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I Significance of Al-based renewable energy forecast

* Developing renewable energy is crucial to tackling climate change.

* According to IEA, solar PV claims the most installed power capacity worldwide by
2027, surpassing coal, natural gas and hydropower.

* Wind and Solar power has strong uncertainties and harms the stability of the
electricity grid.

* Accurate wind and solar power forecast is crucial in the electricity grid.

* Deep learning is the breakthrough of Al technology and has promising applications
in renewable energy forecast
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I Feature selection in renewable energy forecast

* There are many related variables in forecast, and selecting the important variables
for forecast 1s necessary.

* Propose a new information gain factor » for adding the new feature a in forecast.

 Larger information gain factor correpsonds to larger forest error reduction.
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Fig. 1. The process of the forecasting experiment

Sort of error reduction and information gain.
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Fig. 19. Correction between error changes and information gain factor.

Chen Y, Bai M, Zhang Y, et al. Proactively selection of input variables based on information gain factors for deep learning models in short-term solar irradiance forecasting[J]. Energy, 2023, 284: 129261.




Attention ConvLSTM-based multivariable fusion in forecast

* PV power generation aims to convert solar energy to electricity. The PV power
output 1s affected by solar irradiance, temperature ctc. Thus, it is necessary to
use these variables in PV forecast.
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Bai, Mingliang, et al. "Deep attention ConvLSTM-based adaptive fusion of clear-sky physical prior knowledge and multivariable historical information for probabilistic prediction of
photovoltaic power." Expert Systems with Applications 202 (2022): 117335.




Attention ConvLSTM-based multivariable fusion in forecast

* ConvLSTM is used to extract the information from multiple variables related to
PV power and the temporal information from historical PV data.

 Attention mechanism imitates the brain of people. People usually focus on
important things, while the attention mechanism can help the neural network to
assign larger weights for important features.

* Attention mechanism 1s used to adaptively assign different weights for clear-sky
prior knowledge and various historical variables.
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Bai, Mingliang, et al. "Deep attention ConvLSTM-based adaptive fusion of clear-sky physical prior knowledge and multivariable historical information for probabilistic prediction of
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Attention ConvLSTM-based multivariable fusion in forecast

* Two years’ data (2016-2017) are used to train attention CNN.

 Data from the year 2018 is used as the test set to evaluate the forecast performance.
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Bai, Mingliang, et al. "Deep attention ConvLSTM-based adaptive fusion of clear-sky physical prior knowledge and multivariable historical information for probabilistic prediction of
photovoltaic power." Expert Systems with Applications 202 (2022): 117335.




Post-processing NWP for 4-hour-ahead PV forecast

* Forecast errors usually increases with the lead time for purely data-driven forecast
methods. Long-range forecast usually relies on Numerical Weather Prediction
(NWP).

* NWP solves partial difference equations of atmosphere. Due to the influence of
1naccurate initial conditions, model resolution, model biases etc., NWP has errors in
weather forecast and 1t’s necessary to perform NWP error correction.

Table 6 Comparison between the proposed method and conventional

forecast methods for 1—4 step prediction Table 9 Comparison between the proposed method and conventional
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Bai Mingliang, Zhou Zhihao, Chen Yunxiao, Liu Jinfu, Yu Daren. Accurate four-hour-ahead probabilistic forecast of photovoltaic power generation based on multiple meteorological
variables-aided intelligent optimization of numeric weather prediction data[J]. Earth Science Informatics.




Error revision during morning period for solar forecast without NWP

* Numerical Weather Prediction (NWP) are often hard to obtain for ordinary PV users,

like the users of rooftop PV.
* Error revision during morning period is

time of the day is significantly improved.
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Indicators RNN_ERDMP CNN_ERDMP LSTM_ERDMP AR GBDT ELM Naive Persistence
MAE 38.342 42.888 38.245 54.003 53.822 56.026 56.852
RMSE 83.258 90.713 82.945 113.761 111.323 108.472 133.343
R? 0.884 0.863 0.885 0.784 0.793 0.804 0.705

Chen Y, Bai M, Zhang Y, et al. Error revision during morning period for deep learning and multi-variable historical data-based day-ahead solar irradiance forecast: towards a more accurate

daytime forecast[J]. Earth Science Informatics, 2023: 1-23.




GraphGRU-based joint prediction of multiple PV station

* Conventional PV forecasts are targeted for a single PV station.

* Reveal the spatial correlation and information gain through Moran index, Granger
causality test and transfer entropy.

* Propose Graph gated recurrent unit (GraphGRU) network for joint prediction of
multiple PV stations, and significantly improves the forecast accuracy of multiple
PV stations.
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Fig. 1. Graph structure.

Bai Mingliang et al. Deep graph gated recurrent unit network-based spatial-temporal multi-task learning for intelligent information fusion of multiple sites with application in short-term
spatial-temporal probabilistic forecast of photovoltaic power[J]. Expert Systems with Applications




Joint prediction of average value, fluctuation scope and change rate

* Wind fluctuation scope and change rate predictions are also highly crucial for
dispatching.

* Propose multi-task one-dimensional convolutional neural network for joint prediction

of average value, fluctuation scope and change rate.
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Zhao, Xinyu, Mingliang Bai, Xusheng Yang, Jinfu Liu, Daren Yu, and Juntao Chang. "Short-term probabilistic predictions of wind multi-parameter based on one-dimensional convolutional
neural network with attention mechanism and multivariate copula distribution estimation." Energy 234 (2021): 121306.




& ARz E K%

HARBIN INSTITUTE OF TECHNOLOGYEESS=S=SSROB" == e E——



Feature selection in fault diagnosis

* Propose a novel measure of attribute significance with complexity weight for fault
diagnosis.

* A novel heuristic attribute reduction algorithm called HSRM-R algorithm is
developed, and achieved better performance than conventional methods.
SIGru(a, B, D) = SIGgpy(B U {a}) — SIGgry(B)
= [¥bu(a)(D) — y6(D)] — w[*aEAD _ TeB))

Algorithm: HSRM-R algorithm

Input: IS=<U.,A=CUD,V,f > and a weight coefficient we[0,+0) Tahle_ & . .
Classification accuracy comparison.

QOutput: One reduct B and one rule set T Datasets HSRM-R HRS HE FS LS
S‘EP 1: B+« @l a:1 iS the pool 1o ctmtain the selemad attributes, H.Ep 0.9163 0.8713 0.8654 0.8838 0.8708
T« @;/ T isthe pool to contain the extracted rules. lono 0.9288 0.8917 0.8745 0.9087 0.8860
Step2: for cach a,cC—B Horse 0.9728 0.9649 0.9649 0.8995 0.8589
! Votes 0.9679 0.9566 0.9587 0.9449 09516
Extract rules from set B and obtain rule set T as well as the number of rules; Credit 0.8333 0.8087 0.8087 08101 07217
Extract rules from set B1J{a,}and obtain the number of rules N, (BU{a}); Zoo 0.9500 0.9500 0.9500 0.8909 0.9600
. i i Lym. 0.8243 0.8043 0.7976 07971 0.7514
Compute SIG_, (a,. B, D) using the following equation: Wine 0.9608 0.9382 0.9212 0.9497 0.9438
_ No(BUAa,}) _ Ny(B),. Flags 0.6500 0.5832 0.5879 0.6089 0.6079
SIG,, (0., B.D) =[50 (D) =35 (D)]—w{ ! T I Autos 0.7907 07171 0.7121 0.7426 0.6695
end Images 0.8905 0.8476 0.8571 0.8667 0.8381
Soybean 0.9253 0.8828 0.8654 0.8433 0.8434
Step 3: SE]ECt lhﬂ atlributc a, which Sﬂtisﬁﬁ.‘il Vehicle 0.6714 0.6655 0.6632 06513 06312
SIG,, (a,,B.Dy=max(SIG,_ (a,B.D)); Tic 0.9917 0.8966 0.8883 0.7368 0.7118
. ! German 0.7030 0.7030 0.7030 0.7030 0.7030
Step4: if SIG,,(a,,8,0)20 Anneal 1.0000 10000 10000 09978  1.0000
B« BlU{a.}; Bumps 0.9133 0.9145 0.9149 09218 09234
Go to Step 2 BHP 0.9962 0.9755 0.9568 0.9633 0.9559
else DRD 0.6377 0.6351 0.6255 0.6255 0.5995
Mushroom 0.6273 0.5865 0.5167 06233 0.6264
Retun B and T PB 0.9616 0.9585 0.9611 0.9607 0.9543
Step 5: end Mean 0.8625 0.8358 0.8282 0.8252 0.8099

Liu, Jinfu, Mingliang Bai, Na Jiang, and Daren Yu. "A novel measure of attribute significance with complexity weight." Applied Soft Computing 82 (2019): 105543..




Anomaly detection using normal pattern extraction

* Reveal the mapping relationships between measurements and establish the normal
pattern of gas turbines.

* Develop a sensitive anomaly detection method.

 The fault detection accuracy outperforms conventional methods.
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Fig. 18. Detection Performance of NARX Network for Normal Data and Abnormal Data.
Table 4
Comparison of the proposed normal pattern method with other parameter combinations.
Hidden layer Parameter combinations RMSE Accuracy of normal data Accuracy of fault data Threshold
Input Output Training  Validation  Test Training  Validation  Test Lower Upper
1 P 10.6824  14.4154 11.3776 09883 0.9757 09867  0.7545 -32.0423  32.0423
of P 10.0075  13.4910 11.9092 09886 0.9644 09844  0.7580 -60.0233  60.0233
tl+ gf 3 0.8460  12.9202 10.9871 09870 09734 09824 0.5092 -30.3080  30.3080
1+ gf + p2 P 183205  19.9445 15.0754 09819 09514 09844 07741 —43.2506  43.2506
o+ gf + 14 P 14.2387 199214 17.5494 09900  0.9688 09783 0.8148 —427170 427170
t+gf+td+p2 P 141832 236295 16.9098 09904 09306 09751  0.8831 —42.4784  42.4784
1 p2 06979 11301 0.8685 09919 0.9621 09864 09177 -20935  2.0935
Input Iayer D f p2 07238 10714 1.0738 09920 09858 09815 0.8632 -21558 21558
o+ gf p2 1.0616  1.8052 2.0182 09905 09216 09335 0.9624 20432 20432
o+ gf + 4 p2 06798 09738 1.0373 0.9921 0.9879 09748 0.9707 -20392 20392
t+gf+P p2 0.6908 09881 0.9660 09924 09821 09815 0.9611 20720 20720
t+gf+tda+P  p2 0.8660 15020 0.9968 09910 09413 09783 0.9641 22119 22119
t(t-n o1 . 1 g.(t=n ) 1t t4 0.9211 1.3560 1.4570 09920 00737 09858  0.9305 -26784 26784
it-n) 1 py(e-1) pol g (=) ! b of 4 0.8554 1.3428 1.4590 0.9906 0.9528 0.9664  0.9665 -2.5084 2.5084
¢ (t) (t) (f) t (t _ ]) seu t(t-n 1+ gf t4 1.0988  1.5069 1.6235 09903 0.9641 09844  0.9889 -23483 23483
1 P> g o 4 2\ v t+gf+P t4 09072 11357 1.4277 09933 09902 09844  0.9963 -27216 27216
0+gf+P+p2 4 07798 10107 25318 09804  0.9644 09690  0.9958 23324 23324
Proposed method 09747 11231 1.4099 0.9932 09936 0.9867  0.9996 —28667  2.8667

Bai M, Liu J, Chai J, et al. Anomaly detection of gas turbines based on normal pattern extraction[J]. Applied Thermal Engineering, 2020, 166: 114664.




Class-imbalanced industrial fault diagnosis

In fault diagnosis problem, the number of fault samples is few, while the number of
normal samples 1s large, which leads to bad diagnosis accuracy of fault samples.
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Bai Mingliang, et al. "A comparative study on class-imbalanced gas turbine fault diagnosis." Proceedings of the Institution of Mechanical Engineers, Part G: Journal of Aerospace
Engineering 237.3 (2023): 672-700.




Class-imbalanced industrial fault diagnosis

* Propose a combined method of oversampling and Focal loss, and the fault accuracy
1s significantly improved than conventional methods in the class-imbalanced
situation.

Table 7. Fl-score of Siemens V64.3 gas turbine dataset.

Method Normal  Fault | Fault 2  Fault 3 Fault4 Fault5  Mean

Balanced training set 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

Seriously imbalanced training set  Original 0.7982 0.7463  0.7502  0.804| 0.6808 0.6454  0.7375
ROS 09137 09719 0955 0.9271 0.9732 09588 0.9502
SMOTE 09132 09727 09550 09099 09732 0.938] 0.9437
Borderline-SMOTE 08612 09525 07729 0.7989 09679 0.6421 0.8326
RUS 08186 0.7403 0.6624 0.7567 0.6791 06274 0.7141
NearMiss 05258 0.8869 0.8397 06260 08789 06338 0.7318
BalanceCascade 0.9091 0.7802 07200 0.7721 0.7069  0.5537 0.7403
EasyEnsemble 0.9243 07372 07155 07615 0.6577 06511 0.7412
RUSBoost 08926 08766 0.6926 0.7774 09033 05537 0.7827
Weighted 0.9011 0.9141 09483 08665 0.9091 08628  0.9003

Proposed method 0.9934 0.9858 0.9784 0.9920 0.9997 0.9916 0.9902

Bai Mingliang, et al. "A comparative study on class-imbalanced gas turbine fault diagnosis." Proceedings of the Institution of Mechanical Engineers, Part G: Journal of Aerospace
Engineering 237.3 (2023): 672-700.




Deep transfer learning for fault diagnosis of machines with few fault samples

* Propose the concept of gas turbine group fault diagnosis.

* Deep transfer learning is introduced into the fault detection of gas turbine
combustion chambers. Convolutional neural network is pretrained using the data
from one data-rich gas turbine and the pretrained convolutional neural network is
finetuned for fault detection of another data-poor gas turbine.
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Fig. 3. Fault knowledge sharing in gas turbine group.
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Deep transfer learning for fault diagnosis of machines with few fault samples

* Through deep transfer learning, fault knowledge is shared between one data-rich
gas turbine and another data-poor gas turbine, and the fault detection accuracy of
data-poor gas turbine is significantly improved.

Table 9
Classification accuracy of simple mixture.
Method Owerall MNormal data Fault data 0.98 : : ;
accuracy accuracy accuracy
Simple CNN 0.8225 0.8177 0.8463 0.96
mixture MLP 0.5586 0.5074 0.8147 - '
SVM 0.9119 0.9453 0.7453 2
ELM  0.7137 0.7495 0.5347 5 0.94
KNN 0.8646 0.9251 0.5621 2
NB 0.4975 0.5297 0.3368 2 p
CART  0.7979 0.8312 0.6316 .2 0.9207
RF 0.7982 0.8632 0.4737 :75'
Proposed method 0.9502 0.9558 0.9221 =
= 09
=
] SVM
Table 13 0.88 % ?TIJS
Comparison between deep transfer learning and other simple transfer learning - )
/ —— Finetune
methods. 0.86 : '
Method Overall Normal data  Fault data 5 10 I5 20 25
accuracy accuracy accuracy Percentage of target domain data/%
Simple transfer TrAdBoost  0.9175 0.9541 0.7347 Fig. 15. The change of classification accuracy when target domain
learning DAMLP 0.7025 0.7225 0.6021 data increase.
methods EasyTL 0.8119 0.9528 0.1074
DAELM-5 0.8298 0.8707 0.6253
Proposed method 0.9502 0.9558 0.9221

Bai, Mingliang, et al. "Convolutional neural network-based deep transfer learning for fault detection of gas turbine combustion chambers." Applied Energy 302 (2021): 117509.




Deep transfer learning for fault diagnosis of machines with few fault samples

* Detailed visualization analysis 1s made to explain why deep transfer learning is

effective.

Bai, Mingliang, et al. "Convolutional neural network-based deep transfer learning for fault detection of gas turbine combustion chambers." Applied Energy 302 (2021): 117509.
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Multi-angle similarity for remaining useful life prediction

* Propose a new method for remaining useful life prediction with multi-angle
similarity.

* Significantly improve the forecast accuracy than conventional methods.
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Zhou Z, Bai M, Long Z, et al. An adaptive remaining useful life prediction model for acroengine based on multi-angle similarity[J]. Measurement, 2024, 226: 114082.
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