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Abstract—This paper focuses on solving the modelling issues of
the monitoring system service performance based on network
calculus theory. Firstly, we formulate the service model of the
smart grid monitoring system. Then, we derive the flow arrival
curve based on the incremental process related functions. Next,
flow arrival curves for the case of the incremental process being
fractional Gaussian process and that of generalized Cauchy
process are obtained, respectively. Three technical theorems
related to network calculus are presented as our main results.
Mathematically, the variance of arrival flow for the continuous
time case is derived. Assuming that the incremental process of
network flow is a Gaussian stationary process, and given the
auto-correlation function of incremental process with violation
probability, the formula of the arrival curve is derived. Besides,
the overall flow variance under the discrete time case is derived
explicitly. The theoretical results are evaluated in smart grid
applications. Simulations indicate that generalized Cauchy
process performs better than fractional Gaussian process for our
considered problem.

Index Terms—fractional Gaussian process, generalized Cauchy

process, monitoring systems, network calculus, service
performance.

I. INTRODUCTION
A. Moativation

HE monitoring system is one of the core elements within

the field of smart grid [1]. Allowing for the monitoring of
voltage, current, power at transformers, smart meters and
distribution switching devices, the smart grid monitoring
system has attracted much attention and significant advances
on this topic have been made; see, e.g., [2], [3]. There are two
main differences between the smart grid monitoring system and
the traditional network service system. The analysis and
management part of the smart grid monitoring system cannot be
merely regarded as simple data transmission. In addition, the
monitoring system is often required to analyze the
synchronization of different monitoring node data. In the case

Junwei Cao, Yuxin Wan, Haochen Hua (corresponding author, e-mail:
hhua@tsinghua.edu.cn) and Gang Yang are with Beijing National Research
Center for Information Science and Technology, Tsinghua University, Beijing,
P. R. China.

of the power quality analysis, e.g., in [4], one needs to deal with
the monitoring data acquired by power quality monitor
simultaneously.

Currently, there have been two sets of the wide area data
measurement systems, one of which is supervisory control and
data acquisition (SCADA) system based on the remote terminal
unit (RTU) [5], [6], and the other is the wide area measurement
system (WAMS) based on the phasor measurement unit (PMU)
[71, [8]. Based on RTU [9], the SCADA system is most widely
used in power systems. The RTU has functions including
measurement, communication, control, etc., and it is widely
used in the energy management system. The main disadvantage
of the RTU is that the data sampling frequency is relatively low,
thus the dynamic information of the power communication
network cannot be achieved in time. Moreover, the RTU has no
synchronization clock, and the obtained data is not
synchronized. If we compare PMU with RTU, PMU has several
advantages as follows. It is equipped with global positioning
system (GPS) based clock synchronizer and has higher
measurement accuracy. Additionally, its measurement
frequency is in the magnitude of tens of milliseconds.
Therefore, compared with SCADA system, WAMS based on
PMU can achieve more accurate measurement information and
is the main component of the wide area monitoring system of
smart grid [8]. The WAMS of smart grid is composed of three
parts: PMU, communication network and controller. PMU
measures the operation parameters of the grid from different
regions and sends them to the control center where data is
analyzed and processed. To illustrate, Fig. 1 is a schematic
diagram for the case of wide area closed loop damping control
in the South China Power Grid.

Under the mode of the shared network, the smart grid
network monitoring system is required to analyze the service
performance of the system, so as to determine the network
configuration of the monitoring system. On the other hand, the
performance analysis is based on the modelling of the network
transmission and calculation performance of the monitoring
system. Within the monitoring system of smart grid, both
power measurement and controller signals are transmitted
through the communication network, while the data of each
node of the power system enters into the control center through
different communication channels. In addition, the arrival time
of data from different communication channels entering into
the control center is different. Thus, it results that the input
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control data is not synchronized. The data which is not
synchronized with the communication channel brings
additional delay into the system.

The above analysis indicates that the transmission model of
the smart grid monitoring system cannot be simply equated
with the ordinary network transmission model. The additional
time delay caused by the synchronization is required to be
considered. Besides, it costs time for the smart grid monitoring
system to process the data. Thus, the time delay caused by the
processing is also required to be considered in the service
model; see, e.g., [10]
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Fig. 1. Schematic diagram for the wide area monitoring system of smart grid.
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B. Literature Review

The most commonly used methodology for the network
performance analysis is based on the time delay generated by
Ping and other network commands. Then, the network
performance analysis can be expressed by the mean and
variance of the time delay [11], [12]. Theoretically, the
measurement is under the sampling of a continuous time model.
If the sampled object is a group of independent and identically
distributed random variables, and only if the random variables
have the same and finite mathematical expectation (mean) u
and variance o, the measured data shall be restricted by the
central limit theorem, which makes the sampled data follow a
normal distribution with mean u and variance o? [13], [14].

Paradoxically, the data of the Internet has been proved to be
neither independent, nor does it follow the same distribution,
with its variance unfixed [15]. For example, the variance of the
fractional Brownian process is related to the size of the time
interval. Even if the size of the sampling time interval is
reduced, according to the fractional theory and the
self-similarity theory, the random process that has fractional
characteristics still has a burst phenomenon in a short period,
even when the time interval is approaching zero. Therefore, in
order to describe the performance of the network correctly, the
method based on the mean and variance of the measured data is
inaccurate.

The network calculus theory has been developed rapidly; see,
e.g., [13]-[16], and it has been utilized to describe the
performance of the service system [17], [18]. On the other hand,
the future smart grid is expected to be an interconnected

network of small-scale and self-contained microgrids, where
renewable energy sources play a significant role [19], [20]. The
stochastic network calculus theory has been applied to analyze
the power supply reliability with various renewable energy
configurations [21], [22]. In [23], network calculous theory has
been applied in real-time routing in wireless sensor networks
with the methodology of potential field in physics. For the
survey of deterministic and stochastic service curve models in
network calculus, readers can refer to [24]. It is notable that due
to the synchronous property of the smart grid applications [25],
the original network calculus theory cannot be directly applied
in the delay analysis discussed in this paper.

C. Contribution

In this paper, network calculus theory has been applied to
model the smart grid monitoring system. Firstly, the service
model of the smart grid monitoring system is formulated. Then,
the flow arrival curve based on the incremental process related
functions is derived. Next, flow arrival curve for the case of the
incremental process being fractional Gaussian process and
generalized Cauchy process are obtained, respectively. Then,
simulations are illustrated to show the feasibility of the
proposed methods.

The main contributions of this work can be summarized as
follows:

1, For the smart grid monitoring system, the network
calculus theory has been applied, such that the engineering
practical problems are transformed into mathematical issues. It
is highlighted that we are focusing on developing fundamental
as well as theoretical results, and the analysis methods
introduced in this paper can be applied under most scenarios of
monitoring systems in the field of smart grid.

2, Based on the network calculus theory, in this paper, a
service modelling for the smart grid monitoring system is
formulated. The flow arrival curve based on the incremental
process related functions is derived. Flow arrival curves for the
case of the incremental process being fractional Gaussian
process and that of generalized Cauchy process are obtained,
respectively. With the performance modelling method
proposed in this paper, the smart grid network monitoring
system shall be able to analyze the service performance of the
system, so as to determine the network configuration of the
monitoring system.

3, In this paper, three theorems are proposed as our main
results. In Theorem I, the variance of arrival flow for the
continuous time case is derived. In Theorem I, assuming that
the incremental process of network flow is a Gaussian
stationary process, and given the auto-correlation function of
incremental process with violation probability, the formula of
the arrival curve is derived. In Theorem Il1, the overall flow
variance under the discrete time case is expressed explicitly.
Besides, several technical lemmas and corollaries are obtained.

4, Based on the actual network flow dataset, numerical
simulations are performed, verifying the feasibility of the
obtained arrival flow curves. In addition, we compare the
calculation results obtained under the assumption of fractional
Gaussian process and generalized Cauchy process. The
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experimental results show that performance under generalized
Cauchy process is closer to statistical results from real data.
The rest of this paper is organized as follows. In Section 11,
system modelling is introduced. In Section I1I, main results of
this paper are provided. Experimental results are illustrated in
Section V. Finally, Section V gives some concluding remarks.

Il. SERVICE MODELLING OF THE SMART GRID MONITORING
SYSTEM

We regard the transmission network of the smart grid
monitoring system as a transport service node. The processing
and queuing of the equivalent transmission service node causes
the delay of network transmission. Similarly, we treat the
calculation and procession of the control center as a calculation
service node. Since the equivalent transmission model of
network services has been analyzed in detail in the network
calculus theory, the model of the equivalent calculation service
node of the monitoring system is given as follows. Data
processing can be considered as a data stream going into a
service link, with the output flow through a scaling function.
Equivalently, the data is processed through a scaling function
first, and then through a computing service. The latter case is
consistent with the model described in [26], and we analyze the
latter case here.

First, let us introduce some notations. Denote A as the
processing time of one unit of data in one node. F(-) stands for
the function to measure the time complexity. For n units of
input data, their processing time is the value of F(n)A. Let us

-1
define C(t) 2 %, where C(t) is considered as a strict service

curve, whose definition can be found in network calculus
theory [13]-[16]. Furthermore, when the processing result of
the calculation processing node is expressed as the scaling
function S(n) of the input data with volume n, then the
monitoring system can be regarded as a series of service models
shown in Fig. 2. Thereby, the overall service performance of
the monitoring system can be expressed as C®S~*(B), where
S(n) stands for the infimum of scaling function, B(t) stands

for the equivalent transmission service performance of the
monitoring system, and operator @ stands for convolution.

R) > FlEe==> S = B — >R (1)

Fig. 2. Regarding the monitoring system as a series of service models.

When the same input data flow corresponds to a variety of
processing results, we define the scaling function S as the
maximum processing result of the same input flow. The
equivalent service curve obtained by this approach is smaller
than the real service curve, and the performance boundary of
the system obtained in this way can guarantee the real service
performance. Furthermore, when the monitoring system has
massive simultaneous computation and transmission, any part
of the section containing the calculation and the transmission
can be equivalent to a computing service node with a
transmission service node. If we connect the equivalent service
nodes described above in series, according to [26], the

equivalent service model can be obtained. Such syncretized
equivalent model can be transformed into the traditional
transmission service model. The scenario of multi-channel data
can be obtained similarly.

In the mode of a sharing network, power system data is
required to go through the public network first before going
through a private network. We assume that the private network
has QoS guarantee for monitoring system. Hence, our focus is
put on the analysis of the equivalent transport service model
through the public network transmission. Power monitoring
data transmission in public networks can be equivalent to
competition with the other application data. According to [26],
if a service system works on two aggregate flow R; and R,
simultaneously, the overall service curve is g (t), and the
arrival curves of R,, R, are a,, a,, respectively, then, for
arbitrary time t the output of R, satisfies the following
inequality,

Ri(©) = Ri®(B — a2)* (O).

If (B —a,)* is a generalized increasing function, then
(B — a,)7 is the service curve of R;. The key to achieve the
equivalent transfer service curve is to obtain the arrival curve of
the rest of the data in the public network, which is analyzed in
the next section.

I1l. EQUIVALENT TRANSMISSION SERVICE CURVE IN THE
SHARED NETWORK

A. Deriving Flow Arrival Curve Based on the Incremental
Process Related Functions

According to the properties of fraction, self-similarity and
long-range dependence processes, both the fractional
dimension describing the fractional characteristics and the
Hurst exponent describing the long-range dependence belong
to the properties of the process auto-correlation function in a
specific range.

Before we provide the models based on the auto-correlation
function, a mathematical lemma is presented first.

Lemma I [27] The variance formula for the sum of arbitrary
random variables,

n n isn,jsn
var (Z Xi> = Z var(X;) + 2 Z cov(Xi,Xj).
i=1 i=1 i)

Based on Lemma I, we denote the network arrival flow as a
random stochastic process A(t) which has a finite mean value.
We assume that the incremental process is a smooth process,
denoted by F(t), and the auto-correlation function is r(t). The
network flow model is usually assumed to have incremental
stability [28]. Otherwise, the network arrival model cannot be
defined. Referring to the fractional Gaussian process [29], we
define the incremental process similarly,

F() = A(t + 82 A(t)'

Since the incremental process is stationary, its mean is
constant. Thus, we assume E(F(t)) = c. Furthermore, let us
define G(t) 2 F(t) —c.

We assume that the variance of incremental procedure G (t)
is o2. Since G(t) is a stationary process, o2 exists and is
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constant. Then, we present the main results as follows.

Theorem I: The variance of arrival flow within any
continuous time period [0,t] satisfies the following
relationship

Var(A(t +s) — A(s)) = 202 ft(t —r(t)dz.
0

Proof.
Due to E(G(t)) = 0, we have
cov(G(t),G(s)) =r(t —s).
Let us denote t = ne. Then, we have
A(t+s)—A(t+s—¢)=eG[(n— De +s] +cg,
Alt—e+5s) — A(t—28+s) =¢eG[(n —2)e + s] + cs,

ARe+6+s) — A(e+5+s) =¢eG(e +s) +cg,
A(e+s)—A(s) =eG(0 + s) + ce.

Let us take the summation of the above n equations, which
leads to

A(t +5) — A(s) = X4 eG(ie + s) + nce. )
By Lemma I, the variance of A(t + s) — A(s) can be expressed
as

Var(A(t +5s)— A(s))

n-1

2 z Var(G(ic + s)
i=0
isn,jsn

+2 Z cov(G(ie + 5),G(je + 5))

0<i<j

=to’e + 2¢%0? Z(n —Dr(ig, €).
i=1

For e —» 0, we set T = ie. Then,
n—DDe=t-r,
which leads to dt = &. Then, we have

Var(A(t +5) — A(s))= lirr(} [tozs + 2&%0?
E—

n-1
X Z(n —Dr(ixe, e)l

i=1
n-1 ¢
= llm [28 Z(ns —ie)r(is, s)l =202 f (t — Dr(v)dr,
— 0

which finishes the proof.
[m]
At initial time 0, we define the input network flow to be 0.
Therefore, we can calculate the variance of the flow in any time
period according to Theorem 1. If the incremental process G (t)
satisfies the Gaussian property, then we have one more result as
follows.

Theorem 11: Let us define the violation probability
§=Pr[A(t +5s) — A(s) > A(1)],
where A(t) stands for the arrival curve. Given k = V—=2In§,
we assume that the incremental process G (t) of network flow
A(t) is a Gaussian stationary process, and the auto-correlation
function of G (t) is r(t) with its mean ¢ and variance o2, then

the arrival curve A(t) can be expressed as:

A(t) = ct + kJJZ ft(t — Dr(t)dr.
0

Proof.
We recall (1) and define
n-1
zméZwm+g

i=0

Then, we have
E[Zz(D] =0,
var[Z(t)] = 202 fot(t —)r(r)dr. )
Due to nce = ct, thus,
A(t +5s) — A(s) = Z(t) + ct.

Since G(t) is Gaussian stationary process, a linear
combination of stationary Gaussian process remains stationary
Gaussian process. Z(t) is a Gaussian process with mean 0 and
variance satisfying (2). Then, we have

Z(t) © 1 s
Proi————=>ki=| —e zds.
var[Z(t)] K V2w
For k— oo, we have
© 1 52 K2
lim ——e 2ds=e 2.
k—oo k 27T
Hence,
Z(t k2
Pr {L > k} =e 2.
var[Z(t)]
Due to k = v—2Iné, the above equation can be rewritten as
Z(t
Pr {Z(t) > k,/var[Z(t)]} = Pr {L > k} =6.
var[Z(t)]
Thus,

w@@+g—mg>kvmwwhwq
= Pr {Z(t) + ct > kJvar[Z(t)] + ct}
=Pr {Z(t) > km} = 6.
As we are given

PrlA(t +s) — A(s) > A(®)] =6,
then,

At) = ct + ka\/Z ft(t —o)r(t)dr

is achieved, which finishes the proof.
[m]
Based on the idea of solving the above problem in the
continuous time case, we present a similar result considered in
the discrete time case.
Corollary I: The overall variance for the discrete time case
is expressed by the following equation

n—-1

var(A(n + s) — A(s)) = no? + 202 Z(n —Dr@).
i=1

Proof.
If we choose e =1, then we have the corresponding
definition of incremental process in the discrete time case, with
Gn)=An+1) —AM).
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We omit the detailed proof here, which is similar to that of
Theorem II.
O

B. Flow Arrival Curve for the case of the Incremental Process
being Fractional Gaussian Process

Treating incremental process as fractional Gaussian process
is regarded as one of the most commonly used methods to
describe the public network flow. Assuming the network flow
is fractional Brownian process, in this subsection the flow
arrival curve model for the discrete time case is obtained as a
theorem. With the auto-correlation function of the discrete time
fractional Gaussian process being

r(8) = 310k + D + 1k~ 12 — 200,

see, e.g., [30], two technical lemmas are provided before
presenting the theorem.

Lemma Il The following equation holds.
m

DTG+ D+ = D = 207
i=1
=(m+ 1% — (m)?" — 1.
Proof.
Form = 1, we have
Q¥ +0-2=2)*#H-1-1.
Form = r, we have
T

Z[(i +1)2H 4 (i — 1)2H — 2(0)2H]
i=1

=+ 1) - () -
Furthermore, for m = r + 1, we have
r+1
Z[(i )2 4 (i — 1)2H — 2(0)2H]
i=1

T

= DG+ D+ = D - 20%)
i=1
+ (r+2)H + ()" - 2(r + 1)*H
=@ +2)" - +1)*"-1.
Consequently, we have
m

Z[(i +1)2H 4 (i — 1)2H — 2(0)?H]
i=1

=(m+ D - (m)* -1,

which finishes the proof.

Lemma I11: The following equation holds.

Z(k F 1 D[+ D2 + (= 127 — 2(0)2H] = (k + 1)2H
i=1
—(k+1).
Proof.
When k=1,
k = m, we have

the above equation holds obviously. For

: PERFORMANCE MODELLING FOR DATA MONITORING SERVICES IN SMART GRID: A NETWORK CALCULUS-BASED 5

Z(m +1— D)@+ 12 + (i — 1)2H — 2(1)2H]

i=1
=(m+ 1D —(m+ 1).
For k = m + 1, we have
m+1
Z (m + 2 — D[(i + D + (i — 1)2H — 2())2H]
i=1

=Y O+ 1= DIG + D + G - D
- 2(iy1)
+ Z i+ 1) + (i — 1)2H — 2()2H]

+ (m +2)2H + (m)?H - 2(m + 1D =(m
+ 2)2H +(mMM —(m+ 1D -(m+1)

+Z [+ 1)2H + (i — 1)2H — 2(1)2H]

(m +2)2 + (m)2H — (m + 1)
—m+1)+m+ 1D —m)*H -1
=(m+2)?" — (m+ 2),
which finishes the proof.
[m]

Theorem |11 The overall flow variance under the discrete
time case is expressed by the following equation
var(By (t +s) — By(s)) = a2(n)?!,
In addition, the following holds,
k2

Pr{R(t +5s) — R(s) > pt + kott} = e 2. (3)
Proof.

According to Lemma Il and Lemma Il1, and assuming that
t = n,i.e., ntimes of the unit time, we have

Var(BH(t +5s) — BH(S))

= n6? + 202 X Z(n — r()
n— 1

= no? + o2 XZ(n—l) [0+ )2 + (i — 1)2H — 2()2H]

=no? + 0% X [(n)ZH n]
=0 (n)ZH.
According to Theorem |1, we have equation (3), which finishes
the proof.
O

C. Flow Arrival Curve for the case of the Incremental Process
being Generalized Cauchy Process

In Section 111-A, we have discussed the flow arrival curve
when the incremental process is fractional Gaussian, but there
is a linear relationship between fractional dimension and Hurst
exponent of fractional Gaussian [31,32], namely,

D+H=2.

This implies that fractional Gaussian process is related with
the local properties (fractional) and global characteristics
(length correlation), while an intuitive consideration of this
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relevance will cause defects. The generalized Cauchy process is
defined as follows.

Definition | If a random process is stationary Gaussian
process, and its auto-correlation function satisfies the
following equation:

r() =EX{t+0DX®) =1+ |r|“)‘§,
in which 0 < @ < 2, > 0, such stationary Gaussian process
is known as the Generalized Cauchy process.
It can be shown that

r(@m=1- EITI“,
a
for || - 0. Thus,

'@ ~r@~ L e,
for || —» 0. Meanwhile,

(@) = |t|7F,
for || — oo. Hence,
a
D= -
H=1-%

Thereby, in the generalized Cauchy process, D is no longer
related with H. However, the auto-correlation function itself is
not sufficient to describe the network flow. In fact, the
fractional dimension is a criterion for the local self-similarity;
see, e.9., [33]. Based on local self-similarity, the network flow
arrival model via fractional dimension and long correlation
coefficient is proposed in [34]. Two parameters a and r are
introduced in their model, and it is notable that these two
parameters are not measurable at present. Hence, these models
are unable to be used in practical applications. According to
Theorem |1, we present the network flow arrival model under
the generalized Cauchy hypothesis:

. ¢ B
A(t) =ct+ ko 2[ t—-1)A+ |t]|*) adr,
0

with
Prl[A(t+s)—A(s) > A(®)] =6
and
k=+v=2Iné

being satisfied. One cannot obtain the analytical result with the

term
t B
2f =11+ |7|%) adg,
0

whereas an approximation solution can be achieved by
numerical algorithm. When modelling the network flow
practically, since the arrival flow is defined as the discrete
process in the minimum time scale, we are able to obtain the
flow arrival curve by Corollary 1.

IV. EXPERIMENTAL RESULTS

A. Experimental Design

In this section, we verify the arrival flow curves obtained in
Section 111-C according to the actual network flow dataset, and
we compare the experimental results with the arrival flow

curves obtained in Section I11-B. In order to highlight the
importance of this experiment, we adopt the network flow
dataset in [35], which is widely used in related research filed.
The experimental steps are as follows:

Step 1. Given time scale (millimeter, second, etc.), we record
the size of the network data in per unit time (s). The data in a
unit time can be regarded as the incremental process of the flow
process at the current scale.

Step 2. Focusing on the incremental process obtained by the
first step, we calculate the fractional dimension D, Hurst
exponent H, mean p and standard deviation o, respectively.
Among a variety of approaches, we adopt the variable diagram
method [36] to calculate the fractional dimension and the
detrended fluctuation analysis (DFA) method [37] to calculate
the Hurst exponent. In this section, the RandomFields software
package of the R language is used, which can also be used to
obtain the fractional dimension and Hurst exponent. Next, we
obtain the fractional Gaussian process and the generalized
Cauchy process as,

1
Trgn(k) = > [k + 12 + |k — 12" — 2(k)?H],
and

roe(® = E(X(t + DX(©) = (1 + 1] s,
respectively.

Step 3. According to the auto-correlation functions of the
fractional Gaussian process and the generalized Cauchy
process, the variance of the network flow for a given time t is
as follows:

vary g, (A(Y)) = a?(n)?H,
and
n-1
_B
varg:(A(t)) = no? + 202 x Z(n -1 +n"a,
i=1

Step 4. We treat the given the time period t as the unit time,
count the network data, find its variance, and compare it with
the variance obtained in Step 3.

Step 5. Given the error &, the flow arrival curves for the case
of fractional Gaussian process and generalized Cauchy process
in a given time t are as follows:

Apgn(t) = pn + kon”,

and
n—-1 ;
i=1

Step 6. We calculate the size of the maximum network data
for the real data and that of the maximum data package under
the given error during time interval t.The size of the maximum
data package under the given error refers to the maximum value
excluding 8 numbers, where 6 satisfies

0 =6 X w.
Here, w stands for the total data sample. We compare the
computation results with the ones obtained in the Step 5.

Step 7. When t increases subject to multiple of s, we repeat
Step 4, Step 5, Step 6. Then, we draw the curves for both actual
and theoretical data.
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B. Experimental Results

We set the time unit as 0.001 second. With data in [35], we
obtain the statistics of the fractional dimension D, Hurst
exponent H, mean p and standard deviation o. The results are
as follows:

p = 138.1854,
o =1.1575 x 105,
H = 0.8573,

D = 1.9205.

According to the experimental procedures in Section 1V-A,
diagrams with the curves of the incremental process are plotted,
in which Curve 1 refers to the calculation results obtained under
the assumption of fractional Gaussian process, Curve 2 refers to
the calculation results obtained under the assumption of
generalized Cauchy process, and Curve 3 refers to the statistical

results from real data.

x10°
18 T T T T T T T T T

16 A
14} 1

12} g E
Curve 1 4

Data Variance
w o
1

Curve 3

0
0 100 200 300 400 500 600 700 800 900 1000

t0.001s
Fig. 3. Data variance (unit time 0.001s).
X 105
8 T T T T T T T T T
7t Curve 1 J
6 .

Maximum size of data package
-

400 500 600 700 800 900 1000
t0.001s
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Fig. 3 shows the comparison of the variance between two
different models and that of the actual data when the
experimental time is multiples of 0.001s. In Fig. 4, the
experimental time is still multiples of 0.001s and we set & to be
0.0001, focusing on the maximum data package. Fig. 5 focuses
on the size of the maximum data package under a given error §.
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Fig. 8. The size of the maximum data package under a given error § (unit time

0.01s)

Fig. 6, Fig. 7 and Fig. 8 are plotted for the case of the unit
time being 0.01s. From Fig. 3 to Fig. 8, it is obvious that the
flow arrival curves obtained by the methodology proposed in
this paper is feasible, and the calculation results obtained under
generalized Cauchy process is closer to the statistical results
from real data than that of fractional Gaussian process. In
summary, the assumption of generalized Cauchy process
appears to be more appropriate.

[i] I 1 1
0 100 200 300

V. SUMMARY

In this paper, we study the equivalent model of monitoring
system service performance. Attentions are drawn to the
calculation problem of the equivalent transmission services
curve under the shared network model. We propose the method
of obtaining the node flow arrival curves based on the
auto-correlation functions. Several lemmas, theorems and
corollaries are obtained from the mathematical perspective.
Base on the real data, different models are verified via
simulations. The results indicate that generalized Cauchy
process performs better than fractional Gaussian process for the
considered problem. It is highlighted that we are focusing on
developing theoretical results, and the analysis methods
introduced in this paper can be applied under most scenarios of
monitoring systems in smart grid.

In recent years, the concept of energy Internet has been
popular and is regarded as the 2.0 version of smart grid. In the
field of energy Internet, energy and information are fused, and a
bottom-up energy management principle is expected to be
achieved by making full use of the information exchange of the
entire system [38]. The latency problem of communication
systems considered in this paper also exists in the energy
Internet system. In addition, the studied performance modelling
for data monitoring services can be further extended to energy
transmission systems in energy Internet scenarios. For our
future research, research on modelling and control for
communication systems in energy Internet scenarios will be
investigated.

ACKNOWLEDGMENT

This work was funded in part by the National Key Research
and Development Program of China (Grant No.
2017YFE0132100) and the BNRist Program under (Grant No.
BNR2019TD01009).

REFERENCES

[1] K. D. Mchee and M. G. Simdes, “Utilizing a smart grid monitoring
system to improve voltage quality of customers,” IEEE Trans. Smart Grid,
vol. 3, no. 2, pp. 738-743, 2012.

[2] M. Qiu, W. Gao, M. Chen, J. W. Niu, and L. Zhang, “Energy efficient
security algorithm for power grid wide area monitoring system,” IEEE
Trans. Smart Grid, vol. 2, no. 4, pp. 715-723, 2011.

[3] H. Hua, C. Hao, Y. Qin, and J. Cao, “A class of control strategies for
energy Internet considering system robustness and operation cost
optimization,” Energies, vol. 11, no. 1593, 2018.

[4] Y. Wan, J. Cao, H. Zhang, Z. Zhu, and S. Yao, “Optimization of the
power quality monitor number in smart grid,” IEEE international
conference on smart grid communications. Venice, Italy, vol. 3, no. 6,
pp.230-235, Nov. 2014,

[5] M. Aamir, “Optimal design of remote terminal unit (RTU) for wireless
SCADA system for energy management,” Wireless Personal
Communications, vol. 69, no. 3, pp. 999-1012, 2013.

[6] P.H. Gadde, M. Biswal, S. Brahma, and H. Cao, “Efficient Compression
of PMU Data in WAMS,” IEEE Trans. Smart Grid, vol. 7, no. 5, pp.
2406-2413, 2016.

[7] S. S. Mousavi-Seyedi, F. Aminifar, and S. Afsharnia, “Application of
WAMS and SCADA Data to Online Modeling of Series-Compensated
Transmission Lines,” IEEE Trans. Smart Grid, vol. 8, no. 4, pp. 1968-1976,
2017.

[8] W. Meng, X. Wang, Z. Wang, and I. Kamwa, “Impact of Causality on
Performance of Phasor Measurement Unit Algorithms,” IEEE Trans.
Power Syst., vol. 33, no. 2, pp. 1555-1565, 2018.

[9] C.F.aruntuand C. Lazar, “Network delay predictive compensation based
on time-delay modelling as disturbance,” Int. J. Control, vol. 87, no. 10, pp.
2012-2026, 2014.

[10] H. Li, L. Xue, W. He, W. Yang, and W. Dou, “Delay analysis in practical
wireless network coding,” Wireless Communications & Mobile
Computing, vol. 14, no. 5, pp. 497-515, 2014.

[11] Y. Long, Z. Lu, and H. Shen, “Composable Worst-Case Delay Bound
Analysis Using Network Calculus,” IEEE Trans. Computer-Aided Design
of Integrated Circuits and Systems, vol. 37, no. 3, pp. 705-709, 2018.

[12] M. Fidler M and A. Rizk, “A Guide to the Stochastic Network Calculus,”
IEEE Communications Surveys & Tutorials, vol. 17, no. 1, pp. 92-105,
2017.

[13] C. Yu, “Exact Solution for One Type of Lindley's Equation for Queueing
Theory and Network Calculus,” Statistics, 2015.

[14] Y.Jiang, “Stochastic network calculus for performance analysis of Internet
networks — An overview and outlook,” International Conference on
Computing, 2014.

[15] M. Daniel-Cavalcante and R. Santos-Mendes, “Modular Methodology for
the Network Calculus in a Time-Varying Context,” IEEE Trans.
Information Theory, vol. 59, no. 10, pp. 6342-6356, 2013.

[16] Angrishi K. An end-to-end stochastic network calculus with effective
bandwidth and effective capacity. Computer Networks, vol. 57, no. 1, pp.
78-84, 2013.

[17] K. Zheng, F. Liu, L. Lei, C. Lin, and Y. Jiang, “Stochastic Performance
Analysis of a Wireless Finite-State Markov Channel,” IEEE Trans.
Wireless Communications, vol. 12, no. 2, pp. 782-793, 2013.

[18] H. Hua, Y. Qin, C. Hao, and J. Cao, “Optimal energy management
strategies for energy Internet via deep reinforcement learning approach,”
Appl. Energy, vol. 239, pp. 598-609, 2019.

[19] H. Hua, Y. Qin, J. Geng, C. Hao, and J. Cao, “Robust mixed H,/H,,
controller design for energy routers in energy Internet,” Energies, vol. 12,
no. 340, 2019.

[20] K. Wang, S. Low, and C. Lin, “How stochastic network calculus concepts
help green the power grid,” IEEE International Conference on Smart Grid
Communications, vol. 34, no. 17, pp. 55-60, 2011.

[21] K. Wang, F. Ciucu, C. Lin, and S. H. Low, “A stochastic power network
calculus for integrating renewable energy sources into the power grid,”
IEEE J. Selected Areas in Communications, vol. 30, no. 6, pp. 1037-1048,
2012.



CAO et al.: PERFORMANCE MODELLING FOR DATA MONITORING SERVICES IN SMART GRID: A NETWORK CALCULUS-BASED 9

APPROACH

[22] Y. Xu, F.Ren, T. He, C. Lin, C. Chen, and S. K. Das, “Real-time routing in
wireless sensor Networks: A potential field Approach,” Acm Trans. Sensor

Networks, vol. 9, no. 3, pp. 1-24, 2013.

[23] M. Fidler, “Survey of deterministic and stochastic service curve models in
the network calculus,” IEEE Communications Surveys & Tutorials, vol. 12,

no.1, pp. 59-86, 2010.

[24] S. D’Arco, J. A. Suul, and O. B. Fosso, “A Virtual Synchronous Machine
implementation for distributed control of power converters in SmartGrids,”
Electric Power Systems Research, vol. 122, no. 6, pp. 180-197, 2015.

[25] J. Cao, Y. Wan, H. Hua, and Y. Qin, “Delay analysis for end-to-end
synchronous communication in monitoring systems,” Sensors, vol. 18, no.

11, pp. 3615, 2018.

[26] S. M. Ross, “Introduction to Probability Models,” Eleventh Edition.

Academic Press, 2014.

[27] F. Ciucu, J. Schmitt, and H. Wang, “On expressing networks with flow
transformations in convolution-form,” Proceedings IEEE INFOCOM, vol.

2,no. 1, pp. 1979-1987, 2011.

[28] 1. Nourdin, “Selected Aspects of Fractional Brownian Motion,” Springer,

Milano, 2012.

[29] S. Bianchi and A. Pianese, “Asset Price Modeling: From Fractional to
Multifractional Processes. In: Future Perspectives in Risk Models and
Finance,” International Series in Operations Research & Management

Science, vol. 211. Springer, Cham. 2015.

[30] M. Li, “Fractal time series—a tutorial review,” Mathematical Problems in
Engineering, vol. 2010, Article ID 157264: 1-26, 2010.

[31] J. W. Guan and R. C. M. Yam, “Generalized geometric process and its
application in maintenance problems,” Applied Mathematical Modelling,

2017, 49.

[32] G. Samorodnitsky, “Self-Similar Processes,” In: Stochastic Processes and

Long Range Dependence. Springer, Cham. 2016.

[33] M. Li, W. Zhao, and C. Cattani, “Delay Bound: Fractal Traffic Passes
through Network Servers,” Mathematical Problems in Engineering, vol.

2013, Article ID. 157636, 1-15, 2013.
[34] BC-Ethernet Traces of LAN and
http://ita.ee.lbl.gov/html/contrib/BC.html.

[35] J. Zhao, J. Jiang, and J. Liu, “Design of tunable biquadratic filters
employing CCCllIs: State variable block diagram approach,” Analog
Integrated Circuits and Signal Processing, vol. 62, pp. 397-406, 2010.

[36] P. M. Ashton, G. A. Taylor, M. R. Irving, L. Pisica, A. M. Carter, and M. E.
Bradley, “Novel application of detrended fluctuation analysis for state
estimation using synchrophasor measurements,” IEEE Trans. Power Syst.,

vol. 28, no. 2, pp. 1930-1938, 2013.

[37] H.Hua, Y. Qin, C. Hao, and J. Cao, “Stochastic optimal control for energy
Internet: A bottom-up energy management approach,” IEEE Trans. Ind.

Inform., vol. 15, no. 3, pp. 1788-1797, Mar. 2019.

energy/power applications.

Junwei Cao (SM’05) received his Ph.D. in
computer science from the University of
Warwick, Coventry, UK, in 2001. He
received his bachelor and master degrees
in control theories and engineering in 1998
and 1996, respectively,
Tsinghua University, Beijing, China. He is
currently Professor and Vice Dean of
Research Institute of Information Technology, Tsinghua
University, Beijing, China. He is also Director of Open
Platform and Technology Division, Tsinghua National
Laboratory for Information Science and Technology.

Prior to joining Tsinghua University in 2006, he was a
Research Scientist at MIT LIGO Laboratory and NEC
Laboratories Europe for about 5 years. He has published over
200 papers and cited by international scholars for over 18,000
times. He has authored or edited 8 books. His research is
focused on distributed computing technologies

Prof. Cao is a Senior Member of the IEEE Computer Society
and a Member of the ACM and CCF.

Haochen Hua (M’16) was born in Jiangsu,
P. R. China in 1988. He received the B.Sc.
degree in mathematics with finance in
2011, and the Ph.D. degree in
mathematical sciences in 2016, both from
the University of Liverpool, Liverpool,
UK.
He is currently an assistant professor in the
Research  Institute  of  Information
Technology, Tsinghua University, Beijing,
P. R. China. His current research interests include optimal and
robust control theory and its applications in power systems,
smart grids, and the energy internet.



	I. INTRODUCTION
	A. Motivation
	B. Literature Review
	C. Contribution

	II. Service Modelling of the Smart Grid Monitoring System
	III. Equivalent Transmission Service Curve in the Shared Network
	A. Deriving Flow Arrival Curve Based on the Incremental Process Related Functions
	B. Flow Arrival Curve for the case of the Incremental Process being Fractional Gaussian Process
	C. Flow Arrival Curve for the case of the Incremental Process being Generalized Cauchy Process

	IV. Experimental Results
	A. Experimental Design
	B. Experimental Results

	V. Summary
	Acknowledgment
	References

