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Abstract: Shadows in drone images commonly appear in various shapes, sizes, and brightness
levels, as the images capture a wide view of scenery under many conditions, such as varied flying
height and weather. This property of drone images leads to a major problem when it comes to
detecting shadow and causes the presence of noise in the predicted shadow mask. The purpose of this
study is to improve shadow detection results by implementing post-processing methods related to
automatic thresholding and binary mask refinement. The aim is to discuss how the selected automatic
thresholding and two methods of binary mask refinement perform to increase the efficiency and
accuracy of shadow detection. The selected automatic thresholding method is Otsu’s thresholding,
and methods for binary mask refinement are morphological operation and dense CRF. The study
shows that the proposed methods achieve an acceptable accuracy of 96.43%.

Keywords: shadow detection; deep learning; U-Net; aerial images; automatic thresholding; binary
mask refinement; post-processing

1. Introduction

As technology has grown in this modern age, small, unmanned aircraft, more widely
known as drones, have achieved tremendous growth from being just a mere toy to con-
tributing to solving many problems in various industries. The study of emerging drone
technologies and image analysis has been an interesting topic, as it offers opportunities
for improvement in numerous disciplines. Detecting shadows is one of the problems that
is widely discussed in the field, as shadows are frequently visible in images captured by
drones, and hence become obstacles.

Currently, a lot of studies on object detection and tracking in drone images listed the
presence of shadows as the reason for errors in their findings [1]. Shadows consistently
cause detection inaccuracies in many image vision applications due to developed algo-
rithms failing to tackle shadow properties in images. Thus, this problem remains unsolved,
and more efforts are necessary to improve shadow detection, considering high-resolution
drone images pose complex shadows. As many researchers treated shadows as obstacles,
others benefited from the shadows. The presence of shadow can be utilized in some ap-
plications, such as object height estimation through drone images [2]. Unfortunately, this
possibility is limited due to the limitations of existing shadow detection methods.

The early implementations of shadow detection in drone images mainly rely on
shadow image properties and the physical properties of surroundings. These methods
require more effort from researchers to study the suitability of different properties and are
prone to errors resulting from technical malfunctions. Solutions using machine learning
have been introduced to many computer vision problems, including shadow detection
as an alternative to conventional methods. The early solution was to use unsupervised
learning, and it was enhanced to supervised learning to increase accuracy. However, there
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were still disadvantages in implementing supervised learning, such as the fact that some
classifiers might not be flexible enough to categorize a large number of objects from various
scenes, which leads to the implementation of deep learning [3]. Several deep learning
implementations have been proposed throughout the years, yet many have stated the
importance of implementing lightweight networks to increase efficiency. For the study
of shadow detection in drone images, another problem arises, which is the lack of drone
image datasets with the shadow ground truth. This limits the research on the machine
learning methods, as dataset preparation is laborious and time-consuming.

Drone images, which are high resolution and tend to contain shadows of different
brightness and sizes, bring up more challenges in developing shadow detection algorithms.
One of the issues highlighted in the deep learning approaches was the difficulty of relying
on a trial-and-error approach to find the optimum threshold value [4]. An unreliable
threshold value always results in noises in predicted shadow masks, consequently leading
to errors when removing the shadowed regions.

In the present paper, we implement a deep learning method to solve shadow detection
in a dataset of drone images. We use the established algorithm in machine learning that
requires minimal knowledge of shadow or physical properties. Furthermore, given the
complicated shadows which are common in drone images, post-processing strategies for
handling the inefficiency of finding optimal threshold values and refining the shadow mask
are also proposed. In addition, drone images from various sources are collected and labeled
due to the lack of shadow annotated datasets to be used in this study. The aim is to widen
the study of deep learning methods specifically for shadow detection in aerial images. The
contributions of our work are summarized as follows:

• Implementation of U-Net architecture with a small number of parameters for shadow
detection using a small-sized aerial images dataset.

• Implementation of an automatic thresholding method to increase efficiency in obtain-
ing final binary mask prediction.

• Implementation of morphological operations and dense Conditional Random Field
(CRF) methods for binary mask refinement.

• Creating an annotated shadow image dataset using existing aerial images from several
online sources.

This paper is organized as follows: Section 2 discusses the related studies; Section 3
describes the methodology; while Section 4 discusses the results. Section 5 outlines conclu-
sions and future works.

2. Related Studies
2.1. Shadows in Drone Images

By definition, a shadow is a dark-colored figure of an object that is produced when
the object intercepts a ray of light. There are two major groups of shadows, which are
cast shadows and self-cast shadows [5]. Cast shadows can be defined as shadows that are
produced by an object onto another object. Meanwhile, self-cast shadows are shadows
cast by the object onto itself. Defining the presence of shadow regions in images is a
complex problem, as shadows can be further categorized into two other subcategories,
umbra and penumbra [6]. Penumbra is the upper region of the shadow produced by a
certain object, where only a part of the ray of light is concealed by the object. On the other
hand, the shadow is categorized as umbra or the inner shadow region, when the light is
fully halted by the object. This shows the characteristics of shadows in an image are uneven
or defined by different types of pixel values, which makes it harder to detect the shape of
shadows accurately.

Shadow regions often cause drawbacks in many image processing tasks. This problem
gives researchers not choice but to include shadow removal as a preprocessing step before
going into the main part of the processing such as object detection. The presence of shadow
in aerial images is always mentioned to cause errors, as it mirrors the properties of objects.
For example, in an attempt to detect drones, an improvement is needed specifically in
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removing shadows, as it causes mirror images of the drone that bring confusion to the
detector [1]. The same problem also occurred in road traffic detection, such that duplicate
images detected from the shadow have become the limitation of the tested method [7].
Another example is weed detection in agriculture fields; the shadows of weeds have
caused a high number of errors [8]. Other than removing shadows to enhance the visual
representation of images, shadow detection also helps to define shadow properties, which
benefits some tasks such as building height estimation [2]. The need for shadow detection
has become more significant as drone usage has been popularized. Many industries have
used drones to facilitate their operations in different kinds of surroundings, including
indoor, industrial, cities, forestry, and farming areas. Drone images commonly contain
complicated shadows compared to ground-based images, as they are captured across
various heights and times, which result in shadows with different sizes and levels of
brightness. Thus, a method used for shadow detection in ground-based images may not be
suitable to detect shadows in aerial images. This further proves that it is crucial to explore
a method that is flexible enough for all types of images, which is also a big challenge in
this problem.

2.2. Shadow Detection Methods in Drone Images

There has been a lot of research using various techniques to detect shadows as the
importance of shadow detection in drone images has become more significant. Based
on various research studies [9–11], shadow detection methods in drone images can be
divided into three categories, which are property-based methods, model-based methods,
and machine learning methods.

2.2.1. Property-Based

Property-based methods mainly focus on detecting shadows based on shadow proper-
ties in images. Considering that shadow properties in images can be explored in different
ways, property-based methods are then further classified into thresholding, invariant color
model, and object segmentation. Thresholding is a simple image processing method that
creates binary images by setting a pixel value threshold. The global thresholding and
local thresholding [12], bimodal histograms, and Otsu’s threshold [13] are examples of ap-
proaches that are generally used due to the simplicity of the implementation. Unfortunately,
there are a lot of weaknesses of these methods. Some thresholding methods apply various
threshold values to different segments of the image [12]. Moreover, implementation of the
thresholding methods highly depends on prior knowledge of shadow properties. One of
the shadow properties used is the significant changes in the red band of RGB components
in the Optimized Shadow Index of the shadow region [3].

For the invariant color model methods, color information is exploited for shadow
detection by using invariant properties of some color spaces, such as CIELAB [14] and
C1C2C3 [15]. The drawback of these methods is that they depend mainly on the knowledge
of the presence of shadow in different channels of color model. Proposing an object-oriented
method, [16] performed a Gaussian Mixture Model to refine soft shadow and added the
result to another result from image segmentation. While it managed to recover incomplete
shapes and holes in the detected shadow, the accuracy obtained was not higher than
90%, while a lot of shadow analysis needed to be performed, such as clustering analysis.
Another object-oriented segmentation approach was performed by [17], who used shadow
features in the image segmentation step, followed by extraction of shadow regions using
the statistical features of the images. They also used spatial information to avoid false
shadow detection, but it still faced difficulty detecting small shadows.

2.2.2. Model-Based

Model-based is a method that includes physical and environmental information of
shadows, such as light source direction, object geometry, and sensor localization. For
example, a study by [18] detected shadows on UAV images of forested areas using in situ
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spectral reflectance measurement. A digital surface model (DSM) was used to represent
the elevation of the terrain. In [19], geometrical shadow detection was proposed, using
solar position to map out shadow and non-shadow areas in VHR images. It was mentioned
that sun position and DSM were used to reconstruct the geometric relationship between
the ground and sun when generating binary shadow masks. One of the reasons why the
model-based methods are not favorable is due to the presence of errors from the geometrical
measurements that affect the accuracy of shadow detection [19].

2.2.3. Machine Learning

Shadow detection using machine learning, a technique where a model is built and
fit into data to accomplish a task, is a method that has been preferred recently. This is
mainly because machine learning techniques require less knowledge of shadow properties
and offer more flexibility in detection compared to older techniques. Machine learning
techniques can be divided into three more categories, which are unsupervised learning,
supervised learning, and deep learning.

Unsupervised learning is popular due to its simplicity of implementation, and it does
not require sample data to train the model, which saves a lot of time on data prepara-
tion. Shadow detection using unsupervised learning is often implemented by clustering
technique, where the pixels of the images are grouped by their similarities, and a cluster
that possibly represents shadow is selected. An algorithm that can be seen to be popular
for performing shadow detection in aerial images is K-Means. Ref. [20] used improved
K-Means, which is K-Means-AP, to solve the drawbacks of traditional K-Means, where
the random number of clusters produces a random result. Another implementation was
by [21], which compared the clustering results of two algorithms, K-means and Gaussian
Mixture Model (GMM), after preprocessing the image using morphological operations.
While using unsupervised learning guaranteed some benefits, the accuracy of the detection
still needed improvement, as it was prone to noise [21].

Compared to unsupervised learning, supervised learning requires training samples
to build classifiers, which usually produce more accurate detection in classification. The
famous model used in shadow detection based on supervised learning is the Support Vector
Machine (SVM). SVM is used to generate an initial map containing the classification of
shadow class and non-shadow class. Various enhancements were also included in SVM,
such as the implementation of LSSVM to reduce cross validation error [22] and adding
Extended Random Walker to reduce the noisiness result of SVM [23].

As the machine learning field has been widely discussed to solve problems in visual
information processing, implementation of deep learning in shadow detection has been
a growing discussion, considering there are still many weaknesses shown in traditional
unsupervised and supervised learning. Much research has discussed the implementation
of deep learning in shadow detection, specifically in trying different neural network ar-
chitectures and adding enhanced modules to achieve state-of-the-art results. When using
drone images, deep learning has always been a consideration, as they usually produce very
high-resolution images with complicated shadow areas. In deep learning, shadow detection
is considered a semantic segmentation task, where each pixel is assigned as either shadow
or non-shadow. Few works related to shadow detection in aerial images implementing
deep learning have been studied. One of them proposed DSSDNet, a network that chose
a deeply supervised CNN as its network architecture with the implementation of DSPF
to improve model performance [10]. Alongside proposing a new model with enhance-
ment, this work also aimed to solve shadow detection in aerial image problems related
to insufficient training datasets by creating a publicly available dataset called AISD. The
images were captured using drones flying at high altitudes; thus, many small shadowed
regions cast by objects such as vehicles are not clearly noticeable and are not labeled. This
contribution allows many researchers to propose and test state-of-the-art methods using
this dataset, which widens the possibilities for different aspects of enhancement within
this topic. One of the research projects which used the AISD dataset was by [4], who
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proposed the Edge-aware Spatial Pyramid Fusion network (ESPFNet) for enhancing the
detection of salient shadows. One of the main components in this network is the parallel
spatial pyramid structure, which extracts multiscale features from the input image. The
approach to aggregate the feature representation was similar to the pooling operation used
in PSPNet [24]. Instead of aiming to detect the most noticeable shadows only, [9] proposed a
shadow detection network based on a multiscale spatial attention mechanism (MSASDNet)
to solve false detection in weak illumination regions and small shadow regions.

Another architecture that is widely used in various types of segmentation tasks is
U-Net. It is an architecture that performs well with a small training dataset and was proven
to improve image localization [25]. For shadow detection in aerial images, [26] considered
non-local spatial contextual information, and proposed GSCA-UNet, a model composed of
a U-shaped encoder and decoder, and a GSCA module for flexibility. Much other research
in shadow detection also chose to build network architecture inspired by U-Net, such
as [27–29], which indicates that U-Net architecture is one of the popular architectures in
this domain. For this reason, given a small number of images, U-Net architecture is applied
in this project to produce acceptable shadow detection results.

In the study, some limitations are identified to be further discussed, which are an
insufficient training dataset, along with the need to spend too much time on dataset
preparation due to complex shadow regions [10], unexpected noises in the resulting shadow
masks [26], and inefficiency of trial-and-error post-processing steps [4]. Instead of using
existing annotated datasets, such as AISD, which exclude the labeling of small shadowed
regions, a new dataset is prepared for this study to focus on low altitude aerial images.
Through this process, this study contributes a new annotated dataset with more of a variety
of images and allows for more method comparisons in the future.

2.3. Post-Processing

Binary thresholding is a crucial part of binary segmentation using deep learning,
as the pixels of the mask produced at the end of the process contain a number in the
range of 0 to 1, which indicates the probability of the pixel belonging to the shadow
class. Therefore, it is important to select a suitable value to decide on the resulting mask,
as a wrong value will lead to enormous errors. Inspired by the implementation of the
thresholding method in [3], which is able to threshold fine shadow, this project will analyze
the result of Otsu’s thresholding in computing the binary mask, aiming to propose an
automatic thresholding method in deep learning implementation for shadow detection. In
addition, Otsu’s thresholding method has also been commonly implemented in medical
segmentation works [30,31] and it has been proven that this method is sufficient to produce
an accurate binary mask in the deep learning implementation.

Another important post-processing step in binary segmentation is mask refinement,
which is a step to improve the result of segmentation by removing noise and reshaping
the region of interest. Noise is a common problem faced in detecting shadows in drone
images due to the complexity of shadows, even after implementing deep learning. For
example, unexpected noise often occurs in the implementation of GSCA U-Net architecture
that causes errors [26]. Mask refinement also reduces detection errors caused by the coarse
shadow boundaries. In this project, two types of refinements will be analyzed to see how
they are able to increase the accuracy of the detection compared to ground truth.

The first technique to be analyzed is dense CRF. This technique has been implemented
in many semantic segmentation works to detect clear boundaries of regions. Even though
U-Net concatenation features are implemented to improve fine-grained segmentation of
high-resolution images, the max-pooling features used still have difficulties detecting
boundaries clearly, as they are intended to improve high-level features extraction [27].
Therefore, CRF is implemented in this work to improve shadow boundary detection. In
several shadow detection works, CRF has also been implemented as a post-processing step
to smoothen the predicted result [32,33]. Dense CRF is selected by [27] to refine shadow
boundaries in satellite images, resulting in a sharper boundary between shadow and cloud
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regions. To solve problems such as noisy results and coarse boundaries, as well as to
observe the effectiveness of this method in drone images, this project will implement dense
CRF instead of normal CRF, as it has a long-range interaction between nodes and has no
shrinking bias.

The second technique is morphological operation. This technique is inspired by the
previous implementation of shadow detection [14], where the shadow mask produced is
applied with morphological erosion, followed by dilation in order to reduce noise and
fix the boundary. This method is also used to recover the penumbra region, where both
dilation and erosion are also implemented [13]. Hence, to solve the refinement and noise
problems, this project will apply and compare the performance of the morphological and
dense CRF methods.

3. Materials and Methods

The proposed methodology consists of six steps, as shown in Figure 1, which start
with dataset preparation. The second step is the implementation of preprocessing methods,
which include cropping images into patches and data augmentation. Next is the building of
U-Net network architecture and model training using the annotated dataset. The fifth step
is the implementation of selected post-processing methods, which are Otsu’s thresholding
using OpenCV function, and two methods of binary mask refinement, morphological
operations also using OpenCV functions, and dense CRF. Lastly, all the results from
the implementation of post-processing on model prediction are evaluated using suitable
evaluation metrics, and the predicted mask is visually compared. Figure 1 represents the
flow chart of the proposed methodology.
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The next sections will describe each step in the proposed methodology of this work in
more detail.
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3.1. Dataset Preparation
3.1.1. Dataset Sources

In this project, aerial images are collected and annotated, as there is a lack of public
datasets to evaluate shadow detection algorithms in aerial images [10]. A new set of
low-altitude aerial images is collected to be used instead of the AISD dataset, because the
publicly available dataset excludes the labeling of small-shadowed regions. The images for
the dataset in this project are collected from various publicly available drone images. The
collected images are described below:

SenseFly Drone Dataset

The sample image is given in Figure 2. Ten images are selected from SenseFly Drone
Dataset [34], specifically from the industrial estate area, where the majority of objects that
can be seen are buildings, cars, and some trees.
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Aerial Semantic Segmentation Dataset by Kaggle

Another source is the Aerial Semantic Segmentation Dataset by Kaggle [35]. The
sample image is given in Figure 3. The images from this dataset were taken from lower
heights compared to the previous dataset, where the shadows of objects are bigger and
more visible. The images contain shadows from various objects, mainly people, buildings,
and trees. Twenty images are selected from this dataset.

Future Internet 2022, 14, x FOR PEER REVIEW 7 of 18 
 

 

The next sections will describe each step in the proposed methodology of this work 
in more detail. 

3.1. Dataset Preparation 
3.1.1. Dataset Sources 

In this project, aerial images are collected and annotated, as there is a lack of public 
datasets to evaluate shadow detection algorithms in aerial images [10]. A new set of low-
altitude aerial images is collected to be used instead of the AISD dataset, because the pub-
licly available dataset excludes the labeling of small-shadowed regions. The images for 
the dataset in this project are collected from various publicly available drone images. The 
collected images are described below: 

SenseFly Drone Dataset 
The sample image is given in Figure 2. Ten images are selected from SenseFly Drone 

Dataset [34], specifically from the industrial estate area, where the majority of objects that 
can be seen are buildings, cars, and some trees. 

 
Figure 2. Sample image of SenseFly Drone Dataset. 

Aerial Semantic Segmentation Dataset by Kaggle 
Another source is the Aerial Semantic Segmentation Dataset by Kaggle [35]. The sam-

ple image is given in Figure 3. The images from this dataset were taken from lower heights 
compared to the previous dataset, where the shadows of objects are bigger and more vis-
ible. The images contain shadows from various objects, mainly people, buildings, and 
trees. Twenty images are selected from this dataset. 

 
Figure 3. Sample image of Aerial Semantic Segmentation Dataset by Kaggle. Figure 3. Sample image of Aerial Semantic Segmentation Dataset by Kaggle.

Mendeley Thermal and Visible Aerial Imagery

The final source of the dataset is from Mendeley Thermal and Visible Aerial Im-
agery [36]. The sample image is given in Figure 4. Twenty images are selected, in which
the shadowy parts are mainly cast by trees with high brightness of shadows.
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In image selection, the images with clear shadow regions are selected to ease annota-
tion work, as shadow masks are not included in all datasets. For preliminary investigation,
we also trained a shadow model using the non-drone dataset ISTD [29] and used the model
for shadow detection in aerial images. This dataset provides shadow images and their
corresponding binary shadow masks.

3.1.2. Dataset Annotation

The dataset consists of images taken from public sources, as stated in Section 3.1. All
images are filtered by selecting only the images containing shadow areas. Then, the corre-
sponding shadow mask (ground truth image) is annotated using PhotoScapeX software.
The shadow mask is annotated using a magic wand, pen and eraser, and masking tool. A
binary shadow mask for each image is then generated one by one.

3.2. Preprocessing

In order to reduce annotation errors and time consumed for annotation, the geometric
transformation is applied as data augmentation, which includes rotation by 90 degrees
clockwise and 90 degrees counterclockwise. The images are cropped into 512 × 512-sized
patches before augmentation. The summary of the dataset description is shown in Table 1.

Table 1. Description of dataset.

Dataset Number of Patches Objects Properties of
Shadows

Semantic Drone
Dataset 1540

Contain objects such
as people, houses,
trees, and cars,
captured at low
altitude.

Varying Brightness

SenseFly dataset
(industrial state) 700

Contain objects such
as vehicles, buildings,
and trees, mostly
captured at high
altitude.

Low Brightness

Mendeley Thermal
and Visible Aerial
Imagery

20

Contain objects such
as trees and buildings,
captured at high
altitude.

High Brightness
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3.3. Network Architecture

In performing shadow detection using deep learning methods, shadow detection is
considered a semantic segmentation task, specifically binary segmentation [10]. Binary
segmentation is assigning pixels in an image to two types of labels; in this case, shadow
and non-shadow. The result of the segmentation is binary masks, which typically can
be visualized as white (shadow) and black (non-shadow) labels. To perform semantic
segmentation tasks in this project, U-Net architecture is applied, which is a U-Shaped
architecture that consists of an encoder and a decoder, and concatenation operation is
performed in the decoder. This work also implemented U-Net with a low number of
parameters to see the performance of a lightweight network in solving shadow detection,
which is important for achieving real-time detection [26].

U-Net network architecture will perform a semantic segmentation task, which is
performing classification at pixel level that generates a binary mask consisting of the
shadow area only. It consists of an encoder and decoder which create a U-shaped operation,
where the encoder is in the beginning of the architecture and is followed by the decoder.
The encoder, which is also called the contraction path of U-Net architecture, is the same as
the common architecture of a convolutional network. It contains four convolution layers,
where each layer consists of two 2D convolutions with a 3 × 3 size kernel, followed by a
rectified linear unit (ReLU), stride two downsamplings, and max pooling operation. The
decoder, also called the expansive path, follows the contraction path, which consists of four
deconvolution layers. Each deconvolution layer consists of a 2D transposed convolution
operation for upsampling, followed by concatenation with a corresponding cropped feature
map from the contraction path and two convolutions, which are then followed by a rectified
linear unit (ReLU). The output of the expansive path is then applied to another 1 × 1
convolution to generate the final output. For the training process, Adam’s algorithm and
binary cross entropy as the loss function were used for optimization, while the train and
validation split ratio was set to be 80:20. Before the training, the training images were
cropped into small patches 512 × 512 in size to fit into the network architecture. Data
augmentation is applied by rotating each patch 90 degrees clockwise and counterclockwise.
The total number of training patches used during training is 5448. The summary of the
training parameters is shown in Table 2.

Table 2. Summary of training parameter for U-Net architecture.

Training Parameters Value/Type

Initial learning rate 0.001
Number of epochs 15

Filter size 3 × 3
Pooling size 2 × 2
Batch size 16
Optimizer Adam

Loss function Binary cross entropy
Dropout 8

In order to evaluate the performance of U-Net with the post-processing methods,
another commonly used deep learning method is taken into consideration. In this study, we
also implement the pyramid scene parsing network (PSPNet) [24] and retrain the network
on the training set, and the results are compared. Due to the limitation of CPU, only
1816 training images were used for the comparison of U-Net and PSPNet, where a model
is trained for each network architecture. The total images are from the dataset without
implementing augmentation.

3.4. Comparison of U-Net Shadow Model Using Drone Dataset and Non-Drone Dataset

A comparison of results is made between two models that are trained using different
datasets, which are the non-drone dataset and drone dataset. This comparison is performed
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to observe the complexity of detecting shadows in drone images compared to non-drone
images. Both models are trained by U-Net architecture using the same parameters and split
ratio of 80:20. The datasets used in each model are described in Table 3.

Table 3. Comparison between non-drone and drone dataset.

Model Dataset Description

1 ISTD dataset

The shadow detection dataset that is available online
consists of non-drone images with simple shadows. The
images are resized into 512 × 512 patches, and all
1330 images from the train set are used for training.

2 Self-annotated drone
dataset

The main dataset used in this project consists of drone
images selected from multiple sources mentioned in
Table 1. A total of 1330 patches with the size of 512 × 512
are selected for training.

3.5. Post-Processing
3.5.1. Otsu’s Thresholding

Otsu’s method of thresholding is used to automatically classify the image pixels into
two classes. The method calculates the optimal threshold value based on the between-class
variances between the foreground and background. Otsu’s thresholding iterates over multi-
ple threshold values to find the maximum between-class variance as the optimum threshold
value and applies it to the shadow mask. The equation of between-class variance [37] is
derived using weight W and mean µ; that is:

Between Class Variance, σ2
B = WbackgroundW f oreground

(
µbackground − µ f oreground

)2
(1)

3.5.2. Morphological Operation

Opening and closing operations are applied to remove noise pixels in the resulting
binary masks. The opening process is the implementation of erosion followed by dilation,
with the purpose of opening gaps in the mask. The closing process is to close the gap
while maintaining the foreground shape via the implementation of a dilation, followed
by erosion. The operations are applied on image pixel I with structuring element s, and
defined as:

Opening, I ◦ s = (I 	 s)⊕ s (2)

Closing, I·s = (I ⊕ s)	 s (3)

where I is dilation that grows the foreground pixels based on s. Meanwhile, � is erosion that
shrinks the foreground pixels based on s. In this project, two shapes of structuring elements
s are applied for analysis, which are a rectangle and a cross, where the visualization of
the shapes is shown in Figures 5 and 6. For both operations and all shapes of structuring
elements, the same size of 3 × 3 structuring element is used to obtain a fine result.

Figure 5 shows the visualization of the rectangle shape structuring element used for
morphological operation, while Figure 6 shows the cross shape of the structuring element.
Both structuring elements are in the size of 3 × 3, which is the size used in the experiment.
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3.5.3. Fully Connected Conditional Random Field

In this work, the implementation of dense CRF post-processing is similar to binary
segmentation implementation in [38,39]. CRF is pixel-wise labeling, forming a graph called
Markov Random Field based on pixel labels as random variables, modeled as nodes, and
global observation from image for the edges. The pixel-wise labeling can be modeled
as CRF characterized by Gibbs distribution [27]. Gibbs’ energy function in dense CRF is
defined as:

E(x) = ∑
i

ψu(xi) + ∑
i

∑
i<j

ψp
(
xi, xj

)
(4)

where x denotes the assignment of labels for pixels. u represents unary potential, where
ψu(xi) is taken from outputs from U-Net prediction. ψp represents pairwise potential,
which ψp(xi) is described as:

ψp
(
xi, xj

)
= µ

(
xi, xj

) K

∑
m=1

w(m)k(m)( fi, f j)︸ ︷︷ ︸
k( fi, f j)

(5)

where µ
(

xi, xj
)

represents the compatibility of label and feature vectors fi and f j. Each k(m)

for m = 1, . . . , K is a Gaussian Kernel that is applied on feature vectors, and w(m) are the
linear combination weights.
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3.6. Evaluation

In order to observe the performance using different image conditions, three images are
chosen from each of the selected datasets. The different image conditions include varying
illumination characteristics, the variety of objects, and the amount of shadow in the images.
The image in the testing set is then cropped into 444 patches and evaluated using qualitative
and quantitative analysis.

The predicted shadow mask obtained with the implementation of the proposed post-
processing methods will be compared with the corresponding ground truth image. Different
evaluation metrics are used to quantitatively examine the performance of the applied
methods. To monitor the overall performance, overall accuracy (OA) is calculated based on
Equation (6). F1-score is calculated as the weighted average of precision and recall, as given
in Equation (9). Precision and recall are calculated using Equation (7) and Equation (8),
respectively. Intersection Over Union (IoU), as in Equation (10), which is also called the
Jaccard index, is used to measure the percentage of overlap between the ground truth and
output predicted mask.

Overall Accuracy =
True Positive + True Negative

True Positive + True Negative + False Negative + False Positive
(6)

Precision =
True Positive

(True Positive + False Positive)
(7)

Recall =
True Positive

(True Positive + False Negative)
(8)

F1 Score = 2 × (Recall × Precision)
(Recall + Precision)

(9)

IoU =
True Positive

(True Positive + False Positive + False Negative)
(10)

4. Results
4.1. Result of Shadow Models Using Drone Dataset and Non-Drone Dataset

Quantitative analysis is performed using a test set consisting of drone images prepared
during this project. The result of evaluation metrics in Table 4 shows that the model trained
with the drone dataset performs much better than the non-drone ISTD model. The overall
accuracies of shadow detection in aerial images using shadow models based on the ISTD
and drone images are 0.7962 and 0.9551, respectively.

Table 4. Results of using non-drone and drone dataset models.

Evaluation Metrics Model Trained with ISTD
Dataset

Model Trained with Drone
Dataset

Overall Accuracy 0.7962 0.9551
F1 Score 0.2916 0.3855

IoU/Jaccard 0.2351 0.3268

4.2. Result Comparison between U-Net and PSPNet

Quantitative analysis is performed using a test set on the models trained with U-Net
and PSPNet using the same dataset. The result of evaluation metrics in Table 5 shows that
the U-Net model performs better than the PSPNet model, where the U-Net model has a
higher number for accuracy, F1 score, and IoU. The overall accuracies of shadow detection
in aerial images using U-Net and PSPNet are 0.9624 and 0.8614, respectively.
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Table 5. Results of U-Net and PSPNet models.

Evaluation Metrics U-Net PSPNet

Overall Accuracy 0.9624 0.8614
F1 Score 0.9620 0.8654

IoU/Jaccard 0.9390 0.8516

4.3. Result of Automatic Thresholding

Table 6 provides the quantitative analysis of manual thresholding and Otsu’s thresh-
olding. It demonstrates that Otsu’s thresholding manages to obtain results comparable to
manual thresholding (0.5). Even though there is a slight decrease in the overall accuracy,
F1 score, IoU, and recall, this is acceptable, as this automatic thresholding manages to
overcome the tedious identification of the trial-and-error thresholding value.

Table 6. Results of manual thresholding and Otsu’s thresholding.

Evaluation Metrics Manual Thresholding = 0.5 Otsu’s Thresholding

Overall Accuracy 0.9638 0.9412
F1 Score 0.3728 0.4061

IoU/Jaccard 0.3212 0.3490
Recall 0.3885 0.4839

Precision 0.4194 0.3866

Three test images are selected to better visualize the impact of this method in thresh-
olding binary masks. The visual comparison is illustrated in Figure 7.
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Figure 7. Visual comparison of thresholding method for Test Image 1 (row 1), Test Image 2 (row 2),
and Test Image 3 (row 3). (a) input image, (b) ground truth, (c) manual thresholding, and (d) Otsu’s
thresholding. The outputs using Otsu’s thresholding are comparable to the results using manual
thresholding.
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4.4. Result of Binary Mask Refinement

This section shows the results of binary mask refinement methods, which are morpho-
logical operations and dense CRF. Based on the overall accuracy of test images, as shown in
Table 7, except for closing operation with cross kernel shape, all the selected methods cause
slight increases in accuracy. Dense CRF can be seen to have the highest accuracy, which
equals 0.9643.

Table 7. Quantitative analysis of binary mask refinement methods.

Method Accuracy

Without refinement 0.9638

Morphological operation
opening

Rectangle kernel shape 0.9640
Cross kernel shape 0.9639

Morphological operation
closing

Rectangle kernel shape 0.9640
Cross kernel shape 0.9637

Dense CRF 0.9643

For qualitative evaluation, two test images are selected to display the results of the
selected methods. This analysis observes how the selected method improves or worsens the
detection of shadow regions with unclear boundaries. The results using Test Image 1 are
shown in Figure 8. The second test image has a more complicated and unclear boundary, as
shown in Figure 9. It can be observed that noises in the predicted mask without refinement
are more visible compared to the results with refined methods.
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Figure 8. Visual comparison of refinement methods on Test Image 1: (a) input image, (b) ground
truth, (c) without refinement, (d) opening using rectangle kernel shape (e), opening using cross kernel
shape, (f) closing using rectangle kernel shape, (g) closing using cross kernel shape, and (h) dense
CRF. Dense CRF performs considerably well, as most of the white noise is removed.
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CRF. Dense CRF performs considerably well, as most of the white noise is removed.

The second test image shown in Figure 9 has a more complicated and unclear boundary.
This analysis observes how the selected method improves or worsens the detection of
shadow regions with unclear boundaries. Comparing the result of opening and closing
operations, the opening method manages to erase white noise, while the closing method
erases black noise. Both methods maintain the boundary of the shadow, as predicted. Dense
CRF seems to erase most of the noises and perform better than the other two methods, but
it smoothens the boundary and fills up the wrong non-shadow area into a shadow area.

5. Discussion

From the results, we observe that a thorough study is necessary to perform when
detecting shadows in drone images. Our initial investigation demonstrated that the non-
drone ISTD images could not be used to obtain shadow detection in drone images, as
shown in Table 4. We expect similar unsatisfactory results as those in Table 4 when using a
model created based on other non-drone datasets that were widely used in the literature
(i.e., SBU and UCF). This is because the images of the non-drone dataset are insufficient to
model the complex shadows in drone images.

Furthermore, the use of automatic thresholding in U-Net architecture is necessary
considering the variant aerial images. Even though the comparison of the results between
manual and automatic thresholding in Table 5 is not apparent, the automatic Otsu’s thresh-
olding is necessary to adaptively distinguish shadow and no-shadow pixels according to
different images. Based on the visual observation in Figure 7, regardless of whether using
manual or automatic thresholding, U-Net shadow detection has difficulty identifying the
boundary of shadow regions correctly. The unsmooth shadow boundary detection is clearly
visible in Figure 7c,d.

As for the refinement methods, dense CRF outperforms the two morphological oper-
ations, as the results show that dense CRF achieves the best performance, quantitatively
and qualitatively (refer to Figures 8h and 9h). Despite its performance in refining the final
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shadow masks, it erases some small shadow areas. Furthermore, it smoothens the boundary
and fills up the non-shadow area into a shadow area. For the opening operations, although
it incompletely eliminates the small noises, lots of small white noise in several areas is
removed (refer to Figure 8d,e and Figure 9d,e). Both kernel shapes show the same effect
on the predicted mask. As for the closing operation, it is unable to improve the predicted
mask, as it is unable to remove most of the white noise (refer to Figure 8f,g and Figure 9f,g).
It is consistent with the purpose of the closing operation implementation, which is to close
gaps in white regions.

Overall, the poor performance of shadow detection in this study is contributed by
three factors: (i) unclear shadow boundary due to unstructured objects, such as trees, (ii)
dark color pixels, such as tarmac, misclassified as shadows (False Positive), and (iii) failed
detection (False Negative) of small shadowed regions cast by objects that appear small,
such as vehicles, humans, and bushes. These problems are non-trivial when dealing with
high-spatial-resolution images captured at high altitudes. Thus, a careful investigation
should be conducted when detecting shadows in drone images.

6. Conclusions

This study presents reliable post-processing methods to improve predicted binary
shadow masks. According to the experimental results, overall, Otsu’s automatic threshold-
ing is comparable to time-consuming manual thresholding. Furthermore, the investigation
shows that the refinement method based on dense CRF outperforms the morphological
operators. In the analysis of binary mask refinement, we show the effectiveness of mor-
phological operations and dense CRF, where the methods increase the accuracy of shadow
detection. Further improvement can be made by building a network architecture with a
higher number of parameters to improve recall and precision. Based on our results, further
study on automatic thresholding methods can also be made to better improve efficiency and
selection of optimum threshold values. Methods to refine binary masks without erasing
small shadow areas are also to be investigated in future work.
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