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ABSTRACT

ARTICLE HISTORY

In view of the important role of cloud coverage on the solar (energy)
irradiance, the total cloud coverage prediction based on groundbased cloud images is studied in this paper. In traditional prediction
techniques, the correlation between cloud coverage over continue
time is always neglected. Thus, an autoregressive integrated moving
average (ARIMA) time series model is used to predict the short-term
cloud coverage. Experimental results on a collected time series
database of cloud coverage computed from ground-based cloud
images show that the correlation information of time series is useful
for cloud coverage prediction. Additionally, the ARIMA model gains a
superior prediction performance for forecasts of one minute or
longer 20 and 30 minutes. We are able to predict the cloud coverage
with an approximate error of 5%, 7%, and 9% for 1, 5, and 20 and
30 minute forecasts, respectively. Furthermore, we found that there
are diﬀerent error rates of predictions for diﬀerent cloud coverage
intervals. High cloud coverage always suﬀers from a higher error rate.
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1. Introduction
Clouds are the external reﬂection of the combined eﬀect of atmospheric dynamics, heat,
and hydrological cycle. They play an extremely important role on climate and the Earth’s
energy budget balance (Heinle, Macke, and Srivastav 2010; Pﬁster et al. 2003).
Understanding the eﬀects of clouds on shortwave irradiance such as solar irradiance is
very important for radiative energy budget studies (Sun, Kleissl, and Chen 2014).
Clouds of the same type attenuate radiation by diﬀerent amounts because of variations in their macro physical characteristics, such as cloud coverage. The direct and nondirect solar irradiance largely depends on the cloud coverage (McKenzie et al. 1998;
Pﬁster et al. 2003; Badescu and Dumitrescu 2013; Badescu and Dumitrescu 2014;
Badescu 2015; Badescu and Dumitrescu 2016a, 2016b). For example, Pﬁster et al.
(2003) demonstrated that cloud fraction and surface irradiance are negatively correlated
over a longer time period such as one month. McKenzie et al. (1998) identiﬁed the
eﬀects of clouds on radiation based on a series of noontime all-sky photographs. Better
estimation of cloud coverage can ensure the precise prediction of solar irradiance.
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Conventional predictions for cloud coverage employ satellite imaging (Chand et al. 2009;
King et al. 1992). However, as Dev et al. (2016) and Dev, Lee, and Winkler (2017) identiﬁed,
satellite images cannot provide suﬃcient temporal and spatial resolution for localized and
short-term cloud analysis (Heinle, Macke, and Srivastav 2010; Ricciardelli, Romano, and
Cuomo 2008; Dybbroe, Karlsson, and Thoss 2005). The deﬁciencies of satellite observations
have increased the popularity of ground-based whole sky images. Thus, ground-based image
based cloud coverage forecasting has been widely studied in recent years. The generic
framework in most of these methods is to estimate the cloud velocity by using forward
advection model and cloud segmentation (Huang et al. 2012; Cazorla, Olmo, and Arboledas
2008; Chow et al. 2011; Bernecker et al. 2012; Shi et al. 2017; Liu et al. 2015; Kazantzidis et al.
2012). In particular, Chow et al. (2011) used an advection motion model for forecasting future
cloud coverage. They reported the mean matching errors of around 6% for thirty second
forecast, 10% for one minute forecast and around 23–30% for ﬁve minute forecast. Other
related literatures refer to Gholami et al. (2015); Taormina, Chau, and Sivakumar (2015); Wu,
Chau, and Fan (2010); Wang et al. (2015); Chen, Chau, and Busari (2015); Chau and Wu (2010).
All the previous mentioned work predicted cloud coverage at time t0 þ dt based on the
amount calculated at the initial time t0 . However, ground-based whole sky images are
taken every minute as shown in Figure 1, and thus the diﬀerence between cloud images is
small for the dt time interval. This means that there is a large correlation of total cloud
coverage over a short period of time, which was also validated in our experiments.
However, this correlation was neglected in earlier studies and useful information is inevitably lost. Therefore in this study, the autoregressive integrated moving average model
(ARIMA) was employed to capture correlation information from neighboring images and to
predict the total cloud coverage of the next time interval. Future cloud coverage values are
predicted based on the time series from past observed cloud coverage values (Badescu
1997; Brabec, Paulescu, and Badescu 2014; Brabec, Badescu, and Paulescu 2014).

2. ARIMA modeling for time series
Time series analysis aims to discover and reveal the regularity of changes and developments of time series, and to extract the required information and knowledge as
accurately as possible for mastering and controlling their future behavior (Box,
Jenkins, and Reinsel 1994). In this analysis, the ARIMA and autoregressive moving
average (ARMA) models were widely used to model time series data. Thus, this study
applied the ARIMA model to implement the cloud coverage prediction analysis.

Figure 1. Cloud images taken in a continuous time interval.
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Speciﬁcally, if denoting fxt ; t ¼ 1; 2; :::g be a time series, the ARIMAðp; d; qÞ model can
be expressed as
8
< ΦðBÞd xt ¼ ΘðBÞεt
(1)
Eðε Þ ¼ 0; Varðεt Þ ¼ σ2ε ; Eðεt εs Þ ¼ 0; s Þ t
: t
Eðxs εt Þ ¼ 0; "s < t
where d ¼ ð1  BÞd ; ΦðBÞ ¼ 1  ϕ1 B      ϕp Bp ; ΘðBÞ ¼ 1  θ1 B      θq Bq , B is a
lag operator, fεt ; t ¼ 1; 2; :::g is a white noise series, σ2ε is the variance of εt . ϕ1 ; :::; ϕp and
θ1 ; :::; θq are the unknown coeﬃcients (parameters) of autoregressive (AR) and moving
average (MA) terms, respectively. p and q are the orders of AR and MA. EðÞ and VarðÞ
refer to the expectation and variance.
The premise of the ARIMA modeling can be formulated as follows: for an original time
series dataset, the series was ﬁrst determined whether it was stationary. If not, a
diﬀerencing operator transformed the original data to stationary data, and then the
ARMAðp; d; qÞ model was implemented based on the stationary time series. Finally, once
the values of p; d, and q were determined, the series value xtþl at future time l is
predicted based on the ﬁtted model from previous periods as follows:
xtþl ¼

1
X

^ i xti ; where the D
^ i s are constants:
D

(2)

i¼0

This modeling process is summarized in Algorithm 1.
Algorithm 1 Modeling the ARIMA model and predicting the future trend of data
1. Collect the original time series data and draw the sequence diagram of original data
2. If the series is stationary, go to step 5. If not, go to step 3
3. Implement diﬀerencing operation to data, go to step 4
4. Draw the diﬀerencing sequence diagram, go to step 2
5. Test the homogeneity of variance. If it is heteroscedastic, go to step 6. If not, go to
step 7
6. Implement data transformation to original data, go to step 2
7. Identify model and determine the orders of AR and MA of p and q, i.e., the numbers
of autoregressive and moving average terms expressed in Equation (1)
8. Estimate unknown parameters and diagnose model
9. Predict the future trend of data

3. Experiments and results
3.1. Time series database of cloud coverage
In this domain, we do not ﬁnd public benchmarking time series database of cloud
coverage based on ground-based cloud images. In view of this problem, we create a
total cloud coverage time series database based on whole sky image segmentations. It
consists of 8519 images that were captured by a ground-based whole sky imager
(SV1410GC) in Yangjiang, Guangdong province of China over a period of 11 days from
11 July 2010 to 21 July 2010 with a size of 920  920 pixels in JPG format. In the course
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of this observation, diﬀerent sky conditions are covered. The cloud images are square,
however, the regions of interest are circular. The corresponding sky/cloud segmentation
masks of the images (ground truth) are created as follows: ﬁrst, each pixel of cloud
image is labeled as cloud or sky by using image segmentation techniques such as
interactive graph cut or graph model built upon superpixels proposed in Shi et al.
(2017); Liu et al. (2015); then, some error labels, thin and small clouds are corrected
and labeled in consultation with cloud experts. Some representative sample images
along with corresponding sky/cloud segmentation ground truth and total cloud coverage with continuous time are shown in Figure 1. In particular, total cloud coverage
based on ground-based cloud images is computed as follows. Total cloud coverage is
denoted as zero in the case of clear sky. Total cloud coverage is denoted as 10 when sky
is fully covered by clouds. Other situations lie in between 0 and 10.
To create a data set required for the training of ARIMA model of cloud coverage, a
total of 10 days (7761 samples) is selected in this database. And the data from the last
day comprising 758 samples is used to validate the eﬀectiveness of the trained model.

3.2. ARIMA modeling for cloud coverage
As seen in Algorithm 1, the ﬁrst step of data modeling is to test the stationarity of the time
series. Figure 2(a) shows the sequence diagram of the original data. The non-stationarity of
cloud coverage data was clearly demonstrated by the variation of cloud coverage. One order
diﬀerencing is implemented to the original data and the result is shown in Figure 2(b). Most
cloud coverage values after the diﬀerencing operation uniformly ﬂuctuated around zero. This
implied that the series was stationary after one order diﬀerencing. However, stationary data
was not necessarily appropriate to model with ARIMA, because uncorrelated data cannot be
used in time series predictions. Thus, an LB statistic proposed by Ljung and Box (1978)
following χ 2 distribution is used to test the autocorrelation of a time series. Test results with a
probability less than 0.001 showed the clear correlation of continuous cloud coverage data.
The autocorrelation results showed that this time series of cloud coverage was stationary, and included useful and strong correlation information. Thus, this series was a
stationary non-white noise series, and therefore it was appropriate that the ARIMA model
was used to predict the future cloud coverage using past historical information. It is noted
that d ¼ 1 in the ARIMAðp; d; qÞ model was determined in the above process. The next
two-step process of the ARIMA modeling was to estimate the values of p and q. Firstly,

Figure 2. Sequence diagrams of (a) the original data and (b) the diﬀerencing data based on 8519
cloud images.
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noting that p and q refer to the orders of autocorrelation and the moving average
respectively, and autocorrelation and partial autocorrelation functions (ACF and PACF)
were always used to roughly estimate the ranges of p and q. Secondly, the unique and
precise p and q values were determined based on the Akaike information criterion (AIC)
and Bayesian information criterion (BIC) by searching all combinations of p and q selected
(roughly) in the previous step. AIC and BIC have the following forms:
AIC ¼ argminp;d;q f2 logðlikÞ þ 2ðp þ q þ 1Þg

(3)

BIC ¼ argminp;d;q f2 logðlikÞ þ ln nðp þ q þ 1Þg

(4)

where, log(lik) refers to the log-likelihood function, and n is the sample size.
ACF and PACF plots in Figure 3 showed that most autocorrelation and partial
autocorrelation coeﬃcients were in the interval (blue dotted line) of double standard
deviations except for the ﬁrst ﬁve-order lag coeﬃcients that were signiﬁcantly non-zero.
The optimal ARIMA model could therefore be selected from all combinations of p and q
for p; q ¼ 1; 2; 3; 4; 5. By comparing the AIC and BIC values of these combinations shown
in Table 1, the optimal p and q were determined as p ¼ 3 and q ¼ 4 with minimum AIC
and BIC values, i.e., the optimal model was ARIMAð3; 1; 4Þ. A diagnosis was also performed with the conﬁguration of the optimal ARIMA model. This model was obtained
under the assumptions given in Equation (1), which were assessed to determine if they
had been violated. A white noise test of residual series indicated model signiﬁcance with
a large probability. The ARIMAð3; 1; 4Þ model agreed well with the cloud coverage data.
Remark: The cloud cover series had become stationary after one order diﬀerencing. If
the series remains non-stationary after one order diﬀerencing, we will further implement
two or more higher order diﬀerencing. Figure 3 showed that ACF and PACF plots were
slowly declining, not suddenly cutting oﬀ. It means that an ARMAðp; qÞ model is appropriate for the cloud cover series ﬁtting. However, multiple models with diﬀerent p and q
were always selected by ACF and PACF plots. In order to determine an optimal model, AIC
and BIC were introduced. Furthermore, we also examined other combinations of p and q.
Experimental results showed that this ARIMA modeling process is credible.

3.3. Model prediction
The goal of this work was to predict the future trends of cloud coverage series based on
the ﬁtted model. Therefore, in addition to a stationary test, white noise test, model

Figure 3. (a) ACF and (b) PACF plots of diﬀerencing cloud coverage series.
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Table 1. AIC and BIC values for diﬀerent ARIMA ðp; d; qÞ models.
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Model
ARIMA(1,1,0)
ARIMA(2,1,0)
ARIMA(3,1,0)
ARIMA(4,1,0)
ARIMA(5,1,0)
ARIMA(0,1,1)
ARIMA(0,1,2)
ARIMA(0,1,3)
ARIMA(0,1,4)
ARIMA(0,1,5)
ARIMA(1,1,1)
ARIMA(1,1,2)

AIC
7240.93
7167.36
7167.28
7146.35
7111.12
7187.17
7169.26
7170.32
7118.23
7104.56
7168.16
7163.28

BIC
7254.86
7188.26
7195.13
7181.17
7152.91
7201.10
7190.15
7198.17
7153.05
7146.35
7189.05
7191.14

Model
ARIMA(1,1,3)
ARIMA(1,1,4)
ARIMA(1,1,5)
ARIMA(2,1,1)
ARIMA(2,1,2)
ARIMA(2,1,3)
ARIMA(2,1,4)
ARIMA(2,1,5)
ARIMA(3,1,1)
ARIMA(3,1,2)
ARIMA(3,1,3)
ARIMA(3,1,4)

AIC
7165.29
7095.84
7103.74
7164.54
7165.22
7096.13
7090.71
7105.52
7166.40
7085.58
7074.45
7071.95

BIC
7200.11
7137.63
7152.49
7192.40
7200.04
7137.91
7139.46
7161.23
7201.22
7127.37
7123.20
7122.66

Model
ARIMA(3,1,5)
ARIMA(4,1,1)
ARIMA(4,1,2)
ARIMA(4,1,3)
ARIMA(4,1,4)
ARIMA(4,1,5)
ARIMA(5,1,1)
ARIMA(5,1,2)
ARIMA(5,1,3)
ARIMA(5,1,4)
ARIMA(5,1,5)

AIC
7074.67
7083.76
7084.20
7072.06
7073.78
7076.03
7112.88
7087.33
7073.79
7075.83
7055.30

BIC
7137.35
7125.55
7132.95
7127.77
7136.45
7145.67
7161.63
7143.04
7136.46
7145.47
7131.91

selection, parameter estimation, and model diagnosis, the prediction is used to estimate
the cloud coverage values of future time by using the observed sample series. In order
to evaluate the prediction accuracy, a measure of error rate is deﬁned as follows:
et ¼

jxt  ^xt j
 100%
xt

(5)

where, et ; xt and ^xt refer to the error rate, observed value and predicted value,
respectively. The prediction results can be found in Tables 2 and 3.
Tables 2 and 3 show that as the prediction time span increased from one minute to sixty
minutes, the average error rate also gradually increased. This is in accordance with the fact
that the prediction accuracy will decline as the prediction period increased. In one minute
forecast, the average error rate of our method was only 5%. For ﬁve minute forecast, the
average error rate was 7%. In the case of ten, twenty and thirty minutes, the average error rate
values did not change signiﬁcantly and stabilized at about 9%. Even though the worst error
rate (11%) was for the sixty minute forecast, it was only about two fold that of one minute
forecast (5%). This implied that the proposed method has a superior and robust prediction
performance. In addition, compared to the results of 6% for thirty second forecast, 10% for
one minute forecast and 23–30% for ﬁve minute forecast provided in Chow et al. (2011), our
method exhibited a signiﬁcant improvement in the short-term prediction performance.
In particular, we found that the prediction performance was universally poor in the time
interval of 8:00–9:00 for all time points considered in our paper (one, ﬁve, ten, twenty, thirty
and sixty minute forecasts) compared to other time intervals. Thus, we drew the comparison
plots of observed cloud coverage and predicted cloud coverage for each minute in time
Table 2. Predicted values of cloud coverage for three time points from eleven time intervals.
Time

One minute prediction ðt0 þ 1)

Five minute prediction ðt0 þ 5Þ

Ten minute prediction ðt0 þ 10Þ

t0
Observation Prediction Error rate Observation Prediction Error rate Observation Prediction Error rate
7:00
7.3
6.8
0.06
7.3
7.1
0.03
7.2
6.9
0.03
8:00
5.4
6.0
0.11
7.1
5.8
0.09
7.5
5.9
0.21
9:00
7.1
6.8
0.04
6.7
6.9
0.03
6.8
6.8
0.00
10:00
8.3
7.9
0.05
7.8
8.1
0.04
7.3
8.0
0.09
11:00
6.6
7.0
0.06
7.3
6.9
0.06
8.7
6.9
0.20
12:00
7.9
7.4
0.07
7.7
7.6
0.01
7.3
7.5
0.02
13:00
8.3
7.9
0.05
7.7
8.0
0.04
7.5
7.9
0.06
14:00
7.4
7.1
0.04
8.2
7.2
0.11
8.3
7.2
0.14
15:00
6.9
6.8
0.02
7.3
6.8
0.06
7.4
6.8
0.08
16:00
6.3
6.4
0.01
7.4
6.3
0.14
7.2
6.4
0.12
17:00
7.8
7.2
0.08
7.4
7.5
0.01
7.5
7.3
0.03
Mean
0.05
0.07
0.09
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Table 3. Predicted values of cloud coverage for three time points from eleven time intervals.
Time

Twenty minute prediction
ðt0 þ 20Þ

Thirty minute prediction ðt0 þ 30Þ

Sixty minute prediction ðt0 þ 60Þ

Downloaded by [Institute of Automation] at 17:26 21 December 2017

t0
Observation Prediction Error rate Observation Prediction Error rate Observation Prediction Error rate
7:00
7.4
6.9
0.07
6.9
7.2
0.04
7.2
7.3
0.01
8:00
7.4
6.0
0.19
6.7
5.6
0.16
7.6
5.6
0.26
9:00
7.5
6.8
0.09
6.9
7.0
0.01
7.7
7.0
0.08
10:00
8.9
7.9
0.11
7.5
8.1
0.09
7.1
8.2
0.16
11:00
9.1
6.9
0.24
8.1
6.8
0.16
7.4
6.7
0.09
12:00
7.7
7.4
0.04
7.4
7.7
0.04
7.4
7.8
0.06
13:00
7.4
7.9
0.07
8.2
8.1
0.01
7.9
8.2
0.05
14:00
7.4
7.1
0.04
8.3
7.3
0.12
8.3
7.4
0.11
15:00
6.7
6.8
0.01
7.8
6.9
0.12
7.4
6.9
0.06
16:00
7.5
6.4
0.15
7.5
6.3
0.16
7.0
6.3
0.10
17:00
7.4
7.2
0.02
6.7
7.6
0.13
6.4
7.7
0.21
Mean
0.09
0.09
0.11

intervals of 7:00–8:00, 8:00–9:00, 9:00–10:00, and 10:00–11:00. Figure 4 supported this ﬁnding.
By comparing the observed and predicted cloud coverage values, it was noted that there was
a large ﬂuctuation of observed values with a standard deviation of 0.06 in the 8:00–9:00 time
interval, despite almost all observed values being in the upper and lower bounds (blue dotted
line shown in Figure 4) of the predicted values (95% conﬁdence interval). As shown in the top
right of Figure 4, there were ﬁve large sudden drops in cloud coverage from 7.0–8.0 to about
5.5. This accounted for the poor prediction performance in the 8:00–9:00 time interval. If the
prediction results in 8:00–9:00 time interval is not taken into account, the average error rates
for one, ﬁve, ten, twenty, thirty and sixty minute forecasts will decrease to 4.7%, 5.5%, 7.8%,
8.3%, 8.7%, and 9.4%, respectively. There was at least a 0.5% drop. In other time intervals, the
prediction value changes were essentially stationary. For example, the observation values
uniformly ﬂuctuated around the prediction values with a small standard deviation of 0.02 in
the 7:00–8:00 time interval as shown in the top left of Figure 4.

Figure 4. Prediction plots with time intervals of local time (a) 7:00–8:00, (b) 8:00–9:00, (c) 9:00–
10:00, and (d) 10:00–11:00.
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Table 4. Average error rate in diﬀerent cloud coverage intervals.
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Cloud coverage
interval
½5:0; 6:0
½6:0; 7:0
½7:0; 8:0
½8:0; 9:0
½9:0; 10:0

Number of samples
6
98
440
109
6

Average observed
value
5.5
6.7
7.4
8.3
9.2

Average predicted
value
5.8
6.8
7.0
7.5
7.3

Average error rate
0.07
0.05
0.07
0.10
0.20

Furthermore, the error rate of the ARIMA model prediction in diﬀerent cloud coverage
intervals was reported. The results are shown in Table 4, which presents the frequencies of
occurrence that are 6, 98, 440, 109, and 6 in ﬁve continuous intervals of 5:0  6:0; 6:0 
7:0; 7:0  8:0; 8:0  9:0; and 9:0  10:0, respectively. This clearly indicated that the cloud
coverage data follows a normal distribution. This further validated the feasibility and
eﬀectiveness of the ARIMA model for cloud coverage prediction from another perspective.
Additionally, the prediction accuracies varied for diﬀerent cloud coverage intervals. For
example, in cloud coverage intervals of ½5:0; 6:0; ½6:0; 7:0; and ½7:0; 8:0, the diﬀerences of
average observed and predicted values were small. However, these diﬀerences become
larger with increased cloud coverage. In the case of ½8:0; 9:0, the average error rate was two
fold that of the ½6:0; 7:0 cloud coverage interval. Even more, the average error rate of
½9:0; 10:0 was four fold that of the ½6:0; 7:0 cloud coverage interval.

4. Discussion and conclusions
The traditional cloud coverage prediction is always performed based only on the
amount observed at current time, which neglects the correlation between cloud coverage over a time interval and some useful information for prediction is inevitably lost. In
this study, the ARIMA time series model is used to predict the future trend of cloud
coverage. Experimental results on a collected time series database of cloud coverage
computed from ground-based whole sky cloud images show that the correlation information of time series is useful for short-term cloud coverage prediction. Additionally, the
ARIMA model gains a superior prediction performance for forecasts of one minute or
longer 20 and 30 minutes. We are able to predict the cloud coverage with an approximate error of 5%, 7%, and 9% for 1, 5, and 20 and 30 minute forecasts, respectively.
Furthermore, we found that there are diﬀerent error rates of predictions for diﬀerent
cloud coverage intervals. High cloud coverage always suﬀers from a higher error rate.
Although ARIMA prediction model has achieved high prediction accuracy, the whole
process is doing based on a predetermined model under many assumptions. For
example,
the
basic
assumption
of
ARIMA
model
is
zero
mean
1
1
1
(Eðεt Þ ¼  1 xft ðxÞdx ¼ 0), no correlation (Eðεt εs Þ ¼  1  1 xyft;s ðx; yÞdxdy ¼ 0), homo1

scedasticity (Varðεt Þ ¼  1 ðx  Eðεt ÞÞ2 ft ðxÞdx ¼ σ2ε ), where ft ðxÞ is the probability density function of random variable εt and ft;s ðx; yÞ is the joint probability density function of
random variables εt and εs . Among these assumptions, the homoscedasticity assumption
is especially hard to be satisﬁed. If neglecting it, the variance may be underestimated,
and thus the ﬁtting and prediction accuracies of the model would be greatly inﬂuenced
by the heteroscedasticity of the data series. Therefore, in the future, we consider to use
the recurrent neural network (RNN) model to implement end-to-end direct black-box
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modeling. It will avoid the inﬂuence of human factors and reduce the transmission errors
of traditional prediction techniques. We will further compare the advantages and
disadvantages of these two diﬀerent methods.
Furthermore, a main target of time series modeling is to predict the future values of the
series. Thus, the assessment of prediction accuracy is particularly important. We will further
study the conﬁdence interval of prediction and provide a more credible prediction result.
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