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Abstract

In the past few years, the power system planning and scheduling systems have been
improving day by day, and for that purpose, the need for accurate forecasts is in-
creasing. Time-series forecasts are required for demand, electricity price, and wind
and solar forecasting. The forecasts can be provided through statistical, machine
learning, or hybrid methods. The Machine learning (especially the neural network)
models have achieved outstanding performance in the areas like image classification,
natural language processing, and time-series forecasting. Nonetheless, the architec-
ture of neural networks significantly impacts their overall performance. Concerning
the design of the most cutting-edge NNs, they are generally hand-crafted by experts
in that domain, which requires heavy trial and error efforts. On the other hand,
it becomes a challenging task for users who are not experts in the NN domain to
choose the best architecture for their application. Also, there is another issue that
the basic NNs only sometimes suit the particular application. Therefore, several
strategies have been explored for automating the designing of the NNs, like evolu-
tionary algorithms (EAs), bayesian optimization and reinforcement learning (RL),
and concatenating with some other statistical methods. Among these methods, the
evolutionary algorithms have gained the maximum interest due to their less complex-
ity and easy integration for automating the design of the NNs. Deep Neuroevolution
is one such efficient class of models referring to the automated procedure and train-
ing of NNs using EAs. This thesis first describes the comprehensive analysis, survey,
and evaluation of the current state-of-the-art studies on employing statistical and
machine learning algorithms along with evolutionary algorithms. Then, the major
issue of designing optimal probabilistic models through neural networks is being
addressed along with the designing of neuroevolution models on two different case
studies: one on wind forecasting and the other one on load forecasting. The experi-
mental results show that the deep neuro-evolution models designed in this research
work perform better than the other state-of-the-art algorithms. In this thesis, deep
learning-based novel algorithms are proposed in each chapter. As in Chapter 3, neu-
ral grasshopper optimized DeepAr is proposed in which the evolutionary algorithm
is used for the optimization of the hyperparameters of the DeepAr and this model is
tested on the GEFCom-14 and AEMO datasets and the prediction interval coverage
probability (PICP) and Pinball loss (PL) for the two datasets are [0.902,0.320] and



[0.933, 1.4885], respectively. In Chapter 4, a hybrid model based on combining a deep
neural network and state-space model is proposed, which utilizes the basic features
of both models. This model has been tested on univariate as well as multivariate
loads, and this model can be employed in areas where less data is available to the
places where extensive data is available. Whereas chapter 5 proposes a novel neu-
roevolution algorithm based on CNN for handling the uncertainty associated with
load forecasting. Also, the mean scaled interval score metric is used to evaluate the

forecasts.



g

e oo aul §, forel gumelt giem 3k Asyfer yunferi # o9 e gur g, 3Rk
I I & o, Gl YalgaMl &1 STa<adhdl dedl off el & | HiTT, fosTelt &1 s iR
Uaq 3R IR YaigaE & oy IHg-4@ar gaigae &1 eawaddl gt gl gaigaH
i@, TRA AT a1 gfoe TWid! & Ted ¥ UaH fhU o 9&d § | A=A a1
(faRiveR dfeT Aead) Aled - B TIHR0I, UIHidd HINT TRIRGRUT 3R THI-4Tdl
Taia oY &3 H I Y TR giikid fhaT 8| S8ReTd, die! Acad & aRgdHal 3-db
Y UG IR AUl UHTT STed! ¢ | T AT TILH & feoga & dae &, 9 o
AR TR 39 & & A= gRISTY ¥ R B i &, foras forg Wikt oxteron ofiR 3fe v
B SIIHT Bl B

G 3R, S SWINTSHAl THTH SIAH & faRIvg 8l § S fog 3o TR & fog
qaraH 3ffchcdmR T U AUl BId & oiidl ¢ | S 3(aTdl, Th R qg1 Jg & &
gt THEA Fad Hul-Fft Ry Tfwiese & fod Suged §1d § 1S9y, T &
feomg &1 Warfad &= & U &5 OFIadl BT gal T T g, Y faewraard!
TEREH (ST09), TORRA g oiR Jediarul Wl (3RTA), 3R F8 3
QiRTH I TRIb! b 1Y JAIo | 3 TAfal & &g, T & [Solg &l WaTierd B+ & fofg
faeTarc! TENed 3 3O HH Afeddl 3R T THIHRU & HRUI Ty 3w 3
T 1§ | S1U QRITATRI HiSell 1 Ueh UHI HIel T & Sff SUTH bl SUTNT e THTT
&1 TIferd Ufshan SR UTRI&0T 1 HaH <l 31 U iR wed ugd fasrardt tenien
& -1 FifADHT SHR A= a7 TEiRed & FHafod S W adq= sy
LT & AUD [IRANUT, TAEUT R Hidh1 Bl U Bl g1 by, T Aead &
e J SFaH YU Hisd B ST B & THW e, B &l SelT-3e Y T IR
TR Afsd & e & 1y Jafid a1 <11 381 ]: U Ua GafgAr IR 3R gaRT
s galgAE R UrEifie gikome §drd € f 39 2y sl # fewgA far e T8 =_1-
SAIegRM AIS 3 SATYAH TANREH &1 g1 H d9gaR UeRH #d g

=g it &, ud srearg | e Rrer-semid U=y TeEien uxafad g1 o 6
3T 3 1 §, AT oSt s ierd SUusiR vRanfad & forad SusiR & gIeuRIRMHIeR &
3Ha & oy fawrare! TaEReH &1 SUdNT foal ST § 3R 39 Ared BT TRI&




GEFCom-14 3R AEMO STRIT 3R HiasaTuft 3iaRTel dhast THTGAT (PICP) R fHAT ST B |
3l Seie & forw fusta g1+ (diuet) hH=T: 0.902, 0.320 3R 0.933, 1.4885 §1 3T 4 H,
UH TR dRABT Head 3R Isg-3fale Aied & IdioH WR ST T TRIHE Hisd
TAIAd &, S &l Aiedl & gi-ard! gfaurst &1 SUdiT &xdl ¢l 39 ASd BT URIEfu
gIaRTe $fR AeeiaRue |l W fba1 mar 5, 3fR 59 Hisd &1 3 &1 § Faiford fosar s
Hdl ¢ SIg1 HH Sl SUAS 5, g AT el SUA 5 | SIaids S 5 A Gargam o
St fAfETar ¥ e & fore Weawd wR snmid U S TRITATGRH THNRGH BT
TRATd &l & | 1Y &Y, YA o1 Jedieh B o o HIed Wbl SfaRTdl WhR Hifed &l
SUANT faar AT 5 |




Contents

Certificate i
Acknowledgements ii
Abstract iv
Contents vii
List of Figures Xi
List of Tables xiii
Abbreviations XV
1 Problem Overview 1
00 A Vo o o Yo LW ot o oY 1P PP 1
1.2 Research MOotivation.......ccoooiiiiiii e 7
1.3 ThesSis ODJECHIVES . ciiiiiiiiie e e e e e e e e e srreeeean 8
1.4 Literature REVIBW .....ciiiiiiiii ittt e et e et e a et e e eaaans 9
1.4.1 Statistical and econometric models.......cccccceeiiiiiiiiiii e, 10

1.4.1.1 Exponential Smoothing .......ccccccvviiiiiiiiiii e 10

1.4.1.2 Time series regression models........ccccocvveeiiiiieeeiiiineeesnen 11

1.4.1.3  ARIMA Models.....cccooiiiiiiiiiieeeceeeeeeeee e, 13

1.4.1.4 State-Space models......cccccceeeiiiiiiiiiiie e 14

1.4.1.5 Combined Statistical Approaches...........ccccceeeveeveeenennnnn. 16

1.4.2  Machine learning methods.......c.ccccccvviiiiiieiie e 17

1.4.2.1  Neural Networks ..o 18

1.42.2 RNN and LSTM ..o 21

1.4.2.3  CNN oo e 23

1.4.2.4 Deep Probabilistic forecasting models.........cccccvvveeeiiiinnnne. 25

vii



Table of Contents viii

3.7
3.8

1.4.2.5 Hybrid Methods . . . .. .. ... ... ... .... 26

1.4.3 Deep Neuroevolution method for optimization of parameters . 27

1.5 Thesis Organisation . . . . . . . . . ... .. .. ... 28

2 Understanding Shallow Neural Networks to Deep Neural Networks

for Probabilistic Wind Forecasting 31
2.1 Outline. . . . . . . . 31
2.2 Introduction . . . . . . . .. ... 32
2.3 Methodology . . . . . . . . 35
2.3.1 Feed-Forward Neural Network . . . . ... ... ... ..... 35
2.3.2 Recurrent Neural Networks . . . . . .. ... ... ...... 37
2.3.3 Auto-Regressive Recurrent Neural Network Models . . . . . . 39

2.4 Performance Indices for Prediction Intervals . . . . .. ... .. ... 41
2.4.0.1 Quantile Loss Function. . . . . ... ... ... ... 41

2.4.0.2 Weighted Quantile Loss Function . . . . . .. .. .. 41

2.5 Results and Discussion . . . . . . . .. .. ... ... ... 42
2.5.1 Data Collection . . . . . . . . .. ... ... ... ... 42
2.5.2  Experiment Details . . . . . .. ... ... ... 42

2.6 Conclusion . . . . . . . .. 46
2.7 Publication from this Chapter . . . . . . . ... ... ... ... ... 47

3 Probabilistic Wind Power Forecasting Using Optimised Deep Auto-

Regressive Recurrent Neural Networks 49
3.1 Outline. . . . . . . 49
3.2 Introduction . . . . . . ... 50
3.3 Related Work . . . . . . . ... 55
3.4  Performance Indices for Prediction Intervals . . . . . ... ... ... 57
3.4.1 Loss Function . . . . . . .. ... ... ... ... .. ... o7
3.4.2 Reliability . . . . . . ... 58
3.4.3 Skill Score . . . . ... 58
344 NDand RMSE . . ... ... ... ... .. ... ... 59

3.5 Methodology . . . .. . . .. 59
3.5.1 Modified DeepAr . . . . . . .. ... 59
3.5.2  The Modified Grasshopper Optimisation Algorithm (MGOA). 62
3.5.3 Proposed NGOA-DeepAr model . . . . . . .. ... ... ... 66

3.6 Results and Discussion . . . . . . . ... .. ... ... ... ... . 69
3.6.1 Data Collection . . . . . .. ... .. ... ... .. ...... 69
3.6.2 Model Implementation . . . ... ... ... ... ... ... . 72

3.6.3 Comparison of the proposed model with other benchmark models 77
Conclusion . . . . . . . . . . . e 79
Publication from this chapter . . . . .. .. ... ... ... ..... 80



Table of Contents ix

4 Remodelling State-Space Prediction with Deep Neural Networks

for Probabilistic Load Forecasting 81
4.1 Outline. . . . . .. 81
4.2 Introduction . . . . . . ... Lo 82
4.3 Methodology . . . . . .. . 86
4.3.1 Innovation State Space Models (ISSM) . . . .. .. ... ... 86
4.3.2 Proposed Model:StateNeuron . . . . ... ... ... ..... 88

4.4 Evaluation of Prediction Intervals(PIs) . . . ... .. ... ... ... 92
4.4.1 Prediction Interval Coverage Probability (PICP) . .. .. .. 93
4.4.2  Mean Scaled Interval Score (MSIS) . . .. ... ... ... .. 93
443 Pinballloss (PL) . . . ... .. 94
4.4.4  Average Absolute Coverage Error (AACE) . . . . .. ... .. 94

4.5 Results and Discussion . . . . . . . .. . ... L. 95
4.5.1 Data description . . . . . ..o 95
4.5.2 Experiment Details . . . . ... ... 000 97
4.5.2.1 Experimenting on ISO-NE dataset . . . .. .. ... 98

4.5.2.2  Experimenting on GEFCom-14 dataset . . . . . . . . 104

4.6 Conclusion . . . . . . . . L 107
4.7 Publication from this chapter . . . . . . .. .. ... ... ... ... 108

5 An Advanced Deep Neuroevolution Model for Probabilistic Load

Forecasting 109
5.1 Outline. . . . . . . . . e 109
5.2 Introduction . . . . . ... .. 110
5.3 Deep Neuroevolution-based probabilistic model . . . . . . ... ... 113
5.3.1 Enhanced Flower Pollination Algorithm . . . . . ... .. .. 113
5.3.2 1D - Deep Convolutional Neural Networks . . . . .. ... .. 117
5.3.3 Evaluation Metrics . . . . . . . ... ... ... .. 119
5.3.3.1 Prediction Interval Coverage Probability (PICP) . . 119

5.3.3.2 Skill Score . . . . ... 120

5.4 Experimental Setup and Datasets . . . . . .. ... ... ... .... 121
5.5 Experimental Results . . . . . . . ... ... L 122
5.6 Conclusion . . . . . . . . .. 127
5.7 Publication from this chapter . . . . . . ... ... ... ... .... 128
6 Conclusion and Future Work 129
6.1 Conclusion . . . . . . . ... 129
6.2 Future Work . . . . . . . . ... 131

Scope for Future Work 133



Table of Contents X
A Appendix 133
Bibliography 135
List of Publications 165
Bio-Data 167



List of Figures

1.1
1.2
1.3
1.4
1.5

2.1
2.2
2.3
24
2.5

2.6
2.7

3.1
3.2
3.3
3.4
3.5
3.6
3.7

3.8

4.1
4.2

Developmental growth of Neural Networks . . . . . ... ... .. .. 19
RNN [1] . oo 22
LSTM Cell [2] . . o o oo 22
CNN architecture [3] . . . . . . . ... 24
Thesis organisation lowchart . . . . . . ... ... ... ... ..., 28
Feed-Forward Neural Network [4] . . . .. .. ... ... ... .... 36
RNN prediction network [5] . . . . . ... ..o L 37
Training of Auto-regressive RNN model [6] . . . . . . ... ... ... 40
Prediction of Auto-regressive RNN model [6] . . . . . ... ... ... 40
Wind farm Data of WoolNorth Wind Farm (WNWF) for month of

June ..o 43
Frequency distribution of data . . . . . . . ... ... L. 43
Prediction Intervals of WNWF for last 36 samples by Autoregressive

RNN e 45

MGOA optimised DeepAr algorithm where T's} denotes the time se-
ries 1 at time ¢ and F} denotes the features of time series 1 at time

/72 60
The flowchart for the proposed MGOA model. . . . . . . ... .. .. 66
Correlation map of 22 zones of AEMO dataset with blue colour rep-
resents the high correlation among the zones (0.6) . . . . . . ... .. 71
Wind power and wind speeds (at 10m and 100m hub height) of Gef-
Com wind dataset . . . . . . .. . .. ... ... ... 72

50%, 90% and 95% prediction interval coverage for GEFCom wind data 75
50%, 90% and 95% prediction interval coverage for AEMO wind data 75
Generated convergence profiles of our proposed model and three evolutionary-

based DeepAr models . . . . . . . ... oo 76
Convergence curves of the proposed NGOA algorithm method using
the training and test sets . . . . . . . . ..o 0oL 78
Flowchart of StateNeuron model . . . . . . . ... ... ... ..... 89
Correlation matrix of load and temperature for four zones of ISO-NE
dataset . . . . .. 96

X1



List of Figures xii

5.1
5.2

9.3

5.4

The flowchart of proposed evolutionary IFPA . . . . . ... ... .. 118
The prediction intervals obtained by the proposed model for the 90%
and 95% intervals in case of experiment 1. . . . . . . . ... .. ... 124
The convergence profiles of different deep-neuroevolution based mod-
els based on the PSO,GA, FPA and IFPA. . . . . . ... ... ... .. 125

The prediction intervals obtained by the proposed model for the 90%
and 95% intervals in case of experiment 2. . . . . . . . .. ... ... 126



List of Tables

2.1

3.1
3.2
3.3
3.4

3.5
3.6

3.7
3.8

4.1
4.2
4.3
4.4

4.5

4.6
4.7

4.8

5.1
5.2

2.3
5.4

Performance Evaluation of different Probabilistic Methods . . . . . . 46
Categorisation of AEMO zones into different groups . . . . . . . . .. 70
The statistical description of AEMO dataset . . . . .. ... ..... 70
The statistical description of GefCom-14 wind dataset . . . . . . . .. 70
The optimum hyperparameter values for both AEMO and GefCom-14

datasets . . . . . ... 73

PICP, PL, RMSE, ND and MSIS of AEMO and GefCom datasets . . 74
The p-value obtained by the t-test between our proposed algorithm

and other competitive benchmarks . . . . ... ... ... ... ... 77
Comparison of various models with the proposed model . . . . . . . . 79
Comparison of computational time of various models with the pro-

posed model . . . . . ... 79
Statistical parameters of ISO-NE data . . . . . . ... ... .. ... 97
Statistical parameters of GEFCom-14 data . . . . . . . .. ... ... 97

Parameters of StateNeuron and other models used for comparison [7] 99
Comparison of the proposed model with benchmark models in terms
of normalised pinball loss for day-ahead load forecasts . . . . . . . .. 101
Comparison of Prediction Interval Coverage Probability at 90% con-
fidence interval . . . ... ..o 102
Comparison of case 1 and case 2 in terms of PICP(0.9), PL, and MSIS103
PICP, Normalised PL and MSIS evaluations using subset of ISO-NE

dataset (case 3) forcases land 2. . . . . ... ... ... ... ... 103
Comparison of StateNeuron with other benchmark models on GEFCom-
14 dataset . . . . . .. 106

Symbols used in the optimization process of CNN network architecture121
List of range of hyperparameter values during CNN architecture de-

SIEN . e 121
Statistical parameters of GEFCom-14 data . . . . . . . ... ... .. 122
Comparison of the proposed model with other models in terms of

PICP and MSIS scores . . . . . . .. .. .. . . ... ... ...... 125

xiil



Abbreviations

AACE Average Absolute Coverage Error

ACO Ant Colony Optimization

AEMO Australian Energy Market Operator
AIC Akaike Information Criterion

Al Artificial Intelligence

ALO Ant Lion Optimizer

ANN Artificial Neural Networks

ARCH Autoregressive Conditional Heteroskedasticity
ARIMA  Auto-Regressive Integrated Moving Average

BBO Bio-geography Based Optimizer
CDF Cumulative Distribution Function
CNN Convolutional Neural Network
CRPS Continous Ranked Probability Score
CSS Charged System Search

DFFNN  Deep Feed Forward Neural Network
DL Deep Learning

DMDNN Deep Mixture Density Neural Network
DNFE Deep Neuro Evolution

DNN Deep Neural Network

DeepAR Deep Auto-Regressive

EA Evolutionary Algorithm

EGWO Enhanced Grey Wolf Optimiser
ESM Error Feedback Stochastic Modelling
ETS Exponential Smoothing

FPA Flower Pollination Algorithm

GAN Generative Adversarial Network

XV



Abbreviations xvi

GARCH  Generalized AutoRegressive Conditional Heteroskedasticity
GA Genetic Algorithm

GBM Gradient Boosting Machines

GBRT Gradient Boosting Regression Tree

GEFCom Global Energy Forecasting Competition

GOA Grasshopper Optimisation Algorithm
GPU Graphical Processing Units

GRU Gated Recurrent Unit

GWO Grey Wolf Optimizer

HELM Hysteretic Extreme Learning Machine
ISN Improved Seasonal Naive

I1SSM Innovation State-Space Models

IS Interval Score

LSTM Long Short-Term Memory
LUBE Lower Upper Bound Estimation

MAFE Mean Absolute Error

MAPE Mean Absolute Percentage Error
MFO Moth Flame Optimizer

MIS Mean Interval Score

MLR Multiple Linear Regression

ML Machine Learning

MQR Multivariate Quantile Regression
MSE Mean Square Error

MSIS Mean Scaled Interval Score
MVO Multi Verse Optimizer

ND Normal Deviation

NE Neuro Evolution

NGOA Neural Grasshopper Optimisation Algorithm
NN Neural Network

NPTS Non-Parametric Time Series

NRMSE  Normalised Root Mean Square Error
NWP Numerical Weather Prediction

OBL Opposition Based Learning

PCFM Proposed Combined Forecasting Model
PICP Prediction Interval Coverage Probability



Abbreviations

xvii

PI

PLF

PL

PSO
PWF
QRF
RBFNN
RBM
RF

RL
RMSE
RNN
ReLU
SES
SGD
SHADE
SSA
SSE
SSM

SS
SVM
TAR
VAR
VECM
VRAE
WCA
WOA
WS
XGBoost

Prediction Interval

Probabilistic Load Forecasting

Pinball Loss

Particle Swarm Optimization
Probabilistic Wind Forecasting
Quantile Regression Forest

Radial Basis Function Neural Network
Restricted Boltzmann Machine
Random Forest

Reinforcement Learning

Root Mean Square Error

Recurrent Neural Network

Rectified Linear Unit

Simple Exponential Smoothing
Stochastic Gradient Descent

Success History Based Adaptive Differential Evolution
Salp Swarm Algorithm

Sum of Squared Errors

State-Space Model

State-Space

Support Vector Machine
Autoregressive Conditional Heteroskedasticity
Value at Risk

Vector Error Correction Model
Variational Recurrent Auto Encoders
Water Cycle Algorithm

Whale Optimization Algorithm

Wind Speed

Extreme Gradient Boosting





