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Abstract—This paper presents a mobility-aware framework
for energy-efficient load balancing in homogeneous multi-band
cellular networks. The proposed approach combines a newly
proposed user-association algorithm, termed SIRRA-HO (SINR-
Ratio-Based Resource Allocation under Handover Constraints),
with a Proximal Policy Optimization (PPO)-based power-control
scheme for high-frequency bands. By prioritizing users with
larger discrepancies between their best and second-best feasible
serving bands, SIRRA-HO mitigates the loss caused by subopti-
mal association and improves mobility stability.

The framework explicitly captures time-varying user locations,
realistic handover feasibility, and dynamic propagation condi-
tions. Simulation results show that the joint scheme achieves
more than 24% energy-efficiency gain relative to the baseline,
while maintaining low dropped-user levels. They further show
that RL-based power adaptation provides the dominant energy-
efficiency improvement, whereas the proposed SIRRA-HO al-
gorithm contributes mainly through reduced handover activity
and improved mobility robustness. Overall, the results highlight
the effectiveness of combining the proposed handover-aware user
association with RL-based power control for next-generation
cellular networks.

Index Terms—Reinforcement Learning, Cellular Networks,
Machine Learning, Mobility Load Balancing, Handover

I. INTRODUCTION

The exponential growth of mobile data traffic has made
energy efficiency a central concern for cellular network opera-
tors, both environmentally and economically. Mobile networks
consumed on the order of 290 TWh of electricity in 2023,
with base stations accounting for 70-80% of this figure, and
global traffic is projected to more than double by 2030 [1]-[3].
Reducing network energy consumption while meeting quality-
of-service (QoS) and fairness requirements is therefore a key
design objective. Traditional resource-management strategies
based on static configurations and heuristic rules struggle
to exploit the energy-saving potential of modern multi-band
deployments [4], [5]. This has motivated a growing body
of work on optimization and learning-based approaches, in-
cluding convex programming, dual decomposition, and rein-
forcement learning, for joint user association, power control,
and cell-activity management [6]. Architecturally, the Open
RAN (O-RAN) framework further enables such approaches
by providing open interfaces and logically centralised RAN
Intelligent Controllers (RICs), allowing closed-loop optimiza-
tion logic to be deployed as modular xApp/rApp applications
independent of vendor-specific base-station stacks [7].

Despite this progress, much of the existing literature ei-
ther focuses on heterogeneous or ultra-dense deployments, or
adopts a static snapshot of the network that abstracts away user
mobility and handover dynamics [8]. Homogeneous multi-
band networks, where each base station operates multiple

frequency layer, offer underexplored degrees of freedom for
energy-aware traffic steering, particularly when user mobility
is taken into account. This paper addresses that gap by extend-
ing our prior static-association framework [9] to the mobility
case, explicitly modelling time-varying user locations, inter-
cell and inter-band handovers, and their associated costs,
within a unified energy-efficient load-balancing formulation.
The main contributions of this paper are as follows:

o We propose a new mobility-aware user-association al-
gorithm, termed SIRRA-HO (SINR-Ratio-Based Resource
Allocation under Handover Constraints), for homoge-
neous multi-band cellular networks. The algorithm ex-
plicitly incorporates handover-feasible candidate sets and
prioritizes users with larger discrepancies between their
best and second-best feasible bands, thereby reducing the
degradation caused by suboptimal association.

« We combine the proposed user-association scheme with
a PPO-based power-allocation framework for the high-
frequency bands, enabling dynamic power adaptation to
improve system energy efficiency while accounting for
QoS and load-balancing objectives.

o« We evaluate the proposed framework under different
propagation environments and propagation scenarios, and
show that the joint scheme achieves more than 24%
energy-efficiency gain while the proposed UA provides
a clear benefit in reducing handover activity.

The remainder of this paper is organized as follows. Sec-
tion I reviews the related literature. Section III presents
the system model and problem formulation. Section IV
describes the proposed mobility-aware user-association and
power-allocation framework. Section V reports the simulation
results. Finally, Section VI concludes the paper and outlines
directions for future work.

II. LITERATURE REVIEW

Energy-efficient load balancing in cellular networks has
been studied through both model-based optimization and
learning-based control. Early work largely focused on central-
ized formulations for joint user association, power allocation,
and cell activity management, especially in heterogeneous
and ultra-dense networks. Representative examples include
mixed-integer and dual-decomposition based approaches for
millimeter-wave and heterogeneous systems [10], [11], as well
as alternating and iterative optimization methods for jointly
improving load distribution, utility, and energy efficiency [12],
[13]. These studies established the benefits of coordinated
association and power control, while also highlighting the re-



liance of such centralized methods on accurate system models
and their growing computational burden in dense deployments.

To improve scalability, later studies explored distributed and
more practical association schemes. For example, distributed
user-association and message-passing methods were proposed
to reduce signaling overhead while still improving network-
wide energy efficiency and load balancing [14], [15]. At the
same time, mobility-aware load balancing began to attract at-
tention. In dense LTE networks, load-balanced user association
has been studied with explicit attention to handover reduction
and load distribution, showing that mobility and association
decisions should be treated jointly rather than through purely
static metrics [16]. This direction is reinforced by recent liter-
ature mapping studies, which show that machine learning for
handover optimization has become a major research theme in
LTE and 5G networks, with reinforcement learning emerging
as one of the dominant approaches [17].

More recently, reinforcement learning and deep reinforce-
ment learning have been used to address the complexity
and adaptivity limitations of classical optimization. Q-learning
and multi-agent learning have been applied to joint user
association, power allocation, and cell activation in dense
heterogeneous networks, with reported gains in energy effi-
ciency, fairness, and QoS [18], [19]. Deep and multi-agent
RL methods have further extended this line of work to de-
centralized decision-making and more complex radio settings
[20]-[23]. In the mobility context, reinforcement learning has
also been used for user association and handover in mmWave-
enabled networks, where explicit handover costs and rapidly
varying channels make sequential decision-making particularly
important [24].

Another relevant recent direction concerns intelligent con-
trol architectures for future RANs. In particular, hierarchical
optimization frameworks for Open RAN have been proposed
for intelligent user association and scheduling, showing how
optimization and learning can be embedded into modular
control loops compatible with RIC-based deployment [25].
In parallel, work on homogeneous multi-band networks has
started to examine how traffic can be steered across multiple
frequency layers to improve load balancing. A notable example
is [8], which uses multi-objective and meta-reinforcement
learning to adapt handover and reselection parameters in mo-
bility settings. However, that work primarily targets throughput
balancing rather than system-level energy efficiency.

Overall, the literature shows strong progress in optimization,
distributed control, and learning-based mobility management.
However, a gap remains at the intersection of three aspects:
explicit energy-efficiency optimization, homogeneous multi-
band cellular deployments, and time-varying user mobility.
This paper addresses that gap by focusing on energy-efficient
load balancing in the mobility case, where user association
decisions evolve over time and must account for both traffic
distribution and handover-related effects.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider the downlink of a homogeneous multi-band
cellular network with base stations N' = {1,..., N'} and users
U ={1,...,U}. Each base station operates a low-frequency
band and a high-frequency band; let B = B,UB, denote the set

of all bands, where B; and B; are the low- and high-frequency
bands, respectively. Time is slotted as ¢t = 1,...,7T, and users
are mobile over the considered horizon. Let Hy, ,,(¢) denote the
effective channel gain experienced by user u on band b at slot
t, capturing the time-varying propagation conditions induced
by mobility.

Let xp,,(t) € {0,1} indicate whether user u is associated
with band b at slot ¢, and let P,(¢t) be the transmit power
of band b. For b € B;, the received SINR is v, ,(t) =

s Bt @ The load of band b is () =

wew Thu(t), and assuming equal bandwidth sharing, the
achievable rate is Ry, (f) = ybL(”t) logy (1 + vp,u()).

To incorporate mobility, association updates are restricted
by handover feasibility. Let b, (¢t — 1) be the serving band of
user v at slot ¢ — 1, and let M, ,(t) denote the measurement
quantity used for mobility decisions. A candidate band b is
feasible at slot ¢ only if it satisfies the Event A3 condition
over the time-to-trigger (TTT) window [26], i.e., M}, (7) >
My, (t—1),u(T7)+HOM for all 7 € {t=TTT+1,...,t}, where
HOM is the handover margin in dB. Accordingly, the feasible
candidate set is BIO(t) = {b,(t—1)}U{b € B:ep(t) =1}
for t > 2, while BO(1) = B.

At each slot, the decision variables are the association
variables {zp,(¢t)} and the transmit powers of the high-
frequency bands {P,(t) : b € By}, while low-frequency
powers are fixed and each high-frequency power is selected
from a feasible set P;. The objective is to maximize the time-
aggregated energy efficiency,

_ Zthl 2 beB Doucu Tou(t) Ryu(t)
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subject to single-band association, power feasibility, per-slot
QoS, and handover constraints:
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Pb(t) € Py, Vbe By, Vi, (2¢)
> wmpu()Ryu(t) > RY™, Yut, (2d)
beB
Tpu(t) =0, Vb BIO®W), Vu, t > 2,
(2e)
xpu(t) € {0,1}, Vb, u,t. (2f)

The resulting problem is a mixed-integer nonlinear program,
due to the binary association variables, nonlinear SINR-rate
coupling, and the time dependence introduced by user motion
and handover feasibility. We therefore decompose it into
two coupled subproblems: a user-association subproblem that
selects feasible serving bands under QoS and mobility con-
straints, and a power-allocation subproblem that adjusts high-
band transmit powers over time to improve energy efficiency
under the resulting load distribution.

IV. PROPOSED SOLUTION

To solve the mobility-aware problem efficiently, we decom-
pose it into a user-association (UA) stage executed at every



slot and a power-allocation (PA) stage updated at a slower
timescale.

A. Proposed UA: SIRRA-HO

The proposed UA algorithm, termed SIRRA-HO (SINR-
Ratio-Based Resource Allocation under Handover Con-
straints), prioritizes users according to the discrepancy be-
tween their best and second-best feasible bands, so as to
minimize the degradation caused by suboptimal association
decisions. At slot ¢, for each unassigned user u, we define
the effective candidate set as B, (t) = BHO(t) N Bypen, where
Bopen 1s the set of bands still open to new assignments. If
B.(t) = 0, the user is dropped at that slot. Otherwise, let
b1 (u) and b (u) denote the best and second-best feasible bands
in terms of instantaneous SINR, with corresponding values
~1(u) and v2(u). For users with at least two feasible bands, we
compute the priority metric i, (t) = 71 (u)/v2(u) and process
users in descending order of 1, (t), so that users with larger
best-versus-second-best discrepancy are assigned earlier. This
reduces the loss incurred by forcing highly sensitive users to
suboptimal bands.

Users with only one feasible band are handled separately
and prioritized according to their only feasible SINR. The
algorithm therefore maintains two queues: one for singleton-
candidate users ordered by 7;(u), and one for users with
at least two candidates ordered by p,(t). At each step, the
algorithm selects the head user with the larger best-band SINR,
assigns it to by (u) if its QoS requirement is satisfied, and
updates band availability accordingly. As in the static case,
if admitting more users to a band would violate the rate
constraints of already associated users, that band is closed
to further assignments. In this way, the proposed mobility-
aware UA preserves the low-complexity greedy structure of
the static algorithm while explicitly accounting for handover-
feasible candidate sets. The complete step-by-step pseudocode
is given in Algorithm 1.

B. Benchmark UA: Max-SINR-HO

For benchmarking, we consider a mobility-aware Max-
SINR user-association baseline, termed Max-SINR-HO. At
each slot ¢, user u is assigned to the handover-feasible
band with the largest instantaneous SINR, namely b} (¢)
arg maxyegro (¢) Vo,u(t). If the resulting assignment violates
QoS constraints, the affected user is reassigned iteratively to
its next-best feasible band within B2 (t) until feasibility is
restored or no candidate band remains.

Thus, Max-SINR-HO follows the conventional Max-SINR
association rule while enforcing the same handover-feasibility
constraints as the proposed SIRRA-HO scheme, ensuring a
fair benchmark.

C. Reinforcement Learning for Power Allocation

The PA subproblem is modeled as a reinforcement-learning
task and solved using PPO [27]. To avoid overly frequent
power changes under mobility, the agent updates the high-
band power vector once every Ty slots.

Algo

rithm 1: Proposed UA (SIRRA-HO) at slot ¢

Input: SINR values 7, ,,(t); HO-feasible sets BHO(¢)

foralueld and be B

Output: User association {zp ., (t)}
1 Initialize x,,,(t) <~ 0 forall b e B, u e U

2 Set
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Initialize two empty priority queues Q; and Q-
foreach u € Uynassigned do

B, + BHC(#) N Bypen

if B, = () then

Drop user u at slot ¢t and remove it from

uunassigned
end

Let b1 (u) + argmaxpep, Vb, (t) and
Y1 (1) = Vo, (u),u(t)
if |B,| =1 then
‘ Insert user u into Q; with priority key
71 (u)
else
Let bo(u) be the second-best band in 5,
and y2(u) <= Vo, (u),u(t)
Compute metric p,, () = v1(w)/v2(u)
Insert user u into Qo with priority key
Hu(t)
end
end
while Q; # 0 or Q3 # () do
if @, = 0 then
| u* < PopHead(Q3)
else if Qs = () then
| u* < PopHead(Q,)
else
Uy Head(Ql), Uy Head(Qg)
if Y1 ('LAbl) > Y1 (ﬁg) then
| u* < PopHead(Q;)
else
| u* + PopHead(Q>)
end
end
if band by (u*) can satisfy u*’s demands then
Thy (ur),u* (t) +—1
Remove u* from Uynassigned

end

else if No open band in B,~ can satisfy u*’s
demand then
| Remove u* from Unnassigned

end

if assigning new users to by (u*) violates the
rate constraints of its already-connected users
then
| Remove by (u*) from Bopen.

end

end

44 return {x; ,(t)}




a) States: The RL state is defined at the beginning of
each decision step k, where the decision instants are t; =
(k—1DTqg+1, k=1,...,K, and K = [T/T4]. As in the
static case, the state consists of the normalized user density
and per-band load-quality indicators,

sk = s(tx) = [U/Uo, gb,(tk)s-- -, by (tr)]s (3)

where Uj is the reference user count used for normalization
and gy (ty) is the proportion of users on band b whose RSRP
exceeds a predefined threshold.

b) Actions: At each decision step k, the agent selects a
feasible high-band power vector

ap = [Py(k)|b € Ba, Py(k) € Py, 4

which is held fixed over the block 7 = {tg,..., min(ty +
Ty —1,T)}. Within each block, the UA algorithm is executed
at every slot using the selected power vector.

¢) Reward: To avoid penalizing short transient discon-
nections caused by mobility or handover execution, a user is
counted as dropped only if it remains unconnected for Tcqy,
consecutive slots. Letting D(t) denote the resulting dropped-
_ (Seesw®)’

. - ‘B|Zb€B vﬁ(t) L.
index [28] over the band loads, the reward at decision step k

is defined as the block-average

1 .
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k
where EE(¢) is the normalized instantaneous energy effi-
ciency, and « and 3 weight fairness and connectivity penalties,
respectively. This reward encourages energy-efficient opera-
tion while maintaining balanced load distribution and limiting

persistent user outages.

user fraction, and J(t) denote Jain’s fairness

V. SIMULATION RESULTS AND ANALYSIS

This section evaluates the proposed mobility-aware frame-
work under time-varying channels and handover constraints.
Four KPIs are considered: energy efficiency (EE), dropped-
user percentage, Jain’s fairness index, and handover rate.
We first compare the different UA/PA configurations under
a representative propagation setting, then examine the effect
of the load-balancing weight «, and finally study the impact
of increasingly NLOS-dominated propagation conditions.

A. Simulation setup

The network consists of three base stations deployed over
a 1 km x 1 km area with inter-site distance 500 m. Each base
station operates two bands: a low-frequency band at 800 MHz
with bandwidth 5 MHz and a high-frequency band at 2.6 GHz
with bandwidth 10 MHz. The low-band transmit powers are
fixed at 20 W, while each high-band power is either fixed to
40 W in the full-power schemes or selected by RL from the
discrete set P, = {0,20,22.5,...,40} W. For all KPI-versus-
users results, the number of users is swept from 10 to 610.

Each user moves along a linear track of length 200 m
with a random orientation and a constant speed 1 m/s, which
corresponds to a time horizon of T' = 695 slots. Each track
is divided into segments, and each segment is labeled NLOS
with probability pn1,0s and LOS otherwise; the correspond-
ing channel parameters are generated using the appropriate

Parameter Value¢ Parameter Value
Steps per episode 30 Clip factor 0.2
Experience horizon 15 Mini-batch size 5
Number of epochs 3 Entropy loss weight | 0.1
GAE factor 0.95 | Discount factor 0.995

TABLE I: PPO hyperparameters for mobility-aware power allocation.

QuaDRiGa UMa LOS/NLOS scenarios [29]. The minimum
user-rate requirement is independently sampled from 50 to
150 kbps. Event A3 handover feasibility is enforced using
TTT = 3 slots and HOM = 3 dB, and the connectivity
window used in the dropped-user definition is set to T,o, = 2
slots. For RL-based power allocation, the PPO agent updates
the high-band power vector every Ty = 24 slots and keeps
it fixed between two decision epochs. All agents are trained
for 1000 episodes using the hyperparameters in Table 1. The
RSRP threshold used in the good-user fractions is adapted as
RSRPhresh (PNLOs) = 10(7872:9Pnros) W, This expression
was obtained empirically from preliminary simulations by
tracking how the RSRP distribution changes with pnros
and selecting a simple monotonic fit that keeps the good-
user fractions g, within a useful dynamic range, rather than
saturating near zero in strongly NLOS scenarios.

B. Results for pnpos = 0.9.

We first compare the four UA/PA configurations at pn1,08 =
0.9 with («, 8) = (1, 1), where the baseline UA is Max-SINR-
HO and the proposed UA is SIRRA-HO. Figures 1-4 show
EE, dropped-user percentage, load balancing fairness, and han-
dover rate, respectively, as functions of the number of users.
The figures show that the dominant EE improvement comes
from RL-based PA: RL increases EE by 23.13% with Max-
SINR and by 23.26% with SIRRA-HO, whereas replacing
Max-SINR by SIRRA-HO yields a smaller additional gain of
0.90% under full power and 1.01% under RL power; applying
both changes together gives an overall EE gain of 24.39%.

The dropped-user percentage remains low across all config-
urations. In particular, RL leaves the dropped-user percentage
unchanged with Max-SINR and changes it by only 0.21
percentage points (pp) with SIRRA-HO, while replacing Max-
SINR by SIRRA-HO changes the dropped-user percentage by
0.65 pp under full power and 0.87 pp under RL power; the
overall joint change is therefore 0.87 pp. For load balancing
fairness, RL reduces Jain’s index by 4.00 pp with Max-SINR
and by 4.37 pp with SIRRA-HO, whereas SIRRA-HO recovers
0.57 pp under full power and 0.20 pp under RL power, leading
to a net fairness change of —3.80 pp when both mechanisms
are combined.

The clearest advantage of SIRRA-HO appears in the han-
dover metric. RL alone has only a minor effect on handover
rate, reducing it by 0.11 pp with Max-SINR and by 0.03 pp
with SIRRA-HO, while replacing Max-SINR by SIRRA-HO
reduces the handover rate by 1.34 pp under full power and
1.27 pp under RL power; jointly, the two changes reduce the
handover rate by 1.37 pp.

C. Effect of the load-balancing weight o

To examine the influence of the fairness term in the reward,
we compare the joint proposed UA + RL PA scheme at
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pnLos = 0.5 for two values of the fairness weight, namely
o =1 and a = 4.5. Table II shows that increasing «a slightly
reduces the EE gain from 27.23% to 25.98%, while leaving
the impact on dropped users unchanged at +0.34 percentage
points (pp). At the same time, the fairness degradation is
marginally reduced from —5.17 pp to —5.01 pp, indicating
that a stronger fairness emphasis can partially recover load
balance without eliminating the energy-efficiency benefit of
RL. The handover-rate impact remains unchanged at —0.08
pp, which suggests that a mainly affects load redistribution
rather than mobility-triggered association updates.

Metric a=1 oa=4.5
EE Gain 27.23% 25.98%

Impact on Dropped Users | +0.34 pp | +0.34 pp
Impact on Fairness —5.17pp | —5.01 pp
Impact on Handover Rate | —0.08 pp | —0.08 pp

TABLE II: Effect of the fairness weight o on the joint UA-PA gain (pn1,0s =
0.5, 8=1).
D. Sensitivity to pNLOS

To assess robustness, we sweep the segment-level NLOS
probability pnros while keeping the remaining parameters
fixed. For each value of pnros, the four KPIs are evaluated
over the full simulation horizon for all configurations. Fig-
ure 5 summarizes how the joint UA-PA effect varies with
the propagation environment. As expected, the benefit of the
proposed framework is influenced by the severity of NLOS
propagation. While the EE gain shows a decreasing trend as
PNLOs increases, it still exceeds 24% in the considered range,
which demonstrates the robustness of the proposed joint UA-
PA design even under NLOS-dominated conditions. Similarly,
the dropped-user performance tends to worsen at larger pn1,0s,
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reflecting the tighter feasibility imposed by minimum-rate con-
straints in NLOS-dominated tracks. Load balancing fairness
is also negatively affected in difficult propagation conditions,
suggesting that energy-oriented decisions increasingly concen-
trate traffic on a smaller subset of bands. In contrast, the
relative handover-rate improvement becomes more pronounced
as pnLos grows, indicating that the proposed mobility-aware
UA remains effective in mitigating unnecessary handovers
even in more challenging environments.
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VI. CONCLUSIONS AND FUTURE WORK

This paper presented a mobility-aware framework for
energy-efficient load balancing in homogeneous multi-band
cellular networks, combining a SINR-ratio-based user as-
sociation algorithm with PPO-based power allocation on
high-frequency bands. The system model explicitly accounts
for LOS/NLOS propagation, equal-bandwidth sharing, LTE
Event A3 handover-feasibility constraints, and a compre-
hensive set of KPIs including energy efficiency, dropped-
user fraction, load-balancing fairness, and handover rate. The
decomposed design, with slot-level association and slower-
timescale power control, yields a practical solution for the
otherwise intractable joint UA-PA optimization.

Simulation results with QuaDRiGa-based channels demon-
strate that the proposed SIRRA-HO+RL scheme can substan-
tially improve energy efficiency compared to fixed full-power
operation while keeping dropped-user percentages and fairness
close to baseline levels. Importantly, the RL-based PA also
reduces the average handover rate relative to Max-SINR full-
power configurations, indicating that mobility robustness and
energy efficiency can be improved jointly rather than being
conflicting objectives.

Future work will consider decentralized realizations of the
proposed framework, for example through multi-agent RL
or distributed association with limited inter-BS signaling,
to enhance scalability and robustness in dense deployments.
Another extension is to incorporate MIMO spatial degrees of
freedom, such as beamforming and spatial multiplexing, into
the state, action, and reward design, enabling joint optimiza-
tion over association, power, and spatial resources for further
gains in energy efficiency and mobility performance.
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