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ABSTRACT
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ata source for analysing land surface change over time for 3
mber of government policies, natural resource management
rge-area, multi-temporal land cover monitoring applications
based on Landsat satellite imagery. However, clouds and associated cloud shadows frequently obstruct the view
of the land surface, The restriction of analyses to cloud-free imagery will reduc
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, cloud shadow was [ess accurate, in com-
parison, with producer’s, user's and overall accuracies of 90,62 and 97%, respectively. The pixel buffer was found

to be the largest source of commission error for cloud and cloud shadow in the final classifications, However, for
many applications removing additional cloud/shadow at the expense of higher commission errors may be desir-
able. The performance of the method was also compared with the published Fmask (Function of mask) method,
This demonstrated a moderate improvement in the detection of cloud (producer's accuracies: time series 98
and Fmask 90%; and an equivalent user's accuracy of 8 and a significant improver

cloud shadow (producer's accuracie: time series 9

Fmask 50%). Importantly, the results in
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ibration,validation of the method has been rest; d to Queensland, Australia, With further de-

velopment there js potential for this method orone using a similar framework to have wider application in other
landscapes,
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the Landsat archive provides

Kennedy et al, 2007). The recent
the dense record of reflectance stored in

tance observations over time. This can lead to confusion in detecting
land surface change and analysing reflectance trends. Reliance on
I free imagery alone restricts sampling opportunities, often to dry
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shadows block land surface information in optical satellite images. Accurate detec of
= Cloud detection clouds and cloud shadows can help exclude these contaminated pixels in further applications. Exi; ting cloud
Cloud shadow screening methods are challenged by cloudy regions where most of satelljte images are contaminated by clouds,
Mask . To solve this problem for landscapes where the 1 fi °ncy of ¢ Tee tions of
LE INFO Optical satellite images o . N N i . 3 . N - - v
ARTIC Time series to use existing methods to mask clouds and shadows, thi; study presents a new Automatic Time.
. — ) (ATSA) method to screen clouds and cloud shadows in mu] temporal optical images. ATSA h
Arridtfh;mw (1) caleulate cloud and st dow indices tct highlight cloud and cloud sh,
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Keyw dlouds three sites. The results were compared with a popular method, Function of Mask (Fmask), which has been
E‘g‘g;‘l:llZl‘:vZ(\ g:loud properties adopted by USGS to produce Landsat cloud masks. These tests show that ATSA and Fmask can get comparable

e peay s a i ctive initiation cloud and shadow mag S In some of the tested images However, ATSA can consistently obtain high accuracy in
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Automatic detection of clouds and cloud shadows is challenging

Optical satellite images with bands ranging from visible to short- (Zhu and Woodco, 014). First, different types of clouds have dif.
wave infrared are widely used for mapping land cover and land use, ferent spectral signatures and are eas ly confused with some cloud-free
monitoring €cosystems, and estimating land sur bright objects on the land surface, especia ly in images with limited

X [
] L] ] n L4
an (Hansen and 1 oveland, 2012; Zhy and Liu, 20 014). Unfortuna ely, spectral bands, such as Landsat Multispectral Scanner (MSS) images. ST O ,
1. Introduction an optical satellite images are easily contaminated by clouds and cloud The spectral signals of clouds are usually determined by cloud height, ] ion e e .
shadows. This contamination obscures land surface feature d alters optical thickn particle size, etc, (Platnic 3). As a result,
Ongoing research the reflectance of ground objeci reducing the availability of optical cloud brightness ranges widely in visible and near infrared bands, and R S,

e o s o
“convective initiation” images for applications (Fisher, 201 Zhu and Woodcock. 2014). some clouds are easily confused with bright land surfaces, such as el
sequences of geost'at Masking clouds and cloud shadows is often the first and a necessary concrete surfaces, sand or snow. Second, blurry cloud edges and thin
ulus clouds, whic step of image Preprocessing in most optical remote sensing applica- clouds p. rtially obscure land surfaces, making their signal a mixture of
cumt o of radar ¢ tions. Although manual digitization can obtain accurate cloud and cloud and land surface elements and making them difficult to separate
i‘? gg\é?;:ics the first o shadow masks, it requires a Iot of time and effort. Therefore, an auto- from clear observations alan et 001). Another challenge

€]

10 °Caltitude, as wel matic method for screening clouds and shadows is needed, especially comes from cloud shadow: ey are easily fused with dark land
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Abstract: Recently, the United States Geological Survey (USGS) has released a new dataset,
called Lands t Analysis Ready Data (ARD), which is designed specifically for facilitating time serjes
analysis. In this study, al consistency of thig new dataset

several Pprocessing ata consisten, Specifically, w examined the impacts

of data resampling, cloud/cloud shadow detection, Bidirectional Reflectance Distribution Function a d n S O r
(BRDF) correction, and topographic correction on the temporal consistency of the Landsat Time
Series ( LTS). We have four major observations, First, single—resampled data (ARD) are generally

more
consistent than double—resampled data (re-projected Collection 1 data), but the difference is very
minor. Second, the improved cloud and cloud shadow detection approach (e.g., Fmask 4.0 vs, 3.3)
moderately increased data consistency. Third, BRDF correction contributed the most in making LTS
consistent, Finally, we corrected the topographic effects by using several widely used al gorithms,
including Sun—Canopy—Sensor (5CS), a semiempirical SCS (5CS+C), and Mumination Correction
(IC) algorithms, however they were found to have very limited or
consistency of LTS, Therefore, we recommend using Landsat AR
shadow detection approach (Fmask 4.0), and

we evaluated the tempor.
streamlines for improving d

>e>mE 2|

and recommended

K
1
F
¢
«
S
1
1
(

€ven negative impacts on the
D with the improved cloud and cloud

with BRDF correction for routine time series analysis,

Keywords: Landsat time seri

; Analysis Ready Data; cloud and cloud sh.
BRDF correction;

topographic correction; resampled data

= Goal to remove clouds;
— —

adow detection ;

1. Introduction

Landsat Time Series (LTS)

has been widely used for
moni toring environmen tal char

a variety of time series analysis fc
[1], such as forest disturbance [2-4], surface water dynamics | 5,6],
urban €Xxpansion [7,8], and agricultural p

201600 o principaly .
i e e T a a
clouds, most ofien the.
i e n Y
e
ctice [9,10], especially since the Openand free policy that was Lo S x e r
implemented by the United States Geological Survey (USGS) in 2008 [11]. One of the most important
factors for time series analysis is the temporal consistency of time series observations. For example,
land cover changes are often detected based on LTS by dlrferencing two images that were acquired at

a different time or comparing a model prediction and a real observation ; and if the data is temporally

inconsistent with each other, more false positive errors are expected [1,12,1 3]. Here, we define data

consistency as data that were collected close in time have similar valyes to allow remote sensing
applications. [ deally, images collected at the same time should have exactly the same valye. However,
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1. Introduction

1.1. Background

A reliable cloud mask is essential for satellite remote sensing of
land, ocean, or cryospheric properties. Due to the significant impact of
clouds on shortwave and longwave radiation, mis-identification of
cloudy pixels as surface or vice versa can significantly affect the quality
oduct. Traditionally, threshold-based previous work (Chen 1

of any satellite remote sensing

tests have been employed in many cloud mask algorithms. Such algo-
rithms include the Automated Cloud Cover Assessment (ACCA) algo-
rithm (Irish et a ) applied to the Landsat ETM + sensor, the cloud

tests applied in the MOD35 algorithm (A

rman l

ABSTRACT

Cloud detection and screening constitute criti atellite data
products. Traditional threshold-based cloud mask algorithms require a complicated design process and fine
tuning for each sensor, and they have difficulties over areas partially covered with snow/ice. Exploiting ad-
vances in machine learning techniques and rad € i
have developed a new, thrcshold free cloud mask-algorithm based on a neural network classifier driven by
extensive rad lati Statistical validation results obtained by using collocated CALIOP and
MODIS data show that its performance is consistent over different ecosy y better than the
MODIS Cloud Mask (MOD35 C6) during the winter ons over snow-covered areas in the mid-latitud

Simulations using a reduced number of satellite channels also show satisfactory results, indicating its flexibility
to be configured for different sensors. Compared to threshold-based methods and previous machine-learning
approaches, this new cloud mask (i) does not rely on thresholds, (ii) needs fewer satellite channels, (iii) has
, and (iv) can easily be applied to different

ronmental systems, we

superior performance during winter seasons in mid-latitude ar
sensors.

located in the visible (VIS), near infrared (NIR), shortwave infrared
(SWIR), and thermal infrared (TIR) wavelength ranges (e.g. MOD35
uses 19 bands — 10 reflectance bands and 9 thermal infrared bands) to
detect clouds and snow/ice. The thresholds used in these tests are
generally from 1) model simulations, 2) statistics of cloud/clear-sky
scenes, and ’%) expert experience. New algorithms, such as fmask (ZI

5), employ dynamic thleﬁholds
d(_llVLd ﬁom ob|cct based cloud and cloud shadow statistics. In our
), a model based dynamic threshold
method was developed, tested, and shown to have superior perfor-
mance compared to the MODIS MOD35 algorithm over the snow-cov-
ered Greenland Plateau.

) for the Because of the similarity of cloud and snow/ice optical properties in
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« Differentiate clouds from snow;

Needs training for each sensor and
scene configuration;
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VIS and near NIR channels, snow detection has always been essential in
cloud mask algorithm designs. Indices for mapping snow cover using
VIS and SWIR data were developed in the mid-1970s. The Normalized o . bty s

Difference Snow Index (NDSI) was introduced by 5) to

moderate-resolution imaging spectroradiometer (MODIS) sensor and
the Clouds from AVHRR (CLAVR) (Stoy ) as well as its
extension CLAVR-x algorithm. These algorithms typically use a com-
bination of threshold tests, which employ a number of satellite channels
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Solar thermoelectric energy has a great potential as an energy
supplier in many countries around the world. Solar power plants
could play an important role in the next few decades when they
become profitable. Whereas solar power technology seems to be
developed enough, regarding solar power plant operation there is
still room for improvement. Also, the management of the produc-
tion of thermosolar power plants and the integration of their
electricity production involve technological challenges that must
be resolved [1].

One possibility to improve solar power plant performance is by
forecasting the short-term solar irradiation profile, allowing oper-
ators to take decisions on the operation mode, thus optimizing the
use of storage systems. Such storage systems (i.e. molten salts) can
extend the production of heat beyond the sunlight hours and
mitigate the effects of solar radiation natural discontinuities, but
their use lead to significant Operations and Maintenance (0&M)
challenges [2]. Cloud coverage is the most attenuating factor of
beam solar radiation, Predicting when and how long the sun will be
covered by clouds would improve solar plant operation. Thus, cloud

* Corresponding author. Department of Applied Physics, University of Almeria,
04120 Almeria, Spain. T 34 950 015914; fax: +34 950 015477.
E-mail address: fbatlles@ual.es (FJ. Batlles).
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suggested as the main sources of information for solar plant oper-
ation improvement by anticipating the power or thermal storage
use.

Some authors study cloud cover through human observati
scoring the clouds portion that covered the sky (oktas) and classi-
fying them according to their appearance. These studies are used
when there is no other available source of information (e.g. sky
imager, satellite observation) [3]. Sakellariou and Kambezidis
(2004) [4] did a prediction of cloud cover using the number of
oktas, obtaining satisfactory results,

Cloud cover has been studied too, using satellite images. Satel-
lite images have been used for solar assessment over large areas.
Janjai et al. (2009) [5] derived global hourly solar radiation from the
visible channel of the Geosynchronous Meteorological Satellite 5
(GMS-5) satellite, while Senkal and Kuleli [6] utilized Meteosat
imagery together with Artificial Neural Networks (ANNs) for the
estimation of solar radiation in Turkey. Zarzalejo et al. (2005) [7]
developed a model based on ANNs to quantify the influence of
the satellite detected clouds on the hourly solar irradiation. More
recently, Senkal (2010) [8] used remote sensing and ANNs to pre-
dict global solar radiation without any meteorological data and
with a relatively good agreement between measures and predicted
values. Also, the prediction of radiance from satellite imagery has
served to contrast conventional linear models of estimation of

= o

e e A
- oy

e

Advection applied to entire image;
Image segmenting leads to

a lack of granularity.
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1. Introduction the complex clouds and atmosphere’s dynamics. Two types of
forecasting methods can be considered namely deterministic and

forecasting via satellte/model coupling.

Achieving a high penetration of solar energy into electricity probabilistic. Both methods attempt to predict the future outcome o bt e e
grids poses a challenge as the inherent variability and lack of pre- of a variable but information on the probability distribution of the
dictability of solar power affects the supply/demand balance. As a prediction is only present in the probabilistic forecast. Many

n ‘
e ; , . As . o
b 5 it result, the grid operator needs to take proper actions to maintain research efforts have been devoted to the development of models S e e Tt a [
T e 0 sents a val this balance either by providing additional reserves or by adjusting for generating solar deterministic forecasts. However, a forecast is P e
= o This paper pre the output of controllable generators. One of the strategies to inherently uncertain and a proper assessment of its probability -—-——-—-——"'—_—:——.;_:_‘_:_.—-- lm a e — ,
L —E manage the impacts of solar variability is to predict the short-term distribution offers the grid operator a more informed decision- o s ] B
prodUCEd as part of the future solar irradiance and the corresponding solar PV power making framework. Thus, a deterministic forecast plus pre- T e
output at different time horizons. This provides valuable informa- dictions intervals for different confidence levels provides more Laslen

tion for grid operators to mitigate the inter; ttency at lower cost, useful information to manage the renewable sources uncertainty in
ensuring the electricity system stability. PV power forecasting is a cost efficient and reliable manner [1]. Contrary to wind power

six-hours ahead are bas . °
also required to anticipate the PV production availability for trading forecasting where probabilistic forecasting appears to be a mature = . - [ ®
The medium term fore( and to recluge the uncertamFy of its selling pnce.' Theretpre, im- -4], probabilistic solar forecasting is still in its first stages d i e C O I e ‘ a S
provements in solar forecasting methods are required to increase 5,6]. - [ )
he US| the value of solar PV, enabling a higher penetration of this tech- or one day up to several days ahead, Numerical Weather Pre- 1 e S
forecasts from the nology into electricity grids. dictions (NWP) are r utinely used to produce deterministic or
Solar predictions are intended to anticipate at time (t) the future probabilistic forecasts. The latter takes the form of ensembles of —
behavior(ﬂuctuations) of ground level solar irradiance as a result of forecasts obtained by running a NWP model while changing e
slightly the initial conditions [7 Geostationary satellite images can
be used for intra-day deterministic forecast by means of sophisti-
* xggonding author. cated Cloud Motion Fields (CMF) estimations [8,9]. As the present
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Disadvantages

Poor Hardware Sensor Training Maintenance Cost Cloud Groups
Complex Logic Scene Training Orbiting Satellites Straight Motion
No Granularity Pixel Geo-mapping Camera Location Specific ~ Cloud Cover
Cloud Type Insensitivity Cloud-Free Observations Cloud Removal
Region Specific Thunderstorms Image Filtering Snow Discrimination
Days-ahead Forecasting Interpolation [rradiance Sensors Many Images

External Data  Terrain Advection Sky Imagery Image Segmentation Nowcasting



My Contribution

Poor Hardware Maintenance Cost
Orbiting Satellites Straight Motion
No Granularity
Cloud-Free Observations
Region Specific
Many Images

External Data Image Segmentation



My Contribution

Commodity Hardwazxe.: rraining  Low Maintenance Costs  cioud Groups
Complex Logic scene Training  (Geostationary Satellites Curved Paths

Per Pixel Forecast rixel Geo-mapping Camera Location Specific Cloud Cover
Cloud Type Insensitivity Utilize Cloudy Pixels Cloud Removal

Generalized Applicatiﬂnhunderstorms Image Filtering Snow Discrimination

Days-ahead Forecasting Interpolation Irradiance SensorsOtart with Two Images

No Additional "h’lpil&tivection Sky Imagery Pixel Level Motion D@tﬁ\etm



My Contribution

Geostationary Satellites

Commodity Hardware Increased time series
Low Maintenance Costs frequency compared to
Start with Two Images orbiting satellites.
No Additional Input

. P Enables hours-ahead
Utilize Cloudy Pixels

forecasts.

Curved Paths
Pixel Level Motion Detection Larger horizon compared
Per Pixel Forecast to all-sky cameras.

Generalized Application



My Contribution

Geostationary Satellites

Commodity Hardware

Low Maintenance Costs No need for powerful
Start with Two Images super-computers.

No Additional Input

Utilize Cloudy Pixels No specialized hardware
Curved Paths requirements for

Pixel Level Motion Detection ~ acquiring data.

Per Pixel Forecast

Generalized Application



My Contribution

Geostationary Satellites

Commodity Hardware No historical data needed
Low Maintenance Costs to start forecasting, only
Start with Two Images last hour images.

No Additional Input

Utilize Cloudy Pixels Only provide images, no
Curved Paths other ground-measured
Pixel Level Motion Detection data or weather

Per Pixel Forecast information.

Generalized Application



My Contribution

Geostationary Satellites
Commodity Hardware

Low Maintenance Costs

Start with Two Images Not necessary to filter out
No Additional Input cloudy images. Forecasts
Utilize Cloudy Pixels are made based on

Curved Paths previous cloud motion.

Pixel Level Motion Detection
Per Pixel Forecast

Generalized Application



My Contribution

Geostationary Satellites
Commodity Hardware

Low Maintenance Costs

Start with Two Images Simulate realistic

No Additional Input behavior of cloud
Utilize Cloudy Pixels movement on a global
Curved Paths scale.

Pixel Level Motion Detection
Per Pixel Forecast

Generalized Application



My Contribution

Geostationary Satellites
Commodity Hardware

Low Maintenance Costs

Start with Two Images Motion detection and

No Additional Input forecasts are per pixel, not
Utilize Cloudy Pixels groups of pixels or image
Curved Paths segments.

Pixel Level Motion Detection
Per Pixel Forecast

Generalized Application



My Contribution

Geostationary Satellites

Commodity Hardware
Solution ignores

background information
(which is still) and works

with observed motion.

Low Maintenance Costs
Start with Two Images
No Additional Input
Utilize Cloudy Pixels
Curved Paths

Pixel Level Motion Detection

No training needed for a

particular region.
Per Pixel Forecast

Generalized Application
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Notations

scene S
wind W
wind map W,
cloud C
clear C

cloud mask CM
boid object b
T}’

motion vector




The Pressure Gradient Force (Petersen et al., 1998a)

. X-Y
Pressure Gradient Force = —
distance

high pressure = cold air H
low pressure = warm air L



The Pressure Gradient Force




The Coriolis Force (Coriolis, 1832 & 1835)

() — Earth's angular velocity

-

v — velocity of moving body
® - latitude of moving body




The Coriolis Force (Coriolis, 1832 & 1835)

#
Coriolis Force = 2Qv sin ® Q) - Earth's angular velocity

v — velocity of moving body
® - latitude of moving body

footnote



The Coriolis Force

Coriolis Force = 2Qv sin @ Q) - Earth's angular velocity

—

v — velocity of moving body
® - latitude of moving body

Bosch and Kleissl (2013) assumed linear C motion.

They used a network of ground-mounted irradiance
sensors on the site of a PV plant.

v direction was obtained from edge detection of
transient C, and v speed was computed by correlating
time lags in PV panels power output.



The Frictional Force (Petersen et al., 1998a)

Frictional Force < uv
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The Frictional Force (Petersen et al., 1998a)

1 km

0 km




The Centrifugal Force (Weidner and Sells, 1973)

#
Centrifugal Force = mw?r

M — alr mass
w — W angular velocity
r — curved path's radius



The Centrifugal Force (Weidner and Sells, 1973)

#
Centrifugal Force = mw?r

M — alr mass
w — W angular velocity
r — curved path's radius



The Centrifugal Force (Cushman-Roisin and Beckers, 2011; Nanda, 2018)
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Assumption 1

[ assume Wis a product of the global forces (except
for the Frictional Force), but not affected by terrain
roughness, topography, and tall structures.



Assumption 2 (Sun et al., 2018; Nouri et al., 2019)

[ assume C are at the appropriate altitude to be
transported by large-scale W, and C movement is
not influenced by other phenomena except for W.



Assumption 2 (Sun et al., 2018; Nouri et al., 2019)

[ assume C are at tl e appropriate altitude to be
transported by large-scale W, and C movement is

not influenced by other phenomena except for W.



Assumption 3 (Farnebick, 2003)

[ assume W velocity and direction of movement are
attainable from C motion by applying the Optical

Flow Procedure to construct the W, using .



Assumption 3 ® Optical Flow Example (Farnebidck, 2003)




Assumption 3 ® Optical Flow Example (Farnebidck, 2003)




Assumption 3 ® Optical Flow Example (Farnebdck, 2003)

Marquez and Coimbra, (2013), and Zaher et al. (2017)
believe v can be obtained from sky cameras or
ground-mounted irradiance sensors.

They omitted geostationary satellite imagery from
their study:.



Assumption 4

[ assume W and C exist on the same 2D plane from
the perspective of the satellite's sensor.



Assumption 4 ¢ 2D Plane

INRgEER + 35 000 000 m

16 000 m

12 000 m

2000 m
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Wil
Wil




Assumption 4 ¢ 2D Plane

+ 35 000 000 m

m!m




Assumption 4 ¢ 2D Plane

+ 35 000 000 m

2D plane

Nouri et al. (2019) measured average cloud heights
between 2 and 12 km altitude.

Nanda, (2018) writes about atmospheric processes
claiming wind is present up to 16 km altitude.



Assumption 5 (Cushman-Roisin and Beckers, 2011; Nanda, 2018; Coriolis, 1832 & 1835)

[ assume W is constant and flows continuously in the

same directions because of the aforementioned
forces and the global air circulation system.



Assumption 6 (Petersen et al., 1998a)

[ assume W is smooth.

As pressures gradually come to an equilibrium,
changes in W speed and direction over an amount of
time is smoother rather than abrupt. The greater the
pressure difference, the stronger the W is.



Assumption 7

[ assume W is present everywhere on the W, even

if it does not contain v in p. The gaps in the map can
be filled in using v found in other regions of S.



Assumption 7 ® Wind Map Example




Assumption 7 ® Wind Map Example




Assumption 7 ® Wind Map Example




Assumption 7 ® Wind Map Example

Assumed Wind Observed Wind
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The Flocking Behavior (Reynolds, 1987)

Simulate groups of birds, fish, and animals;



The Flocking Behavior (Reynolds, 1987)

Simulate groups of birds, fish, and animals;

Has origins in computer graphics;



The Flocking Behavior (Reynolds, 1987)

Simulate groups of birds, fish, and animals;
Has origins in computer graphics;

Evolved from particle systems;



The Flocking Behavior (Reynolds, 1987)

Simulate groups of birds, fish, and animals;
Has origins in computer graphics;
Evolved from particle systems;

Nature-inspired.
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The Flocking Behavior ® Collision Avoidance




The Flocking Behavior ® Velocity Matching




The Flocking Behavior e Flock Centering




Collision Avoidance

Fixed radius

Minimum distance

Avoid impact



Collision Avoidance

Fixed radius
Minimum distance

Avoid impact




Collision Avoidance

Fixed radius
Minimum distance

Avoid impact




Velocity Matching
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Neighborhood radius

Analyze neighbors

Match velocity




Velocity Matching
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Neighborhood radius

Analyze neighbors

Match velocity




Flock Centering

Flock boundary

Center of mass

Move closer



Flock Centering

Flock boundary

Center of mass

Move closer



Migratory Behavior

Global movement targets

Set coordinates checkpoints

Affects all boids o







Modified Boids Algorithm

Collision Avoidance
Flock Centering

Velocity Matching



Modified Boids Algorithm

Collistordweidanee (Asm. 1)
Flock Centering

Velocity Matching



Modified Boids Algorithm
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Modified Boids Algorithm
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Modified Boids Algorithm
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Modified Boids Algorithm
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Modified Boids Algorithm

ellistonAveidanee (Asm. 1)
MockCentering (Asm. 5)
~ Velocity Matching

+ Define neighborhood radius

+ Existenceota W,



Modified Boids Algorithm

Flecleentering (Asm. 5)
~ Velocity Matching
+ Define neighborhood radius

+ Existenceota W,

E—
+ Centrifugal Force



Modified Boids Algorithm

HodkeLentering (Asm. 5)
~ Velocity Matching
+ Define neighborhood radius

+ Existenceota W,

E—
+ Centrifugal Force



Workflow e Construct the wind map

Construct S° Wiap-

Detect motion in each 72 € I.

Save U € 1 as optical flows.

Aggoregate flows into a general

Winap-




Workflow e Initialize the cloud particles

Insert C particles in S.

Filter C' pizels and isolate them
from S’ background.

Initialize C' particles in S.




Workflow e Forecast the scene

Forecast W and C'.

Update the W, 4, using the set
of rules.

Update the C particles’
positions according to the new

Wnap-
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Pixel motion data

1

1

0

9 =+ 10

0

10 =» 11







1 2 3 4 d O
1.02246 | | 1.02576 | | 1.01616 | | 1.04350 | | 1.74782 | | 1.06209
-0.01143| | -0.4596 0.3804 1.0055 1.64463 | | 1.65841
1.0232 0.9910 0.9932 1.1044 1.5785 0.7234
0.0032 0.0334 0.1890 0.3045 0.7001 1.0033
0.5693 0.7203 0.8993 0.4323 0.2003 0.0234
0.7134 0.8024 0.9203 1.2304 1.4403 1.5774
0.5435 0.2232 0.1334 0.0021 -0.0043 | | -0.0123
0.5463 0.5343 1.0102 1.0324 1.1084 1.2192
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Parallelisations ® OpenMP

tpragma omp parallel for shared(files)
private(i) schedule(dynamic, 3)

for 1 ¢ 0 to range(files) do
drawOpticalFlowMap ()
saveOverlays()
averageFlows()

end for



Parallelisations ® OpenMP

tpragma omp parallel for shared(files)
private(i) schedule(dynamic, 3)

for 1 ¢ @ to range(files) do
#pragma omp sind drawOpticalFlowMap()
for y € 0 to rows do
for x € O to cols do
drawLine ()
drawCircle()
end for
end for
saveOverlays()
averageFlows()
end for




Parallelisations ® OpenMP

#pragma omp parallel for shared(files)
private(i) schedule(dynamic, 3)

for 1 ¢ © to range(files) do
drawOpticalFlowMap()
saveOverlays()
averageFlows ()

end for



Parallelisations ® OpenMP

#pragma omp parallel for shared(files)
private(i) schedule(dynamic, 3)

for 1 ¢ © to range(files) do
drawOpticalFlowMap()
saveOverlays()
#pragma omp parallel for shared(files) private(index, row, coklerageFlows()
for i1ndex ¢ @ to numberOfFlows do
readImage ()
for row « © to 1mageRows do
for col ¢« © to 1imageCols do
addPoints ()
end for
end for
end for
#pragma omp parallel for private(row, col)
for row ¢« © to 1mageRows do
for col ¢« © to 1mageCols do
updatePoints()
end for
end for
end for



Parallelisations ¢ CUDA

loc ¢ input[Tiqgl
vli, v2, v3 ¢« (0, 0)
for 1 ¢ —-radius to radius do
for 3 ¢ -radius to radius do
v ¢ vel[(loc.y + 1) * width + loc.x + j]
1f v # (0, 0) then
accumulateVelocity(v, v1, v2, v3)
end 1f
end for
end for
output[Tig]l ¢ vl + v2 + v3
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Dataset Anomalies
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MAPE score

1 o — e el S
0% i g e
20 b e e ---------------------

L e e

3ho6h 1 day 2 days 3 days






I % 3,/
MAPE=;§ ‘




‘ 30° — 40

— | = 0.33
300 ‘ /

‘ 60° — 70°

=0.16
60°







\ ‘ o v
MAPE =)' MARE" =
pa \ -

20 —49 = (.33 9(30-40°) = (.05
30° .

o - = 0.16 o60,70°) = 0.05
60 .

/0" - 60 = (.14 0(70",60°) — 005
70° s




Mean Angle Error
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BN [P — Correctly forecast C pixels
TN — Correctly forecast C pixels
BN P — Incorrectly forecast C pixels ' .
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Overall Values
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Actual vs Forecast Cloudy Pixels
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Recall Score = TP/(TP + FN)
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Precision Score = TP/(TP + FP)
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Scalability (Spdtaru et al., 2021)

The sequential algorithm forecasts one frame
containing 10 000 particles in around 16 seconds.
Parallel versions have a shorter execution time and
can process orders of magnitude more particles.

The number of V is upper bound.
The number of C particles is not.



Wind map update execution time
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Cloud particles update execution time
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Neural Network approach (Penteliuc and Frincu, 2019)

[solate C using a thresholding method.
Generate v using the Optical Flow Procedure.

Train the network on v time series.



Feed Forward Back Propagation Neural Network (Rojas, 1996)

Input Hidden Ouput
Layer Layer Layer




Neural Network results

Mean Squared Error is between 4.5 X 107° and
9.76 X 107° depending on input size.

Inefficient compared to the Modified Boids
Algorithm because the network was trained on
small sections of images.

The network is overfitted because it needs vast
amounts of resources to train and forecast.



Correlation with Irradiance (Mamory, 2002)
meerrarerey Ci - High Thin Cirrus

| Cm - Medium Clouds

St - Stratus, Mist

Sc - Stratocumulus

Cu - Cumulus
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Resolution | Wavelength Purpose

60 m 443 nm Aerosol Detection

10 m 490 nm Color Blue

10 m 560 nm Color Green

10 m 665 nm Color Red

20 m 705 nm Vegetation

20m 740 nm Vegetation

20 m 783 nm Vegetation

10 m 842 nm Near Infrared

20m 865 nm Vegetation

60 m 945 nm Water Vapor

60 m 1375 nm Cirrus Cloud

20 m 1610 nm Snow-Ice-Cloud

20 m 2190 nm Snow-Ice-Cloud 2

, 2015)
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(Paulescu et al., 2010)

Date Time | Global Irradiance | Diffuse Irradiance
2021-07-08 | 09:40:29 884.3 111.2
2021-08-10 | 09:30:41 865.1 182.7
2021-07-13 | 09:40:31 865.5 187.3
2021-07-15 | 09:30:39 870.7 242 .4
2021-07-18 | 09:40:39 870.5 128.5
2021-07-20 | 09:30:41 377.7 342.8
2021-07-23 | 09:40:31 891.9 184.5
2021-07-25 |1 09:30:39 849.5 161.5
2021-07-28 | 09:40:29 836 167.3
2021-07-30 | 09:30:41 852 131.3

W/m?>
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2021-07-20 | 09:30:41 377.7 342.8
2021-07-23 | 09:40:31 891.9 184.5
2021-07-25 | 09:30:39 849.5 161.5
2021-07-28 | 09:40:29 836 167.3
2021-07-30 | 09:30:41 852 131.3




Date Time | Global Irradiance | Diffuse Irradiance Cirrus Band
2021-07-08 | 09:40:29 884.3 111.2 14
2021-08-10 | 09:30:41 865.1 182.7 18
2021-07-13 | 09:40:31 865.5 187.3 18
2021-07-15 | 09:30:39 870.7 242 .4 16
2021-07-18 | 09:40:39 870.5 128.5 16
2021-07-20 | 09:30:41 377.7 342.8 80
2021-07-23 | 09:40:31 891.9 184.5 44
2021-07-25 | 09:30:39 849.5 161.5 18
2021-07-28 | 09:40:29 836 167.3 14
2021-07-30 | 09:30:41 852 131.3 14
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Irradiance | Irradiance Cloud
Global 1 0.040009 | -0.875854
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Color Percentage
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Conclusion

Actual vs Forecast Cloudy Pixels

670 5.657%

5.46%

4.5%
3%
1.5%
1.02%
L

1 hour 3 hours 15 hours

B Actual Cloud o TP B FN



Conclusion

Actual vs Forecast Clear Pixels
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Future Work

Higher resolution images;
Online forecasting service;
Applicability on sky images;

Ettectiveness of auxiliary input.
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