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SUMMARY: With the wide application of Internet technology in smart grid, the time delay
jitter of user-side data has caused serious interference to the accuracy of power supply
decisions. This paper establishes a delay analysis model based on tandem queuing system,
observes the queue at the moment of service packet arrival, and adopts the strategy of
analyzing one by one to obtain the probability generating function of delay jitter for real-time
class service packets. On this basis, a power supply decision monitoring system based on IoT
communication is constructed, which collects real-time data of power supply through 4G/fiber
optic communication and MV carrier network, and realizes optimal scheduling and decision
making of power supply with the help of reinforcement learning algorithm. The experimental
results show that compared with the optimal trend and genetic algorithm, the reinforcement
learning-based algorithm proposed in this paper has faster convergence speed and higher
stability, and its economy is better than the comparison algorithm, and its total cost is
reduced by more than 2000 yuan. The practicality of the algorithm in this paper in coping
with communication delay and user-side data fluctuation is verified.

KEYWORDS: CSMA/CA; Reinforcement Learning Algorithm; Real-Time Class Service
Package; Delay Jitter; Power Supply Decision

1 Introduction

Driven by the digital economy and “peak carbon and carbon neutral”, the hub position of the
power supply system in the construction of a new type of power system is becoming more and
more prominent, and it plays a key role in assisting the transformation and development of the
electric power industry and guaranteeing energy efficiency [1, 2]. When the Internet of
Things (10T) technology is applied, wireless sensors can be installed in the smart grid in order
to real-time monitoring of the power energy long-distance transmission process, by obtaining
the dynamic changes in cable temperature and current value, timely detection and resolution
of grid faults, and provide a reliable guarantee for the safe and stable supply of power energy
[3-5]. In the power supply system, I0T devices collect the voltage, current, frequency and
other data of the power supply to carry out tasks such as power supply state assessment, fault
identification, power supply load prediction, etc., to realize real-time monitoring and
decision-making guidance for the power supply system [6-8]. With the high percentage
penetration of distributed new energy, high percentage access of power electronic equipment,
high integration of power and electronic equipment, and the emergence of multiple production
and marketing users, it brings profound changes and major challenges to the technical
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characteristics, operation mechanism, and development mode of power supply and loT [9,
10]. Among them, the 10T data delay jitter problem is worthy of attention.

Data delay refers to the time elapsed from the sending of a data packet to its destination. It
includes several factors such as propagation delay, transmission delay, queuing delay and
processing delay [11]. Secondly, delay jitter is an unstable manifestation of network delay,
which measures the variation of packet delay during transmission. Delay jitter can be caused
by several factors, such as network congestion, transmission errors, and routing changes [12,
13]. The higher delay jitter indicates the worse stability of 10T and the reliability of packet
transmission is reduced, which is manifested as data loss and duplication [14-16]. While the
problem of delay jitter is often neglected in traditional power supply decision monitoring,
simulation modeling of it can explore the impact of delay jitter on power supply decision
monitoring as well as improve the effectiveness of power supply decision monitoring.
Therefore, simulation modeling of 10T data delay jitter in power supply decision monitoring
IS necessary.

This paper establishes a delay analysis model based on a case-by-case analysis strategy,
through which the characteristics of data delay and jitter are portrayed. Based on this, a
reinforcement learning-based power supply decision monitoring system is constructed. The
system consists of application layer, platform layer, communication network layer and
perception layer, and adopts B/S architecture and bus transmission protocol information to
complete the adaptive control of power supply decision-making system in FTTB scenario.
The system introduces a reinforcement learning algorithm for sequential decision-making and
long-term optimization with a small amount of information, which is applied to deal with
power supply decision scheduling containing delay fluctuations. The performance of the
algorithm in this paper is verified through simulation experiments and comparison tests in
various aspects such as convergence and economy.

2 Simulation modeling of delay jitter based on lIoT data

The existence of non-real-time class of service packets in wireless access networks is bound
to have an impact on the service of real-time class of service packets, which further makes the
performance of real-time class of service packets with delay jitter change. The arrival
characteristics of the two types of service packets are random; and due to the collision
between packets in the CSMA/CA network, the service time of the packets is also random.
These two points make it difficult to analyze the delay jitter of real-time class of service
packets. In this chapter, we adopt the delay jitter analysis method. In order to analyze the
delay jitter of real-time class service packets, the queue is first observed at the moment of its
arrival and the delay of real-time class service packets is analyzed. Then the time delay of the
packet is analyzed time slot by time slot within the arrival interval of the real-time class
service packet and the time delay expression of the real-time class service packet is obtained.
Finally, in the probabilistic generation domain, the probabilistic generation function for the
delay jitter of real-time class service packets is obtained.

2.1 System model

A common communication scenario for a wireless access network contains M nodes and an
AP. the nodes use the CSMA/CA mechanism for data transmission with the AP. Each node in
the network contains real-time class service packets and non-real-time class service packets.
The two types of service packets in each node enter the queue sequentially, and the service
rule for packets is first-come-first-served. We abstract the process of accessing real-time class
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service packets and non-real-time class service packets in a node to the wireless network into
a queuing model as shown in Fig. 1. The same random access parameters are used for both
types of service packets. In this chapter, we assume that: each node is within the carrier
listening range of the rest of the nodes and there are no obstacles in the listening area, so the
hidden node problem is not considered.

[ ,“CSMA/CA™,
N Mechan isnl /

-

Real-time Non-real-time
Service Packets U Service Packets

Figure 1: The queuing model for wireless access in heterogeneous business scenarios

2.2 CSMA/CA mechanism

2.2.1 CSMA/CA modeling

The IEEE802.11 protocol standard uses the CSMA/CA mechanism to transmit packets.
Referring to the previous work of the laboratory, the CSMA/CA mechanism is modeled as a
two-dimensional discrete-time Markov chain, and the detailed analysis process is described in
Ref. Based on Markov theory, the expression of b, can be obtained by derivation as

follows:

a>m @)

where W, is the initial backoff window range, m is the maximum backoff order, and «

is the maximum number of retransmissions.
The probability 7 that a packet is transmitted in any time slot can be expressed as:

T= 1——[3 bo,o 2)

The probability p of a packet collision is:

p=1-(1-7)"" ©)
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2.2.2 Analysis of hours of service

In this section, we analyze the service time of packets. During the backoff process, a time slot
is maintained with (1— p) count decrement, the original state is maintained with p, for T,

time, and the original state is maintained with (p— pe) for T, time. Then L,(z) denotes
the PGF of the time required for the decreasing of the recession counter can be expressed as:

L, (2) =(1-p)z+ p.z" +(p—P,)Z" (4)

where p, =(M -1)z(1-7)" .
Let L,(z) be the PGF of the time required for the recession counter to decrement to zero
when the recession order is i, which can be expressed as:

V%V_viszg(z), i<m
L 5)

Li(z) = I

The PGF of packet service time can be expressed as:

[23 a

o)== S () T 0) () [T, 2 ©

i=0 j=0

2.3 Delay and Jitter Performance Simulation Analysis

In the next simulation, the packet delay and jitter performance of real-time class services are
investigated in different scenarios by taking the real-time class service arrival interval obeying
a fixed-length distribution and the non-real-time class service as a Poisson arrival process as
examples.

2.3.1 Delay performance simulation in different scenarios

In this paper, we study the complementary cumulative distribution function of delay and
discuss the packet delay performance from the following aspects.

(1) The effect of total network load intensity on packet delay performance

In this section, we first conduct a related study on the tandem queuing system, configuring
the total load intensity of the system to be 0.5, 0.6,0.7,0.8, respectively, in which the average
arrival rate pD of real-time class services is set to 0.3 and kept constant, and the service rule is
random acceptance of services. The simulation results of end-to-end delay performance of
node 1 and tandem queuing system under four load intensities are shown in Fig. 2, and the
delay performance with total load intensities of 0.5,0.6,0.7,0.8 are shown in Figs. (a)~(d),
respectively, where the x-axis is the value of delay and the y-axis is the complementary
cumulative distribution function of delay, which is represented in this paper in the form of a
log-log plot.

In this paper, it is found that the complementary cumulative distribution function curves of
time delay on the four graphs have the same trend, but the x-axis takes a different range of
values, and the range of time delay is different. From figure (a) it is seen that when the total
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network load is 0.5, the maximum delay of real-time class service at node 1 is 14 time slots,
and the maximum end-to-end delay is 20 time slots, while in fact the probability that the delay
at node 1 is greater than 6 time slots has been as low as 10-3, and the probability that the
end-to-end delay is greater than 12 time slots is also less than 10-3, which indicates that the
real-time class packet delay performance in this case is better. As the network load increases,
the packet delay and end-to-end delay performance at node 1 deteriorates rapidly. Thus, in
order to ensure the delay performance of real-time class services in real networks, appropriate
traffic admission control mechanisms need to be designed in the network.
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Figure 2: Delay performance simulation results

(2) Impact of service rules on packet delay performance

In this chapter, it is assumed that when the packets of real-time class services and
non-real-time class services enter the system in the same time slot, there exist random service
rules and prioritized service rules, and the impact of service rules on packet delay
performance is investigated here. Configuring the total network load p = 0.9 and the real-time
class service load pD = 0.3, the packet delay under the two service rules is compared, and Fig.
3 shows the delay performance comparison under the two service rules. Figures (a) and (b)
show the comparison of node 1 delay performance and end-to-end delay performance,
respectively.

The value of the packet delay complementary cumulative distribution function at the same
point under the random service rule is always larger than the value under the prioritized
service rule, indicating that the packet delay performance under the random service rule is
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worse. It is also found that the difference between the delay curves under the two rules is not
much, which is because this paper only assumes that when the packets of the two types of
services enter the system in the same time slot, the two service orders will be distinguished,
and when they do not enter the system in the same time slot, they still adopt the service rule of
FIFO, and thus the difference between the curves is not too much.
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Figure 3: The delay performance of the two service rules is compared

2.3.2 Simulation of jitter performance in different scenarios

In this section, the probability distribution function of the jitter of the real-time class of
services at each tandem node is given. The simulation includes the following sections:

(1) Jitter performance under different load intensities

In this section, firstly, for a tandem queuing system with five nodes, the total load
intensity of the system is configured to be 0.5,0.6,0.7,0.8, the average arrival rate pD of
real-time class services is set to be 0.3, and the service rule is to accept the services randomly.
The simulation results of the probability distribution function of the jitter of real-time class
services at each node under four load intensities are shown in Fig. 4, and the probability
distribution function of the jitter with total load intensities of 0.5~0.8 are shown in Figs.
(@)~(d), respectively.

Firstly, the probability distribution of jitter of each tandem node under the same load is
compared. It is found that the probability distribution curves of node 1 and node 2 jitter are
steeper near 5 time slots and the probability distributions are more concentrated, bounded by
probability 0.05, and the jitter of node 1 and node 2 is mainly distributed between 2 and 7
time slots. The probability distribution curves of jitter at node 3 and node 4 are flatter, with
jitter distributed between 1 and 10 time slots, which indicates that the jitter of packets takes
more and more dispersed values as the number of nodes passing through increases in a
tandem queuing system. Then comparing the probability distribution of jitter of the same node
under different loads, it is found that the probability distribution of jitter of the same node
takes more and more dispersed values as the total load of the network increases.
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Figure 4: The impact of network load on jitter performance

(2) Jitter performance under different service rules

In this paper, we configure the total network load p=0.8 and the real-time class service
load pD=0.2, and simulate the probability distribution function of packet delay jitter of nodes
1,2,3,4 under the two rules of prioritized service and randomized service, respectively, and the
impact of service rules on the jitter performance of each node is shown in Fig. 5, and the
probability distribution of packet delay jitter of nodes 1,2,3,4 under the two rules of
prioritized service and randomized service functions are shown in Figs. (a)~(d), respectively.

The probability distribution curve of packet jitter for the real-time class of service under
the priority service rule is steeper near the 9 time slot, and the jitter is distributed with a
greater probability near the 9 time slot. In contrast, the probability distribution curve of
real-time class service under random service rule is flatter and jitter takes a more spread out
value, but this gap slowly decreases as the number of passing nodes increases. Under the
prioritized service rule, the real-time class of service packet jitter is only related to the change
of system captain at its arrival moment. In contrast, under the random service rule, the packet
jitter is not only related to the change of the system captain, but also related to the number of
packets of the background flow that enters the system at the same time and may receive the
service first, and thus the packet jitter takes a more dispersed value.
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Figure 5: The effect of service rules on the shaking performance of each node

3 Reinforcement learning based power supply decision
monitoring system construction

3.1 Analysis of the overall architecture and functional structure of the
decision-making system

3.1.1 Overall architecture of the decision-making system

Power supply decision-making under FTTB scenario is carried out in embedded power
system management mode, combined with the parameter distribution of power supply
decision-making data under FTTB scenario, and temporal big data integration is carried out.
Combined with statistical analysis methods, it realizes big data information management for
power supply decision-making under FTTB scenario. According to the construction standards
of the South China Network Internet of Things platform, the equipment collection device of
the power supply decision-making system under FTTB scenario adopts the measurement data
or strategy command control system, and based on the protocols provided by the platform,
such as MQTT(s), CoAP, HTTP(s), GB/T28181, ONVIF, PG, etc., it builds the power supply
decision-making system model. Access to build power supply decision-making system model.
Based on the loT platform architecture to establish the decision-making protocol model,
through the video data transmission, to establish the joint control system structure model, to
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converge the relevant data, the local networking form contains: micro-power wireless,
Bluetooth, RS485, Ethernet, the overall architecture of the system's 10T is shown in Figure 6.
According to Figure 6 to establish the system architecture, using layered distribution
structure design, the system consists of four layers: application layer, platform layer,
communication network layer and perception layer. Adopting Web architecture system, under
the temporal big data fusion technology, B/S architecture and bus transmission protocol are
adopted to realize the informatization transmission and control of big data collection, and
build the power supply decision-making and optimization control model under FTTB scenario
as well as the cloud information processing library of parameter identification to realize the
adaptive control of power supply decision-making system under FTTB scenario, and the

overall architecture of the system is shown in Fig. 7.
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Figure 6: The overall architecture of the iot platform
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Figure 7: The overall structure of the power making system in FTTB scenario
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3.1.2 Functional module analysis

According to the overall architecture of the system, the power supply decision-making system
model containing five functional modules, namely, basic management, operation monitoring,
video monitoring, alarm management, and comprehensive analysis, is constructed to realize
the acquisition of relevant user and authority information of the system through the
integration of the 4A platform of the power supply decision-making system in the FTTB
scenario; it can also be realized through the platform itself for the transmission of information
and the fusion of user information, and combined with the configuration of platform
parameters, it can realize the configuration of the maintenance and management functions of
the power supply decision-making system in the FTTB scenario. It can also realize the
maintenance and management function configuration of the power supply decision-making
system under FTTB scenario through information transmission and user information fusion
by the platform itself, combined with the platform parameter configuration.

Adopting 4G/fiber optic communication and medium voltage carrier network, the power
supply decision-making platform under FTTB scenario realizes page menu authority control
through the configuration results, and obtains the functional module composition of the
decision-making system as shown in Figure 8.
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Figure 8: The function module of the system
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3.2 Reinforcement learning based power supply decision algorithm
design

3.2.1 Analysis of constraint variables for power supply decisions

In order to realize the design of power supply decision-making system based on
reinforcement learning in FTTB scenarios, a multi-attribute fusion parameter tracking
learning model for power supply decision-making in FTTB scenarios is created by adopting
statistical analysis methods of auxiliary information and user evaluation. Solve the
measurement characteristics of power supply decision-making information sequence under
FTTB scenario, and get the predicted state parameter D/, and the predicted value L/, at

t+1
the moment of t-+1, and the relationship between the two is satisfied:

Dt’+l = i Qt+l (1_ t) (7)
L['+l = i Dt!+1 (t) (8)

where €2 denotes the Basset function of power supply decision in FTTB scenario, and t
denotes the time of analyzing the information of power supply decision, the mutual
information entropy of power supply decision in FTTB scenario is obtained to satisfy:

limsup|D/,; - L,,| >0 )
t—w

Constructing statistical information model for power supply decision making in FTTB
scenarios through load balancing control:

a(X,t)=iQHl(n—t)Q (10)

n=0

where n is the throughput, in the finite state space, extracts the joint statistical analysis
feature quantity of multiple attributes for power supply decision making in the FTTB scenario,
described as:

IDF,,, = \/zn:(tg)z x[log(0.01t) | (11)

t=1

Based on reinforcement parameter learning, the constrained variable parameter control
model of power supply decision is obtained, the association fusion is realized based on the
extracted operational parameter information of power supply decision in FTTB scenario, and
the regularity feature quantity of the fusion of multi-attribute measurements of interrelated
information of power supply decision in FTTB scenario is analyzed based on the
unsupervised learning method.

3.2.2 Reinforcement learning algorithms for power supply decisions
Optical time-domain reflectance (OTDR) and fiber optic Raman scattering techniques are
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used to establish a real-time uploading and analysis model for generator set data and
environmental data, and the trade-off game control model is obtained as:

sin(t[v])

w(t)(U,, U, )=cos(tle |)u, + u 12

()(O 1) (||)0 |V| 1 ()
where e, is the loss of the fiber; u, is the real-time upload model; and u, is the analysis
model. If we set e, =0, using the method of single sample fusion analysis, we get the output
of power supply decision in FTTB scenario as p,(t)(i=12,3), and the output reliability

feature detection expression is:
pi (t) = er +W(t)(u0'ul)+ IDFconst (13)

Based on the trade-off and learning approach, combined with the interrelated information
fusion method, the fuzzy prediction model is obtained, and the output value of the power
supply decision in the FTTB scenario is:

(::rn — F)i (1:)
D!

t+1

(14)

Based on the implicit variable characterization method, the test statistic characteristic
quantity of power supply decision in FTTB scenario is obtained as:

f(xi,xz):é[l—t] (15)

Cooperative auxiliary control of auxiliary information based on the decision-making
information to obtain the dynamic fuzzy scheduling model for comprehensive multi-attribute
evaluation of power supply decision-making in FTTB scenario as:

Ccode = (name’ ‘Pckcallee' f (Xl’ X2 )) (16)

where f(-) is the dynamic fuzzy function. The results of power supply decision-making in
FTTB scenario are grouped and detected to establish a correlation analysis model, denoted as:

P =—(tx+Cm)|C (17)

code

Obviously, x satisfies: x~N (Ex, Enz), and based on the information of power supply
decision in FTTB scenario, the autocorrelation fusion function is obtained as:

.1 © 4
F (%a,4)=1 T [ F(a)KH(W)dW (18)

where K_ ,(w) is the iterative function of power supply decision in FTTB scenario;
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2“‘1—F() is the statistical feature component. According to the above analysis,
o
reinforcement learning algorithm is used to realize the algorithm design of power supply
decision.

3.3  Numerical results and analysis

3.3.1 Experimental environment design

The simulation running environment is on a device with a 11th Gen Intel (R) Core (TM)
i5-11300H processor at a speed of 3.10GHz - 3.11GHz, and the system is Windows 10 -
64-bit operating system. The simulation software is tensorflow 2.0 under python 3.8. In this
simulation environment, 30 user devices are randomly deployed with num(N) =30.

3.3.2 Results and analysis

TensorFlow, a deep learning framework developed and open-sourced by Google, is
considered to train the learning process of the algorithm of this topic and to analyze the
performance of the algorithm itself. Figure 9 shows a comparison of the loss function between
the Optimal Pipeflow Algorithm (OPF), Genetic Algorithm (GA), and the structure of this
paper's Reinforcement Learning based Powered Decision Making Algorithm during the
training period of 4000 iterations. The loss function using the structure of this paper's
algorithm decreases faster and achieves the smallest stabilization error value compared to
OPF as well as GA. Also, the data analysis using statistical approach shows that the
convergence value of conventional OPF is about 52.9, GA is about 42.5 and the convergence
value of this paper's algorithm is about 22.1.Thus, the convergence value of this paper's
algorithmic error has been reduced by 58.22% and 48.00% as compared to the two
conventional algorithms. Combining the data and graphs, it can be concluded that this paper's
algorithm is more stable.
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Figure 9: Loss function convergence curve

In order to demonstrate the convergence of the proposed algorithm and the superiority of
the strategy, Fig. 10 shows the comparison of the cumulative rewards of the traditional OPF,
GA, and the algorithm of this paper at the same moment in time (when the voltage and tariff
are kept the same) during the training period of 4000 iterations.

As the number of iterations increases, the experience of the intelligent body becomes
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richer and richer, and the value of the cumulative reward obtained gradually increases and
finally converges to the maximum value. Meanwhile, using statistical approach for data
analysis, the convergence value of OPF is about 1653.25, the convergence value of GA is
about 1815.19, and the convergence value of this paper's algorithm is about
2229.58.Therefore, the convergence value of the reward of this paper's algorithm is increased
by 34.86% and 22.83% as compared to the two baseline algorithms. Thus the maximum
cumulative reward using this paper's algorithm is much larger, i.e., after generating the
optimal policy, it is able to select the optimal action with the maximum cumulative reward.
Despite some fluctuations in the reward values during the training process, the general trend
of the curve proves the convergence of the algorithm and the efficiency of the algorithm.
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Figure 10: Comparison of cumulative rewards

Table 1 shows the total cost of the different algorithms in one day, where the operating
cost is partly the cost brought by the electricity usage and partly the compensation cost given
after some load interruptions. The price of electricity without demand response is 37,211.18
yuan, all of which is the cost paid to the grid for electricity consumption. When we introduce
demand response, we need to consider not only the electricity consumption cost paid to the
grid but also the compensation cost from interruptible loads. When the OPF algorithm is
considered, the cost of electricity consumption is 30012.74 yuan and the cost of compensation
for interruptions is 4852.92 yuan, making a total cost of 34865.66 yuan. When GA algorithm
is considered, the electricity cost is 25822.37 yuan, the interruption compensation cost is
6182.17 yuan, and the total cost is 32004.54 yuan. When considering the algorithm of this
paper, the cost of electricity is 21131.93 yuan, the cost of interruption compensation is
6814.26 yuan, and the total cost is 27946.19 yuan. This is in line with the expectations of the
simulation, which is because the utilization of demand response policy and interruption
compensation policy can effectively reduce the user's spending at the peak of electricity
consumption, which in turn avoids the situation that the electricity-using equipment works a
lot at the time of high electricity cost. Specifically, the algorithmic algorithm in this paper can
improve the user experience, reduce the cost of electricity consumption, and improve the
economic efficiency under the premise of ensuring the normal power supply to other ordinary
users.
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Table 1: The different algorithms are assembled in one day

Algorithm Power cost(yuan) Interrupt compensation(yuan) Total cost(yuan)
OPF 30012.74 4852.92 34865.66
GA 25822.37 6182.17 32004.54
Ours 21131.93 6814.26 27946.19

4 Conclusion

In this paper, a reinforcement learning-based power supply decision monitoring system is
designed to address the impact of data transmission delay and jitter on power supply
decision-making system in the 10T environment. First, the delay and jitter characteristics
under different network loads and service rules are analyzed to provide a data basis for the
design of the subsequent decision-making system. Then the reinforcement learning-based
power supply decision monitoring system is constructed to realize the adaptive optimal
scheduling of power supply under uncertain environment.

The research results for the tandem queuing system reveal the impact of network load
intensity and service rules on the jitter and delay of real-time class services. As the total load
of the system is increased from 0.5 to 0.8, the node and end-to-end delay of real-time class
service packets increase significantly, and the jitter distribution tends to be dispersed
distribution state. Compared with the random service rule, the prioritized service rule can
provide a more centralized and easier-to-predict performance for real-time class services.

Compared with the traditional optimal current (OPF) and genetic algorithm (GA), the
reinforcement learning algorithm proposed in this paper performs better in terms of
convergence speed, stability and economy. Compared with the two traditional algorithms of
OPF and GA, the loss convergence value of this paper's algorithm is reduced by 58.22% and
48.00%, respectively, and the cumulative reward value is improved by more than 20%. And
the algorithm in this paper has the lowest daily running cost, the total cost is only
27946.19yuan. Its superiority in power supply decision making in uncertain environment is
verified.

This study provides an optimized system framework and algorithm for power supply
decision-making under the Internet delay environment, and provides a channel for the
practical application of reinforcement learning algorithms in power systems.
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