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Abstract— Planning under uncertainty is a frequently en-
countered problem. Noisy observation is a typical situation
that introduces uncertainty. Such a problem can be formulated
as a Partially Observable Markov Decision Process (POMDP).
However, solving a POMDP is nontrivial and can be computa-
tionally expensive in continuous state, action, observation and
latent state space. Through this work, we consider a restricted
POMDP problem, where we alleviate the dependency of the
latent state on the controllable action. Our proposed approach
involves using an Extended Kalman Filter (EKF) for latent state
estimation and a Particle Filter for goal estimation in conjunc-
tion with an iterative Linear Quadratic Regulator (iLQR) to
find an optimal trajectory that minimizes the cumulative model
cost. As a means to evaluate the feasibility and optimality of our
solution, we compare this approach against the naive strategy
of planning to only the goal rolled out from the immediate
observation made by the agent.

I. INTRODUCTION

Uncertainty is a frequently encountered and, at most of
the time, an inevitable problem especially in robotic planning
tasks, which can be formulated as a Partially Observable
Markov Decision Process. we consider a restricted POMDP
problem in continuous state, action, observation and latent
state space, where we alleviate the dependency of the latent
state on the controllable action. Though this simplification
assumption reduce the complexity of the problem, it is still
highly nontrivial. The continuity of the problem space, the
uncertainty in observation and the highly nonlinear dynamics
jointly complicate the problem, making it intractable with
traditionally search-based planners. So we proposed solving
this problem with an Extended Kalman Filter for latent
state estimation and a Particle Filter for goal estimation in
conjunction with an iLQR solver to find an optimal trajectory
towards the best estimate of the goal.

We demonstrate our proposed approach in a toy problem
against the naive strategy of planning to only the goal rolled
out from the immediate observation made by the agent, where
the objective is plan an optimal action sequence for a robot
with an arm to catch a balloon that flies in a chaotic trajectory.
The problem involves a 4-DOF robot (with a 2-DOF mobile
base and a 2-DOF manipulator mounted on the base) and a
flying balloon. However, the sensors on the robot are noisy,
and hence, the robot cannot observe the ground-truth state of
the balloon. Instead, the robot may acquire noisy observation
of the balloon. We also assume that the state of the robot
is fully observable. As is in most cases, the control input
to the robot will be the joint and the base accelerations,

which thus results in a continuous dynamical system of the
robot. We formally formulated the aforementioned problem
in the POMDP framework. Since the state and action of the
robot does not affect the balloon dynamics, the problem is a
simplified (restricted) POMDP. Furthermore, we assume that
the robot has prior knowledge of the dynamics of the balloon.
And this assumption is valid, because in practice the dynamics
of a balloon can be learned through prior observations in a
self-supervised manner.

II. RELATED WORK

People have been investigating the problem of planning
under uncertainty for many decades. The witness algorithm
mentioned in [1] proposes to prune t-step policy trees by
considering dominance relationships. It provides a lucid
explanation of the formulation of Belief MDPs from the
POMDPs and provides a Q-function formulation to prune
the t-step trees. Another work in this area is the Point Based
Value Iteration (PBVI) algorithm [2], which introduces an
approximated solution to Belief-Markov Decision Process
(Belief MDP). PBVI interleaves the value backup iterations
(similar to Real Time Dynamic Programming) with the
expansion of the belief set. Hence, at each step the the convex
hull corresponding to the optimal policy is approximated with
a set of belief points and the value associated with them.

III. PROBLEM FORMULATION

We consider the problem of restricted partially observable
Markov decision process (POMDP), with a simplification
assumption that the latent state z ∈ RZ does not depend on
the controllable action u ∈ RU or the fully observable state
x ∈ RX . It therefore infers the latent state is also independent
from the dynamics f involving the fully observable state and
the controllable action. In our formulation of the problem, the
the dynamical system consists of two independent dynamics,
the agent dynamics f and the environmental dynamics g.

x(t+1) = f
(

x(t),u(t)
)

z(t+1) = g
(

z(t)
∣∣∣φ)

where the latent state transition depends on the environ-
mental prior φ. The agent has no access to the latent state,
but it may infer (estimate) the latent state through observation
o ∈ RO.

o(t) ∼ O
(
o
∣∣∣z(t),x(t)

)
.
= P

(
o
∣∣∣z(t),x(t)

)



where O is the observation model that gives the probability
distribution of the immediate observation o conditioned on the
latent state z and the fully observable state x. The objective
is to find an optimal control sequence U∗ that minimizes the
cumulative model cost J .

J(U) =

T−1∑
t=0

L
(
x(t),u(t)

∣∣∣z(t),M)+ Lf

(
z(T),x(T)

∣∣∣M)
U∗ = arg min

U
J(U)

where U =
{
u(t)

}T−1

t=0
is the sequence of control through-

out the planning horizon T , M is the given environmental
information, and L and Lf are respectively the running loss
and the final loss.

IV. METHOD

In order to solve the problem, there are several fundamental
aspects to concern. Firstly, due to the uncertainty of the
latent state, the variables in the problem domain are not fully
observable. In order to maintain a best estimate ẑ(t) along with
uncertainty Σ̂(t) of the latent state z(t) at any time t from the
observation history O =

{
o(t)
}T−1

t=0
, we adopt the Extended

Kalman Filter [3], due to the highly nonlinear dynamics of
the environment. Secondly, the both the fully observable state
and the latent state are not stationary, so it is necessary to
forward simulate the dynamics in order to find the goal state.
In the case where the cumulative model cost J does not
depends on the intermediate latent states but the final one
z(T ), we use a forward particle filter [4] to simulate the best
estimate ẑ latent state forward up till time T , to estimate the
goal state ẑ(T ) ∼ PF

(
z
∣∣∣g, ẑ(t), Σ̂(t), T

)
. Such an approach

becomes feasible since we assume that the environmental
dynamics g does not depends on the controllable action u or
the fully observable state x. Jointly, the two steps mentioned
above resemble a forward simulating version of the Unscented
Kalman Filter (UKF) [5]. Finally, we employ an iLQR solver
[6] to plan towards the goal state.

V. EXPERIMENT

In our experiment, we apply our proposed approach to
the balloon catching problem in 2D (see: Appendix I), as
shown in figure 4. The holonomic robot with a 2-DOF
manipulator makes an 8-dimensional fully observable state x
(of position and velocity), that is deterministically controllable
(by mobile base and joint accelerations) by the control input
u. Whereas the state of the balloon (of position and velocity)
is not directly observable, which is the latent state z in
our framework. And we assume that the observation of the
balloon state lies in the same space as the latent state, but
with uncertainty that conforms to a Gaussian distribution
o(t) ∼ N

(
z(t),Σ

(
x(t), z(t)

))
. The balloon is moving in

chaotic trajectories, which makes the environmental dynamics
highly nonlinear (see: Appendix II). We set up the running
loss L to avoid the obstacles while introducing the minimal

Fig. 1: A shot from the video clip, where the hollow square at
the end of the link represents the end-effector, the hollow circle
surrounding the balloon is the uncertainty scale, the black hollow
ring represents the instantaneous observation, the blue dot is the
estimated state of the balloon, and the green dot is the best estimate
of the goal.

energy, and the final loss Lf drives the end-effector of the
robot to reach the best estimate ẑ of the latent state.

L (ẑ,x,u|M) =

Nobs∑
obs=1

‖pR − pobs‖22 + λ ‖u‖22

Lf (ẑ,x,u|M) = ‖ẑ− FKE (x)‖22
where FKE (x) is the nonlinear forward kinematics of the

end-effector that maps the state of the robot to the state of the
end-effector, M is the map information, pR =

[
xR yR

]T
is the location of the robot base and pobs =

[
xobs yobs

]T
is

the location of the obstacle obs.
Table III summarizes the results of our experiment, where

we compare our approach (EKF+PF) against a naive strategy
baseline (without EKF/PF).

Ours (With EKF+PF) Baseline (Without EKF/PF)
ε̄ Succ’ Rate ε̄ Succ’ Rate
0.305 ± 0.262 80.00% 1.085 ± 0.231 0.00%

TABLE I: Summary Results

where ε̄ is average distance (in meters) between the end-
effector and balloon in the last time step. We observed an
80.00% success rate of catching the target with our solution
strategy, as compared to the naive strategy. We also observe
that the final cost (distance of the end-effector from the
balloon) is fairly low in both the naive strategy and our
strategy.

VI. CONCLUSION

As can be inferred from the experiment results, both the
average final distance error ε̄ and the success rate indicates
that the method (with EKF) we proposed outperformed the
baseline (without EKF). It suggests that our proposed method
by handling the uncertainty with Extended Kalman Filter
and particle filter performs better in the our POMDP set
up, compared to the naive strategy that assumes the instant
observation reflects the best estimate of the latent state.
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APPENDIX I
BALLOON CATCHING ENVIRONMENT

To test the proposed method, we consider solving the
problem of catching a moving target under partial observation,
such as a simulated flying balloon that move stochastically. In
the balloon catching environment, as shown below in Figure
2, the state and action spaces are continuous, and we consider
it as a discrete time system.

Fig. 2: An illustration of the balloon catching problem.

A. Robot Behavior

The state of the robot is deterministic, where we consider
the position of the mobile base of the robot and the joint
angles of the robot arm. Since we assume that the mobile base
can move holonomically, so it is not necessary to model the
orientation of the mobile base. As for the controllable action
of the robot, which includes the behaviors of the mobile base
and the robot arm, we assume that we can adjust the linear
acceleration of the mobile base and the angular acceleration
of the joints of the robot arm. It is a valid assumption that we
may directly control the acceleration, since in physical robotic
systems, we control the robots through electric voltage and
current, which eventually results in the change of acceleration.
If we assume a perfect model of how the change of electric
voltage and current will result in the change of acceleration,
we can then control the acceleration directly.

x =
[
xR yR θ1 θ2 ẋR ẏR θ̇1 θ̇2

]T
u =

[
ẍR ÿR θ̈1 θ̈2

]T
where xR and yR are the position of the robot mobile

base, θ1 and θ2 are the joint angles, ẋR, ẏR, θ̇1 and θ̇2

are the corresponding velocities, and ẍR, ÿR, θ̈1 and θ̈2 are
the corresponding accelerations. We also consider the state
transformation of the robot, including its arm, is a linear
transformation.

x(t+1) = Ax(t) + Bu(t)

More specifically,

A =



1 0 0 0 ∆t 0 0 0
0 1 0 0 0 ∆t 0 0
0 0 1 0 0 0 ∆t 0
0 0 0 1 0 0 0 ∆t
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1



B =



0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

∆t 0 0 0
0 ∆t 0 0
0 0 ∆t 0
0 0 0 ∆t


where ∆t is the time interval of a simulation step.

B. Balloon Behavior

The balloon moves in a deterministic manner following
some rules. In order to make the problem more realistic,
we also introduce the environmental prior, which is some
prior information about the environment that could affect
the behavior of the balloon. Formally, the balloon moves in
accord to a dynamic model conditioned on an environmental
prior.

z(t+1) = g
(
z(t)
∣∣∣φ)

where z =
[
xT yT ẋT ẏT

]T
is the state of the

balloon that is not directly observable to the robot, φ is
the environmental prior, and g(·) is the dynamic model of
the balloon. In order to simulate the behavior of the balloon,
i.e. defining g concretely, we consider the superposition of
multiple vector fields that simulates the wind along with a
damping mechanism to prevent the balloon from moving too
fast. These vector fields include: (1) a circular field, which
makes the balloon rotate about the center, (2) a centralization
field, which pulls the balloon towards the center, and (3)
multiple dispersion fields, which drive the balloon away
from the obstacles. Together, these fields determine the base
acceleration of the balloon at any location. The environmental
prior in this particular example is a scalar that is positively
related to the speed of the wind, or says, the strength of the
circular field. The damping mechanism is implemented by
introducing a friction that is positively related to the instant
velocity of the balloon. The detailed formulation of balloon
behavior can be found in Appendix II. And a base acceleration



(a) Base acceleration field.

(b) Example trajectory.

Fig. 3: Visualization of an example base acceleration field for the
balloon and an example balloon trajectory superposed on the base
acceleration field, where the center is (3.0, 3.0), there are 4 obstacles
in the center area, and the example balloon trajectory is generated
under φ = −1.0 from a randomly selected starting location.

field example and a balloon trajectory example are shown in
Figure 3.

Though the trajectory of the balloon is deterministic given
its starting state z(0) and the environment prior φ, the
ground-truth state of the balloon cannot be directly observed
by the robot. Instead, noisy observation of the balloon is
given to the robot according to some observation model, a
example of which can be one that introduces more noise
(higher uncertainty) when the robot is farther away from the
balloon. Additionally, the noisy environmental prior given
to the robot at the beginning, which will also introduce
uncertainty to the balloon state estimation. An intuition of
the environmental prior uncertainty is that the robot may
observe the environment property directly since the robot and
the target are in the same environment, but not exactly since
there is always noise in the observation. For instance, the
robot is able to feel the wind in the environment that will

also influence the balloon, but the robot is not able to feel
the exact wind speed without any observation error.

APPENDIX II
BALLOON BEHAVIOR FORMULATION

The balloon moves following a deterministic trajectory if
its initial state z(0) and the environmental prior φ is given.
In order to simulate the wind that is characterized by the
environmental prior φ and influences the trajectory of the
balloon, we consider a superposition of three different kinds
of fields, namely (1) a circular field that makes the balloon
rotate about the center, (2) a centralization field that pulls the
balloon towards the center, and (3) multiple dispersion fields
which drive the balloon away from the obstacles. As given
in the following, are concrete definitions of the unit circular
field, the unit centralization field, and the unit dispersion field,
assuming the origin (0, 0) as center.

Fcircular (x, y) =
1√

x2 + y2

[
0 −1
1 0

] [
x
y

]
Fcentral (x, y) =

[
−x
−y

]
Fdisperse (x, y) =

1

x2 + y2

[
x
y

]
Together, these vector fields simulate the influence of the

wind applied on the balloon. In other words, they determines
the base acceleration ao of the balloon at any state z in
the scene caused by the environmental factor, i.e. the wind.
However, the velocity balloon will increase without limit if
there is no constraints on it. In order to constrain the velocity
of the balloon, we also introduce an additional accelerate
af caused by friction, which has an opposite direction to
the instant velocity of the balloon and is proportional to the
second order of the balloon velocity scale, thus to suppress the
growth of the velocity of the balloon. The joint acceleration
a of the balloon is then a sum of the base acceleration and
the acceleration cased by friction.

a0

(
z
∣∣∣φ, c, {oi}ki

)
=

 λcircular
λcentral
λobstacles

T

F

F =

 Fcircular (xT − xC , yT − yC)
Fcentral (xT − xC , yT − yC)∑k

i=1 Fdisperse (xT − xOi
, yT − yOi

)



af (z|µ) = −µ
(
ẋ2T + ẏ2T

)ẋT
(√

ẋ2T

)−1

ẏT

(√
ẏ2T

)−1


a
(
z
∣∣∣φ, µ, c, {oi}ki

)
= a0

(
z
∣∣∣φ, c, {oi}ki

)
+ af (z|µ)

where z =
[
xT , yT , ẋT , ẏT

]T
is the instant state of the

balloon, c =
[
xC , yC

]T
is a predefined center, {oi}ki is

a set of obstacle locations with oi =
[
xOi , yOi

]T
,∀i ∈

{1, 2, · · · , k}, µ is the friction factor as a constant scalar, and



λcircular, λcentral and λobstacles are the weights determining the
contribution of different fields to the base acceleration of the
balloon.

APPENDIX III
EXPERIMENT DETAILS

A. Parameters

Below are the parameters we use for our experiment.

• The base of the robot is circular with a radius of 25cm.
The lengths of the links are 50cm each.

• The balloon is of radius 12.5cm.
• The balloon is assumed caught when the robot’s end-

effector is within 30cm from the balloon.
• The observations of the balloon are drawn from a

Gaussian distribution with a standard deviation 20%
of the distance between the base of the robot and the
position of the balloon. The noise radius, thus, decreases
when the robot is nearer to the balloon than it previously
was, or increases as their relative distance increases.

B. Observations and Results

We performed a total of 10 trials in each of the two cases:
1) When the robot tries to only catch the target based on its
observations (without EKF), and 2) When the robot uses a
state estimator to predict the state of the balloon (with EKF),
and then tries to catch it. At the end of each trial, we noted
if the robot was able to catch the balloon, and what was the
distance of the end-effector from the balloon after the control
at the final time-step had been executed. Table II shows our
observations from these trials, and Table III summarizes our
results.

Experiment With EKF Without EKF
Trial ε Caught ε Caught
1 0.411 NO 1.13 NO
2 0.254 YES 0.968 NO
3 0.258 YES 0.863 NO
4 0.25419 YES 1.052 NO
5 0.116 YES 0.947 NO
6 0.181 YES 1.704 NO
7 0.128 YES 1.013 NO
8 1.05 NO 1.25 NO
9 0.130 YES 0.920 NO
10 0.270 YES 0.998 NO

TABLE II: Observations

where ε is distance (in meters) between the end-effector
and balloon in the last time step,

Ours (With EKF+PF) Baseline (Without EKF/PF)
ε̄ Succ’ Rate ε̄ Succ’ Rate
0.305 ± 0.262 80.00% 1.085 ± 0.231 0.00%

TABLE III: Summary Results

where ε̄ is average distance (in meters) between the end-
effector and balloon in the last time step.

Fig. 4: A shot from the video clip

C. Video Clip

The video clip of the planner with the state-estimator is
available1. An image from the clip is shown below in Figure 4.
The robot is shown in the bottom-left of the clip. It indicates
the base and the 2-DOF arm of the robot. The hollow square
at the end of the link is the end-effector. The red dot is the
balloon. The hollow circle surrounding the balloon is the
uncertainty associated with the location of the balloon in the
2D world. An observation (the black hollow dot or ring) is
drawn from a gaussian distribution with the standard deviation
the size of the uncertainty ball (one standard deviation) around
the balloon. The blue dot is the estimated state of the balloon
from the Extended Kalman Filter (EKF). It must be noted
that the state of the balloon also comprises of the velocity
of the balloon, however, it is not depicted in the clip. The
green dot is the fowarded state of the particles filtered around
the state estimate. Hence, the green dot is the target state to
which the robot plans in the planning horizon. The blocked
rectangles indicate the obstacles in the environment.

1https://www.youtube.com/watch?v=fVyPd2h9JKQ

https://www.youtube.com/watch?v=fVyPd2h9JKQ
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