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PhD overview

> research overview:

— developing data-driven, interpretable forecasting and control models using convex
optimization to address the challenges of integrating renewable energy sources into
the power grid

> research areas:

— copula models for photovoltaic systems

— interpretable net load forecasting

— time dilated analysis of photovoltaic output

— continuous ranked probability score regression

— single node energy management

— aging-aware battery control

> research focus:

— interpretability and auditability

— robustness with missing data and outliers

— computational efficiency

— tractability and scalability
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Interpretable net load forecasting using
smooth multiperiodic features



Motivation

> net load is total demand : —u
minus behind-the-meter )
generation (e.g. solar)

» figure shows the total daily
electricity load and the total
solar generation for California,
averaged over March 2021, in
GW (gigawatts)
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Motivation continued

> if you squint your eyes, the
load and net load curves look
like a duck, hence the name
‘duck curve’

P steep rise in net load around
5-7pm can be a challenge for
generators, which work better
and more efficiently when
generating constant or
smoothly varying power
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Setting

» consider a real-valued time series, possibly with missing data,

y=W1....yr) € (RU{?}T,

where y; = 7 means that the value y; is missing

let 7 = {t | y+ € R} denote the set of known values

pt = Ve,  Ye—m+1), t=M,... T, vector of the M past values at time t

fr = (Ve41,-- -5 YeeH), t=1,..., T —H, vector of the H future values at time t

vvyyy

focus on three related forecasting tasks involving predicting f; from p;
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Tasks

> point forecast: estimate f; with forecasts denoted

fo = (Per1 -+, Perm) €RM

use average absolute error (AAE) as metric

» marginal quantile forecast: estimate the 0 <7; < --- <ng <1 quantiles of the
entries of f; denoted as

e €R, j=1,....Q
use continuous ranked probability score (CRPS) as metric

> generate samples of the future: generate R plausible realizations of the future
values, denoted
f,;eRY j=1,...,R

use log-likelihood and visual inspection as metrics



CRPS
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» CRPS is one of many ways to judge a probabilistic prediction and is defined as
b
CFy) = [ (F) -1y < ) du

» here 1(y < u) =0when u<yand 1(y < u) =1 when u>y, ie, itis the CDF
of the random variable that takes the value y with probability one
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Data

» |ISO New Eng|and (|SO_NE) train-validation (70-30 random split)
net load data for Rhode 1400

Island between January 1
2020 and December 31 2022
sampled hourly

> there are 26304 points in
total and no missing data
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> used data from January 1
2020 to December 31 2021
for in-sample training, and o0 |
data from January 1 2022 to Jan Jul Jan Jul Jan
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Data continued
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» demand is higher during the day, and in summer
» shape of the daily demand changes between seasons
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Weekly data for 2022
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Baseline

vvyyy

rolling median forecast looks at the past 14 days of data
to forecast t+ i for i = 1,..., H, it uses the median of (t+i—24,...,t+i—336)
replace the median with a quantile to obtain marginal quantile forecasts

used as a baseline in practice as well as the Net Load Forecasting Prize
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https://www.energy.gov/eere/solar/american-made-net-load-forecasting-prize

Rolling median forecasts
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Rolling quantile

forecasts
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Method & results



Multiperiodic basis functions

» time-based basis functions ¢; :R— R, i=1,... N

» time-based feature vectors ¢y = (p1(t),. ..

,on(t)) € RY,

t=1,...

, T
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Multiperiodic basis functions

v

time-based basis functions ¢; :R—- R, i=1,...,N
time-based feature vectors ¢y = (¢1(t),...,on(t)) €ERN, t=1,.... T
approximate a smooth [N-periodic function using 2K Fourier terms

cos(2mkt/M), sin(2rkt/M), k=1,...,K,

where k is the harmonic number
for each period My, i =1,..., M (with Mp < --- < Tl1), use K; harmonics
2 Zf;l K; basis functions
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Interaction terms

» period interactions captured by products of functions from distinct periods
> assign period M and harmonic k to cos(2wkt /M) sin(2wk /1) with M < 1
» full basis has
=2 Z Ki+4 Y KK;
1<i<j<P

time-based basis functions, denoted ¢1, ..., ¢, with harmonic numbers
ki, ..., kn (ranging from min{Ki,..., Kp} to max{Ki,...,Kp})

19



Example

P let t denote hours, set P = 3 periodicities Iy = 8765.8, [lo =168, [l3 =24
> use K1 =2, K, = 3, K3 = 4 harmonics for annual, weekly, and daily periods

» examples of basis functions
cos(2m3t/24), sin(27w2t/8765.8), cos(2w3t/24)sin(272t/8765.8)

» N = 122 basis functions: 88 daily, 30 weekly, and 4 annual

20
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Regularization

» define the roughness measure for the P different periods as
R-—EZ 2k2 i=1,...,P
=5 Gk, 1=1,...,F
JEP;

where P; is the set of indices of basis functions associated with period i
P overall roughness R = \1R; + -+ ApRp
» A1,...,Ap are positive hyperparameters associated with the different periods

» R depends on the coefficients ci, ..., cy, and the hyperparameters A1,..., Ap
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Forecast model

P use a linear regression point forecast of the form
f’—‘t — Hconst + Htime¢t + epastpt’

where 1, € RV is a vector of features that are based on time only
> parameters are §°nst ¢ RH gtime ¢ RAXN 3pg grast ¢ RHXM

» while the time-based feature vector 1y does not contain missing data, the
autoregressive feature vector p; can

» fill in missing entries in each p; using forward fill and standardize
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Fitting the point forecast model

» minimize the convex function

1 . . .
S0 IR = (B + RO N g 2,
t’i|t+,’€7’train

where || - || is the Frobenius norm
» using an absolute value loss function corresponds to forecasting the median value

» problem above is separable across the entries of f;, and can be solved for each row
of the parameters in parallel

> there are P + 1 hyperparameters, A\i™ ¢ RP and APt € R in this model
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Hyperparamater search

P use cross validation on the in-sample data to choose hyperparameters

» one traditional method, useful when the number of hyperparameters is modest, is
complete grid search

P another simple method, found to be effective, uses a cyclical greedy search

25



Cyclical greedy hyperparameter search

vVvYvyVvyVvyy

start with initial hyperparameters, upper and lower bounds

for each hyperparameter, try increasing by a factor n while keeping others fixed
if validation error decreases, update it

otherwise, try decreasing (i.e. dividing by 1) and accept if improved

revert if neither change helps

stop if no improvement is found over all hyperparameters
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Hyperparamater search experiments for point forecast

1034
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» best hyperparameters:

APast —10.00, Afme =316.23, Ajme = 316.23,

40 50

Alime — 31,62
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Point forecasts
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» both for summer and winter predictions are close to actual realizations
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Point forecasts for January 2022
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AAE comparison

» just using past features gives
a more significant
improvement on baseline than
just using time features

» the lowest AAE is achieved by
combining these two types of
features

» cross terms give a substantial
reduction in AAE

Model AAE (kWh)
Baseline model 70.4
Time features alone 68.6
Past features alone 43.3
All features except cross terms 41.2
Full features 37.1
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Interpretability

» magnitude of the coefficients

can be used to explain which
features were important for
the forecasted values

figure shows entries of 65
for horizons
h=t+1,t+4,t+16
observe that the coefficients
are approximately sparse, with
most of the entries near zero

model pays special attention
to the previous values 24, 48,
and 72 hours ago

coefficient [1] coefficient [1]

coefficient [1]

~

o

o ® >
& X ¥

gpast

2 > ' ~
& & o

Memory (hour)

Memory (hour)

Memory (hour)
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Interpretability continued

» relative norms of the rows of
6Pt and #Y™e can be used to
investigate how important
time features are compared to
past features for various
horizons

past
— 18"
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» figure shows the ¢ norm of
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» norm of rows of APt o
generally decreases with 02s
increasing horizon whereas 000
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Fitting marginal quantile forecast model

» simply modify the loss function used in point forecast to estimate quantiles other
than n =0.5

» for the 7; quantile, minimize

ST by ((R)i = (R)i) + RO Ame) 4 wpastgrast| 2,

t’i|t+i€7’train

where £, is the pinball loss associated with jth quantile 7; defined as

oy ()i — a) (fe)i > qrj
b ((fe)i-aes) = { A ) () = ae)) (B < gur
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Quantile crossing problem
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P quantiles can be estimated jointly or separately, and usually there are
computational advantages to estimating them separately

» if quantiles are estimated separately, there is the awkward possibility that the
predicted quantiles are out of order

» one common method to fix this in practice is to sort the predicted quantiles
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Marginal quantile forecasts
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> in winter, quantiles form tight bands centered around the actual realization
» in summer, even though the actual realization was close to the estimated median,
the interquantile distance is much higher



Estimated marginal quantiles for January 2022

1750 A :
— 1
4 1
‘g: 1500 :
5’ 1
5 1250 - |
c
© 1
£ 1000 - !
[J)
[a) 1
750 - ,
T T T T T T I T
S & & & & S S S S
Q % Q % Q N Q Y% Q
Ne Na & N P N S S ®
N\ N\ N N N\ N\ N\ N\ N\

Date (MM-DD HH:MM)

— 0.02

36



CRPS comparison

Model CRPS (kWh)
Baseline model 24.8
Time features alone 26.1
Past features alone 20.8
» results similar to point All features except cross terms 145
forecast Full features 13.1
» but now it is more important
to include time features
» performance of the model »

with just past features quickly
deteriorates with increasing
horizon and reaches the
baseline level
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Conditional sample forecasts
» model f;, conditioned on p; and %, as
fo ~ N(fe+ 11, ),

where £, is point estimate, p is the point forecast error mean, and ¥ € RH*H the
point forecast error covariance

38



Conditional sample forecasts
» model f;, conditioned on p; and %, as

fo ~ N(Fe + p, X),

where £, is point estimate, p is the point forecast error mean, and ¥ € RH*H the
point forecast error covariance

» define the point forecast errors or residuals as r: = y; — y;

P start with empirical mean

1
emp _ . o
p;r = S E (re)i, i=1,...,H,

teS;

where S is the set of time periods for which (r¢); is known
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Conditional sample forecasts
» model f;, conditioned on p; and %, as
fo ~ N(fe+ 11, ),

where £, is point estimate, p is the point forecast error mean, and ¥ € RH*H the
point forecast error covariance

» define the point forecast errors or residuals as r; = ¥ — y+

P start with empirical mean

emp i =
I ‘S|Zrt = ,...7H,

teS;

where S is the set of time periods for which (r¢); is known
» then form the empirical covariance matrix as

-
Zmp Z ft (t)j_,uj) )
|5u|

teS;;

where Sjj = §; N S; is the set of time periods where both (r¢); and (r¢); are known



Factor

v

v

regularization

regularization can improve the covariance estimate X
regularization also addresses the issue of 2P not being positive semidefinite

use a factor form, ¥ = FFT + D, where F € R"*9 and D € R"*! is diagonal
with nonnegative entries, and g < H is number of factors

take FFT as the rank g appromixation of ¥ obtained from an eigendecomposition
choose D so that ¥;; = i,-,-, i=1,...,H
number of factors g can be chosen as the number of significant eigenvalues of N
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Conditional generated samples
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> figure shows 3 conditional generated samples for winter and summer
P generated samples are similar to the actual values of the time series
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Conclusion

P> developed an interpretable net load forecasting method based on linear regression,
which introduces customized time features to model a quasi multiperiodic process

» showed applications such as point forecasts, marginal quantile forecasts, and
conditional samples on ISO-NE net load data for Rhode Island

» open source implementation that can be used for any time series that exhibits
multiple periodicities, available as pip install spcqe

41


https://pypi.org/project/spcqe

Future

vvyyy

work

include additional features such as weather forecasts
compare with more advanced, less interpretable models such as XGBoost
extend the model with other basis functions, analyze other similar processes

investigate different missing data patterns and imputation methods
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