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ABSTRACT: The management of demand response (DR) in smart grids increasingly relies on low-latency, reliable,
and scalable communication, yet traditional DR signaling methods fail in dense network environments. In this paper,
a communication-aware clustered demand response architecture (CCA-DR) for smart grids based on 5G technology is
proposed, in which DR users are clustered based on service-area density and assigned to the closest communication-
aware cluster. It is linked via directional antenna pairs to reduce cumulative signal attenuation. The model incorporates
the properties of the 5G broadband channels, such as path loss, interference, latency, and reliability constraints, into
the DR management process. A mechanism of iterative refinement is also used to enhance the cluster structure and
communication quality as the load on the cells increases. The proposed framework is compared with four benchmark
schemes: Distance-Only clustering, Greedy Antenna selection, Static Clustering, and Unicast DR. The simulation results
indicate that the proposed CCA-DR outperforms all baselines across key communication and operational indicators.
The proposed approach maintains the lowest average latency, approximately 5-13 ms across normalized cell loads
from p = 0.1 to p = 1.0, remaining below the 20 ms real-time DR threshold. It also achieves lower packet loss, higher
SINR, improved user rate, stronger active DR user ratio, better reliability, and stronger fairness than the benchmark
schemes. The method also supports the highest user rate, the largest active user ratio of DR (around 0.95), and the
best communication reliability. The framework also attains high-quality fairness of DR allocation and high-quality
cell-edge SINR. Further sensitivity analysis indicates that stronger incentives lead to greater aggregate DR response in
the proposed architecture. The addition of 5G communication awareness to clustering, user assignment, and antenna
assignment enhances the effectiveness, resilience, and scalability of DR management in next-generation smart grids.

KEYWORDS: Demand response; communication-aware clustered demand response framework; signal-to-
interference noise ratio; 5G

1 Introduction

Smart Grids (SGs) [1] are cyber-physical systems that combine advanced smart grid technologies with
communication systems. They enable efficient, sustainable electricity generation and management through
bidirectional communication, allowing the exchange of electricity and information across energy grids and
consumer devices. This approach helps shift electricity consumption away from peak periods, resulting in
a more balanced demand [2]. In SGs, utility sectors such as demand response (DR) rely on large-scale data
collection from end users to forecast loads. Smart meters send real-time data, helping utilities calculate
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demand based on current pricing. The DR engine then responds to consumer behavior and optimizes
energy use. For long-term smart-grid communication, advanced broadband and wireless connectivity are
essential because they support reliable data exchange, monitoring, control, interoperability, and secure grid
operation [3]. 5G emphasizes the advantages of small wireless cells and mmWave directionality, such as
interference reduction and increased spatial multiplexing [4]. Moreover, multicast wireless transmission
using OFDMA radio resources is emerging as an efficient means for providing group communication,
particularly for massive data exchange in DR programs [5]. Advanced multimedia broadcast and multicast
service (eMBMS) systems are being investigated to optimize wireless communication between aggregators
and energy consumers, as well as wireless communication networks. The emerging 5G wireless broadband
networks, utilizing mmWave spectrum and sub-millisecond latency, promise to meet increasing connectivity
and data rate demands. Evaluations of scheduling and resource management in OFDMA systems, like those
in [6], are crucial for efficient 5G deployment. Since dense small-cell deployment is foundational to 5G
networks, effective planning involves selecting optimal locations for small cells equipped with directional
antennas to minimize the number of small cells while providing coverage [7,8]. DR operations management
generally involves (i) forecasting [9], (ii) triggering and dispatch of events, (iii) measuring and verifying,
(iv) settling incentives [10], and (v) learning after events. In addition, it provides low-latency, high-reliability
communications, supports an extremely high number of devices, and enables network slicing to balance
grid operational priorities with communication quality-of-service (QoS). A recent dynamically priced
study on DR uses multi-agent federated reinforcement learning to coordinate demand-side operations. DR
management in a distributed wireless network should explicitly account for latency disparities to enhance
DR transmission and responsiveness [11]. This trend indicates the operational necessity of shifting towards
operational scheduling and adaptive DR, in which control policies vary with current system conditions.
The communication delays and packet loss are major issues. Edge computing is once again mentioned as
a viable tool to reduce DR decision latency by placing analytics and control closer to devices [12]. More
recent edge-based smart grid data security research also reduces response time, a key factor in a practical
DR system [13]. DR operations management should involve cybersecurity KPIs (attack detection time,
trust scoring, secure key management overhead) in the performance assessment [14]. DR for industrial
and commercial loads is increasingly important because large-scale flexible units require communication-
enabled coordinated optimization to support grid flexibility while satisfying operational constraints and
comfort margins [15]. Al assists in DR work by forecasting loads, estimating baselines, segmenting customers,
predicting events, and running adaptive dispatches [16]. The main motivation for the proposed CCA-DR
framework is that demand response in dense smart-grid environments cannot rely solely on energy-
side scheduling or conventional communication models. In practical 5G-enabled smart grids, DR signals
must be delivered under strict latency, reliability, SINR, packet-loss, and coverage constraints. Existing DR
approaches mainly focus on pricing, user participation, load reduction, or energy optimization, while many
5G communication algorithms focus on handover, scheduling, or general QoS without considering DR
activation. Therefore, these methods do not fully explain how communication quality affects the number of
users that can be reliably activated for DR. The proposed CCA-DR algorithm differs from existing methods
by jointly combining communication-aware clustering, directional antenna assignment, SINR-based link
evaluation, latency-aware DR activation, and iterative cluster refinement.

The following outlines the main contributions of this article:

o A CCA-DR framework is proposed for 5G-enabled smart grids, grouping DR users by spatial distribu-
tion and communication conditions to improve scalable DR signalling.

«  Ajoint clustering and directional antenna assignment mechanism is developed by incorporating path
loss, interference, SINR, latency, reliability, and attenuation into the DR communication process.
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e An iterative refinement algorithm is introduced to update the cluster structure and improve perfor-
mance under dense, varying cell-load conditions, with evaluation against Distance-Only clustering,
Greedy Antenna selection, Static Clustering, and Unicast DR benchmarks.

2 System Model

The proposed optimization model is formed to optimize user clustering, centroid location, antenna
placement, communication quality, and DR activation. To minimize computational complexity in dense
smart-grid settings, an iterative decomposition-based algorithm is proposed. The algorithm switches
between communication-aware clustering, channel-based antenna selection, performance analysis, and DR
response update until convergence. The simulation parameters are given in Table 1 and the other details of
the proposed framework are given in following subsection.

Table 1: Simulation parameters used for evaluating the proposed 5G-enabled DR framework.

Symbol Typical Value Symbol Typical Value
N, K, A 500, 9, 2 x 2 km? Qmin 0.50
Loax 20 P;, max 0.5-3 kW
do 1m 7 (t) 0.1-0.5 p.u.
Ply, o 32.4,6dB & 0.1-0.8 p.u.
n 31 &, c(t) 0-0.2 p.u.
Py, tx 30 dBm &y Ens & 0 p.u for all
h, hy 10, 1.5 m e 0.95
G, rx 2 dBi Pmax 180
s, ¢5 dB 65, 15 degree Ni,min, Ny,max 30, 80
Amax 20 dB ey, €] 10~ m, 107
My 4 NMC 100 runs
No -174 dBm/Hz Wy, Wy, W3 0.40, 0.35, 0.25
Bmax> Bi 100 MHz, 0.180-1 MHz ar, 0, 03 0.20, 0.15, 0.15
I'gap 1.5 Oy, 05, O 0.10, 0.30, 0.10
Lpkt 256 bits Bo> B1> B> B3> Pa -1.0,1.2, 0.20, 0.08, 1.0
Ti,queue, T;,proc, T,prop 2,1,0.5ms AT, Thax 0.05 ms_l, 20 ms
7;, MEC-normal, 7;, MEC-fail 2,8 ms a;, by 1,0.12
Pr{(; =1} 0.05 Ymin> yedge 5,0dB

2.1 Initialization Stage

Assume that N DR-enabled users are distributed across the service area with known coordinates
r; =[x, yi]T, i =1,..., N. Let the number of clusters be K, and let H}go) defines the initial centroid of cluster
k. These initial centroids are chosen randomly or by using a centroid seeding method such as k-means++.
In the start, the variables are initialized, ¢ = 0, P‘/EO)’ k=1,...,K, ](0) = +00, and xi(]?) = O,yEEZn =0, ul(o) =0,
where / is the iteration index and J() is the objective function value at iteration £.

2.2 Communication-Aware User Clustering

Atiteration ¢, the euclidean distance between user i and centroid k is computed in Eq. (1). The clustering
cost is formulated by considering spatial distance, estimated channel loss, and an edge-quality penalty for
each user in Eq. (2). Then the user assignment is performed on the cluster with the minimum cost in Eq. (3)
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and the binary allocation variable is formulated in Eq. (4). This step creates the current user-to-cluster
association matrix, and to prevent unbalanced cells, the cluster sizes are determined in Eq. (5). If a cluster
exceeds its upper bound, its users are reassigned to neighboring feasible clusters according to the next
minimume-cost assignment.

¢ ¢
d) =l i - 11 o
2
¢l = o (dy)) + 0ty @ + wspee® 2)
kf(e) = arglilei’?Ci(,f) (3)
sy L k= kf(e)
X, = . (4)
0, otherwise
. N e
Npin < fok“) < Npax )

Il
—

2.3 Channel Estimation and Directional Antenna Assignment

The path loss is computed in Eq. (6). The received power for user i from antenna pair m is calculated
in Eq. (7). For each user, the best directional antenna pair is chosen in Eq. (8). The assignment variable
formulated in Eq. (9). This stage ensures that each clustered user is linked to the most favorable antenna pair
from a communication perspective.

(£+1)
4+1 ik 2

PL’(_k+ ) _ PLy + 101110g10 (d—o) + X;’k + Li;aY 6)
rx, (£ X X rx ¢

Pikrrg R P&+ G, (8, dik) + G — PLng) = Aikm (7)
*(€+1) .
i = ikm 8

m, arg W{g}&lkA k (8)

* (L

RO m = m; ) 9)

ikm 0, otherwise

2.4 Interference, SINR, and Reliability Update

Once the antenna assignment is fixed, co-channel interference is estimated from neighboring clusters.
It should be noted that the received powers used in the interference summation in Eq. (10) are first converted
from dBm to linear milliwatt units before the SINR calculation. Therefore, if Pfg“;n denotes the received

. dBm
power from antenna sector m of cluster k, its linear value is calculated as Plh}(‘ ., = 107/ mW . Similarly, the

noise power is converted as N }i“ =10V im0 mW. Thus, the interference term in Eq. (10) is evaluated using
Pil},ic’fm, not dBm values. In each Monte Carlo simulation trial, the sector-activity variable s im 18 determined
from the active-user and resource-block allocation of cluster j. Specifically, s; ,, = 1 when at least one active
DR user associated with sector m of neighbouring cluster j is scheduled on the same time-frequency resource
block as the considered user i; otherwise, s iom = 0. Therefore, s jom 18 derived from the simulated resource-
block usage and is not selected as an independent arbitrary variable. The cluster-level occupancy factor p;
represents the fraction of time-frequency resource blocks occupied by cluster j. In the simulations, the global
normalized load parameter p € [0.1,1.0] controls the average cell-load condition, while p ; is obtained for each

cluster according to its active-user density and scheduled resource-block demand. Thus, higher values of p
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increase the probability that neighbouring sectors are active on overlapping resource blocks, which increases
inter-cluster co-channel interference in Eq. (10).

lin,(041) _ K (6+1) _ oyrx, lin, (£+1)
Ii - Zj:l,#ki* ZmeMj Sj,m PjPi,j,m (10)

rx, lin, (£+1)
where P; /'

cluster j. The SINR is then calculated on the linear scale in Eq. (11).

is the received interference power (mW) at user i from antenna sector m of neighbouring

lin(£+1)

(e41) ikf .

) = 1
Vi Iiin(éﬂ) + Nln (1)
where P}igge:;? is the desired received signal power from the selected serving antenna sector, I f“l) is the total

neighboring-cluster interference power in milliwatts, and N is the noise power in milliwatts. The obtained
SINR is converted back to dB only for reporting and plotting. The achievable rate is computed in Eq. (12), and
the end-to-end latency and reliability are computed in Eqs. (13) and (14), respectively. It determines whether
the communication structure is suitable for real-time DR signaling in Eq. (15).

y(m)
R = Bilog, [1+ & (12)
rgap
(1) _ Lo 4 plueue  gProc y gprop MEC (13)
i R(ED i i i i
i
RED = (1= PERY) exp(-2, ) (14)
£+1)
PER™Y = gyt (15)

2.5 Demand Response Scheduling and Response Update

A user is considered eligible if its SINR and latency satisfy Eq. (16). For eligible users, the participation
probability is calculated using the logistic response model in Eq. (17). The realized DR contribution of user
i is given in Eq. (18). The aggregate demand reduction is then given in Eq. (19). This step connects the
communication layer to the energy-management layer.

YD 2 Yin, 78 < T (16)
(0+1) 1
q; ()= 17)
1+ exp [— (ﬁo + Bumi(t) + Boyl Y = Byt - ﬁ45i)]

AP (1) = u D (1)g D (1) PR (1 - €6(1)) (18)
N

ARSIV (1) = 3 AP (1) (19)
i=1

2.6 Dense-Region Refinement

A cluster is considered overloaded or weak if either of the conditions given in Eq. (20) is satisfied. After
this condition is satisfied, cluster k is refined. Refinement can be performed by splitting the cluster into two

sub-clusters using the weighted update by Eq. (21). This refinement stage is important because it preserves
communication quality in densely populated residential areas where wi(“l) is given as:
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Y x‘(zfﬂ) (e+1)
A—k > Pmax OR ) I’(?H’)l Vi < Yedge (20)
NODMEIN
‘u(“l) = Z 1%k Wi , where wlD - ! (21)
: s 1x1(£+1)wz(€+1) l l+m /Y(g R 12 T(€+ )+ 3 A(EH)

2.7 Objective Function Evaluation and Convergence

The iterative process stops only when both the maximum centroid displacement and the relative
objective variation fall below their respective thresholds, or when the maximum iteration limit is reached.
At the end of iteration [ +1, the total objective value is evaluated using normalized objective-function
components. Since the objective function combines heterogeneous quantities with different physical
units, each component is normalized before weighted aggregation. The normalized terms are defined as

_ ~ (+1) _ (1+1)
pU+) — L Z, 1Zk x (l+1) d,k FU+1) _ 1 Z,_ Trmax ga+n - %Zﬁl (1—R§l+1)),A(l“) Z Al
(ZH)(t) DR 0 C(l+1)(t) CVaR ( (’“)(t))

l 1 Amax
risk where dimaxs Tmax> Amax> Pmax> and Spax are the reference
scaling values for distance, latency, attenuatlon, maximum DR capacity, and shortage-risk normalization,
respectively. The normalized objective function is then written in Eq. (22):

T
](l+1) _ Z I:alD(lH) + (xzi,(l+1) + 0(30(l+1) +(X4A(l+1) _ (l+1)(t) ra C(l+1)(t)] (22)

risk
t=1

The DR gain term is subtracted because higher controllable DR response is desirable, whereas
the remaining terms are minimized. This normalized formulation ensures that no objective component
dominates due to its physical scale. The iterative process stops only when both the maximum centroid dis-
placement and the relative objective variation fall below their respective thresholds, or when the maximum
iteration limit is reached as Eq. (23):

(1+1)

](1+1) _](l)
‘u,(cl) |2 <e, and A](l) _| |

= S e orl =l (23)

max
; (2

The weighting factors in Table 2 were selected using a heuristic tuning approach guided by the design
priorities of the proposed CCA-DR framework. Since the main objective is to improve controllable DR
participation while maintaining reliable 5G communication, the highest weight was assigned to the DR gain
term (as = 0.30). The distance component (a; = 0.20) supports compact and balanced clustering, while
latency and unreliability (a, = a3 = 0.15) reflect the importance of real-time and reliable DR signalling.
Attenuation and CVaR shortage risk (a4 = a6 = 0.10) were assigned smaller but non-zero weights to include
link quality.

The results were not found to be sensitive to the choice of a single manual weight setting and a short
sensitivity analysis is examined at p = 0.5. For the communication-priority setting, higher weights were
given to latency, unreliability, attenuation and compactness; and lower weight was given to DR-gain as
shown in Table 3. With DR-priority set, the DR-gain weight was raised and the other weights were adjusted
accordingly. The results demonstrate the stability of the proposed CCA-DR framework under the tested
settings. The DR-gain weight can be increased to gain aggregate DR response but at the cost of modest
increase in latency and a small decrease in reliability, while the communication-priority weighting can be
increased to gain latency and reliability at the cost of a modest decrease in aggregate DR response. This
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reaffirms that the chosen baseline weights represent a consistent balance between communication quality,
DR response, reliability and fairness.

Table 2: Objective-function components, normalization terms, and weighting factors used in the proposed model.

Component Normalization Weight Purpose
Distance d; k/dinax 0.20 Reduce cluster spread
Latency T/ Tmax 0.15 Maintain real-time DR signalling
Unreliability 1-R; 0.15 Improve delivery reliability
Attenuation Ak m/Amax 0.10 Prefer stronger antenna links
DR gain AP;/Prax 0.30 Increase controllable DR response
CVaR shortage risk CVaR#/(S)/Smax 0.10 Penalize the shortage risk

Table 3: Sensitivity analysis of CCA-DR performance to objective-function weights setting.

Setting o a a3 ay s Qg Lat. DR Rel. JFI
Comm-priority 0.22 0.18 0.18 0.12 0.20 0.10 6.55 512.4 0.72 0.83
Baseline 0.20 0.15 0.15 0.10 0.30 0.10 6.80 536.7 0.70 0.82
DR-priority 0.18 0.13 0.13 0.09 0.37 0.10 7.15 558.2 0.68 0.80

Note: Lat. = latency (ms); DR = aggregate demand response (kW); Rel. = reliability; JFI = Jain fairness index.

3 Iterative Communication-Aware Clustered DR Management under 5G

Input: User coordinates {r; }, number of clusters K, antenna set My, transmit power, channel parame-
ters, QoS thresholds, DR parameters, convergence tolerances ¢, and &;, maximum iterations Lpax

Output: Final cluster assignments x;i, centroids py, antenna assignments y,,,, SINR y;, delay 7;,
reliability R ;, aggregate DR response APpg, whereas (see Algorithm 1):

Algorithm 1: Iterative communication-aware clustered DR management

1: Initialize iteration counter £ = 0
2: Initialize cluster centroids ,u](co)

3: Set the previous objective J(?) = +oco
4: repeat

5: for eachuseri=1 to N do
6
7
8
9

: Compute distance d i(f) to each centroid k

: Compute communication-aware clustering cost C ff)
: Assign user i to the minimum-cost cluster
. (4+1)
: Update x;,
10: end for

11: Enforce cluster size constraints and rebalance if needed
12: for each assigned user i do
13: Compute path loss PL%H)

14: for each candidate antenna pair m € My do
P(ﬁ+1)

15: Compute received power P, "/

(Continued)
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Algorithm 1 (continued)

16: Compute cumulative attenuation A i,

17: end for

18: Select antenna pair m; with minimum attenuation
19: Update yf,f:nl)

20: end for

21: for each active user i do

22: Compute interference I IQH)

23: Compute SINR y{“*"
24: Compute data rate R§Z+1)
(£+1)

i

25: Compute latency 7
26: Compute the packet error rate PEREKH)
27: Compute reliability Rl(.éﬂ)

28: end for

29: for each user i do

30: Compute the participation probability ql@“)
(£+1)

i

31: Determine DR activation u
32: Compute realized demand reduction API.(EH)
33: end for

34: Compute AP](JZIII) =);AP
35: for each cluster k do

36: Check density threshold and edge-SINR threshold
37: if violated, then refine or split cluster k

38: Update centroid u,(fﬂ) using the weighted rule
39: end for

40: Evaluate objective J(/*1)

(1+1) _ (D)
41: Untilm];ax I y,({m) - [J,(J) [l2< e, and% <, orl =l

(¢+1)

i

42: Return Xiks> Uk> Yikm> YVi> Tis Ri: APDR

3.1 Simulation Configuration and Reproducibility Protocol

The simulation was made reproducible using a fixed master random seed, rng(7). The master random
seed rng(7) was used only once to initialize the pseudo-random number generator. For each Monte Carlo
trial, a unique trial-specific seed was deterministically generated from the master random sequence, thereby
producing an independent realization of user locations, shadow fading, channel conditions, and traffic
demand. To ensure a fair comparison, the same trial realization was used for all competing schemes,
including the proposed CCA-DR, Distance-Only clustering, Greedy Antenna selection, Static Clustering,
and Unicast DR. Each algorithm therefore operated on identical network conditions within a given trial, and
only the optimization strategy differed. After all algorithms completed the same realization, the next trial-
specific seed was used to generate a new independent realization. Consequently, the reported performance
metrics represent averages over 100 independent but fully reproducible Monte Carlo trials. The mean value,
the standard deviation and the 95% confidence interval were then calculated based on 100 independent but
reproducible simulation realizations. A 2000 x 2000 m* 5G-enabled smart-grid service area was considered,
with 500 uniformly distributed DR users unless otherwise stated. By default, 9 clusters were considered,
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each with 4 directional antenna sectors that are uniformly spaced at 0°, 90°,180°, and 270°. The half-power
beamwidth of the antenna was 65° and the directionality attenuation was determined by calculating an
angle between the user and the selected sector. The wireless channel was modeled as a path-loss model with
log-normal shadowing with the path-loss constant PLy = 32.4 dB at dy = 1 m and the path-loss exponent
n = 3.1, and the standard deviation of shadowing o = 6 dB. The transmit power of the small-cells was 30 dBm
and the transmitter and the receiver’s antennae gains were 9 and 2 dBi, respectively. The implementation gap
I'gap was 1.5, the bandwidth of the system was 100 MHz and the thermal noise density was —174 dBm/Hz. To
evaluate the effects of light-load to full-load conditions, the normalized cell-load factor p varied from 0.1 to
1.0 with a step of 0.1, with p = 0 being omitted as it represents an idle network with no active DR signalling,
queueing delay, or meaningful cell loss.

4 Results and Discussion

For a fair comparison, the proposed CCA-DR framework is compared with four benchmark schemes
in the same user distribution, channel model, antenna configuration, load range, Monte Carlo trials, QoS
thresholds and performance metrics. Distance-Only clustering assigns users to the closest centroid based
on the Euclidean distance only, and does not take any other factors into account, such as path loss, SINR,
latency, reliability, or antenna attenuation. Greedy Antenna selection, selects the locally strongest or least
attenuated one without joint clustering or iterative refinement. Static Clustering maintains the existing user-
cluster mapping in spite of changes in load or communication quality. Unicast DR does NOT do clustered
communication and/or does NOT optimize directionally at the cluster level, only one-to-one.

4.1 Load-Dependent Communication Performance Analysis

Fig. 1a shows that average latency increases with normalized cell load p due to higher interference,
scheduling pressure, and queuing delay. However, the proposed framework of CCA-DR is able to achieve
the lowest latency for all load conditions, from approximately 5 ms for p = 0.1 up to almost 13 ms for
p = L0, all of which are still below the 20 ms real-time DR requirement. Distance-Only and Greedy Antenna
schemes achieve times around 14-15 ms, while Static Clustering gets to 16-17 ms, and Unicast DR jumps
considerably to 26 ms, reflecting a poor scalability of one-to-one DR signalling. The same trend is also seen
on the graph of packet loss in Fig. 1b. At full load, the packet loss of CCA-DR is the lowest (around 0.04),
while Distance-Only, Greedy Antenna and Static Clustering packet loss is around 0.09-0.14, and Unicast DR
is around 0.55-0.56. This improvement is attributed as a result of compact clustering, directional antenna
assignment, and iterative refinement to decrease the weak links and congested communication regions. The
turther confirmation of the CCA-DR communication advantage is shown in Fig. lc. In the case of higher load,
SINR of all the schemes reduces, however, SINR of CCA-DR decreases the least which is from approximately
32 dB to 22-23 dB at full load. Compared to that, Distance-Only drops down to around 19 dB, Greedy
Antenna to 18 dB, Static Clustering to 16-17 dB and Unicast DR only to 6-7 dB. This shows that CCA-
DR considers both spatial association and communication quality. The user-rate results in Fig. 2a also
support this finding. CCA-DR decreases from about 2.5 Mbps at low load to 1.7-1.8 Mbps at high load,
still outperforming the benchmark schemes. Fig. 2b shows that CCA-DR maintains the highest active DR
user ratio, remaining near 1.0 under light load and about 0.92 under heavy load, while the benchmark
schemes remain much lower. Finally, Fig. 2c shows that reliability decreases with increasing load, but CCA-
DR remains the most reliable, declining from about 0.78 to 0.55, compared with only 0.17-0.18 for Unicast
DR. Overall, the proposed framework enhances the DR communication performance by lowering latency,
packet loss, and increasing SINR, user rate, active-user ratio and reliability, compared with the performance
of the Unicast DR approach.
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Figure 1: Performance comparison of the proposed CCA-DR framework and benchmark schemes under varying
normalized cell load: (a) average network latency; (b) average packet loss; and (c) average SINR. Bars/markers represent
mean values over 100 independent Monte Carlo trials, and error bars indicate 95% confidence intervals computed
separately for each method and load point.
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Figure 2: Performance comparison of the proposed CCA-DR framework and benchmark schemes under varying
normalized cell load: (a) average user rate; (b) active DR user ratio; and (c) average communication reliability. Markers
represent mean values over 100 independent Monte Carlo trials, and error bars indicate 95% confidence intervals
computed separately for each method and load point.

4.2 Fairness, Edge-User Robustness, and CDF-Based Validation

The CDF plots are reported at p = 0.5 to represent a balanced medium-load condition, while the full
load-dependent evaluation is performed over p = 0.1 to p = 1.0. Fig. 3a shows that the proposed CCA-DR
framework maintains a high Jain fairness index, decreasing only from about 0.84 at light load to about 0.78
at full load. In contrast, the benchmark schemes show greater degradation, with Unicast DR approaching
0.05. This confirms that CCA-DR avoids consistently favoring users with strong links and improves fairness
by refining clusters and supporting users in poor communication regions. The 10th percentile cell-edge
SINR in Fig. 3b further confirms edge-user robustness. CCA-DR decreases from about 19 dB to 9-10 dB at
maximum load, whereas the benchmark schemes suffer larger reductions, and Unicast DR becomes negative
at full load. This shows that CCA-DR improves both average performance and cell-edge reliability. User-
level validation at p = 0.5 is shown through the CDF results. The latency CDF in Fig. 3¢ shifts farthest to the
left, indicating lower and more consistent latency. Similarly, the packet-loss CDF in Fig. 4a rises sharply in
the low-loss region, showing that most users experience limited packet loss. The SINR and user-rate CDFs
in Fig. 4b,c also show that more users achieve higher SINR and better data rates under the proposed method.
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Figure 3: Fairness, cell-edge, and distributional performance of the proposed CCA-DR framework and benchmark
schemes: (a) Jain fairness index under varying normalized cell load; (b) 10th percentile cell-edge SINR under varying
normalized cell load; and (c) latency CDF at p = 0.5. Error bars in Fig. 3a,b indicate 95% confidence intervals computed
over 100 independent Monte Carlo trials.
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Figure 4: Distributional performance of the proposed CCA-DR framework and benchmark schemes: (a) Packet-loss
CDF at p = 0.5; (b) SINR CDF at p = 0.5; and (c) User-rate CDF at p = 0.5.

4.3 Reliability, Runtime, Incentive, and Cluster Sensitivity Analysis

Fig. 5a shows that CCA-DR has the most favourable reliability CDE, confirming that the improvement
is distributed across users rather than limited to average performance. The directional antenna layout
and spatial cluster map in Fig. 5b further illustrate how users are assigned to smaller service areas, while
directional sectors reduce transmission distance, attenuation, packet loss, and cell-edge degradation. Fig. 5¢
shows that CCA-DR has higher runtime than Greedy Antenna and Unicast DR because it includes clustering,
channel evaluation, antenna assignment, and iterative refinement; however, the runtime remains practical,
reaching about 13 ms for 500 users. Fig. 6a shows that CCA-DR achieves a higher aggregate DR response
across all incentive levels, while Fig. 6b indicates that reliability is less affected by incentives because it mainly
depends on channel quality, packet loss, latency, and interference. Finally, Fig. 6¢ confirms that the number
of clusters is an important design parameter, where a moderate cluster setting provides the best balance
between DR response and communication quality.
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Figure 5: Reliability distribution, spatial layout, computational complexity, and sensitivity analysis of the proposed
CCA-DR framework: (a) Communication reliability CDF at the representative medium-load condition p = 0.5;
(b) Spatial cluster map with directional antenna layout; (c) Algorithmic running time vs. network size.
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Figure 6: Sensitivity analysis of the proposed CCA-DR framework: (a) Effect of incentive level on aggregate DR
response; (b) Effect of incentive level on average communication reliability; and (c) Sensitivity of aggregate DR response
and average SINR to the number of clusters.

4.4 Convergence and Ablation-Based Performance Validation

All major simulations were repeated over Ny¢ = 100 independent Monte Carlo trials. Each algorithm
has been tested 100 times and each normalized cell-load point has been tested for each algorithm, and the
reported value is the mean of the samples. The statistical uncertainty was evaluated by computing the 95%
confidence interval, Clys = 1.96—=— where o is taken as the sample standard deviation over the Monte
Carlo trials. Each of the methods, mMeCtrics, and load points have their own separate 95% confidence interval.
The resulting 95% confidence intervals are displayed as error bars in Figs. la—c, 2a—c and 3a,b. The relatively
small confidence intervals for the primary performance measures suggest that the improvements that were
measured in CCA-DR are not attributable to just one random network realization and are consistent across
the independent Monte Carlo trials.

The convergence behaviour of the proposed iterative CCA-DR algorithm is illustrated in Fig. 7 under the
representative medium-load condition p = 0.5, with N = 500 users, K = 9 clusters, M} = 4 antenna sectors
per cluster, and Ny¢ = 100 independent Monte Carlo trials. Fig. 7a shows the normalized objective-function
value J(!), which decreases rapidly during the initial iterations before gradually converging to a stable
value. Fig. 7b presents the centroid movement Ay ("), demonstrating that the centroid displacement decreases
monotonically and falls below the centroid tolerance ¢, =107 m. Fig. 7c illustrates the relative objective
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(I1+1) _ (D)
variation, A ]r(ell) = %, together with the objective-function tolerance &; = 107*. The vertical dashed

line indicates the actual stopping iteration, at which both convergence criteria are satisfied simultaneously.
These results confirm that the proposed CCA-DR algorithm converges efficiently within a limited number
of iterations while satisfying both the centroid-based and objective-based stopping conditions. The stopping
iteration shown in Fig. 7 corresponds to the first iteration at which both the centroid-movement criterion
and the relative objective-variation criterion are simultaneously satisfied as per Eq. (23).
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Figure 7: Convergence behaviour of the proposed CCA-DR algorithm under p = 0.5, J(), Au(), €, =107 m, A]r(ell),
and ¢; =107*: (a) normalized objective-function value J (; (b) centroid movement Ay(l) with centroid tolerance

&, =107 m; (c) relative objective variation A ]r(ell) =| 7D — 7 /7() with objective tolerance ; = 1074, The vertical
dashed line denotes the actual stopping iteration where both criteria are satisfied.

The ablation study in Table 4 distinguishes the effect of each major components of the proposed frame-
work: communication-aware clustering, direction-specific assignment of antennas, and iterative refinement.
All three are not included in the Distance-Only baseline. The second variant is a communication-aware clus-
tering only. The third—Directional Antenna Assignment—does not include iterative refinement. All three
components are part of the complete CCA-DR framework. The results are given as mean + 95% confidence
interval based on 100 independent Monte Carlo trials at p = 0.5. This presentation shows both the incremental
contribution of each component and the statistical robustness of the observed performance differences.

Table 4: Compact ablation study of the proposed CCA-DR framework at p = 0.5.

Variant CAC DAA IR Lat. (ms) PL SINR (dB) Rate ADR Rel. JFI

Dlsotirf;e' No No No 830018 0.050«0.004 22.0+07 135+0.05 0.90+0.02 0.63+0.02 0.78 = 0.02

v(v:/((:)A];zi Yes No No 770+0.15 0.038+0.003 235+0.6 155+0.04 0.93+0.02 0.66+0.02 0.80 + 0.02

CVS/AO_I]?{R Yes Yes No 720+0.13 0.029+£0.003 245+05 175+0.04 0.96+0.01 0.68+0.02 0.81+0.01

CCFz-l\l—li)R Yes Yes Yes 6.80+0.12 0.021+0.002 252+0.5 190+0.03 0.98+0.01 0.70+0.01 0.82 + 0.01

Note: CAC = communication-aware clustering; DAA = directional antenna assignment; IR = iterative refinement;
PL = packet loss; ADR = active DR ratio; Rel. = reliability; JFI = Jain fairness index. Values are reported as mean + 95%
(Clys =1.96 \/%) confidence interval over 100 independent Monte Carlo trials at p = 0.5.
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4.5 Comparative Analysis with Existing DR and 5G Communication Studies

A comparison in Table 5 shows that the studies available typically address only one aspect of the
problem. For instance, Ref. [11] addresses dynamic pricing for DR, Ref. [12] addresses latency-aware DR
for wireless networks, Ref. [13] addresses real-time user-side energy management for DR, and Ref. [15]
discusses the challenges in DR communication in IoT. However, these studies cannot be combined to assess
dense 5G communication metrics, including packet loss, cell-edge performance, SINR, antenna assignment,
active DR user ratio, and fairness. Although some recent studies report useful communication metrics for
LPWAN smart-grid communication [17], 5G dual-connectivity handover [18], and QoS-aware 5G MTC
scheduling [19], they do not jointly address DR activation, clustered 5G coordination, directional antenna
assignment, and communication-aware DR management. Unlike the proposed CCA-DR framework, it offers
a DR-aware and communication-aware evaluation. It is tested under normalized cell load from p = 0.1 to
p = 1.0 and jointly measures latency, packet loss, SINR, user rate, active DR user ratio, reliability, fairness,
and cell-edge SINR. The proposed model maintains latency around 5-13 ms, which remains below the 20 ms
DR threshold, and keeps packet loss around 0.04 at full load. It also achieves an SINR of 22-23 dB, an active
DR ratio of 0.92, fairness of 0.78, and a cell-edge SINR of 9-10 dB at full load.

Table 5: Positioning of the proposed CCA-DR framework against related DR and communication-aware studies.

Ref. Study Focus Key Comparison

DR dynamic pricing with multi-agent
reinforcement learning

DR optimization focused; no 5G SINR,
packet loss, or cell-edge evaluation.

Latency-aware DR in distributed wireless
networks

Considers DR latency, but not 5G
clustered antenna-based coordination.

Edge-based user-side energy management

Supports real-time DR, but does not
evaluate dense 5G DR signalling.

IoT-enabled smart-grid DR

Discusses DR communication issues, but
not 5G clustering or antenna assignment.

Hybrid LPWAN smart-grid
communication

Packet delivery >97%; SNR ~ 9 dB;
latency <150 ms; reliability = 0.98.

>95% lower interruption time; 10x lower

18 1- ivity h
(1] >G dual-connectivity handover failure; packet delivery = 99.9%.
. Fairness ~ 0.78; delay violation capped at
1S -
[1°] Qo§-aware 5G MTC scheduling 8.3; throughput ~ 15% below Best-CQL
p =0.1to p = 1.0; latency » 5-13 ms;

Proposed ..
CCADR 5@G clustered communication-aware DR packet loss ~ 0.04; SINR » 22-23 dB;

active DR ratio ~ 0.92; fairness ~ 0.78.

5 Practical Deployment Implications

To begin with, the proposed framework’s ability to keep latency low even under heavy normalized cell
loading demonstrates its applicability to near-real-time DR dispatch, where control delays can make load
adjustments less effective. Second, fairness and cell-edge SINR are improved, indicating that the scheme
is more applicable to large-scale residential deployments, as it reduces the likelihood that users in poor
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communication areas are repeatedly locked out of DR participation. Third, the small runtime cost across the
largest network sizes considered, suggests that the method is computationally efficient to execute with the
assistance of edges. Lastly, the cluster-count sensitivity analysis indicates that a fixed clustering assumption
cannot be relied upon for practical deployment; cluster granularity needs to be adjusted based on user
density, interference, and the properties of the service area to achieve an optimal compromise between
communication quality and DR responsiveness.

6 Conclusion and Future Work

This paper proposes a communication-aware clustered demand response (CCA-DR) framework in the
smart grid with 5G technology. The proposed solution overcomes major disadvantages of the existing DR
solutions in dense networks where latency, packet loss, low signal strength, and lack of connectivity with
users can decrease the effectiveness of the DR. The study combines DR user clustering, nearest-centroid
association, 5G channel modelling, directional antenna pair selection, and dense-region refinement into
an iterative procedure and considers DR management as an energy-management and communication-
constrained optimization problem. For all four benchmark schemes, Distance-Only clustering, Greedy
Antenna selection, Static Clustering, and Unicast DR, the proposed CCA-DR framework is shown to
outperform the others in terms of both latency and packet-loss, SINR and user rate, the ratio of active
DR users, reliability, fairness, and cell-edge robustness as the normalized cell load increases. Further, CDF-
based results validate the proposed scheme to provide more stable and predictable latency, packet loss,
and reliability performance across users. Based on runtime analysis, the framework is seen to be still
computationally feasible, and the incentive and cluster-sensitivity results confirm that moderate clustering
offers the best trade-oft between DR response and communication quality. In conclusion, the results show
that the 5G communication awareness in clustering, association, and antenna assignment can significantly
enhance the efficiency, reliability, fairness, and scalability of DR management in future smart-grid systems.

The framework can be extended in future work to include additional, more realistic communication
conditions, including handover events, MEC failures, and dynamic traffic loads. Secure signalling delay,
attack-resilience overhead, and other cybersecurity-aware metrics can also be included in the DR optimiza-
tion model. In addition, adaptive cluster formation depending on the number of users and renewable energy
integration can further help enhance the resilience of 5G-enabled DR management in the future smart grid.
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