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Abstract

Unmanned Aerial Systems (UAS), commonly known as drones, are aircraft systems without a
human pilot onboard, controlled remotely or autonomously. Algorithms like YOLO (You Only
Look Once) for object detection and path nding algorithms like A* (A-Star) can quickly navigate
around large, static objects like buildings or trees. However, detecting small objects and handling
dynamic aerial environments remain challenging.

To address this, we introduce an innovative system for small object detection and real-time path
planning using a monocular camera. Our dual-stage system combines traditional detection method
like background subtraction with advanced deep-learning techniques for improved reliability to
create initial detection zones, further re ned by target tracking methods for increased accuracy and
depth predictor for getting estimated distance. Additionally, we have developed a new path plan-
ning algorithm, Circle Rapidly-exploring Random Trees-star (Circle RRT*), for effective obstacle
avoidance. Our Obstacle Detection and Avoidance architecture navigates dynamic conditions with

greater precision and speed in identifying small targets.
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Chapter 1

Introduction

1.1 Problem lIdenti cation and Research Question

Intelligent vision systems have become essential across various domains, including autonomous
vehicles and manufacturing processes[99]. At the core of these systems lies object detection, a
capability that has undergone substantial progress over the years. In years past, object detection al-
gorithms relied on intricate, manually programmed functions, which had to operate within the con-
straints of limited computational resources[1][2]. Papageorgiou developed a versatile framework
for detecting objects within static images by learning from sample features without the need for
preexisting knowledge or models[3]. As part of another noteworthy advancement, the approach[4]
outlined utilizing an integral graph to articulate image features and a cascading classi er to enable
robust and real-time detection of targets.

As the utility of manually engineered features neared its limits, substantial advancements
had been achieved in machine learning algorithms, especially in learning complex image fea-
ture representations[5][6][7][8]. Convolutional neural networks (CNNs) were the rst step in this
movement, which served as the foundation for R. Girshick et al.’s proposal of regions with CNN
features (RCNN). This marked the beginning of a rapid and groundbreaking evolution in the eld
of object detection[10].

Remarkable progress has been made in adapting the region of interest (ROI) strategy for clas-
si cation tasks[11]. In this domain, specialized deep-learning detectors have been developed for
aerial imagery, with leading models such as the Faster Region-based Convolutional Neural Net-
work (Faster R-CNN)[12], and the third version of You Only Look Once (YOLOv3)[13]. Despite
their innovative designs, these models face challenges when applied to aerial datasets such as Vis-

Drone. For instance, Faster R-CNN and YOLOvV3 have achieved average precision (AP) scores of



3.55 and 10.25 on the VisDrone dataset. These scores highlight the dif culties in object detection
from aerial views. CornerNet introduces an alternative methodology of object detection, achieving
a mean average precision (mAP) of 17.41 on the VisDrone dataset[14]. Although this marks a con-
siderable improvement compared to previous methods, it still does not match its performance on
broader datasets such as the Common Objects in Context (COCO), with an mAP of 40.6[15]. This
performance gap illuminates the dif culties of aerial object detection and underscores the necessity
of continued innovation to improve the precision and reliability of such detection systems.

In aerial imagery, targets are frequently small compared to the expansive eld of view, which
induces some uncertainties in precise detection. The swift movement and variable sizes of ob-
jects in the air further increase the risk of occlusion. For unmanned aerial systems (UAS), adept
recognition of objects is crucial, particularly as these objects become smaller and move faster[83].
Such miniaturization and accelerated motion present unique challenges for applications involving
UAS. Detection technologies require unmatched accuracy and exibility in situations with tiny,
fast-moving targets. Traditional object detection methods like YOLO often struggle to meet the
unique requirements of detecting small objects against complex aerial backdrops. This gap under-
scores the need for new target detection strategies to handle target size and velocity uctuations
in complex visual environments. Consequently, this presents a compelling research question: how
can we accurately detect small, fast-moving objects in aerial imagery?

The challenge of ying a drone around obstacles originates from two key factors. Nonvisual
sensors, such as lidar or radar, detect obstacles and gauge their distance from the drone. While
these technologies excel in mapping environments, their performance is constrained by the carry-
ing capacity of the drones and the varying effectiveness of sensors within a three-dimensional space
interspersed with obstacles. In contrast, visual devices such as stereo cameras can be bene cial but
may falter in low-light conditions or settings lacking distinct, discernible features. In addition,
the depth information these cameras provide becomes less accurate over greater distances, impair-

ing their utility for long-range detection. This leads us to consider: what are the most effective



strategies for accurately assessing the depth of objects from a drone?

Path planning is critical to robotics and drone navigation, necessitating robust algorithms for
successful implementation. The A* algorithm is well-regarded in path nding and graph traversal.
Its optimal and complete nature is derived from Dijkstra’s algorithm[54] and Greedy Best-First-
Search[53]. It stands out due to its heuristic-based estimation of costs to reach the goal. However,
its grid-based reliance and substantial memory requirements for tracking all open nodes can ham-
per its real-time application. An evolution of the rapidly-exploring random trees (RRT) is RRT star
(RRT*), tailored for intricate, high-dimensional planning scenarios[17]. It has been effectively em-
ployed in various robotic endeavors, including drone navigation. RRT* is computationally inten-
sive, presenting challenges in real-time operations. D* algorithm, or Dynamic A*, is speci cally
designed to navigate robots in environments that undergo constant changes[56]. It re nes the A*
algorithm by dynamically updating the navigational path when new data about the environment
become available, thus offering higher adaptability to unexpected obstacles. However, frequent
recalculations can impose signi cant computational demands. Given these varying capabilities
and limitations, it is essential to consider the following: what are the most effective and ef cient

methods for path selection in environments that require rapid and dynamic decision-making?

1.2  Thesis Outline

Chapter 2 begins by reviewing earlier approaches to object detection in aerial data and path plan-
ning. It also analyzes how obstacle avoidance systems are applied in aerial contexts.

Chapter 3 delves into background subtraction techniques on aerial imagery, highlighting the
challenges in detecting small objects in changing environments. It further analyzes the background
subtraction model’s performance on synthetic data for small object detection, examining its effec-
tiveness in stationary and dynamic environments. The chapter also discusses the application of
scaled synthetic data to evaluate the precision of a two-shot approach for detecting small objects.

Building on these insights, it introduces an innovative two-shot method designed to enhance the



accuracy of detecting small objects in aerial data.

Chapter 4 examines the performance of algorithms such as RRT, RRT*, and A Star (A*) within
a simulated environment, highlighting their limitations in ful lling the demands of real-time ap-
plications. It introduces a new architectural approach, Circle Rapidly Exploring Random Tree Star
(Circle RRT*), which draws inspiration from radar detection ranges to enhance model ef ciency
in aerial data processing with reduced memory usage.

Chapter 5 provides a comprehensive overview of the obstacle avoidance system’s architec-
ture. It incorporates the innovative two-shot object detection method introduced in Chapter 3 for
pinpointing the location of small objects. Furthermore, the chapter integrates the Circle RRT* al-
gorithm from Chapter 4 with a depth predictor to obtain depth data and generate an obstacle-free

path, facilitating obstacle detection and leveraging the insights from Chapter 3.



Chapter 2

Background and Literature Review

2.1 Object Detection

2.1.1 YOLO models

The translation-invariant nature of convolutional layers allows CNNs to detect and extract pat-
terns and features from data ef ciently. Such CNN-driven structures are commonly employed
as the basis for feature extraction in object detection tasks. They are integrated with additional
mechanisms, such as Region Proposal Networks (RPNSs) or anchor-based systems, to pinpoint and
classify objects in an image[32]. State-of-the-art CNN models such as VGG Very Deep Convolu-
tional Networks (VGGNet), ResNet, or MobileNet are typically employed to derive hierarchical
features from the input for the feature extraction phase[98].

Object detection techniques utilizing deep learning often demand extensive computational re-
sources, limiting their suitability for real-time applications. Detection methods are classi ed into
one-stage and two-stage approaches. In the two-stage process (for example, Faster R-CNN), the

rst phase generates object proposals, and the second phase classi es these objects[12]. However,
Faster R-CNN struggles with detecting objects in low-resolution images as it may fail to recognize
small, detailed areas. On the contrary, one-stage detection algorithms immediately yield classi -
cation information and positional coordinates, eliminating the need for multiple processing steps.
This single-step approach is considerably faster and suited for real-time object detection scenarios.

The initial version of the YOLO algorithm, a groundbreaking one-shot detector, was introduced
in 2016[22]. Subsequent iterations, namely YOLOv3[13], YOLOv4[24], and YOLOV5[25], have
progressively enhanced both accuracy and processing speed, surpassing their YOLO predecessors.

YOLOV5 comprises three primary components: a backbone inspired by ResNet architecture for



feature extraction[19], a Path Aggregation Network (PANet) neck for feature aggregation[20], and
a head responsible for the nal object detection. The sequential arrangement of Convolutional
layers, Batch Normalization, and Sigmoid-weighted Linear Unit(SiLU) activation functions char-
acterizes the backbone’s architecture. This structure is pivotal for the improved performance of
YOLOVS5 in object detection tasks.

The YOLOV5 architecture incorporates a BaseBackbone[21], which parallels the ResNet struc-
ture, as illustrated in Fig. 2.1. This backbone comprises several Convolutional Module (ConvMod-
ule) and Cross Stage Partial Layer (CSPLayer) modules. At the culmination of the backbone, the
Spatial Pyramid Pooling (SPP) module is situated, enhancing the network’s receptive eld capa-
bility. A unique feature of YOLOVS5 is the Focus slicing strategy, which contributes to increased
processing velocity. This strategy operates by sampling every other pixel from the input image
to generate four distinct feature maps. These maps are subsequently concatenated, as depicted in
Fig. 2.2, resulting in a quadrupling of the input channel’s size and producing an output feature
layer with an expanded depth. Additionally, YOLOvV5 employs data augmentation techniques to
bolster the model’s robustness. For instance, the Mosaic augmentation divides images into equal
sections and then reassembles those segments into a composite image[26], enhancing the training

data’s diversity.
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Figure 2.1: The entire architecture of YOLOV5.

Figure 2.2: The focus module in the YOLOV5[25].

Within the YOLOV5 framework, the feature map transitions into a Neck structure, which em-

ploys a Feature Pyramid Network (FPN) to produce three distinct levels of feature maps[27]. To



illustrate, with an input image dimension of 1280 x 1280, the resulting feature map would have
dimensions of (256, 160, 160) with an 8x stride. The Head portion of the architecture comprises
three convolutional layers that process the incoming feature map.

YOLOVS5 incorporates two Cross Stage Partial (CSP) networks: the Backbone and the other
within the Neck. The CSP structure, as shown in Fig. 2.3, splits the input feature map into two
pathways, thereby enhancing processing ef ciency by reducing the channel depth of the feature
map. Another Fig. 2.4 depicts the CSP2 module implemented in the Neck, designed to augment

the network’s feature integration capabilities.
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Figure 2.3: The CSP1 module in the backbone
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Figure 2.4: The CSP2 module in the neck.

YOLOV5’s prediction head utilizes Distance Intersection over Union (DloU) Loss to optimize
bounding box predictions[28], ensuring that the predicted boxes align closely with the actual ob-

jects in terms of location and shape. The DIoU loss achieves this by minimizing the distance



between the centroids of the predicted and ground truth boxes while simultaneously considering
their overlap, thus re ning the detection accuracy.

YOLOVS5 uses the following loss function:
Loss = D1Ljoc + DoLopj + I3leis (2.1)

where Ljoc represents the loss associated with the regression of bounding boxes, Lopj quanti es
the objectness loss, and L pertains to the classi cation loss, respectively. To further re ne the
detection capabilities, YOLOV5 introduces a self-adaptive anchoring mechanism that enhances the
model’s pro ciency in predicting objects of varying sizes and aspect ratios within an image. The
model determines the positions and dimensions of the bounding boxes by predicting deviations
from predetermined anchor boxes. This methodology enables the model to adjust dynamically to
diverse object shapes through the anchor learning process.

YOLOVS represents the latest iteration in object detection model architecture, succeeding
YOLOVS5 with signi cant improvements in neural network design[9]. Like YOLOv5, YOLOvS8
incorporates features like FPN and PANet alongside a new labeling tool that simpli es annotation
processes. Fig. 2.5 illustrates the structure of YOLOvV8, where the Conv module comprises Conv2d
layers, BatchNorm2d normalization, and activation functions.

The YOLOVS8 network architecture consists of three main components: Backbone for feature
extraction, Neck for feature fusion, and Head for nal predictions. The Backbone utilizes a cross-
stage local network structure to reduce computation and enhance gradient ow. Additionally, a
spatial pyramid pool module is integrated to improve the extraction of spatial features.

In the Neck section, YOLOv8 modi es the up-sampling stage of PAN-FPN used in YOLOV5
by removing the convolution structure and adopting a sequence of down-sampling followed by up-
sampling operations. The C3 module from YOLOVS5 is replaced with the C2f module in YOLOVS,
enhancing adaptability to various sizes and shapes while maintaining lightweight characteristics.
The C2f module incorporates skip connections and split operations to enrich feature information

during gradient propagation, thereby reducing computational complexity.
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Furthermore, YOLOV8 departs from the anchor-based prediction approach used in previous

YOLO versions. Instead, it adopts an anchor-free detection mode, directly predicting the center

point of targets and their width-to-height ratios. This modi cation reduces the reliance on prede-

ned anchor frames and enhances exibility in handling object sizes and shapes.

Overall, YOLOvS represents are ned approach to object detection, leveraging advanced neural

network structures and innovative design choices to improve accuracy and ef ciency in complex

detection tasks.
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Figure 2.5: Overview of the YOLOv8 framework.

[112] evaluated the performance of YOLOv5 and YOLOv8 models in robotic applications. De-

spite YOLOV8’s notable technological advancements, the study demonstrates that YOLOv5 mod-
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els often outperformed in terms of precision, reliability in real-time processing, and adaptability

across various environments.

2.1.2 Mask R-CNN

Mask R-CNN, an extension of the R-CNN framework, is highly regarded for its capability in
instance-level object segmentation[29]. It differentiates and segments objects individually within
images, providing pixel-precise masks that de ne the contours of each identi ed object with high
accuracy. Fig. 2.6 delineates the comprehensive structure of Mask R-CNN, which is instrumental

to its segmentation pro ciency.

Y

| RolAlign

Figure 2.6: Overview of the Mask R-CNN framework[29].

Early methodologies in feature extraction leveraged pyramidal structures to derive feature
maps. In contrast, Mask R-CNN adopts a ResNet-based backbone[30], which commences with
convolutional layers responsible for extracting detailed low-level features from the input. These
layers discern fundamental patterns and edges, forwarding them into subsequent residual blocks.
The Feature Pyramid Network (FPN)[31] in Mask R-CNN excels at blending semantic insights
from higher-level feature maps with the detailed information of lower-level maps. This is achieved

by rst diminishing the resolution of feature maps using 1 x 1 convolutions, then upsampling them

11



to align with the preceding feature map’s size, and integrating the features. The structure of the

FPN is illustrated in Fig. 2.7.
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Figure 2.7: Overview of the FPN framework.

After feature extraction, the Region Proposal Network (RPN) identi es regions of interest
within the image. The RPN operates using a prede ned set of anchor boxes varying in scale
and aspect ratio to suggest potential bounding boxes[32]. Each anchor is evaluated to generate an
objectness score, which gauges the likelihood of an object’s presence and to re ne the bounding
box coordinates. Typically, each pixel in the feature map is associated with three anchor boxes of
different dimensions. For each anchor, classi cation is applied to assess the presence of an object,
and regression is used to adjust the anchor’s position and size. Consider a feature map with dimen-
sions £ £ With nine anchors per pixel, the total number of anchors becomes £ H  9[32].
Anchors are then selected based on their objectness and regression scores. The architecture of the

RPN is depicted in Fig. 2.8.
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Figure 2.8: Overview of RPN[32].

The acquisition of region proposals, Rol Align, and Rol Pooling are employed to extract and
resize the proposed regions into uniform feature maps. These standardized Rol feature maps are
then bifurcated for further processing. One segment undergoes classi cation to determine the class
label for each Rol, while the other is utilized to create pixel-level segmentation masks correspond-
ing to each Rol.

Mask R-CNN functions as a multitasking framework, wherein its composite loss function en-

compasses components of regression, localization, and segmentation[32]:

L = Lreg + Lpox + Lseg (2.2)
Lreg(Xi) = log(xi) (2.3)
Loox(tisti ) = =smooth, (ti t) (2.4)
iex;y;w;h
1 h i
Lmask = 5 yiflog(yf) + (1 yiplog(l &) (2.5)
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where Lyeg represents the cross-entropy loss[29], Lpox denotes the loss associated with bounding
box regression, and the Lseg corresponds to the segmentation loss, which is calculated using the
mean binary cross-entropy loss across the segmented regions. y;jj signi es the actual ground truth

mask and y'i‘j indicates the predicted mask for the segmentation task.

2.1.3 Background Subtraction

Object detection techniques can be broadly categorized into two main branches: traditional image
processing and deep learning[33]. Traditional object detection methods rely on manual feature
extraction and processing techniques. These methods can be categorized into two main types:
appearance-based detection and depth-based detection. Color-based detection uses color informa-
tion to identify and track objects. However, this method can be sensitive to changes in lighting
and may not be effective in complex environments where objects share similar colors[34]. Depth-
based detection, like the background subtraction algorithm, dedicates the static background from
the current frame to isolate the dynamic foreground elements[35]. Fig. 2.9[97] shows the entire
structure of background subtraction. This technique, however, may inaccurately categorize shad-
ows as part of the foreground, mainly when the camera is active. Furthermore, detecting small
objects can be susceptible to lighting and wind variations, challenging the background subtraction
process. In contrast, optical ow effectively adjusts variations in the background[36]. It computes
vectors that trace the subtle movements of speci ¢ pixel clusters across consecutive frames, thus
enhancing the detection of moving objects. However, it exhibits high sensitivity to uctuations
in illumination. Compared to background subtraction methods, optical ow is more computation-
ally intensive due to its provision of ow vectors for every pixel within the frame, detailing the

direction and magnitude of motion.
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Figure 2.9: Overview of the background subtraction framework.

To address the challenges posed by dynamic backgrounds, temporal averages, and median
modules are commonly implemented in background subtraction strategies[37][38]. These tech-
niques demand considerable computational effort, rendering them less ef cient. The Single Gaus-
sian algorithm[40], K-Nearest Neighbors algorithm[39], and Gaussian Mixture algorithm are sim-
ple and computationally ef cient approaches. The Single Gaussian model is based on the premise
that background pixel intensities are relatively stable over time, resulting in a Gaussian distribu-
tion. Deviations from this established distribution are interpreted as components of the foreground.
While this model can account for trivial camera movements, it may not adequately capture the true
nature of a scene experiencing signi cant alterations, such as those caused by camera panning or
zooming. Thus, while the Single Gaussian model is suf cient for minor adjustments, the Single
Gaussian model’s limitations become evident in the face of considerable and dynamic changes in
the background.

To address these issues, a Mixture of Gaussians (MoG) has been proposed as a promising
solution[41]. The MoG model extends the Single Gaussian approach commonly employed in video

processing. MoG utilizes a combination of Gaussian distributions to adjust to diverse lighting
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conditions and successfully manage uctuations in the background. This technique continuously
updates each Gaussian distribution’s mean, covariance, and weight parameters. Although MoG
has demonstrated a commendable performance in processing changes, it may recognize a potential
limitation in situations that involve movement in the background[42].

In the Single Gaussian model, where a one-dimensional Gaussian distribution represents each
pixel’s intensity, the luminance of each pixel can be modeled as a one-dimensional Gaussian dis-

tribution denoted by B(x;y)[43]

1B(;y)  N(u;d) (2.6)

where u is the average value, and d is the variance. The equation for judging whether one pixel

belongs to the background or foreground is expressed as:

(1°(y)  u(xy))?
2 d?

Exp( ) (2.7)

The intensity value at coordinates (x;y) is denoted by User 1°(x;y), and d symbolizes the stan-
dard deviation of the Gaussian distribution. If the computed value for a pixel at (x;y) exceeds a
predetermined threshold in the given equation, that pixel is classi ed as part of the background[42];
conversely, if it falls below the threshold, it is identi ed as a foreground element. As the scene
evolves, the parameters corresponding to each pixel are updated to re ect changes in the back-

ground. The formula used to update the parameter for a pixel is as follows:

ut+1;x;y)=a ult;xy)+@ a) I(xyt) (2.8)

The ’a’ is called the update parameter and represents the rate at which the background changes.
The BackgroundSubtractorMOG2 algorithm employs a mixture of Gaussian distributions for each
pixel. In this model, pixel values are viewed as composites of various Gaussian distributions, with

signi cant deviations from these distributions indicating the presence of a foreground object.
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2.1.4 DeepSort Tracker

The DeepSort algorithm enhances the original Sort algorithm by integrating a person re-identi cation
(RelD) model[44][45], which employs feature extraction to recognize objects, even those that mo-
mentarily disappear from view. This addition has proven to reduce the frequency of identi cation
mismatches by 45%. The architecture of DeepSort, as shown in Fig. 2.10[44], initiates with the
acquisition of object bounding boxes via a detection algorithm. It then applies a Kalman Iter[46]
to forecast the objects’ bounding boxes in subsequent frames based on their previous positions.
Next, it links the observed boxes with the predicted ones, for which the Hungarian algorithm[90]
is employed to optimize matches across different cost measures[47]. DeepSort utilizes a combina-
tion of Mahalanobis distance[48] and cosine distance to ensure the relevance of the information it
associates[49]. The Matching Cascade method addresses subproblems in this context. DeepSort
computes a cost matrix based on the similarity using RelD features and Mahalanobis distance[45],
which facilitates the reidenti cation of long-occluded objects. The algorithm’s ef cacy is high-
lighted by its performance in the MOT16 challenge[50], where it demonstrates superior tracking
capabilities compared to other online frameworks, achieving a Multi-object Tracking Accuracy

(MOTA) of 61.4 and a Mostly Lost (ML) metric of 0.182[44].
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Figure 2.10: Entire architecture of DeepSort[44].

The structure of the Deep Appearance Descriptor, depicted in Fig. 2.11, comprises six residual
blocks alongside two convolutional layers[44], summing up to 2,800,864 parameters within the
network. The model utilizes the unit hypersphere to derive features from the concluding batch
and iota normalization processes. Leveraging a module from DeepSort, this algorithm is trained
on an extensive dataset dedicated to person re-identi cation, making it highly effective for online

tracking applications due to its notable processing ef ciency.
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Figure 2.11: Overview of the Deep Appearance Descriptor.

Upon obtaining the bounding boxes as predicted by the Kalman Iter, along with the anticipated
boxes[46] , the association’s task is addressed by implementing the Hungarian algorithm[90]. This
involves calculating the Mahalanobis distance between the newly detected boxes and the projected

states from the Kalman lter[46][44] :

d'G; ) =(dj y)'S *(dj ¥ (2.9)

The variable dj represents the detection of the j-th bounding detection, while the (yi;S;) denotes

the projection of the tracked object into a measurable space. Additionally, the matrix representing

the cosine distance of the appearance descriptors rj between each track k and its corresponding
detection[44] serves as:

d’(i;j)y=min 1 rinjre 2R (2.10)

The matrices derived from the Mahalanobis distance and cosine distance measurements are

amalgamated to address the problem of association[44]:
cij =1d* () +(@ 1)d*G i) (2.11)
The algorithm, as outlined in Algorithm ??, describes the matching process[44]. The inputs
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for this algorithm are the trackers and the detected bounding boxes. The subsequent steps involve
computing the cost matrix and identifying permissible associations. The algorithm then addresses
the linear assignment problem for detections and trackers that have not yet been matched. The

outcome of this process is the identi cation of unmatched detections and trackers.

Algorithm 1 Matching Cascade

Input: Tracker t = f1;:::;Ng, Detection indices D = f1;:::; Mg, Maximum ages Amax
Compute cost matrix C = ¢j;j .
Compute gate matrix B = bj;j .
Initialize sef of matchesM 4
Initialize sef of unmatched detectionsu D
forn2 f1;:::; Anaxg do
Xi: mincostmatching(C; ty;U)

M ML (;ibi;j xi;;>0

U Un jj ibij x;;>0
end for
return M;U

2.2 Path Planning

Global path planning techniques are generally categorized into Arti cial Potential Field methods,
classic algorithms, and sampling-based strategies. In classic algorithms, the Dijkstra algorithm
employs a greedy approach to ascertain the shortest path, though its ef ciency is hampered by
the extensive number of nodes it expands[51]. The A* algorithm[52], merging the principles of
Breadth-First Search (BFS)[53] and the Dijkstra algorithm[54], enhances search ef ciency by re-
ordering the BFS process. However, despite its improved ef ciency, the A* algorithm is not well-
adapted to dynamic settings and can incur signi cant computational overhead in high-dimensional
spaces. Given their computational intensity, traditional path-planning methods are often impracti-
cal for 3D environments. On the other hand, local path-planning algorithms within the Arti cial
Potential Field domain[54] rely on a virtual force eld concept, which is prone to local minima
issues. The algorithm’s performance can be adversely affected by the proximity of obstacles to the

target point due to disproportionate repulsive forces, thereby complicating the attainment of the
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goal.

Conventional Arti cial Potential Field methods necessitate explicitly modeling obstacles within
a given environment. However, due to the increasing complexity of computing with dimension-
ality, these approaches are unsuited for addressing path-planning challenges for unmanned aerial
vehicles (UAVS) in three-dimensional spaces.

Conversely, sampling-based planning techniques excel at devising paths in high-dimensional
spaces. These methods enable the swift identi cation of feasible paths without exploring the en-
tire environment exhaustively. Such ef ciency and rapidity make these techniques particularly
valuable for real-time applications[54][56], including path nding and autonomous navigation in
environments subject to change. Table 2.1 outlines the prevalent drawbacks associated with vari-
ous path-planning algorithms.

Table 2.1: Disadvantages of various path planning algorithms.

Algorithms Disadvantages compared with RRT*

A* not well-suited for dynamic environments

Dijkstra’s Algorithm Not suitable for scenarios in which the cost of edges change
Potential Fields Dif culty in handling dynamic obstacles and local minima issues

Probabilistic Roadmap (PRM) Construction of the roadmap can be computationally expensive

2.2.1 How Neural Networks Perceive Depth

Early works[105][108] were constrained by their dependency on explicit depth cues, making it
challenging to manage complex scenes characterized by occlusions and textureless regions effec-
tively. When only a single image is available, traditional epipolar geometry becomes impractical.
Algorithms must rely on pictorial cues inherent within the image to infer depth. These cues in-
clude texture gradients and the apparent size of familiar objects, which can provide valuable depth
information but often require sophisticated environmental knowledge that is challenging to man-
ually encode. With advancements in hardware capabilities and the rise of Convolutional Neural
Networks (CNNs), there has been a shift towards learning these pictorial cues directly from data

rather than hand-coding them. Eigen et al. [104] pioneered the application of CNNs for monoc-
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ular depth estimation, marking a signi cant milestone in the eld. However, their approach still
necessitated access to true depth maps during training. Following this, numerous studies have
consistently enhanced depth estimation accuracy by intricately reformulating the regression task
into a classi cation framework[109] and better objective functions[110]. However, they are hard
to generalize to unseen domains.

Literature on human depth perception offers valuable insights into the pictorial cues that can be
utilized for estimating distances[105]. Position in the image: Objects further away tend to be closer
to the horizon. Texture density: Textured surfaces farther away tend to appear with ner details or
smaller texture elements than surfaces closer to the observer; Apparent size of objects: Objects get
smaller as they get farther away; Shading and illumination: Surfaces appear brighter when facing
a light source. KITTI dataset only has cues like a position in the image and the apparent size of
objects. Other cues cannot appear because of low image resolution and limited depth range.

The networks rely on positional information within the image and the apparent size of objects
as cues for estimating distance[105]. Figure 2.12 illustrates how these cues estimate the distance
to obstacles. Here, H represents the object’s true size, and (Y, Z) denotes its position in the camera
frame. In the image, y corresponds to the vertical position, and h denotes the object’s apparent size.
Given the real-world size of the obstacle (H) and its apparent size in the image (h), the distance

can be estimated using the following approach:

H (2.12)

> =

Figure 2.12: True object size and position in the camera frame[105].
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However, [105] conducted experiments using four different models, demonstrating that neural
networks prioritize the vertical position of objects over their apparent size. The consistent results
and behavior observed across all four networks indicate that this preference is not heavily in u-
enced by the speci c architecture of the network.

Recent advancements in depth estimation have been signi cantly driven by Relative Depth
Estimation (RDE) methods and Metric Depth Estimation (MDE). The depth values per pixel can
be represented in physical units (such as centimeters or meters) or relative units.

These approaches, as described by recent research [106], focus on predicting depth values at the
pixel level that are accurate relative to each other. Supervised using disparity labels, RDE methods
enable training across diverse datasets containing varying depth scales and camera parameters.
This approach enhances model robustness and generalizability across different environments. The
MiDaS family of models, arising from foundational research in relative depth estimation [107],
illustrates the ef cacy of dataset fusion to achieve superior performance in zero-shot scenarios
across diverse datasets. The network architecture of MiDaS adopts a conventional encoder-decoder
structure. DPT-BEIT_ 512 [111]decoder has the best results for non-square and square resolutions
compared with other new transformer backbones: Swin, SwinV2, Next-ViT, and LeViT[107].
Figure 2.13 shows the dense prediction transformer (DPT) and illustrates how the representation
produced by the encoder can be effectively transformed into dense predictions[111]. The input
image undergoes tokenization, followed by passage through multiple transformer stages. These
tokens are subsequently reassembled across various stages into a representation resembling an
image but at multiple resolutions. Fusion modules then incrementally integrate and upsample these
representations to generate detailed predictions. In summary, MiDaS is useful for understanding
the spatial arrangement of objects without needing precise distance measurements. RDE is useful
in scenarios where the exact distances are not as critical, such as scene understanding, object
detection, and depth-based image segmentation.

MDE refers to depth estimation methods that provide depth information in physical units.
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This type of depth estimation offers precise, real-world measurements of distances from the cam-
era to objects in the scene. Robots and autonomous vehicles bene t from precise depth infor-
mation to navigate and interact with their environment accurately. Metric depth helps in ob-
stacle avoidance, path planning, and object manipulation[88]. For instance, the approach pro-
posed by ZoeDepth integrates both Relative Depth Estimation (RDE) and Metric Depth Estimation
(MDE)[80]. ZoeDepth uses the MiDAS depth estimation framework. And [80] introduced is the
metrics bin module that acts as a head for predicting the metric depth per pixel from outputs of Mi-
DAS. Initially, the model is pre-trained on relative depth estimation to leverage large-scale data and
capture general depth patterns. Subsequently, it undergoes ne-tuning on metric depth estimation

datasets to re ne the model’s ability to produce precise, metric-based depth measurements.

Figure 2.13: Architecture overview of the DPT[111].

The Vision Transformer’s integration into MiDaS allows for improved depth estimation per-

formance by leveraging its strengths in understanding and interpreting visual data. Drawing inspi-
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ration from transformers in natural language processing (NLP), the concept has been successfully
adapted for use with images, as illustrated in Fig. 2.14, showcasing the architecture of a Vision
Transformer[59]. This approach divides images into patches of uniform size, which are then lin-
early into a attened format. These projections are subsequently fed into a Transformer Encoder,
one of the most renowned models is the Bidirectional Encoder Representations from Transform-
ers (BERT)[60]. Within the encoder, self-attention mechanisms are employed to highlight and
extract the most signi cant elements of the images. The adaptation of Transformer architecture
for image processing in ViTs represents a paradigm shift, leveraging the strengths of self-attention

mechanisms to achieve state-of-the-art results on various computer vision tasks.

Figure 2.14: Overview of the Vision Transformer (ViT) model[67].

2.2.2 RRT* Algorithm

RRT[57] is a preferred choice in motion planning for the following reasons:
Probabilistic Completeness: RRT possesses probabilistic completeness, providing a high like-

lihood of discovering a feasible path within a reasonable time. This attribute ensures that the
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algorithm can consistently deliver solutions in real time. However, achieving probabilistic com-
pleteness depends on managing a reasonable and complex search space.

Ef ciency in High-Dimensional Spaces: RRT is particularly effective in large or in nite searches
and high-dimensional con guration spaces. Unlike traditional search algorithms, such as Dijk-
stra’s, which become computationally intensive and less practical in high-dimensional spaces ow-
ing to the exponential growth in the number of nodes, RRT maintains its ef ciency by using random
sampling and incremental expansion.

Adaptability and Versatility: RRT exhibits adaptability across various problem domains and
scenarios. For example, it can dynamically adjust paths to circumvent sudden obstacles. Con-
versely, Dijkstra’s algorithm lacks the inherent exibility to address dynamic or evolving envi-
ronments without the necessary adjustments. Although traditional potential eld methods employ
arti cial elds for drone navigation, they may encounter challenges with complex obstacle con g-
urations and lack assurance of globally optimal performance.

Although ef cientin nding the shortest paths in graphs with nonnegative weights, algorithms
such as Dijkstra’s algorithm are not ideally suited to expansive or unde ned search areas. DFS,
another basic graph traversal method, faces challenges such as potential in nite loops in graphs
with cycles, especially in vast or unbounded domains. Therefore, RRT’s unique attributes of the
RRT, such as probabilistic completeness and adaptability to high-dimensional spaces, underscore
its utility in a wide range of motion-planning scenarios.

Algorithm 2 details the RRT algorithm’s procedural logic in a pseudo-code format[58]. The
RRT[57] algorithm navigates from a start to a goal node by spawning random nodes and attempting
connections with their proximate counterparts in Line 2. A new random node Xy iS incorporated
into the RRT tree if it is unobstructed and its linkage is shorter than a prede ned step length,
connecting it to the nearest node Xnearest iN the tree through a series of incremental steps in Line 6.
If the distance to the closest node exceeds this step length, a new direction is established between

the two points, with the maximum allowed stride de ning a new provisional endpoint for the tree.
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The algorithm continuously assesses whether a direct path from any newly added random node to
the goal node is feasible; if such a connection is possible, the search concludes prematurely. The

process terminates once a node falls within the goal area or a speci ed limit is reached.

Algorithm 2 RTT path planning

Input: Goal Node Gnode, Contour C,number of iterations Maxl, Graph contains edges and ver-
tices G(V;E)
1: while counter less than MaxI do:

2: Xnew = RandomNodes()

3 if Obstacle(Xpew) == True: then
4: continue

5: end if

6: Xnearest = Nearest(G(V,E), Xnew)
7: Vertex = Chain(Xnearest, Xnew)
8: G.append(\ertex)

9: If Xnew N Qgoal: then
10: return G
11: end if
12: end while
13: return G

During the expansion phase of the tree, random samples are uniformly distributed throughout
the con guration space:
1

f(n;a;b) = b a (2.13)

where a represents the minimum value of the range and b signi es the maximum value. This
indicates that all random samples fall within the interval (a;b). The uniform distribution ensures
that each sample within this range is equally likely to be selected.

The RRT algorithm is known for its lower computational demand, yielding more intuitively
formed paths and adaptability to obstacles. However, this approach necessitates increased memory
for storing the points and may not consistently produce near-optimal solutions.

On the other hand, RRT*, an advanced variant of RRT, demands more computational resources
but can identify near-optimal paths across various situations. The RRT* Algorithm 3 enhances the
basic RRT by incorporating near-node sampling and modifying the tree structure. In RRT*, near-

nodes sampling entails identifying nodes within a prede ned proximity to a newly added node,
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facilitating the re nement of the path[56]:

Viear = fveVjdistance(V; Xpew) 9 (2.14)

where V represents the nodes currently in the tree and r denotes the sampling radius. The function
distance(V; Xnew) measures the distance between nodes. RRT* incorporates an optimization phase
to evaluate whether introducing a new node could lead to a more ef cient path by potentially

replacing existing nodes in the tree, thereby reducing the overall path cost to reach each node[56]:

Cost (Xnew) = Miny ;. (9(Xmin)) + COSt (Xmin; Xnew) (2.15)

where g(x) denotes the cumulative cost incurred to arrive at node X, and the cost(x,y) represents
the cost associated with the path from node x to y. These steps enhance the algorithm’s pro ciency

in converging toward solutions that are close to optimal.

Algorithm 3 RTT star path planning

Input: Goal Node Gnode, Contour C,number of iterations Maxl, Graph contains edges and ver-
tices G(V;E)
1: while counter less than MaxI do:

2: Xnew = RandomNodes()
3: if Obstacle(Xpew) == True: then
4: continue
5: end if
6: Xnearest = Nearest(G(V,E), Xnew)
7 Cost (Xnew) = Distance(X (Xnearest), Xnew)
8: Xpest Xneighbors = FindNearestNeighbors(G(V,E),Rad, Xnew)
9: linkWithVertices=Chain(Xnew, Xpest)
10: for nodes in neighbors: do
11: if Cost(Xnew) + Distance(X,Xnew less than Cost(x)): then
12: Cost(x)= Cost(Xnew) + Distance(X,Xnew )
13: Parent (X)= Xnew
14: G+=Xnew,X
15: end if

16: end for

17: G += linkWithVertices
18: end while

19: return G
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2.3 Obstacle Avoidance Strategy

Several autonomous obstacle avoidance methods, such as integrating millimeter-wave radar and
monocular cameras, have been proposed[69][70][74]. While monocular cameras offer visual per-
ception capabilities, millimeter-wave radar provides crucial information on obstacle range and
velocity. Path planning algorithms such as RRT* can generate three-dimensional paths based on
fused obstacle information by combining sensor data. Fig. 2.15 illustrates the structure of this ob-
stacle avoidance algorithm. It is important to consider that radar and lidar systems predominantly
rely on detecting objects through their distance and speed, and they typically entail higher costs

and complexities when compared to cameras.

Figure 2.15: UAV autonomous obstacle avoidance system, which includes three subsystems: hard-

ware, communication, and algorithm[101].

Due to their high cost and limited eld of view, lidar and radar systems struggle to collect exten-
sive datasets. In contrast, cameras offer a cost-effective solution with versatile compatibility across
various platforms[71]. Within vision-based navigation strategies, optical ow, visual simultaneous

localization and mapping (SLAM), and deep learning emerge as the predominant techniques.
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The training of optical ow and line segmentation models, as described in Blumenkamp[72],
relies on a dataset speci c to forest environments, notably constrained in size and diversity. This
constraint could hinder the model’s generalization capacity across various scenarios.

Obstacle avoidance systems have utilized stereoscopic approaches to assess depth in images[73].
This involves estimating depth using two cameras positioned at a known distance apart and analyz-
ing the disparities between their respective images. However, the discrete nature of stereoscopic
methods can introduce inaccuracies in the calculated depth results. Additionally, the effectiveness
of depth estimation for long-range prediction may diminish as distance from the camera increases,
attributable to reduced accuracy over greater distances. Moreover, the Red Green Blue Depth
(RGB-D) camera tends to weigh more and demands higher power consumption[73].

An obstacle avoidance system was proposed in [75], incorporating monocular SLAM for pre-
dicting obstacle positions. Oriented FAST and Rotated BRIEF-Simultaneous Localization and
Mapping(ORB-SLAM) estimated the robot’s 3D position through a point cloud representation[100].
Subsequently, a proportional integral derivative(PID) controller was employed to regulate the
drone’s position. Finally, the potential eld method and RRT path planning algorithm generated
a roadmap. However, monocular SLAM systems may struggle in challenging lighting conditions,
textureless environments, or scenes with repetitive patterns. SLAM algorithms are computationally
demanding and require signi cant processing power and memory resources[76].

Deep learning methods applied with cameras can extract intricate features from visual data and
directly learn abstract representations from input images, eliminating the need for manual feature
engineering[77]. These models can learn to predict depth directly by leveraging raw input images.
Integrating deep learning-based depth prediction with other sensor modalities, such as GPS, can
enhance overall perception and localization capabilities[78].

Dang’s study[79] proposed a real-time obstacle avoidance strategy utilizing a monocular cam-
era. They employed a binary semantic segmentation FCN-VGG-16 model to estimate obstacle

location and distance, complemented by the A* algorithm for path planning. However, the FCN-
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VGG-16 depth predictor encountered challenges in accurately predicting depth in complex envi-
ronments. Additionally, exclusively relying on the A* algorithm for path planning might not yield
adequate information and can result in substantial computational overhead.

The study by Mirzaei[81] introduces a monocular-based collision avoidance system utilizing
DenseDepth for depth estimation. Trained on the KITTI and NYU Depth v2 datasets[66], the
model achieved a s1 of 0.895 and rel_ of 0.103 after scaling adjustments to align with ground
truth medians[81]. However, its performance in general environments was lacking. Furthermore,
the method employed a narrow subwindow with only three horizontal segments to derive average
depth information, contrasting with the richer directional data provided by the eight-directional
RRT* or A* algorithms[56]. Fig. 2.16 illustrates the conventional A* algorithm exploring eight
directions per iteration in the second line, while the method proposed by[81] is depicted in the rst

line.
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Figure 2.16: The exploration area for the technique presented by[81] (top line) and the traditional

A* algorithm (bottom line).

To summarize, utilizing a monocular camera presents a cost-effective approach to obstacle
avoidance. Deep learning-based depth predictors effectively estimate depth, while RRT-based al-

gorithms provide an ef cient method for generating road maps. However, there is no mature
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and practical system for using a monocular camera to avoid obstacles and detect small objects
in advance. A fully developed and practical system leveraging monocular cameras for obstacle
avoidance and advanced detection of small objects has yet to be discovered. Current solutions are
frequently constrained in functionality and may not deliver dependable performance in real-world

situations[82].
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Chapter 3

Object Detection

The proposed object detection architectures split the detection process into two steps: obtaining
bounding boxes using background subtraction and generating boxes using deep learning methods.
The state-of-the-art YOLOV5 achieves an mAP of 55.8 on the COCO dataset[15]. The combina-
tion of Mixture of Gaussian 2 (MOGZ2) and tracker achieves good results. The following is the
analysis of the state-of-the-art background subtraction and deep learning algorithm focusing on
its performance on small objects. This chapter has two main sections, background subtraction
and a proposed two-stage algorithm that solves small object detection and improves accuracy in

aerial-based applications.

3.1 The Proposed Two-Stage Method

In large aerial images with a wide eld of view, the target is frequently only a small portion of
the total pixels, emphasizing the complexities of precise detection. Aerial objects’ rapid motion
and dynamic size changes exacerbate their susceptibility to occlusion during detection. UAS is
expected to be capable of signi cantly identifying objects as they shrink rapidly. The rapid shrink-
age of items and their faster velocity present a unique dif culty for UAS applications. In these
situations, where small targets and fast movement necessitate increased precision and exibility,
traditional object identi cation algorithms cannot handle these scenarios. Even with cutting-edge
general-purpose detection algorithms, these unique characteristics make accurate identi cation in
complicated backgrounds dif cult.

The overall structure of the proposed two-stage detection system is shown in Fig. 3.1. The rst
stage is detecting tiny objects using background subtraction and tracker. Background subtraction

is used to detect tiny objects, and a tracker is used to remove the bounding boxes belonging to the
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background. In the second stage, YOLOV5[25] is used for object detection. Then, the nal step is

a combination of the bounding boxes from the rst and second stages.

Figure 3.1: The entire architecture of our approach.

The main contributions we have made can be summarized as follows:

Integrating background subtraction and deep learning algorithm techniques opti-
mally exploits the bene ts of traditional methods and deep learning, providing a

robust solution for addressing the intricacies of detecting tiny objects in UAS data.

Adding tracker into the rst stage can detect the rapid motion of objects at the pixel

level and remove the erroneously detected object.

This approach is computationally ef cient, making it well-suited for practical projects.

3.1.1 Foreground Mask Extraction Using Background Subtraction

Detecting small objects poses a signi cant challenge[83]. At present, advanced deep learning al-
gorithms have limitations on the real-time detection of small targets, so we focus on traditional
algorithms such as background subtraction[84]. Generally speaking, we subtract the background
image from the new image to extract the moving foreground object. The overall pipeline is illus-
trated in Fig. 3.2, where the video stream serves as the input. Initially, we utilize the synthetic video

stream as the input and then obtain the background by employing the background removal model.
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The disparity between the current frame and backdrop will be calculated, enabling us to determine
the precise locations of discrepancies. Nevertheless, background subtraction mistakenly identi es
the shadow as the foreground when the camera is in motion. Furthermore, small object detection
is affected by light and wind, which makes background extraction dif cult. So, it is necessary to
extract the background from the images over a speci ¢ period due to the continuous variation of

the background.

Figure 3.2: The pipeline of object detection by using background subtraction.

MOG2[41] selects the amount of Gaussian distribution for each pixel in each frame to better
adapt to background changes. Bayesian decision determines whether the pixels belong to the back-
ground or the foreground. If the uniform distribution of foreground objects exceeds the threshold,

the pixels at time i belong to the background:

p 1'jBG > cihr(=Berg) 3.1)

||
where ¢y, is the threshold and p T!jBG is background object appearance. MOG?2 selects the
appropriate number of Gaussian distributions for each pixel to compensate for changes caused by
variables such as lighting uctuations or camera movements blending into the background. For
each new frame, we recalculate GMM[86] with N components:
] n
1

p 1'j:BG+FG = pmmc XMt €A (3.2)



where f#:b and &2 are the estimates of the mean and variances, respectively. The mixing weights,
expressed in gz, are nonnegative and their sum equals 1. The MOG2 algorithm dynamically
assigns the suitable Gaussian distribution to each pixel and continuously updates the parameters.
MOG2 can distinguish and separate background noise and moving objects, such as the sky.
Different background subtraction methods are applied and detected in the object recognition
problem. We utilize several methods to test the performance of various background subtraction
methods, such as the average, Single Gaussian, median, K-Nearest Neighbor, and Gaussian mix-

ture algorithms.

3.1.2 Object Tracker

Although MOG2 demonstrated superior performance compared to MOG, a notable limitation
arises in the form of false positives generated by MOG2. These erroneous detections appear as
outlines in photographs, frequently surrounding things like the moving background. In a dynamic
environment, particularly for UAVs, rectifying erroneously detected objects becomes challenging
when relying solely on background subtraction. Currently, tracking algorithms are extensively em-
ployed to enhance the precision of target detection due to their notable ef ciency and adaptability.
We propose combining this with object tracking to address this problem. The proposed approach
is summarized in Algorithm 4.

A Kalman Iter[46] is used here to estimate the state of a dynamic position:

h i
x= cx;cy;l;h; e ey, B R (3.3)

where the state contains the vertical and horizontal position of the object’s center, the aspect ratio
of the bounding box of objects, height h, and their velocities.

The state space model used here is given by
Xp = AX'[ 1+U 1 (34)

where u; 1 is the Gaussian process noise, A is the transition matrix, and z is the measurement
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vector:

Zi = Hx +V (3.5)

where H is the measurement matrix and Vj is the Gaussian measurement noise.

Although the Kalman lIter is effective, it is unsuccessful in several real-world conditions, such
as occlusions, different viewpoints, and fast-moving objects. To enhance this, we use an additional
distance metric dependent on the item’s visual characteristics, called an appearance descriptor,
which comes from DeepSort[44]. The detections from each frame were fed into a pre-trained CNN
model on a person-identi cation dataset (re-id). The Deep Association metric is used to extract the
appearance features of objects. After each detection and tracking, the appearance features of the
object are extracted and saved. The similarity between the appearance feature of the object being
detected in the current frame and the appearance feature stored before is calculated, which can
avoid missing detection and loss of identity. Additionally, we use the Hungarian algorithm[90] to
correlate the predicted states. The Hungarian technique utilizes a cost matrix that incorporates both
the Mahalanobis distance for motion consistency and the cosine distance for appearance similarity
to match. Depth correlation measurements enable tracking maintenance even after short periods
of occlusion. Algorithm 4 outlines the main part of the matching algorithm. Initially, we have
a list of tracks G, a set of detection D from background subtraction, and the maximum age A as
inputs. In line 1, we calculate the cost matrix of the appearance descriptor B for every contour.
In line 2, we calculate the value of the Mahalanobis distance C. In line 3, we initiate the set
of matched tracks w and unmatched tracks m. In line 5, we cover the allocation and mismatch
detection between tracks. In line 6, we update the set of matches by j th bounding box detection
and i th track. If new objects are detected, they will be kept in unmatched tracks. Detected
objects at the next frame will be assigned. If the number of tracks exceeds a prede ned maximum
age A, tracks are considered to be detected from the track set. In line 7, if the number of matches
exceeds a prede ned Num, the prede ned maximum of age A will be decreased. Because the

wrongly detected objects in the moving background are discontinuous and do not have a similar
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appearance, this method can effectively eliminate wrongly detected objects. When the detected

objects have similar appearances, they can still be detected even if they disappear for a while.

Algorithm 4 Fusion of background subtraction and Object Tracking

Input: Track G = f1;:::;Ng, Contour D = f1;:::;dg, Maximum age A,Maximum number Num
1: Compute Cost distance of appearance feature vector B
2: Compute Mahalanobis distance C
3: Initialize the set of matches w and Unmaches m
4: forn2 f1;:::;Ag do

5: [xi]  minmatching (C;m;t,)
6w w[ (i;i)ixgj bij>0
7: if len(w) > Num then

8: Decrease the value of A
o: end if

10: m mn jj jbi;j xij>0
11: end for

12: return w;m

3.1.3 Deep Learning Detector

In stage 2 of the proposed method, YOLOV5[25] is used for object detection. Our approach resizes
the input images to 640 640. Data enhancement is used to improve the training accuracy of the
network. To extract the feature information from the given input image, the ResNet-inspired[30]
backbone with CSP  Cross Stage Partial Networks (CSPNet)[91] structure is used, which con-
sists mainly of the Focus module. In our approach, the Neck integrates feature pyramids at dif-
ferent stages provided by the backbone. It helps the models to do object scaling and perform
well on unseen data. The neck structure adopts Feature Pyramid Network (FPN)[31], CSP

Cross Stage Partial[91], and Path Aggregation Network (PANet)[20] structures to improve net-
work performance. In our approach, there are three heads to process features from the neck in
a sliding-window fashion across feature maps of different scales. The prediction head uses three
layers to generate anchors to predict the object’s position and get classi cation information. Our
model’s architecture is designed to effectively capture and utilize multi-scale information, enhanc-

ing accuracy and generalization capabilities for object detection. Incorporating YOLOVS5 into our
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rst step makes our approach a reliable solution for detecting small objects in UAS imagery.

3.2 Two-Stage Detector Analysis

3.2.1 Aecrial-Based Datasets

Deep learning literature typically emphasizes large-scale datasets like COCO or ImageNet[113],
which may not be suf ciently tailored for aerial-based applications. For instance, COCO datasets
contain large objects (area >96 96 pixels) up over 50%. YOLOV5 achieves an mAP of 67.2%
when evaluated on the COCO 2017 validation set, whereas its performance drops signi cantly to
20.9 mAP on the Airborne Object Tracking (AOT) dataset[38]. The drop in performance can be
traced to the signi cant bias towards smaller objects and the wide range of object scales encoun-
tered in aerial images.

The AOT dataset[38] has ight sequences collected by a high-resolution camera with a resolu-
tion of 2,448 2,048. The datasets contain small objects (area <32 32 pixels), medium objects
(32 32<area<96 96 pixels), and large objects (area >96 96 pixels) as shown in Table 3.1,
following the inference image size of[89]. The proportion of objects corresponding to the small,

medium, and large objects divisions are 97:3%, 2:62%, and 0:08%, respectively.

Table 3.1: Aerial Based Dataset (Object size is calculated using the bounding box area of each
object)

Number of Percentage of F;?O';ﬁné%%?a;f
i i o)
Objects | Total Objects(%) Area(%)
AOT Dataset
Small Object
(area< 32 32 pixels) 6914 97.30 0.003
Medium Object
(32 32<area<96 96 pixels) 186 262 0.002
Large Object
(area> 96 96 pixels) 6 0.08
Total 7106 100.00 0.005
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3.2.2 Background Subtraction Synthetic Data Detection Analysis

Background Modeling should ideally possess suf cient sensitivity to recognize moving objects
from every video frame, especially for the stationary background. To conduct this research, we
created one with a xed background and another with a changing background containing twenty
videos. Fig. 3.3 displays examples of continuous images against various stationary and dynamic
backgrounds. The upper row displays the objects in the static background, while the lower row
shows the objects in the moving background. The red square is the object we should detect, and
the green polygon is the dynamic object in the background. The datasets spread small, medium,
and large objects in Table 3.2. We report the detection datasets on different object sizes, including
small, medium, and large objects. For both datasets, the image size is [640 640]. The item is
discovered based on the principle of background subtraction, which involves identifying changes
in pixel values in the video. When the background remains unchanged, the background subtraction
method does not need a lot of data to prove its accuracy. In the case of a dynamic background, we
need more data to validate the accuracy of the Gaussian Mixture Model.

Table 3.2: Background Subtraction Synthetic Dataset

. Percentage of Percentage of
Number of Objects Total Objecgts (%) | Total Image g\rea (%)
Stationary Synthetic Background Dataset
Medium Object
(32 x 32 pixels < area < 20 66.67 0.23
96 x 96 pixels)
Large Object
(area > 96 x 96 pixels) 10 3333 24.41
Total 30 100.00 24.64
Dynamic Background Dataset
Medium Object 20 66.67 0.23
Large Object 10 33.33 24.41
Total 30 100.00 24.64

To comprehensively evaluate the effectiveness of background subtraction, it is necessary to
understand the ability to distinguish the foreground (considered as positive) from the background

(negative). We can use the terminology of True Positive (TP), True Negative (TN), False Pos-
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itive (FP), and False Negative (FN)[87]. In Table 3.3, the results illustrate the performance of
background subtraction and are demonstrated in terms of precision and recall. The precision is

expressed as:

... TP
Precision = TP+FP (3.6)
and the recall is
TP
Recall = ———— T
AT TP EN 37)

The confusion matrix in Table 3.3 demonstrates that the MOG2 method achieves good preci-
sion on the stationary background data. This indicates that background subtraction can detect ob-
jects in the stationary background accurately. However, when applied to the dynamic background
data, background subtraction achieves 0.75 precision. Although the dynamic background dataset
is more challenging to analyze than the stationary background dataset, the disparity in Average
Precision (AP) of 25 points highlights MOG2’s weaknesses in dynamic background data.

Table 3.3: The predictions by MOG2 on both stationary and dynamic background dataset

TP | FP | FN | Total Objects | Precision | Recall
Stationary Background | 26 |0 |4 |30 1 0.87
Dynamic Background |27 |8 |3 30 0.75 0.9

Several background subtraction methods are used to compare. The K-Nearest Neighbor (KNN)[85]
will be employed to test the effect of the different background subtraction methods. The Gaussian
Mixture Model (GMM)[86] will also be utilized as one of the background subtraction methods
for testing, as the MOG is based on the GMM. In addition, we evaluate the impacts of the MOG
technique, as MOG?2 is derived from the MOG methodology. Table 3.4 shows the results. The
performance of target detection using these methods is excellent in the stationary synthetic back-
ground dataset because the discovered target originates from a static background. Instability in the
background leads to a decline in the effectiveness of background subtraction techniques. However,
compared to alternative approaches, the MOG2 performs better detecting fast and slow-moving

objects and eliminating noise and ghosts.
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Table 3.4: Comparison of the performance of background subtraction methods

Detectors | Static Background | Dynamic Background
Precision | Recall | Precision Recall
KNN 1 0.97 0.63 0.83
GMM 1 0.9 0.67 0.83
MOG 1 0.93 0.73 0.87
MOG2 1 0.9 0.75 0.9

The targets in the arti cial data set from Table 3.2 are now scaled and become smaller in
Fig. 3.4. The background subtraction approach makes use of the scaled arti cial data set. We can
analyze the impact of the background subtraction approach on small objects.

The confusion matrix in Table 3.5 demonstrates that the MOG2 method achieves mAP 0.86
precision on the scaled stationary background data. However, when applied to the dynamic back-
ground data, background subtraction achieves 0.71 precision. The best-case scenario, in which
the object’s appearance varies between no-scaled and scaled data, is represented by this composite
data. Tiny items are hard to identify when the UAV is moving, which presents a problem for tar-
get detection. The results show that only background subtraction might not be appropriate when

objects change in background and size in aviation-based application experiences.

Table 3.5: The predictions by MOG2 on both stationary and dynamic background datasets

TP | FP | FN | Total Objects | Precision | Recall
Stationary Background | 24 |0 |6 30 1 0.8
Dynamic Background |24 |10 |4 30 0.71 0.86

3.2.3 Background Subtraction Aerial-Based Data Prediction Analysis

Compared with the background subtraction method directly applied to the image, the fundamental
morphological Itering method is employed to remove the noise and preserve the object informa-
tion in the image. The morphological Itering methods mainly include corrosion, expansion, open
operation, and closed operation. We employ the open operation. For instance, the open operation

analyzes UAV target recognition video footage in a dynamic background. As shown in Fig. 3.5,
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the image on the left is a mask image, while the image on the right has undergone open-operation
processing. Many noise points belonging to the background are eliminated. The preprocessing
stage serves two primary objectives. One bene t is the potential elimination of noise in the target
and the ability to smooth the target’s perimeter. The second objective is to mitigate the error caused

by background movement to enhance the precision of target detection.

Figure 3.5: Example of preprocessing encountered in background subtraction. (a) Foreground

mask. (b) Mask image after open-operation processing.

We use the same Dynamic Background Dataset in Table 3.1. We extracted about 18,980 bound-
ing boxes and a total of 47 aerial objects. This dataset is used to evaluate the capability of small
object detection. Ten video sequences were taken from AOT, and one video was taken from real-
time bird datasets for analysis. Every frame in a video series has manually annotated ground truth
available, which indicates whether each pixel is in the foreground or background. We compared
the proposed method with the KNN, GMM, and single Gaussian algorithms; the comparison re-
sults are shown in Fig. 3.6. We chose four continuous frames from the UAV y video to show the
result. The rst row is the original frame, the second row shows the results of KNN[85], the third

row presents the results of GMM[86] , the fourth row shows the results of a single Gaussian, and
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the fth row is the results of MOG2. Table 3.6 shows the detection performance when tested using
the KNN[85], GMM][86], and single Gaussian algorithms[93]. KNN has an average precision of
9.13, GMM has an average precision of 10.7, and Single Gaussian has an average of 7.9. MOG2
achieves competitive results, with an average precision of 21. MOG2 yields more accurate results
because of the adaptability to varying scenes due to illumination changes. However, it is dif cult
to detect objects using these methods because the incorrectly detected objects are from a part of

the moving background.
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Figure 3.6: Comparison of the effects of the KNN, GMM, Single Gaussian, and our proposed

algorithm.
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Table 3.6: Comparison of Detecting performance by switching the detector

Detectors UAV y Birds y UAV y-ano
Precision | Recall | Precision | Recall | Precision | Recall
KNN 9.2 194 |95 156 |87 13.4
GMM 10.2 139 | 9.6 14.1 12.3 13.2
Single Gaussian | 8.1 9.1 7.4 8.1 8.2 9.2
MOG2 12.8 79.4 | 395 85.6 10.7 73.2

3.2.4 Tracker Prediction Analysis

The tracker is applied with the understanding that background subtraction struggles to pick the cor-
rect foreground objects. In the experimental part, we evaluated the performance of DeepSORT and
SORT on the MOT16 challenge. The following evaluation metrics were used in the experiment.
The MOTA(multi-object tracking accuracy) has three error sources: false positives, missed targets,
and identity switches[23]. The MOTP (multi-object tracking precision) summarizes overall track-
ing precision regarding bounding box overlap between ground-truth and reported location[23].
IDF1 represents the global minimum cost F1 score. The IDS (identity switches) and FM (number
of fragmentations) describe the tracker’s accuracy in following object trajectories. The ML is the
most lost target. The MT is the most tracked target. The FP and FN are the total number of false

positives and false negatives. Table 3.7 shows DeepSORT produces the best results.

Table 3.7: Evaluating the performance on VisDrone 2018 dataset

Tracker MOTA | MOTP | IDF1 | MT | ML | FP FN IDs | FM
SORT 40.5 0.25 56.2 | 297 | 514 | 11838 | 74027 | 265 | 1380
DeepSORT | 42.7 0.259 | 58 323 | 395 | 14722 | 68060 | 779 | 3717

3.2.5 Two-Stage Detector Aerial-Based Data Prediction Analysis

It is important to determine if the objects are accurately selected in the foreground. So, we use
Intersection over Union(loU) to determine if bounding boxes are correctly selected. The equation

of loU is:

stagel T
i .
stagel =
i

stage2
_ box box;

loU (3.8)

stage2

"~ box box:
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As a supplement to loU, we propose Intersection over YOLOV5 and Foreground(lo2) to balance

sensitivity and robustness for object detection, which is calculated as Equation:

-
B boxistagel boxistagez
02 = i (39)
box:
where box®%" is the boxes from the rst stage, and box"*®*? is the i th boxes in the second
stage.

After we get the set of matches from the background subtraction with the object tracking
method and detect boxes from the deep learning method, we fuse the matches and boxes using
102 to improve accuracy. The combination of 102 plays a crucial role in enhancing the reliability
and precision of our tiny object recognition system for Unmanned Aerial Systems (UAS).

During the fusion, if boxes only show in the rst stage but do not appear in the second stage,
102 contains the boxes. When two detection boxes intersect, we calculate the loU between the two
boxes. Fig. 3.7 shows how 02 works. Using the 102 metrics together makes it robust to contain all
foreground boxes. As shown in Algorithm 5, the rst stage’s detection result matches the second
stage’s results. The matching process uses two metrics, loU and lo2, to obtain all detections from
the foreground. If 102 is large, the boxes from the rst stage will be chosen. If 102 is small, the

boxes from the second stage will be chosen.

Figure 3.7: Detection results from our proposed method. (a) image with boxes from the rst and

second stages. (b) image after fusion.
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For the training of YOLOV5, we randomly put 80% of the data from the AOT dataset as a
training set, 10% in the validation set, and 10% in the test set. The mini-batch size is set to 16,
with 100 iterations. We tested all algorithms on Jetson Xavier NX. For YOLOV5 detectors, the
learning rate is 0.001, the model trained 100 epochs using stochastic gradient descent (SGD), box
loss is 0.05, class loss is 0.5, iou threshold is 0.2, and SGD momentum is 0.937. YOLOVS5 achieves
an AP50 of only 20.9, a precision of 90, and a recall of 12.9 on the AOT dataset. This model is not
good because the recall is relatively low.

Applying a tracker with the MOG2 leads to an average precision of 70.9. The increase in
average precision is because of the removal of error detection in moving background. Our two-
shot detection algorithm achieves an average precision of 89.5, better than YOLOv5 and MOG2.
Fig. 3.8 shows the result using our two-shot detection method. Table 3.8 shows the detailed
numbers. The two-shot detection method can detect fast objects well and eliminate some noise

and ghosts in moving backgrounds.
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Figure 3.8: The performance of different Background subtraction methods. (a) image of our pro-
posed method, annotated with bounding boxes at frame 1. (b) image of our proposed method,
annotated with bounding boxes at frame 2. (c) image using Single Gaussian method, annotated

with bounding boxes at frame 1. (d) image using Single Gaussian method, annotated with bound-

ing boxes at frame 2.

Table 3.8: Performance of the proposed approach on different video

Detectors UAV vy Birds y UAV y-ano
Precision | Recall | Precision | Recall | Precision | Recall

MOG?2 + Tracker | 70.9 89.9 80.6 91.3 68.2 85.3

Two-shot detector | 89.5 98.3 96.5 92.3 88.1 93.4
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Figure 3.3: Examples of Synthetic Dataset. (a) The upper row displays the objects in the static
background. (b) The lower row shows the objects in the moving background.
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Figure 3.4: Detection of moving small obstacles in dynamic backgrounds: Red square represents
obstacles, green polygon indicates dynamic background objects.
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Chapter 4

Path Planning algorithm

This study introduces an obstacle avoidance system with a mono-camera setup paired with ad-
vanced computational techniques. This system is constructed based on two core technologies: an
unsupervised learning algorithm for depth estimation and an advanced path-planning algorithm
designed to optimize navigation in complex environments. The proposed system uses an unsuper-
vised learning algorithm for depth estimation. Unlike traditional methods that rely on stereo vision,
our approach harnesses the power of a single camera, simplifying the hardware requirements while
still providing depth cues.

Path planning is executed using an enhanced version of the RRT* algorithm called circle RRT*.
This algorithm represents an advancement over its predecessor in improving the ef ciency of nd-
ing near-optimal paths. Circle RRT* begins by randomly placing a node within the de ned opera-
tional space. It then picks the existing node closest to the new point. A connection is established
if no obstacles block the path between these two nodes, making the nearest node a new reference
point. The algorithm continuously evaluates all nodes within a certain radius r, connecting the
new node to the most suitably positioned neighbor to re ne the path. This process is iterated until
a node close to the target destination is positioned to ensure the developed path is ef cient and
feasible. If the computational time is suf cient, the completeness of the circle RRT* algorithm
guarantees that a path to the destination is always found.

This chapter is divided into two sections for a comprehensive analysis. The rst section intro-
duces the proposed path-planning algorithm. The second section explores the nuances of various
path-planning strategies, highlighting how our method effectively enables informed navigational
decisions. These sections address the challenges faced in effectively navigating unpredictable en-

vironments.
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4.1 Overall Path Planning

This section presents the detailed architecture of our path-planning algorithm, as shown in Fig. 4.1,
which was designed to eliminate the need for complex and expensive sensory equipment while
effectively navigating diverse environments. LIDAR systems provide precise detection ranges
by measuring the time required for the emitted light to re ect off an object and return. Radar
determines the detection range by emitting radio waves and the time these waves bounce back
after hitting an object. Based on concepts from LiDAR and radar, we propose circle RRT*, a path-
planning algorithm that reduces computation times in live applications and outperforms traditional

methods such as RRT* and A*.

Figure 4.1: Flow chart of the proposed path planning algorithm.

4.2 Proposed Circle RRT* Algorithm

Due to the constraints of drone-mounted radar systems, which have limited detection zones[69][70],
itisdif cultto obtain comprehensive depth data and accurately identify obstacle positions through-
out an environment. Given the limited radar or LiDAR detection range, our algorithm capitalizes
on this constraint. We incorporate this limited detection area into our approach, de ning it as the
range within our algorithm. Using principles from RRT-related algorithms, we establish a sector

area to emulate the radar’s detection range. Unlike traditional RRT methods, we generate samples
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randomly across the sector:

Xsamples 2 C (4.1)

Fig. 4.2(a) demonstrates how the Circle RRT* algorithm signi cantly reduces the search time
for the optimal path by focusing on the most critical sector. Focusing on the most promising area
increases the probability of quickly nding the best path and reduces the computational effort
compared with a broader global search strategy. The execution of the Circle RRT* methodically
improves the paths within the search tree, leading to more ef cient solutions at lower costs. Un-
like the traditional RRT*, which disperses samples across the entire planning space, Circle RRT*
keeps samples densely packed within a targeted sector, enhancing the focus on promising areas.
This focused sampling method within the relevant sector yields a better dispersion rate than the
widespread global approach, enhancing both the chance of nding ef cient paths and the overall

computational speed.
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Figure 4.2: Examples of new node adds to the tree. (a) The random node generates in the sector

centered on the start node. (b) A random node was added to the tree and became the new start

node.

Before discussing the proposed algorithm, we de ne some concepts. Graph G includes vertex

V' 2 Xsamples, €d0€S E 2 Xsamples  Xsamples, NOdeS X, start node Xinit, and goal node Xgoai. Sample
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points Xsamples iN the sector are selected randomly to expand the graph and add additional vertices.
Every new vertex causes the graph to rejoin. The cost function P(x) is the cost of the path from
a start node Xstart to a goal node Xgoa1. Our algorithm recorded the distance moved by each vertex
relative to its parent vertex. P contains the cost of all possible paths, Ps 2 X. The cost function[57]

can be expressed as follows:

X, =fx2 X j P(X)g (4.2)

Given the cost function above, a feasible path X is obtained as follows:
X =minfx(p) : pis feasibleg 4.3
Some primitive procedures for the proposed algorithm have been introduced[57] as follows:

Node Sampling: Within a graph G = (V;E), the sampling node Xrang is assumed
to originate from a uniform distribution within a speci ¢ smaller section. This

selection process is considered independent and identically distributed (i.i.d.).

x 2 Generate:iid:sample(samples) (4.4)

Nearest Neighbor: In graph G, the Euclidean distance is used to nd the nearest
Neighbor vertex in X. For instance, if n vertices, tV1;Vs;:::;Vhg, are uniformly
distributed random variables, then V;j;V;j is an edge if V; is among Vj’s k nearest
neighbors using the Euclidean distance. Our proposed algorithm considers this
function, kNearest. The new point x will connect to the closest vertex. Fig. 4.3(a)
shows how to connect the random node X,ang and the nearest node Xpearest. After
initializing the random tree, which only has Xj,it at rst, a random node Xcang IS
generated on the map. Then, all nodes in the tree are iterated, and the neatest point
is located with the nearest point with the least cost to the node random X,ang. New

node Xnew IS extended in the direction of Xpearest aNd Xrang. The connection between
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the two points is made if no obstacles are present. The extension of the node Xpew

continues toward the designated target.

Figure 4.3: Examples of node connections. (a) A new node is established on the line that connects
the closest existing node to a randomly chosen node. (b) The costs of nodes within a designated
radius are compared with the cost of the nearest node. If any of these proximal nodes display a

lower cost, the connection will be made with the more economical node instead.

kNearest(G = (V;E);x) = argmin(x; V) (4.5)

Near Nodes: In a graph G = (V;E), the vertices V that are contained in a circle

with customized radius r will be calculated by Near(G = (V;E);x;r). This near
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function nds nodes in the existing tree that lie close to a newly sampled point,
utilizing the Euclidean distance to measure proximity. Only nodes within a certain
radius or distance from the sampled point are deemed in the neighborhood. The
main objective of the near function is to pinpoint those nodes within the current
tree that are suitably positioned to establish a connection with the newly sampled
point.

Near(G = (V;E);x;r) =V 2circle (4.6)

Steering function: The steering function is designed to optimize paths within a
graph. When a new node x; presents a lower cost compared to a nearby node
Xg, it takes the place of x owing to its cost-effectiveness. Once a connection is
established with the most economical neighboring vertex, the algorithm evaluates
whether adjacent nodes can be re-routed to the newly incorporated vertex to reduce
the overall path cost. If this re-routing results in a more ef cient path, the adjacent
nodes are then connected to the new vertex, enhancing the ef ciency and smooth-
ness of the path. Stear(xi;y) generates a vector v 2 X that is nearer to x; than
X2. The steering procedure was introduced by Kuffner and LaValle (2000)[101].
Fig. 4.3(b) shows the working mechanism of the near function. After nding new
node Xnew, the near function is run to nd all nodes within the speci ed range r.
After traversing all obtained nodes Xpear, the node with the lowest cost to Xpew and

Xinit Will be the parent of X,ey to connect two points.

Steer(xy;y) =minfxy yg 4.7)

Collision Check: The CollisionFree function is employed as a Boolean check to
determine the absence of collisions between two points x. Fig. 4.4 illustrates ob-
stacles along with their dilated boundaries marked in white. This dilation increases

the robustness of the system and the likelihood of successfully navigating obstacles.
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Each point within the vicinity of the obstacle is maintained at a certain minimum
distance from points in the clear space, enhancing safety. For instance, the collision-

free path X e pointed by the arrow is in the light gray area in Fig. 4.4.

Figure 4.4: Area occupied by obstacles is depicted in dark gray, the space free of obstacles is

shown in light gray, and the expanded buffer zone around obstacles is illustrated in white.

[llustrated in Fig. 4.5, the method outlines the initial and destination points and connects them
through a calculated path in a unity rectangular of 50 30. The process begins by generating a
random node x within a speci cally de ned sector, ensuring the node generation is con ned to
a manageable area. This is achieved by limiting the node placement within a sector of a prede-
termined radius. Illustrated in Fig. 4.2, the sector’s orientation is determined by its central axis,
which is de ned by the start point and goal node, with the sector’s spread de ned by a particular
angle g and the starting point serving as the sector’s apex. Thus, a random node x is constrained
within a sector de ned by an angle g, denoted as x 2 C. The newly sampled point aims to connect
with the closest vertex v from the set V, provided there is no collision, optimize the lowest-cost

path, and update the vertex set V accordingly. If the new point x,ey Offers a more ef cient route
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than the existing connection with its current parent node, the existing link is severed in favor of the
new, more optimal path. The following two crucial checks are performed each time a new vertex

is introduced.

In the process of integrating a newly created vertex with its parent within the graph,
a connection is established only if a clear path exists between the starting node
and this new vertex, devoid of any intervening obstacles. This is determined by
the function CollisionFree(xs;x2), which evaluates the presence of obstructions
within the de ned sector, as illustrated in Fig. 4.6. If the initial sampling reveals
obstacles between nodes, the sector is rotated by a prede ned angle to navigate
these impediments. Fig. 4.6 (a) displays a scenario where obstacles occlude the
pathways in all 2D sectors, whereas Fig. 4.6 (b) depicts the sector post-rotation,

now clear of blockages.

RotateSector (Xnew; Xgoal; d) =X 2 X (4.8)

When the distance from a given point to any existing node within the tree exceeds a
predetermined step size, we will introduce a new node at the end of this trajectory,
limiting its maximum extension to the de ned step length. This newly established
node becomes the starting point for subsequent iterations, extending the tree by
incrementally adding nodes at manageable distances, ensuring continuous and con-

trolled expansion.
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Figure 4.5: The path planning graph. (a) Overview of the path planning graph. (b)The planning

graph highlights the start node in blue and the goal node in green.
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Figure 4.6: Examples of nodes within the de ned sector. (a) The entire sector is obstructed by

obstacles. (b) Rotation to avoid obstacles.

The process is iterated until a direct connection between the new starting node and the goal
node is established. Our method is detailed in Algorithm 5. We con ne the generation of random

samples Xrang t0 @ speci ed radius r, as described in the second line of the algorithm, instead of
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the nodes traditionally scattered throughout the entire con guration space in each iteration. These
samples serve as candidates for new nodes in the tree. The third line gets the nearest node from
the points generated from the second line. The fourth line introduces the steer function, which
facilitates the connection of a newly sampled node to one of its adjacent nodes. Node Xpeyw is added
to vertex set V. Upon adding a new node, as per Line 5, attempts are made to establish connections
from other vertices within a circular area of radius r. Line 6 identi es all potential neighboring

nodes Xnear Near the newly sampled point within a speci ed radius.

Algorithm 5 Proposed Circle RRT* algorithm
Input: V  initialsample
fori2 (f1;::;;n)g do
(Xrand 2C)  Generate:iid:sample (x)
(Xnearest)  Nearest (G = (V;E);X)
(Xnew)  Steer (Xnearest; Xrand)
if CollisionFree(Xnearest; Xnew) then
(Xnear)  )Near ((G = (V;E); Xnew)
V)V [Xnew
(Xmin) ~ Xnearest
(Cmin)  Cost (Xnearest) +Cost (Xnew)
for Xnear 2 Xnear d0
if CollisionFree(Xnear; Xnew) 7~ C0St (Xnear) + € (Xnew) < Cmin then
(Xmin)  Xnear
(Cmin)  Cost (Xnear) +Cost (Xnew)
end if
end for
(E)  E L (Xmin;Xnew)
for Xnear 2 Xnear do
if CollisionFree(Xnear; Xnew) 7~ C0OSt (Xnear) + € (Xnew) < Cost (Xnear) then
(Xparent) ~ Parent (Xnear)
end if
(E)  E(Xparent; Xnear) L (Xnear; Xnear)
end for
else RotateSector (Xnew; Xgoal ; )
end if
return G = (V;E)

The algorithm prioritizes the nearest node based on the lowest associated cost. However, this

nearest node may not necessarily be added to the tree if the costs of nearby nodes Xpear are lower.
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During each iteration, the costs for nearby nodes are evaluated as Cost(v) = Cost( Parent(v) +
c(Line(Parent(v) ), with nodes X,ang among the k-nearest neighbors attempting to establish the
lowest-cost connection with v from V. Not every connection proposed in line 6 is nalized in the
set of edges E. A connection is only added to E if it either introduces a minimum cost path from
Xnear OF If the new path, including an edge from Xpear, IS Mmore cost-effective than the current path
with the existing parent. The resulting graph comprised a network of vertices and edges structured
to avoid obstacles. When an obstacle impedes the direct path between two nodes, the algorithm
adapts by rotating the sector by a prede ned angle, ensuring an obstacle-free path is found for the

upper sector.

4.3 Path planning Analysis

4.3.1 Two Dimensional Analysis

RRT*, renowned for its capability to produce optimal paths across diverse scenarios, was tested
against Circle RRT*, a variant designed for enhanced performance. This comparison was con-
ducted through simulations in two-dimensional spaces, incorporating a range of shapes to address
various challenges. Tests were designed to evaluate the effectiveness of the Circle RRT* algorithm
under different conditions. Speci cally, two key scenarios were examined: one in an obstacle-free
environment and another in an environment with dispersed obstacles. The aim was to showcase
the adaptability and ef ciency of the Circle RRT* in navigating through spaces with varying com-
plexities and obstructions.

Random environments were utilized to assess the capabilities of various algorithms to navigate
a two-dimensional space lled with various obstacles, as illustrated in Fig.4.7. The performance
of the Circle RRT* in charting paths from arbitrary starting points to target nodes, particularly in
settings with obstacles of different sizes, is shown in Fig.4.7(a)(b). The algorithm determines a vi-
able path from the start node to the end node, and the evaluation is concluded after a set number of

iterations. The angle q and customized radius R remain constant within each iteration, whereas the
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iteration count varies. RRT* and Informed RRT* were tested across 100 separate runs on a stan-
dard pseudo-random map under various experimental setups for thorough comparison. The time
taken for computation and the associated path costs were meticulously logged in each iteration,
serving as benchmarks against an unoptimized baseline version of the code. The total number of
iterations was tracked to gauge the overall time spent. In the example shown in Fig.4.7(a), Circle
RRT* approached a near-optimal path ef ciency after 2,000 iterations. In comparison, RRT* tends
to require more time for path nding. When the Circle RRT* identi es a path within a different
category, it signi cantly reduces the cost of the target and optimizes its tree to include more cost-
effective routes. With 4,000 iterations, Circle RRT* delivers satisfactory results, whereas RRT*
requires approximately 12s to calculate the path, almost 23 times longer than Circle RRT*. Tradi-
tional RRT™* algorithms invest extra time exploring areas that do not contribute to the nal solution,

whereas the Circle RRT* excels in generating optimal paths.

66



Figure 4.7: The contrast between RRT* (displayed in (c) and (d)) and Circle RRT* (shown in (a)
and (b)). The left column presents outcomes after 2000 iterations, while the right column details
results following 4000 iterations. A comparative analysis of the execution times for RRT* and

Circle RRT™* reveals the superior ef ciency of Circle RRT*.

As shown in Fig. 4.8, with increasing samples, RRT* progressively optimizes its search tree,
thereby decreasing the cost of reaching the goal more effectively. However, in the early stages,
RRT* explores solutions approximately 1.5 times away from the ideal path and takes longer to
achieve the best solution as the number of iterations increases. Fig. 4.9 illustrates how Circle
RRT* gradually approaches the optimal solution with each iteration. By contrast, Circle RRT*
quickly aligns with the direction of the optimal path, thereby reducing the time spent generating
unnecessary samples. Circle RRT* optimizes the path- nding process by prioritizing speed and

ef ciency.
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Figure 4.8: The paths generated by RRT* algorithm after different iterations. (a) 50 iterations. (b)

100 iterations. (c) 1000 iterations. (d) 1500 iterations. (e) 2000 iterations. (f) 4000 iterations.
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Figure 4.9: The paths generated by Circle RRT* algorithm after different iterations. (a) 50 iter-
ations. (b) 100 iterations. (c) 1000 iterations. (d) 1500 iterations. (e) 2000 iterations. (f) 4000

iterations.

The computational complexity of the algorithms was determined by comparing their execution
times. The RRT* and Circle RRT* algorithms were subjected to 5,000 trial runs in an environment
populated by randomly distributed obstacles. The performance of each algorithm was gauged

based on the number of calls made to the CollisionFree function, considering m obstacles and n
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iterations. The complexity of the CollisionFree procedure is O(log?m)[92], whereas the nearest
neighbor search has a time complexity of O(log"). However, the nearest neighbor search time
complexity of Circle RRT* is often less than O(log"). The time complexity of the processing
phase is O(nlog"nlogm) for RRT*. And the time complexity of the circular RRT* is equal to or
less than O(nlog"nlog¥m). Fig. 4.10 shows the comparative computational time costs for achieving
the optimal path, with each algorithm running a xed number of iterations repeated 100 times to

ensure the reliability of the ndings.

Figure 4.10: Time taken to identify the best paths, with RRT* (represented in orange) and Circle

RRT™* (illustrated in blue), plotted against the number of iterations.

RRT* increasingly demands more time as the iteration count increases, which diminishes its
suitability for real-time applications. This drawback is starkly apparent when the iteration count
hits 5000, showcasing a signi cant time disparity between Circle RRT* and RRT*. Circle RRT*,
with its sector-based sampling strategy, excels in quickly nding optimized paths, thereby mini-
mizing the time expenditure. Fig. 4.11 shows the variations in optimal path costs across 100 runs
with a consistent number of iterations. It displays the average of the best paths, revealing that

Circle RRT* steadily moves towards the optimal solution. By contrast, the paths determined by
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RRT* tend to scatter across the entire search area, leading to longer search times. Circle RRT*
focuses on the optimal cost paths, even as iterations increase, showcasing its ability to converge on
the optimal solution. This ef ciency aligns closely with the near-optimal solution factor of pi,
as discussed by LaValle and Kuffner. Moreover, Circle RRT* is more time-ef cient in pinpointing

the optimal path, af rming its advantage in applications requiring swift decision-making.

Figure 4.11: The cost associated with identifying the best paths, featuring RRT* (indicated in

orange) and Circle RRT* (depicted in blue).

In a second scenario, the algorithms were deployed in an obstacle-free environment, with the
square’s corners designated as start and endpoints. The experiment measured the time required
by each algorithm to establish paths across squares of various sizes. After 200 iterations, a com-
parative analysis was conducted on the average cost and time metrics for the A*[94], D*[95], and
RRT[57] algorithms. As depicted in Fig. 4.12, RRT* exhibited enhanced computational speed
while maintaining path costs on par with those generated by A* and Dijkstra’s algorithms. RRT*

ef ciently determines the optimal path with remarkable speed, positioning it as a viable option for
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path-planning tasks where minimizing the computational time is essential, particularly in scenarios

demanding optimal path solutions.

Figure 4.12: The time of nding the best paths, the A*, the RRT*, and the Dijkstra in the second

scenario.
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Chapter 5

Obstacle Avoidance System

The primary objective of this chapter is to introduce a real-time small-obstacle avoidance system
that utilizes a camera. The system was designed to detect various obstacles, including small ob-
jects, thereby enabling the proactive avoidance of obstacles. It can also predict drone trajectories
and avoid obstacles based on depth information gathered during navigation. Subsequently, the
system generates an optimized path with minimal computational cost and time, ensuring ef cient
navigation.

The proposed system comprises two main stages. The rst stage involved object detection
using deep learning and background subtraction techniques. This stage effectively detects small
objects in an environment. The second stage focuses on path planning, wherein a 3D path-planning
algorithm speci cally designed for outdoor navigation, namely Circle RRT*, is employed. Depth
estimation was facilitated using a depth anisotropy model.

Depth Anything, a depth predictor, was used to acquire the depth information. In contrast to
conventional approaches that employ radar or LiDAR for depth estimation, leveraging a camera
for depth prediction offers signi cant cost savings. Moreover, although radar and LiDAR have
limited detection ranges, cameras can detect objects at greater distances. Depth Anything offers a
promising monocular metric depth estimation approach, leveraging its capability to actively search
for supplementary visual cues and construct robust representations crucial for analyzing unseen
images during training. Employing data-augmentation techniques enhanced the robustness of the
model.

We implement the Tello drone for obstacle detection and avoidance in the proposed sys-
tem. This integrated approach enables real-time detection of obstacles and ef cient planning of

collision-free paths, thereby enhancing the navigational capabilities of drones in outdoor environ-
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ments.

5.1 Proposed Obstacle Avoidance System

Fig. 5.21 illustrates the comprehensive architecture of the obstacle avoidance system. This system
begins with the proposed two-stage detector and depth predictor, which collaboratively generate
detected bounding boxes with varying depth information. The two-stage detector identi es and
localizes objects, while the depth predictor provides detailed depth data for each detected object.
If some obstacles are missed by the two-stage detector, the depth predictor can compensate by
identifying these missed detections. Since the depth predictor provides comprehensive depth in-
formation, it can detect nearby obstacles that are not captured by the two-stage detector. Once the
system obtains bounding boxes and corresponding depth estimates, the path-planning algorithm
leverages this fused data to determine the optimal direction for the drone’s movement. The algo-
rithm dynamically adjusts the drone’s trajectory, effectively avoiding obstacles while maintaining
the desired course. This integrated approach enhances the system’s ability to navigate complex
environments with improved accuracy and safety. Chapter 3 describes the architecture and func-
tionality of our Two-Stage Detector, while Chapter 4 details our path planning algorithm, Circle

RRT star.
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Figure 5.1: Diagram of proposed obstacle avoidance system.

5.1.1 Depth Predictor

Early methods for developing Monocular Depth Estimation (MDE) models faced challenges due
to the dif culty of creating datasets with a large number of depth images[61]. Zero- or few-shot
learning principles have been introduced as foundational elements in computer vision projects.
MiDaS[62], for instance, trains an MDE model using a combination of labeled datasets, but the
limitations of its dataset constrain this approach. The Depth Anything framework was developed to
improve upon this and address the issue of poor performance. It establishes a foundational model
capable of estimating depth in any image, indoors or outdoors. This framework includes a data
engine that generates pseudo depth for unlabeled images using an initial MDE model. A teacher
model, called T, is then employed to learn robust features from these unlabeled images[62]. Sub-
sequently, a student model, S, is trained using a dataset pseudo-labeled by the teacher model T

in conjunction with the original labeled dataset. The work ow of Depth Anything is depicted in
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Fig. 5.2[63], where labeled images are processed through a DINOv2 encoder to extract features.
These features are then input into a Dense Prediction Transformers (DPT) decoder for depth re-
gression. Unlabeled images[63], on the other hand, are processed through a frozen encoder to

maintain their semantic features.

Figure 5.2: Overview of Depth Anything.

Like MiDaS[62], Depth Anything utilizes around 1.5 million labeled images from various pub-
lic datasets to train on labeled data[63]. However, Depth Anything employs a smaller subset of
labeled images, explicitly excluding those from the NYUv2 and KITTi datasets. To enhance the ca-
pabilities of the teacher model T, the encoder within Depth Anything is initialized with pre-trained
weights from DINOv2[64].

Depth Anything employs the KITTI and NYUv2 datasets to assess its pro ciency in zero-shot
depth estimation[66][64]. Zero-shot metric depth estimation is trained on one domain but evaluated
in different domains. It outperforms the MiDaS model, even when both use the identical ViT-L
encoder[67] for processing. The value of AbsRel of Depth Anything is 0.23, and s; (percentage
of max) is 0.789. To evaluate depth estimation, we follow established methods by computing
three error metrics between the predicted and ground truth depths[103][104]. The error metrics
include root mean squared error (RMSE), root mean squared logarithmic error (RMSE log), and

mean absolute relative error (Abs Rel). Additionally, we compute three accuracy metrics, which
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measure the fraction s1 of predicted depth values within an image, where the ratio and inverse
ratio with the ground truth is below the thresholds 1.25, 1:252, and 1:25°. For error metrics, lower

values indicate better performance, whereas for accuracy metrics, higher values are preferred.:

s
N 1, v)2
RMSE(y) = =00 Y 61
Absrel =jy  yj=y (5.2)
ol ) | i
log10 = |—010910()l/\||) 0010(Yi)] (5.3)
Accuracies : s <threshold (5.4)

where y; is the predicted depth value of pixel i, and y; is the ground truth of depth. N denotes
the total number of pixels for which real-depth values (ground truth) are available, thr denotes the
minimum threshold within which the maximum ratio between the predicted depth and ground truth
depth.

We utilized ZoeDepth[80] with a stronger Depth Anything encoder to achieve metric depth
estimation for monocular depth estimation, enabling the extraction of 3D scene details solely from
camera images, thereby gathering depth information regarding nearby objects and obstacles. Fig-
ure 5.3 shows the architecture of ZoeDepth. Depth Anything follow ZoeDepth to conduct zero-shot
metric depth estimation. ZoeDepth ne-tunes the MiDaS pre-trained encoder with metric depth
information from NYUv2 or KITTI. We use the Depth Anything encoder instead of the MiDaS
encoder. The Convolutional decoder from dense prediction transformer (DPT) used in ZoeDepth
assembles the set of tokens into image-like feature representations at various resolutions. Then the

feature representations are progressively fused into the nal dense prediction.
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Figure 5.3: ZoeDepth architecture.

5.1.2 Fusion of Two-Stage Detection and Depth Prediction Outputs

The two-stage detector’s outputs consist of bounding boxes outlining the objects within the eld
of view. Meanwhile, the depth predictor provides metric depth information for nearby obstacles,
identifying potential obstacles beyond those detected by the detector. By combining the outputs of
these two components, the system enhances obstacle detection accuracy. This fusion ensures that
the system detects not only the obstacles within the detector’s eld of view but also those nearby but
not directly detected by using a two-stage detector, thereby improving the overall effectiveness of

the obstacle avoidance system. Fig. 5.4 illustrates how to get the depth information of all obstacles.

Figure 5.4: Diagram of Two-Stage Detector and Depth Predictor outputs fusion.

5.1.3 Circle RRT* for 3D Environments

To implement the Circle RRT* algorithm in a 3D environment, appropriately de ning the con gu-

ration space, obstacles, and nodes is essential. Fig. 5.5 shows our simulated 3D environment. The
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con guration space is a 20 x 20 x 15 cubic volume. The starting point is located at coordinates
(2.0, 2.0, 2.0), and the goal point is set at (6.0, 16.0, 0.0), de ning speci c locations within this 3D

space. In this environment, obstacles are represented as 3D shapes such as cubes and spheres.

Figure 5.5: The three-dimensional path planning graph.

After we get the various obstacles’ depth information from Fig. 5.4, the obstacle collision check
is made after the initial node is constructed. Fig. 5.6 shows the depth map of three obstacles in
Fig. 5.5. The depth estimation of the ball is the closest. Circle RRT* generates random nodes in a
prede ned area. If any coming collisions from static or dynamic obstacles are detected inside the
area, the affected nodes are removed, and the tree is reinitialized from the respective node to rectify
the path. Fig. 5.7 shows our green self-de ned area in the three-dimensional environment. The
self-de ned sector is rotated by a self-de ned angle because the orange cubic is inside. The self-
de ned sector will be rotated until there are no obstacles inside. This process can be visualized as
pruning the undesirable portion of the tree where collisions occur and then reconstructing it using
updated information to seamlessly reconnect the missing segment of the path. Obstacles within the
prede ned range are identi ed, and nodes within this range are removed. This process will nish

when it reaches the goal node, as explained earlier in Algorithm 5.
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Figure 5.6: Depth map of Fig. 5.5.

Figure 5.7: Self-de ned area in the three-dimensional environment. The green area is our self-

de ned area, and the orange cubic is the obstacle.

5.2 Obstacle Avoidance System Analysis

5.2.1 Depth Predictor Analysis

Nowadays, LiDAR and radar are commonly used to predict depth and measure the distance of
objects. However, these methods are not as cost-effective as using a monocular camera. Sev-

eral popular methods are available to obtain depth maps using only a monocular camera. For
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instance, a simple end-to-end model with a Feature Pyramid Network (FPN) backbone can esti-
mate depth maps from a single RGB image. Another method is Self-Supervised Geometry-Aware
Depth estimation (SGDepth), which allows the model to learn depth estimation from stereo or
monocular image sequences without requiring ground truth depth maps. Despite its simplicity,
FPN and SGDepth may still struggle to produce reliable depth maps of any images compared to
more advanced methods like Depth Anything in challenging environments.

Our network was implemented using PyTorch, where the DPT decoder handles depth regres-
sion, and the DINOv2 encoder is employed for feature extraction. The training was performed
using the Adam optimizer, with linear decay applied to the learning rate. Augmentation techniques
were applied to the KITTI images during training to enhance generalization. The pretrained ViT-L
encoder of depth-anything underwent training for 50 epochs, and A batch size of 4 was used A
batch size of 4 was used a batch size of 2 was used. The images were resized to 518 518 (height

width). A xed tolerance margin (a) of 0.15 was employed for the feature alignment loss to en-
sure effective alignment during training. The models were trained on a small noisy KITTI dataset
and utilized transfer learning with initial parameters from depth to improve performance.

The KITTI dataset contains outdoor RGB images captured from car-mounted cameras and
LIDAR while driving. Each image measures 375 1242 pixels, with a maximum depth range
of 80 meters. In contrast, the NYUv2 dataset features indoor RGB images taken with an RGB-
D camera. We explore the Depth Anything model weight initialization in downstream metric
depth estimation. Speci cally, we initialize the encoders of monocular depth estimation models
with the Depth Anything pre-trained parameters. We consider two scenarios: the rst is zero-shot
metric depth estimation, where the model is evaluated on a different domain without additional
training, and the second is in-domain metric depth estimation, where the model is trained and
evaluated within the same domain. For Depth predictor, we use pre-trained large Depth Anything
encoder[63]. For indoor environment, we set minimal depth is 0.1 meters, maximum depth is 10

meters, the size input image is 480 640, minimal depth difference is -10, the maximum depth diff
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is 10. For outdoor environment, the minimal depth is 0.001 meters, maximum depth is 80 meters,
the size of input image is 352 1216.

Inthe rstscenario, we train and test the model on a zero-shot metric depth estimation scenario
regardless of the in-domain metric depth estimation. ZoeDepth is used to conduct zero-shot metric
depth estimation. The Depth Anything encoder replaces the MiDaS encoder in ZoeDepth. We use
the NYUv2 dataset to train the model for indoor environments and the KITTI dataset to train the
model for outdoor evaluation. SUN RGB-D indoor dataset and DIODE Outdoor outdoor dataset
are used as testing datasets. As shown in Table 5.1, across a wide range of previously unseen
datasets encompassing both indoor and outdoor scenes, our Depth Anything model consistently

outperforms the original ZoeDepth.

Table 5.1: Zero-shot metric depth estimation.

SUNN RGB-D | DIODE Qutdoor
AbsRel | s1 AbsRel | s1
ZoeDepth 0.523 | 0.541|0.829 |0.221
Depth Anything | 0.500 | 0.659 | 0.801 | 0.283

Method

In the second scenario, Table 5.2 shows we improve the s1 on the KITTI dataset from 0.872
to 0.982 and AbsRel from 0.119 to 0.057. And Table 5.3 shows we improve the s1 on the NYUv2

dataset from 0.872 to 0.982 and AbsRel from 0.119 to 0.057 compared with SGDepth.

Table 5.2: Fine-tuning and evaluating on KITTI with pre-trained Depth Anything encoder.

Method Higher is better Lower is better

sl s2 s3 AbsRel | RMSE | Log10
SGDepth full 0.872 | 0.947 | 0.977 | 0.119 | 4912 |0.911
Depth Anything | 0.982 | 0.993 | 1.000 | 0.051 | 1.899 | 0.070

Table 5.3: Fine-tuning and evaluating on NYUv2 with pre-trained Depth Anything encoder.

Method Higher is better Lower is better
sl s2 s3 AbsRel | RMSE | Log10
FPN 0.798 | 0.812 | 0.820 | 0.198 | 1.823 | 0.721

SGDepth full 0.821 | 0.823 | 0.843 | 0.172 | 1.432 | 0.324
Depth Anything | 0.982 | 0.998 | 1.000 | 0.056 | 0.203 | 0.031
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The Depth-Anything model achieved absolute relative errors (Abs Rel) of 0.051 on the KITTI
2015 dataset and 0.056 on the NYUv2 dataset, demonstrating robustness and capability of accu-
rately predicting depth information across various scenarios. We extensively assessed its ef cacy
in outdoor and indoor environments, including aerial-based applications, by evaluating its ability
to discern nearby obstacles and aerial data. Figure 5.8 presents a comparison of depth estimation
between SGDepth and Depth Anything, demonstrating the superior performance of Depth Any-
thing. To further enhance its suitability for real time application, we employed transfer learning
with the KITTI Dataset, augmented using Gaussian noise augmentation with standard deviations

of 1, resulting in improved accuracy in aerial-based environments.

Figure 5.8: Comparison of depth estimation between SGDepth and Depth Anything: (a) indoor

environment. (b) outdoor environment.

Transfer learning obtains a model with depth-anything parameters for aerial environments[63]
under low-light conditions. Table 5.4 presents the results of the Depth-Anything and Depth-
Anything tests on the KITTI dataset, both from their respective studies. Although depth anything
does not directly utilize the KITTI dataset for training, it exhibits promising performance. Com-
pared to SGDepth[96], Depth-Anything showcases an increase of 0.09 points in s1 and a decrease
of 0.05 points in AbsRel. This indicates that the depth-anything model can estimate the depth in

outdoor environments, demonstrating its ef cacy in outdoor depth estimation tasks.
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When drones operate outdoors, noise often appears in videos or pictures. Introducing Gaussian
noise into a dataset enhances the robustness of aerial applications. Therefore, the performance
of the depth on a noisy dataset was thoroughly evaluated, ensuring its effectiveness in real-world

aerial scenarios. Gaussian noise with varying standard deviation was applied to the KITTI dataset.

Figure 5.9: Aerial image from the Kitti dataset.

Table 5.4: Performance of the Depth-Anything and SGDepth on KITTI dataset

Higher is better Lower is better

sl s2 s3 AbsRel | RMSE | log10
SGDepth full 0.898 | 0.972 | 0.990 | 0.097 | 6.173 | 0.160
Depth-Anything | 0.982 | 0.998 | 1.000 | 0.046 | 1.896 | 0.069

Table 5.5 presents the performance of Depth-Anything on the noisy Kitti dataset, measured by
AbsRel and s 1 metrics for comparison. With increasing arti cial noise levels, the performance of
Depth-Anything experienced a slight decline, as indicated by a 0.05 increase in AbsRel and a 0.9
decrease in s1 compared to Depth-Anything trained with the original KITTI dataset.

Table 5.5: Performance of the Depth-Anything on noisy KITTI dataset

Higher is better Lower is better
sl s?2 s3 AbsRel | RMSE | log10

Depth-Anything | 0.89084 | 0.99971 | 0.99999 | 0.09454 | 2.6394 | 0.03845

5.2.2 Fusion of Two-Stage Detection and Depth Prediction Outputs Analysis

The implementation structure is shown in Fig. 5.10. Initially, the drone generates points in the

front sector computed by Circle RRT* and then proceeds to detect obstacles using YOLO and
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background subtraction between the drone and newly generated sample points. Concurrently, the
depth predictor generates a depth map that illustrates the depths of the obstacles. If an obstacle
obstructed the entire front sector and was close to the drone, the front sector was rotated to avoid a

nearby obstacle.

Figure 5.10: The Structure of Depth Predictor and Small Object Detection.

In our real-time testing of the depth predictor and small object detection algorithm, we used
a variety of objects as targets for veri cation. Figure 5.11 illustrates the indoor environment
where our algorithm was tested. The detector identi ed and highlighted obstacles such as people,
handrails, and various targets. For nearby objects, the depth predictor generated additional bound-
ing boxes. Table 5.6 presents the real-time measurement results of our algorithm, demonstrating
its effective performance in indoor settings despite the typically greater complexity of outdoor en-
vironments. Our visual detection algorithm exhibits robustness in identifying unknown obstacles
within complex and dynamic environments. Impressively, the algorithm achieves a detection speed
of 6 frames per second.

In Fig. 5.11, the outcomes from our Depth Predictor, which is part of the depth-thing model,
were demonstrated through an indoor visual experiment. The image on the left shows all identi ed
potential obstacles within a depth image, highlighting those that might need to be avoided. The
right-hand side image shows a mask where objects near the drone necessitate avoidance. The black
bounding box indicates that the identi ed potential obstacles are suf ciently distant and do not pose

an immediate collision threat. For instance, although a person is at the bottom near a drone, they are
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Table 5.6: Performance of the Depth Predictor and Proposed Small Object Detection in Indoor and
Outdoor Environment

Depth Predictor and Indoor Outdoor

Small Object Detection Algorthms | Environment Environment
Precision | Recall | Precision | Recall

Yolo + Depth Anything 78.4 70.2 |80.9 72.8

Background Subtraction +

Depth Anything 64.9 60.4 | 69.3 66.3

Yolo + SGDepth 73.2 56.8 | 78.3 68.7

Background Subtraction +

SGDepth 56.5 534 | 65.1 58.5

Our Proposed Algorithm 82.4 89.1 | 852 90.9

not enclosed within the white box, implying that they are not immediate obstacles. Consequently,
obstacles within the bounding boxes were deemed suf ciently distant to avoid evasive actions.
Figure 5.12 demonstrates the identi cation of nearby outdoor objects. The left image displays
the depth map with all detected objects enclosed in bounding boxes, while the right image features
a mask highlighting only the nearby obstacles. The telegraph pole is identi ed within a white
bounding box, indicating that the drone needs to maneuver to avoid it. By integrating the ndings
from Chapter 2, we can conclude that our algorithm exhibits high accuracy in detecting obstacles.
Our indoor and outdoor algorithm’s comprehensive testing and validation underscore its reliability
and precision. This high accuracy is crucial for applications requiring real-time obstacle detection
and avoidance, particularly in dynamic and unpredictable environments. The robust performance
of our algorithm ensures that it can effectively support autonomous navigation and enhance safety

in various operational contexts.
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Figure 5.11: The detected obstacles. (a) Obstacles are shown in a depth map, and (b) Obstacles

close to the drone are shown in a mask.

Figure 5.12: The detected obstacles. (a) Obstacles within a white box shown in a depth map (b)

Obstacles within a white box close to the drone shown in a mask.

5.2.3 Obstacle Avoidance System Analysis

The objective of the 3D experiments was to demonstrate the effectiveness of the proposed algo-
rithm. These tests included two distinct scenarios. The rst involved a three-dimensional space
populated with obstacles to evaluate the proposed algorithm’s performance. In the second scenario,
the algorithms were tested in a three-dimensional setting without obstacles, allowing for a direct
comparison of their ef ciency in simpler environments.

The rst scenario includes obstacles. The circle RRT* and RRT* algorithms were executed

withina 20 20 square. Fig. 5.13 illustrates the tree generated after 1000 iterations. Circle RRT*
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demonstrates greater ef ciency regarding time spent and path cost, as it prioritizes nding paths
in the correct direction. With an increasing number of iterations, the time cost of RRT* is ap-
proximately 15 times higher than that of Circle RRT*, as shown in Fig. 5.14. This signi cant

computational overhead renders RRT* suboptimal for real-time applications.

Figure 5.13: The tree generated after 1000 iterations. (a) The RRT* runs after 1000 iterations.

(b)The Circle RRT* runs after 1000 iterations.

Figure 5.14: Circle RRT* and RRT* results plotted against iterations averaged over 1000 trials.

(a) Computational time. (b)The path length.
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In the second scenario, the effectiveness of A*[94], RRT*[57], and D*[95] are compared in an
obstacle-free environment similar to the rst scenario. Each algorithm was executed 40 times to
compute the average time and cost. The treemaps presented in Fig.5.15 illustrate the behavior at
varying numbers of iterations, revealing that the RRT* algorithm takes longer to converge to the
optimal solution. Similarly, as observed in the two-dimensional environment, the points are spread

across the entire area, as shown in Fig.5.15 (c), leading to increased path nding time overall.

Figure 5.15: A Comparison of the RRT*(shown in (c) and (d)) and Circle RRT* (shown in (a) and
(b)). The rst column shows the result for 1000 iterations, and the second column shows the result
for 2000. The running time comparison for RRT* and Circle RRT* shows that Circle RRT* is

much more ef cient.

Fig.5.16 depicts two resolution scenarios for the RRT* algorithm, where resolution refers to the
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step size per iteration and the number of nodes per axis. Fig.5.18 depicts two resolution scenarios
for the A* algorithm. In three-dimensional environments, A* requires more time to attain costs
comparable to RRT* algorithms. The time required for path generation is inversely correlated with
the step size. This phenomenon occurred because larger step sizes resulted in trees requiring more
time to explore a larger volume within the con guration space. Fig.5.19 showcases two scenarios
with a resolution ranging from 0.5 to 1 for the D* Light algorithm. D* takes longer to navigate
around obstacles and reach the goal node because it requires additional time for obstacle avoidance

and path re nement.

Figure 5.16: RRT star results. (a) Computational time. (b)The path length.
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Figure 5.17: Circle RRT star results. (a) Computational time. (b)The path length.

After evaluating A*, RRT*, and D* in three-dimensional environments, Circle RRT* consis-
tently generated shorter paths within a more ef cient timeframe. Fig.5.17 depicts two resolution
scenarios for the Circle RRT* algorithm. Its optimality and low computational demand make it
the best choice for online UAV 3D path planning. Moreover, its adaptability to the environment,
adjusting to varying demands across different parts of the scenario, effectively maximizes resource
utilization. This adaptability renders Circle RRT* well-suited for navigating environments with

obstacles.

Figure 5.18: A star results. (a) Computational time. (b)The path length.
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Figure 5.19: D star Light results. (a) Computational time. (b)The path length.

When we compare these methods in real-time environments, additional factors such as compu-
tational ef ciency, robustness under varying lighting conditions, and adaptability to different types
of scenes become critical. While Circle RRT* outperforms RRT* in controlled metrics, its per-
formance in dynamic and unpredictable real-world settings might not be as consistent. Advanced
methods like Circle RRT* could offer more reliable depth estimation in these scenarios.

Tello drone is used for obstacle detection and avoidance. All experiments run on a laptop with
an Intel Core Ultra 7 155H processor. Tello drone is connected with laptop by Wi-Fi. We conducted
our experiments in two distinct scenarios, as illustrated in Fig. 5.20. In the indoor setting, the drone
was own across the ice rink. In the outdoor scenario, the drone traversed the street. Bounding
boxes are generated by two-stage detector. YOLOV5[25] is used for bounding boxes generation,

and Depth masks are generated by [63].
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Figure 5.20: Experimental Design. (a) Computational time. (b)The path length.

According to the Circle RRT* algorithm, the direction of the drone is determined by the pres-
ence of obstacles within the white bounding box and the orientation of the start and goal nodes.
Fig. 5.21 presents nine distinct regions, where the red numerals indicate the presence of obstacles
within a speci ¢ region, and the green numerals highlight distant obstacles that warrant attention.
Within the framework of the Circle RRT* algorithm, it is assumed that the goal node is located
in Region 5. If Region 5 is free of obstacles, the drone is programmed to proceed straight ahead
without any rotational maneuver. However, suppose that the goal node is situated in region 5 and
obstacles are detected. In that case, the drone’s navigation strategy involves rotating towards an

obstacle-free region, such as Region 1 or 4, to ensure a clear path forward.
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Figure 5.21: The detection region based on the depth image.

Using the collected measurement data from the monocular camera, we conducted experiments
on the path-planning algorithm. Circle RRT* was employed to avoid obstacles, utilizing both
the outline and depth information of these obstacles. For real-time testing, we used the same
video footage from Section 5.2. Table 5.7 compares computation time and path length for various
algorithms, demonstrating our proposed algorithm’s good performance and ef ciency. We run our
experiments in two scenarios, as shown in the rst column of Fig. 5.8, including the indoor and
outdoor environments. The test results indicate that, with the monocular camera operating at a 30
Hz frame rate, the data output speed for vision detection and EKF data fusion can reach 9 Hz. This
demonstrates that the proposed algorithm can achieve real-time obstacle avoidance for UAV ight,
even when run solely on the UAV’s onboard computer. These ndings underscore the algorithm’s

ef ciency and suitability for autonomous navigation in dynamic environments.
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Table 5.7: Performance of Our Proposed Algorithm in Indoor and Outdoor Environment

Path Plannning

Indoor

Outdoor

Algorthms Environment Environment

Computation Time (s) | Path Length | Computation Time (s) | Path Length
A* 87.4 54 123.6 79
D* Light 79.9 57 114.2 81
RRT* 96.1 53 139.1 86
Proposed
Circle RRT* 713 50 103.9 80

95




[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

Bibliography

T. Zhao and R. Nevatia, Car detection in low resolution aerial images, Image and Vision

Computing, vol. 21, no. 8, pp. 693 703, Aug. 2003. doi:10.1016/s0262-8856(03)00064-7

Hinz, S. (n.d.). Detection and counting of cars in aerial images. Proceedings
2003 International Conference on Image Processing (Cat. No0.03CH37429), 2.
https://doi.org/10.1109/icip.2003.1247415

C. P. Papageorgiou, M. Oren, and T. Poggio, A general framework for object detec-
tion, Sixth International Conference on Computer Vision (IEEE Cat. N0.98CH36271).

d0i:10.1109/iccv.1998.710772

P. Viola and M. Jones, Rapid object detection using a boosted cascade of Simple features,
Proceedings of the 2001 IEEE Computer Society Conference on Computer Vision and Pattern

Recognition. CVPR 2001, vol. 1. doi:10.1109/cvpr.2001.990517

D. E. Rumelhart, G. E. Hinton, and R. J. Williams, Learning representa-
tions by back-propagating errors, Cognitive Modeling, pp. 213 222, Sep. 2002.
doi:10.7551/mitpress/1888.003.0013

S. Hochreiter and J. Schmidhuber, Long short-term memory, Neural Computation, vol. 9,

no. 8, pp. 1735 1780, Nov. 1997. doi:10.1162/nec0.1997.9.8.1735

R. Pascanu, T. Mikolov, and Y. Bengio, On the dif culty of training recurrent neural net-

works, in International Conference on Machine Learning, pp. 2347 2355, 2013.

K. He, X. Zhang, S. Ren, and J. Sun, Deep residual learning for image recognition,
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Jun. 2016.
doi:10.1109/cvpr.2016.90

96



[9] J. Terven, D.-M. Cerdova-Esparza, and J.-A. Romero-Gonzalez, A comprehensive review
of YOLO architectures in Computer Vision: From YOLOV1 to Yolov8 and Yolo-Nas,
Machine Learning and Knowledge Extraction, vol. 5, no. 4, pp. 1680 1716, Nov. 2023.
doi:10.3390/make5040083

[10] A.Y. Virasova, D. I. Klimov, O. E. Khromov, I. R. Gubaidullin, and V. V. Oreshko, Rich fea-
ture hierarchies for accurate object detection and semantic segmentation, Radioengineering,

pp. 115 126, 2021. doi:10.18127/j00338486-202109-11

[11] K. Hornik, D. Meyer, F. Schwendinger, and S. Theussl, ROI: R Optimization Infrastructure,
CRAN: Contributed Packages, Oct. 2011. doi:10.32614/cran.package.roi

[12] S. Ren, K. He, R. Girshick, and J. Sun, Faster R-CNN: Towards real-time object detection
with region proposal networks, IEEE Transactions on Pattern Analysis and Machine Intelli-

gence, vol. 39, no. 6, pp. 1137 1149, Jun. 2017. doi:10.1109/tpami.2016.2577031

[13] Redmon, J., Farhadi, A., YOLOvV3: An Incremental Improvement, . 2018.

[14] H.LawandJ. Deng, Cornernet: Detecting objects as paired keypoints, International Journal
of Computer Vision, vol. 128, no. 3, pp. 642 656, Aug. 2019. doi:10.1007/s11263-019-01204-
1

[15] T.-Y. Linetal.,, Microsoft Coco: Common Objects in Context, Lecture Notes in Computer

Science, pp. 740 755, 2014. doi:10.1007/978-3-319-10602-148

[16] B. M. Sathyaraj, L. C. Jain, A. Finn, and S. Drake, Multiple uavs path planning algorithms:
A comparative study, Fuzzy Optimization and Decision Making, vol. 7, no. 3, pp. 257 267,
Jun. 2008. doi:10.1007/s10700-008-9035-0

[17] S. Karaman and E. Frazzoli, Incremental sampling-based algorithms for optimal motion

planning, Robotics: Science and Systems VI, Jun. 2010. doi:10.15607/rss.2010.vi.034

97



[18] S. Aine and M. Likhachev, Anytime truncated D* : Anytime replanning with truncation,
Proceedings of the International Symposium on Combinatorial Search, vol. 4, no. 1, pp. 2 10,

Aug. 2021. doi:10.1609/s0cs.v4i1.18295

[19] K. He, X. Zhang, S. Ren, and J. Sun, Deep residual learning for image recognition,
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Jun. 2016.
doi:10.1109/cvpr.2016.90

[20] S. Liu, L. Qi, H. Qin, J. Shi, and J. Jia, Path Aggregation Network for instance segmenta-
tion, 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Jun. 2018.

d0i:10.1109/cvpr.2018.00913

[21] H. Chen, Comparison of large language and vision models on representative downstream
tasks, 2023 International Conference on Image Processing, Computer Vision and Machine

Learning (ICICML), Nov. 2023. doi:10.1109/icicml60161.2023.10424913

[22] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, You only look once: Uni ed, real-
time object detection, 2016 IEEE Conference on Computer Vision and Pattern Recognition

(CVPR), Jun. 2016. doi:10.1109/cvpr.2016.91

[23] K. Bernardin and R. Stiefelhagen, Evaluating multiple object tracking performance: The
clear Mot Metrics, EURASIP Journal on Image and Video Processing, vol. 2008, pp. 1 10,
2008. doi:10.1155/2008/246309

[24] A. Bochkovskiy, C.-Y. Wang, and H.-Y. M. Liao, YOLOv4: Optimal Speed and Accuracy
of Object Detection, 2020.

[25] G. Jocher, YOLOV5. 2020, [Online]. Available: https://github.com/ultralytics/yolov5.
[26] L. Useinov, V. E mova, and S. Muravyov, Image augmentation for object detection and

segmentation with diffusion models, Proceedings of the 19th International Joint Confer-

98



ence on Computer Vision, Imaging and Computer Graphics Theory and Applications, 2024.

doi:10.5220/0012474500003660

[27] C. Wang and C. Zhong, Adaptive Feature Pyramid Networks for Object Detection, IEEE
Access, vol. 9, pp. 107024 107032, 2021. doi:10.1109/access.2021.3100369

[28] Z. Zheng et al., Distance-IOU loss: Faster and better learning for bounding box regres-
sion, Proceedings of the AAAI Conference on Arti cial Intelligence, vol. 34, no. 07, pp.

12993 13000, Apr. 2020. doi:10.1609/aaai.v34i07.6999

[29] K. He, G. Gkioxari, P. Dollar, and R. Girshick, Mask R-CNN, 2017 IEEE International

Conference on Computer Vision (ICCV), Oct. 2017. doi:10.1109/iccv.2017.322

[30] K. He, X. Zhang, S. Ren, and J. Sun, Deep residual learning for image recognition,
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Jun. 2016.
d0i:10.1109/cvpr.2016.90

[31] C. Wang and C. Zhong, Adaptive Feature Pyramid Networks for Object Detection, IEEE
Access, vol. 9, pp. 107024 107032, 2021. doi:10.1109/access.2021.3100369

[32] S. Ren, K. He, R. Girshick, and J. Sun, Faster R-CNN: Towards real-time object detection
with region proposal networks, IEEE Transactions on Pattern Analysis and Machine Intelli-

gence, vol. 39, no. 6, pp. 1137 1149, Jun. 2017. doi:10.1109/tpami.2016.2577031

[33] A. Ramachandran and A. K. Sangaiah, A review on object detection in unmanned aerial
vehicle surveillance, International Journal of Cognitive Computing in Engineering, vol. 2, pp.

215 228, Jun. 2021. doi:10.1016/j.ijcce.2021.11.005

[34] P. Singh, B. B. V. L. Deepak, T. Sethi, and M. D. Murthy, Real-time object detection and
tracking using color feature and motion, 2015 International Conference on Communications

and Signal Processing (ICCSP), Apr. 2015. doi:10.1109/iccsp.2015.7322705

99



[35] B. Garcia-Garcia, T. Bouwmans, and A. J. Rosales Silva, Background subtraction in real
applications: Challenges, current models and future directions, Computer Science Review,

vol. 35, p. 100204, Feb. 2020. doi:10.1016/j.cosrev.2019.100204

[36] Huang, Junjie, Zou, Wei, Zhu, Jiagang, and Zhu, Zheng, Optical Flow Based Real-Time

Moving Object Detection in Unconstrained Scenes. 2018.

[37] H.zhangand D. xu, Fusing color and texture features for background model, Lecture Notes

in Computer Science, pp. 887 893, 2006. doi:10.1007/11881599110

[38] Amazon Prime Air / Airborne Object Detection - starter kit, GitLab. [On-
line]. Available: https://gitlab.aicrowd.com/amazon-prime-air/airborne-detection-starter-Kkit/-

/blob/master/docs/DATASET.md. [Accessed: 14-Jan-2023].

[39] Z. Zivkovic and F. van der Heijden, Ef cient adaptive density estimation per image pixel for
the task of background subtraction, Pattern Recognition Letters, vol. 27, no. 7, pp. 773 780,
May 2006. doi:10.1016/j.patrec.2005.11.005

[40] Z. Zivkovic and F. van der Heijden, Ef cient adaptive density estimation per image pixel for
the task of background subtraction, Pattern Recognition Letters, vol. 27, no. 7, pp. 773 780,
May 2006. doi:10.1016/j.patrec.2005.11.005

[41] S. Dasgupta, Learning mixtures of Gaussians, 40th Annual Symposium on Foundations of

Computer Science (Cat. N0.99CB37039). doi:10.1109/sffcs.1999.814639

[42] T. Bouwmans, F. El Baf, and B. Vachon, Background modeling using mixture of Gaussians
for foreground detection - A survey, Recent Patents on Computer Science, vol. 1, no. 3, pp.

219 237, Jan. 2010. doi:10.2174/1874479610801030219

[43] N. Hagen, M. Kupinski, and E. L. Dereniak, Gaussian pro le estimation in one dimension,

Applied Optics, vol. 46, no. 22, p. 5374, Jul. 2007. doi:10.1364/a0.46.005374

100



[44] N. Wojke, A. Bewley, and D. Paulus, Simple online and realtime tracking with a Deep
Association metric, 2017 IEEE International Conference on Image Processing (ICIP), Sep.

2017. d0i:10.1109/icip.2017.8296962

[45] A. Khatun, Deep learning for person re-identi cation. doi:10.5204/thesis.eprints.213720

[46] Kalman Iter: An elementary approach, Kalman Filtering, pp. 20 32. doi:10.1007/978-3-
540-87849-02

[47] H. W. Kuhn, The Hungarian method for the assignment problem, Naval Research Logistics

(NRL), vol. 52, no. 1, pp. 7 21, Oct. 2004. doi:10.1002/nav.20053

[48] Mahalanobis distance, SpringerReference. doi:10.1007/springerreference61004

[49] A.S. Shirkhorshidi, S. Aghabozorgi, and T. Y. Wah, A comparison study on similarity and
dissimilarity measures in clustering continuous data, PLOS ONE, vol. 10, no. 12, Dec. 2015.

doi:10.1371/journal.pone.0144059

[50] Milan, Anton, Leal-Taixe, Laura, Reid, lan, Roth, Stefan, and Schindler, Konrad, Mot16: A

Benchmark for Multi-Object Tracking. 2016.

[51] L. Liu et al., Path planning techniques for Mobile Robots: Review and Prospect, Expert
Systems with Applications, vol. 227, p. 120254, Oct. 2023. doi:10.1016/j.eswa.2023.120254

[52] D. Foead, A. Ghifari, M. B. Kusuma, N. Hana ah, and E. Gunawan, A systematic liter-
ature review of a* path nding, Procedia Computer Science, vol. 179, pp. 507 514, 2021.
doi:10.1016/j.procs.2021.01.034

[53] Shortest paths and breadth rst search, Computational Thinking for Life Scientists, pp.
113 122, Aug. 2022. d0i:10.1017/9781108178327.010

[54] M. A. Javaid, Understanding dijkstra algorithm, SSRN Electronic Journal, 2013.
d0i:10.2139/ssrn.2340905

101



[55] T. T. Mac, C. Copot, D. T. Tran, and R. De Keyser, Heuristic approaches in Robot Path
Planning: A survey, Robotics and Autonomous Systems, vol. 86, pp. 13 28, Dec. 2016.
doi:10.1016/j.robot.2016.08.001

[56] C. Zammit and E.-J. Van Kampen, Comparison between A* and RRT algorithms for
UAV path planning, 2018 AIAA Guidance, Navigation, and Control Conference, Jan. 2018.
doi:10.2514/6.2018-1846

[57] Rapidly-exploring random trees: Progress and prospects, Algorithmic and Computational

Robotics, pp. 303 307, Apr. 2001. doi:10.1201/9781439864135-43

[58] A. Bry and N. Roy, Rapidly-exploring random belief trees for motion planning under un-
certainty, 2011 IEEE International Conference on Robotics and Automation, May 2011.
d0i:10.1109/icra.2011.5980508

[59] Vaswani, Ashish et al., Attention Is All You Need. 2017.

[60] N.Carionetal., End-to-end object detection with Transformers, Lecture Notes in Computer

Science, pp. 213 229, 2020. doi:10.1007/978-3-030-58452-813

[61] C. Zhao, Q. Sun, C. Zhang, Y. Tang, and F. Qian, Monocular depth estimation based on Deep
Learning: Anoverview, Science China Technological Sciences, vol. 63, no. 9, pp. 1612 1627,

Jun. 2020. doi:10.1007/s11431-020-1582-8

[62] R. Ranftl, K. Lasinger, D. Hafner, K. Schindler, and V. Koltun, Towards robust monoc-
ular depth estimation: Mixing datasets for Zero-shot cross-dataset transfer, IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, vol. 44, no. 3, pp. 1623 1637, Mar. 2022.
doi:10.1109/tpami.2020.3019967

[63] Yang, Lihe et al., Depth Anything: Unleashing the Power of Large-Scale Unlabeled Data.
2024,

102



[64] Oquab, Maxime et al., DINOv2: Learning Robust Visual Features without Supervision. 2023.

[65] S. Yun et al., Cutmix: Regularization strategy to train strong classi ers with localizable
features, 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Oct. 2019.
d0i:10.1109/iccv.2019.00612

[66] A. Geiger, P. Lenz, C. Stiller, and R. Urtasun, Vision Meets Robotics: The Kitti dataset,
The International Journal of Robotics Research, vol. 32, no. 11, pp. 1231 1237, Aug. 2013.
doi:10.1177/0278364913491297

[67] Dosovitskiy, Alexey et al., An Image Is Worth 16x16 Words: Transformers for Image Recog-

nition at Scale. 2020.

[68] Gurram, Akhil and Lopez, Antonio M., On the Metrics for Evaluating Monocular Depth

Estimation. 2023.

[69] N. Techaphangam and M. Wongsaisuwan, Obstacle avoidance using mmwave radar imaging
system, 2020 17th International Conference on Electrical Engineering/Electronics, Computer,
Telecommunications and Information Technology (ECTI-CON), Jun. 2020. doi:10.1109/ecti-
con49241.2020.9158273

[70] K. Bers, K. R. Schulz, and W. Armbruster, Laser radar system for obstacle avoidance, SPIE
Proceedings, Sep. 2005. doi:10.1117/12.626082

[71] J. Ding et al., Monocular camera-based complex obstacle avoidance via ef cient deep rein-
forcement learning, |EEE Transactions on Circuits and Systems for Video Technology, vol.

33, no. 2, pp. 756 770, Feb. 2023. doi:10.1109/tcsvt.2022.3203974

[72] Blumenkamp, Jan, End to End Collision Avoidance Based on Optical Flow and Neural Net-

works. 2019.

103



[73] S. Kumar, D. Gupta, and S. Yadav, Sensor fusion of Laser Stereo Vision camera for depth
estimation and obstacle avoidance, International Journal of Computer Applications, vol. 1,

no. 26, pp. 22 27, Feb. 2010. doi:10.5120/485-795

[74] Y. Peng et al., The obstacle detection and obstacle avoidance algorithm based on 2-D
Lidar, 2015 IEEE International Conference on Information and Automation, Aug. 2015.

doi:10.1109/icinfa.2015.7279550

[75] O. Esra lian and H. D. Taghirad, Autonomous Flight and obstacle avoidance of a quadro-
tor by Monocular Slam, 2016 4th International Conference on Robotics and Mechatronics

(ICROM), Oct. 2016. doi:10.1109/icrom.2016.7886853

[76] A. Tourani, H. Bavle, J. L. Sanchez-Lopez, and H. Voos, Visual slam: What are
the current trends and what to expect?, Sensors, vol. 22, no. 23, p. 9297, Nov. 2022.

d0i:10.3390/s22239297

[77] T. Asano and Y. Yasumura, Monocular depth estimation using a deep learning model with
pre-depth estimation based on size perspective, Arti cial Intelligence and Applications, 2023.

d0i:10.5121/csit.2023.131803

[78] Z. Xue and T. Gonsalves, Monocular vision obstacle avoidance UAV: A deep reinforcement
learning method, 2021 2nd International Conference on Innovative and Creative Information

Technology (ICITech), Sep. 2021. doi:10.1109/icitech50181.2021.9590178

[79] T.-V. Dangand N.-T. Bui, Obstacle avoidance strategy for mobile robot based on monocular

camera, Electronics, vol. 12, no. 8, p. 1932, Apr. 2023. doi:10.3390/electronics12081932

[80] Bhat, Sharig Farooq, Birkl, Reiner, Wofk, Diana, Wonka, Peter, and Muller, Matthias,

Zoedepth: Zero-Shot Transfer by Combining Relative and Metric Depth. 2023.

[81] A. Javaid, A. Alduais, M. H. Shullar, U. Baroudi, and M. Alnaser, Monocular-based colli-

sion avoidance system for Unmanned Aerial Vehicle, IET Smart Cities, vol. 6, no. 1, pp. 1 9,

104



Nov. 2023. doi:10.1049/smc2.12067

[82] T.-V. Dangand N.-T. Bui, Obstacle avoidance strategy for mobile robot based on monocular

camera, Electronics, vol. 12, no. 8, p. 1932, Apr. 2023. doi:10.3390/electronics12081932

[83] B. Mirzaei, H. Nezamabadi-pour, A. Raoof, and R. Derakhshani, Small object detec-
tion and tracking: A comprehensive review, Sensors, vol. 23, no. 15, p. 6887, Aug. 2023.

d0i:10.3390/s23156887

[84] Y. Li, J. Hu, and B. Ji, Research on small target recognition technology based on Deep
Learning, Journal of Physics: Conference Series, vol. 1237, no. 2, p. 022119, Jun. 2019.
d0i:10.1088/1742-6596/1237/2/022119

[85] K. Taunk, S. De, S. Verma, and A. Swetapadma, A brief review of nearest neighbor algo-
rithm for learning and classi cation, 2019 International Conference on Intelligent Computing

and Control Systems (ICCS), May 2019. doi:10.1109/iccs45141.2019.9065747
[86] Gaussian mixture models, SpringerReference. doi:10.1007/springerreference70943

[87] I. Dantsch and G. Gediga, Confusion matrices and rough set data analysis, Journal of
Physics: Conference Series, vol. 1229, no. 1, p. 012055, May 2019. doi:10.1088/1742-
6596/1229/1/012055

[88] A. Geiger, P. Lenz, and R. Urtasun, Are we ready for autonomous driving? The Kitti Vision
Benchmark Suite, 2012 IEEE Conference on Computer Vision and Pattern Recognition, Jun.

2012. doi:10.1109/cvpr.2012.6248074

[89] Z. Wang, J. Wang, Y. Li, and S. Wang, Traf c sign recognition with lightweight two-stage
model in complex scenes, IEEE Transactions on Intelligent Transportation Systems, vol. 23,

no. 2, pp. 1121 1131, 2022.

105



[90] Assessment of assignment problem using Hungarian method, Proceedings of the
International Conference on Industrial Engineering and Operations Management.

d0i:10.46254/au01.20220498

[91] C.-Y. Wang et al., CSPNet: A new backbone that can enhance learning capability of
CNN, 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW), Jun. 2020. doi:10.1109/cvprw50498.2020.00203

[92] Six and Wood, Counting and reporting intersections of D-Ranges, IEEE Transactions on

Computers, vol. C 31, no. 3, pp. 181 187, Mar. 1982. doi:10.1109/tc.1982.1675973

[93] K. Goyal and J. Singhai, Review of background subtraction methods using gaussian mix-
ture model for video surveillance systems, Arti cial Intelligence Review, vol. 50, no. 2, pp.

241 259, Jan. 2017. doi:10.1007/s10462-017-9542-x

[94] 1. Dantsch and G. Gediga, Confusion matrices and rough set data analysis, Journal of
Physics: Conference Series, vol. 1229, no. 1, p. 012055, May 2019. doi:10.1088/1742-
6596/1229/1/012055

[95] A.Stentz, Optimal and ef cient path planning for partially known environments, Intelligent

Unmanned Ground Vehicles, pp. 203 220, 1997. doi:10.1007/978-1-4615-6325-911

[96] M. Klingner, J.-A. Termehlen, J. Mikolajczyk, and T. Fingscheidt, Self-supervised monoc-
ular depth estimation: Solving the dynamic object problem by Semantic Guidance, Lecture

Notes in Computer Science, pp. 582 600, 2020. doi:10.1007/978-3-030-58565-535

[97] P.-M. Jodoin, Comparative study of background subtraction algorithms, Journal of Elec-

tronic Imaging, vol. 19, no. 3, p. 033003, Jul. 2010. d0i:10.1117/1.3456695

[98] Simonyan, Karen and Zisserman, Andrew, Very Deep Convolutional Networks for Large-

Scale Image Recognition. 2014.

106



[99] S. K. Baduge et al., Arti cial Intelligence and smart vision for building and Construction
4.0: Machine and Deep Learning Methods and Applications, Automation in Construction,

vol. 141, p. 104440, Sep. 2022. doi:10.1016/j.autcon.2022.104440

[100] R. Mur-Artal, J. M. Montiel, and J. D. Tardos, Orb-Slam: A versatile and accurate monoc-
ular slam system, IEEE Transactions on Robotics, vol. 31, no. 5, pp. 1147 1163, Oct. 2015.
d0i:10.1109/tr0.2015.2463671

[101] H. Yu, F. Zhang, P. Huang, C. Wang, and L. Yuanhao, Autonomous obsta-
cle avoidance for UAV based on fusion of radar and monocular camera, 2020
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), Oct. 2020.
d0i:10.1109/iros45743.2020.9341432

[102] Rapidly-exploring random trees: Progress and prospects, Algorithmic and Computational

Robotics, pp. 303 307, Apr. 2001. doi:10.1201/9781439864135-43

[103] R. Mahjourian, M. Wicke, and A. Angelova, Unsupervised learning of depth and ego-
motion from monocular video using 3D geometric constraints, 2018 IEEE/CVF Conference

on Computer Vision and Pattern Recognition, Jun. 2018. doi:10.1109/cvpr.2018.00594

[104] Eigen, David, Puhrsch, Christian, and Fergus, Rob, Depth Map Prediction from a Single

Image Using a Multi-Scale Deep Network. 2014,

[105] T. Van Dijk and G. De Croon, How do neural networks see depth in single im-
ages?, 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Oct. 20109.
d0i:10.1109/iccv.2019.00227

[106] R. Ranftl, A. Bochkovskiy, and V. Koltun, Vision Transformers for dense predic-
tion, 2021 IEEE/CVF International Conference on Computer Vision (ICCV), Oct. 2021.
d0i:10.1109/iccv48922.2021.01196

107



[107] R. Ranftl, K. Lasinger, D. Hafner, K. Schindler, and V. Koltun, Towards robust monoc-
ular depth estimation: Mixing datasets for Zero-shot cross-dataset transfer, IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, vol. 44, no. 3, pp. 1623 1637, Mar. 2022.
doi:10.1109/tpami.2020.3019967

[108] A. Saxena, Min Sun, and A. Y. Ng, Make3D: Learning 3D scene structure from a single
still image, IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 31, no. 5,

pp. 824 840, May 2009. doi:10.1109/tpami.2008.132

[109] Z. Li, X. Wang, X. Liu, and J. Jiang, Binsformer: Revisiting adaptive bins for monocular
depth estimation, IEEE Transactions on Image Processing, vol. 33, pp. 3964 3976, 2024.
doi:10.1109/tip.2024.3416065

[110] K. Xian et al., Structure-guided ranking loss for single image depth prediction, 2020
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Jun. 2020.
d0i:10.1109/cvpr42600.2020.00069

[111] R. Ranftl, A. Bochkovskiy, and V. Koltun, Vision Transformers for dense predic-
tion, 2021 IEEE/CVF International Conference on Computer Vision (ICCV), Oct. 2021.

doi:10.1109/iccv48922.2021.01196

[112] Kich, Victor A. et al., Precision and Adaptability of Yolov5 and Yolov8 in Dynamic Robotic

Environments. 2024.

[113] J. Deng et al., ImageNet: A large-scale hierarchical image database, 2009 IEEE Confer-
ence on Computer Vision and Pattern Recognition, Jun. 2009. doi:10.1109/cvpr.2009.5206848

[114] Butler, Justin Bradley. Improved Convolutional Neural Networks for Detection of Small

Objects Within Aerial Based Imagery

108



