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Abstract

The extensive deployment of the Power Internet of Things (PIoT) relies on dual-mode
communication (HPLC + HRF) for robust data acquisition. However, under massive
bursty traffic, conventional static MAC superframe scheduling struggles to reconcile high
throughput with stringent reliability constraints. To mitigate this, we propose a dynamic
adaptive scheduling scheme. Initially, a joint PHY-MAC layer dual-mode system architec-
ture is proposed. At the MAC layer, a dual-link parallel multiplexing contention access
mechanism is applied; at the physical layer, a capacity bottleneck determination model
is established, incorporating log-normal–Bernoulli–Gaussian mixed noise and multipath
fading. Subsequently, an extended two-dimensional Markov chain analytically derives key
performance indicators, including equivalent collision probability, joint outage probability,
access delay, and network throughput. Building upon this, a Q-learning-based algorithm is
proposed. By constructing an asymmetric penalty–reward function, the central coordinator
(CCO) autonomously optimizes the Contention Access Period (CAP) to Contention-Free
Period (CFP) ratio under dynamic node scales. Simulations demonstrate this methodology
effectively averts channel congestion during extreme concurrent traffic surges. Ultimately, it
strictly preserves service reliability while substantially augmenting the concurrent carrying
capacity and resource utilization of the dual-mode network.

Keywords: dual-mode communication; concurrent traffic model; parallel multiplexing;
superframe structure; Q-learning

1. Introduction
With the accelerated advancement of energy digital transformation, the low-voltage

distribution station area serves as the “last mile” of the Power Internet of Things (PIoT),
where the real-time performance and reliability of data acquisition directly determine the
implementation effectiveness of core services including smart meter metering, 15 min
load curve acquisition, active fault early warning, and demand side response (DSR) [1,2].
Traditional local communication in low-voltage station areas mostly adopts a single Power
Line Communication (PLC) or Radio Frequency (RF) technology, both of which have
inherent limitations. To compensate for the shortcomings of single technologies, dual-mode
communication integrating High-speed Power Line Communication (HPLC) and High-
speed Radio Frequency (HRF) has become the mainstream development direction of local
communication in station areas, which can significantly improve communication reliability
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and coverage capability through dynamic channel selection and resource multiplexing [3].
However, the time-varying nature of channels in complex station areas, the traffic burstiness
caused by multi-service concurrency, and the strict hard constraint of “no less than 95%
primary acquisition success rate“ in power systems still pose severe challenges to the
performance analysis and optimal design of dual-mode communication networks.

In terms of channel characteristics and outage performance analysis, the reliability of
the underlying physical link is the fundamental prerequisite that determines the success
rate of upper-layer data acquisition. Reference [4] discussed the system architecture and
Internet of Things (IoT) applications of hybrid PLC and wireless communication in smart
grids, and pointed out that dual-mode physical layer fusion can effectively overcome
the fading bottleneck of a single physical medium. Reference [5] analyzed the diversity
reception performance of hybrid narrowband PLC and wireless communication, and
proved that joint signal processing under composite fading channels can significantly
reduce the system outage probability. To further improve spectrum efficiency, Reference [6]
derived the closed-form solution for the outage performance of a Non-Orthogonal Multiple
Access (NOMA)-based dual-hop hybrid PLC-wireless network under log-normal and
Rayleigh hybrid fading channels, which provides theoretical support for the reliability
evaluation of the dual-medium physical layer. However, most of these studies focus on the
single-layer theoretical analysis of physical layer link connectivity, and rarely conduct joint
PHY-MAC layer dimensional analysis that links the underlying physical outage probability
to the extremely strict data acquisition success rate (i.e., the 95%success rate red line) in
practical services.

In terms of the Medium Access Control (MAC) layer access mechanism and time re-
source scheduling, designing efficient multiple access protocols and superframe structures
is the key to addressing the concurrent burst of massive nodes. Reference [7] proposed
a classic two-dimensional Discrete-Time Markov Chain (DTMC) model, which laid the
theoretical foundation for accurately evaluating the collision probability and saturated
throughput of contention-based access for distributed nodes. For complex heterogeneous
dual-mode scenarios, Reference [8] constructed an analytical model for end-to-end access
delay of a hybrid PLC and RF network using martingale theory, and quantified the time
constraint boundary of dual-mode concurrent access. Reference [9] designed a MAC pro-
tocol for dual-mode communication based on adaptive channel selection, which reduces
data collisions through real-time channel state sensing. To balance the random access of
burst traffic and the collision-free transmission of deterministic long messages, superframe
structures combining the Contention Access Period (CAP) and Contention-Free Period
(CFP) have been widely adopted. For the time resource allocation within the superframe,
Reference [10] designed a superframe control and data buffer optimization scheme for en-
ergy harvesting sensor networks to maximize the system throughput, while Reference [11]
proposed a priority-based dynamic superframe dedicated time slot allocation strategy.
Although the introduction of “multiplexing access” and “dynamic superframe” effectively
expands the concurrent capacity of the network, when facing the extremely complex and
tidal-fluctuating concurrent traffic in the station area power grid, traditional heuristic
or fixed-rule-based superframe ratio adjustment can hardly balance the optimization ac-
curacy and millisecond-level timeliness. This will easily lead to severe CAP congestion
under heavy load or massive idle CFP time slots, thus triggering the “barrel effect” of
system performance.

To break through the decision-making bottleneck of the above traditional heuristic
algorithms in complex time-varying environments, intelligent optimization technologies
represented by Reinforcement Learning (RL) have been gradually introduced into the
resource scheduling of the MAC layer. Reference [12] provided a comprehensive review
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of the applications of deep reinforcement learning in communication networks, and high-
lighted the advantages of agents in sequential decision-making in unknown and highly
dynamic environments. In terms of the intelligentization of specific MAC protocols, re-
searchers have carried out a large number of fruitful attempts. For traditional Carrier Sense
Multiple Access (CSMA) protocols, Reference [13] proposed a Q-learning-based parameter
tuning method, which significantly reduces the channel collision rate by dynamically and
adaptively adjusting the contention probability of nodes. In the dual-mode communica-
tion scenario of low-voltage distribution station areas, pure contention-based protocols
are prone to drastic performance collapse induced by severe channel collisions under
high-concurrency conditions with hundreds of nodes. In contrast, pure scheduling-based
protocols are constrained by their inherent access latency, which makes them unable to meet
the stringent millisecond-level real-time requirements of burst alarm services. Accordingly,
an integrated design of the two mechanisms is imperative to strike a balance between
the system’s high-concurrency carrying capacity and low-latency access performance. To
address the limitation that traditional MAC protocols struggle to adapt to dynamic traffic
fluctuations, Reference [14] proposed a Q-learning-based parameter adaptive adjustment
scheme. This study extracted features from traffic patterns using reinforcement learning,
and enabled the agent to autonomously optimize the length of the Contention Access Pe-
riod (CAP), completely eliminating the dependence on fixed parameters and significantly
improving network robustness under high-contention environments (corresponding to
the scenario of dynamic adaptive contention period in the MAC layer). Aiming at the
performance bottleneck of conventional Time Slotted Channel Hopping (TSCH) in resource-
constrained environments, Reference [15] presented an intelligent scheduling model based
on Multi-Agent Reinforcement Learning (MARL) and Double Deep Q-Network (DDQN).
By enabling agent collaboration and introducing packet priority awareness, this research
realized autonomous joint decision-making for time slot allocation, overcame the shortcom-
ings of heuristic rules, and demonstrated superior adaptability in balancing end-to-end
delay and power consumption (corresponding to the scenario of multi-agent collaborative
time slot scheduling). To solve the problem of resource mismatch prone to occur in Indus-
trial Internet of Things (IIoT) under high-concurrency scenarios, Reference [16] developed
a dynamic resource allocation mechanism based on Deep Reinforcement Learning (DRL).
This work leveraged deep neural networks to extract high-dimensional service features and
performed autonomous joint scheduling of communication resources, breaking the shackles
of static manual models and achieving optimal decision-making performance in complex
high-concurrency environments (corresponding to the scenario of intelligent scheduling
under resource-constrained high-concurrency conditions). The main contributions of this
paper are summarized as follows:

First, targeting the characteristics of harsh communication channels and multi-service
concurrent bursts in complex station areas, a joint PHY-MAC layer analysis model of the
CSMA/CA-TDMA hybrid superframe for dual-interface parallel multiplexing is estab-
lished, taking into account the heterogeneous physical characteristics including log-normal
fading with hybrid impulse noise for power lines and Rayleigh fading for wireless links.

Second, to accurately evaluate the reliability and real-time performance of the dual-
mode communication network, the closed-form expressions of the dual-mode joint outage
probability, steady-state collision probability, and limit throughput are derived based on
the proposed joint PHY-MAC layer model, using the law of total probability and the
extended two-dimensional DTMC theory, with outage probability, system throughput, and
single-node access delay adopted as the evaluation metrics. Meanwhile, the impacts of
the concurrent node scale and initial contention window parameters on the network limit
capacity and access delay are comparatively analyzed.
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Third, an adaptive scheduling algorithm for the superframe time slot ratio based on
reinforcement learning is proposed. An asymmetric penalty–reward function is defined,
which takes into account both the hard constraint of “no less than 95% success rate for
15 min acquisition” and the throughput maximization objective. The Q-learning algorithm
is adopted to realize the joint optimization of the time resource parameters of CAP and CFP
under dynamic burst traffic. In addition, a closed-loop simulation platform is developed,
and the results verify the effectiveness of the proposed algorithm in avoiding concurrent
congestion and guaranteeing high-reliability data acquisition.

2. System Model
To address the topological uncertainty in complex station areas and the demand for

high-frequency access of massive smart meters, this study constructs a star-structured
single-hop dual-mode communication system architecture model tailored for complex
station areas. As shown in Figure 1, with the station area Central Coordinator (CCO) as
the core node, the model is directly connected to a number of downstream dual-mode
smart meter stations (STAs), where all nodes are equipped with both PLC and RF commu-
nication interfaces. The system operation complies with the timing logic of the single-hop
superframe, and realizes service decoupling through phase division in the time domain.

Figure 1. System model.

2.1. Physical Layer Model

In the dual-mode communication system for complex station areas, the fading and
noise characteristics of the two links are significantly distinct. The amplitude gain of the
PLC channel follows a log-normal distribution. Its noise model incorporates not only
background thermal noise, but also the impact of high-amplitude, short-duration impulse
noise, and the total noise distribution conforms to the Bernoulli–Gaussian (BG) model
based on mixed Gaussian distribution [17]. Let hplc denote the amplitude gain of the PLC
channel. According to the definition of the log-normal distribution, its logarithmic form
follows a normal distribution with mean µplc and variance σ2

plc. Its Probability Density
Function (PDF) is expressed as:

fhplc
(x) =

1√
2πσplcx

exp(−
(ln x− µplc)

2

2σ2
plc

), x > 0 (1)

Noise is the primary bottleneck limiting the performance of PLC systems. In addition
to thermal noise (background noise), impulse noise induced by switching operations, motor
startup and other grid events is characterized by high amplitude and short duration. The
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BG model governs the occurrence of Gaussian pulses via a Bernoulli process. Let nk denote
the noise sample at the k-th time instant:

nk = ωk + bkik (2)

where ωk ∼ N(0, NG) is the persistently existing background Gaussian noise, bk ∼
Bernoulli(p) is the pulse occurrence indicator, p denotes the probability of pulse occurrence
(sparsity), ik ∼ N(0, N′I) is the impulse noise component with power NI , and the total
noise power in the pulse presence state is NI = NG + N′I . Generally, the impulse noise
power ratio is defined as R = NI/NG.

The probability density function (PDF) of the amplitude of the total noise n follows a
mixed Gaussian distribution:

fn(n) =
1− p√
2πNG

e−
n2

2NG +
p√

2πNI
e−

n2
2NI (3)

For the wireless channel in the station area environment, smart meters are usually
installed in metal meter boxes or on building walls, which brings severe Non-Line-of-Sight
(NLOS) propagation and multipath scattering for wireless signals. Let hr f denote the
amplitude envelope of the wireless channel, which follows a Rayleigh distribution with
parameter Ω. The instantaneous Signal-to-Noise Ratio (SNR) of the wireless channel γr f

follows an exponential distribution, and its probability density function (PDF) is given by:

fγr f (γ) =
1

γr f
exp(− γ

γr f
), γ ≥ 0 (4)

where γr f is the average SNR of the wireless channel, which is mainly determined by
transmit power, antenna gain and path loss. Unlike the PLC channel, interference in the
micro-power wireless communication frequency band is mainly manifested as thermal
noise and adjacent channel interference, which is typically modeled as Additive White
Gaussian Noise (AWGN) with a mean of 0 and variance σ2

r f .

2.2. MAC Layer Model

To meet the requirements for high-reliability acquisition of 15 min load data across
the entire station area and the access of burst alarm services, the MAC layer adopts a
single-hop CSMA/CA-TDMA hybrid superframe structure [18]. As shown in Figure 2,
based on requirements such as traffic priority, devices are categorized into high-priority
and low-priority groups. Furthermore, these devices can concurrently execute the backoff
procedure across both channels. The superframe period is strictly divided into three
main phases:

 

Figure 2. Schematic Diagram of the Superframe Structure.
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(1) Beacon Phase: The CCO broadcasts beacon frames, which are used for time synchro-
nization of all nodes in the whole network as well as the division and configuration
of the superframe structure, i.e., defining the duration of the CAP and CFP periods.

(2) Contention Access Period (CAP): A dual-interface-based multiplexed CSMA/CA
protocol is adopted in this phase. When a station (STA) has data packets to transmit,
it initiates backoff countdown simultaneously on both the PLC channel and the
Radio Frequency (RF) channel. During the Contention Access Period (CAP) of the
superframe, the device repeatedly performs channel sensing to detect an idle state.
Upon identifying an idle channel, it transmits a TDMA time slot allocation request,
which encapsulates information such as its traffic priority and service requirements. If
the backoff counter for one of the two channels decrements to zero, the device attempts
to transmit the request, while the remaining devices continue to contend for the
alternate channel. In the event that both backoff counters reach zero simultaneously,
the device randomly selects one channel for transmission, leaving the other channel
available for competing nodes. Should a collision occur, the device advances to the
next backoff stage and re-initiates the channel sensing process.

Multiplexed Access Mechanism: The STA does not need to wait for the counters of
both channels to decrement to zero. Once the backoff counter (BC1 or BC2) of either channel
counts down to zero, the STA immediately transmits a reservation request or short data
packets on that corresponding channel.

(3) Contention-Free Period (CFP): For nodes that have completed successful reservation
in the CAP phase, the CCO allocates dedicated TDMA time slots to them in the CFP
phase. In this phase, nodes exclusively occupy channel resources for data transmission
and are free from MAC layer collisions. Thus, data transmission failures are only
affected by channel fading from the physical layer.

3. System Performance Analysis
3.1. Outage Probability Modeling

Outage probability is the core metric for quantifying the physical layer transmission
reliability of the dual-mode communication system in complex station areas, which is
defined as the probability that the instantaneous Signal-to-Noise Ratio (SNR) falls below
the preset threshold γth [19]. To address the inherent fading limitations of single PLC and RF
links in the station area, this study adopts a selection combining (SC) reception mechanism
to exploit the complementary characteristics of the dual-medium channels. Let γplc and
γr f denote the instantaneous SNR of the PLC link and the wireless link, respectively. It is
assumed that the fading processes of the two links are mutually independent.

For the PLC link, incorporating the characteristics of log-normal fading and BG
impulse noise, the closed-form expression of its outage probability under the SNR threshold
can be derived using the law of total probability as follows:

Pplc
out = (1− p)Q(

µPLC − ln(hth,G)

σPLC
) + pQ(

µPLC − ln(hth,I)

σPLC
) (5)

Since |h| follows a log-normal distribution, ln
∣∣h∣∣∼ N(µPLC, σ2

PLC) , The variable

Z = ln|h|−µPLC
σPLC

follows a standard normal distribution, which can be characterized by

the Gaussian Q-function: Q(z) =
∫ ∞

z
1√
2π

e−t2/2dt (P(Z < z) = 1− Q(z)). Where hth,G

and hth,I denote the critical fading thresholds under background noise and impulse noise,
respectively, and p is the pulse occurrence probability.
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For the Rayleigh fading channel, the Signal-to-Noise Ratio (SNR) follows an ex-
ponential distribution. Its Cumulative Distribution Function (CDF) is exactly the
outage probability:

Pr f
out =

γth∫
0

1
γr f

e
−

γ

γr f dγ = 1− exp(− γth
γr f

) (6)

Under the selection combining (SC) mechanism, a communication failure of the system
is declared if and only if outages occur on both the PLC and RF channels simultaneously.
Accordingly, the outage probability of the dual-mode channel is given by:

PDual
out = {(1− p) ·Q(

µPLC − ln hth,G

σPLC
) + p ·Q(

µPLC − ln hth,I

σPLC
)} × {1− exp(− γth

γRF
)} (7)

To avoid simultaneously crediting diversity and multiplexing gains, the system op-
erates in a priority-based hybrid framework. For high-priority control traffic operating
in Selection Combining (SC) Mode, the physical layer success rate is defined by the joint
non-outage probability:

PSC
success = 1− PDual

out (8)

Conversely, for massive periodic metering traffic operating in Parallel Multiplexing
Mode to achieve high throughput, independent streams are transmitted. The equivalent
physical layer success rate is therefore bounded by the average individual outage probabili-
ties of the channels. Accounting for the maximum MAC-layer retry limit (), the success rate
in multiplexing mode is consistently modeled as:

PMUX
success = 1− (

1
2

Pplc
out +

1
2

Pr f
out)

kretry+1
(9)

3.2. Throughput Modeling

The core of throughput calculation lies in solving the transmission probability and colli-
sion probability of nodes in dual channels. This section extends the classic two-dimensional
Markov chain model to accommodate the characteristics of unsaturated Poisson traffic
and dual interfaces. It is assumed that the node traffic follows a Poisson process with an
arrival rate of λ. Within a unit time interval, the expected number of active nodes actually
participating in channel contention is Nλ = N(1− e−λ). It should be explicitly noted
that substituting the effective contention node count Nλ into the saturated-throughput
formulation represents a mathematical approximation. This widely adopted simplification
assumes that station activity follows a Bernoulli process derived from the Poisson arrival
rate, which ensures the mathematical tractability of the coupled Markov model under
unsaturated traffic, although it abstracts the transient discrete queueing dynamics.

For the RF wireless channel, the standard Binary Exponential Backoff (BEB) mechanism
defined in the IEEE 802.11 [20] protocol is adopted. Let pr f denote the collision probability
and τr f denote the transmission probability. Based on the steady-state solution of the
Markov chain, the relationship between τr f and pr f satisfides [21]:τr f =

2(1−2 pr f )

(1−2 pr f )(Wr f +1)+pr f Wr f (1−(2 pr f )
m)

pr f = 1− (1− τr f )
Nλ−1

(10)

where Wr f is the initial contention window (CWmin), and m is the maximum backoff stage.
According to the principle of channel contention, the collision probability pr f is defined as
the probability that at least one other active node is transmitting simultaneously when the
target node initiates a transmission.
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For the PLC channel, let pplc denote the collision probability and τplc denote the
transmission probability in the PLC channel. A system of joint equations is established via
the Markov model as follows:

τplc =

mk
1−2
∑

i=0
tk
i

i−1
∏
j=0

(1− sk
j ) +

mk
1−2
∏
i=0

(1− sk
j )

tmk
1−1

smk
1−1

mk
1−2

∑
i=0

bck
i

i−1
∏
j=0

(1− sk
j ) +

mk
1−2

∏
i=0

(1− sk
j )

bcmk
1−1

smk
1−1

pplc = 1− (1− τplc)
Nk−1

(11)

where xk
l denotes the probability that the device transitions to the next backoff stage within

l or fewer time slots at backoff stage i, resulting from sensing the PLC channel busy for
dck(i) + 1 times. tk

i denotes the probability that the device initiates a transmission attempt
at backoff stage i of the PLC link. sk

i denotes the probability that the device achieves
successful transmission at backoff stage i of the PLC link. bck

i denotes the number of time
slots consumed by the device at backoff stage i of the PLC link. For a comprehensive
mathematical derivation of these intermediate variables and the step-by-step formulation
of the extended Markov model, please refer to Appendix A

xk
l = ∑l

j=dck(i)+1

(
l
j

)(
pplc

)j(
1− pplc

)l−j

tk
i =

dck(i) + 1
CWk

1i
+ ∑

CWk
1i−1

l=dck(i)+1
1

CWk
1i

(
1− xk

l

)
sk

i =
(

1− pplc

)
tk
i

(12)

The CSMA/CA algorithm is a contention-based protocol. As the number of stations
(STAs) increases, the collision probability of the stations rises significantly, which fails to
guarantee the bandwidth and delay performance of each individual station. To improve
the throughput and channel utilization of the system, this paper extends this algorithm
to the CSMA/CA-TDMA hybrid protocol. In this protocol, the channel time is divided
into a superframe structure, as shown in the figure. The superframe consists of three
parts: the Beacon frame, the CSMA/CA-based CAP, and the TDMA-based CFP. Among
them, the Beacon frame is used for network-wide time synchronization. Stations adopt the
CSMA/CA protocol for contention-based access in the CAP, and transmit data packets in a
time-division manner using the pre-allocated TDMA time slots in the CFP. The total length
of the superframe is given by LSF = TBeacon + TCAP + TCFP.

During the CAP, stations contend for and reserve time slots via the multiplexed access
algorithm. To ensure the mathematical tractability of the coupled dual-mode Markov model
and derive closed-form transition probabilities, it is assumed for analytical simplicity that
the average successful transmission duration Ts and collision duration Tc are identical for
both the PLC and RF channels. While this symmetric assumption facilitates the derivation
of the MAC-layer scheduling efficiency, it inherently idealizes the physical heterogeneity
of the HPLC and HRF links. The average duration tmul for a successful transmission on a
single channel (i.e., one successful reservation) is given by:

tmul = Ts +
1− Ptr

PsPtr
σ + Tc(

1
Ps
− 1) (13)

where σ denotes the backoff slot, Ptr denotes the probability that at least one station is in
the transmission state, and Ps denotes the probability of successful transmission. Since the
multiplexed access mechanism enables independent and parallel reservation completion on
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both the PLC and RF channels, the average number of reservations that can be completed
by a single channel within the duration TCAP is TCAP

tmul
. Under this idealized symmetric

assumption, dual-channel multiplexing allows the total number of successfully completed
reservation requests (Nreq) in the CAP phase to reach its theoretical maximum upper bound,
which effectively doubles the single-channel capacity:

Nreq = 2× TCAP
tmul

(14)

After entering the CFP, the CCO allocates TDMA time slots according to the reservation
status in the CAP phase. It is assumed that the CFP is temporally divided into M TDMA
time slots. In the multiplexing mode, the CCO can allocate the PLC channel of the same
time slice to station A and the RF channel to station B (or allocate both channels to station
A for transmitting different data). Accordingly, the total number of available channel time
slots NCFP provided by the system within the CFP is given by:

NCFP = 2M (15)

Ultimately, within one superframe, the amount of data that can be actually success-
fully transmitted is determined by the minimum value between the number of successful
reservations and the maximum time slot capacity that the system can provide, i.e., the
barrel effect.

Let k denote the number of consecutive data packets with a size of E[P] that can
be transmitted in each TDMA time slot. Then the throughput Smux of each multiplexed
superframe is given by:

Smux =
min(2M, 2TCAP

tmul
) · k · E[P]

TBeacon + TCAP + TCFP
(16)

3.3. Access Delay Modeling

When evaluating the performance of the proposed network, severe limitations arise
from the isolated derivation of network throughput, data acquisition success rate, or
access delay alone. Throughput reflects the macroscopic data transmission capability, the
data acquisition success rate characterizes the anti-interference performance, while the
access delay determines the microscopic real-time performance. The total duration of a
superframe is fixed, and there exists a strict zero-sum game relationship between the CAP
and CFP. Therefore, it is essential to incorporate access delay into the system modeling.
In the proposed model, the access delay is defined as the mathematical expectation of
the backoff delay and collision delay incurred by data packets during the CSMA/CA
contention process in the CAP.

In practical implementation, the parallel backoff mechanism must address the het-
erogeneous physical characteristics of the PLC and RF media. To resolve the inherent
differences in native slot lengths, a unified logical slot time is enforced at the system level
via the CCO’s beacon, ensuring that the discrete countdown boundaries of both interfaces
remain strictly aligned. Furthermore, a hardware-level tie-breaking arbitration rule is
employed to handle timing conflicts, such as the ‘dual success’ scenario where both backoff
counters decrement to zero simultaneously. In this case, the STA randomly selects only one
channel to transmit the reservation request and defers the other, which fundamentally elim-
inates self-interference and guarantees the mathematical stability of the coupled Markov
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contention [21]. Let τdual denote the transmission probability of successfully contending
for both channels simultaneously (i.e., simultaneously accessing the dual-mode channels):

τdual = ∑mk
1

i=0 ∑mk
2

j=0 pijτij (17)

where pij,k denotes the probability that a device with priority level k is at backoff stage i
on the power line channel and backoff stage j on the wireless channel, respectively. τij,k

denotes the probability that a device with priority level k successfully contends for both
the wireless and power line channels simultaneously at different backoff stages.

τdual,k is used to update and calculate the transmission probabilities of the two channels
in the dual-mode system. Since a station that successfully gains simultaneous access to
both channels will randomly select one channel for transmission, the parameter τdual,k is
averaged in this formulation [21]. The average transmission probability τ′k of the device in
the dual-mode channels can be calculated from τ′1,k and τ′2,k:

τ′1,k = τ1,k + τdual,k/2 (18)

τ′2,k = τ2,k + τdual,k/2 (19)

τ′k =
(

τ′1,k + τ′2,k

)
/2 (20)

Using the modified transmission probability τ′k, we can derive the probability Ptr

that at least one node transmits in an arbitrary time slot of any channel (i.e., the chan-
nel is busy),as well as the conditional probability Ps that only one node transmits
(i.e., successful reservation):

Ptr = 1− (1− τ′k)
N (21)

Ps =
Nτ′k(1− τ′k)

N−1

Ptr
(22)

Channel access is an event dependent on an independent Bernoulli process. The
success probability of each access attempt of a node in the CAP phase is Psuccess = PtrPs.
Accordingly, the number of time slots Ns that a node needs to experience to achieve one
successful access follows a geometric distribution with parameter Psuccess.

P{Ns = k} = Psucc(1− Psucc)
k−1 (23)

According to the mathematical expectation property of the geometric distribution, the
expected number of time slots required by the system on average is given by:

E[Ns] =
1

Psucc
=

1
PtrPs

(24)

Under the CSMA/CA mechanism, not all of these Ns time slots are idle slots with a
fixed duration of σ. The actual expected time duration E of a generic time slot is formed
by the weighted sum of the time consumption of three mutually exclusive events: idle,
successful transmission, and collision:

E = (1− Ptr)σ + PtrPsTs + Ptr(1− Ps)Tc (25)

The total access delay in the CAP phase must account for both backoff durations
and collision penalties. Since channel access under CSMA/CA follows an independent
Bernoulli process, the number of access attempts Ns follows a geometric distribution with
a success probability of Psuccess = PtrPs. Consequently, the expected number of attempts
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is E[Ns] = 1/PtrPs. Furthermore, not all time slots are idle; the expected duration of a
generic time slot E is formed by the weighted sum of three mutually exclusive events: an
idle slot duration (σ), a successful transmission duration (Ts), and a collision slot duration
(Tc). Thus, the overall average access delay E is rigorously derived as the product of the
expected number of attempts and the generic time slot duration, as expressed in Equation
(24). In summary, the average access delay E of the single-hop dual-mode network in the
CAP phase can be rigorously expressed as the product of the expected number of attempts
and the duration of the generic time slot:

E = E[Ns]× E =
(1− Ptr)σ + PtrPsTs + Ptr(1− Ps)Tc

PtrPs
(26)

4. Design of the Core Algorithm
Based on the above joint PHY-MAC layer system analysis model, it is found that

there exists a nonlinear coupling correlation between the resource ratio allocation of the
CAP and CFP in the superframe structure, and the system node scale, concurrent collision
probability, as well as the ultimate throughput. If the CAP is allocated with an exces-
sively small duration, massive nodes will suffer from severe collisions and packet loss
due to the failure to complete reservation requests. Conversely, if the CAP is allocated
with an excessively large duration, although the reservation success rate is improved,
the CFP time slot resources reserved for actual data packet transmission will be severely
squeezed, resulting in a significant waste of channel bandwidth. To break through this
resource allocation bottleneck under a dynamically varying node scale, this study de-
signs a Q-learning reinforcement learning-based adaptive optimization algorithm for the
CAP/CFP ratio.

In this algorithm, as shown in Figure 3, the CCO is taken as the Agent, which au-
tonomously approaches the globally optimal time slot division strategy through periodic
state interaction and feedback learning with the network Environment it manages. The
core mathematical abstraction and system modeling steps of the algorithm are described
as follows:

(1) Definition of State Space and Action Space:

The State Space (S) is defined as the number N of active sensing nodes in the network
within the current superframe period S = {N|N ∈ {20, 30, . . . 200}}. With the variation in
power grid service traffic, the number of nodes presents a dynamic distribution, which
constitutes the external environmental state features for the agent’s decision-making. A
critical property of the proposed model is that the environmental state transition is strongly
coupled with the agent’s action, satisfying the Markov Decision Process (MDP) paradigm
rather than a degenerate contextual bandit. The state at the next superframe t + 1, denoted
as Nt+1, is not merely a product of exogenous grid traffic, but is recursively defined by:

Nt+1 = λt+1 + Nretry(Nt, at) (27)

where λt+1 denotes the newly generated exogenous data requests from the power grid,
and St(Nt, at) denotes the number of nodes successfully scheduled and served in the
current superframe. Since St is strictly determined by the chosen CAP/CFP ratio (at), any
suboptimal action-such as an inadequate CAP causing contention failure or an insufficient
CFP leading to dropped reservations-will diminish St. The unserved node (Nt − St(Nt, at))

will remain active and trigger MAC-layer retransmissions in the next superframe, severely
inflating Nt+1. In the simulation environment, the active node count N at each superframe
is dynamically generated by accumulating the newly arrived data requests (modeled as a
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Poisson process) and the backlogged nodes that failed to transmit in previous superframes
due to contention collisions or capacity limits.

Start algorithm training

Initialize state-action space and 
parameters

Setα,γ, ԑ,Episodes;Q(s,a)=0

Environment state generator: 
Obtain state S_t (Current number 

of active concurrent network 
nodes N)

Issue superframe configuration 
command

CAP_ratio=a_t,CFP_ratio=1-a_t

Ԑ-greedy policy
Rand()<ԑ?

Randomly select action 
a_t

Lookup table for optimal 
action a_t

Dual-mode network capacity evaluation module（Env_Superframe)
①Markov deduction of total concurrent successful reservations on dual channels:：N_total_res

②CFP physical channel capacity upper limit allocation：M_max=2×(T_CFP/Ts)
③Physical bottleneck decision：M_actual=min(N,N_total_res,M_max)

Guarantee QoS decision
Success_Rate≥95%？

Target not met: Quadratic 
penalty

Target met: Reward and 
regularization

Q-Table value matrix update 
Q(S_t,a_t) Q(S_t,a_t)+α[R+γmaxQ(S_t+1,a)-Q(S_t,a_t)]

Reached maximum 
training episodes?

Output optimal 
adaptive policy

Yes(Explore） No(Exploit）

Extract actual measurements: Throughput and success rate

No Yes

Yes

Reinforcement learning agent 
decision layer (Agent decision 

layer)

Dual-mode network physical execution 
layer (Environment)

Value backtrack and policy update layer 
(Value Update)

No(Update environment state S_t+1)

 

Figure 3. Flowchart of the algorithm.

By abstracting the state space solely to the active node scale N, the algorithm inher-
ently encapsulates macroscopic traffic loads and collision probabilities, while complex
queue dynamics and fast-fading channel qualities are efficiently absorbed by the capac-
ity bottleneck model and the asymmetric reward function, thereby preventing the curse
of dimensionality. The Action Space (A) is defined as the discretized selection set of
the ratio ηCAP (CAP ratio) allocated to the CAP in the next superframe by the agent
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A = {ηCAP|ηCAP ∈ {0.1, 0.15, . . . 0.9}}. Correspondingly, the ratio of the CFP is naturally
determined as ηCFP = 1− ηCAP.

(2) Environmental Dynamics and System Bottleneck Decision Model: For a given state
N and action ηCAP, the environment shall accurately evaluate the actual physical
capacity of the system. Based on the dual-mode Markov chain model, the time
consumption of a single successful reservation tsucc is calculated using the analytically
derived transmission probability and collision probability. Subsequently, within the
allocated TCAP duration, the theoretical numbers of successful reservation requests
that can be supported by the network on the PLC and RF dual physical channels are
Nres_p and Nres_w, respectively. The total carrying capacity of concurrent requests is
given by: Nreq = Nres_p + Nres_w.

Meanwhile, in the CFP, the total maximum number of contention-free data time slots
that the system can provide is Mmax = 2× [TCFP/Ts_data]. The “barrel effect” of the system
determines the number of nodes Mactual that can be successfully scheduled and complete
data delivery within the current superframe. It is constrained by the minimum short
board among the total number of physical nodes in the network, the number of successful
reservations in the CAP, and the time slot capacity of the CFP. Its mathematical criterion is
given by:

Mactual = min(N, Nreq, Mmax) (28)

Because the primary objective of the Q-learning agent during massive concurrent
bursts is to optimize the capacity of periodic metering traffic, the comprehensive data
acquisition success rateis consistently evaluated under the Multiplexing Mode. It is rig-
orously defined as the product of the MAC layer scheduling efficiency and the per-link
multiplexing reliability term:

Psuccess = (Mactual/N)× PMUX
success (29)

(3) Dual-Constraint Comprehensive Reward Function Formulation The primary task
of meter data acquisition is to guarantee the reliability of metering data, followed
by the pursuit of throughput maximization. Accordingly, the comprehensive data
acquisition success rate of the system Psuccess is defined as the product of the MAC
layer scheduling efficiency (Mactual/N) and the non-outage probability of the under-
lying physical layer (Psuccess_PHY). To strictly guarantee the Quality of Service (QoS)
for high-reliability services, this algorithm constructs an asymmetric penalty–reward
function γt with a hard constraint threshold:

γt =

{
−(95.0− Psuccess)

2, Psuccess < 95.0%
20 + 10× Smux − 0.4× ηCAP, Psuccess ≥ 95.0%

(30)

where Smux denotes the effective throughput of the system (in Mbps). The mechanism of
this reward function is delicately designed: when the system success rate falls below the 95%
threshold, the algorithm imposes a severe penalty amplified in a quadratic form, forcing the
agent to rapidly escape from the adverse action interval with high collision or insufficient
capacity. The threshold of 95% in Equation (26) is determined by the stringent engineering
constraints of low-voltage distribution networks, specifically targeting a 15 min load curve
collection success rate of no less than 95%. It serves as a hard QoS boundary. Notably,
this threshold is highly flexible and can be dynamically adjusted (e.g., to 98% or 99%)
according to specific service requirements, highlighting the adaptability of the proposed
Q-learning framework. In contrast, within the safe region where the success rate meets the
requirement, the algorithm not only provides positive incentive for the improvement of
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throughput Smux, but also introduces a tiny negative regularization term −0.4× ηCAP. This
term aims to drive the agent to minimize the unnecessary CAP contention overhead under
the premise of guaranteeing the same throughput, thus reallocating more time resources to
the CFP to reduce the end-to-end delay.

(4) Q-Table Update Rule: The CCO adopts the ε − greedy strategy to strike a balance
between exploration of the unknown and exploitation of existing experience, and iter-
atively updates the state-action value matrix Q(st, at) based on the Bellman equation:

Q(st, at)← Q(st, at) + α[γt + γmax
a

Q(st+1, a)−Q(st, at)] (31)

After long-term offline initialization and online adaptation paradigm, the proposed
algorithm enables the network to seamlessly and adaptively calculate and deliver the
optimal superframe structure ratio without manual intervention when facing burst dense
node access, which resolves the medium access crisis in the dual-mode high-concurrency
environment from the macro protocol level.

5. Results
To thoroughly verify and analyze the dynamic decision-making performance and

convergence characteristics of the proposed Q-learning-based adaptive optimization al-
gorithm for the CAP/CFP ratio in the superframe under different network densities, this
study develops a simulation platform integrating a reinforcement learning agent and a
discrete-event dynamic evolution environment for the MAC layer. The simulation plat-
form adopted in this work is built upon, but extends, the analytical model and simulation
framework proposed in Reference [21]. To ensure the statistical significance and robustness
of our findings, the performance evaluation is conducted using a Monte Carlo simulation
framework. All reported simulation results represent the statistical means obtained by av-
eraging over 100 independent runs with varying random seeds. To explicitly demonstrate
the algorithmic stability against inherent network stochasticity (e.g., random backoffs and
Poisson traffic arrivals), the 95% confidence intervals are calculated and depicted as shaded
regions (or error bars) alongside the mean curves in the following performance figures.

5.1. Simulation Parameter Configuration

The hyperparameter configuration of the proposed Q-learning adaptive scheduling
algorithm in this paper is detailed in Table 1. To achieve smooth convergence in the
unknown and highly dynamic station area environment, the algorithm adopts the ε− greedy
strategy. The initial exploration rate εinit is set to 1.0 to ensure that the agent fully explores
the action space in the initial training phase, and smoothly transitions to the exploitation of
existing experience with a decay rate of 0.98. The learning rate α = 0.1 effectively avoids
oscillations in value updates caused by transient network fluctuations; the discount factor
γ = 0.8 guides the CCO to maximize the throughput of the current superframe while
taking into account the long-term stability and congestion avoidance of the network.

Table 1. Core Parameters of the Q-learning Superframe Scheduling Algorithm.

Parameter Category Parameter Symbol/Value

Space Definition State Space
Action Space

S ∈ {20, 30, . . . , 200}
A ∈ {0.10, 0.11, . . . , 0.90}

Learning Parameters Learning Rate
Discount Factor

α = 0.1
γ = 0.8
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Table 1. Cont.

Parameter Category Parameter Symbol/Value

Exploration Strategy
Initial Epsilon

Minimum Epsilon
Decay Rate

εinit = 1.0
εmin = 0.01
ε← ε× 0.98

Training and Constraints Episodes
QoS Threshold

Emax = 1000
SRth ≥ 95%

5.2. Simulation Result Verification

Figure 4 compares the performance differences in normalized throughput with the
increase in node scale between the proposed dual-mode multiplexed access mechanism
and the single PLC channel, as well as the single RF channel under a fixed superframe
ratio. With the increase in the number of concurrent nodes in the station area, constrained
by the contention nature of the CSMA/CA protocol, the channel collision probability in-
creases significantly. A large number of time slot resources are excessively consumed in
backoff waiting and collision penalties, resulting in a monotonically decreasing trend in the
throughput of all three mechanisms. when the number of concurrent nodes reaches 120,
the normalized throughput of the proposed dual-mode multiplexing mechanism (PLC/RF
Mux) is approximately 0.70. Quantitatively, the proposed dual-mode multiplexing mecha-
nism achieves a significant throughput improvement of approximately 45.8% compared
to the pure RF mode, and an impressive 180.0% improvement compared to the pure PLC
mode. This explicitly demonstrates the substantial capacity gain achieved by our parallel
CSMA/CA scheduling over conventional single-channel approaches.

0 20 40 60 80 100 120 140 160 180 200
Number of Nodes

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6
The throughput performance of different access mechanisms

Proposed PLC/RF Mux
PLC Only
RF Only

Figure 4. The throughput performance of different access mechanisms.

Figure 5 presents the variation curves of the average node access delay in the CAP
with respect to the number of concurrent nodes and the initial contention window. During
the light-load phase of the network, the delay difference under different contention window
configurations is not significant. However, when the network transitions to the heavy-load
state, the system delay exhibits a nonlinear surge. In high-density concurrent scenarios,
a narrow initial backoff space can easily cause a large number of nodes to finish backoff
at the same time slot, leading to severe collision conflicts, which in turn forces nodes to
frequently trigger time-consuming high-order backoff cycles. Appropriately increasing the
initial window can effectively disperse the transmission probabilities of each node in the
time domain and mitigate transient collisions.
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Figure 5. Impact of Different Wireless Contention Windows on Access Delay.

Figure 6 illustrates the variation trend of the steady-state collision probability of the
PLC channel with the number of active concurrent nodes N in the station area under differ-
ent MAC layer backoff parameter configurations. Simulation results show that the collision
probability under all three configurations exhibits a monotonically increasing trend with
the increase in N. These results objectively demonstrate that merely reducing the contention
window or increasing the deferral counter will exacerbate channel collisions in concurrent
scenarios. Fixed parameter configurations are difficult to adapt to the dynamic variations
in network load in the station area, which provides a theoretical basis for introducing
adaptive algorithms to perform joint optimization of joint PHY-MAC layer parameters.
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Figure 6. Impact of Different Backoff Parameters on Collision Probability in Power Line Channels.

Figure 7 presents the evolution characteristics of the effective system throughput
with respect to the node traffic arrival rate λ under different station area user scales (N).
Simulation results show that with the increase in the traffic arrival rate, the effective system
throughput increases steadily under all different station area user scales.
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Figure 7. Variation Characteristics of Throughput with Bursty Traffic Load under Different Numbers
of Users.

Figure 8 depicts the variation in system throughput with the number of concurrent
nodes under three parameter configurations. For different traffic loads, higher arrival rates
yield faster throughput growth, while light load results in low channel utilization and
limited throughput improvement. As for channel conditions, rising outage probability
noticeably degrades throughput and causes earlier saturation, revealing that severe noise
and fading become the dominant capacity bottleneck. For fixed CAP ratios, a larger CAP
proportion delivers better throughput under high node density, whereas smaller CAP ratios
trigger premature throughput saturation due to intensified reservation collisions. These
results demonstrate that static superframe settings cannot accommodate dynamic network
loads, which validates the necessity of the proposed adaptive scheduling mechanism.
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Figure 8. Comprehensive Performance Evaluation Under Heterogeneous Environmental Conditions:
(a) Impact of Traffic Scales (λ); (b) Impact of Background Noise; (c) Various CAP/CFP Configurations.

To explicitly verify the core design objective of our proposed dual-mode MAC pro-
tocol, Figure 9 presents the data acquisition success rate versus the number of concurrent
nodes (N). As quantitatively demonstrated in the figure, under light to medium traffic
loads (N > 100), both the proposed Q-learning adaptive algorithm and the conventional
fixed-ratio baseline (Fixed CAP = 0.5) easily maintain a success rate near 100%. However,
as the network transitions into a heavy-load state, the baseline strategy suffers a sharp
performance degradation due to severe channel collisions during the fixed CAP and subop-
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timal resource utilization. In stark contrast, the proposed Q-learning adaptive algorithm
robustly guarantees communication reliability. By intelligently expanding the superframe
CAP resources to alleviate real-time collision dynamics, our algorithm maintains a success
rate of over 96.5% across the entire tested node spectrum up to N = 180.
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95% Reliability Threshold

Proposed Q-Learning Adaptive
Baseline Fixed CAP=0.5

Figure 9. Data Acquisition Success Rate versus the Number of Concurrent Nodes under Different
Scheduling Strategies.

To strictly quantify the accuracy of the aforementioned effective node count approxi-
mation, we conducted a dedicated packet-level Discrete-Event Simulation (DES). Unlike
the analytical formulation, the DES does not utilize the Nλ approximation; instead, it
explicitly models the true Poisson packet arrival processes and frame-by-frame queueing
contention for all stations. As depicted in Figure 10, the analytical model captures the
system throughput with high fidelity. The analytical curve aligns closely with the DES
results across various traffic intensities (in [0.1, 1.5]), maintaining a maximum relative error
of less than 5%. This demonstrates that the approximation is sufficiently accurate and
robust for the purpose of dual-mode capacity evaluation and resource allocation.
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Figure 10. Validation of Equation (8) (RF Channel) via Protocol-Level DES.

https://doi.org/10.3390/electronics15153461

https://doi.org/10.3390/electronics15153461


Electronics 2026, 15, 3461 19 of 24

Figure 11 illustrates the effective system throughput versus the number of concurrent
nodes for the proposed Q-learning adaptive scheduling algorithm and the conventional
fixed-ratio (1:1) strategy. Under light network loads, the node collision rate is extremely low;
both strategies meet service demands, exhibiting linear throughput growth with highly
coincident curves. As the number of concurrent nodes increases, the network transitions
to a heavy-load state. Lacking a dynamic adjustment mechanism, the conventional fixed
strategy exacerbates ineffective collisions during the CAP and strictly limits the maximum
data transmission in the CFP, causing throughput to saturate prematurely at approximately
0.90 Mbps. In contrast, the proposed Q-learning algorithm achieves a significantly higher
maximum throughput of 1.30 Mbps in the heavy-load region, delivering a quantitative
capacity improvement of approximately 44.4% over the baseline. By continuously sens-
ing network congestion, the algorithm adaptively optimizes the time slot allocation ratio
between the CAP and CFP. While maintaining the node reservation success rate, it com-
presses ineffective contention duration and reallocates available resources toward the data
transmission phase. This approach effectively mitigates channel congestion caused by high
concurrency and enhances the ultimate transmission capacity of the dual-mode system.
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Figure 11. Throughput Comparison: ML-Enhanced vs. Conventional Fixed-Proportion.

Figure 12 depicts the convergence curve of the proposed Q-learning adaptive schedul-
ing algorithm over 2000 training episodes. The light purple line shows the raw accumu-
lative reward per episode, which presents significant stochastic fluctuations caused by
random traffic arrival, channel fading, and the ε-greedy exploration mechanism. The
dark blue smoothed moving average curve clearly demonstrates the learning trend: in
the early training stage, the average reward climbs rapidly from negative values, as the
agent escapes from low-reward states where the success rate fails the 95% reliability con-
straint. After approximately 800 episodes, the smoothed reward converges to a stable level
around 20 and maintains slight fluctuations thereafter. This convergence characteristic
validates that the proposed algorithm can effectively learn the optimal superframe time
slot allocation strategy, and the trained policy achieves stable performance under dynamic
network conditions.
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Figure 12. Q-learning policy convergence curve.

Figure 13 verifies the global optimization advantage of the proposed Q-learning
superframe scheduling algorithm through horizontal comparison. Facing high-concurrency
requests, the conventional fixed-ratio strategy falls into severe congestion due to the lack
of environmental perception, resulting in throughput degradation. Compared with other
baseline schemes, existing heuristic algorithms (e.g., SA) are limited by the millisecond-
level delay constraints of the MAC layer, which restricts their exploration iterations within
a single superframe and makes them prone to converge to local suboptimal solutions;
while typical online learning algorithms (e.g., UCB) suffer from significant oscillations in
system throughput and performance degradation due to the high online trial-and-error cost
(Regret). The UCB multi-armed-bandit algorithm is purposefully included as a baseline to
highlight the fundamental limitations of modeling this environment without sequential
state transitions. To address the above limitations, the proposed algorithm adopts an offline
initialization and online adaptation paradigm. The offline phase leverages the closed-form
analytical environment to rapidly train a robust initial Q-table. During online deployment,
rather than acting as a static lookup table, the Q-learning agent continuously fine-tunes
the Q-values based on real-world environmental feedback, effectively compensating for
any unpredictable deviations between the analytical theoretical model and actual physical
channel fluctuations.
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Figure 13. Comparison of Throughput Optimization Performance of Different Time Slot
Scheduling Algorithms.
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5.3. Discussion and Limitations of the Model

While the proposed Q-learning based dual-mode MAC protocol demonstrates signifi-
cant performance gains, it is necessary to acknowledge several theoretical approximations
and limitations in our current modeling, which point to directions for future research:

(1) Approximation for Unsaturated Traffic: We adapted Bianchi’s saturated model us-
ing an effective-contending-node count (Nλ = N(1− e−λ)) for unsaturated Poisson
traffic. While our independent discrete-event simulation validates its steady-state ac-
curacy, this mean-value approximation may exhibit minor deviations during extreme
transient bursts.

(2) Idealized Dual-Channel Synchronization in CFP: In the theoretical capacity calculation,
the maximum transmission capacity during the Contention-Free Period (CFP) is
estimated by aggregating the capacity of both channels (e.g., effectively multiplying
the single-channel slot capacity by a factor of 2, minus overhead). This represents a
theoretical upper bound, assuming perfect time-domain synchronization and zero
cross-channel interference between the PLC and RF interfaces on the same device. In
practical physical layer (PHY) implementations, guard bands and synchronization
delays may slightly reduce this theoretical maximum throughput.

(3) Absence of Hardware Testbed: All performance metrics rely on high-fidelity discrete-
event simulations. Developing a complex FPGA-based dual-interface testbed for
large-scale networks (N = 200) is reserved for future work.

6. Conclusions
To address the communication bottlenecks caused by massive burst traffic and harsh

channel environments in low-voltage distribution networks, this paper proposes a joint
PHY-MAC layer analysis and dynamic resource adaptive scheduling framework for dual-
mode communication oriented towards highly concurrent scenarios. The study first con-
structs a joint PHY-MAC layer model for dual-mode networks based on parallel multi-
plexing, integrating the outage characteristics of physical links with the contention mech-
anisms of the MAC layer, and derives key performance indicators using an extended
two-dimensional discrete-time Markov chain. On this basis, to overcome the resource
mismatch limitations inherent in traditional fixed superframes and strictly satisfy the oper-
ational hard constraint of a minimum 95% data collection success rate, a Q-learning-based
adaptive superframe time slot scheduling algorithm is designed. Simulation results demon-
strate that the proposed algorithm can autonomously determine the optimal ratio of the
CAP to the CFP according to the dynamic network load, effectively mitigating channel
congestion under extreme concurrent surges. While strictly guaranteeing highly reliable
data collection, it maximizes the aggregate throughput of the network. Although this
study strictly evaluates the proposed scheduling algorithm through a high-fidelity discrete-
event simulation platform, we acknowledge the absence of a physical hardware testbed.
Developing a large-scale dual-mode hardware testbed with hundreds of nodes presents
significant engineering challenges. In our future work, we plan to deploy a small-scale
physical prototype to further validate the algorithm’s performance under real-world hard-
ware constraints. Future research will also consider introducing a multi-hop dual-mode
relay mechanism based on the current single-hop topology to explore deeper-layer resource
coordination within larger-scale and more complex distribution networks.
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Appendix A. Derivation of the Extended Markov Model for the
PLC Channel

Unlike the standard IEEE 802.11 CSMA/CA [20] protocol which primarily relies on
the Backoff Phase Counter (BPC) and Backoff Counter (BC), the IEEE 1901 standard [22]
introduces a Deferral Counter (DC) to handle harsh power line environments. The DC
decreases only when the power line channel is busy. If the DC reaches zero and the channel
remains busy, the station immediately jumps to the next backoff phase. Consequently,
the transmission probability τplc cannot be calculated using a simple closed-form Markov
equation; rather, it must be derived through an updating iterative function based on renewal
reward theory. The analytical expression for τplc is structured as a fractional equation. The
numerator represents the expected number of transmission attempts made before a station
successfully transmits a packet, while the denominator denotes the expected total number
of time slots consumed during this entire process.

 

Figure A1. Markov Model for the PLC Channel.

(1) Derivation of the Intermediate Micro-State Variables

To solve the updating iterative function, the microscopic state transitions within a
specific backoff stage i must first be quantified. Let CWk

1i denote the contention window
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for priority k at stage i, and dck(i) denote the corresponding initial DC value. The variable
xk

l represents the transition probability that the station prematurely jumps to the next
backoff phase i + 1 in l or fewer time slots. This occurs when the station senses the medium
busy dck(i) + 1 times before its BC reaches zero. Assuming channel sensing events are
independent with a busy probability pplc, xk

l follows a cumulative binomial distribution:

xk
l = ∑l

j=dck(i)+1

(
l
j

)(
pplc

)j(
1− pplc

)l−j
(A1)

The variable tk
i denotes the probability that the station successfully attempts to transmit

during phase i (i.e., its BC decrements to zero before the DC expires). Assuming the initial
BC value is uniformly distributed across the contention window [0, CWk

1i − 1], tk
i is derived

by accumulating the non-blocking probabilities across all possible slots:

tk
i =

dck(i) + 1
CWk

1i
+ ∑CWk

1i−1
l=dck(i)+1

1
CWk

1i

(
1− xk

l

)
(A2)

Consequently, the conditional probability of a successful transmission within stage i,
denoted as sk

i , requires that an attempt is made and no collision occurs on the channel:

sk
i =

(
1− pplc

)
tk
i (A3)

The expected number of time slots consumed at stage i, denoted as bck
i , is derived

by calculating the mathematical expectation of time elapsed before either a transmission
attempt or a forced phase transition occurs:

bck
i =

1
CWk

1i

CWk
1i−1

∑
l1=dck(i)+1

[(l1 + 1)(1− xk
l1) + ∑

j=dck(i)+1

j(xk
j − xk

j−1)] +
(dck(i) + 1)(dck(i) + 2)

2CWk
1i

(A4)

(2) Derivation of the Macroscopic Transmission Probability (τplc)

By integrating the phase-specific parameters derived above, the global steady-state
transmission probability is formulated. The probability that a station reaches stage i without
any prior successful transmission is given by the cumulative product of failures from all

preceding stages, expressed as
i−1
∏
j=0

(1− sk
j ).

According to the absorption rules of the IEEE 1901 protocol, when a device reaches
the maximum backoff stage (denoted as stage M), it will re-enter this maximum stage
continuously upon failure until successful transmission or packet drop. This absorbing
behavior generates a geometric sum for the final stage. By applying the renewal reward
theorem to aggregate the expected transmission attempts (numerator) and the total expected
time slots consumed (denominator) across all stages within a complete packet lifecycle, we
obtain the final fractional expression:

τplc =

mk
1−2
∑

i=0
tk
i

i−1
∏
j=0

(1− sk
j ) +

mk
1−2
∏
i=0

(1− sk
j )

tmk
1−1

smk
1−1

mk
1−2

∑
i=0

bck
i

i−1
∏
j=0

(1− sk
j ) +

mk
1−2

∏
i=0

(1− sk
j )

bcmk
1−1

smk
1−1

(A5)

This explicitly defines the logical origin of Equation (11) and maps the discrete backoff
counter dynamics to the macroscopic channel performance metrics.
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