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Abstract: The output of Solar Panels is directly dependent on
the intensity of direct Sunlight that is incident on the panels.
But this efficiency reduces due to shadow effects for rooftop-
mounted panels. These shadows can come from other solar
panels, nearby buildings, or high-rise structures. It is possible
to optimize Maximum Power Point Tracker (MPPT) control-
lers, which draw the most power possible from PV modules by
forcing them to function at the most efficient voltage to in-
crease the output of solar panels even while they are in the
shade. Thus, the MPPT analyses the output of the PV module,
compares it to the voltage of the battery, and determines the
best power the PV module can provide to charge the battery. It
then converts that power to the optimum voltage to allow the
battery to receive the maximum level of currents. Additionally,
it can power a DC load linked directly to the battery. Existing
shadow detection and MPPT control models are highly com-
plex, which increases their computational requirements,
thereby reducing the operating efficiency of the solar panels.
This text discusses a novel Saliency Map-based low-complexity
shadow detection model for Solar panels to overcome this
issue. The proposed model initially extracts saliency maps
from connected Solar panel configurations and evaluates
the background for the presence of shadows. Based on the
intensity shadows, the model tunes MPPT parameters for
optimal voltage & current outputs. Due to this, the model can
maximize Solar panel output by over 8.5%, even under
shadows, making it useful for various real-time use cases.
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Introduction

Computer vision applications risk making an erroneous
determination regarding the nature of the objects or infor-
mation contained in a scene when shadows are present.
Because they do not belong in the foreground or the back-
ground, locating and removing them is essential to any
analysis that can be relied upon. It's possible that identifying
shadows will be complex due to the diverse item types and
colors present in the scene, as well as the inconsistent
lighting in the image. It is challenging to create a general
model to recognize different types of shadows in different
environments, such as indoors and outdoors, because of the
obstacles listed above. This is because the manifestation of
these issues can take on many different forms, depending on
the particulars. As a result, they are having difficulty
developing a model that can distinguish between various
kinds of shadows in both indoor and outdoor settings. To
address this problem, several different shadow detection
systems have been developed. Photos contain information
about the RGB color space and the pixel intensity, both of
which can be used to locate regions significantly darker than
their immediate surroundings. It is possible to extract in-
formation on chrominance and illuminance from the orig-
inal image by converting it to a different color space. This
paves the way for more advanced techniques. Objects can
also be categorized according to photographic qualities such
as lighting and texture, and additional techniques exist.

In addition, the techniques make use of light and
reflectance or chromaticity in a variety of different permu-
tations in an effort to differentiate shadows on multiple
levels. These levels include pixel-based (Alvarado-Robles et
al. 2021), edge-based (EB) (Alsaffar et al. 2021), and region-
based (Bo, Fenzhen, and Yunshan 2020). In order to perform
chromaticity-based shadow detection, the original image
needs to be converted into a new colour space. Within this
new colour space, the chrominance and luminance infor-
mation must be kept distinct from one another. Chroma is
represented by the H and S components of the HSV model
(Campbell, Lin, and Chen 2019), while luminance is
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represented by the V component of the model. The RGB, YUV,
and HSI colour spaces, in addition to the c1c2c3 colour space
(Campbell, Lin, and Chen 2019; Dong et al. 2020; Fang et al.
2019). Compared to the RGB model, these colour models have
a number of advantages, the most notable of which is the
consistency and linearity with which they display colours,
which is independent of the intensity. After being converted
into the LAB colour space, the image is analysed pixel by
pixel to determine the presence of shadows. Shadows are
denoted by pixels whose values are lower than the average
of the L component (Gutierrez, Elmannai, and Elleithy 2022).
This method was successful in identifying nearly all shadows
that were encountered in real-world scenarios; however, it
incorrectly labelled pixels with very high saturations of the
colours blue, red, and green as well as black as shadows,
which resulted in poor performance when detecting fea-
tures that were not cast in darkness.

The method described in Hu et al. (2020) is an
advancement on the previous method because it thresholds,
uses the mean of the B and A components as another crite-
rion for identifying shadows, and uses the mean of the B
component as another criterion for identifying shadows. The
realization that blue accounts for a significantly higher
proportion of shadows than any other colour is the basis for
this strategy’s overall approach. Because of this, it is possible
to identify blue pixels as shadows, whereas red and green
pixels cannot be. Although it was significantly less successful
than the method that came before it and continued to have
the same flaws, it was selected as the method of choice. In
Hou et al. (2021), thresholding the shaded pixels, also known
as TSP, is discussed. This section uses the Tri-colour Atten-
uation Model to generate a ratio map (TAM). The fact that
these techniques are applied at the pixel level, which results
in a large number of false pixels being identified as shadows,
is the primary problem that arises when trying to use them
in environments that are outdoors, in which the lighting
conditions can vary considerably from one location to the
next. It is possible to pinpoint the locations of shadows on a
given surface by comparing the texture of the surface in
areas of high light to the texture of the surface in areas of
low light, as was discussed in Hole and Das Goswami
(2022a, 2022Dh). It is possible to recognize clouds in natural
settings by noticing how the brightness of the image’s fore-
ground objects has been reduced. The surface of a building to
be lit up for a human to be able to see a shadow that is
projected onto the surface of the building. This finding led to
the development of an algorithm for detecting shadows,
which was subsequently incorporated into the method
described in Inoue and Yamasaki (2021), Kumar and Panda
(2022, 2023), and Kumar, Singh, and Panigrahi (2022). These
techniques made use of light and texture in order to generate
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pairs of shadowed and unshaded regions (LTSUR) in the im-
age. In Kumari, Kumar, and Panigrahi (2023), Liu et al. (2022),
Liu, An, and Huang (2019), Luo et al. (2021), and Mohajerani
and Saeedi (2019), which discuss the use of low complexity
optimization models that can be used for multiple use cases,
efficient techniques are also proposed. These models can be
used for a variety of applications. The accuracy and inde-
pendence of the chromaticity information provided by
such systems are undeniably positive aspects of the tech-
nology, but the lengthy processing times are undeniably a
drawback.

In the following paragraphs, we will go over developing
a low-complexity shadow detection model for solar panels
based on saliency maps. The suggested model extracts
saliency maps from connected solar panel configurations
and assesses the background for shadow presence (Saha,
Kumar, and Panda 2022). Based on the intensity shadows, the
model adjusts the MPPT parameters for the best voltage and
current outputs based on the intensity shadows. The model
is validated in Section 3, where its results are compared with
standard shadow detection techniques. Finally, this text
concludes with deployment-specific observations about the
proposed model and recommends methods to improve its
performance under different use cases.

Materials & methods

It was determined via the evaluation of older shadow detection models
that contemporary control models are highly intricate, boosting their
computational needs and reducing the operational efficiency of the solar
panels. This was discovered as a result of the findings. To solve this issue,
the author of this book presents a novel and simple shadow detection
model for solar panels based on saliency maps. The proposed method
first gathers saliency maps from connected solar panel sets and then
evaluates the background to determine whether or not there is a
shadow. The model considers the intensity of the shadows to make any
necessary adjustments to the MPPT parameters (Siu, Kumar, and Panda
2022; Wei et al. 2019). Implementing these algorithms is limited because
identifying shadows cast by solar panel installations requires context-
specific strategies. These strategies must be implemented. A general-
purpose object recognition model is built with the help of a structure-
and colour-based saliency map model in this book. The model estimates
the saliency map by applying bit-level slicing, colour space conversion,
structural and colour feature extraction, feature selection, and entropy
analysis. The saliency map is evaluated using several rooftops, closed-
circuit television (CCTV) footage, and drone images. As a result of this
evaluation, it was discovered that the recommended model is highly
successful in estimating the shadows. As a result of this, the model has
been used for the detection of shadow advancement stages. The pro-
gression of this process is shown in Figure 1, which displays the entropy
evaluation and colour conversion. The technique starts with the frame-
by-frame segmentation of the gathered input video and then moves on
to the bit-level slicing of each frame (Wang et al. 2020). To construct
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these slices, which each include bit-level photos for superior pixel-level
interpolation, the following equation (1) is applied,

Si= Nd" (Prco?) )

where S; It represents the slice pixels for ith a bit while P,.. is the pixel
intensity of each input image pixel, and R, C represents the total number
of rows and columns present in the image sets.

~
Structural Feature Extraction —
g
> Color Feature Extraction
Entropy Estimation <

Storage For Training Set

Figure 1: The overall flow of the proposed shadow detection process.
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Equations (2)-(4) are used to estimate the level of approximate
energy (Y), luminance levels (Ch), and levels of chrominance (Cr) of each
slice based on its respective red (R), green (G), and blue (B) colour levels.
All of the portions are then subjected to the YChCr conversion. This
process produces 24 separate images, each containing a unique mix of
the feature levels in the original image.

Y =16 + (65.481 x R x 128.553 x G + 24.966 x B) (V)

This equation (2) is used to convert RGB image pixels into intensity
levels.

Cp, =128 + (—37.797 x R —74.203 x G + 112 x B) 3)
Cr =128 + (112 x R —93.786 x G —18.214 x B) 4

Estimate the average of each image via equation (5),

1 Nm
T =g 2 G ®
where C; represents the level of colour for ith a component of the image
and Iyg is the average of given image sets. A differential bit slice value is
estimated via equation (6),

2 2
T war (P = P;) + (PP,
(sbsi):NXMXZSiIavgix y (P =P;) + (P = B;)
£

e Var (s;, s;) ©

where d(s;, s;) represents Euclidea instance for slice S; ; Var(s;, s;) is
their variance levels, N; are whole slices present in the image sets and Py,
are the intensity of pixel levels for the image x, under the yth dimensions.

Each distance metric is given to the color and shape of feature
extraction units to classify the extracted features as feature vectors to
enable the units to classify the extracted features as feature vectors.
Equation (7) first uses the color feature extraction and shape feature
extraction units to quantize each pixel in the 0 to 128 range. This is done
to reduce the number of retrieved color map values and standardize the
output features.

W)

P quant:P in X Pmax
where, Pin, Pquant, and Pray are the input pixels, total quantized pixels
and maximum intensity levels of output pixels? Evaluate the number of
pixels needed in individual quantized image sets via equation (8), and
capture their counts in output array sets.

N, NM
CFou = iUI Z |Pr,c == Pquantm 8)
=1 re

where CF,y is the output colour map for all quantized pixel sets? Now
identify shape levels via equation (9),

(V;) (D
SFout = (Ul) b |Cann}7(P<hC)’P(’xC) +1)= 1| ©

=D (o)

where, SF,, are output shape maps, and Canny (P, .) applies Canny
Edge detection on the image to evaluate pixel sets, where edges are
present in the output images.

An entropy estimate unit is provided with a colour map and a
shape map. This unit determines each bit slice’s threshold, making it
possible to estimate the bit-level saliency map. Equation (10) is used in
the process of entropy assessment. This equation approximates the
feature level and the feature level log to determine the final thresholds.



380 —— S.R. Hole and A.D. Goswami: Design of an efficient MPPT optimization

N M
E=-% le(sr,q) x log (p(S.ci)) (10)

r=1 c=
where p (F;, ;) represents the shadow probability of foreground pixels
detected in the image sets.

To execute bit-level thresholding, these entropy values are employed
as upper bounds for each slice of the input image. The whole silhouette
map is constructed by combining the information from each of these
slices. Figure 2 provides a window into some of the retrieved silhouette
maps, allowing for precise extraction of the item that is going to be
investigated to be carried out. Based on these results, a final shadow
probability metric (SPM) is evaluated via equation (11),

N E
sPM =y 4 11
EZl N 1
This shadow probability metric enables control signals for the
MPPT unit, improving their computational efficiency levels. To perform
this task, the Temperature Method is used, which outputs the maximum
power point via equation (12),

Vinp (S) = Vinpp (Srer) + SPM x (S = Srer) (12)

where Vipp(S) represents the output of MPPT at the current shadow
level, Vinpp (Srer) represents output at reference shadow levels.

Due to the integration of saliency maps, the model is capable of
high-efficiency shadow identification and improves MPPT-based con-
trol’s efficiency for different solar deployments. The performance of this

Original Image

Figure 2: Extracted saliency maps from the input images.
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model is evaluated and compared with existing methods in the next
section of this text (Wang et al. 2021).

Result analysis & comparison

The proposed model uses a combination of Saliency Maps
with MPPT-based control to improve the efficiency of solar
rooftop deployments. This efficiency was evaluated in terms
of the accuracy of shadow detection (A), power conversion
efficiency levels after shadow detection (PCE), and delay (D)
needed for shadow detection under multiple season types.
Based on different season types, the shadow percentage (SP)
on Solar panels varied between 1% and 20%, and its perfor-
mance was compared with various state-of-the-art models.
The accuracy of shadow detection was evaluated via equation
(13) and compared with EB (Alsaffar et al. 2021), TSP (Hou et al.
2021), and LTSUR (Inoue and Yamasaki 2021) in Table 1 as
follows,

N SL
A = Z:l m (13)
The Shadow Map
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Table 1: Accuracy of shadow detection for different models.

S.R. Hole and A.D. Goswami: Design of an efficient MPPT optimization =—— 381

Table 2: The power conversion efficiency of MPPT for different models.

SP A (%) EB A (%) TSP A (%) LTSUR A(%) SP PCE (%) EB  PCE (%) TSP PCE (%) LTSUR PCE (%)
(Alsaffar et al. (Hou et al. (Inoue and proposed (Alsaffaretal. (Houetal. (Inoue and Yama- proposed
2021) 2021) Yamasaki 2021) 2021) 2021) saki 2021)
1 76.50 74.30 70.50 79.04 1 88.49 90.24 92.86 96.00
2 76.90 74.50 70.80 7936 2 88.33 89.86 92.18 95.63
3 76.95 74.90 71.80 79.88 3 88.20 89.50 91.44 95.26
4 77.20 75.10 72.60 8032 4 88.05 89.12 90.73 94.88
5 77.30 76.20 73.90 8121 5 87.90 88.70 90.00 94.49
6 77.54 76.32 74.50 81.56 6 87.74 88.42 89.37 94.17
7 77.73 76.76 75.36 82.09 7 87.59 88.06 88.68 93.81
8 77.92 77.20 76.22 8262 8 87.44 87.71 87.99 93.44
9 78.11 77.64 77.08 83.15 9 87.28 87.36 87.30 93.08
10 78.30 78.08 77.94 83.69 10 87.13 87.01 86.62 92.72
11 78.49 78.52 78.80 8422 1 86.98 86.66 85.93 92.36
12 78.68 78.96 79.66 8475 12 86.83 86.30 85.24 92.00
13 78.87 79.40 80.52 85.28 13 86.68 85.95 84.55 91.64
14 79.06 79.84 81.38 8581 14 86.52 85.60 83.86 91.28
15 79.25 80.28 82.24 86.35 15 86.37 85.25 83.18 90.92
16 79.44 80.72 83.10 86.88 16 86.22 84.90 82.49 90.56
17 79.63 81.16 83.96 8741 17 86.07 84.54 81.80 90.20
18 79.82 81.60 84.82 87.94 18 85.92 84.19 81.11 89.84
19 80.01 82.04 85.68 88.48 19 85.76 83.84 80.42 89.48
20 80.20 82.48 86.54 89.01 20 85.61 83.49 79.74 89.12
Table 3: Delay of shadow detection for different models.
where, N;, SL, & SL, represents several images used for sp D(ms)EB D (ms)TSP D (ms) LTSUR D (ms)
detection, estimated shadow levels, and actual shadow (Alsaffaretal. (Houetal. (Inoueand Yama-  proposed
levels. 2021) 2021) saki 2021)

Based on this evaluation, it can be observed that the 1 117.85 11753 116.69 92.13
proposed model showcases 8.5% better accuracy than EB 5 118.02 117.40 116.41 92.10
(Alsaffar et al. 2021), 6.5% better accuracy than TSP (Houetal. 3 117.97 117.43 116.60 92.18
2021), and 2.9% better accuracy than LTSUR (Inoue and 4 118.03 117.30 116.66 92.21
Yamasaki 2021) under different season types. This is due to > 118.00 117.79 117.07 9248
the incorporation of Saliency Maps, which improve shadow o 18.06 N7 N7.0s 92.49

; i 7 118.08 117.73 117.17 92.58
detection performance under different season types. Simi- 4 118.11 117.79 117.29 92.67
larly, the power conversion efficiency can be observed in g9 118.14 117.86 117.42 92.76
Table 2 as follows, 10 118.17 117.92 117.54 92.85

Based on this evaluation, it can be observed that the 1 11819 117.98 117.66 92.94
proposed model showcases 3.5% better power conversion g Hgii 112’?? H;;? zz'?;
efficiency than EB (Alsaffar et al. 2021), 5.9% better power 14 118.27 118.17 118.03 9321
conversion efficiency than TSP (Hou et al. 2021), and 9.1% 15 118.30 118.23 118.15 93.30
better power conversion efficiency than LTSUR (Inoue and 16 118.33 118.30 118.28 93.39
Yamasaki 2021) under different season types. Thisis due tothe 17 118.36 118.36 118.40 93.48
incorporation of Saliency Maps, which improve shadow '8 118.38 118.42 118.52 93.57
detection performance under different season types. Simi- 19 11841 11849 11865 93.66

20 118.44 118.55 118.77 93.75

larly, the delay can be observed in Table 3 as follows,

Based on this evaluation, it can be observed that the
proposed model showcases 18.5% faster performance than
EB (Alsaffar et al. 2021), TSP (Hou et al. 2021), and LTSUR
(Inoue and Yamasaki 2021) under different season types. This
is due to the incorporation of Saliency Maps, which assist in

reducing the complexity of shadow detection under different
season types, and makes it useful for real-time deployments.
Thus, the proposed model is capable of high accuracy & low
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complexity shadow detection and high conversion efficiency
for different solar rooftop deployments.

Abbreviations

MPPT maximum power point tracker

PV photovoltaic

DC direct current

RGB red green blue

EB edge-based

RGB tri-color attenuation model

LTSUR light and texture in order to generate pairs of shadowed and
unshaded regions

HSV hue saturation value

YUV (Y) luma, or brightness, (U) blue projection and (V) red
projection

HSI hue, saturation, intensity

TSP thresholding the shaded pixels

Y approximate energy

Cb luminance levels

Cr chrominance

R red

G green

B blue

A accuracy

PCE power conversion efficiency

D delay

SP shadow percentage

ccrv closed-circuit television

CNN convolutional ceural networks

GRU gated recurrent unit

YCbCr Y is the Luma component and CB and CR are the blue-

difference and red-difference Chroma components

Conclusions and future scope

The proposed model combines saliency maps with MPPT-based
control to identify solar rooftop shadows and improve converter
efficiency via temperature-based analysis. Due to simplified
entropy analysis during shadow identification, the model is
useful for small-to-large-scale solar deployments. The sug-
gested model was 8.5% more accurate than EB (Alsaffar et al.
2021), 6.5% more accurate than TSP (Hou et al. 2021), and 2.9%
more accurate than LTSUR (Inoue and Yamasaki 2021). These
maps contribute to improved shadow detection performance
across seasons. In addition, its power conversion efficiency
was 3.5% better than EB (Alsaffar et al. 2021), 5.9% better than
TSP (Hou et al. 2021), and 9.1% better than LTSUR (Inoue and
Yamasaki 2021). These maps contribute to improved shadow
detection performance across seasons. The suggested model
was 18.5% faster than EB (Alsaffar et al. 2021), TSP (Hou et al.
2021), and LTSUR (Inoue and Yamasaki 2021) in each season.
Saliency Maps reduce the complexity of shadow detection
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across seasons and enable real-time deployments. The model
can identify shadows with high precision while maintaining
low complexity and high conversion efficiency across solar
rooftop installations.

— Future scope

Future researchers can integrate deep learning models, such
as Convolutional Neural Networks (CNN), Gated recurrent
unit (GRU), etc., to improve computational efficiency across
seasons. The model must be validated on larger deployments
and can be tuned using bioinspired techniques to be useful
in real-time scenarios.
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