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Abstract——With high integration of distributed generators 
(DGs) and diverse topology reconfigurations, the dynamic states 
of active distribution networks (ADNs) become more complex, 
which poses great challenges to the dynamic equivalence of 
ADNs. In this paper, motivated by the similarities between New‐
ton Raphson power flow calculation (NRPFC) and computation 
of convolution network (CNN), and based on the capability of 
recurrent neural network (RNN) to represent the differential al‐
gebraic equations (DAEs) of loads, we propose a multimodal 
machine learning based equivalent modeling method in order to 
track the dynamic behaviors of ADNs. First, the multimodal 
machine learning is divided into two modules, one of which is 
gated recurrent unit (GRU) + fully connected (FC) module to 
represent the DAEs for load modeling, and the other is CNN +
 attention module to simulate the NRPFC to extract spatial fea‐
ture changes of power system caused by disturbances or topolo‐
gy reconfigurations. Then, the robustness and generalization 
abilities of the proposed method are evaluated by different test 
systems, where the IEEE 14-bus transmission network is con‐
nected to distribution networks with different scales (i.e., IEEE 
33-bus distribution network and IEEE 57-bus distribution net‐
work). The simulation results reveal that the proposed method 
can accurately capture the dynamic behaviors of ADNs under 
different operation conditions. In addition, the precision and 
generalization of the proposed method is tested in comparison 
with other deep learning (DL)-based equivalent methods.

Index Terms——Multimodal machine learning, recurrent neural 
network, load modeling, active distribution network, topology 
reconfiguration, dynamic equivalence, gated recurrent unit.

I. INTRODUCTION 

THE dynamic equivalence of active distribution networks 
(ADNs) has noticeable effects on simulating and analyz‐

ing the dynamics of power system [1], [2]. Moreover, due to 
the integration of large-scale renewable energy and distribut‐
ed generators (DGs) in ADNs, the traditional distribution net‐
work has changed from a passive one to active one. As a 
consequence, the power interaction between the ADNs and 
backbone network becomes more complicated, which poses 
great threats to the security and operation of ADNs [3].

The dynamic equivalent task of ADNs first determines the 
equivalent structure, and then identifies the parameters of the 
constructed equivalent structure. For the equivalent structure 
of ADNs, the load modeling is the most important part, be‐
cause it represents the dynamic characteristics of loads and 
renewable energy generation systems. Load modeling is prin‐
cipally used by backbone networks for their planning, analy‐
sis, and control [4], [5]. If the load model does not accurate‐
ly reflect the dynamic characteristics of ADNs, it will draw 
incorrect conclusions in dynamic security analysis of power 
system. Therefore, how to develop an accurate, adaptive, 
and robust load modeling method for ADNs is an urgent is‐
sue, which is needed to be addressed for power system stud‐
ies.

Nowadays, there are two traditional load modeling meth‐
ods, which are component-based methods and measurement-
based methods. The basic idea of component-based methods 
is to regard the load as a collection of individual users, then 
count the proportion of various electrical appliances, and fi‐
nally synthesize the overall load model [6], [7]. The compo‐
nent-based methods are not only time-consuming and labori‐
ous, but also subject to time-varying loads. Therefore, it is 
impossible to perform these methods at any time. Different 
from component-based methods, the measurement-based 
methods regard the load as a whole: they first choose the 
structure of load model, and then identify the model parame‐
ters based on the data collected from nodes. Therefore, the 
measurement-based methods are widely applied in power 
system for practical applications because of their better per‐
formance in presentation of dynamic characteristics [8]-[13].

Once the equivalent structure of ADNs is determined, the 
equivalent problem is transformed into a parameter identifi‐
cation problem. Traditional parameter identification methods 
include mathematical optimization methods and modern evo‐
lutionary algorithms. Mathematical optimization methods 
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[10]-[12] such as least squares and steepest descent have the 
advantages of fast solving speed and reliable convergence, 
but they are prone to getting stuck in local optima, especial‐
ly when the initial value is far from the actual value. Mod‐
ern evolutionary algorithms [13] have poor robustness, slow 
convergence speed, and difficulty in setting learning parame‐
ters. In addition, they contain many parameters, so their solv‐
ing process often takes a long time, making it difficult to 
meet the requirements of online parameter identification for 
time-varying loads. Mathematical optimization methods gen‐
erally use simplified models to meet real-time requirements 
[2], [14], but the accuracy of parameter identification might 
be affected. The deep learning (DL)- based equivalent meth‐
ods use typical simplified models with stronger ability to de‐
scribe dynamic characteristics compared with other methods. 
After training process, the parameter identification (i.e., test‐
ing process) can be performed in a very short time, but the 
training time is relatively long. Obviously, compared with 
mathematical optimization methods, the DL-based equivalent 
methods could better balance the requirements of accuracy 
and online equivalence.

Meanwhile, in recent years, DL, as an innovative technolo‐
gy, has been widely developed in various fields for feature 
extraction or data prediction [15], [16]. In the area of power 
systems, many studies in the application of DL to wind 
speed forecasting [17], [18], renewable energy prediction 
[19], fault diagnosis [20], energy management [21], and dy‐
namic security assessment [22] have been carried out. Ac‐
cordingly, some researchers have suggested employing neu‐
ral networks (NNs) to model the dynamic characteristics of 
ADNs in recent years. They regard voltages or frequencies 
as inputs and find the mapping relationship through NNs to 
output the active and reactive power [23] - [28]. Reference 
[23] employs the feed-forward artificial NN (ANN) as the 
prescribed function for load modeling, and the real load data 
are used to assess the performance of the constructed load 
model. Reference [24] applies the NN-based dynamic load 
identification technique, which utilizes delayed system in‐
puts and outputs to represent the dynamic loads in power 
system. The use of ANNs with feedback loops for load mod‐
eling is investigated in [25], and the simulation results show 
that the ANN can accurately capture the active and reactive 
power responses. Reference [26] points out that the radial ba‐
sis function NN combined with the lookup table can repre‐
sent the dynamic responses of electrical arc furnace. Howev‐
er, the above simple NN-based methods without memory 
unit may not accurately capture the long-term impact of dis‐
turbance, that is, the disturbance occurring at time t will af‐
fect the power response at time t + τ. In addition, the cases 
with large number of DGs and electric vehicles (EVs) in 
ADNs have not been taken into consideration. To this end, 
the recurrent NNs (RNNs) are employed for representing dy‐
namic behaviors of ADNs.

Reference [27] proposes a measurement-based method us‐
ing RNN to construct an accurate equivalent model for 
ADNs, and the testing results show that this model can be 
employed for representing the whole ADN. However, RNN 
is prone to gradient explosion and gradient disappearance 
during training, because the gradient cannot be transmitted 

in a long sequence during training. So RNN cannot capture 
the correlation of long time-series data well. To solve these 
issues, the derived algorithms, i. e., long short-term memory 
(LSTM) [29] and gated recurrent unit (GRU) [30], have 
been proposed. Based on the similarities between differential 
algebraic equations (DAEs) of power system and the for‐
ward calculation flows of RNNs, [28] proposes an LSTM-
RNN-based load modeling method. The generalization and 
accuracy of this method are certified by using simulations. 
Nevertheless, compared with GRU, LSTM has a more com‐
plex structure and contains more parameters so that it may 
require larger datasets and more computation resources for 
training. Although GRU simplifies its model, resulting in 
slightly inferior performance compared with LSTM in han‐
dling tasks that require high precision to maintain long-term 
memory, it can achieve a comparable performance with 
LSTM in many other tasks. In addition, due to its simple 
structure, it can be easily extended to other learning methods 
without increasing the complexity of the network significant‐
ly.

All of the above literature [23]-[28] about DL-based equiv‐
alent methods does not consider the time-variant characteris‐
tic of ADNs caused by the disturbances (i.e., disturbance lo‐
cations and types) or topology reconfigurations (i.e., line out‐
rage and line reorganization). Taking an IEEE 33-bus distri‐
bution network as example, when the line reorganization oc‐
curs, the system topology will change greatly, leading to 
changes in the dynamic response of ADNs. Moreover, when 
the three-phase (ABC) short circuit occurs, the load connect‐
ed to fault line will be cut off and the network topology will 
change greatly, which also lead to great shifts in dynamic re‐
sponses. However, these physical changes, as the source of 
response changes of ADNs after disturbance, cannot be 
tracked well using existing DL-based equivalent methods, 
which only consider simple input characteristics to find the 
mapping relationship between voltage/frequency and active/
reactive power, and overlook the spatial change, leading to 
poor generalization. Meanwhile, these equivalent methods 
cannot consider these dynamic topology changes due to their 
single module representation, which further affects their ro‐
bustness and generalization ability.

Newton-Raphson power flow calculation (NRPFC) calcu‐
lates the power correction value through the multiplication 
of Jacobian matrix and the residual vector of set state value, 
and then continuously corrects the power flow through itera‐
tion. When the corrected state value is less than the set 
threshold, the convergence result is achieved. This iterative 
method is consistent with the NN in reducing the loss value 
and propagating the loss value backward in the training pro‐
cess. At the same time, the convolution calculation of two-di‐
mensional convolution neural network (CNN) can also be 
viewed as the multiplication of standard matrix and vector, 
because the convolution calculation is essentially a special 
matrix multiplication calculation, and the convolution of 
CNN can be calculated in the form of vectors. Therefore, 
based on the similarity between NRPFC and convolution 
computation of CNN in calculation and iteration form, we 
utilize CNN to simulate the NRPFC to capture the dynamic 
topology changes caused by topology reconfigurations or dis‐
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turbances, and apply stacked attention block to extract impor‐
tant features. Thus, the CNN + attention module can perceive 
the dynamic behaviors of ADNs from the prospective of 
power flow calculation.

Multimodal machine learning is a subfield of artificial in‐
telligence, which attempts to improve the learning ability by 
employing a large number of data in different forms of ex‐
pression (homogeneous or heterogeneous) in training. This 
enables the optimization model to learn new patterns and 
correlations between different forms of data, so as to im‐
prove the accuracy and interpretation ability. Recently, multi‐
modal machine learning has been applied in several fields 
such as image and natural language processing [31], [32], 
biomedicine [33], and sentiment analysis [34], and has 
achieved great success. However, in the field of power sys‐
tem, the application of multimodal machine learning is rare‐
ly studied [35].

The dynamic behaviors of ADNs are influenced by both 
disturbances and topology reconfigurations. If we only con‐
sider the relationships between the voltage of boundary bus 
and dynamic response of ADNs, the online application capa‐
bility of DL-based equivalent method will be greatly re‐
duced. Therefore, we need to track the impact of topology 
reconfiguration on the dynamic behaviors of ADNs. Because 
the dynamic behaviors can be obtained by load modeling 
and the dynamic topology changes can be captured by CNN, 
we merge the load modeling module (i. e., GRU + FC mod‐
ule) and feature extraction module (i. e., CNN + attention 
module) as multimodal machine learning to track the dynam‐
ic behaviors of ADNs under different disturbances and topol‐
ogy reconfigurations. Due to the merits of multimodal ma‐
chine learning, the multimodal machine learning based equiv‐
alent modeling method can consider both of the dynamic 
and static characteristics of the load and the topology chang‐
es of power grid caused by disturbances, thereby better track‐
ing the dynamic behaviors of ADNs in different situations.

Within this context, the key contributions of this paper are 
listed as follows.

1) This paper proposes a CNN to simulate NRPFC pro‐
cess and applies an attention module to extract important fea‐
tures caused by disturbances or topology reconfigurations.

2) The feature extraction module and load modeling mod‐
ule are fused into a multi-modal machine learning based 
equivalent modeling method to track the dynamic behaviors 
of ADNs. It is capable of tracking time-variant characteris‐
tics of ADNs under different disturbances and topology re‐
configurations, and the case studies indicate that the pro‐
posed method outperforms other DL-based equivalent meth‐
ods.

3) To better extract the power grid characteristics, based 
on the similarity between CNN and NRPFC in calculation 
form and iteration form, this paper employs the Jacobian ma‐
trix of power grid to form the spatial information of power 
grid, which serves as inputs to the CNN to help feature ex‐
traction module better perceive changes in network topology. 
Then, the feature extraction strategy is proposed for extract‐
ing the dynamic responses of ADNs caused by disturbances 
and topology reconfigurations.

The remainder of this paper is organized as follows. Sec‐

tion II discusses some important concepts and basic design  
principles of the proposed method. Then, the numerical case 
studies for evaluating the abilities of the generalization and 
robustness of the proposed method are presented in Section 
III. Finally, conclusions are drawn in Section IV.

II. SOME IMPORTANT CONCEPTS AND BASIC DESIGN 
PRINCIPLES OF PROPOSED METHOD 

In this section, first, we describe some important concepts 
of CNN, multi-head attention (MHA), and GRU. Then, the 
motivation of adopting multi-modal machine learning for 
load modeling is explained and discussed in detail. Finally, 
the basic design principles using CNN + attention module as 
feature extraction module and GRU + FC module as load 
modeling module are introduced.

A. CNN Layer

As a strong feature extraction structure, CNN has drawn 
great attention of researchers in recent years [36]. The main 
structure of CNN is shown in Fig. 1. The core of the CNN 
is the convolutional layer with multiple filters and feature 
maps, which reduces the network complexity and number of 
parameters. In this layer, the characteristics of the input data 
are revealed, which can be expressed as:

hl
ij = f ((W l*x ) ij

+ bl ) (1)

where f ( )×  is the activation function; x is the input vector; l 
is the index of feature map; hl

ij is the output of convolutional 
layer; * is the convolution operation; and W l and bl are the 
weight matrix and bias vector of the kernel to feature map, 
respectively.

B. MHA Layer

MHA extends the attention mechanism to multiple heads, 
thus to enhance the attention of model to different features 
[37]. The input of MHA includes three vectors: query vector 
(Q), key vector (K), and value vector (V). For a given query 
vector, MHA computes the weighted sum of the key vector, 
where the weight is calculated using the similarity between 
the query vector and key vector, and then the weighted sum 
is multiplied by the value vector to produce the output [38]. 
The calculation of MHA can be expressed as:

MHA(QKV )=Concat (h1h2hM ) ×W O (2)

where M is the number of headers; Concat ( )×  is the vector 
concatenation operation; W O is the output transformation ma‐
trix; and hi is the output of the ith header, which can be ex‐
pressed as:

hi = A͂(QW Q
i KW K

i VW V
i ) (3)

Convolutional
layer

Max-pooling
layer

FC layer
Dataset

Activation
function layer

Fig. 1.　Main structure of CNN.
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where W Q
i , W K

i , and W V
i  are the query, key, and value trans‐

formation matrices of the ith header, respectively; and A͂( )×  is 
the attention calculation function. Generally, the self-atten‐
tion mechanism is applied to attention calculation function:

A͂(QKV )= softmax ( QK T

dk )V (4)

where dk is the dimension of attention head; and softmax ( )×  
is the softmax activation function.

MHA enables the model to learn more diverse and com‐
plex features, effectively improving its expressive power.

C. GRU Layer

The LSTM stores useful information in memory cells and 
eliminates unnecessary information to achieve better perfor‐
mance than classical RNNs in many fields such as machine 
translation and load forecast. However, due to its complex 
structure, LSTM may lead to long training time and overfit‐
ting problem when it is overlapped with other modules. 
Therefore, with the similar structure to LSTM, GRU is pro‐
posed to overcome the above issues of LSTM [30]. The 
GRU network contains two gates, i.e., update gate and reset 
gate, the outputs of which are defined as (5) and (6), respec‐
tively.

z t = σ (W ( )z x t +U ( )z ht - 1 ) (5)

r t = σ (W ( )r x t +U ( )r ht - 1 ) (6)

where t is the index of time step; σ ( )×  is the activation func‐
tion; x t and ht - 1 are the vectors of inputs and hidden states, 
respectively; and W ( )z , U ( )z  and W ( )r , U ( )r  are the weight ma‐
trices of reset gate and update gate, respectively.

Therefore, the final memory of current time step is:

h't = tanh (Wx t + r tUht - 1 ) (7)

ht = z tht - 1 + (1 - z t )h't (8)

where  is the vector element multiplication operation; W 
and U are the weight matrices; and h't is the candidate state.

The basic architecture of GRU block is shown in Fig. 2. 
The detailed explanation can be seen in [30].

D. Basic Design Principles of Proposed Method

The basic elements of the proposed method have been in‐
troducted in Section II-A-C and the feasibility of the pro‐
posed method is explained in Supplementary Material A. All 
of these have made sufficient preparations for designing a 
suitable NN for constructing the equivalent model of ADNs 

under different conditions.
Due to the fact that differential equations (DEs) and alge‐

braic equations (AEs) could represent the dynamic loads 
(motor machine and wind turbine (WT)) and static loads 
(lights and air-conditioning), respectively, it is necessary to 
increase the number of GRU layers when there are a large 
number of dynamic elements, and the same applies to FC 
layers. Therefore, based on [28] and the proportion of dy‐
namic load and static load in the simulation system present‐
ed in this paper, one GRU layer, two FC layers, and one 
CNN + attention layer are employed for constructing an 
equivalent model for ADN, as illustrated in Fig. 3, where 
the GRU layer contain 64 blocks, and two FC layers both 
contain 64 neurons.

1)　Multimodal Fusion Method
The modal fusion method is very important for multimod‐

al learning. If the modal fusion method is relatively simple 
and focuses on fusing at the global feature level through cas‐
cading operations, it cannot fully learn the connections and 
representation methods between various modules. Therefore, 
we adopt a multimodal fusion method called cross-attention 
(co-attention) fusion method to improve the modal percep‐
tion ability of equivalent model, thereby enhancing the ro‐
bustness of equivalent model. The structure of the co-atten‐
tion fusion method is shown in Fig. 4.

The co-attention fusion method contains two multi-head 
co-attention blocks, the detail information of which can be 
seen in [39]. The output FL of the load modeling module 
and the output FP of the feature extraction module are em‐
bedded and fed into co-attention blocks for complementary 
information fusion, and then a mixed modal representation 
FC is generated by the feed-forward layer.

The co-attention fusion method realizes the interaction be‐
tween the load modeling module and feature extraction mod‐
ule, establishes the temporal and spatial relationships be‐
tween the modeling part and power system network features, 
and utilizes the complementary advantages of the two data 
modes to achieve a more powerful and comprehensive mod‐
al representation to track dynamic behaviors of ADNs.

xt

σ(·) σ(·)
rtzt ht' 

htht�1
Next hidden

state

Concat(·)

Concat(·)

tanh(·)

+

+

×

×
×

GRU

+ +
+

�

1

Fig. 2.　Basic architecture of GRU block.

Normalization

Input layer

AEs

Feature extraction 
strategy Jacobian matrix J

CNN

Multimodal fusion

Active and reactive power of boundary bus
Output

Newton-Raphson
process

Power system
parameters

Attention
mechanism

Feature
extraction
module

Vt�4 Vt�3 Vt�

GRU layer

FC layers

Load
modeling
module

DEs

Voltage

Fig. 3.　Framework of equivalent model for ADN.
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2)　Inputs of Equivalent Model
According to the definition of non-mechanism load model‐

ing in power system, the voltage of boundary bus in the T-
step time window X = [ X1X2XT ] ÎRT ´ 2 is selected as 

the input of GRU + FC module, where Xt =[Vtδt ], and Vt 
and δt are the voltage amplitude and phase angle at time t, 
respectively. In our experimental test, the bus voltage vector 
within the five-step time window is selected as the input of 
GRU + FC module. The parameters of power system at time 
t, such as line conductance and susceptance, are selected as 
the input of CNN + attention module.

Meanwhile, the convolutional computation of CNN is sim‐
ilar to that of NRPFC. Therefore, the Jacobian matrix of 
power system is employed as inputs to CNN + attention mod‐
ule. Specifically, for a power system with n nodes, assuming 
the network contains m - 1 PQ nodes and n -m PV nodes, 
the Jacobian matrices corresponding to which, i. e., JPQÎ 
R2(m- 1)´ 2(n- 1) and JPVÎR2(n-m)´ 2(n- 1), respectively, are divided 
into blocks as:

ì

í

î

ï
ïï
ï

ï
ïï
ï

JPQ =
é
ë
êêêê ù

û
úúúúHij Nij

J ij L ij

JPV =
é
ë
êêêê ù

û
úúúúHij Nij

Rij Sij

(9)

where Hij Nij J ij L ij Rij, and Sij are the partial derivatives 
of voltage for each variable to be solved. Combining JPQ and 
JPV yields the Jacobian matrix of power system JÎR2(n-1)´2(n-1).

The framework of feature extraction process is shown in 
Fig. 5. First, the measurement vector of power system can 
be gathered through limited supervisory control and data ac‐
quisition (SCADA) systems, phasor measurement units 
(PMUs), and smart meters. Then, the power system state 
(i. e., voltage amplitude and phase angle) can be calculated 
via state estimation. Next, the Jacobian matrix of power sys‐
tem can be calculated according to the estimated state, topol‐
ogy structure, and related physical parameters. Finally, the 
Jacobian matrix is input into the CNN for feature extraction. 
It is worth noting that after the system undergoes topology 
reconfiguration or disturbance, the elements of relevant Jaco‐
bian matrix will also change. Therefore, when the topology 

reconfiguration or disturbance is detected, the Jacobian ma‐
trix is also modified, thus achieving the ability of feature 
tracking. In addition, it should be noted that when the equiv‐
alence starts, we will detect whether the network topology 
has changed, and when a disturbance occurs, we will locate 
its location, so as to update the input of CNN. After the dis‐
turbance is removed, the network topology will return to the 
original state before the failure.

3)　Outputs of Equivalent Model
The active power Pt and reactive power Qt of the bound‐

ary bus are selected as the output of equivalent model, 
which is denoted as Y = [Y1Y2YT ] ÎRT ´ 2, and Y t =
[PtQt ].

Furthermore, in order to overcome the shortcomings of 
gradient disappearance or gradient explosion caused by the 
input values beyond the limits of nonlinear activation func‐
tion employed by GRU + FC module, we design all the bus 
voltage inputs within the range of (0,1) before they are fed 
to the input layer of GRU + FC module. And the parameters 
of power system also must be normalized for the same rea‐
son, while there is no limitation on the output of equivalent 
model.

III. NUMERICAL CASE STUDIES 

In this section, the performance of the proposed method 
will be comprehensively evaluated by employing various hy‐
pothetical measurement data such as PMU data collected by 
time-domain simulations of the test system. The proposed 
method is compared with other DL-based equivalent meth‐
ods. The framework of the proposed method is built by uti‐
lizing Tensorflow 2.2.0 and Keras 2.3.1 in Python 3.9 with a 
personal computer equipped with 1.80 GHz Intel Core i7-
8565U CPU and 8 GB RAM.

A. Introduction for Test Systems

The topology of test system 1 is shown in Fig. 6, which 
integrates a modified IEEE 33-bus distribution network to 
IEEE 14-bus transmission network, through node 15 in distri‐
bution network and node 16 in transmission network. The 
frequency of test system 1 is 50 Hz, and the time domain 
step is 50 μs. The electrical parameters of distribution net‐
work are available in MATPOWER 6.0. Furthermore, the en‐

Normalization

Co-attention

Q K V QKV

Concat(·)
+ +

FC

FL FP

Feed-forward layer

Co-attention

Normalization

Vector computation Vector computation

Fig. 4.　Structure of co-attention fusion method.

State estimation

Measurement vector

Power system parameters

Grid operator

Detection

Input

CNN

Limited
measurement

unit

Calculation

+

+

Topology structure variation

Physical parameters

Power system state

Calculation of Jacobian matrix�

Fig. 5.　Framework of feature extraction process.
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tire test system is simulated in Simulink. For example, the 
DGs are modeled by the specifically designed photovoltaic 
(PV), WT, and gas turbine (GT) blocks, and static loads are 
modeled by three-phase series RLC loads, and RLC loads 
can be designed as R, L, C, RL, RC, and LC loads based on 
the real demand.

To verify the robustness and generalization of the pro‐
posed method, a test system with more buses, DGs, and re‐
newable energy sources is needed. To this end, the test sys‐
tem 2 is introduced, which integrates an IEEE 57-bus distri‐
bution network with more DGs and renewable energy sourc‐
es to IEEE 14-bus transmission network, through node 13 in 
transmission network and node 1 in distribution network. 
The topology can be found in MATPOWER 6.0.

B. Performance Evaluation of Proposed Method at Different 
Disturbance Locations or Under Topology Reconfigurations

In this subsection, we select the ABC short circuit as the 
disturbance type, due to its serious impact on power system, 
to evaluated the performance of the proposed method. The 
security and stability analysis of power system is also essen‐
tial to track the dynamic behaviors of ADN.

The simulation data include 24 pairs of active and reac‐
tive power responses. The 24 pairs of power responses are 
from the disturbances occuring on lines between different 
nodes within the distribution network in the test system 1: 8 
pairs do not have line outages or topology reconfigurations 
(e.g., Do-14-15), while other 16 pairs do (e.g., Do-15-16-LO-
33-34 and Do-16-17-LR-17-33), as shown in Table I.

Based on basic rule for dividing training set and testing 
set of DL, the proportion of training set and testing set is 3:1, 
with 18 pairs of simulation data for training set and 6 pairs 
for testing set.

The root mean square percentage error (RMSPE) is adopt‐
ed to calculate the error between the calculated value of the 
proposed method and measurement value of simulation re‐
sults. In addition, the relative absolute error per point 
(RAEP) is applied as an index to indicate the severity of the 
deviation of the calculated value from the measurement val‐
ue at each snapshot. Their mathematical expressions are:

RMSPE =

1
N∑k = 1

N

( )ykm - ykc

2

1
N∑k = 1

N

y2
km

´ 100% (10)

RAEP =
|| ykm - ykc

ykm

´ 100% (11)

where ykm and ykc are the measurement value of simulation 
results and the calculated value of the proposed method at 
sampling point k, respectively; and N is the total number of 
sampling points during entire time-domain period.

The testing set is applied to evaluate the generalization 
ability of the trained model, which is crucial for practical ap‐
plications. Therefore, the RMSPEs of active and reactive 
power in training set and testing set are illustrated Fig. 7, 
and we can draw the following conclusions.
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Fig. 7.　RMSPEs of active and reactive power in training set and testing 
set.

1) The accuracy of the proposed method varies with differ‐
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Fig. 6.　Topology of test system 1.

TABLE I
DETAILS OF DISTURBANCES OCCURING ON LINES BETWEEN DIFFERENT 

NODES WITHIN DISTRIBUTION NETWORK IN TEST SYSTEM 1

No.

1

2

3

4

5

6

7

8

9

10

11

12

Disturbance

Do-14-15

Do-15-16

Do-16-17

Do-17-18

Do-16-33

Do-17-37

Do-33-34

Do-15-16-LO-33-34

Do-16-17-LR-17-33

Do-16-17-LR-17-33

Do-16-17-LO-20-21

Do-16-33-LR-19-37

No.

13

14

15

16

17

18

19

20

21

22

23

24

Disturbance

Do-16-33-LO-17-37

Do-16-33-LO-20-40

Do-17-18-LO-19-20

Do-18-19-LR-16-33

Do-33-34-LR-16-33

Do-33-34-LO-17-37

Do-18-19

Do-16-17-LR-17-21

Do-16-17-LO-37-38

Do-16-33-LR-22-38

Do-33-34-LO-19-20

Do-17-33-LO-16-33

Note: Do, LO, and LR denote disturbance occurrence, line outage, and line 
reorganization, respectively. For example, Do-14-15 indicates that the distur‐
bance occurs on line 14-15; Do-16-17-LO-20-21 indicates that the distur‐
bance occurs on line 16-17 with the line outage on line 20-21; and Do-16-
33-LR-19-37 indicates that the disturbance occurs on line 16-33 with the 
line reorganization on line 19-37.
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ent disturbance locations. For example, the RMSPE of Do-
14-15 is high, at 0.707% for active power and 0.4504% for 
reactive power, but that of Do-17-18 is low, at 0.1984% for 
active power and 0.1586% for reactive power. This may be 
because as the disturbance location moves away from the 
boundary bus, the fluctuations are weakened during the prop‐
agation to boundary bus, allowing the equivalent model to 
capture the weakened dynamic response.

2) The accuracy of the proposed method after topology re‐
configuration is different from that before topology reconfig‐
uration. For example, the sum RMSPE of the active and re‐
active power is 0.6882% for Do-16-17, but 0.7933% for Do-
16-17-LR-17-33 and 0.8454% for Do-16-17-LO-20-21. This 
indicates that the dynamic response has changed after topolo‐
gy reconfiguration.

3) The proposed method can maintain dynamic response 
tracking under the topology reconfiguration after training, 
e. g., Do-16-17-LO-37-38 in testing set. This indicates that 
the feature extraction module (i.e., CNN + attention module) 
can effectively track the dynamic changes of this network to‐
pology, thereby enabling the proposed method to better track 
the dynamic behaviors of ADNs.

Overall, the above conclusions reveal that the proposed 
method can accurately represent the dynamic response of 
ADNs, even though under the topology reconfigurations. 
Moreover, in all datasets, the RMSPE of active and reactive 
power is very small (below 1%), especially that in testing 
set, indicating that the proposed method has great generaliza‐
tion capability.

In order to better demonstrate the training effectiveness 
and the tracking performance of the proposed method under 
the topology reconfiguration, we take two representative ex‐
amples, i. e., Do-16-17 in training set and Do-16-17-LO-37-
38 in testing set, by visualizing the active and reactive pow‐
er responses, as shown in Figs. 8 and 9, respectively. Pmeasured 
and Qmeasured are the measurement active and reactive power 
of simulation results, respectively; and Pproposed and Qproposed 
are the calculated active and reactive power of the proposed 
method, respectively. Note that the disturbance type here is 
the ABC short circuit with 0.01 Ω resistance.

As can be observed from Figs. 8 and 9, the dynamic be‐
haviors (i.e., active and reactive power responses) of ADNs 
change greatly after the topology reconfiguration, especially 
in reactive power. Specifically, after the line outage occurs 
on line 37-38, the active power is generally shifted down‐
wards (i. e., 108 kW of active power for Do-16-17 and 100 
kW of active power for Do-16-17-LO-37-38 in steady 
stage), and there are significant differences during the oscilla‐
tion phases (i.e., the dynamic reactive power response within 
the time interval of 0.5-2.5 s).

Moreover, Figs. 8 and 9 indicate that the outputs of the 
proposed method well fit the original simulation results dur‐
ing the disturbance, recovery, and steady-state periods. It is 
worth mentioning that Fig. 9 shows the results obtained in 
the testing set, and the characteristics of interference are dif‐
ferent from those in the training set. This also indicates that 
the feature extraction module can effectively track this topol‐
ogy reconfiguration, thereby better assisting load modeling 
module in tracking the dynamic behaviors of ADNs.

It can be clearly observed from Figs. 8 and 9 that the dy‐
namic behaviors of ADNs can be divided into three stages 
after the disturbance. The first stage is the overshoot after 
the disturbance, followed by oscillations in the second stage, 
and finally the steady state in the third stage after the distur‐
bance is eliminated. Overall, the above results suggest that 
the proposed method can accurately track the dynamic active 
and reactive power responses under topology reconfigura‐
tions.

C. Performance Evaluation of Proposed Method Under Dif‐
ferent Disturbance Types

In this subsection, the performance of the proposed meth‐
od under different disturbance types are evaluated, including 
three-phase ground (ABCG) short circuit, ABC short circuit, 
two-phase ground (ABG) short circuit, two-phase (AB) short 
circuit, and single-phase ground (AG) short circuit conduct‐
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Fig. 8.　Active and reactive power responses under Do-16-17 in training 
set. (a) Active power. (b) Reactive power.
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ed on line between node 15 in the transmission network and 
node 16 in the distribution network (i.e., line 15-16) .

Table II shows the RMSPE of the proposed method under 
five different disturbance types, and the results reveal that 
the proposed method can also accurately track the dynamic 
behaviors of ADNs under different disturbance types, espe‐
cially under ABG and AB short circuits.

In order to better demonstrate the dynamic tracking capa‐
bility of the proposed method, we visualize two cases of the 
above examples in Table II, i.e., the active and reactive pow‐
er responses under AG and ABG short circuit on line 15-16, 
as shown in Figs. 10 and 11, respectively.

Although other disturbance types do not cause as much 
impact to the power grid as ABC short circuit, their impacts 
on the oscillation of power grid cannot be ignored. From 
Figs. 9 and 11, although the fluctuation in the oscillation 
stage under AB short circuit is not as high as that under 
ABC short circuit, its waveform (i. e., the dynamic reactive 
power response within the time interval of 0.5-2.5 s)  is 
more complex. However, the proposed method can also 
track this dynamic changes well. This also proves that the 
feature extraction module can track the network physical 
changes caused by different disturbance types.

D. Performance Evaluation of Proposed Method in Test Sys‐
tem 2

Five representative disturbances in test system 2 consist‐
ing of ABC short circuit at different locations with topology 
reconfigurations are conducted. The results are shown in Ta‐
ble III.

Among these results, the proposed method performs best 
under Do-D25-D30-LR-D24-D32 (with an RMSPE of 
0.4818% for active power and 0.5934% for reactive power), 
while performs worst under Do-D2-D3-LR-D2-D14 (with an 
RMSPE of 1.1716% for active power and 0.6814% for reac‐
tive power). However, these results are all within an accept‐
able and optimistic range.

Moreover, as shown in Table IV, different disturbance 
types are also conducted on the connection line between the 
transmission network and distribution network, i.e., line T13-
D1, to evaluate the performance of the proposed method in a 
larger system. In Table IV, for active power, the maximum 
RMSPE is 1.1981% under the AB short circuit, and the mini‐
mum RMSPE is 0.4850% under the AG short circuit. For re‐

TABLE II
RMSPE OF PROPOSED METHOD UNDER FIVE DIFFERENT DISTURBANCE 

TYPES

Disturbance type

ABCG short circuit

ABC short circuit

ABG short circuit

AB short circuit

AG short circuit

RMSPE (%)

Active power

0.8510

0.8956

0.7559

0.5408

0.6291

Reactive power

0.3776

0.4200

0.3648

0.3758

0.4158
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Fig. 10.　Active and reactive power responses under AG short circuit on 
line 15-16. (a) Active power. (b) Reactive power.
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Fig. 11.　Active and reactive power responses under ABG short circuit on 
line 15-16. (a) Active power. (b) Reactive power.

TABLE III
RMSPE OF PROPOSED METHOD UNDER FIVE REPRESENTATIVE 

DISTURBANCES IN TEST SYSTEM 2

No.

1

2

3

4

5

Disturbance

Do-T13-D1-LO-D5-D6

Do-D1-D2-LO-D23-D24

Do-D2-D3-LR-D2-D14

Do-D25-D30-LR-D24-D32

Do-D1-D15

RMSPE (%)

Active power

0.6910

0.8231

1.1716

0.4818

0.7543

Reactive power

0.5464

0.4548

0.6814

0.5934

0.6329

Note: Di and Tj represent the node Nos. in the distribution network and 
transmission network, respectively. For example, Do-T13-D1-LO-D5-D6 in‐
dicates that the ABC short circuit occurs on line T13-D1 with line outage 
on line D5-D6.
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active power, the maximum RMSPE is 0.7820% under the 
ABCG short circuit, and the minimum RMSPE is 0.2085% 
under the ABG short circuit.

The active and reactive power responses of a representa‐
tive case, i.e., AG short circuit on line T13-D1, is visualized 
in Fig. 12. Overall, Table IV proves that the proposed meth‐
od can track the dynamic behaviors of ADNs under various 
disturbances, even though in large systems with high integra‐
tion of DGs.

Based on the results above, it is concluded that the pro‐
posed method is robust enough for tracking the dynamic be‐
haviors of ADNs under different disturbance locations and 
types, even with more buses and loads.

E. Sensitivity Analysis of Dataset Size on Accuracy of Pro‐
posed Method

This subsection compares the training time and testing ac‐
curacy of the proposed method under different dataset sizes. 
The ratio of training set and test setting is still set to be 3:1, 
and the dataset size is set to be 12-40 with a step of 4. As 
visualized in Fig. 13, the RMSPE of active and reactive pow‐
er decreases with the increase of dataset size, and then has a 
slight upward trend. This indicates that when the dataset is 
small, the equivalent model is in the state of under-fitting, 

so the accuracy of equivalent model is non-ideal. When the 
dataset size increases to a certain extent, the equivalent mod‐
el is in the state of over-fitting, so the RMSPE will have an 
upward trend. In addition, the training time increases with 
the increase of dataset size. Accordingly, in order to give 
consideration to the efficiency and accuracy of equivalent 
model, it is a good choice to choose the dataset with the 
size of 24 or 28, as shown in Fig. 13.

F. Performance Comparison Between Proposed Method and 
Other DL-based Equivalent Methods

In this subsection, the effectiveness of the proposed meth‐
od is compared with that of other DL-based equivalent meth‐
ods (i. e., LSTM-based method, RNN-based method, ANN-
based method). To fairly compare the performance, these 
benchmark methods are constructed with three hidden layers, 
which are the same as the expression module for DAEs in 
the proposed method. In addition, in order to prove that 
GRU can better describe DAEs than LSTM, we also employ 
the LSTM-based multimodal structure, i. e., LSTM-CNN-
based method, to conduct comparative experiments. The fea‐
ture extraction module of LSTM-CNN-based method is con‐
sistent with that of the proposed method. The difference is 
that LSTM-CNN-based method uses LSTM to represent 
DAEs rather than GRU.

To present the comparison results, a representative case, 
i.e., AB short circuit on line 15-16 in test system 1, is visual‐
ized and the results are shown in Fig. 14. The conclusion 
are drawn as follows.

1) The zoomed-in parts in Fig. 14 show that the results of 
ANN-, RNN-, and LSTM-based methods have greatly deviat‐
ed from the simulation values, indicating that they are no 
longer suitable under different disturbances and topology re‐
configurations.

2) In contrast, the results of the proposed method fit the 
true value well, indicating that the feature extraction module 
can extract the topology reconfigurations, thereby enabling 
the proposed method to better perceive the dynamic respons‐
es of ADNs.

3) The accuracy of LSTM-CNN-based method is higher 
than that of other benchmark methods but inferior to that of 
the proposed method, which shows the scalability of GRU 
and the effectiveness of the feature extraction module.
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Fig. 12.　Active and reactive power responses under AG short circuit on 
line T13-D1. (a) Active power. (b) Reactive power.
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TABLE IV
RMSPE OF PROPOSED METHOD UNDER DIFFERENT DISTURBANCE TYPES 

ON LINE T13-D1

Disturbance type

ABCG short circuit

ABC short circuit

ABG short circuit

AB short circuit

AG short circuit

RMSPE (%)

Active power

0.7802

0.6910

0.9064

1.1981

0.4850

Reactive power

0.7820

0.5464

0.2085

0.6455

0.6452
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The RMSPEs with the proposed method and benchmark 
methods, i.e., LSTM-CNN-, LSTM-, RNN-, and ANN-based 
methods, are listed in Table V, where different disturbance 

locations and types and topology reconfigurations are consid‐
ered. 

The average training time and RMSPEs with these meth‐
ods are shown in Table VI. The conclusions can be drawn as 
follows.

1) Compared with benchmark methods, the RMSPEs with 
the proposed method are lower.

2) Except for RNN-based method, the RMSPEs with oth‐
er methods are all small.

3) The average training time of the proposed method and 
LSTM-based method is almost the same, but the proposed 
method outperforms the LSTM-based method in terms of 
equivalent precision.

4) The ANN-based method has the highest training effi‐

ciency, but it performs worst in the complex cases (i.e., line 
15-16 and line 16-33), which is not suitable for serious sce‐
narios.

5) Compared with LSTM-CNN-based method, the pro‐
posed method has shorter training time and better fitting effi‐
ciency. Therefore, it can be concluded that the GRU per‐
forms better than LSTM in representing the DAEs of loads.

Overall, it is validated that the proposed method performs 
better than other benchmark methods for tracking dynamic 
behaviors of ADNs even under different disturbances and to‐
pology reconfigurations.

IV. CONCLUSION 

In this paper, we propose a multimodal machine learning 
based equivalent modeling method for tracking dynamic be‐
haviors of ADNs. The proposed method consists of two mod‐
ules, one of which is GRU + FC module used to simulate 
the DAEs of loads, and the other one is CNN + attention 
module to simulate the NRPFC to achieve the function of 
feature extraction. The Jacobian matrix of power grid is the 
core part of NRPFC and can be applied to form the spatial 
information, therefore the dynamic spatial changes of power 
grid can be represented and input to the CNN for feature ex‐
traction. Therefore, the proposed method can effectively 
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TABLE V
RMSPES WITH PROPOSED METHOD AND BENCHMARK METHODS

Disturbance

Do-16-17

Do-16-33

Do-33-34

Do-15-16

Do-15-16

Do-15-16

Do-15-16-LO-33-34

Do-16-17-LR-17-21

Short circuit
type

ABC

ABC 

ABC

ABC

ABCG

ABG

ABC

ABC

RMSPE of active power (%)

Proposed

0.3214

0.4599

0.3675

1.0494

0.8570

0.7529

0.6073

0.6440

LSTM-
CNN-based

0.5440

0.5334

0.6347

1.2767

0.9359

1.1705

0.8316

0.8904

LSTM-
based

0.9286

0.8491

0.4682

1.2609

1.5221

2.9188

1.0183

0.9718

RNN-
based

1.5356

1.8865

1.1271

2.3227

2.5588

3.2296

1.5839

1.7031

ANN-
based

0.5821

1.3842

0.5593

1.8099

1.6795

2.1113

1.3207

1.5875

RMSPE of reactive power (%)

Proposed

0.3768

0.3738

0.2482

0.4200

0.3821

0.3637

0.4931

0.4463

LSTM-
CNN-based

0.6271

0.7929

0.3129

0.4563

0.5321

0.5633

0.6047

0.5829

LSTM-
based

1.0045

0.7341

0.5980

0.4688

0.7753

0.5109

0.9042

0.8783

RNN-
based

1.6161

1.1487

1.2631

1.1865

1.2066

0.9356

1.1967

1.3091

ANN-
based

0.6016

0.7390

0.4924

0.7871

1.0997

1.4513

0.9668

1.1256

TABLE VI
AVERAGE TRAINING TIME AND RMSPES WITH PROPOSED METHOD AND 

BENCHMARK METHODS

Method

Proposed

LSTM-CNN-based

LSTM-based

RNN-based

ANN-based

Average training 
time (s)

465.800

646.300

471.200

252.500

102.625

Average RMSPE (%)

Active power

0.6324

0.8522

1.2422

1.9934

1.3793

Reactive power

0.3880

0.5559

0.7343

1.2328

0.9079
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track the dynamic behaviors of ADNs through the multimod‐
al perception of load modeling module and feature extrac‐
tion module. Then, two test systems of different scales are 
applied to evaluate the performance of the proposed method. 
The simulation results show that the proposed method can 
accurately track the dynamic behaviors of ADNs under dif‐
ferent disturbances and topology reconfigurations. In addi‐
tion, compared with the results of LSTM-CNN- , LSTM- , 
RNN- , and ANN-based methods, the proposed method per‐
forms best among all the methods. Therefore, the proposed 
method can be a novel and effective way for capturing the 
dynamic behaviors of ADNs in both DAE and NRPFC as‐
pect.
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