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Prediction of power network stability based on

an adaptive neural network
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Abstract: The safety and stability of the power grid serves as the basis for reform,

development, and stability of power enterprises as well as for broader society. With the

increasing complexity of power grid structures, safety and stability of the power grid is

important for ensuring the rapid and effective development of the national economy. In

this paper, we propose an optimal neural network stability prediction model and compare

performance with classical machine learning methods. By analyzing the UCI2018 grid

stability simulation dataset, the experimental results show that the proposed method can

achieve higher prediction accuracy and provide a new approach for research of power big

data.
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ly|�L!�Ï?nÉÚ?1�ó��ª��U¤LÊ9!>åêâæ8!©Û�Ú

� �ã�=C. Ó�, >å#U
�¯�,å, 3>�¥�kXÞv�­�/ . ,
�X

>�(�E,Ý�O�!�5��#U
¿�Ú�¿>����þ�\, >��­½5$

1¯K�5�wÍ[2-3]. >�­½5´>�S��­���,�­¬é²LuÐE¤4��

K�, ­.��Sõgu)�>åXÚ�$¯K, X{IÜ�ÜH>�)�Ú·IÜ[�»

åu>Õ“5#28”­�¯�, Ù¯��åÏÑ´>åXÚ��¤Úå�>åXÚØ­½$1.

>åXÚ$1L§¥,z�ÓÚu>Å7L?uÓÚG�; Ó�>åXÚ¥��>å!

:�>Ø�Ú>å|´�õÇ�6�3,���SÅÄ, ùÒ´¤¢�­½$1G�. �

XÚÉ�ã�6Ä(Xg,/³!�õÇÅ��Ý��), �u>Å�mJ±�±ÓÚ, �Ã

{¡E�ÓÚ$1G��, Ò@�´>åXÚ$1�­[1]. �­��Ï�âÙ(�A:�±

©�ø�5�­!(�5�­ÚKÖ5�­, ÙÌ�A��>�ªÇÚ>Ø���. ,
,

>��­½5´��éJþz�A�. ¤±, XJ>åXÚ3;É6Ä�, UJcý´´Ä

¬��>åXÚ��­, ¿9�æ�k��ý���, K¬��~�²L���. 8c>å

XÚ�­½5ïÄÌ�k���ý{!��{Ú<ó�U{[4] . C5, <ó�UEâ,å,

êâ�;Úp�O����¯�uÐ, ��X�êâEâ±9�UþÿÚ�U>� (Smart

Power Grid) �Ê9, >å�êâ������5, ù�¦^<ó�U�ª)û>åXÚ�¯

KJø
êÅ.

�©�é>��­½5¯K, ± ²�ä�Ä:, ïá
��>åXÚ­½$1G��

ýÿ�..

1 �'ó�

�XO�Å�Æ��\uÐÚ�U>��×�Çå, >å�êâA$
). >å�êâ

´�, �â>�$1�)�°þêâ, ?1É~�uÿ!�>uÿ!KÖýÿ!­½5©Û

��X�Ú>�$1�'�©Û, 5ýÿ>��G�, ±��ü$²L���8�.

>å�êâ�ïÄd5®È, ÙÌ�ïÄ+�´>åS�­½+�¥��>uÿÚK

Öýÿ. 3ù
uÿ¥|±�þÅ (Support Vector Mechine, SVM) Úàa©Û´�~^�

uÿ�.. Jindal �Ú©¸�©O¦^ûüä (Decision Tree, DT) Ú|±�þÅ±9üö

(Ü��ª5¢yé>å�êâ�£O[5-6], ¿�ª�¤
�>uÿ�?Ö. ,
{ü�©

a�.ép�Ý�êâ8ÃU�å, ¿�Ù�$��zUå¤���ÙuÐ�Ì�Ï�. �

X�ÝÆS��cuÐ, éõÆöò ²�ä (Neural Network, NN) �.Ú>åêâ(Ü,

�)
Nõ#�uÿÅ�. õ�a�ÅÚ�ÝÆS��.�^5?1>�êâ��ªiÿ.

Ding �JÑ��«Äu ²�ä�KÖýÿ�.[7], ±9 Zheng �JÑ�Äu�� ²�

ä�>�G�i�Ñ��
Ø���J[8]. ,	, Pierrevalh!Mccalley �Ú Rohden ��ò

 ²�ä^u)û\²>��S�¯K[9-11].

�,êâ°Ä�ÅìÆS�.3�>ÚKÖýÿþ��
�v�uÐ, �´é>�­

½5�ïÄ�õEÄunØïÄ, X�O�«­½G���äIO. Filatrella �JÑ
�«

Äuü6Ä�­½5G�µ�OK[12], =�KÖ�I¦Uþ��O\�¬�Ñý´, �´T

OK3N�gdÝÚO(Çþk¤j". Menck �JÑ
#�­½5�½OK[13], TOKb

��|�Åæ��6ÄXÚ, ÏLé'Ð©^�Ú­½$1^��'Ç5�O­½5G�,

Ù'ü6Ä­½5�â�\­è. �có�.ÊH�É�IO´ÛÜ­½5�â[14], T�{

ÏL¦�$Ä�§�A��, Ù¥äN�¢Ü�)éA�G��½�­½G�. �k�Ü©
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Æöòêâó�Ú­½5ýÿ�(Ü, Á|+�Ú Devie �|^|±�þÅ!ûüä�²;

�.?16�­½5ýÿ¿��
�½�J[15-16], =|^!:>Ø!u>Å=f��Ý�

Cþ��Ñ\, |^|±�þÅ?16�­½5�ýÿ[17-18]. ¦^ûüä¢yéÓÚu>Å

��Ú?1ýÿ, ���
'�p�©a�J[19]. ,	, )7r�Ú Zhou �ò ²�ä�

.^u>åXÚ6�­½5�µ�, ���
Ø���J[20-21].

�é>åXÚS�­½5�êâ5ïÄ�é��, ÄÙ�Ï, �´>�êâ�9^rÛ

h&E, ��5�p; �´­½5A�þz(J. �é±þ¯K, �©± ²�ä�Ä:, ±

�[����ýêâ�¢�êâ, ïá
��`z ²�ä�>�­½5ýÿ�..

2 �.�ï

2.1 ²; ²�ä

 ²�ä´däk·A5�{üü�|¤�¿1pé�ä, ÏÙ�±�[)Ô ²X

Ú��pÚÆSL§
�¶. ²;� ²�ä(��)Ñ\�!Û¹�ÚÑÑ�ù 3 �.

 ²�ä´�«;.�iÒÆS��ª, d��DÂL§Ú��DÂL§|¤. ÏL�

�z�.ÑÑÚêâ8I\�¤�d¼ê¢y�.ëê�`z, ~^��d¼êk���

¦.Ú���.ùü«. ¦��d¼ê4����ª��`zì, FÝeü´�²;�`z

ì, §ò�d¼ê�FÝÚÆSÇ²L¼ê$��)�.ëê(�­Ú �)OÃ, ¢yëê

`z. Ï
, ·����ÆSÇ´J,�.5U�­�Ï�, L��ÆSÇ¬���d¼ê

J±Ï����, 
L��ÆSÇK¬¦Âñ�ÝCú½ö�\ÛÜ���.

2.2 g·AÆSÇ`z�.

²;FÝeü�{�±ü��ÆSÇ�#¤k��­, 3ÔöL§¥�±ÆSÇØC,

ù¬¦�d¼ê3FÝeüL§¥aL½öÃ{���Û�`�. �)ûù�¯K, �©æ

^
�«�±�XS�$�g1�#ÆSÇ�`z�ª.

g·AÆSÇ�.��­�#�ªÚ�ÅFÝeüÄ��Ó, ØÓ3uO\
ÆSÇ

��#Ú½, 3O�FÝ�#�Ó�òFÝ\\²�Ú�²�����­OÃ©1, T�\

O��ëê�FÝ²�, ¿Øä�#FÝ. S�O��L§¥, 3ª��#FÝ� �þ, \

È�©1�¬ÅìO\, @o�#�ÆSÇÒ¬~�; ��, 3FÝ�#'�DÕ� �þ,

©1��\È'��, �#�Ú�Ò�é��. O�úª�

gt = ∇θJθt−1, (1)

θt+1 = θt − α · gt
√

∑

t

i=1 g2
t

, (2)

Ù¥, θ L«ÆSÇ, t L«S��gê, θt L«1 t gS��ÆSÇ, gt L«1 t gS���

¼êFÝ, α L« 0∼1 �m��Åê.

3 êâ80�

�©¢�þ¦^ UCI 2018 c>�­½5�[êâ8[22], �ý�.´ 4 !:(.�>

�, u>Å��¥%, 3 �^rë��u>Å�ø>ý, �.ÏL>dò�¤öÚ)�ö?1

éX, ÏLO�ÛÜ­½5A��[23]¿òÙ����­½5�I.

êâ8�¹ 10 000 ^êâ, �) 14 �Cþ, Ù¥ 12 �á5Cþ, �) 4 �ë�ö��A

�m!4 �ë�ö�õÇ�Ñ&E!4 �d��5�'êâ; 2 �I\Cþ, �A��§�
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��¢ÜêâÚXÚ�­½5I\, Ù¥ 0 L«Ø­½, 1 �L­½. äN�&EXL 1

¤«.

LLL 1 êêêâââ888£££ããã

Tab. 1 Dataset description

Cþ¶ a. ü  £ã

tau[x] ê� s ë�ö��A�m(���[0.5, 10])

p[x] ê� s
−2

UÑÚd��5Xê�ü , ¶ÂõÇ�Ñ(K)/�)(�), �

��[-0.5, -2] ; 3�[�ä¥, p1=abs(p2+p3+p4), Ù¥,

p1L«u>Å�õÇ, ���(L«)¤>U), p2!p3!

p4L«^r!:, �K�(L«�Ñ>U), absL«ýé�

g[x] ê� s
−1 UÑÚd��5Xê�ü , Xê(γ)�d��5¤�'

Stab ê�

�âXÚG��§Ý
O�Ñ�A���¢Üê�, L«XÚ

�­½G�, �êL«Ø­½, KêL«­½(­½5�â),

=A��§����¢Ü(�u0L«XÚ´�5Ø­½�)

Stab-Label aO �âStabê���I\&E, ­½/Ø­½

�âCþA�òUþ�Ñ!�A�m�8a��¸Cþ, ò>ÅõÇ!²þ�m!{Z~

êÚ�´Nþ8a���Cþ. b���Cþ��½�, �¸Cþ�3K�, ÏLN!^r�U

þ�Ñ!é>dÅÄ��A�mÚ>d�5&E�A��ê�, P¹¿O�XÚ�­½5�¹,

±d�)¢�êâ8.

4 ¢y©Û

4.1 êâý?n

é�©êâ�ý?n�)A�?n!�l+�!8�z?n!­Ä�Úêâ8y©� 5 �

Ü©.

(1) A�?n. Øêâ8��A��	, ë�ö�A�mÚ>d&E�Ü©ÚOA����

�.Ñ\ëê, �) 6 «#�Cþ, ©O´���A�m!���A�m!²þ�A�m!��

>d!��>dÚ²þ>d.

(2) l+�?n. 3�.ÔöL§¥, l+êâ¬Ø��.�ýÿ(J. �©^��ã©Û

��ªél+��GØ?n. é�©êâ��Àz?n, �±wÑÜ©A��3l+êâ, �â

��ãLyÑ�©Ù�¹, òþ.�Úe.�±	�êâ��l+êâíØ.

(3) 8�z?n. 3êâ?1Ñ\�cI�?18�z?n, ±(�¤k�Ñ\äk�Ó�

­�§Ý. ���duL�Ñ\�Úå� ²�ÑÑ�Ú, �©òÑ\êâÚ�8�z?n, æ

^�8�zúª�

x′ =
x − xmin

xmax − xmin
, (3)

Ù¥, x′ L«8�zêâ, x L«,�A�e�©êâ, xmin Ú xmax ©OL«TA�eêâ�

���Ú���. ã 1!ã 2 ©OL«�©êâ8Ú�l+�¿IOz��©Ù�¹.
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Fig. 1 Distribution raw data
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Fig. 2 Normalized dataset after removing outliers

(4) ­Ä�. é���©aá5�ÚO©Ûuy, �K��©Ù��� 7B3, ¢�w«Øþ

ï��¬¦�.�ýÿ(J �õêa, l
�êa�©a5Uk¤eü. �©ÏLé�êa

��?1­æ�¢y
�K���þï.

(5)êâ8y©. ò¢�êây©�Ôö8ÚÿÁ8, ¿òÔö8y©�ýÔö8Ú�y

8. Äkòêâ�Å­ü, ±Jp����Å5, ,�Uì 3B2 �'~y©�Ôö8!ÿÁ8,

¿3Ôö8¥Uì 10 ò���y��ªy©�yêâ8.

4.2 �.�ï

�ï ²�ä�ó�Ì�©�ü�Ü©, =`z�ª�À�Ú�äÿÀ(���½.
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3¢�¥, �'�g·AÆSÇ�`z�J, æ^ ROC(Receiver Operating Characteristic)

­����.�µ©IO. ROC ­��î�I� FPR (False Positive Rate), L«�c��Ø

©����aO¥ý¢�K��Ó¤kK��oê�'~; ROC ­��p�I� TPR(True

Positive Rate), L«�c©a����¥ý¢����Ó¤k����'~. ROC ­�L«�

.�`�§Ý: ��C�þ�§�.�`D. AUC(Area Under Curve) �L« ROC ­�e��

¡È. �©ÄkÿÁ
ØÓÆSÇe (Learning rate) ��.µ©, (JXã 3 ¤«.
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Fig. 3 Random gradient descent model scoring using different learning rates

dã 3 é'uy, �ÆSÇ� 0.001 ��ÿ, �.� AUC �� 0.990 039, puÆSÇ�

0.1!0.01 Ú 0.000 1 ��.µ©, ¤±b�æ^ÆSÇ� 0.001 ��ÅFÝeü�ª�.���

`; 
�æ^g·AÆSÇ��ªé�.?1µ�, (JXã 4 ¤«. ÏLÚã 3 é'�±wÑ,

g·AÆSÇ`zì�.`u�ÅFÝeü�..
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Fig. 4 Adaptive learning rate model score

�â²�, ÊÏc" ²�ä��ïÄ�æ^ 3 ��ä(�: Ñ\� ²��ê�êâ8
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�Ñ\A�ê; ÑÑ��©a�aOê; Û¹�!:��êvkÚ��IO. Û¹� ²��ê

L�¬Úå(�{ü!©a�J�![ÜØv�¯K, �´Lõ� ²�¬¦O��\ÛÜ�

`, �¬¦O�����O\, ¤±, Ï~^²�úª

h =
√

i + o + α (4)

5(½Û¹� ²���ê. ª (4) ¥ h L«Û¹�!:�:ê, i Ú o ©OL«Ñ\�ÚÑÑ

�� ²��ê, α L« 1–10 �m��Åê. �©¥��.�½ 18 �Ñ\, 2 �ÑÑ, Û¹�A

� 5–15 �m, ÐÚ�½� 10 �, �ª�êÆ�.æ^�´ 18–10–2 �(�, �äæ^ python ¥

�ÆO�� Keras ?1�ï.

4.3 é'�.

�©æ^²;�|±�þÅ (SVM) Úûüä (DT) ©aì��î�é'��.. |±�þ

Åæ^�ÆO�� scikit-learn ¥� SVM �¬, ûüäæ^ scikit-learn ¥� tree �¬.

ûüä�.æ^²;� CART(Classification and Regression Trees))¤�ª, ±�Z��

A�À�üÑ, æ^ Gini Xê��A��À�IO, éuä��ÝØ���.

|±�þÅ¥�¨vÏf c L«é��¼ê�¨v§Ý, ¨vÏf c ��, �.éØ��

N=Ý��, ��, �.éØ��N=Ý��; ¨vÏfL�, N´ÑyL[Ü, L�KN´Ñ

yj[Ü. Ïd, ¨vÏf c L�½L�Ñ¬¦��.��zUåC�. �©æ^Ì�H{�

�ª, ÏL[ÜO(ÇÚ¨vÏf c �m��5'X, Ïé�`z�¨vëê, ��ã 5. d

ã 5 �±wÑ, �¨vÏf c = 0.09�, �.äk�p�O(Ç. Ïd, ò¨vÏf c ���½

� 0.09.
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0.815

0.810
0.20 0.4 0.6 0.8 1.0

c

(0.09, 0.838 876 772 083)

ã 5 O(Ç!¨vÏf c 'X­�

Fig. 5 Relationship curve between accuracy and penalty factor c

4.4 �'ëê��

�.�'ëê�����L 2.

LLL 2 ���...ëëëêêê

Tab. 2 Model parameters

�. ëê

SVM ¨vÏf c = 0.09, Ø¼êæ^�5Ø¼ê, ¦^VÇ�O�ª

DT
©aOK�GiniXê, ©aüÑ��Z©aüÑ, ûüä��ÝØ���, æ^

���yÚ��|¢��ª`z�ä, ���!:���200

NN

�äæ^3�(�18-10-2, Ù¥c3�æ^Relu��-¹¼ê, ÑÑ�æ^

Sigmoid��-¹¼ê, ��¼êæ^����d¼ê,

`zìæ^g·AÆSÇ`zì, �.µ�æ^Accuracy�5U�I
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4.5 ¢y(J9©Û

4.5.1 ÝþIO

�©ÀJO(Ç (Accuracy)!°(Ç (Precision)! �Ç (Recall) Ú F1 ©ê (F1- score)

��ÝþIO5ïþ�{�°Ý: O(Ç´�£O�(����êÓo��ê�'~;  OÇ´

�z�a£O�(����êÓ£O�Ta���oê�'~;  �Ç´�z�a£O�(�

���êÓXÚ¥Taoþ�'~; F1- score´^5ïþ �ÇÚ°(Ç��I. ,	, ROC

­�Ú AUC �����.�5Uµ��I. ©a¯K¥� Accuracy!Precision!Recall Ú F1

Ñ´ÏL�ï· Ý
O��Ñ, ÙO�úª©O�

Accuracy =
TP + TN

TP + FP + FN + TN
, (5)

Precision =
TP

TP + FP
, (6)

Recall =
TP

TP + FN
, (7)

F1 = 2 × Precision× Recall

Precision + Recall
, (8)

Ù¥, TP(True Positive) L«ý�a, =¢S´�a¿��ýÿ¤�a���êþ; TN(True

Negative) L«ýKa, =¢S´Ka¿��ýÿ¤Ka���êþ; FP(False Positive) L«b

�a, =¢S´Ka�ýÿ¤�a���êþ; FN(False Negative) L«bKa, =¢S´�a

�ýÿ¡Ka���êþ.

4.5.2 ¢�(J

�©�Ì�8�´ÏLïÄÅìÆS�{é�[>åXÚ­½5�©a�¹?1ýÿ, ò

ÅìÆS�{A^�>�G��ýÿ�¥, l
Jpé>�G��i��Ç. Äu Python ©O

Mï
|±�þÅ�. (SVM)!ûüä�. (DT) Ú ²�ä (NN) �.. e¡ÏLî�é'

���.3�µd�Iþ�Ly�¹, ÀÑ©a�J�`��..

(1) O(ÇÚ AUC ��'�

ýÿ�.O(ÇÚ AUC ��'�äN�L 3.
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Tab. 3 Accuracy and AUC value comparison

�. O(Ç AUC�

SVM 0.836 2 0.914 9

DT 0.829 9 0.883 4

NN 0.959 9 0.992 9
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Tab. 4 Confusion matrix contrast

�. O(Ç °(Ç ð£Ç F1

SVM 0.836 2 0.767 3 0.872 8 0.816 7

DT 0.829 9 0.767 3 0.860 0 0.811 0

NN 0.959 9 0.941 4 0.974 1 0.957 5
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