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Hydro-turbine governing system is a time-varying complex system with strong non-linearity, and its dynamic char-
acteristics are jointly affected by hydraulic, mechanical, electrical, and other factors. Aiming at the stability of the hydro-
turbine governing system, this paper first builds a dynamic model of the hydro-turbine governing system through mecha-
nism modeling, and introduces the transfer coefficient characteristics under different load conditions to obtain the stability
category of the system. BP neural network is used to perform the machine study and the predictive analysis of the stability
of the system under different working conditions is carried out by using the additional momentum method to optimize the
algorithm. The test set results show that the method can accurately distinguish the stability category of the hydro-turbine
governing system (HTGS), and the research results can provide a theoretical reference for the operation and management

of smart hydropower stations in the future.

Keywords: hydro-turbine governing system, stability, machine learning, dynamic model

PACS: 05.45.—a, 05.90.4+m, 42.65.5f, 45.20.dh

1. Introduction

In the process of supplying power to the power system,
hydropower stations not only ensure the safety and reliability
of power supply, but also ensure the stability of voltage and
frequency.!! As the user load changes, the voltage and fre-
quency of the system power supply will also change. At this
time, the voltage adjustment system of the generator will au-
tomatically adjust to restore the voltage to the rated value or
keep the voltage within the allowable range. Hydro-turbine
governing system can change according to the external load.
To quickly change the output of the unit to ensure that the
speed of the unit, that is, the power supply frequency, is re-
stored or kept within the allowable range. The load fluctua-
tion is distributed among the units to achieve economical and
reasonable operation. Therefore, the hydro-turbine governing
system is an important part of a hydropower station, and its
safe and stable operation plays an important role in the pro-
cess of hydropower generation.

Hydro-turbine governing system is a comprehensive con-
trol system that integrates water, machinery, electricity, and
magnetism, and is affected by different inertia, time-varying
parameters, and changes in grid load in each link.!*% This
adds the difficulty to the theoretical analysis and research on
the stability of the HTGS. At present, the research method of
the stability of the HTGS is mainly carried out by establishing
the corresponding mathematical model and combining with
the stability theory. The research content can be divided into
two situations: large fluctuation and small fluctuation. For a
small fluctuation, it is generally considered that when the load
disturbance is not more than 10% and the frequency distur-
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bance is not more than 8%; otherwise, it is called a large fluc-
tuation. In the study of the HTGS stability analysis during the
transient process of small fluctuations, the linearized system
mathematical model is usually used to describe its dynamic
characteristics. This method has the characteristics of clear
physical meaning and simple structure, which can meet the
requirements of general engineering. However, the stability
problem of the HTGS during transition process of large fluc-
tuations is more serious. At present, the nonlinear mathemat-
ical model of the hydro-turbine governing system is mainly
used to describe the characteristic changes of the large fluctu-
ation transition process of the system to the greatest extent. Qu
et al.!”l presented the state equation of HTGS with SLHT to
describe the nonlinear performance of HTGS without control
and designed the robust H-infinity control strategy for HTGS.
Guo et al.!®) investigated the effect of hysteresis on the char-
acteristics of a pump-turbine during transient process and the
dynamic characteristics of the system were analyzed by simu-
lations. Lai ef al.!! studied the stability and dynamic charac-
teristics of the nonlinear HTGS-PG coupling system based on
the nonlinear mathematical model and Hopf bifurcation the-
ory. Li et al.!'% investigated the stability of an HTGS under
simultaneous effects of multi-stochastic factors by establish-
ing its nonlinear dynamic model. Based on these complex
nonlinear mathematical models of the HTGS, it is difficult to
use mathematical theories to give a stability criterion, and it
is even more difficult to complete the stability analysis of the
system under various working conditions.

With the development of machine learning theory, vari-
ous machine learning algorithms have been fully applied in
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automatically mining patterns and laws hidden in data. As a
representative type of machine learning method, artificial neu-
ral network can establish a calculation model by imitating bio-
logical neural network, and has good self-learning ability and
robust performance.l!'=13! At present, there is no research on
extending the machine learning method to the stability anal-
ysis of the HTGS. Therefore, based on the nonlinear mathe-
matical model of the HTGS, the machine learning method of
neural network is used to mine the evolution law of system
stability under different working conditions, which provides a
new theoretical analysis approach to ensure the safe and stable
operation of hydropower stations.

For this reason, based on the construction of the nonlin-
ear dynamic model of the HTGS, this paper uses the BP neu-
ral network algorithm to analyze the stability characteristics of
the system under different load conditions, and optimizes the
algorithm to improve the prediction accuracy of the trained
model, which mainly includes the following three aspects: (i)
The nonlinear model of the HTGS is introduced including the
dynamic characteristics of the generator set; (ii) Based on the
mathematical model of the HTGS, the stability sample data of
the system under different load conditions is achieved through
the dynamic change of the transfer coefficient; (iii) A neu-
ral network algorithm model and optimization method suitable
for multi-output and multi-output of the HTGS are proposed.
The performance of the proposed machine learning model is
analyzed through the test set data.

2. Dynamic model of the hydro-turbine govern-
ing system

This paper considers the nonlinear model of the Fran-
cis turbine governing system including the second-order dy-
namic characteristics of the generator rotor. The hydraulic tur-
bine and diversion pipeline in this model still adopt the linear
model. It can be seen from the Refs. [14—16] that the dynamic
model of the HTGS under rigid water hammer conditions is

s _
ar = o,
do 1 E,V, V2 xgx —
- = — (mt_Da)_ 9" Sins_sxdzxq):)7
dr T X4y 2 XdxXqy
ey
dm, 1 n eeyTw( )
— = —m; +eyy — u—
dt ethw ' v TV Y]
dy 1
Fr ?y (—y),

where J is the generator rotor angle and ® is the relative de-
viation of generator speed, Wy = 27 fy. D is the generator
damping coefficient, which is generally regarded as a con-
stant, and the value is Osin3. e is the intermediate variable,
e = (eqyen) /ey — eqn. Eg4 is the transient potential of g. V; de-
notes infinite bus voltage. x4y and x,y are generator transient
reactance of d and synchronous reactance of g.

On this basis, considering the PID control strategy com-
monly used in the current hydro-turbine governing system, the

controller output signal can be expressed as!7-18]
! d(r—ow
u:K,,(r—(u)JrK,'/ (l"*ﬂ))dl‘i’Kdi(rdt ), 2)
0

where r is the input for system speed reference. Assumed
speed reference input r = 0, the stability of the HTGS is
studied without considering the system frequency disturbance.

Equation (2) can be written as!!=2!]
K, K/ta)dt s
u=— —K; _ g 9@
! 0 “dr
K;6 do
= —K,0———K;—. 3
P ey 3)

From Egs. (1) and (3), the nonlinear model of the HTGS dur-
ing rigid water hammer can be obtained as
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The characteristic of the proposed nonlinear model is to
conduct a comprehensive study of the hydro-mechanical sys-
tem as a whole. Compared with the linearized model, this
model can better reflect the internal nonlinear nature of the
system.

3. Machine learning and its application analysis
3.1. BP neural network

BP neural network is a kind of multi-layer feed forward
neural network.>>-2*! The main feature of this network is sig-
nal forward transfer and error back propagation. In the for-
ward pass, the input signal is processed layer by layer from
the input layer through the hidden layer to the output layer.
The neuron state of each layer only affects the neuron state
of the next layer. If the output layer cannot get the expected
output, it will switch to back propagation, adjust the network
weight and threshold according to the prediction error, so that
the predicted output of the BP neural network will continu-
ously approach the expected output. The topological structure
of BP neural network used in this paper is shown in Fig. 1.

In Fig. 1, ey, ey, €4y, e4p, Which indicate the transfer co-
efficients of the system, are the input values of the BP neural
network. Stability predictions 1-3 are the predicted values of
the BP neural network. @;; and wj; are the weight of the BP
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neural network. It can be seen from Fig. 1 that the BP neural
network can be regarded as a nonlinear function, and the input
value and predicted value of the network are the independent
and dependent variables of the function, respectively. We want
to predict the stability category of the HTGS by using the in-
put data. Now the number of input nodes is 4 and the number
of output nodes is 3. Later we will determine the number of
hidden layers through stability prediction analysis.

ey wij Wik stability prediction-1
—
€h
stability prediction-2
Cay
—

stability prediction-3

Fig. 1. Diagram of BP neural network topology.

3.2. Applicability analysis of BP neural network learning
algorithm

of the hydro-turbine governing system, we can train and obtain
the stability prediction model of the hydro-turbine governing
system. The BP neural network model has a simple structure
and can be adjusted according to the complexity of the data
form.

4. Machine learning model of hydro-turbine
governing system
4.1. Data sample processing
The transfer coefficient of the HTGS changes with the
operating conditions of the system. According to the data in

Ref. [15], there is the following relationship between the out-
put power of the hydro-turbine and the transfer coefficient.

Based on the nonlinear mathematical model of the HTGS,

we can use the dynamic response of the system parameters to
determine the state of the system. For example, the gradual di-
vergence of the speed response indicates that the system is in
an unstable state; the equal amplitude oscillation of the head
response indicates that the system is in a critically stable state,
and the gradual convergence of the torque response indicates
that the system can become stable. As a hydro-mechanical
coupling hybrid system, the hydro-turbine governing system
has complex dynamic characteristics, and it is difficult to give
an expression for the relationship between the transfer coeffi-
cient and the stability of the hydro-turbine governing system.
The BP neural network learning algorithm can obtain the po-
tential laws of mining data. Using the transfer coefficient and
stability discrete data set obtained by the mathematical model
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Fig. 2. Relationships between output power and transfer coefficient.

0

First, we select the values of transfer coefficient within
the range of output power (50%—100%). Then, we can obtain
the stability characteristic of the HTGS by substituting the val-
ues of transfer coefficient into the system. The values of these
transfer coefficients within the range of output power (50%—
100%) are presented in Table 1.

Table 1. Values of transfer coefficients within the range of output power (50%-100%).

Transfer coefficient ey ey

ey €qh €qx Cqy

Value range 0.5~ 1.5) (—1~0)

(1~3) (0.3~0.7) 0~0.2) (1~2)

In order to use the BP neural network algorithm to train
the machine learning model of the HTGS, we use the estab-
lished nonlinear model of the system combined with the cor-
relation between the transfer coefficient and the output power.
First, we divide the value interval of the transfer coefficient
into 100 parts and put them into Eq. (4) to obtain the stability
category of the HTGS.

4.2. Network topology of the machine learning model

Based on the BP neural network, the HTGS stability clas-
sification algorithm modeling includes three steps: BP neu-
ral network construction, BP neural network training, and BP

neural network classification. The algorithm flow is shown in
Fig. 3.

The construction of BP neural network determines the
structure of the BP neural network according to the charac-
teristics of the input and output data of the system. Since the
stability characteristic input signal has 4 dimensions, there are
3 types of stability categories to be classified. Since the num-
ber of hidden layer nodes has a significant impact on the pre-
diction accuracy of the BP neural network, we will choose an
appropriate number of hidden layer nodes based on empirical
formulas and trial and error methods.
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BP neural network construction

BP neural network training

system
modeling

appropriate BP
neural network

, [neural network
initialization

network
training

training
over

BP neural network
classification

neural network
classification

< test data [«

Fig. 3. Flow diagram of the BP neural network classification algorithm.

5. Model training and testing

The number of hidden layer nodes of the BP neural net-
work stability prediction model of the HTGS has a greater im-
pact on the model prediction accuracy. Too few nodes will
cause the network to fail to learn the sample data well. The
training times need to be increased, and the training accuracy
is also affected. Impact: Too many nodes, the training time
increases, and the network is easy to overfit. According to
the optimal hidden layer node number selection formula, we
determine the range of hidden layer node number selection in-
terval (4—15). The relationship between the number of hidden
layer nodes and the stability prediction error rate of the BP
neural network of the HTGS is shown in Fig. 4.

0.85

0.80

0.75

0.70

0.65

0.60

Forecast accuracy

0.55

0'504 5 6 7 8 9 10 11 12 13 14 15

Number of hidden layer nodes

Fig. 4. Relationship between the stability forecast accuracy and number of
hidden layer nodes.

It can be seen from Fig. 4 that when the number of hid-
den layer nodes is in the range of 415, the stability prediction
accuracy of the BP neural network of the hydro-turbine regula-
tion system will increase first and then decrease as the number
of hidden layer nodes increases. trend. When the number of
hidden layer nodes is 10, the stability prediction accuracy rate
of the BP neural network of the HTGS reaches the maximum
77.35%. Therefore, we determine that the model architecture
of the BP neural network of the HTGS is 4-10-3 (the number

of input layer nodes is 4, the number of hidden layer nodes is
10, and the number of output layer nodes is 3), and the subse-
quent model training and testing is carried out.

step 1: network initialization

!

step 2: hidden layer output

calculation

!

step 3: output layer output
calculation

!

step 4: error calculation

'

step 5: weight update

;

step 6: threshold update

judgment NO

algorithm iteration

finish

Fig. 5. BP neural network training flowchart.
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The BP neural network stability prediction model of the
HTGS should train the network before performing predictive
analysis, and use sample data for training to make the network
have associative memory and predictive capabilities. The BP
network training flowchart is shown in Fig. 5 and the network
training process includes the following steps.

Step 1 Network initialization

Determine the number of input layer nodes (r), hidden
layer nodes (I), and output layer nodes (m) according to the
system input and output sequence (X, Y). Initialize the con-
nection weights between the input layer (®;;), hidden layer
and output layer neurons (®;;), and initialize the hidden layer
threshold (a), output layer threshold (b), and preset learning
rate and neuron activation function.

Step 2 The hidden layer output calculation

According to the input vector (X), the connection weight
between the input layer and the hidden layer (®;;), and the
hidden layer threshold (a), the hidden layer output (H) is cal-
culated as follows:

n
Hj:f<zwijxi_aj>v j:1a27"'717 (5)
i=1

where [ is the number of hidden layer nodes; f is the hidden
layer activation function, which has multiple expressions. The
function selected in this article is f (x) = 1/(14+e™).

Step 3 Output calculation of the output layer

According to the output of the hidden layer (H), the
weight (i), and the threshold (b) are connected to calculate
the prediction output of the BP neural network (O).

]
Ov=Y Hjoj—b, k=1.2,....m. (6)
=1

Step 4 Error calculation
According to the predicted output (O) and expected out-
put of the network (Y), the network prediction error (e) is cal-

culated as follows:
ek:Yk_Oka k:1,2,...,m. (7)

Step 5 Weight update. Update the network connection
weights (@;;, @;) according to the network prediction error

(e)
m
@i = o+ NH; (1= Hj)x (i) ), ojer,
k=1
i=1.2,. . j=1,2,...1, )
wik:wik+nHjek7 J:1a27;l’ k:1>27"'7m7 )

where 1) is the learning efficiency.

Step 6 Threshold update

Update the network node threshold (a, ) according to the
network prediction error (e)

aj=aj+nH;(1-H;) Y oper, j=1.2,...,1, (10)
k=1

by=by+e,, k=1,2,....,m. (11)

Step 7 Determine whether the algorithm iteration is over,
if not, return to Step 2.

The stability categories of the HTGS can be divided into
three categories: stable state, critical state, and unstable state.
In the prediction category of the BP neural network stability
prediction model of the HTGS, we will use the above three
stability categories for convenience. Set as the first category,
the second category, and the third category respectively.

In the model training process, 100 sets of transfer coeffi-
cient and system stability data in Subsection 4.1 are selected,
80 sets of data are randomly selected as training data to train
the network, and 20 sets of data are used as test data to test the
network’s predictive ability. Using the trained HTGS BP neu-
ral network stability prediction model, since the training data
and test data are randomly selected, we count the average pre-
diction accuracy rate of ten times as the classification accuracy
rate. Here we provide the classification error of 20 sets of test
data for a certain time as shown in Figs. 6 and 7.

3

—_ plredi(‘:tive Istability
— actual stability

Classification categories
o

1

0 2 4 6 8 10 12 14 16
Test data set

18 20

Fig. 6. Test of predictive stability and actual stability of HTGS BP neural
network model.

In Fig. 6, the predicted stability category and the ac-
tual stability category of the BP neural network model of the
HTGS are presented by red and blue lines respectively. There-
fore, when the red line and the blue line are separated, it in-
dicates that the prediction results of the model under the test
data group deviate from the actual results, that is, the stabil-
ity category prediction error. It can be seen from Fig. 6 that
in the case of the third and 16th groups of test data, the BP
neural network model of the HTGS predicts that the stability
category does not match the actual stability category.

In Fig. 6, the predicted stability category and the ac-
tual stability category of the BP neural network model of the
HTGS are connected by red and blue lines respectively. There-
fore, when the red line and the blue line are separated, it in-
dicates that the prediction results of the model under the test
data group deviate from the actual results, that is, the stabil-
ity category prediction error. It can be seen from Fig. 6 that
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in the case of the third and 16th groups of test data, the BP
neural network model of the HTGS predicts that the stability
category does not match the actual stability category.

It can be seen from Fig. 7 that the BP neural network
model of the HTGS has prediction errors in the test data sets
of the third and 16th transfer coefficients and stability cate-
gories. Under the other sets of test data, they are accurately
predicted based on the characteristics of the transfer coeffi-
cients. The stability category of the turbine governing system.
The classification error results in Fig. 7 are consistent with the
predicted and actual stability classification results in Fig. 6.
The test results show that, in this group of tests, the accuracy
of the classification prediction of the stability of the BP neural
network model of the HTGS reaches 90%.

1.0

e e o
IS = o

Classification error

o
o

0 4 8 12 16 20
Test data set

Fig. 7. Stability classification error test of BP neural network model of
HTGS.

Because we adopt a random selection method to divide
100 sets of sample data into 80 sets of data as training data
to train the network, and 20 sets of data as test data to test the
network’s predictive ability. In order to more accurately reflect
the classification and prediction performance of the stability of
the BP neural network model of the hydro-turbine regulation
system, we count the average prediction accuracy rate of ten
times as the classification accuracy rate. The specific statisti-
cal results are shown in Table 2.

Table 2. Classification accuracy rate of BP neural network model of the
HTGS.

Stability category  The first category ~ The second category  The third category

Accuracy rate 89.34% 52.44% 75.13%

We set the turbine governing system in a stable state, a
critical state, and an unstable state as the first, second, and
third stability categories, respectively. It can be seen from the
above-mentioned stability prediction classification results of
the BP neural network model of the HTGS that the trained
prediction model also has different recognition accuracy rates
for different stability categories of the HTGS. According to
the characteristics of the transfer coefficient, the recognition
accuracy rate of the system in a stable state is up to 89.34%,
followed by the recognition accuracy rate of the system in an

unstable state up to 75.13%. According to the characteristics
of the transmission coefficient of the hydro-turbine regulation
system, the accuracy of identifying the critical state of the sys-
tem is only 52.44%. Analyze the reasons for this situation,
mainly due to the fact that the training sample data are less,
and the data of the HT'GS in the critical state are less, and the
BP neural network model of the HTGS is not enough to learn
the system in the critical state, which leads to the stability of
the critical state. The recognition rate of sex categories is low.
In addition, the defects of the BP neural network algorithm it-
self lead to the overall low accuracy of the classification results
of the BP neural network model of the HTGS.

BP neural network is a learning algorithm that uses gradi-
ent correction method as weights and thresholds. The weights
and thresholds are corrected from the negative gradient direc-
tion of the network prediction error, without considering the
accumulation of previous experience, and the learning process
converges slowly. For this problem, we use the additional mo-
mentum method to solve, the weight learning formula with
additional momentum is

ok)=ok-—1)+A0k)+a[owk—1)—w(k-2)],(12)

where @ (k), o (k—1), and @ (k—2) are the weights at the
moment k, k — 1, and k — 2. a is the momentum learning rate.

While keeping the original structure of the BP neural
network model of the HTGS unchanged, we introduced the
method of learning with additional momentum weights to op-
timize the BP neural network model of the HTGS. The data
used in the model training process remains unchanged. For
the optimized training model, we provide the classification er-
ror of 20 sets of test data at a certain time as shown in Figs. 8
and 9.

It can be seen from Fig. 8 that the predicted stability cate-
gory and the actual stability category of the BP neural network
model of the HTGS are respectively represented by the red line
and the blue line. In the case of the 16th group of test data, red
and blue lines are separated, that is, the stability category pre-
dicted by the BP neural network model of the HTGS does not
match the actual stability category.

3.0

2.6

2.2

1.8

1.4

Classification categories

— predictive| stability
— actual stabilit

1'00 2 4 6 8 10 12 14 16 18 20

Test data set

Fig. 8. Test of predictive stability and actual stability of HTGS BP neural
network optimization model.
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It can be seen from Fig. 9 that the BP neural network
model of the HTGS has a prediction error in the test data
group of the 16th transfer coefficient and stability category.
Under the other sets of test data, the stability of the HTGS is
accurately predicted based on the characteristics of the trans-
fer coefficient. Sex category. The classification error results
in Fig. 9 are consistent with the predicted and actual stability
classification results in Fig. 8. The test results show that, in
this set of tests, the accuracy of classification and prediction
of the stability of the BP neural network optimization model
of the HTGS has reached 95%.
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Fig. 9. Stability classification error test of BP neural network optimization
model of the HTGS.

Similarly, in order to more accurately reflect the classi-
fication and prediction performance of the stability of the BP
neural network optimization model of the hydro-turbine reg-
ulation system, we count the average prediction accuracy rate
of ten times as the classification accuracy rate. The specific
statistical results are shown in Table 3.

Table 3. Classification accuracy rate of the additional momentum im-
provement model of the HTGS BP neural network.

Stability category  The first category ~ The second category  The third category

Accuracy rate 91.48% 87.57% 78.83%

From the above-mentioned stability prediction classifica-
tion results, the BP neural network optimization model of the
system can effectively improve the accuracy of the BP neu-
ral network model for various stability prediction classification
results. Among them, the recognition accuracy of the HTGS in
a stable state increases from 89.34% to 91.48%, and the recog-
nition accuracy rate of a critical state increases from 52.44% to
87.57%, and the recognition accuracy rate of an unstable state
increased from 75.13% to 78.83. %. The BP neural network
model of the HTGS optimized by the additional momentum
weight has a significant improvement in the recognition accu-
racy of critical state categories with less training data.

6. Conclusions

In this paper, a BP neural network model of HTGS is
trained and tested based on the sample data from the nonlin-
ear dynamic model of the HTGS. The neural network model
can predict the stability of the HTGS according to its trans-
fer coefficients under different working conditions. Then, the
additional momentum method is used to optimize the neural
network model and the prediction accuracy of the three sta-
bility categories is improved, especially in the critical stability
category with small data volume.

Since the HTGS is a strong nonlinear system, its stabil-
ity under different working conditions is difficult to give an
accurate mathematical expression. The research method and
results can provide new ideas for the stability analysis and con-
trol of HTGS.
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