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Abstract—Accurate minutely solar irradiance forecasting is the basis of minute-level photovoltaic (PV) power
forecasting. In this paper, a minutely solar irradiance forecasting method based on real-time surface irradiance
mapping model is proposed, which is beneficial to achieve higher accuracy in solar power forecasting. First, we
extract the red-green-blue (RGB) values and position information of pixels in sky images after background
elimination and distortion rectification, to explore the mapping relationship between sky image and solar irradiance.
Then a real-time sky image-irradiance mapping model is built, trained, and updated according to real-time sky
images and solar irradiance. Finally, the future solar irradiance within the time horizons varying from 1 min to 10
min ahead are capable to be forecasted by using the latest updated surface irradiance mapping model with extracted
input from the current sky image. The average measures of proposed method by using MAPE, RMSE, MBE are
22.66%0, 92.72, -1.26% for blocky clouds; 20.44%, 132.15, -1.06% for thin clouds and 18.82%, 120.78, -0.98% for
thick clouds, thus deliver much higher forecasting accuracy than other benchmarks.

Keywords—Solar irradiance forecasting; minutely; sky image; surface irradiance mapping; real-time model
I INTRODUCTION
1.1 Background and literature review

Solar photovoltaic (PV) power generation is one of the most promising renewable energy resources, which has developed
rapidly and gained more and more worldwide attention in the past few decades [1]. According to the nature of electricity, the
generation, transmission, distribution, and utilization of electric power are entirely based on real-time synchronization [2],
which means PV power generation systems are accessed on both generation side and load side [3]. In the case of China, for
generation side, large-scale grid-connected PV power plants are the dominant application form in its early development stage
[4]; while for load side, the distributed PV such as building-integrated PV (BIPV) has also developed rapidly in recent years
[5]. However, solar power is a kind of uncontrollable energy resource with high random fluctuations and uncertainties, which
poses significant challenges to the power system operation [6]. In cloudy days, the solar irradiance received by PV modules
could be highly random and fluctuant due to the motion of clouds [7], which will result in a minutely fast random fluctuation
effect on solar PV power output [8]. Therefore, with the increasing penetration of PV power in the power grid, the
characteristics of energy generation side and load side will both change significantly, thus lead to difficulties on maintaining
the dynamic balance between supply and demand sides [9], which result in the possibilities of accident occurrence, such as
voltage rise and vacillations, variation in frequency harmonics and other severe problems [10,11].

In order to avoid the occurrence of the above situations, various solutions have been proposed, including backup generators
[12], battery reserves [13], demand response [14,15], power system scheduling, and dispatches [16], etc. However, there are
still existing limitations in all these solutions. The power ascend/decline rate of backup generators is restricted by the unit ramp
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rate, which may result in difficulties to meet the incremental power generation need [17]. As for battery reserves,
massive-scale energy storage is still difficult to realize for the sake of production costs and storage capacity restrictions [18].
Concerning the lack information on electricity consumption behavior of residential users, it’s also hard to achieve demand
response technologies [19]. Besides, the effectiveness of these mentioned solutions largely relies on the accuracy of
forecasting with various time horizons, thus help the grid dispatching side to update and correct day-ahead scheduling [20].
Accurate forecasting can not only provide future PV power output data for grid operators, thus to mitigate the adverse effect of
random PV power on the power grid [21], but also bring data support for demand response and prolong the service life of
reserve battery by reducing times of charge and discharge [22].

In recent years, PV power forecasting technologies have been widely studied, developed, and improved. In this area, early
researches were mainly based on the data-driven algorithm and statistical analysis theory [23]. According to the historical
power output and meteorological data, researchers can excavate the mapping relationship between the historical impact factor
data and future power generation output [24]. However, this type of researches is limited to external numerical variation law of
historical PV power output and impact factor data record, thus become difficult to forecast the fast fluctuation of PV power
with a high time resolution. Hence, to explore the core physical reasons behind the power changes, the fundamental factors
that causing the sudden change of irradiance and PV power are necessary to be explored [25]. In other words, the prediction of
cloud motion is an essential part of ultra-short-term irradiance forecasts [26]. Based on the above considerations, solar
irradiance or PV power forecasting methods using sky images are presented, which shows better potential and accuracy than
traditional forecasting methods based on historical data and statistical learning models [27].

In general, forecasting methods should be selected according to the forecasting temporal-spatial and horizon scale. As for
medium and long-term forecasting horizon, in [28], a Particle Swarm Optimization (PSO) optimized extreme learning
machine (ELM) method was applied to forecast medium and long-term solar PV power output with different time intervals: 15
min, 30 min, 60 min, and showed better performance compared with other basic machine learning methods. However,
compared with longer term forecasts, short-term and ultra-short-term forecasts are getting more attention from researchers.
For short-term forecasting, literature [29] proposed a backpropagation neural network (BPNN) model to forecast day-ahead
PV outputs. The aerosol index was an input, as the researchers claimed it was strongly (linearly) correlated with the attenuation
of incident solar radiation. In [30], a hybrid approach for day-ahead power output forecasting of a PV installation was
developed by integrating generalized regression neural network (GRNN) with a couple of feed-forward neural network
(FFNN) and multiple linear regression (MLR). Stepwise regression was employed for selecting the most strongly correlated
meteorological parameters as input for this model. For these types of forecasts of which the forecast horizon is only one day or
a few days ahead, meteorology impact factors extraction based numerical weather prediction (NWP) and satellite images have
been widely mentioned in various literature [31-33]. Despite abundant meteorology information contained in NWP and
images captured by satellite imagery systems, these types of techniques have still been limited in practical application because
the local information cannot be depicted quite elaborately [34]. Here we mainly focus on local and shorter term forecasts
(lower than one hour) where artificial intelligence methods are generally applied. Therefore, sky image-based methods are
widely used for the sake of its higher temporal and spatial resolution in ultra-short-term forecasts, as cloud information can be
seen as a crucial factor to the established training model [35]. The use of all-sky cameras is a promising solution for intra-hour
forecast horizons as introduced in [36] and [37]. For ground-based sky imaging systems, one study applied cloud indices
obtained from a total sky imager (TSI) and extracted by cloud classification algorithms [38]. The cloud indices derived from
infrared radiometric (IR) measurements to report improved global horizontal irradiance (GHI) results for 1-h forecasting by
using artificial neural network (ANN) models. More recently, literature [39] used images obtained from TSI to produce
prediction of GHI single-point solar irradiance sensors located at the University of California San Diego. Their study also
offers a method to calculate cloud field velocity by computing matching errors of the future image and current images. The
results suggest that TSI can be deemed as a good manner for extracting the cloud field velocity message, to achieve the
forecasting horizons of up to 15-20 min. A more deterministic approach which consists in researching the position and the
motion direction of the clouds so that to calculate the consuming time when the cloud covers the sun [40]. Apart from cloud
detection and motion information, sky images contain more information impacting the GHI prediction: especially the cloud
cover and the type of clouds. This kind of information can be combined with machine learning methods to compute the
forecast.

1.2 Motivation and contribution

Regional irradiance mapping for distributed roof-mounted PV power systems is capable to bring convenience to acquire
real-time irradiance distribution information in a certain region. On the basis of this surface irradiance mapping,
ultra-short-term irradiance forecast can be achieved within a few minutes ahead after cloud displacement vector (CDV)
calculation. It enables to show benefits to prolong the service time of the storage battery and reduce the frequency of its quick
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charge. What’s more, minutely forecast is conductive to grid dispatching which can provide guidance and detailed correction.

However, most existing researches use the measured data from a single point sensor to predict irradiance, which means they
can only predict the irradiance information at a fixed location in real time [41,42]. In other words, it can be elaborated that
when a sky image is captured, usually there is a corresponding irradiance value tested by solar instrumentation, thus directly
present a point-to-point peer relationship. Nevertheless, there is still less or even no relevant studies on presenting irradiance
distribution in the local region based on real-time sky images, as well as minutely forecasting method based on this sky
image-irradiance mapping model. Therefore, in this paper, a minutely irradiance forecasting method based on real-time sky
image-irradiance mapping model is proposed to fill this gap.

The novel method initially preprocesses raw captured sky images with background elimination and distortion rectification,
then the red-green-blue (RGB) values and position information (distance from the pixel to the sun center) of sky image pixels
are extracted as model input. During the process of characteristic extraction, only the center of cloud region part which will
cover the sun in the next few minutes are considered to be desired image pixels. For each sky image, 10 cloud region parts that
cause blocked-sun effect can be distinguished after CDV calculation. Then set these sky pixels’ RGB values and position
information as input, while corresponding irradiance values as output to train the mapping model by using BPNN and support
vector machine (SVM) respectively. The establishment can be finished for the sky image-irradiance mapping model. Based on
cloud-base height data, after importing each pixel’s information in a real-time sky image, the mapping figure which depicts
surface irradiance distribution in a local region can be generated. Finally, we can apply this model to achieve minutely
irradiance forecast within the time horizon from 1 min to 10 min. Each forecasting by this model needs to be updated with new
sample data before the current time. The simulation results show the better performance of the proposed minutely irradiance
forecasting method compared with the other two benchmarks.

The main contributions of this paper are summarized as follows:

(1) The mapping relationship from the spatial distribution of cloud to the temporal distribution of irradiance is constructed
utilizing cloud motion calculation. That is to build a model with cloud position and RGB values information as input
and the corresponding irradiance as output.

(2) Areal-time modeling method is proposed for the sky image-irradiance mapping model. Based on the latest observed sky
images, the color features of a specific cloud at different distances from the sun are extracted to update the training data, so
that the trained model can adapt to the current cloud conditions.

(3) A minutely solar irradiance forecasting method based on real-time sky image-irradiance mapping model is proposed,
which can improve the accuracy of minutely solar irradiance forecasting.

(4) Actual data is applied to evaluate the effectiveness of the proposed method in various cloud conditions and weather
environments.

Il.  METHODOLOGY
2.1 Sky image-irradiance mapping relationship

It is well known that aerosols, water vapor, cloudiness are the most critical meteorological factors which have an impact on
the amount of solar irradiance reaching the ground surface. Among these, PV power is subject to cloud generation, dissipation,
deformation, and motion, which may cause severe fluctuation and intermittency on power output. Out of various
cloud-tracking methods in existence, ground-based sky imaging systems are recently getting a remarkable momentum applied
to irradiance forecasting. Compared with satellite-based forecasts, sky images-based forecasts can distinctly describe local sky
information, such as sun-block situations and cloud distribution at a high-resolution level. Therefore, sky image is becoming
the optimum choice to acquire cloud information in minute level ultra-short-term irradiance prediction.

When the sun rays penetrate the atmospheric layer, blue sky and white clouds can be formed by the interaction between
radiation and atmospheric molecules. However, when clouds are too thick for sun rays to pass through, clouds will turn to dark
gray. In the presented joint photographic experts group (JPEG) sky image, RGB model is generally composed by R (red), G
(green), B (blue) values, with the range of each pixel’s channel value from 0 to 255, thus generate different colors by setting
various RGB values. Referring to RGB table, we enable to observe that the RGB values of blue sky, white cloud, and dark gray
cloud are about (0, 0, 255), (255, 255, 255), (180, 180, 180) respectively.

Since the surface irradiance is mainly related to the shape and thickness of the cloud which near the sun, we can easily
conclude that, the sky region near the sun with diverse RGB values (blue or white) will affect the amount of solar irradiance
reaching at crystalline silicon cells, thus changing PV power output. In other words, when the sun is located in the blue sky
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area, irradiance always keeps at a high level; when the sun is covered by white or gray cloud, irradiance will dropdown. Based
on this observation, the classification of cloud and blue sky pixels can be achieved by RGB values distinction. Besides, it also
means RGB information of pixels is closely related to irradiance value, which supplies a theoretical support for minute-level
sky image-irradiance mapping model establishment. The detailed illustration is exemplified in Fig. 1.
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Fig. 1. Relationship between raw sky images and corresponding irradiance values. (a) 3 sky images with time interval At in each consecutive pair. (b) Circlar
cloud regions which cover the sun. (c) Corresponding irradiance values at time T —At,T,T +At.

In Fig.1, 3 consecutive sky images selected with the same time interval At in each image pair are presented in Fig.1(a).
From artificial observation, the cloud is moving towards the bottom left direction. In this paper, we assume that cloud
motion is a smooth process, which means the speed of the cloud can not be changed violently during a short period. After
cloud motion displacement calculation of each image pair, cloud regions that cover the sun at time T —At,T,T +At can be
determined, marked by the green circle in the second sky image presented in Fig.1(b). Therefore, from one sky image (such
as the second image in Fig.1(a)), cloud region information which covers the sun at adjacent time can also be acquired. The
irradiance values at time T —At,T,T + At which corresponding to circled cloud regions are shown in Fig.1(c). It is easy to
infer that when the sun is located in the blue sky or white cloud region, the corresponding irradiance values are much higher
than the ones in the dark gray cloud environment. Thus, spatial information in sky images can be transformed as temporal
information of irradiance series, which denoted in (1).

Irr(t £ At) = g(F(x£ Zi:Ax,-, y+ Zi:ij)) i=12,---,n 1)

j=1 j=1
Here Irr means irradiance; X,y mean the sun center; Ax;,Ay; represent the cloud motion displacement at the jth min;

F means cloud feature in the circular region with radius R and point center (xiZij,yJ_rZij); ¢ is the mapping
j=1 j=1
relation.

In this way, depending on calculated cloud motion vectors, we can extract the information of the sky region which will
cover the sun in the next few minutes. After processing the model input with pixels’ information and irradiance output, the
sky image-mapping model can be well established by utilizing machine learning methods. Based on this sky
image-irradiance mapping relation, future work on minutely irradiance forecasting can be achieved. Except for cloud feature
extraction, some other image and data pre-processing technology should be implemented in our work. Here we present a
brief flow chart (Fig. 2) to show the process of the proposed minutely irradiance forecasting method.

Sky image background elimination

)

‘ Sky image distortion rectification ‘

l

‘ Cloud displacement vector calculation ‘

l

‘ Cloud type classification ‘

)

‘ Forecasting model establishment ‘
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Fig. 2. A brief flow chart for the process of proposed minutely irradiance forecasting method.
2.2 Sky image pre-processing

Ground observations using a sky imager provide a visual measurement of regional skydome over a central PV power plant,
thus deliver a sub-kilometer view of the cloud field. Due to its high temporal and spatial resolution, sky image-based
approaches are rapidly evolving in recent years. The TSI is mainly composed of a heated rotating hemispherical mirror with a
down-pointing charge-coupled device (CCD) camera located above it. To shoot the sky region as wide as possible, the mirror
is applicable for fish-eye lens in arc-shape. Therefore, before cloud characteristic extraction, necessary processing technique
is required to eliminate image distortion. Besides, to protect the mirror from damage, sun-tracking shadow-band is inserted
into the hemispherical mirror to insulate direct sunlight, which results in missing sky image information covered by the
shadow-band. To sum up, sky image background elimination and image distortion rectification are the key steps for image
data pre-processing.

2.2.1 Sky image background elimination

To acquire more sky information and remove the obstacles in cloud characteristic refining process, the sky information gap
due to camera arm and shadow-band coverage needs to be filled particularly [43]. Fig.3 shows a representation of the
background elimination and repair process. In this part, we first calculate the cloud motion displacement (xg, yo) between
two sky images 1. and I,, in which image 1, is 5 min later than image 1,. Based on the assumption of smooth cloud
motion process, we can probably determine the motion speed of the cloud as V, after cloud motion displacement calculation.
Due to the shadow-band is always following with the sun, to fill the black area of image 1., covered partial region A can be
filled in part of image 1, based on calculated motion value (X, Yo), Which means sky information moves up x, pixels, and
moves Y, pixels in right direction. The relationship between pixel information I(xX,y.) and 1(X, Y,) in image I, I
respectively is shown in (2):

I (Xa, Ya) = 1 (Xo+V2COS 6, Yy +V2SiN G) )

Concerning other covered regions: camera arm part B; and residual unfilled part B, here we apply bilinear interpolation
contraction algorithm to fill this gap.

A
@) (b)

Fig. 3. Sketch map of sky image background elimination. (a) Sky image |, atsome point. (b) Sky image |, captured in 5 min later after image ;.
In order to ascertain which part needs to be coped with, here we utilize the after-processing image generated by TSI data

acquisition software to classify blind regions. The black part in Fig.4(b) with zero-gray value in the circular region can be
distinguished as a filling area. The performance of sky image background elimination is presented as Fig.4.

Fig. 4. (a) Raw sky image. (b) Processed image by image processing system installed on a sky imager. (c) Sky image after background elimination.
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2.2.2 Sky image distortion rectification

For the sake of geometric distortion produced by the fisheye lens, the size and location of objects usually vary from the
actual situation, resulting in low accuracy of detected cloud motion vectors. What’s more, large amounts of information
around the image boundary can be compressed which leads to information ambiguity. Therefore, in consideration of this
impact on surface irradiance mapping model establishment, it is necessary to apply image distortion rectification to deal with
this problem [44].

In Fig.5, light path mechanisms that demonstrate the imaging principle of a sky imager is presented. Assuming that pixel
S(xy, y:) is formed by light reflection through the point Q(x.,Y.) at the surface of hemispherical mirror, then the

relationship between S(xi,y;) and Q(xz,y.) can be represented as (3)-(4):

CcCD i Y
sensor (0, h#1) Normal

A
\
\
I
\ I
\ |
\ 1
L] ’
N

— N

\

___- Incoming light

ey I
(0, 1) ¥
Hemispherical // ,;\\Q(-“_u ya)
, \

mirror / .

[ | X

(b)

Fig. 5. (a) Raw sky image. (b) Schematic diagram of light path mechanisms on sky imager.

Xo =Kol x> + Y, (3)
Vo=’ —x;° (4)

where k means conversion factor between pixel distance and actual distance, r means the radius of the hemispherical
mirror. Then the zenith angle a of pixel S can be expressed as (5), azimuth angle b can be expressed as (6).

a=2arcsin—+arctan ——8—— (5)
r h+r—+r2—x,’
b =arctan 2t (6)
X

Therefore, the coordinates of the cloud pixel in local region (x,y) can be derived as:

X =hextanaxsinb (7
y =hextanaxcosb (8)

Here he represents the cloud-base height of the main cloud cluster in a sky image, which can be obtained from thermal
infrared cloud imager. On the basis of the formulas mentioned above, image distortion rectification can be achieved, thus
transforming the original distorted view into a normal view. This pre-processing technique mitigates the deformation on sky
images and further reduces inaccuracy level to irradiance forecasting.

2.3 Cloud displacement vector calculation

In order to determine the corresponding relationship between the specific area of sky image and the elements in the
irradiance sequence, the calculation of cloud displacement vector (CDV) is essential to obtain the direction and distance of the
cloud movement.

Considering the requirement of computing time and robustness for CDV calculation, here we apply an improved Fourier
phase correlation (FPC) method based on affine transform which is corresponding to image-phase-shift-invariance (IPSI)
property [45]. The CDV is also very important to the mapping modeling of surface irradiance [46], which would impact the
load pattern clustering [47], the household characteristic identification [48, 49], and the aggregated capacity forecasting for
load aggregators [50] with behind-meter distributed solar PV systems. In addition, the distributed active power regulator of
islanded microgrids [51, 52], distributed cooperative control for microgrids [53-55] and PV-assisted EV charging stations [56]
will be greatly influenced by the output power forecasting error of high penetration level distributed solar PV systems during
the active power sharing and frequency control processes of microgrids.
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FPC enables to acquire object’s motion information, especially rigid parallel motion, by transforming image information
from the time domain into the frequency domain. After processed with Fourier transform, it is easy to find that displacement
information is saved in the phase spectrum, not amplitude spectrum, which brings convenience to motion calculation. The
detailed deduction of FPC method is given by (9)-(12).

We assume that the grayscale matrix resolution of an image f(x,y) is MxN. Then after processed with discrete Fourier
transform (DFT), the transformed form F(u,v) is able to be denoted as follows:

M-1N-

Fluv)=> > f(x y)efm(:"l*%) =|F(u,v)|e ¥ ©

x=0 y=l

(u=01..,.M-1 v=0,1..,N-1)

AN

where X, y and u, v represent the pixel’s cartesian coordinates, Frequency domain coordinates, respectively.

If two sky images f;(x,y) and f,(x,y) merely differ with a displacement vector (Xo, Yo), then the relation between
fi(x,y) and f,(x,y) will be:

f,(%y) = fi(X =X, Y = ¥p) (10)
In order to extract the information in phase spectrum, the cross-power spectrum (CPS) can be deduced as (11):

N T

(11)

F*(u,v), |F(u,v)| mean complex conjugate and amplitude of F(u,v), respectively. Then we process C(u,v) by inverse
discrete Fourier transform (IDFT), to acquire the motion displacement (X, Yo) , Which is calculated as (12).

FH{CU,V)}=8(X—Xo, Y- Yo) (12)

However, for the sake of irregular shape change of cloud cluster, rigid motion is not always preserved. This case probably
generates a considerable amount of noise during image registration, which results in true displacement value (Xo, yo)
submerged by other noise pulses. Therefore, to solve this problem, we rotate the same sky image pair for multiple times with
various specific angle in a clockwise direction, then FPC calculation is proceeded. After rotated anticlockwise the same angle
for impulse matrix S(x—Xo, Yy — Yo) , plenty of calculation results can be generated.

To determine the desired final displacement, it is necessary to extract the most credible CDV from the result dataset, which
generated by improved FPC method mentioned above. Here we utilize centroid iteration to achieve final displacement vector
extraction.

Assume that the coordinates of CDVs for each rotation are:

D ={(X1, Y1), (X25 ¥2), -+, (%o, Y0 )} (13)

The average value of all the CDVs in dataset D can be calculated as:
1&. 18
Dave :(_in’_z yl) (14)
Nz N

Next, calculate the Euclidean distance between D, and each vector in dataset D, then select the farthest vector and remove
it from D. Following the step of new average D, update by (14), the relative distance d between D,, and D, can be
depicted as (15).

,
|Dave - Dave |

d=
|D

(15)

ave |

Here we set a threshold value ¢ to decide when to finish the iteration process. When d > ¢, let Dy,= D,y ’ and repeat the
steps mentioned above, or else stop the centroid iteration process and consider D, as the final displacement result. The
threshold & has an impact on the number of iterations and concentration level of residual CDVs, which is usually determined
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according to the image size and the distribution of dataset. The pseudo-code of centroid iteration process is listed as follows in
Table 1.

Table 1 The pseudo-code of centroid iteration process.

Input: Cloud displacment vector dataset D ={(x, ¥;), (X, ¥5)s- -+ (X,, ¥, ) }-

The threshold value e during centroid iteration process.
1: Calculate average value D, of all the CDVs in D;
2: Calculate Euclidean distance between D, and each vector in dataset D, get distance set
D ={Dx, D5, D3,:--, Dn};
3: Select the farthest vector Dmax , remove the corresponding displacement result from D;
4: Calculate relative distance d by formula (15);
5:while d >¢ do
6 Da_ve: Dave );
7 Calculate new distance set D;
8: Calculate relative distance d;
9: end while
Output: The final cloud displacement vector D,.

2.4 Cloud type classification

To verify the accuracy of irradiance forecasting method proposed in this paper, it is essential to classify various weather
types. In order to simplify the identification process, processed images generated by TSI computational software
preliminarily provides pixel classification for corresponding raw sky images. Based on TSI built-in cloud classification
algorithm application, each pixel can be distinguished as sun, cloud, background type by different gray values in processed
images. However, not all pixels are classified exactly in processed images, in a few cases, cloud pixels will in
misidentification. Therefore, to reduce classification inaccuracy, here we develop our own method to conduct cloud type
classification process.

As we know, different colors are composed of diverse RGB values. For sky image, it mainly consists of blue, white, gray
colors, the RGB values of several major colors are depicted in Table 2.

Table 2 RGB values of blue, white, and several shades of gray colors

Color Rvalue Gvalue B value

Blue 0 0 255
White 255 255 255
Dark gray 192 192 192
Gray 128 128 128
Dim gray 105 105 105

To distinguish the weather type of each image, firstly, it is necessary to know the pixel is a cloud or not. As shown in
Table 2, the values are both consistent in each RGB channel except for blue color. Here we use red-blue-ratio (RBR) index
presented in (17) to distinguish blue from other two colors, which can determine a pixel as clear sky or just a cloud.

B-R
B+R

RBR =

(17
Due to the similarity between R value and G value for clouds with different colors, lightness index L is proposed to
classify white and gray color. The formula is defined as follows:

_R+G+B
3

L (18)

Here we set Ti, T, as the thresholds of RBR and L, to further identify a pixel into 3 categories: sky, thin cloud and
thick cloud.
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Sky, RBR>T;
C=<Thincloud, RBR<Ti; L>T: (19)
Thick cloud , RBR<Ti, L<T:

Numerical values of T; and T, should be set reasonably, so as to avoid excessive discrepancies in classification results.
In this paper, we set the thresholds T, =0.07, T, =200 . After cloud pixel classification, sky images can be divided into 4
weather types: clear sky, blocky cloud, thin cloud and thick cloud.

The objective function of weather type classification depicted in (20), consists of 3 terms: sky region proportion Psy ,
thin cloud proportion Puin and thick cloud proportion Pwi« . According to (17)-(20), the final identification results for 4

weather types are presented in Fig.6. For Fig.6(e)-Fig.6(h), blue, white, gray colors are chosen to represent sky, thin cloud,
thick cloud in pixel level respectively.

Psy >90% , Clear sky
30% < Psy <90%, Blocking cloud

Classification = 4 Pyy < 30% & 1P‘—“Fi)” >50%, Thincloud (20)
~ Puy
Puy <30% & "> 5006, Thick cloud

— Psky

(a) Sky image 1 (c) Sky image 3

(e) Clear sky (f) Blocky cloud (9) Thin cloud (h) Thick cloud

Fig. 6. Raw sky image and corresponding identification image in 4 weather types: (a)(e) in clear sky condition; (b)(f) in blocky cloud condition; (c)(g) in
thin cloud condition; (d)(h) in thick cloud condition.

2.5 Influence of cloud type on sky image-irradiance mapping model

In order to verify the practical application effect of the proposed forecasting method in this work comprehensively, we select

3 cloud conditions based on different cloud shapes and thickness: blocky cloud, thin cloud, and thick cloud. Considering that
only when the sun rises to the minimum solar zenith angle set advanced, then the sky imager starts to work and capture local
sky field information. In this paper, datasets are gathered from 7:00 to 17:00. In Fig.7, irradiance curves of 3 cloud condition
are presented, of which the data are selected on May 2, 2017 in blocky cloud, August 26, 2016 in thin cloud, and June 8, 2016
in thick cloud.
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Fig. 7. Irradiance curves in 3 weather conditions.

When the sky is clear with no clouds, it is not hard to observe that the shape of irradiance curve is smooth and arched, which
is only related to time lapses. For cloud-existing conditions, as we know, clouds are composed of water droplets, supercooled
water droplets, and ice crystals. Thus, when cloud shape and thickness are both high enough that almost cover the whole sky
area, plenty of these particles may result in sunlight reflection, so that significantly weaken the amount of irradiance reaching
the earth's surface. As shown in Fig.7(a), when a cloud is passing by the sun, it may evoke irradiance fluctuations and account
for a major value drop. While after going across the sun, irradiance value will rise up to a normal value as clear sky. As for thin
cloud condition, the cloud-cover impact is not that severe compared with thick cloud, only slight fluctuation happens as
demonstrated in Fig.7(b). In the case of thick clouds with high light-resistance property, the solar irradiance values will be
attenuated to a great extent. Since the sunlight is still able to penetrate the cloud layer, the trend of irradiance curve is generally
consistent with that of the clear sky, but the attenuation degree is more evident than the latter. The irradiance fluctuates rapidly

due to the distribution and movement of the clouds next to the sun with various thickness extent and keeps at a quite low level
during most of the time.

To provide theoretical support of proposed forecasting method, it is necessary to explore the relationship between RGB
values of sky pixels and corresponding irradiance value. After cloud motion displacement calculation between two
consecutive sky images, we can extract average RGB values of circular sky region which will cover the sun in the next few
minutes, and corresponding irradiance at that moment as a group of samples. For each sky image, 10 groups of samples are
chosen in total. We select 120 sky images in 2 h for each cloud condition, including blocky cloud, thin cloud, and thick cloud.

Therefore, 1200 groups of samples can be generated. Then the relationship between R, G, B and irradiance can be explored
respectively, which is presented in Fig.8.
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Fig. 8. (a) Relationship between R value and irradiance in blocky cloud. (b) Relationship between G value and irradiance in blocky cloud. (c) Relationship
between B value and irradiance in blocky cloud. (d) Relationship between R value and irradiance in thin cloud. (e) Relationship between G value and
irradiance in thin cloud. (f) Relationship between B value and irradiance in thin cloud. (g) Relationship between R value and irradiance in thick cloud. (h)
Relationship between G value and irradiance in thick cloud. (i) Relationship between B value and irradiance in thick cloud.
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Fig. 9. Several colors in sky image with corresponding RGB values.

It is shown in Fig.8 that in the case of blocky cloud, most spots gather at the top left and bottom right, which indicates that
irradiance values keep at a low level when RGB values are around the center (150,150,150)(a gray color shown in Fig.9),
while irradiance much higher when RGB values are around (80,100,130), which represents part of blue sky region mixed in.
For different kinds of blue colors, the values in R and G channels are both less than blue one, resulting in difference among
RGB values of center points. In the situation of thin cloud which depicted in Fig.8(d)-Fig.8(f), the distributions of RGB spots
are both downward sloping, representing that pixel points which around (120,120,120) are thin cloud coverage, while the
points around (60,80,100) are in blue sky environment. On the consideration of blue-white mixture, there may be a deviation
between derived RGB values and real pixel RGB values. As for thick cloud condition described in Fig.8(g)-Fig.8(i), the
distribution trends of RGB are towards upper right. That means when the RGB values are around (170,170,170), the amount of
irradiance which can penetrate clouds is less, thus representing a thick cloud circumstance. Therefore, we can draw a
conclusion that irradiance is subject to pixel’s RGB values, which theoretically prove that the proposed method based on sky
image-irradiance mapping model is practical.

2.6 Minutely irradiance forecasting method based on real-time sky image-irradiance mapping model

Except for RGB values, pixel location information is another essential factor affecting irradiance value. As for same cloud,
various distances from the cloud to the sun center will cause differences on cloud RGB values. The nearer to the sun, the cloud
is brighter, even though there is no change on the cloud thickness. Therefore, during the mapping model establishment, inputs
consist of RGB values and distance information, with irradiance output are selected to train the mapping model. Then a sky
image-irradiance mapping is derived. After updating the mapping model to adapt to the current cloud conditions with new data
in real time, minutely irradiance forecasting can be achieved on this basis.
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Fig. 10. The process of minutely irradiance forecasting based on real-time sky image-irradiance mapping model.

The main technology route of minute-level irradiance forecasting based on real-time sky image-irradiance mapping model
is described as follows:

1) Extract several clear sky image sets and one of 3 types of cloudy sky image sets.

2) Pre-process each image sets with background elimination and distortion rectification techniques.
3) Calculate cloud motion displacement vectors between each two consecutive cloudy sky images.
4) Calculate the coordinates of the sun center in each sky image.

5) Calculate the coordinates of pixels that moving to the sun center in the next 10 min from each sky image.
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6) Set R as radius with the center point calculated in step 5), extract average RGB values of pixels located in this
circular region; as for clear sky image sets, extract average RGB values of pixels in the whole blue sky area.

7) Calculate the distance D between the sun center and the coordinates calculated in step 5); for clear sky image sets,
distance D is randomly set from 10 to 200.

8) Extract corresponding irradiance values.

9) Set RGB values and distance D as 4-dimensional input, irradiance value as 1-dimensional output to train mapping

model.

10) Set each pixel’s information of real-time sky image into the model.
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11) The surface irradiance distribution mapping figure corresponding to real-time sky image is generated.

12) Based on cloud motion displacement forecast by using linear extrapolation, pixel’s information in 10 min are
acquired from the mapping graph in step 11). Then after model training with pixel’s information, minutely
irradiance forecasting can be achieved within 10 min.

13) Update the model with new sample data before the current time. Repeat all steps from step 1).
The flow diagram is illustrated in Fig.10.
Ill.  CASE STUDY
3.1 Data

Sky image sets and historical irradiance data in this paper are acquired from Wasco power station in Earth System Research
Laboratory (ESRL) on National Oceanic and Atmospheric Administration (NOAA). According to the weather type
classification method depicted in Section 2.4, we select a 20-day dataset in each cloud condition, including blocky cloud, thin
cloud, thick cloud, and clear sky. Since the time resolution of the image is 30 s and the irradiance data are logged at a sampling
rate of 1 min, we select average resolution as 1 min for both datasets. Considering sky imager is incapable of conducting image
collection at night, sky images and irradiance are selected from 7:00 to 17:00 for model training. In order to provide more sky
information, processed images are also required for invalid background elimination, with a resolution of 640x480.

3.2 Simulation process

In this part, key process of model establishment is analyzed and introduced in detail. We follow the methodologies
mentioned above to establish sky-image mapping model in different cloud conditions: blocky cloud, thin cloud and thick
cloud individually. In each training model, 20-day clear sky sets and 10-day image sets in forecasted cloud condition are
selected as training data. The rest 10-day image sets in the forecasted cloud condition are used to test the performance of
irradiance forecasting methods.

After image background elimination and distortion rectification, more accurate cloud motion displacement results can be
obtained from each two consecutive sky images by improved FPC. According to the theory of accumulative principle, the
circular regions with radius R which will cover the sun in the next 10 min can be derived based on calculated CDVs. In this
paper, we raise an assumption with high credibility that the irradiance value is mainly related with the circular region which
cover the sun. In consideration of various distance between the sun and the same coverage region in a series of consecutive sky
images, average RGB values of the same circular region will evoke a great variation due to halo phenomenon. Therefore,
distance D between circular region and the sun center is necessary to be taken into account as one of model input.

For instance, if we are willing to predict irradiance from 16:01 to 16:10 on May 18, 2016 by using this mapping model,
sample set are selected before 16:00, May 18, 2016. As sky image-irradiance mapping model technical route described in
Section 2.6, circular regions in each image which will cover the sun in next 10 min with corresponding irradiance values
enable to be acquired based on CDV calculation. However, there is no guarantee that 10 groups of samples can be extracted
from each sky image. Some reasons may cause this phenomenon :1) part of sky area is sheltered by shadow-band and support
arms; 2) CDVs are inconsistent for different cloud layers; 3) when the sun position is close to the edge of fish glasses, not all
extracted pixel coordinates are located in acceptable sky region part. Generally, the pixels often fall in the invalid background
area, making these groups of information completely unusable.

Then we can extract average RGB values of coverage circular regions and distance D as input, while corresponding
irradiance values as output to train the forecasting model. After that, import each pixel’s information of real-time sky image at
16:00 into this model, the output image can be seemed as irradiance mapping figure at current time. Based on cloud-base
height, the mapping radius can be derived, then a ground surface irradiance mapping figure is available. To verify the accuracy
of this mapping figure, we utilize the ground surface irradiance mapping figure and CDVs for each minute in 10-min timescale
before real-time moment, in order to extract the corresponding input in every minute. After putting input into established
model, forecasted values of previous irradiance can be derived. If the error between the predicted and actual irradiance is less
than a pre-defined threshold, then the ground surface irradiance mapping result can be seemed close to actual situation. To
achieve minutely irradiance forecasting up to 10 min ahead horizon, circular regions can be predicted and extracted as future
coverage region based on linear extrapolation CDVs calculation. Then each pixel’s information is able to be put into the
training model, thus forecasting irradiance output can be acquired.

Here we apply multiple approaches including two benchmarks and our proposed method with different training models to
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test both of these methods’ performance of irradiance forecasting in 3 different weather cases. 4 forecasting methods are
listed as follows.

1> Proposed method with pixel information input by using BPNN training model.
2) Proposed method with pixel information input by using SVM training model.
3) Irradiance forecasting by autoregressive integrated moving average model (ARIMA).

4) Conventional prediction model with input including temperature, humidity and irradiance in 3 min before the
current moment by using BPNN training model.

3.3 Results and discussion

Irradiance[W/m?] Irradiance[W/m?] Irradiance[W/m?]

*“ =1

(@) (b) © (d)
Fig. 11. (a) Raw sky image. (b) Irradiance distribution mapping corresponding to raw sky image. (c) Irradiance distribution mapping corresponding to sky
image after distortion rectification. (d) Actual surface irradiance distribution mapping.

In this paper, BPNN and SVM are adopted for model training, so as to present sky image-irradiance mapping results. The
training set and validation set account for 80% and 20% of the sample set respectively. According to the experience, we select
two hidden layers in BPNN, the first layer is set as 6, and the second layer is set as 5. The predicted results corresponding sky
image in Fig.11(a) are depicted as Fig.11(b). To omit the pixels in invalid background area, we set gray value of background
area as zero. Since the regions corresponding to different pixel points are identified by processed images, the edge information
of the sky image is deleted to retain most of the real sky region information, resulting in the effective sky region of the
irradiance mapping image is smaller than the ones of original sky image. As for Fig.11(c), which processed with image
distortion rectification technique, it represents the real mapping condition corresponding to Fig.11(a). According to the fact
that the cloud base is approximately at 3500 meters high, the radius of surface irradiance distribution mapping is calculated as
2000 meters. Combined with PV station map, the actual situation of surface irradiance distribution mapping can be showed as
Fig.11(d). With manual observation, it is easy to observe that the irradiance values of blue sky pixels are generally high, while
those of white clouds are quite low, which are consistent with the real situation.

In order to verify the accuracy of the surface irradiance mapping model presented in this paper, we apply a simple method to
testify. First, calculate the CDVs between 10 consecutive pairs of sky images before current time, thus the information of the
sky region center which would cover the sun over the past 10 min can be derived. After utilizing established forecasting model,
corresponding predicted irradiance in 10 min ago can be obtained in minute level. If the absolute value of the error between
forecasting and actual irradiance values is less than 80, then we assume that the forecasting value can be accepted. Therefore,
when most of the ten points accord with this condition, the results of this mapping model can be regarded as credible.

Table 3 demonstrates the accuracy and reliability of the proposed surface irradiance distribution mapping model in 3
different weather conditions based on several evaluation indexes. There are at least 8 points according with the validation
method mentioned above, resulting in accuracy fluctuation around 80%. In other words, that means the accuracy of surface
irradiance distribution mapping can be up to 80%. After determining the usability of mapping figure, minutely irradiance
forecasting in next 10 min can be achieved. By taking advantage of linear extrapolation to forecast CDVs, the sky region part
which will cover the sun can be gained, thus achieve input information extraction. Then the forecasting irradiance outputs can
be acquired by using forecasting model. Fig.12 shows the actual and forecasting irradiance during next 10 min in 3 types of
weather conditions.

Table 3 Evaluation indexes to verify the credibility of mapping model in 3 weather conditions.



Number of

Case accepted Accuracy RMSE  MAPE
. % 2 %
points (%) (Wim?) (%)
Blockin
g 8 80 7124 13.09
cloud
Thin cloud 9 90 55.26 11.86
Thick
9 90 45.82 9.44
1 cloud
1000 |- Actual irradiance 900 —=—Actual irradiance 700 ——Actual irradiace
_ —o—Forecasting irradiance 300 —=—Forecasting irradiance| ——Forecasting irradiance
800 =) 650
5 E7000 £
= z Z 600
3600 T oonl =
g g 600 /\——\//\/ :
£ 3 5550
£ 400 ?é 500 k=l
= =
= =500
200 400
300 450
2 4 6 8 10 2 4 6. 8 10 . 6. 8 10
2 Time[min] Time[min] Time[min]
3 (a) Blocky cloud. (b) Thin cloud. (c) Thick cloud.
4 Fig. 12. Forecasting and real irradiance values in next 10 min for 3 cloud cases.
5 In order to observe the performance of proposed method directly and conveniently, rolling prediction is applied to forecast
6  future irradiance values in 2 hours. The predicted values in the 10" min are extracted. The results in 3 weather types are
7  depicted in Fig.13.
1400 ——Novel method by BPNN 1400 ——Novel method by SVM
~-=-Benchmark1 ~---Benchmark2
1200 — True value 1200 — True value
E 1000 E 1000
Q . [5)
£ 800 2 800
3 3
< <
E 600 E 600
400 400
0 2 40 60 80 100 120 0 20 40 60 80 100 120
8 Time[min] Time[min]
9 (a) (b)
1400 ——Novel method by BPNN 1400 ——Novel method by SVM
----~Benchmark1 —---Benchmark2
1200 — True value 1200 — True value
) I
& &
= 1000 = 1000
) )
2 Yy =
% 800 ¥ % 800
| R
600 600
400 400
0 20 40 60 80 100 120 0 20 40 60 80 100 120
10 Time[min] Time[min]
11 (© (d)
1200 —Novel method by BPNN 1200 ——Novel method by SVM
=-=-Benchmark1 ----~Benchmark2
1000 — True value 1000 — True value
& )
£ &
= 800 =
£ 600 S
B 2
= |
400
200
0 20 40 60 80 100 120
12 Time[min] Time[min]
13 (®) ®
14

15

Fig.13. Minutely irradiance forecasting curves within 2 h in 3 weather types. (a) Forecasts i

n blocky cloud condition by using BPNN and benchmark 1. (b)

Forecasts in blocky cloud condition by using SVM and benchmark 2. (c) Forecasts in thin cloud condition by using BPNN and benchmark 1 (d) Forecasts in



1
2

o U bW

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

30
31

thin cloud condition by using SVM and benchmark 2 (e) Forecasts in thick cloud condition by using BPNN and benchmark 1 (f) Forecasts in thick cloud
condition by using SVM and benchmark 2.

1000 1000 - 1000 —

800 800 - 800 -

600 600 600 -

400 400 400

Bias error distribution
Bias error distribution
Bias error distribution

200 200 200

0 0 - 0
S 05 0 05 1 S 05 0 05 1 S 05 0 05 1
@ (b) ©

Fig. 14. Distribution forecasting error in 3 weather conditions: (a) blocky cloud; (b) thin cloud; (c) thick cloud.

Table 4 Evaluation indexes in 3 weather conditions by using 4 different methods.

Weather Conditions
Blocky cloud Thin cloud Thick cloud

Methods Evaluation Indexes

MAPE(%) 23.81 20.44 18.82

BPNN RMSE(W/m?) 98.17 132.15 120.78
MBE(%) -1.28 -1.06 -1.02

MAPE(%) 22.66 20.88 19.58

SVM RM SE(W/mz) 92.72 134.82 120.85
MBE(%) -1.26 -1.08 -0.98

MAPE (%) 34.61 28.72 27.83

Benchmark1l RMSE(W/m?) 184.43 162.63 130.61
MBE(%) 2.62 -2.26 -1.66

MAPE(%) 30.58 24.32 22.34

Benchmark?2 RMSE(W/mz) 160.24 142.74 127.25
MBE(%) 2.32 -2.05 -1.42

It is shown in Fig.13 that the irradiance values from 14:00 to 16:00 are predicted in 3 weather types. Under the conditions of
all cloudy weather, predicted output by BPNN and SVM considerably show the relatively correct irradiance trend than other
benchmarks. Compared with statistical times-series method as benchmark 1, the proposed method based on cloud information
characteristic extraction is capable of reducing time lag effect to a certain extent. As for benchmark 2, only historical
irradiance input unable to provide useful information to achieve high-accuracy forecasting excluding strong-correlational and
instructional factors to future irradiance. To evaluate the performance on over-forecasting and under-forecasting, forecasting
bias is provided by using the mean bias error (MBE) index. In Fig.14, the histograms of the occurrences of minutely values of
MBE are presented. For the sake of the testing sample size, real irradiance value in each moment is considered as the
denominator in the formula of MBE, not the maximum irradiance value during a period of time, which results in higher MBE
values compared with the ones shown in Table 4. To evaluate various forecasting methods comprehensively, forecasting
results are set out by different statistical parameters, including mean absolute percentage error (MAPE), root-mean-square
error (RMSE), and MBE shown in Table 4. For each weather condition, 10 days are used for testing. From this table, it is
easy to observe that the forecast accuracy of proposed method with BPNN and SVM model is better than other benchmarks.
Most of the best forecasting results in each condition are generated by using BPNN with sky pixel’s information model input.
For the sake of irradiance mutability in blocky cloud condition, the evaluation indexes are generally higher than other two
weather conditions. The average measures come up to 22.66%, 92.72, -1.26% for MAPE, RMSE, MBE respectively, which
can be considered as the most difficult condition to be predicted. In the third cloud condition, due to the cloud characteristic
with high thickness and massive block, the sun is almost covered during a long period. The daily irradiance curve maintains at
a low value with a small fluctuation range, while the prediction results are close to real fluctuation compared with the results
generated by the other two benchmarks. To sum up, the accuracy of proposed method by using BPNN and SVM models is
shown to be adequate for minutely irradiance forecasting which presents a better performance than compared methods in both
3 weather conditions.

The results analyzed above represent an ideal accuracy of the novel method on the ultra-short-term irradiance forecasting
with time horizons of 10 min. However, many factors will cause accuracy reduction during forecasting process. When
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calculating the displacement vector of the cloud motion in a set of sky images, the real cloud motion situation is extraordinarily
complex and challenging to be described by a mathematical model. What’s more, cloud generation, elimination, deformation,
various motion directions and velocities in different layers will definitively cause high noise to displacement vector
calculation, making the final result probably inconsistent with the actual situation. Besides, the distortion effect caused by the
spherical mirror of TSI also brings errors to the judgment of real cloud motion. Despite TSI is installed with image processed
system to process original images, distortion problem is still existing after related image processing, especially for the edge
part of sky image. The training model is also unable to identify the halo formed by the sun, which is easily identified as cloud
pixel. Besides, in this paper, RGB values of the pixel point are averaged by the ones in a circular region. In actual process, it
will cause a mixture of blue sky and white cloud pixels, which leads to inaccuracy on irradiance forecasting.

IV. CONCLUSION

This paper proposed a minutely solar irradiance forecasting method based on real-time surface irradiance mapping model.
We first explored the mapping relationship between cloud pixels’ information and irradiance, then built a real-time sky
image-irradiance mapping model on this basis. Considering the sky information deficiency and image distortion phenomenon
during the ground-based sky imaging systems shooting process, we apply background elimination and distortion rectification
to restore actual mapping situation. During mapping model establishment, RGB values and location information of circular
sky region which will cover the sun in the next 10 min are extracted as model input, while the corresponding irradiance is
selected as the output. On the basis of this well-established model, surface irradiance mapping figure for real-time sky image
can be obtained. After cloud motion displacement forecast by linear extrapolation, minute-level irradiance forecasting for time
horizon varying from 1 min to 10 min can be achieved. Due to the mapping relationship between sky image and irradiance is
changing dynamically, the mapping model is set to be trained and updated according to real-time data continuously.

The simulation results show that the proposed method can achieve an exact mapping model from real-time sky image to
surface irradiance distribution. After completion of mapping model establishment, forecasting method with pixel’s
information input based BPNN and SVM can better track the fast fluctuation of irradiance in various cloud conditions, thus
deliver more accurate forecasting results compared with other two benchmarks. Based on the proposed real-time surface
irradiance mapping model, we can achieve a more detailed irradiance distribution map around the local PV power station, so as
to help realize a minutely forecasting of rapid fluctuations in PV power output.
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