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Abstract—Environmental monitoring robots often need to es-
timate data fields (e.g., salinity, temperature, bathymetry) under
tight resource constraints. Classical boustrophedon lawnmower
surveys provide geometric coverage guarantees but can waste
effort by oversampling predictable regions. In contrast, informa-
tive path planning (IPP) methods leverage spatial correlations
to reduce oversampling, yet typically offer no guarantees on
estimation quality. This paper bridges these approaches by ad-
dressing IPP with guaranteed estimation uncertainty in complex
environments: computing the shortest path whose measurements
ensure that the Gaussian process (GP) posterior variance—
an intrinsic uncertainty measure that lower-bounds the mean-
squared prediction error under the GP model—is upper bounded
by a user-specified threshold over the monitoring region.

We propose a three-stage approach for efficient environmental
monitoring: (i) learning a GP model from prior information;
(ii) transforming the GP kernel into binary coverage maps that
identify locations where uncertainty can be reduced below a
target threshold; and (iii) planning a near-shortest route to
satisfy the global uncertainty constraint. Our approach incor-
porates non-stationary kernels to capture spatially varying cor-
relations in heterogeneous phenomena and accommodates non-
convex environments with obstacles. We provide near-optimal
approximation guarantees for both sensing-location selection and
the joint selection-and-routing problem under a travel budget.
Experiments on real-world topographic data demonstrate that
our planners achieve uncertainty targets with fewer sensing loca-
tions and shorter travel distances than representative baselines.
Furthermore, field experiments with autonomous surface and
underwater vehicles validate the real-world feasibility of the
approach. Our code is available at: www.sgp-tools.com

I. INTRODUCTION

Monitoring environmental variables such as ocean currents,

salinity, and bathymetry is a critical task of broad scien-

tific and societal importance [4]. These quantities are both

sensitive indicators of coupled Earth-system dynamics and

active drivers of the climate, natural hazards, ecosystems,

and resource availability. Accordingly, systematic observation

strategies that provide robustness through model-based guar-

antees, efficiency through resource-aware optimization, and

repeatability through automation are essential for effective risk

reduction and sustainable management.

Despite its importance, environmental monitoring under

finite resource constraints presents significant challenges. A

common approach is the boustrophedon lawnmower pattern,

which provides strong geometric coverage guarantees by

sweeping the sensing footprint across the entire region [1, 5,

6]. However, many environmental fields exhibit strong spatial

correlations. In these contexts, exhaustive geometric coverage

(a) LAWNMOWER [1]
Path Length: 1047 m
Coverage Guarantee

(b) CONTINUOUS-SGP [2]
Path Length: 300 m
Asymptotic Guarantee

(c) HEXCOVER [3]
Path Length: 614 m
Uncertainty Guarantee

(d) GREEDYCOVER (Ours)
Path Length: 238 m
Uncertainty Guarantee

Fig. 1: Comparison of IPP solution paths (red) and the result-

ing GP predictive uncertainty (heatmaps). While all methods

maintain an identical mean predictive uncertainty of 0.02, the

proposed GREEDYCOVER approach yields the shortest path

while guaranteeing that uncertainty remains below the target

threshold across all evaluation locations.

often results in wasted effort, oversampling regions that are

easily predictable from nearby observations.

Informative path planning (IPP) leverages spatial

correlations—often through Gaussian processes (GPs) [7]—

to reduce travel while maintaining reconstruction quality.

However, most IPP methods optimize surrogate measures of

information gain without certifying the quality of the resulting

reconstruction. Moreover, existing approaches typically adopt

stopping criteria based on resource budgets, such as mission

time, travel distance, or a cardinality constraint on sensing
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Fig. 2: An autonomous surface vehicle (ASV) and an au-

tonomous underwater vehicle (AUV) mapping bathymetry

during our field trials.

locations. Real-world deployments require a more principled

approach: a stopping criterion tied directly to the desired

reconstruction accuracy.

Recent research has begun to bridge this gap by introducing

estimation uncertainty guarantees. These methods provide an

upper bound on the GP predictive variance, which in turn

lower-bounds the mean-squared error (MSE) [8, 3]. While

predictive uncertainty is only a proxy for accuracy, it serves

as a rigorous measure of the information gained relative to the

prior data, providing a quantitative signal of mission progress.

However, existing methods with such guarantees are limited in

two critical ways: they generally rely on Radial Basis Function

(RBF) kernels—forcing a stationary correlation model—and

are derived only for simplified, convex environments. Such

constraints are rarely met in the real-world, where environmen-

tal fields can be highly non-stationary and operational areas

often involve obstacles or complex, non-convex boundaries.

This paper addresses these limitations by developing new

methods for IPP with estimation uncertainty guarantees in

complex environments. Figure 1 highlights the resulting ef-

ficiency gains in a non-stationary bathymetry setting relative

to representative baselines. Our main contributions are:

• IPP with Uncertainty Guarantees: We present an in-

formative path planning approach that upper-bounds the

GP predictive variance, ensuring the maximum predictive

uncertainty remains below a user-specified threshold.

• Non-Stationary and Non-Convex Modeling: We intro-

duce a method that captures and leverages non-stationary

correlations while accommodating non-convex environ-

ments containing obstacles and complex boundaries.

• Near-Optimal Algorithms: We provide near-optimal

approximation algorithms for both sensing-location selec-

tion and the joint location-selection and routing problem.

• Field Validation: We validate our approach through field

trials using autonomous surface and underwater vehicles

for bathymetry mapping, demonstrating the practical fea-

sibility of our method in real-world conditions.

II. RELATED WORK

Lawnmower Planners: A foundational approach in en-

vironmental monitoring is the boustrophedon (lawnmower)

sweep, where a robot follows parallel transects to provide

deterministic coverage based on its sensing footprint [1].

This paradigm has been adapted to account for realistic

vehicle dynamics, such as Dubins kinematics constraints for

autonomous surface vehicles [5], and extended to multi-agent

systems where area coverage objectives must be balanced

against practical constraints like limited onboard energy or

communication range [6].

Contrast to our work: Lawnmower planners guarantee geo-

metric visitation but oversample predictable areas by ignoring

data correlations. Our approach instead optimizes for a worst-

case posterior uncertainty threshold, enabling non-sweep paths

that skip redundant regions while guaranteeing a global uncer-

tainty bound.

Coverage Planners: Our work is also closely related to

viewpoint and sensor placement formulations that offer ge-

ometric alternatives to exhaustive sweeping. These include

randomized art-gallery algorithms designed to select discrete

sensor locations that collectively see an entire environment [9].

More broadly, the field encompasses decentralized and adap-

tive strategies targeting geometric visitation or sensing density,

particularly in complex or multi-robot settings. For instance,

Voronoi-based methods provide coverage guarantees in non-

convex environments for networked teams [10], while robust

adaptive control laws address uncertainty in the underlying

sensor network objectives [11]. In unknown environments,

recent methods trade off exploration (mapping free space) with

coverage progress to improve operational efficiency [12].

Contrast to our work: Unlike coverage planners that re-

quire full-field traversal for geometric visibility, we optimize

a coverage-as-uncertainty objective. By imposing a global

worst-case posterior variance threshold, we certify estimation

uncertainty while purposefully skipping regions that do not

require direct sensing.

Informative Path Planning Methods: Informative Path

Planning (IPP) and Robotic Information Gathering (RIG)

focus on planning paths that maximize information gain

regarding an unknown field, frequently employing Gaussian

Processes (GPs) [7] to model spatial correlations. Submod-

ular formulations have provided a rigorous foundation for

this, enabling efficient approximation algorithms for sensor

placement [13], including extensions that incorporate travel

and routing constraints [14, 15].

In robotic monitoring, IPP has been extensively studied

for waypoint optimization in spatiotemporal settings [16],

adaptive continuous-space planning for environmental mon-

itoring [17], and Bayesian exploration for mapping [18].

Recent research has expanded into sequential optimization-

based approaches [19] and distributed mapping for hetero-

geneous teams using wavelet-based ergodic exploration [20].

Parallel to these methods, learning-based techniques—such

as deep reinforcement learning for adaptive planning [21]

and feature tracking [22]—have gained traction. Other efforts

focus on model expressiveness and scalability, utilizing multi-

scale sampling [23], attentive kernels for information gather-

ing [24, 25], and differentiable optimization via sparse Gaus-

sian Processes [26, 27, 2]. Furthermore, routing-constrained

IPP has been applied to high-stakes estimation tasks, such as



localized gas leak rate quantification [28].

Contrast to our work: Unlike most IPP approaches that

maximize information gain without providing formal guar-

antees on estimation quality, we plan with respect to an

explicit global uncertainty constraint. By targeting the worst-

case posterior variance, our method ensures that the resulting

paths satisfy prescribed estimation uncertainty requirements.

IPP Methods with Estimation Uncertainty Guarantees:

The most relevant approaches to our work belong to the spe-

cialized class of IPP methods that provide formal estimation

uncertainty guarantees. Unlike standard information-gathering

techniques, these methods certify that a reconstructed field

satisfies a user-specified uncertainty threshold. For instance,

Suryan and Tokekar investigated minimum-time field learning

with multi-robot teams, leveraging GP structures to derive

performance guarantees under operational time constraints [8].

Building on this foundation, Dutta et al. developed approxima-

tion algorithms for the dual sensor placement and shortest-path

problems, strengthening theoretical guarantees within convex

environments [3]. Collectively, these works demonstrate that

rigorous, coverage-style certification can be successfully inte-

grated into the informative sampling paradigm.

Contrast to our work: Since existing uncertainty guarantee-

based methods typically assume stationary correlations and

convex geometries, they often fail in spatially varying or

obstacle-dense environments. We extend these guarantees to

expressive, non-stationary models and non-convex domains,

providing formal certificates for both near-optimal approxi-

mation and estimation uncertainty.

III. PRELIMINARIES: GAUSSIAN PROCESSES

We model the monitored quantity as an unknown function

over a domain and use Gaussian processes (GPs) [7] to

represent both spatial structure and predictive uncertainty.

GP Prior: A Gaussian process is a stochastic process such

that any finite collection of function values is jointly Gaussian.

Equivalently, a GP induces a distribution over functions,

making it an expressive Bayesian prior for regression. We

place a GP prior on the latent data field f(·):

f(x) ∼ GP
(
m(x), k(x, x′)

)
, (1)

where m(x) is the mean function (often taken to be 0 after

normalization) and kernel k(x, x′) is a positive semi-definite

covariance function. The kernel specifies prior correlations:

k(x, x′) = cov(f(x), f(x′)) . (2)

Noisy Observations and Posterior Prediction: Given n
noisy samples D = {(xi, yi)}

n
i=1 with yi = f(xi) + εi and

i.i.d. Gaussian noise εi ∼ N (0, σ2
n), define the stacked training

inputs X = [x1, . . . , xn] and outputs y = [y1, . . . , yn]
⊤. For a

query location x∗, GP regression yields a Gaussian predictive

distribution p(f∗ | X, y, x∗) = N (µ∗, σ
2
∗), with

µ∗ = K∗n

(
Knn + σ2

nI
)−1

y, (3)

σ2
∗ = K∗∗ −K∗n

(
Knn + σ2

nI
)−1

Kn∗. (4)

Here, Knn is the n × n covariance matrix with (Knn)ij =
k(xi, xj), K∗n is the 1 × n vector with (K∗n)i = k(x∗, xi),
Kn∗ = K⊤

∗n, and K∗∗ = k(x∗, x∗). The posterior variance σ2
∗

provides an intrinsic uncertainty measure that depends only

on the input locations (and the GP hyperparameters), which

makes it especially useful for planning.

IV. PROBLEM: INFORMATIVE PATH PLANNING WITH

GUARANTEED ESTIMATION UNCERTAINTY

System Setup: A robot is tasked with monitoring an

environmental field (e.g., salinity, temperature, bathymetry)

over a purely spatial or spatio-temporal domain X ⊂ Rd. For

planning and performance evaluation, we define a finite set

of evaluation points V = {x1, . . . , xN} ⊂ X where accurate

estimates are required.

Due to accessibility, safety, and operational constraints, the

robot can only sample from a restricted set of candidate

sensing locations C = {c1, . . . , cM} ⊆ X . A feasible path

is represented by an ordered sequence of waypoints P =
(p1, . . . , pT ), where each pt ∈ C. We denote the travel cost

of a path as cost(P) (e.g., Euclidean distance or boundary-

constrained path length).

GP-based Uncertainty Surrogate: Directly optimizing the

pointwise Mean Squared Error (MSE) is challenging because

it generally depends on the unknown measurement values

realized along P . To obtain a tractable objective, we model

the unknown field f : X → R as a Gaussian Process (GP).

The GP provides a posterior variance σ2
post(xi|P) that

depends only on the sensing locations, not the observed values.

Since the posterior variance provides a lower bound on the

pointwise MSE [29], we define the worst-case uncertainty as:

Jmax(P) := max
xi∈V

σ2
post(xi|P). (5)

The GP is initialized using a representative set of labeled

points obtained from pilot missions, historical data, or coarse

satellite observations.

Problem Statement: The informative path planning prob-

lem with guaranteed estimation uncertainty aims to find the

minimum-cost path that ensures the posterior variance at every

evaluation point remains below a user-specified threshold σ2
tar:

P⋆ ∈ arg min
P∈C∗

cost(P)

s.t. Jmax(P) ≤ σ
2
tar,

cost(P) ≤ D (optional),

(6)

where C∗ :=
⋃

T≥1 C
T denotes the set of all finite waypoint

sequences over C, and D is an optional budget constraining

the total path cost.

V. NEAR-OPTIMAL INFORMATIVE PATH PLANNING

This section presents our approach to solving the informa-

tive path planning problem with guaranteed estimation uncer-

tainty. We first describe how we leverage available prior infor-

mation to compute coverage maps. We then use these maps in

two algorithms—GREEDYCOVER and GCBCOVER—which

address sensing-location selection and the joint problem of

sensing-location selection and route planning, respectively.



A. Coverage Map Construction Theory

We begin by fitting a Gaussian process (GP) to the available

prior information. Depending on the data source, we use

either a non-stationary kernel [24] or a physics-informed

kernel [30]. Using the learned GP, we construct coverage maps

that specify which evaluation points v ∈ V can be driven below

the user-specified target posterior variance σ2
tar by taking a

measurement at a candidate sensing location c ∈ C.

Ideally, coverage would be evaluated jointly over sets of

sensing locations, since the posterior variance at an evaluation

point depends on all measurements collected from a path.

However, informative path planning is NP-hard [16]; exact

evaluation would require computing posterior variances for

many subsets of the power set of C, which is computationally

infeasible. We therefore adopt a scalable alternative: for each

candidate location c ∈ C, we compute the set of evaluation

points that would satisfy the variance threshold if we were to

observe only at c. These per-location coverage maps can then

be combined efficiently during planning.

We justify this construction with the following results. The

first provides an explicit prior covariance threshold under

which a single measurement at a sensing location can reduce

the posterior variance at a given evaluation point below σ2
tar.

The second formalizes the monotonicity property that condi-

tioning on additional measurements can only further reduce

posterior variance; hence, the single-location condition yields

a conservative coverage region for multi-measurement paths.

Theorem 1 (Minimum Required Prior Covariance).

Let f ∼ GP(0, k) with independent Gaussian observation

noise variance σ2
n, and consider a single noisy observation at

candidate location c ∈ C. Fix an evaluation location v ∈ V .

For any target posterior variance σ2
tar ∈ (0, k(v, v)), the

condition

σ2
post(v | c) ≤ σ

2
tar

holds if and only if

|k(c, v)| ≥
√(

k(v, v)− σ2
tar

)(
k(c, c) + σ2

n

)
. (7)

Thus, achieving a posterior variance of at most σ2
tar at v

requires that the prior covariance between c and v exceed

the threshold in Equation 7.

Please refer to the Appendix for the proof.

Theorem 2 (Variance Reduction with Multiple Locations).

Under the setup of Theorem 1, consider n sensing locations

c1, . . . , cn ∈ C. Fix an evaluation location v ∈ V and

a target variance σ2
tar ∈ (0, k(v, v)). Suppose there exists

j ∈ {1, . . . , n} such that

|k(cj , v)| ≥
√(

k(v, v)− σ2
tar

)(
k(cj , cj) + σ2

n

)
.

Then the posterior variance at v conditioned on all observa-

tions satisfies

σ2
post(v | c1:n) ≤ σ

2
tar.

Please refer to the Appendix for the proof.

Fig. 3: Coverage maps for two candidate sensing locations

under a non-stationary kernel. Each dotted white blob indicates

the set of evaluation locations for which that candidate location

can guarantee the target posterior-variance threshold.

B. Binary Coverage Map Construction

Together, Theorems 1 and 2 motivate a per-location notion

of coverage: a sensing location cj covers an evaluation point

vi if the prior covariance k(cj , vi) exceeds the threshold in

Equation 7. We encode this relationship in a binary matrix

B ∈ {0, 1}M×N . For each candidate sensing location cj ∈ C
and evaluation point vi ∈ V , we set Bji = 1 (i.e., sensing at

cj covers vi) if

I

{
|k(cj , vi)| ≥

√
(k(vi, vi)− σ2

tar) (k(cj , cj) + σ2
n)

}
,

and Bji = 0 otherwise . Figure 3 shows example coverages.

This binary representation provides two practical benefits.

First, it reduces memory compared to storing real-valued

covariances for all pairs in C × V . Second, it enables fast

planning-time updates via set operations: the evaluation points

covered by a path can be computed by unions over the rows

of B corresponding to the visited candidate locations, without

repeatedly evaluating GP posterior variances for different

candidate subsets.

C. GREEDYCOVER: IPP via Greedy Selection and TSP

Given the binary coverage matrix B from Section V-B, our

first planning approach proceeds in two stages: (i) greedily

select a subset of candidate sensing locations that maximizes

the number of covered evaluation points, and (ii) construct a

path that visits all selected locations using a TSP solver [31].

1) Greedy Sensor Selection: Starting from an empty se-

lected set S0 = ∅ and an empty covered set U0 = ∅, the greedy

procedure iteratively adds the candidate location that covers

the largest number of new (previously uncovered) evaluation

points. Let St ⊆ {1, . . . ,M} denote the indices of selected

candidates after iteration t, and let Ut ⊆ V denote the set of

evaluation points covered by St. The marginal gain of adding

candidate j /∈ St is

∆(j | St) :=
∣∣{vi ∈ V : Bji = 1, vi /∈ Ut}

∣∣.

At each iteration, we select

j⋆ ∈ argmax
j /∈St

∆(j | St),



update St+1 = St ∪ {j
⋆}, and expand the covered set

Ut+1 = Ut ∪ {vi ∈ V : Bj⋆i = 1}.

The loop terminates once all evaluation points are covered (i.e.,

|Ut| = N ) or once no remaining candidate yields additional

coverage (i.e., maxj /∈St
∆(j | St) = 0). Algorithm 1 in the

Appendix summarizes this procedure. The worst-case running

time of the algorithm is O(M2N), when M ≤ N .

2) Submodularity and Approximation Guarantees: The ob-

jective implicitly optimized by the above greedy method is a

classic monotone submodular set function [32, 33, 13]. Define

the coverage function with S ⊆ {1, . . . ,M}:

F (S) :=

∣∣∣∣∣∣

⋃

j∈S

{vi ∈ V : Bji = 1}

∣∣∣∣∣∣
, (8)

which counts how many evaluation points are covered by the

selected candidates. This function is:

• Monotonically Increasing: If Y ⊆ Z, then F (Y ) ≤
F (Z), since adding sensing locations can only enlarge

the union of covered points.

• Submodular: It satisfies diminishing returns. For all Y ⊆
Z and any location l /∈ Z,

F (Y ∪ {l})− F (Y ) ≥ F (Z ∪ {l})− F (Z),

since the set of newly covered points contributed by l can

only shrink as the baseline set grows.

The GREEDYCOVER procedure addresses the submodular

set cover problem: minimizing the number of sensing locations

required to reach coverage F (V). Given that F (S) is an

integer-valued monotone submodular function, the result by

Wolsey [33] ensures that the greedy solution S satisfies

F (S) ≤ OPT ·

(
1 + ln max

j∈{1,...,M}
F ({j})

)
,

where OPT denotes the minimum number of locations required

to cover all evaluation points vi ∈ V . Thus, the greedy method

provides a provably near-optimal selection for minimizing the

sensing resources necessary to satisfy the coverage objective.

3) Path Construction via TSP: Given the selected index

set S, we construct a low-cost route that visits all sensing

locations {cj : j ∈ S}. We treat these locations as nodes

in a complete Euclidean graph, with edge weights given by

pairwise distances between locations. We then invoke a TSP

solver (e.g., the Christofides algorithm [31]) to compute a path

through the nodes, which we use as the execution path.

While our formulation constrains sensing locations to

the valid environment—including non-convex domains—the

straight-line edges of a Euclidean TSP path may still traverse

infeasible regions, such as obstacles or areas outside the

boundary. To ensure feasibility, we post-process the path

using standard motion-planning techniques (e.g., grid-based

or sampling-based planners [34]) to replace straight-line seg-

ments with collision-free, admissible paths.

4) Limitations of the Decoupled Approach: This two-stage

pipeline—first selecting sensing locations to satisfy the cover-

age requirement, then routing them with a TSP solver—has an

important limitation: it provides no joint approximation guar-

antee for the combined information–travel objective. The sub-

modular approximation guarantees provided by Wolsey [33]

apply only to the selection of sensing locations and do not

account for path cost. In practice, greedy selection may

choose sensing locations that are geographically dispersed,

leading to unnecessarily long routes even though other, slightly

different selections could satisfy the estimation uncertainty

requirements at a lower travel cost. This limitation motivates

our next method, which more tightly couples sensing-location

selection and routing.

D. GCBCOVER: IPP via Generalized Cost–Benefit Algorithm

Our second planning method couples sensing-location se-

lection and routing via the generalized cost–benefit (GCB)

algorithm [35, 36]. Unlike the decoupled approach, which first

maximizes coverage and then computes a path, GCB explic-

itly trades off marginal coverage gain against the marginal

increase in path cost at each iteration.

1) Generalized Cost–Benefit Selection with Coverage

Maps: We reuse the binary coverage matrix B ∈ {0, 1}M×N

from Section V-B and the coverage function in Equation 8.

Let cost(S) denote the routing cost of a selected index set

S ⊆ {1, . . . ,M}, defined as the length of a (near-)shortest

route that visits the sensing locations {cj : j ∈ S}.
At iteration t, given the current sensing set St with coverage

F (St) and routing cost cost(St), each remaining candidate

j /∈ St is scored by a cost–benefit ratio constructed from:

(i) the marginal coverage gain:

∆F (j | St) := F (St ∪ {j})− F (St),

and (ii) the marginal routing-cost increment:

∆cost(j | St) := cost(St ∪ {j})− cost(St).

The candidate with the largest ratio:

∆F (j | St)/∆cost(j | St)

is selected, provided it satisfies the routing budget D, ef-

fectively prioritizing candidates that yield substantial new

coverage for a minimal increase in routing cost.

Because a purely ratio-greedy strategy can be suboptimal

under a strict budget, GCB also computes a standard greedy

coverage solution and truncates it to satisfy the budget.

The algorithm then returns whichever of the budget-feasible

solutions attains higher coverage. This comparison step is

also necessary for the approximation guarantee stated below.

Algorithm 2 in the Appendix summarizes the GCB algorithm.

The worst-case running time is dominated by repeated

routing cost evaluations. Let T (n) denote the time required

to compute the routing cost for n sensing locations (e.g., via

a TSP solver). Using the Christofides algorithm [31], where



T (n) = O(n3), the resulting worst-case complexity of GCB

is O(M2(N +M3)) for M ≤ N .

In our experiments, we use a faster heuristic TSP routine.

Give the current solution path, we estimate the routing cost

increase upon adding a candidate sensing location using a fast

heuristic (see Algorithm 3 in the Appendix). Once a location

is selected via the GCB ratio, we invoke a full TSP solver

to refine the path. This hybrid strategy significantly reduces

runtime while maintaining high solution quality.

2) Approximation Guarantees Under Routing Constraints:

As established in Section V-C, the coverage objective F is

monotone submodular. Similarly, the routing cost cost(·) is a

monotone set function defined by the length of a TSP path

through the selected sensing locations [35]. Consequently, the

problem can be framed as a submodular maximization task

subject to a routing constraint:

max
S⊆{1,...,M}

F (S) s.t. cost(S) ≤ D.

The generalized cost–benefit (GCB) algorithm provides

a constant-factor approximation guarantee for this class of

problems. In particular, under mild conditions on the rout-

ing cost function—namely, approximate submodularity with

submodularity ratio αc, bounded curvature κc, and a ψ(n)-
approximation factor for the TSP solver—the GCB solution

satisfies the following bi-criterion guarantee [35]:

F (S) ≥
1

2

(
1−

1

e

)
OPT,

where OPT denotes the optimal coverage achievable under a

slightly tighter effective budget (with the tightening depending

on αc, κc, ψ(n), and the largest feasible solution size).

Equivalently, GCB achieves at least a 1
2
(1 − 1/e) ≈ 31.6%

fraction of an approximate optimum, where the approximation

reflects the quality of the TSP solver. We refer to Zhang

and Vorobeychik [35] for a more detailed explanation of the

approximation guarantee.

In our setting, F is exactly monotone submodular; thus,

all approximation effects arise from the routing component

(i.e., the submodularity ratio/curvature of cost(·) and the

approximation quality of the TSP solver). Consequently, our

method inherits the same worst-case approximation factor as

the underlying GCB framework while directly optimizing a

coverage objective tailored to informative sensing.

VI. EXPERIMENTS

This section evaluates the proposed method through two

experimental studies. First, we benchmark our methods against

representative baseline approaches using real-world topo-

graphic datasets. Second, we validate the practical feasibility

of our approach through field deployments.

A. Benchmark Experiments

We benchmarked the proposed methods on the Shuttle

Radar Topography Mission (SRTM) dataset [37], which pro-

vides high-resolution digital elevation data worldwide. We

focused on the region near (45◦N, 123◦W), chosen for its

Fig. 4: Left: SRTM ground truth data (45◦N, 123◦W).
Right: Lengthscales from a non-stationary kernel.

complex, non-stationary spatial structure; results for three

additional locations are reported in the Appendix. All bench-

marks were run on a computer with an Intel i9-14900K CPU

and 64 GB of RAM.

To model the environment, we employ a non-stationary

Attentive kernel [24], which utilizes a mixture of Radial

Basis Function (RBF) kernels to capture spatially varying

correlations. We optimize the kernel hyperparameters by fitting

a Gaussian process (GP) [7] to data collected along an

initial pilot path. To generate this path, we uniformly sample

locations in the domain X , cluster them using k-means [38],

and select 10 resulting centroids as waypoints. A Traveling

Salesperson Problem (TSP) solver [31] is then used to compute

a route through them. After collecting 350 measurements along

this pilot trajectory to initialize the GP, the learned kernel

function and likelihood noise variance are provided to each

planner to generate solution paths. Figure 4 shows the SRTM

ground truth for (45◦N, 123◦W), along with the spatially

varying lengthscales learned by the Attentive kernel.

We evaluated our proposed methods, GREEDYCOVER (Sec-

tion V-C) and GCBCOVER (Section V-D), considering GCB-

COVER in both unconstrained and budgeted-distance settings.

We compared these methods against two established baselines.

The first, HEXCOVER [3], generates IPP solutions with esti-

mation uncertainty guarantees. Since HEXCOVER requires a

stationary RBF kernel, we set its lengthscale to the minimum

value inferred by the trained Attentive kernel—a conserva-

tive choice that usually preserves the uncertainty guarantee.

The second, CONTINUOUS-SGP [2], is a high-performance

IPP method known to outperform mutual-information and

variance-based approaches, though it lacks formal uncertainty

guarantees.

None of the planning methods explicitly account for mea-

surements collected from the pilot path; during planning, they

use only the learned kernel and noise variance. GREEDY-

COVER, GCBCOVER, and CONTINUOUS-SGP can be warm-

started by seeding the selected sensing locations with already

visited points and then planning the remaining route, poten-

tially reducing the number of additional sensing locations

(and thus total travel distance). However, HEXCOVER does

not support such initialization. For a consistent comparison,

we therefore incorporate the pilot measurements only during
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Fig. 5: Benchmark results on the SRTM dataset (45◦N, 123◦W). Top row: Max posterior variance, MSE, and SMSE. Bottom

row: Runtime, sensing locations, and path length. GREEDYCOVER and GCBCOVER satisfy uncertainty targets with fewer

sensing locations and shorter paths than HEXCOVER and CONTINUOUS-SGP. In budgeted scenarios, GCBCOVER prioritizes

strict adherence to travel limits over further variance reduction. Lower values represent better performance across all metrics.

evaluation, not during planning.

We utilized a GP trained on pilot data to determine the

maximum posterior variance across a discrete evaluation grid.

We define the target variance threshold as a fixed fraction of

this maximum, varying the fraction from 0.9 to 0.5. For the

distance-budgeted configuration of GCBCOVER, the budget is

defined as the length of its unconstrained solution minus 20m.

This design choice anchors the budget to the physical require-

ments of the uncertainty constraint while imposing a deliberate

shortfall to challenge the planner’s efficiency. Additionally, as

CONTINUOUS-SGP requires the number of sensing locations

to be specified a priori, we set this value to match the number

of locations generated by the GREEDYCOVER solution.

To evaluate each method, we combined measurements from

the pilot path with those collected at the solution waypoints

and computed six metrics: (i) maximum posterior variance, (ii)

mean squared error (MSE) [7], (iii) standardized mean squared

error (SMSE) [7], (iv) algorithm runtime, (v) number of

selected sensing locations, and (vi) total solution path length.

Figure 5 presents the benchmark results for (45◦N, 123◦W),
while Figure 6 illustrates representative solution paths. Addi-

tional results are available in the Appendix.

Across the full range of threshold ratios, all methods suc-

cessfully satisfy the target variance requirements, with two

notable exceptions: distance-budgeted GCBCOVER, which

prioritizes the travel distance limit over variance reduction,

and CONTINUOUS-SGP, which offers no formal guarantees.

Computational efficiency varies significantly across the

evaluated methods. GREEDYCOVER is consistently the fastest,

outperforming both HEXCOVER and CONTINUOUS-SGP. For

HEXCOVER, while sensing-location selection requires less

than one second, the overall runtime is dominated by the

TSP solver. This overhead is driven by HEXCOVER selecting

a larger number of sensing locations than GREEDYCOVER,

which increases the complexity of the subsequent routing.

In contrast, GCBCOVER is a little slower due to the tight

coupling between its selection and routing phases. However,

this integrated approach allows GCBCOVER to enforce strict

distance constraints while maintaining near-optimal approxi-

mation guarantees for the joint selection and routing problem.

From a deployment perspective, the critical metrics are

the number of sensing locations and the total path length.

GREEDYCOVER and GCBCOVER consistently satisfy the

target variance threshold using fewer sensing locations and

shorter travel distances. Although HEXCOVER yields the

lowest maximum posterior variance and a corresponding

improvement in MSE, this advantage stems primarily from

collecting a larger volume of data due to its inability to

leverage non-stationary correlations. Conversely, GREEDY-

COVER and GCBCOVER utilize the Attentive kernel to model

non-stationarity in the underlying field, effectively capturing

spatially varying correlations to prioritize the most informative

sensing locations.

B. Autonomous Surface Vehicle Field Trial

We validated the proposed method in a real-world de-

ployment using a custom-built autonomous surface vehi-

cle (ASV) [39] to map lake bathymetry. The monitoring region

was restricted to a non-convex subset of the lake. The ASV

platform (Figure 2) was equipped with GPS, a single-beam

sonar, and a Raspberry Pi 5 for onboard computation.

We conducted an IPP trial using GREEDYCOVER. We first

generated a pilot path with ten waypoints via k-means and



Fig. 6: Comparison of solutions on the SRTM dataset (45◦N, 123◦W) for a 0.7 variance ratio (target variance threshold: 0.43).

Red: informative paths and sensing locations; Green: initial pilot path; Violet: approximate sensor fields-of-view.



Fig. 7: Autonomous surface vehicle (ASV) field-trial results using GREEDYCOVER. Left: learned lengthscales from the non-

stationary kernel. Middle: GP prior prediction variance conditioned on the initial pilot data. Right: GP posterior prediction

variance after conditioning on the IPP solution data.

collected 544 depth measurements along this path. Using

this data, we fit a GP with an Attentive kernel [24]. We

set the target maximum posterior variance to (50%) of the

maximum variance obtained after executing the pilot path, and

then computed the IPP solution. To accelerate convergence

and reduce path length, we warm-started GREEDYCOVER

with the pilot data. Consequently, the planned IPP solution

avoided revisiting locations near the pilot path and prioritized

regions whose uncertainty remained above the target threshold.

After executing the IPP solution, we updated the GP using

measurements collected at the visited waypoints and evaluated

the resulting maximum posterior variance. Additional imple-

mentation details are provided in the code Appendix. The

learned lengthscales, together with the planned and executed

pilot and informative paths, are shown in Figure 7.

Despite deviations from the planned path, the method suc-

cessfully reduced uncertainty such that the maximum-variance

threshold was satisfied over the monitoring region. We also

observed that the IPP sensing locations remained within the

region boundary, and the low-level trajectory planner [40]

adjusted the executed path to remain inside the non-convex

domain, consistent with the non-convex domain constraints.

Details of the ocean field trial with an Aqua2 AUV [41, 42]

are provided in the Appendix.

VII. LIMITATIONS

A central limitation is the reliance on a well-specified GP

kernel: if the kernel is misspecified, the bound on predictive

variance may fail to be a strict lower bound on the true mean-

squared prediction error. An important extension is online

IPP that adapts a non-stationary kernel from streaming data

(e.g., POAM [25]) and provides guarantees that are robust to

hyperparameter uncertainty. Alternatively, correlations could

be inferred from physics-based priors or historical data, re-

ducing—or potentially eliminating—the need for pilot data

collection and onboard kernel learning.

Second, our guarantees are enforced on a finite evaluation

set V and therefore may not hold uniformly over the con-

tinuous domain. Future work could exploit regularity of the

GP variance (e.g., continuity or Lipschitz properties) to guide

grid-resolution selection and lift guarantees from V to the

continuous domain.

Finally, the field trials highlight execution uncertainty (e.g.,

localization error and imperfect tracking). Incorporating these

effects via chance-constrained formulations would further im-

prove real-world reliability.

VIII. CONCLUSION

We presented two planners for informative path plan-

ning (IPP) with guaranteed estimation uncertainty that com-

pute near-shortest (or budget-feasible) sensing paths whose

measurements ensure that the Gaussian process (GP) posterior

variance at every evaluation point falls below a user-specified

threshold. This provides coverage-style guarantees while lever-

aging correlation-aware sampling.

To make the problem tractable, we fit a GP to available prior

information and construct binary coverage maps by threshold-

ing kernel-induced covariance, reducing the global variance

requirement to a discrete coverage problem over evaluation

points. This reduction enables efficient planning with guar-

antees: GREEDYCOVER yields a near-optimal approximation

for selecting sensing locations, while GCBCOVER balances

marginal coverage gain against marginal path length to obtain

near-optimal solutions under a strict distance budget. Unlike

geometric sweep patterns, both methods adapt sampling to the

learned correlation structure.

Our approach leverages non-stationary kernels to adaptively

sample complex fields, concentrating efforts in high-variation

regions while avoiding redundancy in predictable areas. The

approach naturally extends to non-convex domains containing

obstacles. Benchmarks on SRTM topography confirm that

GREEDYCOVER and GCBCOVER outperform existing IPP

baselines—including those with and without formal uncer-

tainty guarantees—by satisfying uncertainty constraints while

minimizing both number of sensing locations and travel

distance. Finally, field trials using autonomous surface and

underwater vehicles for bathymetry mapping validate the real-

world feasibility and robustness of our methods.

Future work includes IPP with guaranteed estimation

uncertainty that accommodates vehicle dynamics, motion

uncertainty, continuous sensing, and decentralized multi-

robot deployments that maintain robustness in large-scale,

communication-limited settings.
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