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ABSTRACT Shadows are likely to cause flaws in color interpretation, loss of image information or deforma-
tion of objects; this is a relevant issue owing to the fact that with the development of unmanned aerial vehicles
and satellite devices, object detection by aerial images has become an essential aim to research works. The
main contribution of this article is the development of an algorithm that processes shadow detection by
detaching the channels red, green, blue and an additional low saturation channel on individual masks; having
created those masks, the task of shadow detection is accomplished by conducting a pixel-by-pixel basis with
the aid of a decision tree and statistical descriptors extracted out of the image, where the low saturation
channel information leads to improvements on shadow detection accuracy in regions that contain asphalt
and concrete. Thus, experimental results show the good behavior of shadow detection algorithm in terms of
accuracy, over-segmentation, and under-segmentation, in which the accuracy of obtained shadow detection

approaches a 94%.

INDEX TERMS Unmanned aerial vehicles, color, remote sensing, image processing, image segmentation,

pattern recognition, shadow detection, HSV color space.

I. INTRODUCTION

Aerial image analysis is a research field which has aimed
at a thorough, growing trend over the past few years due
to the wide range of applications. Accordingly, acquisition
systems for taking aerial images were made up by means of
a satellite capturing device, which took samples from a con-
siderable distance [1], requiring the use of a high-resolution
custom-made camera. The general public was conditioned
by the supplier of this service, obtaining these shots at a
slow update rate, mainly due to the resources needed by
the provider to handle such high resolution images and the
high impact image stitching processing time associated to
these [2]. Nevertheless, over the past decade, the outbreak
of unmanned aerial vehicles (UAV) has been witnessed [3],
providing an economically feasible alternative for the average
population to take on demand aerial images. This support
technology along with the current computing power enables
the development of image analysis solutions to be updated
under a low cost scheme [4]. Remote sensing solutions based
on aerial imaging are extensible to the use of UAV, where

The associate editor coordinating the review of this manuscript and

approving it for publication was Jon Atli Benediktsson

34240

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

a wide range of applications such as the analysis of urban
regions, the analysis of forestry areas [5], the optimization
of precision agriculture [6], the study of geosciences [7] and
the segmentation of urban zones [8] have been developed.
Despite the fact that the use of aerial images has increased,
there are several factors that hinder the extraction of infor-
mation, one of which being shadows. Shadows represent one
of the main causes of misclassification errors when extracting
information from a surface during remote sensing [9]. Images
taken in urban areas are assumed to contain many elements
capable of causing the appearance of shadows, such as build-
ings, trees, towers, poles and antennas; Shaded regions dimin-
ish the quality of remote sensing, leading to difficulties in
subsequent processing and analysis processes [10]. Shadow
detection research works have been applied widely for remote
sensing applications [11]-[14]. The sensors with higher spa-
tial resolution present a useful tool for aerial imagery. Yet,
the consideration of shadows caused by the geometry of the
scene has become increasingly important for scenes in urban
environments [15].

As previously mentioned, aerial imaging is an important
study field in image processing; with the fast development
of UAV and satellites, object detection for aerial images has
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FIGURE 1. Synthetic images, a) UAV image capturing process detail (left)
where cast shadow and self shadow are present (right), b) V channel
changes under illuminated and shadowed regions, c) S channel changes
under illuminated and shadowed regions and the achromatic
characteristics in asphalt.

become an interesting topic present in recent research works.
Despite the fact that in the latter years significant progress in
object detection has been witnessed [16], detection accuracy
for aerial images is still improvable due to several conditions;
in color aerial images two of the most common factors that
diminish accuracy are self-shadows and cast shadows (refer to
Fig. 1 (a)). The aforementioned types of shadows could incur
issues such as a false color interpretation, a loss of image
information or a deformation of objects, impacting negatively
on image processing algorithms accuracy.
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Shadow detection is a task that could be accomplished
by using two principal means. The first approach is based
on the use of a background picture to detect shadows in
motion images; this solution has been widely studied, where,
in the literature, this procedure has been applied mainly
for video surveillance applications [17]-[20]. As a second
approach, single image processing methods have been pub-
lished, addressing the issue of shadow detection without the
need of background images [21]-[23].

Single image shadow detection methods have many appli-
cations in the field of aerial pictures on account of the fact
that, for this kind of images, there are no reference images,
where the system only has knowledge of the current state
of the objective scenario. This kind of methods could be
classified into three main categories, which are described
next.

The techniques regarding the first category are usually
called hard shadow detection. Hard shadow detection algo-
rithms are based on a binary image segmentation process,
where a search for the optimal threshold over some image
transformation that maximizes shadow area detection is con-
ducted. The methods proposed under this first category are
mostly based upon the proposal presented by Tsai [24], whose
method builds up a shadow mask by applying a smoothed
Otsu threshold onto the image transformation resulting from
computing the ratio between the luminance and the hue
channels. As an example of a variant based on the method
previously quoted, Silva et al. [25] proposes the use of the
CIELCh color space channels to improve this process.

At a second category, techniques based on the stochastic
analysis of the image are present, the method proposed by
Mo et al. [26] shows how this task is carried out by gener-
ating a shadow detection probabilistic map under a Gaussian
mixture model (GMM) [27].

Finally, the third category is established by the methods
that use clustering techniques for detecting shadows by image
segmentation. These methods use luminance characteristics
in order to binarize the image, as a case of this variant,
the work by Usha Nandini and Leni [28] proposes an image
segmentation based on regions particle swarm optimiza-
tion (PSO) and K-means clustering segmentation using hue-
saturation-value (HSV) color space.

According to the literature reviewed, shadow detection
approaches tend to focus on distinguishing shadowed and
non-shadowed regions, applying a threshold over the result
and a last filtering step over it. The great majority of stud-
ies have only focused on the processing of either satellite
images or UAV images. Published researches fail to provide
a versatile solution, mainly due to the divergent color his-
tograms at pictures acquired by the aerial image acquisition
methods cited before. In the reviewed literature, cast shadows
and self shadows present certain characteristics in terms of
luminance and hue, and although those features are helpful
in the shadow detection process, there are some parameters
and characteristics of the scene that could present an obsta-
cle when executing the shadow segmentation task. On this
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regard, as it could be observed in Fig. 1 (a), different light
conditions produced by the light source rays occlusion result
in changes in the captured colors. These chromatic character-
istics changes are noticeable at the S and V channels, which
are shown at Fig. 1 (b) and (c) respectively, where asphalt
and concrete regions tend to present a quite different value
compared to the rest of the image areas considered in urban
zones. For the case of the S channel, the values of illuminated
regions are close to zero in contrast with the shadow regions,
where values are significantly higher. Contrarily, when ana-
lyzing the V channel, there not seems to be any perceptible
value divergence between regions; this could result in a region
misclassification during statistical analysis in any urban zone
image, caused by the achromatic color characteristics of
asphalt and concrete present in aerial imaging. In addition
to this, the specific conditions of the image acquisition pro-
cesses within the methods reviewed require a large image
contrast to detect the shadowed regions accurately, decreasing
the range of these methods applications; even more, the fil-
tering process attached to the reviewed methods could lead to
a boundary misshaping error at detected shadows.

In the present work, an innovative method to segment cast
shadows and self-shadows in aerial images captured in urban
regions is stated; the purpose of this approach is to improve
the accuracy of shadow detection results in UAV captured
images; moreover, the proposed method is ambivalent, as it is
also suitable for processing satellite captured images as well;
the proposed algorithm is based on HSV color space and aims
to tackle the disadvantages mentioned before, such as the
discussed asphalt and concrete region misclassification. The
proposed method could be applied by following the following
steps. The first step of the process is the creation of masks
related to the maximum color components red (R), green (G),
blue (B) and, added to these, an additional low saturation (LS)
mask is created as well; as a second step, taking into account
the masks created before, a statistical analysis over the value
(V) channel is undertaken, a factor is calculated on a process
of standardization, allowing the application of the proposed
method under different scenarios, such as urban zones with
vegetation, asphalt, concrete and buildings; the third and final
step is based in an automated shadow segmentation, which
is completed by the use of a decision tree. Consequently,
according to the literature revision, this work presents a series
of contributions that aim to offer a solution to the draw-
backs found, those contributions are discussed next. As a first
contribution, the proposed approach for shadow detection
presents as a novelty the use of a threshold for the satura-
tion channel, empowering its application at urban images,
where asphalt and concrete sections show unusual chromatic
characteristics. Even more, this approach benefits from pre-
senting a compact yet efficient image processing algorithm,
basing itself on the use of decision trees and basic statistical
measurements in a pixel-by-pixel independent fashion, what
could lead to fast parallel processing implementations. In
addition, splitting the analyzed image into its RGB chan-
nels allows the specific hyper-parameter tuning process for
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each decision tree branch and in consequence results in a
more accurate and specific process. Furthermore, the pro-
posed method contributes to this research area offering an
adaptive solution able to perform shadow segmentation with
either satellite and UAV captured images. The methodol-
ogy presented in this work was tested and compared to
other four recently published methodologies that deal with
UAV or satellite imagery, taking into account the accuracy of
the different shadow detection algorithms in terms of accu-
racy, over-segmentation, and under-segmentation, where the
proposed methodology showed appreciable improvements in
the results obtained as against the other two methodologies.

Il. RELATED WORK

Shadows constitute a difficulty at object detection and seg-
mentation algorithms, where these kind of features are prone
to cause misshaping errors for objects contours. Image seg-
mentation for object extraction is a recurrent research issue,
it is a field in which the semi-supervised learning techniques
have demonstrated their effectiveness, specifically for region
segmentation techniques, also known as salient objects detec-
tion [29], [30]; in order to reduce the work needed for gen-
erating image masks manually, unsupervised segmentation
methods for outdoor images have been presented recently,
as well [31], [32]. Nevertheless, shadows present a drawback
for the accuracy of such algorithms, since shadows alter the
perceived shape of objects as mentioned before.

A considerable number of frameworks addressing the
shadow detection issue by using a single image have been
published. Single image shadow detection methods have
many applications in the field of outdoor pictures owing to
the fact that for this kind of images, background reference
images and previous state frames are not always present,
having a system fed by only the current state. A noteworthy
proposal for tackling the previously described problem was
presented by Tsai [24]. In his work, a method which builds
up a shadow mask is developed, basing its functionality on
applying a smoothed Otsu threshold onto the image trans-
formation resulting from computing the ratio between the
luminance and the hue channels.

As aconsequence of Tsai et al. work, a variant based on this
proposal is presented by Tian et al. [33]. The kernel of their
implementation contains spectrum ratio computation, SRGB
color space and it is complemented with an edge detection to
perform the shadow detection at outdoor scenarios.

With the goal of improving shadow detection results,
a methodology by Silva et al. [25] is proposed. In their
scheme, the main contribution in color analysis is the pro-
posal of the Conversion from CIELab color space to its polar
representation CIELCh. This is performed and achieved to
use the hue channel in order to profit the fact that shadows
have larger hue values, and define the specthem ratio by
relating the hue and the luminance parameters.

The methodologies based on artificial neural networks
structures have been widely adopted at image processing
tasks. For shadow detection it is worth to mention the
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proposal presented by Hosseinzadeh et al. [34]. At their work,
they present an approach for shadow detection based on a
Convolutional Neural Network (CNN) in which the over-
segmentation is minimized during the training proposed by
the author, although the CNN could automatically learn fea-
tures from the input images, a prior hyper-parameter tuning
is needed and ground truth data sets are needed. There are
some structural hyper-parameters that affect the performance
of shadow detection algorithms, such as the number and input
sizes for the convolutional layers, the learning rate, and the
maximum number of training iterations; which could lead to
deficiencies at evaluating certain images by this method.

Continuing on this line, there exists a group of meth-
ods composed by the algorithms that perform the shadow
detection task with the aid of a color space transformation,
transforming the RGB channels to the CIELab Color space.
This particular conversion (RGB to CIELab) is carried out by
Suny and Mithila [35], where the luminance channel informa-
tion is used for segmentation, compensating the lightness of
shadowed regions for developing a shadow removal process.

Finally, the methods that use luminance features to binarize
the image are worth considering, as in the case of this variant,
the work presented by Usha Nandini and Leni [28] proposes a
segmentation of images based on regions using an algorithm
based on the PSO and the K-means clustering algorithms.
This segmentation is achieved through the use of the HSV
color space in conjunction with a prior bilateral filtering pro-
cess to reduce noise in the image. Such methodology shows
a loss of accuracy when the image shows a large contrast at
chromaticity values.

According to the consulted literature sources, shadow
detection algorithms tend to distinguish shaded and unshaded
regions by using different color characteristics in the image
and shadow properties, and after that, applying a threshold on
the result, ending up with a filtering step. Many studies focus
on the classification of shadows according to image charac-
teristics such as the mentioned chromaticity and luminance;
however, these characteristics have limitations based on the
scene conditions or the image capturing device used. There-
fore, it would be desirable to have a shadow detection method
that could adapt itself for being used for a wider range of
scenes and pictures without additional parameters or thresh-
old modifications.

lll. METHODOLOGY

The proposal was tested against UAV and satellite imagery.
On the UAV experiments, urban regions shots were taken by
a setup consisting of a drone device (DJI Phantom 4) with
a 12.4MP camera, a variable flight altitude was set for each
image in order for the shot to contain enough information and
maintaining a good ground resolution. On the satellite exper-
iments, images were obtained from the wide-area motion
imagery (WAMI) system in Porto Alegre (Brazil) and the
Airbus SPOT-6 satellite. The criteria in the development of
the proposed approach is given by the characteristics of the
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shadows mentioned by [25], where the key features that could
be found in shadows are:

« Low luminance (intensity), because the electromagnetic
radiation from the sun is blocked in these regions [33].

o High saturation with short blue-violet wavelength,
mostly due to the Rayleigh effect of atmospheric scat-
tering [36].

o Increased hue values, because of the intensity variations
at shaded areas, which correspond to color spectrum
wavelength values [37].

Taking into account the features in shadows, the proposed
method aims to improve the shadow detection by performing
an statistical pixel-by-pixel analysis of the V channel by
creating masks of color components prevalence for R, G and
B channels; added to these, the proposed method adds an
additional LS mask. The proposed methodology for shadow
detection is shown in Fig. 2, where the main process is divided
into three main steps, named as masks creation, classification,
and result.

Initial State Masks creation

Inverse
Filter

Threshold

Result
Union Statistical
Operation Meas.
Shadow DT
Mask Classifier
Classification

FIGURE 2. Proposed methodology for shadow detection, each matrix is
represented with a gray filled block.

The results obtained during the execution of the proposed
methodology described in Fig. 2 are displayed in Fig. 3,
where the statistical analysis required to complete shadow
detection is presented at the classification step, producing
distinct shadow masks which are finally joined into a unique
shadow detection binary mask.

Mask creation: The first step of the process is based on the
transformation of the input image (i) into HSV color space;
the separation of channels is carried out by using satura-
tion channel values, where the definition of this criterion is
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Initial Masks Classification Results
state creation
R Max
Shadows
binary mask

Input image

Image

F,

[ |
LS Mask

FIGURE 3. Shadow detection outputs scheme.

established according to a reference value range, where for
the proposed method, the range determined for LS pixels is
set out by the condition S < 0.1; in this first thresholding
step, an image (Ms) is obtained. The pixels of M} are used
to extract the masks Mg (dominating red channel mask), Mg
(dominating green channel mask), and Mp (dominating blue
channel mask), according to the criteria shown in (1), where
dominating color masks are created for each color channel.

Me(x. ) 1, if R =argmax, Mjq(x,y)
x’ = .
R Y 0, otherwise
1, if G =argmax, M;¢(x,y)
M X, — ? C LS ’
6(x. ) 0, otherwise
1, if B=argmax, M;q(x,y)
M X, — ’ c LSV 1
B(x.) 0, otherwise M

According to (1), if the non-zero mask values are replaced
by the RGB values the separation proposed can be observed
as is shown in Fig. 4 where each image containing particular
information related to the analyzed channel can be discerned,
it is mainly noticeable that Fig. 4 (d) contains most of the
shadows in concrete and asphalt zones, this is due to the
Rayleigh effect that is more evident in the regions mentioned
before. In addition, it can be observed in Fig. 4 (e), that the
proposed method realizes the separation of low saturation
colors that includes all pixels with such characteristics.
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FIGURE 4. Proposed color features separation. (a) Input image,
(b) R channel mask, (c) G channel mask, (d) B channel mask,
and (e) LS channel mask.

Classification: Using the binary masks content obtained
from (1) as condition, the V channel statistics are com-
puted individually for R, G, and B channels in i, where the
method computes statistics such as the mean (x), the standard
deviation (§) and the skewness (k). The channel separation
based on the masks (R, G, B) and the addition of LS mask
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FIGURE 5. Vertical decision tree block structure for channel factors fg, f; and fg for lower (a) and upper (b) values of x.

in conjunction allow a pixel-by-pixel approach for shadow
detection; the proposed method uses the statistical distribu-
tion of colors present in each channel as the colors depict dif-
ferent chromaticity characteristics under sunlight and shadow
conditions, the statistics are more accurate when such color
features are measured individually.

Therefore, the proposed method has different parameters
for each channel; the main parameters are the statistical mea-
sures for each dominating color channel mask; specifically
the mean (x), the standard deviation (S), and the skewness (k);
the most relevant parameter is X since it establishes the start-
ing point to accomplish the shadow detection. Meanwhile, S
establishes the dispersion of color information into the image,
that is why it is a reference parameter for establishing the
real presence of shadows in the analyzed channel. Finally,
the third parameter, «, is useful to locate the asymmetry in
color distribution. The mentioned parameters are used in each
reference mask in different manners in every shadow detec-
tion; the fundamental operations for completing the shadow
detection process are presented in (2).

0, ifV>x-f)

dy = . ! @)
1, otherwise

where X is the mean of V in each channel; V is the value in the

analyzed channel mask, and f is the adjustment parameter for

shadow detection, which is defined according to the statistical
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values previously stated. In the case of the LS mask the
criteria is defined by specific conditions that are shown in (3),
this criterion is based on the color characteristics that con-
crete and asphalt regions acquire under sunlight conditions,
where these areas are the mainly represented in the LS mask,
in which it can be observed that the range of values to perform
the shadow detection is defined from 5 to 15. This value is set
for discarding the lowest values that belong to regions with
near-black colors, these regions do not contain enough color
information that could be useful for further processing.

0, if(5)>V>(d5
4 5>V > (13) 3
1, otherwise

The parameters to compute f for R, G, and B channels
are defined heuristically for each case, and they are shown
in Fig. 5; the clustering of the shadowed and unshadowed
regions is executed using a decision tree with different criteria
for each mask, these differences are due to the different
color characteristics for each channel ; the Fig. 5 displays the
shadow detection factor calculation using a vertical decision
tree block structure for R, G and B channels.

The parameters described at Fig. 5 are applied individually
for each channel that is labeled in each row (red color, green
color and blue color) in order to perform the shadow detec-
tion; Fig. 5 (a) defines the conditions when ¥ < 100, and
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: b), S

e)

FIGURE 6. Shadow detection union (a), Shadow detection for channels R
(b), G (c), B (d), and LS (e).

Fig. 5 (a) defines the conditions when X > 100; the last step
is to realize the union of shadow detection as shown in Fig. 6

IV. RESULTS AND DISCUSSION

The submitted method was tested using UAV captured
images, in this case the mentioned images were captured
with the previously described drone, the resolution of each
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picture is 3840 x 2880 pixels; it could be noticeable that the
saturation and brightness of colors have a different behavior
in their statistical distributions compared to satellite images,
particularly, this difference is noticeable at image saturation
values. The shadow color is not steady in this kind of images,
where the texture of the regions is more noticeable in UAV
images than in satellite images, and this can be noticed in
the study cases shown in Fig. 7. In the case of Fig. 7 (a),
the scenario includes urban regions, gardens and buildings,
containing about 20% of shadowed zones that include all
color zones; the sub-figure Fig. 7 (b) displays the shadow
detection results (shadows are labeled in black) for the image
described before. Sub-figure Fig. 7 (c) includes a scene that
merely contains part of a freeway and green areas, in this
image the shadows cover about of 75% of the image; the
shadow detection result for this image described is shown
in Fig. 7 (d). The third scenario is shown at Fig. 7 (e),
which contains an urban region that contains green spaces,
buildings, and asphalt with a shadow coverage taking near
the 50% of the pixels; the shadow detection result is shown
in Fig. 7 (f). Finally, the fourth image, which is shown at the
sub-figure Fig. 7 (g), embeds an industrial zone take, where
the shadows cover about the 40 % of the frame as it is shown
at its shadow detection result at sub-figure Fig. 7 (h).

Furthermore, this proposal is also tested using satellite
image of size 2000 x 2000 pixels, for which the sample
images are shown in Fig. 8, such images are the same used
by Silva et al. [25] shown in Fig. 8 (a) and (c), having
Fig. 8 (e) and (g) as satellite images taken from the NY
times [38], where it can be observed that the color char-
acteristics regarding UAV camera pictures are different and
as a result, the statistics might vary; the shadow detection
results for each test is shown in Fig. 8 (b), (d), (f) and (h)
respectively.

The proposed method is compared to the methodologies
proposed by Silva et al. [25], Usha Nandini and Leni [28],
Hosseinzadeh er al. [34], and the proposal presented by
Suny and Mithila [35]. The main reasons behind this selec-
tion of methodologies for comparison purposes is the fact
that the first two of them are applied using the intuitive
color space characteristics to detect shadow regions by using
two different approaches, and the second pair of methods
include a machine learning algorithm and a CIELab color
space method that works with the image luminance. The
first methodology bases itself on using the Specthem ratio,
the use of CIELCh color space and the Otsu’s method
of thresholding. Meanwhile, the second methodology uses
K-means clustering and PSO for building its functionality.
The third compared method is based on CNN, an Otsu’s
thresholding and a filtering process to segment shadows.
Finally, the fourth method uses the L channel values to iden-
tify the amount of light in the regions of the image. The accu-
racy measurements are computed using rapid index (RI) and
the results of this comparison is presented in Table 1, where,
for shortness purposes, Silva et al. method is referenced as
CIELCh-Otsu, Usha Nandini and Leni method is referenced
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FIGURE 7. UAV captured images, a) image located in San Juan del Rio, Qro (Test 1), b) shadow detection result for Test 1, c) image located in
Querétaro City freeway (Test 2), d) shadow detection results for Test 2, e) image located in Querétaro city in urban zone (Test 3), f) shadow
detection results for Test 3, g) image located in San Juan del Rio, Qro in industrial zone (Test 4), and h) shadow detection results

for Test 4.
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FIGURE 8. Satellite tested images, a) image acquired by the WAMI System
in Porto Alegre, RS, Brazil (Test 1), b) shadow detection results for Test 1,
c) image acquired by the WAMI System in Albuquerque, NM, US (Test 2),
d) shadow detection results for Test 2, e) image taken form NY Times,
South Lake Union, Seattle (Test 3), f) shadow detection results for Test 3,
g) image taken form NY Times, Santa Rosa, California (Test 4), and h)
shadow detection results for Test 4.

as PSO, Hosseinzadeh et al. method is referenced as CNN
and Suny and Mithila method is referenced as CIELab.

As shown in Table 1, the proposed method obtained con-
sistent RI results. Such outcome validates the accuracy of the
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TABLE 1. Statistics of each assessed RI for images from Fig. 7 and Fig. 8,
comparing the proposed method, PSO, CNN, CIELab, and Otsu.

CIELCh-

Proposed Otsu PSO CNN CIELab

Test | method [25] [28] [34] [35]
Satellite 1 0.959 0.927 0.917 0.926 0.932
images 2 0.922 0.925 0.890 0.922 0.921
3 0.977 0918 0.898 0.812 0.821

4 0.987 0.931 0.892 0.749 0.877

UAV 1 0.93 0.81 0.867 0.908 0.944
images 2 0.942 0.855 0.515 0.604 0.892
3 0.934 0.805 0.908 0.586 0.909

4 0.971 0.871 0.827 0.743 0.793

AVG 0.953 0.880 0.839 0.781 0.886

proposal under different scenarios, showing this method as an
ambivalent solution for satellite and UAV imagery. It is also
evident the contrasts in results when satellite images are used
compared to when UAV images are used, it is noticeable that
results of the compared methods were affected when the men-
tioned image characteristics change. With the objective of
carrying out further analysis of the results obtained, the under
segmentation (US) and over-segmentation (OS) values are
computed, where US is the proportion of the number of
pixels, in which the shadowed regions were not detected, and
OS indicates the rate of the number of unshadowed pixels
that were miss-detected as shadows; where a higher value
of OS or US denotes a higher rate of the described errors;
the results for these features are shown in Table 2, where
a comparison is performed against the same methodologies
cited at the previous table.

As it can be observed, the proposed method presents accu-
rate results in US and OS, the improvement of those values
is more than 0.026 in US and more than 0.025 in OS for
the compared methods, with higher differences in the results
presented by the PSO methodology. In the case of the method
based on CNN, it performs better at OS values, but at US
values the values tend to increase for both kind of images,
and it is noticeable that the CNN method loses accuracy in
regions where the concrete and asphalt is dominant; finally,
the CIELab color space based method tends to obtain con-
sistent results, but it is dominated by the proposed method
results in average. As it was previously stated, the methods
tested against present higher US and OS results when the
kind of images are changed from satellite images to UAV
captured images as it could be seen at the partial average
rows, this is mainly due to the characteristics of shadowed
regions that are not the same in the satellite and UAV captured
images. According to the results obtained for the testbench,
the proposed method proved to be consistent at its results. The
main advantage of the proposal is that the channel separation
enables the individual analysis of color changes, also the
addition of the LS channel enables detecting shadows in
urban zone scenarios that include concrete and asphalt in an
accurate way since the shadows in that kind of regions tends
to change to blue color, with illuminated regions remaining
on LS channel; last but not least, the channel separation
procedure opens the possibility to change the shadow
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TABLE 2. Statistics of each assessed US and OS for images from Fig. 7 and Fig. 8, comparing the proposed method, Otsu, PSO, CNN, and CIELab.

CIELCh-
Proposed Otsu PSO CNN CIELab
Test method [25] [28] [34] [35]
UsS oS usS oS (0N} (O] UsS 0S usS oS
Satellite 1 0.025 0.016 | 0.032 0.041 0.062 0.021 0.066 0.008 | 0.054 0.013
images 2 0.041 0.037 | 0.031 0.044 | 0.007 0.103 | 0.062 0.015 | 0.026 0.053
3 0.009 0.001 | 0.012 0.069 | 0.05 0.044 | 0.182 0.007 | 0.178 0.004
4 0.001 0.011 | 0.013 0.056 | 0.064 0.035 | 0.002 0.249 | 0.072 0.051
Satellite AVG 0.019 0.016 | 0.022 0.053 | 0.046 0.051 | 0.078 0.069 | 0.083 0.030
UAV 1 0.039 0.025 | 0.117 0.069 | 0.1 0.027 | 0.073 0.013 | 0.014 0.036
images 2 0.031 0.022 | 0.125 0.015 | 0.069 0.411 | 0.388 0.003 | 0.046 0.057
’ 3 0.007 0.001 | 0.140 0.007 | 0.017 0.026 | 0.365 0.001 | 0.006 0.037
4 0.003 0.026 | 0.021 0.108 | 0.126  0.047 | 0.006 0.250 | 0.017 0.191
UAV AVG 0.020 0.019 | 0.101 0.030 | 0.049 0.128 | 0.208 0.066 | 0.021  0.080
AVG 0.020 0.018 | 0.062 0.042 | 0.048 0.105 | 0.089 0.068 | 0.052  0.055
detection parameters in only one channel without altering the [3] A. Movia, A. Beinat, and F. Crosilla, “Shadow detection and removal
results in the rest of channels. in RGB VHR images for land use unsupervised classification,” ISPRS J.
Photogramm. Remote Sens., vol. 119, pp. 485-495, Sep. 2016.
[4] G. Yan, L. Li, A. Coy, X. Mu, S. Chen, D. Xie, W. Zhang, Q. Shen, and
V. CONCLUSION H. Zhou, “Improving the estimation of fractional vegetation cover from
The proposed approach was tested under different scenar- UAV RGB imagery by colour unmixing,” ISPRS J. Photogramm. Remote
i h different scenes were as well as in different Sens. vol. 158, pp. 23-34, Dec. 2019.
108, W cre K N X T . [5] H. O. Cruz, M. Eckert, J. M. Meneses, and J. F. Martinez, “‘Precise real-
capturing devices at different illumination conditions: the time detection of nonforested areas with UAVs,” IEEE Trans. Geosci.
selected images contained different characteristics that can Remote Sens., vol. 55, no. 2, pp. 632-644, Feb. 2017.
present difficulties in the shadow detection process and its (6] P. Radoglou-Grammatikis, P. Sarigiannidis, T. Lagkas, and 1. Moscholios,
. . . “A compilation of UAV applications for precision agriculture,” Comput.
final results. According to the results obtained, the proposed Netw., vol. 172, May 2020, Art. no. 107148.
method provided accurate results in an average of 8% over [7] B. U. Meinen and D. T. Robinson, “Mapping erosion and deposition
the other tested methods, this is especially noticeable in the in an agricultural landscape: Optimization of UAV image acquisition
UAV capt di . hich the oth d thod schemes for SfIM-MVS,” Remote Sens. Environ., vol. 239, Mar. 2020,
ptured images, in which the other compared methods Art. no. 111666.
showed a less favorable behavior when analyzing the test (8] Y. Lyu, G. Vosselman, G.-S. Xia, A. Yilmaz, and M. Y. Yang, “UAVid:

images dataset, but in the case of the proposed approach the
accuracy was consistent with no noticeable contrasts for both
types of images.

The proposed channel separation workflow allowed per-
forming the computing of statistical values for each one of
them. This pipeline is useful due to the differences that every
group of colors could present under different illumination
conditions, and at the same time the shadowed urban regions
that contain asphalt or concrete tends to be in the blue chan-
nel, whereas when unshadowed, its color is lowly saturated;
this feature of the proposed methodology is mainly useful to
detect those shadowed zones in the previously stated regions,
it is also useful to keep good results when the type of picture
changes. The channel separation is also helpful to analyze
each channel shadows individually. This feature opens the
possibility to improve the shadow detection in one channel
without modifying the results in the rest of the channels,
which could lead to more consistent developments to solve
this task.
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