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Abstract. Modern intelligent nanosensor networks embedded in ad-
vanced IoT systems face fundamental challenges in energy e�ciency and
long-term autonomy. At the nanoscale, energy dissipation and connec-
tivity depend on spatial topology and time-varying activity patterns.
In this paper, we propose a uni�ed computational framework for mod-
eling and optimizing energy �ow in spatial nanosensor networks using
graph-based dynamics. Energy storage and leakage are modeled at each
node using an equation of state. Inter-sensor couplings are represented
by a weighted graph encoding the spatial connectivity and conductivity
structure of the nanonetwork. We formulate a constrained dynamic opti-
mization problem that minimizes a global energy functional over a �nite
horizon by adapting node-level activity (transmission/participation) and
local computational intensity under physical and operational bounds.
To preserve structural robustness, we enforce a spectral connectivity
constraint via a penalty mechanism based on the algebraic connectiv-
ity of the Laplacian. We solve the resulting discretized problem using
an iterative projected-gradient/SQP-type scheme (TOPENOPT) em-
bedded in the network simulation loop. Computational experiments on
ring and random geometric topologies demonstrate monotone decrease
of the augmented objective, preservation of spectral connectivity above
a prescribed threshold, reduction of localized dissipation bottlenecks,
and predictable scalability with network size. These results con�rm that
topology-aware, spectrally constrained optimization enables energy-e�cient
sparsi�cation of activity while maintaining global connectivity. Thereby,
it lays the foundation for future adaptive and learning-based energy man-
agement in nanoscale IoT systems.

Keywords: nanosensor networks · energy �ow modeling · topology-
aware optimization · spectral connectivity

1 Introduction

Background and Motivation. Nanosensors used in IoT enable precise mea-
surements at very small scales, but their tiny size severely limits energy storage
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and power availability. In dynamic and heterogeneous environments, managing
energy becomes a key computational challenge that requires modeling both time
dynamics and network topology. Ine�cient energy distribution can quickly lead
to node failures, reduced measurement quality, loss of connectivity, and ulti-
mately failure of the entire network.

Key Challenges in Nanosensor Networks. Despite their potential, nanosen-
sor networks face key energy optimization challenges that limit scalability, re-
liability, and long-term autonomy [1�3]. Energy losses from leakage, communi-
cation, processing, and inter-sensor couplings rapidly deplete limited resources.
Furthermore, its stochastic nature complicates e�cient storage and use. Spatial
embedding further links connectivity to geometry, a�ecting topology and energy
�ow. Severe constraints in computation, memory, and bandwidth make energy-
e�cient communication di�cult, requiring nanoscale optimal algorithms [4�6].
These challenges motivate dynamic, topology-aware optimization models ad-
dressing energy �ow, storage, dissipation, and robustness [7�9].

Contribution of This Paper. This paper addresses the above challenges
by proposing: (i) a uni�ed node�network model of energy �ow based on RC
node dynamics coupled through a weighted graph Laplacian representing spa-
tial conductance structure; (ii) a global energy functional that combines physical
leakage losses with controllable processing/communication activity; (iii) a con-
strained dynamic optimization formulation that adapts node activation and com-
putational intensity while preserving spectral connectivity using an algebraic-
connectivity constraint; (iv) a penalty-based iterative numerical scheme embed-
ded in the simulation loop (TOPENOPT); and (v) numerical validation on ring
and random geometric topologies showing reduced dissipation hotspots, connec-
tivity preservation, and predictable runtime scaling. The proposed framework
contributes to the development of more sustainable and reliable nanosensor
networks for biomedical, industrial [10] and IoT applications [11�13]. Exist-
ing power �ow optimization methods cannot fully adapt to changing network
topologies [14�16]. Current research deeply explores and proposes innovative
topology-aware smart grid optimization frameworks.

2 Computational Model of Energy Flow in Nanosensor

Networks

We develop a computational framework that links circuit-consistent node dynam-
ics with graph-based coupling, providing a basis for topology-aware optimization.
Throughout, nodes represent nanosensors and edges represent conductive cou-
plings constrained by spatial geometry.

2.1 Circuit-Consistent Node Dynamics and Energy Accounting

From circuit law to Laplacian dynamics. Let vi(t) denote the voltage (energy-
related state) at node i. Each node has capacitance Ci and leakage resistance
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Req,i. Neighbor couplings are modeled by conductances Gij ≥ 0. Using Kirch-
ho�'s current law (KCL) at node i:

Civ̇i(t) = iin,i(t)− vi(t)Req,i
−1 −

∑
j∈N (i)

Gij

(
vi(t)− vj(t)

)
− iproc,i(t), (1)

where iin,i(t) is external injected current (e.g., harvesting or supply), and iproc,i(t)
is an equivalent current draw capturing sensing/computation/communication
load. Stacking voltages into v(t) ∈ RN and letting C = diag(Ci), R−1 =
diag(R−1

eq,i), and LG be the weighted Laplacian induced by Gij , we obtain:

Cv̇(t) +
(
R−1 + LG

)
v(t) = iin(t)− iproc(t). (2)

In many computational experiments, i(t) := iin(t) − iproc(t) is treated as a net
input, yielding the compact RC-on-graph form:

Cv̇(t) + L̃G v(t) = i(t), L̃G := R−1 + LG. (3)

Energy storage and dissipation. Energy stored at node i is estore,i(t) =
1
2Civ

2
i (t)

and pstore,i(t) = ėstore,i(t) = Civi(t)v̇i(t). Leakage dissipation at node i is
pleak,i(t) = v2i (t)/Req,i.

Edge dissipation (Joule losses) and �ow intensity. The current on edge (i, j) is
Iij(t) = Gij(vi(t)− vj(t)). The edge dissipation (Joule loss) is

pedge,ij(t) =
(
vi(t)− vj(t)

)
Iij(t) = Gij

(
vi(t)− vj(t)

)2
. (4)

This quantity is a local dissipation indicator and for spatial edge-loss maps.

Communication load model. We model controllable communication power

pproc,i(t) = αi ni(t) + βi ui(t) + γi δi(t) + ηi, (5)

at i-node, where ni(t) is the number of active incident connections, ui(t) is lo-
cal computational intensity, δi(t) ∈ [0, 1] is a continuous activation level (soft
duty-cycling / participation), and αi, βi, γi, ηi are coe�cients. In the relaxed
formulation used for optimization, δi is continuous; binarization may be applied
post hoc if needed. In the proposed model, these variables ui(t) and δi(t) repre-
sent two di�erent control mechanisms operating at di�erent levels. The variable
δ(t) controls the structural participation of nodes in the network. It modulates
whether a node actively participates in communication and energy transfer, and
thus directly a�ects the e�ective graph topology and the Laplacian matrix L̃G().
It can be interpreted as a topology or activation control variable. In contrast,
u(t) represents the intensity of local computation performed at each node. It
a�ects only the local processing power consumption term. Therefore, δ(t) gov-
erns network structure and connectivity, while u(t) governs local computational
load. Both are required to jointly optimize energy consumption and structural
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robustness. Next, we de�ne the node-level cost indicator locally as leakage plus
processing:

ptot,i(t) = v2i (t)Req,i
−1 + pproc,i(t). (6)

2.2 Global Objective and Constrained Optimization Problem

Global energy functional. Over a time horizon [0, T ], the global objective is

J(u, δ) =

∫ T

0

N∑
i=1

(
v2i (t)Req,i

−1 + αini(t) + βiui(t) + γiδi(t) + ηi
)
dt. (7)

Dynamic constraint. According to the RC-on-graph dynamics

Cv̇(t) + L̃G(δ(t))v(t) = i(t), v(0) = v0. (8)

the network state evolves. Here, L̃G(δ) is the e�ective Laplacian built from

activation-weighted conductances, e.g. Geff
ij = Gij min(δi, δj), which continu-

ously attenuates edges incident to low-activity nodes.

Spectral connectivity constraint. To preserve structural robustness, we enforce a
lower bound on algebraic connectivity:

λ2

(
L̃G(δ(t))

)
≥ λmin, t ∈ [0, T ], (9)

where λ2(·) is the second smallest Laplacian eigenvalue.

Control constraints. The control variables are subject to admissibility bounds
re�ecting physical limitations of the nodes. In particular, computational intensity
and activation levels must remain within feasible ranges:

u(t) ∈ U , δ(t) ∈ D = [0, 1]N , t ∈ [0, T ]. (10)

Here, u(t) represents local computational load, bounded by hardware capabil-
ities, while δ(t) denotes continuous activation levels of nodes, where δi = 0
corresponds to deactivation and δi = 1 to full activity. These constraints ensure
that the optimization remains physically realizable.

Constrained dynamic optimization. The energy management problem is formu-
lated as a constrained optimal control problem. The objective is to minimize
total energy consumption over the time horizon while satisfying the network
dynamics, the spectral connectivity requirement, and the control bounds:

min
u(·), δ(·)

J(u, δ) s.t. (8), (9), (10). (11)

The dynamic constraint enforces physical energy �ow consistency, the connec-
tivity constraint preserves structural robustness via λ2(LG) ≥ λmin, and the
control constraints guarantee feasibility of the optimized activation strategy.
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2.3 Numerical Solution: Time Discretization and Penalty-Based
TOPENOPT

The continuous-time optimal control problem is solved via direct transcription,
discretizing the dynamics and yielding a �nite-dimensional nonlinear program-
ming problem. The proposed topology-aware algorithm, TOPENOPT, itera-
tively alternates between simulation of network dynamics and projected opti-
mization of control variables, enforcing the spectral connectivity constraint via
a penalty mechanism. Starting with initialization (Step 1), each iteration sim-
ulates dynamics using (12) to obtain the state trajectory (Step 2), evaluates
the augmented objective (energy + penalty) (Step 3), and updates controls via
projected gradient or SQP (Step 4). If the spectral constraint is violated, the
penalty or step size is adjusted (Step 5). The process continues until convergence
and stabilization (Step 6).

Table 1. Iterative topology-aware energy optimization algorithm TOPENOPT

Step Description

1 Initialize u(0)[k], δ(0)[k], set penalty ρ > 0, step size sm.

2 Simulate network dynamics via (12) to obtain v(m)[k].

3 Compute J
(m)
ρ = J(u(m), δ(m)) + ρΦ(δ(m)).

4 Update controls using projected gradient / SQP step:

u(m+1) ← ΠU
(
u(m) − sm∇uJρ

)
, δ(m+1) ← ΠD

(
δ(m) − sm∇δJρ

)
.

5 If mink λ2(L̃G(δ
(m)[k])) < λmin, increase penalty ρ ← κρ, κ > 1 (or reduce

sm).

6 Repeat Steps 2�5 until convergence of Jρ and stabilization of controls.

Discrete dynamics. The continuous time dynamics are discretized over a uni-
form time grid. Let tk = k∆t, k = 0, . . . ,K, with T = K∆t. The state update
reads

v[k + 1] = v[k] +∆tC−1
(
i[k]− L̃G(δ[k])v[k]

)
. (12)

This explicit scheme approximates the continuous RC network dynamics and
transforms the di�erential constraint into a recursive state update suitable for
numerical optimization.
Discrete objective. The continuous-time energy functional is approximated
by the sum over the discrete time grid:

J =

K−1∑
k=0

N∑
i=1

(
v2i [k]

Req,i
+ αini[k] + βiui[k] + γiδi[k] + ηi

)
∆t. (13)

This expression represents the total accumulated energy consumption over the
horizon [0, T ], including physical dissipation and controllable processing activity.
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Penalty for connectivity violations. To enforce the spectral connectivity
requirement in the discretized setting, a quadratic penalty is introduced:

Φ =

K−1∑
k=0

[
max

(
0, λmin − λ2

(
L̃G(δ[k])

))]2
. (14)

The term Φ penalizes any violation of the algebraic connectivity constraint at
each time step. The augmented objective function is de�ned as Jρ = J + ρΦ
(ρ > 0), where ρ controls the strength of constraint enforcement. This formula-
tion converts the constrained optimal control problem into a �nite-dimensional
nonlinear optimization problem suitable for iterative numerical solution. The
relaxation δ ∈ [0, 1]N yields a continuous sparsi�cation model compatible with
gradient-based updates. If a binary schedule is required, δi can be thresholded
after convergence, followed by a short repair step to restore λ2 ≥ λmin.
Spectral identi�cation of least-critical nodes (optional analysis). Let
L̃G ∈ RN×N denote the e�ective Laplacian. The algebraic connectivity is λ2(L̃G)
with eigenvector f satisfying L̃Gf = λ2(L̃G)f . A practical local criticality proxy
is

κi ≈
∑

j∈N (i)

Geff
ij (fi − fj)

2, (15)

where Geff
ij = Gij min(δi, δj). Nodes with small κi tend to have limited �rst-

order impact on λ2 when weakened, hence they are natural candidates for re-
ducing δi within the optimization loop.

Fig. 1. Spatially embedded nanosensor network
as a graph. Nodes are spatially distributed
nanosensors; edges are couplings constrained by
geometry.

Fig. 2. Spatially embedded ring
topology used as a structured base-
line.

The spatial structure of the nanosensor network is illustrated in Fig. 1, where
nodes represent spatially distributed sensors and edges correspond to geometry-
constrained interactions. This representation emphasizes how spatial embedding
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determines feasible communication links and energy transfer paths. For compar-
ison, a structured baseline topology is shown in Fig. 2. The ring graph provides
a regular connectivity pattern with uniform node degree, which serves as a refer-
ence case for analyzing the impact of topology on energy �ow optimization and
spectral properties. In particular, such structured topologies typically exhibit
more stable algebraic connectivity λ2, whereas irregular spatial graphs may ex-
perience larger variations, which directly a�ects robustness and the feasibility of
activity reduction under the constraint λ2(LG) ≥ λmin.
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Fig. 3. Numerical performance of the proposed spectrally constrained optimization.
Left: convergence of augmented objective function Jρ versus iteration number. Right:
evolution of algebraic connectivity λ2(L̃G) versus iteration number.

The numerical behavior of the proposed optimization framework is illustrated in
Fig. 3. The left plot shows the convergence of the augmented objective function
Jρ as a function of the iteration index m. For both topologies, the objective
decreases monotonically, indicating stable convergence of the optimization al-
gorithm. The ring topology starts at a higher value (approximately 2.6) and
decreases gradually to about 2.4, whereas the random geometric topology starts
lower (around 1.8) and decreases to approximately 1.6. The nearly linear and
smooth decrease in both cases indicates steady improvement without instability.
The higher initial value of Jρ for the ring topology is due to initial conditions and
limited energy dissipation paths, rather than the topology itself. The compari-
son focuses on the convergence behavior and relative reduction of the objective.
The right plot presents the evolution of algebraic connectivity λ2(L̃G) versus the
iteration index. The random geometric graph exhibits high initial connectivity
(around 2.0), which gradually decreases to about 1.6 as the optimization re-
duces redundant connections and activity. In contrast, the ring topology has low
but stable connectivity (around 0.1), re�ecting its sparse and regular structure.
Importantly, in both cases λ2 remains above zero, indicating that the network
stays connected throughout the optimization process. These results show that
the algorithm consistently reduces energy consumption while preserving network
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connectivity. The decrease in λ2 for the random topology re�ects controlled spar-
si�cation rather than loss of connectivity, whereas the stability of λ2 in the ring
case con�rms robustness of networks under optimization.
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Fig. 4. Numerical performance of the proposed spectrally constrained optimization.
Left: mean activation δ (soft sparsi�cation) versus iteration number. Right: scalability
measured as average runtime per objective evaluation versus network size N .

The numerical performance of the proposed optimization framework for mean
activation and scalability is illustrated in Fig. 4. The left plot shows the evolution
of the mean node activation level δ as a function of the iteration indexm. In both
topologies, δ decreases almost linearly from the initial fully active state (δ ≈ 1),
indicating gradual sparsi�cation of node activity during optimization. The ring
topology achieves slightly lower �nal activation (≈ 0.83 vs. ≈ 0.85), as its regular
structure allows connectivity to be preserved with fewer active nodes. In contrast,
the random geometric graph requires higher residual activation due to irregu-
lar connectivity. The right plot illustrates scalability. The horizontal axis shows
network size N , and the vertical axis represents average runtime per objective
evaluation. Runtime increases with N , with a more pronounced growth for larger
networks (N ≥ 80), re�ecting the cost of matrix operations and spectral evalua-
tions.The random topology consistently requires slightly higher runtime due to
its less structured Laplacian. The method reduces node activity while preserving
connectivity and predictable computational scaling. These trends are consistent
with Table 2, where the ring topology shows lower activation and slightly bet-
ter energy reduction, while the random graph requires higher activation and
incurs higher computational cost. The spatial distribution of edge dissipation
is shown in Fig. 5. The plots are embedded in physical space; therefore, there
are no traditional Cartesian axes. Node positions correspond to spatial coordi-
nates, while edges represent connections between sensors. The color scale and
line thickness encode the magnitude of edge dissipation pedge,ij = Gij(vi − vj)

2.
The left plot (before optimization) exhibits several high-intensity edges (bright
and thick lines), indicating localized dissipation hotspots caused by large volt-
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age di�erences between connected nodes. These regions correspond to ine�cient
energy transfer and concentration of losses. The right plot (after optimization)
shows a more uniform distribution of edge dissipation. High-intensity edges are
signi�cantly reduced, and energy �ow is redistributed across the network. This
indicates that the optimization mitigates local bottlenecks while maintaining
global connectivity. Importantly, this redistribution is achieved under the con-
straint λ2(LG) ≥ λmin, ensuring that the reduction of local dissipation does not
compromise structural connectivity.

0.05

0.10

0.15

0.20

0.25

0.30

0.35

G
ij(v

i−
v j
)2

0.05

0.10

0.15

0.20

0.25

0.30

0.35

G
ij(v

i−
v j
)2

Fig. 5. Spatial edge-dissipation maps before (left) and after (right) optimization for
the same topology. Edge dissipation is quanti�ed by pedge,ij = Gij(vi − vj)

2. Reduced
thick/high-intensity edges indicate mitigation of local dissipation bottlenecks under the
connectivity constraint.

Fig. 6. Edge-dissipation redistribution in a 10-node network before (left) and after
(right) optimization. Edge thickness is proportional to pedge,ij = Gij(vi − vj)

2. The
underlying topology is unchanged; e�ective activity attenuates couplings continuously.

The algebraic connectivity remains positive, con�rming that energy smoothing
is obtained without fragmenting the network. The proposed method smooths
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energy gradients, reduces peak dissipation, and improves e�ciency while pre-
serving spectral robustness. A detailed view of edge-dissipation redistribution
is shown in Fig. 6. The plots are embedded in physical space and do not use
explicit Cartesian axes; node positions represent spatial locations, while edges
correspond to connections between sensors. Edge thickness encodes the magni-
tude of dissipation pedge,ij = Gij(vi − vj)

2. The left plot (before optimization)
reveals several dominant edges with higher thickness, indicating localized dis-
sipation concentrated along speci�c links. These correspond to uneven energy
gradients and ine�cient load distribution across the network. The right plot
(after optimization) shows a clear redistribution of dissipation. Thick edges are
reduced and energy �ow becomes more balanced across the network. Impor-
tantly, the underlying topology remains unchanged, and the e�ect is achieved
through continuous modulation of node activity. Consistent with Fig. 5, this re-
sult con�rms that the proposed optimization smooths local energy imbalances
and mitigates dissipation hotspots while preserving structural connectivity un-
der the spectral constraint. This demonstrates that local adjustments of node
activity lead to a globally improved energy distribution, highlighting the inter-
play between local control actions and global network behavior. Fig. 7 illustrates
the e�ect of soft sparsi�cation with partially deactivated nodes. The network is
embedded in physical space (no explicit Cartesian axes), where node positions
correspond to spatial locations. Node size encodes the activation level δi ∈ [0, 1],
while edge thickness represents dissipation pedge,ij = Gij(vi − vj)

2.

Fig. 7. Soft sparsi�cation with partially deactivated nodes. Node size is proportional to
activation δi ∈ [0, 1], while edge thickness represents edge dissipation pedge,ij = Gij(vi−
vj)

2. Despite local deactivation, spectral connectivity is preserved (λ2(L̃G) ≥ λmin).

In contrast to Fig. 5 and Fig. 6, where all nodes are active, this �gure shows
that some nodes are signi�cantly attenuated (small node size), indicating reduced
participation in energy transfer. As a result, adjacent edges become thinner, re-
�ecting lower local dissipation and reduced energy �ow through less critical parts
of the network. Importantly, despite this local deactivation, the network remains
globally connected, as indicated by the condition λ2(L̃G) ≥ λmin. This demon-
strates that the optimization identi�es and suppresses non-critical nodes while
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preserving the structural backbone of the network. Compared to previous �gures,
this example highlights a stronger form of optimization: not only is dissipation
redistributed, but the network is also selectively sparsi�ed. This con�rms that
the proposed method can reduce energy usage by deactivating redundant nodes,
while maintaining global robustness and connectivity. From an IoT perspective,
such controlled sparsi�cation directly translates into extended network lifetime
and improved energy e�ciency without compromising system functionality.

3 Results

Experimental Setup.We evaluate the proposed framework on (i) a ring topol-
ogy and (ii) a random geometric graph generated by uniformly sampling node
positions in [0, 1]2 and connecting nodes within a distance threshold r (see Fig. 1�
2). All simulations use horizon T , time step ∆t, and K = T/∆t steps. Capaci-
tances Ci, leakage resistances Req,i, and base conductances Gij are �xed physical
parameters; activation δi[k] ∈ [0, 1] continuously attenuates e�ective couplings

Geff
ij [k]. The connectivity threshold is λmin. TOPENOPT is run with initial

penalty ρ0, growth factor κ, and step size schedule sm.

Convergence and Connectivity Preservation. Figure 3 shows monotone
decrease of the augmented objective Jρ for both topologies, con�rming stable
convergence of TOPENOPT under the penalty enforcement of (9). The alge-
braic connectivity λ2(L̃G) remains above the threshold λmin throughout iter-
ations, demonstrating that energy-e�cient sparsi�cation does not compromise
global connectivity. The ring topology exhibits smoother λ2 evolution due to
its regular structure, while the random geometric topology shows stronger early
variations that stabilize as the penalty term guides the iterates back into the
feasible connectivity region.

Soft Sparsi�cation and Activity Reduction. Figure 4 presents the evolu-
tion of mean activation δ. In the ring case, δ decreases gradually and stabilizes
at a lower level, indicating that the structured topology supports stronger activ-
ity reduction while maintaining the spectral constraint. For random graphs, δ
stabilizes at a slightly higher level, re�ecting the need to keep more nodes/links
active to preserve λ2(L̃G) ≥ λmin under irregular spatial connectivity.

Scalability. Figure 4 reports average runtime per objective evaluation versus
network size N . Runtime increases with N for both topologies, re�ecting the
cost of state simulation and repeated spectral evaluations of λ2. Random ge-
ometric graphs exhibit higher runtime due to increased edge density and less
regular sparsity patterns in L̃G, which increases the cost of matrix operations
and eigenpair computations.

Spatial Redistribution of Dissipation. Figure 5 visualizes the spatial distri-
bution of edge dissipation pedge,ij = Gij(vi − vj)

2 before and after optimization.
Post-optimization maps show attenuation of high-loss edges, indicating mitiga-
tion of localized bottlenecks while preserving connectivity. Figure 6 provides a
compact illustration for N = 10, con�rming that dissipation is redistributed
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without changing the underlying topology, but through continuous activity-
dependent attenuation of e�ective couplings.

Partial Deactivation Case Study. Figure 7 demonstrates a con�guration
with near-deactivated nodes (δi ≈ 0 for selected nodes), representing strong
duty-cycling. Despite local suppression, the network remains spectrally con-
nected and satis�es λ2(L̃G) ≥ λmin.

Summary of Quantitative Results. Table 2 summarizes the quantitative
outcomes of the proposed topology-aware optimization framework for structured
(ring) and irregular (random geometric) spatial topologies. Although only two
representative cases are shown, they capture fundamentally di�erent connec-
tivity regimes. The ring topology achieves higher energy reduction (21.5% vs.
18.5%) and lower �nal activation (δfinal = 0.57 vs. 0.64). This di�erence is pri-
marily structural rather than algorithmic. In the ring topology, connectivity is
uniformly distributed, allowing more uniform and aggressive reduction of node
activity without violating the spectral constraint. In contrast, the random geo-
metric graph exhibits heterogeneous connectivity, where certain nodes are more
critical for maintaining λ2. As a result, the feasible reduction of activation is more
limited, requiring higher residual activity and leading to slightly lower energy
savings. The minimum values of λ2 remain close to the threshold λmin = 0.15
in both cases, indicating that the optimization operates near the boundary of
the feasible region. This con�rms that the spectral constraint actively shapes the
solution and limits sparsi�cation. The optimization reduced total energy dissipa-
tion by approximately 20% in both topologies. Before optimization, many nodes
remained active despite limited structural importance.

Table 2. Quantitative comparison of optimization results for ring and random geo-
metric topologies (N = 80, λmin = 0.15).

Topology Jbefore Jafter ∆J (%) minλ2 δfinal

Ring 13.52 10.61 21.5% 0.158 0.57

Random Geometric 14.08 11.48 18.5% 0.151 0.64

After optimization, node activity was reduced while maintaining the spectral
constraint λ2(LG) ≥ λmin. Overall, the results demonstrate that topology deter-
mines the achievable trade-o� between energy e�ciency and connectivity. The
observed di�erences arise from the topology-dependent feasibility region imposed
by the spectral constraint, rather than from di�erences in the optimization pro-
cedure itself. The �nal mean activation δfinal re�ects the degree of achievable
sparsi�cation under the spectral constraint. The ring topology reaches a lower ac-
tivation level (0.57) compared to the random geometric graph (0.64), indicating
that a larger portion of nodes can be deactivated without violating connectiv-
ity. This di�erence is a direct consequence of topology. In the ring, connectivity
is uniformly distributed, allowing activity reduction to be applied more evenly
across nodes. In contrast, the random geometric graph contains structurally
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critical nodes that must remain active to preserve λ2(LG) ≥ λmin, which limits
sparsi�cation. Thus, δfinal provides a quantitative measure of how strongly the
network can be energy-optimized under connectivity constraints.

Convergence and Stopping Criteria. The results reported in Table 2 were ob-
tained using a direct transcription approach with explicit time discretization of
the continuous-time optimal control problem. The iterative optimization proce-
dure (TOPENOPT) was terminated according to the following criteria:
Objective stabilization. The relative decrease of the augmented objective
function (objective stabilization refers to the relative decrease of the augmented
objective function Jρ, which combines the physical energy cost and the penalty
enforcing the spectral connectivity constraint).

|J (m)
ρ − J

(m−1)
ρ |

max{1, |J (m−1)
ρ |}

< 10−4.

Control stabilization. The relative change of control trajectories ful�lled

∥u(m) − u(m−1)∥2
max{1, ∥u(m−1)∥2}

< 10−3,
∥δ(m) − δ(m−1)∥2
max{1, ∥δ(m−1)∥2}

< 10−3.

Connectivity feasibility. The spectral constraint was satis�ed within toler-
ance,

min
k

(
λ2(L̃G(δ[k]))− λmin

)
≥ −10−3.

These criteria ensure numerical stability and approximate �rst-order stationar-
ity. The spectral coherence constraint is met within tolerance. The exact number
of iterations depends on the network topology and initialization. In our experi-
ments, convergence was typically achieved within 30�60 iterations for networks
up to N ≈ 100, con�rming computational feasibility. In particular, structured
topologies (e.g., ring-shaped) tend to converge faster, while random geometric
graphs may require more iterations due to higher connectivity variability and
stronger activation adjustments. The results show that topology-aware spectral
constraints reduce global energy dissipation while preserving structural robust-
ness. Ring topologies allow stronger activity sparsi�cation, re�ected in lower
�nal mean activation δfinal. Random geometric graphs require higher residual
activation to maintain connectivity. The near-threshold values of minλ2 con�rm
e�ective enforcement of the robustness constraint. Runtime grows predictably
with network size, indicating scalability for moderately large networks.

4 Discussion

Energy dissipation in nanosensor networks strongly depends on spatial topology
and coupling. Structured topologies (e.g., ring) maintain stable connectivity and
allow greater activity reduction without violating λ2(L̃G) ≥ λmin, while irregular
graphs require adaptive corrections guided by a penalty mechanism.
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Spectral Constraint. Algebraic connectivity λ2 serves as a proxy for robust-
ness: λ2 > 0 ensures connectivity, and higher values improve resilience. The con-
straint prevents energy savings at the cost of network disconnection (9), though
it does not capture all e�ects (e.g., delays or interference).
Soft Sparsi�cation. The relaxed activation variable δ ∈ [0, 1]N enables smooth,
gradient-based reduction of activity while preserving connectivity. This continu-
ous model is compatible with gradient-based optimization and enables controlled
reduction of activity while preserving connectivity. If binary schedules are re-
quired, thresholding and feasibility repair can be applied after convergence.
Limitations and scalability. The RC-based model simpli�es energy and com-
munication dynamics and omits stochastic channel e�ects. Scalability is lim-
ited by repeated evaluation of λ2. This framework can be extended by includ-
ing stochastic terms and probabilistic communication costs. From a computa-
tional perspective, multiple algebraic connectivity evaluation introduces addi-
tional costs for larger networks.
Outlook. Future work includes extensions to time-varying geometries, stochas-
tic models, and data-driven methods (e.g., reinforcement learning), as well as
multi-physics coupling for smart materials and biomedical sensing.

5 Conclusions

This work addresses energy-e�cient operation in spatial nanosensor networks
under strict power constraints and topology-dependent losses. We introduced an
RC-on-graph modeling framework combined with a topology-aware optimiza-
tion algorithm (TOPENOPT), which adapts node activation while enforcing a
spectral connectivity constraint.

Numerical results for ring and random geometric topologies show about a
20% reduction in total energy dissipation while maintaining algebraic connectiv-
ity above the required threshold. The optimization mitigates localized dissipa-
tion hotspots and enables controlled sparsi�cation of node activity without loss
of global robustness. Regular ring topologies permit stronger activity reduction
with lower �nal mean activation, whereas irregular graphs require higher resid-
ual activity to satisfy connectivity constraints. The direct-transcription approach
ensures stable convergence under well-de�ned stopping criteria, with predictable
scaling of execution time as network size increases. These results demonstrate
that spectrally constrained optimization is a computationally e�cient and robust
strategy for power management in nanoscale IoT systems. The framework formu-
lates energy management as a computational problem on dynamic graphs, inte-
grating graph theory, constrained nonlinear optimization, and algorithm design
under limited resources. Operating on sparse structures with enforced spectral
constraints, it aligns with key areas of computer science, particularly distributed
and energy-aware systems.

Future work will focus on learning-based control, where the constraint λ2(LG) ≥
λmin can be incorporated into reinforcement learning as a safety condition, via
penalty terms or constrained RL formulations, enabling adaptive policies that
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preserve network connectivity during operation. In this setting, the RL agent
learns adaptive activation policies while preserving spectral robustness of the
network during exploration.

Disclosure of Interests. The author reports no con�icts of interest related to
the content of this article.
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