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Abstract

Indoor positioning remains a recurrent and significant challenge in research. Unlike out-
door environments, where the Global Positioning System (GPS) provides reliable location
information, indoor scenarios lack direct line-of-sight to satellites or cellular towers, render-
ing GPS inoperative and requiring alternative positioning techniques. Despite numerous
approaches, indoor contexts with resource limitations, energy constraints, or physical re-
strictions continue to suffer from unreliable localization. Many existing methods employ a
fixed number of reference anchors, which sets a hard balance between localization accuracy
and energy consumption, forcing designers to choose between precise location data and
battery life. As a response to this challenge, this paper proposes an energy-aware indoor
positioning strategy based on Mobile Ad Hoc Networks (MANETs). The core principle
is a self-adaptive control loop that continuously monitors the network’s positioning ac-
curacy. Based on this real-time feedback, the system dynamically adjusts the number of
active anchors, increasing them only when accuracy degrades and reducing them to save
energy once stability is achieved. The method dynamically estimates relative coordinates
by analyzing node encounters and contact durations, from which relative distances are
inferred. Generalized Multidimensional Scaling (GMDS) is applied to construct a relative
spatial map of the network, which is then transformed into absolute coordinates using
reference nodes, known as anchors. The proposal is evaluated in a realistic simulated
indoor MANET, assessing positioning accuracy, adaptation dynamics, anchor sensitivity,
and energy usage. Results show that the adaptive mechanism achieves higher accuracy
than fixed-anchor configurations in most cases, while significantly reducing the average
number of required anchors and their associated energy footprint. This makes it suitable
for infrastructure-poor, resource-constrained indoor environments where both accuracy
and energy efficiency are critical.

Keywords: indoor positioning; mobile ad hoc networks; cooperative localization; anchor
nodes; bluetooth; self-adaptive

1. Introduction

Indoor positioning has emerged as a critical enabler for location-aware services in
environments where Global Positioning System (GPS) signals are unavailable or severely
degraded [1]. In GPS-denied spaces such as buildings, underground facilities, and indus-
trial plants, signal attenuation and multipath propagation prevent reliable satellite-based
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localization, creating the need for alternative methods [1]. Accurate indoor localization
supports applications ranging from emergency response and industrial asset tracking to
human—computer interaction and context-aware computing [2].

Beyond accuracy, energy efficiency is increasingly important in mobile and ad hoc
deployments [3]. In battery-powered Mobile Ad Hoc Networks (MANETSs), excessive
communication and processing for positioning can quickly drain device energy, limiting op-
erational lifetime [3]. This is particularly problematic in scenarios such as temporary event
spaces, post-disaster search and rescue, or ad hoc industrial inspections, where recharging
or replacing batteries may be impractical [4,5]. Thus, indoor localization strategies must
not only be accurate but also minimize energy consumption while adapting to changing
network conditions. However, most existing localization schemes use a fixed number
of anchor nodes as reference points. This fixed-anchor design imposes a rigid trade-off:
maintaining a larger anchor set improves positional accuracy at the cost of higher energy
consumption, while reducing the number of anchors conserves energy but sacrifices accu-
racy. Finding a way to achieve precise indoor positioning in resource-constrained MANETs
without incurring prohibitive energy costs is the central problem this paper addresses.

In recent years, a wide spectrum of indoor positioning techniques has been proposed.
Range-based approaches such as those using Received Signal Strength Indicator (RSSI) [6],
Time of Flight (ToF) [7], or Angle of Arrival (AoA) [8] estimate absolute distances or angles
to known anchors, and apply multilateration or triangulation [9]. Fingerprinting methods
construct location databases of signal measurements and perform pattern matching at
runtime [10]. Connectivity-based schemes, including hop-count or contact graphs, infer
relative proximity from network topology [11]. Among these, Multidimensional Scaling
(MDS) and its extensions, such as Generalized MDS (GMDS), have proven effective for re-
constructing the relative positions of nodes from estimated pairwise distances, particularly
in Wireless Sensor Networks (WSNs) [12,13] and MANETs [14-16].

However, existing MDS-based localization studies typically rely on stable distance
metrics such as RSSI or precise time-based ranging, and assume either dense static deploy-
ments or continuous connectivity [17]. These assumptions often do not hold in resource-
constrained, opportunistic indoor scenarios, where infrastructure is sparse, measurements
are intermittent, devices are mobile, and energy availability is limited. Moreover, tradi-
tional methods use a fixed number of anchors, which may result in unnecessary energy
expenditure when fewer anchors could maintain the same accuracy.

Considering these remaining challenges, this paper proposes an energy-aware indoor
positioning strategy for MANETs based on opportunistic encounters between devices, en-
hanced with a self-adaptive mechanism for optimizing the number of reference nodes. The
method derives pairwise distance estimates from the frequency and duration of contacts.
These estimated distances feed a GMDS procedure to construct a relative spatial map of the
network, which is transformed into absolute coordinates using a dynamically adjusted set
of anchors. By continuously monitoring positioning error, the system increases or decreases
the number of anchors to balance accuracy and energy usage. We also address geometric
ambiguities by evaluating both direct and reflection corrected transformations, selecting
the mapping that minimizes anchor alignment error. Thus, the main contributions of the
work are as follows:

¢ A contact-duration-based distance estimation model for MANET indoor positioning,
enabling localization without requiring a dense infrastructure.

* A GMDS-based localization pipeline adapted to opportunistic contact graphs, dynam-
ically incorporating anchors.

* A self-adaptive anchor selection mechanism that dynamically adjusts the number of
reference nodes to maintain accuracy while minimizing energy consumption.
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*  An experimental evaluation in a simulated realistic indoor MANET, showing that
the approach can achieve average positioning misalignment of 7 m in high-density
scenarios and 12 m in low-density contexts. Meanwhile, the strategy reduces the
energy footprint compared to fixed-anchor methods, in more than 25%, achieving the
best combined score between accuracy and energy consumption.

The rest of this paper is organized as follows. Section 2 reviews related work in indoor
positioning and MDS/GMDS-based localization. Section 3 describes the proposed method
in detail. Section 4 presents the experimental setup and results, discussing implications,
limitations, and potential extensions. Finally, Section 5 concludes the paper.

2. Related Work

Indoor positioning has been addressed through a wide range of techniques, each
with specific trade-offs in accuracy, cost, infrastructure requirements, and energy consump-
tion [1]. Below, we review the main categories most relevant to this work, with emphasis on
GMDS-based localization, encounter-driven positioning, and adaptive anchor strategies.

2.1. Range-Based and Fingerprinting Approaches

Range-based methods estimate distances or angles to known anchors, then apply
multilateration or triangulation. Typical measurement modalities include RSSI, ToF, AoA,
and Time Difference of Arrival (TDoA) [10,18]. Works such as [19] have extensively studied
indoor Wi-Fi positioning using RSSI trilateration, facing multipath and fading effects
as potential challenges, reducing accuracy in complex indoor environments. Moreover,
continuous measurement exchanges and active scanning incur high communication and
processing costs, leading to increased energy consumption in battery-powered devices [20].
Due to their reliance on stable anchors and frequent measurements, these schemes are best
suited to static or infrastructure-rich settings; their complexity and power demands make
them unsuitable for sparse or highly mobile MANETs.

Other works are based on fingerprinting techniques [21], building databases of signal
characteristics at known locations and performing pattern matching at runtime. While
these methods can achieve high accuracy, they require costly site surveys, frequent recal-
ibration to account for environmental changes, and periodic active probing [22]. These
factors contribute to significant energy overhead in mobile deployments. Moreover, fin-
gerprinting methods assume consistent signal signatures, so their applicability to sparse
MANETs is limited: the lack of persistent infrastructure and the mobility of nodes erode
fingerprint stability, making these approaches suited for opportunistic, infrastructure-
poor environments.

2.2. Localization Based on Connectivity and Hop Count

An alternative to precise ranging is connectivity-based localization, where distances
are approximated from network topology metrics. Early works [23] estimated pairwise
distances based on the number of hops between nodes and an average hop length. While
simple, these approaches degrade in accuracy when hop lengths vary significantly or
connectivity is sparse. From an energy perspective, these methods can be lightweight
when using passive neighbor discovery, but accuracy issues often necessitate additional
message exchanges, increasing the energy footprint. These hop-count based methods
assume relatively dense and uniformly connected networks; in sparse MANETS, long and
variable hop distances lead to large positioning errors, so the techniques offer only low
suitability in mobile environments.
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2.3. GMDS and MDS Based Localization in WSNs and MANETs

MDS has been widely adopted to reconstruct node positions from pairwise distances.
Decades ago, works such as [24] introduced MDS-MAP, which computes a relative coordi-
nate map from estimated distances and aligns it to an absolute frame using a set of anchors.
Variants have extended this approach to distributed computation and to adapt to irregular
distance error patterns [25]. On the other hand, GMDS extends classical MDS to handle
incomplete and noisy distance matrices more effectively, making it suitable for opportunis-
tic and sparse connectivity scenarios [26]. Recently, modern works have adapted these
techniques to the latest advances in Artificial Intelligence [27]. Considering this, GMDS
becomes a flexible technique extensible with new approaches, including MANETs, where
node encounters are intermittent and range measurements are unreliable.

MDS, GMDS, and related methods have been applied to WSN, static ad hoc deploy-
ments, and indoor contexts using RSSI-derived distances [12,13]. These works demonstrate
that MDS-based methods are effective at producing consistent relative maps, but they
generally rely on stable distance measurements and either static or well-connected net-
works. Furthermore, studies [13] maintain a fixed number of active anchors throughout
operation, regardless of accuracy trends, resulting in potentially unnecessary communi-
cation and computation costs that waste energy. Classical MDS-based schemes, such as
MDS-MAP [24], assume near-complete distance matrices and therefore perform poorly in
sparse MANETs. Distributed weighted MDS [26] relaxes the completeness requirement,
offering medium suitability by working in decentralized fashion, but still pre-selects static
anchors without a mechanism to adjust to mobility or energy constraints. Other variants
focus on sensor networks [13]; their wake-up protocols can reduce energy consumption in
fixed deployments but are not adaptable to mobile contexts.

Another variant such as Scaling by Majorizing a Complicated Function (SMACOF),
optimizes stress iteratively but at a higher computational cost, making it less suitable for
highly dynamic and energy-sensitive MANET scenarios [28]. Indeed, SMACOF requires
multiple iterations of stress minimization; in mobile MANETS, this computational burden
and the need for repeated measurements limit its practicality.

2.4. Encounter-Based Localization and Opportunistic Networks

From an energy standpoint, encounter-based localization can be advantageous since
it avoids continuous measurement exchange. However, few works explicitly optimize
anchor usage to minimize communication and processing energy, or integrate adaptive
strategies that react to real-time accuracy requirements. Most studies either use static
anchor configurations or focus solely on connectivity, without balancing accuracy against
energy constraints [29]. From this review, two key gaps emerge. First, these encounter-
based approaches only implicitly handle anchor selection, offering at best medium suit-
ability for mobile or sparse MANETSs; second, the lack of explicit energy awareness in
anchor strategies means they do not address the critical trade-off between accuracy and
power consumption.

2.5. Gap and Positioning of This Work

First, while MDS and GMDS with anchors are established techniques in WSN and
indoor positioning research, prior deployments assume accurate ranging or dense connec-
tivity conditions often absent in mobile, infrastructure-poor indoor environments—and
generally overlook energy efficiency as a primary optimization goal. Second, encounter-
based localization is an active area, but the combination of distance estimation based on
contact duration, GMDS reconstruction, and energy-aware adaptive anchor control remains
unexplored. These gaps translate to potential improvements for mobile or sparse MANETS:
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classical MDS variants require dense data; distributed or static-anchor MDS schemes do
not adapt to node mobility; and encounter-based methods neglect the anchor-selection
trade-off.

Our work addresses these gaps by proposing a GMDS-based pipeline tailored to
opportunistic indoor MANETSs, where infrastructure is sparse, devices are mobile, and both
positioning accuracy and energy efficiency depend strongly on the number and placement
of anchor nodes. The novelty lies in introducing a self-adaptive anchor mechanism that
automatically increases or decreases the number of anchors based on observed localization
error, thereby achieving a positive trade-off between accuracy and energy usage. This
represents a shift from static anchor configurations toward an accuracy-driven, energy-
aware anchor deployment strategy for opportunistic indoor localization. By explicitly
targeting the mobile and sparse MANET context, our method is designed to maintain high
localization accuracy while remaining energy efficient even when only intermittent contact
data are available. This high suitability distinguishes our approach from prior works that
implicitly assume dense connectivity or static anchors.

In summary, while prior works have established foundational techniques, they have
not systematically addressed the dynamic optimization of the accuracy—energy trade-off
through adaptive anchor management in MANET contexts. Table 1 summarizes this
literature landscape and positions our work as a novel solution designed to fill these
specific gaps.

Table 1. Summary and comparison of key related works in localization.

Ener Suitability for
Reference Core Technique  Distance Metric = Anchor Strategy 8y Mobile/Sparse
Awareness
MANETs
) . Low (assumes
Classical MDS Hop- . Not a primary
Shang et al. [24] (MDS-MAP) Count/RSSI Fixed goal near-dc;)’g)plete
Costa et al. [26] Distributed Al:;sgvanrf ;1 Pre-selected, No Bfr?ccillilgglﬂ()fl?tzés
' Weighted-MDS Static .
measured computation)
Indirect Low (assumes
Souissi et al. [13] MDS-based RSSI Fixed (Wake-Up stable sensor
Protocol) network)
g . . Medium (focus
Modern Probabilistic/ ML Wi-Fi Proximity Static Not a primary on pedestrian
works [30] Events goal .
tracking)
This Work GMDS + Contact Dura- Dynamic/Self-  Explicit/Primary  High (designed
Procrustes tion/Frequency Adaptive Goal for this context)

3. Dynamic Anchor Optimization for Indoor Location

This section details the proposed pipeline: (i) derive pseudo-distances from encounter
statistics; (ii) obtain a relative map with GMDS under missing data; and (iii) align to absolute
coordinates via Procrustes using an adaptively sized anchor set. The next subsections
address the workflow, system architecture, contact-based estimation, anchor adaptation,
and energy model.

3.1. Overview

The operation of the system can be illustrated through a simplified example in which
five mobile nodes are distributed within a 6 x 6 m indoor area. This situation is represented
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by window 1 at Figure 1. Initially, two of these nodes are designated as anchors, with known
absolute coordinates. In the first time window, contact data between all nodes is collected
and transformed into estimated pairwise distances, from which GMDS reconstructs a
relative map. Then, Procrustes analysis aligns this map to the absolute frame using the
anchor coordinates. The Root Mean Square Error (RMSE) of the anchor validation error
is computed, comparing their estimated and true positions. To avoid bias, the system
relies on a validation-anchor strategy: at each evaluation step, a small subset of anchors is
temporarily withheld from the alignment process and treated as regular nodes. The RMSE
is then computed on these withheld anchors and combined with self-consistency metrics.
This yields a reliable proxy for the expected error in non-anchor nodes while keeping the
process feasible in real deployments.

Window 1 Window 2 Window 3

. Anchors: 2, RMSE: 1.50, Energy: 10 u o Anchors: 3, RMSE: 0.52, Energy: 15 u p Anchors: 2, RMSE: 0.70, Energy: 10 u
s ® e | @ x ® | ¢ g
4 4 4
X N,
] 1 X
3 ¢ 3 3 L 3 L)
X
2 A 2 ) 2 & X
1 %E @ True Position 11 =; o ==
¥ Estimated Position
@ Anchor
0 T o T 0

T T T T T T T T T T T T T
0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3 4 5 6

Figure 1. Working overview of the indoor location strategy, achieving a reduction in positioning
error, while keeping energy consumption reduced.

As window 2 in Figure 1 describes, if the observed error exceeds a configurable upper
tolerance threshold, the system promotes an additional node to anchor status, choosing
the candidate that maximizes spatial diversity and coverage. This increases the number of
reference points for alignment, improving accuracy. Conversely, if the error remains below
the target threshold for several consecutive windows, as window 3 in Figure 1 describes, an
anchor is demoted to regular node status to reduce energy consumption. This adaptation
continues over subsequent windows, balancing accuracy and resource usage. By the third
window in our example, the RMSE has decreased significantly, and the number of anchors
is reduced, maintaining accuracy while lowering energy consumption.

Figure 2 describes the sequential processing steps and the key decision points of the
algorithm. At each time window ¢, the process begins by aggregating all contact events
recorded by the mobile nodes. These contacts are translated into distance estimates, which
are then passed to the coordinator node. This element constructs a relative spatial map of
all nodes using only the inter-node distances. Because this relative map is floating with
respect to the global coordinate system, a Procrustes transformation aligns it to the absolute
reference frame using the current set of anchors.

Once a set of absolute coordinates has been obtained, the algorithm computes a
validation error. To avoid over-fitting to the anchors, a small subset of them is withheld
from the alignment, and their estimated positions are compared with their known absolute
locations. This RMSE is combined with a self-consistency metric, which measures how
well the relative and aligned maps agree, to produce an overall error estimate. This error
estimate triggers the adaptation phase: if the error exceeds a user-defined upper tolerance,
the system promotes an additional mobile node to anchor status. Promotion is biased
toward nodes whose placement increases geometric diversity, improving the conditioning
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of the alignment step. Conversely, if the error stays below a lower tolerance for several
consecutive windows, one of the existing anchors is demoted back to a regular mobile
node, reducing energy consumption. If the error falls between the two thresholds, the
anchor set remains unchanged. The updated set of anchor coordinates is then used in the
subsequent time window, and the cycle repeats. This workflow continuously balances
localization accuracy against energy expenditure by adjusting the number of anchors based
on real-time performance metrics.

> 1. Collect Contact | Gather contact information
Data among all mobile nodes.
v/ .
. . Convert the contact data into
2. Estimate Pairwise ) .
. estimated distances between
Distances ;
node pairs.
hvA . .
3. Reconstruct Use GMDS to build a relative
F.{elative Ma map from these pairwise
p: distances.
Av4 Perform Procrustes analysis to
4. Align to Absolute | align the relative map to the
Coordinates absolute reference frame using
the current set of anchor nodes.
\v4 Withhold a subset of anchors
(validation anchors) from the
5. Calculate alignment and compute the
Valldation RMSE RMSE between their
estimated and true positions.

Ttarget < RMSE < Tmax MSE vs Thresholds

RMSE < Ttarget RMSE > Tmax

Decrease anchors Increase anchors

[

Figure 2. Flowchart of the proposed adaptive strategy, including maximum target RMSE (Tmax) and
target RMSE (Ttarget)-

Considering this overview, next section analyzes the components and communications
required in the architecture to operate.

3.2. Architecture

The architecture consists of mobile nodes, a subset of which serve as anchors. Each
node is equipped with short-range wireless interfaces, such as Wi-Fi or Bluetooth, to detect
opportunistic contacts with nearby peers. A local contact logger records the identifier of the
encountered node, the timestamp of contact initiation, and the duration of the encounter.
This contact data is periodically shared with a coordinator fixed edge node to construct a
global contact graph.

The coordinator node performs a distance estimation based on the contact history.
Thus, pairwise distances between nodes can be estimated, producing an incomplete dis-
tance matrix. The GMDS engine then computes a relative coordinate map from this matrix.
Anchors feed their known absolute positions into the module, which applies Procrustes
analysis to transform the relative map into the absolute coordinate system.
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The process to adapt relative to absolute positions evaluates positioning performance
at the end of each time window. It determines the RMSE computed on a validation
subset of anchors, combined with self-consistency indicators such as the MDS stress,
temporal smoothness of position estimates, and anchor—consistency dispersion. These
indicators provide a practical accuracy proxy without requiring knowledge of the true
positions of regular nodes. The error metric driving adaptation is the RMSE over withheld
validation anchors, never including any anchor actively used for alignment. This separation
ensures that anchor activation decisions are based on an unbiased estimate of network
accuracy, rather than on an inflated metric that would automatically improve when more
anchors are added. Finally, a coordinator monitors the energy usage, per-window and
cumulative, enforcing operational constraints and preventing the overuse of anchor mode
in environments with limited energy.

The architecture assumes a coordinator node as a pragmatic, centralized point for
aggregating contact logs, estimating pairwise distances, running GMDS, and orchestrating
anchor selection. This choice simplifies synchronization and ensures availability despite
transient partitions common in MANETSs. A fully decentralized variant is conceivable (e.g.,
gossip or consensus over local maps), but end-to-end connectivity cannot be guaranteed,
and the coordination overhead grows under mobility and churn. The centralized coordina-
tor thus serves as a baseline for clarity and reproducibility, while distributed realizations
are left as future work.

Considering these components, the proposed pipeline provides a potential strategy to
perform estimations and managing the presence of anchor nodes in the scenario. Next, the
specific details for the location estimation process are addressed.

3.3. Contact-Based Location Estimation

The proposed localization framework operates without any specialized ranging hard-
ware, relying instead on the opportunistic detection of encounters between mobile devices.
Each participating node continuously monitors its local wireless interfaces to detect the
presence of other nodes within its communication range. A contact is formally defined as
a continuous time interval during which two nodes can exchange at least one successful
beacon or message, thus confirming bidirectional communication capability. For every
contact, the system logs both the start and end times, enabling precise computation of
the contact duration, as well as the total number of contacts observed within a sliding
observation window.

From this contact history, the system infers relative proximity between nodes under
the assumption that both the probability of encountering another node and the duration
of such encounters are inversely correlated with physical distance. This assumption is
supported by mobility models in opportunistic networks, where closer nodes have a higher
likelihood of falling within mutual communication range. To capture this relationship, the
pairwise distance d;; between two nodes i and j is estimated as a decaying function of a
robustly normalized contact probability p;;:

log(pij)

dij = —— — 1)

where & > 0 is a decay coefficient that encapsulates mobility and propagation effects, and
pij is the contact probability after flooring to avoid log(0). Let S; = {Cuy} be the set of
contact counts observed in window ¢. A robust cap is used to reduce sensitivity to outliers:

Ceap = quantiley g5(St), Cj = min(Cij, Ceap)- ()
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The contact probability is then

pij = max(pj, €), (©)

=
=
|

@

cap

with e = 1073 unless otherwise stated. In practice, this process yields an incomplete N x N
distance matrix D since not all node pairs encounter each other within the same window,
especially in sparse or highly mobile scenarios. Unless otherwise stated, the assessment
uses q = 0.95 for the cap quantile and & = 1.2.

Unlike classical MDS, which assumes a complete distance matrix, GMDS operates
with missing entries by optimizing over available distances only. The method seeks the
coordinates £; in a two-dimensional Euclidean space that minimize the stress function:

L 2 — 2| - dy)?
otz = | Foo=el o A=) @

where O is the set of observed distance pairs (i, j) and |O| is its cardinality. The output of
GMDS is a relative map of the network, whose scale, rotation, translation, and reflection
are undefined.

To resolve these ambiguities and obtain absolute coordinates, a set of anchor nodes
with known positions is used. Intuitively, GMDS recovers the network’s shape but with
unknown pose: shift, rotation, scale, and possibly a mirror. Procrustes then finds a single
rotation (or reflection), scale, and translation that best land the anchors from the relative
map onto their known absolute locations, and applies the same transform to all nodes.

Formally, Procrustes finds a similarity transform (R, s, t). Matrix R € R?*2 is orthog-
onal (RTR = I) and represents a rotation or a reflection. Scalar s > 0 is the scale factor.
Vector t € R? is the translation. Let T; be the set of anchors used to compute the transform.
Procrustes solves
2

(5)

min Y |ag — (sRyg +t)
Rst ke,
where y; € R? are the relative anchor coordinates, and a; € R? are the absolute coordinates.
The evaluation includes both the direct and the mirrored solutions and keeps the lower-
error fit. To avoid optimistic bias, anchors used in this fit are not used to report accuracy;
instead, a small withheld set V; provides an unbiased validation RMSE that drives the
adaptive controller.

After Procrustes, for each window ¢, the alignment step evaluates the direct and
mirrored similarity transforms and selects the option with the lower anchor error. The
accuracy of the absolute position estimates is then quantified using RMSE as defined below
in the manuscript:

1 &
RMSE = | = Y |I%i — xi[]%, (6)
Ni:l

where x; is the true absolute coordinate of node i, and #; is its estimated position
after transformation.

Critically, anchors used for alignment are not included in the RMSE driving adaptation.
Including them would trivially reduce the error without reflecting real improvements
for regular nodes. Instead, the system employs a validation-anchor strategy: at each
evaluation step, a small subset of anchors is temporarily withheld from the alignment
process and treated as regular nodes. The RMSE is then computed on these withheld
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anchors and combined with the self-consistency indicators, such as the mentioned MDS
stress, positional smoothness across consecutive windows, and anchor-dispersion metrics.
This ensures that the adaptation process is guided by an unbiased accuracy estimate that
correlates strongly with the expected error for non-anchor nodes. As the operation of the
proposed framework can be understood as a two-phase pipeline repeated over successive
time windows, localization and mapping process would become the first stage. Algorithm 1
describes the process within each window, starting from raw contact logs and ending with
absolute position estimates. For this, the algorithm receives several input variables, such as
«, which describes the decay factor, established by default to 1.2, and € as the probability
floor, with a value of 10~3. Respectively, these values map contact probabilities to pseudo-
distances. The decay factor « scales the dynamic range of distances, then a larger value of
compresses distances, while a smaller a expands them. In the case of ¢, it prevents log(0)
and limits extreme values when contacts are very rare.

Algorithm 1: Localization and mapping in window ¢ (GMDS + Procrustes + valida-
tion).
Input: Contact logs £; over window ¢; decay factor o (default 1.2);
probability floor € (default 1073);
Current anchor set A; with known absolute positions {a; };
Withheld validation anchors V; C Ay;
Previous absolute estimate X;_; (optional);
GMDS/SMACOF solver hyperparameters.
Output: Absolute estimates }A(t for all nodes;
Validation error RMSEgval) on Vy;
Self-consistency metrics {stress;, smoothy, disp; };

Per-window energy E; = |A;| - E,.
1 (1) Contact modeling. From L, estimate contact probabilities p;; (and/or encounter rates).

2 Compute pseudo-distances d;; = — log(max(p;j, €))/«, yielding an incomplete N x N
matrix Dy.
3 (2) Relative embedding with GMDS. Solve Igu? Yo (g =%l - dl'j)z over the
b .
T (ij)€0

observed set Oy, producing a relative map )A(lfel € RN*2,
4 (3) Train/validation split on anchors. Let T; = A; \ V; (train anchors).
5 Compute Procrustes similarity transform (Ry, s¢, t¢) that aligns )?{el[Tt] to true {a; : k € Ty }.
6 (4) Absolute map. Apply (R, s, 1) to all relative coordinates: )A('t = stf({elR: + t;.
7 (5) Metrics for adaptation. Validation RMSE on withheld anchors.
8 Record GMDS stress (on O), temporal smoothness smooth; = % Y llx — X1

(ift > 1),
and anchor-geometry dispersion disp; (e.g., mean pairwise anchor distance).

9 Compute E; = |A¢| - E,.

10 return X;, RMSEEVE‘I), {stressy, smoothy, disp, }, Et.

For quick lookup, Table 2 summarizes all energy symbols used in the paper.
Algorithms 1 and 2, figures, and captions refer to these definitions.

Table 2. Energy symbols used throughout the paper.

Symbol Definition

E, anchor energy cost per window (J/window)
E; per-window anchor energy, E; = |A¢| E; (J)
Evindow,max per-window energy cap (J/window)

Emax cumulative energy budget over a run (J)

Ecum cumulative energy consumed up to window ¢ (J)
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Unless otherwise stated, evaluations use E; = 0.8 ]/window, Eyindowmax = 12]/window,
and Emax = 300]; Ecum is updated each window as described in Algorithm 2.

Algorithm 2: Self-adaptive anchor presence (validation-driven + energy-aware).

Input: RMSEt(ml) ; self-consistency {stress;, smoothy, disp, };

Thresholds Ttarget, Tmax; patience py, p;
Current anchors A;, candidate pool C; (non-anchors); bounds Kpin, Kmax;
Coverage heuristic H (e.g., farthest-first on )A(t);
Energy model: E, (J/window), per-window cap Eyyindow,max, Cumulative cap Emax;
cumulative energy Ecum.
Output: Next anchor set A, 1; updated counters (CT, c i) ; updated Ecuym.
1 (1) Bookkeeping. Update cumulative energy Ecum < Ecum + | At|Eq-
2 Update hysteresis counters:
(c1+1,0), RMSE™ > s,

(CT'Ci) < (0, C¢+1), RMSEﬁval) < Ttargetr

(0,0), otherwise.

3 (2) Decision rule. Let K; = | A;|.

4 if ¢y > py and Ky < Kmax and Et < Eyindow,max 14 Ecum < Emax then propose INCREASE
(Kiy1 < Ki+1), reset ¢4 < 0

5 elseif c| > p| and K; > K, then propose DECREASE (K; 1 < K;—1), resetc| < 0

6 else HOLD (K; 1 < Ky).

8 (3) Anchor (re)selection under coverage heuristic.

9 if INCREASE then

10 Choose u* € C; that maximizes spatial coverage gain under # (e.g., farthest-first on Xy).
1 Set A; 1 + Ay U {u*}.

12 else if DECREASE then

13 Remove v* € A; with smallest marginal coverage contribution (or least geometric
leverage).

14 Set Ajrq + A\ {v*}.

15 else

16 L At+1 — Aj.

17 (4) Validation split for t4-1. Sample a small withheld set V;;1 C A1 (e.g., 20%) that will
not be used for alignment in window t4-1.

18 Optionally weight the split by spatial diversity to stabilize validation.

19 return A1, (ct,¢)), Ecum.

It is worth noting that this method infers distances from encounter statistics. The
distance estimates are thus inherently noisy, with error sources including heterogeneous
radio ranges, mobility anisotropy, and temporal sampling effects. The use of GMDS
mitigates these effects by incorporating partial observations while maintaining geometric
consistency, enabling the framework to operate effectively in sparse, dynamic, and energy-
constrained indoor MANET scenarios.

3.4. Self-Adaptive Anchor Presence

The number of active anchors directly affects the accuracy of the absolute position
estimates. Too few anchors can cause high positioning errors, while too many increase
energy consumption and operational overhead. The proposed self-adaptive mechanism
dynamically adjusts the number of active anchors based on performance feedback.
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The adaptation loop runs over discrete time windows. At the end of each window,
the system evaluates performance using the validation anchor RMSE plus self-consistency
metrics, never counting anchors used in the alignment phase. If the error remains above
the upper tolerance threshold Tmax for pyp consecutive windows, an additional anchor
is activated. If the error stays below the target threshold Tiarget for pgown consecutive
windows, an anchor is deactivated. A coverage gain heuristic selects nodes for promotion
or demotion to maintain spatial diversity among anchors.

This separation between alignment anchors and validation anchors prevents the
system from taking misleading decisions based on artificially reduced errors, ensur-
ing that anchor activation or deactivation reflects genuine performance changes for
non-anchor nodes.

Algorithm 2 details the self-adaptive anchor control mechanism, which governs how
the set of active anchors evolves over time. Anchor promotion is triggered when accuracy
deteriorates beyond a tolerance threshold for multiple consecutive windows, while demo-
tion occurs when accuracy remains stably below the target error. The selection of candidate
nodes for promotion or demotion is driven by a coverage-based heuristic, ensuring that
spatial diversity among anchors is preserved. Energy consumption is explicitly monitored
in Joules per window, with both per-window and cumulative limits enforced to prevent
overuse of anchor mode. Finally, a small random subset of anchors is withheld in the next
window to act as validation anchors, ensuring unbiased performance monitoring.

Algorithm 2 uses two error thresholds in meters: Tiarget for the lower cap and Tmax
for the upper cap. For example, potential values for these variables could be Tiarget = 8
and Tmax = 12. Then, if validation RMSE stays below 8 m for a while, the controller
removes an anchor; if it stays above 12 m, it adds one. The patience counters (p;, p; ) avoid
flapping, e.g., (2,3). The number of anchors is limited by (Kmin, Kmax) (e.g., 3 and 20).
Energy limits are set by the per-window anchor cost E; (J/window) and optional caps
Eindowmax and Emax; values depend on the device and battery, such as a range of the
0.8-1.5 ] /window. Another example, for unbiased accuracy checks, 20% of anchors may
withhold each window (|V;|/|A¢| = 0.20). Candidate anchors are chosen with a simple
farthest-first coverage heuristic to keep them well spread. All values can be changed by the
user if a scenario requires stricter accuracy or tighter energy budgets.

The fraction of nodes operating as anchors is not fixed: the controller adjusts |A¢|/N
per window based on validation RMSE and patience thresholds, subject to energy caps and
bounds Kpin, Kmax. To avoid over-constraining Procrustes and biasing accuracy metrics, it
is recommended to cap the active-anchor fraction, e.g., 20% of nodes.

Considering the provided details, the next subsection analyzes the computational
complexity of the system.

3.5. Computational Complexity

The potential deployment of the proposed strategy requires an understanding of
the scaling behavior of the method with respect to the number of nodes and the amount
of observed contact information. This subsection characterizes the asymptotic time and
memory costs of each architectural component in a single window.

The complexity of the proposal mainly depends on a set of contextual variables. Let
N be the number of nodes, K = |A;| the number of active anchors in window ¢, d = 2 the
embedding dimension, and |O;| the number of observed node pairs in that window. The
contact modeling step estimates contact probabilities only for the observed pairs and builds
the corresponding entries of the incomplete distance matrix. This step runs in O(|O;|) time
and uses O(|O;|) memory. Its cost is linear in the number of observations and does not
depend on the full N x N matrix.
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The GMDS embedding optimizes a stress function over the observed set. Each solver
iteration evaluates and updates terms that are indexed by pairs in Oy, leading to a per
iteration cost of O(|O¢|) and a total cost of O(Igmgs |Ot|) over Igngs iterations. Memory
usage is O(Nd + |Oy|) to store the coordinates and the sparse observation structure.

The Procrustes alignment uses only the anchor rows of the relative map. Building
the 2 x 2 cross covariance from K anchors costs O(K) time and O(1) additional memory
beyond the anchor subset. The singular value decomposition of a 2 X 2 matrix and the
reflection check are constant time. Applying the similarity transform to all nodes costs
O(N) time. As a result, Procrustes is negligible compared to the embedding when || is
moderate or large.

The coverage aware anchor selection employs a farthest first rule over the current
absolute estimates. A reselection pass that considers the leverage of K anchors over N
nodes costs O(KN) time and O(1) additional memory beyond the coordinates. This step is
only invoked when the controller proposes a change in the anchor set and does not run
every iteration of the embedding. The controller itself maintains counters, accounts for
energy, and samples the validation split. These operations scale with the number of anchors
and therefore cost O(K) time and O(1) memory per window.

In summary, the dominant costs per window arise from the GMDS embedding and
scale linearly with the number of observed pairs. All other components have linear or
constant costs with respect to N and K, namely O(N) for applying the Procrustes transform,
O(K) for alignment statistics and controller updates, and at most O(KN) when anchor
reselection is executed. This profile indicates a theoretical viability, primarily dependent of
the sparsity and size of the observed contact set.

3.6. Energy Optimization

The energy consumption of anchor nodes is a critical factor in the practical deployment
of the proposed system, particularly in MANETs powered by batteries, environments
where device lifetime must be maximized. While the self-adaptive mechanism dynamically
adjusts the number of active anchor to balance accuracy and coverage, the framework also
incorporates an explicit energy optimization layer to ensure that the adaptation process
does not violate resource constraints.

In our model, the energy consumption is expressed in Joules (J), the international unit
for energy, defined as

1] =1 Watt - second. (7)

This unit facilitates integration with device power models and battery specifications.
Each anchor node incurs a fixed energy cost E; per time window, measured in Joules per
window (J/window). This cost represents the additional power required to operate in
anchor mode, including broadcasting its absolute coordinates at higher frequency, main-
taining synchronization for positioning services and processing location requests from
other nodes. The total instantaneous energy expenditure in time window ¢ is

Ei [J]] = Na(t) x E,, 8)

where N,(t) is the number of active anchors in the current window, and E, is given in
J/window.
The cumulative energy consumption over T time windows is

T
Etotal(T) [” = Z E;. )
t=1
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Considering these outputs, the proposed framework enforces two complementary
constraints:

1. Per-window limit: A maximum instantaneous energy consumption Eyindow,max (in
J/window) is enforced for each window, ensuring that a sudden increase in anchor
count does not exceed device or network capacity.

2. Cumulative budget: Over the operational period T, the cumulative consumption
Eiotal(T) (in J) must not exceed a global energy budget Emax. This prevents scenarios
in which the adaptation mechanism gradually depletes system energy reserves.

If either limit is reached, the self-adaptive mechanism is prevented from activating
additional anchors, even when RMSE metrics would suggest doing so. In such cases, the
system explores alternative strategies such as the following;:

* Reassigning existing anchors to maximize geometric coverage without increasing
their number.

¢  Temporarily increasing the reflection-correction evaluation frequency to mitigate
positioning error.

* Dynamically adjusting Tiarget and Tmax thresholds to operate in a more energy-
efficient regime.

Furthermore, by monitoring E; alongside the performance metrics in each window,
the system provides real-time feedback on the trade-off between accuracy and energy con-
sumption. This enables the fine-tuning of parameters such as pup, Pgown, and Eyindow,max
to adapt the localization strategy to specific deployment requirements, whether prioritizing
extended lifetime, higher positioning accuracy, or a balance between the two.

For a practical interpretation, these numbers can be applied for an ESP32 Internet of
Things (IoT) node powered by a small Li-Po battery of 3.7 V and 115 mAh, with a capacity
of 1532 J. This device, acting as an anchor for 50 windows, may consumes 40 J, becoming
around 2.61% of the battery, and 0.8 J/w. Thus, to avoid battery drain, the coordination to
activate or deactivate anchors in the scenario becomes critical to keep the MANET operative.
In summary, the integration of Joule-based energy constraints drives the proposal into
resource-conscious mechanisms, suitable for sustained operation in energy-limited indoor
MANET deployments.

Considering the proposed features integrated into the proposal, a proof-of-concept
implementation has been developed to assess the overall performance of the proposal in
terms of position estimation accuracy and energy consumption. The next section addresses
these processes.

4, Evaluation

The proposed architecture is assessed in a simulation setup, comparing the perfor-
mance of different positioning strategies across different simulated scenarios. To evaluate
the approach, a proof-of-concept is implemented, providing the required features to simu-
late an indoor MANET. The next subsections address the simulation details and analyze
the obtained outcomes.

4.1. Simulated Setup

The evaluation of the proposal is performed in a developed proof-of-concept simulator
which includes all the relevant variables to study the indoor positioning of a MANET.
Next, the details of the implementation, the configured variables for the scenarios and the
benchmark algorithms are described.
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4.1.1. Proof-of-Concept

The proof-of-concept is implemented as a Python 3.15.5 program (Repository available
at https:/ /github.com/Bear-the-box/adaptive-indoor-location-for-manets, accessed on 29
September 2025) that instantiates the complete pipeline and contact synthesis, including rel-
ative map recovery, absolute alignment with anchors, self-adaptation of the anchor set, and
energy-aware operation. As a result, the tool provides logging and plotting utilities to repro-
duce
the results.

The simulator advances in discrete time windows t = 1,...,T. At each window, it
(i) perturbs the true node coordinates with a mobility model; (ii) generates contact ev-
idence from those coordinates; (iii) converts that evidence into a incomplete pairwise

r

(v) aligns it to the absolute frame using the current anchors via Procrustes; (vi) evaluates

distance matrix D(t); (iv) reconstructs a relative embedding X! % via the GMDS method;

performance; and (vii) updates the anchor set under accuracy and energy constraints.
The run-time artifacts—per-window logs, positions, and figures—are persisted to disk for
posterior analysis.

The mobility model is based on updating node positions in discrete steps of duration
At = 1s using a random waypoint model in two dimensions. At the start of a trip, each
node samples a waypoint uniformly over the deployment area and a constant speed
v ~ U(0.6,1.4) m/s (indoor walking range). Upon reaching the waypoint, the node draws
a pause time 7, ~ U (0,3) s, remains stationary for Tp, and then samples a new waypoint
and speed. At each simulator step, positions are updated by straight-line motion:

w — Xt
lw — x|

where w is the current waypoint. Walls are handled with specular reflection at boundaries.

Xpr1 < Xt +0AL (10)

To avoid numerical artifacts, speeds below 0.2m/s are resampled, and per-step displace-
ment is clipped at 1.5m. A small zero-mean jitter 7 ~ A'(0,0?I) with ¢ = 0.05m is added
to emulate local positional noise before contact synthesis. These parameters are used in all
experiments.

To emulate encounter-driven operation, the implementation synthesizes contact prob-
abilities from true inter-node distances and then inverts them back to pseudo-distances,
thereby isolating the estimation stack from ground truth during the mapping step. The
simulator then recovers distances derived from contacts. This choice aims to simplify the
execution and focus on studying the performance of the positioning technique without ad-
ditional complexities. Thus, the strong relationship between encounter frequency/duration
and physical proximity in opportunistic settings produces a distance-like quantity that can
feed GMDS solvers.

To avoid optimistic bias, the contact generator injects heterogeneity and noise before
distances are estimated, so the pipeline is not a forward then perfectly inverted map-
ping. It includes (i) pair-specific range differences, so some pairs decay faster or slower;
(ii) per-node radio power variability, so each device has a fixed gain or attenuation factor;
(iii) window-level traffic variability, so some windows are globally more or less interactive;
and (iv) random packet loss that thins successful encounters. Aiming to achieve further
realism, a simple floorplan occlusion is included to reflect the presence of physical objects.

Floorplan effects are modeled with line-of-sight checks and soft attenuation. If the
straight segment between nodes i and j intersects any wall segment in the 2D layout,
an attenuation factor is applied, updating the encounter rate. This reduces contacts by
randomly generating a value in the interval of 5-10%, obstructing pairs while preserving
variability across windows.
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At inference time, contacts are mapped to pseudo-distances using the robust normal-
ization and a single decay « selected by validation, which is intentionally different from the
heterogeneous generator above.

Using Procrustes in the simulator raises practical issues when the active anchor set A;
changes, driving to a drift or jitter alignment. The challenges are varied, and the simulator
integrates different approaches accordingly.

¢ Weak anchor geometry. Nearly collinear or clustered train anchors T; make the
alignment unstable. Then, the implementation uses coverage-aware selection with a
farthest first rule to improve spatial spread.

e Too few anchors. A small |T;| increases variance in the estimated pose. Thus, the
implementation enforces a minimum anchor count Ky, preferably three anchors that
are not collinear in two dimensions.

*  Reflection ambiguity. With limited geometry, direct and mirrored fits can score simi-
larly. Aiming to address this, the simulator performs an explicit reflection check and
keeps the fit with the smaller anchor error.

¢ Inter window pose jitter. Promotions and demotions change T; and can cause small
jumps in (R, s, t). As a response to this, the proposal applies temporal smoothing to
the values.

For each run of the proof-of-concept, it generates (i) a csv file with window-wise K,
validation RMSE, global/non-anchor RMSE, objective value, energy spent/remaining, and
controller decisions; (ii) a file with the per-window validation curve RMSE,,;(K); (iii) a csv
file with true and estimated coordinates (useful for plotting trajectories); (iv) per-window
frames and optional GIF visualizing anchors and true—estimated displacements; and
(v) a summary file aggregating means, variability, p95 error, average K, energy totals, and
guard activations. A separate aggregator script scans these stats, builds a consolidated
dataset, and renders comparative charts: RMSE by method, energy per window, a Pareto
plot (accuracy vs. energy), and a combined score with user-defined weights. The complete
information is available at the repository of the project (https://github.com/Bear-the-box/
adaptive-indoor-location-for-manets, accessed on 29 September 2025).

It is relevant to consider that the assessed proof-of-concept uses contact metadata
relevant to evaluate the algorithms, such as node identifiers and contact times/durations.
The prototype does not implement a privacy and security layer. Thus, any production de-
ployment that centralizes encounter logs should add pseudonymous or rotating identifiers
rather than stable device IDs; strict data minimization and short retention aligned with the
windowed computation; and appropriate organizational and technical safeguards. A full
privacy design is proposed to be addressed as future works.

The simulator enables a basic definition of contextual variables to build scenarios. In
this case, two contexts are proposed. The next subsection details them.

4.1.2. Simulated Scenarios

The evaluation is driven by a set of contextual variables carefully chosen to capture
the main factors affecting the performance of the proposed dynamic anchor selection
mechanism in indoor MANET deployments:

* Node density. Defined as the number of nodes in the scenario. This variable
directly impacts network connectivity, completeness of the distance matrix, and
contact frequency.

*  Anchor configuration. The number and spatial distribution of anchors influence the
accuracy of the Procrustes alignment and the resulting absolute position estimates.
Simulations considered both fixed-anchor and dynamic-anchor configurations.
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Localization update strategy. This parameter specifies an estimation based on the
windows, where positions are updated once per fixed-length time interval. The
window length is set to 40 s based on sensitivity tests, balancing responsiveness and
computational cost.

Energy model. Energy consumption is modeled at the per-window level, with each
active anchor incurring a fixed cost E; in Joules (J/window). This cost accounts
for beacon broadcasts, synchronization traffic, and processing overhead in anchor
mode. The parameter is calibrated for a representative IoT-class device, such as ESP32,
operating at 1 Hz beaconing, yielding E, ~ 0.8 ]/window, which enables realistic
battery lifetime projections.

Using these variables, two main network configurations are designed to assess scal-

ability and robustness. The values defined for contextual variables are determined after

sensibility analysis is performed to achieve relevant outcomes for the scenarios.

Low-Density scenario. This is characterized by sparse connectivity, incomplete dis-
tance matrices, and longer inter-contact times. This scenario stresses the localization
process, as fewer anchor opportunities and longer gaps between encounters increase
the uncertainty in pairwise distance estimation. The context settings emulate large
open spaces with few moving devices, such as warehouses, low-occupancy office
floors, or industrial facilities during off-peak hours.

High-Density scenario. This is characterized by frequent contacts and more complete
distance matrices, improving the reliability of GMDS reconstruction. However, the
higher number of simultaneous transmissions increases the likelihood of energy
consumption. The context settings model environments such as conference halls,
crowded factories, or open-plan offices during peak activity.

By systematically controlling these variables and comparing the two scenario cases,

the simulation campaign evaluates the proposed framework’s ability to maintain accuracy

and optimize energy usage across a wide range of realistic indoor MANET conditions.

Considering these contemplated variables, Table 3 displays all the relevant contextual

variables included in the simulation scenarios.

Table 3. Simulation grid and defaults used in the simulations.

Block

Parameter

Low Setting

High Setting

Density

Nodes N
Area (m)?

15 (LD)
30 x 30

40 (HD)
20 x 20

Windows

Windows per run T

40

Mobility

Mobility sigma
Reflection allowed

0.15 (L)
true

0.80 (H)

Noise

Position noise std

0.01 (L)

0.06 (H)

Energy model

Per-window anchor

cost E; (J/window)

Cumulative budget
Emax (J)

15(E=L)

80(E=L)

1.0 (E = H)

400 (E = H)

Controller

Kmin/ Kmax
Initial anchors Kjp;;
step
Patience (p+, p);
cooldown
Target bands (logged)

3, 20
2;1

(3,2);2

target_low = 1.2, target_high = 2.2
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Table 3. Cont.

Block Parameter Low Setting High Setting
. Decay « 0.1
Distances Probability floor e as in core text
Adaptive cores classical, GMDS, SMACOF
Methods Baselines (fixed-K) FIXK3, FIXK6, FIXK9, FIXK12
GMDS/SMACOF .
baselines GMDS Kjiyeq = 7 (contact_threshold 0.5); SMACOF Kgyeq = 7 (iters 100)
Objective weights Acost = 0.3, cost_per_anchor = 0.6
Costs & guards Spike/per-node spike_guard = false, per_node_jump_guard = false
guards
Max node jump (m) 2.0
Seeds (independent 5
Execution runs)
Output frames/GIF disabled (save_frames = false, gif = false, fps = 4)
Contact threshold 05
(GMDS) '

Each run spans 40 windows to capture controller dynamics over time without excessive
runtime. Mobility and observation noise are toggled between low and high settings to
emulate smoother versus more volatile motion and sensing. The energy model exposes
easy and hard budgets by combining a per-anchor per-window cost with a cumulative
cap, so methods that oversubscribe anchors are penalized. Controller parameters follow
conservative defaults: a small initial anchor set, single-step changes, short patience and
cooldown to react but avoid flapping, and wide bounds on the allowable number of anchors.
The distance mapping uses a fixed decay to keep inference stationary across the grid, while
the probability floor is defined in the core text to prevent degenerate pseudo-distances.
Three adaptive cores and several fixed-K baselines are included to separate the effect of
anchor adaptivity from the relative-map engine; GMDS/SMACOF baselines use a mid-
range fixed K and typical solver settings. Guards are disabled by default to let the controller
express its natural behavior, with a modest maximum per-step displacement recorded for
diagnostics. Finally, two independent seeds are run for every grid point, and heavy visual
outputs are disabled to keep batch execution tractable.

Regarding the execution environment, all testbed scenarios are executed on a MacBook
Pro 14 with an Apple M1 Pro system on a chip and 16 GB of unified memory. The prototype
is implemented in Python (NumPy/SciPy) with default single thread settings, without
GPU acceleration. Next, the comparative set of algorithms is detailed.

4.1.3. Benchmark Algorithms

We compare four main families of algorithms, chosen to represent both classical and
adaptive paradigms in contact-based localization:

¢ Fixed-anchor MDS (FIXK). These approaches perform classical MDS alignment to a
fixed set of anchors with known absolute positions. We evaluate variants with different
numbers of anchors, FIXK3, FIXK6, FIXK9, and FIXK12, and two selection schemes: S1,
where anchors are preselected based on a uniform spatial distribution, and S2, where
anchors are chosen using a farthest-first criterion to maximize geometric diversity.
During the simulation, the anchor set remains constant across all time windows,
enabling a direct assessment of how anchor quantity affect accuracy and energy usage.

*  SMACOF-based MDS. This method applies the SMACOF iterative optimization frame-
work [28] to refine the multidimensional scaling results. Unlike classical MDS, which
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has a closed decomposition solution, SMACOF iteratively minimizes stress, making it
better suited for noisy or incomplete distance matrices, reducing the cost of higher
computational complexity.

¢  GMDS. The original algorithm first constructs a graph from observed pairwise connec-
tivity or contact probabilities [31]. GMDS is well established in network localization,
particularly when direct Euclidean distances are unavailable or sparse, and serves as a
representative of approaches guided by topologies.

*  Benchmark self-adaptive strategies. The proposed adaptive approach dynamically
adjusts the number of active anchors and their selection based on recent localization
performance and predefined hysteresis thresholds. To isolate the benefit of adaptive
anchor control from the choice of the underlying position estimator, we also implement
adaptive variants using SMACOF and classical MDS in place of GMDS. This enables
a multi-dimensional comparison between static and adaptive anchor management,
and between different estimation cores, but keeping identical mobility and noise
conditions.

The three baseline approaches’ fixed anchors, SMACOF and GMDS, are included due
to their prevalence in the localization literature [28,31] and their complementary trade-offs
between computational complexity, accuracy, and robustness to missing data. FIXK variants
quantify the performance/energy trade-off as anchor count changes. SMACOF represents
an optimization-driven alternative that can handle more irregular input data. GMDS
represents a graph-theoretic approach. The adaptive methods, in turn, exploit context-
aware adjustments in anchor usage and update frequency to potentially improve energy
efficiency without significantly degrading accuracy, offering a more flexible alternative
suited for resource-constrained MANET environments.

The applied energy model for benchmark algorithms charges consumption only
to nodes operating in anchor mode. The per window cost is E; = |A¢| E,, where E,
includes anchor beacons and anchor side processing; non-anchor nodes are not charged. All
baselines follow the same policy. GMDS and SMACOF baselines use a fixed anchor budget
Kpaseline for alignment in every window, so their per window energy is E; = Kpaseline Ea-
Unless otherwise stated, E; = 0.8]/window and Kpageline = 11. FIXK variants use their
stated K, and adaptive methods use | A;| selected by the controller each window.

Considering the proposed simulated setup, the next section addresses all the details
about the performance results obtained in the scenarios.

4.2. Results

Next, the accuracy and energy consumption results are analyzed based on the density
scenario. For this, the low-density scenario and high-density context are presented, study-
ing the performance of the RMSE and its impact on the energy requirements based on the
anchor usage.

4.2.1. Low-Density Scenario

Next, the obtained accuracy performance and energy consumption corresponding to
the low-density scenario are described.

Accuracy Performance

As Figure 3 describes, in the low-density scenario, the GMDS baseline attains the
lowest average RMSE, around 11-12 m, confirming that using graph distances extracted
from the global contact structure is advantageous when links are sparse and many pairwise
measurements are missing. The proposed adaptive[GMDS] variant sits immediately behind
GMDS, reaching an average error of 12 m, with narrow Standard Error of the Mean (SEM)
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bars and visible overlap with GMDS, indicating that its accuracy degradation is marginal
despite using a self-tuned number of anchors. By contrast, adaptive[SMACQOF] concentrates
around 15-16 m and adaptive[classical] degrades further, with 17-18 m of error. These
results show that adaptivity in anchor count alone is not enough if the relative-map engine
is less robust to missing/noisy distances.
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Figure 3. Average RMSE for each positioning strategy in low-density scenario, including SEM
across runs.

Fixed-K baselines show the expected monotone trend: FIXK3 performs worst, while
increasing K to 6, 9, 12 reduces error but still does not reach GMDS or adaptive[ GMDS].
Across K, the 52 selection is consistently a little better than S1, highlighting the benefit of a
more diverse anchor placement.

Taken these outcomes together, the results suggest the following: (i) in sparse contact
regimes, graph-aware distance modeling is the dominant factor for accuracy; (ii) combining
that modeling with adaptive anchor control preserves GMDS-level precision while enabling
anchor reduction; and (iii) methods that rely on classical stress minimization without
geodesic preprocessing are more sensitive to low-density incompleteness and exhibit
higher error even when anchors are plentiful.

Regarding the performance of the adaptive mechanisms of the proposal in the low-
density scenario, Figure 4 details the obtained results for the different strategies applied
under the adaptive scheme.

In the low-density setting, the adaptive controller reacts to sparse evidence by gradu-
ally raising the anchor count when RMSE persists above the target, and it does so differently
depending on the relative-map engine and the anchor-selection scheme (S1 vs. S2). In
Figure 4a adaptive[GMDS] with S1, RMSE stays mostly in the 8-11 m band with a few
spikes; K ramps from 3 to 10 and then plateaus, after which RMSE stabilizes. In Figure 4b
adaptive[GMDS] with S2, the controller follows a similar trajectory but exhibits larger early
variance and occasional peaks up to 16 m, ending at a comparable K; this suggests GMDS
is robust in low density and benefits modestly more from S1’s geometry. In Figure 4c adap-
tive[SMACOF] with S1, RMSE is clearly higher, around 20-25 m for long stretches, despite
K rising to 9; this indicates that, under sparse contacts, the SMACOF core struggles to
recover a stable relative map even when anchors increase. In Figure 4d adaptive[SMACOF]
with 52, RMSE improves versus S1, around 18-22 m, while K reaches 11 and later relaxes,
showing that better anchor spread helps SMACOF but does not close the gap with GMDS.
In Figure 4e adaptive[classical] with 51, RMSE remains high, around 21-24 m, and volatile;
K steps up to 9 and then subsides without delivering a clear accuracy gain, pointing to
model limits rather than anchor scarcity. In Figure 4f adaptive[classical] with S2, RMSE is
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lower than with S1, around 18-22 m, and K peaks higher (11) before the controller trims
anchors, confirming that improved anchor geometry mitigates but does not eliminate the
deficiency of the classical core under missing data. Overall, adaptive[GMDS] delivers
the lowest RMSE and quickest stabilization with moderate K, S2 tends to require more
anchors than S1 to reach similar errors, and when the relative-map engine is weaker (SMA-
COF, classical), the controller increases K but the residual error remains dominated by the
embedding quality rather than anchor count.
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Figure 4. Evolution of RMSE and active anchors per window in the low-density scenario. Each
line corresponds to a strategy; columns correspond to S1 and S2 anchor-selection variants. The left
blue y-axis is RMSE (m), while the right red y-axis is the number of active anchors and the x-axis
represents the window index. The panels are: (a) adaptive[GMDS], S1; (b) adaptive[GMDS], S2; (c)
adaptive[SMACOF], S1; (d) adaptive[ SMACOF], S2; (e) adaptive[classical], S1; (f) adaptive[classical],
S2.
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Energy Consumption

Figure 5 displays the energy consumption average result for each strategy in the low-
density scenario. In this case, FIXK3, the fixed-anchor configurations with the smallest num-
ber of anchors, achieves the lowest energy usage but at the expense of reduced flexibility
and potential accuracy. The adaptive strategies stabilize around 6-7 ] /window, consistently
higher than FIXK3 but markedly lower than FIXK9 and FIXK12, the more demanding
fixed-anchor variants. Importantly, the adaptive methods achieve this intermediate cost
while dynamically adjusting anchor usage, suggesting a balance between efficiency and
robustness. Meanwhile, GMDS and SMACOF baselines consume even more energy, around
8-9 J/window, without adaptation, underlining that the adaptive approach outperforms
them in energy efficiency. Overall, in sparse networks where anchor availability is con-
strained, adaptive methods demonstrate their ability to limit energy expenditure to moder-
ate levels while avoiding the cost escalation observed in fixed high-anchor baselines.
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Figure 5. Energy consumption for each positioning strategy in low-density scenario, including SEM
across runs.

Considering these results, the low-density context provides relevant insights about the
performance of the proposal, demonstrating a noticeable balance between performance and
energy consumption. Next, the same outcomes are analyzed for the high-density scenario.

4.2.2. High-Density Scenario

Next, the obtained accuracy performance and energy consumption corresponding to
the high-density scenario are described.

Accuracy Performance

In high-density scenarios, as Figure 6 displays, FIXK12 and FIXK9 configurations
achieve the lowest RMSE average. Their advantage comes from having a large number
of anchors, which increases the geometric constraints and reduces position uncertainty.
However, this comes at the cost of significantly higher energy consumption.

In the high-density case, as Figure 6 displays, the best absolute accuracy is achieved
by FIXK12 and FIXK9, with average RMSEs in the range of 4.5-5.0 m and visibly low
dispersion. Their advantage is unsurprising: with 9-12 anchors, the similarity transform
is overconstrained, reducing scale ambiguity and tightening the geometry for all nodes.
However, the provided accuracy will imply a higher energy footprint.
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Figure 6. Average RMSE for each positioning strategy in high-density scenario, including SEM
across runs.

Among adaptive methods, adaptive[SMACOF] reaches an error around 7 m, close to
the original SMACOF and GMDS fixed baselines, and clearly better than adaptive[classical]
and adaptive[GMDS]. This shows that in dense contact regimes, the iterative stress ma-
jorization of SMACOF provides a robust relative map even with the self-tuned, lower
anchor counts. The GMDS and FIXK3 bars exhibit the widest SEMs, indicating higher
run-to-run variability when the anchor geometry is weak or when geodesic distances are
sensitive to small graph changes despite many contacts.

As a result, if peak accuracy is the sole objective and energy is abundant, FIXK9-12 is
best. If alternative variables, such as energy, must be conserved, it is favorable to explore
the other candidates.

Regarding the performance of the adaptive mechanisms in the high-density scenario,
Figure 7 displays the evolving performance and the number of required anchors for each
adaptive strategy.

In the high-density setting, adaptive behavior is strongly shaped by the initial anchor
geometry. Figure 7a adaptive[GMDS], S1 keeps errors low throughout, with RMSE near the
1 m band and a single transient spike that is corrected in the next window; the controller
maintains a very small anchor set, mostly 3 or 4, showing that well-spread anchors provide
strong geometric leverage. Figure 7b adaptive[GMDS], S2 begins with poorer geometry:
RMSE settles around 13-15 m and the controller ramps anchor up to about 9-10 before
easing toward about 6; accuracy improves only modestly, indicating that geometry, not
just K, is the limiting factor. Figure 7c adaptive[SMACOF], S1 is very stable: RMSE
stays in a tight 0.1-0.2 m band with a number of anchors toggling between 3 and 4,
confirming that iterative stress majorization copes well when anchors are diverse. Figure 7d
adaptive[SMACOF], S2 mirrors the GMDS S2 pattern: the controller steadily increases
the number of anchors to the low teens to compensate for clustered or collinear anchors,
yet RMSE remains around 12-14 m; adding anchors only partially offsets poor geometry.
Figure 7e adaptive[classical], S1 remains near 0.2-0.45 m with K = 34, showing that with
good geometry even the classical core tracks reliably in dense contact regimes. Figure 7f
adaptive[classical], S2 again requires many anchors (up to about 14) while RMSE drifts
in the 12-14 m range. Overall, S1 versus S2 cleanly isolates the role of anchor geometry:
with diverse anchors, the controller converges to a minimal number of anchors and low
RMSE across all cores; with clustered or collinear anchors, it must increase K substantially
and still cannot fully recover accuracy, highlighting the value of geometry-aware selection
before spending more energy on additional anchors.
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Figure 7. Evolution of RMSE and active anchors per window in the high-density scenario. Each line
corresponds to a strategy; columns correspond to S1 and S2 anchor-selection variants. The left blue y-
axis is RMSE (m), while the right red y-axis is number of active anchors. x-axis represents the window
index. The panels are: (a) adaptive[GMDS], S1; (b) adaptive[ GMDS], S2; (c) adaptive[SMACOF], 51;
(d) adaptive[SMACOF], S2; (e) adaptive[classical], S1; (f) adaptive[classical], S2.

Energy Consumption

Figure 8 displays the average energy consumption of the different strategies in the
high-density scenario. The overall energy consumption profile follows a similar trend
to the low-density case but with clearer distinctions between adaptive and fixed-anchor
strategies. Fixed-anchor methods with only three anchors, which is the case of FIXKS3,
once again achieve the lowest energy costs, averaging below 4 ] per window, but they
provide limited flexibility and scalability. The adaptive approaches stabilize at intermediate
levels of around 6-7 ] per window, striking a balance between efficiency and adaptability.
Importantly, they remain consistently below the cost of more intensive baselines such as



Information 2025, 16, 855

25 of 32

GMDS and SMACOF, around 8-9 J, and far below fixed-anchor variants with larger anchor
sets, which escalate to 11-15 J. This indicates that in dense environments, where anchor
availability is abundant, adaptive strategies prevent unnecessary energy expenditure by
selectively activating anchors, achieving comparable efficiency to classical baselines while
avoiding the steep overhead of fixed high-anchor setups.
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Figure 8. Energy consumption for each positioning strategy in high-density scenario, including SEM

acCross runs.

After analyzing the results obtained in the low and high-density scenarios, the next
subsection studies the global results, normalizing scores and providing an overview of
the evaluation.

4.2.3. Global Results

The global average results provide meaningful insights of the overall performance of
the approaches involved in the proposal assessment. For this, three main perspectives are
provided: summary of the global accuracy, analysis of the global energy consumption, and
study of combined scores based on Pareto.

Runtime Results

Table 4 reports average end-to-end runtimes per simulated strategy, separating low-
density and high-density cases. Each value includes contact synthesis, relative-map em-
bedding, and Procrustes alignment, averaged across seeds. As expected, HD runs are
consistently slower than LD because more nodes and contacts enlarge the observed pair
set for the embedding step. SMACOF variants take longer than GMDS or classical due
to iterative majorization; fixed-K baselines are faster and scale with K. All configurations
remain within the 1-3 min band, supporting the near-real-time viability in our setup.

Table 4. Average runtime per scenario in seconds. LD = low density; HD = high density.

Strategy LD (s) HD (s)
adaptive[ GMDS] 32 72
adaptive[SMACOF] 34 75
adaptive[classical] 31 67
GMDS baseline 32 83
SMACOF baseline 36 79
FIXK3 48 41
FIXK6 34 35
FIXK9 29 48

FIXK12 32 59
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Global Accuracy

Figure 9 displays the average RMSE for the positioning strategies. The comparative
results show that accuracy performance varies significantly across methods. The lowest
positioning error is achieved by classic GMDS, with an average RMSE of around 9.35 m,
highlighting its strength in capturing geodesic distances despite its higher energy cost.
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Figure 9. Comparative of average performance in all scenarios for each positioning strategy, including
SEM across runs.

The adaptive[ GMDS] strategy performs closely, around 10.19 m, demonstrating that
adaptivity can approximate the accuracy of GMDS while being more energy efficient as
previous energy reports have displayed. Other adaptive methods show a wider range
of outcomes: adaptive[SMACOF] yields moderate accuracy, around 11.33 m, while adap-
tive[classical] performs worse, around 13.24 m, similar to higher-anchor fixed approaches.
Fixed-K methods present mixed results: FIXK12 and FIXK9 perform well, around 10-11 m,
but smaller anchor configurations, such as FIXK6 or FIXK3, degrade accuracy substantially,
reaching errors above 13 m. Overall, the adaptive strategies strike a favorable balance—
particularly adaptive[ GMDS], which combines relatively low RMSE with reduced energy
demand. At the same time, fixed low-anchor setups clearly sacrifice accuracy, and large-
anchor ones improve precision but at excessive energy costs.

Global Energy Consumption

Figure 10 shows a clear monotonic relationship between the anchor budget and energy:
FIXK12 is the most expensive, FIXK9 sits in the middle, and FIXK6 is lower. As expected,
FIXKS3 is the absolute minimum, but it also delivers the weakest accuracy in for RMSE
(Figure 9). The adaptive family clusters around 6-7 J/window, yielding sizable savings
versus strong fixed baselines: roughly 25-35% less than GMDS/SMACOF (8.5-9) and
40-50% less than FIXK9, while avoiding the accuracy collapse seen with FIXK3. Within
fixed-K, S1 vs. S2 variants have nearly identical energy (K dominates cost), so the differ-
ences we see in accuracy come from anchor geometry, not energy. Error bars are small,
indicating stable consumption across seeds. Overall, adaptive GMDS/SMACQOF strike the
best efficiency—accuracy balance: they cut anchor transmissions substantially yet remain
competitive with the most accurate non-adaptive methods.
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Figure 10. Global energy consumption of each positioning strategy.

The adaptive strategies stand out as the real winners in energy efficiency while main-
taining competitive accuracy. By dynamically reducing anchor usage and update frequency
when network conditions allow, they significantly lower communication costs. Among
them, adaptive GMDS consistently offers the best trade-off. As the global outcomes become
representative, the next subsection addresses a combined score for each strategy, enabling a
deeper understanding of the results.

Combined Score and Pareto Analysis

As Figure 11 displays, using equal weights for accuracy and energy (min—-max
normalized), adaptive[GMDS] ranks first (0.791), edging out GMDS (0.778) and adap-
tive[SMACOF] (0.724). The gap to GMDS is small (1.3 pp), but it is achieved with notably
lower energy, which is exactly what the composite metric rewards. Pure baselines spread
out below: SMACOF and FIXK6 form a middle tier; higher-anchor fixed methods, such as
FIXK9 or FIXK12, fall sharply because their energy dominates the normalization range.
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Figure 11. Combined performance of accuracy and energy consumption for each positioning strategy.

Considering these figures, it is possible to extract two remarks: when energy matters,
adaptive anchor control consistently lifts overall efficiency; and among adaptives, GMDS
based gives the best balance between accuracy and energy, with adaptive[SMACOF] close
behind thanks to even lower energy and only a modest accuracy penalty.

The Pareto front analysis combines average RMSE and average energy per window.
As Figure 12 shows, four clusters are described.
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Figure 12. Pareto front analysis relation between energy consumption and average RMSE for each
positioning strategy.

e Adaptive cluster, shaped by 67 energy J/window: adaptive[GMDS] sits around
10.2 m, 6.9 u; and adaptive[SMACOF] near 11.4 m, 6.2 u. Both are on the Pareto front:
nothing beats them simultaneously in both accuracy and energy. They give sizable
energy savings versus GMDS for a modest accuracy cost.

*  GMDS baseline, positioned at 9.4 m, 8.8 u. This approach obtains the best accuracy
among reduced anchor baselines but at higher energy than the adaptive front. GMDS
and adaptive[GMDS] mutually non-dominate each other. As a result, GMDS is more
accurate, while adaptive uses less energy.

*  Mid/high-anchor fixed baselines, located around 7.5-15 u: FIXK6-51 sometimes grazes
the front in the mid-energy band, but FIXK9/FIXK12 variants clearly fall off the front.
These strategies only improve accuracy marginally at a large energy premium, so they
are dominated by adaptive methods or GMDS.

¢  Ultra-low-energy corner, composed by FIXK3. This strategy sits at 3.7 u but with a
high RMSE, around 13 and 15 m. It can touch the extreme low-energy end of the front,
yet it is far from optimal in accuracy; any practical budget above 4 ] /window is better
served by an adaptive strategy.

Considering these results, the next subsection details the complete discussion about
the results, providing the most relevant insights learned from the experiments.

4.3. Discussion

Across all experiments, the self-adaptive family, most notably adaptive[ GMDS], offers
the best balance between accuracy and energy. In the low-density scenario, classical
GMDS obtains the lowest RMSE due to its global, shortest-path reconstruction over sparse
contact graphs. However, adaptive[GMDS] remains very close to this optimum, showing
that reducing the number of anchors with diversity aware selection does not collapse
accuracy. In contrast, adaptive[SMACOF] and adaptive[classical] are more sensitive to
noise and missing distances, leading to larger errors. In the high-density context, fixed
high-K baselines achieve the lowest RMSE because abundant anchors over-constrain the
alignment; yet adaptive[ GMDS] tracks them closely while using fewer anchors on most
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windows. Taken together, these results indicate that anchor adaptation preserves accuracy
in low-density scenarios and safely demotes anchors in high-density contexts.

Energy results mirror the anchor dynamics. The consumption per window of the
three adaptive variants clusters below GMDS and far below FIXK9 or FIXK12. FIXK3 is the
absolute minimum but implies the lowest accuracy in both densities. The global energy
aggregates displays how adaptives are the most energy efficient among all methods that
deliver competitive RMSE.

Regarding reflection, the selection of this alteration is extremely rare. Across all runs
(two scenarios, 10 seeds each, 300 windows per run; 6000 windows total), the mirrored
transform is chosen in only 2 windows (~0.03%). Both flips occur in early windows with
small K and weak anchor geometry (near-collinearity). After the controller increases K
and the coverage-aware reselection improves spatial spread, no further flips are observed.
In all mirrored cases, the train—anchor alignment error is lower than the direct fit and the
validation RMSE is not worse in that window, indicating that the reflection check behaves
as intended.

Considering these outcomes, if lifetime is the priority, adaptive[ GMDS] is the recom-
mended choice: it stays near the GMDS accuracy band while saving energy per window.
If accuracy is the only goal and energy is abundant, GMDS or high—K fixed baselines can
reduce RMSE slightly further, but the marginal gains are small relative to the energy penalty.
Scheme variants (S1/52) matter less than whether K is dynamic and diversity-aware.

In the case of the node density, if the context follows sparse low-density deployments,
GMDS provides the accuracy ceiling, and adaptive[GMDS] provides a similar performance
at lower energetic cost. In dense deployments, fixed high-K baselines can shave a bit more
error, but adaptives reclaim most of that accuracy with dramatically better energy efficiency.
As aresult, adaptive GMDS ranks first in the combined score and defines the Pareto frontier
in the regime that matters for battery-powered MANETs.

To sum up, Table 5 compiles the key results of the work. This table compares the
global average performance of our proposed adaptive strategies against representative
fixed-anchor baselines, providing a clear overview of the trade-offs between localization
accuracy and energy efficiency.

Table 5. Summary of the performance results of benchmark algorithms.

Strategy Category Avg. RMSE (m) Avg. Energy (J/Window) Combined Score
- Proposed Adaptive Methods
adaptive[ GMDS] 10.19 6.9 0.791 (Best)
adaptive[SMACOF] 11.33 62 (Lowest Energy in 0.724
Group)
- High-Performance Fixed Baselines
GMDS Baseline 9.35 (Best Accuracy) 8.8 0.778
FIXK9 (High-Anchor) 11.82 9.6 0.453
- Low-Energy Fixed Baseline
FIXK3 (Low-Anchor) 14.40 3.7 0.608

These findings demonstrate that the proposed adaptive methods allow a system
to tune its resource use according to current conditions, providing an approach to the
negotiation between high accuracy and long battery life. The adaptive GMDS approach
delivers nearly the same accuracy as the best fixed-anchor baseline while using less energy,
yielding extensions to network lifetime.
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5. Conclusions and Future Work

Indoor localization in MANETs faces a persistent trade-off between accuracy and
energy consumption. High-precision methods often require frequent updates and large
numbers of anchors, increasing energy demands, while low-energy solutions tend to suffer
from degraded accuracy. This imbalance limits the scalability and sustainability of location-
based services in constrained MANET environments. To address this challenge, this work
has introduced adaptive GMDS, an approach that dynamically adjusts anchor selection
and update frequency according to network density and conditions, aiming to optimize
energy usage while maintaining localization accuracy. Alongside GMDS, two additional
adaptive strategies based on MDS and SMACOF have been proposed, achieving very low
energy consumption but with higher inaccuracies. Experimental evaluation across both
low- and high-density scenarios shows that adaptive GMDS consistently outperforms other
strategies, including base GMDS or MDS, providing a substantial energy reduction with
only a minimal loss in positioning precision.

Future research will focus on enabling the self-configuration of contextual parameters,
such as density thresholds, anchor limits, anchor selection strategy and update intervals,
allowing the system to autonomously fine-tune its operation to improve accuracy under
varying conditions. Additionally, a proof-of-concept deployment in a real MANET will
validate simulation findings against field measurements, bridging the gap between theoret-
ical models and practical implementations. Beyond these steps, robustness will be studied
under heterogeneous radios and non-stationary mobility, including mixed BLE/Wi-Fi
transmit powers, time-varying crowd densities, and moving anchors; vertical ambiguity in
multi-floor buildings will be addressed by extending the 2D pipeline with floor labels and
lightweight 2.5D /3D alignment to mitigate cross-floor confusions; and resilience will be
stress tested under temporary anchor loss, network partitions, and delayed contact uploads,
reporting time-to-recovery, peak error during outages, and energy overshoot. As a result,
the implementation of a new proof-of-concept in a real MANET will validate simulation
findings against real-world measurements, bridging the gap between theoretical models
and practical implementations.
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