm on hardware,
we tested the collision detection and reflex motion in a real-
world scenario where a heavy table was placed in front of
the robot. The table leg posed a potential tripping hazard that
could cause damage. The step height was intentionally set
lower than the table leg to verify the collision detection. The
robot was operated at speeds ranging from 0.3–0.45m/s, with
tests conducted for both forward and backward walking. The
full performance can be viewed in the attached video.

Fig. 6 shows the hardware setup, with the front left foot
performing the reflex motion, along with the corresponding
contact likelihoods. Using a default low-resolution pressure
sensor, we thresholded the sensor readings to mark the
contact states. It was observed that the force sensor struggled
to distinguish between collision and stance modes. In con-
trast, the IMM-MBKO promptly detected the collision and
informed the controller, preventing the robot from tipping
over.

Collision Swing Stance

Fig. 6. The likelihoods of each contact mode given by IMM-MBKO, along
with the snapshots of the robot performing a reflex motion at different stages.

D. Computational Time

The IMM-MBKO for a single leg takes an average of
1.8ms, while the four-leg version takes 5.0ms, in a nonopti-
mized Python implementation, without any optimization for
distributed implementation. The controller and estimators run
on a computer equipped with an AMD 5950X processor.

VI. CONCLUSION

This work presented a novel approach using an IMM-
KF to simultaneously estimate external forces and contact
modes, for enhanced robot collision detection and motion
response. By integrating generalized momentum dynamics
and external force estimation with pseudo measurements, the
method provides reliable feedback for an AC and a force-
adaptive MPC. The effectiveness is demonstrated through
extensive simulations and hardware validations, highlighting
its potential for robust, sensor-limited locomotion.

Several limitations were also identified in this study. First,
the estimator may experience delays if the TPM is not
properly tuned. Additionally, some rough prior knowledge of
terrain shape is required to define the mode-dependent mea-
surement models. Future work will focus on incorporating
additional kinematic data, such as foot velocity, to further
reduce detection delays. This information can be directly
integrated into the TPM design. Moreover, integrating the
proposed proprioceptive estimation approach with perceptive
information could enhance accuracy. Lastly, the assumption



of negligible effects on the floating base may limit the
potential for more agile motions, which warrants further
investigation.
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