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Abstract—This letter presents an online trajectory planning
algorithm for an Unmanned Aerial Vehicle (UAV) to autonomously
scan warehouse racks for inventory management. Our main
motivation is to make small-sized UAVs with limited computing and
sensing hardware capable of reliably performing the scanning task
in cluttered environments. To this end, we propose a cooperative
system where an Unmanned Ground Vehicle (UGV) guides the
UAV using the novel template of visibility-aware cooperative
navigation (VACNA). We propose a Cross-Entropy Method
(CEM) based approach for solving the trajectory optimization
underpinning VACNA. In particular, our CEM projects sampled
vehicle trajectories onto the constraint sets before evaluating the
cost functions. We further learn a deep generative model in the
form of a Conditional Variational Autoencoder (CVAE) from
expert demonstrations to warm-start our optimizer. We improve
the state-of-the-art in the following respects. First, we present a
detailed analysis of the role of our proposed cost and constraint
functions for cooperative occlusion-free navigation. Second, we
compare our custom CEM optimizer with conventional variants
and show significantly reduced collision and occlusion rates.
Finally, our CVAE initialization allows our optimizer to operate
with smaller batch sizes and achieve real-time performance even
on embedded hardware devices like NVIDIA Jetson Xavier.

Index Terms—Aerial systems: Applications, machine learning
for robot control, optimization and optimal control.

I. INTRODUCTION

WAREHOUSE automation has emerged as one of the
prominent applications for Unmanned Aerial Vehicles

(UAV) [1], [2]. Herein, the UAV needs to scan the racks of
the warehouses through its monocular camera while navigating
through narrow, cluttered corridors. There are two core chal-
lenges to it from the perspective of autonomous navigation. First,
UAVs can carry limited computing power onboard [3]. Second,
mounting sensors like LiDAR and RGBD cameras on the UAV
can increase its form factor and, at the same time, also reduce its
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flight time. An increased UAV size may also make it unsuitable
for navigation in tight indoor spaces.

Our primary motivation in this letter is to make small-sized
UAVs with only monocular cameras capable of reliably
performing rack scanning tasks in warehouses. Thus, this letter
proposes and validates a cooperative system wherein a UAV
is guided by an Unmanned Ground Vehicle (UGV). With its
more significant form factor, the latter can carry more extensive
computing and sensing hardware. Therefore, the UGV can plan
motions for both itself and the UAV provided it can always
keep the latter in its field of view (FoV).

At the core of our approach lies a novel motion planning
concept that we refer to as visibility-aware cooperative nav-
igation (VACNA). It is characterized by cost and constraint
functions that allow a UAV-UGV pair to navigate smoothly in
cluttered environments while maintaining each other in their
field of view and within a specified distance threshold. Moreover,
these functions also model the primary task: UAV maintaining
visibility of the rack during navigation.

We adopt a gradient-free, sampling-based optimization called
Cross-Entropy Method (CEM) to solve the trajectory optimiza-
tion underpinning VACNA. We propose several modifications
over the baseline variant that dramatically improve the quality
of cooperation between the UAV-UGV and the efficiency of
the scanning task. Our main innovations and their benefits are
summarised below.

Algorithmic and Empirical Contribution:
� We augment a baseline CEM [4] with a batch projection

optimization to efficiently handle the constraints for the
VACNA task.

� We learn a Conditional Variational Autoencoder (CVAE)
to warm-start our CEM.

� Our ablation study shows that in contrast to [5], we find
that both the UAV and UGV need to take responsibility
for keeping their line-of-sight (LoS) occlusion-free
(Section IV-F2).

State-of-the-art (SOTA) Performance:
� We show that our projection-augmented CEM outperforms

the baseline variant in all benchmark metrics such as oc-
clusion time, traversal distance, etc. Moreover, we show
similar improvements over another SOTA sampling-based
optimization called Covariance Matrix Adaptation Evolu-
tion Strategy (CMA-ES). We adopt the customization for
CMA-ES proposed in [6] and re-implement it to leverage
GPU parallelization.

� We also compare our approach with A∗ algorithm-based
planning and demonstrate speed-up of more than one order
of magnitude in computation time.
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TABLE I
IMPORTANT SYMBOLS

� We show that the CVAE-based initialization allows for
smaller batch size and consequently real-time performance
even on embedded hardware devices like NVIDIA Jeston
Xavier.

II. PROBLEM FORMULATION AND RELATED WORKS

Symbols and Notations: Normal-faced, small-case letters
represent scalars, while bold-font variants denote vectors.
The matrices are represented in bold-font, upper-case letters.
The variables t and T are timestamp and transpose, respectively.
The main symbols are summarized in Table I. Some of the
symbols are also defined in their first place of appearance.

Assumptions
� The UAV and UGV are considered to be holonomic. Fur-

thermore, we assume that the cameras orientations are
independent of the robots’ linear motions.

� The UAV operates in 3D but can avoid collisions or occlu-
sions only through motions in the X − Y plane.

� The main task is reduced to UAV taking occlusion-free
images of the racks under the guidance of the UGV. We note
that the entire inventory pipeline would have additional
components but these are beyond the scope of the letter.

A. Optimization for UAV-UGV Warehouse Inventory

We can formalize VACNA between a UAV-UGV pair for
scanning warehouse racks in the following manner:

min

t=tm∑
t=t0

w1(p̈r(t))
2 + w1(p̈g(t))

2 + w2foc(pr(t),pg(t))

+ w3foc(pr(t),psc(t)) (1)

(pr(t0), ṗr(t0), p̈r(t0)) = b0,r, (ṗr(tm), p̈r(tm)) = bf,r

(2a)

(pg(t0), ṗg(t0), p̈g(t0)) = b0,g, (ṗg(tm), p̈g(tm)) = bf,g

(2b)

fv(ṗr(t)) ≤ vr, fa(p̈r(t)) ≤ ar (2c)

fv(ṗg(t)) ≤ vg, fa(p̈g(t)) ≤ ag (2d)

fo,i(pr,po,i) ≤ 0, fo,i(pg,po,i) ≤ 0, ∀i (2e)

slos ≤
∥∥[pr(t)− pg(t)

]∥∥
2
≤ slos (2f)

sref ≤ ∥∥[pr(t)− pref (t)
]∥∥

2
≤ sref (2g)

fv = ‖ṗ(.)(t)‖2, fa = ‖p̈(.)(t)‖2 (3)

fo,i = − (x(.) − xo,i)
2

a2
− (y(.) − yo,i)

2

a2
+ 1 ≤ 0 (4)

The vector p(.) = [x(.), y(.)]
T , (.) ∈ {r, g} represents the 2D

position of either of the vehicles. The first two terms in the
cost function (1) minimize the sum of the acceleration magni-
tude for the UAV and UGV. The last two terms minimize the

Fig. 1. (a), (b) Show top-down and third person views of a typical warehouse
inventory setting.

occlusion between UAV and UGV and the occlusion between
the UAV and the rack computed at discrete time instants in the
planning horizon. foc is a learned occlusion model derived in
our previous work in [7]; we discuss its inner working at the
end of this section. w1 − w3 are user-defined weights utilized to
trade off the relative importance of each cost term. Constraints
(2a)–(2b) define the initial and final boundary conditions on
the trajectory for the UAV and UGV. Therefore, the vectors
b0,r,bf,r,b0,g,bf,g are simply stacking of initial and final
positions, velocities, and accelerations for the UAV and UGV,
respectively. The inequality constraints (2c) and (2d) maintain
the norm of velocities and accelerations within specified bounds
for the UAV and UGV, respectively. The definitions of velocity
and acceleration constraints are in (3). The inequality constraints
(2e) ensure collision avoidance for the UAV and UGV. The
definition of fo,i is brought in (4), where x(.), y(.) are the
positions of UAV/UGV and xo,i, yo,i are the position of the
ith obstacle point obtained from the LiDAR. The constant a
in (4) is the footprint radius of UAV/UGV. The inequality (2f)
ensures that the UAV and UGV would stay within certain bounds
(slos, slos) from each other. Likewise, the inequality (2g) makes
sure that the UAV would stay within certain bounds (sref , sref )
from the reference trajectory. The reference trajectory, shown in
black in Fig. 1(a), provides the desired path and velocity that the
UAV needs to follow to scan the warehouse racks. The tracking
bounds on the reference trajectory can encode the minimum and
maximum distance from which the UAV should view the racks.
We also project the reference trajectory on the surface of the
racks to obtain the so-called scanning trajectory (xsc(t), ysc(t)),
which is utilized to compute occlusion between the UAV and the
rack at any time t.

Occlusion Model: Our learned model foc takes in a vehicle
and a moving target point along with the obstacle point cloud to
predict the occlusion between the two. Thus, it can predict the
occlusion of the LoS between UAV-UGV. Either can be the vehi-
cle of interest, while the other can be treated as the moving target
point. We use foc to compute the occlusion between UAV and
the rack by assuming xsc(t), ysc(t) as the moving target point.

B. Related Works

Warehouse inventory using UAVs: Authors in [8] present a fast
planning approach for a UAV to perform a warehouse inventory
task. Their method makes use of several high-resolution cameras
along with a 3D LiDAR. Furthermore, it requires prior map
building of the environment. Likewise, authors in [9] present a
navigation system for a UAV in a warehouse-like environment
that requires a UAV equipped with two LiDARs and an RGBD
camera. Although the use of a single UAV is more convenient,
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it leads to a bigger form factor, as the UAV would need to have
sensors like RGBD cameras and LiDARs on board for navigation
and localization purposes. In addition, onboard sensing and
computing can also reduce the flight time of the UAV.

In contrast, our cooperative navigation setting allows the UGV
to do the heavy lifting in terms of sensing and planning for both
itself and the UAV. As a result, UAVs with just a monocular
camera can be used for scanning tasks. Moreover, our approach
directly works with point clouds and does not require a prior
map of the environment.

Cooperative Navigation: Authors in [10] propose a tethered
UAV-UGV cooperative system for extended search and rescue
missions. Likewise, the work in [11] presents a UAV-UGV
system for exploration in confined environments coupled with
a wire. In both of the works, the wire is used to match the flight
time of the UAV with the UGV. However, having a physical
coupling between the UAV and UGV limits the agility and
maneuverability of the UAV. Our VACNA approach allows the
UAV and UGV to maintain the visibility of each other with
no physical connection. In some cooperative approaches, the
responsibility of maintaining the visibility is taken by only one
vehicle. Authors in [5] show an exploration scenario where a
UAV traverses the environment while another UAV maintains
visibility and avoids occlusion of their LoS. However, we show
in IV-F that maintaining occlusion-free LoS becomes chal-
lenging in more cluttered environments if the vehicles do not
share the responsibility of avoiding occlusions. Our proposed
work is also related to [12] where a larger UAV equipped with
LiDAR guides a smaller UAV with lesser sensing and compute.
However, unlike our work, [12] does not address the challenge
of preventing occlusions in obstacle-rich environments.

III. MAIN ALGORITHMIC RESULTS

A. Trajectory Parametrization

Optimizers like CEM typically operate by sampling in the
space of trajectory waypoints [13] or control inputs [14]. We
adopt a different approach, wherein we parametrize the trajec-
tories in the space of Berenstein polynomials in the following
form:

[xr(t1), .. , xr(tm)] = Wcx,r, [yr(t1), .. , yr(tm)] = Wcy,r,
(5)

[xg(t1), .. , xg(tm)] = Wcx,g, [yg(t1), .. , yg(tm)] = Wcy,g,
(6)

where W is a matrix formed with a time-dependent polynomial
Bernstein-basis function. The vectors cx,r, cy,r cx,g, cy,g are
the coefficients of the polynomial for the UAV and the UGV,
respectively. The derivatives are also defined in terms of Ẇ,Ẅ.
We define ξr = (cx,r, cy,r) and ξg = (cx,g, cy,g) for later de-
velopments.

The polynomial representation has the following advantages.
First, a long trajectory (≈ 100 steps) can be defined in terms
of a handful of coefficients (≈ 22). This in turn reduces the
dimensionality of the CEM optimization. Second, it ensures that
any randomly generated samples ofξr, ξg lead to continuous and
differentiable trajectories.

Using (5) and (6) the following compact representations can
be derived for (1)–(2e).

min
ξr,ξg

1

2
ξTr w1Qξr + w2

∥∥foc(ξr, ξg)∥∥1

+ w3 ‖foc(ξr,xsc,ysc)‖1 (7)

Aeqξr = beq,r, Aeqξg = beq,g,

h1(ξr) ≤ 0, h1(ξg) ≤ 0, h2(ξr, ξg) ≤ 0, (8)

Aeq =

[
A 0

0 A

]
,A =

[
W0|Ẇ0|Ẅ0|Ẇm|Ẅm|

]T
,

beq,(.) =

[
b0,(.)

bf,(.)

]
(9)

Constraints (8) are the matrix representations of (2a) - (2g). The
algebraic form of h1 and h2 can be easily obtained through
substituting (5) and (6) into (2e)–(2g). The vector foc is formed
by stacking the foc at different time instants. The W0,Wm are
the first and the last rows of W. Similar notation follows for
their derivatives.

B. Proposed Optimizer

1) Sequential Minimization With Warm-Start: Jointly solv-
ing (7)–(8) for (ξr, ξg) can be computationally prohibitive. Thus,
we adopt a sequential minimization approach where ξr, ξg are
optimized one at a time. This is summarized in Algorithm 1,
wherein superscript l is used to track the values of variables
across planning steps. For example, lξg represents the value
of the variable obtained at planning step l. While optimizing for
ξg , we only consider the occlusion cost of UAV-UGV LoS, since
there is no requirement for the UGV to maintain the visibility
of the warehouse racks.

As shown in line 3–4 of Algorithm 1, while optimizing for
ξr, we fix ξg at the values obtained in previous step. The
resulting ξr is then fixed in the cost and constraint functions
to optimize over ξg in lines 5. At each optimization step, we
only consider constraints that explicitly depend on the variables
currently being optimized.

We use Algorithm 1 in a receding horizon manner. That is,
at each time instant, we compute optimal trajectories over a
horizon and then UAV/UGV executes a part of it before initiating
a replanning. Under real-time restrictions, we perform only one
or two iterations of Algorithm 1 but leverage the warm-start to
initialize ξg with the optimal values obtained in the previous
planning cycle.

2) CEM-Based Optimization: The optimizations in lines 2–3
and 4–5 in Algorithm 1 over ξr, ξg are solved through a CEM-
based approach. Algorithm 2 shows the process for ξr, where the
left superscript i is used to track variables across the iterations.
For instance, iμ denotes the mean of the sampling distribution
at iteration i. The CEM begins by drawing n samples of ξr
from a Gaussian distribution in line 4. The jth drawn sample is
denoted as ξr,j . An empty list is initialized in line 5 to store the
cost function corresponding to the drawn samples. Lines 7–8
represent the core difference between our CEM and baseline
variants in the existing literature. Herein, ξr,j is projected to
ξr,j to satisfy the boundary conditions and other inequality
constraints. The cost is later evaluated for each of the projected
samples in lines 9–10.w1 − w3 are user-defined weights to trade
off the relative importance of the cost terms. The q samples of
ξr,j that lead to the lowest cost are selected in line 11. These
samples are conventionally called the Eliteset. In line 12, we
fit a Gaussian distribution to this set, and the resulting mean
and covariance will be used for sampling in the next iteration.
Although the above steps are taken to find the solution for the
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Algorithm 1: Sequential Minimization with Warm-Start.

1: Input lξg , at lth planning step.
2: l+1ξr = argmin 1

2ξ
T
r w1Qξr + w2foc(ξr,

l ξg) +
w3foc(ξr,xsc,ysc)

3: �Aeqξr = beq,r,
h1(ξr) ≤ 0, h2(ξr,

l ξg) ≤ 0

4: l+1ξg = argmin 1
2ξ

T
g w1Qξg + w2foc(ξg,

l+1 ξr)
5: �Aeqξg = beq,g ,

h1(ξg) ≤ 0, h2(ξg,
l+1 ξr) ≤ 0

Algorithm 2: CEM-Based Optimization.

UAV, the same procedures apply to those of the UGV. The only
difference is that the UGV’s cost will not have the third term
in line 9, since there is no occlusion requirement between the
UGV and the warehouse racks.

3) Efficient Batch Projection: The projection optimizations
in lines 7–8 of the Algorithm 2 can be done in parallel for each
sample ξr,j . To make this process computationally efficient,
we reformulate the constraints (2c)–(2g) to induce a suitable
structure in the projection optimization. The details are covered
in Appendix VI but we present the core idea here. The main
computation of the projection optimization can be shown to be
equivalent to solving a batch of Quadratic Programs (QP) of the
form (10).

1

2
ξ
T
r,jQ ξr,j + qT

r,jξr,j ,Aeqξr,j = beq,r, (10)

where only the vector qr,j should be recomputed for each batch.
The other matrices Q,Aeq are constant across all the batches.
Therefore, the solution to (10) can be computed in one shot
across all the batches through (11).

[
ξr,j .. ξr,n
νr,j .. νr,n

]
=

constant︷ ︸︸ ︷([
Q AT

eq

Aeq 0

]−1
)[

qr,j .. qr,n

beq,r .. beq,r

]
(11)

Fig. 2. Figure depicts the pipeline for our learned CVAE.

wherein νr,j is the dual-variable associated with the equality
constraints. Irrespective of the batch size, the inverse on the
right-hand side of (11) needs to be computed only once. Thus
the batch solution of (10) reduces to just a large matrix-vector
product that can be trivially parallelized over GPUs.

C. CVAE Initialization

With naive Gaussian initialization, the CEM in Algorithm 2
may require a large batch size and many iterations to converge to
an optimal solution. Thus, in this section, we adopt a data-driven
approach to derive a more informed initialization for the CEM.
In particular, we derive a Behaviour Cloning (BC) framework to
learn a policyπθ that maps state observationso and LiDAR point
clouds c to a distribution over optimal trajectory coefficients for
UAV/UGV, ξ∗ = (ξ∗r, ξ

∗
g). The observations o have information

about the positions and velocities of the UAV/UGV.
We model πθ as a probabilistic generative model in the form

of CVAE [15]. To train our model, we assume access to a dataset
with different samples of (o, c) and their corresponding expert
demonstration trajectories τ e.

Our CVAE model, illustrated in Fig. 2, consists of an encoder-
decoder architecture augmented with PointNet [16] to extract
features o from unstructured and unordered LiDAR point clouds
c. The learnable parameters of PointNet are represented as ω.
We stack the features from PointNet and state observations to
create an augmented vector oaug = (o,o), which is then fed
to an encoder MLP along with the expert trajectory τ e. The
encoder compresses this information to a latent variable z with
distribution qφ(z|oaug, τ e) = N (μφ, diag(σ

2
φ))

The decoder model consists of an MLP with parameters θ and
a differentiable optimization layer. It takes in oaug and maps z
∼ qφ(z|oaug, τ e) to the output distributionπθ(ξ

∗|z,oaug) over
the optimal trajectory coefficients. The role of the optimiza-
tion layer is to project the UAV/UGV coefficient distribution
resulting from the MLP to the vehicles’ current positions and
velocities. Thus, the optimization layer is simply a differentiable
equality-constrained QP. Both the encoder and decoder along
with PointNet are trained in an end-to-end fashion using the loss

function presented in (12), where W=

[
W 0

0 W

]
(recall (5)–(6)).

The first term is called the reconstruction loss and aims to make
the trajectory predicted by the CVAE as close as possible to
the expert trajectory. The second term aims to make the latent
distribution very similar to an isotropic GaussianN (0, I), where
I is the identity matrix.

min
∑∥∥Wξ∗ − τ e

∥∥2
2
+ β DKL[qφ(z |oaug, τ e) | N (0, I)]

(12)
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The back-propagation, required for updating the parameters
(ω,φ,θ), traces the gradient with respect to the loss function
through the QP layer. In the inference phase, we draw sam-
ples from N (0, I) (instead of qφ(z|oaug, τ e)) and then pass
them through the decoder network to generate a distribution
over optimal trajectory coefficients ξ∗, conditioned on state
observations o and point clouds c. The β hyper-parameter acts
as a trade-off between the two cost terms. We tackle the KL-
vanishing issue by applying a monotonic annealing schedule of
β hyper-parameter [17], starting with 0 and gradually annealing
the β at optimizer step.

IV. VALIDATION AND BENCHMARKING

A. Implementation Details

Algorithms 1 and 2 are implemented in Python using JAX [18]
library as our GPU-accelerated linear algebra back-end. The
polynomial matrix W is constructed from a 10th order poly-
nomial. Our simulation pipeline is built on top of Robot Oper-
ating System (ROS) [19] and the physics simulator Gazebo.
The benchmarks are run on AORUS Laptop with Intel core
i7− 11800H and NVIDIA RTX 3080. For the real-world ex-
periments, Parrot Bebop 2 and Robotont robot [20] are used. We
use the learned occlusion model from [7] that takes in a robot and
a target and obstacle positions as inputs and outputs an occlusion
value. Thus, this model is evaluated over the UAV-UGV pair and
between the UAV and the moving point of interest on the spec-
ified warehouse rack. The expert demonstration to learn CVAE
was collected through teleoperation. The network architecture
is presented in the accompanying video.

A Model Predictive Control (MPC) pipeline is developed
on top of our optimizer. It takes the UGV and UAV’s current
positions and velocities as feedback along with LiDAR point
clouds and generates occlusion-free trajectories for both vehicles
in real-time. We do not use any warm-starting for our CEM
optimizer in Algorithm 2.

1) Hyper-Parameter Selection: The batch size n of CEM in
Algorithm 2 is 100 and we choose top 20 of them as the EliteSet
in each iteration. We scale the smoothness and occlusion weights
to obtain a trade-off between fluent motion and occlusion avoid-
ance. It is worth mentioning that this scaling is kept the same
throughout all the experiments.

2) Metrics: The following metrics are utilized for bench-
marking:

UAV-UGV Occlusion Time: The total time the UAV and
UGV’s line of sight is occluded by the obstacles.

UAV-Rack Occlusion Time: The total time during which UAV
cannot scan the racks due to the occlusions stemming from the
obstacles.

Acceleration: This metric measures how fast the UAV and
UGV change their speed during experiments.

Computation Time: The time taken to compute the optimal
trajectories for the UAV and UGV.

Normalized Distance Traversed: The distance traveled before
the occurrence of any collisions divided by the total distance of
that particular experimental run.

B. Gaussian and CVAE Initialization

In this subsection, we present a qualitative demonstration of
Algorithm 2 for both Gaussian and learned CVAE initializations.
Fig. 3 represents the top-down view of a typical warehouse
inventory scenario where the UAV needs to scan the racks

Fig. 3. Our CEM optimizer Algorithm 2 with naive Gaussian and learned
CVAE initialization. The latter produces distribution more focused around
regions that are collision-free and maintain UAV-UGV and UAV-rack visibility.

Fig. 4. Figure shows the comparison of different metrics of our optimizer
when it is warm-started with Gaussian sampling and CVAE. Occlusion time
refers to combined UAV-UGV and UAV-rack occlusion time.

while following the reference trajectory (black) and avoiding
the obstacles (gray). Thus, both UAV and UGV need to avoid
the obstacle from the bottom so that the UAV can keep seeing the
rack and ensure that the UAV-UGV LoS is not occluded. As can
be seen in Fig. 3, both initializations work but the learned CVAE
initialization is more concentrated towards the feasible region
from the very first iteration. As a result, the CVAE initialization
leads to faster convergence.

C. Effect of CVAE

Here, we quantify the effect of initializing our CEM-based
optimizer with a learned CVAE distribution vis-a-vis Gaussian.
The results of different metrics are shown in Fig. 4. The CVAE
initialization can match the performance of the Gaussian variant
with 1/5th of the batch (sample) size and fewer iterations. This,
in turn, allows the CVAE variant to run on embedded devices
such as NVIDIA Jetson Xavier with a computation time of
0.09 s. It is important to point out two additional experimental
details. First, during our experiments with Jetson Xavier, the
entire Gazebo simulation pipeline and our optimizer ran on
the embedded board. Second, we allocated only 50% of the
available GPU memory to our optimizer using JAX’s internal
parameters. Both these experimental settings give a reliable
indication that Algorithm 2 for both UAV and UGV can run in
real-time alongside another software stack for perception, state
estimation, etc.

D. Comparison With SOTA Sampling Based Optimizers

In this subsection, we compare our Algorithm 2 with Gaussian
and CVAE initializations with the following baselines.
� CEM: This is the most popular optimizer for planning with

learned neural-network models such as our occlusion cost
(e.g. see [14]). We recall that our Algorithm 2 improves
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TABLE II
COMPUTATION TIME COMPARISON OF A* PLANNERS

TABLE III
OVERALL DISTANCE TRAVELED / SIM. TIME: 1045.2 M / 1628 S

CEM by augmenting a projection optimization and thus,
this comparison essentially presents the benefit of the said
augmentation.

� CMA-ES: This sampling-based optimizer differs from
CEM in the way it adapts the covariance matrix of the
sampling distribution. We use the customization of CMA-
ES proposed in [6] and re-implemented it with the JAX
GPU accelerated library [21].

The results are summarized in Table III. The UAV-rack and
UAV-UGV occlusion times achieved for the baseline CEM with
100 batch size were 15.4 and 290.5 seconds, respectively. These
figures decreased considerably to 10.2 and 25.7 seconds when
the batch size increased to 400. CMA-ES, expectedly performed
better than CEM on the occlusion time metric. In fact CMA-ES
with a batch size of 250 outperformed CEM operating with a
batch size of 400. Our projection-augmented CEM of Algo-
rithm 2 with Gaussian initialization and the batch size of 100
outperformed both CEM and CMA-ES on the occlusion time
metric. When warm-started with the learned CVAE initializa-
tion, Algorithm 2 could achieve the same performance with a
batch size of only 20.

The normalized distance metric exhibits the same trends for
all the baselines and our approach. Both CEM and CMA-ES
require a large batch size to reach the mean normalized distance
of around 0.95. In contrast, our Algorithm 2 with both Gaussian
and CVAE initializations achieve the perfect value of 1 in the
runs across all the benchmark environments.

Our optimizer, Algorithm 2, however, used more acceleration
effort than both CEM and CMA-ES to adapt the motions quickly
to unforeseen obstacles. Both CEM and CMA-ES required more
iterations to obtain a feasible solution. This coupled with a larger
batch size make their computation times two to five times that
of our Algorithm 2.

Fig. 5. Comparison of trajectories generated for UAV and UGV using A* and
our optimizer presented in Algorithm 2.

Fig. 6. (a)–(c) Show an experiment demonstrating the importance of having
an occlusion cost between the UAV and the rack. Fig. (b) shows the result when
the UAV’s FoV is occluded due to absence of the occlusion cost. Fig. (c) shows
how adding the occlusion cost makes the vehicles overtake the obstacle from
the bottom to maintain the rack’s visibility.

E. Comparison With A∗ Planners

Here, we compare our approach with A∗-based planning.
More specifically, we retain the sequential optimization frame-
work of Algorithm 1 but replace the projection augmented CEM
of Algorithm 2 with an A∗-based approach. We gave the end
point of the reference trajectory as the goal point for both UAV
and UGV. The qualitative results are summarized in Fig. 5. As
shown, the A∗ planner can find the correct occlusion-free homo-
topy for collision avoidance. However, the main difference from
our optimizer lies in the computation time. The improvement
provided by our approach is particularly stark while planning
over longer horizons, which is indeed critical while navigating
in unknown environments. Furthermore, the A∗-computed tra-
jectories need additional smoothing. In contrast, our approach
directly produces the smooth velocity commands that can be
executed on the UAV and UGV.

The difference in the computation time can be explained
in the following manner. A∗ performs an incremental search
over a discretized grid representation of the workspace and thus
requires several sequential queries of occlusion and tracking
costs. The latter is particularly computationally expensive. In
contrast, our optimizer performs a more focused search along
smooth trajectories. Moreover, cost computation along all the
sampled trajectories is parallelized over GPUs.

F. Ablation Studies

1) Importance of Occlusion Cost With Respect to Racks:
This section studies the importance of incorporating the UAV-
rack occlusion cost (foc(pr(t),psc(t)) presented in (1). As
shown in Fig. 6(a)–(c), not including this occlusion cost, makes
the UAV-UGV pair choose a homotopy that obstructs the view
of the warehouse racks. We further quantify this behavior in
Table IV. The simulation benchmarks spanned approximately
1890 seconds, covering a total distance of 1508.4 meters with
10 different obstacle configurations. As shown, having no rack
occlusion cost results in 140.4 seconds where obstacles occlude
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TABLE IV
DISTANCE TRAVELED / SIM. TIME : 1508.4 M / 1890 S

TABLE V
OEVRALL DISTANCE TRAVELED / SIM. TIME : 1508.4 M / 1890 S

the UAV’s view of the racks. In contrast, when UAV-rack oc-
clusion cost is introduced to the optimizer, the vehicles finish
the scanning task perfectly. In both cases, the vehicles finish the
runs with zero collisions.

2) Importance of Incorporating Occlusion Costs for Both
UAV and UGV: In a cooperative navigation setting, authors
in [5] recommend putting the complete responsibility of keep-
ing the inter-vehicle LoS occlusion-free on either of the
vehicles. Mathematically, it means that LoS occlusion cost
foc(pr(t),pg(t)) appears for either UGV or UAV but not both.
In this subsection, we test this hypothesis for our problem setting.
We ran all the ablations across the same benchmark scenarios
as in Section IV-F1. The quantitative results are presented in
Table V. We present the qualitative results in the accompanying
video. As shown, it is not possible for either UAV or UGV to
single-handedly take care of occlusions and both vehicles need
to cooperate (or include foc(pr(t),pg(t)) in their optimization)
to maintain perfect occlusion and collision-free task execution.

V. CONCLUSIONS, LIMITATIONS, AND FUTURE WORK

We presented VACNA, a motion planning algorithm for a
UAV to scan warehouse racks under the guidance of a UGV. The
latter can carry more sensing and computing hardware and plan
for both the UAV and itself, provided it can keep the UAV in its
field of view. Thus, VACNA characterizes a trajectory optimiza-
tion problem with a carefully constructed set of cost and con-
straint functions to achieve this. We performed extensive simula-
tions in a high-fidelity simulator to show how each of these func-
tions affects the cooperative navigation and fulfillment of the
scanning task. We also developed a projection-augmented CEM
for solving the optimization underpinning VACNA and showed
its improvement over the vanilla CEM and CMA-ES. Finally,
we proposed a CVAE model learned from expert demonstrations
that can be used to warm-start the CEM and results in a massive
improvement in sample complexity and computation time.

Our work can be easily extended to a general cooperative
navigation task and we present some preliminary results in this
regard in the accompanying video. We are also looking to extend
VACNA to a single-UGV-multi-UAV setting.

One of the limitation of our approach is that the CVAE
initialization can get trapped in local minima due to its low
variance. One workaround is to append some high-variance
Gaussian samples to the ones drawn from the CVAE.

APPENDIX

In this section, we provide a more in-depth analysis of the
projection optimization in lines 7–8 of Algorithm 2. We extend
the derivations in [7] to the cooperative navigation setting. In
particular, the collision avoidance and the UAV-UGV separation
constraints are new additions to the optimizer presented in [7].

We begin by reformulating the inequality constraints (2c)–
(2g) by noting that in lines 7–8, we have access to the optimal
UGV trajectory coefficients lξg from the previous planning step.
In other words, the waypoints lpg = (lxg(t),

lyg(t)) for the
UGV are known. For notational simplicity, in the following,
we drop the superscript l.

We reformulate the quadratic collision constraints (2e) into
the following polar form.

fo,i = 0, do,i ≥ 1, ∀i (13)

fo,i =

{
xr(t)− xi(t)− ado,i(t) cosαo,i(t)
yr(t)− yi(t)− ado,i(t) sinαo,i(t)

}
, (14)

where αo,i(t) represents the angle that the vector connecting
the UAV centre and the ith obstacle makes with the X axis. The
variable do,i(t) denotes the normalized magnitude of this vector.
It can be easily verified that satisfaction of (13) ensures the
satisfaction of original constraints (2e) based on the Euclidean
distance.

Following a similar approach, constraints (2c)–(2d) and (2f)–
(2g) can be reformulated to the forms (15)–(18).

fv = 0, dv(t) ≤ vr, (15)

fa = 0, da(t) ≤ ar, (16)

flos = 0, slos ≤ dlos(t) ≤ slos, (17)

fref = 0, sref ≤ dref (t) ≤ sref , (18)

fv =

{
ẋr(t)− dv(t) cosαv(t)
ẏr(t)− dv(t) sinαv(t)

}
, (19)

fa =

{
ẍr(t)− da(t) cosαa(t)
ÿr(t)− da(t) sinαa(t)

}
, (20)

flos =

{
xr(t)− xg(t)− dlos(t) cosαlos(t)
yr(t)− yg(t)− dlos(t) sinαlos(t)

}
, (21)

fref =

{
xr(t)− xref (t)− dref (t) cosαref (t)
yr(t)− yref (t)− dref (t) sinαref (t)

}
(22)

Remark 1: αo,i, αlos(t), αref (t), αv(t), αa(t), do,i, dlos(t),
dref (t), dv(t), and da(t) are extra variables that will be obtained
by our batch projection optimizer along with ξr,j .

Reformulation of Projection: Using the formulation devel-
oped in the previous section and the parametrizations in (5)–(6),
we can replace the projection optimization in lines 7–8 of
Algorithm 2 with the following:

min
ξr,j

1

2

∥∥ξr,j − ξr,j
∥∥2
2

(23a)

Aeqξr,j = beq,r (23b)

Fξr,j = ej(αj ,dj), d ≤ dj ≤ d (23c)
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F =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎡
⎢⎢⎢⎢⎢⎢⎣

Fo

Ẇ

Ẅ

W

W

⎤
⎥⎥⎥⎥⎥⎥⎦ 0

0

⎡
⎢⎢⎢⎢⎢⎢⎣

Fo

Ẇ

Ẅ

W

W

⎤
⎥⎥⎥⎥⎥⎥⎦

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, e =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

xo + ado,j cosαo,j

dv,j cosαv,j

da,j cosαa,j

xg + dlos,j cosαlos,j

xref + dref,j cosαref,j

yo + ado,j sinαo,j

dv,j sinαv,j

da,j sinαa,j

yg + dlos,j sinαlos,j

yref + dref,j sinαref,j

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(24)

αj = (αo,j ,αlos,j ,αref,j ,αv,j ,αa,j) (25)

dj = (do,j ,dlos,j ,dref,j ,dv,j ,da,j) (26)

The matrix Fo is obtained by stacking the matrix W from (5)
as many times as the number of obstacles in the point cloud
for collision avoidance at a given planning cycle. The vectors
xo,yo are formed by appropriately stacking xo,i(t), yo,i(t) at
different time instants. Similar construction is followed to ob-
tainαo,αlos,αref ,αv,αa,do,dlos,dref ,dv,da. The vectors
d,d are constructed by stacking the lower and upper bounds of
individual d’s from (13)–(22).

The subscript j signifies that (23a)–(23c) are defined for
projection of the jth sample of ξr,j . In total, there would be n
such optimization problems. Second, the constraints (23c) serve
as the replacement for h1(ξr,j) ≤ 0 and h2(ξr,j ,

l ξg) ≤ 0 in
line 8 of the Algorithm 2

1) Solution Process: We relax the non-convex equality con-
straints (23c) as l2 penalties and augment them into the projec-
tion cost (23a).

L (ξr,j) =
1

2

∥∥ξr,j − ξr,j
∥∥2
2
− 〈λj , ξr,j

〉
+

ρ

2

∥∥Fξr,j − e(αj ,dj)
∥∥2
2

(27)

Note the introduction of the so-called Lagrange multipliers λj .
These play a crucial role in driving the residuals to zero for any
arbitrary ρ [22].

We apply Alternating Minimization to minimize (27) subject
to (23b). It reduces to the following recursive steps, wherein the
left superscript k is used to track the values across iterations.

k+1ξr,j = argmin
ξr,j

L(ξr,j , kαj ,
kdj), s.t Aeqξr,j = beq,r

(28a)

k+1αj = argmin
αj

L (k+1ξr,j ,αj ,
kdj

)
(28b)

k+1dj = argmin
dj

L (k+1ξr,j ,
k+1αj ,dj

)
(28c)

Essentially, we optimize only one variable amongst ξr,j , αj ,
and dj , while the other two are held fixed at the previous update.
Minimization (28a) is a convex QP with the same structure as
(10), with Q = I+ ρFTF, qr,j = −ρFT kej − kλj . Thus, the
solution across the entire batch can be calculated in parallel using
(11). The steps (28b) and (28c) have a closed-form solution that
can be trivially batched [7].

The projection operator can be trivially extended to the UGV
case. It will be used in line 4 of Algorithm 1 for optimizing UGV
trajectory with CEM of Algorithm 2.
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