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Abstract: As the penetration rate of wind turbines increases, the power system inertia level decreases year by year. At the same time,
the frequency response has partition characteristics, and it is more flexible and accurate to evaluate the power system inertia in terms
of region. Therefore, a dynamic partition inertia estimation method is presented based on one-dimensional squeeze and excitation
residual neural network (1D-SE-ResNet). Firstly, the trend and value approximation of frequency distance are computed, and the k-
means clustering method is used to dynamically partition the system and the number of partitions is determined by the S-C metric.
Then, the 1D-ResNet is improved by adding the squeeze and excitation module, which enables it to provide weights for each channel
to enhance the network performance. The regional cluster centre node frequency and frequency change rate data under different
inertia levels and load perturbations of the system are collected as one-dimensional feature inputs, and the regional effective inertia is
the output, training the network to achieve regional inertia estimation. Finally, simulations are carried out on the IEEE 39-node and
IEEE 118- node systems containing wind power. The results show that the trained 1D-SE-ResNet can achieve accurate evaluation of
regional inertia based on dynamic partitioning.
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Fig. 1 Power support and frequency response of power
systems with wind power
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Fig. 4 Improved one-dimensional residual block
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Fig. 5 Dynamic partitions inertia estimation framework diagram
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Tab. 2 Effective inertia of each wind farm in the improved IEEE
39-node system

WAl Wl KWLGH BUERE/MW AT/ (MW -s)

32 WF1 433 650 417.37
34 WEF2 340 510 327.73
35 WF3 373 560 359.53
37 WF4 360 540 347.00
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IEEE 39-node system
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Fig. 7 Regional frequency curves of the improved IEEE 39-
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Tab. 3 Mean TVA-F distances between regions in the
improved IEEE 39-node system

X3 1 X3 2 [X 35 3
X35 1 0 12.35 12. 89
[X 35k 2 12.35 0.53 5.16
[X 35k 3 12.89 5.16 0.32
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Fig. 8 The second and third dynamic partitioning scenarios for
the improved IEEE 39-node system
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Fig. 10 Effective inertia assessment accuracies in the region
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Tab. 2 Inertia evaluation results of different networks

BRI Ryl  FEAREL M/ FEAKE
Bi% (MW-s) /% (MW-s) /%

BIZ% M, /%

MLP 5.73 90.58 132.84 92.68 73.93 90.41
1D-CNN 2.05 73.66  38.41 74.69 24.77 71.38
1D-ResNet 1. 07 49.53  24.45 60.25 16.42 56.82

1D-SE-
ResNet

0. 54 9.72 7.09
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Tab. 5 Inertia evaluation results of different networks
EIIL Ryg/  FEIRLE M/ FEATL
W% M, % FEARIL Ry FEIRLL W BRI
: Bli% (MW-s) /% (MW-s) 1l/%
MLP 6.43 93.16 44.88 91.62 30.85 91.80
1D-CNN 2.13 79.34 18.09 79.21 11.63 78.25
ID-ResNet  0.78 43.59  6.85 45.11 4.51 43.90

1D-SE-
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0. 44 3.76 2.53
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Tab. 6 Regional effective inertia evaluation results in the
improved IEEE 39-node system

I3IX AR X3 1 X3 2 X3 3

HSE/(MW-s)  3960.00 1790.80 1114.94

AN fEHE/(MW-s)  3874.09 1755.61 1161.36
RZE% 2.19 1.97 4.17

HSAE/(MW-s)  3960.00 1024.16 1881.58

HEFX2  AAIHE/(MW-s)  3899.83  966.65  1968.67
R 1% 1.52 5. 60 4.63

BSL{E/(MW=s)  3960.00  766.64 213910

HEFIX3 AHE/(MW-s)  3815.54  737.43  2077.12
R 1% 3.65 3.81 2.90
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Tab. 7 Effective inertia in the first dynamic partitioning scenario
for the improved IEEE 118-node system

ok B Seke pt 1
P aézihiﬁ> mﬁ%ﬁhi1> RE%
X 3k 1 682. 11 665. 32 2.9
[X 3k 2 1237.74 1283.42 3.69
X 35k 3 1 338. 45 1304.79 2.51

*8 B IEEE 18T RRALEHSAIRBER2AHIRE
Tab. 8 Effective inertia in the second dynamic partitioning
scenario for the improved IEEE 118-node system

ik lwﬁ&ﬁ’lﬁﬁ J?ﬁ?&('rﬁnﬁi 0
HIAE/(MW-s)  AEIHE/ (MW +s)

X8 1 682. 11 671.56 1.54

X 42 2 283.24 294. 65 4.02

X423 703.2 665. 34 5.38

XI5 4 360. 99 377.61 4.6

X% 5 1228.75 1250.5 1.77
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Tab. 9 Effective inertia in the third dynamic partitioning
scenario for the improved IEEE 118-node system

e -
KH o o
Xk 1 682. 11 673. 58 1.25
X ik 2 986. 45 945. 34 4.17
[X 12k 3 525. 54 546. 07 3.91
X35k 4 1064.2 1095.91 2.98
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Tab. 10 Regional effective inertia evaluation results in the
improved IEEE 39-node system

Al ol
O :Egzﬁii«) m§2§ﬁ§m> PRl
Xk 1 3.960. 00 3 830. 65 3.27
X3 2 1790. 80 1695.53 5.32
X33 755. 41 711. 14 5.86
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Tab. 11 Regional effective inertia evaluation results in the
improved IEEE 118-node system

e B s B
bk ;ﬁﬁﬁﬁ@ mﬁﬁ%@> B/%
X 3k 1 617.53 588.74 4. 66
[X 3k 2 1237.74 1291. 44 4.34
X 3k 3 1338.45 1296. 67 3.12
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Tab. 12 Regional effective inertia evaluation results under
different partitioning scenarios
T AR X355 1 Xk 2 X35 3
HSMEH/(MW-s)  3960.00 1790.80 1114.94
T fHE/(MW-s)  4102.16  1655.77 1198.22
2% 3.59 7.54 7.47

ELSEH/(MWe+s)  3960.00 1790.80 1114.94
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TR2E1% 4.17 13. 64 7.87
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