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Abstract— This paper addresses multi-robot informative path
planning (IPP) for environmental monitoring. The problem
involves determining informative regions in the environment
that should be visited by robots to gather the most information
about the environment. We propose an efficient sparse Gaussian
process-based approach that uses gradient descent to optimize
paths in continuous environments. Our approach efficiently
scales to both spatially and spatio-temporally correlated envi-
ronments. Moreover, our approach can simultaneously optimize
the informative paths while accounting for routing constraints,
such as a distance budget and limits on the robot’s velocity
and acceleration. Our approach can be used for IPP with
both discrete and continuous sensing robots, with point and
non-point field-of-view sensing shapes, and for both single and
multi-robot IPP. We demonstrate that the proposed approach
is fast and accurate on real-world data.

I. INTRODUCTION

Environmental monitoring requires estimating the current
state of phenomena, such as temperature, precipitation, ozone
concentration, soil chemistry, ocean salinity, and fugitive gas
density ([1], [2], [3], [4]). Robots can achieve this with
informative path planning (IPP). The IPP problem requires
strategically determining the regions from which to collect
data and the order in which to visit the regions to efficiently
and accurately estimate the state of the environment, given
finite resources such as the number of robots and battery life.

The IPP problem has been studied in numerous scenarios:
persistent ocean monitoring with underwater gliders [5], in-
formation gathering on three-dimensional mesh surfaces for
inspection tasks [6], localizing gas sources in oil fields [4],
and active learning in aerial semantic mapping [7].

Most IPP approaches implicitly assume that the environ-
ment is correlated ([5], [1], [8], [9], [2], [10]). Similarly, we
consider IPP problems for environments that are correlated
either spatially or spatio-temporally and present an efficient
approach that leverages such correlations.

Existing discrete optimization based IPP methods have
discretization requirements that limit them to relatively small
problems ([1], [2]), making them infeasible for large spatio-
temporal environments. Additionally, incorporating routing
constraints, such as a distance budget and limits on the
robot’s velocity and acceleration, significantly increase the
problem size when using discrete optimization.

Furthermore, modeling informative paths in continuous
domains with potentially continuous sensing robots is a non-
trivial problem. The problem is usually addressed using op-
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timization methods such as genetic algorithms and Bayesian
optimization ([9], [10], [11], [12]). These methods select
sensing locations that maximize mutual information (MI)
computed using Gaussian processes [13]. But these opti-
mization methods are computationally expensive and rely
on computing MI, which is also expensive (O(n3), where
n is the discretized environment size). A few approaches
have even considered multi-robot IPP ([14], [9]) but they
are also inherently limited by the scalability issues of prior
IPP approaches.

Motivated by the above limitations of prior IPP ap-
proaches, we present a method that can efficiently generate
both discrete and continuous sensing paths, accommodate
constraints such as distance budgets and velocity limits,
handle point sensors and non-point FoV sensors, and handle
both single and multi-robot IPP problems. Our approach
leverages gradient descent optimizable sparse Gaussian pro-
cesses to solve the IPP problem, making it significantly
faster compared to prior approaches and scalable to large
IPP problems1.

II. RELATED WORK

The Informative Path Planning (IPP) Problem is known to
be NP-hard [15]. Therefore, only suboptimal solutions can
be found for most real-world problems. Numerous IPP meth-
ods select utility functions that are submodular ([16], [14],
[17], [1]). Submodular functions have a diminishing returns
property that can be leveraged to get good approximation
guarantees even when optimized using greedy algorithms.

Many IPP approaches use mutual information (MI), an
information metric that is submodular [13], as the optimiza-
tion objective. The methods compute MI using Gaussian pro-
cesses with known kernel parameters. But MI requires one
to discretize the environment, thereby limiting the precision
with which the sensing locations can be selected. Also, MI
is computationally expensive (O(n3), where n is the number
of locations in the discretized environment). Singh et al. [18]
proposed a recursive-greedy algorithm that maximized MI.
The approach addressed both single and multi-robot IPP.
Ma et al. [2] solved the IPP problem by maximizing MI
using dynamic programming and used an online variant of
sparse Gaussian processes for efficiently learning the model
parameters. Bottarelli et al. [19] developed active learning-
based IPP algorithms with a complexity of O(|D|5), where
D is the discretized data collection space.

1Our code is available at
https://github.com/itskalvik/SGP-Tools

2024 IEEE International Conference on Robotics and Automation (ICRA 2024)
May 13-17, 2024. Yokohama, Japan

979-8-3503-8457-4/24/$31.00 ©2024 IEEE 12382



Hollinger and Sukhatme [8] presented IPP algorithms
for continuous spaces that maximized MI using rapidly-
exploring random trees (RRT) and derived asymptotically
optimal guarantees. Miller et al. [20] addressed continuous-
space IPP with known utility functions using an ergodic
control algorithm. Hitz et al. [9] and Popovic et al. [12]
developed IPP approaches that could optimize the sensing
locations in continuous spaces by optimizing any utility
function. The approaches used a B-spline to parametrize a
path and maximized the utility function (mutual information)
using a genetic algorithm. Some authors even leveraged
Bayesian optimization [10], [11] to find informative paths
in continuous spaces. However, similar to discrete optimiza-
tion and genetic algorithm based approaches, the method
was computationally expensive and limited the approach’s
scalability. Mishra et al. [21] addressed IPP using dynamic
programming, but the approach utilized variance as the
information metric, which can be computed quickly but is
not as informative as mutual information.

A closely related problem is the correlated orienteering
problem (COP), in which one has to plan a path that
maximizes the information gain in a correlated environment
while restricting the path to a given distance budget [22].
Agarwal and Akella [23] addressed COP for both point
locations and 1D features using quadratic programming.

Recently, Rückin et al. [24] leveraged deep reinforcement
learning (DRL) to address the IPP problem. However, it
requires significant computational resources to simulate a
diverse set of data and train the RL agent.

III. MULTI-ROBOT INFORMATIVE PATH PLANNING

We consider a spatially (or spatiotemporally) correlated
stochastic process over an environment V ⊆ Rd representing
a phenomenon such as temperature. We have r robots and
must find the set P of r paths, one for each robot, so that
the data from the phenomenon collected at these locations
is sufficient to accurately estimate the phenomenon at every
location in the environment. We use the root-mean-square
error (RMSE) of the estimates as the measure of accuracy.
Since we cannot directly minimize the RMSE, we formulate
this problem as one where we want to find the paths P that
maximize the information I (i.e., any function that is a good
proxy for accuracy and can be computed without the ground
truth labels). Moreover, we also consider constraints C such
as distance budget and velocity limits on the paths:

P∗ = argmax
{Pi∈ψ,i=1,...,r}

I(∪ri=1SAMPLE(Pi)),

s.t. Constraints(Pi=1,...,r) ≤ C
(1)

Here ψ is the space of paths contained within the environ-
ment V , and the SAMPLE function returns the sensing points
along a path Pi. When considering discrete sensing robots,
each path is constrained to have only s sensing locations. In
a continuous sensing model, the SAMPLE function returns
all the points along the path, which are used to compute
the integral of the information collected along the path. In
addition, we also consider point sensors such as temperature

probes, and non-point sensors that can have any field-of-
view (FoV) shape such as a thermal vision camera with a
rectangular FoV.

IV. PRELIMINARIES

A. Sparse Gaussian Processes

Gaussian processes (GPs) [25] are one of the most popular
Bayesian approaches. The approach is non-parametric, and
its computation cost depends on n, the size of the training
set. The approach’s computation cost is dominated by an
expensive O(n3) matrix inversion operation on the n × n
covariance matrix, which limits the approach to relatively
small datasets that have less than 10, 000 samples.

The computational cost issues of GPs have been addressed
by multiple methods [26], [27], [28], [29], collectively
referred to as sparse Gaussian processes (SGPs). The ap-
proaches entail finding a sparse set of m samples called
inducing points (m ≪ n), which are used to support the
Gaussian process. Since there are fewer samples in the new
GPs, these approaches reduce the covariance matrix that
needs to be inverted to an m ×m matrix, whose inversion
is an O(m3) operation.

The most well-known SGP approach in the Bayesian
community is the variational free energy (VFE) based ap-
proach [27]. It is a variational approach that is robust to over-
fitting and is competitive with other SGP approaches. The
approach maximizes the evidence lower bound (ELBO) F
below to optimize the SGP:

F =
n

2
log(2π)︸ ︷︷ ︸
constant

+
1

2
y⊤(Qnn + σ2

noiseI)
−1y︸ ︷︷ ︸

data fit

+
1

2
log |Qnn + σ2

noiseI|︸ ︷︷ ︸
complexity term

− 1

2σ2
noise

Tr(Knn −Qnn)︸ ︷︷ ︸
trace term

,
(2)

where Qnn = KnmK−1
mmKmn. The subscripts of the

covariance terms K represent the variables used to compute
the matrices; for instance m indicates the inducing points
Xm. The training set labels are denoted by y and σnoise is
the data noise variance.

The optimization function F has three key terms—the data
fit, complexity, and trace terms. The data fit term measures
prediction accuracy on the training set data. The complexity
and trace terms do not depend on the training set labels;
instead, they ensure that the SGP-inducing points are well
separated and reduce the SGP’s overall uncertainty about
the training set. When the trace term becomes zero, the SGP
becomes equivalent to a full GP. We refer the reader to Bauer
et al. [30] for further analysis of the VFE-based SGP [27].

B. SGP-based Sensor Placement

In our concurrent work [31], we laid the foundation for
SGP based sensor placement. We showed that any sensor
placement problem can be reduced to a regression prob-
lem that can be efficiently solved using sparse Gaussian
processes. The method also showed that we can train the
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SGP in an unsupervised manner by setting the labels of the
training set and SGP mean to zero, which disables the label-
dependent term of the SGP’s optimization function (Equa-
tion 2). The key advantage of this approach is that it uses
the SGP’s optimization function as the utility function, which
was shown to behave similar to MI while being significantly
cheaper to compute than MI. The sensor placement approach,
outlined in Algorithm 1, entails sampling random unlabeled
points in the sensor placement environment and fitting an
SGP with known kernel parameters to the sampled points.
Once the SGP’s inducing points are optimized, they are
considered the solution sensor placements.

Algorithm 1: Continuous-SGP [31]: SGP-based sen-
sor placement approach. µ is the SGP’s mean, γ is
the SGP learning rate.

Input: Hyperparameters θ, number of sensor
placements s, domain of the environment V

Output: Sensor placements A ∈ V , |A| = s
1 X ∼ U(V) / / Uniformly draw unlabeled locations
2 Xm = RandomSubset(X, s) / / Initialize Xm

/ / Initialize SGP with zero mean and unlabeled dataset
3 φ = SGP(µ = 0, θ,X,y = 0,Xm)
4 Loop until convergence : Xm ← Xm + γ∇φ(Xm)
5 return Xm

V. SGP-BASED IPP

Our SGP based sensor placement approach [31] has two
key properties that are relevant to addressing the informative
path planning (IPP) problem. First, the SGP approach can
generate solution sensor placements for both discrete and
continuous environments. Second, the approach is able to
obtain sensor placement solutions on par with the ones
obtained by maximizing mutual information (MI) but with
significantly reduced computational cost.

However, the SGP based sensor placement approach does
not consider the order in which the sensing locations are
visited. Indeed, in IPP, we need to specify the order in which
the sensing locations are visited and potentially also consider
other constraints on the path, such as distance budget and
velocity limits.

In the following, we first detail our approach to address
the visitation order issue of the SGP based sensor placement
approach for single-robot IPP. Then we explain how to
impose routing constraints, such as a distance budget and
velocity limits. After this, we generalize our approach to
handle multi-robot IPP, and then finally address continuous
sensing along the paths and modeling non-point FoV sensors.

A. Single-Robot IPP

We address the visitation order issue in spatially correlated
environments by leveraging a travelling salesperson problem
(TSP) solver [32]. In the most fundamental version of
the single-robot IPP problem, we need not consider any
constraints on the travel distance. Therefore, we first obtain

s sensor placement locations using the SGP approach and
then generate a path P that visits all the solution sensing
locations by (approximately) solving the TSP, modified to
allow for arbitrary start and end nodes:

Xm = Continuous-SGP(θ,V, s)
Xm = TSP(Xm) .

(3)

In spatio-temporally correlated environments, we do not
even have to solve the TSP. This is because the generated
solution sensor placements have an inherent visitation order
since they span both space and time. However, such an
approach could generate solutions that cannot be traversed
by real-world robots with restrictions on their dynamics. The
approach can handle a distance constraint if allowed to drop
a few locations from the selected sensing locations, but it
would do that without accounting for the information lost
by dropping sensing locations. Therefore, we must develop
a more sophisticated approach to address real-world IPP
problems that have constraints such as a distance budget and
velocity limits.

We do this by leveraging the differentiability of the SGP’s
optimization objective F (Equation 2) with respect to the
inducing points Xm. The inducing points of the SGP Xm,
which we consider as the sensing locations, are used to
compute the covariance matrix Kmm, which is in turn
used to compute the Nyström approximation matrix Qnn

in the objective function F . We can impose constraints
on the sensing locations by adding differentiable penalty
terms dependent on the inducing points Xm to the objective
function F . Such an objective would still be differentiable
and can be optimized using gradient descent.

We use the above method to impose constraints on even
the solution paths. We do this by first solving the TSP on
the SGP’s initial inducing points Xm and treating them as an
ordered set, which gives us an initial path that sequentially
visits the inducing points. We then augment the SGP’s objec-
tive function F with differentiable penalty terms that operate
on the ordered inducing points for each path constraint and
optimize the SGP to get the solution path. For instance, we
can formulate the distance budget constraint as follows:

F̂ = F − αReLu(PathLength(Xm)− c) ,
where ReLu(x) = max(x, 0) .

(4)

Here, PathLength is a function to obtain the total travel
distance of the path that sequentially visits each of the
inducing points Xm (treated as an ordered set) and α is
a weight term used to scale the distance constraint penalty
term. The ReLu function ensures that F remains unchanged
if the path length is within the distance budget c and
penalizes it only if the length exceeds the distance budget.

Similarly, we can accommodate additional constraints on
the route, such as limits on the velocity and acceleration. In
addition, we can trivially set predefined start and end points
for the paths by freezing the gradient updates to the first and
last inducing points of the SGP.
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B. Multi-Robot IPP

We now address the multi-robot IPP problem. This is
achieved by increasing the number of inducing points in the
SGP. If we have r robots and need paths with s sampling
locations each, we sample rs random points from the en-
vironment and find r paths by solving the vehicle routing
problem (VRP, [33]). After resampling the paths so that each
path has s points, this yields an ordered set with rs sensing
locations that form the r initial paths. We initialize the SGP
with these rs points as the inducing points. We then add the
path constraints that operate on each path to the objective
function F and optimize the SGP to get the set of r solution
paths P . The approach is shown in Algorithm 2. For spatio-
temporal environments, we can also decouple the spatial and
temporal inducing points to further reduce the computational
cost of our approach and ensure that it has optimal waypoint
assignments (see the Appendix [34]).

Algorithm 2: SGP-IPP: Multi-Robot IPP approach.
µ is the SGP’s mean, γ is the SGP learning rate, and
VRP is the vehicle routing problem solver.

Input: Hyperparameters θ, domain of the
environment V , number of waypoints s,
number of robots r, path constraints C

Output: P = {Pi|Pi ∈ V, |Pi| = s, i = 1, ..., r}
1 X ∼ U(V) / / Uniformly draw unlabeled locations
2 Xm = RandomSubset(X, rs) / / Initialize Xm

3 Xm = VRP(Xm) / / Get set of initial paths P
4 / / Add constraints to the SGP’s optimization function F
5 F̂ = F − α(Constraints(Xm)−C)
6 / / Initialize SGP with the ordered inducing points

7 φ = SGP(µ = 0, θ,X,y = 0,Xm, F̂)
8 Loop until convergence : Xm ← Xm + γ∇φ(Xm)
9 return Xm

C. IPP for Continuous and Non-point FoV Sensing Robots

Our approach so far has only considered discrete sensing
robots with point sensors. However, there are instances where
we require robots to continuously sense along their paths, or
to utilize sensors such as cameras with non-point fields of
view (FoV). While continuous and non-point FoV sensing
robots can use paths optimized for discrete sensing robots
with point sensors, explicitly optimizing paths for continuous
and non-point FoV sensing robots is likely to yield more
informative paths.

A naive approach to modeling continuous sensing robots
is to use a large number of inducing points. However, such an
approach would limit scalability due to the cubic complexity
of SGPs with respect to the number of inducing points.
Additionally, it cannot handle non-point FoV sensors, as even
if the additional inducing points are initialized to match the
sensor’s FoV, they would not retain the FoV shape after
optimization. A key advantage of generalizing the SGP-
based sensor placement approach [31] to IPP is that we can
leverage the properties of GPs and SGPs [25], [35], [26],
[27]. We describe two such properties and how they can
be used to address IPP for continuous and non-point FoV
sensing robots.

First, we utilize the property that the inducing points of
SGPs can be transformed with any non-linear function and
still be optimized using gradient descent. We can employ
such transformations to approximate the information along
solution paths. To achieve this, we parameterize the m
inducing points of the SGP as the sensing locations for a
discrete point sensing robot’s path. Then, we apply a transfor-
mation—the expansion transformation Texp—to interpolate p
additional points between every consecutive pair of inducing
points that form the robot’s path Xmp = Texp(Xm), resulting
in mp inducing points (actually (m− 1)p points, denoted as
mp to simplify notation). We then utilize the mp inducing
points Xmp to compute the SGP’s objective function F̂
with path constraints. Note that the interpolation operation
is differentiable, enabling us to compute gradients for the m
inducing points Xm. This approach enables us to consider
the information gathered along the entire path.

Next, we leverage the property of GPs that they are closed
under linear transformations [25], [5]. We use the aggregation
transformation Tagg, which aggregates (via averaging) the
SGP’s covariances corresponding to the p inducing points
that approximate the information between every consecutive
pair of waypoints of the path (i.e., the m inducing points),
thereby reducing the size of the covariance matrix from
mp×mp back to m×m. Specifically, we first employ the
expansion transformation Texp on the m inducing points to
map them to a larger set of mp points. Then, we apply the
aggregation transformation Tagg to the covariance matrices
built using the mp points. These covariances are utilized to
compute Qnn, which in turn is used to compute the SGP’s
objective function (Equation 2):

Qnn = Kn×mpTagg(T
⊤
aggKmp×mpTagg)

−1T⊤
aggKmp×n .

(5)

Covariance matrixCovariance matrix

Aggregation transformationExpansion transformation

Aggregation m
atrix

Aggregation matrix

Reduced
covariance

matrix

  

Fig. 1: An illustration of the expansion and aggregation transformations used in IPP for continuous sensing robots.
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Here, Kn×mp represents the covariance matrix between
the n training set inputs and the mp inducing points. The
aggregation transformation reduces the size of the covariance
matrix Kmp×mp before inversion. Consequently, the matrix
inversion cost is reduced to O(m3) from O(m3p3), allowing
us to benefit from both the expansion transformation, which
enables modeling of continuous sensing robots, and the
reduced computational cost from the aggregation transfor-
mation. Note that the information along the path between
the waypoints is retained in the aggregated covariances.
Additionally, we observed that the aggregation transforma-
tion stabilized the gradients during the optimization of the
inducing points. The approach is illustrated in Figure 1; see
further details of the transformations in the Appendix [34].

We can use the transformations detailed above to handle
non-point field of view (FoV) sensing robots as well. This
is accomplished by employing the expansion transformation
to map each of the m inducing points to p points that
approximate the sensor’s FoV area. Additionally, since the
gradients are propagated back to the original m inducing
points Xm, the method retains the FoV shapes. Furthermore,
we can leverage this property to model sensors with inte-
grated observations such as gas sensors [4], [36], where the
labels are modeled as yi = ||wi||

∫ 1

0
f(wit+zi)dt+ϵi, with

zi as the start point of a line segment along which the data
is integrated, and wi giving the direction and length of the
line segment. Similarly, we can efficiently model complex
path parametrizations, such as using splines to obtain smooth
paths, account for sensors such as cameras whose FoV varies
with height from the ground, and even model FoVs that
consider the shape of the surface, such as stereo vision
cameras when used to scan 3D surfaces. For further details,
please refer to the Appendix [34].

VI. EXPERIMENTS

We first demonstrate our approach for the unconstrained
single robot IPP problem on the ROMS ocean salinity [37]
and US soil moisture [38] datasets. The ROMS dataset
contains salinity data from the Southern California Bight
region, and the US soil moisture dataset contains moisture
readings from the continental USA. All experiments were
benchmarked on a workstation with an 18-core Intel(R)
Xeon(R) Gold 6154 3.00GHz CPU and 128 GB of RAM.

We benchmarked our SGP based IPP approach (SGP) that
optimizes a path for discretely sensing s locations and our
transformation based generalization of the SGP based IPP ap-
proach (Arc-SGP) that optimizes the paths while accounting
for the information collected along the entire path. We also
benchmarked two baseline approaches—the Information-
Driven Planner (IDP, Ma et al. [2]) and Continuous-Space
Informative Path Planner (CIPP, Hitz et al. [9]). IDP lever-
ages discrete optimization to iteratively find discrete sensing
locations that maximize mutual information (MI), and CIPP
leverages CMA-ES, a genetic algorithm, to find informative
sensing locations that maximize MI in continuous spaces.

An RBF kernel [25] was used to model the spatial corre-
lations of the datasets (the baselines use it to measure MI).

We evaluated the paths by gathering the ground truth data
along the entire generated solution paths (i.e., by continuous
sensing robots) and estimating the state of the whole environ-
ment from the collected data. The root-mean-squared error
(RMSE) between the ground truth data and our estimates was
used to quantify the quality of solution paths. We generated
solution paths for both the datasets with the number of path
sensing locations ranging from 3 to 100 in increments of
5. The experiment was repeated 10 times. The mean and
standard deviation of the RMSE and runtime results on the
ROMS and US soil moisture datasets are shown in Figure 2.

As we can see, our SGP approach is consistently on par
or better than the two baselines in terms of RMSE, and our
Arc-SGP approach has a considerably lower RMSE than the
other approaches in all cases. Also, both our approaches
substantially outperform the baselines in computation time
(up to 35 times faster). In both the baselines, a significant
amount of computation time is spent on computing MI, while
our SGP approach’s objective approximates the same in a
computationally efficient manner (detailed in our founda-
tional work [31]). Indeed, the MI computation cost is the
key reason why both IDP and CIPP cannot scale to spatio-
temporally correlated environments, since even with a coarse
discretization, it would be far too computationally expensive.
Also, since our approaches rely on gradient information, they
are significantly faster to converge compared to the discrete
and genetic algorithm based baseline approaches.

We now demonstrate our approach for multi-robot IPP. We
used the same kernel parameters as we did in the previous
experiments. The solution paths were generated for four
robots with the number of optimization waypoints ranging
from 3 to 25 in increments of 5 for each robot’s path.
We evaluated the SGP, Arc-SGP, and CIPP methods, which
support multi-robot IPP. The RMSE and runtime results are
shown in Figure 3. Our SGP approach consistently performs
on par with or better than the CIPP approach in terms
of RMSE. Additionally, Arc-SGP achieves notably lower
RMSE compared to both SGP and CIPP, as it explicitly
optimizes the paths for continuous sensing. Moreover, both
our approaches—SGP and Arc-SGP—significantly outper-
form CIPP (up to 26 times faster) in terms of compute time.

We next show our approach for spatio-temporal IPP with a
distance constraint. A Gaussian process was used to sample
dense spatio-temporal temperature data. We used an RBF
kernel with a length scale of 7.70 m, 19.46 m, and 50.63
mins along the x, y, and temporal dimensions, respectively.
We generated paths by optimizing the inducing points in
our SGP approach with distance budgets of 10 m, 20 m,
and 40 m; the results are shown in Figure 4. Our approach
consistently saturates the distance budget without exceeding
it to get the maximum amount of new data, evident from the
paths’ RMSE scores. We also show the paths generated for
three robots in the same environment (Figure 5). We do not
show the reconstructions since the data is spatio-temporal,
which is difficult to show in 2D.

Figure 6 shows our SGP approach for a discrete sensing
robot, i.e., it senses only at the path’s vertices (blue points).
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Fig. 2: RMSE and runtime results for single robot IPP with the IDP, CIPP, SGP, and Arc-SGP approaches on the ROMS
and US soil datasets.
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Fig. 3: RMSE and runtime results for four-robot IPP with the CIPP, SGP, and Arc-SGP approaches on the ROMS and US
soil datasets.
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Fig. 4: Data collection paths generated using a spatio-
temporal kernel function for different distance budgets.
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Fig. 5: Three different views of our multi-robot IPP solution
paths for a spatio-temporal data field, with path lengths of
47.29 m, 47.44 m, and 47.20 m. The total RMSE was 2.75.

We considered a 3D environment with densely sampled
elevation data and parametrized the path so that we account
for the robot’s sensing FoV area to be a function of the
robot’s height from the ground. We used an RBF kernel with
a length scale of 3 m (details in the Appendix [34]).

Also, note that our approach can solve for paths in more
complex environments and utilize non-stationary kernels [25]
to capture intricate correlation patterns within environments.
Furthermore, while this paper primarily focuses on path
planning, we can extend our approach to encompass full
trajectory planning. This involves optimizing the paths to
accommodate the velocity, acceleration, and turning radius
constraints of the robots, along with any other dynamics
constraints, by parameterizing the path as a B-spline.
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Fig. 6: Solution paths for a discrete sensing robot with a
square height-dependent FoV area sensor: (left) 4 sensing
locations, (right) 36 sensing locations. The sensing height
is optimized to ensure a good balance between the ground
sampling resolution and the FoV area (black squares).

VII. CONCLUSION

We presented an efficient continuous space approach to
informative path planning using sparse Gaussian processes
that can address various challenges related to monitoring in
spatially and spatio-temporally correlated environments. Our
approach can model routing constraints, and handle discrete
and continuous sensing robots with arbitrary FoV shapes.
Furthermore, our method generalizes to multi-robot IPP
problems as well. We demonstrated that our approach is fast
and accurate for IPP on real-world data. We also presented
our IPP solutions for different distance budgets, multi-robot
scenarios, and with non-point FoV sensing robots. Our future
work will build upon this approach to extend its applicability
to online and decentralized IPP problems.
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