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a b s t r a c t

As the importance of sustainable energy has been rapidly growing, a concentrative photovoltaic (CPV)
solar system is drawing much attention. In order for a system to operate efficiently, a deliberate
solar tracking system must be equipped because an optimal tilt of solar panel is changed as the Sun
orbits its trajectory. However, many existing tracking methods did not clearly consider the effect of
various weather conditions, even though the performance of tracking method is subject to them. In this
paper, we propose a CPV solar system that chooses the most proper solar tracking method among the
group of heterogeneous tracking algorithms, based on an inference on the current weather conditions
with Bayesian network (BN). We use 13 features derived from image processing and implement four
tracking algorithms which have relative performance depending on nine different weather conditions.
We constructed the working CPV system and collected the 1630 image data every three minutes for
five hours over a period of 16 days. The proposed BN shows 93.9% accuracy for inferencing weather
conditions, and the proposed system shows 16.58% higher power productivity, compared to a pinhole
system and other existing methods.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

As energy consumption is rapidly increasing with industrial
development [1], and fossil fuels are being depleted and environ-
mental pollution becomes severe, the development of sustainable
energy sources has gained much attention. A solar power gener-
ation system is the most popular approach and the proportion to
other approaches is still growing [2]. A concentrative photovoltaic
(CPV) solar system, which consists of solar array module, tracker,
mounting, and other supporting components, uses solar voltaic
module to increase efficiency, which has been widely developed
and has recently gained more attention among sustainable energy
sources in many fields such as smart home [3] with energy
management policy [4], vehicle [5], apartments [6], and so on.
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The most important feature of this system is the solar tracking
module. For CPV solar systems to maximize their output, optimal
solar tracking system must be supported [7], because a projected
area depends on the cosine of the misalignment angle between
the cell and the Sun [8]. Fig. 1 shows various tracking scenarios,
where circles denote the Sun and straight lines denote the CPV
system. Since the value of r in Fig. 1(a) is very large and l is
proportional to the multiplication of r and θ , a very small error on
θ could make a large difference in l, which could make the output
significantly low, approximately 75% loss [9], and the deliberate
solar tracking method should be equipped with a CPV system.

Not only the exact position of the Sun, however, weather
conditions also considerably impact on the performance of CPV
system. The total amount of global irradiance consists of beam
irradiance, diffuse irradiance and reflected irradiance. In most
circumstances except snowy areas, the amount of reflected ir-
radiance is considerably low. In casual sunny days, where there
are not heavy clouds or rains, the position of the Sun can be
measured relatively easily with most image processing methods.
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Moreover, beam irradiance constitutes most global irradiance,
hence by tilting solar panels vertical to the measured Sun posi-
tion, maximum amount of irradiance could be obtained (Fig. 1(b)).
However, in overcast day, the brightness of the Sun decreases and
the Sun is partially blocked by moving clouds, which makes it
hard to get clear image and the position of the Sun. In this case,
diffuse irradiations are scattered at clouds and have arbitrary
direction, thereby the optimum degree of solar panel changes
(Fig. 1(c)). Existing image-based solar tracking algorithms have
different performance with respect to those conditions. In this
paper, we propose a CPV system that chooses the optimal track-
ing algorithm to optimize tilt of solar panel based on the inferred
weather conditions.

Existing solar tracking systems use various tracking methods:
the ecliptic tracking method which uses the latitude, longitude,
altitude of the system and current time, charge-coupled device
and polarized light filter-based solar center tracking system, pin-
hole tracking system, and so on. However, most tracking methods
are based on the single algorithm, in which performance could
fluctuate with respect to weather conditions, and the perfor-
mance is subject to weather conditions. In this vein, our proposed
system is based on multiple heterogeneous tracking algorithms
and dynamically chooses the optimal one with respect to weather
conditions. Moreover, since weather conditions are dynamic and
uncertain, related factors such as the part of the Sun that is
blocked by clouds, or the amount of rain and clouds which affects
the proportion of beam and diffuse irradiations, could be uncer-
tain too. Our proposed system can handle these uncertainties of
weather conditions by designing the modular BN to recognize
the nine weather conditions and choosing the optimal tracking
method. BN is a representative model which could handle various
problems with uncertainties [10,11], based on probabilistic causal
inference, hence it is widely used for context-aware inference
system with uncertainty [12,13]. In addition, for considering the
uncertainty of input nodes and reducing the time complexity, the
proposed BN has multiple intermediate nodes and is designed by
the modular approach.

2. Related works

2.1. Solar tracking system

A solar tracking system tracks the trace of the Sun to find
an optimal tilt of solar panel. Traditional systems are usually
based on the pinhole camera system [14–16]. However, these
approaches work well only when the Sun’s irradiance is enough
to make a clear image, and could be significantly affected by
weather conditions or locational factors. Eldin et al. analyzed and
concluded that solar tracking systems for PV panels are more
beneficial in cold countries than in hot ones [17]; Quesada et al.
referred that high latitude and consequent cloudy weather con-
dition could significantly affect [18]; Vieira et al. compared static
solar panels and a single-axis tracking system near the equa-
tor [19]; Arturo et al. used image processing to extract the center
point of the Sun and used it for tracking [20]; and Antonanzas
et al. mentioned that distribution of incoming irradiation is dif-
ferent in overcast condition and proposed a different policy [21].
Freddy et al. evaluated the energy gain of photovoltaic system and
found that the horizontal one-axis tracking outperforms the two-
axes tracking at equatorial regions [22]. Those conditions could
affect the accuracy of tracking and consequent power generation,
and this issue is being studied extensively.

Antonanzas et al. observed that in an overcast situation, dif-
fuse irradiance is much larger than direct beam irradiance, and set
the panel horizontally to gather diffuse irradiance [21]. Chu et al.
used neural network and image processing techniques to forecast

solar irradiance ramp [23]. Sohag et al. used LDR (Light Depen-
dent Register) sensors and proposed image processing algorithms
including Gaussian blur and binary thresholding to deal with a
scarcity of irradiation [24]. Wei et al. used gray-scaling and Gaus-
sian smoothing filter and found the brightest part of the image
to track the center of the Sun [25]. These studies did not ade-
quately consider climatic uncertainties and variabilities, and the
fact that there are various possible weather conditions and the
performance of each tracking method depends on these weather
conditions. To deal with those uncertainties and variabilities,
many researchers have depended on the statistical approaches,
especially on the BN [26,27].

In this paper, we have classified possible weather conditions
that can affect solar tracking into nine classes based on the
literature and proposed a statistical model, the modular BN, to
deal with those uncertainties and variabilities. The proposed sys-
tem selects the appropriate solar tracking method among four
methods (Section 3.1) depending on the weather condition.

2.2. Weather classification

Classification of various weather conditions has been stud-
ied for a long time [28]. Lopez et al. analyzed the amount of
sunlight with the shape of stratocumulus, cumulus and cirrus
clouds [29]. Roser and Moosmann classified a weather image into
clear, light rain and heavy rain for constructing a drive manage-
ment system which considers a view of driver [30]. Scott used
six parameters (maximum/minimum temperature, 16th EST dew
point/depression, mean daily cloudy cover and diurnal dew point
change) to classify weather in North America into six classes (dry
polar, dry moderate, dry tropical, moist polar, moist moderate,
moist tropical) [31]. Martinez et al. classified weather condi-
tions for a solar generation system based on the kind of cloud,
considering the color and edge features of the sky [32].

Our proposed system is designed to consider not only an
amount of sunlight, but also the state of the sky to choose a
solar tracking system. Fig. 2 shows the nine classes of weather
conditions and example images, which are classified according
to the work of Martinez et al. considering both the amount of
sunlight and various physical features of clouds. As a superfluous
classification of weather conditions makes the system too sensi-
tive to the sensor data, the weather conditions in which there is
minimal sunlight (heavy rain, snow, and so on) are not considered
in detail.

3. The proposed method

Existing CPV systems mainly use a pinhole camera-based
tracking system without considering dynamic and uncertain
weather conditions. In spite of the relatively high performance,
however, the pinhole camera-based system is not efficient when
there is not enough sunlight. And as mentioned in Section 1, the
optimal tilt of solar panel is significantly dependent on weather
conditions, as the proportion of beam and diffused irradiation are
changed. We adopt four tracking algorithms with different char-
acteristics to deal with those conditions. After the proposed BN
infers the nine weather conditions, a naïve Bayes (NB) classifier
chooses the most proper tracking method.

3.1. Solar tracking algorithms

3.1.1. Binary image processing
The proposed model gets a preprocessed gray image F [i, j]

as input and converts into a binary image B[i, j] Eq. (1). In the
preprocessing step, the color image is converted into gray one
based on the linear combination of <R, G, B> as <0.299, 0.587,
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Fig. 1. Tracking the Sun with various conditions.

Fig. 2. Weather classification according to the clouds and sky conditions.

0.114>, just like in the Matlab library. A pixel is binarized into
1 if F [i, j] is within a range of [α, β], where α and β denote the
lower and upper boundary color values of the target object, and 0,
otherwise. It might be nice to determine them automatically with
an appropriate algorithm, but in this paper we set α = 0 since we
assume that the target object, the Sun, is the brightest part in the
image, and β = (fmax − fmin) × 0.6 after empirical study, where
fmax and fmin denote max and min values of the given image.
After conversion, it finds the center of the mass, x, y, to track the

position of the Sun Eq. (2), where A =
∑n−1

i=0
∑m−1

j=0 B[i, j].

B [i, j] =
1, if F [i, j] ∈ [α, β]

0, otherwise (1)

x =

∑n−1
i=0

∑m−1
j=0 jB[i, j}

A
, y =

∑n−1
i=0

∑m−1
j=0 iB[i, j}

A
(2)

Fig. 3 shows the result of binary image processing for example
images of cases 1, 4, and 9. Algorithms based on a binary image
processing detect the Sun by searching the brightest part in the
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Fig. 3. Binary image processing for cases 1, 4, and 9 from left to right.

image [33]. When the light intensity of the target object differs
significantly from the background and the number of target ob-
jects is not high, like sunny weather without clouds (case 9), this
method could make relatively high performance. However, if the
brightness of the Sun does not differ from the background signif-
icantly, like the cases where there are heavy clouds surrounding
the Sun (case 4) or the sunlight is not strong enough (case 1), this
approach might not detect the Sun.

3.1.2. Circle detection
When the shape of the Sun is almost a complete circle and

usually there are no other circular objects in background, the
circle detection algorithm can be useful for tracking, even if the
brightest point of the image is not unitary and ambiguous. We use
the circle Hough transform (CHT) algorithm: after the filtering,
and given the solar radius R, it votes every possible center point
for each target pixel (xi, yi) and each possible radius r Eqs. (3)–(5),
and decides the most frequently overlapped point as the center of
the sun. This method can find the circular shape of the Sun even
when the sunlight is not strong, if the circular shape of the Sun
is conserved (Fig. 4, case 1). However, if there are many other
objects, especially circular objects (case 4), or clouds explicitly
block the Sun (case 6), this approach is not suitable.

a = x − r × cos (tπ/180) (3)

b = y − r × sin (tπ/180) (4)

A [a, b, r] = A [a, b, r] + 1 (5)

3.1.3. Segmentation
A segmentation processing divides the original image into a

subset of images. A popular approach includes a region-growing
algorithm which starts with a smaller part and integrates nearby
similar pixels, split-and-merge methods which gradually exclude
the heterogeneous pixels, or more complex approach, graph por-
tioning, which constructs a graph with each pixel as a node and
the difference as a weight, and splits a graph minimizing the
energy function. This approach uses the difference of color and
light of the target object, and can approximately find the Sun
even if the Sun is blocked by many objects with similar light and
shape (Fig. 5). However, this approach may not track the position
accurately and needs a comparably large computation.

3.1.4. Ecliptic calculations
The ecliptic calculations use the temporal information and ge-

ographic locations such as longitude and latitude of the observer
to calculate the position of the planet. To track the position of
the Sun for a given observer position at a given time, three steps
are needed [34]: (i) calculating the position of the Sun using an
ecliptic coordinate system, (ii) converting it into the equatorial
coordinate system, and (iii) converting it into the horizontal
coordinate system. This approach is useful, as it is not limited
by the quality of the image and weather conditions. However, it
cannot deliberately track the Sun compared to other methods, so
the performance is usually lower than other methods.

3.2. System architecture

Fig. 6 shows the system architecture of the proposed hierarchi-
cal CPV system, and Fig. 7 shows the pseudocode of the proposed
method. After deciding whether to use a pinhole camera-based
tracking system, an input data collection module takes weather
and camera information. In the preprocessing, continuous data
are converted into discrete data based on the predefined rules
and image processing methods. The hierarchical probabilistic in-
ference module has two main parts: BN infers current uncertain
weather information dynamically, and the NB classifier chooses
the most proper tracking method considering the current weather
state. All evidence nodes in the BN (Table 2) are set in setEvidence,
and probabilities of nine weather cases are calculated in update-
Belief, based on causal relationship with intermediate nodes in
the BN (Table 3). After NB classifier chooses C∗

k with the highest
probability, the tracking equipment control module controls the
equipment to track and produce energy.

3.3. Preprocessing

The time complexity of BN is proportional to the number of
the states of nodes Eq. (6). To reduce the time complexity, the
proposed system converts continuous input into discrete values
and extracts other image features (Table 1). These features are
defined and measured with consideration for the necessity to per-
form four solar tracking algorithms, and increase the performance
of recognition and tracking of the Sun. Sobel and Canny edge fea-
tures can increase the performance of recognizing clouds [35,36].
The SURF algorithm, which is widely used for object or space
recognition, extracts features for the scale of image, intensity of
illumination, rotation of image, and change of the viewpoint [37].
It finds the features of clouds, and detects their existence. Optical
flow, the movement vector of extracted features for every frame,
shows the trace of the sunlight [38]. Segmentation separates the
part of the image depending on the intensity of the light and
similarity of colors.

3.4. Weather conditions inference modular BN

A BN is an acyclic-directed graph that is the representative
model to deal with uncertainty. A BN consists of nodes V, edges
E and conditional probability table (CPT), and infers a causal
relation between a child node and a parent node given evi-
dence E [39]. The structure and parameters of the BN can be
defined in two ways: a learning approach using K2 algorithm or
maximum likelihood estimation (MLE), or a domain knowledge-
based approach. As many tracking algorithms vary in accuracy
with uncertain and dynamic weather conditions, awareness of
these conditions and selection of the algorithm could improve the
system. The time complexity of the BN can be calculated with LS
algorithm, as shown in Eq. (6) [40], where n denotes the number
of nodes, k denotes the maximum number of parent nodes, and
w denotes the maximum number of cliques.

O(k3nk
+ wn2

+ (wrw + rw) n) (6)
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Fig. 4. Circle detection for cases 1, 4, and 6.

Fig. 5. Segmentation results for cases 4 and 6.

Fig. 6. System architecture.

Table 1
Result of preprocessing.
Type Result of preprocessing Type Result of preprocessing

Binary image Circle at binary Optical flow Average size of optical
flow vector

Binary bright ratio Number of features

Quantized image Circle at quantized
image

SURF feature Number of features

Quantized image
brightness distribution

Segmentation Number of segments

Gray image Circle at gray image Color histogram Gray color distribution

Sobel edge Circle at Sobel Blue color distribution
Sobel edge rate Weather Weather state

Canny edge Rate of canny edge Rain Rainfall state

Wind Wind strength Humidity Degree of humidity
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Fig. 7. The pseudocode of the proposed solar tracking system.

Given the preprocessed input and image processing informa-
tion, which are input nodes, the BN infers the weather conditions
among nine classes, which denote nine output nodes. Input nodes
are classified into three types, sun, light, and cloud. A Sun type
input observes the state of the Sun extracting the center circle
of the Sun using binary image, Sobel edge image, and so on. A
light type includes brightness and color distributions, and cloud
type observes the type and shape of the clouds using a feature
of optical flow and canny/Sobel edge ratio. Table 2 shows the
definition of the input nodes.

For the structure of the BN, our design approach is based
on three methodologies: (i) intermediate node design, (ii) mod-
ular design, and (iii) reverse direction design. First, instead of
considering all causal relationships with the weather condition
and preprocessed information at once, we design the structure
of BN with intermediate nodes, in which they have input nodes
as a child and output nodes as a parent node. An intermediate
node design can supplement the uncertainty of input nodes—
for example, by aggregating binary/Sobel/quantized/gray image
into an intermediate node ‘solar circle detection’, the uncertainty
of one input node can be compensated by another input node.
Table 3 shows all of the intermediate nodes.

Second, we use the mutual relation analysis of nodes based
on a domain knowledge, previous studies and statistical analysis.
A general BN has ‘from causal node to result node’ design, but
to reduce the size of CPT, we design the relation as ‘from result
node to casual node’, since the inverse causal probability can be
calculated based on the Bayes’ rule. This design approach reduces
the time complexity of the BN to Eq. (7), as we restrict the
maximum number of the parent node by 2, k becomes 2, and n
becomes n

d , where d = number of modules = 9.
Third, a BN module is defined as ψ = ⟨V , E, CPT , λ⟩, where

λϵV is the communication node and all nodes s.t.∀vi ̸= λ are
either an ancestor or descendant of λ. By designing this modular
approach [40], vi⊥v′

j |λ for ∀vi ∈ V in ψ and ∀v′

j ∈ V ′ where V ′

is the set of all nodes that are not included in V and ⊥ denotes
d-separation. This modular design approach can prevent errors
caused by the uncertainties and variabilities of weather condi-
tions and suitability of tracking algorithms from being propagated
to outside of the module. For example, if the evidence ‘circle
of the sun’ is incorrectly observed when it is rainy, this error
will not only increase the probability of sunny weather but also
affect other weather conditions that are not related much, and
consequently the tracking algorithm. But in a modular BN (MBN),
this error will be propagated to only nodes inside of the module.

Fig. 8 shows the entire architecture of the proposed MBN and
decision making module.

O(
(

8
81

+ w

)
n2

+ 2w (r + 1)
n
9
) (7)

P (Ck, w, o) = P (Ck) P (w|Ck) P (o|Ck, w) (8)
= P (Ck) P (w1|Ck) P (w2|Ck, w1) . . . P(o3|w1, . . . , o2)

= P (Ck)

n,m∏
i=1,j=1

P (wi|Ck) P(oj|Ck)

3.5. Solar tracking method decision

The proposed system uses the NB classifier, with 12 input
nodes to take probabilities of nine weather conditions and ad-
ditional weather data collected from input data collection mod-
ule, and four output nodes for posterior probabilities of each
solar tracking algorithms, Ck, where k = 1∼4. The NB clas-
sifier assumes that input nodes are conditionally independent
of each other, and all weather conditions probability wi are
conditionally independent of each other as they are designed
as an independent module. Eq. (8) explains how to calculate
the posterior probability of tracking algorithm, Ck, where wi =

ith weather condition probability and oj = jth weather infor-
mation. The tracking algorithm M∗ with the highest posterior
probability would be selected.

4. Experimental results

4.1. Experimental setup

We constructed a CPV solar generation system which consists
of a pinhole camera with hall size 0.2 mm and 0.02 deg/pix
resolution, 320×240 webcam, pan tilt with 2 degrees, 4.2 V
abnormal voltage, 2.5A abnormal current and 10.5 W thermo-
element. We collected 1630 images within 16 days, 5 h per a
day with 3 min period. The collected data contains all defined
weather conditions: the most frequent weather condition is case
9 (193), and the least frequent is case 7 (165), so the data are
well-distributed for the classes.
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Fig. 8. The proposed MBN and decision module.

Fig. 9. 10-fold cross-validation results of each weather condition.

Table 2
Input nodes of BN.
Type Input node name

Sun Circle at binary image Circle at Sobel image Circle at quantized
image

Circle at gray
image

Light Bright distribution at
binary image

Bright distribution at
quantized image

Average size of optical flow vector

Gray color distribution Blue color distribution White color distribution

Cloud Number of features
through optical flow

Number of canny edges
ratio

Number of Sobel edges ratio

4.2. Accuracy test for the BN

Table 4 shows the confusion matrix and Fig. 9 shows the 10-
fold cross-validation result of the accuracy test for the BN. Each
value denotes the percentage of cases in which the case denoted
by the row is predicted the case denoted by the column. When
the number of cases is too small so that the rounded percentage
is below than 0.00, the number of cases is given in parenthe-
sis. The accuracy, precision, and recall were 93.9%, 75.27%, and
81.14%, respectively. The standard deviation of each statistic for
weather cases was 0.04, 0.1514 and 0.1553, respectively, which
means that there could be some overestimated or underestimated

weather cases, but overall accuracy of each case is trustworthy.
For the null hypothesis ‘H0 = the accuracy of the proposed MBN
≤ 90%’, t value is t =

x−µ
s√
n

= 2.925 ≥ 2.896, hence H0 is rejected

and the proposed MBN would be expected to produce higher
accuracy of classification than 0.9 with the degree of freedom
df = n − 1 = 8 and p < 0.05.

Case 1 and case 9 show the highest accuracy (99%, 92.7%,
respectively), where the classification is quite easy as there were
almost no clouds. Case 2 shows the lowest accuracy (68.6%) as
there were heavy clouds with rain, and cases 6, 7, and 8 also show
low accuracy (72.4%, 50.9%, and 58.7%, respectively) as the shape
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Fig. 10. Power generation of image processing algorithms and the proposed method when a cloud blocks the sun.

Fig. 11. Box plot results of algorithms and the proposed method when a cloud blocks the sun.

of floccus was hard to distinguish from that of case 4. Recall of
case 4 was comparatively low (0.488), and we interpret it as the
result of the conservative classification for the extensive distri-
bution of floccus in case 4. And there were 40 instances of case
6 which were misclassified by case 5, while only one instance of
case 5 was misclassified by case 6. This implies that the proposed
MBN may not detect thick cirrostratus clouds well if they do not
affect tracking of the Sun. However, even for those error cases,
the proposed MBN can calculate the probability of other weather
cases independently. So if the amount of difference caused by
errors is not huge, it can approximately choose the right tracking
method and maintain a power generation efficiency.

4.3. Power generation efficiency

We installed five same CPV systems in the same location
simultaneously and measured the amount of power generation.
Fig. 10 shows the amount of power generation when the Sun is
about to be blocked by clouds and scattering of the light occurs.
Since clouds block the Sun at 13:08, the amount of power genera-
tion decreases for four existing methods except the segmentation
method. However, as the proposed system chose the binary im-
age method before the cloud blocks the Sun and segmentation
method after the cloud has blocked the sun, the amount of
power generation is maintained at all the time. Fig. 11 repre-
sents those results in a box plot. Binary image processing and
segmentation algorithm showed very stable power generation
compared to other methods, including the proposed method.
However, the success rate of power generation was 47.5% and
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Fig. 12. Power generation graph of the proposed system and the pinhole system.

Table 3
Intermediate nodes of BN.
Name Value Related input node

Center point of sun {Success, Failure} Circle at binary/Sobel/quantized/gray image

Bright area {Yes, No} Brightness distribution at binary/quantized image

Heavy clouds {Yes, No} Gray/white color distribution
White clouds {Yes, No}

Edge ratio {High, Middle, Low} Number of canny/Sobel edges ratio

Clouds {Yes, No} Number of features through optical flow, Number of
features, Number of segmentsThin clouds {Yes, No}

Completely covering
the sky by clouds

{Yes, No} Bright area, Center point of the sun

Deep white clouds {Yes, No} Clouds, White clouds, Gray color distribution

Blue sky {Yes, No} Clouds, White clouds, Number of segmentation, Blue color
distribution

Pale white clouds {Yes, No} Thin clouds, White clouds

46.1%, respectively, which means that they could not generate
during bad weather conditions like cloudy weather. Although
circle detection and ecliptic calculation method could generate
during bad weather conditions, they also showed significantly
low performance. The proposed method, however, can flexibly
change the tracking method as weather conditions and proper

algorithm change, and thus showed much better results in terms
of both the amount itself and deviation of power generation.

To compare with the pinhole camera-based system, we also
installed the pinhole camera-based system and the proposed
system in the same location simultaneously. As shown in Fig. 12,
the proposed system chose the pinhole-camera based method
when the amount of sunlight is enough, so the power generation
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Table 4
Confusion matrix of the BN prediction.

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9

Case 1 11.79 3.60 (1) – – (7) – – –
Case 2 (2) 7.88 (4) – – – – – –
Case 3 – – 10.17 – – – – (1) –
Case 4 – – – 9.68 – 2.17 3.97 4.03 –
Case 5 – – – – 8.44 (1) – – (3)
Case 6 – – – – 2.48 7.82 (1) – –
Case 7 – – – 1.11 – (1) 5.21 – –
Case 8 – – – (5) (7) (4) – 6.27 1
Case 9 – – – – – – 1.00 (5) 11.10

was almost the same. However, when the amount of the sun-
light is not enough, the power generation of the pinhole-camera
system shows a sharp decline. Eventually, the proposed system
could generate 16.58% higher energy than the existing pinhole
camera-based system.

5. Concluding remarks

In this paper, we proposed a CPV solar generation system
that considers various weather conditions that could have a huge
impact on the performance of a solar tracking system. We fig-
ured out that various tracking algorithms have fluctuating perfor-
mance depending on contexts like weather conditions, and pro-
posed an efficient CPV system with optimal selections of tracking
algorithms. The proposed CPV system is based on the weather
recognition Bayesian network, which could probabilistically deal
with uncertainties on recognizing various weather conditions.
Weather conditions are classified into nine classes, according
to sky information such as shape and amount of clouds, and
Bayesian network is designed with intermediate nodes and re-
verse design to infer the weather conditions and select a tracking
algorithm. When weather condition contexts fluctuate, we found
that the proposed CPV system outperforms the systems with
a single tracking algorithm. We constructed the working CPV
system and collected 1630 data with 93.9% accuracy, and 16.58%
higher energy generation was obtained.

The most important issue is the classification of weather con-
ditions. There could be various features to classify weather condi-
tions [23,24] but superfluous features could decrease the accuracy
of each information, increase the amount of calculation, and make
the system too sensitive. We focused on the shape and type
of the cloud, which primarily affect the amount and position
of the sunlight, and showed 93.9% accuracy (Fig. 9). However,
the deviation is large; for a complicated case, such as heavy
nimbostratus clouds with rain (case 2; 68.6%) or ambiguous shape
of altostratus clouds (case 8; 58.7%), the accuracy is low. In the
future works classification of weather conditions can be improved
by using additional data such as weather service information or
more deliberate domain knowledge on visual features of various
kinds of weather.

Another issue is the performance of the selection of a proper
tracking algorithm given certain weather conditions. Experimen-
tal results in Fig. 10 show that our approach, a Bayesian selection
of the optimal tracking method given weather conditions, could
change the tracking method dynamically, from a binary image
processing to a segmentation when the weather changes from
case 9 to case 6, thereby increasing the power generation in the
worst case. This improves not only the amount of the overall
power generation, but also the stability of the supplement, which
is another very important factor of the solar generation system,
only if the chosen algorithm is proper for a given weather con-
dition. For the case in the experiment, it is relatively easy to
find that when a cloud blocks the sun, binary image process-
ing is not proper because the brightness of the target object is

not sufficiently different from the background and other objects.
For the proposed CPV system to be able to deal with com-
plex and ambiguous cases, more sophisticated domain analysis
of the causal relationship between image features and tracking
algorithms should be added.

Acknowledgment

This research was supported by Korea Electric Power Corpo-
ration (Grant number:R18XA05).

Declaration of competing interest

No author associated with this paper has disclosed any po-
tential or pertinent conflicts which may be perceived to have
impending conflict with this work. For full disclosure statements
refer to https://doi.org/10.1016/j.asoc.2019.105618.

References

[1] J.Y. Kim, S.B. Cho, Electric energy consumption prediction by deep learning
with state explainable autoencoder, Energies 12 (4) (2019) 739.

[2] G.Y. Lee, J.T. Moon, N.Y. Jung, Economic analysis for the photovoltaic
system, Conf. Korean Inst. Ind. Eng. (2008) 742–746.

[3] Xiaohua Wu, et al., Optimal integration of a hybrid solar-battery power
source into smart home nanogrid with plug-in electric vehicle, J. Power
Sources 363 (2017) 277–283.

[4] X. Wu, X. Hu, X. Yin, C. Zhang, S. Qian, Optimal battery sizing of smart
home via convex programming, Energy 140 (2017) 444–453.

[5] E.M. Allam, S.M. Metwalley, N. Muhammad, Improving electric vehicle
performance using photovoltaic cells, Int. J. Clean Coal Energy 7 (1) (2018)
1.

[6] A.J.A. Cardona, C.A.P. Chica, D.H.O. Barragán, Integrated photovoltaic system
sizing and economic evaluation using RETScreenTM for a building of 40
apartments, Build.-Integr. Photovoltaic Syst. (2018) 35–46.

[7] M.M. Sabir, T. Ali, Optimal PID controller design through swarm intelli-
gence algorithms for sun tracking system, Appl. Math. Comput. 274 (2016)
690–699.

[8] A. Lamoureux, K. Lee, M. Shlian, S.R. Forrest, M. Shtein, Dynamic kirigami
structures for integrated solar tracking, Nature Commun. 6 (2015) 8092.

[9] P. Sharma, N. Malhotra, Solar tracking system using microcontroller, Int.
Conf. Non-Conventional Energy (2014) 77–79.

[10] L.S. Malagrino, N.T. Roman, A.M. Monteiro, Forecasting stock market index
daily direction: A Bayesian network approach, Expert Syst. Appl. 105
(2018) 11–22.

[11] G. Schu, J. Scharcanski, A new method for building adaptive Bayesian trees
and its application in color image segmentation, Expert Syst. Appl. 98
(2018) 57–71.

[12] K.H. Kim, S.B. Cho, Modular Bayesian networks with low-power wearable
sensors for recognizing eating activities, Sensors 17 (12) (2017) 2877.

[13] S.B. Cho, J.M. Yu, Hierarchical modular Bayesian networks for low-power
context-aware smartphone, Neurocomputing 326 (2019) 100–109.

[14] H.C. Jun, L. Yi, H. Yu, A solar ray automatic tracking device based on image
sensor, IEEE Control Conf. (2011) 5187–5190.

[15] M. Davis, et al., Machine vision as a method for characterizing solar tracker
performance, in: IEEE Photovoltaic Specialists Conf., vol. 33, 2008, pp. 1–6.

[16] M. Alata, et al., Developing a multipurpose sun tracking system using fuzzy
control, Energy Convers. Manage. 46 (7) (2005) 1229–1245.

[17] S.S. Eldin, M.S. Abd-Elhady, H.A. Kandil, Feasibility of solar tracking systems
for PV panels in hot and cold regions, Renew. Energy 85 (2016) 228–233.

https://doi.org/10.1016/j.asoc.2019.105618
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb1
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb1
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb1
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb2
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb2
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb2
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb3
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb3
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb3
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb3
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb3
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb4
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb4
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb4
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb5
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb5
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb5
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb5
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb5
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb6
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb6
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb6
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb6
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb6
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb7
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb7
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb7
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb7
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb7
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb8
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb8
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb8
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb9
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb9
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb9
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb10
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb10
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb10
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb10
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb10
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb11
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb11
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb11
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb11
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb11
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb12
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb12
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb12
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb13
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb13
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb13
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb14
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb14
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb14
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb16
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb16
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb16
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb17
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb17
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb17


K.-H. Kim and S.-B. Cho / Applied Soft Computing Journal 83 (2019) 105618 11

[18] G. Quesada, L. Guillon, D. Rousse, M. Mehrtash, Y. Dutil, P. Paradis, Tracking
strategy for photovoltaic solar systems in high latitudes, Energy Convers.
Manage. 103 (2015) 147–156.

[19] R.G. Vieira, et al., Comparative performance analysis between static solar
panels and single-axis tracking system on a hot climate region near to the
equator, Renew. Sustain. Energy Rev. 64 (2016) 672–681.

[20] M.M. Arturo, G.P. Alejandro, High-precision solar tracking system, in: Proc.
of World Congress on Engineering, vol. 2, 2010, pp. 844-846.

[21] J. Antonanzas, et al., Optimal solar tracking strategy to increase irradiance
in the plane of array under cloudy conditions: A study across Europe, Sol.
Energy 163 (2018) 122–130.

[22] F. Ordóñez, C. Morales, J. López-Villada, S. Vaca, Assessment of the energy
gain of photovoltaic systems by using solar tracking in equatorial regions,
J. Solar Energy Eng. 140 (3) (2018) 031003.

[23] Y. Chu, et al., Real-time forecasting of solar irradiance ramps with smart
image processing, Sol. Energy 114 (2015) 91–104.

[24] H.A. Sohag, et al., An accurate and efficient solar tracking system using
image processing and LDR sensor, in: Electrical Information and Com-
munication Technology (EICT), 2015 2nd Int. Conf. on IEEE, 2015, pp.
522–527.

[25] C.C. Wei, et al., Design of a solar tracking system using the brightest region
in the sky image sensor, Sensors 16 (12) (1995) 2016.

[26] S.H. Chen, C.A. Pollino, Good practice in Bayesian network modelling,
Environ. Model. Softw. 37 (2012) 134–145.

[27] A. Daddabbo, A. Refice, G. Pasquariello, F.P. Lovergine, D. Capolongo,
S. Manfreda, A Bayesian network for flood detection combining SAR
imagery and ancillary data, IEEE Trans. Geosci. Remote Sens. 54 (6) (2016)
3612–3625.

[28] K.A. Buch, C.H. Sun, L.R. Thorne, Cloud classification using whole-sky
image data, in: Ninth Symposium on Meteorological Observations and
Instrumentation, vol. 7, 1995, pp. 35–39.

[29] M.L. Lopez, G.G. Palancar, N.M. Toselli, Effect of different types of clouds
on surface UV-B and total solar irradiance at southern mid-latitudes: CMF
determinations at Córdoba, Argentina. Atmos. Environ. 43 (19) (2009)
3130–3136.

[30] M. Roser, F. Moosmann, Classification of weather situations on single color
images, in: Intelligent Vehicles Symposium, 2008, pp. 798-803.

[31] S.C. Scott, The redevelopment of a weather-type classification scheme for
North America, Int. J. Climatol. 22 (1) (2002) 51–68.

[32] M. Martínez-Chico, F. Batlles, J. Bosch, Cloud classification in a Mediter-
ranean location using radiation data and sky images, Energy 36 (7) (2011)
4055–4062.

[33] H.S. Park, S.-B. Cho, A modular design of Bayesian networks using expert
knowledge: Context-aware home service robot, Expert Syst. Appl. 39 (3)
(2012) 2629–2642.

[34] A. Jenkins, The sun’s position in the sky, Eur. J. Phys. 34 (3) (2013) 633.
[35] J. Canny, A computational approach to edge detection, IEEE Trans. Pattern

Anal. Mach. Intell. 6 (1986) 679–698.
[36] J. Kittler, The accuracy of the sobel edge detector, Image Vis. Comput. 1

(1983) 37–42.
[37] H. Bay, T. Tuytelaars, L.V. Gool, Surf: Speeded up robust features, Comput.

Vis.-ECCV (2006) 404–417.
[38] B.K. Horn, B.G. Schunck, Determining optical flow, Artificial Intelligence 17

(1) (1981) 185–203.
[39] G.D. Kleiter, Propagating imprecise probabilities in Bayesian networks,

Artificial Intelligence 88 (1–2) (1996) 143–161.
[40] V.K. Namasivayam, V.K. Prasanna, Salable parallel implementation of exact

inference in Bayesian networks, in: Int. Conf. on Parallel and Distributed
Systems, 2006, pp. 143–150.

http://refhub.elsevier.com/S1568-4946(19)30398-9/sb18
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb18
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb18
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb18
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb18
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb19
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb19
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb19
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb19
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb19
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb21
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb21
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb21
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb21
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb21
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb22
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb22
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb22
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb22
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb22
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb23
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb23
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb23
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb25
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb25
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb25
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb26
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb26
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb26
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb27
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb29
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb31
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb31
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb31
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb32
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb32
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb32
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb32
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb32
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb33
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb33
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb33
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb33
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb33
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb34
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb35
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb35
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb35
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb36
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb36
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb36
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb37
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb37
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb37
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb38
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb38
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb38
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb39
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb39
http://refhub.elsevier.com/S1568-4946(19)30398-9/sb39

	An efficient concentrative photovoltaic solar system with Bayesian selection of optimal solar tracking algorithms
	Introduction
	Related works
	Solar tracking system
	Weather classification

	The proposed method
	Solar tracking algorithms
	Binary image processing
	Circle detection
	Segmentation
	Ecliptic calculations

	System architecture
	Preprocessing
	Weather conditions inference modular BN
	Solar tracking method decision

	Experimental results
	Experimental setup
	Accuracy test for the BN
	Power generation efficiency

	Concluding remarks
	Acknowledgment
	Declaration of competing interest
	References


