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Uncertainty estimation in multi-modal 3D object detection

ANTON ROSEN
Department of Electrical Engineering
Chalmers University of Technology

Abstract

Object detection is an important part of many autonomous driving systems, provid-
ing condensed information about the vehicle’s surroundings. For good performance
in di erent environmental conditions, multi-modal object detection is often used,
where information from di erent sensors are fused. Due to factors such as sensor
noise, occlusion, and adverse weather conditions, there is an inherent uncertainty
in the object detection task. Most state-of-the-art approaches for multi-modal 3D
object detection do not model these uncertainties for regression. Explicitly modeling
and estimating the uncertainties leads to higher interpretability, allows analysis of
di cult situations, and can improve the performance of downstream tasks.

In this work, we explore how uncertainty can be modeled and estimated in multi-
modal 3D object detection. We show that directly modeling the uncertainties of
bounding box parameters can provide meaningful uncertainty estimates without
sacrificing neither predictive performance nor computational e ciency. We compare
modeling the uncertainties both separately per detection, using normally distributed
random vectors, and jointly per frame, using Poisson multi-Bernoulli random finite
sets. Our results show that separate modeling enhances predictive performance,
while joint modeling yields more accurate uncertainty estimates. Additionally, we
demonstrate that these predicted uncertainties can identify unlabeled data where
the model performs poorly, underscoring their importance for more interpretable
and safe autonomous driving systems.

Keywords: 3D Object Detection, Sensor Fusion, Uncertainty Estimation.
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Introduction

Vehicles with autonomous capabilities have the opportunity to improve the trans-
portation sector in several ways. Autonomous vehicles can reduce the number of
tra c-related accidents, as the majority of accidents are a result of human error
[2]. They can also revolutionize shared transportation. With driverless vehicles, the
scope of public transport and other mobility services can be wider and o ered at
a lower cost, thereby reducing overall road congestion, decreasing parking demand,
lowering energy usage, and cutting greenhouse emissions [3]-[6].

For vehicles to operate autonomously, several di erent systems work together. One
of the key systems required is the perception system, which is responsible for iden-
tifying and analyzing the car’s surrounding environment. Some typical perception
tasks include detecting and tracking objects such as cars and pedestrians, classifying
tra c signs, and finding lane markers. To perceive the world, autonomous vehicles
utilize di erent sensor types, usually referred to as modalities. Some commonly
used modalities are camera, LIDAR, and radar, all with respective advantages and
disadvantages. Cameras provide high-resolution and semantically dense data. How-
ever, they typically perform poorly in low-light situations and do not provide depth
information. LiDAR and radar both provide depth information and perform well
under low-light situations, but the data is at a much lower resolution and does not
contain color information. By combining these sensors e ectively, it is possible to
get the benefits of the each respective sensor type, enabling systems that perform
well in a wider range of situations.

To e ectively act on the information provided by perception systems, it is mean-
ingful to consider not only the output of a model but also the certainty of that
information. No matter how good a model is, uncertainty will always be present
in any perception system. Examples of unavoidable sources of uncertainty include
adverse weather conditions limiting visibility, the presence of new unseen objects in
the scene, occluded objects, and inherent sensor noise. Knowing how much a detec-
tion can be trusted can provide vital information for the real-time decision-making
systems of autonomous vehicles.

Perception uncertainties can be used to improve the safety of autonomous vehicles,
by for instance propagating them through downstream tasks [7]. Many downstream
tasks, such as target tracking [8], trajectory planning [9], and simultaneous localiza-
tion and mapping [10], assume some measurement noise on the perception outputs.
By estimating and outputting uncertainty in the perception model, a more repre-

1



1. Introduction

sentative measurement noise can be used, potentially increasing the performance on
the respective tasks. Separately, precautions such as slowing down, handing over
control, or coming to a safe stop can be implemented in the presence of perception
uncertainty.

Uncertainties can also enhance the interpretability of autonomous vehicles by pro-
viding deeper insights into their decision-making processes and predicted actions.
Interpretability of autonomous driving systems are important on several levels. For
passengers, model interpretability can increase the trust that the vehicle will drive
them to their destination safely. Increased interpretability can also help diagnose
issues with models, help validation against safety standards, and provide better
accountability if something goes wrong [7].

Additionally, the predicted uncertainties could be used for active learning [11], by
finding unlabeled instances where the model is uncertain. These instances can then
be annotated and used to improve the model. By e ciently finding informative
data points, both the annotation cost and training time can be decreased, as less
overall data is required. It is thus desirable for a model to provide well-calibrated
uncertainty estimates with its predictions.

Autonomous driving perception can be divided into di erent tasks. In this thesis,
we focus on 3D object detection, where the task is to detect and classify objects, as
well as regress their 3D pose. In the object detection literature, the vast majority
of papers do not consider the uncertainty of predictions [12]. Of the papers that do,
most papers only consider 2D object detection on images, e.g., [12]-[15]. A number
of works consider 3D object detection with one modality, e.g., [16]-[18]. Very few
works study uncertainty in 3D object detection with multiple modalities, however,
one example is the work of Feng et al. [19].

In this thesis we investigate the estimation of uncertainties in camera-LiDAR 3D
object detectors. Instead of only focusing on predictive performance, our main focus
is on the uncertainty estimates: how they can be obtained, how to evaluate them,
and how they can be used to create safer, more interpretable autonomous vehicles.

1.1 Thesis Objectives

The objective of this thesis is to identify and evaluate methods to estimate the
uncertainty in 3D object detectors. The goal is to develop a model that provides
useful uncertainty estimates that can be used in, for instance, downstream tasks or
for active learning by highlighting cases where the model is uncertain. Modeling
the uncertainties should ideally not sacrifice predictive performance or come at a
significant computational cost, as that would limit the practical application of the
model.
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1.2 Limitations

As the focus of the thesis is to investigate uncertainty modeling, we will not design
an object detector from scratch and instead use and modify the state-of-the-art
model BEVFusion [20] to perform our experiments.

There are also a large amount of sensor modalities that could be used, for instance,
camera, LIDAR, radar, and ultrasonic sensors. To keep the scope manageable, we
will only consider the fusion between the LIDAR and camera modalities. This also
enables us to use the Zenseact Open Dataset [1], which does not feature radar or
ultrasonic data.

Additionally, there are a wide variety of ways to model and estimate uncertainty.
Due to time limitations, we will not cover all the possible ways of estimating un-
certainty. Most notably, we chose not to investigate Bayesian Neural Networks due
to their poor predictive performance on 3D object detection [21]. We will also not
investigate sampling based approaches such as Monte Carlo Dropout or Deep En-
sembles, as they are computationally ine cient, requiring multiple forward-passes
at test time [12].

1.3 Contributions and Main Results

The main results of this this thesis can be summarized in the following list:

= Direct modeling can e ectively be applied to a general multi-modal 3D object
detector to produce accurate uncertainty estimates without severely influenc-
ing inference time.

= Modeling the object detection problem as a set prediction problem, optimizing
jointly over all predictions, produces the most accurate uncertainty estimates.

= The produced uncertainty estimates can be used to identify when the model
performs poorly, help find out-of-distribution unlabeled cases for active learn-
ing, and lead to overall more interpretable object detectors.
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Background

To model the uncertainty of object detectors, a few key prerequisites are described.
Firstly, a general introduction to 3D object detection is given. Here, the problem is
defined, common methods are illustrated, and the evaluation metrics are outlined.
Secondly, a primer is given on random vectors and sets to be able to model the
uncertainty. Finally, how the uncertainties are modeled and estimated is shown.

2.1 Object Detection

There are many ways to capture the information present in images or point clouds,
all with respective advantages and disadvantages. By performing classification on
an entire image or point cloud, one can obtain a high-level representation of the
scene. Classifying every single pixel or point separately, as in segmentation tasks, a
very detailed semantic understanding can be obtained. Object detection is instead
a set prediction task, where the goal is to predict the set of all object in a scene.
Normally, the set prediction problem is divided into one regression problem and one
classification problem, where the goal is to regress — typically box-shaped — bound-
aries around all objects, and classify the object contained within each boundary.
This creates an e cient representation of the environment and is typically used in
autonomous driving applications to, for instance, detect vehicles, pedestrians, and
obstacles.

One important distinction is between 2D and 3D object detection. In 2D object
detection, the aim to find the boundary parameters of objects in the 2D image
plane. The resulting object boundaries are thus in pixel coordinates (u, V), giving
no notion of absolute scale, rotation, or position. In 3D object detection, the goal
is instead to find the 3D locations of objects in a real-world reference frame. The
resulting boundaries are thus in world coordinates (X, y, z), yielding a more useful
representation for the task of autonomous driving.

The boundaries used in object detection are typically represented using boxes, as
they serve as good approximations and are computationally e cient. These boxes
are referred to as bounding boxes, and are defined as boxes that contain the objects.
To gain the maximum information, it is desirable for the the bounding box to be
as tight as possible to the object. More rigorously, the goal is to find the minimum
bounding box of an object, i.e., the box of minimum volume that the object is fully
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2. Background

within.

For 2D object detectors, these bounding boxes are typically axis-aligned, meaning
that they have no rotation with respect to the Cartesian coordinate axes. This yields
a four degrees of freedom (DoF) parametrization of the bounding box, made up of
either the coordinates of opposing corners or the coordinates of the center point
together with the box size. When moving to 3D, rotation has a larger e ect on the
tightness of bounding boxes. In 3D there are 3 DoF for rotation. For autonomous
driving perception, often only the rotation in the ground plane, yaw, is modeled.
Figure 2.1 shows the di erence between a 2D axis-aligned bounding box and a 3D
bounding box with yaw rotation.

Figure 2.1: Di erence between 2D (left) and 3D (right) bounding box representations
on an example image from ZOD?[1]. The 2D bounding box can not capture the depth
and does not represent the location of the object with respect to the ego-vehicle.

Early object detectors used traditional machine vision algorithms, and relied on
detecting hand-crafted features to find vehicles in images. Over the past decade,
deep learning-based object detectors have become more and more capable, o ering
great detection performance and the capability of working in real-time on embedded
hardware. Instead of relying on hand-crafted features, deep learning-based object
detectors instead learn to identify what makes up objects by training on a large set
of examples.

Generally, deep learning-based 3D object detectors first extract and encode features
from the input. This process di ers depending on the modality used. For camera-
based detectors, features are often processed first in the 2D image plane, before the
depth of features are estimated further processed in 3D. For LiDAR-based detectors,
an initial transformation is often done to the unstructured, unordered point cloud,
before 3D feature encoding is done. Finally, common for any modality, is the use of
a detection head to perform bounding box regression and classification.

The detection head requires proposal bounding boxes to perform the regression and
classification. There are two types of methods to generate proposals: anchor-free
methods and methods based on anchor boxes. Anchor boxes are pre-determined
bounding boxes of di erent sizes and at di erent locations. Generally, a large num-
ber of anchor boxes are required to cover the 3D space with su cient density [22].
This can also create a large number of overlapping predictions. To deal with these

ILicensed under CC BY-SA 4.0, see Appendix A.1 for license details



2. Background

overlapping predictions post-processing steps like non-maximum suppression [23]
can be utilized, which remove overlapping detections by thresholding on the amount
of overlap and the classification confidence. Anchor-free methods instead generate
proposals based on the features, often requiring significantly fewer proposals. An
example of an anchor-free detector is CenterPoint [22], which is described in Section
2.1.2.

2.1.1 3D Object Detection Metrics

One of the most common performance metrics used for 3D object detectors is average
precision (AP), which considers both classification and regression. AP is computed
in two steps. First, the predictions from a 3D object detector are matched to the
corresponding ground truth annotations. All predictions are sorted by confidence,
and — starting with the most confident prediction — compared against all the annota-
tions using some criterion. The criterion is typically the Euclidean distance between
bounding boxes centers. If a prediction is within a specified distance threshold, the
prediction is marked as a true positive and the corresponding annotation is not
considered for the matching of future predictions.

After the matches have been computed, the second step is to, for each class, compute
the average precision for di erent levels of recall. Using the matches, the detections
are divided into false positives (FP), false negatives (FN), true positives (TP). Using
these, the recall is given by

TP
Recall = TP+EN (2.1)
and the precision by
... TP
Precision = TP +FP (2.2)

The precision and recall values can be used to construct the precision-recall curve,
where precision is plotted against recall. The AP is then computed by integrating
the precision-recall curve. This is done for each class separately and the AP is the
mean over the classes. In the matching step, chosen threshold is a bit arbitrary. To
counteract this, the mean average precision (mAP) can be used, where the mean of
AP is taken for di erent thresholds. Typically, the thresholds are set at 0.5m, 1m,
2m, and 4m for the Euclidean distances between the centers of bounding boxes.

This formulation of mAP does not consider how well all the bounding box parame-
ters of each match the ground truth, only considering the center location. To resolve
this, some metrics extend mAP to additionally capture this information. One no-
table example of this is the nuScenes Detection Score (NDS) [24]. In NDS, the
average translation error (ATE), scale error (ASE), and orientation error (AOE)
are computed for true positive detections. In nuScenes, bounding boxes are addi-
tionally parameterized with velocity and class specific attributes, e.g. sitting and
standing for pedestrians. These are captured with average velocity error (AVE) and
attribute error (AAE). For exact definitions of each quantity, see [24]. The NDS is
finally defined as the average of all these metrics, with mAP recieving the highest
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2. Background

weight,

NDS = 5mAP + (1—min(1,AE)) . (2.3)

L
|AE| +5 AE
Here AE {ATE,ASE,AOE,AVE,AAE} are the additional metrics. If some quanti-
ties are not estimated, they can be omitted from AE. In this thesis we do not esti-

mate velocity or class specific attributes and instead use AE  {ATE,ASE,AOE}.

2.1.2 LiDAR-based 3D Object Detection

Due to the explicit 3D representation of LiIDAR data, LiDAR-based 3D object detec-
tors have become very capable. LiDAR stands for light detection and ranging and is
an active sensor technology that transmits and receives waves of light. This makes
LiDAR capable of performing well in low-light scenarios where passive technologies
— like cameras that rely on the light in the environment — struggle. While LiDAR
sensors are less common than cameras, due to recent improvements in resolution,
cost, and volume, some car manufacturers have started integrating LiDAR sensors
into their vehicles [25]-[27].

The sparse, unordered, point-based LiDAR data is not trivial to process. For LIDAR-
based 3D object detectors, three types of approaches are common to transform
and process the input: projection-based approaches, point-nets, and voxel-based
approaches. The di erences between these are illustrated in Figure 2.2.

Figure 2.2: Di erent point cloud representations in 3D Object detection. Projection-
based approaches (left) project the 3D points into a 2D image plane. Point-nets
(middle) operate on the regular unordered set of points. Voxel-based approaches
(right) divide the point cloud into structured voxels. Example point cloud from
ZOD?[1].

Projection-based approaches utilize the large amount of research done on 2D object
detectors and project the point cloud into 2D. Projection-based approaches work
in three steps. First, they generate a 2D image — either from the point of view of
the LIiDAR, or from a bird’s-eye view (BEV) perspective — from the point cloud.
Secondly, they perform 2D object detection on that image. Thirdly, they regress
3D bounding boxes using the depth information provided by the point cloud. This
approach was used by for instance [28] and [29] to set a new state-of-the-art. Since

2Licensed under CC BY-SA 4.0, see Appendix A.1 for license details



2. Background

then, more powerful approaches have been proposed where the 3D representation is
used.

Point-nets, instead utilize the sparse, unordered, point-based representation of point
clouds by directly taking them as input. This method was popularised and named by
the paper PointNet [30], where the layers operate on the individual points separately
before transforming and aggregating them into a global feature vector. While this
reduces the need for special transformations, and is invariant to the order of points,
its computational complexity grows with the number of points in the point cloud
and is sensitive to input perturbations.

The final type of LiDAR-based 3D object detectors are voxel-based representations.
These methods partition space into voxels, which are the 3D generalization of pix-
els. VoxelNet [31], is one prominent voxel-based method. In VoxelNet, following
voxelization, point-nets are applied to the points within each voxel to encode the
shape information into a vector format. The spatial context is then aggregated
across voxels using 3D convolutions, creating a feature map that is later fed into a
detection head. However, 3D convolutions are computationally expensive, leading
to di erent proposed improvements. SECOND [32], utilizes sparse convolutions to
speed up the inference, and PointPillars [33], create a 2D grid of voxels with infinite
height, enabling the use of the more e cient 2D convolutions.

Most of the previous methods used anchor-based detection heads. These either
use axis-aligned anchor priors, that struggle to accurately capture the orientation
of 3D objects, or use di erent anchors for each orientation, greatly increasing the
computational burden. Therefore, anchor-free detection heads that do not rely on
priors have become increasingly prominent. CenterPoint [22], is one such method.
CenterPoint takes a feature map from any 3D backbone, such as the ones used in
VoxelNet or PointPillars, and predicts a heatmap Y [0, 1]W>*H>C where W, H
are the number of width and height pixels in the heatmap, and C is the number
of classes. A prediction of Y,,. = 1 corresponds to a detected object of class ¢ at
(x,y) and ?Xyc = 0 corresponds to background, making the peaks of the heatmap
the location of objects. An example heatmap from CenterPoint is shown in Figure
2.3. These heatmaps are learnt by projecting the annotated bounding boxes into a
heatmap Y and performing pixelwise logistic regression with focal loss [34],

-1 1= Yo log Vyye if Yoy = 1

e 09 Yo e
Xyc (1 - nyc) nyC IOg 1 - nyc OtherWISe

Here, a and 3 are hyper-parameters of the focal loss and N are the number of ground
truths. The top N peaks of the predicted heatmaps are then used as object proposals,
with a class label assigned depending on which heatmap the object corresponds to.
The precise bounding box parameters are parameterized as sub-voxel refinements,
(0%, dy); height over ground, z; size, (I, w, h); and (sin(0), cos(8)) for a wrap-around
resilient representation of the yaw angle. These parameters are later regressed for
each proposal using a feed-forward network. A confidence score for each prediction
is also obtained, with higher heatmap peaks corresponding to higher confidences.
This confidence score indicates the likelihood of an object existing and is useful
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2. Background

for ranking and thresholding detections; however, it is not a calibrated existence
probability.

TransFusion [35], extends the CenterPoint head by using a transformer-based ap-
proach. In TransFusion, the top candidates from the heatmap are used as object
queries, which are cross-attended with the feature maps to aggregate relevant con-
text, and self-attended to reason about the relation between candidates. The queries
are then independently decoded into boxes and class labels by a feed-forward net-
work.

0 1.0
20
40 0.8
60
0.6
8
100
0.4
120
140 0.2
160
0

.0
0 25 50 75 100 125 150 175 Y:-w .
Heatmap x pixel wve

Heatmap y pixel

Figure 2.3: Example of a predicted heatmap on a frame from ZOD3[1]. The peaks
in the heatmap (left) represent the predicted object locations. In this example, all
major peaks align with one of four horizontal lines, corresponding to the vehicles
in the four lanes (right). The ego-vehicle is located at (0, 85) in the heatmap, high-
lighted with a red arrow on the y-axis.

2.1.3 Camera-based 3D Object Detection

Camera-based 3D object detectors aim to localize and classify objects in 3D by only
utilizing cameras. Compared to LiDAR-based 3D object detectors, vision-based
detectors generally perform far worse on common benchmarks [21]. Despite this,
using cameras for 3D object detection in autonomous vehicles is well studied [36].
Cameras, resembling human eyes in their data capture approach, are favored for
their a ordability, compact size, and ability to provide rich visual information. This
makes them a preferred choice for 3D object detection tasks. The major problem
with using cameras, is their lack of direct depth information. For each pixel in an
image, there are an infinite amount of 3D points along its projective line that could
correspond to it, making accurate 3D localization di cult.

Many ways have been proposed for estimating depth using cameras and the methods
are divided into two categories: those based on monocular cameras and those based
on stereo cameras. Utilizing stereo cameras, with known intrinsic and extrinsic
calibrations, it is possible to estimate the depth by, for instance, matching features
between the cameras. With features matched between the cameras, we can find
the intersection of the projective lines, solving the depth ambiguity [37]. Stereo

SLicensed under CC BY-SA 4.0, see Appendix A.1 for license details.
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cameras, however, requires two, well calibrated, time synchronized, and spatially
spread cameras for each view that you want to capture. This increases the cost, leads
to higher data volumes and makes hardware integration into vehicles challenging. In
contrast, while integration with monocular cameras is simpler, the geometry cannot
be leveraged in the same way, requiring di erent methods.

Monocular depth estimation is the process of estimating depth from a single im-
age. Here, instead of using pure geometry, the context of the image has to be
utilized. One method to perform monocular depth estimation is to utilize ground
truth depth information from a LiDAR and supervise a network to predict this depth
[38]. Instead of relying on LIiDAR, [39] uses data from stereo cameras and enforces
consistency in the disparity between the left and the right images, producing accu-
rate depth estimation without a ground truth depth. By assigning a depth to each
pixel, a pseudo-LiDAR point cloud is obtained. These pseudo-LiDAR point clouds
have been used in models like [40] and [41] to accurately regress 3D bounding boxes
from 2D images.

A similar approach, popularised by Lift-Splat-Shoot (LSS) [42], is to implicitly
unproject, or lift, pixels into 3D, generating a representation at multiple di er-
ent depths for each pixel. For an image X  R3¥*MW we associate |D| points
{(u,v,d) R3ld D} to each pixel, where D is a set of discrete depths, and (u, v)
are the image coordinates. From (u, v, d), the 3D coordinates (X, Yy, z) can then be
obtained using the intrinsic and extrinsic matrices of the camera, together with a
representative camera model. This creates a dense point cloud of size D - H - W,
and for each pixel, the network predicts a distribution over the depth together with
a context vector c. The feature cq associated with a point at a given depth is then
defined as the context vector scaled by the depth probability ay. This means that
the network can choose between placing the context at a single point, if the depth is
certain, and spreading the context across the ray, if the depth is uncertain. Figure
2.4 shows an example of lifting a 2D image into 3D using a pinhole camera model.
In [43], this was applied to perform monocular 3D object detection by using a swin-
transformer [44] image backbone, lifting into 3D, pooling the point cloud to BEV
and using a CenterPoint [22] head.

2.1.4 Fusion-based 3D Object Detection

When it comes to fusing di erent sensor modalities, it is important to consider when
the fusing is done. Many early methods for sensor fusion relied on late fusion, where
separate networks were used for each modality to produce detections that were later
merged together. This is a quite interpretable representation, as the individual
outputs of the di erent sensors can be analysed. However, by fusing at the object
level, some information that the sensors could use to help each other in the detection
process is lost. For instance, if one sensor sees the front of an object and another
sees the rear, a system using object-level fusion would likely be unable to capture
the full object.

Many fusion-based object detectors instead choose to fuse the di erent modalities
earlier, by e.g., fusing features between modalities or decorating the input of one
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Figure 2.4: Example of the lifting step in Lift-Splat-Shoot 2. The features are
unprojected into 3D at some discrete depths, and for each depth the network predicts
a depth probability 4 that together with the context vector encodes the feature
in 3D. The depth probabilities allow the network to choose between assigning the
feature to a few select points, if the network is certain of the depth (green line),
or to spread it out, if the network is uncertain (orange line). Figure shows the
unprojection of a vertical line in the image, with features from one channel, using
the pinhole camera model. The opacity of points correspond to their probabilities.

modality with the other. Early multi-modal deep learning models opted for the
second approach, either projecting a point cloud into a camera, e.gip], or project-
ing a camera into a point cloud, e.g.,46]. Both of these methods provided better
results than their single-modality counterparts, however, there are some downsides.
By projecting the camera information into a point cloud, the semantic density of the
camera is lost, as a very small amount of pixels get a corresponding LIiDAR point.
And by projecting the LIDAR information into a camera, the geometric structure is
lost, as neighbors in 2D space could be far away in 3D space.

Instead, most current state-of-the-art fusion-based 3D object detectors use separate
backbones for each modality and then represent the features in a shared BEV rep-
resentation. For LIDAR, this transformation can be done by attening along the

z direction, whereas for camera, a view transformation, for instance as #Z], can

be used to lift the features into 3D before pooling into BEV. Among the rst 3D
object detectors to e ciently perform this was BEVFusion [20], which has been the
foundation for many state-of-the-art 3D object detectors since, e.g47] [48].

The original BEVFusion architecture is made to work with a wide variety of back-
bones, necks and heads. An overview of the architecture can be seen in Figure
2.5. For the baseline implementation, the authors used the voxel-based backbone
SECOND [32 to encode the LiDAR features, a swin-transformeif] to encode the
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