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Integrated Load-Photovoltaic-Wind Waveforms

Jule Zhao, Gang Mu, Gangui Yan, and Xiaoping Zhang

Abstract—In high-penetration renewable power systems, wind
power, photovoltaic power, and most loads are non-dispatchable, and
are collectively referred to as passive power. The growth of passive
power increases the system demand for regulation capacity while dis-
placing conventional regulation resources, thereby intensifying the
supply—demand mismatch. Since load, photovoltaic, and wind power
waveforms have distinct morphologies, their integrated waveform
evolves during aggregation. Characterizing the integration properties
of all passive power waveforms is therefore essential for configuring
regulation resources on demand and achieving power balance. Con-
ventional studies on source-load power characteristics mainly focus
on the stochasticity of power values, while the temporal characteris-
tics of power and the morphological evolution of integrated wave-
forms have received limited attention. This paper proposes an ampli-
tude—phase analysis method for power waveforms, in which wave-
form morphology is characterized by amplitude and phase across
multiple timescales. On this basis, the phase and amplitude relation-
ships among multiple power waveforms are analyzed, along with the
multiscale formation mechanism governing multivariate waveform
integration evolution. The regular evolution trends of integrated
load—wind—photovoltaic waveforms under different penetration levels
are further revealed. The effectiveness of the proposed method is vali-
dated using real-world data.

Index Terms—Amplitude—phase features, high-penetration renew-
able energy, multi-timescale, passive power, waveform integration
evolution.

I. INTRODUCTION

UILDING a new power system with renewable energy as
the mainstay is China’s fundamental pathway to achiev-
ing carbon peaking before 2030 and carbon neutrality before
2060 [1], [2]. By the end of 2024, China’s combined installed
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wind and solar PV capacity had exceeded 1400 GW, already
surpassing its 2030 target of 1200 GW, and the IEA projects
that China’s renewable power capacity will increase by nearly
2660 GW between 2025 and 2030, with solar PV accounting
for approximately 80% of this growth [3]. Therefore, future
power systems will inevitably feature high renewable energy
penetration [4].

Since wind and photovoltaic power are affected by natural
factors, they exhibit strong uncertainty. Their large-scale inte-
gration increases system regulation demand. Meanwhile, the
declining share of conventional thermal units leads to insuffi-
cient system regulation capability. The pronounced mismatch
between regulation capability supply and demand in power
systems may result in the coexistence of power curtailment
and power shortages.

In response to the operational risks introduced by renewable
power uncertainty, most studies have focused on quantita-
tively evaluating the uncertainty of renewable generation. Ref-
erence [5] characterizes the stochasticity and diurnal charac-
teristics of wind power using probability. References [6], [7]
predict the probabilistic characteristics of wind and photo-
voltaic power using deep learning and neural network meth-
ods. Reference [8] represents power uncertainty in power sys-
tems using intervals in optimal power flow analysis. For the
aggregate output characteristics of multidimensional uncertain
power, reference [9] uses a vine Copula method to character-
ize the correlations among multiple wind power outputs and
develop a probabilistic model for aggregated wind power. Ref-
erences [10], [11] incorporate the spatiotemporal correlations
between wind and photovoltaic power in uncertainty model-
ing. These studies mainly evaluate the uncertainty of source
and load power values using statistical methods such as proba-
bility and intervals, and have been widely applied in engineer-
ing practice, including improving power system security and
economy and reducing intraday unit commitment operating
costs.

Real-time power balance essentially depends on the tempo-
ral fluctuation morphology of power waveforms. Reference
[12] characterizes the intermittency of temporal fluctuations in
wind and photovoltaic power. References [13], [14] use
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Markov chain models to describe the temporal state transition
characteristics of waveforms. References [15], [16], [17] gen-
erate typical daily scenarios through time-series clustering to
characterize temporal power characteristics. These studies
have been widely applied in stochastic production simulation
of power systems and can effectively promote renewable
energy accommodation.

From the perspective of power regulation attributes in power
systems, most load, wind power, and photovoltaic power are
non-dispatchable, and are defined as passive power. Conven-
tional thermal units, energy storage, and demand response are
classified as active power. Different types of passive power
waveforms in the system have distinct morphologies, and their
morphology evolves after temporal integration. Characteriz-
ing the morphology of the integrated system power waveform
is key to providing active power on demand and ensuring sys-
tem power balance.

Regarding the evaluation of overall temporal fluctuations of
multiple power outputs in power systems, reference [18] quan-
tifies the complementarity among wind generation, solar gen-
eration, and load demand, reducing net-load fluctuation insta-
bility and peak—valley differences. Reference [19] analyzes the
complementarity among load, photovoltaic power, and wind
power, thereby reducing the regulation burden on conven-
tional units in day-ahead scheduling and improving overall
system flexibility. Studies on such complementarity have
achieved favorable performance in energy storage applica-
tions for smoothing wind—solar fluctuations [20], [21].

In recent years, the integration of signal decomposition and
deep learning has further advanced renewable-energy fluctua-
tion analysis and waveform characterization. Models based on
discrete wavelet transform can separate trend, periodic, and
high-frequency components and, when coupled with Trans-
formers, extract multiscale spatiotemporal features from pho-
tovoltaic or wind-power series [22], [23]. Multivariate varia-
tional mode decomposition enables the synchronous decompo-
sition of wind-power signals, thereby preserving the consis-
tent correspondence among modal frequencies [24]. For pho-
tovoltaic signals, ensemble empirical mode decomposition
combined with variational mode decomposition can improve
the modeling of residual and low-frequency components [25],
while long-timescale clustering, short-timescale phase-space
reconstruction, and multiscale weather -classification can
extract fluctuation features relevant to forecasting [26], [27].
In fluctuation smoothing and energy-storage power allocation,
successive variational mode decomposition, Kalman-filter-
assisted empirical mode decomposition, and area-equilibrium
empirical mode decomposition have been employed for modal
partitioning, frequency-band allocation, and energy-balanced
control, respectively [28], [29], [30]. These studies demon-
strate the effectiveness of multiscale signal processing in
denoising and forecasting renewable-energy waveforms. How-
ever, their primary objectives are generally to obtain pre-
dictable modal components or improve model accuracy. They
have not directly addressed how the overall fluctuation mor-
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phology formed after the integration of multiple power wave-
forms can be interpretably parameterized by the characteris-
tics of its constituent components.

Regarding mechanism-oriented studies on the fluctuation
characteristics of integrated multiple power time series, refer-
ence [31] applied set-pair analysis to investigate the smooth-
ing characteristics of wind-farm clusters under different num-
bers of wind farms, wind-speed conditions, and seasonal con-
ditions. References [32], [33], [34] revealed the trend regulari-
ties of field-cluster power fluctuations after the aggregation of
multiple renewable-energy power waveforms using time—fre-
quency analysis methods, including autoregressive-model-
based spectral analysis, variational mode decomposition, and
Fourier transform. These regularities have been shown to
improve wind—photovoltaic forecasting accuracy [35], [36],
[37] and reduce operating costs in power-grid optimal dis-
patch [38], [39]. Reference [40] studied the influence of the
spatial distribution characteristics of wind power on the mor-
phology of regional integrated power curves. References [41]
and [42] analyzed the characteristics of single-wind-farm
power waveforms and their influence mechanisms on the evo-
lution of fluctuation amplitudes in integrated wind-farm-clus-
ter power. These studies mainly focus on characterizing the
temporal features of medium- and long-term power wave-
forms and revealing the mechanisms of their integration. Their
characterization depends on the regular features exhibited by
stochastic waveforms over medium- and long-term timescales.
Reference [43] proposed an amplitude—sequence decoupling
analysis method, but its focus is on evaluating the overall fluc-
tuation characteristics of integrated multivariate power wave-
forms at the daily timescale.

For power-system operation, however, dispatch decisions
rely on the multiscale fluctuation morphology of all integrated
passive power waveforms at daily and intraday timescales.
Different types of power, such as load, photovoltaic power,
and wind power, exhibit different degrees of stochasticity.
Whether stable regular morphologies still exist after their
large-scale integration, and how the multi-timescale morpho-
logical characteristics of the integrated waveform can be char-
acterized by the features of element waveforms, are the key
issues addressed in this paper. Therefore, it is urgent to estab-
lish a multiscale power-waveform analysis method to reveal
and evaluate the multiscale formation mechanism and mor-
phology of waveform evolution after multivariate integration.

In view of the above issues, the contributions of this paper
are summarized as follows.

(1) Starting from the characteristic evaluation of short-term
discrete waveforms, this paper proposes a multiscale ampli-
tude—phase parametric method for power waveforms. The
method characterizes the fluctuation intensity and fluctuation-
direction morphology of power waveforms from the perspec-
tives of amplitude and phase, respectively, and enables the
“evolution” and “non-evolution” relationships of integrated
waveform morphology to be analyzed through the phase char-
acteristics among multiple waveforms.

(2) By analyzing the effects of phase differences and ampli-
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tude differences among multiple power waveforms on the
morphology of the integrated waveform, this paper reveals the
multiscale evolution mechanism of integrated power wave-
forms of different types, thereby enabling the evaluation of
integrated power fluctuation characteristics from the fluctua-
tion features of element power waveforms.

(3) Based on the analysis of multivariate phase-coupling
characteristics among single-type waveforms, this paper
reveals the respective integrated morphological characteristics
of multiple load, photovoltaic, and wind-power waveforms.

(4) The regular trends in the fluctuation characteristics of
load, photovoltaic, and wind power waveforms with increas-
ing renewable energy penetration are analyzed, enabling accu-
rate characterization of integrated power waveform features.

II. VECTOR REPRESENTATION AND MULTI-TIMESCALE
AMPLITUDE-PHASE PARAMETRIC MODELING OF POWER
WAVEFORMS

A. Vector Representation of Power Waveforms

For studies on power balance in power system operation,
daily power waveforms are usually considered, and power
waveforms obtained from data acquisition systems are typi-
cally discrete. Without loss of generality, a passive power
waveform P, is represented by a v-dimensional row vector
as

Paz[Pa,hPa,Z,'”’Pa,v] (1)

where the waveform sampling rate is & points/h, and thus
v =24¢.

Fluctuations in passive power waveforms in power systems
create regulation capability demand. Characterizing the fluctu-
ation morphology of passive power is therefore a fundamental
way to understand system regulation capability demand. To
describe power waveform fluctuations more directly, the
power waveform vector P, is decomposed into a mean vector
P, and a fluctuation vector P,. The mean of the waveform
vector P, is defined as

2

Thus, the “mean + fluctuation” representation of the power
waveform is

P,=P,+P, 3)

where
P,=[11,--,11P,
) o ~ 4)
Pa = [Pa,l,Pa,L"' ’PG,V:I

Clearly, the mean vector P, is a constant vector, whereas
the fluctuation vector P, has zero mean.
To measure the morphology of the fluctuation vector P,, a

. é .
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zero-mean v-dimensional monotonically increasing vector is
defined as the daily monotonic waveform Py, which serves as
the reference for P,

Pm:[Pm,l»Pml""»Pm,v] (5)

where the system base power Py, (in MW) is selected as the
maximum amplitude of P,. The g% element of P,
qg=1,2,---,v,is given by

Prase

Pm,qz_Pbase+(q_1)v_1

(6)

B.  Multi-Timescale Amplitude—Phase Representation of
Waveform Vectors

For complex passive power waveforms with strong stochas-
ticity, parameterizing only their full-period trend features
ignores fluctuations at shorter time scales and cannot accu-
rately characterize the overall waveform morphology. To
accurately characterize the integrated morphology of multiple
power waveforms, a multi-timescale parametric analysis
method for power waveforms should be developed to analyze
multivariate waveform integration from a multi-timescale per-
spective.

To obtain the multi-timescale parametric representation of
waveform P,, the multi-timescale decomposition of the
monotonic waveform Py, is first studied.

For the v-dimensional daily monotonic waveform Py, the
maximum number of bisections J is defined as

J = max; {V = ZjCZodd} @)
where @,qq iS an odd number. For example, J=5 when
v=96, and J =3 when v =24.

After the jth bisection of the daily monotonic waveform vec-
tor Pp, it is divided into 2s; sub-vectors, each containing r;
elements. Thus, r; =v/(2s;) and 5, =2/

The unit vector for the j bisection of the daily monotonic
waveform vector Py, is defined as

n=[1 1 ®)

] 1xr j

The base-wave group vector for the jt bisection is defined
as

J —|— 4/ J
Im,base,i - [ Ly Iy ]1><2r_,' )

For the first bisection of the daily monotonic waveform vec-
tor P, the means of the two sub-vectors are calculated. The
two means have equal absolute values and opposite signs. The
amplitude of the monotonic waveform component after the
first bisection is denoted by PL = P.c/2. Similarly, the
amplitude of the monotonic waveform component at the ;t
bisection scale is P{n = Prax/2%.

Thus, the daily monotonic waveform component P, at the
jMbisection scale can be defined as

Power and Energy Future, 2026, 1, 9650011
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_plyi
P PmImbase

(10)

J =|r J
Im,base - [Im,base,l’lm,base,Z’ ’Im,base,s I

Accordingly, the daily monotonic waveform vector Py, can
be decomposed over multiple scales up to the maximum num-
ber of bisections J. In summary, Py, can be expressed as

J .
= > Pl+6P;,
j=1

Similarly, to construct the timescale -j component Pg of
waveform P,, the waveform coefficient corresponding to the
two half segments associated with the i base-wave group

Q)

vector Im base.; 18 defined as Pa ;» calculated by

q=2is;

o 1
R pJ =
Pai= 5 }: Pogr i=12,+,5;
J g=(2i-1)sj+1

(12)

Then, the scale-j component P! of waveform P, is
expressed as

P P

a,i mbasel @.5j" m,base,s;

PJ_ Pl IJ

a,l mbasel’ ’

(13)

. of the ith square wave in P),

The waveform coefficient Pa,

contains both the amplitude and phase characteristics of this
square wave. The magnitude of |Pa ,‘ represents the amplltude
of the waveform coefficient Pal, while the sign of Pa ; rela-
tive to the amplitude P& of the monotonic waveform compo-
nent P'r’;] represents its phase, defined as 9;,-, the amplitude—
phase representation of the waveform coefficient P él is given
by:

P =P e
a,l a,| a,dl

(14)

J _
and 6, ;=

Here, 9;]1,,» =1 when Pf,’,» has the same sign as P{m
—1 when they have opposite signs, i.e.,

- (L PLLPL >0
02,1‘ = . a~,j j (1)
-1, if P P}, <0

The phase HL]M» indicates the fluctuation direction of the ith

square wave in the waveform component i’é.
Substituting Egs. (14) and (15) into Eq. (13), the further
characterization of P/, is obtained as follows

Pl -

g

J 7] BJ
6)a zIm base, i Pa Sj

¢ I

a,l mbasel ’

J
” ‘JIm base s,]

(16)
in Eq. (16) as the diagonal

a,l az

Taking the s; magnitudes |P,;
elements, an amplitude matrix is constructed and defined as

J N
ky,, whose characterization is given as follows:
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5" b}

k), —dlag(‘PJ '

b/
Pas;

/. ) (17)
Taking the s; phase values 92,,- in Eq. (16) as the diagonal
elements, a phase matrix is constructed and defined as ¢,

which is characterized by
&, = diag(®’ - .6/

a,i’’

05) (18)

Thus, the amplitude—phase representation of waveform P, at
timescale j is

PIJ

'y

m, basek aﬂa (19)

In general, the timescale -j component Pfl' of waveform

vector P, is a square-wave sequence with varying amplitudes.

To characterize its amplitude feature over the full period, the
average amplitude of P/, is defined as

1
= -
Plv==2,

1=

(20)

Thus, the average amplitude—phase vector of the timescale - j
component P/ of waveform vector P, is

pl _pl J ) ool J ) _
Pa,av _Pa,a\’ ga llm base,l ’ ga lIm base,i ~»0a S/Im base,s; [
r 19]

m,base ‘1 av

21
Therefore, the average amplitude—phase approximate repre-
sentation of P/, is

PI]

L s Paa®+ 0P = Pi + 6P, (22)
where 5i’£ is the average amplitude—phase representation
deviation of component waveform component 15,];.

Taking the fourth time-scale component f’i of a certain
waveform P, as an example, its average amplitude-phase
characterization is illustrated in Fig. 1

Accordingly, the multiscale average amplitude—phase

approximate representation of waveform P, is

J
i)a = PZV + (513,1,311 = Z pzjz,avﬂfl + 5130,311
j=1

(23)

Here, P2 is the average amplitude—phase vector of P,, and
6P, .y is the multiscale average amplitude—phase representa-
tion deviation of P,. '

The ratio coefficient between the average amplitude P fl,av of
component i’i and the amplitude Pﬂl of monotonic waveform
component P{;l is defined as

pJ
Pa,av

kj,aV —
J
P

(24)

Thus, the multi-timescale average amplitude—phase represen-
tation of P, based on the monotonic waveform Py, is

i 7w | Sci@pen
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Power value (MW)
o —_

The diagonal element of the
amplitude matrix kj,

£20
=)
ol5
=
$10
§ 5 Average amplitude-phase
‘,—g representation P
<023 4 s 6 7 8 §20
Amplitude number i S n| AA A
3 Amplitude element P}, E
[===1 Average amplitude P ,, E
= 5
The timescale-j component P; H
[N
~ 20 0 12 24 36 45 60 72 84 96
z . Time (15 min)
= 10 The diagonal element of the =4 iy
2 - phase matrix 8! P o
Z 0 a
g 1 1
g g +
£ 2 K]
0 12 24 36 45 60 72 84 96 o 0
Time (15 min) s
e

2 3 4
Phase number i

Base-wave group vector I .

Deviation component JIN’:

5 6 7 8 20

Power value (MW)
o
>

Iy
S

0 12 24 36 45 60 72 84 96
Time (15 min)

0 12 24 36 45 60 72 84 96
Time (15 min)

Fig. 1. The average amplitude-phase representation of Pé.
p _ J ,av =
Po=) I . KamPudi+SPgan (25)
J=1

It can be seen that, when the average amplitude—phase rep-
resentation deviation is neglected, the morphology of wave-
form P, is determined by the amplitude coefficient kianvl at
each timescale and the morphology of the phase waveform 0{;
at each timescale.

Fig. 2 shows the multi-timescale average amplitude—phase
parametric representation of waveform P, when it is a sinu-
soidal waveform.

The last column in Fig. 2 presents the multi-timescale aver-
age amplitude—phase vector P2 of P,. It can be seen that the

Time
scale

Full time %6 i ] / 106
scale 4
Time | — 1
sl | | - 4 615 1.12 |i
e U i 23 008 ¢
scale 2 24 i o I
Ti ; i
ime j RS At 1
scale 3 124 E: 25 1.84 ‘:IEI:
Time i . i
1 T )
scale 4 6 4 v 12 176 ’]Iﬂl[
- § \
Time |
scale 5 3 6 1.78 \]EII

Fig. 2.

BN THF £ 4wt

NEY  Tsinghua University Press

| Sci®@pen 5

The diagonal element of
the phase matrix 3,

standard deviation intensity of the deviation 6I~’a,an of the
multi-timescale average amplitude-phase vector P is
0'2(613,,,311) = 1%, demonstrating that the multi-timescale aver-
age amplitude—phase representation effectively characterizes
power waveform morphology.

The penultimate column in Fig. 2 shows the model Pa’g, in
which the amplitude coefficients kym at all timescale are set to
1 and only phase information is retained. The correlation coef-
ficient between waveform vector Pa,g and waveform vector
P, is COI'I'(Pa,g, P,) = 0.9, verifying that the phase of P, dom-
inates its temporal morphology.

The third column from the right in Fig. 2 shows the model
Pa,k, in which the phases of P, at all timescale are set to 1 and

Pr=
TIPS

VA

AP, = 1.09AP, cor(P, s P,)=09 P(OP, )= 1%
diag(1) [ j 1 "
diag(—1,1) ’ % 1 —
diag(-1.1,1,  § E I
-1) b I
diag(-1,-1,1, 3 ] NNNNNNNNNNN .
LLI-1-1) & E
diag(—1,-1,

“IoLLLL
LLLLIZT,
S

Multi-timescale average amplitude—phase parametric representation of element waveform P, .
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only the amplitude information is retained. It can be seen that
the peak—valley differences of waveform vector P, and com-
ponent waveform vector P, satisfy AP,;=1.09AP,. This
verifies that the amplitude coefficients of component wave-
form P, dominate its fluctuation amplitude.

III. EVOLUTION CHARACTERISTICS OF MULTIVARIATE
POWER WAVEFORM INTEGRATION

In new power systems, the fluctuation morphology of inte-
grated multivariate passive power waveforms determines sys-
tem regulation demand. It is therefore necessary to investigate
the evolutionary relationship from component waveform fluc-
tuations to the fluctuation morphology of the integrated wave-
form.

A. Integration of Multiple Power Waveforms and Extreme
Evolution Scenarios

When ng power waveforms are integrated, the “mean + fluc-
tuation” representation of the integrated waveform Py is

Pz =T’2+Pz (26)

The fluctuation morphology is represented only by its fluc-
tuation component Ps, which is composed of the fluctuation
components P, of the ny power waveforms involved in inte-
gration:

27

For convenience, the fluctuation components Ps, of the ng
power waveforms are hereafter referred to as element wave-
forms, and Ps is referred to as the integrated waveform.

Consider the integrated waveform P, + P, formed by two
zero-mean waveforms P, and P,. If P, = P}, the normalized
integrated waveform has the same morphology as the compo-
nent waveforms:

P, =P =P (28)

This scenario is defined as no evolution of the integrated
waveform. If the two waveforms involved in integration are
reciprocal waveforms, i.e., P, =—P,, the integrated wave-
form P, is a zero vector:

P at+b = P

a+b =

0 (29)

This scenario is defined as extreme evolution of the inte-
grated waveform. In general, the integration of arbitrary wave-
forms lies between these two extreme cases.

B.  Evolution Intensity of Integrated Multivariate Power
Waveform Fluctuations

For no element waveform vectors P,(a=1,2,3,--,n9),
when modeling deviations are neglected, the multiscale repre-
sentation of the integrated waveform is

Power and Energy Future, 2026, 1, 9650011

J 7.2V qj
Z S PhE ! (30)
j=1a=1
The ith square-wave component P é’,- in the timescale- j com-
ponent P, {; of the integrated waveform is expressed as
1o

PL =P,y I K6

m,base” @M

G1)

a=1

During multivariate waveform integration, the phase rela-
tionships among waveforms directly reflect their fluctuation
morphology relationships.

For the ng component waveforms, at the i square wave of

timescale j, the phase 9] ; corresponding to Pa, takes either 1

or —1. The numbers of Waveform components corresponding
to these two cases are denoted by n], and ”2n respectlvely,
with 7] z+”21 =no. The component Pa ; satisfying 6, =1 is
defined as a positive-phase component, and its average ampli-
tude coefficient is denoted by &; n1 ;. The component Pﬁ’i satis-

fying 9(1,,- = -1 is defined as a negative-phase component and

its average amplitude coefficient is denoted by & nz ;- The aver-
age amplitude coefﬁc1ent of the ny element waveform compo-

J J
nents is denoted by & ,lo, The coefficients km i» Ky i and Ky
are expressed as follows:
n/
kj _ L k] ,av
nl,i - j
nl, a= 1
kj __Zk]av (32)
nyi a,m
21 a=
0
;o1 e
n0i " o a,m

The deviations of kf,l’i and kf,z’i from the average amplitude
coefficient knoi of the np element waveforms are defined as

6k’{l|,i and 6knz,ia respectively:

Joo_ J
6kn1 i kn1 i no,i
ok, =k, kb (33)
sk ni 46k} ) =0

ny np,i 2,0

The sum of the phases of all positive-phase component
waveform components is defined as 95, and the sum of the
phases of all negative- phase component waveform compo-
, with 6% _Vl{’iﬁé’; =—né’,~. Thus,

according to Egs. (31)7(33), the amplitude Pé,,» of the ith

nents is defined as 9

square-wave component Péi at timescale j of the integrated
waveform Ps is expressed as follows:

pJ J o) 1d J J spd
Bl =P ol K+ nosk) +6L 5] |

(34)
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J gt b
Where 92,[ = HZ 02,

ment waveform components P ai

is the integrated phase of the ng ele-

Its absolute value reflects
the phase similarity among multiple waveforms. The term
Sk’

ny,i
positive-phase element waveform components and that of neg-
ative-phase element waveform components among the ng

reflects the difference between the average amplitude of

components Pa ;» hereafter referred to as the amplitude differ-
ence.

It follows from Eq. (34) that, for any interval at any
timescale, the characteristics of the integrated waveform Py
are determined by the integrated phase, the amplitude differ-
ence, and the coupling strength between the amplitude differ-
ence and the integrated phase among multiple waveforms.

When phase differences exist among multiple waveforms,
positive and negative amplitude cancellation inevitably occurs
during integration. This is defined as fluctuation evolution of
the integrated waveform. When the phases 9‘,2’,» of the ith
square-wave components at the ;i timescale of the ng ele-
ment waveforms are all identical, the amplitude Pg,,» of the ith
square-wave component at the jt timescale of the integrated
waveform equals the sum of the amplitudes of all component
waveforms at that timescale. This is defined as the result of
P gy,. under the in-phase condition of element waveforms,

denoted by pé’NE

P, =P =noPLk) (35)
Using 13 INE 25 the benchmark, the deviation of the ampli-
tude E, of the i square-wave component at timescale j
from P ® is defined as its evolution rate nz’g’k,l’
| Bl
né,e,k,i =1- Pg E =1- 01* +<5k}’:1‘l+6kf;1k lGJ* (36)

where 9; is the integrated phase of the ng element wave-

is the

amplitude-difference rate among element waveforms. Its range
is —n2/nl < 6k]*

forms for the i square wave at timescale j, and 5k,,1 ;

nz/ n] They are expressed as
J

9]* _ 92,1'
% Ty
0
j (37)
JE o _ ny,i
n|,i - ]
knol

It can be seen that the amplitude evolution rate ng,&k,i of the

integrated waveform component P é,,- is also determined by the
integrated phase, amplitude-difference rate, and the coupling
strength between amplitude difference and in-phase rate
strength among multiple waveforms.

The phase relationships among multiple waveforms directly
reflect their evolution relationships during integration. When

. é .
1Az me | Sci@pen !

1- '9;' The phase-
difference rate of multiple waveforms is defined as

* . . j
k,j11 ; =0, the evolution rate is 7y 5, ; =

567, =1~ |9f* (38)

The phase-difference rate 595 reflects the intensity of phase
differences among the ith square waves of multiple wave-
forms at the jth timescale.

It can be seen that, in this case, the evolution intensity of the
integrated waveform is determined by the phase-difference
rate (59£,~ When

Jx
evolve; when 665 ; =

65, =0, the integrated waveform does not
1, the integrated waveform undergoes
extreme evolution. '

When 5kf,1 ;= *l, Tlgﬁ,kvi =0, and no cancellation evolution
occurs in the amplitude of the integrated waveform compo-
nent P é,

The mean evolution rate of all square-wave components
at the jt timescale is defined as the evolution rate Tlé,eyk of the
integrated waveform at this timescale

anek:

Thus, the full-timescale evolution rate of the integrated wave-
form Ps is

77; ok = (39)

5LNE _j
Pg g g

J
> h
J=1

The above analysis shows that integrated waveform evolu-
tion is fundamentally caused and dominated by phase differ-
ences among element waveforms. When the amplitude differ-
ences among multiple element waveforms are small, the evo-
lution characteristics of the integrated waveform can be esti-
mated using only the phase characteristics among multiple ele-
ment waveforms.

At the jt timescale, the evolution rate of the integrated
waveform can be estimated by the average phase difference
ratio 5%* of multiple element waveforms at this timescale

Zl@’*

The full- timescale evolution rate of the integrated wave-
form can be estimated by the phase difference ratio of multi-
ple element waveforms at different scales:

M-

1l
—_

J

N ok = (40)

Jo_ splt _
Mg = 005 =

(41)

s =005 =1-"1

J
=1
J
=, NE
>, P
i

(42)
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C. Influence of Phase Characteristics Among Multiple Single-
Type Waveforms on Their Integration Evolution

To analyze the effect of inter-waveform phase characteris-
tics on the integration evolution of waveforms of the same
type, multiple daily waveform data sampled at 15-min inter-
vals in a certain region on the same day were used. Based on

these data, integration scenarios were constructed for 12 load
waveforms, 12 photovoltaic waveforms, and 12 wind power
waveforms, As shown in Fig. 3. These scenarios were used to
verify the effect of inter-waveform phase differences on the
evolution of the integrated waveform.

= z z
=) =) =3
Q Q [}
E = E
& = =
£ £ £
< < <
—96 S S — -96 S N — -96 S S —
0 16 32 48 64 80 96 0 16 32 48 64 80 96 0 16 32 48 64 80 96

Times (15 min)
a. The integration of 12 load waveforms

Times (15 min)
b. The integration of 12 PV waveforms

Times (15 min)
c. The integration of 12 wind waveforms

— Element waveform — Integrated waveform

Fig. 3. Integration scenario of twelve single-type waveforms.

To further validate the effect of phase differences among
multiple waveforms on the characteristics of the integrated
waveform, Fig. 4 presents the evolution rates and phase-differ-
ence rates of the three types of waveforms. It can be seen that

30

N
()
T

15
10+

Evolution rate or phase
difference ratio (%)

W
T

Load

Photovoltaic Wind
Waveform types

[ Phase difference ratio 6; [l Evolution rate 7y

Fig. 4.

forms under different integration timescale.

Phase difference ratio and evolution intensity of integrated wave-

the phase-difference rate is the smallest among multiple photo-
voltaic waveforms, followed by load waveforms, and is the
largest among wind power waveforms. This explains why the
evolution rate follows the pattern of wind power > load > pho-
tovoltaic power.

To further analyze the characteristics of single-type wave-
forms under different integration scales, the phase-difference
rates and evolution rates of integrated load, photovoltaic, and
wind power waveforms were calculated for integration scales
of 12, 24, 36, 48, 60, and 72 waveforms, as shown in Fig. 5.

It can be seen that, as the waveform integration scale
increases, the evolution rates of the integrated load and photo-
voltaic waveforms remain within a very small range, indicat-
ing that almost no evolution occurs. This is because the phase-
difference rates among multiple load waveforms and among
multiple photovoltaic waveforms remain stable. Therefore,
these two types of waveforms can be regarded as “morpholog-
ically stable waveforms”.

The evolution rate of the integrated wind power waveform

Number of waveforms
a. Evolution characteristics of
integrated load

Number of waveforms
b. Evolution characteristics of
integrated photovoltaic

560 :1:;60 °
< < @
g S0¢ g S0F %o\e
< < ~
£ 401 £ 40 S E
g 30t g 30} R
2 20/ 2 20/ &5
g g P
g 10} £ 10f R
B = m
= =

=2 0 = 0

£ 0 12 24 36 48 60 72 84 5 0 12 24 36 48 60 72 84 0 12 24 36 48 60 72 84

Number of waveforms
c. Evolution characteristics of
integrated wind

[ Phase difference ratio 6; [l Evolution rate 7y ,,

Fig. 5.
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Phase difference ratio and evolution intensity of integrated waveforms under different numbers of waveforms.
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increases with the number of integrated waveforms, showing a
trend toward extreme evolution. This is because wind power
waveforms are highly stochastic, and the phase-difference rate
among multiple waveforms gradually increases as the number
of integrated waveforms increases. Therefore, wind power
waveforms can be regarded as “morphologically unstable
waveforms.”

IV. EVOLUTION CHARACTERISTICS OF INTEGRATED
MULTI-TYPE POWER WAVEFORMS IN POWER SYSTEMS
WITH INCREASING RENEWABLE ENERGY PENETRATION

According to the analysis in Chapter III, it can be inferred
that, in power systems, the phase differences among multiple
power waveforms with stable morphology are fixed. There-
fore, as renewable energy penetration changes, the evolution
characteristics of these integrated waveforms are mainly
affected by amplitude differences among waveforms. A typi-
cal case is the integration of load and photovoltaic waveforms.
If the integrated multi-type waveforms include a waveform
type with unstable characteristics, both the phase differences
and amplitude differences among waveforms vary with renew-
able energy penetration. In this case, the evolution characteris-
tics of the integrated waveform are mainly dominated by the
unstable waveform type. A typical case is the integration of
load and wind power waveforms. Based on the proposed
waveform integration evolution analysis method, this Chapter
analyzes the variation characteristics of waveform evolution
for different waveform types under different penetration lev-
els. The evolution of the peak—valley difference of the inte-
grated waveform is further used as an example to verify the
effectiveness of the proposed method.

A. Evolution Characteristics of Integrated Multi-Type Stable-
Morphology Waveforms Under Different Proportions

Taking the integration of load and photovoltaic waveforms
as an example, integration scenarios under different photo-
voltaic penetration levels were constructed based on 48 daily
load waveform datasets and multiple photovoltaic waveform
datasets from a provincial power grid on the same day, sam-
pled at 15-min intervals. These scenarios were used to ana-
lyze the evolution trend of the integrated load—photovoltaic
waveform.

The photovoltaic penetration ratio of the integrated power
waveform is defined as the ratio of the sum of peak—valley dif-
ferences of all photovoltaic waveforms involved in the integra-
tion, AP gﬁv, to the sum of peak—valley differences of all load
waveforms, API;?, ie., dpv = APE?V/API;?

Under different photovoltaic penetration levels, the load and
photovoltaic waveforms involved in the integration, as well as
the morphologies of the integrated waveforms, are shown in
Fig. Al in the Appendix. The numbers of load and photo-
voltaic waveforms and their peak—valley difference scales are
listed in Table A1 in the Appendix.

. é .
X4z | Sci@pen °

Using the integrated peak—valley difference under the in-
phase condition of multiple waveforms, Apgllip, as the bench-
mark, the degree to which the actual peak—valley difference
Af’z,lp deviates from Af’g’}fp is defined as the evolution rate of
the integrated waveform peak—valley difference: 74,y =
(AP I;Fp — APg )/ AP IZ\TP .The metric 1 1 pv is used to verify the
effectiveness of the load—photovoltaic integration evolution
rate 77,y obtained from the analysis in Section B of Chapter
I1II.

In Fig. 6, the blue and purple bars represent the “peak—val-
ley difference superposition of multiple waveforms,” APEFP,
and the actual peak—valley difference of the integrated wave-
form, A.f’z,lp, under different photovoltaic penetration ratios,
respectively. In Fig. 7, the purple and green bars represent the
actual evolution rate of the integrated waveform peak—valley
difference, 74 1 pv, and the estimated integrated waveform evo-
lution rate, 77, py, respectively.

The purple bars in Fig. 6 show that, within 0 < Apy < 0.5, the
peak—valley difference of the integrated waveform decreases
as photovoltaic penetration increases. This is because the
increasing photovoltaic waveform amplitude reduces its
amplitude difference from the load waveform, thereby enhanc-
ing amplitude cancellation evolution between waveforms.

8000
7000
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2000 -
1000 +

Peak—valley difference (MW)

0 025 0.50 0.75 0.10 1.25 1.50
PV penetration ratio value 4,,
I Sum of peak-to-valley differences of
multiple elemental waveforms
[ Actual peak-to-valley difference

Fig. 6.
forms under different photovoltaic penetration rates.

Peak-to-valley differences of load-photovoltaic integrated wave-

100
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Evolution rate (%)
W
S

0 025 0.50 0.75 0.10 1.25 1.50
PV penetration ratio value 4,

[ Evolution rate of peak—valley difference 7, ,,
[ Evolution rate of integrated waveforms 7, ,,

Fig. 7.
ferent wind penetration rates.

Evolution rates of load-photovoltaic integrated waveforms under dif-
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Within 0.5 < Apy < 1.5, the peak—valley difference of the inte-
grated waveform increases with photovoltaic penetration. This
is because the increased photovoltaic amplitude overwhelms
the load waveform amplitude, making the integrated wave-
form characteristics dominated by the photovoltaic waveform.

Fig. 7 shows that the evolution rate of the integrated wave-
form peak-valley difference, 74, ,v, and the integrated wave-
form evolution rate, 7,y, exhibit largely consistent trends
with increasing photovoltaic penetration. This verifies that the
proposed method can effectively estimate integrated wave-
form evolution. The purple bars in Fig. 7 show that when
Apy = 0.75, 11py reaches its maximum value. This means that,
during load—photovoltaic integration, there exists a maximum
critical penetration level at which the integrated waveform
exhibits the strongest evolution. Understanding the integration
evolution pattern of load and photovoltaic waveforms can help
optimize the load—photovoltaic ratio and maximize the bene-
fits of regulation resource allocation.

B. Integration Characteristics of Multi-Type Waveforms With
Unstable Features

Similarly, integration scenarios of multiple load and wind
power waveforms are constructed under different wind power
penetration ratios. The wind power penetration ratio is defined
as Aw = APEEV/ API;}E. Under different photovoltaic penetra-
tion levels, the load and wind power waveforms involved in
the integration, as well as the morphologies of the integrated
waveforms, are shown in Fig. A2 in the Appendix. The num-
bers of load and wind power waveforms and their peak—valley
difference scales are listed in Table A2 in the Appendix.

In Fig. 8, the blue and purple bars represent the “peak—val-
ley difference superposition of multiple waveforms,” AP;TW,
and the actual peak—valley difference of the integrated wave-
form, APEJW, under different wind power penetration ratios,
respectively. In Fig. 9, the purple and green bars represent the
evolution rate of the integrated waveform peak—valley differ-
ence, na1w, and the estimated integrated waveform evolution
rate, 1), respectively.
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multiple elemental waveforms
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Fig. 8.
different wind penetration rates.

Peak-to-valley differences of load-wind integrated waveforms under
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Fig. 9.

wind penetration rates.

Evolution rates of load-wind integrated waveforms under different

Fig. 8 shows that, as wind power penetration increases, the
cancellation of the integrated waveform peak—valley differ-
ence APs ), relative to the result under “multivariate superpo-
sition,” AP I;fw, becomes increasingly large, and the evolution
of the integrated waveform peak—valley difference becomes
more pronounced. This is caused by the enhanced internal
evolution of wind power waveforms as penetration increases.

Fig. 9 shows that both the peak—valley difference evolution
rate 7w and the integrated waveform evolution rate 7y
increase with wind power penetration and are generally con-
sistent. This indicates that, within an acceptable deviation
range, 71y, can effectively estimate the peak—valley difference
of integrated load—wind power waveforms.

The above analysis indicates that understanding the integra-
tion evolution law of load and wind power waveforms can
avoid overestimating integrated waveform fluctuations and
achieve substantial regulation benefits under high penetration
levels.

C. Variation Characteristics of the Integration Evolution
Intensity of All Passive Power in Power Systems Under Differ-
ent Renewable Energy Penetration Levels

Based on the case scenarios in Sections A and Sections B of
Chapter 1V., integrated scenarios of load, photovoltaic, and
wind power waveforms are constructed under different renew-
able energy penetration levels. The total renewable energy
penetration ratio is defined as the sum of photovoltaic and
wind power penetration ratios, i.e., Apw = Ap + Adw. The photo-
voltaic share in renewable energy is defined as ypw = Ap/Apw,
which reflects the relative proportion of photovoltaic and wind
power at the same penetration ratio Ap,. The three-dimen-
sional variation trend of the integrated waveform evolution
rate 7, Wwith the renewable energy penetration ratio Ay
and photovoltaic share v,y is calculated, as shown in Fig. 10.

It can be seen that, as the photovoltaic share y,y approaches
1, the variation of the integrated waveform evolution rate
Mpw With Ay becomes closer to a “decrease-then-increase”
trend, indicating pronounced integration characteristics of load
and photovoltaic waveforms. As ypy approaches 0, 7ipw
increases with Ay, indicating pronounced integration charac-
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Fig. 10.
evolution rate with renewable energy penetration and wind—photovoltaic ratio.

Variation trend of load—wind—photovoltaic integrated waveform

teristics of load and wind power waveforms. The photovoltaic
share vy, has a strong regular influence on the evolution
intensity of the integrated waveform.

To further analyze the influence of the relative proportions
of wind and photovoltaic power on integrated waveform evo-
lution, the variation of the integrated waveform evolution rate
Mp,w With the photovoltaic—wind ratio ypw is analyzed under
high renewable energy penetration, A, = 1.5, as shown in
Fig. 11.

waveforms 7, , ,, (%)

Evolution rate of integrated

0 10 20 30 40 50 60 70 80 90 100
PV penetration y,,, (%)

Fig. 11.

evolution rate under different photovoltaic—wind ratios at high renewable

Characteristics of load—wind—photovoltaic integrated waveform

energy penetration.

It can be seen that, as y,, increases, the integrated wave-
form evolution rate first increases and then decreases. When
Ypw = 60%, the evolution rate of the integrated waveform
reaches its maximum value. The above analysis shows that
understanding the regular evolution trend of integrated
load—photovoltaic—wind power waveforms can reduce the
overestimation of system regulation requirements under differ-
ent renewable energy penetration levels. By optimizing the
wind—-photovoltaic ratio, the maximum benefit of regulation
resource savings can be achieved.

V. CONCLUSIONS

To address the supply—demand mismatch in power systems

) 174 2wk | Sci@pen 11
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caused by high renewable energy penetration and to accu-
rately characterize demand for regulation capacity induced by
the total passive power waveform, this paper focuses on the
key issue of how to reveal the integrated morphology of multi-
ple short-term power waveforms in future power systems.
Starting from the characterization of component waveform
morphology, the integration evolution morphology of multi-
ple power waveforms is investigated. The main conclusions
are as follows:

(1) A multi-timescale amplitude—phase parametric model for
power waveforms is proposed. It decomposes and analyzes
power waveform morphology from the perspectives of ampli-
tude and phase across multiple timescales, overcoming the
limitation of conventional waveform evaluation methods in
accurately characterizing local waveform morphology.

(2) For the integration characteristics of multiple power
waveforms, the proposed waveform analysis method is used to
analyze the phase-difference and amplitude-difference charac-
teristics among multiple waveforms. The mechanism by which
these two characteristics affect integrated waveform evolution
is revealed, enabling accurate and effective evaluation of the
evolution intensity of multivariate integrated waveforms and
its multiscale composition.

(3) The proposed evaluation method for multivariate wave-
form integration evolution enables the assessment of the inte-
gration characteristics of both single-type and multi-type
waveforms.

(4) The regular evolution trends of the integration character-
istics and peak—valley difference characteristics of all passive
power waveforms in the system with increasing renewable
energy penetration are revealed. This has important engineer-
ing value for accurately characterizing the fluctuation mor-
phology of integrated waveforms under different penetration
levels, optimizing regulation resources allocation, and saving
regulation resources.
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Fig. A2. Integration scenario of multi-type load and wind power waveforms with different wind penetration levels.

WAVEFORM PARAMETERS OF LOAD AND PHOTOVOL;/:I}ZLSI\;?)IER DIFFERENT PHOTOVOLTAIC PENETRATION LEVELS
APYE (Mw) 3024 3024 3024 3024 3024 3024 3024
Number of load waveforms n; 48 48 48 48 48 48 48
APTE (MW) 0 756 1512 2268 3025 3780 4536
Number of PV waveforms npy 0 12 24 36 48 60 72
Apy 0 0.25 0.5 0.75 1 125 1.5
TABLE A2
WAVEFORM PARAMETERS OF LOAD AND WIND UNDER DIFFERENT WIND PENETRATION LEVELS
APNE (MW) 3024 3024 3024 3024 3024 3024 3024
Number of load waveforms 0 756 1512 2268 3025 3780 4536
APNE (MW) 0 63 63 63 63 63 63
Number of wind waveforms ny, 0 12 24 36 48 60 72
Aw 0 0.25 0.5 0.75 1 125 1.5
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