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Abstract

Lidar sensors enable precise 3D object detection for autonomous driving under clear
weather but face significant challenges in snowy conditions due to signal attenuation and
backscattering. While prior studies have explored the effects of snowfall on lidar returns,
its impact on 3D object detection performance remains underexplored. Conducting such
an evaluation objectively requires a dataset with abundant labelled data from both weather
conditions and ideally captured in the same driving environment. Current driving datasets
with lidar data either do not provide enough labelled data in both snowy and clear weather
conditions, or rely on simulation methods to generate data for the weather domain with
insufficient data. Simulations, nevertheless, often lack realism, introducing an additional
domain shift that impedes accurate evaluations. This thesis presents our work in creating
CADC++, a paired weather domain adaptation dataset that extends the existing snowy
dataset, CADC, with clear weather data. Our CADC++ clear weather data have been
recorded on the same roads and around the same days as CADC. We pair each CADC
sequence with a clear weather one as closely as possible, both spatially and temporally.
Our curated CADC++ achieves similar object distributions as CADC, enabling minimal
domain shift in environmental factors beyond the presence of snow. Additionally, we
propose track-based auto-labelling methods to overcome a limited labelling budget. Our
approach, evaluated on the Waymo Open Dataset, achieves a balanced performance across
stationary and dynamic objects and still surpasses a standard 3D object detector when
using as low as 0.5% of human-annotated ground-truth labels.
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Chapter 1

Introduction

Under clear weather conditions, LiDAR sensors can generate accurate 3D maps of the envi-
ronment by measuring distances using laser pulses, making it ideal for 3D object detection
in autonomous driving. However, adverse weather conditions might affect the laser pulses
that these devices emit. More specifically, hydrometeor particles such as snowflakes have
been shown to affect LiDAR scans due to signal attenuation and backscattering, resulting
in potential additions of extra spurious points, a reduced number of signal returns, and
points with weaker intensity [53, 28, 33]. While these studies have explored the effects of
snowfall on LiDAR sensors and their resulting point clouds, research on its impact on 3D
object detectors remains limited.

To ensure objective analysis of the impact of snowy conditions, 3D object detectors need
to be evaluated on weather-paired datasets, where snow is the only varying factor, with
otherwise identical scenes. However, creating such datasets is impractical without collect-
ing data in controlled environments, which is unrealistic and unrepresentative of real-world
driving conditions. Current weather domain adaptation datasets are unpaired and often
either contain only data from the adverse domain [46, 5] or do not have enough labelled
data in one of the domains to train an object detector [5, 16, 4]. To fill this gap, we build
CADC++, a snowy weather-paired dataset that extends CADC [46], by matching each
CADC sequence from the snowy weather domain to a new clear weather sequence to the
best of our abilities. Even though CADC++ data was recorded on the same roads as CADC
on neighbouring days, the scenes remain not identical due to the uncontrollable nature of
the public environment. However, we devise matching algorithms to select sequences that
minimize spatial and temporal discrepancies. The matched CADC++ sequences display
object type and speed distributions similar to those in CADC, enabling domain adaptation
experiments with minimal domain shift from environmental factors beyond snow.
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After selecting the CADC++ sequences, they required annotation. However, we could
not afford human-labelled ground-truths for all new CADC++ frames due to budget lim-
itations. To mitigate this, we opt for sparsely labelling the training set, then we explore
methods that automatically generate high-quality labels for the unlabelled frames. A fully
labelled validation set is still necessary to validate our auto-labelling model.

The following methods use existing labelled frames or other annotated datasets to
automatically generate labels for the unlabelled frames, thereby reducing the need for
human annotation.

• Pseudo-labelling, where a pre-trained model is used to detect and (pseudo-)label
objects in raw sensor data; unlike human-annotated labels, pseudo-labels do not
inherently assign unique track IDs to objects.

• Semi-supervised learning, where pseudo-labels from a base model are used in con-
junction with human annotations to train a new model that potentially produces
better pseudo-labels.

In most autonomous driving data collection platforms, LiDAR sensors are mounted on
the vehicle and capture sequences of frames at a fixed frequency, typically ≥ 10Hz, as
the vehicle drives. This setup produces a dynamic perspective, with each frame offering a
slightly different viewpoint of the scene. In addition to the above methods, the following
approaches can be employed to further enhance pseudo-labelling quality by exploiting the
temporal continuity and the smoothly varying perspectives of sequential LiDAR data.

• Interpolation, where temporally intermediate annotations are automatically inferred
from the available human annotations within a sequence; interpolated objects inherit
the human-labelled identities and dimensions of the objects from which they were
interpolated.

• Track-based auto-labelling is a form of offline pseudo-labelling that takes advantage
of the track-based nature of sequential data; having access to both past and future
trajectories of objects achieves levels of performance that are unachievable with online
approaches that only have access to the past.

To best auto-label CADC++, we adapt track-based auto-labelling for sparse labelling
and propose methods that make use of interpolation and semi-supervised learning to
achieve competitive quality as ground-truth labels.
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For this work, we experiment with the Waymo Open Dataset [61] instead of CADC,
given its larger scale and more diverse data to yield more objective results. We analyze var-
ious techniques, comparing between object-based and track-based supervision. Moreover,
we explore models trained with full supervision, sparse supervision, and semi-supervision.
We employ a standard CenterPoint [80] architecture for our base models, and choose
state-of-the-art (SOTA) method CTRL [21] as the basis of our track-based auto-labelling
pipeline. Since the Waymo Open Dataset is fully labelled, we can study the effects of
sparse labelling by subsampling the sequences to obtain our desired sparsity levels. We
trim Waymo sequences to 169 frames and consider labelling frequencies of (1, 2, 3, 5, 9) fps,
corresponding to approximately (0.5, 1.0, 1.5, 2.5, 4.5)% of the data. These levels of sparsity
are sufficient to illustrate interesting phenomena that we believe will also occur with other
datasets. Choosing fewer than one frame per sequence is equivalent to choosing a subset of
the sequences, which would create a somewhat orthogonal and out-of-scope problem. The
performance we achieve using 9 fps with simple training approaches leaves little headroom
for further improvements, making higher frequencies uninteresting in the present context.

Our main contributions can be summarized as follows:

• We develop CADC++, a paired weather domain adaptation dataset that matches
clear weather sequences to the snowy sequences from CADC.

• We devise sequence matching and selection algorithms for minimizing spatial dis-
crepancies between two trajectories while satisfying a minimum sequence length.

• Our CADC++ shares a similar dataset size and object distributions as CADC, en-
abling domain adaptation experiments with minimal domain shift other than that
caused by snowy conditions.

• We implement a sparse labelling strategy and adapt a track-based auto-labelling
pipeline to use sparsely labelled sequential data during training.

• We conduct experiments with extreme levels of label sparsity, using as little as 0.5%
labelled data, which we believe have not been explored before.

• We investigate sparse labels and three pseudo-label generation methods for training
an auto-labelling model, settling on an approach that combines interpolation and
semi-supervised learning.

• We thus propose track-based auto-labelling methods that work well with very sparsely
labelled data and that outperform a standard detector trained on fully labelled data.
Our methods also exhibit balanced detection on stationary and dynamic vehicles.
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We organize this thesis according to the following structure:

• Chapter 2 provides the general background about LiDAR sensors, adverse weather,
3D object detection, the CADC dataset, our clear weather data, and track-based
auto-labelling.

• Chapter 3 introduces the related work in various types of autonomous driving datasets
and auto-labelling.

• Chapter 4 details the development process of our weather-paired dataset CADC++,
including our matching algorithms, sparse labelling strategy, dataset pre-labelling
methods, and dataset statistics.

• Chapter 5 presents our work in developing track-based auto-labelling methods for
sparsely labelled data to overcome budget limitations.

• Lastly, in Chapter 6, we conclude and outline our plan for future work.
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Chapter 2

Background

This chapter provides the necessary background for understanding our contributions in
both the dataset development of CADC++ and track-based auto-labelling for sparsely
labelled data.

2.1 Lidar Sensors

Lidar sensors measure distances by emitting laser light pulses and analyzing the time it
takes for them to return after reflecting off objects, also called the time-of-flight (ToF)
principle [65]. Illustrated in Fig. 2.1, light pulses are emitted from laser diodes, then
reflect off an object, and finally are received by a photosensor receiver. When the light
pulses are emitted, the internal clock’s timing circuit gets triggered and starts measuring
the elapsed time. The clock only gets disabled when the reflected light pulse is received.

The distance R to a reflection point can be calculated with:

R =
1

2n
c∆t

where n is the index of refraction of the propagation medium (≈ 1 for air), c is the
speed of light in a vacuum, and ∆t is the round-trip ToF. Then, the received power P (R)
of a pulse reflected at distance R can be obtained with:

P (R) = P0ρ
A0

πR2
µ0e

−2γR
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Figure 2.1: Overview of ToF-based LiDAR sensors [65]

where P0 is the peak output power of transmitted laser pulse, ρ is the target’s reflec-
tivity, A0 is the receiver’s aperture area, µ0 is the receiving optics spectral transmission,
and γ is the atmospheric extinction coefficient [65].

Common lidars in autonomous vehicles (AVs) operate at either around 905 nm or
1550 nm wavelengths [71] and have either a mechanically spinning mechanism or use flash
technology to flood the scene within the field-of-view (FOV) of the detector with light [65].
The LiDAR sensor involved in this work is a Velodyne VLP-32C mechanical LiDAR that
has 32 laser channels, rotates at 600 rpm, and operates at 903 nm [46].

2.2 Lidar Sensors in Adverse Weather

Adverse weather conditions such as rain, fog, and snow introduce small hydrometeor par-
ticles that can interfere with electromagnetic (EM) signals, like LiDAR pulses, as they
propagate through the medium. When the signal’s wavelength is similar to or smaller
than the droplet diameter, Mie scattering can occur, leading to signal attenuation through
absorption of EM energy, as well as additional returns caused by backscattering [65].

Figure 2.2 shows that during 2mm/h rainfall, the maximum detection range (Rmax),
also called LiDAR visibility, decreases from 2 km to approximately 1.2 km for the 905 nm
LiDAR and 0.9 km for the 1550m LiDAR. At 25mm/h, there is a much greater degradation
to approximately 0.7 km and 0.4 km [65].
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(a) Rainfall rate of 2mm/h (b) Rainfall rate of 25mm/h

Figure 2.2: Decreasing visibility from normal conditions (dotted lines) for different rainfall
intensities, target wetness, and LiDAR sensors [65].

Figure 2.3: Effects of snowfall on LiDAR point clouds [84, 28]. The voids result from
strong spurious snow returns at close ranges blocking target returns at further ranges.
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Snowflakes, unlike rain droplets, can form larger, irregular solid clumps, increasing the
likelihood of becoming obstacles that cause false detections or block the line of sight for
valid detections [84]. Figure 2.3 illustrates the spurious points generated by powdered snow
around the ego vehicle, as well as the void areas that result from these obstructions. In
addition to attenuation and backscattering, Kutila et al. [33] also note that mechanical
sensors might freeze under extremely low temperatures and salted roads might cause dirt
to cover the sensor box.

2.3 Lidar-based 3D Object Detection

The task of 3D object detection aims to predict a 3D bounding box around each detected
object and classify it. The final output typically includes the predicted cuboid’s centre
position (centrex, centrey, centrez), dimensions (w, l, h), yaw orientation (θ), confidence
score (s), and object class (c). This can be done using only camera images [10, 8, 40, 25, 29],
only LiDAR point clouds [34, 51, 74, 80, 57, 14, 22, 13], or both [85, 48, 30, 11]. Figure 2.4
shows the different methods in solving 3D objection detection. This work focuses on
3D object detection using only LiDAR point clouds. However, our CADC++ dataset
is multimodal like CADC, allowing others to use camera images alongside LiDAR point
clouds if desired.

Figure 2.4: Overview of the 3D object detection pipeline in autonomous driving applica-
tions [38].

Lidar-based 3D object detectors are typically point-based [49, 51, 47, 59, 78], voxel-
based [74, 77, 34, 18, 22], point-voxel based [57, 58], or range image-based [39, 20, 3, 62].
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Despite the inherent sparsity and irregularity of LiDAR point cloud data, which contrasts
with the grid-structured nature of image data, many 3D detectors still inspire from 2D ob-
ject detection frameworks and require a dense detection head. For example, VoxelNet [86]
performs dense convolution on 3D voxel features, PIXOR [77] and PointPillars [34] employ
2D dense convolution on Bird’s Eye View (BEV) features, and others [74, 80, 57, 18] adopt
a sparse-to-dense scheme where a sparse convolution backbone is followed by a dense 2D
detection head. These designs result in inefficient and complicated detection pipelines.
Recently, fully sparse detectors [22, 14] avoid such issues by predicting directly from sparse
3D voxel features.

Additionally, many current detectors leverage multiple frames of LiDAR point clouds
and demonstrate superior performance as compared to a single frame: some architec-
tures [87, 80, 58, 79] perform simple concatenation, MPPNet [13] adopts hierarchical multi-
frame feature encoding and interactions, and FSD++ [22] reduces the temporal redundancy
in multi-frame concatenation. However, these multi-frame detectors are often intended for
onboard usage due to computational constraints and perform best with a few frames from
a short temporal interval as the aggregated box size and trajectory might not be consistent
or smooth over time. On the other hand, given an offboard context, methods then utilize
the whole sequence of frames to perform aggregation for quasi-static objects [27] or object
trajectory refinement [76, 50, 21, 75] (more on this in Sect. 3.4).

2.4 The CADC Dataset

Figure 2.5: A LiDAR point cloud and a front camera image from an example frame in
CADC [46]. The red ground-truth 3D bounding boxes are projected for visualization
purposes only. The cloud of white particles around the ego vehicle (yellow prism) are
LiDAR returns from falling snow.
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Figure 2.6: Sensor setup of the Autonomoose vehicle platform for CADC’s data collection.

The CADC dataset [46] was the first autonomous driving dataset that targeted snowy
adverse weather conditions. Consisting of 75 sequences recorded during 3 days in the
winters of 2018 - 2019, it covers approximately 20 km around the region of Waterloo,
Ontario. All sequences have either active falling snow or accumulated snow on the roads, or
both. Autonomoose, the vehicle platform used to collect CADC data is shown in Fig. 2.6.
It consists of a 10Hz 32-beam centre LiDAR (Velodyne VLP-32C), 8 cameras (Ximea
MQ013CG-E2) providing 360◦ field of view coverage, and a GNSS/INS system (Novatel
OEM638). While the LiDAR sensor operates at 10Hz, only every 3rd frame has human-
annotated 3D bounding boxes, yielding a total of 7000 labelled and 32887 unlabelled point
clouds. Its taxonomy consists of 10 classes commonly seen on the road: Car, Truck, Bus,
Bicycle, Horse and Buggy, Pedestrian, Pedestrian with Object, Animal, Garbage Container
on Wheels, and Traffic Guidance Object.
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2.5 Clear Weather Data from the 1000 km Drives

front cam

(a) Snowy image from CADC

front cam

(b) Clear weather image

5x zoom

(c) Snowy point cloud from CADC

5x zoom

(d) Clear weather point cloud

Figure 2.7: Example of a clear weather sequence recorded on the same road as a snowy
sequence from CADC.

During CADC’s development, a bigger data collection effort recorded about 1000 km of
driving data, using Autonomoose, not only around Waterloo but also Kitchener, Cam-
bridge, and Guelph. Considering only recordings close to Waterloo, the data includes 33
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drives collected over 17 days between 2017 and 2018. They encompass a range of weather
conditions, including not only snowy weather but also clear and cloudy conditions. Un-
like other clear weather datasets that typically feature summer scenes, our clear weather
data were recorded in the winter, with some collected only one day apart from the CADC
data. This helps reduce the potential domain gap introduced by the roads and driving
scene, resulting in a more accurate weather-paired dataset. Some of the earlier recordings
that either lacked the Novatel RTK or used a different LiDAR sensor model did not get
considered for this work.

As we aim to pair CADC with clear weather data collected from the same roads, we
are left with only 7 clear weather drives, from 4 days, that occurred under either sunny or
cloudy conditions around the city of Waterloo. Each of these drives is further divided into
multiple ROS bag recordings of approximately 500 frames, resulting in a total of more than
400 available sequences. Section 4.2 details our method for further pairing each sequence
on a finer level to achieve a more accurate match.
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Waterloo, ON

Figure 2.8: Geographical coverage overview of the clear weather data compared to CADC.
Clear weather data recorded in further cities like Cambridge and Guelph were not consid-
ered in this work.

Figure 2.8 illustrates the geographic coverage that the clear weather data provides
relative to CADC. In red are CADC sequences not covered by the clear weather data, in
black are those that have spatial coverage with clear data, and in grey are clear data that
do not spatially overlap with CADC. Since these clear weather recordings were collected in
the past and Autonomoose now has a different sensor configuration, we are unfortunately
unable to record new drives on those roads. However, we manually inspect sequences from
similar driving scenes and try to match them by types of roads or types of road agents.
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Figure 2.9: Overview of a track-based auto-labelling pipeline. The snowflake icon refers
to a trained model with frozen weights, used in inference mode. The globe with axes
symbolizes that those data have been transformed into the global world frame.

2.6 Track-based auto-labelling pipeline

Auto-labelling methods are typically designed for offline use cases, where there are no
runtime constraints, and the entire dataset, including past and future frames, is accessi-
ble. This enables models to utilize temporal data and consider entire object trajectories,
adopting a track-centric design instead of the frame-centric approach in online detection.

As illustrated in Fig. 2.9, a typical track-based auto-labelling pipeline consists of three
main components: (1) an object detector localizes initial object instances within each input
LiDAR point cloud; (2) a multi-object tracker (MOT) tracks as many objects as possible
across subsequent frames, while forming coarse object trajectories; (3) a refinement module
extracts both track- and object-level features from those tracks and learns to refine the
trajectories by individually supervising them. Once the MOT creates tracks from the
detected objects, the respective point clouds from these track frames can be cropped and
combined to form aggregated point cloud tracks. This allows the refinement module to learn
from both 3D boxes and point clouds. Lastly, ground-truth tracks are used to supervise
the proposed tracks. This pipeline is also often referred to as a two-stage paradigm: the
first stage initializes object trajectories, while the second stage refines each trajectory
individually.

Different track-based auto-labelling methods primarily differ in their design of the re-
finement module, particularly in the feature extraction and supervision steps. It is prefer-
able to pick a high-performing SOTA object detector and MOT since high-quality detec-
tions result in better object tracks, making it easier for the refinement module to learn
effectively.
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Figure 2.10: Architectural overview of CTRL’s refinement module.

We choose SOTA auto-labelling method CTRL [21] as the basis of our track-based
refinement experiments. CTRL follows the pipeline described in Sect. 2.6, requiring the
refinement module to be trained in a fully supervised manner. The authors of CTRL
chose to use FSD [19] with multi-frame aggregation as the base detector. They aggregate
9 frames in total, sampling every other frame from both the past and future relative to
the current frame. For the MOT, ImmortalTracker [67] was selected, despite its original
design for online use, which only supports forward propagation of object tracks. To utilize
past temporal data as well, CTRL extended it with backward track propagation using a
backward motion model, enabling bidirectional tracking.

As illustrated in Fig. 2.10, CTRL’s refinement module first uses the aggregated point
cloud tracks to extract some track-level features. It voxelizes an input space that can
cover most tracks in the Waymo Open Dataset, then uses a sparse UNet with aggressive
downsampling to extract the voxel features. These features get mapped back to the points
via interpolation. Next, to perform object-level feature extraction, it uses the boxes in
the proposed tracks to crop out points with features that belong to individual objects. A
PointNet is subsequently used to extract object-level features.

Before a ground-truth track can used to supervise the proposed tracks, they need to
be matched to each other. Since tracks created from object detections are not perfect, a
track-based IoU metric is used to assign a ground-truth track to a proposed track. The
Track IoU (TIoU) metric is defined in eq. (2.1).

TIoU(T Sa
a , T Sb

b ) =

∑|Sa∩Sb|
i=1 IoU(Bi

a, B
i
b)

|Sa ∪ Sb|
(2.1)
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where given two tracks Ta and Tb with timestamp indices Sa and Sb, boxes B
i
a and Bi

b

are the i-th overlapping box in each track. This metric computes the average IoU of each
overlapping box pair, normalized by the length of the union of two tracks.

TIoU is computed for each potential GT and proposed track pair, with an assignment
being valid only if the TIoU exceeds a predefined threshold. As a result, proposed tracks
may be associated with either multiple or no GT tracks. During the refinement module
training, each matched pair undergoes a second round of assignment, performed frame by
frame. For each frame, if there are multiple matches, the GT box with the highest TIoU
is matched to the proposed box. This approach allows the track-informed but object-level
features to be supervised by individual GT boxes, enabling the model to learn to refine
proposed tracks on a frame-by-frame basis.

For classification, a quality-aware loss that computes the cross-entropy between predic-
tions and the soft classification targets is used. Soft targets are formulated as in eq. (2.2),
using the IoU between each proposed box and its corresponding GT. The predictions q̂
are outputted by an MLP after maxpooling the point features from the PointNet into a
proposal embedding.

q = min(1,max(0, 2IoU− 0.5)) (2.2)

For regression, L1 loss is used to compute between the ground-truth residual ∆res and
the predicted residual ∆̂res, also obtained from the proposal embedding.

Finally, the total loss is defined in eq. (2.3).

L = Lcls + αLreg (2.3)
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Chapter 3

Related Work

This chapter outlines the relevant work in various categories of autonomous driving datasets
and auto-labelling.

3.1 Autonomous Driving Datasets

Autonomous vehicle data collection platforms are typically equipped with a variety of
sensors, including cameras, radars, lidars, inertial measurement units, and high-precision
positioning systems [82]. These data collection vehicles then drive on public roads to record
synchronized data from all these sensors. As a result, datasets in autonomous driving are
commonly multi-modal and contain sequential segments. Each segment is also called a
sequence, containing frames spaced equally in time. These datasets then provide human-
labelled ground-truth annotations in various sensor modalities and tasks [38].

The KITTI dataset [23] is a pioneering dataset to benchmark 3D object detection
methods. However, with only around 7.5 k labelled frames available for training, more
recent datasets [61, 6, 37] have focused on increasing scale and data diversity. They provide
more than 10 times more labelled frames and feature more diverse driving environments.
Unlike KITTI’s daytime driving recordings from a single city, the Waymo Open Dataset
[61] includes nighttime scenes and nuScenes [6] spans two cities across different continents.
Despite their large scale and data diversity for urban driving scenarios, these datasets offer
limited labelled data for adverse weather conditions, primarily focusing on rain rather than
snowfall.
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3.2 Snowy Weather Driving Datasets

Since most commonly used datasets primarily cover clear or rainy weather conditions, a
significant research gap exists in snowy weather perception [84]. To bridge this gap, several
dataset works [41, 5, 32, 16, 4, 46] focused on collecting data in snowy conditions.

The GROUNDED [41] and Boreas [5] datasets contain snowy data but lack 3D bounding
box annotations to support 3D object detection tasks. The WADS [32] dataset offers
pointwise semantic labels that could potentially be converted into 3D bounding boxes,
but these are available only for snowy scenes. Similarly, the CADC [46] dataset provides
3D bounding box annotations but exclusively for snowy conditions. On the other hand,
the Ithaca365 [16] and DENSE [4] datasets label both clear and snowy weather data with
3D bounding boxes. However, the number of labelled frames in each weather domain
is insufficient to train modern deep learning-based object detectors. Ithaca365 only has
approximately 4.7 k labelled frames in clear weather and 1.8 k in snow. DENSE offers
slightly more, with about 6.2 k clear weather frames and 4.7 k snowy frames. However,
that is still roughly half the size of the KITTI dataset, especially when split into training
and validation sets. Additionally, DENSE’s snowy scenes primarily feature light snowfall,
in contrast to the heavier snowfall captured in the CADC and WADS datasets.

Without sufficient labelled data in both clear and snowy weather domains, the impact
of snowfall on 3D object detection performance cannot be empirically analysed. Moreover,
these datasets do not attempt to pair sequences from the two domains, failing to ensure,
as much as possible, that snow is the only varying factor.

3.3 Simulated Weather Domain Adaptation Datasets

Due to the difficulty of controlling weather and dynamic objects in real-world driving
scenes, a practical approach to creating weather-paired datasets is with simulation. Real
point clouds from a source domain can be transformed into a simulated target domain
while preserving the overall scene and its agents. This way, only the desired weather
conditions are introduced. Object annotations from the source domain also remain valid
in the simulated data, eliminating any additional labelling efforts that would otherwise be
needed.

Once data from both domains is obtained, two separate models can be trained on each
domain to compare the potential difference in 3D object detection performance caused by
snow. There is, however, an additional domain gap between the simulated and real data
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that cannot be distinguished from the weather domain gap. This motivates our efforts to
collect real data for both weather domains, then try our best at pairing each sequence from
source to target domain.

3.3.1 Generating Clear Weather Datasets

Simulated clear weather data can be generated by transforming real snowy data. Due to
the effects of backscattering, many studies [9, 31, 1, 43, 69, 56, 35, 73, 68] treat spurious
snowflake returns as noise and developed denoising methods to recover clear weather data
from snowy recordings. Early denoising approaches mainly relied on statistical filtering,
using either the distance values of LiDAR points [9, 31, 1], the intensity values [43], or a
combination of both [69] to remove snowy outliers. With the release of the WADS dataset
[32], which provides pointwise semantic labels for training and validation, studies have
advanced supervised learning-based methods to segment snowy points out [26, 45], as well
as unsupervised techniques [81, 2]. More recently, researchers have furthermore used both
spatial and temporal features in adjacent point clouds [56, 35, 73, 68]. While identifying and
removing noisy snow points from a point cloud can effectively reduce backscattering effects,
attenuation effects remain unaddressed. Additionally, inaccurate denoising algorithms will
mistakenly remove valuable points. To revert the effects of signal attenuation, a paired
LiDAR dataset with both snowy and clear weather data is needed but is not available in
the current literature. We aim to bridge this gap in this work.

3.3.2 Generating Snowy Weather Datasets

Simulated snowy point clouds can be generated from clear-weather data using physics-
based models. Hahner et al. [24] developed a simulation model that accounts for both
backscattering and attenuation effects. Each LiDAR beam is raytraced from the sensor
and returns are recorded as the beam interacts with soft targets like snowflakes or hard
targets like road objects. Parameters such as snowflake density, size distribution, and
snowfall rate are adjustable based on values from established meteorological studies [24].
SnowyKITTI [56] dataset has been generated using this model. However, despite efforts to
capture the effects of airborne snowflakes, fallen snow accumulating on roads and objects
was not modelled in the method proposed by Hahner et al. [24]. This lack of realism
nonetheless introduces a domain gap between the simulated and real data. To overcome
the lack of realism, a paired weather adaptation dataset is once again crucial but not
available in the current literature.
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3.4 Auto-labelling

Earlier works in LiDAR-based 3D auto-labelling either use a pre-trained 2D model [83, 52],
focus only on stationary objects [66], or are model-free and rely instead on tracking and
pose estimation [12, 42]. However, despite requiring little to no supervision, they struggle
to produce high-quality pseudo-labels that are comparable to human annotations. More
recent works [50, 76, 21, 36, 75] adopt the two-stage object trajectory refinement approach
previously shown in Sect. 2.6: the initial stage model generates coarse object predictions
using an object detector and a multi-object tracker, then the refinement stage model,
usually trained in a supervised manner, improves these predictions by considering their
entire trajectories. Some methods handle stationary and dynamic objects separately [50],
while others do not differentiate by object motion [76, 21, 36, 75].

Many of these methods [76, 75, 21] only train under full supervision, expecting all train-
ing sequences to contain ground-truth annotations at every frame. Only labelling a subset
of those sequences is a strategy to reduce labelling costs, but this inevitably results in a
loss of data diversity. Hence, some works [50, 36] also make use of the remaining unlabelled
sequences to further train under the framework of semi-supervised learning. Nevertheless,
all current methods expect either all sequences or a subset of them to be fully annotated.
We have not found existing work in offline auto-labelling that specifically handles sparsely
labelled data, that is, where all sequences are annotated at a lower frequency to reduce the
labelling costs while still maximizing data diversity.

3.5 Sparsely labelled datasets

In addition to differences in size, location, and sensor suite, some autonomous driving
datasets also vary in their annotation strategies. Densely labelled datasets like the Waymo
Open Dataset [61], Argoverse 2 Sensor Dataset [70], and PandaSet [72] provide annotations
for all LiDAR frames, resulting in a labelling frequency equal to the LiDAR’s operating
frequency. In contrast, nuScenes [6], H3D [44], and CADC [46] only label keyframes, at
fixed intervals, leaving intermediate frames unlabelled. We refer to this annotation strategy
as sparse labelling. Specifically, nuScenes annotates at 2Hz, given a 20Hz LiDAR, whereas
H3D and CADC annotate at 2Hz and 3.3Hz, respectively, given a 10Hz LiDAR.

nuScenes and H3D use simple linear interpolation to create intermediate labels from
adjacent human-created annotations [6, 44], suggesting that 2Hz is robust to up-sampling,
but there is a lack of evaluation results. Their interpolated labels are then treated as
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ground truth. While interpolation is an obvious candidate to overcome the problem of
sparsely labelled data, we are interested in very sparse labelling frequencies for which even
the use of sophisticated interpolation models might not be enough. We therefore explore
how interpolated labels can be combined with other pseudo-labels in a highly effective
way.
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Chapter 4

The CADC++ Dataset

4.1 Problem Statement

Given the set of 75 snowy CADC sequences and the set of 400 clear weather CADC++
sequences to choose from, how can we maximally match each CADC sequence with a
similar-length sequence from CADC++? Ideally, we aim for each snowy frame to have a
matching clear frame that is observed from the same position and orientation, as well as
recorded under the same driving speed and traffic density. However, since the CADC++
clear drives were not purposely collected to satisfy these requirements, we define matching
objectives and devise a method that matches sequences with non-zero distance. Addition-
ally, since CADC++ sequences can be up to five times longer, we determine the precise
frame endpoints and frame rates required to extract a 100-frame matching segment.

The resulting CADC++ should be comparable in size to the original CADC, with
similar numbers of sequences. Moreover, each CADC sequence should be paired with a
unique CADC++ sequence to ensure that the training and validation sets maintain similar
sizes and distributions.

4.2 Weather-paired Dataset Matching Method

We select 100-frame CADC++ matches based on the following two-step process. First,
we find the best spatially matched clear weather CADC++ sequence for each CADC
sequence using their GPS coordinates. Then, we perform temporal matching to select a
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specific 100-frame segment with the desired frame endpoints and frame rate. These two
steps are detailed in Sects. 4.2.1 and 4.2.2 below.

𝛿!

interpolate

(a) Build spatial models of all sequences.

𝐴
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erage area.

Figure 4.1: Demonstrating the main steps of our spatial and temporal matching methods
using visual examples.

4.2.1 Spatial Matching

We define the following objectives to match two sequences in space based on their driven
paths, where ≻ denotes “better than” and Ï denotes “much better than”:

1. On the same road Ï on an adjacent road. Adjacent roads might display very different
driving environments.
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2. In the same direction ≻ in the opposite direction. Different driving directions only
view the environment from slightly different viewpoints.

3. In the same lane ≻ in an adjacent lane. An adjacent lane might lead to different
driving behaviors, but ultimately causes marginal viewpoint differences.

4. Number of frames ≥ number of snowy frames. As some CADC sequences will be
unmatched (blue roads in Fig. 2.8), we allow for CADC++ sequences to have slightly
more frames if needed to partially compensate for the loss of frames.

5. Equal number ≻ greater number of other road users than in snowy sequence. We
favor the same traffic density, but when not possible, we prefer a more interesting
scene, which usually has more traffic agents.

To solve for these objectives, we first need to model each sequence in space to en-
able spatial trajectory comparisons between two sequences. GPS coordinates are recorded
equitemporally but are not uniformly distributed in space. Therefore, we employ linear
interpolation and equidistant sampling to obtain equidistant points that model discretely
a sequence’s driven path in space.

Let wt
i denote the coordinates of frame i in a collected GPS data sequence g, where

t emphasizes that consecutive frames are separated by constant time δt. Then, let wd
j

denote the coordinates of point j in its corresponding spatial model, where d emphasizes
that consecutive points are separated by constant distance δd. We obtain spatial model
points wd

j from GPS points wt
i as follows:

wd
0 = wt

0

wd
j = α(wt

i − wt
i−1) + wt

i−1 i, j > 0,
(4.1)

with i, j constrained by

0 < jδd i = 1 (4.2)
i−1∑
k=1

∥wt
k − wt

k−1∥ < jδd i > 1 (4.3)

i∑
k=1

∥wt
k − wt

k−1∥ ≥ jδd, (4.4)
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and

α =
jδd −

∑i−1
k=1∥wt

k − wt
k−1∥

∥wt
i − wt

i−1∥
. (4.5)

Intuitively, we create a spatial model by resampling along the recorded trajectory of
GPS points to create coordinates that are spatially equidistant from each other by a dis-
tance δd. Equation (4.1) specifies that the starting points should be the same, but subse-
quent points are placed proportionally, using a scaling factor α, to follow the original tra-
jectory’s direction while respecting the consistent spacing constraints defined by eqs. (4.2)
to (4.4).

Once a discrete spatial model of each snowy and clear sequence is obtained, as shown
in Fig. 4.1a, we can then calculate a longitudinal overlap ratio of every clear and snowy
spatial sequence pair by counting the fraction of points in the snowy sequence that are
within a specified distance of a point in the clear sequence, for a range of such distances.
These distances correspond to the possible lateral distance between paths on the same
road.

Let S and C denote the sets of snowy and clear spatial sequences, respectively, and let
Θ = {1, 2, 4, 8, 16}m be the set of lateral distances we wish to consider. We thus define a
coverage function cover : S ×C×Θ→ [0, 1] that returns the overlap ratio, i.e., the fraction
of points in a snowy sequence s ∈ S that are within θ ∈ Θm of a point in clear sequence
c ∈ C. The function cover is implemented as:

cover(s, c, θ) =
|{ws ∈ s | ∃wc ∈ c • ∥ws − wc∥ ≤ θ}|

|s|
(4.6)

By breaking down a drive into a discrete spatial sequence of points, we favor maximiz-
ing coverage along the longitudinal direction of the driven paths rather than focusing on
minimizing lateral displacement in the trajectories.

After calculating the coverage ratio for each snowy-clear sequence pair, as shown in
Fig. 4.1b, we can identify those with the highest coverage. Then, we use the filtering
criteria defined below to further refine our selection.

The set of clear sequences that have greatest coverage of snowy sequence s, given lateral
distance threshold θ, is denoted c∗s,θ and given by

c∗s,θ = argmaxc∈C cover(s, c, θ). (4.7)

Let C∗
s =

⋃
{c ∈ c∗s,θ | cover(s, c, θ) > 0, θ ∈ Θ} be the set of clear sequences with greatest

nonzero coverage of snowy sequence s, for all θ, and let cons : S ×C → 2Θ be a consistency
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function that gives the subset of Θ for which c ∈ C is the clear sequence that has greatest
nonzero coverage of snowy sequence s ∈ S. Function cons is implemented as:

cons(s, c) = {θ ∈ Θ | c ∈ c∗s,θ, cover(s, c, θ) > 0} (4.8)

C∗
s is refined into the following subsets, in decreasing order of desirability. A clear

sequence is then chosen from the first nonempty subset:

1. {c ∈ C∗
s | cover(s, c, θ) = 1, θ = min(Θ)}

2. {c ∈ C∗
s | ∃θ ∈ Θ • cover(s, c, θ) ≥ 0.95}

3. {c ∈ C∗
s | |C∗

s | = 1}

4. {c ∈ C∗
s | |cons(s, c)| > 1}

5. C∗s

Informally, set 1 contains any clear sequences that are in the same lane and that com-
pletely cover the snowy sequence; set 2 contains any clear sequences that are in the same
road and cover most of the snowy sequence. If there is just one clear sequence that has
non-zero coverage of the snowy sequence, considering all lateral distances, it is in set 3.
Set 4 contains clear sequences that have the greatest coverage of the snowy sequence for
more than one lateral distance.

When the first non-empty subset is not a singleton, a clear sequence is chosen by human
inspection, based on its coverage of the clear sequence and the number and diversity of
the other road users it contains. In the few cases that a snowy sequence has no matching
sequence by the above process, a clear sequence is chosen that is as qualitatively similar
to the snowy sequence as possible.

4.2.2 Temporal Matching

Having identified the full-length CADC++ sequences using spatial models, we must choose
specific data frames to obtain reduced sequences that also match CADC in length, as shown
in Figs. 4.1c and 4.1d. CADC data sequences mostly contain 100 labelled frames sampled at
3.3Hz, with a handful of sequences containing fewer frames. Since not all CADC sequences
have a matching CADC++ sequence, we partially compensate for the reduction in the total
number of frames by ensuring that all clear sequences have at least 100 frames. Given the
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(a) (b) (c) (d)

Figure 4.2: Some examples of snowy CADC sequences matched with clear weather se-
quences in CADC++. Each sequence is assigned a number as its unique ID. Below the
sequence name, we indicate the number of frames and sampling frequency that were se-
lected as part of the match. dmax is the distance between the furthest two points from a
CADC sequence and its clear weather match.

inherently different driving speeds and accelerations that exist in clear and snowy weather,
it is not feasible to simultaneously match the number of frames, the ends of the sequences,
and the frame rates of the sequences. We therefore vary the frame sampling rate to achieve
a minimum frame count of 100, as demonstrated by Fig. 4.1c, while also minimizing for
distance disparities between snowy and clear frames. Our procedure is described below.

For each clear temporal sequence c matched to a snowy temporal sequence s, we first
find the set of frames in c that are closest in euclidean distance to frames in s. From
this set, we identify those with the earliest and latest timestamps, which demark a clear
subsequence c′. The ends of c′ usually correspond to the ends of s, but not always, due
to the vehicle remaining stationary in some sequences, and the existence of measurement
errors. We require a minimum of 100 frames from c, sampled at regular intervals, so we
find the maximum sampling interval ∈ {1, 2, 3, 4, 5} that samples c′ into ≥ 100 frames. In
rare cases where this produces more than 150 sampled frames, like the example shown in
Fig. 4.1d, we increment the sampling interval and use exactly 100 frames. The sampled
frames form the final clear sequence, which may have been sampled at 10, 5, 3.3, 2.5, or
2Hz, depending on the sampling interval.

Figure 4.2a shows an example where a segment of a clear sequence was able to match
exactly a CADC sequence while sharing the same sampling frequency and satisfying the
100-frame requirement. The pair in Fig. 4.2b also matches in length, but its sampling rate
had to be increased to 5Hz to reach 100 frames. Example in Fig. 4.2c, however, only
has a match for part of the CADC trajectory. Additionally, the clear trajectory had to
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extend beyond the closest matching frames to achieve 100 frames, increasing the maximum
distance discrepancy. However, that was necessary since the highest possible sampling
frequency of 10Hz (our LiDAR’s operating frequency) has already been reached, therefore
the sequence length cannot be further shortened by increasing the sampling frequency. This
scenario is also applicable when CADC sequences are static, as illustrated in Fig. 4.2d.

Overall, CADC sequences only have one unique CADC++ match but a full CADC++
sequence might be split into multiple subsequences to match different CADC sequences.
We also note that our CADC++ subsequences might overlap with each other spatially, but
they must generally sample different frames by using different starting frames or sampling
rates.

4.3 Dataset Labelling Strategy

After selecting the best matching sequences, CADC++ needed to be labelled with 3D
bounding boxes for 3D object detection. However, we did not have enough budget to label
all LiDAR frames. To resolve this limitation, we devised a sparse labelling strategy and
auto-labelling methods for sparsely labelled data, reducing the original labelling effort to
only 30%. The validation set, comprising 20% of the dataset, needs to be fully labelled
regardless. A fully labelled validation set is crucial to evaluate the performance of the auto-
labelling model that will be used to automatically generate annotations for the unlabelled
frames. However, the remaining training set can be labelled sparsely, that is frames spaced
at fixed intervals get labelled while the intermediate frames remain unlabelled. Our budget
allowed every 10th frame of the training sequences to be labelled, accruing another 10% of
the original annotation costs.

4.4 Pre-labelling for Segments.ai

Having human annotators label LiDAR point clouds with 3D bounding boxes is an expen-
sive and time-consuming task. Our original quote from Deepen AI was over 30,000 US
dollars for 7000 frames, with an estimated labelling time of up to three months. Looking
for a more affordable alternative, we found Segments.ai offering lower labelling costs with
a user-friendly interface that supports uploading pre-labels to help reduce the labelling ef-
forts. Since their pricing is based on total labelling time, generating high-quality pre-labels
is crucial to maximizing the number of frames we can afford to annotate. We outline below
our approach to creating the best pseudo-labels to facilitate labelling.
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To produce the best pseudo labels, we choose to pre-train on 20 % of the bigger and
more diverse Waymo Open Dataset [61], then fine-tune on CADC [46]. Training on only
20 % has been shown to achieve good enough performance based on our prior experience.
We train a separate detector for each class since we have previously achieved better results
with a single detection head than with multiple ones. We choose to use the VoxelNext [14]
architecture with 5-frame aggregation, enabling the model to learn from four preceding
point clouds combined with the current frame. The car, truck, bus, and pedestrian models
have been fine-tuned for 40, 20, 10, and 40 epochs, respectively, after pre-training for 24
epochs on the Waymo Open Dataset.
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Figure 4.3: PR curves for the pre-labelling models evaluate on CADC’s validation set. Each
PR curve demonstrates the performance of a single-class model that was pre-trained on
the Waymo Open Dataset and then fine-tuned on CADC. The score thresholds s maximize
the F1 scores, the harmonic mean between precision and recall.

Once the detectors have been trained, we run inference on the CADC++ point clouds
and then run ImmortalTracker [67], a SOTA multi-object tracker, in the association mode,
to assign track IDs to our detections. Score thresholds of 0.7, 0.6, 0.7, and 0.6, as depicted
by the markers in Fig. 4.3, have initially been chosen for the car, truck, bus, and pedestrian
classes, respectively, to maximize the F1 scores. We then visually assessed their perfor-
mance and tweaked these score thresholds to either reduce the number of false negatives
while allowing more false positives or to reduce the number of false positives. The final
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score thresholds used are respectively 0.45, 0.7, 0.6, and 0.45. We believe that human
labellers can efficiently remove extra detections but need more time identifying missed ob-
jects. Figures 4.4 and 4.5 show some examples of our pseudo labels. Given the similarity
between CADC and CADC++ data, our models produced high-quality pre-labels overall,
as can be seen in Fig. 4.4a. Although decent as initial pre-labels, they still needed human
annotators to refine. Shown in Fig. 4.5, common errors include missed or false detections,
as well as an inaccurate bounding box position, yaw, or size.

(a) Our generated pre-labels (b) Ground-truth labels

Figure 4.4: Comparison of our generated pre-labels with the ground-truth labels corrected
by human annotators.

(a) False positives (b) Inaccurate positions (c) False negatives

Figure 4.5: Common errors and inaccuracies in our pre-labels.
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4.4.1 Averaging static tracks

Algorithm 1 Averaging Static Tracks

function average static tracks(T, τstatic, τdynamic)
Initialize empty arrays to store tracks T′

for t in T do ▷ iterate over all the tracks
p← t.position ▷ get all bounding box positions in track
p̂← mean(p) ▷ get the mean position
τoutlier ← compute outlier threshold(p, p̂)
isDynamic← is track dynamic(p, τstatic, τdynamic)
if isDynamic then

T′.append(t) ▷ keep track as is
else

p′ ← filter outliers(p, τoutlier)
t0.position← mean(p′) ▷ update track position with the average filtered

position on the first frame
t← t0 ▷ only keep the first frame
T′.append(t)

end if
end for
return T′

end function

As an extra request to speed up labelling, the Segments.ai team has asked us to average the
detections of static vehicles and only upload them on the first frame in which they appear.
Since static vehicles do not move, doing this avoids them having to tweak potentially
different bounding boxes for each frame of a static track.

The first step in averaging static detections is to detect a static track. While static
tracks can be easily detected with GT labels, tracks made of pseudo labels are more noisy.
False positives, identity switches, and drifty detections in a track can make it seem dynamic.
As described in Alg. 1, we use statistical filtering on the bounding box positions over the
entire track to determine if a track is static. Once a track is deemed static, its box positions
are filtered to remove outliers and then averaged. The track is updated with the averaged
position on its first frame, and the other instances from subsequent frames are discarded.
If a track is deemed dynamic, we return the track without modification. τstatic, τdynamic are
thresholds we can specify and tune. We choose τstatic = 2 to represent that a track segment
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is considered static if it moves less than 2m between adjacent frames. τdynamic = 0.2 is
chosen to represent that a track is deemed dynamic if 20% of its segments are dynamic.
τoutlier is computed using the mean and standard deviation of the track positions.

This method has been validated and manually tuned by visualizing the detected static
tracks on the Segments.ai tool.

Algorithm 2 Auxiliary functions

function compute outlier threshold(p, p̂)
d← ∥p− p̂∥2
τoutlier ← mean(d) + std(d)
return τoutlier

end function

function is track dynamic(p, τstatic, τdynamic)
ndynamic ← count dynamic segments(p, p̂, τstatic)
n← p.length
return ndynamic/n > τdynamic

end function

function count dynamic segments(p, p̂, τstatic)
ndynamic ← 0
for p in p do

if ∥p− p̂∥2 > τstatic then
ndynamic+ = 1

end if
end for
return ndynamic

end function

function filter outliers(p, p̂, τoutlier)
Initialize empty array p′ to store filtered positions
for p in p do

if ∥p− p̂∥2 ≤ τoutlier then
p′.append(p)

end if
end for
return p′

end function
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(a) Training sets (b) Validation sets

Figure 4.6: Coverage overview of matched sequences from CADC++ and CADC. Overlap-
ping sequences were successfully matched spatially and non-overlapping ones were manually
selected according to the similarity of scenes and object distributions.

4.5 Dataset statistics

All sequences in CADC have been matched one-to-one with a clear weather CADC++
sequence of at least 100 frames. Figure 4.6 shows the spatial coverage between CADC and
the finalized CADC++, with separate visualizations for the training and validation sets.
There is only one CADC sequence where we made the exception to match with two half-
length sequences from CADC++, due to better alignment and data diversity. There is also
one sequence in CADC where the annotations are corrupted, so we have not attempted to
match it. As a result, CADC++ has 60 training sequences and 15 validation sequences,
where two of the validation sequences are half-length.

Out of the 74 total CADC sequences, we were unable to spatially match 21 of them due
to the lack of coverage illustrated in Fig. 2.8. Hence, for 15 of those, we were successful in
manually finding a match from an alternate but similar scene (e.g., matching a parking lot
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with a different parking lot). We also preferred a candidate sequence with more objects.
For the remaining 6, we selected sequences matching the type of road agents while the
scene differed slightly (e.g., a pedestrian-heavy intersection on the university campus was
matched to a pedestrian-heavy road intersection).

In total, if we sample CADC labels sparsely, in the same way that we have labelled
CADC++, we obtain distributions shown in Figs. 4.7 to 4.10.

Car
Tru

ck Bus

Bicy
cle

Hors
e a

nd
 Bug

gy

Ped
est

ria
n

Ped
. w

ith
 Obje

ct

Anim
al

Garb
ag

e

Tra
ffic

 Obje
ct

Object category

0.0

20 k

40 k

60 k

80 k

Nu
m

be
r o

f i
ns

ta
nc

es

89.1k

5.8k
1.4k 1 0

15.9k

0 45 17 86

82.2k

6.0k
1.4k 299 9

17.1k

112 3 825 1.4k

CADC
CADC++

Figure 4.7: Number of object instances per labelled category in CADC and CADC++.

Figure 4.7 shows that for the four major classes (Car, Truck, Bus, Pedestrian), the
object instance count in CADC++ is only slightly lower than in CADC. The selection of
CADC sequences prioritized scenes with a high number of road agents to include more
interesting scenarios. In CADC++, however, our primary goal was to achieve spatial
alignment with CADC, making matching scene object density a secondary objective. In
addition, the 6 CADC sequences where we could not find a close match were recorded on
campus, which has a higher density of cars and pedestrians than city streets due to parking
lots and students heading to class.

We gather all bounding boxes along an object’s trajectory within a sequence and plot
their average speed in Fig. 4.8. We then use a threshold of 0.2m/s to distinguish between
stationary and dynamic vehicles, as defined in Waymo Open Dataset’s evaluation [61]. We
lower the threshold to 0.1m/s for pedestrians to accommodate their lower speed. We indeed
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observe in Fig. 4.8a that the missing cars in CADC++ all exhibit stationary trajectories,
likely originating from those unmatched parking lots. On the other hand, static and
dynamic pedestrians are equally lacking in CADC++, according to Fig. 4.8b.

Despite CADC++ slightly lacking in its total number of objects, its distributions of
point count per bounding box and annotation count per frame remain relatively close
to those of CADC, as illustrated in Fig. 4.9. This alignment of object distributions is
crucial for CADC++ to serve as a weather-based domain adaptation dataset, enabling an
objective evaluation of snow’s impact on 3D object detection with minimal bias from other
confounding factors.

However, the number of object instances per frame deviates more for lesser represented
object classes, as the scenes are inherently different despite our best efforts at matching
the driven paths. This can be observed in Fig. 4.10.
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Figure 4.8: Average speed distributions of object tracks in CADC and CADC++.
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Figure 4.9: Distributions of point count per annotation and object count per frame for the
Car class in CADC and CADC++.
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Figure 4.10: Distributions of point count per annotation and object count per frame for
lesser represented classes in CADC and CADC++.
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Chapter 5

Track-based Auto-labelling for
Sparsely Labelled Data

As CADC++ training sequences were labelled sparsely due to budget constraints, this
chapter details our work in developing methods that can automatically label the unan-
notated intermediate frames with quality comparable to human annotations. While this
work has been evaluated on the Waymo Open Dataset [61], we believe the methods can be
applied to auto-label CADC++ and are likely to yield similar results.

5.1 Problem statement

We consider the problem of generating the best possible pseudo-labels while using the
fewest number of human-annotated labels. In our context, the labels are available only for
a fixed number of frames, sparsely sampled at constant intervals from a LiDAR sequence.
In addition to label efficiency, we aim for a method that yields balanced performance on
stationary and dynamic objects to avoid amplifying the existing bias towards stationary
objects in common datasets [61, 6, 46]. High overall performance should not be achieved
by solely increasing the detection performance of stationary objects. Lastly, we are not
constrained by runtime requirements as we target an offline use case.

39



Object Detector

CTRL100% CTRLsparse CTRLint CTRLssl CTRLint+ssl

Base100% Baseint Basessl

Tr
ac

k-
ba

se
d

O
bj

ec
t-b

as
ed

Su
pe

rv
is

io
n

Full Supervision Sparse Supervision Semi-supervision

Baseint+ssl

Multi-Object-Tracker

Basesparse

Refinement Module

Figure 5.1: Overview and relationships between the methods and the resulting models we
train, classified by their architecture and supervision. Methods with a dotted border are
our baselines; our proposed methods have bolded borders. We use Basesparse as the first
stage detector in all our non-baseline CTRL experiments to obtain comparable results. In
practice, for best results, the highest-performing Base model should be used to produce
the best possible initial detections.

5.2 Methods

We compare track-based and object-based pseudo-labelling methods to assess the effective-
ness of track-based auto-labelling. Our experiments have one or two training stages, where
each stage corresponds to training a model from randomized weights. When present, a
second stage uses the output of the first stage.

Figure 5.1 gives an overview of the methods and the resulting models we evaluate
in this work. The braces indicate two types of supervision based on their architecture
and training pipeline, distinguishing between object- and track-based methods. In the
first type, each Base model (in blue) is an object detector with object-based supervision,
meaning that individual object instances are supervised independently. In the second type,
each model (in green) is a refinement module, based on the architecture from CTRL [21],
which performs track-based supervision on tracks resulting from the tracker acting on
detections from the Base detector.

In Fig. 5.1, the dashed grey boxes classify the methods and models into three additional
types of supervision depending on the quantity and type of labels used. Full supervision
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means that all labels for all frames in all sequences are human-annotated and available
during training, hence denoted by 100%. Sparse supervision, however, denoted by sparse,
has access to only sparse labels during training. These sparse labels are human-annotated
GT labels that come from only a small number of evenly distributed frames within a
sequence. Finally, semi-supervision involves training on a mixture of human-annotated GT
labels and pseudo-labels. The latter can be created from either interpolation (denoted by
int), a pre-trained model (denoted by ssl), or a combination of both (denoted by int+ssl).

The fully supervised refinement model CTRL100% uses the fully supervised Base100% as
its base detector. All other CTRL models use Basesparse as their base detector to ensure
comparable results. Sparse and semi-supervision models are trained at different label
sparsity levels, as explained shortly.

Our choice of model architecture and training parameters, which are shared across
all baseline and subsequent experiments to ensure comparability, are as follows. For all
Base experiments, we opt for the single-frame CenterPoint architecture for our off-the-shelf
object detector, due to its popularity and familiarity. We use OpenPCDet’s [63] default
configurations for single-frame CenterPoint, such as a non-maximum suppression (NMS)
threshold of 0.7 and a one-cycle schedule with a maximum learning rate of 0.003 using
the Adam optimizer. Data augmentation, including random world flip, rotation, scaling,
and translation, is applied during training. For all CTRL experiments, we adopt CTRL’s
version of ImmortalTracker [67], with a NMS threshold of 0.25 and a score threshold of 0.5.
The refinement module is trained with default configurations, including noise augmentation
for bounding box centres, sizes, and heading angles, as well as global track augmentation,
such as random flip, rotation, scale, and translation.

Each of our fully supervised models is trained for 6 epochs, which is sufficient for the
dataset size. Since models trained on sparser sets of labels receive less supervision, we
compensate with more training time to ensure comparable results. Hence, for sparsely
supervised models, we normalize the training time by increasing it proportionally to the
fraction of labels available for supervision. We observed overfitting in only the CTRLsparse

experiments. In this case, we reduced the number of epochs until overfitting was no longer
observed.

5.2.1 Dataset and sequence subsampling

The Waymo Open Dataset [61] has 1000 fully labelled sequences of approximately 200
frames each, split into training and validation sets of 798 and 202 sequences, respectively.
Its fully annotated sequences enable experimentation with varying levels of label sparsity
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Figure 5.2: Sparse GT: numbers identify labelled frames for given fps; dots indicate 9 fps,
with 20 frames between any two adjacent dots.

through subsampling. Additionally, its large scale and diverse driving scenes produce more
objective results. We use only the vehicle class to demonstrate our findings, as it is the
majority class and offers sufficient depth and diversity to give meaningful results that we
believe will generalize to other classes.

We use all available GT labels in fully supervised training and subsample uniformly
across all its training sequences to create sparse annotations for sparsely supervised train-
ing. We illustrate our sampling approach in Fig. 5.2. The original sequences have lengths
in the range 171–200 frames, but we align the sequences by their midpoints and trim them
symmetrically to a common length of 169 frames to ensure consistent subsampling inter-
vals. This length allows us to have uniformly sampled ground-truth of 1, 2, 3, 5, and 9
labelled fps, while also making the sparser samples a subset of the denser ones.

The following subsections first give the necessary background on CTRL, our baseline
track-based auto-labelling method, then describe each of the ten methods from Fig. 5.1 in
more detail.

5.2.2 Notation

We refer to the first stage object detector models as Baseimethod and the second stage
refinement models as CTRLi

method , where i ∈ {1, 2, 3, 5, 9} is the chosen sparsity level and
method ∈ {100%, sparse, int, ssl, int+ssl} denotes the method name.

When describing the model type, rather than the specific model, we omit the sparsity
level and use the simplified notation Basemethod and CTRLmethod (Fig. 5.1).

We define the following sets to represent the various input point clouds (PCs) and GT
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labels used in training:

X = {x ∈ PCs from all frames}
Xi = {x ∈ PCs from frames sampled at sparsity i fps}
Xi = (X \Xi) = {x ∈ PCs from frames not sampled}
Y = {y ∈ GT labels from all frames}
Yi = {y ∈ GT labels from frames sampled at sparsity i fps}
Yi = f

(
Yi, Xi

)
where i ∈ {1, 2, 3, 5, 9} and f ∈ {interpolate, pseudo-label}. In general, Yi can be seen

as a set of pseudo-labels generated directly (by interpolation) or indirectly (by training a
model) from the available GT data. The specific sets used by each of our methods are
described in their respective sections.

5.2.3 Full supervision baselines: Base100% & CTRL100%

Fully supervised models are used as baselines to show the upper bound of what is achievable
when the highest level of human annotation is available. All subsequent experiments
demonstrate a comparatively reduced performance due to the effects of label sparsity. We
thus use the set of all available point clouds X and their corresponding annotations Y to
train Base100% and CTRL100%. Once Base100% has completed training, we can use it for
second-stage refinement training, as described in Sect. 2.6. We run inference with Base100%
on X to produce output detections that are then parsed by the tracker to obtain the track
inputs needed to train CTRL100%.

5.2.4 Sparse supervision models: Basesparse & CTRLsparse

Sparse supervision is a simple way to handle sparsely labelled data, i.e., a model is super-
vised solely using the sparse labels that are available. Since the base detector supervises
individual object instances independently, regardless of the sequential nature of their tra-
jectories, Baseisparse can be trained using Yi and the respective sparsely sampled point clouds
Xi without any architectural modification. Prior to training, we simply subsample point
clouds to create Xi, the same way we subsample labels Yi. Then, we generate the sparse
GT database for augmentation and train as usual.
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The refinement module in CTRL, however, does not natively support sparse super-
vision. Input point clouds are collected at the LiDAR’s operational frequency of 10Hz
before going through initial detection by the Base model. The resulting object detections
are fed into the tracker and converted into tracks without changing frequency. Finally,
the tracks are matched one-to-one with track labels to undergo refinement training with
the expectation that the labels are also of the same frequency. Since this is not the case,
we devise CTRLsparse, our adaptation of native CTRL for sparsely supervised refinement
training, as described next.

Since CTRL’s refinement module performs track-level feature extraction, we choose
to keep the input point clouds X at the full frequency of 10Hz, maximizing the feature
extraction potential by using all available point cloud data in a sequence. Then, sparsity is
introduced at the supervision step by only using sparse labels instead of full track labels.
Since some detections will now no longer have a corresponding label to supervise with,
they can further be omitted from the object-level feature extraction step. In other words,
we detect, track, and extract track-level features using X, but then extract object-level
features and supervise with only sparse GT labels Yi. Such adaptation of the refinement
module supports sparse supervision while making use of all available sensor data.

5.2.5 Semi-supervision

Semi-supervision is a standard technique to make maximum use of limited GT labels.
Hence, we develop a semi-supervised learning-based strategy for track-based auto-labelling.
Pseudo-labels, used to train a semi-supervised model, can be obtained from unlabelled
data in different ways. Described below, we experiment with the methods of interpolation,
pseudo-labelling using a base detector, and a hybrid approach that involves both.

Interpolation models: Baseint & CTRLint

Since sparse annotations are uniformly sampled in time, a simple method of obtaining
pseudo-labels for the unlabelled frames Xi is to interpolate from the sparse labels Yi. To

obtain interpolated pseudo-labels Yi
int
, we first construct individual object tracks using the

sparse labels Yi of sparsity i. Then, for each sparse object track, we interpolate the object
bounding box’s centre [centre x, centre y, centre z ] and heading angle θ, while keeping the
object’s unique identifier and dimensions [length, width, and height ] the same throughout
its entire track.
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It is worth noting that while sequences are subsampled with a fixed number of frames,
objects may only appear in some and not all of those sparsely sampled frames. This results
in object tracks of various lengths, including empty tracks if the sparsity is low enough.
Since different degrees of interpolation require different minimum numbers of data points,
we adopt an adaptive approach: we perform cubic spline interpolation if a track has at
least 4 frames, quadratic spline if 3, linear if 2, and none if only 1. Adaptive interpolation is
applied to all vehicle tracks, regardless of their speed, acceleration, or trajectory curvature.

To obtain higher-quality interpolations with smoother trajectories, we perform two
operations prior to interpolating. First, since object motions should be independent of
the ego vehicle’s movement, we convert all labels to global world coordinates, as they are
initially defined in local LiDAR coordinates. Another numerical detail we need to address
is that GT heading angles are originally provided between [−π,+π] rad, making it difficult
to interpolate values that wrap around when exceeding this range. Hence, we use the
standard phase unwrapping function from NumPy to minimize discontinuities in heading
angles before interpolating.

Finally, we combine the interpolated pseudo-labels with sparse GT labels to supervise
our interpolation-based semi-supervision experiments. After discarding any empty tracks,
Baseint and CTRLint can be trained the same way as our full supervision experiments, but

with the newly devised set of pseudo-labels Yi
int ∪ Yi.

Pseudo-label models: Basessl & CTRLssl

An alternative method to obtain pseudo-labels for the unlabelled frames Xi is to run in-
ference with a previously trained model, such as Baseisparse. The output detections are

converted into pseudo-labels Yi
ssl

after discarding those with a score of less than 0.5, fol-
lowing [7].

Similar to the interpolation-based approach, we combine our pseudo-labels with the

sparse GT labels to form the new set of pseudo-labels Yi
ssl ∪ Yi. Again, Baseissl can be

trained the same way as Base100%, but supervised using Yi
ssl ∪ Yi instead of Y . Training

CTRLi
ssl, however, requires pseudo-labels to become pseudo-label tracks first. Unlike sparse

GT or interpolated labels, they do not have unique identifiers assigned. Therefore, we run

the tracker on Yi
ssl ∪ Yi to obtain pseudo-label tracks. CTRLi

ssl can then be trained the
same way as CTRL100%, supervised with the newly generated pseudo-label tracks.
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Figure 5.3: Constructing pseudo-label tracks for hybrid semi-supervised model training.
(a) A sparse base detector infers initial pseudo-labels. (b) All object tracks are interpolated
from sparse GT labels. (c) Only interpolated labels from stationary track segments are
selected. (d) Only pseudo-labels that do not overlap with those from (c) are selected.
(e) All selected interpolated labels and pseudo-labels are combined with sparse GT labels
before being fed into the tracker in (f) to generate pseudo-label tracks.

Hybrid models: Baseint+ssl & CTRLint+ssl

We hypothesize that stationary objects can be interpolated with minimal error, as they
do not vary significantly in speed or trajectory shape. In contrast, dynamic objects may
exhibit more complex motion, resulting in poorer interpolations, especially as the sparsity
increases. Therefore, we explore using interpolated labels for stationary objects, but resort
to pseudo-labels for dynamic objects. To do so, we first need to classify object track
segments as either stationary or dynamic, then we can combine the two types of labels.
We define a track segment as a portion of an object trajectory that is bounded by two
consecutive sparse GT labels. The next sections describe these steps in detail. An overview
is depicted in Fig. 5.3.

Stationary track segments. We determine if a track segment is stationary using
Waymo’s 0.2m/s threshold for stationary objects. First, the average speed of a track
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segment is estimated using the displacement over time of its sparse GT endpoint bounding
boxes. Then, we save all segments of estimated speed less than 0.2m/s as stationary and

the rest as dynamic. Next, from Yi
int
, we keep only interpolated labels that fall within the

time intervals of stationary segments (denoted int-stat) to create the new pseudo-label set

Yi
int-stat

.

Dynamic track segments. All segments not identified as stationary from the previous

step are considered dynamic. We now need to gather pseudo-labels from Yi
ssl

that are part
of dynamic track segments (denoted ssl-dyn) and merge them with the interpolated labels
of stationary segments. However, due to the absence of object identities in pseudo-labels,

we cannot work with individual tracks. Instead, we gather all pseudo-labels Yi
ssl

and

discard those that overlap with the interpolated labels from stationary segments Yi
int-stat

using a fixed 3D Intersection over Union threshold of 0.1, resulting in the merged set of

pseudo-labels Yi
int-stat ∪ Yi

ssl-dyn
.

Finally, we combine with sparse GT labels to form the pseudo-labels set Yi
int-stat ∪

Yi
ssl-dyn ∪ Yi. Baseiint+ssl can be supervised with this set directly, but CTRLi

int+ssl needs
pseudo-label tracks obtained from the tracker.

5.2.6 Evaluation

We evaluate using Waymo’s full validation set for all our experiments. We also use Waymo’s
official evaluation metrics but combine all non-stationary velocity categories into one sin-
gle dynamic category. The original threshold between stationary and dynamic objects
(0.2m/s) is retained. All results report Level 2 3D average precision (AP) for vehicle class.

5.3 Experiments

We present the main results of our training experiments in Fig. 5.4. Figure 5.4a gives the
average precision of the vehicle class against the numbers of labelled frames per sequence,
for different training methods. Figures 5.4b and 5.4c break down the results in terms of
stationary and dynamic objects, respectively, as defined by the standard Waymo criteria.

Our full supervision baselines, Base100% (dotted light grey line) and CTRL100% (dotted
grey line), indicate the maximum performance achievable using fully labelled data, given
our models and training conditions. Since CTRL is an offline auto-labelling technique that
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Figure 5.4: Level 2 vehicle 3D AP vs GT label frequency for different training methods.
Baseint and Baseint+ssl show similar performance trends to their corresponding CTRL ex-
periments, however their curves are excluded to reduce clutter. Base results are in lighter
equivalent colours than CTRL results.

learns track-based features while exploiting knowledge from both the past and future, the
performance of CTRL100% is significantly greater than that of Base100%. In the following
sections, we break down the analysis of Base and CTRL experiments separately.

5.3.1 Base performance

Starting with the sparse supervision results obtained from Baseisparse (dashed light blue
line), we observe that Base9sparse achieves results surprisingly close to those of Base100%,
with only 4.5% (9 fps) labelled data. Base1sparse is less good than Base9sparse, but nevertheless
surprisingly performant, given that it uses only 0.5% (1 fps) labelled data. Additionally,
the performance trends with stationary and dynamic vehicles are similar, suggesting no
obvious bias towards either type.

As for the semi-supervision results, Baseissl (dashed light green line) shows that pseudo-
labels improve performance relative to Baseisparse when labelled data is very sparse (i <
5 fps), but deteriorate as labelled data become less sparse (i ≥ 5 fps). We suppose this is
due to the pseudo-labels contributing valuable diversity, while also containing low-quality
labels and false positives that confuse the model. Similar to the trends in Baseisparse, there
is no apparent bias regarding stationary and dynamic vehicles. Previous work [7] showed
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that training with 100% of the labelled data combined with a large amount of pseudo-
labelled data produces a significant increase in performance compared to training on the
labelled data alone, implying that more pseudo-labels are generally better. However, the
authors did not normalize their training times for the amount of data. Our results show
that some of the performance gains reported by Caine et al. [7] are likely due to the
additional training time. Moreover, we clearly show that training with pseudo-labels can
actually deteriorate performance when the training time is normalized and the labelled
data already have sufficient diversity.

5.3.2 CTRL performance

Supervising with adaptively interpolated pseudo-labels is entirely detrimental for low label
frequencies. CTRLi

int (dashed red line) is worse than without interpolation for stationary
objects and worse than all methods for dynamic objects. However, it shows promise for
label frequencies above 9 fps. CTRLi

sparse (dashed blue line), on the other hand, demon-
strates good overall performance compared to the CTRL100% baseline. This is similar to
the Base sparse supervision trends. Looking at the all-vehicle performance in Fig. 5.4a,
CTRLi

sparse outperforms Baseisparse for all sparsities i ∈ {1, 2, 3, 5, 9}, and is better than
Base100% and Baseissl for i > 1. However, since stationary vehicles are dominant, being
approximately 80% of the training and validation data, the all-vehicle performance follows
the performance of stationary vehicles and hides the much poorer performance of dynamic
vehicles. In Fig. 5.4c, we see that CTRLi

sparse has much worse performance than both
Baseisparse and Baseissl on dynamic vehicles when i < 5.

The severe performance imbalance between stationary and dynamic vehicles of CTRLsparse

and CTRLint motivates our creation of CTRLssl and CTRLint+ssl. CTRLi
ssl (dashed green

line) overcomes such imbalance by dramatically improving the average precision for dy-
namic vehicles when i < 5. Moreover, CTRLi

ssl is the best choice for i = 1 fps. Similar
to the semi-supervision behaviour of Baseissl, training using pseudo-labels is beneficial for
lower levels of sparsity, but eventually becomes detrimental, presumably because it intro-
duces inaccuracies and false positives. Hence, we devise our hybrid approach CTRLint+ssl

to exploit the high degree of interpolation accuracy of stationary objects, as well as the
high dynamic performance of semi-supervised refinement training. CTRLi

int+ssl (dashed or-
ange line) displays the highest dynamic performance for all levels of sparsity that support
interpolation, while its stationary performance is very close to that of CTRLi

sparse. De-
spite its improved dynamic detection, using pseudo-labels inevitably introduces confusion
for stationary detection, as false positives are considered ground truth during supervision.
This leads to a slight stationary performance degradation w.r.t. CTRLi

sparse.
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5.4 Discussion

Ground-truth annotations Base100% detections CTRL3fpsint+ssl detections

static tracksdynamic track

(a) Standard detector trained on
fully labelled sequences

static tracksdynamic track

(b) Our track-based auto-labeller
trained on 3 frames per sequence

Figure 5.5: Qualitative detection performance of our track-based auto-labeller trained on
sparsely labelled data compared to a standard detector trained on fully labelled data. Our
method effectively refines detections along an object track, reducing the overall jitteriness
that standard detectors might introduce when not considering the object’s full trajectory.

We find that annotating LiDAR sequences at a much lower frequency than their col-
lection rate is a very effective strategy to save on human labelling costs. Figure 5.5 shows
some detection examples of our sparse track-based auto-labeller compared to a standard
detector trained on fully labelled data. Even our simplest method, training a Base model
with standard augmentation, is effective and does not bias towards stationary vehicles.
Semi-supervised learning, using pseudo-labels from a Base model, is even more effective
for the most sparsely labelled data, but becomes detrimental as labelling becomes less
sparse. Using an offline track-based auto-labelling approach, such as CTRL [21], can im-
prove the performance of a Base model beyond what is possible when it is conventionally
trained with fully labelled sequences.

After modifying native CTRL to support training on sparse annotations, our CTRLsparse

adaptation produces the best detection results for stationary objects and sparsity i > 2 fps.
However, such performance comes at the detriment of its detection capabilities for dynamic
objects, being even worse than the Base model for sparsity i ≤ 3 fps. In contrast, CTRLssl

and CTRLint+ssl achieve balanced detection performance between stationary and dynamic
objects. Using a combination of pseudo-labels and sparse human-generated GT labels to
supervise the refinement module, CTRLssl not only achieves balanced stationary-dynamic
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performance, but also surpasses CTRLsparse in dynamic object detection. Moreover, it out-
performs a Base model trained with fully labelled data, at all levels of sparsity. At 1 fps, it is
the superior approach in all evaluation categories. For the other levels of very sparse labels,
we propose CTRLint+ssl. Employing adaptive interpolation for stationary track segments
and pseudo-labels for dynamic tracks, CTRLint+ssl achieves the best dynamic detection per-
formance and significantly improves on CTRLssl’s stationary object detection performance
at all levels of sparsity. We note that the performance of CTRLint+ssl with stationary ob-
jects is slightly below that of CTRLsparse for sparsities i ≥ 3 fps. We hypothesize that this
is due to the severe performance bias of CTRLsparse in favour of stationary objects. We
suppose that the model learns to avoid conflicts between detecting both stationary and
dynamic vehicles by not detecting the dynamic ones. However, since we require a balanced
detection performance, we deem CTRLint+ssl to be superior to CTRLsparse. For annotation
frequencies greater than or equal to 9 fps, one can consider using CTRLsparse or simply
adaptive interpolation.

We speculate that it might be possible to further increase performance by iterating some
of our methods, such as using the Basessl model as the base model for CTRLint+ssl or using
the pseudo-labels produced by CTRLint+ssl to train a new Base model. However, given
a finite amount of ground truth, there are likely to be diminishing returns and possibly
unforeseen interactions that reduce performance.

51



Chapter 6

Conclusion and Future Work

We construct CADC++, a paired weather domain adaptation dataset that extends the
existing CADC dataset [46] with clear weather data. Each snowy sequence from CADC is
matched with minimal spatial discrepancy along a driven trajectory to a unique sequence
in clear weather. The resulting CADC++ shares similar size and object distributions as
CADC, with minimized domain shifts from confounding factors other than falling and
accumulated snow. Despite having to sparsely label CADC++’s training set at 10%, we
can employ our track-based auto-labelling method to generate automatic annotations for
the intermediate unlabelled frames. Evaluated on the Waymo Open Dataset [61], the auto-
labels from our method demonstrated comparable quality to that of ground-truth labels,
especially for the labelling sparsity level we used in CADC++.

With CADC++ ready for use alongside CADC, future work can tackle our initial
research goal of evaluating the effect of snow on 3D object detection performance. We can
train a 3D object detector in clear weather data and evaluate its potential performance
degradation in snowy scenes. A snowy model evaluated on clear weather data might
also provide interesting insight. Additionally, we can compare their performance with
models trained on either simulated snowy or de-snowed data. At last, a weather-paired like
CADC++ enables domain adaptation research in many other directions, such as improving
current learning-based de-snowing or weather-based style transfer methods.
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