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MOTIVATION
Why we have to do the Intra-day forecast ?

e The forecast horizon of around 1- 6 hours |
(Intra-day) can help grid operation E
management e.g. load-following. : o e
2" . e
e C(Cloud information is necessary to estimate
the future irradiance in the horizon of an - 2z
Intra-day which can be extracted from | i
satellite images. o NI

Temporal Horizon (h)

Source: |. Antonanzas et al. “Review of
photovoltaic power forecasting,” Solar energy,
vol. 136, pp. 78-111, 2016.
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OBJECTIVE
Project goals

e Analyze the extracted information from cloud
images then use it to develop forecasting model.

e |Improve and compare the forecast model
performance from various ML methods i.e. Linear

regression, Support vector regression, Random
forest, and also CNN.
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METHODOLOGY
Data acquisition

1. IMPACT SOLAR GROUP

e They provided the measurement from
sensors; Generated power (P [kW]),
<\ Irradiance (I [W/m?]), and Temperature
\> (T [CD.
e The data were obtained from site
No.48 located at Pathumwan Bangkok
with a period of 15 minutes.
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METHODOLOGY

Data acquisition

2. SGRU

SGRU

Smart Grid
Research Unit

Cloud images from Himawari satellite
were received at the ground station
located at CUEE by SGRU

The pictures came with a period of 10
minutes, resolution of 1725x1670 pixels
and each pixel represents area with
size 2x2 km?




METHODOLOGY
Overall scheme of project

sensor measurement The argument t+k denotes the future time

for 30 x k minutes from the present time t

Forecast model 6+, |2P model —»b(t+k)

| |
. Feature Extraction

cloud information

T— £1, L

Satellite Images

e The forecast model used sensor measurement and cloud information extracted from
satellite images as predictors to predict the next k steps of irradiance.

e To get the generated power, Irradiance to Power (I12P) model was applied to convert
the estimated irradiance.
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METHODOLOGY

Forecasting in each horizon
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In this project, we will forecast the irradiance in a horizon of 30, 60, .., 240
minutes (8 steps), the estimated irradiance comes from separated forecast

models.
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METHODOLOGY
Cloud motion vector

CMV is the vector that represents velocity in each pixel which
can be determined by 2 methods including
e Block matching
e Optical flow
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Source : T. Carriere, R. A. e Silva, F. Zhuang, Y.-M. Saint-Drenan, and P. Blanc, “A new approach for
satellite-based probabilistic solar forecasting with cloud motion vectors”, Energies, vol. 14, no. 16, p.
4951, 2021. 12



METHODOLOGY
Block matching

Block matching is an algorithm which searches a paired pixel

that yields the highest Correlation

e Exhaustive search - search every pixel in the search domain
e Box search - grouping pixels into a box and then search

Exhaustive search

Box search
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METHODOLOGY
Optical flow

Optical flow is the method that determine CMV in every pixel in picture
with the following assumptions:

e The intensity remains the same between two consecutive images
e No formation/deformation and no spreading of cloud

e Motion of cloud is treated the same as motion of rigid body

All of these assumptions can be written in the mathematical expression as

1X X X
p Vx+ p + p
0x oy ” ot

I (x+de,y+dy,t+d) =1 (x,y,1) — ~ 0
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METHODOLOGY
Horn-Schunck method

Horn-Schunck proposed the optimization problem

ol . ol . ol . \2

pix pix pix
Yy o+ .

0x * dy Y ot

arg min (V.v) 24 ( Vyvy) 242

Ve Vy PIC

For solving this optimization problem together with the OF
assumptions, this will yield a unique solution of velocity.
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METHODOLOGY
Candidate pixel

A pixel will get candidate if it satisfies both the spatial and temporal conditions

e Temporal condition - a pixel get closest to the interested location at the time
around the forecast horizon

e Spatial conditions - a minimum distance between pixel and the location must
not exceed a threshold R

At the horigon time

]

A pigel is candﬁi

cl
7
N

<_.
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METHODOLOGY
Candidate pixel

e The distance between pixel and the interested location
can be expressed as

d(1) = I(x=xg) + 10 P+ 1=y ) + 0,12

e Atime that pixel get closest to the interested

location is given by

site
(x—x :

v +(y—y )vy

site” ~ x site

t =max 0, —
242
x oy

e Minimum distance between pixel and the interested location

is given by

A
dmin = d( tc)



METHODOLOGY

The procedure of weighted average CI

Cl(x, y)

Cl(xsite » Ysite)

Cl(x,y) Cl(xsite » Ysite)
compute t, compute dj
No No
<=
Yes Not candidate Yes
calculate dpp,
Yes
Qe +k ) i
(€ + k) = Xw;Cl; YgIVmng—Zngj

For each pixel we compute time t_and
minimum distance d to determine

whether such pixel is candidate or not.

After completing the determination
process, we will calculate the
estimated cloud index by the
proposed expression.
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METHODOLOGY
Best subset selection

Let the predictor X has p variable(s) then there are 2P possible subset of predictor, We want to
select the subset that provide the best prediction result in the following steps

Denote M_ be the blank model for not using any predictor.

2. For the model with k variable(s), choose only one group of predictor that give the best model
performance from all possible group i then define as M,.

3. FormodelM M

PUR

1variable model 2 variables model 3 variables model
X, X;5 X, M, Xgs Xpy Xq M,
X2 M1 X2, X3
X3 X1, X3

Mp, apply the model selection criterion in order to choose the best model.
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METHODOLOGY
Model selection criterion
The selection criterion provides the score that weighted between model
loss and model complexity, In this work we use 2 criterions that is
Akaike information criterion (AlC) and Bayes information criterion (BIC)

d
AIC = log( MSE) + 2F

scaled

log( N)

BIC = log( MSE) + 2

scaled

e N is the number of validation data and d is the number of parameter
used.
e Noted that this is true under the assumption that the linear regression

model is disturbed by noise that is gaussian distributed. .



PRELIMINARY RESULTS
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PRELIMINARY RESULTS

QOutcomes of this semester
e Best subset selection result
e Baseline model

e Extracting cloud information
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PRELIMINARY RESULTS
Data augmentation

1.

3.

Training data - We only use it in the feature selection process. In this
early semester, data from February 5, 2022 - July 15, 2022 was used
from both sensor and satellite image data.

Validating data - This dataset is used for measuring the performance of
each sub-model in the selection process. The data was used from 16
July 2022 - 31 August 2022.

Testing data - This dataset is used to test the performance of a model
that has been validated. The data was used from 1 September 2022 - 30
October 2022.
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PRELIMINARY RESULTS
Best subset selection : candidate features

For building model to forecast irradiance next 30 minutes (1 step at
time t+1) , the candidate features are
e Previous irradiance values : (), I(t-1), I(t-2), .., [(t-6)
e (lear sky irradiance at that time : | | (t+1)
e (osine of solar zenith angle at that time : cos(0(t+1))
e Temperature: T(t)

I(t) I(t-1) I(t-2) I(t-3) I(t-4) I(t-5) I(t-6) cos(6(t+1)) 1, (t+1) T(t)




PRELIMINARY RESULTS

Best subset selection : result

AlC

=10.2469 and BIC

scaled

e Some previous irradiance : I(t-5), 1(t-4), I(t-3), I(t-1), I(t)

e (lear sky irradiance at that time : | (t+1)

e (osine of solar zenith angle at that time : cos(0(t+1))

For linear regression model, the set of parameters that gives the
lowest value of AlC and BIC is obtained when k = 7 with score
=10.3122, The chosen predictors are

I(t)

I(t-1)

I(t-2)

I(t-3)

I(t-4)

I(t-5)

I(t-6)

cos(0(t+1))

Iclr(t+1)

T(t)
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PRELIMINARY RESULTS
Baseline model : model mapping

To evaluate the capability of cloud information, the baseline model will
NOT include cloud feature. The model for estimating irradiance I(t+k) has
features which were inferred from the selection method and then use its for

LR model
Output : [(t+k)

Input: (1), I(t-1), I(t-3), I(t-4), I(t-5),
cos(B(t+k)), Idr(t+k),
HR(t)
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PRELIMINARY RESULTS
Baseline model : forecasting results

RMSE [W/m?|
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The graphs show the performance of baseline model
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e FErrorsincrease as the time horizon increases.

e Errors tend to be relatively high during the daytime.
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PRELIMINARY RESULTS
Extracting cloud information

Consider the area around the experiment location

then extract CMV by HS method
e C(Calculate CMV from two consecutive images by MATLAB computer
vision toolbox.
e Every pixels has its own CMV.
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PRELIMINARY RESULTS
Extracting cloud information

After calculate the CMV, then use its to estimate the future cloud index

400- 400-

200- 200-

Tremoved seasonal (t)

-200- —200-

Imnaved seasonal (t + 1)
o

—-400— —-400-

-600- —600-

- o 6 08 1
The correlation between the estimated cloud index and irradiance at
time t + k should appear in the same aspect as the correlation between

the averaging cloud index and irradiance at the present time.
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Future work
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Future work

The plan for next semester are

Try to extract CMV with Block matching method
Experiment and improve Cl estimation algorithm
Build forecasting model with CNN
Convert irradiance with 12P model

Vs

Calculate CMV with HS method

~

Improve

Calculate CMV with Block
matching method

l |

Build the forecasting
Develop the Cl estimation algorithm irradiance model

with traditional ML

Build the forecastingw (Convert irradiance
model with CNN J L with 12P model

Compare the result
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Model selection score

k | RSS(x10°) | R? Feature AlCssisi | BlCssia

1 226,1 0.5671 | I(t) 10.4187 | 10.4841

2 197.2 0.6224 | I(t), cos (O(t + 1)) 10.2820 | 10.3474

X, 193.5 0.6295 | I(t - 5),I(t),cos (O(t + 1)) 10.2629 | 10.3283

4 191.8 0.6328 | I(t —5),I(t — 1),1(t),cos (O(t + 1)) 10.2541 | 10.3195

5 190.8 0.6346 | I(t —5),I(t — 1), I(t), Ia.(t + 1), 10.2491 | 10.3145
cos (O(t + 1))

6 190.4 0.6354 | I(t—5),I(t — 3),I(t - 1),1(¢t), 10.2471 | 10.3124
Lar(t + 1), cos (O(t + 1))

T 190.3 0.6354 | I(t —=5),I(t —4),I(t - 3),I(t — 1),1(¢t), 10.2469 | 10.3122
I (t +1),cos (O(t + 1))

8 190.4 0.6354 | I(t—6),I(t —5),I(t —4),I(t - 3),I(t—1), | 10.2470 | 10.3123
I(t), Iac(t + 1), cos (O(t + 1))

9 190.4 0.6353 | I(t—6),I(t = 5),I(t —4),I(t - 3),I(t —2), | 10.2472 | 10.3126
I(t —1),I(t), Iq.(t + 1), cos (O(t + 1))

10 192.1 0.6321 | I(t—-6),I(t —5),I(t —4),I(t - 3),I(t —2), | 10.2559 | 10.3213
I(t —1),1(t), Iq.(t + 1), cos (O(t + 1)), T(t)
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BACKUP

MATLAB CV toolbox for calculating CMV
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