Features in Extra Dimensions: Spatial
and Temporal Scene Representations

Zhaoyuan Fang
CMU-RI-TR-22-39
July 2022

N\E\.LON U/V

\7 y,
L

A
‘Q(‘)

The Robotics Institute
School of Computer Science

Carnegie Mellon University
Pittsburgh, PA

Thesis Committee:
Katerina Fragkiadaki, chair
Shubham Tulsiani
Adam Harley

Submitted in partial fulfillment of the requirements
for the degree of Master of Science in Robotics.

Copyright (C©) 2022 Zhaoyuan Fang. All rights reserved.






Abstract

Computer vision models have made great progress in featurizing pixels
of images. However, an image is only a projection of the actual 3D
scene: occlusions and perspective distortions exist. To arrive at a better
representation of the scene itself, extra dimensions are needed to learn
spatial or temporal priors.

In this thesis, we propose two methods that introduce extra dimensions for
modelling the scene space and time. The first method lifts features from
the image plane onto the bird’s eye view (BEV) plane for perception in
autonomous driving. Features over the scene space enables our models to

handle occlusion better, producing accurate BEV semantic representation.

The second method introduces extra dimensions for modelling time, for
better geometry-free point tracking. We track points through partial or
full occlusions, using components that drive the current state-of-the-art
in flow and object tracking, such as learned temporal priors, iterative
optimization, and appearance updates. Features allocated over timesteps
enables our models to track over long horizons and through occlusions,
outperforming previous feature-matching and optical flow methods.
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Chapter 1

Introduction

1.1 Motivation

Advances in computer vision brought methods that produce good representations
for pixels of images. However, an image is only a projection of the scene. The
projection is itself an imperfect representation of the actual scene: occlusions, scaling
and perspective distortions exist, and most vision methods that featurize the image
fail to handle these artifacts. To arrive at a better representation of the scene itself,
features in extra dimensions are needed. Works have been exploring in two directions:
learning spatial priors and temporal priors.

In this thesis, we propose two methods, one along each line discussed above. The
rst explicitly introduces extra dimensions for modelling the scene space, for better
bird's eye view (BEV) perception for autonomous vehicled . We use geometry-
based methods to liftimage features into the 3D space. This representation enables our
models to handle occlusion better, producing accurate BEV semantic representation
of the space surrounding the vehicle from multiple sensors. The second method
explicitly introduces extra dimensions for modelling time, for better geometry-free
point tracking. We re-build the classic \particle video" approach $1] to track through
partial or full occlusions [L7], using components that drive the current state-of-the-art
in ow and object tracking, such as learned temporal priors, iterative optimization,
and appearance updates. This representation enables our models to track over long
time horizons and through occlusions, outperforming previous feature-matching and
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1. Introduction

optical ow methods.

1.2 Geometry-based Scene Representation for
Bird's Eye View Perception

In Chapter 2, we use extra dimensions to model the scene space, for BEV Perception.
The task of producing BEV semantic representation of the 3D space surrounding the
vehicle from multi-view camera observations has drawn great interest, as the BEV
representation captures useful information required for autonomous driving. Most
previous works rst lift 2D image features onto the BEV plane and then perform
segmentation, and the main focus has been on innovating new \lifting" techniques. In
contrast, using an architecture similar to L6], we propose a simple baseline model with
a parameter-free lifting method 18], exceeding the performance of state-of-the-art
models. With extensive experiments and ablations, we hope to understand what
really matters for performance. We also show that with a simple fusion strategy for
RGB and radar, our model obtains another performance boost of 8 points. We hope
this invites people to reconsider the utility of radar in autonomous driving.

1.3 Geometry-free Scene Representation for Point
Tracking

In Chapter 3, we use extra dimensions to model time, for point tracking. We revisit
the \particle video" [ 51], where the video is represented with a set of particles that
move across frames with permanence, leveraging long-range temporal priors while
tracking the particles. Inspired by this approach, we build \deep particle video"17],
using components that drive the current state-of-the-artg2] in ow and object
tracking, such as dense cost maps, iterative optimization, and learned appearance
updates. We show that with the model trained entirely using point trajectories
mined from synthetic optical datasets 38| with augmented occlusions, our method
outperforms state-of-the-art feature-matching and optical ow methods on long-range
correspondence tasks which consist of real videos [2, 12, 61].



Chapter 2

Geometry-based Scene
Representation for Bird's Eye View
Perception

2.1 Introduction

There is great interest in building 3D-aware perception systems for autonomous
vehicles, under various sensor platforms, which typically constitute multiple RGB
cameras, multiple radar units, and optionally a LIDAR unit. Although LiDAR-based
methods have made remarkable progress in highly accurate 3D perceptigf, B1],
the high costs of LIDAR sensors make it less appealing for large-scale deployma6t. [
Recently, many works have been focusing on producing an accurate \bird's eye
view" (BEV) semantic representation of the 3D space surrounding the vehicle, from
only multi-view camera observations32, 40. The BEV representation captures the
information required for driving-related tasks, such as navigation, obstacle detection,
and moving-obstacle forecasting.

We have seen rapid progress in camera-based BEV perception: BEV vehicle
semantic segmentation loU improved from 23.91()] to 43.2 BZ] in just two years.
However, similar to other research aread,[71], BEV perception has seen method-
ological innovations and performance improvement, at the cost of system simplicity
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2. Geometry-based Scene Representation for Bird's Eye View Perception

and the risk of obscuring \what really matters" for performance. The main focus
in those methods has been on innovating new techniques for \lifting" features from
the 2D image plane(s) onto the BEV plane. For example, prior work has explored
using homographies to warp features directly onto the ground plang]] using depth
estimates to place features at their approximate 3D locationg3, 52|, using MLPs
with various geometric biased[4, 20, 49|, and most recently, using geometry-aware
transformers B8] and deformable attention across space and tim87). In this work,

we instead propose a simple baseline model where the \lifting" step is parameter-free,
and does not rely on depth estimation: we simply de ne a 3D volume of coordinates
over the BEV plane, project these coordinates into all images, and average the features
bilinearly sampled from the projected locations. Surprisingly, our simple baseline
exceeds the performance of state-of-the-art models, while also being faster and having
fewer parameters. Our ablations show that batch size, data augmentation, and input
resolution play a large part in performance.

As we establish a new simple baseline, we also take the opportunity to question
the currently-popular paradigm of relying on multi-view camera observations alone,
instead of fusing available metric information from radar. Radar sensors are not only
cheap compared to LIiDAR, but have been integrated in real vehicles for several years
already {1]. While using RGB cameras alone may give the task a certain purity
(requiring metric 3D estimates from 2D input alone), it does not re ect the reality of
autonomous driving, where we can freely take advantage of noisy metric data, not
only from radar but from GPS and odometry. The few recent works that discuss radar
in the context of semantic BEV mapping have concluded that the data sometimes is
too sparse to be useful20, 30]. We identify that these prior works evaluated the use
of radar alone, avoiding the multi-modal fusion problem, and perhaps missing the
opportunity for RGB and radar to complement one another. We introduce a simple
fusion strategy for RGB and radar (rasterizing the radar in BEV and concatenating it
to the RGB features), and exceed the performance of all published BEV segmentation
models, obtaining a score only 5 points behind a LIDAR-enabled system.

While this work does not a contribute new innovative architecture, it (1) provides
a simple baseline for BEV semantic segmentation, with state-of-the-art results and
extensive ablative analysis, and (2) invites the community to reconsider the utility
of radar in autonomous driving perception systems. We also release code and
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2. Geometry-based Scene Representation for Bird's Eye View Perception

reproducible models to facilitate future research in the area.

2.2 Related Works

A major di erentiator in prior work on dense BEV parsing is the precise operator for
\lifting" 2D perspective-view features to 3D, or directly to the ground plane.

Parameter-free unprojection This strategy, pursued in a variety of object and
scene representation model3,[54, 69, uses the camera geometry to de ne a mapping
between voxels and their projected coordinates, and collects features by bilinearly
sampling at the projected coordinates. This places each image feature into multiple
3D coordinates, essentially tiling the feature along the ray's extent in the volume.
This method of lifting is not typically used in bird's eye view semantic tasks.

Depth-based unprojection Several works estimate per-pixel depth with a monoc-
ular depth estimator, either pre-trained for depth estimation 34, 45, 52] or trained
simply for the end-task R1, 43, 68|, and used the depth to place features at their
estimated 3D locations. This is an e ective strategy, but note that if the depth
estimation is perfect, it will only place \truck" features at the front visible surface
of the truck, rather than Il the entire truck volume with features. We believe this
detail is one reason that naive unprojection performs competitively with depth-based
unprojection.

Homography-based unprojection Some works estimate the ground plane instead
of per-pixel depth, and use the homography that relates the image to the ground to
create a warp p, 33, 39, transferring the features from one plane to another. This
operation tends to produce poor results when the scene itself is non-planar (e.g., tall
objects inevitably get spread out over a wide area after the homography).

MLP-based unprojection A popular approach is to convert a vertical-axis strip
of image features to a forward-axis strip of ground-plane features, with an MLP
[20, 31, 40]. An important detail here is that the initial ground-plane features are
considered aligned with the camera frustum, and they are therefore warped into a
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2. Geometry-based Scene Representation for Bird's Eye View Perception

rectilinear space using the camera intrinsics. Some works in this category use multiple
MLPs, dedicated to di erent scales 47, 49, or to di erent categories [L4]. As this
MLP is parameter-heavy, Yang et al. T9 propose a cycle-consistency loss (mapping
backward to the image-plane features) to help regularize it.

Geometry-aware transformer-like models An exciting new trend is to transfer
features using model components taken from transformer literature. Saha et ag|
begin by de ning a relationship between each vertical scan-line of an image, and the
ground-plane line that it projects to, and show that transformer self-attentions can
learn an e ective \translation" function between the two coordinate systems. De ning
this transformer at the line level helps provide inductive bias to the model, since the
lifting task should be similar across lines. BEVFormer3Z], which is concurrent with
our work, proposes to use deformable attention operations to collect image features
for a pre-de ned grid of 3D coordinates. This is similar to the bilinear sampling
operation in the parameter-free unprojection, but with approximately 10 more
samples, learnable o sets for the sampling coordinates, and a learnable kernel on
their combination.

Radar In the automotive industry, radar has been in use for several years al-
ready 41]. Since radar measurements provide position, velocity, and angular orien-
tation, the data is typically used to detect obstacles (e.g., for emergency braking),
and to estimate the velocity of moving objects (e.g., for cruise control). Radar is
longer-range and less sensitive to weather e ects than LIDAR, and substantially
cheaper. Unfortunately, the sparsity and noise inherent to radar make it a challenge
to use B6, 39, 55, 75. Some early methods use radar for BEV semantic segmentation
tasks much like in our work B6, 53, 55|, but only in small datasets. Recent work
within the nuScenes benchmark4] has reported the data too sparse to be useful,
recommending instead higher-density radar data from alternate sensor setu@§,[30].
Some recent works explore RGB-radar or RGB-LIiDAR fusion strategie83, 39,
similar to our work, but targeting detection and velocity estimation rather than BEV
semantic labelling.
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2. Geometry-based Scene Representation for Bird's Eye View Perception

2.3 A Simple Baseline for BEV Perception

2.3.1 Setup and overview

Figure 2.1: A baseline for neural BEV mapping . (A) Our sensor setup consists of
multiple cameras and radar units. (B) We begin by featurizing each camera image with
a ResNet-101. (C) We de ne a set of 3D coordinates around the ego-vehicle, project
these coordinates into all images, and bilinearly sample features at the projected
locations, yielding a 3D volume of features. We then concatenate a rasterized radar
image, and reduce the vertical dimension of the volume to yield a BEV feature map.
We process this BEV map with a Resnet-18. Finally, task heads produce semantic
segmentation, a centerness heatmap that indicates which BEV locations correspond
to object centers, and an o set eld that indicates the closest object centroid from
each BEV location.

The setup and architecture of our model are shown in Figure 2.1. Our model uses
as input a exible number of cameras, any number of radar units, and optionally
even LIDAR. We assume that the data is synchronized across sensors. We assume
that the intrinsics and extrinsics of each sensor are known.



2. Geometry-based Scene Representation for Bird's Eye View Perception

The model has a 3D metric span, and a 3D resolution. Following the baselines
in this task, we set the left/right and forward/backward span to 100n 100m,
discretized at a resolution of 200 200. We set the up/down span to 1@, and
discretize at a resolution of 8. This volume is centered and oriented according to a
reference camera, which is typically the front camera. We denote the left-right axis
with X, the up-down axis with Y, and the forward-backward axis withZ .

Our model rst computes features from each camera image, as shown in Figure 2.1-
B. Then, we populate our 3D volume with features, with bilinear sampling: starting
from the 3D coordinates at the center of each discrete cell, we use the extrinsics
and intrinsics to compute its 2D coordinates in each 2D feature map, and bilinearly
sample the 2D feature map to obtain a feature. If its 3D coordinates land in the
camera frustum of multiple views, we simply take an average of the features from all
those \valid" views. If radar is provided, we rasterize its returns into a bird's eye
view image, and concatenate this with the 3D feature volume. We then reduce the
vertical dimension, and process the resulting feature map with a 2D convolutional net.
Finally, task heads produce quantities of interest, such as segmentation, centerness
scores, and an o set map, all in a 2D bird's eye view. The segmentation map contains
a categorical distribution over semantic categories. The centerness map indicates
probabilities of a grid cell being the center of an object. The o set map contains
a vector eld, where each vector points to the nearest object center. The 3D/BEV
processing is illustrated in Figure 2.1-C.

2.3.2 Architecture

We featurize each input RGB image, shaped 3H W, with a ResNet-101 19
backbone. We upsample the output of the last layer and concatenate it with the
third layer output, and apply two convolution layers with instance normalization
and RelLU activations PBJ, arriving at feature maps with shapeC H=8 W=8 (one
eighth of the image resolution).

We project our pre-de ned volume of 3D coordinates into all feature maps, and
bilinearly sample features there, yielding a 3D feature volume from each camera. We
compute a binary \valid" volume per camera at the same time, indicating if the
3D coordinate landed within the camera frustum. We then take a valid-weighted
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2. Geometry-based Scene Representation for Bird's Eye View Perception

average across the set of volumes, reducing our representation down to a single 3D
volume of features, shape€ Z Y X. We emphasize that our lifting step is
parameter-free. We rearrange the 3D feature volume dimensions, so that the vertical
dimension extends the channel dimension,as@ Z Y X! (CY) Z X,
yielding a high-dimensional BEV feature map.

We next rasterize the radar information, to create another BEV feature map. We
may use an arbitrary number of radar channel® (including R = 0, meaning not
using radar). In nuScenes4], each radar return consists of a total of 18 elds, with 5
of them being position and velocity, and the remainder being the result of built-in
pre-processes (e.g., indicating con dence that the return is valid). We use all of this
data, by using the position data to choose the nearextY Z position in the volume
(if in bounds), and using the 15 non-position items as channels, yielding a 3D feature
volume shapedR Z Y X, with R =15. Similar to the RGB feature volume,
this radar feature volume is rearranged so that the vertical dimension extends the
channel dimension,R Y) Z X. If LiDAR is provided, we voxelize it to a binary
occupancy grid shapedr Z X, and use it in place of radar features (only for
comparison).

We then concatenate the RGB features and radar features, and compress the
extended channels down to a dimensionality o, by applying a 3 3 convolution
kernel. This achieves the reduction@ Y+ R Y) Z X! C Z X. Atthis
point, we have a single plane of features, representing a bird's eye view of the scene.
We process this with three blocks of a Resnet-189, producing three feature maps,
then use additive skip connections with bilinear upsampling to gradually bring the
coarser features to the input resolution, and nally apply task-speci ¢ heads. Each
head is two convolution layers with instance normalization, and ReLU after the norm
in the rst layer.

The model is trained on three tasks and is equipped with three corresponding
task heads: segmentation, centerness, and o set. The segmentation head produces
per-pixel vehicle/background segmentation. The centerness head produces a heatmap
where high values indicate high probability that the grid cell is an object center. The
o set head produces a vector eld where, within each object mask, each vector points
to the center of that object. We train the segmentation head with a cross entropy
loss, and supervise the centerness and o set elds with an L1 loss. We compute
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Figure 2.2: Comparison of lifting techniques . (a) [47] uses MLPs to rst reduce
the vertical dimension of the image and then expand the depth dimension; the polar
BEV features are resampled with a Cartesian grid; (b)4f8] uses transformers to
translate a vertical strip in the image into a BEV ray, and then resamples the BEV
features with a Cartesian grid; (c) §3] estimates a distribution over depth and place
the features with a soft weight; (d) BZ] uses deformable attention to let the 3D queries
interact with the image features; (e) we perform a simple bilinear sampling in the
projected location of each voxel in the feature volume.

the ground truth from 3D box annotations. We use an uncertainty-based learnable
weighting [27] to balance the three losses.

Compared to related models, the architecture choices for the perspective-view and
bird's-eye-view encoders are most similar to those in Lift-Splatt§] and FIERY [21].
Our multi-task setup is the same as FIERY [21].

Our model is \simpler" than related work particularly in the 2D-to-3D lifting
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step, which is handled by (parameter-free) bilinear sampling. This replaces, for
example, depth estimation 43], MLPs [20, 31, 4(], or attention mechanisms 32, 48].

A qualitative comparison of the lifting step is shown in Figure 2.2. Besides the
implementation simplicity, our model is also faster and has fewer parameters than
the next-best existing model, as we will detail in the experiments.

2.3.3 Implementation details

Our model uses an RGB input resolution of 448 960. The ResNet-101 has a
total stride of 8. We use a feature dimension (i.e., channel dimension) of 128.
Our 3D resolution is 200 8 200, and our nal output resolution is 200 200.
Our 3D metric spanis 10tn 10m 100m. This corresponds to voxel lengths of
0:5m 1:25m 0:5m (in Z;Y; X order). The Resnet-101 is pre-trained for image
classi cation on ImageNet [8]. The BEV Resnet-18 is trained from scratch.

At training time, we randomly select a camera to be the \reference" camera,
which randomizes the orientation of the 3D volume (as well as the orientation of the
rasterized annotations). We apply random cropping on the RGB input, by resizing
the original images to 558 992, and taking a random 448 960 crop inside (and
updating the intrinsics accordingly). At test time, we use the \front" camera as the
reference camera, and take a center crop.

We train end-to-end for 25,000 iterations, with a batch size of 40, with the Adam-
W optimizer [37] at a constant learning rate of 3e-4. We accumulate gradients across
eight V100 GPUs and ve iterations, to obtain an e ective batch size of 40 for each
gradient step. The model takes 2-3 days to train.

2.4 Experiments

We train and test our model in the nuSceneg!] urban scenes dataset, which is publicly
available for non-commercial use. The dataset has 6 cameras, pointing front, front-left,
front-right, back-left, back, and back-right, and 5 radar units, pointing front, left,
right, back-left, and back-right, as well as a LiDAR unit. We use LIiDAR inputs
only for comparison, and focus on using RGB and RGB+radar. The sensor setup
is illustrated in Figure 2.1-A. We use the o cial nuScenes training/validation split,
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2. Geometry-based Scene Representation for Bird's Eye View Perception

which contains 28,130 samples in the training set, and 6,019 samples in the validation
set. We use annotations from the \vehicle" superclass, which includes bicycle, bus, car,
construction vehicle, emergency vehicle, motorcycle, trailer, and truck. We evaluate
on vehicle/background segmentation, using the intersection-over-union (IOU) metric
in a bird's eye view. (We follow related work 21] in treating centerness and o set
purely as auxiliary tasks.)

2.4.1 Main results

In this section we present our BEV vehicle segmentation results on the nuScenes
validation set, and compare with the state-of-the-art.

Method IOU
FISHING [20] 30.0
PON [47] 31.4
Lift, Splat [43] 32.1
FIERY [21] 35.8
TIIM [48] 38.9
BEVFormer [32] 44.4
Ours 47.2

Table 2.1: State-of-the-art comparisons againgtingle-frame RGB-onlymethods for
vehicle segmentation 10U in the nuScenes validation set.

We rst compare against single-frame RGB-only models, in Table 2.1. Our RGB-
only method obtains 472 10U, outperforming all other single-frame RGB-only models.
Second-best is BEVFormerJ?Z (concurrent work) at 44.4. The main di erence
between these two methods is that BEVFormer uses a deformable attention-based
strategy to lift features from 2D to BEV, in place of our bilinear sampling.

We next open the comparison to all methods of all modalities, in Table 2.2. The
best model we are aware of is BEVFormer's temporal variant, which obtains 46.7
IOU|just under the accuracy of our single-frame RGB-only model.

Our RGB+radar model improves over this by 9 points, reaching 55.7 IOU. For
reference, we also compute our model's performance using RGB+LIDAR, obtaining
a new high of 60.8. High performance from LiDAR is consistent with related work
in 3D object detection B(Q], but the gap between RGB+LIDAR and RGB+radar is
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Method Inputs 10U
RGB 30.0
RGB 35.8
FIERY [21] RGB+time  38.2
RGB 38.9
TIIM [48] RGB+time  41.3
RGB 44.4
BEVFormer [32]  popitime 467
RGB 4722
Ours RGB+radar  55.7

RGB+LIDAR ( 60.8)

Table 2.2: State-of-the-art comparisons against all top methods for vehicle segmenta-
tion IOU in the nuScenes validation set. Since our focus is on LiDAR-free methods,
we put LIDAR-enhanced results in parentheses, including them only for reference.

smaller than might have been expected, since prior work conveyed negative results
from RGB+radar fusion [20]. Note that integrating over time is orthogonal to the
strengths of our model, so it should be possible to push results even higher using
time.

Speed and complexity: Our model runs at 7.3 FPS on a V100 GPU. This is
more than 3 faster than BEVFormer [32], which runs at 2.3 FPS. Our model also has
fewer parameters: 42.0M, compared to BEVFormer's 68.7M. Most of our parameters
(37.0M) come from the Resnet-101, and this is also the main speed bottleneck, due
to the high RGB resolution.

Qualitative results: ~ We show qualitative results in Figure 2.3. We also visualize
corresponding LIDAR and radar data, to show the scene structure as captured by
those sensors. Qualitatively, the radar is indeed sparse and noisy as noted in related
work [20, 30], but we believe it gives valuable hints about the metric scene structure,
which, when fused with information acquired from RGB, enables higher-accuracy
semantic segmentation in the bird's eye view.
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Figure 2.3: Visualization of our best model's inputs (RGB and radar) and outputs
(BEV vehicle segmentation) overlaid on a road visualization. We display LIDAR
and ground truth for comparison. Please see the supplementary le for a video
visualization.

2.4.2 Ablation studies

Considering the simplicity of our method compared to prior work, we next aim to
answer the question: what really matters for performance?

While prior work has focused on the details of the 2D-to-BEV lifting strategy, our
2D-to-BEV step is parameter-free, so we study other factors: input resolution, batch
size, and augmentations. We rst perform ablations using our RGB-only model, and
then turn to evaluating the details of our radar processing. Each ablation involves
re-training the model with a single speci ¢ di erence with respect to the proposed
model. In all ablations we report vehicle segmentation IOU in the nuScenes validation
set (where the proposed model achieves 47.2).

Input resolution The nuScenes dataset provides high-resolution RGB images,
which are 900 1600. While earlier work downsampled the RGB substantially before
feeding it through the model (e.g., downsampling to 128 352 E3]), we note that
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recent works have been downsampling less and less (e.g., most recently using the
full resolution [32]). We believe this is an important factor for performance, and so
we train and test our RGB-only model across di erent input resolutions. Table 2.3
summarizes the results. We nd that our model obtains its best result at 448 960,
which is approximately half of the total available resolution. It may be that when
the images are too large or too small, the typical object scale is no longer consistent
with the backbone's pre-training (on ImageNet§]), leading to less-e ective transfer.

RGB resolution 10U
112 240 36.3
224 480 42.7
448 960 47.2

672 1440 44.0

Table 2.3: E ect of input resolution.

Batch size It has been reported in the image classi cation literature that higher
batch sizes deliver superior result$]], but we have not seen batch size discussed
in BEV literature. In Table 2.4 we explore the impact of batch size on our model's
performance: each increase in batch size gives an improvement in accuracy, with
diminishing (but sizeable) returns. Increasing the batch size from 2 to 40 gives a
nearly 10-point improvement in IOU. It appears that increasing the batch size further
might improve performance still, but this is beyond our current compute capacity.

Batch size 10U

2 36.8
4 41.8
20 43.7
40 47.2

Table 2.4: E ect of batch size.

Augmentations  When training our model, we randomize the camera selected to
be the \reference" camera, which dictates the orientation of the 3D coordinate system.

15



2. Geometry-based Scene Representation for Bird's Eye View Perception

To the best of our knowledge ours is the rst work to do this.

We show the results of this augmentation in Table 2.5. Randomizing the reference
camera provides approximately a 1 point boost in IOU. We believe that randomizing
the reference camera helps reduce over tting in the bird's eye view module. We have
observed qualitatively that without this augmentation, the segmented cars have a
slight bias for certain orientations in certain positions; with the augmentation added,
this bias disappears.

Reference camera 10U

\Front" 46.0
Random 47.2

Table 2.5: E ect of randomizing the reference camera.

Prior work has reported a bene t from randomly dropping 1 of the 6 available
cameras in each training sample4f]. Interestingly, we nd the opposite from the
results shown in Tbhale 2.6: using all cameras performs better. It may be that our
reference-camera randomization provides enough regularization to make camera-
dropout unnecessary.

Number of cameras |OU

5/6 45.9
6/6 47.2

Table 2.6: E ect of camera dropout.

We have also experimented with color, contrast, and blur augmentations, and
found that these worsened results. Such augmentations are known to be bene cial in
image classi cation, but it may be that the model bene ts from sensitivity to these
factors in the current data.

Radar usage details  Since ours is the rst model to report strong results from
RGB+radar fusion in this domain, we aim to reveal the important hyperparameter
choices in the radar setup.
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As shown in Table 2.7, our model bene ts from accessing the meta-data associated
with each radar point. This includes information such as velocity, which may help
distinguish moving objects from the background. Removing this aspect lowers 10U
by 2.5 points.

Input IOU

Full return 55.7
Occupancy only 53.2

Table 2.7: Using the meta-data associated with each point improves performance.

As shown in Table 2.8, our model bene ts from havingll radar returns as
input, achieved by disabling nuScenes' built-in outlier lItering strategy. The Itering
strategy attempts to discard outlier points (produced by multipath interference and
other issues), but potentially discards some true returns as well. Using the lItered
data instead of the raw data results in a 2.3 point drop in performance.

Filtering 10U
O 55.7
On 53.4

Table 2.8: Turning o nuScenes' outlier- Itering strategy improves performance.

As shown in Table 2.9, our model bene ts from aggregating multiple sweeps of
radar as input. This means using radar from timestepg;t 1;t 2) aligned to the
coordinate frame of timestept, rather than exclusively using the data from timestep
t. Using a single sweep lowers performance by 2.4 points, likely because the model
struggles with the extreme sparsity of the signal.

# Sweeps 10U
3 55.7
1 53.3

Table 2.9: Aggregating radar data across multiple sweeps improves performance.
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Discussion and limitations In this work, we propose a simple baseline architecture
for BEV semantic parsing, and show its surprising e ectiveness. Our work highlights
that radar provides useful sparse metric information for BEV parsing, and this insight
can be applied to other approaches. Similarly, our training techniques may lead to
improvements for other models. Our work does not argue against the use of LIDAR
in particular, but rather for the use of metric information whenever available, even if
sparse and noisy.

We did not discuss any temporal integration strategies. Temporal integration
is very natural to include in this setting, and previous works have shown it gives a
performance boost of 3-4 points. We leave this for future work. Finally we note that
training these models is costly in terms of both GPU time and carbon footpring].
We aim to release our models and encourage their re-use.

2.5 Conclusion

LiDAR-free BEV perception is a critical step toward low-cost autonomous vehicles.
This paper proposes a simple baseline model with a parameter-free 2D-to-BEV lifting
step that outperforms the state-of-the-art. We then reconsider the assumption that
radar data is too sparse to be useful, and propose a simple strategy to fuse its noisy
returns with the 3D representation acquired from RGB. The resulting radar-enhanced
model exceeds the performance of all published models, including ones that integrate
information across time, and is only 5 points behind the LiDAR-enhanced model in
BEV vehicle segmentation. We will make our code publicly available. We hope that
this simple model will serve as a useful baseline in the future.
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Chapter 3

Geometry-free Scene
Representation for Point Tracking

3.1 Introduction

In 2006, Sand and Teller§1] wrote that there are two dominant approaches to motion
estimation in video: feature matching and optical ow. This is still true today. In
their paper, they proposed a new motion representation called a \particle video",
which they presented as a middle-ground between feature tracking and optical ow.
The main idea is to represent a video with a set of particles that move across multiple
frames, and leverage long-range temporal priors while tracking the particles.

Methods for feature tracking and optical ow estimation have greatly advanced
since that time, but there has been relatively little work on estimating long-range
trajectories at the pixel level. Feature correspondence method3 [7(] currently work
by matching the features of each new frame to the features of one or more source
frames R9, without taking into account temporal context. Optical ow methods
today produce such exceedingly-accurate estimates within pairs of framé§g] [that
the motion vectors can often be chained across time without much accumulation of
error, but as soon as the target is occluded, it is no longer represented in the ow
eld, and tracking fails.

Particle videos have the potential to capture two key elements missing from
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feature-matching and optical ow: (1) persistence through occlusions, and (2) multi-
frame temporal context. If we attend to a pixel that corresponds to a point on the
world surface, we should expect that point to exist across time, even if appearance
and position and visibility all vary somewhat unpredictably. Temporal context is

of course widely known to be relevant for ow-based methods, but prior e orts to
take multi-frame context into account have yielded only small gains. Flow-based
methods mainly use consecutive pairs of frames, and occasionally leverage time with
a simple constant-velocity prior, which weakly conditions the current ow estimate
on previous frames' ow [46, 62].

We propose Deep Particle VideoRIPs), a new particle video method, which
takes aT-frame RGB video as input, along with the &;y) coordinate of a target to
track, and produces al 2 matrix as output, representing the positions of the target
across the given frames. The model can be queried for any number of particles, at
any positions within the rst frame's pixel grid. A de ning feature of our approach,
which di erentiates it from both the original particle video method and modern
ow methods, is that it makes an extreme trade-o between spatial awareness and
temporal awarenessOur model estimates the trajectory of every target independently.
Computation is shared between particles within a video, which makes inference fast,
but each particle produces its own trajectory, without inspecting the trajectories of
its neighbors. This extreme choice allows us to devote the majority of parameters
into a module that simultaneously learns (1) temporal priors, and (2) an inference
mechanism thatsearchesfor the target pixel's location in all input frames. The value
of the temporal prior is that it allows the model tofail its correspondence task at
multiple intermediate frames. As long as the pixel is \found" at some sparse timesteps
within the considered temporal span, the model can use its prior to estimate plausible
positions for the remaining timesteps. This is helpful because appearance-based
correspondence is impossible in some frames, due to occlusions, moving out-of-bounds,
or di cult lighting.

We train our model entirely in synthetic data, which we call FlyingThings++,
based on the FlyingThings 38| optical ow dataset. Our dataset includes multi-frame
amodal trajectories of various lengths, with challenging synthetic occlusions caused
by moving and static objects. In our experiments on both synthetic and real video
data, we demonstrate that our particle trajectories are more robust to occlusions
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Figure 3.1: Persistent Independent Particles. Our method takes an RGB video

as input, and estimates trajectories for any number of target pixels. Top-left: target
pixels are marked with dots; bottom-left: estimated trajectories. Right: estimated
trajectories overlaid on the rst frame of the input video.

than ow trajectories|they can pick up an entity upon re-appearanceland also
provide smoother and ner-grained correspondences than current feature-matching
methods, thanks to its temporal prior. We also propose a method to link the
model's moderate-length trajectories into arbitrarily-long trajectories, relying on a
simultaneously-estimated visibility cue. Figure 3.1 displays sample outputs of our
model on RGB videos from the DAVIS benchmark44]. We plan to publicly release
our code, model weights, and data.

3.2 Related Work

3.2.1 Optical ow

While earlier optical ow methods use optimization techniques to estimate motion
elds between two consecutive frames3|[ 60], recent methods learn such displacement
elds supervised from synthetic datasets10, 22. Many recent works use iterative
re nements for ow estimation by leveraging coarse-to- ne pyramids9. Instead

of coarse-to- ne re nements, RAFT [62] mimics an iterative optimization algorithm,
and estimates ow through iterative updates of a high resolution ow eld based
on 4D correlation volumes constructed for all pairs of pixels from per-pixel features.
Inspired by RAFT, we also perform iterative updates of the position estimations
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