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Abstract— Autonomous vehicles are typically developed and
trained to work under certain system and environmental
conditions defined at design time and can fail or perform poorly
if unforeseen conditions such as disturbances or changes in
model dynamics appear at runtime. In this work, we present a
fast online planning, learning, and recovery approach for safe
autonomous operations under unknown runtime disturbances.
Our approach estimates the behavior of the system with an
unknown model and provides safe plans at runtime under
previously unseen disturbances by leveraging Gaussian Process
regression theory in which a model is continuously trained and
adapted using data collected during the autonomous operation.
A recovery procedure is event-triggered any time a safety con-
straint is violated to guarantee safety and enable learning and
replanning. The proposed framework is applied and validated
both in simulation and experiment on an unmanned aerial
vehicle (UAV) delivery case study in which the UAV is tasked
to carry an a priori unknown payload to a goal location in a
cluttered/constrained environment.

I. INTRODUCTION

Autonomous unmanned aerial vehicles (UAVs) and in
particular multi-rotor vertical take-off and landing (VTOL)
vehicles are rapidly finding their way into our society
especially for transportation/delivery applications. In fact,
thanks to their design and capabilities, they provide fast
transportation between different locations and as demon-
strated recently, they can be used to carry packages and even
for medicine delivery. However, real-world operations bring
several challenges, often not known a priori: state estimation
uncertainties such as deprecated localization in GPS denied
environments, external disturbances like wind, changes in
model dynamics and system aging, component failures, and
variation in payload distribution are some example of such
factors that could lead to undesired conditions like the loss
of stability and even collisions if not properly considered at
design time or at runtime.

To deal with disturbances and noises appearing at run-
time, data driven machine learning techniques have recently
demonstrated considerable potential as an alternative to tra-
ditional model-based reachability techniques thanks to their
computational efficiency. However, as the performance of
such techniques highly depends on the training data, it
becomes challenging to provide safety guarantees when the
training data are limited or when the test data are outside
of the training boundaries. It is thus essential to adapt and
update the learning enabled components of the system with
new data acquired at runtime all while guaranteeing safety.

For example, let’s consider an autonomous delivery case
study in which a UAV has to carry unknown loads between
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Fig. 1. Pictorial representation of the problem of planning with unknown
payload.

two points while flying through narrow corridors and win-
dows and around and over obstacles of varying heights and
dimensions, as depicted in Fig. 1. The load will affect the
motion of the vehicle creating deviations from the desired
planned trajectory and could lead to unstable and unsafe
conditions (e.g. a collision), if not properly considered during
planning.

In this work, we propose a recursive dynamic Gaussian
Process (GP) regression-based framework to detect distur-
bance changes and learn and adapt the system performance
at runtime to guarantee safety (i.e., no collision) and liveness
(i.e., completion of the task) conditions. To better drive
the explanation of our technique, we tackle a UAV pick-up
and delivery problem (e.g.,package delivery) in which the
payload is treated as a disturbance since the system might
be required to carry different a priori unknown payloads
during real-world applications. As the user may not know
system dynamics and may not have access to the controller
especially when off-the-shelf commercial vehicles are used,
changes in the payload will affect the system behavior and
cause the system to deviate from its desired behavior, and
potentially lead to unsafe states. For this reason, the system
needs to estimate the disturbance and its effects and adapt
its plan accordingly and quickly at runtime. We propose to
use GP regression built on offline training data to estimate
the disturbance and deviations at runtime. As the training
could be limited (not complete or shifting), the system may
not behave as expected at runtime when the conditions
are outside of the training boundaries. To deal with these
situations, we consider an event-triggered runtime recovery
approach and propose a method to update the trained GP
model with the new information gained at runtime to improve
system performance and safety. To summarize, with this
work, we aim to solve the following challenges:
• how to estimate, recover, update, and adapt the decision

of a learning enabled component online, using data ob-
tained at runtime, while guaranteeing the autonomous
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system safety and improving its future performance.
The contribution of this work is four-fold: 1) we develop

a GP-based approach to estimate the unknown disturbance
and the corresponding deviations of a system resulting from
such disturbance; 2) we propose an approach to adapt system
performance (i.e., speed) along the planned trajectory based
on environmental constraints and the GP-based estimation 3)
we propose an event-triggered recovery method for situations
in which the system does not behave as expected due to the
lack or inaccuracy of the training data, and 4) we propose
an approach to dynamically update the GP model to improve
runtime performance as the system obtains information.

The rest of the paper is organized as follows: related works
about online learning and payload disturbance rejection are
presented in Section II. The problem is then formally defined
in Section III and we present our proposed fast deviation
estimation and online recovery approach in Section IV. We
validate our technique with simulations and experiments in
Sections V and VI respectively and finally provide conclud-
ing remarks and future work in Section VII.

II. RELATED WORK

As UAVs become popular to provide solutions to real
world problems, it becomes critical to guarantee their safety
and performance under unforeseen situations like noises,
disturbances and model dynamics changes. Model-based
reachability analysis techniques such as Hamilton-Jacobi
reachability [1], funnels [2] and robust control invariant
tubes [3] are widely used in robotics applications to pro-
vide safety guarantees under unknown disturbances and to
provide safe learning for uncertain systems [4]. Even though
traditional, model-based reachability techniques are useful
to provide safety bounds, they require model knowledge
and their computational complexity makes them challenging
to be used at runtime. Alternatively, data-driven machine
learning approaches have been used to provide safety and
performance guarantees. In [5], neural networks are used to
approximate the optimal controller designed by reachability
analysis. Gaussian Processes are also powerful learning-
based tools which are used to estimate the system distur-
bances at runtime to improve system performance [6] and to
provide safe controller tuning [7]. Both Gaussian Processes-
based model learning [8] and Bayesian linear regression
[9] show good performance in repetitive tasks with online
learning to estimate the changing model dynamics and im-
prove the system performance. In our previous work [10], we
used a pre-trained GP regression model to estimate reachable
sets at runtime for a system moving in open loop under
intermittent sensing while the testing conditions are bounded
by the training conditions. In this work, we extend this
idea and introduce a GP regression-based adaptive approach
to provide safe planning under unknown disturbances at
runtime. As the performance of the learning enabled systems
highly depend on the training data, we propose a recursive
learning and online recovery approach to update the pre-
trained GP regression model with data acquired at runtime,
which allows the system to improve over time and work
outside of the training boundaries.

We apply our approach to solve a package delivery
problem with unknown payload. As this problem is gaining

importance with the increased use of UAVs for delivery pur-
poses, it has been addressed by the robotics community by
estimating the system model under payload disturbance and
designing controllers and trajectories to improve performance
[11], [12], [13]. Different from these works, we solve the
payload disturbance problem when the system dynamics are
not available and the controller can not be accessed.

III. PROBLEM FORMULATION

In this work, we are interested in finding an online
adaptive policy for safe UAV navigation under unforeseen
disturbances.

A general UAV with state q can be modeled as a non-
linear system of the form q̇ = f(q,u). Typical control
techniques like PID controllers are designed to control u to
minimize tracking error e = qdes − q for the given system
dynamics. If a disturbance d is present and unknown, the
system dynamics change: q̇ = f̃(q,u,d). If the controller is
designed under no disturbance assumption, or to work under
different disturbance boundaries, the tracking performance
of the system will be deteriorated leading to possible unsafe
states (e.g., a collision). By changing the motion planning
of the system, however, it could be possible to perform safe
operation under limited performance (e.g., reduced speed).

This problem is formally defined as follows:
Problem 1: Runtime Fast Adaptive Safe Planning: Given

a UAV tasked to navigate in a cluttered environment, under
the effect of an unknown disturbance d, find an online policy
to quickly adapt its motion plan, and constantly update the
prediction to satisfy the following safety constraint:
• Safety Constraint: The UAV must avoid collision with

the obstacles in the environment during its motion:

‖p(t)− oi‖ ≥ δ ∀t ∈ [t0, T ],∀i ∈ {1, . . . , no} (1)

where p(t) = [x, y, z] ⊂ q is the 3D position of the
vehicle at time t. Similarly, oi is the 3D position of
the ith obstacle, with no the number of obstacles in the
environment and δ is the minimum safe distance to the
obstacle considering the dimensions of the quadrotor.

In order to solve Problem 1, we leverage GP-based theory
to predict the future states of the system, which requires to
identify the current configuration of the system, as formally
defined in the following problem:

Problem 2: Model Disturbance Estimation: Given a
system with a pre-trained learning enabled component to
estimate future states of the system, find a policy to quickly
identify the disturbance in the model at runtime which causes
the system to deviate from its nominal behavior.

Case Study: Payload Disturbance Estimation: While our
proposed framework is general for different types of systems
and runtime disturbances, for the sake of clarity in this paper
we will focus primarily on payload pick-up/drop-off UAV
operations in which the disturbance is the unknown payload
lifted by the vehicle at runtime: a UAV is tasked to lift and
carry an a priori unknown load to a goal while avoiding
obstacles in a cluttered environment. The low-level controller
of the UAV is considered as a black box while within the
high level planner different waypoints as well as the velocity
of the UAV can be changed depending on the mission. We
assume that the vehicle will minimize its mission time and
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will try to travel to the goal with the highest speed possible.
However, moving at high speed may make the system deviate
from its desired behavior in particular in the z level due to
the system dynamics and limited thrust as shown in Fig. 2,
whereas reducing the speed can help the system to perform
better tracking. Hence, the primary goal of this work is to
find a policy to obtain the highest average speed for a UAV to
avoid vertical obstacles while carrying an a priori unknown
payload. From Problem 1, the safety constraint to respect is
thus:

|z(t)− zoi | ≥ δ ∀t ∈ [t0, T ],∀i ∈ {1, . . . , no} (2)

Fig. 2. System behavior comparison with different payload disturbances
and speeds. To minimize deviations while carrying a large load it is
necessary to reduce speed.

IV. GAUSSIAN PROCESS-BASED SAFE PLANNING,
RECOVERY AND ADAPTATION

In this section, we describe our framework for safe plan-
ning, recovery, and adaptation in UAV navigation opera-
tions under unknown payload disturbances. Our proposed
approach consists of offline and online stages, as shown in
Fig. 3. During the offline stage, a set of trajectories consisting
of different lengths, goals, and average speeds are run on
the UAV with a bounded payload disturbance. For each
trajectory, the maximum deviation from the desired z level,
and the time taken by the UAV to take off from the ground
are recorded.

A GP-based regression is then trained and considered at
runtime to estimate the maximum deviation from the desired
trajectory and in turns compute the maximum average speed
to maintain during the operation and avoid obstacles along
the way. We choose to use GP regression to solve these
problems because of its ability to provide confidence inter-
vals which makes it easier to handle noise and uncertainties
as well as adapt its model at runtime. However, the GP
regression may result in inaccurate estimations when the test
conditions at runtime are outside of the training boundaries,
or due to errors in payload estimation. In such cases, a
recovery procedure is triggered at runtime when an unsafe
situation is detected by monitoring the system’s position and
velocity in z direction. The GP regression model is then
updated with the data acquired at runtime to improve future
decisions.

In the following section, we explain the proposed GP-
based z deviation estimation approach.

A. Gaussian Process Regression for Deviation Estimation

In order to enable online prediction of deviations during
an operation, a GP regression model is trained from a rich
library of trajectories under different average velocities and
payloads. We will refer to such GP model as GP d to

differentiate from the one for payload GP p introduced in
Section IV-C. Since the controller is treated as a black box
and cannot be accessed and adapted according to the payload,
the deviation from the desired height increases with the
payload and average speed, as demonstrated in Fig. 2. The
maximum deviation from the desired height for an average
speed v̄ and for a payload mass mp is extracted from the
recorded trajectory as follows:

dmz (v̄,mp) = max
t∈[Th,Th+Tg]

max
pg∈Pg

|zτ(g,v̄)(t)− z(t)| (3)

where zτ(g,v̄)(t) is the desired height of the trajectory with
average speed v̄, Th is the vertical trajectory duration, Tg is
the duration of the trajectory to the goal location, pg is the
position of the goal g and Pg is the set of all goal positions
used in training.

To estimate the maximum deviation from the desired
height based on the estimated payload mass and the av-
erage speed of the planned trajectory, we leverage Gaus-
sian Process regression theory. Training inputs for the
GP d regression consist of the payload mass and av-
erage speed values: x = [x1,1 · · ·xi,j · · ·xnv,nm

] ∈
R(nvnm)×2 where xi,j = [v̄i,mp,j ]

T ,∀i ∈ [1, · · · , nv],∀j ∈
[1, · · · , nm], where nv and nm are the number of aver-
age speed and payload mass values in the training set.
The output of the training is the maximum deviation
value: dz = [dmz (x1,1), · · · , dmz (xi,j), · · · , dmz (xnv,nm

)] ∈
R(nvnm). Given the training set D = [x,dz], by the defini-
tion of GP, training and test outputs follow a joint Gaussian
distribution:[

dz
d∗z

]
∼ N

([
µ(x)
µ(x∗)

]
,

[
K + σ2

εI K∗
KT
∗ K∗∗

])
(4)

whereK =

 k(x1,1,x1,1) · · · k(x1,1,xnv,nm
)

...
...

...
k(xnv,nm

,x1,1) · · · k(xnv,nm
,xnv,nm

)

,

K∗ =
[
k(x1,x

∗) · · · k(x(nvnm),x
∗)
]
∈ R(nvnm)

and K∗∗ = k(x∗,x∗) ∈ R. σ2
ε is the noise level associated

with the observations, µ is the mean function and k is the
covariance function and x∗ = [v̄∗,m∗p]

T ∈ R2 is the test
input. The widely used Matern kernel is considered here
as a covariance function and the hyperparameters are set
by optimizing the marginal likelihood [14]. The predictive
posterior distribution of d∗z is also a Gaussian distribution:

p(d∗z|x∗,x,dz) ∼ N(µ∗, σ
2
∗) (5)

where µ∗ and σ2
∗ are calculated as follows:

µ∗ = µ(x∗) +KT
∗ (K + σ2

εI)−1(dz − µ(x)) (6)

σ2
∗ = K∗∗ −KT

∗ (K + σ2
εI)−1K∗ (7)

Finally, the maximum deviation for a test input x∗ is
estimated by using the upper limit of the 95% confidence
interval which is computed by:

d̄z
∗
(v̄∗,m∗p) = µ∗ + 2σ∗ (8)

with µ∗ and σ∗ obtained from (6) and (7) respectively.
To create a training set, given mq = 176g the mass of the

UAV used in the simulations, the trajectories are executed
with four different payload masses mp,1 = 0 × mq =
0g (blue curve), mp,2 = 0.25 × mq = 44g (red curve),
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Fig. 3. Architecture of the proposed approach.

mp,3 = 0.5 × mq = 88g (green curve), mp,4 = 0.75 ×
mq = 132g (black curve) using a quadrotor model de-
fined in [15]. The trajectory library includes minimum snap
trajectories [16] with four different average speed values:
v̄ ∈ {0.25, 0.50, 0.75, 1.00}m/s. Fig. 4 shows two examples
of such training trajectories with a quadrotor tasked to reach
first a 1m height and then move in the +x direction for 8m
under the four loads and two of the speeds specified above:
v̄ = 0.25m/s in Fig. 4(a) and v̄ = 1m/s in Fig. 4(b).

(a) (b)

Fig. 4. Sample trajectories from the training library running with average
speed of a) 0.25m/s, and b) 1.0m/s under four payload disturbances.

The trajectory library contains 200 different trajectories
executed with the four different payload masses and Fig. 5(a)
shows the recorded maximum deviation values for each
average speed and payload mass value in the training set. The
results of the GP regression training is shown in Fig. 5(b).

(a) Maximum z deviation as a func-
tion of payload and average speed.

(b) GP regression results for maxi-
mum deviation estimation obtained
using GPML toolbox [17].

Fig. 5. Offline training for maximum deviation estimation at runtime.

The estimated maximum deviation is then used at runtime
to plan and adapt the average speed of the UAV trajectory
to reach its desired goal fast without violating the safety
constraints, as explained in the following section.

B. Fast, Runtime Speed Adaptation, Online Recovery and
Learning

As noted in the previous section, a payload has two effects
on the UAV: 1) it slows down its take-off procedure bringing
the vehicle to a lower height from the desired height and 2)
with larger speeds, it creates more deviation from the desired
trajectory while moving toward its goal. Thus, as soon as
the UAV has reached a certain height before it starts moving

Fig. 6. Architecture of the proposed runtime speed adaptation, online
recovery and learning approach.

toward the goal, it needs to quickly decide the average speed
to maintain during the trajectory in order to reach the desired
goal as fast as possible while maintaining safety at all times.
To this end, the trained GP d obtained in the previous section
is used to determine the maximum speed of the UAV to
safely navigate in the environment and avoid collisions, as
follows:

v̄∗ = max
v̄∈Vs(m̄p)

{v̄|d̄z(v̄, m̄p) < ζ} (9)

where m̄p is the estimation of the payload mass (discussed
in the next section), Vs(m̄p) is the set of stable speeds for
the given payload, and ζ is the maximum allowed deviation:

ζ = min
i∈[0,no],t∈[Th,Th+Tg ]

|zτ (t)− zo,i| (10)

where zτ (t) is the desired height at time t and zo,i is the z
position of the ith obstacle located along the desired trajec-
tory. Once the desired average speed is picked, a trajectory
is planned to the desired goal location, and the system starts
to move following the desired trajectory. However, because
the training is limited, it does not cover all the possible
runtime conditions. When the test input at runtime is outside
of the training boundaries, the system may behave different
than expected. For example, when the system carries a large
payload and choose to travel with high speed, it may lose
height and become unsafe or if the deviation estimation is
inaccurate the vehicle may collide with the obstacles. To
prevent such situations, we follow an online recovery and
adaptation procedure which is summarized in Fig. 6.

To detect inaccuracies in prediction, changes in the z
velocity and position of the system are monitored at runtime:
A high negative ż is considered unsafe because it causes the
system to lose height and become unsafe and a low z close
to the clearance level is also considered unsafe because it
can cause the system to collide with the obstacles. These
situations trigger a recovery mode in which the vehicle stops
its current go-to-goal task and switches to a hovering mode
to bring the system to a certain height and decide a new
speed. To guarantee that recovery is possible, the maximum
payload and speed limits were tested offline.
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If the recovery is performed because the z level of the UAV
becomes lower than the allowed level to pass the obstacle,
a new speed is chosen by considering a lower deviation
threshold. If the recovery is performed due to high −ż, the
detected unsafe speed is added to the training set and labeled
unsafe.

The set of stable speeds is decided using Support Vector
Machine (SVM) classification trained with the training input
x ∈ R(nvnm)×2 and training output s ∈ R(nvnm) which is
initially set to s = ~1 (i.e.,safe) Therefore the initial set of
stable speeds consists of all admissible speed values.

xsvm = [x, [v̄, m̄p]
T ], ssvm = [s, 0] (11)

After retraining the SVM with the updated dataset that
includes both safe and unsafe trajectories, a new speed value
is picked using (9). If the selected speed is still detected
to cause the system to deviate more then the permitted
threshold, a recovery is triggered and a lower speed is consid-
ered. Once the system completes its trajectory, the estimated
payload, final average speed (v̄f ) and the maximum recorded
deviation are added to the training set and used to retrain the
GP online for more accurate decisions in future iterations.

xgp = [x, [v̄f , m̄p]
T ]],dgpz = [dz, dz(v̄f , m̄p)] (12)

The final speed and the payload estimation pair is labeled
as safe and SVM model is updated as well. By following
this online recovery procedure, the system is able to use the
pre-trained learning enabled components to make decisions
at runtime, even if the test conditions are different from
the training conditions. Furthermore, the system is able to
improve the decisions over time thanks to the online learning.

The drawback of such approach is that the computational
complexity of the GP regression and SVM classification
increases with the data size. However, this drawback can be
overcome by keeping the training data size bounded. This
can be achieved by removing the redundant data collected at
runtime. In this work, the size of the data set used by the
learning enabled components was within the range of fast
training and estimation, therefore we left data pruning as a
future work.

In order to be able to use the GP-based deviation esti-
mation model explained in Section IV-A and to update this
model at runtime as explained in Section IV-B, the payload
disturbance should be estimated because input to GP d. We
again leverage GP regression theory to estimate the payload
and explain the details in the next section.

C. Gaussian Process Regression for Payload Estimation

The UAV is tasked to reach a desired height in a certain
amount of time after picking up an object of unknown mass.
In order to estimate the amount of payload mp that the
UAV is carrying, we leverage again GP regression based
on a library of previously collected data. To train such GP,
GP p, the UAV is tasked to reach a desired height following
a vertical trajectory for a fixed time duration under different
payloads and measurement and process noises.

Since the internal controller is treated as a black box, due
to the thrust-to-weight ratio properties inherent of UAVs, the
increased mass of the vehicle will affect the time it takes to

reach the desired height and thus there is a direct correlation
between take-off time and weight.

During training, for each mp value, the time which takes
the system to pass a given z level is obtained from the
collected data as follows:

th = min
t∈[0,Th]

{t|z(t) ≥ zh} (13)

where zh ≥ 0 is the user defined detection height to estimate
the weight of the load and Th is the vertical trajectory
duration. These observations are recorded in the training set:
th = [th,1, · · · , th,n] and mp = [mp,1, · · · ,mp,n] where
n is the size of the training set. Given the training set of
the collected observations of M = {th,mp}, the goal is to
predict the payload mass for a new input t∗h by drawing m∗p
from the posterior distribution p(m∗p|M). By definition of
GP [14], the training set output mp and the test output m∗p
are joint multivariate Gaussian distributed:[

mp

m∗p

]
∼ N

([
µ(th)
µ(t∗h)

]
,

[
Km + σ2

εI Km
∗

(Km
∗ )T Km

∗∗

])
(14)

where σ2
ε is the noise level associated with the

observations, µ is the mean function and k is
the covariance function. Km ∈ Rn×n has entries
Km

(i,j) = k(th,i, th,j) for i, j ∈ {1, · · · , n},
Km
∗ =

[
k(th,1, t

∗
h) · · · k(th,n, t

∗
h)
]
∈ Rn×1 and

Km
∗∗ = k(t∗h, t

∗
h) ∈ R with a Matern kernel [14] as a

covariance function. The predictive posterior distribution of
m∗p is also a Gaussian distribution:

p(m∗p|t∗h, th,mp) ∼ N(µm∗ , (σ
m
∗ )2) (15)

with the following mean and variance:

µm∗ = µ(t∗h) + (Km
∗ )T (Km + σ2

εI)−1(mp − µ(th)) (16)

(σm∗ )2 = Km
∗∗ −KT

∗ (Km + σ2
εI)−1Km

∗ (17)

Once the vehicle lifts an object from the ground at runtime,
the payload mass is estimated based on the time it takes for
it to reach zh level using the upper limit of the confidence
interval calculated as follows:

m̄∗p = µm∗ + 2σm∗ (18)

where µm∗ and σm∗ are calculated according to (16) and (17)
respectively. This mass estimation is then used as one of the
inputs for the GP d presented in Section IV-A to estimate the
deviations from the desired height and make decisions about
the optimal speed to maintain along a trajectory.

Fig. 7. GP regression results for payload estimation based on the take-off
time using GPML toolbox [17].

The GP p regression model trained for payload estimation
is shown in Fig. 7. Training was executed under the same
conditions used for training GP d and with a detection height
threshold set to zh = 0.05m.
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V. SIMULATIONS

We validate the proposed online adaptation, recovery and
learning approach with a quadrotor UAV pick-up and a drop-
off case study: specifically, the vehicle is tasked to lift and
carry objects with a priori unknown weights between two
designated locations (p0 = [0, 0, 0]m, p1 = [20, 0, 0]m)
flying at z = 1m level through windows in the middle. We
performed 100 simulations with random window positions
and observed safe behavior of the system. In this section,
we show one case with different mass values where there are
two windows in the environment located at (xw = 6, zw =
0.62)m and (xw = 12, zw = 0.45)m shown in Fig. 8 where
zw is the height of the obstacle to avoid and for the window
shaped obstacle it is the height of the frame base. The
quadrotor is required to pass through these windows to move
between the designated locations.

When the vehicle picks up an object from the ground,
the payload is estimated based on the time it takes to
take off from the ground (i.e., to reach a height zh =
0.05m) according to (18) using the pre-trained GP p. After
estimating the payload mass, the average speed to go to
the goal is picked using (9), based on the GP d. As the
vehicle completes its trajectory, GP d is updated with the
data obtained at runtime. In Fig. 8(a), we show the actual
path (blue curve) and the desired trajectory (magenta curve)
of the quadrotor which is tasked to carry a 192.2g payload.
The vehicle estimates the payload as 223.5g and decides to
move to its goal with v̄ = 0.7m/s based on the pre-trained
GP d shown in Fig. 5(b). After successfully reaching the
goal location, the quadrotor updates GP d with the estimated
payload mass and observed maximum deviation. The updated
GP d result is shown in Fig. 9(a). The estimated payload
mass and speed pair is also labeled as safe and added to the
safety data set shown in Fig. 10(a) where the added point
is marked with a blue circle. In Fig. 8(b), we show the 3rd

task where the quadrotor carries a 200g payload which is
estimated as 285.7g and it decides to go to its goal with a
speed v̄ = 0.85m/s. After the vehicle starts moving towards
its goal, its velocity in the −z direction increases and the
inconsistency detector discussed in Section IV-B triggers a
recovery action. After completing the recovery action, the
initial velocity and payload estimation pair is labeled as
unsafe and added to the data set (marked with a black circle
in Fig. 10(b)) and the vehicle decides to move with average
velocity v̄ = 0.57m/s which is picked according to the
updated SVM safety decision model. After the UAV is able
to complete its trajectory safely with the new average speed
value, GP d is updated with this speed value and estimated
payload mass pair as shown in Fig. 9(b).

In Fig. 8(c), we show the 21st task where the quadrotor
UAV carries the same load as in the third task. Thanks to the
data acquired online and updated GP regression and SVM
decision models, the vehicle decides to travel with average
velocity 0.41m/s and is able to complete its trajectory without
performing a recovery action. The safety decision model
with all the data collected offline and online is shown in
Fig. 10(c). As the system obtains more data, it becomes able
to make better decisions about the speed avoiding recovery
operations. The GP d after 21 tasks is presented in Fig. 9(c)
and because of the uncertainties in the data collected online,

the confidence interval of the GP regression becomes larger.
Because this work considers the safety of the vehicle as a
priority, both the deviation estimation and safety decisions
are performed in a conservative way as demonstrated in this
set of simulations. The vehicle is able to complete its tasks
without going into unsafe states, and improve its decision
making over time thanks to our online recovery and learning
approach.

These demonstrated simulations were run on an Intel Core
i9-9900K CPU at 3.60GHz taking 62.83ms on average to up-
date GP d and 0.97 ms on average to estimate the maximum
deviation estimations using the trained GP regression model.
SVM decision model updates took 4.82ms on average. These
results demonstrate that the proposed GP based approach is
suitable for online applications.

VI. EXPERIMENTS

Experiments were performed on an AscTec Hummingbird
quadrotor UAV tasked to fly with different payload distur-
bances and through a window located at varying distances
from the robot’s initial position. A Vicon motion capture
system was used to monitor the state of the quadrotor.
The control commands to the quadrotor are communicated
through the Robot Operating System (ROS). We used Matlab
GPML Toolbox [17] to perform GP regression and the
interface between Matlab and ROS was established through
the Matlab ROS Toolbox.

The training data for payload and deviation estima-
tion for GP regression were collected by running a tra-
jectory with five different average speed values: V =
{0.25, 0.50, 0.75, 1.00, 1.25}m/s, and with three different
payload disturbance: Mp = {100, 300, 500}g. In order
to perform payload estimation, the take-off time of the
trajectories in the training set is measured using (13) for
zh = 0.2m. GP p results for payload estimation are shown
in Fig. 11. As the purpose of the quadrotor is to reach its
goal location as quickly as possible, it does not wait until
it reaches a certain height to create a trajectory to the goal.
During the online stage, the system trains a GP d using the
data collected at the offline stage to estimate the deviation
at a position where the system is required to pass through
a narrow window. After the system starts moving vertically,
the payload disturbance is estimated using (18) based on the
observed take-off time and the system plans a trajectory with
an average speed decided using (9).

In Fig. 12, we compare the actual path and speeds followed
by the UAV with different payloads and positions of the
window. In Fig. 13(a), we demonstrate the experiment setup
for a quadrotor starting its mission at p0 = [−2, 0, 0]m and
tasked to reach the goal located at p1 = [2, 0, 0]m by flying at
z = 1.5m height in an environment with a window shaped
obstacle with 0.6m clearance. The overlapped sequence of
snapshots for a quadrotor carrying 400g payload though a
window located in three different locations: a) xw = −0.5m
b) xw = 0m and in c) xw = 1m at zw = 1.2m are shown in
Fig. 13. The payloads tested in these experiments were not
included in the training set.

In Fig. 12(a), the window is positioned at xw = −0.5m
and the quadrotor is tasked to move with 50g, 200g, 400g and
550g payloads. When the payload is 50g (cyan curve), the
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(a) 1st task with 192.2 g payload. The estimated
payload is 223.5g.

(b) 3rd task with 200.0 g payload. The estimated
payload is 285.7g.

(c) 21st task with 200.0 g payload. The estimated
payload is 285.7g.

Fig. 8. Desired and actual trajectories of the quadrotor while it is performing a pick up/drop off task in an obstacle cluttered environment. The arrow
shows the direction of the trajectory.

(a) Updated GP estimation after the 1st task. (b) Updated GP estimation after the 3rd task. (c) Updated GP estimation after the 21st task.

Fig. 9. Updated GP regression estimation models after each task with the data acquired at runtime.

(a) Updated safety decisions after the 1st task. (b) Updated safety decisions after the 3rd task. (c) Updated safety decisions after the 21st task.

Fig. 10. Updated SVM safety decision models after each task with the data acquired at runtime.

Fig. 11. GP regression results for payload estimation based on the take-off
time for the experiment test bed.

quadrotor is able to reach its goal position with v̄∗ = 1.25m/s
which is the maximum permitted average speed value. For
payload disturbance 200g (red curve) and 400g (blue curve),
the system decides to go with average speed values v̄∗ =
0.5m/s and v̄∗ = 0.25m/s respectively successfully passing
through the window without collision. With high payload
values, decreasing the speed allows the system to follow
its trajectory more closely than lower payload values over
time. With 550g (black curve), the system cannot find an
average speed value which keeps the deviation lower than the
desired threshold and decides to go with minimum average
speed of 0.25m/s in the beginning and performs a recovery
(yellow curve) due to its low height before the obstacle.
After recovery, a trajectory with average speed of 0.2m/s
is generated and the quadrotor is able to pass the window
without a collision. In Fig. 12(b), we show the experiment
results for the same window located at xw = 0m. As the
deviation in z gets smaller over time, the quadrotor was

able to move with higher speeds in this case. For payload
disturbance 200g and 400g, the quadrotor picks average
speed values v̄∗ = 0.55m/s and v̄∗ = 0.30m/s respectively.
We did not repeat this experiment for payload disturbance
50g as the quadrotor was able to move with the maximum
average speed in the previous case and hence moving the
window closer to the goal can only improve the situation.
Lastly, we moved the window to the xw = 1.0m position
and repeated first the tests with payload disturbances 200g,
and 400g. The quadrotor was able to move with v̄∗ =
0.80m/s and v̄∗ = 0.35m/s respectively, which are higher
than previous (a) and (b) cases, as expected. We also tested
with a payload disturbance of 520g (magenta curve), which
is higher than the largest payload in training set, and the
quadrotor was able to move with 0.30m/s average speed
and safely pass the window. With the dashed blue curve in
Fig. 12(c), we show the trajectory of the quadrotor moving
with the maximum average speed value without using our
approach and we demonstrate that the system would have
crashed with the wall below the window as expected. These
results are also summarized in Table I.

VII. CONCLUSIONS AND FUTURE WORK

In this work, we have presented a fast runtime planning,
recovery and learning framework for safe navigation of
autonomous systems with unknown payload disturbance.
We have leveraged Gaussian Process regression theory to
estimate the payload disturbance and the deviation of the
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(a) Results for 50g, 200g, 400g, and 550g
payloads and window located at xw = −0.5m.

(b) Results for 200g and 400g payloads and
window located at xw = 0.0m.

(c) Results for 200g, 400g and 520g payloads
and window located at xw = 1.0m.

Fig. 12. Experiment results with three different window positions and varying payloads.

(a) Results with average speed 0.25m/s to pass
the window at xw = −0.5m.

(b) Results with average speed 0.30m/s to pass
the window at xw = 0.0m.

(c) Results with average speed 0.35m/s to pass
the window at xw = 1.0m.

Fig. 13. Overlapped sequence of snapshots for the quadrotor carrying a 400g payload.

TABLE I. EXPERIMENT RESULTS.

(a) xw = -0.5m (b) xw = 0.0m (c) xw = 1.0m
payload

(g)
payload
est. (g)

speed
(m/s)

payload
est. (g)

speed
(m/s)

payload
est. (g)

speed
(m/s)

50 136.74 1.25 - - - -
200 293.89 0.50 276.95 0.55 276.78 0.80
400 443.87 0.25 421.29 0.3 479.85 0.35
520 - - - - 540.62 0.30
550 632.21 0.20 - - - -

system from the desired behavior and to adapt the speed of
the planned trajectory. The model used for prediction is also
constantly updated at runtime with the data acquired online
to improve the future decision making. Currently we are
working on including different types of online disturbances
like wind and failures in the system and provide assurance
during the recovery phase.
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