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Abstract

Traditional on premise data warehouses have long served as the backbone of analytical processing for enterprises that rely on struc-
tured and semi structured data for reporting, business intelligence, and regulatory compliance. Over the past decade, the emergence
of distributed cloud data warehouse platforms has introduced alternative architectures that promise elastic scalability, consumption
based pricing, and geographically distributed processing capabilities. As organizations modernize their analytics landscape, many
have executed large scale migrations from legacy on premise platforms to cloud native or hybrid data warehouse environments,
yet the concrete performance, scalability, and cost outcomes of these transitions remain heterogeneous and often context depen-
dent. This paper presents a technical analysis of the observable outcomes associated with such migrations, with emphasis on the
engineering mechanisms that influence query performance, concurrency handling, elasticity, and total cost of ownership over time.
The discussion synthesizes practical migration patterns, workload characteristics, and architectural design choices that shape post
migration behavior, including storage and compute separation, multi cluster execution, and automated lifecycle management of data.
Rather than advocating for a particular platform, the paper focuses on neutral characterization of how resource provisioning models,
network topology, and operational practices interact to determine realized benefits or regressions. The analysis is intended to support
engineering teams in forming realistic expectations, selecting appropriate benchmarks, and identifying instrumentation strategies
for ongoing validation. By examining performance, scalability, and cost as interdependent dimensions, the paper highlights trade
offs that commonly emerge after migration and outlines considerations for iterative optimization in distributed cloud data warehouse
environments.

1. Introduction

tion sensing assets adaptively and to concentrate measure-
ments where they are most informative for prediction or

Environmental systems exhibit complex spatial and tem-
poral variability driven by physical transport processes,
external forcings, and heterogeneous sources and sinks
[1]. Examples include dispersion of airborne pollutants
in urban canyons, nutrient transport in coastal waters, soil
moisture dynamics in agricultural settings, and tempera-
ture fluctuations in indoor or outdoor built environments.
Accurate monitoring of such systems requires sensing
strategies that are capable of resolving multiscale patterns
and reacting to transient events [2]. Fixed sensing net-
works, while reliable and simple to maintain, frequently
yield coarse spatial coverage and may miss local anoma-
lies. The emergence of mobile sensing platforms, includ-
ing autonomous surface and underwater vehicles, aerial
robots, and ground robots, creates opportunities to reposi-

decision making.

When sensing resources are realized as a swarm of
relatively simple agents, the monitoring problem becomes
one of coordinating many mobile sensors with limited lo-
cal capabilities [3]. Swarm-intelligent approaches lever-
age distributed interactions and collective behavior rather
than centralizing all decision making. Each agent relies on
locally available measurements, motion constraints, and
communication with nearby peers, while global sensing
objectives emerge from the aggregated behavior of the
swarm [4]. The design of such systems must therefore
account for constraints on bandwidth, energy, onboard
computation, and the reliability of communication links,
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in addition to the uncertainties inherent in environmental
dynamics.

Adaptive sampling refers to strategies that adjust
sensing locations and frequencies on the basis of current
predictions and uncertainty estimates. In environmental
monitoring, adaptive sampling seeks to allocate more mea-
surements to regions and time intervals where the state is
poorly known or highly variable, and fewer measurements
where the system is relatively predictable [5]. Achiev-
ing this in a swarm setting requires an explicit modeling
framework that links sampling decisions to their expected
informational value, together with control and optimiza-
tion mechanisms that map these values into motion com-
mands. Furthermore, the modeling approach needs to
balance fidelity and tractability, since high-dimensional
environmental fields can be expensive to forecast, and

optimization problems over swarm trajectories can grow
quickly with the number of agents and planning horizon.

Uncertain spatiotemporal dynamics pose additional
challenges [6]. Governing equations may be only partially
known or available at coarse resolution, and external dis-
turbances, boundary conditions, or unresolved nonlineari-
ties can induce deviations from nominal predictions. The
observation process is also uncertain due to sensor noise,
calibration errors, and intermittently lost data [7]. In this
context, adaptive sampling rules that depend strongly on
precise probabilistic models of the environment may be
difficult to implement or brittle. Linear modeling and lin-
ear optimization provide a compromise, enabling system-
atic analysis and efficient computation while retaining the
ability to capture key features such as advection, diffusion,
and measurement error.
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This work investigates a swarm-intelligent adaptive
sampling framework built on linear state-space models
and linear approximations of information-driven objec-
tives [8]. The environmental field is represented as a dis-
cretized state vector evolving according to linear dynamics
with additive uncertainty. Each mobile agent acquires lin-
ear measurements of the state at its location, corrupted
by noise. A linear estimation mechanism combines these
measurements to infer the state, and estimated covariance
information is used to construct surrogate objectives for
sampling, such as weighted uncertainty metrics and cov-
erage penalties [9]. Swarm control inputs are then derived
by solving linear or mixed linear optimization problems
that encode motion, collision avoidance, and communica-
tion constraints in a tractable way.

A distributed coordination structure is employed to
improve scalability and robustness [10]. Rather than re-
quiring a centralized controller with full knowledge of the

swarm and the environment, each agent maintains a local
model of the dynamics and communicates with a limited
set of neighbors. Local optimization problems approxi-
mate the global objective using consensus-like penalties
and neighborhood information. Learning mechanisms al-
low agents to refine model parameters online using ob-
served discrepancies between predicted and measured
states [11]. Numerical experiments examine how these
design choices influence estimation accuracy, spatial cov-
erage, and sensitivity to model mismatch, as well as the
role of communication topology and limited bandwidth.
The study focuses on analytical and empirical understand-
ing of the behavior of the proposed framework, and on the
characterization of parameter regimes in which it yields
consistent monitoring performance under uncertain spa-
tiotemporal dynamics.
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2. Modeling of Environmental
Fields and Sensing Dynamics

Environmental fields can be modeled as continuous func-
tions of space and time that evolve according to partial dif-
ferential equations [12]. For algorithmic design and anal-
ysis, it is common to approximate these dynamics by a
finite-dimensional state-space representation. Consider a
field defined over a region that is discretized into n cells,
and let x;, € R™ denote the vector of field values at dis-
crete time index k. A linear time-varying approximation
of the dynamics can be written as [13]

T = Agzy Brwg, (2.1
where A € R™ ™ encodes propagation and diffusion,
By, € R™*? encodes the effect of process disturbances,
and wg € RY is an exogenous uncertainty term represent-
ing unmodeled inputs and stochastic forcing. The matrices

may vary with time due to changing boundary conditions
or external drivers, but are assumed to remain known or
slowly varying over the horizon of interest.

A swarm of m mobile sensing agents is deployed
within the region. The position of agent ¢ at time & is repre-
sented by a vector p; j, € R<, with d typically equal to two
or three. For convenience, the union of agent positions at
time k is denoted by a stacked vector pj, € R™%. The mo-
tion model of each agent is treated as kinematically linear
over the planning time step, with control input u; j, € RY
describing the commanded displacement or velocity. A
simple discrete-time model is [14]

Pikl = Pik Wiks (2.2
subject to bounds ||u; k||2 < Umax and workspace con-
straints expressed as convex sets in the position space.
These constraints can be translated into linear or convex
inequalities by approximating the workspace with poly-
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topes and using norms that admit linear representations
when necessary.

The measurement acquired by agent 7 at time k is
modeled as a noisy linear function of the field state. Let
Yi,k € R denote the scalar measurement obtained at the
location p; ;. Discretization of the field implies that each
cell is associated with a sampling kernel, so that the mea-
surement can be expressed as [15]

Yik = hi gtk vik, (2.3)
where h; ;. € R" is a row vector that depends on the lo-
cation of the agent and reflects interpolation or averaging
over nearby cells, and v; j is a measurement noise term
with zero mean and variance that may depend on sensor
characteristics and environmental conditions. Stacking all
measurements at time k yields a vector y; € R™ repre-
senting simultaneous observations from the swarm.

The mapping from agent positions p; to measure-
ment matrices Hy, is defined by the relationship

Yk = Hpwp vg, 16 2.4)
where Hj, € R™*" contains rows hsz determined by the
positions p; 1, and the discretization séheme, and v, € R™
stacks the noise terms. This formulation explicitly couples
the sampling pattern of the swarm to the information con-
tent of the observations. The degree of coupling depends
on the spatial correlation structure of the field and the res-
olution of the discretization.

Uncertain spatiotemporal dynamics are represented
through probabilistic assumptions on wy, and vy, together
with possible parametric uncertainty in Ay and By, [17]. A
common simplifying assumption is that the disturbances
form zero-mean Gaussian sequences with covariances
Q1 and Ry, respectively, and are mutually independent
across time. Under these assumptions, linear Gaussian
state-space estimation techniques can be used to propagate
means and covariances of the state estimate. Specifically,
the predicted state estimate |, and covariance Py
satisfy

ik = AkZrks (2.5)

P, = ApPy Al BrQuBy . (2.6)

Upon receiving measurements yg, the updated estimate
Zp|k and covariance Py, are computed using linear cor-
rection steps that depend on Hj, and Rj. The structure of
these equations reveals how spatiotemporal sampling deci-
sions encoded in Hj, shape the evolution of the estimation
error covariance [18].

Parametric uncertainty in A and By can be mod-
eled via perturbations, such as Aj, = A, AA;, with AA,
belonging to a bounded set. Linear robustness analysis
techniques then provide conditions under which estima-
tion or control properties are maintained despite such un-
certainties. In the context of swarm-intelligent adaptive
sampling, these uncertainties motivate the use of sampling
policies that do not depend on precise knowledge of dy-
namics, but instead rely on estimated statistics and conser-
vative bounds [19]. Linearization around nominal flows
or empirical covariance approximations derived from data
can be incorporated into the same framework by updating
Ay, and @, according to observed discrepancies between
predictions and measurements.

3. Swarm-Intelligent Adaptive
Sampling Architecture

The adaptive sampling architecture considered here is
structured around a swarm of agents that share information
through a communication graph. Let the undirected graph
at time k be represented by G, = V), &, where the vertex
set V contains the swarm agents and &, denotes communi-
cation links available at that time. A link between agents
1 and 7 exists if their distance is below a communication
radius or if there is an available relay. This graph induces
a neighborhood set V; j, for each agent containing indices
of agents from which it can receive information. Commu-
nication is assumed to be local and of limited bandwidth,
constraining the type and amount of data exchanged [20].

Each agent maintains a local estimate of the envi-
ronmental state, denoted Z; j, and an associated error co-
variance F; .. These estimates are updated via local pre-
diction steps based on the dynamics model and local cor-
rection steps that use its own measurements and selected
information from neighbors. A simple fusion rule is to
construct convex combinations of neighboring estimates.
For example, an intermediate fused estimate for agent 7 at
time k can be written as [21]

Tik = Wi kT ks 3.1
JEN; &k

where the weights w;; j are nonnegative and satisfy je s, , wij x =

1. Similar convex rules can be applied to fuse covari-
ance information subject to consistency constraints. This
consensus-like mechanism allows information to propa-
gate across the swarm without requiring full connectivity
to a central node [22].
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Parameter Symbol
State vector Tk
Dynamics matrix Ay
Process noise Wi
Measurement matrix Hy,
Covariance P

Dimension Role
n X1 Discretized field
nxn Linear propagation
gx1 Exogenous forcing
mXn Sampling pattern
nxmn Uncertainty state

Table 1: Core linear state-space quantities used in the environmental field model.

Metric Symbol
Mean squared error MSE
Max absolute error Emax
Coverage ratio Pcov
Median revisit time Tred
Path length Liot

Range Interpretation
>0 Spatial average error
>0 Worst-case error

0-100% Visited cells fraction
>0 Temporal sampling gap
>0 Total motion budget

Table 2: Evaluation metrics for estimation accuracy, coverage quality, and motion effort.

Adaptive sampling decisions are generated by com-
puting control actions u; i as functions of local estimates,
neighbor information, and operational constraints. The
control law can be expressed in the form

ik = fi(Zi ks Pisks {Pj.k LN, ) »(3.2)

where f; is derived from a local optimization problem.
This problem typically includes terms that represent the
expected reduction in uncertainty from potential measure-
ments, penalties for deviation from coverage patterns, and
costs associated with motion or communication [23]. The
output of the local optimization is a motion command that
repositions the agent to locations expected to be informa-
tive in upcoming time steps.

A key aspect of swarm-intelligent behavior is that
agents are not assigned rigid roles or predefined trajecto-
ries. Instead, each agent evaluates its own local conditions
and adapts its behavior accordingly [24]. For example,
when an agent detects high uncertainty in a nearby region
of the environmental field, it may prioritize visiting that re-
gion while negotiating with neighbors to avoid redundant
sampling. When multiple agents identify similar oppor-
tunities, local coordination rules based on simple negotia-
tion or inhibition signals can ensure that the sampling load
is distributed [25]. Because the architecture relies on local
rules and communication, it remains applicable when the
swarm size changes or communication links are intermit-
tently unavailable.

Safety and operational constraints are integrated into
the architecture through linear inequalities that bound po-

sitions and velocities, represent collision avoidance mar-
gins, and enforce no-fly or no-sail zones. For instance, a
pairwise separation requirement between agents ¢ and j
can be conservatively approximated by linear constraints
on the components of their position difference [26]. Simi-
larly, limited battery capacity or endurance is modeled by
linear constraints on cumulative motion norms or activa-
tion times. These constraints are embedded in the local op-
timization problems that generate control actions, so that
adaptive sampling decisions respect hardware and regula-
tory limits.

Online learning mechanisms are incorporated to
adapt model parameters and sampling strategies to ob-
served discrepancies between predicted and measured en-
vironmental states [27]. For example, each agent can main-
tain local estimates of process and measurement noise
variances, updating them using simple recursive rules
that depend on innovation sequences. A linear regres-
sion model can be used to adjust entries of the dynamics
matrix Ax by minimizing prediction errors over a sliding
window of recent data [28]. These updates are performed
with limited computational overhead and can be restricted
to parameters affecting the subset of state components
that are frequently observed by each agent. The result-
ing parameter estimates are then shared with neighbors to
improve global consistency.
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Constraint Form Type Effect
Velocity bound [l kll2 < Umax Local Limits maneuvering
‘Workspace Eipir < € Global Enforces domain
Separation Gijpr < Gij Pairwise Collision margin
Energy budget Fiu;o.x < fi Cumulative Motion cost cap
Link radius Ipik — pjklle < 7e Graph Maintains links

Table 3: Representative linear constraints influencing swarm motion and safety.

Quantity Symbol Scale Comment
Number of agents m 10-80 Swarm size
State dimension n 102-10° Grid resolution
Horizon length K 5-20 Planning depth
Communication degree davg 3-6 Mean neighbors
Solver iterations Nj 5-15 Local optimization

Table 4: Typical parameter scales in simulations of distributed linear optimization for adaptive sampling.

4. Linear Optlmlzatlon of To capture both current and future performance, a
Samp"ng Policies finite-horizon objective can be written as [32]
The goal of the sampling policy is to determine motion J = [Z;01 Ve Sk» (4.2)

commands that shape future measurement matrices Hy,
such that the estimation error or similar performance met- With weight vectors ~y;, specifying the relative importance
ric is controlled, while satisfying operational constraints ~of uncertainty at different times. The adaptive sampling
[29]. Direct optimization of information-theoretic crite- problem then seeks decision variables that minimize this
ria such as mutual information is generally nonlinear and ~ objective subject to linear dynamics and constraints. De-
computationally demanding. To facilitate implementation ~ cision variables include approximate coverage indicators,
in swarms, linear surrogate objectives are introduced that linearized motion commands, and, when appropriate, bi-
approximate the desired behavior. One such surrogate is nary variables representing assignment of agents to grid
based on a linear function of predicted variance weights cells or waypoints [33]. When binary variables are used,
across state components [30]. the problem becomes a mixed-integer linear program; in
Consider a vector s;; € R™ representing predicted many swarm settings, continuous relaxations or random-
state variances or a related uncertainty measure. A linear ized rounding strategies are employed to reduce computa-

objective can be defined as tional effort at the expense of an exact combinatorial inter-
pretation.
Ji = cf. sk, 4.1) The motion of each agent can be constrained by lin-

ear inequalities of the form [34]
where ¢, € R"™ encodes relative importance weights

across spatial locations. The evolution of s depends on Giui i < gi, 4.3)
the selection of measurements via the matrix Hj, which

in turn depends on agent positions py [31]. For linear Wwhere G; and g; represent bounds on velocities, accelera-
Gaussian models, the covariance update equations are tions, or allowable directions imposed by the environment.
nonlinear in Hj, but linear upper bounds on s; can be Workspace constraints are expressed through inequalities
derived based on coverage indicators or sampling frequen- on the positions,

cies. These indicators are linear functions of binary or con- Eipik < e, 4.4)
tinuous decision variables that represent whether a given

. X where matrices F; and vectors e; define polytopic feasible
state component is sampled by any agent at time k.

regions [35]. Inter-agent collision avoidance constraints
can be approximated by requiring that positions remain
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Component Weight
Uncertainty term Qo
Coverage term Qe
Motion cost Qm
Consensus term Qg
Regularizer Qo

Sign Effect on behavior

> 0  Prioritize high variance
>0 Spread agents
>0 Penalize long paths
>0 Align local plans
>0 Smooth trajectories

Table 5: Main linear objective components appearing in the local optimization problems.

Strategy MSE (rel.)  Coverage Path length
Static grid 1.00 35% Low
Random walk 0.88 55% Medium
Greedy variance 0.71 62% Medium-high
Swarm linear policy 0.64 68% Medium
Idealized oracle 0.55 72% High

Table 6: Representative relative performance of different sampling strategies in terms of error, coverage, and motion effort.

within disjoint convex regions or by enforcing constraints
on relative positions linearized around nominal trajecto-
ries. These approximations enable the entire constraint set
to be treated within a linear optimization framework [36].

Global optimization problems that consider all agents
and future steps can be large. To support distributed imple-
mentation, the global objective is decomposed into local
objectives assigned to each agent, coupled by consensus
penalties or resource constraints. For agent ¢, a local ob-
jective may take the form [37]

-1
k=0

T
ai’kzi,lm

Ji = 4.5)
where z; . aggregates local uncertainty indicators, mo-
tion costs, and coordination signals, and «; j, are designer-
specified weights. Coordination with neighbors is cap-
tured by linear terms penalizing deviations between local
decisions and neighborhood averages. For instance, if
&,k 1s a vector representing a local coverage pattern, then
a neighborhood agreement penalty can be written as

Cik =
’ JEN; &k

N3k (G =€)  (4.6)
where 7);; 1, encodes coupling strengths. This term is lin-
ear in the decision variables and encourages coordinated
sampling while maintaining a structure amenable to dis-
tributed optimization algorithms.

The resulting local optimization problem for each
agent is of the form [38]
Ji 4.7)

min
Ui 0:K—1,8i,0:K—1

subject to linear dynamics, motion constraints, and lin-
earized coverage constraints. Here, u; 0.5 1 denotes
a sequence of control decisions, and &; 0.x—1 denotes
auxiliary variables describing the local sampling pattern.
This problem can be solved using linear or mixed-integer
solvers onboard the agent or at nearby compute nodes,
with updated solutions computed periodically as new in-
formation becomes available [39]. When computational
resources are limited, receding horizon strategies with
short horizons and simplified constraint sets can be em-
ployed to maintain feasibility.

5. Distributed Coordination and
Online Learning

Distributed coordination in a swarm context requires al-
gorithms that operate with local information and limited
communication, yet guide the collective towards sam-
pling patterns that support accurate environmental esti-
mation. Consensus-based methods provide one mecha-
nism to achieve this goal [40]. In addition to the fusion
of state estimates described earlier, agents can coordinate
their sampling decisions through iterative averaging of lo-
cal plans. Consider a variable X; j, that encodes a compact
representation of agent ¢ future trajectory or coverage plan.
A consensus update at iteration ¢ can be written as

Xik = |y GGk (5.1)
where the weights a;; 5, satisfy the usual stochasticity con-
ditions. By alternating between local optimization steps
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Parameter Variation
Swarm size m T
Horizon K T
Noise level 1T
Link radius T
Model mismatch 1T

Effect on error

Moderate decrease

Effect on coverage
Decreases Increases

Slight increase
Increases Mild change
Decreases Little change

Increases Scenario-dependent

Table 7: Qualitative sensitivity of estimation error and spatial coverage to key design and environment parameters.

that improve each agent plan with respect to local objec-
tives and consensus steps that blend plans with neighbors,
agents can reach approximate agreement on coordinated
sampling strategies without global communication [41].

Online learning is used to adapt the models and ob-
jectives guiding sampling. One component of learning is
parameter estimation for the dynamics matrix [42]. Sup-
pose a subset of state components of interest can be mod-
eled by a linear regression relationship

CEZl = Fkxz €L, (5.2)
where 7, is a vector of selected predictors, 7, is a vector
of responses, F}, is a parameter matrix, and ey, is a residual
term. Each agent can construct local estimates of F}, by ac-
cumulating paired samples of z7 and x}, derived from its
own state estimates and measurements. A recursive least-
squares update for F}, takes the form

Fi1 = Fy Ly (211 — Fryg) ,(5.3)

where Ly is a gain matrix computed from local covariance
estimates, yy, is a predictor vector, and zj1 is a response
vector. This update preserves linear structure and can be
executed with modest computational requirements [43].
Inter-agent exchange of parameter estimates through aver-
aging can further improve robustness and convergence.

A second component of learning concerns adapta-
tion of the uncertainty surrogate s; and its weights. The
surrogate is initially derived from model-based covariance
predictions, but can be updated using empirical discrep-
ancies between predictions and measurements [44]. For
instance, innovations €; , = ¥;  — hj—kfcz , provide a lin-
ear measure of prediction error. Ageflts can maintain lo-
cal statistics of innovation magnitudes and use them to re-
vise entries of s associated with regions where errors are
persistently high. This adjustment modifies the objective
function by effectively assigning higher priority to regions

where the model underestimates uncertainty [45]. Linear
update rules of the form

Sk1 = I-— Aksk Akrk (5.4)
can be used, where Ay, is a diagonal gain matrix and ry, is
a vector of innovation-based metrics.

Distributed optimization algorithms enable agents to
solve local linear programs that approximate a global sam-
pling objective [46]. One class of algorithms is based
on primal decomposition, in which global coupling con-
straints are dualized and prices are communicated between
agents. Another class is based on alternating direction
methods, where local primal variables and dual multipli-
ers are updated iteratively. In both cases, the structure
of the linear objectives and constraints allows agents to
compute updates using only local data and messages from
neighbors [47]. The convergence properties of such algo-
rithms depend on graph connectivity and step-size choices,
and in the presence of time-varying graphs and delays,
convergence is typically to a neighborhood of a global op-
timum rather than exact optimality.

The integration of online learning and distributed op-
timization yields a feedback loop that adjusts both model
parameters and sampling policies based on observed sys-
tem behavior [48]. When environmental conditions shift
or new structures emerge, the regression and covariance
estimation mechanisms modify the dynamics approxima-
tion and uncertainty surrogate. These modifications in
turn reshape the linear optimization problems solved by
agents, altering their trajectories and sampling locations.
Because this feedback loop is realized through simple lin-
ear updates and convex optimization, it remains amenable
to analysis and implementation even when the swarm size
is large [49].

6. Simulation Studies and Case
Analyses

To examine the behavior of the swarm-intelligent adaptive
sampling framework, simulation studies can be performed
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on idealized environmental fields that capture key features
of practical systems. One class of test fields is based on
advection-diffusion dynamics on a two-dimensional grid,
where a scalar quantity is transported by a prescribed ve-
locity field and smoothed by diffusion. The discretized dy-
namics can be represented in the linear state-space form
discussed earlier, with the matrix Ay constructed from
finite-difference approximations of the governing equa-
tions [50]. Process noise is added to represent unresolved
variability and numerical errors. The state dimension can
range from a few hundred to several thousand, depending
on the grid resolution [51].

A swarm of mobile agents is initialized with random
positions within the domain. The initial positions are sub-
ject to workspace constraints that prevent agents from en-
tering restricted regions. Each agent carries a point sen-
sor that returns localized measurements of the field with
additive Gaussian noise [52]. Communication links are
established based on a distance threshold, yielding a time-
varying graph as agents move. At each time step, agents
execute the local prediction and update steps of the es-
timation algorithm, solve their local linear optimization
problems to generate motion commands, and communi-
cate compressed summaries of their state estimates and
planned trajectories to neighbors.

Performance is evaluated using metrics derived from
the estimation error and sampling patterns [53]. A com-
mon metric is the spatially averaged mean squared error
between the estimated and true fields, defined over the
grid cells. A related metric is the maximum pointwise er-
ror across space, which emphasizes worst-case deviations
[54]. Coverage metrics quantify the fraction of grid cells
visited by at least one agent over a given time window, and
the distribution of revisit times. Operational metrics in-
clude the total distance traveled by the swarm, the distribu-
tion of inter-agent distances, and the fraction of time that
communication links are active. These metrics provide a
multi-faceted view of the trade-offs between information
gain, operational effort, and safety [55].

By comparing the adaptive sampling strategy to
baseline strategies such as static deployments or random
walks, one can assess how uncertainty-aware decision
making influences performance. Static strategies fix agent
positions or follow predetermined patrol patterns, indepen-
dent of observed data. Randomized strategies allow agents
to move according to stochastic rules without explicit ob-
jectives [56]. In typical scenarios, the swarm-intelligent
adaptive framework yields estimation errors that are lower
than those of static or random baselines under the same
resource constraints, though the magnitude of the reduc-

tion varies with field dynamics, noise levels, and model
mismatch. The comparisons also reveal cases where the
benefits of adaptivity are limited, such as when the envi-
ronmental field is nearly homogeneous or slowly varying
relative to the sampling rate [57].

Sensitivity analyses explore the impact of parame-
ters such as swarm size, communication radius, planning
horizon length, and weight choices in the objective func-
tion. Increasing swarm size generally improves estimation
accuracy and coverage, but with diminishing returns be-
yond a certain point. When the communication radius is
small, the graph may fragment, and the benefits of dis-
tributed information fusion can degrade, leading to lo-
calized estimation performance that depends strongly on
initial conditions [58]. Short planning horizons reduce
computational requirements but may restrict the ability
of agents to exploit forecasts of future uncertainty, espe-
cially in systems where the dynamics exhibit strong tem-
poral correlations. Weight choices in the objective func-
tion influence the balance between exploration of high-
uncertainty regions, maintenance of baseline coverage,
and limiting motion effort.

Model mismatch and unmodeled dynamics play a
significant role in shaping achieved performance [59]. In
simulations where the true dynamics deviate from the lin-
ear model due to nonlinear advection or boundary effects,
initial predictions can be biased, leading to misallocation
of sensing effort. The inclusion of online learning mecha-
nisms mitigates some of this bias by updating linear model
parameters and uncertainty surrogates based on observed
discrepancies [60]. However, the rate and robustness of
adaptation depend on the magnitude of the mismatch and
on the richness of the data. When changes in dynamics
occur abruptly, such as a sudden shift in dominant wind
direction, rapid adaptation requires that agents encounter
informative regions quickly; otherwise, there can be a lag
before sampling patterns adjust.

The simulation studies also highlight practical con-
siderations for real deployments [61]. For example, en-
ergy constraints can limit the total distance traveled by
agents, requiring careful tuning of motion penalties in the
objective function to prevent excessive maneuvering. Con-
straints on ascent or descent rates for aerial or underwater
vehicles can restrict accessible regions within the plan-
ning horizon, affecting coverage of vertical structures in
the field. Communication dropouts and delays introduce
asynchrony in the distributed coordination algorithms,
which may necessitate conservative parameter choices
to maintain stability [62]. Despite these challenges, the
results suggest that the combination of linear modeling,
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uncertainty-aware optimization, and distributed coordina-
tion provides a flexible foundation on which more detailed
vehicle and communication models can be layered.

7. Conclusion

This work has examined a swarm-intelligent adaptive sam-
pling framework for distributed environmental monitor-
ing under uncertain spatiotemporal dynamics, emphasiz-
ing linear modeling and optimization formulations that fa-
cilitate analysis and implementation [63]. Environmen-
tal fields were represented using finite-dimensional linear
state-space models with additive uncertainties, and mobile
sensors were modeled as agents whose motion and mea-
surements influence the information available for state esti-
mation. Within this structure, linearized uncertainty surro-
gates were introduced to approximate information-driven
sampling objectives in a way that is compatible with linear
and mixed-integer linear programming.

The swarm architecture leveraged local estimation,
distributed information fusion, and neighborhood-based
coordination to adjust sampling patterns in response to
evolving uncertainty and operational constraints [64]. Each
agent maintained a local state estimate, communicated
with neighbors through a time-varying graph, and solved
local optimization problems that balance expected un-
certainty reduction, coverage requirements, motion ef-
fort, and safety considerations. Linear constraints were
used to encode motion bounds, workspace restrictions,
and collision avoidance in a tractable form. Consensus-
like mechanisms and distributed optimization methods
enabled agents to achieve approximate agreement on sam-
pling patterns without centralized control [65].

Online learning components were incorporated to
adapt dynamics models and uncertainty surrogates, using
innovation sequences and regression-based parameter up-
dates. These components allowed the swarm to respond
to model mismatch and changes in environmental dynam-
ics, although the speed and robustness of adaptation de-
pend on data availability and the nature of the deviations
from nominal models [66]. Simulation studies on stylized
advection-diffusion fields illustrated how the framework
can shape sensor trajectories, improve estimation accu-
racy relative to non-adaptive baselines in many cases, and
maintain performance under a range of communication
and resource constraints.

Several limitations and potential extensions arise
from the analysis. The reliance on linear modeling and
linear surrogates restricts the range of dynamics and sens-
ing modalities that can be accurately captured, and non-

linearity or strong anisotropy in environmental processes
may require more advanced representations [67]. Compu-
tation and communication limits may constrain the com-
plexity or horizon length of local optimization problems,
especially in large swarms. Future developments could
investigate hybrid schemes that combine linear models
with selective nonlinear corrections, hierarchical control
structures that coordinate groups of agents at different lev-
els of abstraction, and integration of additional sensing
cues or prior information. Despite these limitations, the
study provides a structured perspective on how swarm-
intelligent adaptive sampling strategies can be formulated,
analyzed, and tuned to support distributed environmental
monitoring in the presence of uncertain spatiotemporal
dynamics [68].
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