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VarlY*|X =2"] = VarlY™ — m(x™)|X = 27]
+ Varim(z™)| X =«

Predictions are ineluctably vitiated by errors, originating from noise in the explanatory
variables (e.g. due to the chaotic nature of weather conditions) as well as model
misspecifications.
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Off-the-shelf regression methods
Y=Ff(X)

» Linear regression
ANN (Artificial Neural Network)
SVM (Support Vector Machine)

GBRT (Gradient Boosting Regression Tree)

YV V VY VY

RF (Random Forest)

Y

Quantile regression

Y

Gaussian Process regression

> Hate tedious mathematic derivation

» Put more emphasis on how load forecasting method works
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Zone QRNN MLR MLP LQR | MaxRI

CT 104.9 111.8 110.8 133.1 | 21.2% " -
SEMA | 520 569 543 623 | 165% 20I5FUABMER (BRA2014F REARHE)

NEMA 75.7 84.4 81.2 96.9 21.9%

WCMA | 51.6 56.8 556 692 | 25.4% Pinball Loss£5 2R, ﬁﬁﬁﬁ? .
VT 153 148 147 196 | 21.9% <+ (MLR, MLP, LQR¥IAIHEASZARIRE)
NH 31.1 33.8 33.1 378 17.7% (MaxRIFU R & K HX R THE)

RI 25.9 28.1  27.3  31.7 | 18.3%

ME 22.1 25.8 25.1 27.1 18.5%
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CcT ME NH RI VT NE SE wC SYS
B #% | Pinball | 47.02 | 13.92 | 1634 | 11.15 9.51 3575 | 2540 | 2552 | 16474
Tol WS | 749.17 | 213.70 | 263.15 | 179.10 | 150.56 | 561.60 | 429.26 | 405.81 | 2610.44
MAPE | 3.78 2.95 3.36 3.28 421 3.55 4.17 3.68 3.16
1 | RMSE | 171.82 | 49.06 | 59.74 | 40.60 | 34.81 | 13321 | 9454 | 91.85 | 582.09
FeZ | MAE | 127.25 | 3744 | 4422 | 2095 | 2579 | 99.01 | 68.99 | 69.06 | 433.44
HHEL | Pinball | 41.61 | 12.82 | 14.69 | 9.79 8.66 | 31.27 | 2247 | 22.06 | 137.85
WS | 666.62 | 201.03 | 237.47 | 155.31 | 147.04 | 506.61 | 370.21 | 357.49 | 2261.74
et | Pinball | 11.50 7.86 10.11 12.23 8.95 12.55 | 11.52 | 13.55 16.32
(%) WS 11.02 5.93 0.76 13.28 234 9.79 13.76 | 11.91 13.36
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Basic Idea
Uncertainty decomposition:

VarlY* | X =27 =VarlY™ —m(x™)|X = 27]
+ Varm(z™)| X = x”]

4
2) The uncertainty of the model m(x*) itself

1) The possible errors that Y*
fall beside the point forecast

'y

E

According to the central limit theory: /
Y* — E[Y*

[ } - ~ N(O, 1) Bootstrap

[m(z*)] : :

eeeee

VVarlY* —m(z*)] + Var i

Y* + 21-5/2 VVarlY* —m(z*)] + Var[m(z*)] fesamole 3

00 1800 200

Origin Dataset

Calculate the quantiles:




SFnNEEE RN a R ETHiirich
& RiHE2. 1: SRR EE R

Framework

Bootstrap on Residuals
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Probabilistic Forecasting




=FNEIBEE=TN A A RE ETHzirich
& MRiHER2 1: SFUMRIBIZRSE K

COMPARE WITH QUANTILE REGRESSION

Random Forest Based GBRT Based

MAPE RMSE  PICP Pinball Winkler MAPE RMSE  PICP Pinball ~ Winkler
NH 0.14% -051% 347%  437% -0.24%  -012%  -297% 3.54% -531% -6.87%
RI 0.09% -347% 1.98% 0.01% -2.65%  0.03% 0.12% 2.61% -4.94% -7.14%
SE 0.04% -424% 949% -2.69% -10.72% -0.06% -1.45% 2.84% -4.67% -8.26%
CT 0.08% -247%  255% -0.51% -3.61%  -0.09%  -092% 4.63% -7.04% -7.33%
ME -0.03%  -3.31% 8.56%  -3.26% -1.75%  -0.05%  -1.06%  5.45%  -5.19% -6.25%
NE 0.05% -2.17% 248% -0.14% -3.55%  -0.10%  -2.02% 4.16% -6.72% -6.96%
VT 0.03% -244% 2.85% -0.34% -5.94%  0.00% -0.10% 2.12%  -2.64% 4.34%

WwC -0.04%  -3.44%  1.71%  -3.90% -1.35%  -0.09%  -1.39% 6.44%  -7.57% -1.31%
AVER  0.04% -276% 4.14% -0.81% -4.47%  0.06% -1.22% 397% -551% -5.72%

160.00

140.00

120.00

100.00

g
g

Standard Deviation/MW
2
=]
S

20.00

0.00

s First Level e Second Level
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R g R &Nl
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Wq = arg min ZLt q(Ut,q> Yt) Wg = algmlqﬂ Z”th
“a teT
> >
st Yrqg = Wn,q¥n,t,q; Wng =1, wpq=>0 Vn.
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L SYS CT NH ME RI VT SE wC NE
Hik

Bl 288.563 | 81.478 | 27.216 | 18.146 | 21.756 | 12.426 | 42.307 | 41.939 | 63.685
NS 327.569 | 95.058 | 31.586 | 19.003 | 25.738 | 13.247 | 48.817 | 47.041 | 71.873
MED 281.607 | 79.359 | 26.713 | 17.981 | 21.044 | 12.300 | 41.570 | 40.676 | 63.048
SA 280.375 | 79.322 | 26.618 | 17.916 | 21.053 | 12.233 | 41.336 | 40.638 | 62.752
WA 280.266 | 79.306 | 26.600 | 17.908 | 21.049 | 12.227 | 41.329 | 40.616 | 62.706
QRA-E 276.417 | 77.995 | 27.184 | 17.806 | 21.683 | 12.303 | 41.484 | 40.949 | 61.793
QRA-A 271.519 | 79.037 | 26.330 | 17.864 | 21.140 | 12.145 | 41.295 | 41.252 | 62.783
QRA-T 277487 | 78.313 | 26.380 | 17.523 | 20.847 | 12.135 | 41.271 | 40.752 | 61.849
CQRA-E 356.527 | 100.925 | 33.829 | 22.767 | 26.540 | 15.616 | 51.765 | 51.544 | 79.131
CQRA-A 277.510 | 78.870 | 26.437 | 17.610 | 21.059 | 12.109 | 40.847 | 40.672 | 61.491
CQRA-T 269.953 | 77.961 | 26.034 | 17.492 | 20.619 | 12.061 | 40.941 | 40.422 | 61.524

FEIGATNTE EE R X EFMER

SEMASS WCMASS NEMASS
"MED ®SA ®"WA ~“QRA-A EQRA-E ®mQRA-T ECQRA-A ECQRA-T

Improvement(%)
NOW R & ®

S =




L Sl o gl O ETHzurich

& WRiR2. 2. SAIBTNERER
TR (SYS) MMUFFREETRES M T E

’\Qw 10-th | 20-th | 30-th | 40-th | 50-th | 60-th | 70-th | 80-th | 90-th
(Models
#1 0 0 0 0.128 | 0.123 0 0.015 0 0.102
i 0 0 0 0177 | 0.022 | 0236 | 0.154 | 0.004 0
#3 0.036 0 0 0.041 | 0255 0 0.123 | 0302 0
#4 0385 | 0444 | 0.281 0 0 0.030 0 0 0.068
#5 0.165 0 0 0.200 | 0298 | 0339 | 0.092 0 0.134
#6 0.037 | 0.093 | 0.537 | 0.264 0 0 0.000 | 0.251 0
#7 0 0.131 0 0.071 0 0 0265 | 0.051 | 0.218
48 0 0.207 | 0.152 0 0.158 | 0.003 | 0350 | 0.133 0
49 0377 | 0.047 | 0.030 | 0117 | 0.143 | 0.392 0 0.206 | 0.333
#10 0 0.078 0 0 0 0 0 0 0
#11 0 0 0 0 0 0 0 0.052 | 0.145
#12 0 0 0 0 0 0 0 0 0
#13 0 0 0 0 0 0 0 0 0
= — e
MTFAEXEHAFTHRUNF ERBEEIOT Y TR E
“U;;“xﬂ’ffs SYS CcT NH ME RI VT |SEMASS wcgms NEMASS
#1 0.102 | 0144 | 0231 | 0.015 | 0001 | 0355 | o0 0 0.196
#2 0 0 0 0.082 | 0.074 | 0.146 | 0.071 0 0
3 0 0 0.031 0 0 0.079 0 0.196 0
4 0.068 0 0.089 0 0 0.038 0 0
#5 0.134 0 0 0 0.272 0 0.199 | 0318 | 0.199
46 0 0 0.283 | 0231 | 0226 | 0.09 0 0 0.136
#7 0.218 0 0.058 | 0.058 0 0.082 | 0.166 | 0218 | 0.049
#8 0 0.129 | 0308 | 0.079 | 0.197 0 0.173 | 0.076 | 0.087
#9 0333 | 0.341 0 0.185 | 0.021 | 0.243 | 0290 | 0.192 | 0.333
#10 0 0 0 0 0 0 0 0 0
#1 0.145 | 0.267 0 0 0 0 0 0 0
#12 0 0 0 0 0.210 0 0 0 0
#13 0 0.119 0 0 0 0 0.062 0 0
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min TL =Y L(> wi fi(xe), ye) CRPS(F,y) = /;C:(F(::) —1(z — y))2dz

t=1 i=1 .
N
S.L. Zwizl, w; >0
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CRPS(F z;}_ZZn s WPZ Biw;
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N
B sz filw) I == (i — px)? i — 1 (i — pax)
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Primary idea: instead of treating the aggregated load as a whole, partitioning consumers
into several groups and making predictions might help improve load forecasting.
If there are different partitions of consumers, we can obtain different load forecasts.

%

o0 o Clustering

Different partitions ,Load profile of one consumer

T
W, = arg 1111112 Pq(Yi — X;Wg)
Wa =1
Quantile regression averaging
(QRA), a special form of quantile
regression, is a kind of model
averaging method.
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Error metric comparison for all ensemble methods with a Prediction Interval of 90%.

Ensemble Method | Error Metrics | Offline Ensemble | Benchmark 1 | Rolling Window-based Ensemble | Benchmark 2

ACE -1.73% -1.85% -0.56% -0.92%

QRA PBL 45.82 50.19 42.28 46.52
WKS 788.62 846.89 728.13 791.78
ACE -1.80% -1.85% -0.45% -0.92%

FQRA PBL 45.82 50.19 42.26 46.52
WKS 787.26 846.89 727.24 T91.77
ACE -1.71% -1.83% -0.63% -0.98%

LQRA PBL 45.84 50.2 42.26 46.53
WKS 785.77 845.7 724.74 791.55

» The two naive benchmarks are obtained by directly forecasting the total
loads without dimension reduction and clustering.

» Benchmark 2 updates the weights in a rolling window-based approach, while
Benchmark 1 does not.
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From the perspective of forecasting, the electrical load y: contains two parts:

.

Load «

Time / B
deterministic part: uncertain part:
U = f(X¢) €t = Yt — Yt
Train point forecast model  Train residual generation model Test both models
G(-) f(Xi) + G(Cy, 2)

f)
T1 T2 T3
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Data horizon T1 ! T2 : T3

1
Related factors (weather condition, day type, etc) | Related factors

[N L A v

1 I

Y [
| | :
|
v
| Real load ; Point
. ~ ZH- i forecast
2 1
Q Point @ = model @
forecast Conduct virtual : Conduct
el point forecast : point

Train point forecast

1
forecast model |

I
Virtual point forecast | Point forecast |
A w
1
Conduct

< T
I &: ' .
i ! v
! GAN model :
! '| GAN model
1
] scenario

1
Train G?g model : forecast

1
1
| Probabilistic forecast |
I

History Future
Time horizon
> Train f(X) > Testf(Xt) > Test f(Xi)
using point forecasting | » Calculate € |» Test G(C:,z)
models such as > TrainG(C,,z) |»> Final forecasts
MLP/SVR/RF/GBRT F(X,) + G(Cy, 2)

Formulate the generation model G(-) using GAN !
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| need to generate
samples that can confuse

Generator the discriminator.
Ran(.iom G Discriminator
noise enerated samples
Generated /
e — —
Real?

~ N
N— A

Training

dataset Real samples | need to ideptify whether
N A the load profile is real or

generated.

The adversarial game between these two neural networks can be presented as a min-max
optimization model:

max Eg [log(D(s,;0p))]+Ez[log(1-D(G(z;0¢);0p))]

fp
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Performance w.r.t. Uncertainty

Point Uncertainty

Forecasts | Modeling > For different point

Proposed 12.38 180.1 02. forecasts, our proposed
CWGAN | 13.7 191.49 261.59
AVE QRF 1423 | 189.64 231.84 CWGAN-GP model
QGBRT | 14.05 | 190.66 243.66 outperforms the CWGAN
Proposed 12.55 182.04 259.84
SVR CWGAN | 12.78 | 190.91 281.9 model, QRF, and QGBRT
QRF 14.5 194.66 240.76 in terms of PL and WS ( a=
QGBRT | 1475 | 201.88 255.55 02
Proposed 12.91 183.32 260.07 -2).
RF CWGAN | 13.1 187.58 263.7 > However, QRF instead of
QRF 1444 | 194.06 242.99
QGBRT | 13.94 | 186.66 233.99 the CWGAN-GP model
Proposed 12.24 172.15 236.34 performs better in terms of
CWGAN | 13.11 | 180.22 235.96
GBRT QRF 14.06 | 183.18 223.12 WS (= 0.1).
QGBRT | 1436 | 189.39 236.59

Comparison among different PLF methods
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Performance w.r.t. Variation

1800

0.8 1

—— Quantiles
~— Point forecasts

—— Realload
1600

0.6 1

1400

Load/ MW

1200

1000

variation of the generated scenarios

02
800 2% 48 T2 % 130 144
Time/Hour 0.0 . . . .
00 02 04 06 08 10
10,000 generated scenarios of six selected days variation of the real load profiles
The Q-Q plot

» The distribution of the variation of the generated scenarios is very similar to that of the real
load profiles.

» Thus, the generated scenarios can well represent the variations of the load profiles.
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= General formula

w1 = argmin | d(w, wy) + 0l (Y, W - X¢) |

Distance ] Loss /
Prevent information loss Integrate new sample

Passive Aggressive Regression

Wii1 = arg min { W —wi || + (g, w-£r) + A ||W||1}

Aggressive: l

weights change B
if losses are big l-(ye, w - f) =
enough

0 ifly—w-f|<¢ Passive: weights
do not change

y—w-f] otherwise every time slot
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The performance on Irish load data

Errors on test set after batch learning Errors on test set after online learning
Method ACE PBL WKS  Method ACE PBL WKS
QSGD -0.92%  51.60 72243  QSGD -0.02%  30.04  527.94
QPAR 223%  47.61 1075.02 | QPAR -1.69% 2947  484.59
QNN -2.55%  54.94 776.86 QNN -0.64%  56.10  930.23
Batch QRA -5.25%  44.55 734.64  Batch QRA -5.25% 4455  734.64

Window QRA  -1.90%  40.30 659.94  Window QRA  -190% 4030 659.94

*QSGD: Quantile Stochastic Gradient Descent
*QPAR: Quantile Passive Aggressive Regression *Window OPT: window-based optimization
*QNN: Quantile Neural Network

> All ensembles outperform the benchmarks after online learning except QNN

» The proposed method has the highest accuracy regarding pinball loss and winkler score

» A substantial performance improvement can be achieved by ensembles incorporating
online learning.
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The performance on Irish load data

— QSGD
— QPAR
—— QNN

The hour of break-even for all ensembles —— Window QRA
Method Break-Even  Break-Even  Break-Even
ctho ACE PBL WKS
QSGD 508.0 h 35.0h 307.0 h
QPAR 2810.0 h 1385 h 253.5h
QNN 687.0 h no no

0 240 480 720 960 1200 1440
Hour

ACE over the course of the first two months of online learning

» The proposed QPAR has earliest WKS break-even
» QSGD has earliest Break-even for ACE and PBL

» Online learning enables to outperform batch approach within a month.
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