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Abstract—The energy-harvesting industrial IoT networks
exhibit intertwined quasi-periodic dynamics in traffic patterns
and energy budgeting. However, conventional myopic approaches
optimize only instantaneous states, resulting in a mismatch
between traffic demand and energy supply. To address this,
we present a traffic-aware joint clustering and routing (TJCR)
approach. Firstly, we develop a lightweight forecaster that utilizes
learnable basis decomposition to predict future traffic and energy
profiles. Then, we establish a collaborative optimization scheme
that jointly adapts clustering and routing, iteratively refining the
clusters based on routing-induced feedback. Simulations demon-
strate that TJCR improves network lifetime over representative
baselines while maintaining high throughput.

Index Terms—Industrial Internet of Things (IloT), traffic pre-
diction, routing, clustering, deep reinforcement learning (DRL).

I. INTRODUCTION

HE Industrial Internet of Things (IloT) is a key enabler

for smart manufacturing and automation, where wireless
sensor networks (WSNs) are widely deployed at the network
edge to aggregate and forward mission-critical sensing traffic
under stringent energy budgets [1]. To support long-term
unattended operation, energy harvesting (EH) is increasingly
integrated into such deployments [2]. In EH-IIoT, traffic
is often strongly time-correlated and quasi-periodic due to
production cycles and control loops [3], while harvested
energy (e.g., solar) is time-varying yet typically quasi-periodic
with stochastic fluctuations. Consequently, neglecting these
time-varying yet predictable dynamics often yields a critical
misalignment between energy availability and traffic demands,
accelerating energy depletion and precipitating premature net-
work failure.

Existing cluster-based routing protocols predominantly rely
on instantaneous state observations to perform optimization
[4]. LEACH [5] employs probabilistic cluster head (CH)
rotation, whereas distance-aware CH selection has also been
explored to reduce communication cost [6]. Recent learning-
enhanced schemes further exploit high-dimensional state
features for routing and clustering. WOAD3QN [7] and graph
neural network (GNN)-based methods [8] respectively exploit
deep reinforcement learning (DRL) enhanced optimization and

Received 15 June 2026; revised 28 July 2026; accepted 7 August 2026.
Date of publication 12 August 2026; date of current version 19 August 2026.
This work was supported by the National Natural Science Foundation of
China under Grant 62401047. The associate editor coordinating the review
of this letter and approving it for publication was M. C. Lucas-Estany.
(Corresponding author: Tingting Zhang.)

Hongyi Zheng is with the School of Integrated Circuits and Elec-
tronics, Beijing Institute of Technology, Beijing 100081, China (e-mail:
3120231368 @bit.edu.cn).

Tingting Zhang, Dongxuan He, Nan Wu, and Chuhong Yang are with
the School of Information and Electronics, Beijing Institute of Technology,
Beijing 100081, China (e-mail: zhangtt@bit.edu.cn; dongxuan_he@
bit.edu.cn; wunan@bit.edu.cn; 3120230733 @bit.edu.cn).

Digital Object Identifier 10.1109/LCOMM.2026.3723351

topology-aware representation learning. Nevertheless, cluster-
ing and routing are usually addressed separately, without
feedback-coupled joint optimization. Moreover, they mainly
rely on current observations and lack forecast-aware control,
limiting their ability to proactively address future traffic and
energy-harvesting variations.

Prior studies have explored IIoT traffic and harvested-energy
forecasting, including spatio-temporal graph models for traffic
prediction [9], DRL-based predictors for non-stationary traffic
patterns [10], [11], and DQN-based traffic-prediction-assisted
load-balancing routing [12]. Harvested-energy prediction has
also been investigated for EH-enabled WSNs [13]. However,
these methods mainly optimize prediction accuracy, while
the forecasts are not fully exploited for downstream network
control.

To address these issues, we propose a traffic-aware joint
clustering and routing (TJCR) approach that moves beyond
prediction-only or decoupled clustering-routing designs by
using long-horizon traffic and harvested-energy forecasts to
guide network reconfiguration. We first develop a lightweight
forecaster utilizing period-aware learnable basis decompo-
sition to predict traffic load and energy profiles with low
overhead. Based on these forecasts, a collaborative opti-
mization scheme is proposed to jointly optimize clustering
and routing. This scheme dynamically shapes the cluster-
ing structure to align traffic loads with the energy budget,
establishing an optimized topology for routing policies while
leveraging routing-induced feedback to iteratively refine the
configuration.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We consider an IIoT network consisting of a resource-
rich data sink § and N energy-harvesting devices N =
{n1,...,nn}, each equipped with a rechargeable battery and
a photovoltaic energy harvester. Each device delivers traffic
generated by the underlying sensors to S. To avoid prohibitive
long-range direct transmissions and improve scalability, we
adopt a clustering architecture that partitions N into disjoint

clusters C(7e) = {chC), cey c(KT“)}. Each cluster is coordinated

by a CH h(.T“') € H(TC), which collects intra-cluster traffic
via single-hop uplinks and routes the resulting traffic to S
over inter-cluster multi-hop links. In the architecture, sensor
nodes periodically report local states to the sink through their
corresponding CHs. The sink then constructs state summaries
from the received reports for forecasting, clustering, and
routing decisions. Since static clustering can cause uneven
energy depletion under stringent energy constraints, the system
updates the clustering and CH set at the beginning of each
decision window 7, with duration 7, while keeping the cluster
structure fixed within the window to reduce signaling over-
head. Nevertheless, traffic and harvested energy fluctuate with
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Fig. 1. Overview of the proposed traffic-aware joint clustering and routing
(TJCR) approach.

finer granularity than 7¢. Therefore, each window is divided
into multiple slots of equal-duration ¢ (indexed by 7), in which
inter-cluster routing is updated to adapt to the time-varying
network state. In light of such temporal dynamics, the effec-
tiveness of clustering and routing decisions benefits from the
foresight of future traffic patterns and energy availability. To
provide long-term foresight, we leverage the quasi-periodicity
of industrial traffic [3] and solar harvesting by introducing a
lightweight Unified Forecasting Module. It extracts temporal
features from L historical slots to predict profiles over a
long-term horizon of H slots. As illustrated in Fig. 1, these
forecasts drive the proposed TJCR approach, which couples
clustering and routing in a collaborative optimization loop.
The routing agent optimizes paths over the current clusters,
while routing-induced feedback updates the cluster structure
to align the network configuration with long-term energy
budgets and traffic loads. Following this offline joint optimiza-
tion, the learned policies are deployed to support real-time
inference.

Then, we specify the per-slot dynamics. In slot 7, device
n; generates traffic demand Bi(T) and harvests energy H i(T) =
niAiIi(T)t, where A;, 1, Ii(T) denote the panel area, efficiency,
and irradiance, respectively [13]. On the consumption side,
we adopt the standard first-order radio model [5], where
the energy to transmit and receive b bits for distance d
is Etx(b> d) = b(Eclcc + 5ampda) and Erx(b) = bEclcc,
respectively. This model adopts a network-layer abstraction,
where channel effects are captured by the distance-dependent
term d* and practical link impairments are reflected through
link feasibility, packet/link loss, and routing-layer link-quality

indicators. The total energy consumption EZ( C())m comprises the

detection and aggregation cost El( C) and the communication
overhead accumulation:
+ Y Bu(b), (1)

EQ L =ED+ Y Eunbd)+

(b,d)eP” beR{™
where ’Pi(T) and RET) denote the sets of transmitted and
received packets characterized by bit-length b by node n; in

slot 7, respectively. Finally, the battery state evolves according
to the harvesting-consumption balance:

E.(‘r+1)
:min(Ei,max, max (0, B Efjlneran}”)), ®)

where 7, is the charging efficiency. Crucially, specific nodes
face a resource misalignment: periods of high traffic demand
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may coincide with harvesting deficits, necessitating the pro-
posed predictive load-balancing strategy.

B. Problem Formulation

We formulate the joint clustering and routing problem to
maximize network lifetime and total throughput over a max-
imum operational period Ti,.x. Let a(T) € {0, 1} denote the

alive status of node i (F, (> B i) and T € {0,1} denote
the network functional status. The network is considered alive
(P(™) = 1) if and only if at least half of the nodes are alive. For
clustering, we define binary variable ZE‘Z) for node membership
and y{*™) for CH selection, where s\”) € {0,1} indicates
if cluster k is active. The aggregated traffic of cluster k is
L,(CT) = ZZ Z(;)B (") which is routed on a directed CH-overlay
via binary link variables zgﬁ) ) Let A(T) € {0,1}
indicate whether L( 7 s successfully delivered to S, and
denote the neighbor sets on G( by N (u) and N~ (u),
respectively. The optimization problem (3) is formulated as:

graph G

Tmax Tmax

I“(T) L(T
oy ) T w3 ; (3a)
St Buin — M(1—a”) < B < Buin — e + Mal”,
Vi, T, (3b)
[N/2]1) < Za“ ([N/2] —1) + NI vr,
(30)
IO =1, 0 <0, ¥r<Thw,  Gd)
Z Z(T) = a(-T), ZEZ) < s](f), Vi, k, T, (3e)
) < > sz)’ Vk, T, (3)
Z WO D <D ik Gy
> 2’2” - > 2l
veNT (u) veEN— (u)
APy )
= (T , uEH Yu, k, T, (3h)
_Ak ’ U = 87
2 < A7 < s AT <O Y(u,0), k7.
(3i)

where wp,ws are weights balancing lifetime and through-
put. The battery state evolves according to (2). Constraints
(3b)—(3d) enforce the network lifetime definition via Big-
M formulation. Constraints (3e)—(3g) ensure that every alive
node belongs to an active cluster and each active cluster
selects exactly one CH. Finally, (3h) enforces flow conser-
vation for inter-cluster routing, while (3i) ensures that data
is only routed for active clusters while the network is alive.
The formulated problem is NP-hard because it generalizes
classical location-allocation and constrained routing problems
[14].

III. THE PROPOSED ALGORITHM

A. Unified Traffic and Energy Forecasting via Decomposition

To enable proactive energy management and load balancing,
the proposed TICR approach necessitates accurate forecasts
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for two distinct time series: traffic demand BZ-(T) and har-

vested solar energy H i(T). Since industrial operations and solar
irradiance both exhibit pronounced periodic patterns (e.g.,
production cycles and diurnal rhythms), we employ a unified
predictive architecture based on periodic basis decomposition
for both tasks. Let x() € RZ denote the historical sequence
of a generic target variable (representing either traffic bits or
harvested joules) over the last L slots, and x5° € RH denote
the ground truth for the future horizon H.

First, a Hann-windowed Fast Fourier Transform (FFT) is
applied to x(X) to identify the set P = {P}, ..., Pp} contain-
ing the F" most significant periods. For each period Py € P,
we initialize a trainable complex weight vector wy € C7
and construct a periodic template ¢, € C** by repeating
w;. The basis dictionary D € CF*(E+H) js formed by
stacking these templates, partitioned into look-back D(*) and
prediction D7) segments. The projection of the history x(%)
onto the basis is computed via complex inner products. We
use the Hermitian inner product in C7, i.e., (a,b) £ al'b.

cf = (¢(L))

The resulting coefficient vector ¢ € CF effectively encodes the
temporal composition. However, since the learned dictionary
D is not strictly orthonormal, the raw coefficients ¢ suffer from
inter-basis crosstalk. Calculating the exact inverse matrix for
compensation is computationally prohibitive for IoT nodes.
Therefore, we employ a lightweight generic neural network
®cpp (parameterized by ©cp,p) to approximate the linear com-
pensation, yielding corrected coefficients d = ®¢pp(C; Ocmp)-
Finally, the horizon-H forecast X is reconstructed via a
weighted superposition

% = Re(d'D®)). (5)

f=1,...,F @)

The parameters {w s} U Oy, are optimized by minimizing a
unified objective function Ly, which combines the prediction
error and a soft orthogonality regularization, given by
L. t 2 LYy (L)H 2
Lpre = 27 [% = x*'[I3 + AIDEDEHE — 14|, (6)
By training separate instances of this architecture for traffic
and energy data, the system provides reliable inputs for the
subsequent clustering and routing modules.

B. Learning-Based Joint Clustering and Routing

Leveraging the forecasted profiles, the proposed TJCR
approach addresses problem (3) by coordinating a Graph
Attention Network (GAT) for periodic cluster adaptation and
a Proximal Policy Optimization (PPO) agent to facilitate
stable policy learning for masked discrete inter-cluster routing
decisions amid dynamic traffic, energy, and link conditions.
However, training the two models independently is generally
suboptimal due to their cyclic coupling, where the clustering
configuration limits feasible routing paths while the routing
strategy influences the energy consumption of CHs, modifying
the residual energy states that constrain subsequent cluster-
ing. To resolve this dependency and stabilize learning, we
employ a co-training strategy which incorporates a decoupled
warm-up phase followed by an alternating fine-tuning phase.
Specifically, the process begins with the warm-up phase, where
models are pre-trained individually to establish energy-aware
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Algorithm 1 Windowed Alternating Co-Training of TJICR

Input: B, H, T, cycles C, PPO updates Nppo, alive threshold Niin
Output: ;s (clustering), ©ypo (routing)
1: Warm-up: Train ©.s with B, H; fix clustering and warm-start
Oppo.
2: forcyclec=1,...,C do
3: % Phase 1: Global Feedback Collection

4: Roll out: Execute current policy me,,, over the entire
horizon H.
5: Collect: Record snapshots of network states and routing costs

for each window w € {1, ...,

[H/T]}.

6: % Phase 2: Batch Clustering Adaptation

7: for window w =1,...,[H/T.] do

8: if active nodes in window w > Npin then

9: Build graph using forecasts and feedback from Phase
1.

10: Optimize O.s via Eq. (9) to generate cluster configu-
rations.

11: end if

12: end for

13: 9% Phase 3: Routing Policy Improvement

14: Environment Update: Apply new cluster configurations to
the environment and update ©ppo for Nppo time steps using
PPO.

15: end for

compact clusters and stable initial routing policy. Subse-
quently, the system transitions to the fine-tuning phase, where
both modules are iteratively updated using mutual feedback to

enhance coordination, as summarized in Algorithm 1.
During clustering warm-up, we pre-train the GAT to gen-
erate window-level clusters from the forecasts, yielding a
stable CH overlay for initializing the routing policy. Within
each window 7., the GAT operates on the geometric graph
Gn = (N, E,) constructed over NV via k-nearest neighbors,
where |E,| is the number of edges, using the normalized
© — [z, yi, B, EM ,bi, h;). After L, attention

input vector h;”’ =
layers, node ¢ has embedding h(» . Its soft membership is

computed by Q;; = softmaxk(hiL“)st), Vke{l,..,K}.
To adapt cluster boundaries to the heterogeneous energy
landscape, we use a hybrid semi-supervised objective that inte-
grates spatial pseudo-supervision with an energy sustainability
constraint. The objective seeks to equalize the Traffic-to-
Energy Ratio (TER), rather than cluster sizes, thereby aligning
traffic demand with energy availability. To achieve this, we
formulate a Log-Ratio TER Consistency Loss that robustly
penalizes deviations from the network-wide average efficiency
Lrer = % i, Huber (log(Dy + €) — log(Ex + €) — Reer),
where Dy, = ), Qirb; and &, = > Qik (EZ.(T) +h;) represent
the aggregated soft demand and potential energy reserves,
respectively. R is a target TER derived from network-wide
statistics. To stabilize the initial learning phase and main-
tain topological coherence, we incorporate spatial priors via
pseudo-labels generated by K-means. The total composite loss
Leuser balances this energy-aware alignment with spatial reg-
ularization: Lejusier = Lpseudo + A LTER, Where Lpgeudo denotes
the cross-entropy loss against the spatial pseudo-labels, and
Ap governs the trade-off. CH election is determined by a suit-
ability score .S; designed to balance energy sustainability with

topological centrality: S; = EEiJrﬁh —Cent; —aLielay,;» Where

8 € [0,1] weights the confidence in harvesting forecasts, Cent;
denotes the normalized distance to the cluster centroid, and the
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term «Lielay,; penalizes normalized historical relay loads to
prevent premature node depletion. The node with the highest
S; is identified as the CH candidate.

Moving to routing warm-up, we fix the window-level
clustering and the resulting CH overlay from the previous
phase. For each active cluster k in slot 7, we pre-compute
a compact candidate route set RET)(k:) using shortest-path-
based enumeration on the overlay, keeping at most R routes
per cluster, and let PPO select one route as its action. A route
r e ngT)(k) is feasible if it is loop-free, every relay cluster
on r has at least one alive node, and the hop count does not
exceed Hy,,x. To guide PPO over this compact action space,
each route r is assigned a per-bit surrogate cost

b (c ))
_ 7—)_‘_

EM (etx(dcd) +Ae(1— ) + Ay
(7

=2
(e=ch)er
where d.., denotes the overlay-hop distance, the per-bit trans-
mit energy is e (d) = Etx(l d), pC is the residual energy
ratio of cluster ¢, and ¢y, 13( ) 1s the normalized look-ahead

traffic intensity. The term )\¢¢f ( ")/ (pg) + €) penalizes
routes traversing relay clusters w1th high predicted future load.
Here E;(J) is a normalized surrogate cost, and A¢, Ay control
the energy-scarcity and look-ahead penalties. Within each slot
7, PPO operates in an accumulate-commit manner. It assigns
route indices to active clusters over several micro-steps, while
the environment only records the selected indices and returns a
lightweight planning reward; the slot index 7 is not advanced.
At micro-step t. of slot 7, the policy selects a feasible route for
the current cluster based on an augmented observation o, =
[B( ), -, Bfut, Hfut, EH), CT] where B(™) is the normal-
ized current demand, g, summarizes global energy statistics,
including the mean and variance of {Ei(T)}, Bty and Hyy, are
window-level look-ahead forecasts, Egp collects CH energy
states and c, encodes normalized surrogate-cost features of
{E }7-6R§ (k) relative to E]i r)mn R (k) E( ). The
environment commits after a sufficient set off active Clusters
has been assigned or a micro-step budget is reached, and then
advances to 7 + 1. The reward includes a micro-step shaping
term and a slot-level commit reward. At each micro-step for
cluster k, we penalize the relative suboptimality of the selected
route by comparing its surrogate cost to the best feasible one,

B
(1_7 - 1 . A
B 1n1n+€
slot-level reward is returned upon commit at the end of slot

T, given by

= HllIl

scaled by Ap: 7plan(k,7) = —A max(O

) i = Bstanh(ksS™) — g tanh (kpED)
— By tanh(mVV(T)) — BA’P(T) (8)
Here, S(7) is the delivered-bit ratio in slot 7, E(7) is the

normalized energy expenditure, and V(") is the variance of
normalized residual energies over alive nodes. The auxiliary
penalty P(7), with a small weight 34, aggregates undesirable
events, including newly depleted nodes, direct-to-sink fallback
transmissions due to routing infeasibility, and high energy
per delivered bit. The tanh(x -) function bounds each reward
component and smooths scale variations, preventing large-
magnitude terms from dominating the update.

To close the co-training loop, routing statistics are collected
under the current clustering configuration. For each cluster
k, let C), denote the traffic-weighted mean per-bit cost of its
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TABLE I
SIMULATION SETTINGS AND HYPERPARAMETERS

Item Setting

Deploy. N devices around industrial-zone centroids; sink S

Energy Ep =100 J; 1 cm? solar panel; 10% efficiency

Time t = 10 min; T/t = 40

Radio Eeiec = 50 nJ/bit; Eg = 100 pJ/bit/m?; Enp = 1.3x10715 J/bit/m*;
Eqgg = 50 nJ/bit

Scenarios  S1: (200,400x500); S2: (200,500x600); S3: (400,400%x500); S4:
(400, 500x600)

Forecast (L, H,F, 1) = (144, 144,5,1073)

GAT L, =2; heads = 3; d, = 32; dropout = 0.4; Ir = 5x107*

PPO MLP [128, 64]; Ir = 2x107%; rollout = 1024; batch = 512; y = 0.995;
€ =0.2; entropy = 0.001

Reward (Bs,BE.Bv.Ba) = (1,0.3,0.6,0.3); (ks, ke, kv) = (1,2,2)

selected routes, and let py; denote the corresponding fraction
of traffic passing through CH h;. These statistics are detached
during clustering updates and coupled with the current soft

SK DG
cluster demand Dy, as C = %1717’:; Zk 1 Dibrj-

Here, C}, is the traffic-weighted mean per- b1t cost of the routes
selected for cluster %, and py; is the corresponding fraction
of traffic passing through CH h;. We calculate Jain’s index
J(u) and set Ly, = 1 — J(u). The clustering model is then
fine-tuned using

L = Leluster + 775 + ,U“clb~ &)

cluster

Since D, depends on (), both feedback terms provide gradients
for clustering updates.

For analyzing the computational complexity,
we focus on the inference cost at deployment.
Accordingly, the amortized per-slot complexity
is  O(Tove/H + Tas/Tc + KT:), where  Tppe =
O(N (LlogL+ F(L+H)+ FH)) denotes the per-run

costs of forecasting, Tes = O(La (|57,,|d,,, + ng) + NdaK)
denotes clustering with hidden embedding dimension d,, and
T= = O(N(o)dr +drR), where N(o0) is the observation
dimension with hidden width d,. In the default setting in
Table I, the proposed forecasting module contains only 1.3K
parameters and requires only 6.5K MACs per inference.

IV. SIMULATION RESULTS AND DISCUSSION

We evaluate the effectiveness of TICR using real-world
Telecom Milan traffic traces [11], [15] to emulate bursty
industrial data generation. These traces are time-synchronized
with NREL solar irradiance profiles [13] to simulate realistic
energy harvesting dynamics. The main simulation settings
and model hyperparameters are summarized in Table 1. All
experiments are conducted on a 12th Gen Intel(R) Core(TM)
17-12700K CPU platform. The baselines include LEACH [5],
FC-CRA [16], NVE-C [8], LBR-DQN [12], and HCEH-UC
[17], covering classical clustering, adaptive clustering/routing,
learning-based clustering, prediction-aware routing, and
EH-aware clustering/routing.

Fig. 2 illustrates the number of alive nodes (NAN), network
residual energy (NRE), and cumulative network throughput
(CNT) for scenario S1. As shown in Fig. 2(a), TJCR maintains
the largest NAN in S1, with most nodes remaining alive
after around 150 slots. Fig. 2(b) shows that TICR preserves
higher residual energy throughout 300 slots, whereas several
baselines nearly deplete their energy. As a result, TICR
achieves the highest CNT in Fig. 2(c), exceeding 4 x 10? bits
at 300 slots. These gains mainly come from long-horizon
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Fig. 2. Performance comparison in terms of (a) the number of alive nodes, (b) the network residual energy, and (c) the cumulative delivered data.
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Fig. 3. Key performance metrics under different scenarios.

TABLE 11
EXPANDED ABLATION RESULTS ON S1 AND S2

. S1 S2
Variant
HND EPB BDR HND EPB BDR

w/o Prediction 275 46 95 118 9.6 95
w/o Clustering 251 48 94 104 112 93
w/o PPO Routing 238 5.6 92 100 120 87
w/o Co-training 302 40 97 127 88 96
TJCR (Full) 335 36 99 145 79 98

forecasting and routing-feedback-guided clustering, which
align future load with harvested-energy budgets and mitigate
relay hotspots. To further assess scalability, Fig. 3 summarizes
the half-node depletion (HND), average energy per delivered
bit (EPB, in pJ/bit), and bit delivery ratio (BDR) for S1-S4,
where HND corresponds to the network lifetime metric
defined in Sec. II-B. Overall, TJCR achieves longer HND and
the lowest EPB across the evaluated scenarios, demonstrating
improved lifetime and energy efficiency while maintaining
competitive BDR.

To quantify the contribution of each module, abla-
tion studies are conducted: w/o Prediction removes long-
horizon traffic and energy forecasts, w/o Clustering disables
GAT-based adaptive clustering, w/o PPO Routing replaces
PPO with shortest-path routing, and w/o Co-training removes
routing-feedback-guided refinement. Table II shows that the
full TICR achieves the best overall performance. The results
show that prediction supports HND improvement by enabling
lifetime-oriented decisions, while GAT clustering and PPO
routing improve energy efficiency through better load organi-
zation and dynamic path selection. The gap between TICR and
w/o Co-training further confirms that feeding routing outcomes
back to clustering strengthens clustering-routing coordination.

V. CONCLUSION

This letter presented TJCR, a traffic-aware joint cluster-
ing and routing approach for energy-harvesting IloT WSNs,
which integrated long-horizon traffic and energy forecasting,
routing-feedback-guided clustering refinement, and PPO-based
hierarchical routing. Simulations showed that TICR alleviated

relay hotspots and improved energy sustainability, achieving
longer network lifetime than the considered baselines while
maintaining high throughput. Future work will extend TICR
to more complex and realistic EH-IIoT scenarios.
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