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Abstract— Accurate contact state estimation is fundamental
to achieving stable locomotion in legged robots. Force sensors
are notoriously unreliable and prone to performance degrada-
tion over time, and traditional heuristic approaches frequently
fail on slippery or unstructured terrain. Disturbance observer-
based methods have demonstrated promising performance in
contact state estimation; however, they often depend on exten-
sive empirical tuning. The interacting multiple model Kalman
filter has emerged as a powerful framework for representing
robot motion as a switched system of contact modes, yet
existing implementations typically assume a constant transition
probability matrix. This paper introduces a novel probabilistic
contact estimation framework for a quadrupedal leg based
on an interacting multiple model Kalman filter with a newly
designed time-varying transition probability matrix. In contrast
to static formulations, the proposed matrix adapts dynami-
cally according to real-time kinematic information and gait
phase progression, thereby enabling more responsive transitions
among swing, stance, and collision modes. In addition, a terrain
uncertainty parameter has been included, which can be tuned
to enhance performance in unstructured terrains. Simulation
and hardware experiments validate the proposed approach and
demonstrate that the method reduces detection latency while
improving the robustness of contact state identification relative
to traditional baselines. The proposed method has been fully
implemented and is available online1.

I. INTRODUCTION

Accurate contact state estimation is a prerequisite to the
agile and stable locomotion of quadrupedal robots. The
detection of swing, stance, and collision has direct impli-
cations for state estimation, control and foothold adaptation
[1]. Errors in contact detection cascade through the control
hierarchy, causing imbalance, foot slippage, or loss of sta-
bility [2]. Contact estimation, therefore, forms the basis of
locomotion [3].

Although direct sensing using force or tactile sensors
presents a trivial solution, such hardware is impractical
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in legged platforms. Force sensors are unreliable and suf-
fer from drifting, mechanical deterioration, temperature in-
terference, and structural flexibility [4]–[6], all of which
compound into decreasing measurement fidelity over time.
Finally, dedicated force sensors at the foot are costlier,
require more wiring, and present more critical failure points
[7]. These limitations necessitate the development of propri-
oceptive and model-based estimation techniques to detect the
external force and contact states without dedicated hardware
[8].

Within this context, the Generalized Momentum-based
disturbance Observer (GMO) offers a theoretically grounded
approach to estimating the external force based solely on
joint position, velocity and torque data [9]. Thresholds on
these estimated forces can then be used to detect contact
[10]–[12]. For example, in [13], the authors use a discrimini-
tive logit model to calculate the probabilty of contact given
an estimated force. However, the generated force estimate
using this method is very susceptible to noise and inac-
curacies in the robot’s model. To address these challenges,
first-order continuous-time [9] and discrete-time [14] filters
have been proposed. Probabilistic approaches have also been
investigated; for instance, [15] employs a Kalman filter that
augments the state with a simple dynamic model of the
external force. Additionally, approximate inverse-dynamics
forces have been utilized to estimate whether a foothold is
sufficiently stable for reliable state estimation [13]. However,
all of these methods result in a non-zero force estimate
during the swing phase, which can cause unwanted mode
switching [16]. In addition, a single linear model cannot cap-
ture the swing, stance, and collision modes simultaneously
when the contact transitions are abrupt.

The Interacting Multiple-Model Kalman Filter (IMM-
KF) provides a structured formulation to overcome the
aforementioned limitation by using switched linear system
with discrete mode to represent locomotion [17]. Modes
correspond to an explicit contact hypothesis, and there are
a number of Kalman filters running in parallel, weighted
by the mode probabilities provided by a Markov chain.
The modes are mixed probabilistically and updated using a
likelihood argument to enable simultaneous force estimation
and mode detection under the IMM framework [18]. Equally,
the implemented solutions have typically assumed a constant
transition probability matrix (TPM).

The strength of the IMM framework is its modularity
and probabilistic interpretability. The transition probability
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matrix can, in principle, consider other sources of infor-
mation apart from the proprioceptive signals. For example,
exteroceptive sensors, gait schedulers or terrain classifiers
may be incorporated into the transition probability matrix in
a context-aware manner. The additional information could be
embedded into a time-varying transition probability matrix
so that the estimator can anticipate valid intermittent mode
switches and inhibit unlikely mode switches altogether. Thus,
the flexibility of IMM formulation is suited for legged
systems under uncertainty and changing environments.

Based on this, the present work takes on a simplified yet
effective approach to further improve transition modeling.
Instead of manually tuning constant probabilities, a more
effective approach to transition modeling is employed here,
based on the progression of gait phases and easily accessible
kinematic clues. Basically, kinematic information and the
estimation of force are both included in constructing the
transition probability matrix. This enables a principled modi-
fication that benefits detection latency and mode consistency
without losing computational tractability.

The rest of the paper is organized as follows: Sec. II
introduces the necessary mathematical prerequisites. Sec. III
presents the proposed approach based on IMM-KF. Sec. IV
shows the simulation results, along with experimental imple-
mentation results on an actual robot leg. Finally, Sec. V con-
cludes the paper and highlights potential future directions.

II. PRELIMINARIES

This section provides an overview of GMO, KF and IMM-
KF.

A. Generalized Momentum-based Disturbance Observer

The equations of motion of a robot leg with n joints, under
an external force are

M(q)q̈ + C (q, q̇) q̇ +G (q) = τ + J⊤Fext, (1)

where q ∈ Rn is the joint angles, M(q) ∈ Rn×n is the
generalized mass matrix, C(q, q̇)q̇ ∈ Rn is the term due to
Coriolis and centrifugal forces, G(q) ∈ Rn is the term due
to gravity, τ ∈ Rn is the vector of joint torques, J ∈ R3×n

and Fext is the external force on the foot.
The Generalized Momentum (GM) is defined as

p = M(q)q̇. (2)

Using the skew-symmetry property of the robot, the dynam-
ics of the GM can be calculated as

Ṁ(q) = C (q, q̇) + C⊤ (q, q̇) . (3)

The dynamics of the GM can be formed as

ṗ = C⊤ (q, q̇) q̇ −G (q) + τ + J⊤Fext. (4)

B. Linear Kalman Filter

A linear Kalman filter is a recursive state estimator based
on minimizing the Mean Square Error (MSE) for a dynamical
system in the form

xk+1 = Akxk +Bkuk + wk (5)
yk = Ckxk + vk, (6)

where xk ∈ Rn is the vector of system states at sample k,
uk is the control input to the system, wk ∼ N (0, Qk) is the
process noise, and vk ∼ N (0, Rk) is the measurement noise.

The estimation is composed of two steps:

• Prediction:
In this step, the estimation of the states is updated using
only the knowledge of the dynamics.

x̂−
k = Ak−1x̂

+
k−1 +Bk−1uk−1, (7)

P−
k = Ak−1P

+
k−1A

⊤
k−1 +Qk−1, (8)

where x̂−
k ∈ Rn denotes the a priori estimation of the

states at sample k, and P−
k denotes the a priori matrix

of covariance of estimation.
• Update: After the sensor measures the output, an update

step is executed.

ỹk = yk − Cx̂−
k , (9)

Sk = CkP
−
k C⊤

k +Rk, (10)

Kk = P−
k C⊤

k S−1
k , (11)

x̂+
k = x̂−

k +Kkỹk, (12)

P+
k = (I −KkCk)P

−
k , (13)

C. Interacting Multiple-Model Kalman Filter

A robotic leg can have different modes: it can be in swing,
in stance or in collision with the environment. This encour-
ages the use of IMM-KF to estimate the mode simultaneously
with the force.

Consider a system with M linear modes. For mode i, the
dynamics are

x
(i)
k = A(i)x

(i)
k−1 +B(i)uk−1 + w

(i)
k , (14)

y
(i)
k = C(i)x

(i)
k + v

(i)
k . (15)

The mode mk ∈ {1, . . . ,M} evolves according to a Markov
chain with transition probabilities

πij = Pr(mk = j | mk−1 = i). (16)

Let µ
(i)
k−1 denote the mode probability at time k − 1, and

(x̂
(i)
k−1, P

(i)
k−1) the corresponding state estimate and covari-

ance.

• Interaction Step:



In this step, for each mode j, the following is calculated:

µ̄
(j)
k−1 =

M∑
i=1

πij µ
(i)
k−1, (17)

µ
(i|j)
k−1 =

πij µ
(i)
k−1

µ̄
(j)
k−1

, (18)

x̄
(j)
k−1 =

M∑
i=1

µ
(i|j)
k−1 x̂

+(i)
k−1 , (19)

P̄
(j)
k−1 =

M∑
i=1

µ
(i|j)
k−1

[
P

+(i)
k−1 + X̂

(i,j)
k−1

]
, (20)

where X̂
(i,j)
k−1 = (x̄

(i)
k−1 − x̂

+(j)
k−1 )(x̄

(i)
k−1 − x̂

+(j)
k−1 )

⊤.
• Mode-Conditioned Filtering:

For each mode j, a standard Kalman filter is initialized
with x̄

(i)
k−1 and P

+(i)
k−1 ; one prediction and one update

step is performed and S
(j)
k , ỹ(j)k , x̂+(j)

k and P
+(j)
k are

calculated.
• Mode Probability Update:

The likelihood of mode j is

Λ
(j)
k = N

(
ỹ
(j)
k ; 0, S

(j)
k

)
. (21)

The updated mode probability is

µ
(j)
k =

Λ
(j)
k µ̄

(j)
k−1∑M

ℓ=1 Λ
(ℓ)
k µ̄

(ℓ)
k−1

. (22)

• Combination:
The overall state estimate and covariance are then
obtained by

x̂+
k =

M∑
j=1

µ
(j)
k x̂

+(j)
k , (23)

P+
k =

M∑
j=1

µ
(j)
k

[
P

+(j)
k + Γ

(j)
k

]
, (24)

with Γ
(j)
k = (x̂

+(j)
k − x̂+

k )(x̂
+(j)
k − x̂+

k )
⊤.

III. FORCE ESTIMATION AND MODE DETECTION

One way to estimate the external force is to use the gen-
eralized momentum introduced in Sec. II. The generalized
momentum can be constructed by (2) using the measure-
ments of the joint angles and velocities. The only unknown
in the right-hand side of (4) is the external force Fext, which
can then be estimated; however, due to the inherent noise in
measuring the joint angles, and especially the joint velocities,
the estimation of force is very noisy.

A. Filtered Force Estimation Methods

To handle the large noise in the estimated force, a hand-
ful of solutions have been proposed. In [9], a first-order
continuous-time filter was used in the form

τ̂c = λp− λ

s+ λ

(
λp+ τ + C⊤q̇ −G

)
, (25)

where the subscript c denotes continuous-time domain. In
[14], the authors proposed a discrete-time equivalent to (25),
by calibrating the coefficients to be consistent with the
inevitably discrete-time implementation of the algorithm:

τ̂d = βp− 1− γ

1− γz−1

(
βp+ τ + C⊤q̇ −G

)
. (26)

Another approach to getting a smoother estimation of the
external force is to use a Kalman filter. In [15], the following
linear system was formed:[

ṗ

Ḟext

]
=

[
0 J⊤

0 AF

] [
p

Fext

]
+

[
I
0

]
u+

[
wp

wF

]
, (27)

p = Mq̇ + wm. (28)

where u = C⊤ (q, q̇) q̇ −G (q) + τ , and a simple first-order
dynamic is assumed for the force. Then a linear Kalman filter
was used to estimate the external force. In each sample, the
momentum is reconstructed using the measurements of joint
angles and angular velocities. wp accounts for the deviations
from the rigid body assumptions and inaccuracies in the robot
parameters, and wF represents the uncertainty associated
with the first-order dynamics assumed for the force.

The above methods all estimate a non-zero force when
the foot is in the air, which is not ideal, because it can lead
to false contact detection. Due to the limitations discussed
in Sec. I, detecting contact and thus mode, by applying a
threshold on the estimated external force is not ideal. To deal
with this, in [18], an IMM was proposed to simultaneously
estimate force and detect collisions, but the authors used a
constant TPM. In this work, we propose a method to use the
kinematics and force estimation information

B. Proposed Method

To address the limitations discussed above, we employ
an IMM-based framework to simultaneously estimate the
external force and detect the contact mode. The estimator
considers three modes: swing, stance, and collision. Follow-
ing the formulation used in previous momentum-based force
estimators, a selection multiplier S is used in the system
dynamics to account for the presence or absence of contact
forces. The resulting model is written as

[
ṗ

Ḟext

]
=

[
0 SJ⊤

0 AF

] [
p

Fext

]
+

[
I
0

]
u+

[
wp

wF

]
(29)

where S = 0 for the swing mode, and S = I for the
stance and collision modes. For better distinction between
different contact modes, a pseudo-force measurement is
used in addition to the generalized momentum measurement.
When the foot is in contact and assuming no slip, the contact
constraint is

Jq̈ + J̇ q̇ = 0, (30)

from which the pseudo-measurement can be constructed as

Fpf = −
(
JM−1J⊤)† (JM−1τ + J̇ q̇

)
+ wpf. (31)



The covariance of this measurement, wpf, is set to a large
value if the estimated force lies within the current mode’s
friction cone, or a small value otherwise. Stance and collision
modes are differentiated based on their friction cones: the
stance friction cone is aligned with the vertical axis normal
to the ground, whereas the collision friction cone is aligned
with the horizontal axis.

Instead of relying on heuristics or manual tuning to find
the appropriate TPM, we propose a new method to update the
elements of TPM based on the current mode, swing phase
and force estimation. In addition, a tuning parameter 0 ≤
α ≤ 1 is proposed, which represents the uncertainty about
the terrain. In an indoor or laboratory environment, α can
be set close to zero, and in outdoors environments, α can be
set closer to one.

The TPM is the matrix in which the transition probabilities
πij are defined to be used in (16). The proposed TPM is
defined as:

Π =

 πswing
1−πswing

2
1−πswing

2
1− πstance πstance 0
1− πcollision 0 πcollision

 , (32)

in which the following diagonal entries are used

πswing = 0.45

(
erf(

ϕs − µ0

σ
√
2

) + erf(
µ1 − ϕs

σ
√
2

)

)
, (33)

πstance = 0.5 +
0.45

1 + e
−fz

3(α+1)
+4

, (34)

πcollision = 0.5 +
0.45

1 + e
−fx

3(α+1)
+4

, (35)

where σ = 0.13 + 0.5α controls the spread of the swing-
phase probability, ϕs denotes the swing phase, and µ0 and
µ1 denote the start (0) and end (1) of the swing phase,
respectively. The function erf(·) is the Gauss error function,
defined as

erf(x) =
2√
π

∫ x

0

e−t2 dt. (36)

For the swing mode, more probability is given to switching
to another mode if it is near the beginning or the end of
the swing. This basically means that in the middle of the
swing phase, when the foot is higher in the air, there is less
chance of colliding with an obstacle or going into stance
mode. For the stance and collision modes, the estimated force
appears in the TPM. The larger the estimated force, the less
chance that the foot will transition to swing phase right in
the next sample. Increasing α reduces πswing in the swing
phase and decreases πstance and πcollision for a given force.
Consequently, larger values of α make the estimator more
responsive to mode transitions when terrain information is
unreliable, while smaller α values lead to more conservative
switching and stronger reliance on terrain information.

IV. RESULTS

To show the efficacy of the proposed approach, we test the
method in both simulation and on a self-developed single
robot leg on a test stand. The robot has two degrees of
freedom in the hip and the knee. The thigh and the shank

Fig. 2. Isaac Sim environment used for simulation experiments.

links are 21.3 cm and 23.0 cm and they weigh 0.8 kg and
0.2 kg, respectively.

It is worth noting that during collision, the external force
has negligible effects on the trunk and other legs of a
quadrupedal robot [18]; therefore a quadrupedal leg acts like
a single leg as well.

A. Simulation Results

The resulting external force estimations are shown in
Fig. 1.
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Fig. 1. Estimation of external force using different methods in Isaac
Sim environment. Blue and green regions show swing and stance mode,
respectively.

Simulations were conducted in the Isaac Sim environment,
illustrated in Fig. 2. These simulations serve two purposes:
to validate that our implementation closely estimates the true
external force provided by the simulator, and to compare our
proposed method with other approaches, which are intro-
duced in the next subsection. As can be seen, the proposed
method exhibits smaller fluctuations during the swing phase
when estimating the external force.

B. Experimental Results

The proposed method was also tested on an actual robot
leg. A pneumatic pressure sensor was used as ground truth

TABLE I
PERFORMANCE COMPARISON OF MODELS

Method Swing RMSE (N) Delay (ms)

GM Continuous 1.99 13.87
GM Discrete 1.99 13.25
GM Kalman 2.07 27.00
IMM Constant TPM 0.27 23.12
Proposed 0.39 10.25



Fig. 3. Real Experiment Setup.
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Fig. 4. Estimation of external force using different methods. Blue and
green regions show swing and stance mode, respectively.

for validating the force estimations. All computations were
done on a desktop PC with a Core i5-14400F CPU and an
Nvidia GeForce RTX 3080 graphics card. The setup is shown
in Fig. 3.

Two sets of experiments were conducted. In the first set,
the leg started in stance mode, followed a swing trajectory
generated by a Bézier curve, and returned to stance mode.
The resulting estimated forces and mode probabilities are
shown in Fig. 4 and Fig. 5, respectively. Shaded regions in-
dicate swing and stance phases in blue and green, determined
using a 10 N threshold on the force measured by the sensor.
A summary of the results after 29 gait cycles is also presented
in Table I. Fig. 6 additionally shows how the diagonal entries
of the TPM change with different values of α. The proposed
method was compared with four other approaches:

• GM Continuous, from [9],
• GM Discrete, from [14],
• GM Kalman, from [15],
• IMM Constant TPM, from [18],

In the second set of experiments, a soft obstacle was
placed in the middle of the swing phase to evaluate the
effect of the parameter α (see Fig. 3). The proposed method
was tested with different α values, and the resulting mode
probabilities and estimated force are shown in Fig. 7 and
Fig. 8, respectively.
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Fig. 5. Probability of different modes. Blue and green regions show swing
and stance mode, respectively.
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Fig. 6. Diagonal entries of the TPM for two values of α. Blue and green
regions show swing and stance mode, respectively.
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Fig. 7. Probability of different modes with different values of α.

C. Discussion

In the first set of experiments, Table I shows that methods
not using the selection multiplier exhibit non-zero force esti-
mates during the swing phase, which can lead to false contact
detections. In contrast, the proposed method outperforms the
approach with a constant TPM, as it leverages additional
kinematic and dynamic information to improve contact de-
tection and, consequently, force estimation accuracy.

The effect of the terrain uncertainty parameter α was also
investigated. Smaller values of α (e.g., α ≈ 0) indicate high
confidence in terrain information, resulting in smoother force
estimates during swing and timely detection of stance phases,
but potentially delayed collision detection. Larger values of α
(e.g., α ≈ 1) correspond to higher terrain uncertainty, which
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Fig. 8. Estimation of external force with variable α.

accelerates collision detection but increases fluctuations in
the estimated force.

The second set of experiments, designed to evaluate the
influence of α, highlights how this parameter affects collision
detection. As shown in Fig. 7, with α = 0 the estimator
treats the soft obstacle as non-colliding, whereas with α = 1
it registers a collision. This indicates that, depending on the
environment in which the robot operates, α can be set to
ensure appropriate sensitivity: for instance, in outdoor areas
with soft obstacles such as grass or mud, a lower α can
prevent unnecessary collision detection, while in more rigid
environments, a higher α ensures timely detection of signif-
icant impacts. Moreover, as illustrated in Fig. 8, increasing
α makes the estimator more sensitive and responsive in
force estimation, allowing it to detect and estimate contact
forces earlier compared with lower α values. However,
this increased sensitivity also leads to the identification of
collisions in situations where softer contacts occur.

V. CONCLUSION

This paper presented a probabilistic approach to the esti-
mation of external forces and the determination of contact
modes of a quadruped robot. To this end, an interacting
multiple model Kalman filter with a time-varying transition
probability matrix was used. Contrary to the conventional ap-
proach to the implementation of the IMM-KF, in which con-
stant transition probabilities are used, the proposed approach
utilizes the gait phase and the information obtained from
the estimation of the forces. A terrain uncertainty parameter,
α, was also introduced, allowing the estimator to adjust its
responsiveness according to the environment. In particular,
α can be adapted in outdoor or soft terrain conditions to pre-
vent unwanted collision or stance detections. The proposed
method was tested on a real robot and a comparison with
the conventional approaches to the estimation of external
forces and the determination of the contact modes has been
carried out. It has been shown that the proposed approach
yields better results in the estimation of the external forces
while maintaining the quality of the transitions between the
contact modes. Future work will explore the integration of
exteroceptive sensing, such as vision or terrain classification,
directly into the transition modeling process. In addition,
adaptive strategies for online tuning of the terrain uncertainty

parameter will be investigated to further enhance robustness
in highly dynamic environments.
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