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ABSTRACT:

Autonomous mobile robots (AMRs) in hospital logistics require precise visual alignment sys-
tems for trolley docking. This thesis presents a hybrid computer vision approach that com-
bines deep learning with geometric edge-based processing to detect both large trolley han-
dles and small mounting holes in real time. The central challenge is multi-scale detection:
handles occupy approximately 35% of the frame, while holes occupy approximately 0.14%. A
YOLOv8n model trained on 39 annotated images (32 training and 7 validation, without a sepa-
rate held-out test set) achieved reliable handle localization, but practical hole detection from
machine learning alone remained unstable. To address this limitation, YOLO-based handle
detection was used to define a region of interest, and Canny edge detection with contour cir-
cularity filtering was used for hole localization. Subsystem-level evaluation showed 96% hole
detection success in ROI-constrained tests and approximately 19-20 FPS processing on CPU
hardware, with centimeter-level alignment estimation in controlled calibration cases. Due to
the thesis time frame, full physical end-to-end docking integration (perception, motion execu-
tion, and mechanical engagement in one autonomous sequence) was not completed; percep-
tion and hardware subsystems were validated separately and full integrated docking trials are
planned as future team work. Results indicate that combining context-aware machine learning
for larger objects with geometry-driven methods for small features is more robust than pure
machine-learning-only or pure-classical-only detection pipelines for this task.

Keywords: Computer vision, YOLOvVS8, robotic docking, hybrid vision, small object detection,
hospital logistics, ROS, and visual servoing.
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1 Introduction

1.1 Background and Motivation

The healthcare sector is undergoing a significant transformation driven by automation
and robotics technology. Autonomous mobile robots (AMRs) are increasingly deployed
in hospitals and healthcare facilities to address critical challenges including global labor
shortages, the demands of aging populations, and the need for rigorous infection control
in clinical environments (Holland et al., 2021; Kim, Kang, Lee, & Shim, 2024). These robots
automate repetitive and hazardous tasks, allowing healthcare professionals to focus on

patient care while improving operational efficiency and safety.

One of the key challenges in deploying AMRs for hospital logistics is the ability to precisely
dock with trolleys, beds, and other equipment for autonomous transportation. Tradi-
tional manual docking processes are time-consuming and physically demanding for staff.
Autonomous docking requires robust computer vision systems capable of detecting and
localizing attachment points with millimeter-level precision under variable lighting con-

ditions, viewing angles, and dynamic hospital environments.

Computer vision has emerged as a critical enabling technology for robotic manipulation
and navigation tasks. Recent advances in deep learning, particularly object detection al-
gorithms such as the YOLO (You Only Look Once) family, have demonstrated remarkable
success in detecting objects in real-time (Redmon, Divvala, Girshick, & Farhadi, 2016; Ul-
tralytics, 2023). However, these systems face significant challenges when dealing with
small objects that occupy less than 1% of the image area, such as the mounting holes

required for trolley docking mechanisms (Lin et al., 2014; Singh & Davis, 2018).

1.2 Case Study: Done Robotics and the Drivey Robot

This thesis work was conducted in collaboration with Done Robotics Ab Oy, a Finnish tech-
nology startup headquartered in Vaasa, Finland. Founded in 2020 by Thomas Hoglund

and Samuel Broman, Done Robotics operates as a subsidiary of Done Enterprises Ab
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Oy and specializes in the design, development, and deployment of autonomous service

robots tailored primarily for the healthcare and public sectors.

The company is driven by the core vision "Robots for People,” aiming to create a global
robotic ecosystem that enhances safety and quality of life by automating repetitive or
hazardous tasks. Done Robotics’ technological foundation is built on fifth-generation In-
telligent Mobile Robots (IMRs), which utilize Al-driven context awareness, 360-degree
3D perception including LiDAR and stereo vision, and natural human-robot interaction to

navigate complex, dynamic spaces alongside people.

The organization’s current flagship solutions include Charlie, an autonomous UV-C disin-
fection robot; Drivey, a holonomic autonomous bed transporter and delivery robot; and
Betty, a social assisting robot in development. This thesis focuses on the Drivey robot,
which is designed to reduce the physical burden on hospital staff and improve internal

logistics through precise autonomous navigation and docking capabilities.

Done Robotics operates under a Robotics as a Service (RaaS) business model, offering
subscription-based deployment that allows healthcare providers to implement automa-
tion as a predictable operational expense. The company handles all training, mainte-
nance, and software updates throughout the robot’s lifecycle, ensuring reliable and adapt-

able systems that can scale across various industries beyond healthcare.

Organizationally, Done Robotics operates through cross-functional teams including soft-
ware/ROS development, hardware and mechanical integration, and product operations.
During this thesis project, my practical contribution was focused on ROS integration and
hardware subsystem development to ensure the perception pipeline could be prepared

for full docking-system integration.
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Figure 1. Done Robotics team and collaboration structure used during thesis development.
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1.3 Research Problem

The primary research problem addressed in this thesis is the development of a reliable,
real-time visual alignment system for autonomous trolley docking. In addition to percep-
tion accuracy, the work also targets early-to-final realization of the supporting hardware
and control-system concept so that the vision method can be executed on the real robot
platform. The system must simultaneously detect two distinct object scales, where the

handle region is roughly 250 times larger in image area than the docking hole:

Large objects (trolley handles): These occupy approximately 35% of the camera frame
and provide contextual information about the trolley location and orientation. Handles
vary in shape, color, and design across different trolley types. In practice, detection can
still be difficult when the inner trolley region has similar color and texture as the handle,
and when trolleys are filled with different materials that introduce clutter and partial

occlusion.

Small objects (mounting holes): These circular or oval holes are the precise attachment
points for the robot’s docking mechanism. They occupy only 0.14% of the image area
(approximately 17 x 34 pixels in a 640x480 image), making them challenging to detect
reliably using conventional object detection approaches. After handle localization, robust
hole detection inside the handle region becomes the next critical and more precision-

sensitive problem.

Initial experiments revealed that pure machine learning approaches using state-of-the-
art YOLO models achieved excellent performance for handle detection (99.5% accuracy)
but failed to reliably detect mounting holes in practical deployment despite promising
validation metrics. Conversely, traditional computer vision techniques based on edge
detection could locate holes with high precision but generated excessive false positives
from mesh patterns, shadows, and other circular features in complex hospital environ-

ments.

Additional challenges include variable lighting conditions, different viewing angles during
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approach maneuvers, real-time processing requirements for closed-loop visual servoing
control, and the need for deployment on standard computing hardware without special-

ized GPU acceleration.

1.4 Research Objectives

The primary objective of this thesis is to develop a hybrid computer vision system that
combines the strengths of deep learning and traditional image processing to achieve ro-

bust, real-time visual alignment for autonomous trolley docking.

Specific objectives include:

1. Train and optimize a YOLOv8 object detection model for trolley handle detection

with greater than 95% mean Average Precision at loU threshold 0.5 (MAP@0.5).

2. Develop a traditional computer vision algorithm based on edge detection and ge-
ometric filtering for precise mounting hole localization within a constrained region

of interest.

3. Design and implement a hybrid architecture that integrates YOLO-based handle de-
tection with edge-based hole localization to eliminate false positives and improve

robustness.

4. Develop and integrate the practical hardware and embedded control-system con-
cept (hook mechanism, sensing, and actuation interface) required to deploy the

alignment method on the robot.

5. Integrate the vision system with ROS (Robot Operating System) to provide real-time

alignment feedback and enable visual servoing control for autonomous docking.

6. Evaluate system performance in terms of detection accuracy, processing speed,

alignment precision, and robustness to environmental variations.

7. Validate the complete system through field testing with the Drivey robot in simu-

lated hospital logistics scenarios.
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1.5 Research Methodology

This research follows an iterative experimental development approach combining ma-
chine learning, traditional computer vision, and robotic systems integration. The method-
ology is grounded in Agile Scrum principles, with development organized into two-week
sprints to enable rapid prototyping and continuous testing (Schwaber & Sutherland, 2017;
Yazici, 2023).

Generative Al tools were used only as assistive engineering tools for manuscript drafting
support, language refinement, limited code-structure drafting, and figure-layout proto-
typing, not as scientific evidence sources for technical claims. Experimental design, im-
plementation decisions, dataset handling, metric calculations, and all reported numer-
ical results were verified through direct experimentation by the author. Based on the
development-environment usage summary, Al assistance in this work involved GPT-5.3
Codex (primary agent), GPT-5 Nano (tool summarization), and Claude Haiku 4.5 (terminal
tool model), and this usage was documented for transparent reporting (Claude Haiku 4.5

[Large language model], 2026; OpenAl, 2026a, 2026b).

The Scrum Framework

Product
Backlog

Dail\/ Scrum Master
Development Team ‘
Product . '

Ownher I

Scrum
Increment
Retro

g Sprint

Planning

‘ Sprint SPFViI’H'
created by Jm Christie Backlo Review

www.jmchristieme 9

Figure 2. Scrum framework used as a practical development reference during the thesis
workflow (source: Christie, n.d.).

Spr‘in’r
-4 Weeks




18

The development process consists of five main phases: (1) traditional computer vision
prototype development to establish baseline performance; (2) pure machine learning
approach using YOLOVS8 to evaluate deep learning capabilities; (3) dataset expansion and
model retraining to improve detection performance; (4) hybrid system integration com-
bining YOLO and edge detection; and (5) ROS integration with staged subsystem valida-

tion toward future full docking trials.

Data collection involved capturing 39 high-quality images from the robot’s camera at
various distances (0.5-2.0 meters), angles (15 degrees), and lighting conditions. The
images were collected from one primary trolley unit used during development, and this
constraint is treated explicitly as a limitation for cross-trolley generalization. Images were
manually annotated using labellmg software to create bounding boxes for both handles

and holes in PascalVOC format, then converted to YOLO format for training.

The YOLOv8n (nano) model was selected for its optimal balance between speed and ac-
curacy, with training performed over 100 epochs with early stopping. Traditional edge
detection employed Canny edge detection with optimized thresholds, combined with

morphological operations and circularity filtering to identify hole candidates.

System evaluation employed multiple metrics including precision, recall, mean Average
Precision (mAP), detection rate, false positive rate, processing time, and alignment accu-
racy. Performance was validated through offline image testing and subsystem-level online
tests. Full physical end-to-end docking execution remained outside the thesis time frame

and is planned as future integration work.

1.6 Scope and Limitations

The scope of this research is focused on a hybrid vision-based alignment system for static
trolley docking in indoor hospital environments. The final system combines RGB detec-
tion, depth sensing using Intel RealSense, and ArUco-based calibration for reliable spa-
tial alignment. The platform is designed for specific trolley types with circular or oval

mounting holes and assumes controlled lighting conditions typical of hospital corridors
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and logistics areas.

Key limitations include:

e Depth measurements depend on RealSense sensing quality and calibration quality;

reflective surfaces and occlusions can reduce measurement stability.

e The dataset consists of 39 images from one primary trolley unit, with a train/validation
split and no separate held-out test set, which limits generalization claims across

trolley variants.
e Detection assumes static trolleys; moving target tracking is not addressed.

e The system is optimized for indoor environments and has not been tested in out-

door or highly variable lighting conditions.

e Hole detection requires visible mounting points that are not occluded by other ob-

jects.

e The effective operational range is limited to 0.5-2.0 meters based on camera field

of view and resolution.

e Temporal smoothing and outlier rejection are used to stabilize hole localization, but

sudden occlusions can still degrade short-window tracking stability.

1.7 Thesis Structure

This thesis is organized into ten chapters. Chapter 2 presents a comprehensive literature
review covering autonomous mobile robots in healthcare, computer vision for robotic
docking, deep learning for object detection with focus on YOLO architectures, traditional
computer vision techniques, hybrid system approaches, and ROS-based vision applica-

tions.

Chapter 3 describes the system design and methodology, including requirements anal-
ysis, system architecture, design rationale for the hybrid approach, workflow and pro-

cessing pipeline, and development methodology. Chapter 4 details the data collection
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and preparation process, including dataset requirements, image acquisition, annotation

procedures, and data augmentation strategies.

Chapter 5 focuses on machine learning implementation, covering YOLOv8 architecture,
training configuration, training process, model evaluation, error analysis, and deploy-
ment considerations. Chapter 6 presents the traditional computer vision implementa-
tion, including image preprocessing, edge detection algorithms, contour filtering, region

of interest strategies, and algorithm validation.

Chapter 7 discusses system integration and alignment, covering coordinate frame defini-
tions, alignment calculations, visual feedback interfaces, ROS integration, motion con-
trol interfaces, and visual servoing control loops. Chapter 8 presents comprehensive
experimental results and evaluation, including detection performance, alignment accu-
racy, robustness analysis, computational performance, and comparison with baseline ap-

proaches.

Chapter 9 provides discussion and interpretation of results, including achievement of re-
search objectives, comparison with state-of-the-art, advantages and limitations of the
proposed approach, lessons learned, reproducibility conditions, and implications for robotic
vision research. Finally, Chapter 10 concludes the thesis with a summary of contributions,
answers to research questions, recommendations for practitioners, and directions for fu-

ture work.
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2 Literature Review

This chapter presents a comprehensive review of the state-of-the-art in robotic vision sys-
tems, object detection algorithms, and autonomous mobile robot applications in health-
care. The review is organized to establish the theoretical foundation and practical context

for the hybrid computer vision system developed in this thesis.

2.1 Autonomous Mobile Robots in Healthcare

Autonomous mobile robots have become increasingly prevalent in healthcare environ-
ments, addressing challenges in logistics, cleaning, disinfection, and material handling.
Hospital environments present unique challenges including dynamic obstacles (staff, pa-
tients, equipment), variable lighting conditions, strict safety requirements, and the need

for reliable operation in mission-critical scenarios.

Research demonstrates that AMRs in hospitals can reduce staff workload significantly
for logistics tasks (Holland et al., 2021; Kim et al., 2024; Thamrongaphichartkul, Worr-
asittichai, Prayongrak, & Vongbunyong, 2020). Safety standards such as 1SO 13482 for
personal care robots and IEC 61508 for functional safety provide guidelines for deploying
robots in healthcare settings (International Electrotechnical Commission, 2010; Interna-
tional Organization for Standardization, 2014). Current market trends show increasing
adoption rates, with major hospitals implementing robot fleets for medication delivery,

linen transport, and waste management.

2.2 Computer Vision for Robotic Docking

2.2.1 Visual Servoing Fundamentals

Visual servoing is a technique that uses vision feedback to control robot motion. Two
main approaches exist: Position-Based Visual Servoing (PBVS), which estimates 3D ob-
ject pose and controls in Cartesian space, and Image-Based Visual Servoing (IBVS), which

directly uses image features to compute control commands (Chaumette & Hutchinson,
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2006; Hutchinson, Hager, & Corke, 1996). IBVS typically offers better robustness to cal-
ibration errors and is computationally more efficient for 2D alignment tasks in docking-
oriented mobile-robot experiments (Low, Manchester, & Savkin, 2006; Martinez-Marin

& Duckett, 2008).

2.2.2 Docking Systems in Robotics

Robotic docking has been extensively studied in contexts ranging from vacuum clean-
ing robots to warehouse automated guided vehicles (AGVs). Marker-based approaches
using fiducial coding and calibration provide reliable detection but require environment
modification (Chen, Zhang, Yang, Yang, & Wang, 2024; Garrido-Jurado, Munoz-Salinas,
Madrid-Cuevas, & Marin-Jimenez, 2014). Markerless and hybrid approaches rely on nat-
ural features and visual feedback, offering greater flexibility but increased computational
complexity (Fan & Wang, 2017; Low et al., 2006; Mafaldo, Rodrigues, Da Silva, & Durand-
Petiteville, 2025; Martinez-Marin & Duckett, 2008). Research on precision docking for
AGVs achieves stable practical performance using iterative alignment and camera-centered

guidance.

2.3 Deep Learning for Object Detection

2.3.1 Evolution of Object Detection Algorithms

Object detection has evolved from traditional sliding window approaches to modern
deep learning architectures (LeCun, Bengio, & Hinton, 2015). Two-stage detectors like
R-CNN, Fast R-CNN, and Faster R-CNN prioritize accuracy through region proposal and
classification stages (Girshick, Donahue, Darrell, & Malik, 2014; Ren, He, Girshick, & Sun,
2015). Single-stage detectors in the YOLO family are widely used in robotics due to favor-
able speed-accuracy trade-offs on practical hardware (Redmon et al., 2016; Tang, Zhang,
& Fang, 2024). Comparative studies in deployed robotic scenarios show that real-time
detectors can maintain useful accuracy while supporting online control and localization

loops (Yu, Zhang, Liu, Yang, & Zhang, 2020; Zhang & Xu, 2020).
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2.3.2 YOLO Architecture and Variants

The YOLO (You Only Look Once) family represents a significant advancement in real-time
object detection. YOLOvV1 introduced the concept of framing detection as a regression
problem (Redmon et al., 2016). Applied studies also report practical improvements for
small-target conditions and difficult visual backgrounds in robotic settings (Tang et al.,
2024). YOLOVS, released by Ultralytics in 2023, introduced anchor-free detection, im-
proved feature pyramid networks, and enhanced data augmentation (Ultralytics, 2023).
The architecture consists of a CSPDarknet backbone for feature extraction, a PANet neck
for multi-scale feature fusion, and decoupled detection heads for classification and local-

ization.

2.3.3 Small Object Detection Challenges

Small object detection remains a fundamental challenge in computer vision. Objects
smaller than 32x 32 pixels in the COCO dataset are classified as small objects and typically
achieve 10-20% lower detection accuracy compared to medium and large objects (Lin et
al., 2014). The primary limitation stems from downsampling in convolutional neural net-
works. As features propagate through pooling layers, small objects lose spatial resolution
and may occupy less than one pixel in deep feature maps (Lin et al., 2017; Singh & Davis,

2018).

2.4 Traditional Computer Vision Techniques

2.4.1 Edge Detection Algorithms

Edge detection is a fundamental operation in image processing that identifies bound-
aries between regions. The Canny edge detector remains widely used due to its opti-
mal edge detection properties: good detection, good localization, and single response to
edges (Canny, 1986). In practical low-contrast scenes, adaptive histogram equalization
and CLAHE-style preprocessing are often used before edge extraction to improve local

contrast and boundary stability (Pizer et al., 1987). Canny’s algorithm applies Gaussian
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smoothing, computes gradients using Sobel operators, performs non-maximum suppres-
sion to thin edges, and uses double thresholding with hysteresis tracking to select strong

edges.

2.4.2 Shape Detection and Feature Extraction

Contour detection and analysis enable identification of object boundaries and geometric
properties. The Hough transform provides a robust method for detecting parameterized
shapes such as lines and circles, even in the presence of noise and occlusion (Szeliski,
2010). Geometric feature descriptors including circularity (47Area/Perimeter?), convex-

ity, and aspect ratio enable filtering of shape candidates.

2.5 Hybrid Computer Vision Systems

Hybrid approaches combining deep learning with classical computer vision have gained
attention for leveraging complementary strengths. Deep learning excels at semantic un-
derstanding and context-aware detection, while classical algorithms provide precise ge-
ometric measurements and are computationally efficient. Cascade detection architec-
tures, where faster coarse detectors filter candidates for slower fine detectors, provide
computational efficiency. Region of Interest (ROI) extraction strategies reduce false pos-

itives by constraining search spaces based on contextual information.

2.6 ROS for Vision Applications

The Robot Operating System (ROS) provides a flexible framework for building robot appli-
cations. ROS architecture is based on a publish-subscribe messaging system with nodes
communicating via topics (Quigley et al., 2009). The cv_bridge package enables seam-
less conversion between OpenCV image formats and ROS sensor_msgs/Image mes-
sages (Bradski, 2000). Practical indoor mobile-robot studies further show that ROS-based
localization and navigation stacks can be integrated effectively with visual perception

pipelines (Li & Shi, 2018). Camera calibration tools in ROS implement standard calibration
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procedures to estimate intrinsic and extrinsic camera parameters, and are complemented
in recent work by automatic multi-camera and LiDAR-camera calibration methods (Chen

et al., 2024; Kroeger, Huegle, & Niebuhr, 2019).

2.7 Gap Analysis

The literature review reveals several gaps: limited research on hybrid approaches for
multi-scale detection where targets have very large size disparity; few practical imple-
mentations for hospital logistics with detailed performance analysis; insufficient investi-
gation of failure modes for small object detection in real-world systems. This thesis ad-
dresses these gaps through a comprehensive hybrid system validated in practical hospital

logistics contexts.
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3 System Design and Methodology

This chapter describes the complete system design, including the perception pipeline,
mechanical attachment subsystem, and embedded control hardware developed for au-

tonomous trolley docking.

3.1 System Requirements Analysis

3.1.1 Functional Requirements

The visual alignment system must fulfill the following functional requirements:

e Detect trolley handles with greater than 95% accuracy in real-time

e Locate mounting holes with absolute alignment error below 2 cm in controlled

alignment tests
e Provide real-time feedback at minimum 15 frames per second
e Calculate alighment offsets in both pixel coordinates and real-world units
e |nterface with ROS-based robot motion control system

e Support multiple trolley types with minimal retraining

3.1.2 Non-Functional Requirements

Key non-functional requirements include robustness to lighting variations (300-800 lux),
processing latency less than 100 milliseconds, deployability on standard computing hard-

ware, and maintainable modular software and hardware architecture.

3.1.3 Hardware Requirements

The deployed system combines Intel RealSense D435 (RGB-D camera), Intel Core i5 class

compute, Raspberry Pi Pico-based low-level control electronics, 24V solenoid plunger
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locking mechanism, IR beam sensor, limit switch feedback, and a linear Z-axis actuation
mechanism.
Component Role in the Docking System

Intel RealSense D435 Provides synchronized RGB and depth streams for met-

ric alignment calculations.

Intel Core i5 Platform Executes YOLO inference, edge-based hole detection,

and visualization pipeline.

Raspberry Pi Pico Con- Handles low-level I/0 and actuator interface logic for

troller lock and feedback devices.

24V Solenoid Plunger Performs mechanical locking/unlocking of the hook in-

terface.

IR Beam Sensor Detects handle interruption and confirms engagement
state.

Limit Switch Reports plunger position state (open/closed).

ToF Sensor Provides local Z-axis distance feedback for vertical po-

sition monitoring.

Table 1. Core hardware elements and their functional roles in the final system.

3.2 System Architecture

3.2.1 Overall System Overview

The complete system consists of four tightly coupled subsystems:

1. Perception Pipeline: YOLOv8 handle detection, ROI extraction, edge-based hole

detection, and ArUco-assisted calibration.

2. Alignment Controller: Offset calculation in image and 3D coordinates, status clas-

sification, and command generation.
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3. Embedded Control Subsystem: Solenoid actuation, limit-switch and IR-beam feed-

back, and ToF-based local distance monitoring.

4. Mechanical Attachment Subsystem: Hook, plunger lock, rail-guided Z-axis motion,

and structural robot mounting.

3.2.2 Processing Pipeline

The online workflow follows these steps: (1) capture RGB and depth frames from Re-
alSense; (2) run YOLO inference for handle detection; (3) crop handle ROI; (4) apply
CLAHE, Gaussian blur, and Canny edge detection; (5) extract and filter contours by area
and circularity; (6) select hole candidate; (7) compute 2D and 3D offsets using calibrated
reference points; (8) classify alignment state; (9) publish visualization and control-relevant

outputs.
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Figure 3. Block diagram of the perception processing pipeline from image acquisition to
alignment-state output.
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3.2.3 Perception-to-Actuation Sequence

The perception node continuously estimates handle and hole positions at the camera
frame rate. For each processed frame, the handle center and hole center are used to
compute alignment offsets in image space and metric space. The lateral correction terms
are executed through robot motion in the X-Y plane, while the hook carriage is controlled
on the Z-axis by the mechanical rail and threaded-drive module. In this way, the robot
body performs coarse planar alignment and the hook mechanism performs final depth-

wise engagement.

After the hole is localized inside the detected handle region, the alignment controller
sends coordinate targets to the low-level control subsystem. The drive node commands
wheel motion for X-Y correction and actuator commands for Z-axis insertion. When the
hook enters the trolley handle geometry, the automatic clencher (plunger lock) is trig-
gered. Successful closure is validated first by the limit-switch state and then by IR beam
interruption confirming handle presence. Only when both confirmations are true does

the controller permit secured transport motion.
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Figure 4. Block diagram of the perception-to-actuation sequence, including alignment
correction, insertion, locking, and confirmation stages.

This closed-loop sequence is intentionally safety-oriented: perception, insertion, locking
confirmation, and movement authorization are separated into explicit stages. The trolley
handle can then rotate down by its spring-loaded behavior while remaining mechanically

retained by the hook-plunger mechanism during transport.

3.3 Design Decisions and Rationale

3.3.1 Why Hybrid Approach

The hybrid architecture exploits complementary strengths. YOLOv8 provides semantic

robustness for large contextual objects (handles), while edge-based geometric filtering
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provides reliable small-feature localization (holes). This division is essential for multi-
scale detection where the handle and hole differ by approximately a 250:1 image-area

ratio.

In practice, this split also addresses a real deployment issue: the inner trolley region can
have similar color and texture as the handle boundary, especially when different items are
loaded into the trolley. YOLO provides robust contextual handle localization, and the ROI-
constrained geometric stage then focuses on the smaller hole target with higher precision

and fewer distractors.

3.3.2 Model Selection

YOLOv8n was selected for the best practical speed-accuracy trade-off on CPU hardware.
Experimental validation showed that larger variants did not provide sufficient deploy-

ment benefit relative to their compute cost for this application.

3.4 Development Methodology

Development followed an iterative Agile workflow in two-week cycles: baseline CV proto-
type, pure YOLO baseline, dataset expansion, hybrid fusion, then staged integration with
calibration and subsystem testing. Each cycle included functional tests, performance pro-

filing, and failure-mode review.

3.5 3D Printing and Mechanical Attachment Design

3.5.1 CAD-Driven Modular Design

The mechanical attachment assembly was designed as a modular CAD model and man-
ufactured as four printable parts to reduce print complexity and simplify replacement
and maintenance. Unless otherwise noted, figures in this chapter are author-generated

project diagrams or author-captured laboratory photographs.
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Figure 5. Complete CAD model of the attachment assembly used for design validation before
fabrication.

Figure 6. All four 3D-printed structural parts before final assembly.
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Figure 7. Bambu Lab 3D printer used to manufacture structural and functional components.

3.5.2 Hook and Solenoid Locking Mechanism

The center nylon-printed module contains the hook and plunger interface. A 24V solenoid
and custom printed plunger cap create a repeatable lock/unlock mechanism, while a limit

switch provides state feedback for lock verification.
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Figure 8. Central hook module with solenoid plunger interface and integrated limit switch
location.

Figure 9. Solenoid plunger installed in housing with custom cap for mechanical engagement.
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Figure 10. Fully assembled hook mechanism after joining all printed modules with screw
fastening.

3.5.3 Z-Axis Motion and Structural Integration

The full attachment subsystem is mounted on an aluminum frame and translated along
the Z-axis using guided bearings and a motor-driven threaded mechanism. This allows

controlled vertical positioning of the hook relative to the trolley target.

Figure 11. Side profile of the Z-axis track assembly showing carriage guidance for hook insertion
motion.
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Figure 12. Full mechanical assembly mounted on the aluminum structure with wiring for
actuator and feedback devices.
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Figure 13. Backside rail and bearing arrangement for smooth Z-axis translation and lateral
stability.
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Figure 15. ToF sensor mounted above the hook for direct vertical-distance feedback along the
Z-axis.
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3.6 Embedded Control System

The embedded subsystem is built around a Raspberry Pi Pico with relay-based switching
and sensor feedback integration. IR beam sensing is used to detect handle interruption,

while ToF readings and limit-switch status provide local mechanical state awareness.



41

@ INPUT LAYER

== RealSense RGB-D
Camera
RGB + Depth Frame

@ OBJEQT DETECTION

@ YOLOv8 Handle
Detector

Handle Detected?

Yes

FEATURE EXTRACTION

9° Extract Handle ROI

 Classical CV Pipeline
No CLAHE — Blur — Canny
— Contours

Hole Found?

@ FAILURE STATES @ CALQULATION

[ Calculate Alignment

dx=x_h-
A /hole_not_found/ St

dy=y_h-y_r
2D + 3D Projection

OUTPUT LAYER

& Publish Results
Alignment State + Offsets

Ul Overlay & Status

Figure 16. Block diagram of the embedded control subsystem showing Pico control flow, sensor
inputs, and actuator interface.
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Figure 17. Front view of hook and IR beam sensor pair (transmitter and receiver) for engagement
detection.
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Figure 18. Raspberry Pi Pico based control board with relay integration for actuator switching.
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Figure 19. OLED display showing ToF distance feedback for real-time mechanical position
monitoring.

Figure 20. Open control box with assembled Pico and relay circuit on a manually soldered
prototype board.
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3.7 Robot-Level Integration

The final prototype was integrated with the existing Drivey robot at Done Robotics using
ROS-based system integration, including full mechanical mounting and visual-tag support

for camera-based position estimation during docking.

Figure 21. Integrated prototype mounted on the robot platform with hook subsystem and
tracking tag.
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Figure 22. Backside view of the integrated robot assembly confirming structural and wiring
integration (source: author’s own photograph).
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Figure 23. Docking target trolley handle with internal hole geometry used for final visual
alignment and hook engagement (source: author’s own photograph).

3.8 Coordinate Transformations

The system uses three coordinate frames: image frame (pixels), camera frame (meters),
and robot frame (meters). RealSense depth and camera intrinsics are used for metric pro-
jection, while ArUco-based calibration aligns perception outputs with the physical hook

reference.
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4 Data Collection and Preparation

This chapter describes the process of collecting, annotating, and preparing the dataset

used for training the YOLOv8 object detection model.

4.1 Dataset Requirements

The dataset must capture sufficient diversity in viewing angles, distances, lighting condi-
tions, and trolley positions to enable the model to generalize effectively. Based on YOLO
training best practices, a minimum of 30-50 images per class is recommended for ini-
tial training, with preference for quality and diversity over quantity. In this thesis, data
collection was constrained by development-time availability and focused on one primary

trolley unit, so generalization claims are intentionally limited.

4.2 Data Collection Process

4.21 Image Acquisition Setup

Images were captured using the robot’s onboard USB camera (640 x 480 resolution) mounted
at approximately 1.2 meters height. Trolley positioning varied systematically: distance
range 0.5-2.0 meters in 0.25 meter increments, horizontal angles from -15 to +15 de-
grees, vertical angles from -10 to +10 degrees. Lighting conditions included natural day-

light through windows, artificial overhead fluorescent lighting, and mixed conditions.

4.2.2 Image Capture

A total of 39 high-quality images were collected from one primary trolley unit and se-
lected based on sharpness, representativeness of operational scenarios, and absence of
motion blur. Images were stored in JPEG format with consistent resolution. Selection
emphasized diversity over quantity, with each image representing distinct positioning,

lighting, or viewing conditions.
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4.3 Data Annotation

4.3.1 Annotation Tool

The labellmg annotation tool was selected for its simplicity, PascalVOC XML format sup-
port, and wide adoption in the computer vision community (Tzutalin, 2015). The graphi-
cal interface enables precise bounding box drawing with keyboard shortcuts for efficient

workflow.

4.3.2 Labeling Process

Two object classes were defined: Class O (Handle) for large trolley handle structures,
and Class 1 (Hole) for small mounting holes. Annotation guidelines specified tight-fitting
bounding boxes around handle structures and minimal boxes around visible circular or
oval hole features. Each image was annotated independently, with subsequent quality
control review to ensure consistency. Ambiguous cases were discussed and relabeled for

consistency across the dataset.

4.3.3 Annotation Statistics

Statistical analysis of annotations reveals: average handle size 35% of image area, average
hole size 0.14% of image area (0.026 x0.053 normalized coordinates), one handle per

image, and one to two holes per image depending on trolley design and viewing angle.

4.4 Dataset Format Conversion

PascalVOC XML annotations were converted to YOLO TXT format using a custom Python
script. The conversion normalizes absolute pixel coordinates to relative coordinates in
range [0, 1]. Each line in the YOLO format file contains: class_id, x_center, y_center, width,
height (all normalized). The conversion script validates that all coordinates fall within
valid ranges and handles edge cases where bounding boxes extend beyond image bound-

aries.
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4.5 Dataset Split

The dataset was split into training set (32 images, 82%) and validation set (7 images, 18%).
No separate held-out test set was created due to limited dataset size; validation metrics
were used for early stopping during training. Practical deployment behavior was there-
fore evaluated separately through controlled docking attempts reported in Chapter 8.
The split strategy ensured both sets contain representative distributions of distances, an-

gles, and lighting conditions through stratified random sampling.

4.6 Data Augmentation

YOLOvV8'’s built-in augmentation pipeline was utilized during training. Techniques include
mosaic augmentation (combining four images), random scaling (0.5-1.5x), random trans-
lation (up to 10% of image size), HSV color space shifts for lighting robustness, and ran-
dom rotation (disabled to maintain trolley orientation consistency). Horizontal flipping

was disabled as trolleys have asymmetric features that should not be mirrored.

4.7 Dataset Limitations for Generalization

Because all 39 images were collected from one primary trolley unit, the trained model
may be sensitive to unseen variation in handle geometry, paint wear, hole-edge defor-
mation, and material reflectance across other trolley units. The practical results in this
thesis therefore indicate prototype-level performance for tested scenarios rather than

broad universal generalization.
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5 Machine Learning Implementation

This chapter details the YOLOvVS training process, configuration, and evaluation for trolley

handle and mounting hole detection.

5.1 YOLOvVS8 Architecture Overview

YOLOvV8 represents the latest evolution in the YOLO family, featuring an anchor-free de-
tection mechanism. The architecture comprises three main components: a CSPDarknet
backbone with C2f modules for feature extraction, a PANet neck with bottom-up and
top-down pathways for multi-scale feature fusion, and decoupled detection heads that

separate classification and bounding box regression tasks.

The YOLOv8n (nano) variant contains approximately 3.2 million parameters with a model
size of 6MB. Input images are resized to 640 x 640 pixels, and the model outputs bound-

ing box coordinates, class probabilities, and confidence scores for detected objects.

5.2 Training Configuration

Training hyperparameters were configured as follows: YOLOv8n model, 100 epochs with
early stopping activated, batch size 8, image size 640 x 640, SGD optimizer with momen-
tum 0.937, initial learning rate 0.01 with cosine annealing schedule, weight decay 0.0005,

and 3 warmup epochs for learning rate stabilization.

The training environment utilized Python 3.14, Ultralytics YOLOv8 version 8.3.244, Py-
Torch 2.x framework, and executed on Intel Core i5 CPU with approximate training time

of 2 hours.

5.3 Training Process

Initial training with 10 images achieved 95% handle detection but 0% hole detection, re-

vealing insufficient data for small object learning. After expanding to 39 images, training
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exhibited improved convergence with validation metrics stabilizing after 43 epochs, trig-

gering early stopping with 10-epoch patience.

Loss functions combined binary cross-entropy for classification and Complete Intersec-
tion over Union (CloU) for bounding box regression. Total loss is the weighted sum of

classification and localization losses, optimized jointly during training.

5.4 Model Evaluation

Final evaluation metrics demonstrate strong performance:

Handle detection: Precision 65.7%, Recall 100%, mAP@0.5 99.5%, mAP@0.5:0.95 80.2%
Hole detection: Precision 100%, Recall 51.3%, mAP@0.5 95.3%, mAP@0.5:0.95 47.3%
Overall: Precision 82.9%, Recall 75.7%, mAP@0.5 97.4%, mAP@0.5:0.95 63.7%

Inference performance: preprocessing 1.2 ms, inference 45-60 ms on CPU, postprocess-

ing 2.1 ms, total approximately 50 ms enabling 20 FPS operation.

5.5 Error Analysis

Handle detection achieved 99.5% success rate with one missed detection at extreme
viewing angle exceeding 25 degrees. Bounding box accuracy averaged loU 0.87 indicating

precise localization.

Hole detection presented challenges despite promising validation metrics. Practical de-
ployment revealed only 60% consistent detection rate. Root cause analysis identified
object size (0.14% of image) below practical YOLO detection threshold. Downsampling in
convolutional layers reduces small objects to sub-pixel representations in deep feature

maps, preventing reliable detection regardless of training data quantity.
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5.6 Note on Hole Detection (Machine Learning Limitation)

Training and deployment evidence indicate that the machine learning model does not
reliably detect the small hole inside the trolley handle under all conditions. The primary
limitation is the low visual prominence and limited pixel coverage of the hole region
in camera frames. The hole appears too small to produce stable high-level feature re-
sponses across viewpoint and illumination changes, even when validation metrics seem

acceptable.

For this reason, hole localization is not performed using machine learning alone in the
final system. Instead, machine learning is used for robust handle localization, and the

hole is then detected using a geometry-driven method within the handle ROI.

5.7 Model Deployment

The best performing model weights were saved as best.pt for deployment. Model ex-
port options include PyTorch native format, ONNX for cross-platform compatibility, and
TensorFlow Lite for embedded deployment. Loading and inference implemented using

Ultralytics API for seamless integration with application code.
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6 Traditional Computer Vision Implementation

This chapter describes the edge detection algorithm developed for precise mounting hole

localization within the handle region of interest.

6.1 Motivation for Hybrid Approach

YOLOv8's limitation on 0.14% object size necessitated an alternative approach for hole
detection. Edge detection offers advantages for small, well-defined geometric shapes
including precise localization, computational efficiency, and deterministic behavior. The
region of interest strategy eliminates false positives by constraining search space to the

YOLO-detected handle region.

In the final implementation, circular hole detection is used as the primary method for
the hole class after handle localization. This design choice improves robustness because
it directly searches for geometric circular patterns instead of relying on unstable learned
features for tiny objects. As a result, the system maintains reliable docking-hole identifi-

cation even in cases where the learning-based detector alone fails.

6.2 Image Preprocessing

6.2.1 Color Space Conversion

RGB images are converted to grayscale to reduce computational complexity and simplify
edge detection. Edge features are primarily defined by intensity gradients rather than

color information, making grayscale representation sufficient for this application.

6.2.2 Contrast Enhancement

Contrast Limited Adaptive Histogram Equalization (CLAHE) enhances edges in low-contrast

regions without amplifying noise (Pizer et al., 1987). Parameters include clip limit 3.0 and
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tile grid size 8 x8. CLAHE operates by dividing the image into tiles, computing adaptive

histogram equalization per tile, and blending results to prevent boundary artifacts.

6.2.3 Noise Reduction

Gaussian blur with 7x7 kernel and sigma 1.5 removes high-frequency noise before edge
detection. The Gaussian kernel applies weighted averaging where center pixels have

greater influence, preserving edge structures while smoothing noise.

6.3 Edge Detection Algorithm

The Canny edge detector was selected for its optimal properties. The algorithm com-
prises five steps: Gaussian smoothing to reduce noise, gradient calculation using Sobel
operators in X and Y directions, non-maximum suppression to thin edges to single-pixel
width, double thresholding with low threshold 100 and high threshold 200, and edge

tracking by hysteresis to connect strong and weak edges.

Threshold parameters were tuned through empirical testing on sample images. Lower
threshold 100 captures weak edges near mounting holes, while upper threshold 200

eliminates noise edges from textured surfaces.

6.4 Morphological Operations

Morphological closing (dilation followed by erosion) with 2x2 rectangular structuring
element and 1 iteration fills small gaps in edge contours. This operation connects nearly-

touching edge segments to form closed circular shapes suitable for contour detection.
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6.5 Contour Detection and Filtering

6.5.1 Contour Extraction

OpenCV findContours function with RETR_LEXTERNAL mode extracts outer contours only,
and CHAIN_APPROX_SIMPLE method compresses horizontal, vertical, and diagonal seg-

ments to reduce memory usage.

6.5.2 AreaFiltering

Contours are filtered by area: minimum 50 pixels excludes noise, maximum 2000 pixels
excludes handle edges. These thresholds were determined based on mounting hole size

at typical docking distances (0.5-2.0 meters).

6.5.3 Circularity Filtering

Circularity is computed as 47 x Area/Perimeterz. Perfect circles have circularity 1.0.
Threshold 0.8 accommodates slightly oval shapes due to perspective distortion while re-

jecting elongated or irregular contours.

6.6 Region of Interest Strategy

ROI extraction uses YOLO-detected handle bounding box coordinates with optional 5-
10% padding to ensure holes near boundaries are included. Cropping to ROI before edge
detection provides two key benefits: 90% reduction in false positives from background

features, and 1.5x processing speed improvement due to smaller image size.

6.7 Algorithm Validation

Validation on 30 test images with manually annotated ground truth hole positions demon-

strates: 95%+ detection rate within ROI, mean localization error 3.2 pixels with standard
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deviation 1.8 pixels, and false positive rate less than 5%. Failure cases include heavily oc-
cluded holes, extreme lighting causing overexposure, and non-circular mounting points

outside training distribution.
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7 System Integration and Alighment

This chapter describes integration of perception, calibration, and control interfaces into

a complete alighment system suitable for docking execution.

7.1 Alignment Reference System

711 Coordinate Frame Definitions

Three coordinate frames are used throughout integration: image frame (origin at top-left,
X right, Y down in pixels), camera frame (origin at optical center, Z forward in meters),
and robot frame (origin at robot base, X forward and Y lateral). The practical reference

for docking is the physical hook position, not only a static image-center point.

7.1.2 RealSense Depth and Metric Projection

Intel RealSense depth measurements and camera intrinsics are used to convert image
features into metric 3D coordinates (Intel Corporation, 2025). For a pixel (u, v) with depth

z, the 3D camera-frame coordinates are computed as (Hartley & Zisserman, 2004):

(u—cp)z v — (v—ocy)z

X = A Viad
fo fy

J =z

where (f,, f,) are focal lengths and (c,, ¢, ) is the principal point.

Depth sensing is used in this thesis to reduce ambiguity during final alignment and to con-
vert image-space offsets into metric correction commands at docking distance. A high-
resolution RGB-only alternative is possible (for example, with a 4K camera and calibrated
pixel-diameter estimation), but that approach depends strongly on strict geometric as-
sumptions and stable perspective; the RGB-D setup was selected to improve practical

robustness under small pose and distance variations.
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7.2 ArUco-Based Calibration for Hook-Target Alignment

ArUco tags are used during calibration to map the detected hook reference and target
reference into a shared metric coordinate frame (Garrido-Jurado et al., 2014). One tag is
mounted near the hook reference and a second tag represents the target position during

calibration sequences.

During calibration testing, two specific tags were used with different roles. The first tag
is fixed on the hook module and remains as a persistent reference attached to the robot
side. The second tagis used as a controlled target-hole replica during setup and alignment
verification. After calibration and validation, final docking still relies on actual visual hole
detection in the trolley handle region, while the hook-side tag remains a stable geometric

reference.

(a) ArUco tag mounted on the hook module (b) ArUco tag used as target-hole replica in

alignment tests

Figure 24. Two ArUco tags used during calibration setup: a fixed hook-side reference tag and a
target-replication tag used for controlled alignment testing.
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Figure 28. Stable calibration measurement used as a reference case for repeatability analysis.

The distance metric used for calibration and validation is:

d=/(xs — 1)+ (Yo — 11)2 + (22 — 21)?

where (z1,y1, 21) and (z2, y2, 22) represent hook and target coordinates respectively.
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7.3 Alignment Calculation

After handle and hole detection, alighment offsets are computed in both image space

and metric space. In image space:

Axr =z, — @), Ay =yn — Yy, dop =/ Ax? + Ay?

where (x5, yp,) is hole center and (z,., y,) is current hook-reference projection.

Three alignment zones are used operationally: Green (ALIGNED), Yellow (ADJUSTING),
and Red (OUT OF RANGE). Thresholds are selected from calibration and docking test re-

sults.

7.4 Visual Feedback Interface

The operator/developer interface overlays YOLO handle boxes, detected hole markers,
hook reference marker, offset vectors, distance metrics, and status color coding. This

interface is used for both online debugging and dataset-quality verification.

7.5 ROS Integration

7.5.1 ROS Node Architecture

The vision node publishes alignment offsets and state estimates, while the control node
consumes these values and generates actuator commands. Typical message flow uses im-
age topics for perception input and geometry topics for command output in ROS publish-

subscribe architecture (Quigley et al., 2009).

7.5.2 Camera and Data Interface

Depth and RGB streams are synchronized before processing. Conversion between ROS
image messages and OpenCV matrices is handled through cv_bridge, enabling deploy-

ment compatibility for both simulation and robot hardware tests (Bradski, 2000).
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7.6 Visual Servoing Control Loop

Image-Based Visual Servoing (IBVS) control is used in the lateral plane, while Z-axis ad-
justment is coordinated through the embedded mechanism (Chaumette & Hutchinson,
2006; Hutchinson et al., 1996). To stabilize small-hole localization under image noise, a
short temporal filtering stage is applied before command generation: frame-level out-
liers are rejected using a median window and the remaining sequence is smoothed with
an exponential moving average. A proportional control law is then used for incremental
alignment:

v, = —K,Ax, v, = —K,Ay

with safety limits on velocity, timeout handling, and fail-safe stop when target visibility is

lost.
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8 Results and Evaluation

This chapter presents quantitative and qualitative results for the final hybrid system, in-

cluding detection performance, calibration stability, and deployment behavior.

8.1 Experimental Setup

Hardware configuration included the Drivey AMR platform, Intel RealSense D435 RGB-D
camera, Intel Core i5-10400 processor (6 cores, 2.9 GHz), and the custom hook attach-
ment subsystem with embedded control electronics. Testing was conducted in a simu-
lated hospital logistics corridor with 400-600 lux indoor lighting. Perception and align-
ment components were evaluated across 50 controlled test cases with initial distances
0.5-1.5 meters and lateral offsets up to 30 centimeters. Full physical end-to-end docking
(autonomous approach, mechanical engagement, and transport as one closed sequence)

was not executed within the thesis time frame.

8.2 Training and Validation Artifacts

Training artifacts from the YOLOv8 workflow were reviewed to verify convergence quality

and class-level discrimination performance.
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Figure 29. YOLOv8 training overview showing loss trends and metric progression.
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Figure 30. Normalized confusion matrix for handle and hole classes after training.
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Figure 31. Precision-recall curve for the trained detector.
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Figure 33. Validation batch predictions from the trained YOLO model.



Figure 34. Representative inference result from test deployment data.

8.3 Detection Performance

Experiment Dataset size Test type Metric and result

YOLO handle detec-  39-image dataset Offline valida- MmAP@0.5: 99.5%

tion (32 train, 7 valida-  tion for handle class
tion) on validation

split (no sepa-
rate held-out test

set).
Hole localization in 50 subsystem eval-  Practical online  Success rate: 96%
ROI uation frames detection test (48/50); mean
with manual hole- localization error:
center labels 3.1 4 1.9 pixels.
End-to-end physical Not executed in Integrated Not reported
docking sequence thesis timeframe hard- in this thesis;
ware+motion planned as fu-
field test ture integration
work by the de-

velopment team.

Table 2. Separated reporting of dataset size, test type, metrics, and outcomes for each
evaluation stage.

8.3.1 Handle Detection Results

Validation performance for the handle class reached mAP@0.5 of 99.5% on the 7-image

validation split. In practical subsystem evaluation cases, handle presence was correctly
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detected in 50/50 runs, with one weak-confidence case at extended range under reduced

contrast. Average inference time was 47 milliseconds on CPU.

8.3.2 Hole Detection Results

Within ROI: 96% success rate (48/50), mean localization error 3.1 pixels (standard devia-
tion 1.9 pixels). Pixel error was computed as Euclidean center distance between predicted
hole center and manually labeled reference center on deployment frames; reference cen-
ters were reviewed by two annotators and reconciled before scoring. Two failures were
associated with worn or partially occluded hole boundaries. ROI-constrained processing
achieved 96% versus 62% for full-frame edge detection, reducing false positives and im-
proving runtime. Temporal median filtering and exponential smoothing reduced frame-

to-frame jitter before final alighment commands.

8.3.3 Integration Status (End-to-End Docking)

Full physical end-to-end docking was not completed in this thesis due time constraints.
Perception, alighment, and hardware subsystems were implemented and validated sep-
arately, and their integration into a single autonomous docking loop is planned as future

work by the team.

Metric Value

Handle detection success rate 99.5%

Hole detection success rate (ROI) 926%

End-to-end physical docking result Not executed in thesis timeframe
Average processing time per frame 52 ms

Average frame rate 19.2 FPS

Table 3. Primary system-level performance metrics.

8.4 Alignment Accuracy

After visual servoing-alignment tests, mean alignment error was 1.8 cm, standard devi-

ation 0.6 cm, and maximum observed error 2.9 cm. The absolute alignment error was
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below 2 cm in 89.4% of successful alignment trials (42/47). Mean convergence time was
12.3 seconds (range: 6-24 seconds). Repeatability tests from identical initial conditions

yielded 0.4 cm standard deviation.

8.5 Robustness Analysis

Lighting variation tests (300-800 lux) achieved greater than 90% detection success. Hor-
izontal angle variation up to =20 degrees retained greater than 95% detection perfor-
mance, while vertical variation up to 15 degrees retained greater than 90%. Perfor-
mance degradation occurred beyond 25 degrees due to occlusion and partial depth in-

stability.

8.6 Computational Performance

Processing-time breakdown: image capture 2 ms (3.8%), YOLO inference 47 ms (90.4%),
edge-based hole detection 3 ms (5.8%), visualization less than 1 ms. Total: 52 ms per
frame. Peak RAM usage: approximately 480 MB. Model memory footprint: approxi-
mately 6 MB (YOLOvS8n).

Processing Stage Average Runtime
Image capture 2ms

YOLOV8 inference 47 ms
Edge-based hole detection 3ms
Visualization and overlays < 1ms

Total pipeline runtime 52 ms

Table 4. Runtime breakdown of the deployed hybrid perception pipeline.

8.7 Comparison with Baselines

Pure YOLO: handle 99.5%, hole 60%, overall 79.8%. Pure edge detection: hole 65% with
high false positives. Hybrid system: handle 99.5%, hole 96%, overall 97.8%. For the tested
trolley variants and indoor conditions, these results confirm the effectiveness of task-

specific hybridization for multi-scale feature detection.
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Method Handle Detec- Hole Detection  Overall Utility
tion

Pure YOLO 99.5% 60% 79.8%

Pure edge detection N/A 65% 65%

Hybrid (proposed) 99.5% 96% 97.8%

Table 5. Comparison of baseline and proposed methods for docking-feature perception.

8.8 Error Analysis

Observed failure modes include long-range small-target shrinkage, hole occlusion, and
occasional mesh interference inside ROI. During RealSense-assisted calibration, reflec-
tive surfaces introduced depth outliers in limited cases, mitigated through local median

sampling and repeated measurements.
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9 Discussion

This chapter interprets results, discusses implications, and identifies limitations and op-

portunities for future work.

9.1 Achievement of Research Objectives

Most primary research objectives were achieved at subsystem level: Objective 1 (greater
than 95% handle detection) achieved 99.5%, Objective 2 (hole localization) achieved 96%
with hybrid approach, Objective 3 (ROS integration interfaces) was completed, Objective
4 (full end-to-end field docking validation) was not completed within the thesis timeline,
Objective 5 (performance evaluation) produced comprehensive perception and align-
ment metrics, and Objective 6 (system validation) was performed through staged sub-

system testing with the Drivey platform.

9.2 Significance of Hybrid Approach

The hybrid system demonstrates complementary strengths of machine learning and clas-
sical computer vision. YOLOv8 provides robust context-aware detection for large objects
despite appearance variations, while edge detection delivers precise geometric localiza-
tion for small objects. The ROI strategy effectively bridges the two approaches, enabling
each to operate in its domain of strength. This architecture is generalizable to other
multi-scale detection problems in robotics including pick-and-place operations, quality

inspection, and agricultural applications.

9.3 Comparison with State-of-the-Art

The achieved subsystem performance (99.5% handle, 96% hole, approximately 19 FPS,
and absolute alignment error below 2 cm in 89.4% of successful alignment trials) com-
pares favorably with published robotic docking-component studies. Unlike marker-based

approaches requiring environment modification, this markerless system detects natural
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trolley features. Real-time CPU performance enables deployment without expensive GPU
hardware. The systematic comparison of pure ML, pure CV, and hybrid approaches pro-

vides empirical validation of hybrid superiority for this problem class.

9.4 Advantages and Limitations

9.41 Technical Advantages

Real-time performance on standard CPU hardware (no GPU required), high accuracy (99.5%
handle, 96% hole), robust behavior under tested lighting and angle ranges, minimal false
positives (less than 5%), and modular architecture enabling independent component op-

timization and debugging.

9.4.2 Limitations

Depth is available through RealSense RGB-D sensing, but measurement stability can de-
grade on reflective surfaces and partial occlusions. Additional limitations include small
dataset size (39 images from one primary trolley unit, with no separate held-out test
set), static detection assumptions (moving trolley tracking not addressed), indoor op-
timization (outdoor robustness untested), visible-hole requirement (occlusion handling

limited), and operational range constraint (0.5-2.0 meters).

9.5 Lessons Learned

e What worked well: hybrid architecture outperformed pure approaches, domain
knowledge improved architecture choices, iterative prototyping exposed practical

constraints early, and ROI-based processing substantially reduced false positives.

e What did not work well: pure YOLO for sub-1% image targets, initial 10-image train-
ing subset, and overly complex preprocessing chains without deployment-oriented

validation.
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e Key methodological insight: validation metrics alone can be misleading for small-
target behavior; practical deployment tests are required.

e Key data insight: for limited datasets, controlled diversity is often more valuable

than raw image count.

¢ Key designinsight: matching algorithm type to feature characteristics (large/contextual

to ML, small/geometric to classical CV) was more reliable than forcing a single-

method pipeline.

9.6 Reproducibility

The system is reproducible under the tested setup when the same camera configuration,
trolley geometry, and calibration procedure are used. Core reproducibility conditions
are: fixed camera intrinsics/extrinsics, consistent ROl extraction thresholds, documented
Canny and contour-filter parameters, and the same train/validation split for YOLOv8n.
While the architecture is transferable to other domains (for example warehouse logistics
or manufacturing), quantitative performance must be revalidated per domain and per

hardware setup.

9.7 Industrial Impact

The system demonstrates a working prototype of the perception, alignment, and hard-
ware subsystems for autonomous trolley docking on the Drivey robot. Full physical end-
to-end autonomous docking remained pending due time constraints. The Robotics as a
Service model remains a practical deployment pathway, but broader operational rollout
requires integrated end-to-end trials, additional multi-site validation, and confidential-

ity/IP review before publication of sensitive mechanical details.
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10 Conclusions and Future Work

This chapter summarizes the research, contributions, and outlines directions for future

development.

10.1 Summary of Work

This thesis addressed the challenge of simultaneous detection of large (trolley handles,
35% of image) and small (mounting holes, 0.14% of image) objects for autonomous robotic
docking. Pure machine learning approaches using YOLOv8 achieved excellent handle de-
tection (99.5%) but failed on tiny holes (60% reliability). Pure classical computer vision

generated excessive false positives (40%+) from mesh patterns and background features.

The proposed hybrid solution combines YOLOv8 for handle detection with Canny edge de-
tection for hole localization within the handle region of interest. Integration with ROS in-
terfaces enables visual-servoing-ready alignment outputs. Key subsystem results: 99.5%
handle detection, 96% hole detection, absolute alignment error below 2 cm in 89% of
successful alignment trials, and approximately 19 FPS real-time performance on CPU. Full
physical end-to-end autonomous docking execution was not completed within the thesis

timeline.

10.2 Research Contributions

10.2.1 Scientific Contributions

Novel hybrid architecture specifically addressing multi-scale detection where handle and
hole targets differ by approximately a 250:1image-area ratio. Empirical validation demon-
strating hybrid approach superiority over pure machine learning or pure classical com-
puter vision. Comprehensive performance analysis including accuracy, speed, robust-
ness, and failure mode characterization in real-world conditions. Practical insights for
matching algorithm types to object characteristics based on size, geometry, and context

requirements.
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10.2.2 Practical Contributions

Working prototype perception, alignment, and hardware subsystems for hospital logistics
automation demonstrated on the Done Robotics Drivey robot. ROS-compatible frame-
work enabling future integration with autonomous mobile robots and motion control
systems. Dataset creation and annotation methodology for small object detection with
limited data. Deployment guidelines and best practices for vision-based docking applica-

tions in healthcare environments.

10.3 Answers to Research Questions

RQ1: Can hybrid ML+CV approaches outperform pure approaches for multi-scale de-
tection? Yes. Here, “pure approaches” means pure machine-learning-only (YOLO-only)
and pure classical-computer-vision-only (edge-only) pipelines. Hybrid achieved 96% hole

detection versus 60% for pure YOLO and 65% for pure edge detection.

RQ2: What are optimal architectures for large versus small object detection? YOLOv8n
for large objects (context-aware, robust to appearance variations), Canny edge detection

for small geometric features (precise localization, computationally efficient).

RQ3: What accuracy and speed are achievable for real-time robotic docking? For sub-
system evaluation, the system achieved 99.5% handle detection, 96% hole detection,
absolute alignment error below 2 cm in 89% of successful alignment trials, and approxi-
mately 19 FPS processing. Full end-to-end physical docking was deferred to future inte-

gration work.

10.4 Limitations

Small training dataset (39 images from one primary trolley unit), no separate held-out
test set, limited trolley variants tested (3 types), depth-measurement sensitivity to reflec-
tive/occluded surfaces, controlled indoor environment only, static detection (no moving

target tracking), no completed full physical end-to-end docking trial in this thesis, and
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operational range constraint (0.5-2.0 meters).

10.5 Future Work

10.5.1 Short-Term Improvements

Dataset expansion: collect 200+ images with diverse trolley types, environments, and
lighting conditions. Model optimization: fine-tune YOLOv8s/m variants, explore quan-
tization (INT8) for faster inference, implement model pruning to reduce size. Robust-
ness enhancements: add temporal filtering (Kalman filter) for tracking, implement multi-
frame fusion, develop confidence-based fallback mechanisms. Deployment: port to edge
devices (NVIDIA Jetson Nano, Raspberry Pi 4), optimize for embedded inference (Ten-

sorRT), conduct multi-site field testing.

10.5.2 Mid-Term Extensions

Depth estimation: integrate stereo camera or RGB-D sensor (Intel RealSense), implement
6-DOF pose estimation for full 3D alignment. Advanced hole detection: train instance
segmentation model (YOLOv8-seg), explore specialized small object detectors (SNIPER,
FPN++), combine multiple detection modalities. Autonomous docking: implement full
closed-loop control with force feedback, add collision avoidance and obstacle detection,
develop recovery behaviors for failure modes. Multi-trolley support: extend to handle
multiple trolleys in frame simultaneously, implement trolley ID recognition for fleet man-

agement, develop tracking for moving targets.

10.5.3 Long-Term Research Directions

End-to-end learning: train neural network directly from images to control commands, ex-
plore reinforcement learning for optimal docking strategy, compare learned versus modu-
lar hybrid approach. Generalization: develop universal docking system for any trolley type
without retraining, transfer learning across different robot platforms, meta-learning for

rapid adaptation to new environments. Advanced perception: integrate semantic scene
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understanding with SLAM, implement predictive models for trolley motion, explore at-
tention mechanisms for robust feature localization. Human-robot interaction: develop
augmented reality visualization for operators, implement voice and gesture control in-

terfaces, study user trust and acceptance in clinical settings.

Recent industry developments in humanoid robotics indicate a shift toward world-model-
based systems that can infer physical actions from large-scale video priors and self-generated
interaction data. While this thesis focuses on a task-specific docking pipeline, a practical
long-term extension is to combine the current safety-structured hybrid architecture with
data-efficient self-improvement loops, where robots refine manipulation policies from
controlled real-world experience while preserving explicit safety checks at lock confirma-

tion and motion authorization stages (Investing News Network, 2026).

10.6 Recommendations for Practitioners

Use hybrid approaches when: detecting objects with large scale disparity (for example,
approximately 250:1 image-area ratio), working with limited training data (less than 100
images), requiring real-time performance on standard hardware, and needing high relia-

bility (greater than 95% accuracy).

Implementation guidelines: start with prototyping to test classical CV baseline, match
algorithms to task characteristics (large/contextual objects to ML, small/geometric to
classical), use ROl strategies to constrain search space and reduce false positives, iterate
based on failure analysis rather than relying solely on validation metrics, adopt modular

architecture for easier debugging and maintenance.

10.7 Final Remarks

This thesis demonstrated that hybrid computer vision systems combining deep learn-
ing and classical algorithms can achieve superior performance for robotic tasks involving
multi-scale object detection. The developed system established and validated key sub-

systems required for autonomous trolley docking on the Drivey platform, contributing
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practical evidence for hospital logistics automation. The work provides both scientific in-
sights into hybrid architecture design and practical guidelines for deploying vision-based

robotic systems in healthcare-oriented environments.

The key takeaway: when designing robotic vision systems, matching algorithm strengths
to task characteristics (large contextual objects to deep learning, small geometric fea-
tures to classical computer vision) yields better results than pursuing pure approaches.
This principle extends beyond trolley docking to numerous robotic applications requiring

robust, real-time perception in challenging real-world environments.
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Appendix 1. YOLOv8 Training Configuration

Key training configuration used for the final YOLOv8n run is summarized below:

model: yolov8n.pt

data: data.yaml

imgsz: 640

epochs: 100

batch: 8

name: hole_detection

patience: 20

save: true

plots: true

dataset:
total_images: 39
train: 32

val: 7

The configuration above is taken

from the actual training files data/

TrainingMLYolov8/train_yolo.py  and data/TrainingMLYolov8/

data.yaml in the project repository. Optimizer and low-level augmentation coef-

ficients were not explicitly overridden in the script, so that run followed Ultralytics

defaults.

Appendix 2. Edge Detection Algorithm Pseudocode

The practical hole-localization sequence used in deployment:

1. Acquire RGB frame and YOLO handle bounding box.

2. Crop handle ROI (optional 5-10% padding).
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3. Convert ROI to grayscale.
4. Apply CLAHE (clip limit 3.0, tile grid 8 x8).
5. Apply Gaussian blur (kernel 7x7, o = 1.5).
6. Run Canny edge detection (low threshold 100, high threshold 200).
7. Apply morphological closing (2x 2 structuring element, 1 iteration).
8. Extract external contours and compute contour features.
9. Keep contours satisfying area and circularity thresholds.
10. Select best candidate based on circularity and geometric consistency.
11. Map candidate center back to full-frame coordinates.

12. Apply temporal median + exponential smoothing before control output.

Appendix 3. ROS Node Architecture

Core ROS interfaces used in the integrated pipeline:



Node/Interface

Camera driver

Perception node

Alignment node

Control node

Feedback node
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Topic or Message Purpose

/camera/color/image_rawProvides synchronized RGB-D in-
/cam- put streams.

era/depth/image_raw

/docking/handle_bbox, Publishes detected handle ROI

/docking/hole_center  and hole center coordinates.

/docking/alignment _offseublishes image-space and met-

(geometry_msgs) ric alignment corrections.
/cmd_vel, /dock- Executes lateral correction and
ing/actuator_cmd hook insertion commands.
/docking/lock_state, Reports mechanical lock and en-
/docking/ir_state gagement confirmation.

Table 6. ROS-level message flow used in the docking prototype.

Appendix 4. Performance Metrics Summary

Consolidated metrics from validation and deployment tests:



Metric

Handle detection (validation

mAP@0.5)

Hole localization success

(ROI, deployment)

End-to-end physical docking

result

Absolute alignment error be-

low 2 cm
Average runtime per frame

Average frame rate

86

Result

99.5%

96% (48/50)

Not executed in thesis timeframe

89.4% of successful alignment trials

52ms

19.2 FPS (CPU)

Table 7. Summary of primary quantitative outcomes used in thesis discussion.

Appendix 5. Hardware Specifications

Component Specification / Role

Compute platform Intel Core i5-class CPU system for full perception
pipeline

Camera Intel RealSense D435 RGB-D camera

Low-level controller Raspberry Pi Pico for actuator/sensor I/0

Actuator 24V solenoid plunger for mechanical lock/unlock

Sensors IR beam pair, limit switch, ToF distance sensor

Mechanical subsystem Hook module with rail-guided Z-axis insertion mecha-
nism

Robot base Done Robotics Drivey platform (integration target)

Table 8. Hardware stack used during implementation and evaluation.
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Appendix 6. Code Repository Structure

Representative project structure for reproducibility:

Done Thesis Project/
data/

TrainingMLYolov8/
train_yolo.py
alignment_system_hybrid.py
data.yaml

dataset/
train/images, train/labels
val/images, val/labels

Intel_RealSense/
alignment_calibration_test.py
alignment_system_realsense.py
robot_movement_commander.py

Hole Detection/
alignment_system.py
hole_detector_working.py

Control System/

src/main.c

src/main_oled.c

src/main_io_test.c

ros/

simple_publisher.py

simple_subscriber.py

data/

TrainingMLYolov8/runs/detect/hole_detection/weights/best.pt

Repository-level implementation details that may contain confidential mechanical inte-

gration specifics remain internal pending confidentiality and IP review.
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