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Abstract—In this paper, we propose a Sustainable Sensing Fed-
erated Learning (S2FL) system where Internet-of-Things (IoT)
devices and mobile users harvest energy wirelessly to perform
data sensing, local Federated Learning (FL) training, and model
update transmissions. We formulate a joint optimization problem
that considers transmission power, CPU frequency, bandwidth
allocation, and time allocation to maximize long-term learning
efficiency. To solve this complex and dynamic problem, we develop
an algorithm that integrates Deep Reinforcement Learning (DRL)
with optimization techniques, leveraging the Deep Deterministic
Policy Gradient (DDPG) algorithm for time allocation and a
Lagrangian-Based Block Coordinate Descent (BCD) Method for
per-slot resource optimization. Simulation results demonstrate
that our proposed DDPG-based DRL-S2FL algorithm signifi-
cantly outperforms benchmark schemes, achieving up to 15%
higher average reward compared to Deep Q-Networks (DQN)
and 40% greater performance than Random strategies. This work
highlights the effectiveness of combining advanced optimization
techniques with deep reinforcement learning to enhance federated
learning performance in dynamic wireless environments.

Index Terms—Federated Learning, Mobile Crowdsensing, En-
ergy Harvesting, Reinforcement Learning.

I. INTRODUCTION

The surge in Internet-of-Things (IoT) services has led to
massive data production, fueling advancements in deep learn-
ing but raising concerns over data privacy and network con-
gestion due to centralized data processing. Federated Learning
(FL) offers a solution by enabling collaborative training on
local devices without data sharing, utilizing Mobile Edge
Computing (MEC) to boost processing power and support
applications like cybersecurity and smart cities. However, FL’s
deployment faces challenges related to device battery limits
and data availability [1].

Advancements in hardware have equipped smart devices
with enhanced sensing capabilities [2]. Mobile Crowdsensing
(MCS) offers scalability, diverse data collection, and low
deployment costs, making it essential for smart healthcare,
entertainment, and smart vehicles. Conventional MCS systems
require transmitting raw data to cloud or edge servers for Al
processing, which again poses privacy and resource manage-
ment challenges. Studies have begun integrating MCS with
FL to develop privacy-preserving and scalable solutions [3],
[4], yet high energy consumption and limited battery life of

devices remain critical concerns. The work in [3] employs
FL in Unmanned Aerial Vehicle (UAV)-enabled MCS systems
with blockchain for secure model sharing. Crowd FL in [4]
enhances privacy through secure aggregation and incentivizes
user participation.

Wireless-Powered Communication (WPC) has become an
essential technology for enhancing the sustainability and en-
ergy efficiency of FL and MCS systems [5]. By allowing
devices to harvest energy wirelessly, WPC supports prolonged
operations and enhances the feasibility of FL and MCS in
resource-constrained environments. For example, [6] adopts
wireless power transfer to power data transmission and local
training of FL. In [7], energy harvesting sensors with recharge-
able batteries are being deployed to promise cost-efficient and
self-sustainable IoT networks. Despite these advancements,
existing research often fails to address the complex interplay
between sensing, computing, and communication capabilities.
Specifically, the joint optimization of these components is
essential to fully realize the benefits of WPC-enabled sys-
tems. Additionally, many studies employ one-shot optimization
methods, which are unsuitable for dynamic network environ-
ments with time-varying channel conditions, energy availabil-
ity, and user behavior. This necessitates the development of
long-term optimization strategies that can adapt to changing
network conditions and ensure sustained system performance.

To address these limitations, we introduce a Sustainable
Sensing Federated Learning (S2FL) system, where users har-
vest energy to perform data sensing, local FL training, and
data transmission. We formulate a joint optimization problem
encompassing transmission power, CPU frequency, bandwidth
allocation, and time allocation to maximize long-term learning
efficiency. To solve this problem, we propose an algorithm that
integrates Deep Reinforcement Learning (DRL) with optimiza-
tion techniques to address the long-term learning efficiency
maximization in the S2FL system. Our experiments demon-
strate that our proposed Deep Deterministic Policy Gradient
(DDPG)-based algorithm outperforms the benchmark schemes,
validating the effectiveness of our S2FL approach.
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Fig. 1: Tllustration of the S2FL.
II. SYSTEM MODEL

We consider a wireless network comprising an edge server
and N users, as shown in Fig. 1. The edge server performs
model aggregation and provides wireless power transfer to the
users. The set of users is denoted by NV = {1,...,N}. In
this work, we deploy the harvesting-sensing-training-transmit
protocol with four phases, as illustrated in Fig. 1. In particular,
in Phase I, the users need to harness external energy from the
energy source. The harvested energy is used for sensing data
from the surrounding environment in Phase II, training the
local model in Phase III, and transmitting model updates in
Phase IV.

To model S2FL when the channel conditions change dy-
namically, we discrete the S2FL system into 7" time slots with
equal length, indexed as 7 = {1,...,t,...,T}, with each
slot further divided into four phases for each user n: energy
harvesting (7 (t)), data sensing (7% (¢)), local training (7% (t)),
and model transmission (7£(t)), satisfying:

) + () + TL(t) + () < 70,V (1)

which indicates that the completion time of a global communi-
cation round is limited to a time duration 7j. Note that the time
for model aggregation and model broadcasting is relatively
short and treated as zero without loss of generality [8].

A. Energy Harvesting Model

A major concern in S2FL is the energy limitation of the
users that may not have enough energy to complete the FL
process, including data sensing from the surrounding envi-
ronment, local training, and model update sharing with the
edge server. During the first phase in S2FL, the edge server
collocated with the radio tower can broadcast radio signals to
deliver power to users in the downlink with transmit power P.
This work leverages the linear energy harvesting model, and
thus the amount of energy harvested by user n at time slot ¢
is given by

Ep(t) = @7, (t) Phn (1), )

where ¢ represents the energy conversion efficiency. The term
h,, (t) denotes the channel gain between the user n and the edge
server at time slot ¢, formulated as h,, (¢) = |5, (t)|* b, where
Rl is the large-scale fading gain, and h?(t) represents the
small-scale fading component. According to the Jakes’ model
[9], the small-scale fading hZ (t) can be modelled as a first-
order complex Gauss-Markov process hs (t + 1) = phs (t) +
on(t + 1), where p € [0,1] is the correlation coefficient and
nij(t) ~ N(0,1 — p?). The harvested energy E"(t) is then
stored in a finite battery or an energy buffer. Denote E,(t) as
the energy of user n at the beginning of time slot ¢, which
evolves as

E!(t+1) = max {min { EP"*, E7 (t) + El ()} — B (t),0}
3)

where E™M2% is the maximum battery capacity. E°(t) is
calculated as the sum of energy consumed for data sensing,
local training, and communication, i.e., E!°'(t) = E3(t) +
E! (t)+E¢(t), which will be detailed in the rest of this section.

B. Data Sensing

In the second phase, the users sense data from the sur-
rounding environment. Suppose that at each time slot ¢ user
has a sensing rate of r,(t), the amount of sensing data
d,(t) that each user can collect at time slot ¢ is given by
dpn(t) = rp(t)75(t). The corresponding energy consumption
of user n at time slot ¢ due to data sensing is given by

E:L (t) = qndn (t) = Qnrn(t)T;(t)7 4

where ¢, is the energy consumption per unit of sensing
data. Sharing sensing data with a central server compromises
privacy and communication efficiency. FL addresses this by
allowing users to keep data locally and perform training on
their devices. The users then share only their model updates
with the server for aggregation, thus enhancing data privacy
while still utilizing the data in the learning process.

C. Local Computing Model

The sensing data collected by users are used for local
training. Denote I = (f,,Cp,d,) as the computing profile
of user n, where f,, C,, d, denote the local computing
capability, the computation workload, and the sensing data,
respectively. In S2FL, the users locally process all the sensing
data and only share the model updates with the edge server
for model aggregation, thus enhancing data privacy. Suppose
that each user n trains its local learning model K,, times, the
local training time of user n is

Trlz(t) = KnCpndp(t)/ fu(t) = KnCprn ()7, (t)/ falt). (5)
The corresponding energy consumption is given as
E, (1) = KnGuCurn(D7(8)£3(2), ©)

where (,, is a coefficient dependent on the CPU architecture.

Similar to [10], users collaboratively build a learning model
of size s (in bits), determined by parameters like network width
and depth. Assume that each user should sense an amount



of Dy in each communication round, which would mean the
constraint d,,(t) = r,(¢t)7°(t) > Dg should hold for all users.

D. Communication Model

In our considered S2FL network, we adopt frequency di-
vision multiple access (FDMA) to enable asynchronous trans-
missions [10]. Denote B as the system bandwidth and b,,(t) as
the bandwidth assigned to user n at time slot ¢. The achievable
data rate of user n is calculated as

)

R, (t) = by (t) log, (1 + h”(t)p”(t)) ,

Tlobn (t)

where p,,(t) is the transmit power of user n at time slot ¢ and
no is the noise power density. Given the transmission time
T¢(t) of n at time slot ¢, the constraint R, (¢)75(t) > s should
hold for all users to ensure that its model update is successfully
transmitted to the server. The transmission energy consumption
of user n for data transmission is ES(t) = p, (£)75(t).

E. Problem Formulation

To investigate the sustainable design of S2FL, we formulate
a problem to maximize learning efficiency while considering
various constraints on resource allocation and network settings.
From the convergence analysis of FL [11], we define learning
efficiency of S2FL at time slot ¢ as:

i = YE T N

Vi(t) ’

where ¢ is a coefficient that depends on specific settings
of the deep model used for local training and Vi(t) =
max {7/ (t) + 75(t) + 7L(t) + 75(t) } is the time duration of
a %lobal communication round.

This work aims to optimize learning efficiency by increasing
the sensing data per round. Allowing more time for sensing can
reduce the duration available for energy harvesting, potentially
leading to insufficient energy for local training and model
updates. Conversely, users can store harvested energy for
future use when data collection is low, trading off immediate
learning efficiency for long-term gains. Therefore, a long-term
strategy is essential for maximizing efficiency in S2FL-enabled
networks. The long-term learning efficiency optimization prob-
lem can be mathematically formulated as:

1 T
Jmax T, VE(t), (9a)
s.t. 1), (3) (9b)
7L (t) > K, Corn ()T () ) fu(t), Y0, t,  (9¢)
T (87 (t) > Do, Vn, t, (9d)
TE() Ry (t) > s,Vn, t, (9e)
0 < pu(t) < pp'™,Vn,t, 91
> balt) < B, bu(t) > 0,n,t, g)
neN
fmin < f (1) < fURAX Yt (9h)

where p £ {pn(t)}Vn’ f £ {fn(t)}Vn’ b £ {bn(t)}Vn,
and 7 & {7/ (), 73(t), 7L (t), 7E(t) }vn respectively, B is the
system bandwidth, p};'®* is the maximum transmit power, and
fmin (fmax) g the minimum (maximum) CPU frequency.
Solving the optimization problem (9) faces several chal-
lenges. The problem is highly non-convex. Additionally, tra-
ditional one-shot optimization methods are not suitable for
addressing the dynamic nature of constraints, such as users’
fluctuating energy availability. To address these issues, we
propose an efficient algorithm that integrates DRL with op-

timization in the next section.

III. PROPOSED ALGORITHM

We propose an algorithm that integrates DRL with optimiza-
tion techniques to maximize long-term learning efficiency in
the S2FL system. The algorithm operates in two main stages:

o DRL for Time Allocation: A DRL agent learns the op-
timal policy for allocating energy harvesting time (77 (¢))
across the users and time slots, influencing the available
time for sensing, training, and communication.

o Per-Slot Optimization for Resource Allocation: Given
the energy harvesting time from the DRL agent, an
optimization subroutine determines the optimal CPU fre-
quency (f,(t)), transmission power (p,(t)), and band-
width (b,,(t)) for each user.

A. Problem Reformulation
We simplify the energy evolution constraint (3) into:

EX(t) < EL(t) + EN(t) < Ep®,
E'(t+1) = E"(t) + E"t) — E°(¢t).

(10)
Y

We also convert constraints (1), (9¢), and (9e) into equalities:

(L) 4 () + Th(E) + T5(t) = 70, (12)
Tr]i(t) = Kncnrn(t)ﬁi(t)/fn(t)v (13)
TE(t) = s/ R, (1), (14)

ensuring efficient utilization of the available time 7. With
these simplifications, the optimization problem becomes:

S ) (150
s.t. (9d), (9f) — (5h), (10) — (14), (15b)

B. Markov Decision Process (MDP) Formulation

To effectively apply DRL, we model the long-term problem
as an MDP.
1) State Space: The state at each time slot ¢, s;, includes:

sy = {h(t), E"(t),7(t)},

where h(t) is the channel gain vector, E"(t) is the current
energy vector, and r(t) is the sensing rate vector.

(16)



2) Action Space: The action at each time slot ¢, a;, consists
of the energy harvesting time allocations for all users as a; =
{77(t),¥n}. According to constraint (10), we obtain

Emdx _ ET( )
@Ph,(t)
3) Reward Function: The immediate reward is defined as:

Sf\/m, it SN w,(t) >0,
T =
=Sp\/ — ZNzl wy(t), otherwise,

where wy, (t) = 7, ()75 (t) — Py, and Py is a penalty for not
meeting the minimum data requirement, which is defined as

P, = 0, if73(t)> Lo
Py,

n(t)’
This reward structure incentivizes maximizing the sensed data
while penalizing insufficient data collection.

0 < 71'(t) < min{—= .70} (17)

(18)

19
otherwise. (19)

C. Resource Allocation Optimization

Given the energy harvesting time from the DRL agent, we
optimize CPU frequency (f,(t)), transmission power (py,(t)),
and bandwidth (b,,(¢)) via an optimization subroutine.

1) Formulate the Per-Slot Optimization Problem: Accord-
ing to (12)- (14), we have

h S
. 0O — Tp, (t) T R.(D)
W) = RGnw o
0

Then, the left-side constraint of (10) can be rewritten as

S

Gulhate) (=70 - 7 ) + 07

< E (1) +Ep(t), 2D
e (107a(8) + K Cora ) £2(0)
dnTn nGnUnTn n
Gu(fa(t)) = RoCora() N ¢:2)
(EOEEE
The per-slot optimization problem is formulated as
h(t) _ S
Rn(t)
max Z T (t KRGt , (23a)
P o Tl
s.t. (9f), (92), (%h), (21), (23b)
h s
To — T (t) —
rn ) 5 Do Vi, (23¢)
ann(;;(t) +1

2) Solve the Per-Slot Optimization Problem: Problem (23)
is non-convex due to variable coupling. We employ the
Lagrangian-Based Block Coordinate Descent (BCD) method
to decouple and solve it iteratively. We first form the partial
Lagrangian with multiplier a > 0 as follows:

—Th(t) - &
(t)
max T (t b (
p.f:b Zl 71{ fnéf(t +1 (Z )
(24a)
s.t. (90, (9h), (21), (23c), (24b)
b,(t) > 0,Vn, (24c)

This decouples the problem for each user n:

h s
0 — T, () — R..(0)
max T (t s — aby, (), 25a
Fn(1),pn (D), EnCuran(t) | 4 (*) (252)
b (£) n(t)
s.t. (91), (%9h), (21), (230¢), (25b)
by (t) > 0. (25¢)
We solve the following subproblems iteratively:
a. Optimizing the CPU frequency fy(t):

max n(t 26a)

max  fu(t) (

F,(t)K,C,r,(t
K, Cpra(t
fult) 2 —nCurnll) (260)
n Rn(t) 1
_Do
) T ()
St < falt) < f (26d)
where
Ep(t) + E(t) — pa(t)
Fo(t) = ; N @7)
To — TR(t) — D

The constraint (26b) is monotonically increasing with f,, ().
We perform a bisection search to find the root fy(lo)(t) satis-
fying equality. Then, the closed-form solution of the problem
(26) s f;(t) = min{ £ (1), /7).

b. Optimizing the transmit power py,(t):

max R, (t) (28a)
p”(t)
st pa(t)s _ Gn(fn(t))s
T Ru(t) Ry (t)
< Ep(8) + Ep(t) = Gu(fa(t)) (o = 7 (1)), (28b)
s
Ry (t) 2 ; (28c)
ro — (1) — By (Kol + 1)
0 < pa(t) < plex (28d)
We analyze the function f(x) m for x > 0.
Its first derivative is f'(z) = logQ([llcj;le Jr“;’;‘](” 2L Let the
numerator be g(x) = 1ogy(1 + 2) — fgyfr77y- The derivative

of g(z) is ¢'(x) = ez = 0- Since g (x) >0, g(x)
is monotonically increasing. Therefore, g(x) > ¢(0) = 0,
implying that f’(x) > 0. Consequently, f(x) is monotonically
increasing with respect to x. Hence, the left hand side of (28b)
is monotonically increasing with p,(t), allowing the use of
a bisection search to find p%o)(t). The optimal transmission
power is then determined by p} () = min{p% (t), pax},



Algorithm 1 Per-Slot Optimization for S2FL

Algorithm 2 DDPG-Based Learning for S2FL

1: Input: Current state s, action a,
2: Initialize: ovower, Qtupper, tolerance tol
3: while True do
4: < (alower + aupper)/2
5: for each user n do
6 Iteratively solve (26), (28), (29) until the objective
of (25) converges to obtain f,(t), pn(t), by (t)
7: end for
Adjust o aypdae < Y bn(t) < B 7 oupper : Cower
: Converge: break if |> b, (t) — B| < tol
10: end while

11: Output: {f7(t),p:(t), b5 (t) bvn

c. Optimizing the bandwidth b, (t):

. rn(t)s 1

) Kalar® 1 Ra(D) aba(t) 292)

pn(t)s - Gn(fn(t))s

s.t. R,(t) > ,
O 2 B T ELD) — Go(a(0)) (70— 7
(29b)
S

R,(t) > NG, , (29¢)

o — mh(t) — 2
bo(t) >0,¥n e N,Vt e T, (29d)

Lemma 1: Problem (29) is convex.

Proof: Define the function h(z) = logy(l + z) for
x > 0, which is concave. The perspective function h(t) =
tlogy (1 + 1) for t > 0 is also concave. Since h(t) > 0, the
reciprocal function ﬁ is convex. Therefore, the objective
function in (29) is convex. Additionally, the constraints are
linear or convex in b, (¢). Hence, the entire optimization
problem (29) is convex.

Given the convexity of problem (29) as established in
Lemma 1, we can efficiently solve it using standard convex
optimization techniques.

The steps involved in solving the per-slot optimization
problem are detailed in Algorithm 1. The algorithm employs
a Lagrange multiplier o to enforce the bandwidth constraint
22;1 by, (t) < B. It begins by initializing « within predefined
bounds and utilizes a bisection search to iteratively adjust its
value to satisfy the bandwidth constraint. In each iteration, for
every user n, the algorithm iteratively optimizes f,(t), pn(t)
and b,,(¢) until convergence based on the BCD method. After
updating the resource allocations for all users, the total allo-
cated bandwidth is calculated. If the total allocated bandwidth
falls within a specified tolerance tol of the available band-
width B, the algorithm converges and terminates. Otherwise, it
adjusts the bounds of « and repeats the optimization process.

D. Training the DRL Agent

To effectively learn the optimal policy for energy harvesting
time, we employ the DDPG algorithm. Algorithm 2 presents
the pseudocode of the proposed DDPG-based learning ap-
proach for the S2FL system. The algorithm initializes the

1: Initialize Actor p(s|0*), Critic Q(s,al0?), Targets u'
i, Q'+ Q, Replay buffer D, Noise N.
2: for each episode do

3: Reset environment, get initial state sp

4: for each time slot ¢ do

5: Select a; = p(s:|0") + N, execute Algorithm 1,
get St4+1, Tt-

6: Store (8¢, at, 7, St41) in the replay buffer.

7 Sample m from D, compute targets
for each (s;,ai,ri,8i+1): v <+ 1 o+
VQ' (i1, ' (8i11]6)|69)

8: Update Critic: L = L 3°(Q(s;,a;]69) — y;)?

9: Update Actor: VguJ = % > VaQ(si,a; =
1(5110%)69)V g 3,167

10: Update Targets: 09" « 709 + (1 — 7)09", 9#
08 + (1 —7)0"

11: end for

12: end for

actor and critic networks along with their corresponding target
networks and a replay buffer to store experience tuples. During
each training episode, the agent observes the current state,
selects an action, and executes resource allocation using Algo-
rithm 1. It then receives a reward, observes the next state, and
stores the transition in the replay buffer. Periodically, the agent
samples mini-batches from the replay buffer to update the critic
by minimizing the loss between predicted and target Q-values
and to update the actor policy by following the gradient of
the expected return. The target networks are softly updated
to ensure stable learning. Through this iterative process, the
DDPG agent progressively refines its policy, enabling efficient
and adaptive energy harvesting decisions that enhance the
overall learning efficiency of the S2FL system.

IV. SIMULATION RESULTS

In this section, we provide simulation results to evaluate
our proposed DRL-S2FL algorithm and compare it with the
benchmarks. We simulate an S2FL network and set the number
of users to be N = 3. We set the transmit power of the edge
server to be P = 25 W, the maximum transmit power of users
to be pp** = 10 dBm, the system bandwidth to be B = 5
MHz, the noise power density to be ng = —174 dBm, and the
maximum and minimum CPU frequency to be f** = 1.0
GHz and f™" = 0.1 GHz, respectively. We set ¢ = 0.9,
Er®* = 10 m] for all users. The coefficient of the CPU is
& = 10728 for all users, and the model size is s = 28.1 Kb.
In DDPG, the experience replay memory can store up to 10*
samples, and the mini-batch size is M = 128. The learning rate
is set to be aw = 0.001 for both the actor and critic networks.
We set the discount factor to be v = 0.9. For comparison,
we choose two benchmarks including 1) DQN: the continuous
action is discretized into 10 levels, each of which is considered
as a potential action in DQN; 2) Random: the agent randomly
selects an action every time.
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Fig. 2: Convergence of the proposed DRL-S2FL algorithm.

Fig. 2 shows the convergence of the DRL-S2FL algorithm
based on DDPG, DQN and Random. The curves are smoothed
using a moving average with a 20-slot window. Both DDPG
and DQN exhibit dynamic convergence, with DDPG outper-
forming DQN because DQN’s requirement for action space
discretization leads to a loss of precision and less effective ex-
ploration, while DDPG’s continuous action handling and actor-
critic architecture allow for more refined decision-making and
adaptive learning. The Random line remains relatively flat,
as random actions do not leverage past learnings to enhance
performance.
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Fig. 3: Impact of N Fig. 4: Impact of sensing rate

Fig. 3 illustrates the impact of the number of users. As
N increases, the average reward consistently rises, which can
be attributed to more data sensed and subsequently utilized
for federated learning. Both DDPG and DQN consistently
outperform the Random strategy across all user scenarios.
Notably, at N = 2, the performance of DQN closely matches
that of DDPG. This similarity is expected in simpler, low-
dimensional settings where the action space can be effectively
discretized and managed by DQN’s value-based approach.
However, as the number of users increases, DDPG exhibits
superior performance compared to DQN. This divergence
can be attributed to DDPG’s inherent ability to handle high-
dimensional continuous action spaces more efficiently.

Fig. 4 illustrates the impact of the sensing rate. Here, we
assume an equal sensing rate for all users at all time. As
the sensing rate increases, the average reward also increases
across all strategies. This positive correlation is intuitive, as
higher sensing rates result in more data being collected and
utilized for federated learning, thereby improving the overall
learning efficiency. Among the evaluated strategies, DDPG
achieves about 15% higher average reward than DQN and 40%
greater than the Random strategy. The enhanced performance

of DDPG demonstrates its robustness and efficiency in dynam-
ically adjusting to varying sensing rates.
V. CONCLUSION

In this paper, we presented a novel approach to optimize
long-term learning efficiency in S2FL systems. By integrat-
ing DRL with optimization techniques, we addressed the
challenges posed by dynamic wireless network environments
and resource constraints. Our proposed algorithm leverages
the DDPG method to learn optimal energy harvesting time
allocations while employing a Lagrangian-based BCD method
for efficient per-slot resource allocation. Simulation results
show that the DDPG-based algorithm consistently outperforms
DQN and random action selection, validating the effectiveness
of our approach.
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