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Abstract

In today’s world of AI and robotics, self-driving vehicles are no longer a futuristic dream.
Their application to public transport, specifically urban tram networks, has become a cru-
cial field of research for digital city development. The core mechanism of an autonomous
vehicle is a well-established technique called Visual Simultaneous Localisation and Map-
ping (VSLAM), which is the process by which the vehicle uses the sensors and images
to build environmental maps, and also determine its localised position in the mapping
of the environment. However, Visual SLAM frameworks specifically developed for urban
tram operations often degrade in specific conditions, demanding precise mapping, high
localisation accuracy, and robustness against obstructions. Throughout this work, we
introduce an advanced Object-Based Visual SLAM system, which is developed to ad-
dress the complexity introduced by dynamic obstacles (e.g., vehicles, pedestrians) along
with infrastructure components (e.g., traffic lights, stations). Firstly, we leverage deep
learning-based techniques (i.e., YOLOv8 model) to significantly improve localisation ac-
curacy. Secondly, we extract 2D bounding boxes from KITTI odometry sequence 08 and
convert them into oriented 3D cuboids using CubeSLAM technique. Finally, we integrate
these 3D cuboid coordinates into ORB-SLAM3 architecture and we execute its monocular
running on KITTI odometry sequence 08 for frame-by-frame visualisation alongside point
clouds and poses. Our proposed solution seeks to not only push the boundary of SLAM
research but also to facilitate safer, more efficient, and dependable AI-based tram systems
in real-world transport.

Keywords: Visual SLAM; SLAM; Object Detection; YOLOv8; Cross-Dataset General-
isation; ORB-SLAM3; CubeSLAM; Multi-Object Tracking; ByteTrack

1. Introduction

Across Europe’s vibrant urban centres—and in Australian metropolises like Sydney and
Melbourne, where tram lines criss-cross dense city corridors—a major transformation is
underway. Rapid developments in Artificial Intelligence (AI) are allowing cities around
the world to embed autonomous technology in their tram networks, changing public trans-
port. In the optimistic outlooks surrounding autonomously operated vehicles (AVs) with
regard to the social and economic benefits, a report from the UK Government shows
they could also add £42 billion to the economy, along with generating approximately
38,000 jobs by 2035 (Financial Times, 2024). With respect to this, the integration of
autonomous vehicle technology into urban public transportation systems represents a sig-
nificant advancement in smart city infrastructure. In the past, the traditional outdoor
localisation methods mainly rely on the Global Positioning System (GPS) or Real-Time
Kinematic (RTK) positioning system (Siegwart et al., 2011). Standard GPS presents well-
known challenges for precision applications. Multipath reflections from nearby structures,
intermittent satellite visibility, and ionospheric delays combine to produce positioning er-
rors that frequently exceed several metres—rendering the technology unreliable in urban
canyons, tunnelled sections, or areas with heavy tree covers (Li et al., 2024; Hussain et al.,
2021). RTK techniques can theoretically provide a higher degree of accuracy via carrier-
phase ambiguities against corrections from a local base station. In practice, however,
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RTK shares GPS’s susceptibility to signal obstruction, depends on maintaining a contin-
uous datalink to the base, and degrades significantly when operating more than 10–20
kilometres from the reference receiver (Wang et al., 2024; Man et al., 2025). Therefore,
the Simultaneous Localisation and Mapping (SLAM) solution is considered a cornerstone
technology for autonomous systems, enabling vehicles to navigate and map unknown en-
vironments concurrently. Durrant-Whyte and Bailey (2006) state that the SLAM method
is widely adopted as an effective solution for the localisation in autonomous driving vehi-
cles. Therefore, our target is to investigate the SLAM approach and to take advantage of
this approach to develop effective AI-driven urban tram systems. SLAM can be broadly
categorised into these types: Light Detection and Ranging (LIDAR) SLAM, Multi-Sensor
SLAM, and Visual SLAM. In comparison, Visual SLAM has the advantages of rich infor-
mation and easy-to-install, as well as making the system less expensive and lightweight
(Cheng et al., 2022). In our work, we plan to explore the current landscape of Visual
SLAM research, with particular emphasis on object-based approaches.

2. Foundation

2.1 Principles of SLAM

The origins of Simultaneous Localisation and Mapping (SLAM) were established at
the 1986 IEEE Robotics and Automation Conference in San Francisco. It was described as
dual operations, including two significant tasks: localisation and simultaneous mapping of
an unknown environment using sensory data (Durrant-Whyte et al., 1996; Durrant-Whyte
and Bailey, 2006).
As claimed in the work of Durrant-Whyte and Bailey (2006), the core functionality of
SLAM allows a mobile robot to construct an environmental map and at the same time
use this map to infer its own location. The general probabilistic form of SLAM is typically
represented in this formula:

P (xk,m | Z0:k,U0:k,x0) (1)

where

• X0:k = {x0,x1, · · · ,xk} = {X0:k−1,xk} : The history of vehicle locations.

• U0:k = {u1,u2, · · · ,uk} = {U0:k−1,uk} : The history of control inputs.

• m = {m1,m2, · · · ,mn} : The set of all landmarks.

• Z0:k = {z1, z2, · · · , zk} = {Z0:k−1, zk} : The set of all landmark observations.

This probabilistic modeling lays the foundation of estimating both the environment (map-
ping) and the robot’s position within it (localisation) simultaneously (Durrant-Whyte and
Bailey, 2006). The core dynamics of SLAM problem are illustrated in Fig. 1, depicting
how a mobile agent infers its movement and the landmark positions using control inputs
and observations over time. This schematic underscores the relationships between esti-
mated and ground truth trajectories, demonstrating the inherent difficulty of preserving
precise localisation and mapping when it operates in dynamic settings.
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Figure 1: Schematic representation of SLAM process
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2.2 Principles of Visual SLAM

Visual Simultaneous Localisation and Mapping (VSLAM) is a prominent branch
of SLAM that depends on vision sensor data while utilising projective geometry within
its observation model (Liu, 2020). In simpler words, when a SLAM system uses vision
sensors to collect information about the sensed surroundings, the system is referred to as
Visual SLAM.

Figure 2: Visual SLAM components

Fig. 2 illustrates the typical architecture of Visual SLAM, categorised into five main
parts: Sensor data module, front-end module, back-end module, loop closure module,
and mapping module. In particular, according to Zhang (2022), sensor data is collected
from the camera frame and passed to the front-end (or Visual Odometry) component,
which handles feature extraction and data association between consecutive frames to
achieve the initial local mapping and camera motion estimation. The back-end module is
responsible for the numerical optimisation of the front-end and further motion estimation.
The loop closure module eliminates accumulated drifts by calculating image similarity in
a large-scale environment. If a loop is detected, it will provide information to the back-end
part for further optimisation. Finally, the mapping module reconstructs the surrounding
environment based on the estimated camera trajectory.

3. Literature Review

We summarise several advanced studies in VSLAM methods, with emphasis on systems
that embed semantic segmentation into a SLAM pipeline for dynamic and cluttered sur-
roundings. In specific, we review two foundational branches of conventional VSLAM
architectures: feature-based and direct approaches. These systems lay the foundation for
the emergence of specialised object-based techniques. Basically, recent VSLAM research
revolves around several significant themes:

3.1 Feature-based VSLAM: Landmark Detection and Matching

Feature-based methods target unique image areas with distinctive characteristics.
These features appear at several abstraction levels, including: low-level (e.g., corners and
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edges), mid-level (e.g., super-pixels), and high-level (e.g., semantically labeled objects)
across image frames. Repeatability is the principal criterion, which ensures the consistent
detection of the similar feature in images recorded from varied viewpoints (Azzam et al.,
2020).
VINS-Mono (2018): This system demonstrates robust visual-inertial state estimation
by effectively integrating visual and inertial data, resulting in minimal drift. VINS-Mono
shows superior accuracy and robustness, especially with loop closure engaged (Qin et al.,
2018).
MISD-SLAM (2022): The MISD-SLAM system completes the static background re-
construction that builds upon the backbone of ORB-SLAM3 framework. In addition,
MISD-SLAM chooses to remove the detected dynamic feature points, which reduces the
influence of dynamic environment on the system and further improves the robustness
of the system (You et al., 2022). This is worth noting because it emphasises the need
for achieving a robust and high accuracy model that is suitable for our developing of
autonomous tram network.

3.2 Direct Visual SLAM: Photometric Optimisation Techniques

Direct approaches determine motion and structure by directly examining photometric
errors at pixel scale across images. In contrast to feature-based (indirect) methods,
which depend solely on a sparse set of different features, the direct methods minimise
an error derived directly from raw pixel intensities, ranging from brightness-based cross-
correlation to image brightness, providing an in-depth analysis of the visual data (Irani
and Anandan, 1999).
DSO (2018): Engel et al. (2018) introduced a new advancement in direct SLAM with
Direct Sparse Odometry (DSO), a direct method with a sparse map. It combines a
fully direct probabilistic model (minimising a photometric error) with consistent, joint
optimisation of all model parameters, including geometry—represented as inverse depth
in a reference frame—and camera motion. However, since DSO models photometric noise,
its performance quickly deteriorates with added geometric noise, whereas ORB-SLAM is
much less affected.
NICE-SLAM (2022): Zhu et al. (2022) presented NICE-SLAM, a dense VSLAM ar-
chitecture that constructs layered spatial information by introducing a hierarchical scene
representation. Optimising this representation with pre-trained geometric priors enables
detailed reconstruction on large indoor scenes. While NICE-SLAM offers promising re-
sults, several limitations still remain, especially in computational efficiency for real-time
tram applications. These gaps are relevant to urban tram contexts, including untested
rail-based applications and real-time challenges, demand suitable solutions.

Contribution. Compared to existing works, which focus solely on direct or feature-
based approaches, and/or single-dataset evaluation, our study hope to contribute a novel
cross-dataset evaluation with 3D temporal tracking for monocular Visual SLAM.

4. Methodology

This section provides insight into our Object-Based VSLAM pipeline. We classify our
methodology into four consecutive phases to systematically achieve our targets identified
earlier.
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• Stage 1: Improved Localisation Accuracy in dynamic urban areas

– Description: In the first stage, the dynamic obstacles such as vehicles or pedes-
trians must be detected. We employ the YOLO detector for this purpose to
enhance localisation accuracy (Bescós et al., 2018). We also examine the cross-
dataset generalisation performance of the YOLO model.

• Stage 2: Multi-Object Tracking and 3D Cuboid Generation

– Description: In this stage, it is divided into three submodules. The 2D bound-
ing boxes coordinates are extracted from KITTI odometry sequence 08 using
best weight from YOLO model. Subsequently, we integrate the ByteTrack
Multi-Object Tracking algorithm between the detection and 3D reconstruc-
tion stages. Finally, in order to get 3D reconstruction, our approach employs
the CubeSLAM technique, which first generates 3D cuboid proposals from 2D
detections, then refine them using multi-view constraints (Yang and Scherer,
2019).

• Stage 3: SLAM Integration

– Description: Subsequently, the 3D object cuboids generated from Stage 2 are
merged into ORB-SLAM3 framework running in monocular mode on KITTI
sequence, utilising Docker container.

• Stage 4: SLAM Evaluation

– Description: To assess the performance of the integrated object-based VSLAM
system, we implement a comprehensive evaluation using standard metrics com-
monly used in SLAM research.

Figure 3: Object-Based Visual SLAM Pipeline
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Stage 1: Improved Localisation Accuracy in dynamic urban areas

In this stage, we focus on the integration of deep-learning-based approaches to enhance
the localisation accuracy of VSLAM for autonomous trams in dynamic urban environ-
ments. Specifically, we adopt an empirical approach using YOLOv8 for object detection,
integrating it as a frontend to VSLAM, and we investigate cross-dataset generalisation
performance of its variants.

1.1: Datasets

To assess in-domain and cross-dataset generalisation, we used:

• BDD100K: The Driving Data Set (BDD100K) includes 100K images/videos of
diverse driving scenarios such as day/night and rain/fog with labels for 10 classes
(cars, people, traffic lights). This dataset is an excellent source of information
regarding the variability of environmental conditions (Yu et al., 2020).

• KITTI Object Detection Benchmark: This dataset is a branch of KITTI Vision
Benchmark Suite that provides calibrated datasets and benchmarks for examining
object detection performance in self-driving cases (Geiger et al., 2012). The dataset
includes 7,481 and 7,518 images for training and testing set, respectively, captured
from urban drives, with primary concentration on classes such as cars, pedestrians.

(a) KITTI (b) BDD100K

Figure 4: Distribution of Object Types in both dataset

1.2: Conversion to YOLO format

Initially, annotation data is stored in .json files, before initiating the training phase for
an object detection system, it is essential to transform these annotations into the YOLO
format suitable for both train/val sets. In our approach, we adhere to the conventional
Ultralytics YOLO structure, while also offering detailed explanations of its organisation
and the steps involved, drawing from actual datasets. Specifically, the conversion yields
*.txt that align with the corresponding image filenames. In addition, each generated
*.txt file contains entries formatted data in this pattern (class id x center y center

width height), where bounding box coordinates are scaled to a range between 0 and 1
(Ultralytics, 2024). These adjusted coordinates are expressed mathematically as:

label = (x, y, w, h) ∈ R4 (2)

where
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• x: Denotes the x-coordinate of bounding box centre (xcenter).

• y: Denotes the y-coordinate of the bounding box centre (ycenter).

• w: Indicates the normalised width of the bounding box.

• h: Indicates the normalised height of the bounding box.

With these coordinate definitions, the computation for each component proceeds as fol-
lows:

• Center Coordinates: The values for xcenter and ycenter are derived by taking the
average of the respective minimum and maximum x and y values, followed by nor-
malisation relative to the image’s total width and height. This can be formulated
as:

xcenter =
xmin + xmax

2× width
, ycenter =

ymin + ymax

2× height

• The bounding box’s dimensions: The width and height are established by calcu-
lating the span between the maximum and minimum coordinates, then normalising
these differences against the image dimensions. The expressions are:

width =
xmax − xmin

width
, height =

ymax − ymin

height

• Class ID: Lastly, the class identifier is obtained by consulting a predetermined
mapping of object categories to numerical values.

Table 1: Class Mappings for Object Types in BDD100K and KITTI

(a) BDD100K

Object Type Class ID

car 0

lane 1

traffic sign 2

traffic light 3

drivable area 4

person 5

truck 6

bus 7

bike 8

rider 9

motor 10

train 11

(b) KITTI

Object Type Class ID

car 0

van 6

truck 6

pedestrian 5

person sitting 5

cyclist 8

tram 11
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1.3: Cross-Dataset Evaluation Strategy

Our approach deliberately separated training (BDD100K) and testing (KITTI) datasets to
assess real-world generalisation capability. Given our limited environmental constraint,
we decided to adopt the deep learning-based object detection model YOLOv8, while
the latest version at the moment is YOLO26 (released in September 2025) (Ultralytics,
2025). In specific, we conduct two experiments utilising the nano (YOLOv8n) and largest
(YOLOv8x) versions:

• YOLOv8n:

– Experiment 1 (In-Domain): Trained on BDD100K, evaluated on BDD100K.

– Experiment 2 (Cross-Dataset Generalisation): Trained on BDD100K,
evaluated on KITTI.

• YOLOv8x:

– Experiment 1 (In-Domain): Trained on BDD100K, evaluated on BDD100K.

– Experiment 2 (Cross-Dataset Generalisation): Trained on BDD100K,
evaluated on KITTI.

As a result, after implementing both experiments to two YOLOv8 variants, we acquire
empirical data necessary for a comprehensive analysis of performance and generalisation
across different model scale. This evaluation covers the models’ performance (mAP50
metrics) and computational overheads (GFLOPs and time). A detailed summary of the
key performance and efficiency metrics for both the in-domain (Exp1) and cross-dataset
generalisation (Exp2) trials is concisely presented in Table 2.

Table 2: Performance Comparison Between YOLOv8n and YOLOv8x

Experiment Model Params (M) GFLOPs Dataset
(Train/Eval)

mAP50 (%) Time (h)

Exp1
YOLOv8n 3.2 8.1

BDD100K

↓
BDD100K

35 1.775

YOLOv8x 68.2 257.4

BDD100K

↓

BDD100K

45 8.301

Exp2
YOLOv8n 3.2 8.1

BDD100K

↓
KITTI

25 1.260

YOLOv8x 68.2 257.4

BDD100K

↓
KITTI

40 6.800

Our empirical findings emphasise the typical Accuracy-Efficiency trade-offs concept faced
by deep learning models. It is clear from the Table 2 that the largest version (YOLOv8x)
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results in superior accuracy compared to its lower version (YOLOv8n); yet it requires
considerable computational resources. In this work, we employ the optimal weight from
Exp2’s YOLOv8x for the continuing pipeline despite the lower mAP50 score in Exp2 (40%)
in comparison with Exp1 (45%). The reason for our selection lies in the cross-dataset
evaluation framework, which provides opportunity for the model to be generalised across
diverse urban environments. Moreover, Exp2’s weights ensure more reliable object detec-
tion in subsequent pipeline stages, such as 3D cuboid generation from KITTI sequences,
fostering robust VSLAM performance in heterogeneous urban settings.

Stage 2: Multi-Object Tracking and 3D Cuboid Generation

2.1: 2D Bounding Boxes Extraction

In this subsection, we outline the extraction of 2D bounding boxes from KITTI odometry
sequences to serve as the input for subsequent tracking and 3D reconstruction. As men-
tioned earlier, we utilise the best training epoch weights from Experiment 2 (as shown in
Table 2) to perform inference on the KITTI image frames. In particular, we choose the
KITTI sequence 08 as our primary sequence throughout our pipelines due to its dynamic
urban driving scenarios with diversified obstacles.
For each frame, inference is run with a confidence threshold of 0.6 and an Intersection
over Union (IoU) threshold of 0.45. After getting detection results as per evaluation,
the bounding boxes are output into x min, y min, x max, y max format, along with
associated class labels and confidence scores. As a result, the extracted data is serialised
and saved as .json files, with each file named corresponding to the image frame (e.g.,
000001.json). Consequently, we have a total of 4071 .json files corresponding to 4071
frames of KITTI sequence 08.

2.2: ByteTrack Multi-Object Tracking

In terms of frame-by-frame detection, we recognise the importance of the data association
and Multi-Object Tracking (MOT) problem in SLAM applications. The issue is that each
frame produces independent detections and the objects are not being tracked or associated
across frames. To maintain the object identity across frames, we integrate ByteTrack
(a lightweight, SOTA Multi-Object Tracking algorithm) between the detection and 3D
reconstruction stages.
Following the acquisition of 2D bounding box detections, a critical issue emerged, which
was recognised as a result of our preliminary experimentation. Without applying any
tracking mechanism, the system treats detections in every frame as new, independent
object observations, regardless of whether it represents the same physical characteristic
from the previous frame.
Unlike the full ByteTrack algorithm, which incorporates a Kalman-filter-based motion
model (Zhang et al., 2022), our approach uses a simplified, non-parametric tracking strat-
egy. In our pipeline, we apply ByteTrack’s two-stage matching (high-conf, low-conf):

• High-confidence detections (above τh = 0.6) are matched to existing tracks using
the Hungarian algorithm with an IoU-based cost matrix.

• Unmatched tracks then receive a second association attempt with low-confidence
detections (between τl = 0.1 and τh), which often represent partially occluded or
visually degraded objects.
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For data association, the Intersection over Union (IoU) between a detection Bj and an
existing track’s most recent bounding box Bi is computed as:

IoU(Bi,Bj) =
Area(Bi ∩ Bj)

Area(Bi ∪ Bj)
(3)

The outcome is a set of stable 2D tracklets, each associated with a persistent ID. These
tracklets form the foundation for subsequent 3D cuboid reconstruction and long-term
SLAM data association.

2.3: 3D Cuboids Generation

To reconstruct full 3D cuboids for detected objects in KITTI sequence 08, we combine
camera calibration, object size priors, and SLAM pose data. Our approach aligns with
CubeSLAM techniques, which first generate 3D cuboid proposals from 2D detections,
then refine them using multi-view constraints. We estimate each object’s depth (distance)
from a monocular image using its 2D bounding box height (assuming average real-world
object height), and estimate the object’s orientation by fitting the projected cuboid to the
2D box width. With known camera poses from SLAM, we transform each cuboid to world
coordinates for integration into ORB-SLAM3. This yields a 6-DoF pose (3D position +
rotation) and dimensions for each object, consistent with ORB-SLAM3’s world frame.

CubeSLAM Algorithm Overview

The CubeSLAM framework (Yang and Scherer, 2019) consists of two main components:
(1) single-image 3D cuboid proposal generation using vanishing points, and (2) multi-view
bundle adjustment that jointly optimises camera poses, object poses, and feature points.
Below we summarise the key algorithms that form the backbone of this approach.

3D Cuboid Representation A 3D cuboid object O is represented by 9 degrees of
freedom:

O = {To,d} = {[R | t], [dx, dy, dz]T} (4)

where To ∈ SE(3) is the 6-DoF pose (rotation and translation), and d ∈ R3 represents
the cuboid dimensions.

Proposal Scoring Function Each cuboid proposal is scored using:

E(O|I) = ϕdist(O, I) + w1ϕangle(O, I) + w2ϕshape(O) (5)

where ϕdist measures alignment with image edges via Chamfer distance, ϕangle evaluates
consistency between line segments and vanishing points:

ϕangle =
3∑

i=1

(
∥⟨lms

i , lmt
i ⟩ − ⟨V Pi, l

mt
i ⟩∥+ ∥⟨lnsi , lnti ⟩ − ⟨V Pi, l

nt
i ⟩∥

)
(6)

and ϕshape penalises unrealistic aspect ratios.
Inspired by the high-level idea of CubeSLAM, in our Python codebase, we implement
a simplified geometric approximation of its 3D cuboid reasoning module. Our approach
applies pinhole projection and class-specific object priors, and yaw angle to recover a
plausible 3D pose and shape for each detected object. Finally, the 2D detections are
transformed into 3D cuboids for each frame, stored as .json files, ready to be injected
into ORB-SLAM3 system.
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Figure 5

Figure 6
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Stage 3: ORB-SLAM3 Integration

At this stage, we already have clean, non-overlapping 3D cuboid representations available
from Stage 2. Our next goal is to feed these 3D coordinates into the ORB-SLAM3
framework running in monocular mode on KITTI sequence 08. In particular, we divide
Stage 3 into distinct substages.

3.1: ORB-SLAM3 - Background and Architecture

Figure 7: ORB-SLAM3 System Architecture

ORB-SLAM3 is currently recognised as the latest official version of the ORB-SLAM series.
Introduced in the work of Campos et al. (2021), ORB-SLAM3 has shown remarkable
improvements in computational efficiency while maintaining accuracy across visual, visual-
inertial, and multi-map SLAM with monocular, stereo, and RGB-D cameras. In this work,
we select ORB-SLAM3’s monocular configuration for our urban tram application.
As illustrated in Fig. 7, the ORB-SLAM3 architecture comprises three core parallel
threads: tracking, local mapping, and loop closing. The tracking thread processes each
frame to localise the camera by finding feature correspondences with the local map. The
local mapping thread manages keyframes and performs local bundle adjustment to refine
the map structure. Finally, the loop closing thread detects revisited areas and corrects
accumulated drift through pose graph optimisation (Mur-Artal and Tardós, 2017). In
summary, the Algorithm in Fig. 8 covers the primary components of ORB-SLAM3 sys-
tem.
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Figure 8

3.2: Docker-Based Development Environment

Rationale for Containerisation. Our working environment for the entire pipeline is
based on an M1 MacBook Pro with 16 Gigabytes of RAM memory. During our initial
attempts to configure ORB-SLAM3 natively on macOS, we faced a critical issue regarding
the compatibility of the Pangolin visualisation library. We discovered that Pangolin often
fails (NSInternalInconsistencyException error in Fig. 9) because macOS requires all
UI calls on the main thread (Apple Inc., 2024), which forced us to seek alternative solu-
tions. We decided to containerise our application into a Docker container, which ensures
our ORB-SLAM3 build process is more portable and remains identical across development
machines.

Figure 9: Pangolin issue ORB-SLAM3 Visualisation on Apple Silicon Mac M1

Container Configuration and Volume Mounting. Our Docker setup utilises an
Ubuntu 20.04 base image, tailored with key configurations for ORB-SLAM3 operation.
We mounted three pivotal volumes to the containers: the ORB-SLAM3 source directory,
the KITTI odometry data (sequence 08), and the X11 (XQuartz) forwarding socket that
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is essential for displaying real-time Pangolin’s 3D viewer on our host machine. These
settings can be seen in the Fig. 10.

Figure 10: Docker Container Bind Mounts

3.3: ORB-SLAM3 Source Code Modifications

Fusing the 3D cuboids into ORB-SLAM3 system requires us to fine-tune the source code
of its architecture. Basically, the flow state of the data integration is as follows:

mono kitti → System → Viewer → MapDrawer/FrameDrawer

Fig. 11 provides a comprehensive overview of source code modifications tailored to ORB-
SLAM3’s codebase architecture. These changes include 3D cuboid rendering and storage,
frame synchronisation, while preserving the original SLAM functionality.

Stage 4: SLAM Evaluation

In the last phase of our project, we implement a thorough quantitative and qualitative
evaluation of the proposed Object-Based Visual SLAM framework. Evaluating a SLAM
system becomes particularly challenging when semantic reasoning is tightly integrated
with geometric mapping. The next section describes the experimental configuration,
chosen metrics, and results obtained from three separate evaluation protocols.

4.1: Experimental Setup and Evaluation Metrics

Here, we devise three distinct experiments to systematically evaluate our proposed SLAM
system:

• Experiment 1 - ORB-SLAM3 with Static 3D Cuboid Landmarks

• Experiment 2 - ORB-SLAM3 with Dynamic Multi-Object Tracking

• Experiment 3 - ORB-SLAM3 on Real-World Adelaide Dataset with Dy-
namic Multi-Object Tracking

We adopt three standard metrics to evaluate trajectory accuracy:
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Figure 11: ORB-SLAM3 Soure Code Modifications for 3D Cuboid Integration
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Absolute Pose Error (APE). Given the ground-truth pose Ti and the estimated pose
T̂i at time i, the APE measures how far the estimated trajectory deviates from the ground-
truth trajectory after applying a rigid (or similarity) alignment S (Sturm et al., 2012).
For each timestamp, the pose discrepancy is

Ei = T−1
i ST̂i,

and the translational APE is defined as

APE =

√√√√ 1

N

N∑
i=1

∥trans(Ei)∥2.

Relative Pose Error (RPE). The RPE quantifies the local drift between two poses
separated by a fixed time interval ∆ (Zhang and Scaramuzza, 2018). For ground-truth
motion T−1

i Ti+∆ and estimated motion T̂−1
i T̂i+∆, the relative discrepancy is

ERPE
i = (T−1

i Ti+∆)
−1

(
T̂−1
i T̂i+∆

)
,

3D Intersection over Union (3D IoU). To evaluate the accuracy of our object
detection and 3D cuboid estimation, we utilise the 3D IoU metric (Everingham et al.,
2015). For predicted cuboid Bp and ground truth cuboid Bg, it is defined as

IoU3D =
|Bp ∩Bg|
|Bp ∪Bg|

(7)

IoU ranges from 0 to 1, with higher values indicating better shape consistency between
prediction and ground truth. Associated detection metrics including precision, recall, and
F1-score.
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4.2: Experimental Results and Analysis

Figure 12: Qualitative result of Experiment 1 (baseline) on KITTI Odometry
Sequence 08 using ORB-SLAM3 with static 3D cuboid landmarks (no tracking
IDs). Top: current camera view with projected 3D cuboids (magenta) and detected
dynamic objects correctly masked out. Bottom: reconstructed 3D map showing persistent
red cuboids treated as static landmarks and the resulting camera trajectory (blue).
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(a) APE 3D Trajectory Overlay (with
Sim(3) Umeyama alignment) (b) APE Statistical Summary

Figure 13: Quantitative result of Experiment 1 - Absolute Pose Error Analysis.
Left: The trajectory overlays demonstrate significant tracking deviations. In particular,
as observed in the early and mid-sections of the sequence, there is severe rotational drift,
in which the system fails to match the geometry of the ground truth, despite the Sim(3)
Umeyama alignment applied to the scale factor. As the agent keep moving, the recon-
structed tracks are gradually aligning well with the ground truth trajectories in the latter
portions of the route. Right: The statistical results reveal APE of 61.20m over 1310 poses,
and a right-skewed distribution concluded by the median error of 44.53m. In addition,
the error distribution exhibits a bimodal distribution concentrated in the range of 20-50m
(where tracking was stable) and 100-150m (where topology broke).

(a) RPE 3D Trajectory Overlay (with
Sim(3) Umeyama alignment) (b) RPE Statistical Summary

Figure 14: Quantitative result of Experiment 1 - Relative Pose Error Analysis
(100m segments). Left: The 3D trajectory plot overlays the estimated path on the
ground-truth reference. Despite elevated errors in certain 100m intervals, the local ge-
ometry is preserved. Right: The mean RPE of 51.08m with a median of 40.75m across
26 poses suggests considerable local drift. In the RPE Over Pose Sequence chart, we can
clearly see two major spikes, occurring at poses 1 and 18, both peaking at approximately
135m of RPE, implying a critical failure in feature tracking or data association in specific
parts of the sequence.
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Figure 15: Experiment 1 – 3D Object Detection Evaluation. Top-left: The tempo-
ral 3D IoU plot shows remarkably consistent trend throughout 4071 frames with almost
no drift. Top-right: The IoU Distribution graph exhibits a sharp peak around 0.50-0.55,
which is a common case for monocular systems where scale error follows a Gaussian dis-
tribution in log-space (Simonelli et al., 2019). Bottom-left: It can be clearly seen from the
Object Count Comparison chart that the Predicted count (blue) mostly align with the
Ground-truth count across 4071 frames of the sequence 08, indicating strong correlation.
Bottom-right: This bar charts illustrate Precision-recall at different IoU thresholds. We
can observe that the performance degrades extremely at stricter thresholds.
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Table 3: Quantitative result of Experiment 1 - 3D Object Detection Perfor-
mance. The geometric assessment of the cuboid landmarks depicts moderate-to-good
alignment, proved by a mean IoU and a median IoU of 0.519, and 0.506, respectively.
Beside, the detection framework achieved a precision of 65.02% and a recall of 60.54%
under the use of the specified threshold at IoU ≥ 0.25, which is appropriate for monocu-
lar SLAM systems. According to recent researches, these IoU results already match the
SOTA for monocular static-cuboid approaches on KITTI odometry sequences (Li et al.,
2020; Ma et al., 2021).

Metric Value

Mean IoU 0.5189
Median IoU 0.5066
Std Deviation 0.1401
Min / Max IoU 0.2502 / 0.9861

True Positives 7,300
False Positives 3,928
False Negatives 4,759

Precision 0.6502
Recall 0.6054
F1-Score 0.6270

Table 4: Experiment 2: 3D IoU and Detection Performance. Overall, the results
of Experiment 2 are largely unchanged compared with those obtained in Experiment
1. Across the entire sequence 08, the system records a Mean 3D IoU and an F1-score of
0.517 and 0.625, respectively. This is statistically indistinguishable from the static-cuboid
baseline of Experiment 1 (0.519 IoU, 0.627 F1-score). The small decrease of roughly 55
correctly detected instances (7245 versus 7300) falls well inside normal fluctuation and
most likely stems from occasional track loss during prolonged occlusions rather than
from any inherent weakness of the tracking module itself. In essence, the integration of
ByteTrack leaves frame-level geometric accuracy untouched while delivering its intended
advantages in object identity persistence and drastic reduction of duplicated map entities.

Metric Value

Mean IoU 0.5173
Median IoU 0.5045
Std Deviation 0.1399
Min / Max IoU 0.2502 / 0.9861

True Positives 7,245
False Positives 3,899
False Negatives 4,798

Precision 0.6501
Recall 0.6016
F1-Score 0.6249
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Figure 16: Qualitative result of Experiment 2 on KITTI Odometry Sequence
08 using ORB-SLAM3 with dynamic 3D cuboid landmarks (with ByteTrack
IDs). Top: reconstructed 3D map in top-down view showing the camera trajectory (green
line) and cuboid landmarks. Bottom: current camera view showing persistent object
IDs (i.e., Car ID:1713, Bike ID:1739, Car ID:1737) and correctly projected 3D cuboids
(magenta/blue). Thanks to Multi-Object Tracking, the same physical objects maintain
consistent IDs across frames. Moving vehicles and cyclists are treated as transient dynamic
entities and reliably excluded from the static map, resulting in a significantly cleaner point
cloud and more accurate long-term trajectory. This demonstrates the core advantage of
the proposed object-based dynamic SLAM pipeline.
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(a) APE 3D Trajectory Overlay (with
Sim(3) Umeyama alignment) (b) APE Statistical Summary

Figure 17: Quantitative result of Experiment 2 - Absolute Pose Error Analysis.
Left: Compared to Experiment 1, the estimated trajectory shares the similar structural
pattern observed previously. The system still suffers from severe rotational drift in the
early parts of the entire route despite the advancement of ByteTrack to maintain con-
sistent object trajectories and tracking IDs. Right: With ByteTrack integration, mean
APE is 63.71m—a modest 4.1% increase relative to Experiment 1, and the Root Mean
Square Error (RMSE) similarly rose to 78.02m. These findings indicate that the addition
of Dynamic Multi-Object Tracking (MOT) in Experiment 2 has not yielded any signifi-
cant improvement in localisation performance compared to the static baseline. However,
its computational efficiency on resource-constrained platforms still present advantages in
terms of tracking framework (Zhang et al., 2022).

(a) RPE 3D Trajectory Overlay (with
Sim(3) Umeyama alignment) (b) RPE Statistical Summary

Figure 18: Quantitative result of Experiment 2 - Relative Pose Error Analysis
(100m segments). Left: There are inconsistent fluctuations in local error across the
26 poses, maintaining similar oscillation patterns as Experiment 1. Right: The Mean
RPE increases marginally from 51.08m to 52.25m, suggesting that the integrated MOT
framework does not contribute to local pose stability. The RPE distribution for both
experiments remains highly non-Gaussian and spread out. Consistent with the preceding
APE analysis, the Dynamic MOT integration appears to have had negligible impact on
this fundamental short-term pose estimation problem.
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Figure 19: Experiment 2 – 3D Object Detection Evaluation with Dynamic
Tracking. From the general observation of the four subcharts, we can conclude that the
performance closely matches Experiment 1, evidenced by the mean IoU of 0.517 (compared
to 0.519), and there are no significant alterations between the subcharts of Experiment 2
with Experiment 1. In short, while the Dynamic MOT approach provides no significant
enhancement in per-frame accuracy, yet its principal benefit lies in the substantial removal
of redundant cuboid generation through persisent object tracking, greatly improving map
cleanliness and computational efficiency.
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Figure 20: Qualitative result of Experiment 3 – Real-world performance on the
Adelaide urban area dataset. The full object-based pipeline running live in a busy
Adelaide urban street. Moving vehicles receive consistent ByteTrack IDs across frames
(i.e., Truck ID:338 at 96% confidence, Car ID:388 at 84%, Cyclist ID:455 82%). Two
false positives are visible here: (1) the Adelaide Metro bus is misclassified as a truck
(large blue cuboid); (2) a roadside traffic-sign pole has been mistaken for a cyclist (small
yellow cuboid) due to its thin vertical profile. Both objects are still treated as dynamic
and excluded from the map, so the point-cloud remains unaffected. This result shows
promising application for urban tram yet still need further tuning to be fully operated.
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5. Discussion

Table 5: Comparative Summary: Experiments 1 and 2 on KITTI Sequence 08

Metric Exp 1 (Static) Exp 2 (Tracking)

Trajectory Accuracy
APE Mean (m) 61.20 63.71
APE RMSE (m) 76.15 78.02
RPE Mean (m) 51.08 52.25
RPE RMSE (m) 65.42 67.31

3D Object Detection
Mean 3D IoU 0.519 0.517
Max 3D IoU 0.986 0.986
Precision 0.6502 0.6501
Recall 0.6054 0.6016
F1-Score 0.6270 0.6249

Table 6: Mean Average Precision at Different IoU Thresholds (KITTI Sequence
08)

IoU ≥ 0.25 IoU ≥ 0.50 IoU ≥ 0.70

Exp. mAP F1 mAP F1 mAP F1

1 (Static) 0.6502 0.6270 0.3180 0.3066 0.1173 0.1131
2 (Tracking) 0.6501 0.6249 0.3164 0.3041 0.1166 0.1120

Cross-Dataset Generalisation. The successful performance on Adelaide streets val-
idates that our designated model detector generalises well to Australian urban environ-
ments; yet comprehensive quantitative evaluation awaits ground truth annotation col-
lected from real-world data. We hope this finding will act as a baseline source for further
researches and real-world application.

Temporal Tracking Benefits. While IoU metrics between Experiments 1 and 2 appear
nearly identical, the qualitative impact of ByteTrack is substantial. Persistent object
identities enable: (1) ByteTrack integration achieved an 81.2% reduction in redundant
cuboid entries, consolidating 12,214 frame-level detections into 2,298 unique tracked ob-
jects across the sequence; (2) dynamic object filtering for improved point cloud quality;
(3) foundation for trajectory prediction in downstream applications.

Limitations. The substantial APE (61–64m mean) reflects the fundamental limitation
of monocular vision. Furthermore, there is a considerable number of FPs and FNs values
during ORB-SLAM3 execution. Future work should incorporate object-level factors to
improve both trajectory and reconstruction accuracy (Yang and Scherer, 2019) and also
leverage the use of cutting-edge object detector model such as YOLO26 (released in
September 2025) to increase the robustness of the system.
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Ethical Considerations. This work strictly adheres to the University of Adelaide’s
ethical guidelines, particularly concerning academic integrity, and ethical standards suit-
able for artificial intelligence and robotics research. Our Adelaide data collection followed
institutional protocols, avoiding capture of identifiable personal information. The code
for this work is public as open-source on GitHub at: GitHub Repository: Object-based
Visual SLAM.

6. Conclusion

This work introduces a robust Object-Based Visual SLAM pipeline tailored for urban
tram environments, combining YOLOv8 for detection, CubeSLAM-style 3D bounding
box reconstruction, ByteTrack for consistent object association, and ORB-SLAM3 as
the core SLAM backbone to enable real-time operation and mapping. Results show
that persistent object tracking preserves trajectory accuracy while significantly enriching
map semantics through stable identities, delivers reliable 3D object reconstruction, and
generalises effectively to real Adelaide tram sequences. In the future, we will consider re-
approaching the mapping precision enhancement with image segmentation in our original
stage 2 research proposal. We would also like to work on improving the robustness of the
system by incorporating specific strategies such as RANSAC filtering and reinforcement
learning.

https://github.com/quocanhto85/Object-based-Visual-SLAM
https://github.com/quocanhto85/Object-based-Visual-SLAM
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