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Abstract Sleep scheduling is a direct means of extending the lifetime of dense wireless sensor networks, but independently
classifying each node as active or sleeping does not guarantee that the resulting subset preserves both sensing coverage
and communication connectivity. The Dual-Graph Neural Sleep Scheduler (DGNSS) is proposed as a coverage-preserving
method for dynamic sleep scheduling. The method represents a deployment by two complementary graphs: a communication
graph encoding radio reachability and a coverage-overlap graph encoding sensing redundancy. Separate Graph Sample
and Aggregate (GraphSAGE) encoders process the two structures, and a gated fusion module produces node-level keep
scores from structural, energy, coverage-witness, articulation, and temporal duty-cycle features. Instead of applying a fixed
probability threshold, the neural scores guide a deterministic feasibility-by-construction decoder. The decoder combines
multi-start pruning, constructive scheduling, exact grid-coverage and sink-connectivity tests, two-for-one exchanges,
temporal energy rotation, and a safe-improvement guardrail. Experiments use reproducible energy-stress scenarios with
50 and 100 nodes and compare the proposed method with Always Active, random and threshold scheduling, an energy-
aware greedy scheduler, coverage-redundancy and connected-dominating-set heuristics, a Low-Energy Adaptive Clustering
Hierarchy (LEACH)-like policy, a greedy oracle, the former independent-threshold decoder, and method ablations. In the
50-node scenario, DGNSS saves 50.87% energy, maintains the coverage requirement for all 140 rounds, and delays first-
node death by 4.33 rounds relative to the strongest energy-aware greedy baseline. In the 100-node scenario, it saves 24.47%
energy and extends coverage lifetime by one round relative to the same baseline. Additional ten-topology robustness runs
show a statistically supported energy-saving gain over Energy-Aware Greedy at 50 nodes and a smaller, non-significant
energy-saving trend at 100 nodes. A feature-only multilayer perceptron ranker is also competitive under the same decoder,
indicating that the deterministic connected-cover decoder and coverage-aware features account for a substantial part of the
observed gains. These results show that learned ranking and exact constrained decoding are complementary: the graph model
supplies transferable structural preferences, whereas the decoder prevents infeasible schedules and improves the energy–
lifetime trade-off.
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1. Introduction

Wireless sensor networks (WSNs) are composed of spatially distributed, battery-powered nodes that sense physical
phenomena and communicate observations to a sink. Their practical lifetime is constrained by the energy required
for sensing, idle listening, reception, and packet transmission. Battery replacement may be expensive or infeasible
in environmental monitoring, infrastructure inspection, industrial supervision, and remote deployments [1, 2].
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Energy-aware communication protocols reduce this burden, but dense sensing deployments contain an additional
source of efficiency: neighboring nodes frequently provide redundant sensing and forwarding capability.

Sleep scheduling exploits this redundancy by activating only a subset of nodes during a communication
round. The scheduling problem is nevertheless more restrictive than ordinary binary classification. A low-
cardinality subset is useful only when it continues to cover the monitored field and when every active sensor can
communicate with the sink, directly or through active relays. Coverage, connectivity, energy, and switching stability
must therefore be considered jointly. Classical protocols such as Low-Energy Adaptive Clustering Hierarchy
(LEACH) [3], Hybrid Energy-Efficient Distributed clustering (HEED) [4], and Power-Efficient Gathering in Sensor
Information Systems (PEGASIS) [5] reduce energy consumption through clustering or chain formation, whereas
coverage-oriented schedulers explicitly reason about redundant sensors [7, 9]. These approaches remain effective
baselines, but their priorities are usually expressed by fixed rules and are difficult to adapt across heterogeneous
graph structures and evolving residual-energy states.

Graph neural networks (GNNs) provide a natural representation for wireless systems because their message-
passing operations respect node permutation and exploit local interactions. Graph convolutional networks, Graph
Sample and Aggregate (GraphSAGE), and graph attention networks have demonstrated that node representations
can be learned directly from graph topology and attributes [10, 11, 12]. GNNs have also been applied to wireless
resource allocation because their parameter count can remain independent of network size and their computations
can transfer across related graph instances [13, 14]. However, a neural output alone does not satisfy a combinatorial
coverage-and-connectivity constraint. The initial implementation investigated in this work illustrates this limitation:
independent thresholding caused nearly all node probabilities to fall on the active side of the decision boundary,
making the learned method behaviorally equivalent to an Always Active policy.

The proposed method addresses that failure by separating ranking from feasibility. The Dual-Graph Neural Sleep
Scheduler (DGNSS) uses neural inference to rank the utility of retaining each node, while a deterministic decoder
constructs and improves an executable connected-cover subset. Two graphs are used because communication
adjacency and sensing redundancy represent different physical relations. The communication graph identifies
potential forwarding paths; the coverage-overlap graph identifies sensors whose sensing disks cover similar
regions. Their embeddings are fused with residual-energy and temporal duty-cycle information before constrained
decoding.

The principal contributions are summarized as follows:

• A dual-graph representation that distinguishes communication reachability from sensing overlap and
augments conventional energy and degree features with coverage-witness, articulation-risk, sink-hop, duty-
cycle, and active-streak descriptors.

• A gated dual-GraphSAGE architecture and a constraint-aware training objective that combines supervised
oracle imitation with differentiable coverage, pairwise ranking, cardinality calibration, energy, active-ratio,
and switching terms.

• A feasibility-by-construction decoder integrating multi-start pruning, energy-aware constructive candidates,
exact connected-coverage verification, two-for-one exchanges, temporal energy rotation, and a safe-
improvement guardrail.

• A reproducible evaluation framework that exports checkpoints, Open Neural Network Exchange (ONNX)
and TorchScript models, topology and schedule visualizations, round-level and node-level data, confidence
intervals, paired comparisons, ablations, and offline Objective Modular Network Testbed in C++
(OMNeT++) decision files.

• An empirical assessment showing that DGNSS improves the energy–lifetime trade-off over a strong energy-
aware greedy baseline at 50 and 100 nodes, while the independent-threshold version remains substantially
weaker.

The remainder is organized as follows. Section 2 reviews energy-aware sleep scheduling and graph learning for
wireless systems. Section 3 defines the network model and optimization objective. Section 4 presents DGNSS.
Section 5 describes the experimental protocol, and Section 6 reports the results and ablations. Section 7 discusses
limitations and threats to validity, followed by the conclusion in Section 8.
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2. Related work

Research on sleep scheduling for WSNs lies at the intersection of energy-aware communication, coverage-
preserving activation, joint coverage–connectivity maintenance, and learning-based graph decision making.
Classical clustering protocols established the importance of energy balancing. LEACH introduced randomized
cluster-head rotation to distribute long-range communication costs among nodes [3]. HEED subsequently selected
cluster heads using residual energy as the primary criterion and communication cost as a secondary criterion [4].
PEGASIS organized nodes into a chain so that each sensor communicated with a nearby neighbor while the chain
leader rotated over time [5]. Later LEACH variants, such as T-LEACH, further adapted cluster-head selection to
residual energy and threshold-sensitive operation [15], while surveys of LEACH-based protocols show that most
improvements target cluster formation, cluster-head rotation, or intra-cluster communication efficiency [16]. These
protocols reduce communication energy, but they do not directly decide which redundant sensors can sleep while
preserving area coverage.

Recent studies further underline the same energy-management pressure in IoT and WSN systems. Bouarourou et
al. optimized WSN routing with a whale-optimization pathfinding model and reported gains in lifetime, active-node
count, delivery, and delay [42]. Ouaarouss et al. studied data offloading in IoT-based WSNs, combining resource
constraints, clustering, LSTM prediction, and KNN classification to reduce residual-energy depletion and sensor
failures [43]. These works address routing and offloading rather than coverage-preserving sleep scheduling, but
they reinforce the need to couple energy use with network-level service constraints.

Coverage-preserving sleep scheduling addresses this complementary problem by activating only a subset of
nodes that is sufficient to monitor the region of interest. Wen and Chen proposed dynamic hierarchical sleep
scheduling to exploit node redundancy while maintaining sensing and communication requirements [7]. Early local
schemes detect redundancy from geometric or probabilistic criteria. Yufu and HongJun used a coverage-preserving
node-scheduling procedure with a local coverage test and collision-avoidance mechanism to prevent holes during
state transitions [17]. Qu et al. introduced an energy-efficient coverage-preserving scheduler in which local wake-
up decisions are triggered by energy-related conditions [18]. Bulut and Korpeoglu estimated expected common
coverage between neighboring sensing disks and used this estimate to guide distributed sleep decisions under
coverage and connectivity requirements [19]. Other approaches formulate activation as an optimization problem.
Dineshkumar et al. modeled sleep scheduling as an energy-aware coverage problem with disjoint set covers and
solved it using evolutionary metaheuristics [20]. Wu et al. combined node utility and critical-target prioritization to
balance residual energy with coverage contribution [21]. Geometric and redundancy-elimination schemes similarly
use local positions, overlap, and inter-node distance to identify nodes that can sleep without degrading coverage
[22, 23]. Although these methods are lightweight and often distributed, their decisions are primarily local; therefore,
full coverage and sink connectivity are usually guaranteed only under restrictive geometric assumptions or by
additional repair mechanisms.

A second line of work treats coverage and connectivity as coupled constraints. Tian and Georganas showed that,
in a connected deployment, coverage preservation can imply connectivity when the communication radius is at
least twice the sensing radius, and they extended this reasoning to k-coverage and connectivity [24]. Cardei and
Cardei formalized the connected set cover problem for WSNs, where each activation set must cover the monitored
targets while keeping active nodes connected to the base station, and showed that the problem is computationally
hard [25]. He et al. considered duty-cycled event-monitoring networks in which link availability is transient and
jointly addressed coverage and connectivity under sleep scheduling [26]. These studies motivate the constraint
model adopted in DGNSS: a feasible schedule should be judged not only by the number of active nodes or their
residual energy, but also by whether every monitored location remains covered and whether active sensors remain
connected to the sink.

Several structural heuristics are closely related to this feasibility requirement. Connected Dominating Set (CDS)
methods construct a small active backbone such that each inactive node is adjacent to at least one active node
and the active nodes remain connected. Chandra et al. proposed a distributed target-coverage CDS method
based on prime-numbered node identifiers and adjustable sensing radius [27]. Ingelrest improved classical two-
hop-neighbor CDS construction by producing smaller connected dominating sets while preserving the required
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domination and connectivity properties [28]. A complementary family of k-coverage redundancy algorithms
identifies sensors whose sensing regions are already sufficiently covered by neighbors. Chenait et al. proposed
a linear-time redundancy model for homogeneous WSNs [29] and later extended the idea to heterogeneous IoT
sensor deployments using locus-based redundancy determination [30]. In the present work, CDS and coverage-
redundancy rules are useful baselines and provide interpretable structural signals, but DGNSS differs by combining
such structural information with learned ranking and exact feasibility checks.

Learning-based sleep scheduling has been explored to improve adaptation under dynamic energy, traffic, and
topology conditions. Sinde et al. combined clustering, Deep Reinforcement Learning (DRL)-based duty cycling,
and routing optimization to improve WSN lifetime, throughput, and delay [31]. Verma et al. modeled each node
as a reinforcement-learning agent that selects among transmit, listen, and sleep actions instead of following a fixed
duty cycle [32]. Vinutha used a Deep Q-Network scheduler to learn energy-aware sleep decisions [33]. Xing et
al. applied DRL to agricultural WSNs by predicting suitable wake-up times from historical sensing data [34]. In
industrial IoT, Jurado-Lasso et al. used hierarchical reinforcement learning for multi-objective TSCH scheduling
[35]. These methods demonstrate the value of learned scheduling, but they generally rely on interaction-intensive
training and probabilistic action selection. More importantly, a learned node action does not automatically ensure
that the resulting active set forms a connected cover at every round.

GNNs provide a natural learning model for WSNs because sensor deployments are graphs with variable size,
local interactions, and permutation-equivariant structure. The graph convolutional network of Kipf and Welling
[10], the inductive neighborhood aggregation mechanism of GraphSAGE [11], and masked graph attention [12] are
widely used message-passing architectures, and PyTorch Geometric provides efficient sparse implementations for
such models [36]. A recent study by Abdulghani and Shukur used graph convolutional networks for spatio-temporal
climate imputation, showing the value of graph structure when observations are tied by spatial relations rather
than being independent samples [44]. In wireless optimization, Eisen and Ribeiro used random-edge GNNs for
wireless resource allocation and showed transfer across network instances [13], while Shen et al. studied scalable
GNN architectures for radio-resource management [14]. More specific wireless scheduling and routing studies also
support the relevance of graph learning: Vo et al. applied graph attention to IoT data-aggregation scheduling [37];
Xu et al. embedded GNN representations in a DRL routing policy for WSN topologies affected by node failures
[38]; and Lu et al. used GraphSAGE to score multipath routes in wireless mesh networks [39]. These works show
that GNNs can encode wireless interaction structure, but they mainly target link scheduling, routing, aggregation,
resource allocation, or sink management rather than coverage-preserving sleep scheduling.

The design of DGNSS is also related to graph-based learning for combinatorial optimization. Khalil et al.
showed how graph embeddings and reinforcement learning can guide greedy construction for problems such as
minimum vertex cover, maximum cut, and the traveling salesperson problem [40]. Darvariu et al. surveyed graph
reinforcement learning for combinatorial optimization and emphasized the general pattern of using neural models
to rank graph elements while a constructive algorithm commits to feasible decisions [41]. DGNSS follows this
safer learn-to-rank philosophy. It uses dual GraphSAGE encoders to separately process the communication graph
and the sensing-overlap graph, fuses the two structural views into node-level keep scores, and then uses these
scores only as priorities inside a deterministic constrained decoder. The decoder performs exact grid-coverage and
sink-connectivity checks, applies multi-start pruning and two-for-one exchanges, and incorporates temporal energy
balancing through a safe-improvement guardrail. Therefore, the neural model is not trusted to output a feasible
binary schedule directly. This separates DGNSS from local coverage heuristics, clustering-based energy balancing,
unconstrained RL schedulers, and single-graph GNN wireless optimizers. The contribution is the integrated
methodology: dual structural learning for ranking, followed by deterministic connected-cover construction and
energy-aware temporal rotation.

3. System model and problem formulation

This section formalizes the sensing environment, the two graph structures, the coverage and connectivity
requirements, and the round-level energy dynamics considered in this study. The network is modeled as a
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Figure 1. Communication and sensing-overlap graphs.

static battery-powered deployment in which a centralized scheduler selects an active subset at each round. The
resulting subset must provide the prescribed sensing coverage while maintaining a communication path from every
active node to the sink. On this basis, the sleep-scheduling task is formulated as a constrained energy-balancing
problem whose solution must account for spatial redundancy, forwarding importance, residual energy, and temporal
activation history.

3.1. Deployment and dual graphs

Let V = {1, . . . , N} denote a set of static sensor nodes deployed in a rectangular region A ⊂ R2. Node i has
position pi = (xi, yi), initial energy E0

i , and residual energy Ei(t) at round t. A fixed sink s is located at ps. The
sensing and communication radii are denoted by Rs and Rc, respectively.

The communication graph is

Gc = (V, Ec), (i, j) ∈ Ec ⇐⇒ ∥pi − pj∥2 ≤ Rc. (1)

An edge is associated with normalized distance and a distance-based link-quality proxy,

acij =

[
dij
Rc

, exp

(
−
(
dij
Rc

)2
)]

. (2)

The coverage-overlap graph is

Go = (V, Eo), (i, j) ∈ Eo ⇐⇒ ∥pi − pj∥2 ≤ 2Rs. (3)

Its edge attributes are normalized distance and the intersection-over-union ratio of the two sensing disks. Figure 1
illustrates that the graphs encode related but non-identical neighborhoods. The sink is marked by a red star in both
panels.

3.2. Coverage and connectivity constraints

The monitored region is discretized into a set of grid points Q = {1, . . . ,M}. The binary sensing matrix is

Ciq =

{
1, ∥pi − q∥2 ≤ Rs,

0, otherwise.
(4)
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Let zi(t) ∈ {0, 1} denote the state of node i, where one represents active and zero represents sleeping. The achieved
coverage ratio is

ρcov(t) =
1

M

M∑
q=1

I

[
N∑
i=1

zi(t)Ciq > 0

]
. (5)

For a prescribed threshold η, a valid schedule must satisfy

ρcov(t) ≥ η. (6)

Connectivity is evaluated on the subgraph induced by the active nodes, augmented with the sink and sink–sensor
edges whose lengths do not exceed Rc. If Rs(t) denotes the set of active nodes reachable from the sink, the
connectivity ratio is

ρcon(t) =
|Rs(t)|

max(1,
∑

i zi(t))
. (7)

The connected-cover requirement is ρcon(t) = 1.

3.3. Round-level energy model

For a packet of L bits, the active energy of node i is modeled as

eacti (t) = esense + eidle + erx + L
(
eelec + eampd

α
i,s

)
, (8)

where the transmission distance is capped by Rc in the simulator, and α is the path-loss exponent. Sleeping nodes
consume esleep. Residual energy evolves as

Ei(t+ 1) = max
(
0, Ei(t)− zi(t)e

act
i (t)− (1− zi(t))esleep

)
. (9)

3.4. Scheduling objective

At each round, the scheduler seeks a feasible active set that is small, energy balanced, and temporally stable. A
representative instantaneous objective is

min
z(t)

∑
i

zi(t) + λE

∑
i

zi(t)

(
1− Ei(t)

E0
i

)
+ λD

∑
i

zi(t)Di(t) + λS

∑
i

|zi(t)− zi(t− 1)|,
(10)

subject to Equation (6) and ρcon(t) = 1. Here Di(t) denotes the historical duty fraction. The exact binary
optimization is combinatorial; DGNSS learns a structural ranking and then solves a constrained approximation
through deterministic search.

4. Proposed DGNSS method

Figure 2 presents the complete method. The topology and current round state are transformed into the two
graphs and a node-feature matrix. Two GraphSAGE encoders produce relation-specific embeddings. Gated fusion
generates node keep scores, after which a multi-stage decoder constructs the schedule. Exact coverage and sink-
connectivity checks are applied throughout decoding rather than only after thresholding.

4.1. Node features

For every node, the model uses a 14-dimensional feature vector. Table 1 groups these features by purpose.
The unique-coverage feature is particularly important. A grid point is a coverage witness of node i when i

is currently its only covering sensor. Removing a node with many witnesses has a high probability of violating
Eq. (6). Similarly, articulation-point and sink-hop features identify nodes with potential forwarding significance.
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Figure 2. DGNSS scheduling architecture.

Table 1. DGNSS node features.

Feature group Components

Energy normalized residual energy; residual-energy percentile
Communication structure normalized communication degree; normalized sink distance; normal-

ized sink-hop distance; mean link quality; articulation-point indicator
Coverage structure normalized overlap degree; sensing redundancy; sensing contribution;

unique-coverage witness contribution
Temporal state previous active state; cumulative duty cycle; normalized consecutive-

active streak

Table 2. Neural and decoder dimensions.

Stage Input Output

Node features node state N × 14
Communication encoder N × 14, Ec N ×H
Overlap encoder N × 14, Eo N ×H
Graph gate N × (2H + 14) N × 2
Fusion concatenation gated embeddings, difference, features N × (3H + 14)
Fusion multilayer perceptron N × (3H + 14) N × 1
Sigmoid layer N × 1 logits N keep scores
Constrained decoder scores, topology, coverage state N binary states

4.2. Dual-graph encoding and gated fusion

Figure 3 details the neural input–output pathway and the tensor dimensions used by the model. The communication
and coverage-overlap branches share the same node-feature matrix but use different edge sets and independent
trainable parameters. Table 2 summarizes the corresponding dimensional transformations.
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Figure 3. DGNSS neural architecture.

Let X ∈ RN×F denote the node-feature matrix, where F = 14. Separate GraphSAGE encoders process the two
graphs:

Hc = SAGEc(X, Ec), Ho = SAGEo(X, Eo). (11)

For node i, a learned gate is computed as

gi = σ (Wg[h
c
i∥ho

i ∥xi] + bg) , (12)

where gi ∈ (0, 1)2. The fused vector is

ui = [gi,ch
c
i∥gi,oho

i ∥|hc
i − ho

i |∥xi] . (13)

A multilayer perceptron (MLP) maps ui to a logit ℓi, and pi = σ(ℓi) is interpreted as a keep score. It is not
interpreted as an independently feasible binary decision.

4.3. Oracle supervision and constraint-aware loss

Training labels are generated by a greedy connected-cover oracle. Starting with all alive nodes, the oracle
orders removal candidates using sensing redundancy, energy, sink distance, sensing contribution, and betweenness
centrality. A removal is accepted only when both coverage and connectivity remain feasible.

The oracle is heuristic rather than optimal. Its sleep score is

ssleepi = 2.0 ri + 0.8(1− ei) + 0.2 di − 1.4 ci − 1.2 bi, (14)

where ri is normalized sensing redundancy, ei is normalized residual energy, di is normalized sink distance, ci
is normalized sensing contribution, and bi is normalized betweenness centrality in the alive-node communication
graph. The coefficients were fixed as an energy-aware removal heuristic: high redundancy, low residual energy,
and larger sink distance increase the tendency to sleep, whereas high sensing contribution and communication
centrality protect nodes that are likely to be coverage witnesses or relays. Because every proposed removal is still
checked by exact coverage and connectivity tests, these weights affect candidate order but cannot create infeasible
labels.
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The supervised objective combines binary cross-entropy (BCE) with coverage, activity, energy, switching,
ranking, and cardinality terms:

L = LBCE + λcovLcov + λactLact + λengLeng

+ λswLsw + λrankLrank + λcardLcard.
(15)

The differentiable coverage estimate is

ρ̃cov =
1

M

M∑
q=1

(
1−

N∏
i=1

(1− piCiq)

)
, (16)

and
Lcov = max(0, η − ρ̃cov). (17)

The active loss is the mean keep probability, the energy loss penalizes selecting depleted nodes, and the switching
loss penalizes deviation from the previous state. Pairwise ranking encourages oracle-active nodes to receive higher
logits than oracle-sleeping nodes:

Lrank =
1

|P|
∑

(i,j)∈P

log (1 + exp[−(ℓi − ℓj)]) , (18)

where i is oracle-active and j is oracle-sleeping. Cardinality calibration aligns the mean probability with the oracle
active fraction.

4.4. Feasibility-by-construction decoder

The decoder begins with a learned removal priority that combines low keep probability, low residual energy, sensing
redundancy, accumulated duty, active streak, prior state, and witness protection. Multiple candidate schedules are
then generated:

1. learned, energy, redundancy, hybrid, and perturbed removal orders;
2. energy-aware constructive schedules that add nodes according to uncovered-grid gain and residual energy;
3. a model-independent constructive guardrail matching the strongest greedy baseline;
4. a warm start from the previous round between full re-optimization rounds.

Every deletion is checked using exact grid coverage and graph reachability. Feasible candidates are ranked first
by cardinality, then by coverage margin and temporal energy objective. A two-for-one local search replaces two
active nodes with one sleeping node whenever feasibility is retained. Equal-cardinality one-for-one exchanges
rotate the burden toward nodes with higher energy and lower historical duty. Finally, the learned candidate is
compared with the constructive guardrail. It is accepted only if it uses no more nodes and does not lose more than
a configured coverage-margin tolerance.

Algorithm 1 summarizes the process.

4.5. Computational considerations

Graph construction is O(N2) for the direct distance implementation, while a fixed-depth GNN forward pass
is O(|Ec|+ |Eo|). Candidate pruning performs repeated coverage updates and connectivity tests. In the worst
case, repeated graph traversals yield approximately O(KN(|Ec|+M)) for K starts. The local exchange phase is
restricted to small candidate lists, preventing an exhaustive combinatorial search. This design favors deterministic
feasibility and reproducibility over minimum inference latency; spatial indexing and incremental connectivity
structures remain possible optimizations.
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Algorithm 1 DGNSS decoder.

Require: keep scores p, topology, coverage matrix C, previous state, duty history
Ensure: active/sleep vector z(t)

1: compute learned removal priorities
2: generate multi-start pruning and constructive candidates
3: for each candidate do
4: accept a node deletion only if coverage ≥ η and all active nodes reach the sink
5: end for
6: include the energy-aware constructive guardrail
7: select the minimum-cardinality feasible candidate
8: perform feasible two-for-one exchanges
9: perform feasible energy-rotation exchanges

10: if candidate is larger than the guardrail or loses excessive coverage margin then
11: replace candidate by guardrail
12: end if
13: return the verified schedule

5. Experimental methodology

The evaluation protocol is designed to test whether learned ranking and exact constrained decoding improve the
energy–coverage trade-off under reproducible WSN settings. This section specifies the implementation, simulation
regimes, training configuration, baselines, metrics, and OMNeT++ schedule-replay path.

5.1. Implementation and reproducibility

The implementation uses Python, NumPy, pandas, NetworkX, PyTorch, and PyTorch Geometric [36]. GraphSAGE
is the principal encoder; native PyTorch implementations of a graph convolutional network (GCN) and a graph
attention network (GAT) are also provided as dependency-light fallbacks. The experiment pipeline generates
topologies, builds both graphs, constructs oracle labels, trains the model, evaluates baselines and ablations, exports
publication figures and tables, and writes round–node decision files for offline OMNeT++ replay.

For every publication figure, the numerical values are exported to a same-name comma-separated values
(CSV) file. Additional artifacts include training histories, validation predictions, round metrics, node-state time
series, lifetime events, duty-cycle statistics, paired-improvement tables, decoder traces, model metadata, PyTorch
checkpoints, TorchScript models, ONNX models, topology coordinates, graph edges, and artifact manifests.

5.2. Scenarios and hyperparameters

Table 3 reports the two energy-stress scenarios. The initial energies were selected so that node deaths and coverage
degradation occur within a tractable simulation horizon. The scenarios therefore evaluate scheduling quality rather
than representing a specific commercial sensor platform.

The energy parameters common to both scenarios are: packet length 4096 bits, sensing energy 0.0010 J, idle
energy 0.0008 J, reception energy 0.0006 J, sleep energy 0.00008 J, electronic transmission energy 50 nJ/bit,
amplifier energy 100 pJ/bit/m2, and path-loss exponent two.

Additional robustness experiments were run without replacing the primary 50-node and 100-node scenarios. The
trained 50-node and 100-node GraphSAGE checkpoints were re-evaluated on ten independent test topologies using
the same topology-seed sequence extended beyond the original three and two deployments. The robustness runs
report paired t-test and Wilcoxon signed-rank p-values for matched topology seeds. A feature-only multilayer
perceptron (MLP) ranker was trained with the same node features and loss terms, then passed to the same
constrained decoder, to separate the contribution of graph message passing from feature engineering and
deterministic decoding. A limited 50-node loss-weight sensitivity check varied λcov ∈ {0.60, 1.80} and λrank ∈
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Table 3. Experimental settings.

Parameter 50-node scenario 100-node scenario

Deployment area 100× 100 m2 200× 200 m2

Deployment random random
Initial energy 0.28 J 0.35 J
Energy jitter 10% 10%
Sensing radius Rs 18 m 25 m
Communication radius Rc 35 m 55 m
Coverage grid 26× 26 28× 28
Coverage threshold η 0.90 0.92
Training/validation topologies 32/8 20/5
Test topologies 3 2
Simulation rounds 140 160
GraphSAGE hidden dimension 64 80
GraphSAGE layers 3 3
Dropout 0.15 0.15
Training epochs 12 10
Decoder multi-starts 8 8
Re-optimization period 8 rounds 10 rounds

{0.15, 0.45} over five test topologies. A controlled 200-node run used the 100-node area, radii, energy, threshold,
training budget, and horizon while changing only the number of sensors to 200; this run tests computational
feasibility in a denser deployment and is not used to claim broad large-scale generalization.

5.3. Training and optimization details

Table 4 reports the model-training and decoder hyperparameters used in the primary experiments. Both models
were trained with the Adaptive Moment Estimation (Adam) optimizer and gradient-norm clipping. The same
constraint-aware loss structure was used at both scales, while the hidden dimension, number of training topologies,
number of validation topologies, number of epochs, and decoder re-optimization period were adjusted to the
network size. Model selection used the validation F1 score, defined as the harmonic mean of precision and recall.

5.4. Baselines and ablations

The evaluation includes the following baselines:

• Always Active: every alive node remains active.
• Random Sleep: nodes sleep probabilistically, followed by constraint repair.
• Energy Threshold: sufficiently charged nodes are selected, followed by repair.
• Energy-Aware Greedy: nodes are added by uncovered-area gain, energy, and sink distance, followed by

connected-coverage repair.
• Coverage Redundancy: highly redundant nodes are removed while preserving constraints.
• Connected Dominating Set (CDS) Approximation: a connected-dominating-set-inspired score constructs

a communication backbone, followed by coverage repair.
• LEACH-like: energy-biased randomized head selection followed by connected-coverage repair.
• Greedy Oracle: the same connected-cover heuristic used to produce supervised labels, recomputed from the

current state.

The legacy method independently thresholds GNN probabilities and applies the former repair stage. Ablations
remove local exchange search, temporal duty features and energy rotation, or coverage-witness protection. The
no-witness variant is available for the 50-node analysis.
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Table 4. Training and decoder settings.

Parameter 50-node scenario 100-node scenario

Optimizer Adam Adam
Learning rate 1× 10−3 1× 10−3

Weight decay 1× 10−5 1× 10−5

Gradient-norm clipping 5.0 5.0
Training epochs 12 10
Training topologies 32 20
Validation topologies 8 5
Model selection criterion validation F1 score validation F1 score
Graph encoder GraphSAGE GraphSAGE
GraphSAGE layers per branch 3 3
Hidden dimension H 64 80
Dropout probability 0.15 0.15
Output activation sigmoid sigmoid
Coverage-loss weight λcov 1.20 1.20
Active-ratio weight λact 0.10 0.10
Energy-loss weight λeng 0.08 0.08
Switching-loss weight λsw 0.03 0.03
Ranking-loss weight λrank 0.30 0.30
Cardinality-loss weight λcard 0.25 0.25
Positive-class weighting disabled disabled
Decoder multi-starts 8 8
Full re-optimization period 8 rounds 10 rounds
Two-for-one exchange rounds 4 3
Exchange candidate limit 16 14
Energy-rotation candidate limit 16 14
Guardrail coverage-margin tolerance 0.0025 0.0

Two additional structural ablations are included in the robustness runs. The no-communication-graph variant
disables message passing on the radio-reachability graph, while the no-coverage-graph variant disables message
passing on the sensing-overlap graph. The MLP ranker keeps the full feature vector but removes graph convolutions
completely; its output still enters the same connected-cover decoder.

5.5. Evaluation metrics

The reported metrics are mean coverage ratio, mean connectivity ratio, mean active-node ratio, mean packet-
delivery ratio (PDR), energy saving relative to Always Active (AA), first-node-death (FND) round, coverage-
lifetime round, and final alive-node count. Energy saving is

SE = 100
EAA − Emethod

EAA
, (19)

where EAA is the energy consumed by Always Active on the same topology. Coverage lifetime is the first
round for which ρcov < η. The tables report means and 95% confidence intervals when applicable. Because only
three 50-node and two 100-node test topologies are used, confidence intervals describe observed dispersion but
are not treated as conclusive significance tests. For the ten-topology robustness runs, paired tests are computed
from topology-wise differences between DGNSS and each baseline. The paired t-test checks whether the mean
difference is nonzero under an approximately symmetric difference distribution; the Wilcoxon signed-rank test
gives a non-parametric matched-sample check. These tests are reported as supporting evidence rather than as a
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Figure 4. Representative 50-node schedule.

substitute for much larger deployment ensembles. Runtime tables report topology generation, graph construction,
coverage-matrix construction, feature extraction, model inference, decoder time, and total decision time measured
with Python wall-clock timers.

5.6. OMNeT++ schedule replay

The Python pipeline exports schedules with columns round, node id, and state. The OMNeT++ scheduler
reads this file, applies states at fixed round intervals, and records active nodes, sleeping nodes, residual energy, and
packet events. This path verifies schedule serialization and execution. The present OMNeT++ model is intentionally
lightweight and uses simplified direct packet delivery; the main quantitative comparison therefore comes from the
common Python simulator so that every method is evaluated under identical coverage, connectivity, and energy
calculations.

6. Results and discussion

The results are organized from direct behavioral evidence to aggregate comparisons and additional robustness
checks. The first part examines the 50-node schedule and its round-level evolution. The second part compares
50-node and 100-node performance, followed by paired improvements, ablations, sensitivity tests, a controlled
200-node check, and runtime measurements.

6.1. Qualitative connected-cover behavior

Figure 4 shows a representative 50-node active/sleep topology and its schedule over time. The active nodes
form a sparse spatial structure rather than a compact cluster around the sink. The heatmap shows that activation
responsibility rotates among nodes; persistent activations remain for structurally critical regions and forwarding
positions. Green nodes are active and gray nodes sleep in the topology panel, while black heatmap cells denote
active states.

The proposed scheduler uses, on average, only 29.37% of the 50 nodes while maintaining mean coverage 0.9059
and full connectivity. This confirms that the decoder does more than repair arbitrary neural outputs: it constructs a
sparse connected cover from the ranking.
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Figure 5. 50-node comparison.

6.2. Fifty-node comparison

Figure 5 and Table 5 summarize the 50-node results. DGNSS achieves 50.87% energy saving and preserves the
coverage requirement for the full 140-round horizon. The strongest non-neural baseline, Energy-Aware Greedy,
achieves 49.22% energy saving and the same coverage lifetime. DGNSS nevertheless uses 1.07 percentage points
fewer active nodes and delays FND from 118.33 to 122.67 rounds. Figure error bars denote 95% confidence
intervals over three test topologies; Table 5 reports mean values over the corresponding test topologies.

The LEACH-like baseline is competitive in energy saving (47.50%) but reaches FND at round 102.33 and
loses coverage slightly before the horizon. The greedy oracle activates 42.96% of the nodes and saves 31.69%,
indicating that the static oracle used for label generation is not itself an optimal temporal scheduler. This result
is not contradictory: the neural model learns structural preferences from many oracle solutions, while constrained
temporal decoding exploits current energy and duty history.

The legacy independent-threshold decoder demonstrates the importance of the proposed decoding strategy. It
activates 47.73% of nodes, saves only 25.04%, and reaches a coverage lifetime of 95.67 rounds. Always Active
consumes the reference energy and loses coverage at 89.67 rounds because widespread simultaneous activation
accelerates energy depletion.

6.3. Round-level evolution

Figure 6 reports round-level averages for the 50-node scenario over three test topologies. The proposed method
maintains coverage close to the required threshold while operating with a substantially smaller active fraction than
the legacy and Always Active policies. The lower active burden preserves residual energy and delays the decline
in alive nodes. The trajectories also clarify why mean coverage alone is insufficient: methods that initially provide
excessive coverage can deplete the network faster and produce a shorter coverage lifetime.
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Table 5. Main numerical results.

Nodes Method Coverage Connectivity Active ratio PDR Saving (%) FND Coverage life

50 DGNSS 0.9059 1.0000 0.2937 0.9698 50.87 122.67 140.00
50 Energy-Aware Greedy 0.9089 1.0000 0.3044 0.9690 49.22 118.33 140.00
50 LEACH-like 0.9111 1.0000 0.3175 0.9683 47.50 102.33 138.67
50 Greedy Oracle 0.8974 0.9978 0.4296 0.9589 31.69 88.00 123.33
50 Legacy Threshold 0.8759 0.9837 0.4773 0.9411 25.04 86.33 95.67
50 Always Active 0.6676 0.7619 0.6513 0.7088 0.00 82.67 89.67

100 DGNSS 0.9120 1.0000 0.4287 0.9623 24.47 88.00 123.00
100 Energy-Aware Greedy 0.9132 1.0000 0.4467 0.9609 21.45 88.00 122.00
100 LEACH-like 0.9140 1.0000 0.4524 0.9602 20.69 88.00 121.50
100 Greedy Oracle 0.8860 0.9974 0.4853 0.9514 15.61 83.50 107.00
100 Legacy Threshold 0.8426 0.9661 0.4979 0.9194 14.12 83.00 91.00
100 Always Active 0.6105 0.8312 0.5940 0.7663 0.00 82.50 90.50

Figure 6. Round-level trajectories.

6.4. Scalability from 50 to 100 nodes

The 100-node scenario is more demanding because the deployment area grows and the simulation horizon is 160
rounds. DGNSS achieves 24.47% energy saving, compared with 21.45% for Energy-Aware Greedy and 20.69%
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Figure 7. 50- and 100-node comparison.

for LEACH-like. The proposed method reduces the active ratio by 1.80 percentage points relative to Energy-Aware
Greedy and extends coverage lifetime by one round. Its mean connectivity remains one.

Figure 7 shows the scale transition. Energy-saving percentages decline for all sparse schedulers because the
larger deployment requires a greater relay and sensing burden. Nevertheless, DGNSS retains the best energy
saving among the common methods at both scales. The absolute FND advantage over Energy-Aware Greedy is
scale-dependent: it is 4.33 rounds at 50 nodes and zero at 100 nodes. Thus, the evidence supports an improved
energy–coverage trade-off, not uniform superiority in every metric.

6.5. Paired improvement analysis

Table 6 reports paired differences computed on identical topology seeds. DGNSS improves energy saving over
Energy-Aware Greedy on all five test topologies across both scales. At 50 nodes, it also improves FND by 4.33
rounds without reducing coverage lifetime. At 100 nodes, it gains 3.02 percentage points in energy saving and one
coverage-lifetime round, while FND is unchanged.

6.6. Ten-topology robustness and statistical tests

Table 7 reports the extended ten-topology evaluation against Energy-Aware Greedy. The 50-node result remains
positive: DGNSS saves 49.04% energy on average, Energy-Aware Greedy saves 45.54%, and the paired energy-
saving gain is 3.51 percentage points. The Wilcoxon signed-rank test gives p = 0.0488 for the energy-saving gain
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Table 6. Paired gains over Energy-Aware Greedy.

Metric 50 nodes 100 nodes

Energy-saving gain (percentage points) +1.65 +3.02
Energy-saving win rate 3/3 2/2
Active-ratio reduction 0.0107 0.0180
Coverage-lifetime gain (rounds) 0.00 +1.00
FND gain (rounds) +4.33 0.00

Table 7. Ten-topology robustness.

Nodes Topologies DGNSS saving (%) Greedy saving (%) Gain (pp) pE Active reduction Coverage-life gain FND gain

50 10 49.04± 3.99 45.54± 4.80 3.51 0.0488 0.0239 0.70 1.20
100 10 29.68± 9.11 28.41± 8.55 1.27 0.1602 0.0071 -2.10 -3.10

Table 8. Ranker ablation.

Nodes Ranker Coverage Active ratio Saving (%) FND Coverage life

50 Dual-graph GraphSAGE 0.9055 0.3076 49.04 108.70 135.90
50 Feature-only MLP 0.9053 0.3069 49.17 106.70 136.10
100 Dual-graph GraphSAGE 0.9162 0.3952 29.68 96.20 132.40
100 Feature-only MLP 0.9165 0.3907 30.35 98.90 134.80

and p = 0.0488 for the active-ratio reduction. Coverage lifetime is not significantly different because both methods
frequently remain feasible until the end of the 140-round horizon.

At 100 nodes, the extended result is more cautious. DGNSS saves 29.68% energy, compared with 28.41% for
Energy-Aware Greedy, but the paired energy-saving gain of 1.27 percentage points is not statistically significant
(p = 0.1602 by Wilcoxon test). The coverage-lifetime and FND differences also do not support a uniform lifetime
advantage. Therefore, the 100-node evidence should be interpreted as an energy-saving trend with preserved
feasibility, not as a statistically established lifetime improvement. Table 7 reports method means with 95%
confidence intervals; the p-values are paired Wilcoxon signed-rank tests on topology-wise differences.

6.7. Ranker and structural ablations

Table 8 compares the dual-graph GraphSAGE ranker with a feature-only MLP ranker under the same decoder and
topology seeds. The MLP is competitive at both scales. At 50 nodes, the two rankers are nearly indistinguishable
in energy saving and coverage lifetime. At 100 nodes, the MLP obtains slightly higher mean energy saving and
coverage lifetime. This result narrows the architectural claim: the dual-graph encoder is a principled relational
representation, but the present evidence does not prove that GraphSAGE alone is superior to a strong feature-only
ranker. The coverage-aware features and deterministic decoder are major contributors to the final performance.

The single-graph ablations show the same pattern. At 50 nodes, removing the communication graph slightly
increases energy saving but reduces coverage lifetime, while removing the coverage graph produces almost the
same mean energy saving as the full model. At 100 nodes, the no-coverage-graph and no-communication-graph
variants remain close to the full model. These results indicate that the dual-graph design is useful as a physically
interpretable representation, but the current experimental scale is insufficient to isolate a large independent
contribution from either message-passing branch.
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Figure 8. Ablation results.

Table 9. Loss-weight sensitivity.

Variant λcov λrank Coverage Active ratio Saving (%) Coverage life

Coverage low 0.60 0.30 0.9065 0.2897 51.58 140.00
Coverage high 1.80 0.30 0.9063 0.2888 51.74 140.00
Rank low 1.20 0.15 0.9064 0.2899 51.56 140.00
Rank high 1.20 0.45 0.9059 0.2882 51.82 140.00

6.8. Ablation study

Figure 8 compares the complete method with the legacy threshold decoder, removal of local search, and removal of
temporal mechanisms. The threshold decoder is consistently weakest, confirming that independent node decisions
followed by repair are unsuitable for this constrained subset problem. At 100 nodes, removing local search lowers
energy saving from 24.47% to 22.90%, and removing temporal features and rotation lowers it to 19.88% while
reducing coverage lifetime from 123 to 113.5 rounds.

The 50-node no-witness variant saves 51.03%, slightly more than the complete method, but its FND is 115.67
rather than 122.67 rounds. Witness protection therefore trades a very small amount of immediate energy saving for
a more robust distribution of critical sensing responsibility. This is an example of why energy saving should not be
optimized in isolation.

6.9. Loss-weight sensitivity

Table 9 reports a limited sensitivity check for the two loss weights most directly tied to feasibility and ranking.
The variants use five 50-node test topologies and a shorter eight-epoch training budget, so the table is a robustness
check rather than a full hyperparameter search. Across the tested values, energy saving remains between 51.56%
and 51.82%, mean coverage remains above 0.9059, connectivity remains one, and coverage lifetime remains the
full 140 rounds. The exact Wilcoxon p-value for the energy-saving gain over Energy-Aware Greedy is 0.0625 in all
four variants, which is the smallest attainable two-sided value for five nonzero matched differences. These results
do not identify an optimal loss setting, but they show no brittle collapse under the tested perturbations.
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Table 10. Controlled 200-node check.

Method Coverage Connectivity Active ratio Saving (%) FND Coverage life

DGNSS 0.9237 1.0000 0.1382 71.29 138.67 160.00
No local search 0.9238 1.0000 0.1384 71.26 138.67 160.00
No temporal 0.9254 1.0000 0.1388 71.17 124.00 160.00
Energy-Aware Greedy 0.9255 1.0000 0.1408 70.86 150.33 160.00
Always Active 0.6212 0.8083 0.5852 0.00 82.33 92.00

Table 11. Per-round runtime.

Scenario Feature extraction Model inference Decoder Total decision

50-node GraphSAGE 0.0054 0.0019 0.0203 0.0276
100-node GraphSAGE 0.0178 0.0026 0.0836 0.1040
100-node MLP 0.0184 0.0004 0.0827 0.1016
200-node GraphSAGE 0.0699 0.0045 0.0737 0.1481

6.10. Controlled 200-node scale check

Table 10 gives a controlled 200-node check using the 100-node area, sensing radius, communication radius, energy,
threshold, and horizon. This denser setting is easier for coverage and relay redundancy than the field-expansion
setting from 50 to 100 nodes, so it should not be read as a general 200-node benchmark. It does show that the
centralized decoder remains computationally feasible and can preserve coverage for all 160 rounds. DGNSS saves
71.29% energy with mean active ratio 0.1382, while Energy-Aware Greedy saves 70.86% with mean active ratio
0.1408. Energy saving is slightly higher for DGNSS, but Energy-Aware Greedy has a later FND in this dense case.
Values are means over three test topologies.

6.11. Runtime profile

Table 11 reports wall-clock timing from the Python implementation. The total DGNSS decision time is 0.0276 s
per round at 50 nodes, 0.1040 s at 100 nodes, and 0.1481 s at 200 nodes. The decoder and feature construction
dominate runtime; model inference is much smaller, ranging from 0.0019 s to 0.0045 s for the GraphSAGE ranker.
The MLP inference time is lower, but total time changes little because the same exact decoder is used. These
timings support offline or centralized planning at the tested scales, while large-scale distributed deployment would
require incremental graph maintenance, spatial indexing, or decentralized approximations.

Five observations emerge from the full set of experiments. First, the ranker and decoder serve different roles. The
ranker provides topology- and state-dependent priorities, while exact decoding ensures that those priorities become
an executable connected cover. The MLP ablation shows that the current evidence supports the hybrid ranking–
decoding design more strongly than it supports a claim of GraphSAGE superiority. Second, minimum cardinality is
not sufficient for long-term performance. Temporal rotation and witness protection determine whether repeatedly
selected critical nodes die early. Third, a guardrail is valuable in learned combinatorial optimization. Including a
strong constructive candidate makes the learned method a safe-improvement system: the model must improve or
match an already competitive feasible solution. Fourth, the 50-node energy-saving gain over Energy-Aware Greedy
is supported by the ten-topology paired tests, while the 100-node extension shows a smaller non-significant trend.
Fifth, centralized exact decoding remains practical at the tested scales but is the dominant runtime component.

The results also explain the weak performance of Always Active. Activating every available node maximizes
instantaneous redundancy but accelerates energy consumption. Once many nodes die, both coverage and
connectivity decline. A sparse but carefully constructed active set preserves the ability to monitor and relay for
longer.
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7. Limitations and threats to validity

The evaluation has several limitations. First, the main comparison table uses three independent 50-node test
topologies and two independent 100-node test topologies. The added robustness runs increase this to ten topologies
at each scale for selected comparisons, but ten deployments are still not enough to characterize all random
WSN geometries. The statistical tests therefore support the specific configured regimes rather than a universal
performance claim.

Second, the packet-delivery model is an analytical proxy based on sink reachability and residual energy. It does
not model interference, contention, retransmissions, fading, queueing, or protocol-specific medium access control
(MAC) behavior. The OMNeT++ component currently validates offline schedule replay with a simplified packet
path. A full radio, MAC, routing, and channel model is required before making claims about deployment-level
throughput and latency.

Third, coverage is evaluated on a finite regular grid under a binary disk-sensing model. Probabilistic sensing,
obstacles, directional sensors, target coverage, and heterogeneous sensing radii are outside the present scope.
Fourth, all nodes are static and the sink is fixed. Mobility and topology uncertainty could require online graph
updates and uncertainty-aware decoding.

Fifth, the 50-node and 100-node energy-stress configurations use different areas, radii, initial energies, training-
set sizes, and horizons. They are intended as two reproducible operating regimes rather than a controlled single-
factor scaling experiment. The controlled 200-node check isolates node-count growth only in a denser setting; it
does not replace large-scale tests over sparse 500-node or 1000-node deployments. The MLP ablation also shows
that feature design and deterministic decoding explain much of the measured performance, so larger experiments
are needed before assigning the gains specifically to graph message passing. Finally, the decoder is centralized and
performs repeated exact checks. Distributed approximation and latency profiling are important future work.

8. Conclusion

DGNSS was developed as a dual-graph neural sleep scheduler that preserves sensing coverage and sink
connectivity through deterministic constrained decoding. Communication and coverage-overlap graphs are
encoded separately, fused through learned gates, and combined with structural, energy, witness, and temporal
features. The neural network supplies node keep scores, while multi-start pruning, constructive candidates, local
exchanges, energy rotation, and a safe-improvement guardrail produce an executable active set.

The method corrected the central failure of independent thresholding, which tended to keep most nodes active.
In the reproduced 50-node scenario, DGNSS achieved 50.87% energy saving, maintained coverage for all 140
rounds, and delayed first-node death by 4.33 rounds relative to Energy-Aware Greedy. In the 100-node scenario,
it achieved 24.47% energy saving and extended coverage lifetime by one round relative to the same baseline.
Ablations confirmed the importance of constrained decoding, local exchanges, and temporal energy mechanisms.
Additional ten-topology runs support the 50-node energy-saving gain statistically, but show that the 100-node
advantage over Energy-Aware Greedy is smaller and not statistically significant. The feature-only MLP ranker is
competitive with the dual-graph GraphSAGE ranker, so the strongest conclusion is that coverage-aware ranking
plus deterministic connected-cover decoding is effective; the independent value of graph message passing needs
larger and more diverse experiments.

Future work will investigate larger ensembles of random deployments, probabilistic sensing and channel models,
distributed decoding, heterogeneous nodes, mobile sinks, online adaptation, and detailed OMNeT++ or hardware-
in-the-loop validation. An additional direction is to train the ranking model directly against decoder-level lifetime
outcomes while retaining the deterministic feasibility guardrail.
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