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TimePillars: Temporally-recurrent 3D LiDAR Object Detection
3D LiDAR object detection for Autonomous Driving

BERNARDO TAVEIRA & ERNESTO LOZANO CALVO

Department of Electrical Engineering
Chalmers University of Technology

Abstract

Object detection applied to LiDAR point clouds is a relevant task in robotics, and
particularly in autonomous driving. Single frame methods, predominant in the
field, exploit information from individual sensor scans. Recent approaches achieve
good performance, at relatively low inference time. Nevertheless, given the inherent
high sparsity of LIDAR data, these methods struggle in long-range detection (e.g.
200m) and lack of temporal continuity, ignoring past information. We deem these
characteristics to be critical in achieving safe automation.

Aggregating past data frames not only leads to a denser point cloud representation,
but it also brings time-awareness to the system, and provides information about
how the environment is changing. Solutions of this kind, however, are often highly
problem-specific, demand careful data processing, and tend not to fulfil efficiency
requirements.

In this context we propose TimePillars, a temporally-recurrent object detection
pipeline which leverages the pillar representation of LiDAR data across time, re-
specting hardware integration efficiency constraints, and exploiting the diversity and
long-range information of the novel Zenseact Open Dataset (ZOD). By performing
extensive experimentation, we prove the benefits of having a recurrent scheme, and
show how basic building blocks are enough to achieve robust and efficient results.

Keywords: Autonomous Driving, Deep Learning, LiDAR, point cloud, Recurrent
Neural Network, convGRU.
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1

Introduction

1.1 Context

Driving-related incidents account for a significant proportion of casualties in contem-
porary society. Statistics show that fatalities can reach approximately 1.4 million
annually and 50 million injuries [1]. Moreover, 94% of these incidents are attributed
to human error [26]. Therefore, there exists a pressing need to enhance driving
techniques while prioritising safety as the foremost consideration.

With the completion of this project, done in collaboration with Zenseact AB, we aim
to contribute to the field, towards a safer and more sustainable future. "Towards
zero. Faster." [1]

1.1.1 Autonomous driving

In search of a scenario with zero road accidents, safe automation comes as a way
to decouple driving from its human-centred task nature. Autonomous driving, also
known as self-driving or driverless driving, presents a machine-based solution that
falls under the subfield of robotics to address this issue. In addition to enhancing
safety, the adoption of autonomous driving can indirectly improve core concerns,
such as mobility accessibility, traffic density, efficiency, and emissions [26].

Recent advancements in vehicle dynamics, computer vision, and machine learning,
coupled with the parallel development of high-computing embedded systems, have
led to significant progress in the area. The autonomous system aims to replace the
human driver with a set of functional building blocks capable of translating infor-
mation "from pixel to torque" [1], following a "Sense-Plan-Act" scheme (Fig. 1.1). In
an iterative manner, the system shows capability of perceiving successive informa-
tion from the environment, making decisions based on it, and commanding suitable
vehicle’s actuation.

PLAN

o Q . ‘

Figure 1.1: Sense-Plan-Act block diagram

As every emerging technology, self-driving comes along with a new ethical context
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derived. Aside from technological advancements, social, political and economical is-
sues influence its application [8]. The low tolerance to failures caused by autonomous
vehicles may delay their introduction in the market, legislation playing a key role
in the equation. Traditional assumptions about responsibilities in traffic issues are
being subject to change in recent years. A responsibility shift is taking place, from
drivers and other traffic participants, to managers, vehicle manufacturers, and others
who contribute professionally to the traffic system platform [11]. This puts increase
requirements on the development of robust perception system.

1.1.2 Perception

Perception of the environment is at the heart of the autonomous driving challenge,
representing the first block of the three mentioned above. To be able to interact with
what is found around the vehicle, knowledge about the surrounding environment is
first required.

From all the worthy enclosing elements, the task of object detection focuses the at-
tention on physical bodies. In particular, it aims at locating (where) and classifying
(what) surrounding objects. Given its relevance in the AD pipeline, it is the main
task of study in this work.

Acting as "the eyes" of the vehicle, sensors are the input source of information to
the system, and therefore they play a fundamental role in reliability and safety. Ac-
quired data can be of diverse nature, providing alternative descriptions about the
environment. Given the spatial dependence the driving task owns, 3D-awareness is
crucial. From the existing sensors, one which has grown in popularity due to this
requirement is the LiDAR. By building a point cloud of the surrounding objects
through the measurement of a light beam emitted, the LiDAR is unmatched in
terms of accuracy and resolution compared to other methods of 3D reconstruction.
This sensor, despite the scepticism it brought in its early years due to the high
cost, lack of weather resistance, and fragile architecture, has come a long way. More
recently, new innovations such as solid-state architectures and clever solutions with
lightweight mirrors made the future of LiDAR possible on consumer vehicles.

1.1.3 Challenges

As discussed, AD sets strict specifications, which constraint the validity of engineer-
ing solutions. Accuracy, speed and anticipation are some of the determinant features
in the particular case of object detection. Firstly, the system is required to iden-
tify and locate objects correctly which is a vital benchmark as incorrect or missing
detections could hypothetically lead to unsafe driving scenarios. Secondly, the algo-
rithm execution needs to be fast (real-time performance). The trivial reason behind
it is that the ego-vehicle, as well as the quickly-changing environment, demand fast
decision-making. This constrains the development, imposing a compatibility need
with integrated hardware accelerators. Finally, the degree of detectability of the
system is a key feature conditioning the vehicle’s reaction and anticipation capabil-
ities. Long-range perception is crucial proven detecting objects as far as possible
from the current position can make a significant difference at high speeds.
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Sensor-wise, with the start of mass adoption of LiDAR, the demand for efficient per-
ception solutions based on it is rising. Deep learning algorithms applied to 3D point
clouds present multiple challenges. Unlike images, LiDAR data are highly sparse,
meaning that the diversity of point density varies noticeably with distance. Further-
more, point clouds are spatially unordered and unstructured, therefore, properties
like permutation and orientation invariance need to be taken care of when designing
NN architectures, difficulting their processing.

1.2 Aim

In this context, and being aware of the existing challenges both at task and data
levels, the main objective of this project is to design a novel 3D LiDAR object
detection pipeline that obtains a more confident output than the work baseline, while
fulfilling hardware integration constraints, i.e. in an efficient way. To satisfy such
requirements, only simple and fundamental Machine Learning blocks are allowed to
be used. The solution then passes by fully understanding and respecting the nature
of the data involved.

To address the sparsity (varying density of points at greater distances) it is possible
to consider a (stack) point clouds from different timestamps. This procedure, com-
monly termed as point clouds aggregation, leads to a denser data representation,
which adds extra information of the environment. In addition, doing this can also
contribute in mitigating problems of occlusion by closer objects coming into frame.
The downside of such an approach, however, is the consequent increase in difficulty
of maintaining an efficient execution for real-time onboard applications. Keeping the
intuition behind this approach, we believe modelling and making use of the inherent
time dependencies of the parameters involved may solve the problem.

1.3 Contributions and limitations

In this paper, we therefore propose a recurrent network that improves accuracy in
object detection, especially at long distances. Our suggested architecture builds
upon relevant past literature, and gets the most out of a novel LiDAR dataset:
Zenseact Open Dataset.

Large emphasis is set on the extended annotation range, showcasing how the pro-
posed network significantly enhances the detection of objects in distant areas, where
point density is low and classification is challenging without multiple aggregated
scans.

Furthermore, extensive experimentation was conducted, together with ablation stud-
ies on the network’s continuous inference stability, and various solutions and tech-
niques to enhance detection for extended sequences were presented.

In order to achieve practicality on modern embedded hardware, our project was
designed to operate within the constraints of current-generation vehicle hardware.
As a result, our network prioritised compatibility with a broad range of devices
by relying solely on common operations supported by popular optimisers and tools
such as TensorRT. We avoided additional operations that might not be supported
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by deep learning accelerators.

As a reference deployment architecture, we take the latest generation of NVIDIA
Orin, where we want to optimise the operations with the Orin DLA in mind.
Despite these limitations, using mostly 2D convolutional operations we were able
to improve the performance of a established reference in the field, PointPillars [10],
without the need of additional complex operations such as 3D convolutions, sparse
convolutions, or self-attention blocks.

1.4 Content structure

To present the work performed, the following content structure is taken:

o A literature background is provided, introducing the reader to the existing rel-
evant work in the field. At that point of familiarisation, the proposed solution
is then detailed and contrasted with the latter.

o A data chapter follows. Its aim is to provide an overview in perception sensors,
with focus on the utilised LiDAR; and to further describe the dataset used, of
high novelty in the field.

e The next section holds the core contribution. The methods implemented are
structured based on the way they deal with sensor data frames, as detailed
later.

o Evaluation of the method follows. The adopted training configurations are
provided, a closer look is taken to the classical choices of evaluation metrics,
and then extensive results and ablation studies analyse the validity of the
solutions.

o Finally, some insights are addressed as a conclusion, and future work paths
are pointed out.
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Theoretical background

This chapter is used to provide a theoretical context in the directly-related topics
of this work. A brief introduction to Deep learning and common building blocks is
provided. It follows a detailed relevant literature review. Only then, our proposed
method is introduced and contrasted with previous work in the research area.

2.1 Object detection

Object detection is a computer vision technique that involves identifying and locat-
ing objects of interest from a multitude of possible sensors such as camera, radar
and LiDAR.

The goal of object detection is to not only classify the objects present in an image
or video but also to provide their precise location and spatial extent, generally
represented with a bounding box. Object detection algorithms typically follow a
two-step process:

o Localization: This step involves determining the position of objects in the
image or video by defining bounding boxes around them. The bounding boxes
are usually represented by their coordinates, such as the top-left and bottom-
right corner coordinates, and in the case of 3D detection, the orientation angle.

o Classification: After localizing the objects, the algorithm assigns class labels
to each bounding box to identify the type or category of the object.

In this work, 3D object detection is performed, having LiDAR point cloud data
as input. Furthermore, we focus on dynamic objects, typically found in driving
scenarios (vehicles, cyclists, pedestrians and animals). Deep learning is used as the
tool to turn the algorithms into reality, proven its strengths dealing with highly
complex data.

2.2 Deep learning

As a subfield of machine learning, and the latter, respectively, of artificial intelli-
gence, deep learning aims to enable computers to learn and make intelligent decisions
by processing vast amounts of data.

Deep learning algorithms are designed to learn hierarchical representations of data
through a set of layers of interconnected nodes, often known as neurons. These layers
form what is called a deep neural network. Neurons can be seen as systems, with
input and output signals. Output signals correspond to a mathematical function of
the input, which is passed to the neurons in the next layer. The connections between
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the neurons have weights and biases which act as learning parameters associated
to them. These are adjusted during a training phase to optimise the network’s
performance.

2.2.1 Supervised Learning

From the existing learning typologies, we focus on supervised learning. The training
process in supervised deep learning involves presenting the network with a large
labelled dataset. This implies that problem solutions, represented as ground-truth
data, are available as reference for the network to learn. The learning takes place at
the training phase, and it allows the network to identify patterns and relationships in
the data by adjusting the weights of the connections. The network learns to recognise
features at the early networks layers, and combines them to form more complex
representations at deeper layers. This hierarchical feature extraction enables deep
learning models to automatically learn and extract relevant features from raw data
of diverse nature.

Deep learning under supervision has demonstrated exceptional performance in vari-
ous domains, including computer vision, natural language processing, speech recog-
nition, and recommendation systems. It has achieved state-of-the-art results in
tasks such as image classification, object detection, machine translation, and voice
synthesis.

One of the reasons deep learning has gained significant attention is the availability
of large datasets and powerful computing resources, which allow for training deep
neural networks with millions or even billions of parameters. Additionally, advance-
ments in hardware, such as graphics processing units (GPUs), have accelerated the
training and inference processes.

2.2.2 Fundamental NN building blocks

As a background to this project, the most basic NN blocks are introduced. These
are commonly used in the practical majority of networks, and we believe they act
as fundamental knowledge in the field.

2.2.2.1 From neurons to fully-connected layers

The most basic unit of a neural network is often denoted as perceptron, or neuron.
Its expression, shown below (see Eq. 2.1), controls linearly the input x through
learnable parameters (W, b), and expresses the output as a non-linear mapping of
the latter using an activation function o.

y=0c(W-x+Db) (2.1)

The choice of activation function defines the non-linear characterisation of the out-
put. Common activations employed are the Sigmoid function (Eq. 2.2), the Hyper-
bolic tangent (Eq. 2.3), and the Rectified Linear Unit (Eq. 2.4):

flz) = (2.2)
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flz) = e (2.3)
f(z) = max(0, x) (2.4)

Neurons are fundamental in the creation of more complex and deeper architectures.
The clearest example of this are fully-connected layers. Formed by the replication
of multiple neurons, they take every neuron in the current layer, and connect it to
every neuron in the next layer.

2.2.2.2 Batches and their normalisation

In deep learning, when training a neural network, the dataset is typically divided
into smaller data subsets, or batches. Batches are processed together during the
training phase. Instead of updating the model’s parameters after each individual
sample, or after processing the dataset as a whole, the parameters are updated based
on the average of the gradients computed over the batch. The benefits of batches
extend to efficiency, convergence and generalisation, among others.

Batch normalisation is a technique commonly used to improve the training and
performance of neural networks. It addresses the challenge of covariate shift, which
has to do with the change in the distribution of the network activations as the
parameters are updated during training, and keeping the labels fixed.

The main idea behind batch normalisation is to normalise the inputs to each layer
of the network by subtracting the batch mean and dividing by the batch standard
deviation. This operation is applied to the inputs of a layer within a mini-batch of
training examples, and has the effect of uniforming the representation, and compact-
ing data in a way that prevents large spread, which turns beneficial in the learning
process.

2.2.3 Convolutional Neural Networks

Fully-connected layers require flattened data as input to allow their utilisation.
When applying a flattening transformation to tensor data, spatial-awareness is lost.
In applications like computer vision, where spatial data are key, the need of layers
which respect it is high.

Convolutional Neural Networks were precisely born to exploit the spatial locality of
data, while doing so in an efficient way. By applying convolutional operations to
the input, data are scanned across with a set of filters or kernels. Each filter detects
local patterns and extracts relevant features. Parameter sharing holds, meaning the
same filter is applied across the entire input to detect the same feature in different
regions. This sharing of weights reduces the number of learnable parameters and
enables the network to learn spatial hierarchies of features, while remaining efficient.
The output size of a convolutional layer, with respect to the input, is given in Eq.
2.5, and reasons how the different layer-specific parameters need to be configured to
achieve the wanted output behaviour.

In_size — Filter size + 2 - Padding
Stride

Out__size = +1 (2.5)
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Out_ size : Size of the output feature map.
In_ size : Size of the input image or feature map.
Filter size : Size of the convolutional filter (receptive field).
Padding : Amount of zero-padding applied to the input.

Stride : Step size of the filter as it convolves across the input.

CNNs often include pooling layers to downsample the feature maps and reduce their
spatial dimensions. Pooling operations, such as max pooling or average pooling,
summarise the information within a local neighborhood and retain the most salient
features.

Given the mentioned relevance and adequacy of CNNs to computer vision, their
proven efficiency, and the flexibility they provide (fully-connected layers can be
expressed as 1 x 1 convolutions), CNNs are the main typology utilised in this work.

2.2.4 Recurrent Neural Networks

RNNs are a class of artificial NN designed to process sequential data. Unlike tradi-
tional feedforward networks, RNNs have a memory component that allows them to
capture and utilize information from previous inputs in the sequence. This mem-
ory enables RNNs to model and understand the temporal dependencies present in
the data, making them particularly effective for tasks involving sequences, therefore
ideal for a driving scenario.

The fundamental idea behind RNNs is the concept of shared weights and hidden
states. In a standard feedforward network, each input is processed independently,
and there is no notion of time or order. However, when working with sequential
data, the order of the elements matters, and the relationship between elements is
crucial for understanding the data.

To overcome these limitations, RNNs introduce the notion of recurrent connections.
These connections allow the hidden state (memory) from the previous time step to
be fed again into the network at the current time step, creating a loop-like structure.
This recurrent connection enables the network to maintain a form of memory and
consider past information when processing the current input.

At each time step, an RNN takes an input vector and combines it with the previous
hidden state to produce an output and an updated hidden state. The output can be
used for prediction or fed as an input to the next time step. This recurrent process
allows the network to capture dependencies over time and model complex sequences.

2.2.4.1 GRU

A Gated Recurrent Unit is a specific type of RNN that addresses some of the limi-
tations of traditional RNNs, such as difficulties in capturing long-term dependencies
and vanishing/exploding gradients.

In a standard RNN, the hidden state is updated at each time step by directly
incorporating the current input and the previous hidden state. However, doing the

8
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latter has the implicit risk of suffering from the problem of vanishing/exploding
gradients, i.e. the gradients getting very close to zero, or to infiniy, respectively, and
therefore damaging the NN’s ability to learn long-term dependencies in sequential
data. This issue led to the development of more sophisticated RNN variants like
GRU, or Short-Term Memory (LSTM), not considered in this work because of being
fairly similar, but slightly more computationally demanding.

The GRU introduces the concept of gating mechanisms, which allows it to selectively
update and utilize information from previous time steps. It achieves this through
two main gates: the reset gate () and the update gate (z), which condition the new
hidden state to be computed.

The reset gate determines how much of the previous hidden state should be forgot-
ten. It is computed based on the concatenation of the previous hidden state and
the current input. The reset gate helps the GRU adaptively decide which past in-
formation to discard, enabling it to focus on more recent and relevant information,
see Equation 2.6.

The GRU also calculates a candidate hidden state A(t). This candidate state rep-
resents the new information that can be added to the previous hidden state. It is
computed based on the concatenation of the reset-gated previous hidden state and
the current input. The candidate hidden state captures the potential new informa-
tion that the GRU considers relevant, as Equation 2.7 shows.

The update gate (Equation 2.8) controls the balance between the new candidate
hidden state and the previous hidden state. It decides how much of the previous
hidden state should be retained and how much of the new information should be
incorporated. The update gate is also computed based on the concatenation of the
previous hidden state and the current input.

Finally, the current hidden state is computed by combining the previous hidden state
and the candidate hidden state, weighted by the update gate. This calculation en-
sures that the GRU selectively updates the hidden state with the most relevant and
useful information, while preserving important information from the past (Equation
2.9).

r(t) = o(W, - [h(t —1),x(t)] + b,) (2.6)

h(t) = tanh(Wy - [r(t) - h(t — 1), 2(t)] + by) (2.7)
2(t) = o (W, - [h(t = 1), 2(t)] + bz) (2.8)

h(t) = (1 — 2(t)) - h(t — 1) + z(t) - h(t) (2.9)
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2.3 Literature review

An overview of the existing work in the area of LiDAR 3D object detection is
presented. Provided background in the task as a whole, we then point at relevant
work directly related to our proposed solution, i.e. touching the particular issues of
point clouds aggregation, time awareness and efficiency.

2.3.1 3D LiDAR object detection overview

Despite the success of 2D object detection methods, the need for robust perception
has promoted the exploration of 3D alternatives, which take object poses and di-
mensions into consideration. Deep learning applied to 3D LiDAR object detection
is therefore a research topic receiving high attention these days.

To analyse literature from various perspectives, we first introduce the multiple type
of point cloud representations commonly employed, as presented in [2]. Having that
background, advanced state-of-the-art architectures are shown.

2.3.1.1 Standard point cloud representation schemes

Considering the data processing particularities mentioned previously, when dealing
with LiDAR point clouds the particular choice of data representation plays a crit-
ical role. We introduce the main styles of point cloud representation available in
literature.

2.3.1.1.1 Projection methods

Given the far level of development reached in NN applied to classical computer vision
tasks, the most trivial approach suggests bringing the LiDAR data into the image
domain. By rasterizing the point cloud data, a pseudo-image (2D) is obtained and
standard image detection architectures can be utilised directly. Diverse projection
methods can be found on literature, e.g. Front’s View, Perspective View, Bird’s
Eye View, etc. From these, the latter one (BEV) has received the largest atten-
tion. The reason is, due to cars motion being given exclusively on the ground plane,
the height component can be disregarded without severe information loss. Further-
more this representation can help with occlusion, it rarely presents bounding-boxes
overlapping, and it maintains the natural metric space (physical dimensions). A
successful example of such approach is PIXOR [25], which proved the use of BEV
projection is suitable and enough for obtaining an efficient single-stage object de-
tector. Alternatively, multi-view settings could also be considered, combining the
best of several projection views. An example of such philosophy can be taken from
[29], which combines a Perspective View (high density of points), with BEV (sparser
representation).

2.3.1.1.2 Volumetric methods

An alternative way of dealing with LiDAR data is by discretizing the sparse and
unstructured 3D point clouds into a volumetric 3D grid of voxels (volume elements).
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This allows subdividing the point cloud into discrete series, easing its processing. In
analogy with images, voxels can be thought as 3D pixels because they do contain
depth information. This fact makes them be a more detailed mean of representa-
tion than Projection methods. Nevertheless, because of the sparsity nature of point
clouds, a large amount of grid cells are often empty, which leads to a waste of com-
putational power. Moreover, due to being a discretization, a trade-off between grid
resolution and memory exists.

VoxelNet [30] was an innovative early proposal which achieved successful results with
a voxel-based approach. It was, however, deemed still too slow for real-time appli-
cations. SECOND [24] employed sparse-convolutions and achieved a much shorter
inference time and improved performance. A substantial change in voxelization phi-
losophy was, however, brought by PointPillars [10]. Instead of using regular voxels,
point clouds were discretized in vertical columns, defining Pillars. This way of rep-
resentation, apart from bringing efficiency benefits, allowed the removal of the need
of manually tuning the vertical axis binning.

2.3.1.1.3 Point-based methods

As the first big step in deep learning on raw point clouds, Qi et al. [19] proposed
a network architecture known as PointNet. Different from other representation
methodologies, which transform the raw point cloud data into computationally easier
domains, PointNet proved to be capable of learning directly on an unordered set of
points. Since the release of PointNet, several approaches were developed to try
to face its flaws, e.g. [20], [21]. Despite the accuracy increase that comes from
respecting the nature of data more than the alternative methods, the inherent need
of point subsampling eventually leads to errors. However, the main negative aspect
of Point-based architectures is their increased computational cost, not being precise
for real time applications.

2.3.1.2 The State Of The Art

The current SOTA methods are mainly based on the seen forms of representation.
It is by adding extra building blocks how novel performance is achieved.
Transformer-based architectures are state-of-the-art for most Deep Learning fields
nowadays, which is not an exception when talking about LiDAR point clouds. For-
mer 3D self-attention approaches set the emphasis in point-based ([28], [7]) and
voxel-based ([27], [16]) representations. Their development built the foundations for
examples applied to the specific object detection problem (MLCVNet [23], 3DETR
[18]) proving to be highly accurate. In spite of Transformers’ present relevance, and
even though there exist efficient Transformer networks (LighTN [22]), the highly
strict constraint of embedded-integration in the car makes them lose adequacy in
this project.

A totally different approach was recently proposed in [6]. The authors start by re-
naming the established projection and voxel-based methods as dense detectors, i.e.
result of making sparse features denser. In the paper, it is claimed these typologies
work fine when the LiDAR detection range is below 75 m, but they are impractical
when aiming for higher ranges. This has to do with the fact object centers (com-
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monly taken as object references) fall in empty areas because of the high degree
of data sparsity, and the convolutions applied to these just diffuse the representa-
tions, but carrying the problem along. To address this main issue, they suggest
using a fully-sparse pipeline, inspired on Point-based methods, utilizing sparse voxel
encoders or sparse attention blocks, reaching State Of The Art results.

2.3.2 Relevant work

In addition to the literature content covered so far, it is left to add up contributions
in the directly-related topics of point cloud aggregation, as well as in temporal-
awareness.

It is known that aggregation of different frames can help improving overall perfor-
mance thanks to obtaining a denser point cloud. However, the risk of redundant
information being aggregated exists. To contribute to the topic, Fast and Furi-
ous (FaF) [15] demonstrated how considering several scans across time can greatly
improve the object detection accuracy, with benefits extending to other fields like
tracking and motion forecasting. The implementation used a BEV representation
of the LiDAR and analysed the differences between aggregating the point clouds
following an Early Fusion scheme (at the beginning of the network) or a Late Fusion
one (successive deeper layers). Later on, [4] replaced the frame fusion model, which
owned 3D convolutions, by a more efficient module based on 2D convolutions and
including a map as input alongside the LiDAR scans. Recently, [6] set the emphasis
in aggregating only meaningful information. To do that, they introduced the term
residual points, to name points which change between consecutive frames, i.e. which
are informative. The combination of these points and previous foreground points
(history information) define a worthier point cloud.

Alternatively, the use of information from several frames can be performed not only
explicitly (via aggregation methods), but instead by considering time relations. It
turns out modelling time dependencies is a way of using meaningful past information
to enjoy more accurate current predictions. The clearest example of such model ar-
chitecture is a Recurrent Neural Network. RNNs contain a hidden state which acts as
memory, promoting the use of worthy knowledge across time. As the first relevant
recurrent proposal in literature, [9] presented a conv-LSTM approach. Voxelized
point clouds were fed into a U-Net backbone containing sparse convolutions, and
from there the hidden state was updated. EGO-motion compensation of the hidden
state was performed manually before computing the current state. After the men-
tioned success of PointPillars [10], [17] proposed the addition of a convLSTM in the
PointPillars pipeline, after the backbone, although the results were not noticeably
improving the former architecture. Most recently, FS-GRU [5] was presented, based
on the same concept as the two mentioned, but having two substantial changes: a
convGRU instead of a convLSTM was used to model time dependencies and enable
feature sharing, making the inference time independent from the length of past in-
formation used; and the proposal of hidden state EGO-motion compensation within
the network and with the help of an auxiliary task.
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2.4 Proposed solution

As mentioned previously, our goal is to improve detection results at high ranges
through the use of multiple consecutive LiDAR scans.

Along with the evident gains in point density, which are crucial for classification at
high ranges, the concatenation of point clouds can also bring improvements in other
tasks, such as motion forecasting, as illustrated in [15]. However, approaches of this
nature suffer from a linear increase in the amount of data utilised and processed,
leading to a significant rise in computation time during inference when the number
of past scans used increases.

In contrast, we utilise a recurrent approach to offer a computationally efficient in-
ference solution while taking advantage of past information. The recurrent module
allows for the retention of information across time, from prior execution steps, al-
lowing the network to merge new information with internally stored past memory.
Such a recurrent approach, despite presenting an increase in convergence difficulties
during training, has the potential to solve the problem.

We choose the PointPillars [10] architecture as the basis for our object detection
network, owing to its enduring strong performance and efficiency since its original
release five years ago. Additionally, the architecture predominantly employs 2D con-
volutions, which are widely supported by optimisation platforms and deep learning
accelerators.

Similar to the approach taken in FS-GRU [5], we propose the incorporation of a Gate
Recurrent Unit as the recurrent module in our network. Specifically, we utilised a
convolution-based Gate Recurrent Unit, known as convGRU. However, our approach
differs from existing methods by utilising heavily processed and latent information
from the backbone as the hidden state, instead of relying on encoded pillars. This
approach has demonstrated improved precision in detections, despite requiring a
more extensive training cycle. Furthermore, we employ a simple 2D convolutional
layer as a transformation model for the hidden state. This module is necessary,
as we assume that the vehicle collecting the data is in motion, and therefore, the
hidden state requires a motion transformation to align with the new LiDAR scan in
space. We refer to this network architecture as TimePillars.

The Zenseact Open Dataset [3], containing a considerable number of LiDAR scans
arranged in short sequences, is utilized for training and evaluation purposes. Ad-
ditionally, we establish a baseline with single-frame and non-recurrent multi-frame
approaches to facilitate comparison.
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3.1 Sensing

In the context of autonomous driving, sensors play a critical role by acting as the
interface between the software and the real-world environment. The selection of
sensors is particularly crucial in perception, as it is not only the most influential
decision but also the most limiting factor. Any system designed to perceive the
surrounding environment is built upon the sensor package, whether it is based on
cameras, LiIDAR, or other sensing technologies.

In the case of autonomous driving intended for commercial use, the most commonly
used sensors are cameras, radars, LIDAR, and inertial navigation systems (INS).
Cameras have become a standard component in any autonomous driving/advanced
driver-assistance system application, paving the way for complex systems that re-
quire less driver intervention. The rapid progress of machine learning coupled with
recent advancements in embedded hardware capable of running increasingly complex
neural networks has enabled remarkable achievements in this field.

Radar has also become an ubiquitous sensor in most passenger cars. With a reason-
able price range and easier-to-process data when compared to cameras, it has played
a crucial role in safety functionalities. Unlike cameras, radar information is directly
useful in its raw format by providing distance to obstacles in the horizon. It is also
very robust to adverse weather and lighting conditions. However, the resolution of
the data obtained is insufficient to detect small objects or classify the environment.
Due to the demand for precise 3D environment perception and robustness to lighting
conditions, LiDAR has become increasingly popular. In this work, we focused mainly
on this sensor, attempting to process and classify objects in the 3D point cloud it
provides.

3.1.1 LiDAR

LiDAR, also known as Light Detection and Ranging, offers a 3D point cloud of
a given area by emitting and receiving light beams, with technological specifics
differing among manufacturers and models. The principle objective remains the
same: to determine the distance to surrounding objects by measuring the reflected
light beam.

Mechanical LiDAR, which scans the environment by spinning, has been used in
various applications, but its high cost has limited its application in the past. In
addition, the low durability and high maintenance required by these precise and
fast spinning devices make them unsuitable for widespread use.
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Solid state LiDAR, on the other hand, has recently emerged as a viable alterna-
tive for mass production environments. The technology varies significantly among
manufacturers and the concept of solid state has been expanded and experimented
with, but the main objective is to minimise movement and fragile components in
the sensor. With many car brands announcing the addition of these sensors to their
lineups, there has never been a greater need to solve the object detection problem
with them.

3.2 Dataset

This study utilised the Zenseact Open Dataset [3], a multi-modal autonomous driv-
ing dataset collected over a period of 2 years across 14 countries. Two principal
subsets of the dataset, namely frames and sequences, were employed for our analy-
sis.

In addressing the three-dimensional problem tackled in this paper, the LiDAR scans
and their corresponding 3D bounding box annotations were utilised for both training
and validation. To account for temporal awareness in our approach, we incorporated
odometry position, which was either utilised to transform the scans or fed into the
network for internal transformation.

3.2.1 Sensor Setup

The utilised data acquisition vehicle includes a variety of sensors, such as LiDARs,
cameras, radars, GNSS, and additional ones. The arrangement of sensors in the
vehicle is illustrated in Figure 3.1.

For this project the combined point cloud from the 3 LiDARs was used. This sensor
package includes a high-resolution Velodyne VLS128 mounted on the top of the
vehicle, which generates the majority of the point cloud data owing to its outstanding
resolution and detection range. Moreover, a Velodyne VLP 16 is positioned on either
side of the vehicle to enhance the point cloud data in the immediate vicinity of the
car, thereby filling in the blind spots left by the larger top sensor.

Center of the rear axel

I X-axis

| Y-axis

Z-axis
{ @ Downward
© Upward

Figure 3.1: Illustration of sensor position on acquisition vehicle [3]
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3.2.2 Frames

The models outlined in this paper were trained primarily using frames, a subset of
data comprising 100,000 camera-LiDAR pairs. It is important to note that these
pairs are not temporally related to other pairs in the dataset, meaning they represent
distinct data, temporally and spatially sparse. However, each of the 100,000 pairs
includes a core frame, which is the annotated pair itself, as well as one second before
and after of unlabelled data. As a result, each frame, includes a total of 21 LiDAR
scans captured at approximately 10 Hz: 10 scans captured prior to the core frame
and 10 scans captured post, resulting in a total of 2.1 million LiDAR scans. Of these,
only 100,000 have annotations (the core scan). The vehicle’s pose and orientation
are provided for each LiDAR scan, facilitating point cloud aggregation around the
core frame. Figure 3.2 illustrates the data contained within a single frame.

BD annotations|

NN N NN NN\ N N\ Y NN NN
[Scan -10H Scan -9 H Scan -8 H Scan -7 HScan 6 u Scan -5 HScan -4 u Scan -3 H Scan -2 HScan -1 Scan 0 o

Figure 3.2: Illustration of data in single frame

As previously stated, these frames were captured over a period of two years in 14
different countries. The geographic dispersion of the frames is depicted in Figure
3.3. Furthermore, Figure 3.4 illustrates the distribution of the data with respect to
the time of day, road type, and weather conditions.
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Figure 3.3: Geographical distribution of the frames subset [3]
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Figure 3.4: Distribution of frames across time of day, road types and weather
conditions 3]

The introduction of this novel dataset is particularly intriguing as it presents a
comparative analysis of annotation distribution across distance from the care with
other commonly used datasets (refer to Figure 3.5). In addition to the substantially
higher number of frames, the strong presence of annotations at greater distances was
a crucial factor in our decision to utilize this dataset. Our aim of efficiently detecting
objects on aggregated point clouds necessitated the use of high-range annotations,
particularly where the point clouds are sparser and aggregation can yield the greatest
benefits.

18



3. Data

Vehicle Pedestrian VulnerableVehicle

] nuScenes
[ Waymo Open
[ Argoverse 2
1 ZOD Frames

[ nuScenes
1 Waymo Open 0.025
[ Argoverse 2
[ ZOD Frames

[7 nuScenes 0.025
[ Waymo Open
[ Argoverse 2 0.020
[C1 ZOD Frames

0'0000 50 100 150 2;077 250 . 0 50 100 150 200 250 : 0 50 100 150 200 250
Range (meters) Range (meters) Range (meters)
Figure 3.5: Distance distribution of annotations compared to other popular
datasets [3]

3.2.3 Sequences

The dataset’s sequences subset comprises of 1473 segments of 20 seconds in length.
Analogous to the frames subset, as of the composition of this report, solely the
keyframe at the center is annotated, with a duration of 10 seconds before and after
it.

One benefit of this particular subset is its increased duration, which allows for the
testing and evaluation of networks over longer time sequences.
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Methods

This chapter aims to provide further details on the main focus of study, including
the methods utilised to establish a baseline and contribute to the research. The pro-

posals presented in this section are categorised based on their approach to handling
LiDAR data frames.

4.1 Single frame

The first section discusses single-frame methods, which are characterised by their
reliance on a single LiDAR scan as input. Although such methods initially suffer
from sparsity issues arising from the limited amount of data available from a single
sensor frame, they offer the advantage of being computationally simple and flexible
with respect to input. Moreover, they typically have the lowest inference times. It
should be noted that the single frame used corresponds to the core frame in the
dataset, as described in Chapter 3.

As per Section 2.4, we leverage the existing literature and extend the PointPillars
methodology [10] as our primary reference for a single frame. Additionally, we utilise
it as the primary benchmark for evaluating the proposed methods described later.
While retaining the fundamental components of the original technique, we introduce
minor modifications to establish our single frame baseline.

4.1.1 PointPillars

The architecture of PointPillars can be observed in Figure 4.1. At a high level, input
point clouds are directly fed into a Pillar Feature Net block, which encodes the raw
data into a 2D pseudo-image. This pseudo-image is then is passed through a 2D
convolutional Backbone which generates a low-level feature representation. Finally,
a Detection Head takes care of outputting the prediction bounding boxes for the
object detection task.
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Point cloud Predictions
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Figure 4.1: PointPillars block diagram [10]

The Pillar Feature Net module maps the input point cloud to a pseudo-image. In
this block it resides most of the innovation from the original paper. Unlike standard
voxel methods, pillarisation is used as discretization method instead. Pillars can be
seen as vertical column slices, spanning only in the ground dimensions (x and y)
while having a fixed height (z) value along the vertical dimension. This approach
eliminates the need for z-axis binning in voxelization and captures the essential
vertical information while simplifying the computational pipeline. It enables efficient
processing using 2D convolutions and ensures consistent input dimensions for the
neural network.

In this setting, the point cloud is first discretized into an evenly spaced x-y grid, and
a set of pillars are obtained. By stacking them, a dense tensor can be originated,
which acts as input to a simplified PointNet [19] feature encoder. Using previously-
stored grid positional indices, the learned encoded features can be scattered back
into the original grid, achieving the desired 2D pseudo-image representation.

The image is then passed through a 2D CNN backbone. Note the ease of 3D convo-
lutions avoidance, without major accuracy drop, due to pillarisation. The network,
not far from following a U-Net philosophy, shrinks the latent space in its downsam-
pling part, and upscales it back using transposed convolutions and concatenating
progressive reconstructions. This results in an input-output scaling factor of 1/2,
i.e. halving the grid.

A Detection Head makes the final network predictions. The original work uses
Single Shot Detector (SSD) [13], producing anchor boxes for the chosen outputs:
the localisation regression targets (position, size and angle) and the classification
ones (object class and discretized heading direction).

4.1.2 Proposed baseline

To enhance our single frame baseline, we propose some modifications from the origi-
nal PointPillars paper. These modifications aim to improve performance or simplify
the architecture in terms of computational complexity. Specifically, we focused on
enhancing the data preprocessing and the Pillar Feature Net block. We believe
that improvements in these areas, which are crucial stages of the pipeline closer to
the raw data, can have a significant impact on the performance of the established
PointPillars architecture.

An overview of the system is shown in Figure 4.2 and further detailed below.
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Figure 4.2: Single Frame baseline block diagram

We start by describing the preprocessing applied to the data, most critically on the
input, but also required by the ground truths for data loading concerns. This way;,
and for the sake of completeness, the labels encoding utilized is also presented.

4.1.2.1 Input Preprocessing

Pillarization brings many benefits, as discussed, which reasons why we use it as
starting point. However, as claimed by the authors of the paper, a large number of
pillars from the resulting set are empty, or they own very high sparsity levels (around
97%, [10]). This is a large limitation, commonly faced when dealing with LiDAR
point clouds, which the paper attempts to tackle by setting a limit on the number
of non-empty pillars per sample (denoted as P), sampling out or using zero-padding
to reach the desired limits.

Dynamic voxelization was first introduced in [29]. Differently from the standard
"hard voxelization", it suggests that there is no need to set a predefined number
of points per voxel (pillar). Instead, dynamically-created voxels allow using every
existing point in the grid. We borrow the intuition behind Dynamic Voxelization,
and apply it in the pillars context.

The preprocessing stage, aware of this modification, firstly defines the grid of inter-
est. Consecutively, the cloud points are augmented from their basic representation
(x, ¥, z, reflectance) with the additional channels information suggested in the orig-
inal paper: distance to the arithmetic mean of all the points in the pillar (z., y., 2.),
and offset to the pillar center (z,,y,). At this point, the pillar indices corresponding
to the extended points are stored for future scattering. The output of preprocessing,
and therefore the input of the NN, turns out to be the truncation/padding of both
the points and their matching indices to a desired number. This value, representing
the total number of points, /V;, is set as IV; = 200.000 after exhaustive testing. Note
the key difference in formulation here, as one of the fundamental peculiarities of
Dynamic Voxelization: the points are treated as a whole when doing the latter, not
per pillar.

Denote NN, as the number of points per pillar, D as the number of channel dimen-
sions, and P as the number of non empty pillars per sample. Our preprocessing
leads to a tensor of points of shape (V;, D), differently from (D, P, N,) in the orig-
inal paper, thanks to Dynamic Voxelization. This level of abstraction has several
beneficial implications: information loss is minimized (all points available for pillari-
sation are used, no sampling is applied per pillar); the computational cost is reduced
due to not pillar-specific padding; and the resulting embeddings are deterministic
(overcoming the stochastic nature of points dropout).
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4.1.2.2 Labels

The ground truth data are also processed to match the configuration we believe is
best to promote learning. This step accounts for the four outputs involved: classifi-
cation, location, size and angle.

Unlike PointPillars and most object detection algorithms, we do not use anchor
boxes. Instead, a prediction is outputted for each of the cells in the grid directly.
Despite losing single cell multi-object detection capabilities, this way avoids the
tedious and commonly imprecise tuning of anchor boxes parameters, and smooths
processing and inference computation.

The first step in the creation of labels concerns the extraction of the grid cell indices
which are overlapped by an object. This is fundamental, as these are the cells
which own the associated ground truth. We do this by defining a region of interest
coefficient, which acts as a factor defining the fraction of the overlapping area taken
into consideration. The latter is set as 1.0 for the background class and 0.5 for the
rest. Orientation is not taken into account when defining the region of interest, i.e.
the area defined follows the x and y axis directions.Once obtained the indices, the
labels can be created.

The size output presents the simplest processing. The length, width and height of
the ground truth bounding boxes are encoded directly, without further work.

The classification labels correspond to the one-hot encoded class ground truths.
The angle ground truths, conversely, need special care given that the dataset pro-
vides the object’s orientation in its quaternion representation. The heading (yaw)
angle is extracted and from it, the value is encoded by its sine and cosine counter-
parts. Note this is more beneficial than direct angle regression because the order
of magnitude of the tensors (scaling factor) does not constrain the decoded heading
value.

Finally, the locations of the centres of ground truth objects are encoded as an offset
from the centres of each of the overlapping cells in the grid, i.e. the distance is
regressed, not the absolute location value, delimiting the engineering problem.

4.1.2.3 NN Architecture
4.1.2.3.1 Pillar Feature Encoder

The Pillar Feature Encoder takes the (preprocessed) input tensor defined above,
encodes it and scatters the points back to their original grid positions, creating a
BEV pseudo-image. Given the utilization of Dynamic Voxelization, the simplified
PointNet is slightly adapted accordingly.

The original paper applies a 1x1 Convolution (linear layer) to the input, followed by
BatchNorm and ReLU, obtaining a (C, P, N,) tensor, where C' stands for the num-
ber of channels. Right before the final scatter max layer, a max pooling operation
is applied to the channels, leading to a latent space of shape (C, P).

This is where we differ in architecture. Given our tensor was initially encoded as
(Ny, D), leading to (N, C) after the former layers, we remove the max pooling
operation as it loses adequacy, considering our approach treats all the points as
a whole and therefore there is no longer a need for a dimensionality reduction in
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the channels. However, the concept of taking the features which maximise the
representation remains, and it is implicit in the scatter max layer which follows. Its
application leads to a new tensor where feature maximum values are scattered to
specific grid positions.

The resulting BEV pseudo-image is of shape (L, W, C'), where L and W correspond
to the length and width of the grid, respectively. These values are chosen based on
the ideal driving perception capabilities, the dataset, and computational constraints.
The grid cell size is set to 0.2 m (0.16 m in the original paper) to ease data processing.
Aiming for long-range longitudinal detections, we enjoy enjoy objects range of (0,
120)[m], giving L = 600; and consider objects at a width range of (-40, 40)[m],
bringing W = 400.

4.1.2.3.2 Backbone

The architecture from the original paper was respected. A 2D CNN is utilized.
No large improvements were considered in this module, as the network suggested
owns a suitable depth and the needed elements to extract valuable features, while
remaining efficient.

Three downsampling blocks (Conv-batchnorm-ReLU) are utilized. Strides are the
chosen mean of spacial reduction. Each of the blocks present the downsampling
stride (S) in the first convolution to accommodate the input, and a stride of 1 in
the remaining layers. Kernel sizes are 3 x 3 for all the convolutional layers, and the
number of channels C' = 64. The blocks then result in: Downl(S, C'), Down2(25,
2C"), and Down3(4S, 4C).

Three upsampling blocks follow. Through transposed convolutions, they apply the
corresponding upsampling strides to each of the progressively downsampled ver-
sions: Upl(S, 2C), Up2(2S, 2C), Up3(4S, 2C) so that each of the output sizes are
(L/2,W/2,2C). A final concatenation of the different strided versions leads to a
tensor of shape (L/2,W/2,6C).

4.1.2.3.3 Detection Head

A Single-Shot detector philosophy is followed, meaning the algorithm aims to detect
objects in a single pass, and no particular region proposal algorithm is employed.

The features from the backbone are then fed into linear layers (1x1 convolutions)
which accommodate the individual outputs for classification and localization regres-
sion. Each of the layers corresponds to a certain output of the object detection task,
being these: classification, location, size and angle.

It is to be noted that, of all regression outputs, only the size has an activation
function, and the latter is a ReLLU. This is done to prevent the size from taking
negative values, which is not suitable for the other outputs. Alternatively, the
classification convolution is followed by a Softmax activation layer which outputs
the class probabilities.

25



4. Methods

4.1.2.4 Postprocessing

The NN output tensors require additional postprocessing effort in order to filter and
extract the final bounding boxes.

First of all, the predictions need to be decoded from their label-encoding format
seen above. Classification scores are read from the Softmax output, obtaining the
predicted classes. The locations of the predicted centres, encoded as offsets from
the grid cell centres, are also extracted back. The final angle values are the result
of applying the quadrant respecting arc-tangent operation (atan2) to the encoded
sine and cosine versions.

Once decoded, class score filtering is applied to the tensors, followed by Non-
Maximum Suppression (NMS). The former removes low confidence predictions, while
the latter is the key to obtain a single (the best) bounding box associated to an ob-
ject. 2D rotated Intersection Over Union (IoU) is used to decide the degree of
overlap between two rotated bounding boxes.

4.2 Multi-frame

So far, the method presented exploits information just one frame at a time. Even
though the performance of single frame approaches has been proven to be high,
making use of information from multiple consecutive frames could bring a boost in
learning, given more information is available, facing the sparse nature of LiDAR
data.

4.2.1 LiDAR point clouds aggregation

With the aim of exploring the area and establishing a multi-frame baseline to reflect
on the results, we aggregate point clouds from a number of previous time instants,
up to the current one. The latter is done as part of preprocessing, meaning the main
pipeline elements presented above are not affected.

The aggregation is done via concatenation. A parameter accounting for the number
of desired LiDAR sweeps, denoted as Ngyeeps, is defined. We take the core frame
in the dataset as current-time reference (newest information) given it contains the
ground truth annotations. From it, Ngyeeps — 1 scans are considered. Considering
the total number of points for a single frame was as explained above, N; = 200.000,
the multi-frame network takes as input, instead, Ngyeeps - IV points.

To provide extra temporal information to the network, we concatenate timestamp
data in the input channels dimension. The timestamp information is given as an
offset from the core (current) frame and expressed in the range timestamp € [0, 1],
where the core takes a zero offset.

4.2.1.1 Raw data EGO motion compensation

The steps provided so far lead to a successful aggregation of LiDAR point clouds,
but miss a crucial detail: the EGO-vehicle is moving at a certain speed while the
sensor collects data, and therefore one must compensate for its motion.
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From the existing typologies of compensation scenarios that can be found, this
baseline compensates the raw point clouds directly, and as part of preprocessing
(outside the NN). Alternative approaches are studied in Section 3 below.
Furthermore, it is important to mention we do this in an scan-wise fashion. The
latter means that the points are moved to a frame taken as reference (core frame
as mentioned), accounting for the spacial offset inherent to belonging to different
sensor scans. An additional compensation scheme could be also applied: point-wise
compensation. Such an approach considers the addition of point cloud unrolling, i.e.
moving the points within each scan to compensate for the ego motion that happened
during the scan itself. This is not object of work in this baseline, left open for future
work if intended.
In line with Chapter 3, the dataset counts with orientation data for each frame.
The vehicle’s poses across time are known and correspond to 4 x 4 transformation
matrices from a fixed dataset (world) reference. Furthermore, LiDAR calibration
data are available. The calibration acts as a mapping from the LiDAR coordinate
system into the EGO vehicle, and therefore it is assumed to be constant (fixed sensor
mounting).
In this context, the steps to achieve EGO motion compensation are the following:
o Consider 125, and Tpg,  to be the individual poses of a previous frame, and
the current (core) frame, respectively, both expressed in the world coordinate
system. The relative transformation between a previous frame, and the current
one can be computed as follows:

core 71
Teegoopre - (T‘E,L;Ocorfi) ’ Tezf)qopre (41>

o Express the point cloud to be compensated, given implicitly in the sensor
coordinate system, PC, ., in the EGO-vehicle one through the LiDAR cali-

3 sensor.
bration, T¢¢7

PCegO - PCsensor Srenser (42)

ego

o Use the odometry computed beforehand above (relative frames transforma-
tion) to transform the previous frame point cloud, compensating for EGO
motion:

PC,

€9Ocompensated

— PC.,,, - TS0 (4.3)

€JOpre

o Express the point cloud back in the sensor coordinate system through the
calibration:

PCunsor = PC Tienser) ! (4.4)

€90compensated ( ego

Figure 4.3 shows the difference in appearance of the point cloud with/without the
application of motion compensation. The point cloud in red corresponds to the core
(current) frame, while the one in blue is associated to 10 frames in the past, i.e.
Is before. A clear difference is noticed when looking at image (b), in which the
scan-wise compensation manages to aggregate the information from both frames at
the correct spatial location, giving a richer point cloud representation, while the
opposite does not hold.

27



4. Methods

(a) Without EGO motion compensation (b) EGO motion compensated

Figure 4.3: Ego motion compensation comparison for ¢ (red) and ¢t — 10 (blue)

It is by the addition of several consecutive frames when the point cloud gets notice-
ably denser, counting with more points representing the same object in space, which
might in turn ease the object detection task, see Figure 4.4.

f
i

Figure 4.4: 10 consecutive frames aggregation with EGO motion compensation

4.3 Temporally-aware

Multi-frame methods served as ground introduction about the intuition behind ag-
gregation, and the possible benefits of also considering past data in the learning
process. Nevertheless, it can trivially be seen how the number of points quickly
grows with the utilisation of several frames in the past. This would demand highly
complex problem-specific engineering solutions to try to figure out an efficient input
representation of LIDAR point clouds that would boost aggregation, while remaining
computationally cheap.

4.3.1 Time recurrency

We believe a robust solution, owning a high degree of generalisation and flexibility,
could only come if a shift of thinking were produced. Such a change in approach
would consist of avoiding heavy preprocessing, aiming instead for a NN realisation
that could benefit from end-to-end Deep Learning. In this context, we think the
solution passes by endowing the NN with a memory, which could keep track of
worthy features across time, and disregard non useful information in the long term,
based on previous experience and knowledge about the environment.
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The building block which materialises the previous idea has been introduced before:
Recurrent Neural Network.

4.3.1.1 convGRU

Vanilla GRU architectures are suitable for a wide range of tasks (e.g. NLP), but
are not ideal to use directly in the context of this project. Considering the network
works with (pseudo-) image features, where spatial information matters, convolu-
tions stand out as the preferred way of processing data. In addition, the efficiency of
convolutions can be substantially superior than applying RNNs directly on spatial
data; and convolutions bring translation invariance robustness, which improve gen-
eralisation to inputs with spatial transformations associated (translations, rotations,
and scaling).

That is the reason why we consider, instead, the use of convGRU, which is not
other but its convolutional version. Furthermore, to leverage efficiency, we reduce
the number of required convolutional layers thanks to merging operations of similar
nature. In particular (see Eq. 4.5 - 4.7), by looking at the previous equations (Eq.
2.6 - 2.9) one can see both the reset and update gates share the same input variables
(just owning different learnable parameters). This allows the application of a single
convolution (*), of duplicated number of filters, via input concatenation.

[r(t), ()] = o (W, W2)] = [A(t — 1), 2(t)] + [b; , b.]) (4.5)
h(t) = tanh(W), = [r(t) - h(t — 1), z(t)] + by) (4.6)
h(t) = (1 — z(t)) - h(t — 1) + 2(t) - h(t) (4.7)

The convGRU architecture, with its gating mechanisms and the substitution of
products by convolution operations, allows the model to adaptively learn which
information to forget, which to update, and which new data to incorporate. This
enables the capture of long-term dependencies in sequential data.

4.3.2 TimePillars

Take as starting point the Single-Frame baseline presented above, and consider the
insertion of a Recurrent Neural Network to it, at the right pipeline place and sur-
rounded by the needed components. The resulting architectural modification now
allows the system leverage information across time. This is, on a high level, the
substantial addition behind our approach, which we term as TimePillars.

4.3.2.1 Model architecture

The model architecture that we propose is depicted in Figure 4.5.
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Figure 4.5: TimePillars model architecture

As seen in the single frame section, input point clouds from a given time instant
are passed through a preprocessing stage which sets the foundation of Dynamic
Pillarisation, as well as prepares the remaining input data for future utilization by
the NN. The latter is followed by a Pillar Feature Encoder, which allows the point
cloud discretization into a BEV pseudo-image; and consecutively by a 2D CNN
backbone, which boosts the features representation.

At this point (after the backbone), the NN has shrunk the data into a low-level
latent space which synthesises the relevant information about the driving scenario.
That is the key reason why we consider the placement of the convGRU in such
pipeline position, as further experimental evaluation to be introduced below shows.
The hidden state from the considered time step is fed into the Detection Head and
postprocessed, leading to the bounding box predictions associated to that times-
tamp.

4.3.2.1.1 Feature EGO motion compensation

The hidden state features outputted by the ConvGRU are given expressed in the
coordinate system of the previous frame. If stored and utilized directly for the
computation of the next prediction, a spatial mismatch, as explained before, would
occur.

Raw point cloud EGO motion compensation, as intended in the multi-frame baseline
presented, solved the compensation problem when using multiple input point clouds,
despite it being a computationally-demanding operation.

The solution in the recurrent context, however, demands for the compensation to
take place at feature level. This, in turn, makes the hypothetical solution more
efficient, but hardens the problem.
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We modify the preprocessing to store, as an additional (optional) NN input, odom-
etry data, i.e. relative transformation matrices from source to target consecutive
frames.

At this point, two alternative approaches to face the problem are explored: interpo-
lation compensation; and convolutional-based compensation.

4.3.2.1.1.1 Interpolation-based One way to fix the feature EGO motion com-
pensation problem is to use classical interpolation methods. In particular, (pseudo)
image bilinear interpolation can be applied to obtained the transformed features.
To do so, the first step concerns the computation of the location of the cell-center
coordinates at the previous time step (t-1). Once obtained, through the previously
stored odometry information, the coordinates of the previous frame are transformed
to the current one. These are the coordinates which are then used to perform bilinear
interpolation. More specifically, we take the hidden state features from the previous
time instant and interpolate them to the newly obtained coordinates. The output
of the latter is a feature map ready to be used at the current time (t), compensated
for EGO motion.

4.3.2.1.1.2 Convolutional-based Feature interpolation achieves the desired
feature transformation, but it suffers from efficiency problems (problem-specific in-
terpolation), as well as innacuracy (linear approximation). More advanced interpo-
lation techniques could be explored, of higher polinomial order, but we believe the
nature of the solution might not be the most suitable one.

Instead, and inspired by the FS-GRU paper [5], we perform a convolutional-based
approach to transform the hidden state features. The original paper, however, pro-
vides limited information about it, and therefore we have implemented our custom
architecture.

The approach we take provides the NN with the needed information to perform the
feature transformation via a convolutional layer. We start by taking the odometry
transformation matrix, i.e. the needed operation that one would need to perform to
successfully transform the features. Next, we extract from it just the 2D information
(rotational and translational counterparts) of the matrix:

ri1 T2 Tiz tTig

T — To1 To2 T2z 1Yo (4.8)
r31 T3 T33 tz
0 0 0 1

i.e. 711, T12, 721, Teo for the rotational part, and txy4, tyss for the translational,
respectively.

This simplification avoids the main matrix constants and works in the 2D (pseudo-
image) domain, simplifying it from 16 values (4 x 4) to just 6.

We then flatten the matrix, and extend it to match the shape of the hidden features
to compensate: (N_ frames - 1, length/2, width/2, 6). This representation makes it
suitable for each latent pillar to be concatenated in the channels dimension of the
hidden features to be compensated.
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Finally, the hidden state features are fed into a 2D convolutional layer which fits
the transformation process. A 3 x 3 filter is used, and no activation constrains the
output to provide operational freedom.

Note a key aspect that derives: the execution of the convolution does not guaran-
tee that the transformation is performed. Channel concatenation just provides the
network with extra information about how it could eventually be performed. This
is the main reason why we define an auxiliary task, whose aim is to guide the net-
work through the transformation process, to guarantee a successful compensation is
achieved.

Transformation Module

New hidden state /
T > =
i Encoded detections

g—t’w HEI’W | Auxiliary Task

Concatenate : ,
->» - I I > Translorrpation
matrix
H
w w
Cr2 6

Figure 4.6: Illustration of convolution-based transformation module and auxiliary
task

U

Hidden State

» (LTI

Repeat

Transformation
Matrix

- Auxiliary task:

The auxiliary task receives as input the output of the convolutional layer, which
encoded the transformation process. The features are fed into a lightweight CNN
composed by just two convolutional layers. Their aim is to exploit the latent space
representation under supervision. Over time, the resulting features, provided the
effect of the auxiliary task, become succesfully compensated for EGO motion.

The use of the auxiliary task is restricted exclusively to the training process. Once
the network has learnt to properly transform the features, it loses adequacy. That
is why the module is not considered at inference.

Further detailed experimental work, contrasting the utilization or not of the auxiliary
task, can be found in the next chapter.
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Experimental evaluation

Extensive experimental work is presented in this section. Firstly, its aim is to present
the relevant details behind data processing and training. Then, the evaluation met-
rics used are introduced. With them, results achieved with the methods proposed
are shown. Finally, their robustness to changes and generalisation capabilities are
tested through ablation studies.

5.1 Data Handling

Dealing with point cloud data demands careful processing. A especial concern is
the file size data own, which does not allow storing in memory several data samples
simultaneously.

After conducting an initial analysis, it was determined that the primary bottleneck
in the process was the input pipeline. This was, as introduced, due to the file reading
time and the complex structure of the large point cloud files, which resulted in an
inefficient training loop.

To address this issue, the dataset was converted to TFRecords format offline, given
its immense size. This conversion effectively eliminated data loading as a bottleneck
in the training pipeline, allowing us to split the dataset into multiple files and only
load the necessary data into memory. Moreover, the use of TFRecords enabled fully
in-graph execution for data loading, which further improved 10 speed during the
training process.

5.2 Training

We provide additional valuable training-specific information. First, we mention the
class labels used. The loss functions employed for each of the object detection
variables are described. We then mention hyperparameter values which boost the
learning, and focus on configurations that help with the class imbalance context.
Lastly, we provide some details about how a successful recurrent training on the
novel ZOD can be accomplished.

5.2.1 Class labels

The classes we train on are the following: vehicle, vulnerable vehicle, pedestrian,
animal, inconclusive and background.
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We focus on the performance of the first three with respect to the background.
This choice has to do with their predominant presence in the dataset, and literature
relevance. However, we believe it is important that networks see other sources of
data, like animals, and consider fundamental to have an inconclusive class to account
for samples whose classification is not trivial, even at human-level performance.

5.2.2 Loss functions

5.2.2.1 Classification: Focal Loss

In object detection, typically, the number of background (negative) examples is very
large compared to the number of foreground (positive) samples. This class imbalance
situation can lead to challenges in training, as the presence of many easy negative
examples can dominate the learning process.

The Focal Loss, first introduced in [12] is picked as the classification loss in this
work. Its choice aims to alleviate the impact of class imbalance by assigning higher
weights to hard, misclassified, examples while down-weighting easy examples.
Equation 5.1 shows its mathematical formulation:

FocalLoss(p;) = —ay(1 — py)" log(py) (5.1)
Where:

CrossEntropy(p;) = — log(p:)
FocalTerm(p;) = (1 — p;)?
oy : Balancing parameter
v : Focusing parameter
p : Predicted probability of the positive class

The loss function is therefore a scaled cross-entropy loss, where the scaling factor
decays dynamically to zero as confidence in the correct class grows. It achieves
this by introducing two additional parameters: the balancing parameter, oy, and
the focusing parameter, v. The latter determines the rate at which easy examples
are down-weighted compared to hard examples, while the former scales the loss
depending on the desired importance of positive and negative samples in the process.
The values utilized correspond to the common choice of oy = 0.5 and v = 2.

5.2.2.2 Regression: Huber Loss

The Huber Loss, frequently named also as Smooth-L1 loss, is chosen as our regression
loss. It therefore takes care of the following object detection bounding box variables:
location, size and angle.

The presence of outliers is common in the task of object detection. This means
a standard choice of regression loss, like the L1 Loss (non-differentiable and the
difference of errors is not squared) or the MSE (highly sensitive to outliers) are not
suitable loss candidates. The Huber Loss, conversely, combines the best properties
of L1 and L2 losses. It provides a smooth and robust loss function that is both
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differentiable and less sensitive to outliers. The key lies behind the fact that a
quadratic mapping is employed when values are within a threshold, and a linear one
takes place in a region in which outliers are found.

Its expression is presented in 5.2:

Lo — 52 ] 4] <
Huber (y;, 7;) = { 3 (i yf) if |y — i <0

6(lys — 9| — 56) otherwise (5:2)

where 1; and g; stand for the ground truth and prediction samples, respectively,
and the parameter ¢ is the threshold that determines when the loss transitions from
quadratic to linear.

The adopted threshold values are of § = 1.0 for the location and size, while 6 = 3.0
is used for the angle, considering a higher outlier tolerance proved to be of help to
encourage the learning of objects’ rotation values.

5.2.2.3 Masking

Seen the loss functions employed, details regarding their masking are provided.
Particularly, we aim to remove the influence of the inconclusive and background
classes in the final loss. This is done by applying a mask to each of the regression
outputs (not to the classification one) to filter out samples which are associated to
ground-truth background or inconclusive labels. Doing this is key in search of a
successful training loop, as we want to minimise the loss exclusively with respect to
the model’s performance on the relevant classes.

5.2.3 Configuration

The configuration parameters that, as a result of tuning, brought best training
performance and results are provided.

5.2.3.1 Hyperparameters

We start by introducing the hyperparameters whose choice was extended to all the
models trained, once the best configuration was adopted. These therefore remain
fixed across different trainings. They are contained in Table 5.1 for ease of consul-
tation, and subdivided in point cloud/BEV-specific, learning, and weighting. The
values presented proved to be the most suitable for each role.

The justification for the BEV-related settings can be found in the method section
4.1.

It is worth remarking the utilisation of AdamW [14] as optimiser, given it manages
to decouple weight decay regularisation from the learning rate setting. The latter
(weight decay) is used as regularisation, instead of techniques like Dropout, consider-
ing it is more deterministic and therefore intuitive to tune. A learning rate scheduler
is used, which scales the hyperparameter by a factor of 0.8 based on validation loss
performance, and with a patience value of 2 epochs.

To give some learning-tasks more importance than to others, we consider additional
loss task weights. The highest weight was set to the focal loss, as it proved to
the beneficial, considering a well-performing classifier helps on the remaining tasks.
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The same importance was given to the three regression variables. Alternatively, the
auxiliary task employed in the convolutional-based version of TimePillars, showed
that a low weight is enough for the transformation learning to take place.

Hyperparameter Value
Total number of points (N;) 200,000
BEV cell size 0.2
BEV resolution 400 x 600
Longitudinal detection range 120 m
Optimiser AdamW
Learning rate decay 0.8
Regulariser Weight decay
Focal loss weight 3.0
Location loss weight 2.0
Size loss weight 2.0
Angle loss weight 2.0
Auxiliary task loss weight 1.5

Table 5.1: Model-fixed hyperparameters.

The remaining parameters, not mentioned so far, correspond to the ones whose val-
ues were adopted differently depending on the model. A clear case is the learning
rate, chosen as [r = 0.001 for the single frame (PointPillars) implementation given
its training from scratch, but often reduced a decade to values like Ir = 4e — 04
when fine-tuning. Similarly, the regularisation effect through weight-decay was kept
small when training from the beginning decay = 1e — 05, but increased when trans-
fer learning was employed, e.g. decay = 0.1 brought the best TimePillars results
achieved.

Networks were trained, most often, for around 30 epochs, usually long-enough given
the large size of ZOD Frames. The weights were stored for each epoch, available to
be loaded back at inference. To extract the best results from each trained model, a
script analysing metrics performance was run on the test set for each saved epoch.

5.2.3.2 Transfer learning

Transfer learning plays a centre role in the training of our models. We train the
single frame baseline from scratch, and early stop when overfitting is detected. At
that point, transfer learning from the single frame context is then used as starting
point for the training of TimePillars models. In particular, we freeze all the layers
from the Pillar Feature Encoder, as well as from the Backbone, except the last six
layers of the latter (i.e. the upsampling operations). This proved to be the best
configuration, given the implicit accuracy-efficiency trade-off.

5.2.3.3 Class imbalance weighting

Aware of the issues related to the already introduced problem of foreground/back-
ground class imbalance, we perform additional measurements to help with the situ-
ation.
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In particular, we propose the application of class weights, and explore a suitable
classifier’s bias initialisation.

We start by calculating the frequency of each class in the dataset, and with it the
number of samples per class, N;. This allows getting a quantitative idea about how
the distribution of classes looks like.

Numbers reinforce the heavy class imbalance problem, with the background class
representing around 99.6% of the dataset, vehicle nearly 0.3 %, and the remaining
0.05% being shared by cyclists and pedestrians. The rest (Animal and inconclusive)
result negligibly small.

Knowing the context, the weights for the i-th class, W;, out of N.gsses, and consid-
ering the total length of the dataset, N, can be calculated:

Nr
e
Ni : Nclasses

An extra factor, k;, allows further class scaling in a flexible manner. Its introduction
was considered after analysing confusion matrix weighted results, and observing
there still existed margin to increase the intensity of the weighting, with respect to
the background predictions.

Alternatively, we consider a classifier’s bias initialisation. Its aim is to account
for the initial biased scenario that the class imbalance originates. We want the
softmax output to reflect the dataset situation. To calculate the bias, the frequency
of each class is used as softmax output. By doing this, we are incorporating the
class distribution information directly into the model. The higher the frequency of
a class, the higher its corresponding softmax output will be. This helps the model
assign more importance to the underrepresented classes during training.

b.

6 T

frequency, = W (5.4)

Solving the previous equation brings the bias initialisation values. Setting these
correctly speeds up convergence and avoids the network learn the bias in the early

iterations.

5.2.4 TimePillars training step

The dataset’s structure, as previously described, affects the recurrent network train-
ing loop. It is important to consider that the frames in the dataset were acquired
over a span of two years and across multiple countries, and thus, there exists no
spatial or temporal relationship between them.

Consequently, a specific order cannot be defined to loop the dataset for training
the recurrent network and backpropagating every few iterations. However, the past
10 LiDAR scans are available for every frame, although not annotated. Given that
these past scans cannot be directly used for training due to lack of annotations, they
can be utilised to populate the hidden state with pertinent information.

To accomplish this, we run the network for a fixed number of iterations with scans
prior to the core frame, ignoring the network output. Then, we perform a final pass
through the network with the core frame as input, followed by computation of the
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loss and backpropagation to update the weights. An illustration of this train step
can be observed in Figure 5.1.
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Figure 5.1: Illustration of single training step. The cycle is not batched for sim-
plicity.

With this train cycle we can take advantage of the massive dataset size without
repeating data or needing to run at a specific order. The ability to randomise the
epoch steps is beneficial in generalisation of the network.

On the other hand this approach results in a long computation time per step given
that it runs the network multiple times per weight updates. Furthermore, the mem-
ory consumption is quite high due to the increased gradient through the multiple
LiDAR scans and network executions.

Memory optimisation then became the big limiting factor in training TimePillars.
To address this problem we run the training process in mixed precision. The use
of float16 within the network reduces the memory consumption by around half,
enabling the use of a higher batch size and faster training.

Additionally, to speed up and ease the training process we transfer the network
weights from the single frame PointPillars model trained earlier. The pillar feature
encoder is frozen as well as all the downsampling layers of the backbone. This still
gives freedom for the network to train output of the backbone, the convGRU and
respective transformation module and lastly the detection head. By reducing the
amount of weights to be updated the memory usage is reduced and the training
stability improved.

For testing and comparison purposes we also trained a model without any transfor-
mation inside the network. In this case the transformation is done in the prepro-
cessing of the data. The main goal of this network is to evaluate the performance
of the convGRU when transformation of the moving frame is not in question.
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5.3 Evaluation metrics

The evaluation metrics used in this work are presented. They aim to establish an
objective and quantitative way to examine and compare the performance of the
methods proposed.

Precision, recall and F1-Score focus on the classification task, while (mean) Aver-
age Precision, standard choice in the field, is used to evaluate the object detection
accuracy as a whole.

5.3.1 Precision

Precision measures the proportion of correctly predicted positive instances (true
positives, TP) out of the total instances predicted as positive (true positives and
false positives, FP). It then focuses on indicating how precise or accurate the model is
in predicting positive instances, i.e. how many of the model predictions are actually
correct. Its expression is calculated as follows (Eq. 5.5)

TP
Precision = m (55)

The precision score ranges from 0 to 1, with 1 being the score to aim for.

5.3.2 Recall

Conversely, recall measures the proportion of correctly predicted positive instances
(true positives) out of the total actual positive instances (true positives and false
negatives, FN), see Eq. 5.6:

TP

Recall = (TP + FN) (5.6)

Its aim is therefore to measure the sensitivity to classification correctness, and the
score produced also ranges from 0 to 1, with 1 being the best possible one.

5.3.3 F1-Score

As a way to merge the previous two metrics into one, F1-Score proposes the calcu-
lation of the harmonic mean of precision and recall.
Its expression is calculated as:

2 - (Precision - Recall)

(Precision + Recall)

F1Score = (5.7)
providing a balanced assessment, especially when both types of classification errors
(false positives and false negatives) need to be taken into account. This metric is
therefore particularly useful when the dataset is imbalanced, as it prevents overem-
phasis on the majority class. As mentioned, the latter is achieved by combining
precision and recall, giving equal weight to both. Similarly to the precision and
recall metrics, its score ranges from 0 to 1, with 1 being the best achievable value.
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5.3.4 Average Precision

The metrics above focus on the classifier’s performance, but do not take into ac-
count the remaining bounding box variables, which are of regression nature (centre
locations, size dimensions and rotation angles).

The average precision metric, conversely, uses the 3D Intersection over Union (Eq.
5.8) between the ground-truth and prediction boxes as a threshold to filter out non

accurate predictions.

Area of Intersection
IoU = .
oU Area of Union (5:8)

The final score, ranging from 0 to 1, and being the higher the better, comes from the
calculation of the area below the precision-recall curve, for each class independently.
Note this operation corresponds to the average of picking the (interpolated) precision
scores, at retrieved recall values. It formulation can be written as follows:

1 &

AP = N > Precision(k) - Recall(k) (5.9)

S k=1

where N, denotes the total number of samples taken, and Recall(k) is the recall
value at the k-th retrieved sample.

5.3.4.1 Mean Average Precision (mAP)

In some contexts, AP is calculated for each class and averaged to get its mean value,
the mAP. Nevertheless, one can often find work which does not make any distinction
in meaning between AP and mAP.

We use the former definition. Therefore, in this paper, the mAP we name corre-
sponds to the mean of the AP obtained for each class i of N,, and at a certain 3D
IoU threshold (0.5 in the case of this work).

JRAL
mAP ;= N > AP, (5.10)

c =1

5.4 Results

As mentioned before we train a regular PointPillars Network in our dataset and use
it as a benchmark to ensure that the addition of recurrency results in significant
performance improvements.

The comparison of the average precision between the single frame benchmark and
diverse versions of TimePillars can be seen in Table 5.2. Three alternative methods
of performing the motion compensation transformation are shown, as described in
the Methods chapter.

The improvements over single frame methods are very noticeable, particularly on
smaller sized classes such as Cyclists and Pedestrians. As expected, the added
information of multiple scans greatly increases the average precision.

As expected, the network which does not have to transform the hidden state per-
forms the best. This network not only is simpler but is fed perfectly corrected data
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and therefore does not need to learn to account for transformation or embedding of
this transformation in the hidden state. Despite this, the two methods of transfor-
mation inside the network perform quite close to it.

This transformation in the preprocessing that yields the best results is however not
our proposal given that it would require that in inference, at every step, we would
need to reset the hidden state, transform the previous clouds and feed them all
through the entire network. Not only is this inefficient but also defeats the purpose
of using a recurrent network.

Additionally, as demonstrated in the table, besides more efficient, the conv-based
transformation of the hidden state produces significantly better results than its affine
interpolation alternative.

Lastly, we also present an alternative baseline of multi-frame nature, but non-
recurrent, based on PointPillars, but employing aggregation of multiple scans, as
seen in section 4.2 of the method chapter. Despite the massive computational
power and memory required to train this model, we were able to achieve results
that improve the single frame PointPillars benchmark. The results reinforce the
benefits in accuracy when considering past information in the system, and the need
of recurrency to levarage performance and remain efficient.

Method Motion transf. | Scans || mAPgs|| Vehicle CyclistT Pedestrian
PointPillars - 1 0.520 0.918 0.414 0.228
MF None? 3 0.548 0.923 0.443 0.278
PointPillars*
TimePillars None? 3 0.624 || 0.927 0.547 0.397
TimePillars Interpolation 3 0.574 0.905 0.452 0.366
TimePillars Conv-based 3 0.609 0.909 0.519 0.400

Table 5.2: Results of multiple models trained on ZOD frames dataset. All models
were evaluated with the same number of scans as they were trained with. (*) Muti-
Frame baseline built based on PointPillars and described in the Methods chapter. ()
Cyclist class includes all vulnerable vehicle types including motorcycles, wheelchairs
and any human-powered, electric or motorised wheeled object that is used to trans-
port people such as scooters. (1) By "none', we mean that the network does not
include any motion transformation layers but instead the data is motion compen-
sated before being fed into the network.

During the development of the network, the placement of the recurrent module
was a crucial point of consideration. If added after the backbone, the training
loop would be computationally more expensive since it would repeatedly run the
backbone, which is the most computationally intensive section. However, we believe
that feeding already processed data could result in better merge of scans.

To verify this hypothesis, we have implemented an additional model similar to the
one presented by FS-GRU [5] where the recurrent module is fed the encoded pil-
lars. The results comparing with our suggested approach can be seen in Table 5.3,
including our single frame benchmark.

Our solution clearly outperforms in all classes. Most noticeable is the fact that
the network with convolutional GRU before the backbone performs similarly to the
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single frame baseline. To note that the single frame was trained and fine tuned with

a greater care.

Method GRU location | Scans || mAPgys|| Vehicle Cyclist | Pedestrian
PointPillars - 1 0.520 0.918 0.414 0.228
TimePillars bef. backbone 3 0.516 0.903 0.413 0.232
TimePillars aft. backbone! 3 0.609 0.909 0.519 0.400

Table 5.3: Single frame baseline compared to two possible recurrent networks dif-
fering in the location of the recurrent module. (1) Like all other TimePillars models
used within this project employ a convGRU after the backbone, unless otherwise
specified.

We prove the effectiveness of the auxiliary task by training a model without it
and comparing the average precision. The results shown in Table 5.4 confirm the
performance improvement when using the auxiliary task in training.

Method Aux. task Scans || mAPqs|| Vehicle Cyclist | Pedestrian
TimePillars 3 0.588 0.906 0.475 0.382
TimePillars v 3 0.609 0.909 0.519 0.400

Table 5.4: Results from using or not the auxiliary task for the convolution based
transform module.

5.5 Ablation studies

To put the methods’ robustness under test, relevant ablation studies are performed.

5.5.1 Longitudinal detection range

As mentioned before, unlike other datasets in the field, ZOD owns novel long range
LiDAR data, up to 200 m.

The main results presented in this work, most of them shown previously already,
correspond to the utilisation of a longitudinal range of 120 m. Such a value was
chosen keeping in mind the clear existing trade-off between long range and accuracy.
Note relevant literature mainly focus on ranges below 80 m, e.g. PointPillars used
75 m.

Table 5.5 presents evaluation results for the Single Frame baseline trained at various
detection ranges. The values achieved confirm the trade-off (longer range, lower
mAP), but also prove the robustness of the method implemented, as the drop is not
significant.
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Range mAPg 5 Vehicle Cyeclist Pedestrian
80 m 0.526 0.927 0.411 0.239
120 m 0.520 0.918 0.414 0.228
160 m 0.496 0.904 0.359 0.226
200 m 0.495 0.890 0.381 0.215

Table 5.5: Longitudinal detection range ablation study. We compare the system’s
performance for growing distances from the EGO vehicle.

5.5.2 Long-term memory

Stability for long sequences is crucial for recurrent networks in inference. It enables
the use of the model continuously in real world applications without the need to reset
the hidden state. To this end we evaluate multiple models and how they behave for
longer sequences.

Performing inference with 5 LiDAR scans on a network trained for 3 produces a
drop in accuracy. To test if a higher number of sweeps could produce more stable
results, we have also trained an additional model with 10 LiDAR scans. As shown
in Table 5.6, performing inference on that model with, instead, 11 scans produces a

significant reduction in average precision.

Training Scans Inference mAPg 5 Vehicle Cyeclist Pedestrian
Scans
3 3 0.624 0.927 0.547 0.397
3 5 0.304 0.837 0.043 0.033
10 10 0.611 0.929 0.523 0.382
10 11 0.552 0.925 0.403 0.329

Table 5.6: Average precision evaluated for different number of LiDAR scans. These
models were trained without any motion compensation in the model itself, meaning
that the data fed into the network both in inference and training was already motion
compensated.

We can then assert that our trained models do not generalise well for longer se-
quences than what they were trained for. Further analysis show that the longer we
train, despite improving the performance, the worse the performance gets at higher
inference number of scans. In other words, the model seems to overfit to this num-
ber. Several possible solutions were theorised, mostly changing the way the training
cycle is done. However, due to data structure limitations and time, they were not
experimented on. A further analysis of possible improvements in this area are shown
later in the Future Work section.

To avoid this decrease in performance as more LiDAR scans are fed into the network,
in real life applications one could introduce a circular buffer of size equal to the
number of scans used in training. Every time a new point cloud is acquired we
feed it through the pillar feature encoder and backbone and then add this encoded
feature space to the buffer (removing the oldest one there). Then we execute the
convolutional GRU for each of the encoded features in the buffer, essentially building
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up the hidden state to with the right amount of past scans, and end by computing
the detection head.

The trade off of this approach is a slight increase in computation time due to the
multiple convGRU executions and the increase in memory usage due to the circular
buffer. Despite these setbacks, it ensures a significant improvement in performance
and still prevents the need to feed past LiDAR scans through the pillar feature
encoder and backbone, which consists of the most costly operations. The use of
recurrency would then still be justified.
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Conclusions

6.1 Discussion

In view of the results, the validity of the work can be confirmed. The outcome fulfils
the objectives, and answers the set of initial research questions.

First of all, the method followed leads to the successful realisation of a suitable
model for the task of 3D LiDAR object detection.

An important conclusion follows: taking past sensor data into account proves to
be superior than just exploiting information at the present. The access to previous
information about the driving environment faces the sparsity nature of LIDAR point
clouds, and leads to more accurate predictions. Furthermore, the work shows the
adequacy of recurrent networks as a mean to achieve the latter. In contrast to point
cloud aggregation methods, which consider the creation of denser data representa-
tions by heavy processing, it turns out endowing the system with memory brings a
more robust solution.

Our main proposal, TimePillars, materialises a way to solve the recurrent prob-
lem. Unlike relevant recurrent literature, extensive experimentation suggests the
placement of convGRU in the pipeline after the backbone block works best. In
addition, our method establishes a concrete way to compensate for vehicle motion
across scans, and at feature level. Moreover, the work shows the direct benefits of
achieving it via an auxiliary task specifically-designed for it.

Evaluation presents a performance growth with respect to the model taken as base-
line (PointPillars). The latter, known by its efficiency, is just augmented with three
extra convolutional layers during inference. This modification proves that basic NN
building blocks are enough to achieve significant results, and guarantees the existing
efficiency and hardware-integration specifications are met.

Finally, to the best of our knowledge, the work acts as a first baseline of results for
the 3D object detection task on the newly introduced Zenseact Open Dataset. The
dataset exhibits a level of dimensional and contextual diversity that exceeds that of
any other currently released datasets. As such, we can assert with confidence that
the network’s performance and generalizability extend to real-world applications
beyond the dataset employed.

6.2 Future work

The main question that remains to be answered is how to train and tune the network
architecture to achieve a stable execution when exposed to long sequences. As
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mentioned in the ablation studies, our trained model overfits to the number of
LiDAR scans provided in training. When executed for longer sequences than the
ones trained, the average precision drops significantly. This could be an indication
of the GRU not fully learning to forget.

We believe that a different training strategy could fix this problem, such as a stateful
approach to the training cycle where, for a long sequence, we do backpropagation
and weight updates every few scans but not resetting the hidden state. This could
hypothetically force the network to learn to forget irrelevant or outdated data.
Another potential solution could be training or fine-tuning the model on significantly
larger sequences per training step, which could prove to be challenging memory-wise.
It is important to remark that the latter, however, does not prevent the work from
being applied in a real product. Proven the benefits of using recent past frames, this
philosophy can perfectly be kept at inference. Furthermore, previously-computed
backbone outputs, input to the recurrent module, can be stored and updated across
time to avoid the need of recomputing past frames.

We, therefore, leave open a hypothetical future model acceleration and hardware
implementation that would quantitatively assess the efficiency of the proposed so-
lution, and consider it for real-life application.
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