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Abstract

This paper presents a distributed coordination framework for simultaneous multi-target
tracking using a mobile wireless sensor network (MWSN) based on discrete-event-system
principles. The proposed framework employs a finite-state-machine architecture, where
autonomous mobile sensors sequentially process detection and tracking events. Unlike
passive tracking approaches that react to target loss after it occurs, the proposed strategy
implements predictive handover through Extended-Kalman-Filter-based uncertainty prop-
agation. This enables sensors to anticipate target loss and to reposition auxiliary sensors
in advance, acquiring targets along their predicted trajectories. A bidding-based alloca-
tion mechanism coordinates sensor assignments by evaluating four competing objectives:
network preservation, spatial proximity to handover points, temporal mission feasibil-
ity, and estimation uncertainty. The proposed framework integrates four components:
EKF-convergence-triggered proactive handover, multi-objective competitive bidding, dis-
tributed min–max conflict resolution, and fusion-driven proportional navigation. Unlike
existing methods, auxiliary sensors navigate using confidence-weighted EKF estimates
shared by neighboring sensors rather than their own measurements. An ablation study
over ten Monte Carlo trials confirms that each component contributes independently, with
EKF-based predictive triggering identified as the dominant performance driver.

Keywords: multi-target tracking; mobile wireless sensor networks; discrete-event-system
control; navigation guidance; predictive tracking; distributed coordination

1. Introduction
Autonomous simultaneous tracking of multiple mobile targets represents a fundamen-

tal challenge in distributed robotic systems, with applications spanning surveillance [1],
search and rescue [2,3], and environmental monitoring [4]. Mobile wireless sensor net-
works (MWSNs), where each node is an autonomous mobile platform such as an uncrewed
ground vehicle (UGV) or uncrewed aerial vehicle (UAV), offer a scalable solution for multi-
target tracking. In these networks, spatially distributed sensors cooperate to detect and
track targets moving through the monitored region [5,6]. However, maintaining continuous
target observation in such environments remains problematic when individual sensors
possess limited detection ranges and mobility constraints that restrict their operational
displacement from designated home positions [7].

Traditional WSN tracking approaches use passive handover strategies where sensors
track targets individually until detection is lost and then rely on opportunistic encoun-
ters with neighboring sensors to reacquire the target [8]. This reactive paradigm results
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in frequent target loss events, particularly when target velocities exceed sensor mobility
capabilities or when targets traverse sparsely covered regions [9]. A passive approach fails
to leverage the distributed sensing and communication capabilities inherent in networked
systems, treating the WSN as a collection of independent agents rather than a coordi-
nated system [10]. Furthermore, such methods cannot predict when current trackers will
lose target observation, preventing proactive positioning of additional sensors to ensure
continuous tracking [8].

This paper presents a distributed coordination framework that implements predictive
active handover, where sensors use Extended Kalman Filter (EKF)-based uncertainty
propagation to anticipate target loss and proactively position auxiliary sensors to reach
predicted handover points along target trajectories using guidance-theory principles [11,12].
The proposed discrete-event system (DES) architecture coordinates autonomous sensors
through finite-state machines (FSMs), enabling dynamic role transitions among detection,
tracking, repositioning, and return states based on target behavior and network conditions.

The main contributions of this work are (1) a proactive handover mechanism triggered
by EKF velocity-estimate convergence, enabling sensor replacement to begin while the
primary sensor still has contact with the target; (2) a multi-objective bidding mechanism
balancing network preservation, spatial proximity, temporal feasibility, and estimation
uncertainty for distributed auxiliary sensor allocation; (3) a distributed min–max conflict
resolution strategy that guarantees equitable sensor team allocation across simultaneously
contested targets without centralized coordination; and (4) a fusion-driven proportional
navigation law in which auxiliary sensors navigate to predicted handover points using
confidence-weighted EKF state estimates shared by neighboring sensors rather than their
own measurements. While each underlying technique is individually established, the
contribution of this work lies in the predictive pre-loss handover problem itself and in its
distributed solution. In this problem, a sensor that has not yet detected the target must
reach a predicted handover point using only state estimates shared by its neighbors. This
requirement is what motivates the two component-level adaptations introduced above:
EKF-convergence-triggered handover initiation and fusion-driven proportional navigation.

The remainder of this paper is organized as follows. Section 2 reviews related work in
multi-target tracking. Section 3 formulates the problem. Section 4 presents the proposed
DES architecture. Section 5 presents simulation results demonstrating tracking performance.
Section 6 concludes with discussion of key findings and future research directions.

2. Related Work
This section surveys work in three areas directly relevant to the proposed framework:

predictive target tracking in distributed sensor networks (Section 2.1), distributed coordi-
nation and task allocation in multi-robot systems (Section 2.2), and guidance-based target
pursuit (Section 2.3). For each area, we identify the gap that motivates the corresponding
component of the proposed approach.

2.1. Predictive Target Tracking

Multi-target tracking in distributed sensor networks has evolved from reactive
detection-based approaches to predictive frameworks that anticipate tracking failures
before they occur. Active tracking algorithms with provable approximation bounds for
handling sensor failures and occlusions demonstrate that proactive failure detection out-
performs reactive recovery [13]. Distributed tracking architectures have been extended to
autonomous vehicle fleets [14] and heterogeneous mobile sensing networks [15], where
normalized unused sensing capacity metrics enable automatic load balancing to prevent
coverage gaps.
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Adaptive deployment strategies further support continuous tracking: directional-
sensor network deployment [16] and dynamic deployment for expanding search areas [17]
enable coverage optimization as targets move, while hybrid strategies combining static
and mobile sensors [18] with spatiotemporal optimization [19] improve detection through
coordinated adaptive sensing.

Maintaining continuous observation under limited sensing ranges has motivated
research in collision-free tracking with localization uncertainty [20] and interactive Kalman
filtering for multi-vehicle coordination [21]. Distributed state estimation frameworks im-
prove tracking robustness through modified distributed unscented Kalman filters in fading
channel environments [22] and joint tracking with uncertain anchor positions [23]. Vari-
ational Bayesian distributed filtering frameworks address maneuvering target tracking
in networked sensor systems with nonlinear measurements [24]. Multi-target data asso-
ciation consensus algorithms further extend distributed tracking to scenarios involving
non-overlapping sensor fields of view [25].

Recent advances in vision-based reactive planning incorporate predictive horizons
for occlusion handling [26], and heterogeneous limited-range sensor frameworks use
cooperative coverage prediction to prevent tracking gaps [5]. However, these approaches
primarily focus on state estimation quality rather than explicitly predicting when and where
a tracker will lose a target to trigger proactive repositioning, which is the core problem
addressed in this paper.

2.2. Distributed Coordination and Task Allocation

Task allocation in multi-robot systems has transitioned from centralized optimization
to distributed mechanisms that enable scalable coordination without global knowledge.
Group-based distributed auction algorithms address time-window constraints and conflict
resolution through competitive bidding [27], while factor graph formulations with max-
sum algorithms enable fully decentralized task allocation [28]. Resource-oriented auction
mechanisms consider energy constraints and limited communication ranges, demonstrating
that distributed bidding outperforms centralized allocation in communication-constrained
environments [29]. Similarly, active-vision-based multi-sensor surveillance systems demon-
strate effective coordination for multi-target monitoring in dynamic environments [30].

Beyond task allocation, maintaining network topology during coordination has re-
ceived attention through control barrier function approaches for network connectivity
preservation [31] and multi-robot coordination with task precedence relationships [32].
Conflict resolution, when multiple tasks compete for limited resources, has been addressed
through optimization-based task allocation frameworks [33] and finite-state machine ar-
chitectures (FSMs) for priority-based behavior coordination [34]. Connectivity recov-
ery methods use distributed coordination to identify critical nodes and restore network
connectivity [35], while consensus-based bundle algorithms enable task allocation in teams
with severely limited communication [36]. Reconfigurable coordination frameworks pro-
vide virtual coordinator architectures for discrete-event control systems, enabling dynamic
role transitions without centralized supervisors [37]. DES supervisory control has also
been applied to multi-robot coordination, providing formal event-driven frameworks for
concurrent motion scheduling [38].

However, existing task-allocation methods typically optimize a single objective or
use fixed-priority schemes. None simultaneously balance network topology preservation,
spatial mission costs, temporal feasibility, and information quality. All four are critical
for maintaining persistent tracking coverage while minimizing network disruption, and
addressing them jointly is the focus of the bidding mechanism proposed in Section 4.5.
Furthermore, while auction-based methods such as [27,29] distribute the bidding process,
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assignment decisions in those frameworks are, typically, resolved by a designated auction-
eer node, introducing a single point of coordination and an additional communication
round-trip for conflict resolution.

2.3. Target Pursuit

Guidance theory has been successfully adapted to robotic systems for target inter-
ception and pursuit-evasion scenarios. Navigation-guidance-based approaches [39] and
augmented proportional navigation techniques [40] have demonstrated effective robotic
pursuit of moving objects. Extending proportional navigation to robotic systems, PNG has
been adapted for target pursuit with final velocity control [41], enabling smooth rendezvous
with moving targets.

Optimal guidance strategies for UAV swarms integrate pure pursuit laws with for-
mation maintenance [42], and bio-inspired cooperative hunting behaviors demonstrate
mixed guidance approaches combining biological pursuit strategies with distributed multi-
agent coordination [43]. Pursuit-evasion frameworks for multi-robot systems with limited
sensing have adopted deep reinforcement learning for decentralized control [44]. Three-
dimensional guidance laws for UAV target following incorporate EKF-based state esti-
mation to handle noisy bearing measurements under stochastic conditions [45], while
hierarchical graph structures enable asymptotically optimal multi-robot pursuit-evasion
coordination [46].

However, existing guidance-based approaches focus on direct pursuit or rendezvous,
where each agent navigates using its own measurements. None address the problem of
proactive handover in sensor networks, where an auxiliary sensor must reach a predicted
handover point before the current tracker loses the target and must do so using EKF state
estimates shared by neighbors, since it has not yet detected the target itself.

3. Problem Formulation
This section formulates the multi-target tracking problem for reconfigurable MWSNs.

We consider a system of mobile sensors with limited detection ranges tracking multiple
targets with unknown trajectories. The objective is to maximize target tracking coverage
while minimizing total sensor displacement from designated home positions, as pursuing
fast-moving targets requires sensors to displace significantly from their home positions.

3.1. System Model and Assumptions

Let us consider an MWSN comprising N mobile sensors deployed in a hexagonal
grid configuration (chosen for optimal area coverage) with inter-node spacing d. Although
the system may operate in three dimensions (e.g., using UAVs), only planar motion is
considered herein.

All parameters (positions, distances, ranges) are expressed in arbitrary spatial units,
with temporal quantities in corresponding time units. The notation |·| denotes the Euclidean
norm (L2 distance) in two-dimensional space.

Each sensor, i = 1, . . . , N, has a designated home position hi ∈ R2 and current position
si(t) ∈ R2. Sensors possess identical capabilities: detection radius, rd; maximum velocity,
vs; and communication range, rc.

To preserve network topology, each sensor is constrained to operate within a maximum
distance, dmax, from its home position. Multiple targets, k = 1, . . . , K, enter the monitored
region with unknown entry times and locations. Each target follows a piecewise linear
trajectory defined by waypoints Wk = {ω1, ω2, . . . , ωm}, moving at constant speed between
consecutive waypoints. The state of target k at time t is represented as

xk(t) = [pk(t), vk(t)]
T , (1)
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where pk(t) =
[

px
k , py

k

]T
denotes the target position and vk(t) =

[
vx

k , vy
k

]T
denotes the

velocity vector.
Sensor i detects target k when |si(t)− pk(t)|≤ rd . Upon detection, the sensor obtains

noisy position measurements:

zi,k(t) = pk(t) + n(t), (2)

where n(t) ∼ N(0, R) represents Gaussian measurement noise with covariance R. In
the assumed platform (Section 5.1 below), this measurement model corresponds to a
downward-facing camera or time-of-flight sensor providing target position fixes, with the
noise covariance capturing the associated ranging error.

A representative deployment is illustrated in Figure 1 (Section 4.1), showing the
hexagonal sensor grid with inter-node spacing d, detection radius rd, communication range
rc, and an example target position.

3.2. Problem Statement

Given N sensors with home positions
{

hi}N
i=1 and K targets with trajectories{

xk(t)}K
k=1 , the objective is to maximize target tracking coverage while minimizing to-

tal sensor displacement from home positions:

minimize J = −ω1 · C(t) + ω2 ·
N

∑
i=1

∥si(t)− hi∥2, (3)

where C(t) = 1
K ∑K

k=1 1[∃i : |si(t)− pk(t)| ≤ rd] is the instantaneous tracking coverage
fraction, and ω1, ω2 > 0 are weighting coefficients.

The optimization is subject to the following constraints:

(1) Displacement Constraint: Each sensor must respect the maximum displacement
constraint: |si(t)− hi|≤ dmax , which preserves network topology and limits energy
consumption.

(2) Measurement Noise: Tracking decisions must account for noisy position measure-
ments zi,k(t) to determine target velocity vk and predict future positions.

3.3. Sub-Problems

To address the overall problem stated above, four critical sub-problems must be solved:
tracking loss prediction, proactive positioning, distributed sensor allocation, and conflict
resolution. They are detailed below:

(1) Tracking Loss Prediction: Determine when current tracking sensors will lose target
observation, given limited detection range, rd, and target mobility. Specifically, for
each tracking sensor and target, the predicted loss time τ must be determined such that

τ = min{τ > 0 : |si(t + τ)− pk(t + τ)| > rd} (4)

This computation must account for (i) target velocity uncertainty arising from noisy
measurements, (ii) sensor pursuit capability constraints when |vk|> vs , and (iii) state-
estimation convergence requirements for reliable prediction.

(2) Proactive Positioning: Determine the repositioning locations for auxiliary sensors
before tracking loss occurs. Specifically, predict handover points, phandover, where
auxiliary sensors can acquire targets before current trackers lose detection. The
calculations must account for sensor travel time to ensure auxiliary sensors arrive
at phandover before τ with sufficient lead time for detection and state estimation.

https://doi.org/10.3390/robotics15070120
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Additionally, auxiliary sensors must navigate to phandover using EKF state estimates
shared by the current tracker, since they have not yet detected the target themselves,
requiring confidence-weighted state fusion to generate reliable guidance inputs.

(3) Distributed Sensor Allocation: Determine which sensors should be allocated to
handover tasks while balancing competing objectives: (i) network topology preserva-
tion, by minimizing |si − hi| to maintain the original hexagonal grid configuration;
(ii) spatial efficiency, by minimizing distance to handover points; (iii) temporal feasi-
bility, by ensuring arrival before predicted target loss; and (iv) information quality, by
prioritizing sensors with high EKF estimation confidence (low state covariance). The
allocation must be determined in a distributed manner without centralized control,
with each sensor evaluating its own suitability based on local information.

(4) Conflict Resolution: Resolve resource allocation when multiple tracking sensors
require auxiliary sensor assistance while prior handover requests are still being pro-
cessed. Specifically, determine (i) when handover calls from different tracking sen-
sors occur within overlapping time windows, (ii) how to allocate non-overlapping
auxiliary sensor teams to competing targets, and (iii) how to ensure no target is
disproportionately disadvantaged in resource allocation.

4. Proposed Approach
This section presents the proposed DES-based coordination framework. Section 4.1

describes the system architecture. Sections 4.2–4.4 detail the FSM architecture and EKF-
based predictive handover. Sections 4.5 and 4.6 present the bidding and conflict resolution
mechanisms. Sections 4.7 and 4.8 cover information sharing and proportional navigation
guidance. Sections 4.9 and 4.10 address the dual-tracker configuration and post-loss search.
The proposed framework assumes sensors are battery-powered mobile platforms; energy
consumption is approximated implicitly through the displacement constraint dmax, which
bounds the distance each sensor travels per mission. Explicit energy modeling is reserved
for future work involving hardware validation.

4.1. System Architecture and Configuration

As described in Section 3.1, for simplicity, it is assumed herein that the optimal MWSN
configuration is a ngrid × ngrid hexagonal grid with N = n2

grid sensors and inter-node
spacing d. While our solution framework allows for any optimal network configura-
tion, we select the hexagonal topology as it provides optimal two-dimensional coverage
without directional bias, minimizing the number of sensors required for complete area
monitoring [47,48]. The staggered hexagonal geometry simplifies distributed coordination
algorithms and enables predictable communication patterns.

Although the present analysis assumes a regular hexagonal grid, the coordination
mechanism is topology-agnostic: the bidding costs (Section 4.5) are determined from sensor
positions and Euclidean distances only, with no assumption about grid regularity, so the
framework extends directly to irregular or non-uniform sensor deployments. Partial node
failures are handled passively: a failed sensor stops broadcasting and is consequently
excluded from the bidder pool at the next handover call. The remaining sensors continue
executing the coordination protocol without architectural change, though tracking coverage
degrades proportionally. The impact of progressive node failures and irregular initial
deployments on coverage is identified as a future research direction (Section 6).

As shown in Figure 1, the displacement constraint is set to dmax = d, ensuring sensors
remain within communication range, rc, of their neighbors, while providing sufficient
mobility for handover repositioning. With communication range rc > d, sensors at home
positions maintain connectivity with their neighbors. This connectivity is preserved during
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repositioning as the constraint dmax = d prevents sensors from moving beyond the commu-
nication range of the network. Grid parameters balance sensor utilization: larger spacing d
reduces redundancy but risks coverage gaps, while smaller spacing increases robustness at
the cost of sensor density.

 

Figure 1. Hexagonal-grid WSN deployment. The red filled circle indicates the reference sensor used
to illustrate the communication range rc.

4.2. DES Architecture and Coordination Framework

The proposed framework addresses the four sub-problems identified in Section 3.3
through a discrete-event system (DES) architecture. Specifically,

• Sub-problem 3.3.1 (Tracking Loss Prediction) is solved through EKF-based uncertainty
propagation (Sections 4.3 and 4.4).

• Sub-problem 3.3.2 (Proactive Positioning) is solved through predictive handover point
computation and adaptive guidance (Sections 4.4 and 4.8).

• Sub-problem 3.3.3 (Distributed Sensor Allocation) is solved through multi-objective
competitive bidding (Section 4.5).

• Sub-problem 3.3.4 (Conflict Resolution) is solved through min-max optimization for
simultaneous requests (Section 4.6).

Supporting mechanisms include information sharing between neighboring sensors
(Section 4.7), dual-tracker configuration for robustness (Section 4.9), and EKF-based search
contour generation for post-loss reacquisition (Section 4.10).

The framework operates as a DES where state transitions occur in response to well-
defined events rather than continuous time updates. This architecture enables efficient
coordination by processing discrete tracking events (target detections, predicted losses,
handover requests) while minimizing computational overhead.

Each sensor operates according to a finite-state machine (Figure 2) with five states
S = {IDLE, DETECTING, TRACKING, REPOSITIONING, RETURNING_HOME}. State
transitions are event-driven:

• IDLE → DETECTING occurs upon target detection within range.
• DETECTING → TRACKING occurs when fewer than two sensors are currently tracking

the target (dual-tracker configuration has available slots).
• IDLE → REPOSITIONING occurs when an idle sensor wins bidding for a han-

dover call.
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• REPOSITIONING → TRACKING occurs upon successfully acquiring the target
during handover.

• TRACKING → RETURNING_HOME occurs when the sensor loses target detection or
upon successful handover completion.

• REPOSITIONING → RETURNING_HOME occurs when the sensor cannot acquire the
target at the handover point.

• Any state → RETURNING_HOME occurs when the sensor exceeds dmax while neither
tracking nor repositioning.

• RETURNING_HOME → DETECTING occurs if the sensor detects a target while en
route home and fewer than two trackers are currently assigned to that target, allowing
opportunistic re-engagement without wasting a displaced sensor.

 

Figure 2. Proposed sensor finite-state-machine architecture.

The proposed architecture integrates three coordinating modules within each sensor
via message passing (Figure 3): the Tracking Coordinator manages tracker assignments and
immediate handover requests, the Handover Coordinator processes predictive handover
calls through distributed bidding and conflict resolution, and the Recovery Protocol man-
ages return-to-home operations and generates iso-probability contours for future search
operations. This separation enables independent processing of distinct tracking tasks while
ensuring coordinated resolution of resource conflicts. Specifically, each target is handled by
an independent set of FSM instances, one per sensor, so tracking, handover, and recovery
operations for different targets proceed without blocking or interfering with each other.
The number of targets that can be tracked without architectural limitation is bounded only
by the number of available sensors. The three coordinator modules (Tracking, Handover,
Recovery) communicate via message passing rather than shared state, so events for different
targets trigger independent state transitions within the simulation event queue.

Importantly, decision-making is distributed: each sensor executes local decisions based
on its finite state machine (Figure 2) using information from coordinating modules. The
system employs a hybrid communication model where global broadcast enables all sensors
to participate in competitive bidding for handover coordination, while local peer-to-peer
communication within range rc handles routine tracking information exchange (detailed
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in Section 4.7). The framework assumes trusted communication channels; resilience to
adversarial jamming or spoofing is outside the current scope and is left for future work.

Figure 3. DES architecture.

4.3. EKF-Based Target State Estimation

To solve Sub-problem 3.3.1 (Tracking Loss Prediction), each tracking sensor maintains
an EKF estimating target state x̂k(t) with covariance Pk(t). Although the state transition and
measurement models are linear, the EKF framework is adopted to accommodate nonlinear
target dynamics arising from stochastic trajectory perturbations applied during simulation.
The discrete-time state transition model with time step ∆t is

xk(t + ∆t) = Fxk(t) + Gw(t), (5)

where F is the state transition matrix, G is the process noise gain, and w(t) ∼ N(0, Q)

represents unit process noise. The matrices are defined as

F =


1 0 ∆t 0
0 1 0 ∆t
0 0 1 0
0 0 0 1

, G =


∆t2/2 0

0 ∆t2/2
∆t 0
0 ∆t

,

H =

[
1 0 0 0
0 1 0 0

]
, Q = σ2

wI2,

(6)

where σ2
w represents process noise covariance. The EKF prediction step propagates state

and covariance:
x̂−k = Fx̂k, P−

k = FPkFT + GQGT. (7)

Upon receiving measurement zi,k, the update step determines the Kalman gain K
and updates:

K = P−
k HT

(
HP−

k HT + R
)−1

, (8)

x̂k = x̂−k + K
(
zi,k − Hx̂−k

)
, and Pk = (I − KH)P−

k . (9)

Convergence is detected when velocity covariance components satisfy [Pk]3,3 < σ2
v,thresh

and [P k]4,4 < σ2
v,thresh, indicating sufficient velocity estimation quality for loss prediction.

Here, indices (3,3) and (4,4) correspond to the vx and vy components of the state vector

xk =
[
px, py, vx, vy

]T defined in Equation (1); the subscript k indexes the discrete time step,
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while the bracketed indices denote matrix elements, confirming that velocity estimation
has converged before handover is triggered. The threshold σ2

v,thresh = 0.006 was selected
based on the sensitivity analysis presented in Section 5.5, which shows it achieves the best
balance between handover lead time and prediction accuracy.

4.4. Predictive Loss Detection Using EKF Convergence

Upon EKF convergence, tracking sensors address Sub-problem 3.3.1 by predicting
when target loss will occur. The sensor forward propagates the target state. Given the
tracker position si(t) and estimated target state x̂k(t) = [p̂k(t), v̂k(t)]

T , the predicted
distance at future time t + τ is

d(τ) =|si(t) + vsûτ − (p̂k(t) + v̂k(t)τ)|. (10)

where = ( p̂k(t)− si(t))/| p̂k(t)− si(t)| is the unit vector from sensor toward target.
When target velocity exceeds sensor capability |v̂k|> vs , loss is inevitable and τloss is

determined by when the distance first exceeds rd given sensor pursuit at maximum velocity
toward the target, as illustrated in Figure 4. When |v̂k| ≤ vs, the sensor can keep up with
the target but is eventually stopped by the displacement constraint dmax. At that boundary
position sboundary, τloss is determined by Equation (4) evaluated from sboundary rather than
the current sensor position.

 

Figure 4. Predictive loss detection and handover mechanism.

To ensure sensors arrive before tracking loss, a safety margin is applied: the handover
point is set to phandover = p̂k(t) + v̂k(t)τsafe where τsafe < τloss provides a temporal safety
margin (greater values increase robustness but require earlier sensor commitment). Figure 5
shows a detailed view of the safety margin application during the handover process.

 

Figure 5. Close-up view of safety margin application.

4.5. Multi-Objective Bidding for Sensor Assignment

To solve Sub-problem 3.3.3 (Distributed Sensor Allocation), we propose a competitive
bidding mechanism where each available sensor evaluates its suitability for handover
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https://doi.org/10.3390/robotics15070120


Robotics 2026, 15, 120 11 of 26

tasks. Upon receiving a handover call, each available sensor i (one not currently tracking,
repositioning or detecting, i.e., in IDLE or RETURNING_HOME state) computes a bid
reflecting four competing objectives. Let si denote the current position, hi home position,
and phandover the predicted handover point. The monitoring region has width W and
height H, giving a network diagonal Dmax =

√
(W2 + H2) used for normalization. The

bid components are as follows.
(1) Network Topology Preservation (Objective (i) of sub-problem 3.3.3) quantifies

displacement from home position:

penaltynetwork(i) =
|si − hi|

Dmax
, (11)

(2) Spatial Efficiency (Objective (ii) of sub-problem 3.3.3) measures distance to
handover point:

penaltyspatial(i) =
|si − phandover|

Dmax
. (12)

(3) Temporal Feasibility (Objective (iii) of sub-problem 3.3.3) evaluates sensor arrival
time relative to target arrival at the handover point.

Let tsensor =|si − phandover|/vs be the sensor’s travel time, and let

ttarget =
|p̂k(t)− phandover|

|v̂k|
, (13)

be the target’s estimated time to reach the handover point. The temporal penalty is

penaltytemporal(i) = min
(

1, max
(

0,
tsensor − ttarget

ttarget

))
. (14)

This penalty is zero when the sensor arrives before the target, increases linearly with
late arrival, and is capped at 1 to maintain comparable scales with other penalties.

(4) Information Quality (Objective (iv) of sub-problem 3.3.3) reflects the reliability
of shared target information available to the repositioning sensor. Based on information
age and spatial proximity to active trackers, each sensor computes a confidence metric
αi ∈ [0, 1] (see Section 4.7 for details). The uncertainty penalty is

penaltyuncertainty(i) = 1 − αi, (15)

where lower confidence in shared information increases the penalty, discouraging assign-
ment when available information is stale or unreliable.

The total bid combines these components through a weighted summation:

bid(i) = wn · pn(i) + ws · ps(i) + wt · pt(i) + wu · pu(i), (16)

where pn = penaltynetwork, ps = penaltyspatial, pt = penaltytemporal, pu = penaltyuncertainty,
and wn + ws + wt + wu = 1. Sensors with lower bids are preferable.

As shown in Figure 6, the winner selection follows a distributed self-selection protocol:
each bidder broadcasts its bid to all sensors in the network via global broadcast, indepen-
dently ranks itself against all received bids, and transitions to REPOSITIONING if its rank
is 2 or lower. No central coordinator collects or processes bids; the global broadcast en-
sures every bidder receives the same complete bid set, guaranteeing identical self-selection
outcomes across all nodes. Ties are broken deterministically by sensor ID, requiring no
central authority. The two selected sensors maintain redundancy against prediction errors
or sensor failures.
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Figure 6. Successful multi-objective bidding.

4.6. Conflict Resolution for Simultaneous Handover Requests

To solve Sub-problem 3.3.4 (Conflict Resolution), a min–max optimization approach
is proposed for situations in which multiple tracking sensors require auxiliary sensor
assistance while prior handover requests are still being processed within the same DES
cycle. Rather than allocating auxiliary sensors independently to each request, the system
enters conflict resolution mode to minimize the maximum team cost across all simultaneous
handover requests. Since auction bids are broadcast globally (Section 4.5), every sensor in
the network independently receives the complete bid set for all concurrent requests and
runs the same min–max algorithm locally. Since the inputs and algorithm are identical at
every node, all sensors arrive at the same assignment decision without a central coordinator.

Let T = {k1, k2, . . . , kn} denote the targets requiring handovers, and let
Savailable = {i1, i2, . . . , im} denote available sensors (excluding active trackers). For each
assignment A : T → Savailable × Savailable mapping targets to sensor pairs, the cost is

cost(A) = max
k∈T ∑

i∈A(k)
bidi(k), (17)

subject to A(k) ∩ A(k′) = ∅ for all k ̸= k′, where bidi(k) is sensor i’s bid for target k’s
handover mission and A(k) denotes the two-sensor team assigned to target k. The non-
overlapping constraint ensures each sensor is committed to at most one target. The optimal
assignment A∗ = argmin

A
cos t(A) minimizes the worst-case team cost, ensuring no target

is disproportionately disadvantaged in resource allocation.
For two-target conflicts, all valid non-overlapping sensor team combinations (s1, s2, s3, s4)

where si ∈ Savailable and teams share no common sensors are evaluated to find the min–max
solution. Exhaustive search has complexity O

(
|Savailable|4

)
. To reduce this, only the top

k bidders per target are considered, reducing complexity to O(k4), where k ≪ |Savailable|
while maintaining near-optimal solutions. When no conflicts exist, sensors are assigned
independently based on lowest individual bids without min–max optimization.

4.7. Information Sharing During Tracking

While handover calls are broadcast globally to all sensors in the network (using a
network-wide flood reaching all N sensors regardless of distance), target state information
is shared locally via direct peer-to-peer unicast between sensors within communication
range rc. Each tracking sensor shares its current EKF state estimate:

x̂j =
[

p̂x
j , p̂y

j , v̂x
j , v̂y

j

]T
, (18)
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with neighbors. Receiving sensors compute a confidence-weighted fusion of estimates from
all trackers within range:

x̂shared =
∑j∈Ni

wjx̂j

∑j∈Ni
wj

, (19)

where Ni denotes sensors within communication range of Sensor i, and the weight assigned
to each neighbor j is

wj =
e−λt∆tj

1 + λsdij
, (20)

where ∆tj is the time since Sensor j’s last detection, and dij is the inter-sensor distance.
The two factors penalize estimates that are temporally stale (λt = 0.1) and spatially

distant (λs = 0.1). The aggregate weight determines the confidence metric used in bidding:

αi = min
(
1, Σj∈Ni wj

)
, (21)

This metric is used in the bidding mechanism (Section 4.5, objective (iv) of Sub-
problem 3.3.3) to penalize assignments when available information is stale or spatially
distant from active trackers, enabling auxiliary sensors to use shared estimates for guidance
without requiring direct target detection.

The proactive design provides a natural resilience window against broadcast failures:
because handover initiation begins at τsa f e < τloss (Section 4.4), the primary tracker retains

the target for the duration of the interval
[
τsa f e, τloss

]
even after the handover call is issued.

A missed or delayed broadcast therefore does not immediately result in tracking failure,
and coordination may be re-attempted within this window. Full state-recovery mechanisms
for repeated or cascading broadcast failures under adverse channel conditions are identified
as future work (Section 6).

4.8. Fusion-Driven Proportional Navigation for Sensor Repositioning

Upon winning the handover bid, idle sensors transition to the REPOSITIONING
state to reach the predicted handover point phandover calculated in Section 4.4 (addressing
Sub-problem 3.3.2). The sensor employs a distance-dependent adaptive guidance strategy.

(1) Phase 1: Adaptive Guidance (distance > δswitch)
When far from the handover point, sensors retrieve shared target information (Section 4.7)

from neighboring trackers, obtaining confidence α ∈ [0, 1]. Three scenarios arise:

• Low Confidence (α ≤ αthreshold): The sensor aborts repositioning and transitions to
RETURNING_HOME, as unreliable target information renders the predicted handover
point invalid.

• Target Not Yet Passed: When geometric analysis indicates the target has not moved
beyond phandover, the sensor navigates directly toward the handover point:

vcommand = vs
phandover − si

|phandover − si|
. (22)

• Target Passed Handover Point: When geometric analysis indicates the target has moved
beyond phandover and α > αthreshold, PNG is employed. PNG commands a lateral
acceleration perpendicular to the sensor’s velocity vector at a rate proportional to the
line-of-sight (LOS) rotation rate [49]:

aPNG = N′·vs·θLOS·n̂⊥, (23)

where N′ = 2 is the navigation constant, θLOS is the LOS rotation rate between sen-
sor and target, and n̂⊥ is the unit normal to the sensor’s current velocity. Unlike
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standard PNG, which relies on direct measurements, the guidance input is derived
from the confidence-weighted fusion of EKF estimates shared by neighboring track-
ers (Section 4.7). The PNG direction is blended with the sensor’s current heading
proportionally to confidence:

ênew = normalize((1 − β)·êcur + β·êPNG), (24)

where β = 0.1α, êcur is the current heading direction, and êPNG = aPNG/|aPNG|.
Higher confidence produces a more curved repositioning trajectory bending toward
the target.

(2) Phase 2: Final Approach (distance ≤ δswitch units)
When within δswitch units of phandover, the sensor reverts to direct navigation

(Equation (22)) regardless of shared information quality, committing to the last known
handover point.

Upon reaching phandover, the sensor transitions to TRACKING if target acquisition is
successful or to RETURNING_HOME if acquisition fails.

4.9. Dual-Tracker Configuration and Immediate Handover

The Tracking Coordinator maintains up to two active trackers per target for robustness
against individual sensor failure or detection loss. This objective of “up to two active
trackers per target” is an upper bound per target, not a system-wide limit: a target is tracked
with one sensor under normal conditions and a second is added only when available for
redundancy. Each sensor makes this decision locally using its own cache, independently
for each target. The network’s multi-target capability is demonstrated with three targets
in Section 5.3 and four targets in Section 5.4. This reactive mechanism complements the
predictive handover of Section 4.4 by handling cases where a new sensor enters detection
range of an already-tracked target. Active trackers periodically broadcast their target ID
and tracking status as part of the information-sharing protocol (Section 4.7), so every sensor
maintains a local cache of current tracker assignments and can immediately determine
whether a newly detected target is already being tracked.

When a new sensor detects a target with fewer than two active trackers, it is accepted
directly without releasing any existing tracker. If the target already has two active trackers,
the newly detecting sensor identifies, using its local cache of tracker assignments, the
tracker farthest from its home position:

irelease = argmax
i∈Sk

|si − hi|, (25)

where Sk denotes the set of sensors currently tracking target k. The tracker with maximum
home displacement irelease is released and transitions to RETURNING_HOME, allowing
the new detecting sensor to assume tracking responsibility. This policy balances tracking
redundancy with network topology preservation.

Each new tracker initializes its EKF with state x̂k = [zi,k, 0]T using the current position
measurement and zero initial velocity. When a target exits the monitored region, assigned
trackers transition to RETURNING_HOME and remove the target from their tracking list.

4.10. EKF-Based Iso-Probability Search Contour Generation

Upon confirmed target loss (target exits detection range as defined in Section 4.4), the
last tracking sensor generates search regions based on its final EKF state estimate, repre-
sented as iso-probability contours connecting points of equal probability density. Existing
methods that use such contours typically compute full probability density distributions
over discretized spatial grids [3,50,51]. The proposed approach instead derives the contours
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analytically from the EKF covariance matrix already maintained during tracking, adding
no computational overhead.

The position covariance submatrix Ppos = Pk(1 : 2, 1 : 2) defines a 2D Gaussian distri-
bution over target location. Eigenvalue decomposition Ppos = VΛVT yields principal axis
directions (columns of V) and uncertainty magnitudes (diagonal of Λ = diag(λ1, λ2)). For
confidence level p, the corresponding chi-square value χ2

p(2) scales the uncertainty ellipse.
The contour parameterization is

c(θ) =
[

p̂x
k , p̂y

k

]T
+

√(
χ2

p

)
·V·

[√
λ1cosθ,

√
λ2sinθ

]T
, (26)

for θ ∈ [0, 2π]. For a 2D Gaussian distribution, n-sigma ellipses correspond to chi-squared
values with two degrees of freedom, yielding confidence levels of 39.35 for 1σ, 86.47 for 2σ,
and 98.89 for 3σ, as illustrated in Figure 7.

 

Figure 7. EKF-based probabilistic search contours generated after target loss.

These nested elliptical contours enclose regions of increasing cumulative probability
and provide spatial search regions for subsequent search operations, though full search
algorithm implementation is reserved for future work.

5. Simulated Experiments
5.1. Simulation Setup

Numerous simulations were conducted to evaluate the proposed framework’s perfor-
mance in multi-target tracking scenarios with varying target velocities and simultaneous
handover demands. Two representative scenarios demonstrate key system capabilities:
(1) conflict resolution when multiple targets require auxiliary sensors while prior handover
requests are still being processed and (2) scalable coordination among three targets with
progressive velocities and staggered entry times. Section 5.4 presents an ablation study
isolating the contribution of each system component, and Section 5.5 examines sensitivity
to the EKF convergence threshold. Performance is evaluated through tracking coverage du-
ration, sensor engagement rates, handover success rates, and network topology preservation.

The simulation scenario is grounded in a concrete physical deployment: a team of
N = 25 battery-powered nano-quadrotors arranged in a 5 × 5 hexagonal grid with inter-
node spacing d = 12 m over a 60 m × 52 m outdoor area, tasked with monitoring multiple
moving targets simultaneously. Each UAV, such as the Crazyflie 2.1 (Bitcraze) [52], has a
detection radius of rd = 1.5 m via a downward-facing camera or time-of-flight sensor and
a cruising velocity of vs = 0.75 m/s. When a target moves faster than a single UAV can
follow, or when a UAV reaches the boundary of its allowable operating zone, continuous
tracking requires proactive handover to a neighboring UAV. Energy constraints compound
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this challenge: with a battery life of approximately 7 min [53], unnecessary repositioning
must be minimized, motivating the displacement constraint dmax = 12 m that bounds
each sensor’s energy expenditure per mission. Target velocities of 1.0–1.2 m/s represent
a walking person or slow-moving ground vehicle. The 60 m × 52 m deployment area
is consistent with the practical outdoor operating envelope of the Crazyflie 2.1, and all
simulation scenarios in Sections 5.2–5.4 are parameterized for this physical scale.

The DES simulation assumes global message broadcasting for handover coordination,
implemented as a network-wide flood over the 2.4 GHz Crazyradio PA link. The Crazyradio
PA provides reliable connectivity at ranges up to 80 m outdoors, well exceeding the
maximum inter-sensor distance in the 60 m × 52 m deployment area. Handover auction
messages are small, containing only sensor ID, target state estimate, and intercept point, and
are well within the radio payload limit. Broadcast latency across the network is negligible
relative to the 0.1 s simulation time step, justifying the instantaneous broadcast assumption
used in the DES model.

EKF parameters include process noise covariance Q = diag(0.01, 0.01) and mea-
surement noise covariance R = diag(0.0025, 0.0025). Velocity convergence is detected
when variance components satisfy Pk(3, 3), and Pk(4, 4), both fall below σ2

v,thresh = 0.006
(selected in Section 4.3), typically achieved within 1 time unit of continuous tracking.

The bidding weights prioritize network topology preservation (wn = 0.4) to ensure
long-term operational sustainability, followed by spatial efficiency (ws = 0.3) to minimize
travel distance, temporal feasibility (wt = 0.2) to ensure timely arrival, and information
quality (wu = 0.1) to account for tracking uncertainty. This allocation reflects the dual
objectives stated in Section 3.2. The weights were selected based on sensitivity analysis
across multiple scenarios. The system maintains effective coordination when individual
weights are varied by ±0.1 from the nominal values, confirming that overall performance
is driven by the relative ordering of priorities rather than the precise weight magnitudes.

The reactive baseline used for comparison disables EKF-predictive auction triggering:
sensors begin seeking a replacement only after the target leaves their detection radius. All
other components such as bidding, conflict resolution, and navigation remain identical
to the full system. This isolates the contribution of predictive handover from the other
components, which are evaluated independently in Section 5.4.

Table 1 summarizes the simulation parameters, their values, and the physical or
empirical basis for each, grounding the simulation in the assumed nano-quadrotor platform.

Table 1. Simulation parameters, values, and physical justifications.

Parameter Symbol Value Justification/Source

Number of sensors N 25 (5 × 5)
Bounded outdoor deployment;
hexagonal grid covers the
60 × 52 m area at spacing d

Inter-node spacing d 12 m Detection footprints tile the region
without gaps; defines grid extent

Detection radius rd 1.5 m
Footprint of a downward
camera/time-of-flight sensor
(Crazyflie 2.1) [52]

Communication range rc link reliable to ~80 m 2.4 GHz Crazyradio PA; exceeds
max inter-sensor distance [52]

Displacement bound dmax 12 m (=d)
Keeps sensors within rc of
neighbors; bounds per-mission
energy (~7 min battery) [53]
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Table 1. Cont.

Parameter Symbol Value Justification/Source

Sensor velocity vs 0.75 m/s
Crazyflie 2.1 cruising speed [52];
below target speed (regime where
reactive handover fails)

Target velocity |vk| 1.0–1.2 m/s Walking person/slow
ground vehicle

Process noise cov. Q diag(0.01, 0.01) Moderate process noise for
stochastic trajectory perturbation

Measurement noise cov. R diag(0.0025, 0.0025)
σ ≈ 0.05 m, consistent with
short-range time-of-flight/visual
ranging

EKF conv. threshold σ2
v,thresh 0.006 Best coverage/prediction-accuracy

trade-off (Section 5.5)

Bidding weights wn, ws, wt, wu 0.4, 0.3, 0.2, 0.1 Priority ordering; robust to
±0.1 variation (Section 5.1)

Navigation constant N′ 2 Standard proportional-navigation
value [49]

Simulation time step ∆t 0.1 s
Below broadcast latency; justifies
instantaneous-broadcast
assumption

Confidence threshold αthreshold 0.2
A repositioning sensor aborts when
the shared-information confidence
falls below this value (Section 4.8)

Handover safety
margin τsa f e 0.1

Fractional temporal margin placing
τsa f e below the predicted loss time
τloss (Section 4.4)

Guidance switch
distance δswitch 1.5 m (= rd )

Final-approach/acquisition radius
(=rd): an interceptor lacking shared
target information travels to within
this distance of the predicted
handover point and either acquires
the target or, if it is absent, returns
home (Section 4.8)

5.2. Example 1: Conflict Resolution Under Simultaneous Handover Calls

Figure 8 illustrates the system’s conflict resolution mechanism when multiple sen-
sors require handover resources. At t = 57.1–57.2 time units, two tracking sensors, each
monitoring a separate target, detect imminent target loss through EKF-based prediction
and issue handover calls within the conflict detection window (Section 4.6). This triggers
the DES conflict resolution mode, which processes the competing requests to allocate
non-overlapping sensor teams.

The min–max algorithm processes the competing requests at t = 57.3–57.6 time units.
Rather than evaluating all possible sensor-target assignments, the algorithm limits the
search space to the top k bidders per target (k = 8) based on initial bid calculations.
This reduces computational complexity from O

(
|Savailable|4

)
exhaustive search to O

(
k4)

where k ≪ |Savailable|, enabling efficient conflict resolution while maintaining near-optimal
assignment quality.
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Figure 8. Conflict resolution demonstration.

Figure 9 shows the post-resolution assignments at t = 57.6 time units. The algorithm
successfully allocated non-overlapping handover sensor pairs: Sensors 10 and 14 are as-
signed to Target 1, while Sensors 19 and 25 are assigned to Target 2. The assigned sensors
navigate from the left portion of the grid, demonstrating that the temporal feasibility com-
ponent of the bidding mechanism correctly selects sensors capable of arriving before target
loss. The min–max objective ensures balanced resource allocation by minimizing the maxi-
mum team cost across both targets, preventing one target from receiving disproportionately
suboptimal auxiliary sensors. Both handovers complete successfully at t = 63.4 time units
(Target 1) and t = 64.1 time units (Target 2), maintaining continuous tracking throughout
the conflict resolution process.

 
Figure 9. Post-resolution assignments at t = 57.6 time units.

5.3. Example 2: Three-Target Coordination with Progressive Velocities

Figure 10 shows system scalability through coordination of three targets with pro-
gressively increasing velocities and staggered entry times. Target 1 (red trajectory) enters
at t = 0 time units with velocity 1.0 units/time unit, Target 2 (green trajectory) enters at
t = 4.0 time units with velocity 1.1 units/time unit, and Target 3 (blue trajectory) enters at
t = 6.5 time units with velocity 1.2 units/time unit. This configuration tests the framework’s
ability to maintain tracking performance under increasing speed demands and temporal
complexity arising from overlapping target trajectories and concurrent tracking operations.

The system successfully maintained dual-tracker configurations for all three targets
throughout the simulation despite overlapping sensor coverage areas. Distributed EKF
estimation converged for all targets within one time unit of initial detection, with final
velocity variance components satisfying Pk(3, 3) < 0.006 and Pk(4, 4) < 0.006. Figure 11
illustrates this convergence for a representative sensor–target pair, showing both variance
components decaying rapidly after initial detection (dotted vertical line). Once both
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components drop below the σ2
v,thresh = 0.006 (dashed vertical line), the loss prediction

becomes active and the handover trigger fires shortly after (solid vertical line). The figure
confirms that EKF convergence reliably precedes the handover call, validating the use of
covariance-based convergence detection as the trigger condition. The converged estimates
enabled stable loss predictions, triggering handover calls with sufficient lead time for
successful handovers even at the highest target velocity of 1.2 units/time unit.

 

Figure 10. Three-target tracking with progressive velocity increases.

 

Figure 11. EKF velocity variance convergence for a representative sensor–target pair.

Figure 12 demonstrates the PNG guidance behavior for Sensor 25 during a reposition-
ing mission for Target 3 (velocity 1.2 units/time unit). Three distinct phases are visible:

• Direct Pursuit Phase: Upon transitioning to REPOSITIONING state, the sensor moves
directly toward the predicted safe handover point using the direct navigation law
from Section 4.8, Phase 1.

• PNG Engagement: As shared information indicates the target has passed the predicted
handover point, the sensor activates PNG guidance (Section 4.8). The trajectory curves
show the characteristic smooth pursuit path as PNG nullifies the line-of-sight rate,
adapting to the target’s actual motion rather than rigidly following the initial prediction.

• Abort and Return: Confidence in shared target information drops below αthreshold

during PNG engagement, triggering the fault-tolerance condition in Section 4.8. The
sensor transitions to RETURNING_HOME (blue “Return” trajectory), abandoning the
mission and returning to its home position to preserve network topology.

The curved pursuit trajectory demonstrates PNG’s ability to compensate for prediction
errors and target motion deviations. This adaptive guidance capability contributed to the
76.5% reacquisition success rate among mobilized sensors in the three-target scenario.
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Eight successful handovers were executed across the three-target scenario. Of the
25 sensors, 17 (68%) were mobilized for repositioning missions: 13 sensors successfully
reacquired targets while four reached the handover vicinity but failed reacquisition due to
target trajectory deviations. The 76.5% success rate highlights effective predictive accuracy
while acknowledging the inherent uncertainty in forecasting fast-moving target positions.
The four unsuccessful missions transitioned to RETURNING_HOME, preserving network
topology without compromising ongoing tracking operations.

 

Figure 12. Sensor 25 trajectory during handover mission for Target 3.

This high utilization rate demonstrates effective distributed coordination, with sensors
dynamically transitioning between IDLE, DETECTING, TRACKING, REPOSITIONING,
and RETURNING_HOME states based on bidding outcomes and tracker assignments. No
sensor exceeded the displacement constraint dmax = d = 12 units from its home position,
confirming that the network preservation penalty (wn = 0.4) successfully balanced mission
effectiveness with topology maintenance.

5.4. Ablation Study

To quantify the individual contribution of each system component, five variants are
evaluated across ten independent Monte Carlo trials in a four-target scenario. The variants
are Full System, No Prediction (reactive handover only: auction triggers after target loss
rather than before), No Bidding (nearest-sensor selection replaces multi-objective bidding),
No Conflict Resolution (greedy first-come-first-served (FCFS) replaces min–max), and
Direct Pursuit (sensor navigates directly to the originally predicted handover point without
adapting its trajectory using shared EKF estimates from neighboring trackers). Results are
summarized in Table 2 and Figure 13.

Table 2. Ablation Study Results.

Variant Coverage (%) Handover Success (%) Engagement (%)

Full System
(Proposed) 75.7 ± 5.8 69.9 ± 5.6 74.0 ± 2.1

No Prediction 49.7 ± 0.5 0.0 ± 0.0 36.0 ± 0.0

No Bidding 59.0 ± 3.1 28.3 ± 4.3 56.8 ± 1.7

No Conflict Res. 75.7 ± 5.8 69.9 ± 5.6 74.0 ± 2.1

Direct Pursuit 71.7 ± 6.5 50.4 ± 6.0 66.4 ± 3.9
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Figure 13. Ablation Bar Chart.

Removing EKF-predictive triggering reduces mean coverage from about 76% to 50%
(−26%) and eliminates handover success entirely. In the reactive case, the auction fires only
after target loss, leaving insufficient time for any auxiliary sensor to travel to the target’s new
position before it exits the monitored region. This confirms that proactive auction initiation
is the single largest contributor to system performance. Replacing the multi-objective bid
with nearest-sensor selection reduces coverage by about 17% and handover success rate by
42% (70% to 28%), demonstrating that network-aware allocation is critical when targets
pass through sensor boundary regions. Replacing shared-EKF adaptive navigation with
direct pursuit to the original handover point reduces handover success rate by 20% (70% to
50%), validating that fusion-driven adaptive guidance provides a measurable advantage
over fixed-point navigation. No Conflict Resolution produces results identical to the Full
System, since the four-target scenario with staggered entry times generates infrequent
overlapping Phase 3 conflicts; the min–max guarantee is most consequential in Scenario 1
(Section 5.2), where overlapping conflicts are by design.

5.5. EKF Threshold Sensitivity

Figure 14 plots tracking coverage and handover success rate as functions of σ2
v,thresh

over the range [0.001, 0.05]. At low values, the system waits for very tight EKF convergence
before triggering an auction, which delays handover initiation and reduces coverage,
although tighter convergence improves handover prediction quality, as reflected in the
higher handover success rate at σ2

v,thresh = 0.001. At high values, auctions trigger on poorly
converged velocity estimates, producing inaccurate handover predictions and reducing
handover success rate. The nominal value of 0.006 is the last stable point before handover
success drops further, while maintaining near-peak coverage, making it the best trade-off
between early auction triggering and prediction accuracy.

 

Figure 14. EKF Threshold Sensitivity.
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5.6. Robustness to Broadcast Packet Loss

The DES model assumes reliable broadcast of handover calls (Section 5.1). To test
robustness to broadcast packet loss, each handover broadcast is dropped independently
with probability ploss. This probability is swept over {0, 0.1, 0.2, 0.3, 0.4, 0.5}, with ten Monte
Carlo trials at each value, using the four-target scenario of Section 5.4. At ploss = 0, the
framework reproduces the full-system results reported in Section 5.4 (about 75% coverage
and about 70% handover success), which confirms that the loss model leaves the nominal
dynamics unchanged. A dropped call does not reach the affected bidder, so that sensor
does not bid in that round, and the auction proceeds with whichever bidders received
the call.

Figure 15 reports tracking coverage and handover success rate as a function of ploss,
averaged over the ten trials, with error bars showing one standard deviation. Coverage
barely changes, holding near 70% to 75% at every loss level. Handover success declines
gradually, from 70% with perfect communication to about 45% at a packet loss probability
of ploss = 0.5 and remains above 60% for ploss ≤ 0.2. A reactive scheme has no such margin,
since any delay in replacement causes an immediate target loss. Two factors explain this
tolerance. First, the handover call is broadcast to all sensors; thus, many eligible bidders
receive it; an auction loses every candidate only if all of them miss the call at once, which is
very unlikely when many sensors are within reach. Second, the target stays tracked through
the resilience window (Section 4.7); thus, a lost call does not end tracking right away. A
fresh call soon follows: it is issued by a co-tracker when two trackers are active (Section 4.9)
or by the next tracker as the target moves on. Each sensor acts on local information only,
with no central retry.

 

Figure 15. Tracking coverage and handover success rate versus broadcast packet-loss probability
ploss (mean ± one standard deviation over ten Monte Carlo trials).

5.7. Performance Summary

The simulation results collectively demonstrate four key system capabilities. First,
the conflict resolution mechanism successfully manages concurrent multi-target handover
demands through min–max optimization, as shown in Section 5.2. Second, the dual-tracker
configuration provides robustness against individual sensor failures and transient detection
losses, supporting continuous tracking throughout all scenarios. Third, the predictive
handover framework scales effectively to multiple concurrent targets under progressive
velocity increases, achieving 75.7% tracking coverage and 76.5% handover success in the
three-target scenario. Fourth, the ablation study confirms that each component contributes
independently, as detailed in Section 5.4, while the network preservation component of the
bidding mechanism ensures sensors remain within displacement constraints.
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6. Conclusions
This paper has presented a distributed coordination framework for proactive multi-

target tracking in mobile wireless sensor networks, grounded in discrete-event-system
theory. Unlike passive approaches that respond only after detection is lost, the framework
anticipates tracking failures through EKF-based uncertainty propagation and proactively
repositions auxiliary sensors to predicted handover points before detection is lost.

The framework integrates four complementary components: EKF-convergence-
triggered handover initiation, multi-objective competitive bidding with network topology
preservation, distributed min–max conflict resolution for concurrent handover demands,
and fusion-driven proportional navigation, in which auxiliary sensors navigate on state
estimates shared by their neighbors. Simulation results across multiple scenarios demon-
strate a 26-percentage-point improvement in tracking coverage over a reactive baseline
(75.7% versus 49.7%) and a 76.5% handover success rate under three-target coordination
with progressive velocities.

A ten-trial Monte Carlo ablation study isolates the contribution of each component.
Removing predictive triggering reduces coverage by 26 percentage points and eliminates
handover success entirely, confirming that proactive auction initiation is the dominant
performance driver. Nearest-sensor selection in place of multi-objective bidding reduces
handover success by 41.6 percentage points, confirming that network-aware allocation
is critical when targets traverse sensor boundaries. Replacing shared-EKF adaptive nav-
igation with direct pursuit to the original handover point reduces handover success by
19.5 percentage points, validating the contribution of fusion-driven guidance under uncer-
tain target motion.

One can note that the evaluation of our proposed framework is conducted in a simula-
tion environment with piecewise-linear target trajectories and planar sensor motion and
does not model full platform dynamics (attitude, drag, and actuation lag). Communications
are assumed to be reliable and with low-latency, justified for the assumed Crazyradio PA
link but not representative of congested or adversarial channels. Obstacle avoidance and
inter-sensor collision avoidance are not modeled, as the deployment assumes an open mon-
itored region. These simplifications define the scope of the results: open-area, short-range
sensing deployments with reliable local communication.

Future work may focus on hardware validation using physical ground robots and
UAVs. Key open problems could include the effect of communication latency on auction
synchronization (beyond the independent-loss study of Section 5.6); actuator constraints on
trajectory-tracking accuracy; energy consumption under extended multi-target missions;
and robustness under non-uniform sensor deployments and progressive node failures. A
quantitative comparison with alternative multi-target tracking methods, including reactive
handover, auction-based allocation, and centralized coordination, with ANOVA-based
statistical analysis, could be carried out as the primary objective of a follow-up study.
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