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Abstract—Automated monitoring of Vulnerable Road Users
(VRUs) using fixed infrastructure cameras is essential for traffic
safety analytics in Intelligent Transport Systems. General person
detection is well-studied, yet pre-trained models often fail to
distinguish between the main VRU categories such as pedestrians,
cyclists, motorcyclists, and personal mobility device (PMD) users.
These categories require different safety interventions due to
their distinct speed profiles, infrastructure requirements, and
injury risks. We present a track-level classification pipeline that
combines real-time person detection, multi-object tracking, and
a Swin Transformer classifier fine-tuned on a custom four-class
VRU dataset. A voting scheme, based on confidence gating,
aggregates frame-level predictions into a single per-track label,
making the system robust to temporary occlusion and detection
noise. We also introduce an evaluation protocol in which the
pipeline is run once on the evaluation video, tracks are labeled
by a human annotator, and accuracy is measured by direct track
identifier, eliminating the spatial re-matching artifacts that affect
conventional pipeline evaluation. The pipeline is evaluated on
2,965 annotated tracks drawn from three urban surveillance
recordings, achieving an overall accuracy of 99.70% across
all four VRU classes. The pipeline, pretrained weights, and
evaluation scripts are released publicly to support reproducible
research.

Index Terms—vulnerable road users, multi-object tracking,
Swin Transformer, fine-grained classification, infrastructure cam-
eras

I. INTRODUCTION

Road traffic injuries remain a critical global public health
challenge. According to the 2023 WHO Global Status Report
on Road Safety, 1.19 million people died in traffic accidents in
2021, with vulnerable road users accounting for more than half
of all fatalities: 23% were pedestrians, 21% were powered two
and three-wheeler riders, 6% were cyclists, and 3% were users
of micromobility devices such as electric scooters [1]. Notably,
the number of cyclist deaths increased by nearly 20% between
2010 and 2021, and overall safety gains for VRUs has been
substantially slower than for vehicle occupants. These numbers
demonstrate the urgent need for monitoring and analytical
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tools designed with light and non-motorized road users’ safety
in mind.

Fixed infrastructure cameras at intersections, road segments,
and mobility hubs offer an affordable and non-intrusive solu-
tion for continuous VRU monitoring. Computer vision systems
built on such cameras enable several critical safety functions:
adaptive signal control, traffic counting, dangerous behavior
detection, and post-hoc accident investigation [2]. Precise
identification of the type of road user present in each scene
is fundamental for all such downstream tasks, as the risk
profiles and the required system responses for a pedestrian,
cyclist, motorcyclist, or PMD user differ significantly during
interaction with a vehicle. However, standard person detectors,
which collapse these distinct categories into a single person
class, do not provide this critical granularity.

While pedestrian detection has matured [3], [4], the fine-
grained multi-class problem remains underexplored. Special-
ized benchmarks such as the Tsinghua-Daimler dataset [5]
demonstrate that cyclists’ detection performance is substan-
tially lower than pedestrians’, particularly at long distances
and under occlusion. Although recent surveys highlight the
evolution of roadside sensing [6], [7], the majority of the liter-
ature still lacks a unified classification of pedestrians, cyclists,
motorcyclists, and personal mobility devices (PMD) users
from infrastructure cameras. The PMD class has only recently
attracted attention due to the increasing use of electric scooters
in urban areas. Prior studies on the subject have focused more
on binary detection than multi-class classification [8], [9]. To
the best of our knowledge, no prior work addresses the joint
four-class VRU problem (pedestrians, cyclists, motorcyclists,
and PMD users) within a single unified pipeline operating on
infrastructure camera footage.

The temporal dimension of video monitoring offers a sig-
nificant opportunity to improve system reliability. A moving
VRU is a sequence of bounding boxes created by a tracker
over dozens to hundreds of frames rather than a single image.
Partial occlusions, motion blur, poor lighting, and the small
apparent size of distant subjects all cause temporary mis-
classifications, making individual frame-level classifications



inherently noisy. Therefore, combining frame-level evidence
into a single, consistent per-track label is necessary for re-
liable monitoring, yet no aggregation methodology, specific
to VRUs, has been proposed or evaluated in the literature.
In this paper, we tackle both classification and aggregation
problems. We fine-tune a Swin Transformer Tiny classifier
on a custom four-class VRU image dataset, and incorporate
it into a full pipeline. After processing video clips from
fixed infrastructure cameras, the pipeline uses a confidence-
gated scheme, counting only the high-confidence classifica-
tions, to give each tracked VRU a class label and confidence
score. Swin Transformer Tiny [10] was selected based on
a systematic comparison of nine architectures trained under
identical conditions, where it achieved the highest accuracy
while offering a favorable trade-off between parameter count
and inference speed suitable for near-real-time deployment. A
full account of this comparison is deferred to a companion
benchmark paper. The following are our main contributions:

o A fine-grained VRU classifier based on Swin Trans-
former Tiny [10], fine-tuned on a custom four-class
dataset of 82,200 crops from urban surveillance footage,
with pretrained weights released publicly.

o A unified four-class VRU pipeline, the first to jointly
address pedestrians, cyclists, motorcyclists, and PMD rid-
ers from infrastructure cameras, integrating YOLO11 [11]
detection, BoOT-SORT [12] tracking, and a confidence-
gated voting scheme for stable per-track label assignment.

o A clean evaluation protocol based on direct track iden-
tifier lookup that eliminates spatial re-matching artifacts,
together with a full public release of pipeline code,
annotation tool, and evaluation scripts.l

The remainder of this paper is organized as follows. Section
IT reviews related work on VRU detection, multi-object track-
ing, and track-level classification. Section III describes the
pipeline architecture. Section IV presents the evaluation proto-
col and validation dataset construction methodology. Section
V reports quantitative results on a validation set of annotated
urban surveillance clips from three distinct camera locations.
Section VI discusses limitations and future work.

II. RELATED WORK
A. VRU detection from infrastructure cameras

Intelligent transport systems research has a long history of
using fixed cameras to automatically analyze road users. In the
survey [2], authors have shown that the majority of practical
deployments are restricted to coarse vehicle versus non-vehicle
distinctions, and that road-user detection and classification
from monocular cameras are central open problems. The
study [4] argued that in order to support meaningful safety
interventions, pedestrian protection systems must go beyond
presence detection to characterize the type, posture, and intent
of each road user. This argument is still relevant to the more
general VRU classification problem today.

Over the last ten years, the pedestrian detection sub-problem
has developed significantly. With the introduction of CityPer-
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sons [3], a large-scale pedestrian dataset based on Cityscapes
imagery, it has been shown that detectors trained on domain-
matched data considerably outperform those trained on generic
benchmarks. This result encourages us to use a specially
designed VRU dataset instead of reusing COCO-pretrained
weights for the four-class problem.

Cyclists have received significantly less attention than
pedestrians. Authors in [5] presented the Tsinghua-Daimler
Cyclist Benchmark and demonstrated that even the most
advanced detectors at the time deteriorated significantly with
increasing difficulty, proving that cyclist detection is still an
unresolved issue that is separate from pedestrian detection.
Further, in [13], LiDAR scans augmented with synthetic depth
images have been used to detect cyclists. The method achieved
competitive results, but they needed active sensor hardware
that isn’t found in typical infrastructure deployments. The
surveillance literature largely ignores motorcyclists and PMD
users as target classes, a gap that our work directly fills.

B. Electric scooter and PMD detection

The rapid growth of shared micromobility services has
motivated the initial attempts at automated PMD detection
and classification. The main challenge is that general-purpose
person detectors consistently fail to distinguish e-scooter
riders from pedestrians at the feature level. Therefore, [8]
built a dedicated e-scooter dataset and trained a detection
pipeline for dense urban environments. Although their research
showed that a purpose-trained classifier can reliably separate
riders from non-riders, the detection was performed from a
vehicle-mounted camera rather than fixed infrastructure, the
classification was binary, and it was not integrated into a
multi-class VRU framework. The safety-critical motivation
for differentiating this class was highlighted in [9], who
also suggested a YOLO-based detection system for e-scooter
riders to support injury emergency services. Using video-based
trajectory extraction in a controlled campus experiment, [14]
examined PMD movement dynamics and found that PMD
users had different kinematic profiles from both pedestrians.
However, none of these works integrate the PMD class along-
side pedestrian, cyclist, and motorcyclist classes in a shared
classification framework, nor do they address the track-level
label assignment problem.

C. Multi-object tracking

The tracking-by-detection paradigm, which independently
detects objects in each frame and then associates detections
over time, has taken the lead in multi-object tracking for
surveillance applications. This paradigm was developed with
SORT by the authors in [15], who combined a Kalman filter
for motion prediction with the Hungarian algorithm for assign-
ment. They showed that a simple, real-time implementation
could compete with much more complex offline techniques
on common benchmarks. In order to reduce identity switches
under occlusion, the study [16] extended SORT with a deep ap-
pearance descriptor at the cost of an additional re-identification
network. More recently, [12] proposed BoT-SORT, which
combines camera motion compensation, a refined Kalman
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filter state vector encoding aspect ratio directly, and optional
RelD features.

BoT-SORT achieved state-of-the-art performance on
MOTChallenge (80.5 MOTA, 65.0 HOTA on MOT17) and
integrates seamlessly with the Ultralytics framework, making
it well-suited for infrastructure deployments subject to camera
shake. Critically, tracking-by-detection systems produce
spatial trajectories but no semantic class labels, motivating
the confidence-gated voting scheme proposed in this work.

D. Classification backbones and track-level aggregation

Recently, vision transformer architectures are becoming
increasingly popular in a wide majority of contemporary image
classification backbones after the success of ViT [17]. Among
these, the Swin Transformer [10] introduced a hierarchical
architecture with shifted-window self-attention. This allows
the construction of multi-scale feature maps absent in plain
ViT and linear computational complexity with respect to image
size. Swin Tiny achieves 81.3% top-1 accuracy on ImageNet-
1K with 28M parameters, making it a feasible option for
applications where inference must run in near-real-time along-
side a detection and tracking pipeline. In addition, the ag-
gregating frame-level data into track-level semantic label has
been addressed in limited scope. For instance, one related but
fundamentally different problem is the intention recognition of
cyclists and pedestrians from pose sequences over time, which
has been tackled in [18]. The study has demonstrated that
the prediction quality improved when temporal context was
used instead of a tracked individual. This work encourages the
use of track-level inference instead of frame-level inference.
However, the label assignment problem for classification is not
addressed. Temporal pooling and majority voting are common
methods in the action recognition community for combining
clip-level predictions [19]. Confidence-aware aggregation has
been explored in adjacent vision tasks, such as video per-
son re-identification [20] and tracklet-level multi-view object
classification [21], yet these approaches target fundamentally
different domains with distinct noise characteristics. In infras-
tructure VRU monitoring, crops are frequently degraded by
motion blur, partial occlusion, or insufficient resolution due
to the subject’s distance from the camera, with degradation
patterns that vary across VRU classes. Our confidence-gated
scheme addresses this specifically: only predictions exceeding
a confidence threshold contribute to the final vote, ensuring the
track label is determined by the frames where the classifier is
most certain about the VRU class.

III. METHODOLOGY

As illustrated in Fig. 1, our pipeline processes raw in-
frastructure videos through three sequential stages: detection,
tracking, and classification. A final voting module produces a
single stable class label per track.

A. Person detection

Person detection is performed using YOLO11m [11], [22],
restricted to the person class (COCO class index 0) at a confi-
dence threshold of 0.4 and an IoU threshold of 0.5. Frames are
fed via an OpenCV [23] capture loop, allowing the pipeline

to process proprietary camera formats (including DAV) not
natively supported by the YOLO streaming interface.

B. Multi-object tracking

Detected bounding boxes are passed to BoT-SORT [12],
which assigns each detection a persistent integer track iden-
tifier stable for the lifetime of the trajectory. BoT-SORT is
invoked through the Ultralytics interface with default hyper-
parameters.

C. Training dataset and classifier

The VRU classifier is trained on a custom dataset of cropped
bounding box images spanning four classes: pedestrian, cy-
clist, motorcyclist, and PMD rider. The source footage was
collected from 14 distinct urban locations across 20 different
camera views, totaling 2083 hours of recording, from which
we annotated 82,200 crops with over 20,000 samples per
class. Representative samples are shown in Fig. 2. The dataset
is not yet publicly released due to GDPR constraints on
the source footage, a privacy-anonymized version is under
preparation and will be made publicly available alongside
a forthcoming benchmark publication. Pretrained classifier
weights are released in the interim to support reproducibility.

The backbone is Swin Transformer Tiny [10], selected fol-
lowing a systematic comparison of nine architectures trained
under identical conditions on the same dataset, in which it
achieved the highest test accuracy while offering a favorable
trade-off between parameter count and inference speed. It uses
a hierarchical architecture with shifted window self-attention
to achieve linear computational complexity with respect to
image size, and was preferred over plain ViT [17] on grounds
of efficiency and over ResNet-family models on grounds of its
superior feature localization on small, context-rich crops. The
model accepts 224 x224 RGB inputs normalized to ImageNet
statistics. The input pipeline resizes each 160x160 crop to
224x224 before inference.

Training uses the AdamW optimizer with an initial learning
rate of 1x1074, weight decay of 0.05, and a cosine annealing
schedule over 100 epochs with a 5-epoch linear warm-up.
Early stopping is applied with a patience of 15 epochs.
The batch size is 64. Data augmentation includes random
horizontal flipping, random rotation up to 10°, and color jitter
(brightness, contrast, and saturation each +0.2). Cross-entropy
loss is used without label smoothing. The model achieving
the highest validation accuracy is retained. All training is
performed on a single NVIDIA RTX A5000 GPU (24GB
VRAM).

D. Crop extraction

For each detected bounding box (x1,y1, 2, y2) with width
w and height h, a padded crop is extracted by expanding
the box by 0.2w laterally, 0.3~ upward, and 0.1h downward
to capture contextual cues such as wheels and handlebars.
The expanded region is symmetrically padded to a square,
zero-padded at image boundaries if necessary, and resized to
160x160.
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Fig. 1: Overview of the proposed VRU classification pipeline. Frames are processed by YOLO11 for person detection, BoT-SORT for multi-object tracking,
and Swin Tiny for per-crop classification. A confidence-weighted voting module aggregates frame-level predictions into a single per-track label.
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Fig. 2: Samples from the four-class VRU training dataset. Images are 160 x
160 pixel crops extracted from fixed infrastructure camera footage.

E. Confidence gated voting

Raw frame-level classifier outputs are noisy due to oc-
clusion, motion blur, and the small apparent size of distant
road users. Rather than assigning the majority-vote class as
the track label, we aggregate predictions using a confidence-
gated scheme. Let {(c;, p;)}¥; denote the sequence of frame-
level predictions for a given track, where ¢; € C is the
predicted class and p; € [0, 1] is the softmax confidence. Only
predictions with p; > 7 (threshold 7 = 0.4) are included in

the vote. For each class k € C, the aggregated score is:

> pi (1)

{i:ci=k, pi>7}

Sk =

The track label is ¢ = argmaxgecc S, and the reported
confidence is Sz/ >, Sk. Tracks for which fewer than five
frames pass the confidence threshold are marked as unknown
and excluded from evaluation. This scheme ensures that the
final track label is determined by the frames in which the
classifier is most certain.

IV. EVALUATION PROTOCOL AND VALIDATION DATASET
A. Validation dataset construction

The validation set is drawn from three urban surveillance
recordings captured at three distinct fixed-camera locations,
covering a variety of intersection geometries, traffic densities,
and VRU class distributions. Each recording is at 704x576
pixels and 25fps. The pipeline is run once on each video
to produce a set of candidate tracks. A quality filter dis-
cards tracks shorter than 20 frames and tracks whose median
bounding box height is below 60 pixels, removing distant
objects whose crops are insufficiently resolved for reliable

classification. The remaining tracks from all three recordings
are pooled to form the evaluation corpus.

B. Ground-truth annotation

Ground-truth labels are assigned via a an annotation tool
we built for this purpose, it has a graphic user interface that
displays a grid of keyframe crops for each track and prompts
the annotator to assign one of the four VRU classes or to
mark the track as skip. Skipped tracks, typically arising from
severe occlusion or ambiguous appearance, are excluded from
all evaluation metrics. Annotations are written to a separate
JSON file that records the track identifier and the human-
assigned label. Crucially, the annotation file references the
same track identifiers produced by the single pipeline run, so
ground-truth lookup requires no spatial matching at evaluation
time. The annotation tool supports resumable sessions so that
large video sequences can be annotated across multiple sittings
without risk of duplication.

C. Evaluation metrics

Let 7eva denote the set of annotated, non-skipped tracks
across all three recordings. For each ¢ € 7., the pipeline
prediction ¢; is compared directly to the annotator label ¢; by
track identifier. No spatial IoU matching or temporal tolerance
is required. We report:

« overall accuracy = |{t : & = ¢;}|/|Teval
 per-class precision, recall, and F1 score
« confusion matrix over the four VRU classes

It is important to note that this protocol measures classifier
accuracy on quality-filtered tracks and does not quantify end-
to-end detection recall: VRUs not detected by YOLOL11, tracks
lost by BoT-SORT, or tracks filtered by the quality criteria
are not counted as errors here. This is a deliberate scope
decision, the evaluation isolates the classification stage, which
is the novel contribution of the pipeline, from the detection
and tracking stages, whose performance is characterised by
existing benchmarks.

V. EXPERIMENTAL RESULTS

A. Implementation details

The pipeline runs on a workstation equipped with a single
NVIDIA GPU (RTX 5000 ada generation). Detection uses



TABLE I: Per-video and global classification results

Video Evaluated  Correct Wrong Accuracy
Video 1 380 379 1 99.74%
Video 2 297 295 2 99.33%
Video 3 2,288 2,282 6 99.74%
Global 2,965 2,956 9 99.70 %

TABLE 1I: Per-class classification results aggregated over three videos
(N = 2,965 evaluated tracks)

Class Count Prec. Rec. F1
Pedestrian 2,604 99.85% 99.81% 99.83%
Cyclist 258 98.84% 98.84% 98.84%
Motorcyclist 34 100.00%  100.00%  100.00%
PMD 69 97.14% 98.55% 97.84%
Overall 2,965 99.70 %

YOLOI1m pretrained on COCO. The BoT-SORT tracker is
used with default Ultralytics configuration. The Swin Tiny
classifier was trained from scratch on the four-class VRU
dataset described in Section III. All code is implemented in
Python using PyTorch [24], Ultralytics [25], and OpenCV [23].

B. Overall classification accuracy

Table I summarizes per-video and global results across the
three evaluation recordings. In total, 2,986 tracks were pro-
duced by the pipeline across all three videos, 21 were skipped
by the annotator due to ambiguous appearance, leaving 2,965
tracks for evaluation. The pipeline achieves an overall accuracy
of 99.70%, with only nine misclassifications across all tracks
and all locations.

Table II reports per-class precision, recall, and F1 score
aggregated over all three recordings. The pedestrian class
accounts for 87.8% of evaluated tracks (2,604 out of 2,965),
reflecting the realistic class distribution of urban surveillance
footage. The motorcyclist class achieves perfect precision,
recall, and F1 across all videos. The cyclist and PMD classes,
which are the most visually similar to pedestrians at low
resolution, remain above 97% F1.

C. Error analysis

The nine misclassifications observed across all three record-
ings are consistent with the natural semantic boundaries of the
four-class problem. Five pedestrian tracks were misclassified,
of which three were assigned to the cyclist class and two
to the PMD class. The five correspond to road users whose
appearance is transitional in nature: a pedestrian accompanied
by a bicycle, for instance, produces handlebars and wheel rims
in the bounding box crop that are characteristic of cyclist
crops. Three cyclist tracks were misclassified as pedestrians,
which is the canonical hard case in the VRU literature: a
dismounted cyclist pushing their bicycle presents a pedestrian-
like silhouette and gait, and the distinguishing cue is the
partially visible bicycle frame rather than a distinctive pose.
One PMD track was misclassified as a pedestrian, a plausible
confusion at low image resolution when a stationary rider is
observed without the vehicle being visible below the crop
boundary.
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Fig. 3: Normalised confusion matrix aggregated over all three evaluation
recordings (N = 2,965 tracks). Rows denote ground-truth class, columns
denote predicted class.

No misclassifications were observed for the motorcyclist
class across any of the three recording locations. No confusion
was observed between cyclists and motorcyclists, or between
PMD riders and motorcyclists, classes that differ substantially
in apparent vehicle size and posture. The confusion matrix
in Fig. 3 confirms that all nine errors fall on the two natural
ambiguity boundaries in the class hierarchy (pedestrian versus
cyclist, and pedestrian versus PMD) and that no systematic
confusion exists between any other class pair.

D. Effect of the quality filter

Before applying the quality filter (minimum 20 frames,
median bounding box height > 60 px), the pipeline produced
a larger set of candidate tracks from each evaluation video.
The filter removes short, spurious detections and crops of
distant road users that are too small for reliable classification,
reducing annotation burden while ensuring that the evaluation
set consists exclusively of tracks for which correct classifi-
cation is feasible. The thresholds were chosen to correspond
approximately to road users within 15-20 m of the camera on
704x576 footage, and represent a deliberate operating point
rather than a post-hoc tuning on the evaluation data. The
consistency of accuracy across all three recording locations
(ranging from 99.33% to 99.74%) indicates that the quality
filter generalises to different camera viewpoints and traffic
conditions without site-specific adjustment.

VI. CONCLUSION

We have presented a complete track-level pipeline for fine-
grained VRU classification from fixed infrastructure cameras,
built on a Swin Transformer Tiny classifier fine-tuned on a
custom four-class dataset of 82,200 bounding box crops that
we collected and annotated, and integrated with YOLOI11
person detection, BoT-SORT multi-object tracking, and a
confidence gated voting scheme for stable label assignment for
each track. Evaluated on 2,965 annotated tracks drawn from
three urban surveillance recordings at three distinct camera



locations, the pipeline achieves 99.70% overall accuracy with
no systematic inter-class confusion.

We also contribute a clean evaluation protocol in which
the pipeline is run once on each evaluation video, tracks are
annotated directly, and accuracy is measured by track identifier
lookup with no spatial re-matching. This design eliminates a
common source of artificial evaluation error and produces a
reliable estimate of true classifier performance.

Limitations. Although the evaluation spans three distinct
camera locations, it represents a single deployment context
in terms of geography, sensor hardware, and resolution. The
quality filter restricts the effective operating range to road users
within approximately 15-20m of the camera on 704x576
footage. Detection recall for distant or partially occluded
VRUs is not characterised by this evaluation. The training
dataset cannot be released in its current form due to GDPR
constraints on the source footage, a privacy-anonymized ver-
sion is under preparation and will be made publicly available
alongside the companion benchmark paper.

Future work. We plan to evaluate the pipeline across a
wider range of cameras, geographic locations, and lighting
conditions, and to investigate the effect of camera angle and
resolution on classification performance. We also intend to
extend the evaluation to characterise end-to-end detection
recall in addition to classifier accuracy, and to explore lighter
classifier backbones to reduce inference latency for real-time
deployments on embedded hardware.
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