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ABSTRACT

This thesis studies sidewalk navigation for a small electric scooter using a deliberately simple
sensor setup: one forward-facing commodity RGB camera per run, CPU-only processing,
no LiDAR, no stereo pair, and no multi-camera rig. The video data were collected with
phone/action-camera hardware, including an iPhone camera and a GoPro-style camera, so the
work is framed around low-cost monocular sensing rather than specialized robotics sensors.
The pipeline was developed through four design iterations, beginning with BEV skeleton-
graph construction and ending with template-approval planning. The evaluation compares
ten path-planning methods from geometric, cost-field, topological, and template-based
families in both bird’s-eye view (BEV) and image-space coordinates. For segmentation,
a compact SegFormer-BO0 student (3.7M parameters) is trained from OneFormer Swin-L.
pseudo-labels and then fine-tuned on human-corrected masks, reaching IoU 0.964 at 14.0 ms.
Held-out IoU is 0.974, higher than the training-video IoU of 0.963.

For midpoint planning, the image-space planner obtains a lateral center error of 14.5 px
with a runtime of 3.0 ms per frame on 448 hand-annotated campus sidewalk frames across
eight video sequences. This is the best accuracy/runtime result among the ten planners. It
also ranks significantly higher than the other methods (Friedman p < 107!; all nine pairwise
comparisons between midpoint and the other planners are significant after Bonferroni
correction; 32 of the 45 total pairwise comparisons are significant).

Although the midpoint planner has the best accuracy/runtime tradeoff among the tested
planners, it is still intent-agnostic: it follows the visible corridor center and cannot perform
commanded turns. For this reason, the final system keeps BEV for metric-scale turn
compliance. The GPS-conditioned waypoint-turn planner checks the proposed turn against
the BEV corridor using a simple containment safety guard.

The most costly part of BEV processing for turn validation is not the projection step, but
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the search for a path. Path extraction through skeleton search followed by Dijkstra takes
540-690 ms per frame. By comparison, the path-acceptance test used in template approval
takes only 3 —5 ms per frame. By using fixed-arc verification and family-reuse hysteresis
in place of the noise-sensitive skeleton graph, the template-approval planner reduces mean
heading angle by 40.6% and halves the total number of path-source switches compared with
the skeleton baseline.

The image-space midpoint path can still contain noticeable heading-angle variation
(4.5 deg/frame on average and 18.5 deg at the 95th percentile), which motivates the final
temporal path-smoothing stage. On the 1800-frame accepted run, the method achieves 100%
template acceptance with mean segmentation intersection-over-union (IoU) of 0.954 while
maintaining 9.97 FPS.

In summary, the final dual-domain system uses the image-plane midpoint planner for
forward motion, BEV for metric-scale turn-compliance checking and corridor extraction,
and temporal smoothing for path stability. All results are evaluated offline from daytime
sidewalk video in a single university-campus location. Future work includes testing in other
locations, times of day, and weather conditions, as well as online closed-loop deployment

on the robot.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

The motivating platform is a battery-powered scooter moving on campus sidewalks. In the
collected video, the path may be concrete or asphalt, bordered by grass, buildings, retaining
walls, curbs, or shadows. The scene has no lane markings, curb-paint cues, or high-definition
map. The assumed deployment sensor is one forward-facing commodity RGB camera, such
as the iPhone and GoPro-style cameras used for data collection, paired with low-power CPU
hardware. The practical question is how much sidewalk perception and path planning can
be done from that single monocular view.

The same perception problem appears in last-mile delivery robots, assistive mobil-
ity scooters, and low-speed campus vehicles [1]. These platforms need local navigation
commands from hardware that fits on a small vehicle and runs from a limited battery. A
monocular RGB camera is attractive because it is inexpensive, compact, and low power.
The trade-off is that the system loses the direct depth measurements available from LiDAR,
stereo, or RGB-D sensors.

Several vision-navigation approaches are difficult to use under this constraint. End-to-
end policies can map images directly to steering commands, but they are hard to inspect
and often assume GPU-class inference [2]. Learned BEV reconstruction methods such
as Lift-Splat-Shoot [3] and BEVFormer [4] are strong in structured driving settings, but
they generally assume multi-camera inputs and larger compute budgets [5]. Classical
homography-based BEV is lighter. In this thesis, however, the slow step is often not
projection but path discovery after projection: skeleton extraction, Dijkstra search, and

distance-transform ridge tracing can take hundreds of milliseconds per frame. This motivates



using BEV selectively rather than treating it as the default planning domain.

1.2 Problem Statement

In this thesis, I consider a real-time sidewalk-following use case with a single forward-facing
camera. In one frame, a drivable path must be chosen from the traversable region and passed
to a downstream controller as a set of waypoints. Two research questions emerged during
my experimentation. For straight-ahead following, is warping the mask to BEV useful, or
is an image-space representation adequate? For situations where a BEV representation is
helpful, such as turn geometry and corridor validation, can it be accommodated without
compromising the frame rate?

To answer these questions, I designed a narrow experimental evaluation using recorded
campus sidewalk video sequences. This design choice isolates the performance of my
perception and planning system from closed-loop scooter dynamics, which would introduce
additional complexity. The reported runtime is measured on a CPU. I evaluated the system
on six video sequences containing more than 22 000 frames in total, and 448 ground-truth
masks were hand-annotated. Since I did not test in closed loop, the results in this thesis are
not intended as a safety claim. They represent evidence for my claims about the capabilities

of the perception and planning system.

1.3 Approach Overview

To achieve sidewalk following, I designed the system in five stages. First, a trained
SegFormer-B0 [6] teacher—student network produces a sidewalk mask. Second, the mask
can optionally be warped to BEV using a homography matrix. Third, connected-component
filtering and basic morphology clean the mask. Fourth, a path planner uses either the BEV
sidewalk mask or the original image-space mask to choose a path from the traversable region.

Finally, a temporal smoothing stage reduces frame-to-frame planning jitter, as shown in
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Figure 3.1.

I iterated on this system four times, while keeping each version backward-compatible
with the previous one. In this thesis, I describe the development from iteration to iteration.
The iterations trace an arc away from path discovery and toward path verification:

* Iteration 1: A BEV skeleton-graph planner with a SegFormer-B2 teacher, discovering

paths through BEV pixels.

* Iteration 2: A BEV distance-transform planner with enhanced mask morphology,
finding ridge paths through the sidewalk area.

* Iteration 3: Image-space midpoint and distance-transform planners with a OneFormer
Swin-L teacher, removing the dependency on BEV pixels for straight-ahead path
following.

 Iteration 4: A template-approval planner that uses a BEV corridor to check the
validity of GPS-conditioned waypoint turns. In other words, the system checks
whether the waypoint-turn template falls within the corridor.

The system described here is closest to a classical corridor-following system and least
similar to end-to-end learning. End-to-end systems can produce strong benchmark results,
but they are hard to debug in the real world [2, 7]. Dense monocular learned BEV reconstruc-
tion can improve scene understanding, but it remains challenging for low-power devices [5].
Classical corridor-following planners can run faster than both of these approaches in struc-
tured settings such as agricultural crop rows, but sidewalks have more complex topology,
with branches, intersections, and turning commands [8, 9]. My main concern in this thesis is
the empirical claim: a fair comparison of BEV-domain planning and image-space planning

on monocular sidewalk masks.

1.4 Contributions

This thesis makes the following contributions:



1. A systematic comparison of ten path-planning methods spanning four algorithm families
on 448 hand-annotated frames across eight video sequences, providing statistically sig-
nificant evidence (Friedman p < 107%!) that image-space midpoint planning achieves
14.5 px lateral error at 3.0 ms per frame for straight-ahead following. The evalua-
tion further demonstrates that midpoint planning is intent-agnostic—it cannot execute
commanded turns—motivating the dual-domain architecture that retains BEV for turn

compliance (Chapter 4).

2. A template-approval planning architecture that replaces costly skeleton-graph construc-
tion with efficient verification of pre-computed arc templates against distance-transform
corridors, achieving 69.5 ms mean pipeline time (Table 4.13) while eliminating slow
per-frame graph construction. The BEV domain is retained for corridor extraction and

turn validation rather than being discarded (Chapter 3).

3. A semi-supervised segmentation training recipe using a high-capacity OneFormer Swin-L
teacher [10] to generate pseudo-labels for a compact SegFormer-B0 student [6], achieving
IoU of 0.934 at 14.6 ms on CPU, further improved to IoU of 0.964 through fine-tuning
on 228 human-corrected masks. The fine-tuned model generalizes well: held-out video

IoU (0.974) exceeds training-video IoU (0.963), confirming no overfitting (Chapter 4).

4. A multi-scale offline evaluation protocol that validates findings at four complementary
scales—448 hand-annotated frames across eight video sequences for planner accuracy
and segmentation quality, intent-conditioned evaluation on 17 930 annotated video frames
for turn compliance, temporal stability analysis measuring heading jitter and path con-
sistency, and an 1800-frame accepted run for sustained system validation. A train/test
split confirms generalization: videos used for fine-tuning (VID_017-020) are evalu-
ated separately from held-out videos (IMG_1878, IMG_1921, IMG_1922, IMG_1924)
(Chapter 4).

5. A GPS-conditioned waypoint-turn planner with a containment safety guard that veri-

4



(a) Scooter platform with mounted camera. (b) Example first-person view from the camera.

Figure 1.1: Hardware platform and camera view. Data were collected with one forward-facing
commodity RGB camera per run, including iPhone and GoPro-style camera hardware.
fies committed paths against the BEV corridor before execution, validated with a 0%

containment failure rate (Chapter 3, Chapter 4).

1.5 Thesis Organization

Chapter 2 reviews prior work and identifies research gaps. Chapter 3 describes the complete
system design. Chapter 4 presents experimental results. Chapter 5 discusses implications,
limitations, and threats to validity. Chapter 6 summarizes contributions and outlines future

work. Figure 1.1 shows the hardware platform.



CHAPTER 2

BACKGROUND AND RELATED WORK

This chapter reviews work directly connected to the pipeline: sidewalk perception platforms,
BEV projection and local planning, distance-transform and skeleton path extraction, and
semi-supervised training for embedded segmentation. The review is scoped to monocular

sidewalk following on scooter-scale hardware.

2.1 Sidewalk Perception and Navigation

Sidewalk robots operate under a tighter sensor budget than road vehicles. A car can carry
LiDAR, radar, multiple cameras, and GPU hardware; a scooter-scale robot often cannot.
Starship Technologies has deployed delivery robots using cameras, ultrasonic sensors, and
pre-mapped routes [1]. Viteri et al. [7] use RGB-D sensing for sidewalk following, and
Machkour et al. [11] demonstrate monocular navigation in indoor corridors. These systems
show that small-platform navigation is feasible, but they do not isolate the coordinate-domain
question tested in this thesis: whether a monocular sidewalk mask is better planned in BEV
or image space.

Semantic segmentation supplies the traversable-region mask used by the planners. Seg-
mentation architectures range from FCN [12] and DeepLabV3+ [13] to lightweight networks
such as BiSeNetV2 [14] and DDRNet [15]. SegFormer [6] combines a hierarchical Vi-
sion Transformer encoder [16] with a lightweight MLP decoder, with variants from B0
(3.7M parameters) to B5 (84.7M). The data problem is more limiting than the model
choice: CityScapes [17] is vehicle-mounted street data, RUGD [18] is off-road terrain, and
Mapillary Vistas [19] differs from a low-mounted scooter viewpoint. This motivates the

teacher—student training setup in Section 3.2.1.



2.2 BEYV Projection and Path Planning

The utility of BEV representations derives from their expression of local geometry in
a top-down frame. Classical Inverse Perspective Mapping (IPM) [20] utilizes a planar
homography to project image pixels onto the ground plane [21, 22]. However, this technique
relies on the idealization of a planar surface and static camera extrinsics, which is only
approximately satisfied on sidewalks. Learned BEV approaches, including Lift-Splat-
Shoot [3], BEVFormer [4], and Focus on BEV [5], loosen certain of these assumptions, yet
they typically require inputs from multiple cameras or GPU-class compute resources.

The more subtle challenge involves the computational load associated with BEV. Al-
though a monocular camera yields a narrow trapezoidal observation region, many path-
finding strategies continue to perform an exhaustive search across the BEV grid at every
frame. Skeletonization, Dijkstra search, and distance-transform ridge extraction can collec-
tively dominate the allowable time budget. This thesis decouples BEV discovery from BEV
verification, estimating the discovery cost at 540-927 ms per frame and the cost of verifying
fixed templates against the corridor at 3—5 ms (Section 4.3).

In terms of local planning methods, approaches encompass graph search [23, 24], poten-
tial fields [25], the Dynamic Window Approach (DWA) [26], trajectory optimization [27],
and end-to-end learned policies [2, 28]. The task of agricultural row following [8, 9] shares
visual similarities because it follows a corridor-shaped region, although sidewalks contain
more complex structures such as curved paths, offshoots, curb cuts, and discontinuous edges.
A significant body of prior research has conducted planning in BEV or world coordinates
from the outset; Chapter 4 examines this assumption through benchmarking ten methods

across BEV and image-space domains.



2.3 Distance Transform and Skeleton Methods

The Euclidean Distance Transform (EDT) [29] calculates the distance to the closest boundary
for each pixel within an area, yielding a clearance map whose ridge follows the corridor
centerline. In 2D binary mask planning, the EDT ridge can be extracted by means of
Dijkstra search on a cost field c(x,y) = 1/(d(x,y) + €)%, thus steering a robot toward the
corridor’s widest central regions. This thesis explores a distinct application: utilizing the
distance-transform corridor as a verification layer against which to evaluate pre-computed
template arcs, transforming the role of the EDT from a discovery engine to a verification
layer (Chapter 3).

Morphological skeletonization [30, 31] condenses a binary mask into its medial axis
to enable graph-based path enumeration. Nonetheless, this technique is sensitive to noise;
minute mask protrusions result in spurious branches requiring additional heuristic pruning.
The complete pipeline—thinning, pruning, graph construction, and Dijkstra search—is quite
costly. None of the existing literature reviewed here compares skeleton-graph construction
and template verification on sidewalk image data; the present thesis provides this comparison

(Chapter 4).

2.4 Semi-Supervised Learning and Embedded Deployment

Knowledge distillation [32] facilitates the transfer of capabilities from a large teacher model
to a smaller student model by utilizing the teacher’s soft probabilities to train the student,
rather than relying only on hard labels. Some semi-supervised variants employ the teacher
model to generate pseudo-labels for unlabeled data [33]. OneFormer [10] consolidates
semantic, instance, and panoptic segmentation through task-specific joint training; trained
on ADE20K [34], COCO [35], and CityScapes [17], it can produce high-quality pseudo-

labels across diverse visual classes using a Swin-L backbone [36]. 1 do not know of



prior work using OneFormer Swin-L as the teacher and SegFormer-BO0 as the student for
binary sidewalk segmentation; this thesis implements this configuration and achieves an
IoU of 0.964 at 14.0 ms on CPU after fine-tuning on 228 manually corrected mask images
(Chapter 4).

Deployment on embedded platforms such as the Raspberry Pi 4 and Rock 5B demands
deliberate consideration of model selection and pipeline design. A 10 Hz (100 ms) processing
loop is adequate for vehicles operating at 1-2 m/s [37, 38]. Although frameworks such as
ONNX Runtime [39] and techniques such as model quantization may further reduce latency,
few sidewalk applications have evaluated a full perception-to-planning pipeline on CPU.
This thesis presents such an end-to-end CPU-based system evaluation, with an image-space

pipeline capable of delivering 50 FPS on CPU (Chapter 4).

2.5 Summary and Research Gap

This thesis identifies four research gaps:

1. The absence of a systematic comparison between BEV and image space for
sidewalk navigation. This work addresses this through a ten-method, two-domain
benchmarking effort (Chapter 4).

2. A lack of cost-benefit analysis of BEV discovery versus BEV verification. The
cost-benefit study in Chapter 4 identifies a difference of several orders of magnitude
in cost between BEV discovery and BEV verification, and shows that the latter still
holds value for metric-scale turn-radius geometry.

3. A failure to apply the OneFormer-to-SegFormer distillation recipe to sidewalk
segmentation. This thesis provides such a recipe, achieving 0.964 IoU at 14.0 ms on
CPU.

4. A paucity of end-to-end CPU pipeline benchmarks for sidewalk applications.

This thesis presents system-level profiling and benchmarking showing that the recom-



mended image-space pipeline, from segmentation to planning, achieves 50 FPS on
CPU.

These research gaps motivated the system design in Chapter 3.
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CHAPTER 3

SYSTEM DESIGN

The system changed through four design iterations. Version 1 used BEV skeleton-graph
planning and exposed topology, but it was unstable when masks changed. Version 2
used a BEV distance-transform ridge and reduced some skeleton artifacts, but the graph
search remained too slow. Version 3 moved straight-ahead following into image space.
Version 4 kept image-space following and returned to BEV only for corridor verification and
commanded turns. The final system therefore uses image space for fast straight following

and BEV for metric turn geometry.

3.1 Hardware Platform

The hardware constraint is the starting point for the design. Each run uses one forward-facing
monocular RGB camera and CPU-only processing. Without depth, stereo, LiDAR, or IMU
input in the evaluated pipeline, three-dimensional reasoning comes from calibrated image
geometry, specifically a planar homography.

The experimental platform is an electric scooter with a commodity RGB camera mounted
to the handlebar stem at approximately 0.8 m above ground level and angled about 10°
downward (Figure 1.1). The dataset includes video captured with an iPhone camera and
GoPro-style action-camera hardware; each sequence is treated as a monocular forward-
view stream. The target deployment class is a Raspberry Pi 4 (Cortex-A72, 8 GB RAM)
or Rock 5B single-board computer. Development and evaluation were performed on a
workstation (Intel Core 17-12700K, 32 GB RAM, NVIDIA RTX 3060), but reported runtimes
use CPU-only inference with the GPU disabled. Raspberry Pi latencies are expected to be

2-3x higher because of lower clock speed and memory bandwidth.
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Figure 3.1: Sidewalk navigation pipeline.

These constraints set the segmentation model size and the planner runtime budget.

3.2 Segmentation Module and Supervision Strategy

The 10 Hz inference target constrains how large the segmentation model can be. In the
CPU testing environment, SegFormer-B0 [6] has 3.7M parameters and executes in less than
50 ms, allowing time for mask post-processing and path planning. Consequently, larger
configurations such as B2 and BS cannot be supported without sacrificing the overall pipeline

frame rate.

3.2.1 Teacher-Student Supervision

Since the annotated sidewalk dataset is relatively small, this thesis adopts a teacher—student
supervision strategy. Two teacher models were tested: a SegFormer-B2 model trained on a
small set of manually annotated frames, and OneFormer Swin-L [10] trained on ADE20K.
The OneFormer teacher generates pseudo-labels for 1,419 unlabeled frames drawn from
10 different campus video clips. Connected-component filtering removes noise from the
teacher predictions. A confidence threshold of T = 0.60 is then applied, and manual ground

truth is prioritized over teacher pseudo-labels wherever both are available.
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3.2.2 Limitations of Teacher Pseudo-Labels

The teacher’s pseudo-labels consistently exhibit systematic errors, primarily because its
pre-training distribution assumes a different camera viewpoint than the scooter-mounted
sensor. The teacher model was largely trained on vehicle-borne imagery captured from
approximately 1.5-2.0 m above the ground, whereas the scooter camera operates from a
height of roughly 0.8 m. While evaluating errors during the annotation of 228 frames from
VID_017 through VID_020, three prominent issue classes were identified:

* Unreachable surface segmentation: The teacher detects any surface resembling a
drivable road, such as public roads located behind barriers or parallel pathways situated
at different elevations, even when those surfaces cannot be physically traversed by the
scooter.

* Shadow and sunlight failures: Under strong shadows, the teacher either fails to
detect sidewalk or incorrectly classifies grass. Direct sunlight also causes the model
to confuse overexposed sidewalk regions with adjacent surfaces.

* Seasonal appearance variation: Brown, dormant grass looks similar to concrete,

and the teacher has trouble distinguishing these textures at their shared boundaries.

3.2.3 Human-Corrected Fine-Tuning

In the fine-tuning stage, a stricter definition is enforced: the model predicts only sidewalk
traversable by the ego vehicle. Starting from the teacher model checkpoint, training runs for
8 epochs using a learning rate of 2 x 10~ with cosine annealing and a batch size of 4. The
model is trained using a combined cross-entropy and Dice loss function, and IoU increases
from 0.934 to 0.964 while precision increases from 0.951 to 0.981 (Table 4.2). The most
notable improvement is the reduction of over-segmentation on unreachable pavement. The
loss function is defined as .2 = Z¢g + ZDice, With added weighting for sidewalk pixels.

Table 3.1 summarizes the complete training stages.

13



(a) Camera input (b) Ground truth (blue) (c) Fine-tuned prediction (green)

Figure 3.2: Segmentation examples from training videos.

The relationship between image resolution and runtime performance is detailed in the

next section.

3.3 Resolution Trade-Off Analysis

The selected input resolution was determined through empirical testing. Lower resolutions
failed to preserve narrow sidewalk boundaries, while higher resolutions exceeded the
available computational budget.

SegFormer-B0O was benchmarked on CPU at the resolutions detailed in Table 3.2. Con-
figurations at 320 180 resolution and below were discarded because they lacked sufficient

boundary detail. Configurations at 960x540 and higher were rejected for exceeding the
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Segmentation Quality: Baseline vs. Student Model

Frame 30 — Baseline Frame 100 — Baseline Frame 200 — Baseline

Figure 3.3: Baseline and OneFormer-trained segmentation outputs.

Table 3.1: Segmentation training progression. SegFormer-B0 is unchanged; the changes are the
teacher, loss, and added frames. Val IoU uses the validation split, while Table 4.2 reports the separate
228-frame hand-labeled evaluation.

Stage Teacher Training Frames Val IoU Latency (ms)
1 SegFormer-B2 (300 hand-labeled) 699 0.880 18.9
2 OneFormer Swin-L (ADE20K) 699 0.944 11.7
3 OneFormer Swin-L + boundary loss 699 0.948 11.7
4 OneFormer Swin-L + expanded data 1,419 0.959 11.7

50 ms latency constraint. The selected input is 640x360 because it retains usable boundary
detail while keeping latency under 50 ms.

The next step is the BEV projection performed by the turn and verification modules.

3.4 Bird’s-Eye View Projection and Mask Refinement

Metric verification remains necessary for turn decisions. Using a four-point planar homog-
raphy (p’ ~ Hp, where H is derived from four known ground-plane correspondences), the
mask is projected onto a 6m x 11m grid in bird’s-eye view. This target grid resolution is
360x 660 pixels (60 px/m). The warp process takes approximately 0.9 ms on CPU. Given

the assumptions of planar ground and a fixed camera pose, this projection is applied only
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Table 3.2: SegFormer-B0O CPU latency by input resolution.

Resolution Latency (ms)  FPS

160x90 19.84 50.40
320x 180 25.35 39.45
480x270 42.05 23.78
640x360 46.00 21.74
768x432 93.55 10.69
960x540 152.45  6.56
1280x720 35240 2.84

native | 72.9 ms " [} 960x540 | 154.4 ms
- . TR o

Figure 3.4: SegFormer-B0 resolution sweep.

where precise metric geometry is required: corridor verification and turn-geometry planning.

Noise in the far distance increases after the perspective warp. To address this, the pipeline
retains only the ego-connected component after masking, optionally applying morphological
closing and opening and filling holes. Boundary smoothing and distance-transform-based
component selection are also optional. The subsequent planners consume either this BEV

mask or the corrected 2D image mask as input.
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3.5 Path Planning Methods

Ten path planning methods spanning two geometric domains and four algorithm families are
compared. The central lesson of the design progression is that the planning domain—BEV
versus image-space—matters as much as the planning algorithm. Table 3.3 provides a
compact overview; the subsections below describe each method.

Table 3.3: Ten path planning methods.

Method Domain Family Strategy Complexity
Midpoint Image  Geometric  Per-row boundary averaging O(H-W)
Weighted Centroid Image  Geometric ~ Area-weighted center of mass O(H-W)
Image DT Image  Cost-field EDT ridge + drift constraint O(H-W)
Image DT-Ridge Image  Cost-field  EDT ridge tracing (image) O(H-W)
BEV DT-Ridge BEV Cost-field  EDT ridge tracing (BEV) O(NlogN)
Skeleton-Graph BEV Topological Graph search (Dijkstra) O(NlogN)
Skeleton Hybrid Image  Topological Coarse skeleton + DT refine O(H-W)
Template-Approval BEV Template Propose-and-verify (7 arcs) OK-L)
Dynamic Window  Image  Sampling  Velocity-space sampling OK-T)
Potential Field Image  Sampling  Attractive/repulsive forces O(H-W)

3.5.1 BEY Skeleton-Graph Planner

The Guo—Hall parallel thinning algorithm [31] reduces the BEV mask to a 1-pixel-wide skele-
ton. An undirected graph 4 = (¥, &) is constructed from skeleton pixels with 8-neighbor
edges, and Dijkstra’s algorithm [40] enumerates candidate paths scored by curvature and
lateral shift. This method exposes junction topology but proved unstable in practice: minor
mask perturbations create or destroy branches, causing path jumps between frames. At

734 ms per frame (Table 4.6), it consumes the entire real-time budget.

3.5.2 BEYV Distance-Transform Ridge Planner

This method computes the EDT of the BEV mask and traces the ridge of maximum clearance

via Dijkstra on a cost field c(x,y) = 1/(d(x,y) + €)% (¢ = 0.5, o = 1.5), smoothed with
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a Savitzky—Golay filter [41]. The ridge tracks the corridor center more consistently than

skeletonization but inherits the full cost of BEV-domain graph search.

3.5.3 BEYV Template-Approval Planner

A bank of seven pre-computed arc templates (straight plus gentle, medium, and sharp arcs
in each direction) is scored against the distance-transform corridor [42]. Each template is
evaluated by containment within the corridor, and the highest-scoring template passing a
confidence gate becomes the planned path. Family-reuse hysteresis suppresses frame-to-
frame switching. This approach eliminates noise-sensitive graph construction, reducing
mean heading error by 40.6% and halving path-source switches compared to the skeleton-

graph baseline (Table 4.9). This is the planner used in the 1,800-frame accepted run.

3.5.4 Image-Space Midpoint Planner

For each row y of the image-plane mask, the left and right sidewalk boundaries are identified
and the midpoint xpiq(y) = (x2(y) +xg(y))/2 is computed. A connected-component filter
ensures only the ego-connected region is used, and per-row midpoints are smoothed with
a Savitzky—Golay filter. This method achieves 14.5 px lateral center error at 3.0 ms—the
lowest error and fastest runtime among all ten methods—a 186 x speedup over BEV skeleton-
graph planning. The central finding: for straight-ahead path extraction, the segmentation

mask already encodes sufficient geometric information without BEV transformation.

3.5.5 Remaining Planners

Image-Space DT. The EDT is computed on the image-plane mask, and the maximum-
clearance ridge is traced with a per-row lateral drift constraint. More robust than midpoint

on irregular masks but slower (129.9 ms).
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Image-Space DT-Ridge. Traces the global EDT ridge without drift constraint, allowing

unconstrained ridge following (99.4 px error, 44.6 ms).

Weighted Centroid. Area-weighted center of mass per row, biased toward the corridor

interior (51.1 px error, 2.4 ms—second-best accuracy).

Dynamic Window Approach. Samples admissible velocity pairs [26] and scores trajec-
tories by heading alignment, clearance, and progress (77.0 px error, 3.6 ms). Exhibits the

lowest heading jitter (2.1 deg/frame).

Potential Field. Attractive/repulsive forces [25] from goal and boundaries (154.4 px error,

2.8 ms). Suffers local-minimum sensitivity; paths on only 92% of frames.

Skeleton Hybrid. Coarse image-space medial-axis extraction refined by local EDT ridge

snapping (82.1 px error, 8.1 ms—much faster than BEV skeleton-graph).

3.5.6 GPS-Conditioned Waypoint-Turn Planner

Turn maneuvers require metric-scale arc geometry that only BEV coordinates can provide.
When a GPS waypoint triggers a junction maneuver, the planner operates in five stages:
(1) scanning a forward decision band (2 m to 7 m) for asymmetric road openings on the
commanded side; (2) clustering supported rows and selecting the candidate turn apex;
(3) target gating with acquisition/sustain hysteresis (thresholds 0.40/0.25); (4) fitting a
constant-curvature circular arc from ego through the apex, parameterized by arc angle a
and turn-side sign s as x = Rsin(a) and y = sR(1 — cos(a)); and (5) containment gating

requiring >60% of path points inside the corridor and >70% within the near-field (1.2 m).
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3.5.7 Turn Containment Safety Guard

Every committed control path is evaluated against the BEV drivable mask before execution,
measuring path-outside ratio, path-outside count, and minimum boundary clearance. The
first 4 samples near the ego are excluded due to BEV bottom-edge noise. Paths failing
containment trigger hold behavior with speed reduction, ensuring unsafe paths never reach

the controller. Overnight validation achieved a 0% containment failure rate.

3.6 Temporal Smoothing

Frame-by-frame inference produces unavoidable jitter. Three EMA filters are applied:
(1) path smoothing on cubic polynomial coefficients with adaptive a (0.35-0.85) and
topology-change reset; (2) heading smoothing with circular EMA handling the +180°
wraparound, resetting on jumps exceeding 45°; and (3) mask smoothing with a conservative-
blend policy (& = 0.65, consistency threshold cyesn = 0.20) that reduces blending when

consecutive-frame IoU drops sharply.

3.7 Obstacle Detection, GPS Navigation, and Control

Obstacle detection. Obstacle detection uses YOLOv8-nano [43, 44] with a confidence
threshold of 74y = 0.35. Distance is estimated from the bounding-box foot position using a

pinhole approximation:
d= he
tan (¢, (Xt —0.5))

where i, = 0.8 m. Obstacles within 1.0m trigger a full stop; obstacles within 3.0m reduce

the speed to 0.3 m/s.

GPS navigation. GPS serves as an intent-conditioning signal, not a localization source. A

low-cost GNSS module (u-blox NEO-series, 1 Hz, 2.5 m CEP) provides waypoint intent:
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bearing difference below 12° yields straight intent, 12-40° yields left/right, above 40° yields
sharp turn. The heading command blends vision (w, = 0.7) and GPS (w, = 0.3); when no

fix is available, w, falls to zero.

Steering and speed. A pure-pursuit-inspired control law [45] converts the heading angle
to discrete commands: straight (|6] < 12°, v = 1.5 m/s), left/right (12-40°, linearly interpo-
lated), or sharp turn (> 40°, v = 0.4 m/s). Commands are transmitted via USB-serial with a

500 ms hardware watchdog.

3.8 Safety Mechanisms

The default response to uncertainty is to slow or stop [46]. Non-negotiable gates include: full
stop with no valid path for N consecutive frames; immediate stop within 1.0 m of obstacles;
GPS loss fallback to vision-only control; manual override via hardware button; and speed

cap (0.2 m/s) when segmentation IoU drops below threshold for multiple consecutive frames.

3.9 Evaluation Metrics

The pipeline is evaluated offline using five metrics: (1) Segmentation IoU between predicted
and ground-truth masks; (2) Lateral center error (LCE = %Z |xp;, — c(yi)|, in pixels);
(3) Inside-GT ratio—fraction of path points within the ground-truth mask; (4) Temporal
stability—frame-to-frame mask IoU, with frames below 0.80 flagged as unstable; and

(5) Runtime in milliseconds on CPU.

3.10 Software Architecture

The system is implemented in Python 3.10+ using OpenCV, PyTorch, NumPy, and SciPy. A

centralized configuration module (config.py) serves as the single source of truth. Each
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research improvement is gated by a boolean flag, enabling exact reproduction of any
prior iteration. Key reproducibility artifacts include the SegFormer-BO checkpoints, BEV

calibration matrix, 448 hand-annotated masks, and the centralized configuration.
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CHAPTER 4

EXPERIMENTAL EVALUATION

This chapter presents experimental results organized around three themes: (1) segmentation
quality and generalization, (2) the ten-method planner comparison with BEV cost—benefit
analysis, and (3) system-level validation including the template planner, turn planner, and

sustained operation. The experimental setup is described first.

4.1 Experimental Setup

All experiments use campus video collected at the University of Oklahoma during daytime
hours (9 AM—4 PM) under clear to partly cloudy conditions. Eleven video sequences were
recorded; six totaling 22 679 frames are used for full-video evaluation. A total of 448 hand-
annotated frames across eight video sequences (VID_017-020, IMG_1878, IMG_1921,
IMG_1922, IMG_1924) serves as the primary benchmark. Of these, 228 (VID_017-020)
were used for fine-tuning and 220 (IMG_1878, IMG_1921, IMG_1922, IMG_1924) are
held out. All annotations were produced by a single annotator (noted as a threat to validity
in Section 5.4). Runtime is mean per-frame wall time on CPU (Intel Core 17-12700K, GPU
disabled). Table 4.1 summarizes the dataset.

For the planner comparison, each method receives the same cleaned binary mask; BEV
methods receive the homography-warped version. BEV planners run in stateless mode (fresh
instance per frame). The fine-tuned model is trained on 228 frames from VID_017-020

with a 20% validation hold-out; the reported IoU (0.964) is the validation-set metric.
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Table 4.1: Video dataset summary.

Video ID Approx. Frames Conditions

IMG 1876 ~2,000 Straight, mild shadows
IMG_1877 ~2,500 Curves, tree canopy
IMG_1878 ~3,000 T-junctions, surface changes
IMG_1921 ~2,500 Wide path, open area
IMG_1922 ~4,000 Mixed conditions
IMG_1924 ~5,000 Diverse, pedestrian traffic
IMG_1931 ~3,500 Narrow paths, tight turns

VID 017-020 ~4,000 each New campus routes, March 2026

(c) BEV projection

(b) Binary segmentation mask

Figure 4.1: Segmentation pipeline stages.

4.2 Segmentation Quality and Generalization

Figure 4.1 illustrates the segmentation pipeline stages from RGB input through BEV projec-
tion. Table 4.2 compares the three-stage segmentation progression on 228 hand-annotated
frames. Switching from a SegFormer-B2 teacher to OneFormer Swin-L raised IoU from
0.926 to 0.934; fine-tuning on human-corrected masks raised IoU to 0.964, driven by preci-
sion gains (0.951 — 0.981) that confirm suppression of background over-segmentation. The
student architecture (SegFormer-B0, 3.7M parameters) remained unchanged throughout all
three stages; only the teacher, training data, and recipe varied. Per-video results (Table 4.3)
confirm consistency across sequences.

A full-video replay across six sequences (22 679 frames) confirms generalization: the
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Table 4.2: Segmentation quality on 228 hand-annotated frames.

Model IoU Prec. Recall F1 ms

Baseline (B2 teacher) 0.926 0946 0.978 0.960 15.6
Teacher-trained (OneFormer)  0.934 0.951 0982 0.965 14.6
Fine-tuned (hand-annotated) 0.964 0.981 0.982 0.982 14.0

Table 4.3: Per-video segmentation IoU for the fine-tuned model (228 frames).

Video IoU Precision Recall

VID_017 0.971 0.982 0.989
VID_018 0.960  0.978 0.982
VID_019 0962  0.988 0.974
VID_020 0.963  0.978 0.984

All 0964 0.981 0.982

candidate model reduces temporal instability by 77% (1.46% — 0.33%) and increases

template success rate by 5.6 percentage points (Table 4.4, Figure 4.4).

Table 4.4: Full-video replay metrics.

Metric Baseline Candidate A
Mean Seg loU 0.909 0.925 +0.016
Unstable Rate [%] 1.46 0.33 —1.13pp
Template Success [%] 73.7 79.3 +5.6 pp
Fallback Rate [%] 19.0 14.3 —4.7pp

To verify that fine-tuning is not memorization, both models were evaluated on sequences
never used during fine-tuning IMG_1878, IMG_1921, IMG_1922). The fine-tuned model
produces tighter masks with less background over-segmentation (Figure 4.5), and held-out
IoU (0.974) exceeds training-set IoU (0.963), confirming generalization.

Figure 4.6 illustrates the complete perception-to-planning pipeline on three diverse
campus scenes. Each row shows (a) the raw camera input, (b) the fine-tuned SegFormer
prediction overlaid on the frame, and (c) planned navigation paths computed from the

predicted mask, with a BEV inset showing the projected corridor.
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Figure 4.3: SegFormer-BO0 training curves.

4.3 Ten-Method Planner Comparison and BEV Cost—Benefit

Table 4.5 illustrates how the four design iterations produced the ten planners being evaluated.
These planners are assessed on 448 frames manually annotated with masks representing the
oracle. The ranking is statistically significant (Friedman test, x> =311.1, p = 1.17 x 10761,
N =71 common frames). Of the 45 pairwise Wilcoxon signed-rank tests with Bonferroni
correction, 32 remain significant, and the comparisons with midpoint are always significant.
The common-frame count indicates how many frames each planner found a path in. Since
the BEV DT-ridge planner could produce paths on only 16% of frames, it has a lower
common-frame count than the other planners. When that planner is removed, the Friedman
statistic for the remaining nine-method comparison is x> = 1513.7, p < 107318, N = 410.

Accuracy and runtime are listed in Table 4.6, while Table 4.7 shows how changing the
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Full-Video Replay — 22,679 Frames Across 6 Sequences

Figure 4.4: Full-video replay comparison.

Table 4.5: Design iteration progression.

Iter. Planner Domain Key Change FPS
vl  Skeleton-Graph BEV Guo—Hall + Dijkstra 9.1
v2 DT Ridge BEV EDT ridge replaces skeleton — ~1
v3  Midpoint/ DT  Image-space = BEV bypass 59.2
v4  Template Arc BEV corridor Propose-and-verify 9.97

segmentation model changes midpoint planning accuracy.

The accuracy/speed tradeoff is visualized in Figure 4.8. Midpoint is in the Pareto-optimal
corner, with the best accuracy and fastest runtime. Four planners fit the real-time budget
of 100 ms: midpoint, weighted centroid, dynamic window, and potential field. Midpoint is
superior on accuracy within this set, while weighted centroid has the next-best accuracy at
51.1 px error.

Image-space midpoint achieves the lowest lateral center error, 14.5 px (95% CI [13.5,
15.4]), in the fastest runtime, 3.0 ms. When the segmentation model is fine-tuned, midpoint
error is reduced from 35.6 px to 18.3 px (Table 4.7), an improvement of 49% toward the
oracle bound. As discussed earlier, the midpoint planner is intent-agnostic, so it cannot
perform the turns it is commanded to make; this is why the system adopts a dual-domain
architecture. Of the other planners, weighted centroid (51.1 px error, 2.4 ms runtime) and
DWA (77.0 px error, 3.6 ms runtime) are attractive options within the real-time constraints.

Figure 4.9 summarizes these results, and Figure 4.10 shows the BEV skeleton-graph pipeline.

27



Table 4.6: Ten-planner oracle-mask comparison.

Family Planner Path [%] Inside-GT Err. [px] ms
Geometric (boundary-based)
Midpoint 100 0.99 14.5 3.0
Weighted Centroid 100 0.99 51.1 2.4
Cost-field (distance-transform)
Image DT 100 1.00 87.0 129.9
Image DT-Ridge 100 1.00 99.4 44.6
BEV DT-Ridge 16 0.80 48.0 174.2
Topological (skeleton/graph)
BEV Skeleton-Graph 100 0.96 84.1 734
Skeleton Hybrid 100 0.99 82.1 8.1
Template and sampling
BEV Template-Approval 100 0.98 84.8 259
Dynamic Window 100 0.99 77.0 3.6
Potential Field 92 0.91 154.4 2.8

Table 4.7: Segmentation model effect on midpoint planning.

Segmentation Model Inside-GT Center Err. [px] ms

Baseline (old model) 0.987 394 3.0
Teacher-trained 0.968 35.6 3.0
Fine-tuned 0.985 18.3 3.0
Oracle (ground truth) 0.994 14.5 3.0

Segmentation Error Cascade

If the planners are given predicted masks rather than oracle masks, the midpoint planner
degrades by only 3.8 px (14.5 px — 18.3 px), suggesting a robust pipeline. The held-out
segmentation IoU is 0.974 for the evaluations in this chapter, which is higher than the 0.963
measured on the training set. The midpoint lateral error is also lower on the held-out video
set, at 14.0 px, than on the training videos, at 22.4 px. This is attributed to differences
in video geometry rather than overfitting to the training set. Figure 4.11 summarizes the

error cascade and evidence for generalization, and Figure 4.12 visualizes this effect on three
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frames.

Intent-Conditioned Evaluation

There are 17 930 frames with intent labels. While midpoint remains reasonably accurate
in terms of position (23—28 px center error), it succeeds on only a fraction of commanded
turns (33—46%; Figure 4.14). This is exactly what one would expect, since it does not
know where the user wishes to go and simply follows the center of the visible corridor. The

waypoint-turn planner in Section 4.5.2 addresses this problem.

Temporal Stability

The DWA exhibits the least heading jitter, only 2.1 deg/frame. Midpoint exhibits the second
lowest, at 4.5 deg/frame on average (p9s = 18.5 deg), which is why the system adds a
temporal smoother. Right turns destabilize every planner, relative to straight motion, by

2-3x%.

4.3.1 BEYV Cost-Benefit Analysis

The BEV masks achieve approximately 33% fill, enough to produce a viable corridor
and turn shape to evaluate. The computational bottleneck is path finding; it requires 540—
927 ms per frame. The path verification step requires only 3—5 ms (Table 4.8). The BEV
skeleton-graph planner still achieves an error of 82.1 px with oracle masks, compared to
14.5 px for the image-space midpoint planner, implying that the coordinate transform itself

is error-prone.

Table 4.8: BEV discovery and verification cost.

Iteration BEV Role Planner Cost BEV Value
vl (Skeleton-graph) Path discovery 734 ms Metric paths (slow)
v2 (DT-ridge corridor)  Path discovery 926.8 ms Metric paths (slower)
v3 (Image-space) None 2.2ms —
v4 (Template-approval) Verification 3——5ms Corridor + turn geometry
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The dual-domain architecture addresses this problem. Most planning is performed in
image space for straight-ahead driving. BEV is used when the system needs to verify

corridor occupancy or turn geometry, since these tasks require metric-scale reasoning.

4.4 Template-Approval vs. Skeleton Discovery

To isolate the effect of the two proposed planners, the template planner is compared with the
skeleton-graph planner on a short, calibrated clip of 220 frames (VID_017 with detections
disabled). As Table 4.9 shows, the template planner reduces mean heading error by 40.6%
and halves the number of path-source switches. The fixed arc bank, combined with family-
reuse hysteresis, produces a smoother control output than searching for a new graph path
at every frame. The lower mean speed of 1.067 vs. 1.500 m/s in this test corresponds to
slowing in the middle of a turn to account for lower confidence compared with straight-line
driving. It is a deliberate tradeoff.

Table 4.9: Template-approval versus skeleton-graph baseline.

Metric Graph Baseline Template-Approval
Mean |0| [deg] 1.190 0.707

Pos |9| [deg] 3.724 3.508
Path-source switches 36 18
Template rate [%] — 62.3

Graph rate [%] 75.0 59
Fallback rate [%] 25.0 31.8

Mean speed [m/s] 1.500 1.067

4.5 System Validation

4.5.1 Runtime Analysis

Table 4.10 compares per-module runtimes. The planner dominates the difference: image-

space midpoint costs 3.0 ms vs. 734 ms for BEV skeleton-graph, a 186 speedup.
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Table 4.10: Per-module runtime comparison.

Module BEV Pipeline Image-Space Note
SegFormer Inference 14.0 ms 14.0 ms Shared (fine-tuned)
Mask Refinement 8.5ms 3.0ms Img skips BEV cleanup
BEV Projection 0.9 ms —

BEV Cleanup 14.6 ms —

Planner 734 ms 3.0ms 186 speedup
Total 726 ms 20.0 ms

FPS 1.4 50.0

Table 4.11 shows profiled runtimes under different system configurations, illustrating

the impact of detection mode and predictive frame reuse on throughput.

Table 4.11: System-level runtime.

Configuration FPS Seg (ms) Det(ms) BEV (ms)
No detection, predictor on 25.3 20.3 — 11.0
GPU detection, predictor on  20.1 17.0 12.2 134
CPU detection, predictor on 12.2 18.8 39.0 14.6
No detection, predictor off 8.9 75.3 — 29.5

4.5.2 Waypoint-Turn Planner Validation

The turn planner is tested in a replay of 300 frames from VID_017, where the scooter’s
right-turn intent was commanded for frames 20-30. Instead of relying on GPS bearing
comparisons to infer intent as in the deployed system, I explicitly set intent in this evaluation
for the video frames at which actual turns took place when collecting data. This allows
for testing of the end-to-end pipeline (corridor scan, arc fitting, containment gating, and
template-to-turn-to-template transitions) on video data, and in real turn geometry. Table 4.12
indicates a failure rate of 0% for turn containment. The planner turns for frames 24-25
(support for the corridor is higher than the 0.40 acquisition gate) and maintains hold behavior
on surrounding frames; otherwise, the scooter follows a template. Final validation with

real-time turns that are triggered through GPS is still left to future work.
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Table 4.12: Waypoint-turn planner evaluation.

Metric Value
Total frames 300
Template rate [%] 96.3 (289/300)
Turn containment failure rate 0.0%
Min boundary clearance [px] 4.775
Mean FPS 12.86

4.5.3 1800-Frame Accepted Run

Table 4.13 shows evaluation results for the entire VID_017 video (stride 4, detection off).
The template planner has an evaluation success rate of 100% over 1800 frames, which
is a much better result compared to the 62.3% template rate in the 220-frame evaluation
(Table 4.9). It is believed to be caused by a better segmentation model (IoU 0.954) and
temporal downsampling by a factor of 4. The mean FPS of 9.97 meets the real-time
constraint of 10 Hz, indicating that the system can be deployed on CPU hardware.

Table 4.13: Accepted run on VID_017.

Metric Value
Frames processed 1800
Mean loop FPS 9.97
Mean seg loU 0.954
Has-path rate 100%
Path source template (all 1800)
Mean pipeline time 69.5 ms

4.5.4 Temporal Smoothing Evaluation

Table 4.14 indicates that, over a time period of 500 frames, the mean heading jitter has
dropped by 66% (3.2° to 1.1° per frame) and the number of path-source switches decreased
from 8 to 3, after a smoothing step is applied. The smoother mainly suppresses the residual
heading jitter, and the reset hysteresis only activates when there is an actual change in the

scence.

32



Table 4.14: Temporal smoothing effect.

Metric No Smoothing With EMA
Temporally stable frames (%) 97.8 99.6
Mean heading jitter (deg/frame) 32 1.1
Path-source switches 8 3

(a) Camera input (held-out video) (b) Fine-tuned prediction (green)

Y 2.

im
8 sliaile!

Figure 4.5: Held-out segmentation examples.

33



poyTe—

%) Wratrmbpettodin

Figure 4.6: End-to-end pipeline examples.
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Figure 4.7: Throughput across design iterations.
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Figure 4.11: Segmentation robustness summary.
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Segmentation Error Cascade: Oracle vs Predicted Mask Paths
Green overlay = road mask. Colored lines = midpoint (green) and weighted centroid (yellow) paths.

Oracle mask (err=16px) Predicted mask (err=40px)

Oracle mask (err=5px) Predicted mask (err=5px)

Oracle mask (err=20px) Predicted mask (err=17px)

Figure 4.12: Oracle-mask versus predicted-mask planner paths.
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Planner path comparison on campus sidewalk (IMG_1921)
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Figure 4.13: Planner paths on a curved sidewalk.

Path Planning by Navigation Intent: Center Error vs Turn Execution
Note: Low center error does not imply turn capability — midpoint follows visible road but cannot execute commanded turns
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Figure 4.14: Planner performance by navigation intent.
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CHAPTER 5

DISCUSSION

5.1 Why Image-Space Outperforms BEV for Straight-Ahead
Following

These results apply only to this specific task. For navigating straight, the image-space
midpoint planner is best, with 14.5 px lateral error at a 3.0 ms latency (Friedman, p < 107°1),
The error rises to 18.3 px if predicted masks are used in place of oracle masks. The same
holds on the held-out test videos, at 14.0 px error. However, the midpoint planner completely
fails with turning inputs, where turn success is only 33—46%. The midpoint tracks the visible
center of the walkways, not the turn that is actually needed.

This is primarily a geometric effect. In the original camera frame, there are numerous
row slices that have clear, unambiguous sidewalk on both the left and right hand side, and
this is directly the information used in the midpoint calculation. While the BEV warping
helps metric reasoning about the world, the warping also stretches out pixels in the far
field and fundamentally changes how frames are sampled. Even with the oracle masks, the
BEV skeleton-graph has 82.1 px error vs. 14.5 px for midpoint planning. Similarly for the
run-time results, finding a BEV path can cost 540-927 ms per frame versus 3—5 ms to just
check fixed template paths.

As it stands, better mask quality doesn’t solve the problem. Fine-tuning does bring the
midpoint error down from 35.6 to 18.3 px, or 49%, and even with the oracle masks the BEV
planning doesn’t keep up with the midpoint. There is still some error remaining that cannot
be explained by segmentation quality alone. This gap is addressed by template approval,

which checks a fixed set of arcs against the corridor instead of searching for an entire graph

40



path. This yields 40.6% lower heading error and 50% lower source switching compared to
the skeleton graph. GPS signals when a turn is needed, and the containment module verifies

whether the turn is geometrically safe. The containment failure rate is 0%.

5.2 Failure Modes

95.2% of the 448 frames have under 60 px of center error, 98.7% under 100 px. These
breakdowns are systematic. Most happen when the scooter is making tight turns, on narrow
sidewalks, in occluded scenes, or in long distance where the distortion is great. When
turning sharper than 25°, per-row midpoint drifts in 18.9% of frames. Narrower sidewalks
leave fewer edges to sample. In occluded regions the mask can be removed entirely. Points
that are further away than 8 m from the camera are too warped to make stable midpoint

plans; hence the 8 m horizon.

5.3 Broader Implications

The image-space result could be generalized to other corridor-following tasks like agri-
cultural rows [47], indoor corridors, and trails (though they are not explicitly covered in
this thesis). The template result is more broadly applicable: as the maneuver set decreases,
evaluating a small number of possibilities is more efficient than searching candidate paths
every frame. The image-space method achieves 50 FPS on the CPU-only version employed

on these sidewalk videos.

5.4 Limitations and Threats to Validity

Offline evaluation. Paths are reconstructed from a video dataset instead of being run live

on the scooter. Thus, the metrics used here are only proxies for real-time closed-loop safety.
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Single annotator, single campus. All 448 masks were created by a single annotator, so
there is no measure of inter-annotator agreement. The video data is also from a single

campus, the University of Oklahoma, under daylight.

Fixed camera geometry. The camera calibration relies on the camera having a specific

configuration. Altering either lens orientation or position would require recalibration.

No explicit obstacle integration. YOLOvS8n is included as an object detector but it does

not inform the cost function used by the planner.

Conservative turning. Containment logic prevents commitment to turns that appear
unsafe, avoiding bad paths, but it could potentially cause the system to stop due to stale

intent signals. Turn validation is seen most in VID_017.

Internal validity. Since both test and training data come from a single campus, there still
is the possibility of overfitting on geography. To mitigate this risk, I held out 20% of the
data for validation. Training and test splits were also used to further reduce overfitting risk.
For example, held-out IoU is 0.974 versus 0.963 IoU on training data. The Friedman test
(p < 10761, N = 71) and the Wilcoxon test with Bonferroni correction (N = 72 to 448, path

dependent) support the planner rankings.

External validity. Performance is likely to vary given surface material differences, weather,
lighting conditions, or a change of camera mount location. While the system achieved 10 FPS
on desktop CPU, deploying on Raspberry Pi is likely to cause a 2-3 x slowdown. Further

optimization might be needed.

Construct validity. I use lateral center error and inside-GT ratio as measures of successful
navigation. Temporal stability testing also includes a steering-based metric: midpoint jitter

of 4.5 deg/frame.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

This thesis developed a monocular-camera sidewalk navigation pipeline through four design
iterations. The final architecture uses image-space midpoint planning for straight-ahead
following and BEV template approval for turn maneuvers. Midpoint planning achieves

14.5 px error at 3.0 ms (p < 10761),

6.1 Summary of Contributions

Contribution 1: A ten-method, four-family planner comparison on 448 hand-annotated
frames (Chapter 4). Image-space midpoint achieves the lowest error and fastest runtime; its
intent-agnostic nature motivates the dual-domain architecture.

Contribution 2: A template-approval planner replacing skeleton-graph construction
with arc verification (Chapter 3), reducing heading error by 40.6% with 100% success on
1,800 frames.

Contribution 3: A teacher—student segmentation recipe (OneFormer Swin-L to Seg-
Former-BO0) achieving IoU 0.964 after fine-tuning on 228 human-corrected masks, with
held-out IoU (0.974) exceeding training IoU (0.963).

Contribution 4: A multi-scale evaluation protocol—448 annotated frames, intent evalu-
ation on 17930 frames, temporal stability analysis, and 1,800-frame sustained validation—
with train/test split and Friedman/Wilcoxon statistical tests.

Contribution 5: A GPS-conditioned waypoint-turn planner with containment gating

achieving 0% failure rate (Table 4.12).
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6.2 Future Work

Following the order of how directly they build upon the existing work, the proposed next

steps are:

6.2.1 Near-Term Extensions

Closed-loop deployment. The next logical test is deploying the full stack on the physical
scooter with obstacle detection turned on in real time. From this run, I would evaluate
tracking error relative to the ground-truth trajectory, as well as the types of failures resulting

from vehicle dynamics.

Multi-annotator evaluation. For this research, the 448 frames that constitute the evalua-
tion set were annotated by a single individual. Including additional annotators to calculate
inter-rater agreement, and adding data from other times of day and seasons, would strengthen
the results and counter some of the shortcomings of having only one annotator, as discussed

in Section 5.4.

Cross-environment generalization. Testing the model in environments other than the
University of Oklahoma campus would test robustness to different types of surfaces, weather,

foliage, and low light.

6.2.2 Longer-Term Directions

Temporal video segmentation. Methods to maintain video-level consistency, such as a
temporal attention layer or optical-flow guidance, could help further reduce segmentation

flicker across frames beyond what the EMA smoothing process provides.

Multi-camera or depth fusion. Including a depth sensor or stereo pair would allow metric

obstacle-distance estimation, which the present method approximates with the pinhole model,
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while retaining the monocular pipeline as the primary perception path.

Global route planning. Though the turn-based waypoint planner presented in this work
is GPS-conditioned to provide turn intent at junctions, the current GPS integration is
fairly rudimentary in its derivation of left/right/straight intent from bearing comparison. A
complete global route planner using a topological map, intersection detection, and multi-
waypoint turn sequencing could enable autonomous navigation across several blocks of

sidewalk at a time.

This work shows that it may be beneficial to rely on image space for straight corridor
following and to use BEV when metric turn geometry is necessary. Because segmentation,
planning, smoothing, and turn handling are separated, it should be possible to upgrade any

one of those modules without requiring an architectural overhaul.
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CHAPTER A

ALGORITHM PSEUDOCODE

This appendix contains formal pseudocode for the three planning algorithms introduced in
Chapter 3. Each is a combination of well-known methods—averaging boundaries across a
row of a semantic mask, using pre-computed path segments, and performing circular arc

fitting—configured for monocular sidewalk-planning scenarios.

Algorithm 1 Image-Space Midpoint Planner

Require: Camera-space binary mask My, (H x W), ego column Xego
Ensure: Smoothed centerline path p
1: M. < largest connected component of My, touching ego band
2:p+0
3: for each row y from bottom to top do
X, < nonzero pixel columns in M, [y]
if |x;| < wpin then continue
end if
Group X; into contiguous runs
Select best run by width and proximity to reference center
xr,xg < left and right boundaries of selected run
10: Xmid < ()CL +XR)/2
11: Append (xpmig,y) to p
12: end for
13: p < SAVITZKYGOLAY (p, window = 9,order = 2)
14: return p

R A
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Algorithm 2 Template-Approval Planner

Require: BEV mask M, previous family fprev, GPS intent 1
Ensure: Approved path, confidence, family ID
Phase A: Corridor Extraction
1: for each sampled row r from ego upward, step 4 px do
2 Scan M|r| for contiguous runs; select best by width and center proximity
3: Record boundaries (¢,,r,,c,); update reference center
4: end for
5: Compute corridor confidence y from coverage, span, width consistency
Phase B: Template Bank
6: 7 <« {straight, left-gentle, left-medium, left-sharp, right-gentle, right-medium, right-
sharp}
7: for each template do build circular arc from ego; resample at As = 0.25 m
8: end for
9: if 1 € {left,right} then filter .7 to matching family
10: end if
Phase C: Score Templates
11: foreach 7} € 7 do
12: Pcontain <— fraction of samples inside corridor
13: Prear <— containment in first 1.2 m
14: Sk < 0.22 peontain + 0-18 Ppear + 0.16 scjear + 0. 10 Scenter +0.14 Scont + - - -
15: approvedk < Peontain = 0.60 A Ppear > 0.72
16: end for
Phase D: Hysteresis
17: Add family-reuse bonus +0.06 to templates matching fprey
18: Apply straight-preference and switch-margin rules
Phase E: Decision
19: T* < top-ranked approved candidate
20: return (path, approved, confidence, T7*.family)
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Algorithm 3 GPS-Conditioned Waypoint-Turn Planner

Require: BEV corridor ¢, GPS intent 1 € {left,right}, BEV mask M
Ensure: Turn path, containment status, confidence

1:
2:

10:
11:
12:
13:
14:

Step 1: Decision Band Scan

Scan forward band [2.0,7.0] m for asymmetric road openings on commanded side
o < fraction of rows with commanded-side support exceeding opposite side
Step 2: Support Clustering

Group supported rows into clusters (max gap < 0.5 m)

T <— midpoint of largest cluster (candidate turn apex)

Step 3: Target Gating

if acquiring then require ¢ > 0.40 for 3 consecutive frames

else if sustaining then require & > 0.25; release after 5 frames below

end if

Step 4: Circular Arc Path

Fit constant-curvature arc from ego through apex 7

R <+ Ax/sin0; parameterize with arc angle a and side sign s as x = Rsin(a), y =
sR(1 —cos(a))

Step 5: Containment Gating

Require > 60% of path inside corridor AND > 70% in near-field (< 1.2 m)
Exclude first 4 samples (near-ego BEV noise zone)

if containment fails then return hold behavior with speed reduction

end if

return (arc path, confidence, slowdown recommendation)
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