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ABSTRACT
Monocular 3D object detection (Mono3D) is a fundamental computer vision task that estimates
an object’s class, 3D position, dimensions, and orientation from a single image. Its applications,
including autonomous driving, augmented reality, and robotics, critically rely on accurate 3D en-
vironmental understanding. This thesis addresses the challenge of generalizing Mono3D models
to diverse scenarios, including occlusions, datasets, object sizes, and camera parameters. To en-
hance occlusion robustness, we propose a mathematically differentiable NMS (GrooMeD-NMS).
To improve generalization to new datasets, we explore depth equivariant (DEVIANT) backbones.
We address the issue of large object detection, demonstrating that it’s not solely a data imbalance
or receptive field problem but also a noise sensitivity issue. To mitigate this, we introduce a
segmentation-based approach in bird’s-eye view with dice loss (SeaBird). Finally, we mathemati-
cally analyze the extrapolation of Mono3D models to unseen camera heights and improve Mono3D

generalization in such out-of-distribution settings.
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CHAPTER 1

INTRODUCTION

Monocular 3D object detection (Mono3D) is a fundamental computer vision problem that estimates
an object’s 3D position, dimensions, and orientation in a scene from a single image and its
camera matrix. Its applications, including autonomous driving [108, 132, 181], robotics [213], and
augmented reality [2,172,183,293], critically rely on accurate 3D environmental understanding. To
address these applications’ demands, Mono3D networks must generalize across occlusions, diverse
datasets [108], object sizes [110], camera intrinsics [14], extrinsics [94, 104], rotations [177],
weather and geographical conditions [54] and be robust to adversarial examples [310].

Although Mono3D popularity stems from its high accessibility from consumer vehicles com-
pared to LiDAR/Radar-based detectors [155,215,290] and computational efficiency compared to
stereo-based detectors [34], Mono3D methods suffer from classical scale-depth ambiguity making
their generalization harder. This is why there are fewer works along the lines of generalizing
Mono3D. This thesis aims to generalize Mono3D to these varying conditions.

Most Mono3D networks benefit from end-to-end learning idea. However, they train without
including NMS in the training pipeline making the final box after NMS outside the training
paradigm. While there were attempts to include NMS in the training pipeline for tasks such as 2D
object detection, they have been less widely adopted due to a non-mathematical expression of the
NMS. We present and integrate GrooMeD-NMS- a novel Grouped Mathematically Differentiable
NMS for Mono3D, such that the network is trained end-to-end with a loss on the boxes after
NMS. We first formulate NMS as a matrix operation and then group and mask the boxes in an
unsupervised manner to obtain a simple closed-form expression of the NMS. GrooMeD-NMS
addresses the mismatch between training and inference pipelines and, therefore, forces the network
to select the best 3D box in a differentiable manner. As a result, GrooMeD-NMS achieves state-
of-the-art monocular 3D object detection results on the KITTI benchmark dataset performing
comparably to monocular video-based methods, and outperforming them on the hard occluded

examples.



Generalizing to datasets requires features which are dataset-independent. One common way
is to obtain such features is incorporating inductive bias or symmetries in the network. One such
symmetry is translating the ego camera along depth should result in deterministic transformations
of the feature maps. Modern neural networks use building blocks such as convolutions that are
equivariant to arbitrary 2D translations in the Euclidean manifold. However, these vanilla blocks
are not equivariant to arbitrary 3D translations in the projective manifold. Even then, all Mono3D
networks use vanilla blocks to obtain the 3D coordinates, a task for which the vanilla blocks are
not designed for. This paper takes the first step towards convolutions equivariant to arbitrary 3D
translations in the projective manifold. Since the depth is the hardest to estimate for monocular
detection, this paper proposes Depth Equivariant Network (DEVIANT) built with existing scale
equivariant steerable blocks. As a result, DEVIANT is equivariant to the depth translations in the
projective manifold whereas vanilla networks are not. The additional depth equivariance forces
the DEVIANT to learn consistent depth estimates, and therefore, DEVIANT works better than
vanilla networks in cross-dataset evaluation. DEVIANT also achieves state-of-the-art monocular
3D detection results on KITTI and Waymo datasets in the image-only category and performs
competitively to methods using extra information.

Mono3D networks achieve remarkable performance on cars and smaller objects. However, their
performance drops on larger objects, leading to fatal accidents. Large objects like trailers, buses and
trucks are harder to detect [268] in Mono3D, sometimes resulting in fatal accidents [23,60]. Some
attribute these failures to training data scarcity [308] or the receptive field requirements [268] of large
objects. We find that modern frontal detectors struggle to generalize to large objects even on nearly
balanced datasets. We argue that the cause of failure is the sensitivity of depth regression losses
to noise of larger objects. To bridge this gap, we comprehensively investigate regression and dice
losses, examining their robustness under varying error levels and object sizes. We mathematically
prove that the dice loss leads to superior noise-robustness and model convergence for large objects
compared to regression losses for a simplified case. Leveraging our theoretical insights, we

propose SeaBird (Segmentation in Bird’s View) as the first step towards generalizing to large



objects. SeaBird effectively integrates BEV segmentation on foreground objects for 3D detection,
with the segmentation head trained with the dice loss. SeaBird achieves SoTA results on the
KITTI-360 leaderboard and improves existing detectors on the nuScenes leaderboard, particularly
for large objects.

With all these generalizations, the networks do not generalize well to changing extrinsics or
viewpoints in testing. Finally, we aim to extend Mono3D’s capabilities to varying camera extrinsics,

such as camera heights.

1.1 Thesis Contributions
The thesis focuses on generalizing Mono3D across occlusions, datasets, object sizes, and camera

extrinsics. The scale-depth ambiguity in Mono3D task requires elegant handling of the depth error.

e This thesis introduces the mathematically differentiable Non-Maximal Suppression, which
attempts Mono3D generalization to occluded and hard objects. Most detectors use a post-
processing algorithm called Non-Maximal Suppression (NMS) only during inference. While
there were attempts to include NMS in the training pipeline for tasks such as 2D object detection,
they have been less widely adopted due to a non-mathematical expression of the NMS. In this
chapter, we present and integrate GrooMeD-NMS — a novel Grouped Mathematically Differen-
tiable NMS for monocular 3D object detection, such that the network is trained end-to-end with
a loss on the boxes after NMS. We first formulate NMS as a matrix operation and then group
and mask the boxes in an unsupervised manner to obtain a simple closed-form expression of the
NMS. GrooMeD-NMS addresses the mismatch between training and inference pipelines and,
therefore, forces the network to select the best 3D box in a differentiable manner. As a result,
GrooMeD-NMS achieves state-of-the-art monocular 3D object detection results on the KITTI
dataset.

e We next propose the depth equivariant backbone in the projective manifold which attempts
generalization to unseen datasets. Modern neural networks use building blocks such as convo-
lutions that are equivariant to arbitrary 2D translations in the Euclidean manifold. However,

these vanilla blocks are not equivariant to arbitrary 3D translations in the projective manifold.



Even then, all monocular 3D detectors use vanilla blocks to obtain the 3D coordinates, a task for
which the vanilla blocks are not designed for. This chapter takes the first step towards convolu-
tions equivariant to arbitrary 3D translations in the projective manifold. Since the depth is the
hardest to estimate for monocular detection, this chapter proposes Depth Equivariant Network
(DEVIANT) built with existing scale equivariant steerable blocks. As a result, DEVIANT is
equivariant to the depth translations in the projective manifold whereas vanilla networks are not.
The additional depth equivariance forces the DEVIANT to learn consistent depth estimates,
and therefore, DEVIANT achieves state-of-the-art monocular 3D detection results on KITTI
and Waymo datasets in the image-only category and performs competitively to methods using
extra information. Moreover, DEVIANT works better than vanilla networks in cross-dataset
evaluation.

We then investigate large object detection, demonstrating that it is not solely a data imbalance
or receptive field issue but also a noise sensitivity problem. To generalize Mono3D to large
objects, it introduces a segmentation-based approach in bird’s eye view with dice loss (SeaBird).
Monocular 3D detectors achieve remarkable performance on cars and smaller objects. However,
their performance drops on larger objects, leading to fatal accidents. Some attribute the failures
to training data scarcity or their receptive field requirements of large objects. In this chapter,
we highlight this understudied problem of generalization to large objects. We find that modern
frontal detectors struggle to generalize to large objects even on nearly balanced datasets. We
argue that the cause of failure is the sensitivity of depth regression losses to noise of larger objects.
To bridge this gap, we comprehensively investigate regression and dice losses, examining their
robustness under varying error levels and object sizes. We mathematically prove that the
dice loss leads to superior noise-robustness and model convergence for large objects compared
to regression losses for a simplified case. Leveraging our theoretical insights, we propose
SeaBird (Segmentation in Bird’s View) as the first step towards generalizing to large objects.
SeaBird effectively integrates BEV segmentation on foreground objects for 3D detection, with

the segmentation head trained with the dice loss. SeaBird achieves SoTA results on the KITTI-



360 leaderboard and improves existing detectors on the nuScenes leaderboard, particularly for
large objects.

e Monocular 3D object detectors, while effective on data from one ego camera height, struggle
with unseen or out-of-distribution camera heights. Existing methods often rely on Plucker
embeddings, image transformations or data augmentation. This chapter takes a step towards
this understudied problem by investigating the impact of camera height variations on state-of-
the-art (SOTA) Mono3D models. With a systematic analysis on the extended CARLA dataset
with multiple camera heights, we observe that depth estimation is a primary factor influencing
performance under height variations. We mathematically prove and also empirically observe
consistent negative and positive trends in mean depth error of regressed and ground-based depth
models, respectively, under camera height changes. To mitigate this, we propose Camera Height
Robust Monocular 3D Detector (CHARM3R), which averages both depth estimates within the
model. CHARMZ3R significantly improves generalization to unseen camera heights, achieving

SoTA performance on the CARLA dataset.

1.2 Thesis Organization

We organize the remaining chapters of the dissertation as follows. Chapter 2 introduces
the mathematically differentiable Non-Maximal Suppression, which attempts generalization to
occluded and hard objects. Chapter 3 describes the depth equivariant backbone which attempts
generalization to unseen datasets. Chapter 4 investigates large object detection, demonstrating that
it is not solely a data imbalance or receptive field issue but also a noise sensitivity problem. To
improve large object detection, it introduces a segmentation-based approach in bird’s eye view with
dice loss (SeaBird). Chapter 5 attempts solving the generalization of Mono3D trained on single
camera height to multiple camera heights. Chapter 6 introduces the future research for monocular

3D detection.



CHAPTER 2

GROOMED-NMS: GROUPED MATHEMATICALLY DIFFERENTIABLE NMS FOR
MONOCULAR 3D OBJECT DETECTION

Modern 3D object detectors have immensely benefited from the end-to-end learning idea. However,
most of them use a post-processing algorithm called Non-Maximal Suppression (NMS) only during
inference. While there were attempts to include NMS in the training pipeline for tasks such as 2D
object detection, they have been less widely adopted due to a non-mathematical expression of the
NMS. In this chapter, we present and integrate GrooMeD-NMS— a novel Grouped Mathematically
Differentiable NMS for monocular 3D object detection, such that the network is trained end-to-end
with aloss on the boxes after NMS. We first formulate NMS as a matrix operation and then group and
mask the boxes in an unsupervised manner to obtain a simple closed-form expression of the NMS.
GrooMeD-NMS addresses the mismatch between training and inference pipelines and, therefore,
forces the network to select the best 3D box in a differentiable manner. As a result, GrooMeD-NMS
achieves state-of-the-art monocular 3D object detection results on the KITTI benchmark dataset

performing comparably to monocular video-based methods.

2.1 Introduction

3D object detection is one of the fundamental problems in computer vision, where the task
is to infer 3D information of the object. Its applications include augmented reality [2,201],
robotics [120,213], medical surgery [203], and, more recently path planning and scene understand-
ing in autonomous driving [33,90,123,220]. Most of the 3D object detectors [33,90,121,123,220]
are extensions of the 2D object detector Faster R-CNN [202], which relies on the end-to-end learn-
ing idea to achieve State-of-the-Art (SoTA) object detection. Some of these methods have proposed
changing architectures [123,216,220] or losses [15,35]. Others have tried incorporating confi-
dence [17,216,220] or temporal cues [17].

Almost all of them output a massive number of boxes for each object and, thus, rely on post-
processing with a greedy [192] clustering algorithm called Non-Maximal Suppression (NMS)

during inference to reduce the number of false positives and increase performance. However,
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Figure 2.1 Overview of GrooMeD-NMS. (a) Conventional object detection has a mismatch between training
and inference as it uses NMS only in inference. (b) To address this, we propose a novel GrooMeD-NMS layer,
such that the network is trained end-to-end with NMS applied. s and r denote the score of boxes B before
and after the NMS respectively. O denotes the matrix containing IoU,p overlaps of 8. L. rore denotes the
losses before the NMS, while L, ;. denotes the loss after the NMS. (c) GrooMeD-NMS layer calculates r
in a differentiable manner giving gradients from £, ., when the best-localized box corresponding to an
object is not selected after NMS.

these works have largely overlooked NMS’s inclusion in training leading to an apparent mismatch
between training and inference pipelines as the losses are applied on all boxes before NMS but
not on final boxes after NMS (see Fig. 2.1a). We also find that 3D object detection suffers a
greater mismatch between classification and 3D localization compared to that of 2D localization,
as discussed further in Sec. B.3.2 of the supplementary and observed in [17,90,216]. Hence, our
focus is 3D object detection.

Earlier attempts to include NMS in the training pipeline [80, 81, 192] have been made for
2D object detection where the improvements are less visible. Recent efforts to improve the
correlation in 3D object detection involve calculating [220,222] or predicting [17,216] the scores
via likelihood estimation [111] or enforcing the correlation explicitly [90]. Although this improves

the 3D detection performance, improvements are limited as their training pipeline is not end to end



in the absence of a differentiable NMS.

To address the mismatch between training and inference pipelines as well as the mismatch
between classification and 3D localization, we propose including the NMS in the training pipeline,
which gives a useful gradient to the network so that it figures out which boxes are the best-localized
in 3D and, therefore, should be ranked higher (see Fig. 2.1b).

An ideal NMS for inclusion in the training pipeline should be not only differentiable but
also parallelizable. Unfortunately, the inference-based classical NMS and Soft-NMS [12] are
greedy, set-based and, therefore, not parallelizable [192]. To make the NMS parallelizable, we
first formulate the classical NMS as matrix operation and then obtain a closed-form mathematical
expression using elementary matrix operations such as matrix multiplication, matrix inversion, and
clipping. We then replace the threshold pruning in the classical NMS with its softer version [12]
to get useful gradients. These two changes make the NMS GPU-friendly, and the gradients are
backpropagated. We next group and mask the boxes in an unsupervised manner, which removes
the matrix inversion and simplifies our proposed differentiable NMS expression further. We call
this NMS as Grouped Mathematically Differentiable NMS (GrooMeD-NMS).

In summary, the main contributions of this work include:

e This is the first work to propose and integrate a closed-form mathematically differentiable NMS
for object detection, such that the network is trained end-to-end with a loss on the boxes after
NMS.

e We propose an unsupervised grouping and masking on the boxes to remove the matrix inversion
in the closed-form NMS expression.

e We achieve SoTA monocular 3D object detection performance on the KITTI dataset performing
comparably to monocular video-based methods.

2.2 Related Works

3D Object Detection. Recent success in 2D object detection [69, 70, 139,200, 202] has inspired

people to infer 3D information from a single 2D (monocular) image. However, the monocular

problem is ill-posed due to the inherent scale/depth ambiguity [232]. Hence, approaches use



additional sensors such as LiDAR [90, 215, 269], stereo [122,254] or radar [178,242]. Although
LiDAR depth estimations are accurate, LiDAR data is sparse [85] and computationally expensive
to process [232]. Moreover, LiDAR s are expensive and do not work well in severe weather [232].

Hence, there have been several works on monocular 3D object detection. Earlier approaches [31,

61,186,187] use hand-crafted features, while the recent ones are all based on deep learning. Some of
these methods have proposed changing architectures [123,143,232] or losses [15,35]. Others have
tried incorporating confidence [17,143,216,220], augmentation [223], depth in convolution [15,52]
or temporal cues [17]. Our work proposes to incorporate NMS in the training pipeline of monocular
3D object detection.
Non-Maximal Suppression. NMS has been used to reduce false positives in edge detection [206],
feature point detection [75, 157, 174], face detection [243], human detection [16, 18,47] as well
as SoTA 2D [69, 139, 200, 202] and 3D detection [5, 17, 33, 216, 220, 232]. Modifications to
NMS in 2D detection [12, 49, 80, 81, 192], 2D pedestrian detection [116, 145, 209], 2D salient
object detection [298] and 3D detection [216] can be classified into three categories — inference
NMS [12,216], optimization-based NMS [3,49, 116, 209, 244, 298] and neural network based
NMS [78, 80,81, 145,192].

The inference NMS [12] changes the way the boxes are pruned in the final set of predic-
tions. [216] uses weighted averaging to update the z-coordinate after NMS. [209] solves quadratic
unconstrained binary optimization while [3,116,224] and [298] use point processes and MAP based
inference respectively. [49] and [244] formulate NMS as a structured prediction task for isolated and
all object instances respectively. The neural network NMS use a multi-layer network and message-
passing to approximate NMS [80, 81, 192] or to predict the NMS threshold adaptively [145]. [78]
approximates the sub-gradients of the network without modelling NMS via a transitive relationship.
Our work proposes a grouped closed-form mathematical approximation of the classical NMS and

does not require multiple layers or message-passing. We detail these differences in Sec. 2.4.2.



2.3 Background

2.3.1 Notations

Let 8 ={b;}"_, denote the set of boxes or proposals b; from an image. Lets={s;}! , and
r= {r,-}l’.’:1 denote their scores (before NMS) and rescores (updated scores after NMS) respectively
such that r;,5; > 0 Vi. O denotes the subset of 8 after the NMS. Let O = [o0;;] denote the
n X n matrix with o;; denoting the 2D Intersection over Union (IoUp) of b; and b;. The pruning
function p decides how to rescore a set of boxes B based on IoU;p overlaps of its neighbors,
sometimes suppressing boxes entirely. In other words, p(0;) = 1 denotes the box b; is suppressed
while p(0;) = 0 denotes b; is kept in . The NMS threshold N, is the threshold for which two
boxes need in order for the non-maximum to be suppressed. The temperature T controls the shape
of the exponential and sigmoidal pruning functions p. v thresholds the rescores in GrooMeD and
Soft-NMS [13] to decide if the box remains valid after NMS.

B is partitioned into different groups G = {Gr}. Bg, denotes the subset of B belonging to
group k. Thus, Bg, ={b;} V b; € Gk and Bg, N Bg,=¢ V k # [. Gy in the subscript of a variable
denotes its subset corresponding to Bg,. Thus, sg, and rg, denote the scores and the rescores of
Bg, respectively. « denotes the maximum group size.

V denotes the logical OR while | x] denotes clipping of x in the range [0, 1]. Formally,

1, x>1
[x1=4x, 0<x<1 (2.1)
0, x<0

|s| denotes the number of elements in s. . in the subscript denotes the lower triangular version of
the matrix without the principal diagonal. ©® denotes the element-wise multiplication. I denotes the
identity matrix.
2.3.2 Classical and Soft-NMS

NMS is one of the building blocks in object detection whose high-level goal is to iteratively
suppress boxes which have too much IoU with a nearby high-scoring box. We first give an overview

of the classical and Soft-NMS [12], which are greedy and used in inference. Classical NMS uses
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Algorithm 1: Classical/Soft-NMS [12]
Input: s: scores, O: IoUpp matrix, N;: NMS threshold, p: pruning function,

7: temperature
Output: d: box index after NMS, r: scores after NMS

1 begin

2 d— {}

3 t—{1,---,|s|} > All box indices
4 r<«sSs

5 while t # empty do

6 v «— argmax r[t] > Top scored box
7 d—duy > Add to valid box index
8 t—t—v > Remove from t
9 fori — 1:|t| do

10 ‘ ri «— (1= p(O[v,i]))r; > Rescore
11 end

12 end

13 end

the idea that the score of a box having a high IoU,p overlap with any of the selected boxes should be
suppressed to zero. That is, it uses a hard pruning p without any temperature 7. Soft-NMS makes
this pruning soft via temperature 7. Thus, classical and Soft-NMS only differ in the choice of p.

We reproduce them in Alg. 1 using our notations.

24 GrooMeD-NMS
Classical NMS (Alg. 1) uses argmax and greedily calculates the rescore r; of boxes B and,
is thus not parallelizable or differentiable [192]. We wish to find its smooth approximation in

closed-form for including in the training pipeline.
2.4.1 Formulation

24.1.1 Sorting

Classical NMS uses the non-differentiable hard argmax operation (Line 6 of Alg. 1). We
remove the argmax by hard sorting the scores s and O in decreasing order (lines 2-3 of Alg. 2).
We also try making the sorting soft. Note that we require the permutation of s to sort O. Most
soft sorting methods [8, 10, 185, 190] apply the soft permutation to the same vector. Only two

other methods [46, 191] can apply the soft permutation to another vector. Both methods use O (n2)
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Algorithm 2: GrooMeD-NMS
Input: s: scores, O: loU,p matrix, N;: NMS threshold, p: pruning function, v: valid box

threshold, &: maximum group size
Output: d: box index after NMS, r: scores after NMS

1 begin

2 s, index « sort(s, descending= True) > Sort s
3 O < OJindex][:, index] > Sort O
4 0. « lower(0) > Lower Aular matrix
5 P~ p(O.) > Prune matrix
6 I < Identity(|s]|) > Identity matrix
7 G < group(O, N, @) > Group boxes B
8 for k — 1:|G| do

9 Mgk «— Zeros (|gk| , |gk|) > Prepare mask
10 Mg, [:, Gk[1]] « 1 > First col of Mg,
11 rg, < I_(ng -Mg, © ng) Sgk] > Rescore
12 end

13 d <« index[r >=v] > Valid box index
14 end

computations for soft sorting [10]. We implement [191] and find that [191] is overly dependent on
temperature 7 to break out the ranks, and its gradients are too unreliable to train our model. Hence,

we stick with the hard sorting of s and O.

2.4.1.2 NMS as a Matrix Operation

The rescoring process of the classical NMS is greedy set-based [192] and only considers
overlaps with unsuppressed boxes. We first generalize this rescoring by accounting for the effect of
all (suppressed and unsuppressed) boxes as

i—1
ri  max| s; — p(oij)rj, 0 (2.2)
Jj=1

using the relaxation of logical OR \/ operator as }; [106, 124]. See Sec. B.1 of the supplementary
material for an alternate explanation of Eq. (2.2). The presence of r; on the RHS of Eq. (2.2)
prevents suppressed boxes from influencing other boxes hugely. When p outputs discretely as

{0, 1} as in classical NMS, scores s; are guaranteed to be suppressed to r; = 0 or left unchanged

12



r; = s; thereby implying r; < s; V i. We write the rescores r in a matrix formulation as

r S 0 0 ... 0] |r 0
r 52 p(o21) 0 ... 0l |O
r3|cmax| (s3| = |p(o31) p(oz) ... Of|r3|-|0]] (2.3)
7| sn]  [p(om1) p(ow2) ... O] |ra| |0

The above equation is written compactly as
r ~ max(s — Pr, 0), 2.4)

where P, called the Prune Matrix, is obtained when the pruning function p operates element-wise
on O_. Maximum operation makes Eq. (2.4) non-linear [112] and, thus, difficult to solve. However,

to avoid recursion, we use
r~|(I+P)'s], (2.5)

as the solution to Eq. (2.4) with I being the identity matrix. Intuitively, if the matrix inversion is
considered division in Eq. (2.5) and the boxes have overlaps, the rescores are the scores divided by
a number greater than one and are, therefore, lesser than scores. If the boxes do not overlap, the
division is by one and rescores equal scores.

Note that the I+ P in Eq. (2.5) is a lower triangular matrix with ones on the principal diagonal.

Hence, I + P is always full rank and, therefore, always invertible.

2.4.1.3 Grouping

We next observe that the object detectors output multiple boxes for an object, and a good
detector outputs boxes wherever it finds objects in the monocular image. Thus, we cluster the boxes
in an image in an unsupervised manner based on IoU,p overlaps to obtain the groups G. Grouping
thus mimics the grouping of the classical NMS, but does not rescore the boxes. As clustering limits

interactions to intra-group interactions among the boxes, we write Eq. (2.5) as

r, ~ | (lg, +Pg.) " s . 2.6)
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Algorithm 3: Grouping of boxes
Input: O: sorted loU;p matrix, N;: NMS threshold, a: maximum group size
Output: G: Groups

1 begin

2 | G<{}

3 t — {1,---,0.shape[1]} > All box indices
4 while t # empty do

5 u—O0[;,1]> N, > High overlap indices
6 v « t[u] > New group
7 ng, < min(|v], @)

8 G.insert(v[: ngk]) > Insert new group
9 w—O[;,1]< N, > Low overlap indices
10 t — t[w] > Keep w indices in t
11 O — O[w][:, W] > Keep w indices in O
12 end

13 end

This results in taking smaller matrix inverses in Eq. (2.6) than Eq. (2.5).

We use a simplistic grouping algorithm, i.e., we form a group G with boxes having high
IoU,p overlap with the top-ranked box, given that we sorted the scores. As the group size is limited
by @, we choose a minimum of @ and the number of boxes in G;. We next delete all the boxes of
this group and iterate until we run out of boxes. Also, grouping uses IoU,p since we can achieve

meaningful clustering in 2D. We detail this unsupervised grouping in Alg. 3.

24.14 Masking

Classical NMS considers the IoU,p of the top-scored box with other boxes. This consideration
is equivalent to only keeping the column of O corresponding to the top box while assigning the
rest of the columns to be zero. We implement this through masking of Pg,. Let Mg, denote the
binary mask corresponding to group Gx. Then, entries in the binary matrix Mg, in the column
corresponding to the top-scored box are 1 and the rest are 0. Hence, only one of the columns in
Mg, © Pg, is non-zero. Now, Ig, + Mg, © Pg, is a Frobenius matrix (Gaussian transformation)
and we, therefore, invert this matrix by simply subtracting the second term [71]. In other words,

(Ig, + Mg, 0 Pg,)~! =1g, — Mg, © Pg,. Hence, we simplify Eq. (2.6) further to get

g, = I_(ng - Mgk ) PQk) Sgk-| . (2.7)
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Thus, masking allows to bypass the computationally expensive matrix inverse operation altogether.

We call the NMS based on Eq. (2.7) as Grouped Mathematically Differentiable Non-Maximal
Suppression or GrooMeD-NMS. We summarize the complete GrooMeD-NMS in Alg. 2 and show
its block-diagram in Fig. 2.1c. GrooMeD-NMS in Fig. 2.1c provides two gradients - one through s
and other through O.

24.1.5 Pruning Function

As explained in Sec. 2.3.1, the pruning function p decides whether to keep the box in the final
set of predictions D or not based on IoU;p overlaps, i.e., p(0;) = 1 denotes the box b; is suppressed
while p(0;) = 0 denotes b; is kept in D.

Classical NMS uses the threshold as the pruning function, which does not give useful gradients.
Therefore, we considered three different functions for p: Linear, a temperature (7)-controlled
Exponential, and Sigmoidal function.

* Linear Linear pruning function [12] is p(0) = o.

» Exponential Exponential pruning function [12] is p(0) = 1 — exp (—”T—z)

* Sigmoidal Sigmoidal pruning function is p(0) = o ("_TN’) with o denoting the standard
sigmoid. Sigmoidal function appears as the binary cross entropy relaxation of the subset
selection problem [185].

We show these pruning functions in Fig. 2.2. The ablation studies (Sec. 2.5.4) show that

choosing p as Linear yields the simplest and the best GrooMeD-NMS.

2.4.2 Differences from Existing NMS

Although no differentiable NMS has been proposed for the monocular 3D object detection,
we compare our GrooMeD-NMS with the NMS proposed for 2D object detection, 2D pedestrian
detection, 2D salient object detection, and 3D object detection in Tab. 2.1. No method described in
Tab. 2.1 has a matrix-based closed-form mathematical expression of the NMS. Classical, Soft [12]
and Distance-NMS [216] are used at the inference time, while GrooMeD-NMS is used during both
training and inference. Distance-NMS [216] updates the z-coordinate of the box after NMS as the

weighted average of the z-coordinates of top-« boxes. QUBO-NMS [209], Point-NMS [116,224],
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Figure 2.2 Pruning functions p of the classical and GrooMeD-NMS. We use the Linear and Exponential
pruning of the Soft-NMS [12] while training with the GrooMeD-NMS.

and MAP-NMS [298] are not used in end-to-end training. [3] proposes a trainable Point-NMS. The
Structured-SVM based NMS [49, 244] rely on structured SVM to obtain the rescores. Adaptive-
NMS [145] uses a separate neural network to predict the classical NMS threshold N;. The trainable
neural network based NMS (NN-NMS) [80, 81, 192] use a separate neural network containing
multiple layers and/or message-passing to approximate the NMS and do not use the pruning
function. Unlike these methods, GrooMeD-NMS uses a single layer and does not require multiple
layers or message passing. Our NMS is parallel up to group (denoted by G). However, |G| is, in

general, << |8] in the NMS.

2.4.3 Target Assignment and Loss Function
Target Assignment. Our method consists of M3D-RPN [15] and uses binning and self-balancing
confidence [17]. The boxes’ self-balancing confidence are used as scores s, which pass through the
GrooMeD-NMS layer to obtain the rescores r. The rescores signal the network if the best box has
not been selected for a particular object.

We extend the notion of the best 2D box [192] to 3D. The best box has the highest product of

IoUsp and gloUsp [204] with ground truth g;. If the product is greater than a certain threshold S,
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Table 2.1 Comparison of different NMS. [Key: Train= End-to-end Trainable, Prune= Pruning function,
#Layers= Number of layers, Par= Parallelizable]

NMS Train  Rescore  Prune#Layers Par
Classical X X Hard - 0((G))
Soft-NMS [12] X X Soft - 0(gl)
Distance-NMS [216] X X Hard - 0(g)
QUBO-NMS [209] X Optimization X - -

Point-NMS [116,224] X  Point Process X - -

Trainable Point-NMS [3] v Point Process X - -

MAP-NMS [298] X MAP X - -

Structured-NMS [49,244] X SSVM X - -

Adaptive-NMS [145] X X Hard >1 O (|G])

NN-NMS [80,81,192] V" Neural Network X >1 O (1)
v

GrooMeD-NMS (Ours) Matrix Soft 1 O(G))

it is assigned a positive label. Mathematically,

if 3 g; sti = argmax g(b;, g)
I,
target(b;) = and q(b;, 81) = B (28)

0, otherwise

with g(b;, g1) = IoUxp (b}, g1) (%D(bj’gl)). gloUsp is known to provide signal even for non-
intersecting boxes [204], where the usual IoUsp is always zero. Therefore, we use gloU3p instead
of regular IoUsp for figuring out the best box in 3D as many 3D boxes have a zero IoUsp overlap
with the ground truth. For calculating gloUsp, we first calculate the volume V and hull volume
Vi of the 3D boxes. Vj,y; is the product of gloU,p in Birds Eye View (BEV), removing the

rotations and hull of the Y dimension. gloUsp is then given by

V(binb) | V(biUby)
V(biUbj)  Vwu(bi, b))

gloUsp(b;, b;) = (2.9)

Loss Function. Generally the number of best boxes is less than the number of ground truths in an
image, as there could be some ground truth boxes for which no box is predicted. The tiny number
of best boxes introduces a far-heavier skew than the foreground-background classification. Thus,
we use the modified AP-Loss [30] as our loss after NMS since AP-Loss does not suffer from class

imbalance [30].
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Vanilla AP-Loss treats boxes of all images in a mini-batch equally, and the gradients are back-
propagated through all the boxes. We remove this condition and rank boxes in an image-wise
manner. In other words, if the best boxes are correctly ranked in one image and are not in the
second, then the gradients only affect the boxes of the second image. We call this modification of

AP-Loss as Imagewise AP-Loss. In other words,
N
1
leagewise =% Z AP(I'(m), target(B(m))), (210)
N m=1

where r™ and 8™ denote the rescores and the boxes of the m™ image in a mini-batch respectively.
This is different from previous NMS approaches [78, 80, 81, 192], which use classification losses.
Our ablation studies (Sec. 2.5.4) show that the Imagewise AP-Loss is better suited to be used after
NMS than the classification loss.

Our overall loss function is thus given by £ = Lyerore + ALy frer Where Lperore denotes the
losses before the NMS including classification, 2D and 3D regression as well as confidence losses,
and L, rer denotes the loss term after the NMS, which is the Imagewise AP-Loss with A being the

weight. See Sec. B.2 of the supplementary material for more details of the loss function.

2.5 Experiments

Our experiments use the most widely used KITTI autonomous driving dataset [67]. We modify
the publicly-available PyTorch [184] code of Kinematic-3D [17]. [17] uses DenseNet-121 [86]
trained on ImageNet as the backbone and nj, = 1,024 using 3D-RPN settings of [15]. As [17] is
a video-based method while GrooMeD-NMS is an image-based method, we use the best image
model of [17] henceforth called Kinematic (Image) as our baseline for a fair comparison. Kinematic
(Image) is built on M3D-RPN [15] and uses binning and self-balancing confidence.
Data Splits. There are three commonly used data splits of the KITTI dataset; we evaluate our
method on all three.

KITTI Test (Full) split: Official KITTI 3D benchmark [1] consists of 7,481 training and 7,518
testing images [67].

KITTI Val 1 split: 1t partitions the 7,481 training images into 3,712 training and 3,769 validation
images [17,32,220].
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Table 2.2 KITTI Test cars AP 3p|g,, and AP ggy|r,, comparisons (IoUzp > 0.7). Previous results are
quoted from the official leader-board or from papers.[Key: Best, Second Best].

Method

AP 3pjr,, ()
Easy Mod Hard

AP Bev|R, ()
Easy Mod Hard

FQNet [143] 277 1.51 1.01]5.40 3.23 2.46
ROI-10D [169] 432 2.02 1.46(9.78 491 3.74
GS3D [121] 4.47 290 247(8.41 6.08 4.94
MonoGRNet [195] 9.61 5.74 4.25(18.19 11.17 8.73
MonoPSR [107] 10.76 7.25 5.85(18.33 12.58 9.91
MonoDIS [222] 10.37 7.94 6.40(17.23 13.19 11.12
UR3D [216] 15.58 8.61 6.00(21.85 12.51 9.20
M3D-RPN [15] 14.76 9.71 7.42121.02 13.67 10.23
SMOKE [153] 14.03 9.76 7.84120.83 14.49 12.75
MonoPair [35] 13.04 9.99 8.65(19.28 14.83 12.89

RTM3D [123]

AM3D [165]
MoVi-3D [223]
RAR-Net [144]
M3D-SSD [160]
DA-3Ddet [287]
D4LCN [52]
Kinematic (Video) [17]

14.41 10.34 8.77
16.50 10.74 9.52
15.19 10.90 9.26
16.37 11.01 9.52
17.51 11.46 8.98
16.77 11.50 8.93
16.65 11.72 9.51
19.07 12.72 9.17

19.17 14.20 11.99
25.03 17.32 14.91
22.76 17.03 10.86
22.45 15.02 12.93
24.15 15.93 12.11
22.51 16.02 12.55
26.69 17.52 13.10

GrooMeD-NMS (Ours)

18.10 12.32 9.65

26.19 18.27 14.05

KITTI Val 2 split: 1t partitions the 7,481 training images into 3,682 training and 3,799 validation
images [271].
Training. Training is done in two phases - warmup and full [17]. We initialize the model with the
confidence prediction branch from warmup weights and finetune using the self-balancing loss [17]
and Imagewise AP-Loss [30] after our GrooMeD-NMS. See Sec. B.3.1 of the supplementary
material for more training details. We keep the weight A at 0.05. Unless otherwise stated, we use
p as the Linear function (this does not require 7) with @ = 100. N, v and g are set to 0.4 [15,17],
0.3 and 0.3 respectively.
Inference. We multiply the class and predicted confidence to get the box’s overall score in inference
asin [99,216,241]. See Sec. 2.5.2 for training and inference times.
Evaluation Metrics. KITTI uses AP 3p)g,, metric to evaluate object detection following [220,222].

KITTI benchmark evaluates on three object categories: Easy, Moderate and Hard. It assigns each
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Table 2.3 KITTI Val 1 cars AP 3p|g,, and AP ggy|r,, results. [Key: Best, Second Best].

IoUsp > 0.7 IoUsp > 0.5
Method AP 3p|r,, 4) AP BEv|R,y M) AP 3pir,, 4) AP ggv|r,, (M)
Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
MonoDR [7] 12.50 7.34 4.98 {19.49 11.51 8.72 - - - - - -
MonoGRNet [195] in [35]|11.90 7.56 5.76 [19.72 12.81 10.15]|47.59 32.28 25.50|52.13 35.99 28.72
MonoDIS [222]in [220] [11.06 7.60 6.37 [18.45 12.58 10.66| - - - - - -
M3D-RPN [15]in [17] 14.53 11.07 8.65 |20.85 15.62 11.88|48.56 35.94 28.59(53.35 39.60 31.77
MoVi-3D [223] 14.28 11.13 9.68 |22.36 17.87 15.73| - - - - - -
MonoPair [35] 16.28 12.30 10.42|24.12 18.17 15.76|55.38 42.39 37.99(61.06 47.63 41.92
Kinematic (Image) [17] 18.28 13.55 10.13(25.72 18.82 14.48|54.70 39.33 31.25|60.87 44.36 34.48
Kinematic (Video) [17] 19.76 14.10 10.47(27.83 19.72 15.10|55.44 39.47 31.26|61.79 44.68 34.56
GrooMeD-NMS (Ours) 19.67 14.32 11.27|27.38 19.75 15.92(55.62 41.07 32.89(61.83 44.98 36.29
1.00 10Y
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0.75 10
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Q a 10~
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Figure 2.3 AP3;p Comparison at different depths and IoUsp matching thresholds on KITTI Val 1 Split.

object to a category based on its occlusion, truncation, and height in the image space. The AP
3D|R,, Performance on the Moderate category compares different models in the benchmark [67].

We focus primarily on the Car class following [17].

2.5.1 KITTI Test Mono3D

Tab. 2.2 summarizes the results of 3D object detection and BEV evaluation on KITTI Test Split.
The results in Tab. 2.2 show that GrooMeD-NMS outperforms the baseline M3D-RPN [15] by a
significant margin and several other SOTA methods on both the tasks. GrooMeD-NMS also outper-
forms augmentation based approach MoVi-3D [223] and depth-convolution based D4LCN [52].
Despite being an image-based method, GrooMeD-NMS performs competitively to the video-based

method Kinematic (Video) [17], outperforming it on the most-challenging Hard set.
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Table 2.4 Comparisons with other NMS on KITTI Val 1 cars (IoUsp > 0.7). [Key: C= Classical, S=
Soft-NMS [12], D= Distance-NMS [216], G= GrooMeD-NMS ]

Infer | AP 3pjr,, (4) AP Bgv|r,, (%)
Method NMS| Easy Mod Hard | Easy Mod Hard

18.28 13.55 10.13|25.72 18.82 14.48
18.29 13.55 10.13]25.71 18.81 14.48
18.25 13.53 10.11|25.71 18.82 14.48
18.26 13.51 10.10(25.67 18.77 14.44
19.67 14.31 11.27|27.38 19.75 15.93
19.67 14.31 11.27|27.38 19.75 15.93
19.67 14.31 11.27|27.38 19.75 15.93
19.67 14.32 11.27|27.38 19.75 15.92

Kinematic (Image)
Kinematic (Image)
Kinematic (Image)
Kinematic (Image)
GrooMeD-NMS
GrooMeD-NMS
GrooMeD-NMS
GrooMeD-NMS

olvi/ NelloNvR’Ne

2.5.2 KITTI Vval 1 Mono3D

Results. Tab. 2.3 summarizes the results of 3D object detection and BEV evaluation on KITTI Val
1 Split at two IoU3p thresholds of 0.7 and 0.5 [17,35]. Tab. 2.3 results show that GrooMeD-NMS
outperforms the baseline of M3D-RPN [15] and Kinematic (Image) [17] by a significant margin.
Interestingly, GrooMeD-NMS (an image-based method) also outperforms the video-based method
Kinematic (Video) [17] on most of the metrics. Thus, GrooMeD-NMS performs best on 6 out
of the 12 cases (3 categories X 2 tasks X 2 thresholds) while second-best on all other cases. The
performance is especially impressive since the biggest improvements are shown on the Moderate
and Hard set, where objects are more distant and occluded.

AP;p at different depths and IoUsp thresholds. We next compare the AP3p performance of
GrooMeD-NMS and Kinematic (Image) on linear and log scale for objects at different depths of
[15, 30,45, 60] meters and IoUsp matching criteria of 0.3 0.7 in Fig. 2.3 asin [17]. Fig. 2.3 shows
that GrooMeD-NMS outperforms the Kinematic (Image) [17] at all depths and all loUsp thresholds.
Comparisons with other NMS. We compare with the classical NMS, Soft-NMS [12] and Distance-
NMS [216] in Tab. 2.4. More detailed results are in Tab. B.2 of the supplementary material. The
results show that NMS inclusion in the training pipeline benefits the performance, unlike [12],
which suggests otherwise. Training with GrooMeD-NMS helps because the network gets an
additional signal through the GrooMeD-NMS layer whenever the best-localized box corresponding

to an object is not selected. Interestingly, Tab. 2.4 also suggests that replacing GrooMeD-NMS
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Figure 2.4 Score-IoUsp plot after the NMS. GrooMeD-NMS achieves the best correlation.

Table 2.5 KITTI Val 2 cars AP 3p|,, and AP ggy|r,, comparisons. [Key: Best, *= Released, = Retrained].

Method

IoUsp > 0.7

IoUsp > 0.5

AP 3p|r,, (4
Easy Mod Hard

AP ggv|r,, (M)
Easy Mod Hard

AP 3p|r,, (M)
Easy Mod Hard

AP ggy|r,, (»)
Easy Mod Hard

M3D-RPN [15]*

Kinematic (Image) [17]F

14.57 10.07 7.51
13.54 10.21 7.24

21.36 15.22 11.28
20.60 15.14 11.30

49.14 34.43 26.39
51.53 36.55 28.26

53.44 37.79 29.36
56.20 40.02 31.25

GrooMeD-NMS (Ours)

14.72 10.87 7.67

22.03 16.05 11.93

51.91 36.78 28.40

56.29 40.31 31.39

with the classical NMS in inference does not affect the performance.

Score-IoU;p Plot. We further correlate the scores with IoUsp after NMS of our model with two
baselines - M3D-RPN [15] and Kinematic (Image) [17] and also the Kinematic (Video) [17] in
Fig.2.4. We obtain the best correlation of 0.345 exceeding the correlations of M3D-RPN, Kinematic
(Image) and, also Kinematic (Video). This proves that including NMS in the training pipeline is
beneficial.

Training and Inference Times. We now compare the training and inference times of includ-
ing GrooMeD-NMS in the pipeline. Warmup training phase takes about 13 hours to train on a
single 12 GB GeForce GTX Titan-X GPU. Full training phase of Kinematic (Image) and GrooMeD-
NMS takes about 8 and 8.5 hours respectively. The inference time per image using classical and
GrooMeD-NMS is 0.12 and 0.15 ms respectively. Tab. 2.4 suggests that changing the NMS from
GrooMeD to classical during inference does not alter the performance. Then, the inference time of

our method is the same as 0.12 ms.
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Table 2.6 Ablation studies of GrooMeD-NMS on KITTI Val 1 cars.

Change from GrooMeD-NMS model: TIoUsp > 0.7 ToUsp > 0.5
AP 3p|r,, (1) AP BEv|R,, (1) AP 3pjry, () AP Bgv|R, ()

Changed | From —To Easy Mod. Hard Easy Mod' Hard Easy Mod Hard Easy Mod" Hard
Conf+NMS—No Conf+No NMS [16.66 12.10 9.40 |23.15 17.43 13.48|51.47 38.58 30.98(56.48 42.53 34.37
Training |Conf+NMS—Conf+No NMS 19.16 13.89 10.96|27.01 19.33 14.84|57.12 41.07 32.79|61.60 44.58 35.97
Conf+NMS—No Conf+NMS 15.02 11.21 8.83 |21.07 16.27 12.77(48.01 36.18 29.96(53.82 40.94 33.35
Initialization | No Warmup 15.33 11.68 8.78 |21.32 16.59 12.93(49.15 37.42 30.11|54.32 41.44 33.48
Linear —»Exponential, 7 = 1 12.81 9.26 7.10|{17.07 12.17 9.25 (29.58 20.42 15.88(32.06 22.16 17.20
Pruning  |Linear -»Exponential, 7 = 0.5 [12]|18.63 13.85 10.98|27.52 20.14 15.76|56.64 41.01 32.79(61.43 44.73 36.02
Function  |Linear -»Exponential, 7 = 0.1 18.34 13.79 10.88(27.26 19.71 15.90(56.98 41.16 32.96|62.77 45.23 36.56
Linear - Sigmoidal, 7 = 0.1 17.40 13.21 9.80 |26.77 19.26 14.76|55.15 40.77 32.63|60.56 44.23 35.74
Group+Mask Group+Mask—»No Group 18.43 13.91 11.08{26.53 19.46 15.83(55.93 40.98 32.78(61.02 44.77 36.09
Group+Mask—»Group+No Mask [18.99 13.74 10.24{26.71 19.21 14.77|55.21 40.69 32.55|61.74 44.67 36.00
Loss Imagewise AP = Vanilla AP 18.23 13.73 10.28(26.42 19.31 14.76(54.47 40.35 32.20(60.90 44.08 35.47
Imagewise AP -»BCE 16.34 12.74 9.73 |22.40 17.46 13.70|52.46 39.40 31.68|58.22 43.60 35.27
Inference |Class*Pred—Class 18.26 13.36 10.49|25.39 18.64 15.1252.44 38.99 31.3 (57.37 42.89 34.68
NMS Scores |Class*Pred—Pred 17.51 12.84 9.55 |24.55 17.85 13.63(52.78 37.48 29.37(58.30 41.26 32.66
— GrooMeD-NMS (best model) 19.67 14.32 11.27(27.38 19.75 15.92|55.62 41.07 32.89|61.83 44.98 36.29

2.5.3 KITTI Val 2 Mono3D

Tab. 2.5 summarizes the results of 3D object detection and BEV evaluation on KITTI Val 2 Split
at two IoUsp thresholds of 0.7 and 0.5 [17,35]. Again, we use M3D-RPN [15] and Kinematic
(Image) [17] as our baselines. We evaluate the released model of M3D-RPN [15] using the KITTI
metric. [17] does not report Val 2 results, so we retrain on Val 2 using their public code. The results
in Tab. 2.5 show that GrooMeD-NMS performs best in all cases. This is again impressive because

the improvements are shown on Moderate and Hard set, consistent with Tabs. 2.2 and 2.3.

2.5.4 Ablation Studies on KITTI Val 1

Tab. 2.6 compares the modifications of our approach on KITTI Val 1 cars. Unless stated
otherwise, we stick with the experimental settings described in Sec. 2.5. Using a confidence
head (Conf+No NMS) proves beneficial compared to the warmup model (No Conf+No NMS),
which is consistent with the observations of [17,216]. Further, GrooMeD-NMS on classification
scores (denoted by No Conf + NMS) is detrimental as the classification scores are not suited for
localization [17,90]. Training the warmup model and then finetuning also works better than training
without warmup as in [17] since the warmup phase allows GrooMeD-NMS to carry meaningful
grouping of the boxes.

As described in Sec. 2.4.1.5, in addition to Linear, we compare two other functions for pruning

function p: Exponential and Sigmoidal. Both of them do not perform as well as the Linear p possibly

23



because they have vanishing gradients close to overlap of zero or one. Grouping and masking both
help our model to reach a better minimum. As described in Sec. 2.4.3, Imagewise AP loss is better
than the Vanilla AP loss since it treats boxes of two images differently. Imagewise AP also performs
better than the binary cross-entropy (BCE) loss proposed in [78, 80,81, 192]. Using the product of
self-balancing confidence and classification scores instead of using them individually as the scores
to the NMS in inference is better, consistent with [99,216,241]. Class confidence performs worse
since it does not have the localization information while the self-balancing confidence (Pred) gives

the localization without considering whether the box belongs to foreground or background.

2.6 Conclusions

In this chapter, we present and integrate GrooMeD-NMS- a novel Grouped Mathematically
Differentiable NMS for monocular 3D object detection, such that the network is trained end-to-end
with a loss on the boxes after NMS. We first formulate NMS as a matrix operation and then do
unsupervised grouping and masking of the boxes to obtain a simple closed-form expression of
the NMS. GrooMeD-NMS addresses the mismatch between training and inference pipelines and,
therefore, forces the network to select the best 3D box in a differentiable manner. As a result,
GrooMeD-NMS achieves state-of-the-art monocular 3D object detection results on the KITTI
benchmark dataset. Although our implementation demonstrates monocular 3D object detection,
GrooMeD-NMS is fairly generic for other object detection tasks. Future work includes applying
this method to tasks such as LiDAR-based 3D object detection and pedestrian detection.

Limitation. GrooMeD-NMS does not fully solve the generalization issue.
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CHAPTER 3

DEVIANT: DEPTH EQUIVARIANT NETWORK FOR MONOCULAR 3D OBJECT
DETECTION

Modern neural networks use building blocks such as convolutions that are equivariant to arbitrary
2D translations in the Euclidean manifold. However, these vanilla blocks are not equivariant to
arbitrary 3D translations in the projective manifold. Even then, all monocular 3D detectors use
vanilla blocks to obtain the 3D coordinates, a task for which the vanilla blocks are not designed
for. This chapter takes the first step towards convolutions equivariant to arbitrary 3D translations
in the projective manifold. Since the depth is the hardest to estimate for monocular detection,
this chapter proposes Depth Equivariant Network (DEVIANT) built with existing scale equivariant
steerable blocks. As a result, DEVIANT is equivariant to the depth translations in the projective
manifold whereas vanilla networks are not. The additional depth equivariance forces the DEVIANT
to learn consistent depth estimates, and therefore, DEVIANT achieves state-of-the-art monocular
3D detection results on KITTI and Waymo datasets in the image-only category and performs
competitively to methods using extra information. Moreover, DEVIANT works better than vanilla

networks in cross-dataset evaluation.

3.1 Introduction

Monocular 3D object detection is a fundamental task in computer vision, where the task is
to infer 3D information including depth from a single monocular image. It has applications in
augmented reality [2], gaming [201], robotics [213], and more recently in autonomous driving
[15,220] as a fallback solution for LiDAR.

Most of the monocular 3D methods attach extra heads to the 2D Faster-RCNN [202] or CenterNet
[306] for 3D detections. Some change architectures [123, 143, 232] or losses [15,35]. Others
incorporate augmentation [223], or confidence [17, 143]. Recent ones use in-network ensembles
[159,301] for better depth estimation.

Most of these methods use vanilla blocks such as convolutions that are equivariant to arbitrary

2D translations [19, 198]. In other words, whenever we shift the ego camera in 2D (See 7, of

25



z SES Convolution
i ,
v
B ] 4
Iy ’ ) I
h ﬂ > ﬂ‘h epth Translation : p Depth Translation
;- Ix 7;(Corollary 1.1)| 17" =7
' 4 D . ,
ty : !
(a) Idea. (b) Depth Equivariance.

Figure 3.1 (a) Idea. Vanilla CNN is equivariant to projected 2D translations #,,, t,, (in red) of the ego camera.
The ego camera moves in 3D in driving scenes which breaks this assumption. We propose DEVIANT
which is additionally equivariant to depth translations 7 (in green) in the projective manifold. (b) Depth
Equivariance. DEVIANT enforces additional consistency among the feature maps of an image and its
transformation caused by the ego depth translation. 7 =scale transformation, *=vanilla convolution.

Fig. 3.1), the new image (projection) is a translation of the original image, and therefore, these
methods output a translated feature map. However, in general, the camera moves in depth in
driving scenes instead of 2D (See 7 of Fig. 3.1). So, the new image is not a translation of the
original input image due to the projective transform. Thus, using vanilla blocks in monocular
methods is a mismatch between the assumptions and the regime where these blocks operate.
Additionally, there is a huge generalization gap between training and validation for monocular 3D
detection (See Modeling translation equivariance in the correct manifold improves generalization
for tasks in spherical [41] and hyperbolic [64] manifolds. Monocular detection involves processing
pixels (3D point projections) to obtain the 3D information, and is thus a task in the projective
manifold. Moreover, the depth in monocular detection is ill-defined [232], and thus, the hardest
to estimate [166]. Hence, using building blocks equivariant to depth translations in the projective
manifold is a natural choice for improving generalization and is also at the core of this work (See
Sec. C.1.8).

Recent monocular methods use flips [15], scale [159, 223], mosaic [11, 238] or copy-paste
[135] augmentation, depth-aware convolution [15], or geometry [151, 159,218, 302] to improve
generalization. Although all these methods improve performance, a major issue is that their
backbones are not designed for the projective world. This results in the depth estimation going

haywire with a slight ego movement [307]. Moreover, data augmentation, e.g., flips, scales,
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Table 3.1 Equivariance comparisons. [Key: Proj.= Projected, ax= axis]

3D Proj. 2D

Translation » |x—ax y—ax z—ax|u-ax v-ax
(tx) (ty) (tz) | (t.) (1)

Vanilla CNN - — - v
Log-polar [313]| - - v - -
DEVIANT - - v v Y
Ideal v v v - -

mosaic, copy-paste, is not only limited for the projective tasks, but also does not guarantee desired

behavior [63].

To address the mismatch between assumptions and the operating regime of the vanilla blocks
and improve generalization, we take the first step towards convolutions equivariant to arbitrary 3D
translations in the projective manifold. We propose Depth Equivariant Network (DEVIANT) which
is additionally equivariant to depth translations in the projective manifold as shown in Tab. 3.1.
Building upon the classic result from [76], we simplify it under reasonable assumptions about the
camera movement in autonomous driving to get scale transformations. The scale equivariant blocks
are well-known in the literature [68,92,227,309], and consequently, we replace the vanilla blocks
in the backbone with their scale equivariant steerable counterparts [227] to additionally embed
equivariance to depth translations in the projective manifold. Hence, DEVIANT learns consistent
depth estimates and improves monocular detection.

In summary, the main contributions of this work include:

o We study the modeling error in monocular 3D detection and propose depth equivariant networks
built with scale equivariant steerable blocks as a solution.

e We achieve state-of-the-art (SOTA) monocular 3D object detection results on the KITTI and
Waymo datasets in the image-only category and perform competitively to methods which use
extra information.

e We experimentally show that DEVIANT works better in cross-dataset evaluation suggesting

better generalization than vanilla CNN backbones.
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Table 3.2 Equivariances known in the literature.

Transformation » . . .
Manifold ¥ Translation Rotation Scale Flips Learned

. . Polar, Log-polar [79], .
Euclidean Vanilla CNN [115] Steerable [266] | Steerable [68] ChiralNets [288] | Transformers [55]
Spherical Spherical CNN [41] - - - -
Hyperbolic Hyperbolic CNN [64] — - - -
Projective Monocular Detector - - - -

3.2 Related Works

Equivariant Neural Networks. The success of convolutions in CNN has led people to look for
their generalizations [43,262]. Convolution is the unique solution to 2D translation equivariance
in the Euclidean manifold [19, 20, 198]. Thus, convolution in CNN is a prior in the Euclidean
manifold. Several works explore other group actions in the Euclidean manifold such as 2D rotations
[42,50,171,263], scale [98, 170], flips [288], or their combinations [247,266]. Some consider 3D
translations [265] and rotations [239]. Few [55,264,304] attempt learning the equivariance from
the data, but such methods have significantly higher data requirements [265]. Others change the
manifold to spherical [41], hyperbolic [64], graphs [173], or arbitrary manifolds [97]. Monocular
3D detection involves operations on pixels which are projections of 3D point and thus, works in a
different manifold namely projective manifold. Tab. 3.2 summarizes all these equivariances known
thus far.

Scale Equivariant Networks. Scale equivariance in the Euclidean manifold is more challenging
than the rotations because of its acyclic and unbounded nature [198]. There are two major lines
of work for scale equivariant networks. The first [56,79] infers the global scale using log-polar
transform [313], while the other infers the scale locally by convolving with multiple scales of
images [98] or filters [278]. Several works [68,92,227,309] extend the local idea, using steerable
filters [62]. Another work [267] constructs filters for integer scaling. We compare the two kinds
of scale equivariant convolutions on the monocular 3D detection task and show that steerable
convolutions are better suited to embed depth (scale) equivariance. Scale equivariant networks
have been used for classification [56,68,227], 2D tracking [226] and 3D object classification [56].

We are the first to use scale equivariant networks for monocular 3D detection.
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3D Object Detection. Accurate 3D object detection uses sparse data from LiDARs [215], which are
expensive and do not work well in severe weather [232] and glassy environments. Hence, several
works have been on monocular camera-based 3D object detection, which is simplistic but has
scale/depth ambiguity [232]. Earlier approaches [31,61, 186, 187] use hand-crafted features, while
the recent ones use deep learning. Some change architectures [123,143,146,232] or losses [15,35].
Some use scale [159,223], mosaic [238] or copy-paste [135] augmentation. Others incorporate
depth in convolution [15, 52], or confidence [17, 111, 143]. More recent ones use in-network
ensembles to predict the depth deterministically [301] or probabilistically [159]. A few use
temporal cues [17], NMS [109], or corrected camera extrinsics [307] in the training pipeline.
Some also use CAD models [25, 154] or LiDAR [199] in training. Another line of work called
Pseudo-LiDAR [162,165,181,221,254] estimates the depth first, and then uses a point cloud-based
3D object detector. We refer to [163] for a detailed survey. Our work is the first to use scale

equivariant blocks in the backbone for monocular 3D detection.

3.3 Background

We first provide the necessary definitions which are used throughout this chapter. These are
not our contributions and can be found in the literature [21,76,265].
Equivariance. Consider a group of transformations G, whose individual members are g. Assume
® denote the mapping of the inputs 4 to the outputs y. Let the inputs and outputs undergo the
transformation ‘7;,}’ and 7? respectively. Then, the mapping @ is equivariant to the group G [265]
if d)(7§hh) = 7? (®h),VY g € G. Thus, equivariance provides an explicit relationship between
input transformations and feature-space transformations at each layer of the neural network [265],
and intuitively makes the learning easier. The mapping @ is the vanilla convolution when the
7;’ = 7§y = ¢ where 7¢ denotes the translation t on the discrete grid [19, 20, 198]. These
vanilla convolution introduce weight-tying [115] in fully connected neural networks resulting in a
greater generalization. A special case of equivariance is the invariance [265] which is given by
O(7,"h) = ®h,¥ g € G.

Projective Transformations. Our idea is to use equivariance to depth translations in the projective
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manifold since the monocular detection task belongs to this manifold. A natural question to ask is
whether such equivariants exist in the projective manifold. [21] answers this question in negative,
and says that such equivariants do not exist in general. However, such equivariants exist for special
classes, such as planes. An intuitive way to understand this is to infer the rotations and translations
by looking at the two projections (images). For example, the result of [21] makes sense if we
consider a car with very different front and back sides as in Fig. C.2. A 180° ego rotation around
the car means the projections (images) are its front and the back sides, which are different. Thus,
we can not infer the translations and rotations from these two projections. Based on this result, we
stick with locally planar objects i.e. we assume that a 3D object is made of several patch planes.
(See last row of Fig. 3.2b as an example). It is important to stress that we do NOT assume that the
3D object such as car is planar. The local planarity also agrees with the property of manifolds that
manifolds locally resemble n-dimensional Euclidean space and because the projective transform
maps planes to planes, the patch planes in 3D are also locally planar. We show a sample planar
patch and the 3D object in Fig. C.1 in the appendix.

Planarity and Projective Transformation. Example 13.2 from [76] links the planarity and
projective transformations. Although their result is for stereo with two different cameras (K, K’),
we substitute K=K’ to get Th. 1.

Theorem 1. [76] Consider a 3D point lying on a patch plane mx+ny+oz+p =0, and observed by
an ego camera in a pinhole setup to give an image h. Let t=(tx,ty,tz) and R=[r;;]3x3 denote a
translation and rotation of the ego camera respectively. Observing the same 3D point from a new
camera position leads to an image h'. Then, the image h is related to the image h’ by the projective

transformation

T h(u—up,v—vy) = (3.1

(11152 ) o + 21 472 ) 0 —vo + a1 4742 ) £

| f

b

(r13+fz%)(M—M0)+(r23+leﬂ7)(V—Vo)+(rs3+fz%)f
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(}"12+;y%)(I/t—u())+(r22+ZY%)(V—V())+(I’32+Ey[%)f

f

]

(1322 ) =0+ [rs 22 ) —vo+ (ras+722 ) £

where f and (ug, vo) denote the focal length and principal point of the ego camera, and (tx,ty,t7) =
R"t.
3.4 Depth Equivariant Backbone

The projective transformation in Eq. (3.1) from [76] is complicated and also involves rotations,
and we do not know which convolution obeys this projective transformation. Hence, we simplify
Eq. (3.1) under reasonable assumptions to obtain a familiar transformation for which the convolution
1s known.
Corollary 1.1. When the ego camera translates in depth without rotations (R = 1), and the patch
plane is “approximately” parallel to the image plane, the image h locally is a scaled version of the

second image h' independent of focal length, i.e.

(3.2)

%:h(u_uo,v_vo)zh/(m ﬂ)

0’ o
1+1, ) 1+t, »
where f and (ug, vo) denote the focal length and principal point of the ego camera, and tz denotes

the ego translation.

See Sec. C.1.6 for the detailed explanation of Corollary 1.1. Corollary 1.1 says

u—uy v-—Vvo
%:h(u_u()’v_v())zh/( s )’
N N

(3.3)

where, s =1 + tzl% denotes the scale and 7 denotes the scale transformation. The scale s < 1
suggests downscaling, while s > 1 suggests upscaling. Corollary 1.1 shows that the transformation
75 is independent of the focal length and that scale is a linear function of the depth translation.
Hence, the depth translation in the projective manifold induces scale transformation and thus, the
depth equivariance in the projective manifold is the scale equivariance in the Euclidean manifold.
Mathematically, the desired equivariance is [75(h) * W] = 75 [h * W,-1], where ¥ denotes the
filter (See Sec. C.1.7). As CNN is not a scale equivariant (SE) architecture [227], we aim to

get SE backbone which makes the architecture equivariant to depth translations in the projective
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Figure 3.2 (a) Scale Equivariance. We apply SES convolution [227] with two scales on a single channel toy
image /. (b) Receptive fields of convolutions in the Euclidean manifold. Colors represent different weights,
while shades represent the same weight. (¢) Impact of discretization on log-polar convolution. SSIM is
very low at small resolutions and is not 1 even after upscaling by 4. [Key: Up= Upscaling]

manifold. The scale transformation is a familiar transformation and SE convolutions are well
known [68,92,227,309].

Scale Equivariant Steerable (SES) Blocks. We use the existing SES blocks [226,227] to construct
our Depth Equivariant Network (DEVIANT) backbone. As [226] does not construct SE-DLA-34
backbones, we construct our DEVIANT backbone as follows. We replace the vanilla convolutions
by the SES convolutions [226] with the basis as Hermite polynomials. SES convolutions result in
multi-scale representation of an input tensor. As a result, their output is five-dimensional instead
of four-dimensional. Thus, we replace the 2D pools and batch norm (BN) by 3D pools and 3D BN
respectively. The Scale-Projection layer [227] carries a max over the extra (scale) dimension to
project five-dimensional tensors to four dimensions (See Fig. C.5) in the supplementary). Ablation
in Sec. 3.5.3 confirms that BN and Pool (BNP) should also be SE for the best performance.

The SES convolutions [68,227,309] are based on steerable-filters [62]. Steerable approaches
[68] first pre-calculate the non-trainable multi-scale basis in the Euclidean manifold and then build
filters by the linear combinations of the trainable weights w. The number of trainable weights w
equals the number of filters at one particular scale. The linear combination of multi-scale basis
ensures that the filters are also multi-scale. Thus, SES blocks bypass grid conversion and do not
suffer from sampling effects.

We show the convolution of toy image # with a SES convolution in Fig. 3.2a. Let ¥, denote
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the filter at scale s. The convolution between downscaled image and filter 7y 5(4) * Wy 5 matches
the downscaled version of original image convolved with upscaled filter 75 5(h =« W1 ). Fig. 3.2a
(right column) shows that the output of a CNN exhibits aliasing in general and is therefore, not
scale equivariant.

Log-polar Convolution: Impact of Discretization. An alternate way to convert the depth transla-
tion 7z of Eq. (3.2) to shift is by converting the images to log-polar space [313] around the principal

point (ug, vo), as

h(lnr,0) ~ 1’ (lnr —In (1+tzg) , 9) , (3.4)
p

with r = v/ (u—ug)2+(v—vo)?, and 6 = tan™! (%) The log-polar transformation converts the
scale to translation, so using convolution in the log-polar space is equivariant to the logarithm of
the depth translation tz. We show the receptive field of log-polar convolution in Fig. 3.2b. The
log-polar convolution uses a smaller receptive field for objects closer to the principal point, while
a larger field away from the principal point. We implemented log-polar convolution and found that
its performance (See Tab. 3.11) is not acceptable, consistent with [227]. We attribute this behavior
to the discretization of pixels and loss of 2D translation equivariance. Eq. (3.4) is perfectly valid in
the continuous world (Note the use of parentheses instead of square brackets in Eq. (3.4)). However,
pixels reside on discrete grids, which gives rise to sampling errors [112]. We discuss the impact
of discretization on log-polar convolution in Sec. 3.5.2 and show it in Fig. 3.2c. Hence, we do not
use log-polar convolution for the DEVIANT backbone.
Comparison of Equivariance s for Monocular 3D Detection. We now compare equivariances
for monocular 3D detection task. An ideal monocular detector should be equivariant to arbitrary
3D translations (zx, ty, tz). However, most monocular detectors [109, 159] estimate 2D projections
of 3D centers and the depth, which they back-project in 3D world via known camera intrinsics.
Thus, a good enough detector shall be equivariant to 2D translations (7,, t,) for projected centers
as well as equivariant to depth translations (7z).

Existing detector backbones [109,159] are only equivariant to 2D translations as they use vanilla

convolutions that produce 4D feature maps. Log-polar backbones is equivariant to logarithm of
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depth translations but not to 2D translations. DEVIANT uses SES convolutions to produce 5D
feature maps. The extra dimension in 5D feature map captures the changes in scale (for depth), while
these feature maps individually are equivariant to 2D translations (for projected centers). Hence,
DEVIANT augments the 2D translation equivariance (t,, t,) of the projected centers with the depth
translation equivariance. We emphasize that although DEVIANT is not equivariant to arbitrary
3D translations in the projective manifold, DEVIANT does provide the equivariance to depth
translations () and is thus a first step towards the ideal equivariance. Our experiments (Sec. 3.5)
show that even this additional equivariance benefits monocular 3D detection task. This is expected
because depth is the hardest parameter to estimate [166]. Tab. 3.1 summarizes these equivariances.
Moreover, Tab. 3.10 empirically shows that 2D detection does not suffer and therefore, confirms
that DEVIANT indeed augments the 2D equivariance with the depth equivariance. An idea similar
to DEVIANT is the optical expansion [280] which augments optical flow with the scale information

and benefits depth estimation.

3.5 Experiments

Our experiments use the KITTI [67], Waymo [230] and nuScenes datasets [22]. We modify

the publicly-available PyTorch [184] code of GUP Net [159] and use the GUP Net model as our
baseline. For DEVIANT, we keep the number of scales as three [226]. DEVIANT takes 8.5 hours
for training and 0.04s per image for inference on a single A100 GPU.
Evaluation Metrics. KITTI evaluates on three object categories: Easy, Moderate and Hard. It
assigns each object to a category based on its occlusion, truncation, and height in the image space.
KITTI uses AP 3pg,, percentage metric on the Moderate category to benchmark models [67]
following [220, 222].

Waymo evaluates on two object levels: Level_1 and Level_2. It assigns each object to a level
based on the number of LiDAR points included in its 3D box. Waymo uses APH3p percentage
metric which is the incorporation of heading information in AP3p to benchmark models. It also
provides evaluation at three distances [0, 30), [30, 50) and [50, o) meters.

Data Splits. We use the following splits of the KITTI,Waymo and nuScenes:
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Table 3.3 Results on KITTI Test cars at loUsp >0.7. Previous results are from the leader-board or papers.
We show 3 methods in each Extra category and 6 methods in the image-only category. [Key: Best, Second
Best]

AP 3p|r, [T](#) | AP BEV|R, [T](4)
Method Extra Easy ll\/IA(O)d Hard | Easy 1\|/[3(21 Hard
AutoShape [154] CAD |22.47 14.17 11.36]30.66 20.08 15.59
PCT [246] Depth |21.00 13.37 11.31]29.65 19.03 15.92
DFR-Net [312] Depth |19.40 13.63 10.35]28.17 19.17 14.84
MonoDistill [39] Depth |22.97 16.03 13.60|31.87 22.59 19.72
PatchNet-C [221] LiDAR (22.40 12.53 10.60| - - -
CaDDN [199] LiDAR ([19.17 13.41 11.46(27.94 18.91 17.19
DD3D [181] LiDAR (23.22 16.34 14.20(30.98 22.56 20.03
MonoEF [307] Odometry [21.29 13.87 11.71(29.03 19.70 17.26
Kinematic [17] Video [19.07 12.72 9.17 [26.69 17.52 13.10
GrooMeD-NMS [109] - 18.10 12.32 9.65 [26.19 18.27 14.05
MonoRCNN [218] - 18.36 12.65 10.03(25.48 18.11 14.10
MonoDIS-M [220] - 16.54 12.97 11.04]24.45 19.25 16.87
Ground-Aware [151] - 21.65 13.25 9.91 (29.81 17.98 13.08
MonoFlex [301] - 19.94 13.89 12.07(28.23 19.75 16.89
GUP Net [159] - 20.11 14.20 11.77| - - -
DEVIANT (Ours) - 21.88 14.46 11.89]29.65 20.44 17.43

o KITTI Test (Full) split: Official KITTI 3D benchmark [1] consists of 7,481 training and 7,518
testing images [67].

e KITTI Val split: 1t partitions the 7,481 training images into 3,712 training and 3,769 validation
images [32].

o Waymo Val split: This split [199,246] contains 52,386 training and 39,848 validation images
from the front camera. We construct its training set by sampling every third frame from the
training sequences as in [199,246].

e nuScenes Val split: It consists of 28,130 training and 6,019 validation images from the front

camera [22]. We use this split for evaluation [218].

3.5.1 KITTI Test Mono3D

Cars. Tab. 3.3 lists out the results of monocular 3D detection and BEV evaluation on KITTI
Test cars. Tab. 3.3 results show that DEVIANT outperforms the GUP Net and several other SoTA
methods on both tasks. Except DD3D [181] and MonoDistill [39], DEVIANT, an image-based
method, also outperforms other methods that use extra information.

Cyclists and Pedestrians. Tab. 3.4 lists out the results of monocular 3D detection on KITTI Test
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Table 3.4 Results on KITTI Test cyclists and pedestrians (Cyc/Ped) at loUsp > 0.5. Previous results are
from the leader-board or papers. [Key: Best, Second Best]

Cyc AP 3pj|r,, [T](4) | Ped AP 3pg,, [To](4)
Method Extra Eisy Mod " Hard Easy Mod " Hard
DDMP-3D [245] | Depth |4.18 250 232 | 493 3.55 3.01
DFR-Net [312] Depth |5.69 3.58 3.10 |6.09 3.62 3.39
MonoDistil [39] | Depth |5.53 2.81 240 |12.79 8.17 7.45
CaDDN [199] LiDAR |7.00 3.41 330 |12.87 8.14 6.76
DD3D [181] LiDAR 239 152 131 |13.91 930 8.05
MonoEF [307]  |Odometry [ 1.80 0.92 071 |4.27 279 221
MonoDIS-M [220]| = |1.17 054 048 |7.79 514 442
MonoFlex [301] ~ 1339 210 167 |11.89 8.16 681
GUP Net [159] ~ 418 265 209 [1472 953 7.87
DEVIANT (Ours)| -  |5.05 3.13 259 |13.43 8.65 7.69

Table 3.5 Results on KITTI Val cars. Comparison with bigger CNN backbones in Tab. C.4. [Key: Best,
Second Best, “= No pretrain ]

TIoUsp > 0.7 IoUsp > 0.5
Method Extra | AP 3pjry [T0](#) |AP BEV|R, [Te](#)| AP 3pjry, [To](#) | AP BEV|Ry, [To](4)
Easy Mod Hard |[Easy Mod Hard|Easy Mod Hard|Easy Mod Hard
DDMP-3D [245] Depth |28.1220.39 16.34| — - - - - - - - -

47.16 34.65 28.47
33.09 25.40 22.16

PCT [246]
MonoDistill [39]
CaDDN [199]

Depth
Depth
LiDAR

38.3927.5324.44
24.31 18.47 15.76
23.5716.31 13.84

65.69 49.35 43.49

71.4553.1146.94

PatchNet-C [221] LiDAR |24.5117.03 13.25| - - - — - - - - -
DD3D (DLA34) [181] LiDAR | - - - |335 260 226| - - - - - -
DD3D (DLA34) [181] LiDAR | - - - 126.8 202 16.7| - - - - - -
MonoEF [307] Odometry|18.26 16.30 15.24|26.07 25.21 21.61{57.98 51.80 49.34/63.40 61.13 53.22

Kinematic [17]

Video

19.76 14.10 10.47

27.8319.72 15.10

55.44 39.47 31.26

61.79 44.68 34.56

MonoRCNN [218]
MonoDLE [166]
GrooMeD-NMS [109]
Ground-Aware [151]
MonoFlex [301]

GUP Net (Reported)[159]
GUP Net (Retrained)[159]

16.61 13.19 10.65
17.4513.66 11.68
19.67 14.32 11.27
23.63 16.16 12.06
23.6417.5114.83
22.76 16.46 13.72
21.1015.48 12.88

25.2919.22 15.30
24.9719.3317.01
27.38 19.7515.92

31.07 22.94 19.75
28.5820.92 17.83

55.4143.4237.81
55.6241.07 32.89
60.9242.18 32.02
57.62 42.33 37.59
58.9543.99 38.07

60.73 46.87 41.89
61.83 44.98 36.29

61.78 47.06 40.88
64.60 47.76 42.97

DEVIANT (Ours)

24.6316.54 14.52

32.60 23.04 19.99

61.00 46.00 40.18

65.28 49.63 43.50

Cyclist and Pedestrians. The results show that DEVIANT achieves SoTA results in the image-only

category on the challenging Cyclists, and is competitive on Pedestrians.

3.5.2 KITTI

Val Mono3D

Cars. Tab. 3.5 summarizes the results of monocular 3D detection and BEV evaluation on KITTI
Val split at two IoUsp thresholds of 0.7 and 0.5 [35, 109]. We report the median model over 5
runs. The results show that DEVIANT outperforms the GUP Net [159] baseline by a significant

margin. The biggest improvements shows up on the Easy set. Significant improvements are also
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Figure 3.3 APsp at different depths and IoU;p thresholds on KITTI Val Split.

Table 3.6 Cross-dataset evaluation of the KITTI Val model on KITTI Val and nuScenes frontal Val cars
with depth MAE (¥). [Key: Best, Second Best]

KITTI Val 1 nuScenes frontal Val
0-20 20—40 40—co| All |0-20 20-40 40— | All
M3D-RPN [15] 0.56 1.33 273 |1.26|/0.94 3.06 10.36|2.67
MonoRCNN [218]| 0.46 1.27 2.59 |1.14|1 094 284 8.65 |2.39
GUP Net [159] 045 110 1.85 (089,082 1.70 6.20 |1.45
DEVIANT 040 109 180 (087|076 1.60 4.50 [1.26

Method

on the Moderate and Hard sets. Interestingly, DEVIANT also outperforms DD3D [181] by a large
margin when the large-dataset pretraining is not done (denoted by DD3D 7).

AP;p at different depths and IoUsp thresholds. We next compare the AP3p of DEVIANT and
GUP Net in Fig. 3.3 at different distances in meters and loUsp matching criteria of 0.3 = 0.7 as
in [109]. Fig. 3.3 shows that DEVIANT is effective over GUP Net [159] at all depths and higher
IoUsp thresholds.

Cross-Dataset Evaluation. Tab. 3.6 shows the result of our KITTI Val model on the KITTI Val and
nuScenes [22] frontal Val images, using mean absolute error (MAE) of the depth of the boxes [218].
More details are in Sec. C.3.1. DEVIANT outperforms GUP Net on most of the metrics on both
the datasets, which confirms that DEVIANT generalizes better than CNNs. DEVIANT performs
exceedingly well in the cross-dataset evaluation than [15, 159,218]. We believe this happens
because [15,159,218] rely on data or geometry to get the depth, while DEVIANT is equivariant
to the depth translations, and therefore, outputs consistent depth. So, DEVIANT is more robust to

data distribution changes.
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Table 3.7 Scale Augmentation vs Scale Equivariance on KITTI Val cars. [Key: Best, Eqv= Equivariance,
Aug= Augmentation]

Scale|Scale ToUsp > 0.7 ToUsp > 0.5
Method Eqv | Aug [ AP 3pjry, [](4) | AP BEV|R, [To](#) | AP 3pjr,, [%](4) | AP BEV|R,, [To](4)
Easy Mod Hard | Easy Mod Hard [ Easy Mod Hard | Easy Mod Hard
GUP Net [159] 20.82 14.15 12.44(29.93 20.90 17.87(62.37 44.40 39.61|66.81 48.09 43.14
v [21.10 15.48 12.88(28.58 20.92 17.83(58.95 43.99 38.07|64.60 47.76 42.97
DEVIANT v 21.33 14.77 12.57(28.79 20.28 17.59(59.31 43.25 37.64|63.94 47.02 41.12
v v (24.63 16.54 14.52(32.60 23.04 19.99(61.00 46.00 40.18|65.28 49.63 43.50

Table 3.8 Comparison of Equivariant Architectures on KITTI Val cars. [Key: Best, Eqv= Equivariance,
T= Retrained]

TIoUjsp > 0.7 IoUjsp > 0.5
Method Eqv AP 3pjr,y [To](#) | AP BEV|Ry [To](®) | AP 3pjr,, [T](4) | AP BEV|R,, [To](4)
Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
DETR3D'[257]| Learned | 1.94 1.26 1.09 | 4.41 3.06 2.79 [20.09 13.80 12.78(26.51 18.49 17.36
GUP Net [159] 2D 21.10 15.48 12.88|28.58 20.92 17.83(58.95 43.99 38.07|64.60 47.76 42.97
DEVIANT 2D +Depth |24.63 16.54 14.52|32.60 23.04 19.99(61.00 46.00 40.18|65.28 49.63 43.50

Alternatives to Equivariance. We now compare with alternatives to equivariance in the following
paragraphs.

(a) Scale Augmentation. A withstanding question in machine learning is the choice between
equivariance and data augmentation [63]. Tab. 3.7 compares scale equivariance and scale augmen-
tation. GUP Net [159] uses scale-augmentation and therefore, Tab. 3.7 shows that equivariance
also benefits models which use scale-augmentation. This agrees with Tab. 2 of [227], where they
observe that both augmentation and equivariance benefits classification on MNIST-scale dataset.
(b) Other Equivariant Architectures. We now benchmark adding depth (scale) equivariance to
a 2D translation equivariant CNN and a transformer which learns the equivariance. Therefore, we
compare DEVIANT with GUP Net [159] (a CNN), and DETR3D [257] (a transformer) in Tab. 3.8.
As DETR3D does not report KITTI results, we trained DETR3D on KITTI using their public code.
DEVIANT outperforms GUP Net and also surpasses DETR3D by a large margin. This happens
because learning equivariance requires more data [265] compared to architectures which hardcode
equivariance like CNN or DEVIANT.

(c) Dilated Convolution. DEVIANT adjusts the receptive field based on the object scale, and
so, we compare with the dilated CNN (DCNN) [291] and D4LCN [52] in Tab. 3.9. The results
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Table 3.9 Comparison with Dilated Convolution on KITTI Val cars. [Key: Best]

IoUsp> 0.7 IoUsp> 0.5
Method | Extra | AP 3pjr,, [%](4) | AP BEv|r, [T0](#) | AP 3pjr, [T](#) | AP BEV|R,, [To](4)
Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
DA4LCN [52] |Depth|22.32 16.20 12.30|31.53 22.58 17.87| - - - - - -
DCNN [291]| - |21.66 15.49 12.90|30.22 22.06 19.01(57.54 43.12 38.80(63.29 46.86 42.42
DEVIANT | - [24.63 16.54 14.52(32.60 23.04 19.99|61.00 46.00 40.18|65.28 49.63 43.50

show that DCNN performs sub-par to DEVIANT. This is expected because dilation corresponds to
integer scales [267] while the scaling is generally a float in monocular detection. D4ALCN [52] uses
monocular depth as input to adjust the receptive field. DEVIANT (without depth) also outperforms
D4LCN on Hard cars, which are more distant.

(d) Other Convolutions. We now compare with other known convolutions in literature such as
Log-polar convolution [313], Dilated convolution [291] convolution and DISCO [225] in Tab. 3.11.
The results show that the log-polar convolution does not work well, and SES convolutions are better
suited to embed depth (scale) equivariance. As described in Sec. 3.4, we investigate the behavior
of log-polar convolution through a small experiment. We calculate the SSIM [258] of the original
image and the image obtained after the upscaling, log-polar, inverse log-polar, and downscaling
blocks. We then average the SSIM over all KITTI Val images. We repeat this experiment for
multiple image heights and scaling factors. The ideal SSIM should have been one. However,
Fig. 3.2c shows that SSIM does not reach 1 even after upscaling by 4. This result confirms that
log-polar convolution loses information at low resolutions resulting in inaccurate detection.

Next, the results show that dilated convolution [291] performs sub-par to DEVIANT. Moreover,
DISCO [225] also does not outperform SES convolution which agrees with the 2D tracking results
of [225].

(e) Feature Pyramid Network (FPN). Our baseline GUP Net [159] uses FPN [138] and Tab. 3.5
shows that DEVIANT outperforms GUP Net. Hence, we conclude that equivariance also benefits
models which use FPN.

Comparison of Equivariance Error. We next quantitatively evaluate the scale equivariance of

DEVIANT vs. GUP Net [159], using the equivariance error metric [227]. The equivariance error
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Figure 3.4 Log Equivariance Error (A) comparison for DEVIANT and GUP Net at (a) different blocks
with random image scaling factors (b) different image scaling factors at depth 3. DEVIANT shows lower
scale equivariance error than vanilla GUP Net [159].

A is the normalized difference between the scaled feature map and the feature map of the scaled

|75, @(hi)l[3

image, and is given by A = # Zfi | | , where @ denotes the neural network, 75, is
the scaling transformation for the image i, and N is the total number of images. The equivariance
error is zero if the scale equivariance is perfect. We plot the log of this error at different blocks of
DEVIANT and GUP Net backbones and also plot at different downscaling of KITTI Val images
in Fig. 3.4. The plots show that DEVIANT has low equivariance error than GUP Net. This is
expected since the feature maps of the proposed DEVIANT are additionally equivariant to scale
transformation s (depth translations). We also visualize the equivariance error for a validation image
and for the objects of this image in Figs. C.8a and C.8b in the supplementary. The qualitative plots
also show a lower error for the proposed DEVIANT, which agrees with Fig. 3.4. Fig. C.8ba shows
that equivariance error is particularly low for nearby cars which also justifies the good performance
of DEVIANT on Easy (nearby) cars in Tabs. 3.3 and 3.5.

Does 2D Detection Suffer? We now investigate whether 2D detection suffers from using DEVIANT
backbones in Tab. 3.10. The results show that DEVIANT introduces minimal decrease in the 2D

detection performance. This is consistent with [226], who report that 2D tracking improves with

the SE networks.
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Table 3.10 3D and 2D detection on KITTI Val cars.

IoU > 0.7 IoU > 0.5

Method AP 3pjry [T](®) | APopjr, [%](d) | AP 3pjry [T](®) | AP 2pjr, [T](4)

Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
GUP Net [159] 21.10 15.48 12.88|96.78 88.87 79.02(58.95 43.99 38.07[99.52 91.89 81.99
DEVIANT (Ours)|24.63 16.54 14.52|96.68 88.66 78.87|61.00 46.00 40.18|97.12 91.77 81.93

Table 3.11 Ablation studies on KITTI Val cars.

Change from DEVIANT: IoUsp > 0.7 IoUsp > 0.5

AP 3pr,y [To](4) | AP BEV|Ry [To](4) | AP 3pR,, [Te](4) | AP BEV|R,, [Tol()
Easy Mod Hard |[Easy Mod Hard [Easy Mod Hard |Easy Mod Hard
SES—» Vanilla 21.10 15.48 12.8828.58 20.92 17.83|58.95 43.99 38.07(64.60 47.76 42.97
Convolution|SES—Log-polar [313]{9.19 6.77 5.78 {16.39 11.15 9.80 [40.51 27.62 23.90|45.66 31.34 25.80
SES—Dilated[291]  |21.66 15.49 12.90{30.22 22.06 19.01|57.54 43.12 38.80|63.29 46.86 42.42
SES—+DISCO[225] |20.21 13.84 11.46(28.56 19.38 16.41|55.22 39.76 35.37|59.46 43.16 38.52

Changed |From —»To

Downscale [10% —» 5% 24.24 16.51 14.43|31.94 22.86 19.82|60.64 44.46 40.02|64.68 49.30 43.49
@ 10% —» 20% 22.19 15.85 13.48|31.15 23.01 19.90|61.24 44.93 40.22|67.46 50.10 43.83
BNP  [SE— Vanilla 24.39 16.20 14.36(32.43 22.53 19.70|62.81 46.14 40.38|67.87 50.23 44.08
Scales (3 —» 1 23.2016.29 13.63|31.76 23.23 19.97|61.90 46.66 40.61|67.37 50.31 43.93
3»2 24.15 16.48 14.55(32.42 23.17 20.07|61.05 46.34 40.46|67.36 50.32 44.07

— DEVIANT (best) 24.63 16.54 14.52|32.60 23.04 19.99(61.00 46.00 40.18(65.28 49.63 43.50

3.5.3 Ablation Studies on KITTI Val

Tab. 3.11 compares the modifications of our approach on KITTI Val cars based on the experi-
mental settings of Sec. 3.5.
(a) Floating or Integer Downscaling? We next investigate the question that whether one should
use floating or integer downscaling factors for DEVIANT. We vary the downscaling factors as
(1+2a, 1+a, 1) and therefore, our scaling factor s = (ﬁ, ﬁ, 1). We find that @ of 10% works
the best. We again bring up the dilated convolution (Dilated) results at this point because dilation
is a scale equivariant operation for integer downscaling factors [267] (@ =100%, s=0.5). Tab. 3.11
results suggest that the downscaling factors should be floating numbers.
(b) SE BNP. As described in Sec. 3.4, we ablate DEVIANT against the case when only convolutions
are SE but BNP layers are not. So, we place Scale-Projection [227] immediately after every SES
convolution. Tab. 3.11 shows that such a network performs slightly sub-optimal to our final model.
(c) Number of Scales. We next ablate against the usage of Hermite scales. Using three scales
performs better than using only one scale especially on Mod and Hard objects, and slightly better

than using two scales.
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Table 3.12 Waymo Val vehicles detection results. [Key: Best, Second Best]

. AP3p [To](4) APH3p [%0](4)
ToUsp | Difficulty Method Extra 1= 10730 30-50 50-00| Al | 0-30 30-50 50-00
CaDDN [199] LiDAR| 5.03 |14.54 1.47 0.10|4.99 1443 145 0.10
PatchNet [162] in [246] | Depth | 0.39 | 1.67 0.13 0.03 | 0.39 | 1.63 0.12 0.03
PCT [246] Depth | 0.89 | 3.18 0.27 0.07 | 0.88 | 3.15 0.27 0.07
07 | Level 1 | M3D-RPN[15]in[199] | - |035|1.12 018 0.02|034|1.10 018 0.02
GUP Net (Retrained) [159]| — | 228|615 081 003|227 |6.11 080 0.03
DEVIANT (Ours) ~ 1269695 099 002]267|690 098 0.02
CaDDN [199] LiDAR | 4.49 |14.50 1.42 0.09 | 4.45 1438 1.41 0.09
PatchNet [162] in [246] | Depth | 0.38 | 1.67 0.13 0.03 | 0.36 | 1.63 0.11 0.03
PCT [246] Depth | 0.66 | 3.18 0.27 0.07 | 0.66 | 3.15 0.26 0.07
07 | Level 2 | M3D-RPN[15]in[199] | - |033|1.12 018 002|033 |1.10 0.17 0.02
GUP Net (Retrained) [159]| - |2.14 | 6.13 078 0.02]2.12|6.08 077 0.02
DEVIANT (Ours) — 2521693 095 002]250|687 094 0.02
CaDDN [199] LiDAR |17.5445.00 9.24 0.64 |17.31]44.46 9.11 0.62
PatchNet [162] in [246] | Depth | 2.92 [10.03 1.09 0.23 | 2.74 | 975 0.96 0.18
PCT [246] Depth | 420 [14.70 1.78 0.39 | 4.15 |14.54 1.75 0.39
05 | Level 1 | M3D-RPN[I5]in[199] | - |3.79 |11.14 2.16 0.26|3.63 |10.70 2.09 0.21
GUP Net (Retrained) [159]| -  [10.02|24.78 4.84 022|994 |24.59 478 0.22
DEVIANT (Ours) — |10.98|26.85 5.13 0.18|10.89|26.64 5.08 0.18
CaDDN [199] LiDAR|16.51|44.87 8.99 0.8 |16.28 4433 8.86 0.55
PatchNet [162] in [246] | Depth | 2.42 [10.01 1.07 0.22 | 228 | 9.73 0.97 0.16
PCT [246] Depth | 4.03 [14.67 1.74 036 | 4.15 [1451 1.71 0.35
05 | Level 2 | M3D-RPN[15]in[199] | - |3.61 |11.12 2.12 0.24 | 3.46 [10.67 2.04 0.20
GUP Net (Retrained) [159]| - | 9.39 |24.69 4.67 0.19 | 9.31 |24.50 462 0.19
DEVIANT (Ours) — 11029]26.75 4.95 0.16 [10.20(26.54 4.90 0.16

3.5.4 Waymo Val Mono3D

We also benchmark our method on the Waymo dataset [230] which has more variability
than KITTI. Tab. 3.12 shows the results on Waymo Val split. The results show that DEVIANT
outperforms the baseline GUP Net [159] on multiple levels and multiple thresholds. The biggest
gains are on the nearby objects which is consistent with Tabs. 3.3 and 3.5. Interestingly, DEVIANT
also outperforms PatchNet [162] and PCT [246] without using depth. Although the performance of
DEVIANT lags CaDDN [199], it is important to stress that CaDDN uses LiDAR data in training,

while DEVIANT is an image-only method.

3.6 Conclusions
This chapter studies the modeling error in monocular 3D detection in detail and takes the
first step towards convolutions equivariant to arbitrary 3D translations in the projective manifold.

Since the depth is the hardest to estimate for this task, this chapter proposes Depth Equivariant
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Network (DEVIANT) built with existing scale equivariant steerable blocks. As aresult, DEVIANT
is equivariant to the depth translations in the projective manifold whereas vanilla networks are
not. The additional depth equivariance forces the DEVIANT to learn consistent depth estimates
and therefore, DEVIANT achieves SoTA detection results on KITTI and Waymo datasets in the
image-only category and performs competitively to methods using extra information. Moreover,
DEVIANT works better than vanilla networks in cross-dataset evaluation. Future works include
applying the idea to Pseudo-LiDAR [254], and monocular 3D tracking.

Limitation. DEVIANT does not model 3D equivariance but only a special case of 3D equivariance.

Considerably less number of boxes are detected in the cross-dataset evaluation.
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CHAPTER 4

SEABIRD: SEGMENTATION IN BIRD’S VIEW WITH DICE LOSS IMPROVES
MONOCULAR 3D DETECTION OF LARGE OBJECTS

Monocular 3D detectors achieve remarkable performance on cars and smaller objects. However,
their performance drops on larger objects, leading to fatal accidents. Some attribute the failures
to training data scarcity or their receptive field requirements of large objects. In this chapter, we
highlight this understudied problem of generalization to large objects. We find that modern frontal
detectors struggle to generalize to large objects even on nearly balanced datasets. We argue that
the cause of failure is the sensitivity of depth regression losses to noise of larger objects. To bridge
this gap, we comprehensively investigate regression and dice losses, examining their robustness
under varying error levels and object sizes. We mathematically prove that the dice loss leads to
superior noise-robustness and model convergence for large objects compared to regression losses
for a simplified case. Leveraging our theoretical insights, we propose SeaBird (Segmentation in
Bird’s View) as the first step towards generalizing to large objects. SeaBird effectively integrates
BEV segmentation on foreground objects for 3D detection, with the segmentation head trained with
the dice loss. SeaBird achieves SOTA results on the KITTI-360 leaderboard and improves existing

detectors on the nuScenes leaderboard, particularly for large objects.

4.1 Introduction

Monocular 3D object detection (Mono3D) task aims to estimate both the 3D position and
dimensions of objects in a scene from a single image. Its applications span autonomous driving [108,
132,181], robotics [213], and augmented reality [2,172,183,293], where accurate 3D understanding
of the environment is crucial. Our study focuses explicitly on 3D object detectors applied to
autonomous vehicles (AVs), considering the challenges and motivations deviate drastically across
different applications.

AVs demand object detectors that generalize to diverse intrinsics [14], camera-rigs [94, 104],
rotations [177], weather and geographical conditions [54] and also are robust to adversarial examples

[310]. Since each of these poses a significant challenge, recent works focus exclusively on the
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Figure 4.1 Teaser (a) SoTA frontal detectors struggle with large objects (low APj,,) even on a nearly
balanced KITTI-360 dataset. Our proposed SeaBird achieves significant Mono3D improvements, particularly
for large objects. (b) SeaBird also improves two SoTA BEV detectors, BEVerse-S [303] and HoP [311]
on the nuScenes dataset, particularly for large objects. (c) Plot of convergence variance Var(e) of dice and
regression losses with the noise o in depth prediction. The y-axis denotes the deviation from the optimal
weight, so the lower the better. SeaBird leverages dice loss, which we prove is more noise-robust than
regression losses for large objects.

generalization of object detectors to all these out-of-distribution shifts. However, our focus is on
the generalization of another type, which, thus far, has been understudied in the literature — Mono3D
generalization to large objects.

Large objects like trailers, buses and trucks are harder to detect [268] in Mono3D, sometimes
resulting in fatal accidents [23, 60]. Some attribute these failures to training data scarcity [308] or
the receptive field requirements [268] of large objects, but, to the best of our knowledge, no existing
literature provides a comprehensive analytical explanation for this phenomenon. The goal of this
chapter is, thus, to bring understanding and a first analytical approach to this real-world problem in
the AV space — Mono3D generalization to large objects.

We conjecture that the generalization issue stems not only from limited training data or larger
receptive field but also from the noise sensitivity of depth regression losses in Mono3D. To
substantiate our argument, we analyze the Mono3D performance of state-of-the-art (SOTA) frontal
detectors on the KITTI-360 dataset [136], which includes almost equal number (1 : 2) of large
objects and cars. We observe that SOoTA detectors struggle with large objects on this dataset
(Fig. 4.1a). Next, we carefully investigate the SGD convergence of losses used in Mono3D task
and mathematically prove that the dice loss, widely used in BEV segmentation, exhibits superior
noise-robustness than the regression losses, particularly for large objects (Fig. 4.1c). Thus, the

dice loss facilitates better model convergence than regression losses, improving Mono3D of large
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objects.

Incorporating dice loss in detection introduces unique challenges. Firstly, the dice loss does not
apply to sparse detection centers and only incorporates depth information when used in the BEV
space. Secondly, naive joint training of Mono3D and BEV segmentation tasks with image inputs
does not always benefit Mono3D task [132, 167] due to negative transfer [45], and the underlying
reasons remain unclear. Fortunately, many Mono3D segmentors and detectors are in the BEV
space, where the BEV segmentor can seamlessly apply dice loss and the BEV detector can readily
benefit from the segmentor in the same space. To mitigate negative transfer, we find it effective to
train the BEV segmentation head on the foreground detection categories.

Building upon our theoretical findings about the dice loss, we propose a simple and effective
pipeline called Segmentation in Bird’s View (SeaBird) for enhancing Mono3D of large objects.
SeaBird employs a sequential approach for the BEV segmentation and Mono3D heads (Fig. 4.2).
SeaBird first utilizes a BEV segmentation head to predict the segmentation of only foreground
objects, supervised by the dice loss. The dice loss offers superior noise-robustness for large objects,
ensuring stable convergence, while focusing on foreground objects in segmentation mitigates
negative transfer. Subsequently, SeaBird concatenates the resulting BEV segmentation map with
the original BEV features as an additional feature channel and feeds this concatenated feature to a
Mono3D head supervised by Mono3D losses!. Building upon this, we adopt a two-stage training
pipeline: the first stage exclusively focuses on training the BEV segmentation head with dice loss,
which fully exploits its noise-robustness and superior convergence in localizing large objects. The
second stage involves both the detection loss and dice loss to finetune the Mono3D head.

In our experiments, we first comprehensively evaluate SeaBird and conduct ablations on the
balanced single-camera KITTI-360 dataset [136]. SeaBird outperforms the SoTA baselines by a
substantial margin. Subsequently, we integrate SeaBird as a plug-in-and-play module into two
SoTA detectors on the multi-camera nuScenes dataset [22]. SeaBird again significantly improves

the original detectors, particularly on large objects. Additionally, SeaBird consistently enhances

'Only Mono3D head predicts additional 3D attributes, namely object’s height and elevation.
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Figure 4.2 SeaBird Pipeline. SeaBird uses the predicted BEV foreground segmentation (For. Seg.) map
to predict accurate 3D boxes for large objects. SeaBird training protocol involves BEV segmentation pre-
training with the noise-robust dice loss and Mono3D fine-tuning.

Mono3D performance across backbones with those two SoTA detectors (Fig. 4.1b), demonstrating

its utility in both edge and cloud deployments.

In summary, we make the following contributions:

o We highlight the understudied problem of generalization to large objects in Mono3D, showing
that even on nearly balanced datasets, SOTA frontal models struggle to generalize due to the
noise sensitivity of regression losses.

e We mathematically prove that the dice loss leads to superior noise-robustness and model conver-
gence for large objects compared to regression losses for a simplified case and provide empirical
support for more general settings.

e We propose SeaBird, which treats BEV segmentation head on foreground objects and Mono3D
head sequentially and trains in a two-stage protocol to fully harness the noise-robustness of the
dice loss.

e We empirically validate our theoretical findings and show significant improvements, particularly
for large objects, on both KITTI-360 and nuScenes leaderboards.

4.2 Related Works

Mono3D. Mono3D popularity stems from its high accessibility from consumer vehicles compared

to LiDAR/Radar-based detectors [155,215,290] and computational efficiency compared to stereo-

based detectors [34]. Earlier approaches [31, 186] leverage hand-crafted features, while the recent

ones use deep networks. Advancements include introducing new architectures [89, 217, 275],
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equivariance [29,108], losses [15,35], uncertainty [111,159] and incorporating auxiliary tasks such
as depth [175,301], NMS [109, 147,216], corrected extrinsics [307], CAD models [25,117,154]
or LiDAR [199] in training. A particular line of work called Pseudo-LiDAR [165, 254] shows
generalization by first estimating the depth, followed by a point cloud-based 3D detector.

Another line of work encodes image into latent BEV features [164] and attaches multiple
heads for downstream tasks [303]. Some focus on pre-training [272] and rotation-equivariant
convolutions [59]. Others introduce new coordinate systems [95], queries [128, 161], or positional
encoding [219] in a transformer-based detection framework [24]. Some use pixel-wise depth
[88], object-wise depth [38,40, 141], or depth-aware queries [296], while many utilize temporal
fusion [17, 150, 248, 261] to boost performance. A few use longer frame history [182, 311],
distillation [105,260] or stereo [125,261]. We refer to [163, 167] for the survey. SeaBird also
builds upon the BEV-based framework since it flexibly accepts single or multiple images as input
and uses dice loss. Different from the majority of other detectors, SeaBird improves Mono3D of
large objects using the power of dice loss. SeaBird is also the first work to mathematically prove
and justify this loss choice for large objects.

BEV Segmentation. BEV segmentation typically utilizes BEV features transformed from 2D
image features. Various methods encode single or multiple images into BEV features using
MLPs [180] or transformers [205,211]. Some employ learned depth distribution [83, 188], while
others use attention [211,305] or attention fields [37]. Image2Maps [211] utilizes polar ray, while
PanopticBEV [72] uses transformers. FIERY [83] introduces uncertainty modelling and temporal
fusion, while Simple-BEV [74] uses radar aggregation. Since BEV segmentation lacks object
height and elevation, one also needs a Mono3D head to predict 3D boxes.

Joint Mono3D and BEV Segmentation. Joint 3D detection and BEV segmentation using LiDAR
data [58,215] as input benefits both tasks [252,281]. However, joint learning on image data often
hinders detection performance [132,167,272,303], while the BEV segmentation improvement is
inconsistent across categories [167]. Unlike these works which treat the two heads in parallel and

decrease Mono3D performance [167], SeaBird treats the heads sequentially and increases Mono3D
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Figure 4.3 (a) Problem setup. The single-layer neural network takes an image h (or its features) and predicts
depth Z and the object length £. The noise 7 is the additive error in depth prediction and is a normal random
variable. The GT depth z supervises the predicted depth Z with a loss L in training. We assume the network
predicts the GT length €. Frontal detectors directly regress the depth with £, £,, or Smooth £ loss, while
SeaBird projects to BEV plane and supervises through dice loss L;;c.. (b) Shifting of predictions (blue)
in BEV along the ray due to the noise 7. (¢) Cross Section (CS) view along the ray with classification scores
P(Z).

performance, particularly for large objects.

4.3 SeaBird

SeaBird is driven by a deep understanding of the distinctions between monocular regression
and BEV segmentation losses. Thus, in this section, we delve into the problem and discuss existing
results. We then present our theoretical findings and, subsequently, introduce our pipeline.

We introduce the problem and refer to Lemma 1 from the literature [113,214], which evaluates
loss quality by measuring the deviation of trained weight (after SGD updates) from the optimal
weight. Fig. 4.3a illustrates the problem setup. Figs. 4.3b and 4.3c visualize the BEV and cross-
section view, respectively. Since this deviation depends on the gradient variance of losses, we next
derive the gradient variance of the dice loss in Lemma 2. By comparing the distance between
trained weight and optimal weight, we assess the effectiveness of dice loss versus MAE (£;) and
MSE (L) losses in Lemma 3, and choose the representation and loss combination. Combining
these findings, we establish Th. 2 that the model trained with dice loss achieves better AP than the
model trained with regression losses. Finally, we present our pipeline, SeaBird, which integrates

BEV segmentation supervised by dice loss for Mono3D.
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4.3.1 Background and Problem Statement

Mono3D networks [108, 159] commonly employ regression losses, such as L; or £, loss,
to compare the predicted depth with ground truth (GT) depth [108, 303]. In contrast, BEV
segmentation utilizes dice loss [211] or cross-entropy loss [83] at each BEV location, comparing
it with GT. Despite these distinct loss functions, we evaluate their effectiveness under an idealized
model, where we measure the model guality by the expected deviation of trained weight (after SGD
updates) from the optimal weight [214].
Lemma 1. Convergence analysis [214]. Consider a linear regression model with trainable weight
w for depth prediction Z from an image h. Assume the noise n is an additive error in depth prediction
and is a normal random variable N (0, 0?). Also, assume SGD optimizes the model parameters

t
with loss function L during training with square summable steps s;, i.e. s=1lim } s% exists and
—0o0 i=1

J
1 is independent of the image. Then, the expected deviation of the trained weight W, from the

optimal weight w, obeys
E (||£Woo—w*||§) = cVar(e) + c2, 4.1)

where € = 6?9,(]”) is the gradient of the loss L wrt noise, ¢ = sE(h"h) and cy are constants

independent of the loss.
We refer to Sec. D.1.1 for the proof. Eq. (4.1) demonstrates that training losses £ exhibit
varying gradient variances Var(e). Hence, comparing this term for different losses allows us to

evaluate their quality.

4.3.2 Loss Analysis: Dice vs. Regression

Given that [214] provides the gradient variance Var(e), for £; and £, losses, we derive the
corresponding gradient variance for dice and IoU losses in this chapter to facilitate comparison.
First, we express the dice loss, Ljic., as a function of noise n as per its definition from [211] for

Fig. 4.3c as:

t=n|
L) = 1-2 Pred GT 1_22_{”’“7'3[
dice\1]) = Pred + GT
1 sl = ¢
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Table 4.1 Convergence variance of training loss functions. Gradient variance of £ ;.. is more noise-robust
for large objects, resulting in better detectors. We do not analyze cross-entropy loss theoretically since its
Var(€) is infinite, but empirically in Tab. 4.5.

Loss L Gradient € Var(e) (v)
L [214] (App. D.1.2.1) sgn(7) 1
£ [214] (App. D.1.2.2) n o?

sgn(1) < 1 ¢
Dice (Lemma 2) ¢ Il < —FBrf | —
0 Jnlze |2

g < e
= Laiice(n) = , 4.2)

L nl=¢
where ¢ denotes the object length. Eq. (4.2) shows that the dice loss Lg;.. depends on the object
size {. With the given dice loss Lg;c., we proceed to derive the following lemma:
Lemma 2. Gradient variance of dice loss. Let 1 = N(0,0?) be an additive normal random
variable and € be the object length. Let Erf be the error function. Then, the gradient variance of

the dice loss Varjic.(€) wrt noise n is

Vargs (¢) = Erf( \/fg) 43)

We refer to Sec. D.1.2.3 for the proof. Eq. (4.3) shows that gradient variance of the dice loss
Var;..(€) also varies inversely to the object size £ and the noise deviation o (See Sec. D.1.5).
These two properties of dice loss are particularly beneficial for large objects.

Tab. 4.1 summarizes these losses, their gradients, and gradient variances. With Varg;..(¢€)
derived for the dice loss, we now compare the deviation of trained weight with the deviations from
L or £, losses, leading to our next lemma.

Lemma 3. Dice model is closer to optimal weight than regression loss models. Based on Lemma 1
and assuming the object length € is a constant, if oy, is the solution of the equation o> = Erf ( )
and the noise deviation o > o, =max (O'm, %Erf‘ ! ({’2)), then the converged weight W, with the

dice loss L jice is better than the converged weight "wo, with the L or L5 loss, i.e.

B ([Weo = will,) < B Weo = wall) (44)
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Figure 4.4 Plot of convergence variance Var(e) of loss functions with the noise o-. Dice loss has minimum
convergence variance with large noise, resulting in better detectors for large objects.

We refer to Sec. D.1.3 for the proof. Beyond noise deviation threshold o, =max (O’m, gErf_ ! (52)) ,
the convergence gap between dice and regression losses widens as the object size ¢ increases.
Fig. 4.4 depicts the superior convergence of dice loss compared to regression losses under increas-
ing noise deviation o pictorially. Taking the car category with £=4m and the trailer category with
{=12m as examples, the noise threshold o, beyond which dice loss exhibits better convergence,

are 0.=0.3m and o, =0.1m respectively. Combining these lemmas, we finally derive:

Theorem 2. Dice model has better APsp. Assume the object length € is a constant and depth is
the only source of error for detection. Based on Lemma 1, if o, is the solution of the equation

2 = K%Erf(é) and the noise deviation o > 0, = max (O'm, %Erf‘l({’z)), then the Average
Precision (AP3p) of the dice model is better than AP3p from L or Ly model.

We refer to Sec. D.1.4 and Tab. D.1 for the proof and assumption comparisons respectively.

4.3.3 Discussions
Comparing classification and regression losses. We now explain how we compare classification
(dice) and regression losses. Our analysis assumes one-class classification in BEV segmentation
with perfect predicted foreground scores P(Z) = 1 (Fig. 4.3c). Hence, dice analysis focuses on
object localization along the BEV ray (Fig. 4.3b) instead of classification probabilities thus allowing

comparison of dice and regression losses. Lemma 1 links these losses by comparing the deviation
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of learned and optimal weights.
Regression losses work better than dice loss for regression tasks? Our key message is NOT
always! We mathematically and empirically show that regression losses work better only when the

noise o is less in Fig. 4.4.

4.3.4 SeaBird Pipeline

Architecture. Based on theoretical insights of Th. 2, we propose SeaBird, a novel pipeline, in
Fig. 4.2. To effectively involve the dice loss which originally designed for segmentation task
to assist Mono3D, SeaBird treats BEV segmentation of foreground objects and Mono3D head
sequentially. Although BEV segmentation map provides depth information (hardest [108, 166]
Mono3D parameter), it lacks elevation and height information for Mono3D task. To address this,
SeaBird concatenates BEV features with predicted BEV segmentation (Fig. 4.2), and feeds them
into the detection head to predict 3D boxes in a 7-DoF representation: BEV 2D position, elevation,
3D dimension, and yaw. Unlike most works [132,303] that treat segmentation and detection
branches in parallel, the sequential design directly utilizes refined BEV localization information
to enhance Mono3D. Ablations in Sec. 4.4.2 validate this design choice. We defer the details of
baselines to Sec. 4.4. Notably, our foreground BEV segmentation supervision with dice loss does
not require dense BEV segmentation maps, as we efficiently prepare them from GT 3D boxes.
Training Protocol. SeaBird trains the BEV segmentation head first, employing the dice loss
between the predicted and the GT BEV semantic segmentation maps, which fully utilizes the dice
loss’s noise-robustness and superior convergence in localizing large objects. In the second stage, we
jointly fine-tune the BEV segmentation head and the Mono3D head. We validate the effectiveness
of training protocol via the ablation in Sec. 4.4.2.

4.4 Experiments

Datasets. Our experiments utilize two datasets with large objects: KITTI-360 [136] and nuScenes
[22] encompassing both single-camera and multi-camera configurations. We opt for KITTI-360
instead of KITTI [67] for four reasons: 1) KITTI-360 includes large objects, while KITTI does not;

2) KITTI-360 exhibits a balanced distribution of large objects and cars; 3) an extended version,
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Table 4.2 Datasets comparison. We use KITTI-360 and nuScenes datasets for our experiments. See Fig. D.2
for the skewness.

KITTI [67] Waymo [230] KITTI-360 [136] nuScenes [22]
Large objects X X v v
Balanced X X v X
BEV Seg. GT X v v v
#images (k) 4 52 [108] 49 168

KITTI-360 PanopticBEV [72], includes BEV segmentation GT for ablation studies, while KITTI

3D detection and the Semantic KITTI dataset [6] do not overlap in sequences; 4) KITTI-360

contains about 10x more images than KITTI. We compare these datasets in Tab. 4.2 and show their

skewness in Fig. D.2.

Data Splits. We use the following splits of the two datasets:

e KITTI-360 Test split: This benchmark [136] contains 300 training and 42 testing windows.
These windows contain 61,056 training and 910 testing images.

e KITTI-360 Val split: 1t partitions the official train into 239 train and 61 validation windows [136].
This split contains 48,648 training and 1,294 validation images.

o nuScenes Test split: It has 34,149 training and 6,006 testing samples [22] from the six cameras.
This split contains 204,894 training and 36,036 testing images.

e nuScenes Val split: Ithas 28,130 training and 6,019 validation samples [22] from the six cameras.
This split contains 168,780 training and 36,114 validation images.

Evaluation Metrics. We use the following metrics:

® Detection: KITTI-360 uses the mean AP 3p 50 percentage across categories to benchmark
models [136]. nuScenes [22] uses the nuScenes Detection Score (NDS) as the metric. NDS is
the weighted average of mean AP (mAP) and five TP metrics. We also report mAP over large
categories (truck, bus, trailers and construction vehicles), cars, and small categories (pedestrians,
motorcyle, bicycle, cone and barrier) as APy ,,, APc,, and APy, respectively.

e Semantic Segmentation: We report mean IoU over foreground and all categories at 200x200
resolution [211,303].

KITTI-360 Baselines and SeaBird Implementation. Our evaluation on the KITTI-360 focuses on
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the detectors taking single-camera image as input. We evaluate SeaBird pipelines against six SOTA
frontal detectors: GrooMeD-NMS [109], MonoDLE [166], GUP Net [159], DEVIANT [108], Cube
R-CNN [14] and MonoDETR [300]. The choice of these models encompasses anchor [14,109] and
anchor-free methods [108, 166], CNN [159, 166], group CNN [108] and transformer-based [300]
architectures. Further, MonoDLE normalizes loss with GT box dimensions.

Due to SeaBird’s BEV-based approach, we do not integrate it with these frontal view detectors.
Instead, we extend two SoTA image-to-BEV segmentation methods, Image2Maps (I2ZM) [211] and
PanopticBEV (PBEV) [72] with SeaBird. Since both BEV segmentors already include their own
implementations of the image encoder, the image-to-BEV transform, and the segmentation head,
implementing the SeaBird pipeline only involves adding a detection head, which we chose to be Box
Net [289]. SeaBird extensions employ dice loss for BEV segmentation, Smooth £; losses [69] in
the BEV space to supervise the BEV 2D position, elevation, and 3D dimension, and cross entropy
loss to supervise orientation.
nuScenes Baselines and SeaBird Implementation. We integrate SeaBird into two prototypical
BEV-based detectors, BEVerse [303] and HoP [311] to prove the effectiveness of SeaBird. Our
choice of these models encompasses both transformer and convolutional backbones, multi-head
and single-head architectures, shorter and longer frame history, and non-query and query-based
detectors. This comprehensively allows us to assess SeaBird’s impact on large object detection.
BEVerse employs a multi-head architecture with a transformer backbone and shorter frame history.
HoP is single-head query-based SoTA model utilizing BEVDet4D [87] with CNN backbone, and
longer frame history.

BEVerse [303] includes its own implementation of detection head and BEV segmentation head
in parallel. We reorganize the two heads to follow our sequential design and adhere to our training
protocol for network training. Since HoP [311] lacks a BEV segmentation head, we incorporate

the one from BEVerse into this HoP extension with SeaBird.
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Table 4.3 KITTI-360 Test detection results. SeaBird pipelines outperform all monocular baselines, and
also outperform old LiDAR baselines. Click for the KITTI-360 leaderboard as well as our PBEV+SeaBird
and I2M+SeaBird entries. [Key: Best, Second Best, L= LiDAR, C= Camera, "= Retrained].

Modalit AP3p 50 (4)|AP3p 25 (4)
L C * [Method Venue | AP [%] | mAP [%]
v L-VoteNet [194] [ICCVI9| 3.40 30.61
v L-BoxNet [194] |ICCVI19| 4.08 23.59
v |GrooMeDT [109] [CVPR21| 0.17 16.12
v |[MonoDLET [166] |[CVPR21| 0.85 28.99
v |GUPNet' [159] |ICCV21| 0.87 27.25
v |DEVIANTT [108] [ECCV22| 0.88 26.96
Vv |Cube R-CNNT [14]|CVPR23| 0.80 15.57
v [MonoDETR ' [300]|ICCV23| 0.79 27.13
v |[I2M+SeaBird CVPR24| 3.14 35.04
v |PBEV+SeaBird |[CVPR24| 4.64 37.12

44.1 KITTI-360 Mono3D

KITTI-360 Test. Tab. 4.3 presents KITTI-360 leaderboard results, demonstrating the superior
performance of both SeaBird pipelines compared to all monocular baselines across all metrics.
Moreover, PBEV+SeaBird also outperforms both legacy LiDAR baselines on all metrics, while
I2M+SeaBird surpasses them on the AP 3p 25 metric.

KITTI-360 Val. Tab. 4.4 presents the results on KITTI-360 Val split, reporting the median model
over three different seeds with the model being the final checkpoint as [108]. SeaBird pipelines
outperform all monocular baselines on all but one metric, similar to Tab. 4.3 results. Due to the
dice loss in SeaBird, the biggest improvement shows up on larger objects. Tab. 4.4 also includes
the upper-bound oracle, where we train the Box Net with the GT BEV segmentation maps.
Lengthwise AP Analysis. Th. 2 states that training a model with dice loss should lead to lower
errors and, consequently, a better detector for large objects. To validate this claim, we analyze
the detection performance with AP 3p 50 and AP 3p 25 metrics against the object’s lengths. For
this analysis, we divide objects into four bins based on their GT object length (max of sizes):
[0,5), [5,10), [10,15), [15 + m. Fig. 4.5 shows that SeaBird pipelines excel for large objects,
where the baselines’ performance drops significantly.

BEV Semantic Segmentation. Tab. 4.4 also presents the BEV semantic segmentation results

on the KITTI-360 Val split. SeaBird pipelines outperforms the baseline I2M [211], and achieve
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Figure 4.5 Lengthwise AP Analysis of four SoTA detectors and two SeaBird pipelines on KITTI-360 Val
split. SeaBird pipelines outperform all baselines on large objects with over 10m in length.

Table 4.4 KITTI-360 Val detection and segmentation results. SeaBird pipelines outperform all frontal
monocular baselines, particularly for large objects. Dice loss in SeaBird also improves the BEV only (w/o
dice) version of SeaBird pipelines. I2M and PBEV are BEV segmentors. So, we do not report their Mono3D
performance. [Key: Best, Second Best, = Retrained]

. BEV Se AP35 50 [9](4) AP35 25 [96]() BEV Seg IoU [%](4)
View | Method Loss | Venue APL,, APc,, MAP|AP, APc, mAP | Large Car Mpor
GrooMeD-NMS ™ [109] CVPR21| 0.00 33.04 1652] 000 3821 19.01]| - - _
MonoDLE [166] CVPR21 | 0.94 44.81 22.88| 4.64 5052 27.58| - - -
Eronta | GUP Net! [159] _ICCV21 | 054 4511 2283| 098 5052 2575| - - -
DEVIANT! [108] ECCV22| 0.53 4425 22.39| 1.01 48.57 2479| - - -

Cube R-CNN' [14] CVPR23| 0.75 2252 11.63| 555 27.12 1634| - - -
MonoDETR ' [300] ICCV23 | 0.81 4324 22.02| 450 48.69 26.60| - - -

DM [211] Dice ICRA22| - - - | — = = |2046 3804 2925
2M+SeaBird X CVPR24| 486 45.00 2498|2633 5231 3932| 0.00 7.07 3.54
12M+SeaBird Dice CVPR24| 871 43.19 2595|3576 5222 4399|2323 39.61 31.42

BEV [PBEV' [72] CE  RAL22 | = - - | = - — [2385 4854 36.18
PBEV+SeaBird X CVPR24| 7.64 4537 2651|2972 5386 41.79| 2.07 147 157
PBEV-+SeaBird Dice CVPR24 | 1322 42.46 27.84|37.15 52.53 44.84| 2430 48.04 36.17

Oracle (GT BEV) 2677 51.79 39.28|49.74 56.62 53.18 | 100.00 100.00 100.00

similar performance to PBEV [72] in BEV segmentation. We retrain all BEV segmentation models

only on foreground detection categories for a fair comparison.

4.4.2 Ablation Studies on KITTI-360 Val

Tab. 4.5 ablates I2M [211] +SeaBird on the KITTI-360 Val split, following the experimental
settings of Sec. 4.4.1.
Dice Loss. Tab. 4.5 shows that both dice loss and BEV representation are crucial to Mono3D of
large objects. Replacing dice loss with MSE or Smooth £ loss, or only BEV representation (w/o
dice) reduces Mono3D performance.

Mono3D and BEV Segmentation. Tab. 4.5 shows that removing the segmentation head hinders
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Table 4.5 Ablation studies on KITTI-360 Val. [Key: Best, Second Best]

AP 3p 50 [%o](4) AP35 25 [%0](4) BEV Seg IoU [%](4)
Changed From = To AP, APc,, mAP |AP., APc, mAP |Large Carg Mror  Mag
Dice —»No Loss 486 4509 2498|2633 5231 39.32| 0.00 7.07 3.54 -
Segmentation Loss | Di¢e > Smooth £ | 7.63 3669 2216 31.01 47.51 3926 |17.16 3467 2592 -
Dice —»MSE 7.04 3559 21.32|30.90 44.71 37.81|17.46 34.85 26.16 -
Dice -»CE 7.06 3560 21.33|3322 47.60 40.41|21.83 38.11 29.97 -
Segmentation Head | Yes—+No 7.52 39.24 23.38|31.83 47.88 39.86| - - - -
Detection Head | Yes—»No - - - - - — |20.46 38.04 2925 -
Semantic Category | T > Al 1.61 44.12 22.87| 1536 51.76 33.56 | 19.26 34.46 26.86 24.34
For.—»Car 4.17 43.01 23.59|22.68 51.58 37.13| — 4028 20.14 -
Multi-head Arch. | Sequential—» Parallel | 9.12 4027 24.69 | 32.45 51.55 42.00|22.19 40.37 31.28 -
BEV Shortcut Yes—No 6.53 38.12 22.33|32.05 52.62 42.34|23.00 40.39 31.70 -
Training Protocol | > 1303 742 42773 25.08|31.94 49.88 4091|2291 39.66 31.29 -
S+J—D+J [281] 6.07 43.43 2475|2924 5296 41.10]20.71 35.68 2820 -
I2M+SeaBird - 871 43.19 25.95|35.76 5222 4399|2323 39.61 3142 -

Mono3D performance. Conversely, removing detection head also diminishes the BEV segmentation
performance for the segmentation model. This confirms the mututal benefit of sequential BEV
segmentation on foreground objects and Mono3D.

Semantic Category in BEV Segmentation. We next analyze whether background categories play
any role in Mono3D. Tab. 4.5 shows that changing the foreground (For.) categories to foreground +
background (All) does not help Mono3D. This aligns with the observations of [167,272,303] that
report lower performance on joint Mono3D and BEV segmentation with all categories. We believe
this decrease happens because the network gets distracted while getting the background right. We
also predict one foreground category (Car) instead of all in BEV segmentation. Tab. 4.5 shows that
predicting all foreground categories in BEV segmentation is crucial for overall good Mono3D.
Multi-head Architecture. SeaBird employs a sequential architecture (Arch.) of segmentation
and detection heads instead of parallel architecture. Tab. 4.5 shows that the sequential architecture
outperforms the parallel one. We attribute this Mono3D boost to the explicit object localization
provided by segmentation in the BEV plane.

BEYV Shortcut. Sec. 4.3.4 mentions that SeaBird’s Mono3D head utilizes both the BEV segmen-
tation map and BEV features. Tab. 4.5 demonstrates that providing BEV features to the detection
head is crucial for good Mono3D. This is because the BEV map lacks elevation information, and
incorporating BEV features helps estimate elevation.

Training Protocol. SeaBird trains segmentor first and then jointly trains detector and segmentor
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Table 4.6 nuScenes Test detection results. SeaBird pipelines achieve the best AP;,, among methods
without Class Balanced Guided Sampling (CBGS) [308] and future frames. Results are from the nuScenes
leaderboard or corresponding chapters on V2-99 or R101 backbones. [Key: Best, Second Best, S= Small,
*= Reimplementation, $= CBGS, “®= Future Frames.]

Resolution Method BBone Venue APrc () APcyr () APgpy(#) mAP(#) NDS(4)
BEVDepth [127] in [101] | R101 AAAI23 - - - 39.6 48.3
BEVStereo [125]in [101] | R101  AAAI23 - - - 40.4 50.2
5121408 P2D [101] R101 ICCV23 - - - 43.6 53.0
BEVerse-S [303] Swin-S  ArXiv 24.4 60.4 47.0 39.3 53.1
HoP* [311] R101 ICCV23 36.0 65.0 539 479 57.5
HoP+SeaBird R101 CVPR24 36.6 65.8 54.7 48.6 57.0
Spatial DETR [53] V2-99 ECCV22 30.2 61.0 48.5 42.5 48.7
3DPPE [219] V2-99 ICCV23 - - - 46.0 514
X3KDyy [105] R101 CVPR23 - - - 45.6 56.1
PETRv2 [150] V2-99 ICCV23 36.4 66.7 55.6 49.0 58.2
VEDet [29] V2-99 CVPR23 371 68.5 57.7 50.5 58.5
FrustumFormer [256] V2-99 CVPR23 - - - 51.6 58.9
640x1600 MV2D [259] V2-99 ICCV23 - - - 51.1 59.6
HoP* [311] V2-99 ICCV23 371 68.7 55.6 49.4 58.9
HoP+SeaBird V2-99 CVPR24 38.4 70.2 57.4 51.1 59.7
SA-BEV? [299] V2-99 ICCV23 40.5 68.9 60.5 53.3 62.4
FB-BEV? [134] V2-99 ICCV23 39.3 71.7 61.6 53.7 62.4
CAPE? [273] V2-99 CVPR23 41.3 71.4 63.3 55.3 62.8
SparseBEV ©® [142] V2-99 ICCV23 45.6 76.3 68.8 60.3 67.5
ParametricBEV [283] R101 ICCV23 - - - 46.8 49.5
UVTR [126] R101 NeurIPS22 35.1 67.3 52.9 47.2 55.1
900x 1600 BEVFormer [132] V2-99 ECCV22 34.4 67.7 55.2 48.9 56.9
PolarFormer [95] V2-99 AAAI23 36.8 68.4 55.5 49.3 57.2
STXD [91] V2-99 NeurIPS23 - - - 49.7 58.3

Table 4.7 nuScenes Val detection results. SeaBird pipelines outperform the two baselines BE Verse and HoP,
particularly for large objects. We train all models without CBGS. See Tab. D.9 for a detailed comparison.
[Key: S= Small, T= Tiny, “= Released, *= Reimplementation]

Resolution Method BBone Venue AP;,.o () APcsr #) APgy () mAP(#) NDS (4)
BEVerse-T* [303] Swin-T ArXiv | 18.5 53.4 38.8 32.1 46.6
ssex70s HSeaBird CVPR24 | 19.5 (+1.0) 54.2 (+0.8) 41.1 (+2.3) 33.8 (+1.5) 48.1(+1.7)
HoP* [311] R50 ICCV23 | 274 57.2 46.4 39.9 50.9
+SeaBird CVPR24 | 28.2 (+0.8) 58.6 (+1.4) 47.8 (+1.4) 41.1 (+1.2) 51.5(+0.6)
BEVerse-S* [303] Swin-S ArXiv |20.9 56.2 42.2 352 49.5
5121408 +SeaBird CVPR24 | 24.6 (+3.7) 58.7 (+2.5) 45.0 (+2.8) 38.2(+3.0) 51.3 (+1.8)
HoP* [311] R101 ICCV23 | 31.4 63.7 52.5 45.2 55.0
+SeaBird CVPR24 | 32.9 (+1.5) 65.0 (+1.3) 53.1(+0.6) 46.2 (+1.0) 54.7 (-0.3)
HoP* [311] ICCV23 | 36.5 69.1 56.1 49.6 58.3
640x1600 +SeaBird V299 CVPR24 | 40.3 (+3.8) 71.7 (+2.6) 58.8 (+2.7) 52.7 (+3.1) 60.2 (+1.9)

(S+J). We compare with direct joint training (J) of [303] and training detection followed by joint

training (D+J) of [281]. Tab. 4.5 shows that SeaBird training protocol works best.
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4.4.3 nuScenes Mono3D

We next benchmark SeaBird on nuScenes [22], which encompasses more diverse object cate-
gories such as trailers, buses, cars and traffic cones, compared to KITTI-360 [136].
nuScenes Test. Tab. 4.6 presents the results of incorportaing SeaBird to the HoP models with the
V2-99 and R101 backbones. SeaBird with both V2-99 and R101 backbones outperform several
SoTA methods on the nuScenes leaderboard, as well as the baseline HoP, on nearly every metric.
Interestingly, SeaBird pipelines also outperform several baselines which use higher resolution
(900x1600) inputs. Most importantly, SeaBird pipelines achieve the highest AP;,, performance,
providing empirical support for the claims of Th. 2.
nuScenes Val. Tab. 4.7 showcases the results of integrating SeaBird with BEVerse [303] and
HoP [311] at multiple resolutions, as described in [303,311]. Tab. 4.7 demonstrates that integrating
SeaBird consistently improves these detectors on almost every metric at multiple resolutions. The
improvements on AP;,, empirically support the claims of Th. 2 and validate the effectiveness of

dice loss and BEV segmentation in localizing large objects.

4.5 Conclusions

This chapter highlights the understudied problem of Mono3D generalization to large objects.
Our findings reveal that modern frontal detectors struggle to generalize to large objects even
when trained on balanced datasets. To bridge this gap, we investigate the regression and dice
losses, examining their robustness under varying error levels and object sizes. We mathematically
prove that the dice loss outperforms regression losses in noise-robustness and model convergence
for large objects for a simplified case. Leveraging our theoretical insights, we propose SeaBird
(Segmentation in Bird’s View) as the first step towards generalizing to large objects. SeaBird
effectively integrates BEV segmentation with the dice loss for Mono3D. SeaBird achieves SoTA
results on the KITTI-360 leaderboard and consistently improves existing detectors on the nuScenes
leaderboard, particularly for large objects. We hope that this initial step towards generalization will
contribute to safer AVs.

Limitation. SeaBird does not fully solve the problem of generalization to large objects.
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CHAPTER 5

CHARMB3R: TOWARDS CAMERA HEIGHT AGNOSTIC MONOCULAR 3D OBJECT
DETECTOR

To this end, we attempt generalizing Mono3D networks to occlusion, dataset and object sizes.
Monocular 3D object detectors, while effective on data from one ego camera height, struggle with
unseen or out-of-distribution camera heights. Existing methods often rely on Plucker embeddings,
image transformations or data augmentation. This chapter takes a step towards this understudied
problem by investigating the impact of camera height variations on state-of-the-art (SOTA) Mono3D
models. With a systematic analysis on the extended CARLA dataset with multiple camera heights,
we observe that depth estimation is a primary factor influencing performance under height vari-
ations. We mathematically prove and also empirically observe consistent negative and positive
trends in mean depth error of regressed and ground-based depth models, respectively, under cam-
era height changes. To mitigate this, we propose Camera Height Robust Monocular 3D Detector
(CHARM3R), which averages both depth estimates within the model. CHARM3R significantly
improves generalization to unseen camera heights, achieving SoTA performance on the CARLA

dataset.

5.1 Introduction

Monocular 3D object detection (Mono3D) task uses a single image to determine both the 3D
location and dimensions of objects. This technology is essential for augmented reality [2,172, 183,
293], robotics [213], and self-driving cars [108, 132, 181], where accurate 3D understanding of the
environment is crucial. Our research specifically focuses on using 3D object detectors applied to
autonomous vehicles (AVs), as they have unique challenges and requirements.

AVs necessitate detectors that are robust to a wide range of intrinsic and extrinsic factors,
including intrinsics [14], domains [133], object size [110], rotations [177,307], weather conditions
[137,179], and adversarial examples [310]. Existing research primarily focusses on generalizing
object detectors to these failure modes. However, this work investigates the generalization of

Mono3D to another type, which, thus far, has been relatively understudied in the literature —
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Figure 5.1 Teaser. Changing ego height at inference quickly drops Mono3D performance of SoTA detectors.
A height change AH of 0.76m in inference drops AP3p [%] by absolute 35 points.
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Figure 5.2 Performance Comparison. The performance of SoTA detector GUP Net [159] drops significantly
with changing ego heights in inference. Ground-based model shows contrasting depth error (extrapolation)
trend compared to regression-based depth models. Our proposed CHARMS3R exhibits greater robustness
to such variations by averaging regression and ground-based depth estimates. All methods, except the Oracle,
are trained on car-height data AH = Om and tested on data from bot to truck heights.

Mono3D generalization to unseen ego camera heights.

The ego height of autonomous vehicles (AVs) varies significantly across different platforms and
deployment scenarios. While almost all training data is collected from a specific ego height, such as
that of a passenger car, AVs are now deployed with substantially different ego height such as small
bots or trucks. Collecting, labeling datasets and retraining models for each possible height is not
scalable [104], computationally expensive and impractical. Therefore, our work aims to address
the challenge of generalizing Mono3D models to unseen ego heights.

Generalizing Mono3D to unseen ego heights from single ego height data is challenging due to
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the following five reasons. First, neural models excel at In-Domain (ID) generalization, but struggle
with unseen Out-Of-Domain (OOD) generalization [237,276]. Second, ego height changes induce
projective transformations [76] that CNNs [43], DEVIANT [108] or ViT [55] backbones do not
effectively handle [212]. Third, existing projective equivariant backbones [168, 176] are limited to
single-transform-per-image scenarios, while every pixel in a driving image undergoes a different
depth-dependent transform. Fourth, the non-linear nature [21, 76] of projective transformations
makes interpolation difficult. Finally, disentangled learning does not work for this problem since
such approaches need at least two height data, while the training data here is from single height.
Note that the generalization from single height to multi heights is more practical since multi-height
data is unavailable in almost all real datasets.

We first systematically analyze and quantify the impact of ego height on the performance of
Mono3D models trained on a single ego height. Leveraging the extended CARLA dataset [104], we
evaluate the performance of state-of-the-art (SoTA) Mono3D models under multiple ego heights.
Our analysis reveals that SOTA Mono3D models exhibit significant performance degradation when
faced with large height changes in inference (Figs. 5.2a and 5.2b). Additionally, we empirically
observe a consistent negative trend in the regressed object depth under height changes (Fig. 5.2¢).
Furthermore, we decompose the performance impact into individual sub-tasks and identify depth
estimation as the primary contributor to this degradation.

Recent papers address ego height changes by using Plucker embeddings [4], transforming target-
height images to the original height, assuming constant depth [129], or by retraining with augmented
data [104]. While these techniques do offer some effectiveness, image transformation fails (Fig. 5.6)
under significant height changes due to real-world depth variations. The augmentation strategy
requires complicated pipelines for data synthesis at target heights and also falls short when the
target height is OOD or when the target height is unknown apriori during training.

To effectively generalize Mono3D to unseen ego heights, a detector should first disentangle
the depth representation from ego parameters in training and produce a new representation with

new ego parameters in inference, while also canceling the trends. We propose using the projected
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bottom 3D center and ground depth in addition to the regressed depth. While the ground depth is
easily calculated from ego parameters and height, and can be changed based on the ego height, its
direct application to Mono3D models is sub-optimal (a reason why ground plane is not used alone).
However, we observe a consistent positive trend in ground depth, which contrasts with the negative
trend in regressed depths. By averaging both depth estimates within the model, we effectively
cancel these opposing trends and improve Mono3D generalization to unseen ego heights.

In summary the main contributions of this work include:

We attempt the understudied problem of OOD ego height robustness in Mono3D models from

single height data.

e We mathematically prove systematic negative and positive trends in the regressed and ground-
based object depths, respectively, under ego height changes under simplified assumptions (Th. 3
and 4).

e We propose simple averaging of these depth estimates within the model to effectively counteract
these opposing trends and generalize to unseen ego heights (Sec. 5.4.3).

e We empirically demonstrate SOTA robustness to unseen ego height changes on the CARLA

dataset (Tab. 5.2).

5.2 Related Works

Extrapolation / OOD Generalization. Neural models excel at ID generalization, but struggle at
OOD generalization [237,276]. There are two major classes of methods for good OOD classifica-
tion. The first does not use target data and relies on diversifying data [235], features [240, 286],
predictions [119], gradients [207,236] or losses [193,208,210]. Another class finetunes on small
target data [103]. None of these papers attempt OOD generalization for regression tasks.
Mono3D. Mono3D has gained significant popularity, offering a cost-effective and efficient solution
for perceiving the 3D world. Unlike its more expensive LiDAR and radar counterparts [155,215,
290], or its computationally intensive stereo-based cousins [34], Mono3D relies solely on a single
camera or multiple cameras with little overlaps. Earlier approaches to this task [31, 186] relied

on hand-crafted features, while the recent advancements use deep models. Researchers explored
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a variety of approaches to improve performance, including architectural innovations [89, 275],
equivariance [29, 108], losses [15,35], uncertainty [111, 159] and depth estimation [175,279,301].
A few use NMS [109, 147], corrected extrinsics [307], CAD models [25,117,154] or LiDAR [199]
in training. Other innovations include Pseudo-LiDAR [165,254], diffusion [196,274], BEV feature
encoding [96, 131, 303] or transformer-based [24] methods with modified positional encoding
[82,219,233], queries [36,93,128,296] or query denoising [140]. Some use pixel-wise depth [88]
or object-wise depth [38,40, 141]. Many utilize temporal fusion with short [17, 150, 248, 261]
or long frame history [28, 182,311] to boost performance. A few use distillation [100, 260],
stereo [125,261] or loss [110, 148] to improve these results further. For a comprehensive overview,
we redirect readers to the surveys [163,167]. CHARM3R selects representative Mono3D models
and improves their extrapolation to unseen camera heights.

Camera Parameter Robustness. While several works aim for robust LiDAR-based detec-
tors [27, 84, 255, 277, 282], planners [285] and map generators [197], fewer studies focus on
generalizing image-based detectors. Existing image-based techniques, such as self-training [130],
adversarial learning [249], perspective debiasing [158], and multi-view depth constraints [26],
primarily address datasets with variations in camera intrinsics and minor height differences of
0.2m. Some papers show robustness to other camera parameters such as intrinsics [14], and rota-
tions [177,307]. CHARM3R specifically tackles the challenge of generalizing to scenarios with
significant camera height changes, exceeding 0.7m.

Height-Robustness. Image-based 3D detectors such as BEVHeight [94] and MonoUNI [94]
train multiple detectors at different heights, but always do ID testing. Recent works address ego
height changes by either using Plucker embeddings [4,297] for video generation/pose estimation,
by transforming target-height images to the original height, assuming constant depth [129] for
Mono3D, or by retraining with augmented data [104] for BEV segmentation. In contrast, we
investigate the contrasting extrapolation behavior of regressed and ground-based depth estimators
and average them for generalizing Mono3D to unseen camera heights.

Wide Baseline Setup. Wide baseline setups are challenging due to issues like large occlusions,

65



f Image Plane

Test Ego ——.4

AH
w1 Object

Train Ego *.‘ -
0.5h,p

‘ ~ h
H Up,Vy)

/
!

O (ugvo) Y

0.5h,5 |.|h

(UbrVp)

/e

<

/

B Ground

Figure 5.3 Problem Setup. Note that changing ego height does not change the object depth z but only its
position (u., v.) in the image plane. A regressed-depth model uses this pixel position to estimate the depth
and therefore, fails when the ego height is changed.

depth discontinuities [229] and intensity variations [228]. Unlike traditional wide-baseline setups
with arbitrary baseline movements, generalization to unseen ego height requires handling baseline
movements specifically along the vertical direction.
5.3 Notations and Preliminaries

We first list out the necessary notations and preliminaries which are used throughout this chapter.
These are not our contributions and can be found in the literature [65,73, 76].
Notations. Let K € R¥3 denote the camera intrinsic matrix, R € R3*3 the rotation matrix and
T e R3*! the translation vector of the extrinsic parameters. Also, 0 € R3*! denotes the zero vector
in 3D. We denote the ego camera height on the car as H, and the height change relative to this car
as AH meters. The camera intrinsics matrix K has focal length f and principal point (g, vo). Let
(u,v) represent a pixel position in the camera coordinates, and (u.,v.) and (up,v,) denotes the
projected 3D center and bottom center respectively. & denotes the height of the image plane. We
show these notations pictorially in Fig. 5.3.

Pinhole Point Projection [76]. The pinhole model relates a 3D point (X,Y, Z) in the world
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Figure 5.4 CHARMB3R Overview. CHARM3R predicts the shift coefficient to obtain projected 3D bottom
centers to query the ground depth and then averages the ground-depth and the regressed depth estimates
within the model itself to output final depth estimate of a bounding box. CHARMB3R uses the results of
Th. 3 and 4 that demonstrate that the ground and the regressed depth models show contrasting extrapolation
behaviors.

coordinate system to its 2D projected pixel (u, v) in camera coordinates as:

X
u
R T||Y
v|z= K o : (5.1)
0" 1||z
1
1

where z denotes the depth of pixel (i, v).

Ground Depth Estimation [65,73]. While depth estimation in Mono3D is ill-posed, ground depth
can be precisely determined given the camera parameters and height relative to the ground in the
world coordinate system [65,73,284]. Since all datasets provide camera mounting height from the
ground, we obtain the depth of ground plane pixels in closed form.

Lemma 4. Ground Depth of Pixel [65,73,284]. Consider a pinhole camera model with intrinsics

K, rotation R and translation extrinsics T. Let matrix A= (a;;) =R 'K € R¥3, and -R7'T as
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the vector B=(b;) € R**\. Then, the ground depth z for a pixel (u,v) is

H-b
z= SH— (5.2)
ariu + anv+ans

We refer to Sec. E.1.1 in the appendix for the derivation.
Lemma 5. Ground Depth of Pixel For datasets with the rotation extrinsics R an identity, the depth

estimate 7 from Lemma 4 becomes

(5.3)

We refer to Sec. E.1.2 for the proof.

5.4 CHARM3R

In this section, we first mathematically prove the contrasting extrapolation behavior of regressed
and ground-based object depths under varying camera heights. To mitigate the impact of these
opposing trends and improve generalization to unseen heights, we propose Camera Height Agnostic
Monocular 3D Object Detector or CHARM3R. CHARM3R averages both these depth estimates
within the model to mitigate these trends and improves generalization to unseen heights. Fig. 5.4

shows the overview of CHARM?3R.

5.4.1 Ground-based Depth Model

Outdoor driving scenes typically contain a ground region, unlike indoor scenes. The ground
depth varies with ego height, providing a valuable reference and prior for generalizing Mono3D to
unseen ego heights.
Bottom Center Estimation. Lemma 4 utilizes the ground plane depth from Eq. (5.2) to estimate
object depths. The numerator in Eq. (5.2) can be negative, while depth is positive for forward facing
cameras. To ensure positive depth values, we apply the Rectified Linear Unit (ReLU) activation
(max(z,0)) to the numerator of Eq. (5.2). This step promotes spatially continuous and meaningful
ground depth representations, improving the training stability of CHARM3R. Ablation in Sec. 5.5.3

confirm the effectiveness.
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In practice, CHARM3R leverages the projected 3D center (u., v.), 2D height information /,p

and the 2D center (u.2p, vc2p) to compute the projected bottom 3D center (up, vj) as follows:
1
Up =Uc 5 Vp=Ve+ ith +a(ve = veop). (5.4)

With the projected bottom center (up, vp) estimated, we query the ground plane depth at this
point, as derived in Lemma 4. Note that we do not use the 3D height to calculate the bottom center
since projecting this point requires the box depth, which is the quantity we aim to estimate. We,
now, analyze the extrapolation behavior of this ground-based depth model in the following theorem.
Theorem 3. Ground-based bottom center model has positive slope (trend) in extrapolation.
Consider a ground depth model that predicts Z from the projected bottom 3D center (up, vj) image.
Assuming the GT object depth 7 is more than the ego height change AH, the mean depth error of

the ground model exhibits a positive trend w.r.t. the height change AH:

E(%AH - z) ~ ReLU ( ) FAH, (5.5)

Vp—Vo
where f is the focal length and (ug, vo) is the optical center.

Th. 3 says that the ground model over-estimates and under-estimates depth as the ego height

change AH increases and decreases respectively.

Proof. When the ego camera shifts by AH m, the y-coordinate of the projected 3D bottom center

AH
vy of a 3D box becomes vb+f—. Using Eq. (5.3), the new depth $Za 1s
Z

H+AH—b2 _ H+AH—b2 (56)
fAH B vb—v0+AH ’ '

140
f z

S2AH =

Vp +

Z
f
. . . AH .
If the ego height change AH is small compared to the object depth z, — =~ 0. So, we write the
Z

above equation as

H+AH-by AH

.~ Ao, A
IAH ~ Vp—V0 ZO+ Vp—V0

f f
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fAH
Vb—=V0

fAH

Vp—V0 ’

~z+n+

= Zan—zxn+

assuming the ground depth & at train height AH = 0 is the GT depth z added by a normal random
variable 77 with mean 0 and variance o2 as in [110]. Taking expectation on both sides, the mean

depth error is

E(ngH - z) ~ ( ) FAH,

Vp—V0
confirming the positive trend of the mean depth error of the ground model w.r.z. the height change
AH.

The ground lies between the bottom part of the image plane/ image height () and the optical
center y-coordinate v, and so v, —vg > 0. However, in practice, it could get negative in early stage
of training. To enforce non-negativity of this term, we pass v —v( through a ReLLU non-linearity to

enforce v; —vo 1s positive. Sec. 5.5.3 confirms that ReLU remains important for good results. O

5.4.2 Regression-based Depth Model

Most Mono3D models rely on regression losses, to compare the predicted depth with the GT
depth [108,303]. We, next, derive the extrapolation behavior of such regressed depth model in the
following theorem.
Theorem 4. Regressed model has negative slope (trend) in extrapolation. Consider a regressed
depth model trained on data from single ego height, predicting depth Z from the projected 3D center
(uc,ve). Assuming a linear relationship between predicted depth and pixel position, the mean

depth error of a regressed model exhibits a negative trend w.r.t. the height change AH:
z

E(%AH - z) _— (ﬁ ) FAH, (5.7)

where B is a camera height independent positive constant.
Th. 4 says that regressed depth model under-estimates and over-estimates depth as the ego

height change AH increases and decreases respectively.
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Figure 5.5 CARLA Val samples with both negative and positive ego height changes (AH) covers AVs from
bots to cars to trucks.

Table 5.1 Error analysis of GUP Net [159] trained on AH =0m on all height changes AH of CARLA Val
split. Depth remains the biggest source of error in inference on unseen ego heights.

Oracle Params. v / AH (m)—» AP3p 70 [%] (4) AP 3p 50 [T0] (4) MDE (m) [~ 0]

x y z | w h 6|-070 0 +0.76 | —0.70 0 +0.76 | —0.70 0 +0.76
9.46 53.82 7.23 | 41.66 76.47 4097 | +0.53 +0.03 -0.63
v 15.95 62.21 12.74 | 46.89 76.78 5097 [ +0.53 +0.03 -0.63

v 13.56 59.55 10.67 | 4493 76.86 49.84 | +0.53 +0.03 -0.63
v 34.82 69.99 39.03 | 68.10 82.73 76.24 | +0.00 +0.00 +0.00

v v 65.44 82.36 80.70 | 74.76 84.93 82.11 [ +0.00 +0.00 +0.00
v v 10.32 56.24 7.20 | 42.04 76.61 42.03 [ +0.53 +0.03 -0.63

v v v v v/ 75.86 82.82 82.08 | 78.21 85.17 82.24 [ +0.00 +0.00 +0.00
v v v v v v V| 7844 8520 8228 | 78.44 8520 82.28 [ +0.00 +0.00 +0.00

Proof. Neural nets often use the y-coordinate of their projected 3D center v, to predict depth [51].

Consider a simple linear regression model for predicting depth. Then, the regressed depth 'Z is

I
=)
Il

R _ (Zmax_zmin

h ) (Vc_VO) + Zmax

= _ﬁ(VC_VO) + Zmaxs (5.8)

This linear regression model has a negative slope, with a positive slope parameter 3, and h
being the height of the image. This model predicts depth z,,;, at pixel position v, =h and z,,4, at

principal point v, =vo. When the ego camera shifts by AH m, the projected center of the object
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becomes v, + . Substituting this into the regression model of Eq. (5.8), we obtain the new

depth "Zpy as,

"ZAH = - (Vc+ _VO) + Zmax

B

= _ﬁ(VC_VO) + Zmax — (2) SAH

="Z0 - (E) fAH
Z

=Z+n—(’§)fAH
B

)
Z

- rfAH—Z:ﬂ—(

assuming the regressed depth 'Zy at train height AH = 0 is the GT depth z added by a normal

2

random variable  with mean 0 and variance o~ as in [110]. Taking expectation on both sides, the

mean depth error is
E(rfAH - Z) =-— ('g) fAH,
confirming the negative trend of the mean depth error of the regressed depth model w.r.z. the height

change AH. m|

5.4.3 Merging Depth Estimates.

Th. 3 and 4 prove that the ground and the regressed depth models show contrasting extrap-
olation behaviors. The former over-estimates the depth while the latter under-estimates depth as
the ego height change AH increases. Fig. 5.4 shows how these two depth estimates are fused
together. Overall, CHARM3R leverages depth information from these two source sources (with
different extrapolation behaviors) to improve the Mono3D generalization to unseen camera heights.
CHARM3R starts with an input image, and estimates the depth of the object using two methods:
ground and regressed depth. CHARM3R outputs the projected bottom center of the object to
query the ground depth (calculated from the ego camera parameters and its position and orientation
relative to the ground plane as in Lemma 4). It also outputs another depth estimate based on

regression. The final step combines the two estimated depths with a simple average to cancel the
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Table 5.2 CARLA Val Results. CHARM3R outperforms all other baselines, especially at bigger unseen
ego heights. All methods except Oracle are trained on car height AH = Om and tested on bot to truck height
data. [Key: Best]

AP;3p 70 [%] (4) AP3p 50 [%] (4) MDE (m) [~ 0]
3D Detector Method v /AH (m)> | (20" " 4076 | =070 0 4076 | 070 0  +0.76
Source 046 35382 723 | 41.66 7647 4097 | 4053 +0.03 —0.63
Plucker [189] 843 5556 10.13 | 37.10 7657 4322 | +0.55 +0.03 —0.63
GUPNet 159 UniDrive [129] 1073 5382 554 | 4230 7646 3933 | 40.51 +0.03 —0.67
UniDrive++[129] | 10.83 53.82 12.27 | 47.81 76.46 53.08 | +0.39 +0.03 —0.48
CHARM3R 1945 55.68 27.33 | 5340 7447 61.98 | +0.07 +0.05 —0.02
Oracle 7096 5382 62.25 | 83.88 7647 $3.06 | +0.03 +0.03 +0.03
Source 863 5018 625 | 4024 73.78 4174 | 4046 +0.0] —0.65
Plucker [189] 843 5132 952 | 3824 7391 4422 | 4046 +0.01 —0.64
UniDrive [129] 833 5018 656 | 41.40 7378 4127 | +0.46 +0.01 —0.64
DEVIANT [108] 5 i river+ [129] 6.73 50.18 12.03 | 4291 73.78 5236 | 037 +0.01 —-0.47
CHARM3R 1711 4874 2624 | 4928 7021 63.60 | +0.01 +0.03 —0.02
Oracle 71.97 50.18 62.56 | 84.56 73.78 83.04 | +0.03 +0.01 —0.02

opposing trends and obtain the refined depth estimates, resulting in a set of accurate and localized

3D objects in the scene.

5.5 Experiments

Datasets. Our experiments utilize the simulated CARLA dataset! from [104], configured to mimic
the nuScenes [22] dataset. We use this dataset for two reasons. First, this dataset reduces training
and testing domain gaps, while existing public datasets lack data at multiple ego heights. Second,
recent paper [104] also use this dataset for their experiments. The default CARLA dataset sweeps
camera height changes AH from O to 0.76m, rendering a dataset every 0.076m (car to trucks). To
fully investigate the impact of camera height variations, we extend the original CARLA dataset by
introducing negative height changes. The extended CARLA dataset sweeps height changes AH
from —0.70m to 0.76m with settings from bots to cars to trucks. Fig. 5.5 illustrates sample images
from this dataset. Note that we exclude AH =—-0.76m setting due to visibility obstructions caused
by the ego vehicle’s bonnet.

Data Splits. Our experiments use the CARLA Val Split. This dataset split [104] contains 25,000
images (2,500 scenes) from fown03 map for training and 5,000 images (500 scenes) from fown05
map for inference on multiple ego height. Except for Oracle, we train all models on training images

from the car height (AH = Om).

'The authors of [104] do not release their other Nvidia-Sim dataset.
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Figure 5.6 CARLA Val Results on GUP Net. CHARM3R outperforms all baselines, especially at bigger
unseen ego heights. All methods except Oracle are trained on car height and tested on all heights. Results of
inference on height changes of —0.70, 0 and 0.76 meters are in Tab. 5.2. See Fig. 5.6 in the supplementary
for another detector.

Evaluation Metrics. We choose the KITTI AP 3p 70 percentage on the Moderate category [67] as
our evaluation metric. We also report AP3p 50 percentage numbers following prior works [17,109].
Additionally, we report the mean depth error (MDE) over predicted boxes with IoU;p overlap greater
than 0.7 with the GT boxes similar to [108]. Note that MDE is different from MAE metric of [108]
that it does not take absolute value.

Detectors. We use the GUP Net [159] and DEVIANT [108] as our base detectors. The choice of
these models encompasses CNN [159] and group CNN-based [108] architectures.

Baselines. We compare against the following baselines:

Source: This is the Mono3D model trained on the car height (AH = Om) data.

® Plucker Embeddings [189,234]: Training a Mono3D model with Plucker embeddings to improve
robustness as in 3D pose estimation and reconstruction tasks. Plucker embeddings generalize
the intrinsic-focused CAM-Convs [57] embeddings to camera extrinsics.

e UniDrive [129]: Transforming unseen ego height (target) images to car height (source) assuming
objects at fixed distance parameter (50m) and then passing to the Mono3D model.

e UniDrive++ [129]: UniDrive with distance parameter optimized per dataset.

® Oracle: We also report the Oracle Mono3D model, which is trained and tested on the same ego

height. The Oracle serves as the upper bound of all baselines.
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Table 5.3 CARLA Val Results with ResNet-18 backbone. CHARM?3R outperforms all baselines, espe-
cially at bigger unseen ego heights. All methods except Oracle are trained on car height AH = Om and tested
on bot to truck height data. [Key: Best]

AP 370 [%] (4) AP 3550 [%] () MDE () [~ 0]
3D Detector Method ¥/ AH (m)> | 06" 0" 1076 | =070 0 4076 | 070 0 +0.76
Source 1013 4982 5028 | 47.15 7349 42,70 | 040 +0.01 —0.65
UniDrive [129] 1005 4982 6.15 | 47.15 7349 43.89 | 4035 +0.01 —-0.62
GUP Net [159]  UniDrive++ [129] 937 4982 13.00 | 5295 7349 5557 | +031 +0.01 —0.46
CHARM3R 1662 46.13 2450 | 57.00 67.83 60.86 | —0.15 +0.00 +0.07
Oracle 7025 4982 62.93 | 8349 7349 84.07 | =0.01 +0.05 +0.07
Source 8.83 4988 443 | 42.10 7279 3842 | +0.40 +0.01 —0.69
UniDrive [129] 821 4987 375 | 4221 7279 3838 | 040 +0.01 —0.70
DEVIANT [108] UniDrive++ [129] 601 49.87 12.03 | 43.99 7279 50.67 | 4038 +0.01 —0.50
CHARM3R 1496 49.13 23.66 | 52.68 7295 6098 | —0.07 +0.05 +0.02
Oracle 6835 49.88 5849 | 84.03 7279 8342 | -0.04 +0.01 0.1

Table 5.4 Ablation Studies of GUP Net + CHARM?3R on the CARLA Val split on unseen ego heights. [Key:
Best]

AP;3p 70 [%] (4) AP3p 50 [%] (4) MDE (m) [~ 0]
Change From >To /AH (m)> | 5207 0 4076 |-070 0 +076|-070 0  +0.76
GUP Net [159] — 9.46 53.82 723 | 41.66 7647 4097 | +0.53 +0.05 —0.63

Regress+Ground » Regress | 9.46 53.82 7.23 | 41.66 76.47 40.97 [ +0.53 +0.05 -0.63
Regress+Ground - Ground | 0.98 26.61 5.39 | 1421 5197 31.42 | -0.80 -0.01 +0.55

Merge Within Model » Offline 12.86 47.66 18.36 | 49.86 76.30 54.38 | +0.24 +0.02 —0.28

Simple Avg + Learned Avg | 8.25 56.49 9.53 [ 38.58 76.82 43.13 | +0.56 -0.03 —0.62
Ground ReLU » No ReLU 0.60 5294 0.07 | 15.66 7479 450 | —1.09 —0.01 +1.34
Formulation _ Product -» Sum 328 3722 1279 | 17.28 63.88 47.09 | +0.56 +0.09 —0.22
CHARM3R - 1945 55.68 2733|5340 7447 6198 | -0.07 +0.05 +0.02
Oracle - 70.96 53.82 62.25 | 83.88 76.47 83.96 | +0.03 +0.03 +0.03

5.5.1 CARLA Error Analysis

We first report the error analysis of the baseline GUP Net [159] in Tab. 5.1 by replacing the
predicted box data with the oracle parameters of the box as in [110, 166]. We consider the GT box
to be an oracle box for predicted box if the euclidean distance is less than 4m [110]. In case of
multiple GT being matched to one box, we consider the oracle with the minimum distance. Tab. 5.1
shows that depth is the biggest source of error for Mono3D task under ego height changes as also
observed for single height settings in [108, 110, 166]. Note that the Oracle does not get 100%
results since we only replace box parameters in the baseline and consequently, the missed boxes in

the baseline are not added.

5.5.2 CARLA Height Robustness Results
Tab. 5.2 presents the CARLA Val results, reporting the median model over three different seeds

with the model being the final checkpoint as [108]. It compares baselines and our CHARM3R on all
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Mono3D models - GUP Net [159], and DEVIANT [108]. Except for Oracle, all models are trained
from car height data and tested on all ego heights. Tab. 5.2 confirms that CHARM3R outperforms
other baselines on all the Mono3D models, and results in a better height robust detector. We also
plot these AP3p numbers and depth errors visually in Fig. 5.6 for intermediate height changes to
confirm our observations. The MDE comparison in Fig. 5.6¢ also shows the trend of baselines,
while CHARMB3R cancels the opposite trends in extrapolation.

Oracle Biases. We further note biases in the Oracle models at big changes in ego height. This
agrees the observations of [104] in the BEV segmentation task. While higher AP3p for a higher
height could be explained by fewer occlusions due a higher height, higher AP3;p at lower camera
height is not explained by this hypothesis. We leave the analysis of higher Oracle numbers for a
future work.

Results on Other Backbone. We next investigate whether the extrapolation behavior holds
for other backbones as well following DEVIANT [108]. So, we benchmark on the ResNet-18
backbone. Tab. 5.3 results show that extrapolation shows up in other backbones and CHARM3R
again outperforms all baselines. The biggest gains are in big camera height changes, which is

consistent with Tab. 5.2 results.

5.5.3 Ablation Studies

Tab. 5.4 ablates the design choices of GUP Net + CHARM3R on CARLA Val split, with the
experimental setup of Sec. 5.5.
Depth Merge. We first analyze the impact of averaging the two depth estimates. Merging both
regressed and ground-based depth estimates is crucial for optimal performance. Relying solely on
the regressed depth gives good ID performance but bad OOD performance. Using only ground depth
generalizes poorly in both ID and OOD settings, which is why it is not used in modern Mono3D
models. However, it has a contrasting extrapolation MDE compared to regression models. While
offline merging of depth estimates from regression-only and ground-only models also improves
extrapolation, it is slower and lacks end-to-end training. We also experiment with changing the

simple averaging of CHARMB3R to learned averaging. Simple average of CHARMS3R outperforms
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learned one in OOD test because the learned average overfits to train distribution.

RelLUed Ground. Sec. 5.4.1 says that ReL.U activation applied to the ground depth ensures spatial
continuity and improves model training stability. Removing the ReLLU leads to training instability
and suboptimal extrapolation to camera height. (The training also collapses in some cases).
Formulation. CHARM3R estimates the projected 3D bottom center by using the projected 3D
center and the 2D height prediction. Eq. (5.4) predicts a coeflicient a to determine the precise
bottom center location. Product means predicting & and then multiplying by (v.—v.2p) to obtain
the shift, while sum means directly predicting the shift . Replace this product formulation by the

sum formulation of @ confirms that the product is more effective than the sum.

5.6 Conclusions

This chapter highlights the understudied problem of Mono3D generalization to unseen ego
heights. We first systematically analyze the impact of camera height variations on state-of-the-
art Mono3D models, identifying depth estimation as the primary factor affecting performance.
We mathematically prove and also empirically observe consistent negative and positive trends in
regressed and ground-based object depth estimates, respectively, under camera height changes.
This chapter then takes a step towards generalization to unseen camera heights and proposes
CHARM3R. CHARM3R averages both depth estimates within the model to mitigate these opposing
trends. CHARM3R significantly enhances the generalization of Mono3D models to unseen camera
heights, achieving SoTA performance on the CARLA dataset. We hope that this initial step towards
generalization will contribute to safer AVs. Future work involves extending this idea to more
Mono3D models.

Limitation. CHARM3R does not fully solve the generalization issue to unseen camera heights.
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CHAPTER 6

CONCLUSIONS AND FUTURE RESEARCH
In this thesis, we attempt generalizing Mono3D networks to occlusion, dataset, object sizes and
camera heights. The backbones of our models is in all cases a convolutional neural network or
a transformer backbone. While the current Mono3D networks generalize fairly well across these
shifts, they still suffer from the following issues:
e They do not generalize to unseen datasets during training.
e They do not multiple handle tasks like depth prediction, semantic scene completion and Mono3D.
e They do not generalize to unknown or noisy camera extrinsics.
e They do not handle multiple camera models.
Generalizing to Unseen Datasets. Current multi-dataset trained baselines such as Cube R-
CNN [14] generalize poorly to datasets unseen in training. In other words, these models do not
generalize in cross-dataset settings. Generalizing Mono3D to unseen datasets remains unsolved
till date. We conjecture that the cause of limited generalization is the limited training data and
specialized backbones which handle projective geometry.
Generalizing to Multiple Tasks. Tasks like metric depth prediction, semantic scene completion
and Mono3D all represent 3D scene understanding at varying levels of granularity from points
to voxels to objects. While there are networks that specialize in doing each task, a single model
understands all these granularities as well as intermediate granularities remains an exciting direction
for solidyfying 3D understanding and task generalization.
Generalizing to Unknown Extrinsics. Current Mono3D methods work well when trained and
tested on the same extrinsics. However, such methods do not work well when the camera extrinsics,
is unknown during testing. Joint Mono3D and camera calibration remains an open problem.
Generalizing to Camera Models. Current methods handle only pinhole cameras, while the
cameras available today also include fisheye and 360 camera models. Generalizing Mono3D
networks to handle any camera model remains another open problem in this area.

Advances in Mono3D task enable diverse applications such as Autonomous Driving, Metaverse
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and robotics. The goal of home robots is to assist humans in indoor activities, such as cooking or
cleaning. Future works which generalize Mono3D along these directions will make our limited 3D

scene understanding even more powerful.
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APPENDIX B

GROOMED-NMS APPENDIX

B.1 Detailed Explanation of NMS as a Matrix Operation

The rescoring process of the classical NMS is greedy set-based [192] and calculates the rescore
for a box i (Line 10 of Alg. 1) as

re=si || (1=ploy), (B.1)
Jed<;

where d.; is defined as the box indices sampled from d having higher scores than box i. For
example, let us consider thatd = {1,5,7,9}. Then, fori =7, do; = {1,5} while fori = 1,d; = ¢
with ¢ denoting the empty set. This is possible since we had sorted the scores s and O in decreasing
order (Lines 2-3 of Alg. 2) to remove the non-differentiable hard argmax operation of the classical
NMS (Line 6 of Alg. 1).

Classical NMS only takes the overlap with unsuppressed boxes into account. Therefore, we

generalize Eq. (B.1) by accounting for the effect of all (suppressed and unsuppressed) boxes as

—

i—

r; =8 (1 - p(o,-j)rj) . (B.2)
j=1

The presence of r; on the RHS of Eq. (B.2) prevents suppressed boxes r; ~ 0 from influencing
other boxes hugely. Let us say we have a box b, with a high overlap with an unsuppressed box b .
The classical NMS with a threshold pruning function assigns r, = 0 while Eq. (B.2) assigns r; a
small non-zero value with a threshold pruning.

Although Eq. (B.2) keeps r; > 0, getting a closed-form recursion in r is not easy because of the
product operation. To get a closed-form recursion with addition/subtraction in r, we first carry out

the polynomial multiplication and then ignore the higher-order terms as

i—1
ri=si|1- Zp(oij)rj + O(nz)
i=1

J

i—1
1= ploijr
j=1

xS
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Table B.1 Results on using Oracle NMS scores on KITTI Val 1 cars detection. [Key: Best]

NMS Scores

AP 3pr,, )
Easy Mod Hard

AP Bev|R, M)
Easy Mod Hard

AP opir,, (4)
Easy Mod Hard

Kinematic (Image)
Oracle IoUsp
Oracle IoUsp

18.29 13.55 10.13
9.36 9.93 6.40
87.93 73.10 60.91

25.72 18.82 14.48
12.27 10.43 8.72

93.47 83.61 71.31

93.69 84.07 67.14
99.18 95.66 85.77
80.99 78.38 67.66

i1
~ si_ZP(Oij)rj- (B.3)
=

Dropping the s; in the second term of Eq. (B.3) helps us get a cleaner form of Eq. (B.7). Moreover,
it does not change the nature of the NMS since the subtraction keeps the relation r; < s; intact as
p(0;j) and r; are both between [0, 1].

We can also reach Eq. (B.3) directly as follows. Classical NMS suppresses a box which has
a high IoUsp overlap with any of the unsuppressed boxes (r; ~ 1) to zero. We consider any as a
logical non-differentiable OR operation and use logical OR \/ operator’s differentiable relaxation
as ), [106, 124]. We next use this relaxation with the other expression r < s.

When a box shows overlap with more than two unsuppressed boxes, the term iil plojj)r; > 1
in Eq. (B.3) or when a box shows high overlap with one unsuppressed box, the ten]; lsi < p(oij)r;.

In both of these cases, r; < 0. So, we lower bound Eq. (B.3) with a max operation to ensure that

r; = 0. Thus,
i-1
ri ¥ max|s; — Zp(oij)rj, 0]. (B.4)
j=1
We write the rescores r in a matrix formulation as
ri S1 0 0 ... 0]|n 0
rp 52 p(021) 0 ... 0 ra 0
ry|max| (s3| — |p(o31) p(oz) ... O] |r3]|0 (B.5)
7| 50| |P(0onm1) pon2) ... O] |ra] |[O]
We next write the above equation compactly as
r ~ max(s — Pr, 0), (B.6)
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where P, called the Prune Matrix, is obtained by element-wise operation of the pruning function p
on O_. Maximum operation makes Eq. (B.6) non-linear [112] and, thus, difficult to solve.
However, for a differentiable NMS layer, we need to avoid the recursion. Therefore, we first solve
Eq. (B.6) assuming the max operation is not present which gives us the solutionr ~ (I + P)'s. In
general, this solution is not necessarily bounded between 0 and 1. Hence, we clip it explicitly to

obtain the approximation
r~|(I+P)'s], (B.7)

which we use as the solution to Eq. (B.6).

B.2 Loss Functions
We now detail out the loss functions used for training. The losses on the boxes before NMS,

Lipefores 18 given by [17]

-Ebefore = Lejass + Lop + bconf L3p

+/lconf(1 _bconf), (B8)

where
-Eclass = CE(bclass’ gclass)a (B9)
Lop = —log(IoU(b2p, g2p)), (B.10)

-£3D = Smooth—Ll(b3D, g3D)

+A4CE([bq,. bg, 1, (80, 80,1 (B.11)

bcony 1s the predicted self-balancing confidence of each box b, while by, and by, are its orientation
bins [17]. g denotes the ground-truth. A, is the rolling mean of most recent £3p losses per mini-
batch [17], while 4, denotes the weight of the orientation bins loss. CE and Smoooth-L.1 denote
the Cross Entropy and Smooth L1 loss respectively. Note that we apply 2D and 3D regression

losses as well as the confidence losses only on the foreground boxes.
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Table B.2 Detailed comparisons with other NMS during inference on KITTI Val 1 cars.

Inference IoUsp > 0.7 IoUsp > 0.5

NMS AP 3p|r, (4) AP BEv|Ry,y (M) AP 3pjr,, () AP BEv|R,y (M)
Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
Kinematic (Image) [17] Classical 18.28 13.55 10.13[25.72 18.82 14.48(54.70 39.33 31.25[60.87 44.36 34.48
Kinematic (Image) [17] Soft [12] 18.29 13.55 10.13{25.71 18.81 14.48(54.70 39.33 31.26|60.87 44.36 34.48
Kinematic (Image) [17] | Distance [216] | 18.25 13.53 10.11|25.71 18.82 14.48(54.70 39.33 31.26|60.87 44.36 34.48
Kinematic (Image) [17]| GrooMeD |18.26 13.51 10.10(25.67 18.77 14.44(54.59 39.25 31.18|60.78 44.28 34.40

GrooMeD-NMS Classical 19.67 14.31 11.27(27.38 19.75 15.93(55.64 41.08 32.91|61.85 44.98 36.31
GrooMeD-NMS Soft [12] 19.67 14.31 11.27{27.38 19.75 15.93[55.64 41.08 32.91(61.85 44.98 36.31
GrooMeD-NMS Distance [216] [ 19.67 14.31 11.27|27.38 19.75 15.9355.64 41.08 32.91|61.85 44.98 36.31
GrooMeD-NMS GrooMeD 19.67 14.32 11.27{27.38 19.75 15.92(55.62 41.07 32.89|61.83 44.98 36.29

As explained in Sec. 2.4.3, the loss on the boxes after NMS, £, fs./, is the Imagewise AP-Loss,

which is given by

N
1
Laprer =Limagewise=; ) AP, target(B™)), (B.12)
m=1
Let A be the weight of the L, f;., term. Then, our overall loss function is given by

L= Lpefore + ALafrer (B.13)
= Letass + LoD+ beong L3 + Aconf(1 = beony)
+ AL magewise (B.14)
= CE(bclass» §class) — 1og(loU(b2p, g2p))
+ beony Smooth-L1(b3p, g3p)
+Aq beony CE([bg,, by, ], [g6,-86,])

+ /lconf(l - bconf) + /l‘LImagewise- (B15)

We keep 1, = 0.35 following [17] and A4 = 0.05. Clearly, all our losses and their weights are
identical to [17] except Limagewise-
B.3 Additional Experiments and Results
We now provide additional details and results evaluating our system’s performance.
B.3.1 Training
Training images are augmented using random flipping with probability 0.5 [17]. Adam opti-

mizer [102] is used with batch size 2, weight-decay 5 x 10~ and gradient clipping of 1 [15, 17].
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Warmup starts with a learning rate 4 x 10~3 following a poly learning policy with power 0.9 [17].
Warmup and full training phases take 80k and 50k mini-batches respectively for Val 1 and Val

2 Splits [17] while take 160k and 100k mini-batches for Test Split.

B.3.2 KITTI Val 1 Oracle NMS Experiments

As discussed in Sec. 2.1, to understand the effects of an inference-only NMS on 2D and
3D object detection, we conduct a series of oracle experiments. We create an oracle NMS by taking
the Val Car boxes of KITTI Val 1 Split from the baseline Kinematic (Image) model before NMS
and replace their scores with their true IoU,p or IoUzp with the ground-truth, respectively. Note
that this corresponds to the oracle because we do not know the ground-truth boxes during inference.
We then pass the boxes with the oracle scores through the classical NMS and report the results in
Tab. B.1.

The results show that the AP3p increases by a staggering > 60 AP on Mod cars when we use
oracle IoUsp as the NMS score. On the other hand, we only see an increase in AP ,p by ~ 11
AP on Mod cars when we use oracle IoU,p as the NMS score. Thus, the relative effect of using
oracle loUsp NMS scores on 3D detection is more significant than using oracle loU,p NMS scores
on 2D detection. In other words, the mismatch is greater between classification and 3D localization

compared to the mismatch between classification and 2D localization.

B.3.3 KITTI Val 1 3D Object Detection

Comparisons with other NMS. We compare GrooMeD-NMS with the other NMS—classical,
Soft [12] and Distance-NMS [216] and report the detailed results in Tab. B.2. We use the publicly
released Soft-NMS code and Distance-NMS code from the respective authors. The Distance-
NMS model uses the class confidence scores divided by the uncertainty in z (the most erroneous
dimension in 3D localization [221]) of a box as the Distance-NMS [216] input. Our model does not
predict the uncertainty in z of a box but predicts its self-balancing confidence (the 3D localization
score). Therefore, we use the class confidence scores multiplied by the self-balancing confidence
as the Distance-NMS input.

The results in Tab. B.2 show that NMS inclusion in the training pipeline benefits the perfor-
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Table B.3 Sensitivity to NMS threshold N, on KITTI Val 1 cars. [Key: Best]

AP 3pig,, (4)
Easy Mod Hard

AP ggev|r, ()
Easy Mod Hard

N, =0.3]17.49 13.32 10.54|26.07 18.94 14.61
N; =0.4119.67 14.32 11.27|27.38 19.75 15.92
N; =0.5[19.65 13.93 11.09|26.15 19.15 14.71

Table B.4 Sensitivity to valid box threshold v on KITTI Val 1 cars. [Key: Best]

AP 3pjr,y ) AP Bgv|R,y (4)

Easy Mod Hard | Easy Mod Hard
v =0.01{13.71 9.65 7.24|17.73 12.47 9.36
v=0.1 ]19.37 13.99 10.92(26.95 19.84 15.40
v=0.2 [19.65 14.31 11.24]27.35 19.73 15.89
v=0.3 |19.67 14.32 11.27(27.38 19.75 15.92
v=04 ]19.67 14.33 11.28|27.38 19.76 15.93
v=0.5 [19.67 14.33 11.28|27.38 19.76 15.93
v=0.6 (19.67 14.33 11.29|27.39 19.77 15.95

mance, unlike [12], which suggests otherwise. Training with GrooMeD-NMS helps because the
network gets an additional signal through the GrooMeD-NMS layer whenever the best-localized
box corresponding to an object is not selected. Moreover, Tab. B.2 suggests that we can replace
GrooMeD-NMS with the classical NMS in inference as the performance is almost the same even
at IoUjzp = 0.5.

How good is the classical NMS approximation? GrooMeD-NMS uses several approximations
to arrive at the matrix solution Eq. (B.7). We now compare how good these approximations are with
the classical NMS. Interestingly, Tab. B.2 shows that GrooMeD-NMS is an excellent approximation

to the classical NMS as the performance does not degrade after changing the NMS in inference.

B.3.4 KITTI Val 1 Sensitivity Analysis

There are a few adjustable parameters for the GrooMeD-NMS, such as the NMS threshold N,
valid box threshold v, the maximum group size a, the weight A for the £, ¢, and 8. We carry out
a sensitivity analysis to understand how these parameters affect performance and speed, and how
sensitive the algorithm is to these parameters.
Sensitivity to NMS Threshold. We show the sensitivity to NMS threshold N; in Tab. B.3. The

results in Tab. B.3 show that the optimal N; = 0.4. This is also the N; in [15,17].
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Figure B.1 Sensitivity to group size @ on KITTI Val 1 Moderate cars.

Sensitivity to Valid Box Threshold. We next show the sensitivity to valid box threshold v in
Tab. B.4. Our choice of v = 0.3 performs close to the optimal choice.
Sensitivity to Maximum Group Size. Grouping has a parameter group size (@). We vary this
parameter and report AP 3pg,, and AP ggy|g,, at two different IoU3p thresholds on Moderate cars
of KITTI Val 1 Splitin Fig. B.1. We note that the best AP 3p)g,, performance is obtained at @ = 100
and we, therefore, set @ = 100 in our experiments.
Sensitivity to Loss Weight. We now show the sensitivity to loss weight A in Tab. B.5. Our choice
of 1 =0.05 is the optimal value.
Sensitivity to Best Box Threshold. We now show the sensitivity to the best box threshold £ in
Tab. B.6. Our choice of g = 0.3 is the optimal value.
Conclusion. GrooMeD-NMS has minor sensitivity to N,, @, A and 8, which is common in object
detection. GrooMeD-NMS is not as sensitive to v since it only decides a box’s validity. Our
parameter choice is either at or close to the optimal. The inference speed is only affected by «.
Other parameters are used in training or do not affect inference speed.
B.3.5 Qualitative Results

We next show some qualitative results of models trained on KITTI Val 1 Split in Fig. B.2.
We depict the predictions of GrooMeD-NMS in image view on the left and the predictions of

GrooMeD-NMS, Kinematic (Image) [17], and ground truth in BEV on the right. In general,
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Table B.5 Sensitivity to loss weight 1 on KITTI Val 1 cars. [Key: Best]

AP 3pg,, (4)
Easy Mod Hard

AP Bgv|r, ()
Easy Mod Hard

A=0 [19.16 13.89 10.96|27.01 19.33 14.84
A1 =0.05(19.67 14.32 11.27|27.38 19.75 15.92
A4=0.1 |17.74 13.61 10.81|25.86 19.18 15.57
A=1 10.08 7.26 6.00 [14.44 10.55 8.41

Table B.6 Sensitivity to best box threshold g on KITTI Val 1 cars. [Key: Best]

AP 3p|r,, (#)
Easy Mod Hard

AP ggv|r,, ()
Easy Mod Hard

B=0.1
=03
B =04

B=05

18.09 13.64 10.21
19.67 14.32 11.27
18.91 14.02 11.15

18.49 13.66 10.96

26.52 19.50 15.74
27.38 19.75 15.92
27.11 19.64 15.90
27.01 19.47 15.79

GrooMeD-NMS predictions are more closer to the ground truth than Kinematic (Image) [17].

B.3.6 Demo Video of GrooMeD-NMS

We next include a short demo video of our GrooMeD-NMS model trained on KITTI Val 1 Split.
We run our trained model independently on each frame of the three KITTI raw [66] sequences -
2011_10_03_prive_0047, 2011_09_29_prive_0026 and 2011_09_26_prive_0009. None of the
frames from these three raw sequences appear in the training set of KITTI Val 1 Split. We use
the camera matrices available with the raw sequences but do not use any temporal information.
Overlaid on each frame of the raw input videos, we plot the projected 3D boxes of the predictions
and also plot these 3D boxes in the BEV. We set the frame rate of this demo at 10 fps. The demo
is also available in HD at https://www.youtube.com/watch?v=PWctKkyWrno. In the demo video,

notice that the orientation of the boxes are stable despite not using any temporal information.
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Figure B.2 Qualitative Results (Best viewed in color). We depict the predictions of GrooMeD-NMS
(magenta) in image view on the left and the predictions of GrooMeD-NMS, Kinematic (Image) [17] (blue),
and Ground Truth (green) in BEV on the right. In general, GrooMeD-NMS predictions are more closer to
the ground truth than Kinematic (Image) [17].
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APPENDIX C

DEVIANT APPENDIX

C.1 Supportive Explanations
We now add some explanations which we could not put in the main chapter because of the space

constraints.

C.1.1 Equivariance vs Augmentation

Equivariance adds suitable inductive bias to the backbone [43,50] and is not learnt. Augmen-
tation adds transformations to the input data during training or inference.

Equivariance and data augmentation have their own pros and cons. Equivariance models
the physics better, is mathematically principled and is so more agnostic to data distribution shift
compared to the data augmentation. A downside of equivariance compared to the augmentation
is equivariance requires mathematical modelling, may not always exist [21], is not so intuitive
and generally requires more flops for inference. On the other hand, data augmentation is simple,
intuitive and fast, but is not mathematically principled. The choice between equivariance and data

augmentation is a withstanding question in machine learning [63].
C.1.2 Why do 2D CNN detectors generalize?

We now try to understand why 2D CNN detectors generalize well. Consider an image /i (u, v)
and @ be the CNN. Let 7; denote the translation in the (i, v) space. The 2D translation equivariance
[19,20, 198] of the CNN means that

O (Tch(u,v)) = Te®@(h(u,v))
= O(h(u+t,v+t,)) =DP(h(u,v))+ (t,, 1) (C.1)
where (1,,t,) is the translation in the (u, v) space.

Assume the CNN predicts the object position in the image as (u’, v’). Then, we write
O(h(u,v)) = (4,9) (C2)

Now, we want the CNN to predict the output the position of the same object translated by

(ty,ty). The new image is thus h(u +1t,,v +1,). The CNN easily predicts the translated position of
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Figure C.2 Example of non-existence of equivariance [21] when there is 180° rotation of the ego camera.
No transformation can convert image & to image /’.

the object because all CNN is to do is to invoke its 2D translation equivariance of Eq. (C.1), and

translate the previous prediction by the same amount. In other words,

O(h(u+t,,v+t,)) =D(h(u,v))+ (t,,t,)
= (ﬁ’ 9) + (tu’ tv)

=@ +t,V+1,)

Intuitively, equivariance is a disentaglement method. The 2D translation equivariance disentangles
the 2D translations (¢,,?,) from the original image & and therefore, the network generalizes to
unseen 2D translations.
C.1.3 Existence and Non-existence of Equivariance

The result from [21] says that generic projective equivariance does not exist in particular with
rotation transformations. We now show an example of when the equivariance exists and does not

exist in the projective manifold in Figs. C.1 and C.2 respectively.
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C.1.4 Why do not Monocular 3D CNN detectors generalize?

Monocular 3D CNN detectors do not generalize well because they are not equivariant to arbitrary
3D translations in the projective manifold. To show this, let H(X,Y, Z) denote a 3D point cloud.
The monocular detection network @® operates on the projection h(u,v) of this point cloud H to

output the position (%, 9, Z) as

O(KH(X,Y,Z2)) =(,9,2)

= ©(h(u,v)) = (£,9,2),

where K denotes the projection operator. We translate this point cloud by an arbitrary 3D translation
of (tx,ty,tz) to obtain the new point cloud H(X + tx,Y + ty,Z + tz). Then, we again ask the

monocular detector @ to do prediction over the translated point cloud. However, we find that

O(KH(X +1x,Y +ty, Z +17)) # ®(h(u+K(tx, ty, tz),v + K(tx, ty, 17)))
= O(h(u,v)) + K(tx, ty,12)

— O(KH(X +tx,Y +ty,Z+1tz)) #+ D(KH(X,Y,Z2)) + K(tx,ty,tz)

In other words, the projection operator K does not distribute over the point cloud H and arbitrary 3D
translation of (¢x, ty, tz). Hence, if the network @ is a vanilla CNN (existing monocular backbone),
it can no longer invoke its 2D translation equivariance of Eq. (C.1) to get the new 3D coordinates
(X+tx,y+ty,2+12).

Note that the LiDAR based 3D detectors with 3D convolutions do not suffer from this problem
because they do not involve any projection operator K. Thus, this problem exists only in monocular
3D detection. This makes monocular 3D detection different from 2D and LiDAR based 3D object

detection.

C.1.5 Opverview of Planar Transformations: Th. 1
We now pictorially provide the overview of Th. 1 (Example 13.2 from [76]), which links the

planarity and projective transformations in the continuous world in Fig. C.3.
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Figure C.3 Overview of Th. 1 (Example 13.2 from [76]), which links the planarity and projective transfor-
mations in the continuous world.

C.1.6 Approximation of Scale Transformations: Corollary 1.1
We now give the approximation under which Corollary 1.1 is valid. We assume that the ego

camera does not undergo any rotation. Hence, we substitute R = I'in Eq. (3.1) to get

(1+x2) @-ug+ix 20 -vo+ix 2 f

h(u —uo,v—vo) =h'| f

b

172 =g+ 5 0-v0) + (14122 f

ty2u—ug + (1+1y2) G=vo+iy 2 f

f

. (C3)
172 =) + 175 0-v0 + (14122 f

Next, we use the assumption that the ego vehicle moves in the z-direction as in [17], i.e., substitute
tx=ty=0to get

U — Uy

tz’"(u u)+ (v—vo)+(1+tzl%)

b

h(u—ug,v—vo) = h’

V=V

’Z’”(u u0)+’Z”(v vo)+(1+tz )

(C4)

The patch plane is mx +ny+o0z+ p = 0. We consider the planes in the front of camera. Without
loss of generality, consider p < 0 and o > 0.

We first write the denominator D of RHS term in Eq. (C.4) as

DZ%%(IA u0)+?1—7(v v0)+(1+tZ;)
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ﬂ(u—uo) + E(v—vo) + 0)

—1+t—Z(
- p\f f

Because we considered patch plane s in front of the camera, p < 0. Also consider ¢z < 0, which

implies 7z /p > 0. Now, we bound the term in the parantheses of the above equation as

?(u—uo) + z(v—vo) +o0

- f
t
§1+_Z Hﬂ(u—uo) + E(v—v()) +||0||) by Triangle inequality
p\Ilf f
t w H w H
<15 (15 + B3 e o) o £ 3 0m < Sten =0
t w w
<1+-2 —”m”—+M—+o),HSW
p\f 2 f 2
Lz (||m||+||n||>w+0),
p 2f

If the coefficients of the patch plane m, n, o, its width W and focal length f follow the relationship

w << o, the patch plane is “approximately” parallel to the image plane. Then, a few

quantities can be ignored in the denominator D to get
0
Dx~1+1t;— (C.5)
p

Therefore, the RHS of Eq. (C.4) gets simplified and we obtain

T - h(u —ug,v —vo) = h’ u—uo’v—vo (C.6)
1+Z‘Zl% 1+tZlD_7

An immediate benefit of using the approximation is Eq. (3.2) does not depend on the distance of the
patch plane from the camera. This is different from wide-angle camera assumption, where the ego
camera is assumed to be far from the patch plane. Moreover, patch plane s need not be perfectly
aligned with the image plane for Eq. (3.2). Even small enough perturbed patch plane s work. We
next show the approximation in the Fig. C.4 with 8 denoting the deviation from the perfect parallel
plane. The deviation 6 is about 3 degrees for the KITTI dataset while it is 6 degrees for the Waymo
dataset.

e.g. The following are valid patch plane s for KITTI images whose focal length f = 707 and
width W = 1242.

—0.05x +0.05y + z = 30
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Figure C.4 Approximation of Corollary 1.1. Bold shows the patch plane parallel to the image plane. The
dotted line shows the approximated patch plane.

0.05x - 0.05y + z =30 (C.7)

The following are valid patch plane s for Waymo images whose focal length f = 2059 and width
W = 1920.

-0.1x+0.1y+z =30

0.1x-0.1y+z =30 (C.8)

Although the assumption is slightly restrictive, we believe our method shows improvements on
both KITTI and Waymo datasets because the car patches are approximately parallel to image planes

and also because the depth remains the hardest parameter to estimate [166].

C.1.7 Scale Equivariance of SES Convolution for Images

[227] derive the scale equivariance of SES convolution for a 1D signal. We simply follow on
their footsteps to get the scale equivariance of SES convolution for a 2D image h(u, v) for the sake
of completeness. Let the scaling of the image % be s. Let * denote the standard vanilla convolution
and ¥ denote the convolution filter. Then, the convolution of the downscaled image 7 (%) with the

filter ¥ is given by

[75(h) + ¥] (u, V)

S

Y(u' —u,v' —v)du'dv

cf;|:
w | <,
N —

:sZ// - \P(s“_“,sv_v)d(”—)d(v—)

s S N S N S

By s
s S N S S N

:sz// u_”v_’ Tt [T(”_/_Z,V_,_K)]d(u_,)d(v_/)
s S S S S S N




=5 [+ T ()] (£, 5)

s 8

= 52T [h % Tp-1 (P)] (u, V). (C.9)

Next, [227] re-parametrize the SES filters by writing W, (u,v) = -5W (%, ). Substituting in

o

Eq. (C.9), we get
[T5(h) % ¥o (u,v) = 55 [ Tt (¥o)] (u,v) (C.10)
Moreover, the re-parametrized filters are separable [227] by construction and so, one can write
Yo (u,v) = ¥ (u)Pe(v). (C.11)
The re-parametrization and separability leads to the important property that
Tt (Yo (u,v)) = Tt (Yo (u) W (v))
=71 (Yo (u) Ti-1 (Yo (v)
= 521 (1) Py (7)
= S_qus—lo-(u, V). (C.12)

Substituting above in the RHS of Eq. (C.10), we get

[75(h) * Wol (u,v) = s°T5 [ s>, ] (u,v)

= [Ts(h) « ¥o ] (u,v) = Ts [h+ ¥s-15] (u, ), (C.13)

which is a cleaner form of Eq. (C.9). Eq. (C.13) says that convolving the downscaled image with a
filter is same as the downscaling the result of convolving the image with the upscaled filter [227].
This additional constraint regularizes the scale (depth) predictions for the image, leading to better

generalization.

C.1.8 Why does DEVIANT generalize better compared to CNN backbone?
DEVIANT models the physics better compared to the CNN backbone. CNN generalizes better

for 2D detection because of the 2D translation equivariance in the Euclidean manifold. However,
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Table C.1 Comparison of Methods on the basis of inputs, convolution kernels, outputs and whether output
are scale-constrained.

Input |#Conv Output Constrained

Method Frell)me Kernel Output pfor Scales?
Vanilla CNN 1 1 4D X
Depth-Aware [15] 1 > 1 4D X

Dilated CNN [291] 1 > 1 5D Integer [267]
DEVIANT 1 > 1 5D Float
Depth-guided [52] |1 + Depth 1 4D Integer [267]
Kinematic3D [17] > 1 1 5D X

monocular 3D detection does not belong to the Euclidean manifold but is a task of the projective
manifold. Modeling translation equivariance in the correct manifold improves generalization. For
monocular 3D detection, we take the first step towards the general 3D translation equivariance
by embedding equivariance to depth translations. The 3D depth equivariance in DEVIANT uses
Eq. (C.10) and thus imposes an additional constraint on the feature maps. This additional constraint
results in consistent depth estimates from the current image and a virtual image (obtained by
translating the ego camera), and therefore, better generalization than CNNs. On the other hand,
CNNss, by design, do not constrain the depth estimates from the current image and a virtual image

(obtained by translating the ego camera), and thus, their depth estimates are entirely data-driven.

C.1.9 Why not Fixed Scale Assumption?

We now answer the question of keeping the fixed scale assumption. If we assume fixed scale
assumption, then vanilla convolutional layers have the right equivariance. However, we do not
keep this assumption because the ego camera translates along the depth in driving scenes and also,
because the depth is the hardest parameter to estimate [166] for monocular detection. So, zero
depth translation or fixed scale assumption is always violated.

C.1.10 Comparisons with Other Methods

We now list out the differences between different convolutions and monocular detection methods
in Tab. C.1. Kinematic3D [17] does not constrain the output at feature map level, but at system
level using Kalman Filters. The closest to our method is the Dilated CNN (DCNN) [291]. We

show in Tab. 3.9 that DEVIANT outperforms Dilated CNN.
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Multi-scale Steerable Basis
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Figure C.5 (a) SES convolution [68,227] The non-trainable basis functions multiply with learnable weights
w to get kernels. The input then convolves with these kernels to get multi-scale SD output. (b) Scale-
Projection [227] takes max over the scale dimension of the 5D output and converts it to 4D. [Key: = =
Vanilla convolution. ]

C.1.11 Why is Depth the hardest among all parameters?

Images are the 2D projections of the 3D scene, and therefore, the depth is lost during projection.
Recovering this depth is the most difficult to estimate, as shown in Tab. 1 of [166]. Monocular
detection task involves estimating 3D center, 3D dimensions and the yaw angle. The right half of
Tab. 1 in [166] shows that if the ground truth 3D center is replaced with the predicted center, the
detection reaches a minimum. Hence, 3D center is the most difficult to estimate among center,
dimensions and pose. Most monocular 3D detectors further decompose the 3D center into projected
(2D) center and depth. Out of projected center and depth, Tab. 1 of [166] shows that replacing
ground truth depth with the predicted depth leads to inferior detection compared to replacing ground
truth projected center with the predicted projected center. Hence, we conclude that depth is the

hardest parameter to estimate.

C.2 Implementation Details

We now provide some additional implementation details for facilitating reproduction of this
work.
C.2.1 Steerable Filters of SES Convolution

We use the scale equivariant steerable blocks proposed by [226] for our DEVIANT backbone.
We now share the implementation details of these steerable filters.

Basis. Although steerable filters can use any linearly independent functions as their basis, we stick
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Figure C.6 Steerable Basis [227] for 7x7 SES convolution filters. (Showing only 8 of the 49 members for
each scale).

with the Hermite polynomials as the basis [226]. Let (0, 0) denote the center of the function and

(u,v) denote the pixel coordinates. Then, the filter coefficients i ,p,, [226] are

A _uln?
Wonn = —5Hy (ﬁ) H, (1) e (C.14)
ag o a

H,, denotes the Probabilist’s Hermite polynomial of the nth order, and A is the normalization

constant. The first six Probabilist’s Hermite polynomials are

Hy(x) =1 (C.15)
Hy(x) =x (C.16)
Hy(x) =x* -1 (C.17)
Hi(x) = x> - 3x (C.18)
Hi(x) =x*—6x>+3 (C.19)

Fig. C.6 visualizes some of the SES filters and shows that the basis is indeed at different scales.

C.2.2 Monocular 3D Detection
Architecture. We use the DLA-34 [292] configuration, with the standard Feature Pyramid Network
(FPN) [138], binning and ensemble of uncertainties. FPN is a bottom-up feed-forward CNN that
computes feature maps with a downscaling factor of 2, and a top-down network that brings them
back to the high-resolution ones. There are total six feature maps levels in this FPN.

We use DLA-34 as the backbone for our baseline GUP Net [159], while we use SES-DLA-34
as the backbone for DEVIANT. We also replace the 2D pools by 3D pools with pool along the
scale dimensions as 1 for DEVIANT.
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We initialize the vanilla CNN from ImageNet weights. For DEVIANT, we use the regularized
least squares [226] to initialize the trainable weights in all the Hermite scales from the ImageNet [48]
weights. Compared to initializing one of the scales as proposed in [226], we observed more stable
convergence in initializing all the Hermite scales.

We output three foreground classes for KITTI dataset. We also output three foreground classes
for Waymo dataset ignoring the Sign class [199].

Datasets. We use the publicly available KITTI,Waymo and nuScenes datasets for our experi-

ments. KITTT is available at http://www.cvlibs.net/datasets/kitti/eval_object.php?obj_benchmark=

3d under CC BY-NC-SA 3.0 License. Waymo is available at https://waymo.com/intl/en_us/
dataset-download-terms/ under the Apache License, Version 2.0. nuScenes is available at https:

/lwww.nuscenes.org/nuscenes under CC BY-NC-SA 4.0 International Public License.

Augmentation. Unless otherwise stated, we horizontal flip the training images with probability

0.5, and use scale augmentation as 0.4 as well for all the models [159] in training.

Pre-processing. The only pre-processing step we use is image resizing.

e KITTI. We resize the [370, 1242] sized KITTI images, and bring them to the [384, 1280]
resolution [159].

o Waymo. We resize the [1280, 1920] sized Waymo images, and bring them to the [512, 768]
resolution. This resolution preserves their aspect ratio.

Box Filtering. We apply simple hand-crafted rules for filtering out the boxes. We ignore the box

if it belongs to a class different from the detection class.

e KITTI. We train with boxes which are atleast 2m distant from the ego camera, and with visibility
> 0.5 [159].

e Waymo. We train with boxes which are atleast 2m distant from the ego camera. The Waymo
dataset does not have any occlusion based labels. However, Waymo provides the number of
LiDAR points inside each 3D box which serves as a proxy for the occlusion. We train the boxes
which have more than 100 LiDAR points for the vehicle class and have more than 50 LiDAR

points for the cyclist and pedestrian class.
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Training. We use the training protocol of GUP Net [159] for all our experiments. Training uses
the Adam optimizer [102] and weight-decay 1 x 107 . Training dynamically weighs the losses
using Hierarchical Task Learning (HTL) [159] strategy keeping K as 5 [159]. Training also uses a
linear warmup strategy in the first 5 epochs to stabilize the training. We choose the model saved in
the last epoch as our final model for all our experiments.

e KITTI. We train with a batch size of 12 on single Nvidia A100 (40GB) GPU for 140 epochs.
Training starts with a learning rate 1.25 x 10~ with a step decay of 0.1 at the 90th and the 120th
epoch.

e Waymo. We train with a batch size of 40 on single Nvidia A100 (40GB) GPU for 30 epochs
because of the large size of the Waymo dataset. Training starts with a learning rate 1.25 x 1073
with a step decay of 0.1 at the 18th and the 26th epoch.

Losses. We use the GUP Net [159] multi-task losses before the NMS for training. The total loss £

is given by

L = Lheatmap + -£2D,0ffset + LZD,Size + LSDZD,oﬁset + -£3D,ungle

+ L3p; + L3pw + L3p,n + L3D,depih- (C.20)

The individual terms are given by

Lheatmap = Focal(class®, class®), (C.21)
Lopoftser = L1(855, 55), (C.22)
Lovsize = L1(Whp, whp) + L1 (M3, b)), (C.23)
Lapop,ofiset = L1(05p0m0 03500 (C.24)
L3p.angte = CE(a”, a®) (C.25)
Laps = Li(uhp, 05 (C.26)
Lapyw = L1(4)3p.6%0) (C27)
Lip) = %Ll(#ﬁgga 6%sp) + In(op3p) (C.28)
L3D.depth = Z—fﬁl(ﬂg,ﬂf}) +In(og), (C.29)
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where,

b
yu)
Ha = =52+ B prea (C.30)
2D
2
_ Ih3D 2
o4 = ( th ) + 0y red: (C.31)

The superscripts b and g denote the predicted box and ground truth box respectively. CE and
Focal denote the Cross Entropy and Focal loss respectively.

The number of heatmaps depends on the number of output classes. d;p denotes the deviation
of the 2D center from the center of the heatmap. 63pop ofiset denotes the deviation of the projected
3D center from the center of the heatmap. The orientation loss is the cross entropy loss between
the binned observation angle of the prediction and the ground truth. The observation angle « is
split into 12 bins covering 30° range. 6;3p, d,,3p and dp3p denote the deviation of the 3D length,
width and height of the box from the class dependent mean size respectively.

The depth is the hardest parameter to estimate [166]. So, GUP Net uses in-network ensembles
to predict the depth. It obtains a Laplacian estimate of depth from the 2D height, while it obtains
another estimate of depth from the prediction of depth. It then adds these two depth estimates.
Inference. Our testing resolution is same as the training resolution. We do not use any augmentation
for test/validation. We keep the maximum number of objects to 50 in an image, and we multiply the
class and predicted confidence to get the box’s overall score in inference as in [109]. We consider

output boxes with scores greater than a threshold of 0.2 for KITTI [159] and 0.1 for Waymo [199].

C.3 Additional Experiments and Results
We now provide additional details and results of the experiments evaluating DEVIANT’s

performance.

C.3.1 KITTI Val Split

Monocular Detection has Huge Generalization Gap. As mentioned in Sec. 3.1, we now show
that the monocular detection has huge generalization gap between training and inference. We report
the object detection performance on the train and validation (val) set for the two models on KITTI

Val split in Tab. C.2. Tab. C.2 shows that the performance of our baseline GUP Net [159] and our
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Table C.2 Generalization gap (v) on KITTI Val cars. Monocular detection has huge generalization gap

between training and inference sets. [Key: Best]

Method

Scale

Eqv | Set

IoUsp > 0.7

IoUsp > 0.5

AP 3p|r,, [To](®)
Easy Mod Hard

AP Bgv|r,, [T](4)
Easy Mod Hard

AP 3p|r,, [To](®)
Easy Mod Hard

AP Bgv|r,, [T](4)
Easy Mod Hard

GUP Net [159]

Train
Val
Gap

91.83 74.87 67.43
21.10 15.48 12.88
70.73 59.39 54.55

95.19 80.95 73.55
28.58 20.92 17.83
66.61 60.03 55.72

99.50 93.62 86.22
58.95 43.99 38.07
40.55 49.63 48.15

99.56 93.88 86.46
64.60 47.76 42.97
34.96 46.12 43.49

DEVIANT

Train
Val
Gap

91.09 76.19 67.16
24.63 16.54 14.52
66.46 59.65 52.64

94.76 82.61 75.51
32.60 23.04 19.99
62.16 59.57 55.52

99.37 93.56 88.57
61.00 46.00 40.18

38.37 47.56 48.39

99.50 93.87 88.90
65.28 49.63 43.50
34.22 44.24 45.40

Table C.3 Comparison on multiple backbones on KITTI Val cars. [Key: Best]

IoUsp > 0.7 IoUsp > 0.5
BackBone Method AP 3p|ry [To](®) | AP BEV|R, [T0](#) | AP 3pjr,, [T0](A) | AP BEV|R, [T](4)
Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
ResNet-18 |GUP Net [159](18.86 13.20 11.01]26.05 19.37 16.57|54.90 40.65 34.98|60.54 46.13 40.12
DEVIANT |20.27 14.21 12.56|28.09 20.32 17.49(55.75 42.41 36.97|60.82 46.43 40.59
DLA-34 |GUP Net [159](21.10 15.48 12.88|28.58 20.92 17.83|58.95 43.99 38.07|64.60 47.76 42.97
DEVIANT |24.63 16.54 14.52(32.60 23.04 19.99|61.00 46.00 40.18|65.28 49.63 43.50

DEVIANT is huge on the training set, while it is less than one-fourth of the train performance on
the val set.

We also report the generalization gap (in pink) metric [270] in Tab. C.2, which is the difference
between training and validation performance. The generalization gap at both the thresholds of 0.7
and 0.5 is huge.

Comparison on Multiple Backbones. A common trend in 2D object detection community is
to show improvements on multiple backbones [253]. DD3D [181] follows this trend and also
reports their numbers on multiple backbones. Therefore, we follow the same and compare with our
baseline on multiple backbones on KITTI Val cars in Tab. C.3. Tab. C.3 shows that DEVIANT
shows consistent improvements over GUP Net [159] in 3D object detection on multiple backbones,
proving the effectiveness of our proposal.

Comparison with Bigger CNN Backbones. Since the SES blocks increase the Flop counts signif-
icantly compared to the vanilla convolution block, we next compare DEVIANT with bigger CNN
backbones with comparable GFLOPs and FPS/ wall-clock time (instead of same configuration)

in Tab. C.4. We compare DEVIANT with DLA-102 and DLA-169 - two biggest DLA networks
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Table C.4 Results with bigger CNNs having similar flops on KITTI Val cars. [Key: Best]

Param (v)[Disk Size (v)|[Flops (v)|Infer (v)[AP3p IoUsp> 0.7 (4)|AP3p IoUsp> 0.5 (4)

Method BackBone |~ 1y (MB) G) | (ms) |Easy Mod Hard |Easy Mod Hard
GUP Net [159]] DLA-34 16 235 30 20 [21.1015.48 12.88 |58.9543.99 38.07
GUP Net [159]| DLA-102 | 34 583 70 25 [20.9614.64 12.80 |57.0641.78 37.26
GUP Net [159]| DLA-169 | 54 814 114 | 30 |21.7615.35 12.72 [57.6043.27 37.32
DEVIANT  |SES-DLA-34| 16 236 235 | 40 [24.6316.54 14.52 |61.0046.00 40.18

Table C.5 Results on KITTI Val cyclists and pedestrians (Cyc/Ped) (IoUsp > 0.5). [Key: Best, Second
Best]

Cyc AP 3pjr,, [0](4) | Ped AP 3pr,, [T](4)
Method Extra EZsy Mod " Hard Easy Mod " Hard
GrooMeD-NMS [109] ~10.00 000 000 [3.79 271 2.6
MonoDIS [222] ~ 152 073 071 |3.20 228 1.71
MonoDIS-M [220] ~ 270 150 130 |9.50 7.10 5.70
GUP Net (Retrained) [159]| — |4.41 217 203 |937 684 573
DEVIANT (Ours) ~ 405 220 214 |985 7.18 542

with ImageNet weights! on KITTI Val split. We use the fvcore library? to get the parameters and
flops. Tab. C.4 shows that DEVIANT again outperforms the bigger CNN backbones, especially on
nearby objects. We believe this happens because the bigger CNN backbones have more trainable
parameters than DEVIANT, which leads to overfitting. Although DEVIANT takes more time
compared to the CNN backbones, DEVIANT still keeps the inference almost real-time.
Performance on Cyclists and Pedestrians. Tab. C.5 lists out the results of 3D object detection on
KITTI Val Cyclist and Pedestrians. The results show that DEVIANT is competitive on challenging
Cyclist and achieves SoTA results on Pedestrians on the KITTT Val split.

Cross-Dataset Evaluation Details. For cross-dataset evaluation, we test on all 3,769 images of the
KITTTI Val split, as well as all frontal 6,019 images of the nuScenes Val split [22], as in [218]. We
first convert the nuScenes Val images to the KITTI format using the export_kitti’ function in
the nuscenes devkit. We keep KITTI Val images in the [384, 1280] resolution, while we keep the
nuScenes Val images in the [384, 672] resolution to preserve the aspect ratio. For M3D-RPN [15],
we bring the nuScenes Val images in the [512, 910] resolution.

Monocular 3D object detection relies on the camera focal length to back-project the projected

! Available at http://dl.yf.io/dla/models/imagenet/
Zhttps://github.com/facebookresearch/fvcore
3https://github.com/nutonomy/nuscenes-devkit/blob/master/python-sdk/nuscenes/scripts/export_kitti.py
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centers into the 3D space. Therefore, the 3D centers depends on the focal length of the camera
used in the dataset. Hence, one should take the camera focal length into account while doing
cross-dataset evaluation. We now calculate the camera focal length of a dataset as follows. We take
the camera matrix K and calculate the normalized focal length f = % where H denotes the height
of the image. The normalized focal length f for the KITTI dataset is 3.82, while the normalized
focal length f for the nuScenes dataset is 2.82. Thus, the KITTI and the nuScenes images have a
different focal length [255].

M3D-RPN [15] does not normalize w.r.t. the focal length. So, we explicitly correct and divide
the depth predictions of nuScenes images from the KITTI model by 3.82/2.82 = 1.361 in the M3D-
RPN [15] codebase. The GUP Net [159] and DEVIANT codebases use normalized coordinates
i.e. they normalize w.r.t. the focal length. So, we do not explicitly correct the focal length for GUP
Net and DEVIANT predictions.

We match predictions to the ground truths using the loU,p overlap threshold of 0.7 [218]. After

this matching, we calculate the Mean Average Error (MAE) of the depths of the predicted and the
ground truth boxes [218].
Stress Test with Rotational and/or xy-translation Ego Movement. Corollary 1.1 uses translation
along the depth as the sole ego movement. This assumption might be valid for the current outdoor
datasets and benchmarks, but is not the case in the real world. Therefore, we conduct stress tests
on how tolerable DEVIANT and GUP Net [159] are when there is rotational and/or xy-translation
movement on the vehicle.

First, note that KITTI and Waymo are already large-scale real-world datasets, and our own
dataset might not be a good choice. So, we stick with KITTI and Waymo datasets. We manually
choose 306 KITTI Val images with such ego movements and again compare performance of
DEVIANT and GUP Net on this subset in Tab. C.6. The average distance of the car in this subset
is 27.69 m (+£16.59 m), which suggests a good variance and unbiasedness in the subset. Tab. C.6

shows that both the DEVIANT backbone and the CNN backbone show a drop in the detection

performance by about 4 AP points on the Mod cars of ego-rotated subset compared to the all set.
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Table C.6 Stress Test with rotational and xy-translation ego movement on KITTI Val cars. [Key: Best]

AP3p IoUsp> 0.7 (4) | AP3p IoU3p> 0.5 (4)
Easy Mod Hard | Easy Mod Hard
Subset GUP Net [159]]17.22 11.43 991 |47.47 35.02 32.63
(306) DEVIANT 20.17 12.49 10.93 [49.81 36.93 34.32
KITTI Val |GUP Net [159]|21.10 15.48 12.88 |58.95 43.99 38.07
(3769) DEVIANT 24.63 16.54 14.52 [61.00 46.00 40.18

Set Method

Table C.7 Comparison of Depth Estimates of monocular depth estimators and 3D object detectors on
KITTI Val cars. Depth from a depth estimator BTS is not good for foreground objects (cars) beyond 20+ m
range. [Key: Best, Second Best]

Method Depth  Ground| Back+ Foreground | Foreground (Cars)
at Truth [0-20 20-40 40—0c0|0—-20 20-40 40—o00
GUP Net [159]|3D Center 3D Box| - - - 1045 1.10 1.85
DEVIANT 3D Center 3D Box| - - - 1040 1.09 1.80
BTS [118] Pixel LiDAR|[0.48 130 1.83 (030 1.22 2.16

This drop experimentally confirms the theory that both the DEVIANT backbone and the CNN
backbone do not handle arbitrary 3D rotations. More importantly, the table shows that DEVIANT
maintains the performance improvement over GUP Net [159] under such movements.

Also, Waymo has many images in which the ego camera shakes. Improvements on Waymo

(Tab. 3.12) also confirms that DEVIANT outperforms GUP Net [159] even when there is rotational
or xy-translation ego movement.
Comparison of Depth Estimates from Monocular Depth Estimators and 3D Object Detectors.
We next compare the depth estimates from monocular depth estimators and depth estimates from
monocular 3D object detectors on the foreground objects. We take a monocular depth estimator
BTS [118] model trained on KITTI Eigen split. We next compare the depth error for all and
foreground objects (cars) on KITTI Val split using MAE (v) metric in Tab. C.7 as in Tab. 3.6. We
use the MSeg [114] to segment out cars in the driving scenes for BTS. Tab. C.7 shows that the
depth from BTS is not good for foreground objects (cars) beyond 20+ m range. Note that there is a
data leakage issue between the KITTI Eigen train split and the KITTI Val split [221] and therefore,
we expect more degradation in performance of monocular depth estimators after fixing the data
leakage issue.

Equivariance Error for KITTI Monocular Videos. A better way to compare the scale equiv-
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Figure C.7 Equivariance error (A) comparison for DEVIANT and GUP Net on previous three frames of
the KITTI monocular videos at block 3 in the backbone.

ariance of the DEVIANT and GUP Net [159] compared to Fig. 3.4, is to compare equivariance
error on real images with depth translations of the ego camera. The equivariance error A is the
normalized difference between the scaled feature map and the feature map of the scaled image, and
is given by

! i 175,@(hi) = (75, )3
NG T

) (C.32)

where ® denotes the neural network, 7, is the scaling transformation for the image i, and N is
the total number of images. Although we do evaluate this error in Fig. 3.4, the image scaling in
Fig. 3.4 does not involve scene change because of the absence of the moving objects. Therefore,
evaluating on actual depth translations of the ego camera makes the equivariance error evaluation
more realistic. We next carry out this experiment and report the equivariance error on three
previous frames of the val images of the KITTI Val split as in [17]. We plot this equivariance error
in Fig. C.7 at block 3 of the backbones because the resolution at this block corresponds to the output
feature map of size [96, 320]. Fig. C.7 is similar to Fig. 3.4b, and shows that DEVIANT achieves
lower equivariance error. Therefore, DEVIANT has better equivariance to depth translations (scale
transformation s) than GUP Net [159] in real scenarios.

Model Size, Training, and Inference Times. Both DEVIANT and the baseline GUP Net have the
same number of trainable parameters, and therefore, the same model size. GUP Net takes 4 hours

to train on KITTI Val and 0.02 ms per image for inference on a single Ampere A100 (40 GB) GPU.

DEVIANT takes 8.5 hours for training and 0.04 ms per image for inference on the same GPU. This
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Table C.8 Five Different Runs on KITTI Val cars. [Key: Average]

Method Run

IoUsp > 0.7

IoUsp > 0.5

AP 3pjry, [To](4)
Easy Mod Hard

AP ggv|r,, [To](®)
Easy Mod Hard

AP 3pjr,, [To](4)
Easy Mod Hard

AP Bgv|r,, [To](4)
Easy Mod Hard

GUP Net [159]

n kW=

21.67 14.75 12.68
21.26 14.94 12.49
20.87 15.03 12.61
21.10 15.48 12.88
22.52 15.92 13.31

28.72 20.88 17.79
28.39 20.40 17.43
28.66 20.56 17.48
28.58 20.92 17.83
30.77 22.40 19.36

58.27 43.53 37.62
59.20 43.55 37.63
60.19 44.08 39.36
58.95 43.99 38.07
59.91 44.00 39.30

63.67 47.37 42.55
64.06 47.46 42.67
65.26 49.44 43.17
64.60 47.76 42.97
64.94 48.01 43.08

A

<

g

21.48 15.22 12.79

29.02 21.03 17.98

59.30 43.83 38.40

64.51 48.01 42.89

DEVIANT

| B N O R O

23.19 15.84 14.11
23.33 16.12 13.54
24.12 16.37 14.48
24.63 16.54 14.52
25.82 17.69 15.07

29.82 21.93 19.16
31.22 22.64 19.64
31.58 22.52 19.65
32.60 23.04 19.99
33.63 23.84 20.60

60.19 45.52 39.86
61.59 46.33 40.35
62.51 46.47 40.65
61.00 46.00 40.18
62.39 46.46 40.61

66.32 49.39 43.38
67.49 50.26 43.98
67.33 50.24 44.16
65.28 49.63 43.50
67.55 50.51 45.80

24.22 16.51 14.34

31.77 22.79 19.81

61.54 46.16 40.33

66.79 50.01 44.16

Avg

Table C.9 Experiments Comparison.

Method
GrooMeD-NMS [109]
MonoFlex [301]
CaDDN [199]
MonoRCNN [218]
GUP Net [159]

DD3D [181]

PCT [246]
MonoDistill [39]
MonoDIS-M [220] TPAMI20
MonoEF [307] TPAMI21
DEVIANT -

Venue |Multi-Dataset Cross-Dataset Multi-Backbone
CVPR21 - - -
CVPR21
CVPR21
ICCV21
ICCV21
ICCV21

NeurIPS21
ICLR22

&
|
|

|
<
|

AN N
I
ANE N

ANENENE
|
AN

is expected because SE models use more flops [227,309] and, therefore, DEVIANT takes roughly
twice the training and inference time as GUP Net.

Reproducibility. As described in Sec. 3.5.2, we now list out the five runs of our baseline GUP
Net [159] and DEVIANT in Tab. C.8. Tab. C.8 shows that DEVIANT outperforms GUP Net in all
runs and in the average run.

Experiment Comparison. We now compare the experiments of different chapters in Tab. C.9. To
the best of our knowledge, the experimentation in DEVIANT is more than the experimentation of

most monocular 3D object detection chapters.
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(a) Depth equivariance error (v). (b) Error (v) on objects.

Figure C.8 (a) Depth (scale) equivariance error of vanilla GUP Net [159] and proposed DEVIANT. (See
Sec. 3.5.2 for details) (b) Error on objects. The proposed backbone has less depth equivariance error than
vanilla CNN backbone.

C.3.2 Qualitative Results

KITTI. We next show some more qualitative results of models trained on KITTI Val split in
Fig. C.9. We depict the predictions of DEVIANT in image view on the left and the predictions
of DEVIANT and GUP Net [159], and ground truth in BEV on the right. In general, DEVIANT
predictions are more closer to the ground truth than GUP Net [159].

nuScenes Cross-Dataset Evaluation. We then show some qualitative results of KITTI Val model
evaluated on nuScenes frontal in Fig. C.10. We again observe that DEVIANT predictions are
more closer to the ground truth than GUP Net [159]. Also, considerably less number of boxes are
detected in the cross-dataset evaluation i.e. on nuScenes. We believe this happens because of the
domain shift.

Waymo. We now show some qualitative results of models trained on Waymo Val split in Fig. C.11.
We again observe that DEVIANT predictions are more closer to the ground truth than GUP
Net [159].

C.3.3 Demo Videos of DEVIANT

Detection Demo. We next put a short demo video of our DEVIANT model trained on KITTI Val

split at https://www.youtube.com/watch?v=2D73ZBrU-PA. We run our trained model indepen-

133


https://www.youtube.com/watch?v=2D73ZBrU-PA

dently on each frame of 2011_09_26_prive_0009 KITTI raw [66]. The video belongs to the City
category of the KITTI raw video. None of the frames from the raw video appear in the training
set of KITTI Val split [109]. We use the camera matrices available with the video but do not use
any temporal information. Overlaid on each frame of the raw input videos, we plot the projected
3D boxes of the predictions and also plot these 3D boxes in the BEV. We set the frame rate of this
demo at 10 fps as in KITTI. The attached demo video demonstrates very stable and impressive
results because of the additional equivariance to depth translations in DEVIANT which is absent
in vanilla CNNs. Also, notice that the orientation of the boxes are stable despite not using any
temporal information.

Equivariance Error Demo. We next show the depth equivariance (scale equivariance) error
demo of one of the channels from the vanilla GUP Net and our proposed method at https:/www.
youtube.com/watch?v=70DIjQkuZvw. As before, we report at block 3 of the backbones which
corresponds to output feature map of the size [96,320]. The equivariance error demo indicates
more white spaces which confirms that DEVIANT achieves lower equivariance error compared to
the baseline GUP Net [159]. Thus, this demo agrees with Fig. C.8a. This happens because depth
(scale) equivariance is additionally hard-baked into DEVIANT, while the vanilla GUP Net is not

equivariant to depth translations (scale transformation s).
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Figure C.9 KITTI Qualitative Results. DEVIANT predictions in general are more accurate than GUP
Net [159]. [Key: Cars (pink), Cyclists (orange) and Pedestrians (violet) of DEVIANT; all classes of GUP

Net (cyan), and Ground Truth (green) in BEV].
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Figure C.10 nuScenes Cross-Dataset Qualitative Results. DEVIANT predictions in general are more
accurate than GUP Net [159]. [Key: Cars of DEVIANT (pink); of GUP Net (cyan), and Ground Truth
(green) in BEV].
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Figure C.11 Waymo Qualitative Results. DEVIANT predictions in general are more accurate than GUP
Net [159]. [Key: Cars (pink), Cyclists (orange) and Pedestrians (violet) of DEVIANT; all classes of GUP
Net (cyan), and Ground Truth (green) in BEV].
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APPENDIX D

SEABIRD APPENDIX
D.1 Additional Explanations and Proofs
We now add some explanations and proofs which we could not put in the main chapter because
of the space constraints.
D.1.1 Proof of Converged Value
We first bound the converged value from the optimal value. These results are well-known in

the literature [113,214]. We reproduce the result from using our notations for completeness.

)

=E (||£woo—£,u + Lu—w*

E (”Lwoo—w*

)

:E((iwm_£”+£ﬂ_w*)T(me_Lﬂ_'_L”_w*))

= E((“Weom L 1) (*Woo = 10)) + E((Fp—-w) (Fp-w.))
+ 2B((Aweo =L )T (X p—w.))

= Var({weo) + E(£p-w)" (L u-w.)) (D.1)

where £ 1 = E(£w.,) is the mean of the layer weight and Var(w) denotes the variance of 3. j w?.
SGD. We begin the proof by writing the value of £w;, at every step. The model uses SGD, and so,

the weight £w; after ¢ gradient updates is

Lw, =wo-s1tg - sotg - —ste. (D.2)

where £g, denotes the gradient of w at every step . Assume the loss function under consideration
Lis L = f(wh-2z) = f(n). Then, we have,

s 0L
g = 5_Wt
_0L(wh-7)
B ow;
_0L(wh-27)d(wh-2)
~ d(wh-2) ow,
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= Lg, =he, (D.3)

0L(n) .

is the gradient of the loss function wrt noise.

with € =
Expectation and Variance of Gradient £g, Since the image h and noise 7 are statistically
independent, the image and the noise gradient i are also statistically independent. So, the expected

gradients
E(£g,) = E(h)E(e) = 0. (D.4)

Note that if the loss function is an even function (symmetric about zero), its gradient € is an
odd function (anti-symmetric about 0), and so its mean E(¢) = 0.

Next, we write the gradient variance Var(£g;) as

Var(£g,) = Var(he) = E(h"h)E(€?) — E(h)E?(¢)
=E(h"h) [Var(e) + E*(e)]
— E*(h)E?(e)
= Var(%g,) = E(h"h)Var(e) asE(e) =0 (D.5)

Expectation and Variance of Converged Weight £w, We first calculate the expected converged

weight as

t
E(fw) = E(wo) +| Y /B (ng) ,using Eq. (D.2)
=1

=0 using Eq. (D.4)
= E(*We) = lim E(“w,)

= E(fwe)=Lu=0 (D.6)
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We finally calculate the variance of the converged weight. Because the SGD step size is

independent of the gradient, we write using Eq. (D.2),

Var(£w,) = Var(w) + s%Var (g1) + s%Var (22)

4o 4 $2Var (Lg,) (D.7)

Assuming the gradients £g; are drawn from an identical distribution, we have

t

Var(£w,) = Var(w) + Z s? Var (Lgt)
J=1

= Var({we) = tlim Var(£w,)
t
= Var(wp) + tlggo Z:‘ s? Var (Lgt)
j:

— Var(¥wo) = Var(wg) + sVar (Lg,) (D.8)

71'2

An example of square summable step-sizes of SGD is s; = }, and then the constant s = }, s? =%
Jj=1
This assumption is also satisfied by modern neural networks since their training steps are always

finite.

Substituting Eq. (D.5) in Eq. (D.8), we have
Var(¥we,) = Var(wo) + sE(h"h) Var(e) (D.9)
Substituting mean and variances from Egs. (D.6) and (D.9) in Eq. (D.1), we have

E (||£woo—w*

i) — Var(wp) + sE(h"h) Var(e)
+E(/|w. %)

= sE(h"h)Var(e) + Var(wy)
+E(/|w. %)

— E (”Lwoo—w*

j) = ¢, Var(e) + 2, (D.10)

0L(n) .

is the gradient of the loss function wrt noise, and ¢; = sE(h"h) and ¢, are terms

where € =

independent of the loss function L.
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D.1.2 Comparison of Loss Functions
Eq. (4.1) shows that different losses £ lead to different Var(e). Hence, comparing this term for

different losses asseses the quality of losses.

D.1.2.1 Gradient Variance of MAE Loss
The result on MAE (L) is well-known in the literature [113,214]. We reproduce the result
from [113,214] using our notations for completeness.

The L loss is

Li(n) =12-zh =*wh-z|; = 5l

.o 9Li(n) _ q
dn

gn(n) (D.11)

Thus, € = sgn(n) is a Bernoulli random variable with p(e) = 1/2 for e = +1. So, mean E(¢) =0
and variance Var(e) = 1.
D.1.2.2 Gradient Variance of MSE Loss

The result on MSE (£,) is well-known in the literature [113,214]. We reproduce the result

from [113,214] using our notations for completeness. The L, loss is

Lo(n) =0.52 - z)*> = 0.5]9)* = 0.55°

_0Ly(n)

— € (D.12)

Thus, € = 17 is a normal random variable [214]. So, mean E(¢) = 0 and variance Var(e) = Var(n) =

2.

D.1.2.3 Gradient Variance of Dice Loss. (Proof of Lemma 2)

Proof. We first write the gradient of dice loss as a function of noise (77) as follows:

sgn(n)
= 0 Ljice(n) _ ¢ Il < ¢

an

(D.13)
0 Jnl > €
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The gradient of the loss € is an odd function and so, its mean E(€) = 0. Next, we write its variance

Var(e€) as
¢
Var(€) = Var(n) = i/ 1 e_z,:rz2 dn
{2 J 210
‘ 2
) 522 21710'6_2776177
2 v 1 2
= \/T_ﬂe_%dn
o

where, ® is the normal CDF

We write the CDF ®(x) in terms of error function Erf as:

D(x) = % + %Erf(%)

t
for x > 0. Next, we put x = — to get
o
I 1
o(L) =1+ tar(
o 2 2 2o
Substituting above in Eq. (D.14), we obtain

2
Var(e) = 7

Dol )]
— _I' —_— - —
2727 \Var) 2

= Var(e) = %Erf(é)

D.1.3 Proof of Dice Model Being BetterLemma 3

Proof. It remains sufficient to show that

E (||dwoo — W,

) < B ("W = willy)
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) < B (I'weo - wal3) (D.18)

— E (||dw00 - W,

Using Lemma 1, the above comparison is a comparison between the gradient variance of the loss
wrt noise Var(e). Hence, we compute the gradient variance of the loss £, i.e., Var(e) of regression
and dice losses to derive this lemma.

Case 1 o < 1: Given Tab. 4.1, if o < 1, the minimum deviation in converged regression model

comes from the £, loss. The difference in the estimates of regression loss and the dice loss

)

x o2 — —Erf(i) (D.19)

E (ll’wOo - w*||%) -E (||dwoo - W,

1
Let o, be the solution of the equation o> —Erf ( ) Note that the above equation has

V2o

1 ¢
is a strictly increasing function wrt o for o= > 0, while —Erf ( 7 )
200

is a strictly decreasing function wrt o for oo > 0. If the noise has o > o,, the RHS of the above

unique solution o, since o2 i

equation > 0, which means dice loss converges better than the regression loss.

Case 2 o > 1: Given Tab. 4.1, if o > 1, the minimum deviation in converged regression model

comes from the £ loss. The difference in the regression and dice loss estimates:
E (ll’woo - w*||§) -E (||dw00 - W,

2
)
1 ¢
o« 11— Ef D.20
' (w) (b:20)

If the noise has o > gErf_ 1(£2), the RHS of the above equation > 0, which means dice loss is
better than the regression loss. For objects such as cars and trailers which have length ¢ > 4m, this
is trivially satisfied.

Combining both cases, dice loss outperforms the £ and £, losses if the noise deviation o

exceeds the critical threshold o, i.e.

2
o > o, = max (am, %Erf‘l(ﬁz)) . (D.21)
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D.1.4 Proof of Convergence Analysis Th. 2
Proof. Continuing from Lemma 3, the advantage of the trained weight obtained from dice loss over

the trained weight obtained from regression losses further results in

Var(Ywe.) < Var("weo)
— E(|'Weh - z|) < E(]"Weh - 2|)
— B(|‘2-2z]) <B(|"2-z))

— E(IoUsp) > E(ToUsp), (D.22)

assuming depth is the only source of error. Because AP3p is an non-decreasing function of IoUsp,

the inequality remains preserved. Hence, we have YAP3p > "APsp. O

Thus, the average precision from the dice model is better than the regression model, which

means a better detector.

D.1.5 Properties of Dice Loss.
We next explore the properties of model in Lemma 3 trained with dice loss. From Lemma 1,

we write
d 2
E || Woo — w*”2 = ¢ Var(e) +c;
Substituting the result of Lemma 2, we have

E (||‘lwoo — W,

i) = Ut (—) +eo (D.23)
g

chapter [9] says that for a normal random variable X with mean 0 and variance 1 and for any

x > 0, we have

V4 + x2 - 1 2
2 2r
1 2 _2
= ——————[—e¢ 7 <P(X>x)
X+ V4+x2 V7
1 2 2
= ————/—e¢ 2 <1-P(X<x)
X+ V4+x2 V7



Table D.1 Assumption comparison of Convergence Analysis of Th. 2 vs Mono3D models.

Th. 2 Mono3D Models
Regression Linear Non-linear
Noise n PDF Normal Arbitrary
Noise & Image Independent Dependent
Object Categories 1 Multiple
Object Size £ Ideal Non-ideal
Error Depth All 7 parameters
Loss L L1, Lo, dice | Smooth L, L, dice, CE
Optimizers SGD SGD, Adam, AdamW
Global Optima Unique Multiple
1 2 _% <1 1 A _XTZ JX
= ———[—¢ 2 <1--- —c
X+ V4+x2 V7 2 Jo V2n
1 2 _% 1 A _XT2 JX
= ——— \/—e€ - = —c¢
X+ V4+x2 V7 2 Jo V2r
1 2 2 1 Vol
= ———\/—€ 2 < = — ’ —e_deX
x+Vd+x2 V7 2 Jo Am
1 2 2 1 1 x
= ————/—¢ 2 < - — —Erf(—)
X+ V4+x2 V7 2 2 V2
2 2 a2
= Erf|— — LA

—_

x)31—
V2 x+V44+x2 VT

o ¢
Substituting x = — above, we have,
o

Ef( { )<1 20 \[— (D.24)
fl— | <1—- ———[—¢ 2 )
V2o t+Vag2+ 2\ 7

Case 1: Upper bound. The RHS of Eq. (D.24) is clearly less than 1 since the term in the RHS

after subtraction is positive. Hence,

t
Erf[— ] <1
(\/ia)
Substituting above in Eq. (D.23), we have
2 C1
B ([[weo = w.[5) < Gro (D.25)

Clearly, the deviation of the trained model with the dice loss is inversely proportional to the object

length €. The deviation from the optimal is less for large objects.
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Case 2: Infinite Noise variance 0> — oco. Then, one of the terms in the RHS of Eq. (D.24)

2 ¢ _2 £?
g I. Moreover, — — 0 = ¢ 27 =~ (1 —2—). So, RHS of Eq. (D.24)

_ >
€+ Vio2+ 2 o o?
becomes
4 2 £2
Erf| — |~ 1—4/—- (] -—
20 n 202

2
_ Erf(é) . (H 2, %f_) D.26)

Substituting above in Eq. (D.23), we have

E (””lwo0 - W,

2) cofyL 2, 28
2] 7 g2 n n 2072
+ 02 (D.27)

Thus, the deviation from the optimal weight is inversely proportional to the noise deviation o-2.

2

Hence, the deviation from the optimal weight decreases as o~ increases for the dice loss. This

property provides noise-robustness to the model trained with the dice loss.

D.1.6 Notes on Theoretical Result

Assumption Comparisons. The theoretical result of Th. 2 relies upon several assumptions. We
present a comparison between the assumptions made by Th. 2 and those underlying Mono3D
models, in Tab. D.1. While our analysis depends on these assumptions, it is noteworthy that the
results are apparent even in scenarios where the assumptions do not hold true. Another advantage
of having a linear regression setup is that this setup has a unique global minima (because of its
convexity).

Nature of Noise 77. Th. 2 assumes that the noise 7 is a normal random variable N (0, o2). To verify
this assumption, we take the two SoTA released models GUP Net [159] and DEVIANT [108] on the
KITTI [67] Val cars. We next plot the depth error histogram of both these models in Fig. D.1. This
figure confirms that the depth error is close to the Gaussian random variable. Thus, this assumption
is quite realistic.

Th. 2 Requires Assumptions? We agree that Th. 2 requires assumptions for the proof. However,

our theory does have empirical support; most Mono3D works have no theory. So, our theoretical
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Figure D.1 Depth error histogram of released GUP Net and DEVIANT [108] on the KITTI Val cars. The
histogram shows that depth error is close to the Gaussian random variable.

attempt for Mono3D is a step forward! We leave the analysis after relaxing some or all of these
assumptions for future avenues.

Does Th. 2 Hold in Inference? Yes, Th. 2 holds even in inference. Th. 2 relies on the converged
weight £w.,, which in turn depends on the training data distribution. Now, as long as the training
and testing data distribution remains the same (a fundamental assumption in ML), Th. 2 holds also
during inference.

D.1.7 More Discussions

SeaBird improves because it removes depth estimation and integrates BEV segmentation. We
clarify to remove this confusion. First, SeaBird also estimates depth. SeaBird depth estimates
are better because of good segmentation, a form of depth (thanks to dice loss). Second, predicted
BEV segmentation needs processing with the 3D head to output depth; so it can not replace depth
estimation. Third, integrating segmentation over all categories degrades Mono3D performance
( [132] and our Tab. 4.5 Sem. Category).

Why evaluation on outdoor datasets? We experiment with outdoor datasets in this chapter

because indoor datasets rarely have large objects (mean length > 6m).
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D.2 Implementation Details
Datasets. Our experiments use the publicly available KITTI-360, KITTI-360 PanopticBEV and
nuScenes datasets. KITTI-360 is available at https://www.cvlibs.net/datasets/kitti-360/download.
php under CCA-NonCommercial-ShareAlike (CC BY-NC-SA) 3.0 License. KITTI-360 Panop-
ticBEV is available at http://panoptic-bev.cs.uni-freiburg.de/ under Robot Learning License Agree-
ment. nuScenes is available at https://www.nuscenes.org/nuscenes under CC BY-NC-SA 4.0 Inter-
national Public License.

Data Splits. We detail out the detection data split construction of the KITTI-360 dataset.

e KITTI-360 Test split: This detection benchmark [136] contains 300 training and 42 testing
windows. These windows contain 61,056 training and 9,935 testing images. The calibration
exists for each frame in training, while it exists for every 10" frame in testing. Therefore, our
split consists of 61,056 training images, while we run monocular detectors on 910 test images
(ignoring uncalibrated images).

e KITTI-360 Val split: The KITTI-360 detection Val split partitions the official train into 239
train and 61 validation windows [136]. The original Val split [136] contains 49,003 training and
14,600 validation images. However, this original Val split has the following three issues:

— Data leakage (common images) exists in the training and validation windows.

— Every KITTI-360 image does not have the corresponding BEV semantic segmentation GT in
the KITTI-360 PanopticBEV [72] dataset, making it harder to compare Mono3D and BEV
segmentation performance.

— The KITTI-360 validation set has higher sampling rate compared to the testing set.

To fix the data leakage issue, we remove the common images from training set and keep them only

in the validation set. Then, we take the intersection of KITTI-360 and KITTI-360 PanopticBEV

datasets to ensure that every image has corresponding BEV segmentation segmentation GT.

After these two steps, the training and validation set contain 48,648 and 12,408 images with

calibration and semantic maps. Next, we subsample the validation images by a factor of 10 as

in the testing set. Hence, our KITTI-360 Val split contains 48,648 training images and 1,294
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Figure D.2 Skewness in datasets. The ratio of large (yellow) objects to other objects is approximately 1:2
in KITTI-360 [136], while the skewness is about 1:21 in nuScenes [22].

validation images.

Augmentation. We keep the same augmentation strategy as our baselines for the respective models.

Pre-processing. We resize images to preserve their aspect ratio.

e KITTI-360. We resize the [376,1408] sized KITTI-360 images, and bring them to the
[384, 1438] resolution.

e nuScenes. We resize the [900, 1600] sized nuScenes images, and bring them to the [256, 704],
[512,1408] and [640, 1600] resolutions as our baselines [303,311].

Libraries. I2M and PBEV experiments use PyTorch [184], while BEVerse and HoP use MMDe-

tection3D [44].

Architecture.

® 2M+SeaBird.12M [211] uses ResNet-18 as the backbone with the standard Feature Pyramid
Network (FPN) [138] and a transformer to predict depth distribution. FPN is a bottom-up
feed-forward CNN that computes feature maps with a downscaling factor of 2, and a top-down

network that brings them back to the high-resolution ones. There are total four feature maps
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levels in this FPN. We use the Box Net with ResNet-18 [77] as the detection head.

o PBEV+SeaBird PBEV [72] uses EfficientDet [231] as the backbone. We use Box Net with
ResNet-18 [77] as the detection head.

® BEVerse+SeaBird. BEVerse [303] uses Swin transformers [152] as the backbones. We use the
original heads without any configuration change.

® HoP+SeaBird. HoP [311] uses ResNet-50, ResNet-101 [77] and V2-99 [181] as the backbones.
Since HoP does not have the segmentation head, we use the one in BEVerse as the segmentation
head.

We initialize the CNNs and transformers from ImageNet weights except for V2-99, which is pre-

trained on 15 million LiDAR data.. We output two and ten foreground categories for KITTI-360

and nuScenes datasets respectively.

Training. We use the training protocol as our baselines for all our experiments. We choose the

model saved in the last epoch as our final model for all our experiments.

® [2M+SeaBird. Training uses the Adam optimizer [102], a batch size of 30, an exponential decay
of 0.98 [211] and gradient clipping of 10 on single Nvidia A100 (80GB) GPU. We train the BEV
Net in the first stage with a learning rate 1.0x10~* for 50 epochs [211]. We then add the detector
in the second stage and finetune with the first stage weight with a learning rate 0.5x 10~ for 40
epochs. Training on KITTI-360 Val takes a total of 100 hours. For Test models, we finetune
I2M Val stage 1 model with train+val data for 40 epochs.

® PBEV+SeaBird. Training uses the Adam optimizer [102] with Nesterov, a batch size of 2 per
GPU on eight Nvidia RTX A6000 (48GB) GPU. We train the PBEV with the dice loss in the
first stage with a learning rate 2.5x 107> for 20 epochs. We then add the Box Net in the second
stage and finetune with the first stage weight with a learning rate 2.5x1073 for 20 epochs. PBEV
decays the learning rate by 0.5 and 0.2 at 10 and 15 epoch respectively. Training on KITTI-360
Val takes a total of 80 hours. For Test models, we finetune PBEV Val stage 1 model with
train+val data for 10 epochs on four GPUs.

® BEVerse+SeaBird. Training uses the AdamW optimizer [156], a sample size of 4 per GPU,
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the one-cycle policy [303] and gradient clipping of 35 on eight Nvidia RTX A6000 (48GB)
GPU [303]. We train the segmentation head in the first stage with a learning rate 2.0x 1073 for
4 epochs. We then add the detector in the second stage and finetune with the first stage weight
with a learning rate 2.0x 103 for 20 epochs [303]. Training on nuScenes takes a total of 400
hours.

® HoP+SeaBird. Training uses the AdamW optimizer [156], a sample size of 2 per GPU, and
gradient clipping of 35 on eight Nvidia A100 (80GB) GPUs [311]. We train the segmentation
head in the first stage with a learning rate 1.0x 10~ for 4 epochs. We then add the detector in
the second stage and finetune with the first stage weight with a learning rate 1.0x 10~* for 24
epochs [303]. nuScenes training takes a total of 180 hours. For Test models, we finetune val
model with train+val data for 4 more epochs.

Losses. We train the BEV Net of SeaBird in Stage 1 with the dice loss. We train the final SeaBird

pipeline in Stage 2 with the following loss:
L=Lger + /lsegl:seg» (D.28)

with L., being the dice loss and 4., being the weight of the dice loss in the baseline. We keep
the A5, = 5. If the segmentation loss is itself scaled such as PBEV uses the L., as 7, we use
Aseg = 35 with detection.

Inference. We report the performance of all KITTI-360 and nuScenes models by inferring on
single GPU card. Our testing resolution is same as the training resolution. We do not use any
augmentation for test/validation.

We keep the maximum number of objects is 50 per image for KITTI-360 models. We use
score threshold of 0.1 for KITTI-360 models and class dependent threshold for nuScenes models
as in [303]. KITTI-360 evaluates on windows and not on images. So, we use a 3D center-based
NMS [109] to convert image-based predictions to window-based predictions for SeaBird and all
our KITTI-360 baselines. This NMS uses a threshold of 4m for all categories, and keeps the highest

score 3D box if multiple 3D boxes exist inside a window.
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Table D.2 Error analysis on KITTI-360 Val.

Oracle AP3p 50 [%](d) | AP3p25 [Te](4)
xy z [ wh 6|AP., APc,, mAP|AP.,, APc, mAP
871 43.19 25.95]35.76 52.22 43.99

v 9.78 41.63 25.70/36.07 50.63 43.35
v 9.57 46.08 27.82|34.65 53.03 43.84
v 9.90 42.32 27.11{39.66 53.08 46.37
VAN 19.90 47.37 33.63(41.84 52.53 47.19

VA4 9.49 45.67 27.58|33.43 51.53 42.48
VV VYV |37.09 46.27 41.68|44.58 51.15 47.87
VNV V]37.02 47.03 42.02|144.46 51.50 47.98

Table D.3 Complexity analysis on KITTI-360 Val.

Method Mono3D|Inf. Time (s) Param (M) Flops (G)
GUP Net [159] v 0.02 16 30
DEVIANT [108] v 0.04 16 235
I2M [211] X 0.01 40 80
12M+SeaBird v 0.02 53 130
PBEV [72] X 0.14 24 229
PBEV+SeaBird v 0.15 37 279

D.3 Additional Experiments and Results
We now provide additional details and results of the experiments evaluating SeaBird’s perfor-

mance.

D.3.1 KITTI-360 Val Results

Error Analysis. We next report the error analysis of the SeaBird in Tab. D.2 by replacing the
predicted box data with the oracle box data as in [166]. We consider the GT box to be an oracle box
for predicted box if the euclidean distance is less than 4m. In case of multiple GT being matched
to one box, we consider the oracle with the minimum distance. Tab. D.2 shows that depth is the
biggest source of error for Mono3D task as also observed in [166]. Moreover, the oracle does
not lead to perfect results since the KITTI-360 PanopticBEV GT BEV semantic is only upto 50m,
while the KITTI-360 evaluates all objects (including objects beyond 50m).

Computational Complexity Analysis. We next compare the complexity analysis of SeaBird
pipeline in Tab. D.3. For the flops analysis, we use the fvcore library as in [108].

Naive baseline for Large Objects. We next compare SeaBird against a naive baseline for large

objects detection, such as by fine-tuning GUP Net only on larger objects. Tab. D.4 shows that
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Table D.4 KITTI-360 Val results with naive baseline finetuned for large objects. SeaBird pipelines
comfortably outperform this naive baseline on large objects. [Key: Best, Second Best, "= Retrained]

AP 350 [%](4) AP3p25 [%](#) | BEV Seg ToU [%0](4)
Method ‘ Venue | \p,,, APc, mAP |AP,, APc, mAP |Large Car Mpor
GUP Net' [159] ICCV21 | 0.54 4511 2283] 098 5052 2575 — - -
GUP Net (Large FT) " [159] | ICCV21 | 0.56 - 028 | 256 - 128 | - - -
I2M-+SeaBird CVPR24 | 871 43.19 2595|3576 5222 4399|2323 39.61 3142
PBEV-+SeaBird CVPR24 | 13.22 4246 27.84|37.15 52.53 44.84|24.30 48.04 36.17

Table D.5 Impact of denoising BEV segmentation maps with MIRNet-v2 [294] on KITTI-360 Val with
I2M+SeaBird. Denoising does not help. [Key: Best]

Denoiser AP, APcor mAP | APr,, APc, mAP [Large Car Mgy

v 273 4377 23.25|14.34 51.23 32.79(21.42 39.72 30.57
X 8.71 43.19 2595|3576 52.22 43.99(23.23 39.61 31.42

AP3p 50 [To](4) AP3p 25 [%](4) ‘ BEV Seg IoU [%](4)

Table D.6 Segmentation loss weight 1., sensitivity on KITTI-360 Val with I2M+SeaBird. As., = 5 works
the best. [Key: Best]

1 AP 3p 50 [T0](4) AP3p 25 [%](4) BEV Seg IoU [%](4)
¢ | APr,y APcor mAP | APr., APc,, mAP |Large Car Mgy
0 486 4509 2498 26.33 52.31 39.32 0 7.07 3.54

1 7.07 41.71 2439|3292 529 4291 (23.78 40.58 32.18

3 7.26 4345 25.36|34.47 5254 43.51|23.40 40.15 31.78

5 871 43.19 2595|3576 52.22 43.99|23.23 39.61 31.42

7.69 43.41 25.55|34.22 50.97 42.60(22.15 39.83 30.99

—_
o

SeaBird pipelines comfortably outperform this baseline as well.

Does denoising BEV images help? Another potential addition to the SeaBird framework is using a
denoiser between segmentation and detection heads. We use the MIRNet-v2 [294] as our denoiser
and train the BEV segmentation head, denoiser and detection head in an end-to-end manner.
Tab. D.5 shows that denoising does not increase performance but the inference time. Hence, we do
not use any denoiser for SeaBird.

Sensitivity to Segmentation Weight. We next study the impact of segmentation weight on
[2M+SeaBird in Tab. D.6 as in Sec. 4.4.2. Tab. D.6 shows that A,., = 5 works the best for the
Mono3D of large objects.

Reproducibility. We ensure reproducibility of our results by repeating our experiments for 3
random seeds. We choose the final epoch as our checkpoint in all our experiments as [108].

Tab. D.7 shows the results with these seeds. SeaBird outperforms SeaBird without dice loss in the
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Table D.7 Reproducibility results on KITTI-360 Val with [2M+SeaBird. SeaBird outperforms SeaBird
without dice loss in the median and average cases. [Key: Best, Second Best]

AP 3p 50 [To](4) AP3p 25 [Y](4) BEV Seg IoU [%](4)
APr,, APcy, mAP | APp,, APc,, mAP |Large Car Mgy
111 | 3.81 44.63 24.22|24.96 53.15 39.06 0 5.99 3.00

Dice | Seed

% 444 | 486 45.09 24981 26.33 5231 3932| O 7.07 3.54
222 | 5.79 46.71 26.25|24.32 54.06 39.19| O 5.32 2.66
Avg | 482 4558 2515|2520 53.17 3919| O 6.13 3.06
111 | 7.87 44.03 2595 33.55 53.93 43.74]22.64 40.64 31.64
Y 444 | 8.71 43.19 2595 35.76 52.22 43.99]23.23 39.61 31.42

222 | 8.71 42.87 25.79|34.71 51.72 43.22122.74 40.01 31.38
Avg | 843 4336 2590 34.67 52.62 43.65(22.87 40.09 31.48

Table D.8 Dice vs regression on methods with depth estimation. Dice model again outperforms regression
loss models, particularly for large objects. [Key: Best, Second Best]

Resolution Method \BBone Venue Loss|APLrg (4) APcyr (8) APspy () mAP (4) NDS ()
ICCV23 - 27.4 57.2 46.4 39.9 50.9
L 27.0 57.1 46.5 39.7 50.7

256x704 HoP+SeaBird | R50 B L Did Not Converge

CVPR24 Dice| 28.2 58.6 47.8 41.1 51.5

median and average cases. The biggest improvement shows up on larger objects.

D.3.2 nuScenes Results

Extended Val Results. Besides showing improvements upon existing detectors in Tab. 4.7 on the
nuScenes Val split, we compare with more recent SOT'A detectors with large backbones in Tab. D.9.
Dice vs regression on depth estimation methods. We report HoP +R50 config, which uses depth
estimation and compare losses in Tab. D.8. Tab. D.8 shows that Dice model again outperforms
regression loss models.

SeaBird Compatible Approaches. SeaBird conditions the detection outputs on segmented BEV
features and so, requires foreground BEV segmentation. So, all approaches which produce latent
BEV map in Tabs. 4.6 and 4.7 are compatible with SeaBird. However, approaches which do not
produce BEV features such as SparseBEV [142] are incompatible with SeaBird.

D.3.3 Qualitative Results

KITTI-360. We now show some qualitative results of models trained on KITTI-360 Val split in
Fig. D.3. We depict the predictions of PBEV+SeaBird in image view on the left, the predictions

of PBEV+SeaBird, the baseline MonoDETR [300], predicted and GT boxes in BEV in the mid-
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Table D.9 nuScenes Val Detection results. SeaBird pipelines outperform the baselines, particularly for
large objects. [Key: Best, Second Best, B= Base, S= Small, T= Tiny, “= Released, *= Reimplementation,§=
CBGS]

Resolution Method BBone Venue AP;., () APc,r (4) APg,; (4) mAP (4) NDS (4)
CAPE [273] R50 CVPR23 18.5 53.2 38.1 31.8 44.2
PETRv2 [150] R50 ICCV23 - - - 34.9 45.6
SOLOFusion® [182] R50 ICLR23 26.5 57.3 48.5 40.6 49.7
256x704 BEVerse-T* [303] Swin-T  ArXiv 18.5 534 38.8 32.1 46.6
BEVerse-T+SeaBird | Swin-T CVPR24 19.5 54.2 41.1 33.8 48.1
HoP* [311] R50 ICCV23 27.4 57.2 46.4 39.9 50.9
HoP+SeaBird R50 CVPR24 28.2 58.6 47.8 41.1 51.5
3DPPE [219] R101  ICCV23 - - - 39.1 45.8
STS [261] R101 AAAI23 — - - 43.1 52.5
P2D [101] R101  ICCV23 - - - 43.3 52.8
512 1408 BEVDepth [127] R101  AAAI23 - - - 41.8 53.8
BEVDet4D [87] R101 ArXiv - - - 42.1 54.5
BEVerse-S* [303] Swin-S  ArXiv 20.9 56.2 42.2 35.2 49.5
BEVerse-S+SeaBird | Swin-S CVPR24 24.6 58.7 45.0 38.2 51.3
HoP* [311] R101 ICCV23 314 63.7 52.5 452 55.0
HoP+SeaBird R101 CVPR24 329 65.0 53.1 46.2 54.7
BEVDet [88] V2-99 ArXiv 29.6 61.7 48.2 42.1 48.2
PETRv2 [150] R101 ICCV23 - - - 42.1 52.4
640 1600 CAPE [273] V2-99 CVPR23 31.2 63.2 51.9 44.7 54.4
BEVDet4D* [87] Swin-B  ArXiv - - - 42.6 55.2
HoP* [311] V2-99 ICCV23 36.5 69.1 56.1 49.6 58.3
HoP+SeaBird V2-99 CVPR24 40.3 71.7 58.8 52.7 60.2
FCOS3D [250] R101 ICCVW21 - - - 34.4 41.5
PGD [251] R101 CoRL21 — - - 36.9 42.8
900x 1600 DETR3D [257] R101  CoRL21 22.4 60.3 41.1 34.9 434
PETR [149] R101 ECCV22 - - - 37.0 44.2
BEVFormer [132] R101 ECCV22 27.7 48.5 34.5 41.5 51.7
PolarFormer [95] V2-99 AAAI23 - - - 50.0 56.2

dle and BEV semantic segmentation predictions from PBEV+SeaBird on the right. In general,
PBEV+SeaBird detects more larger objects (buildings) than GUP Net [159].

nuScenes. We now show some qualitative results of models trained on nuScenes Val split in
Fig. D.4. As before, we depict the predictions of BEVerse-S+SeaBird in image view from six
cameras on the left and BEV semantic segmentation predictions from SeaBird on the right.
KITTI-360 Demo Video. We next put a short demo video of PBEV+SeaBird model trained on
KITTI-360 Val split compared with MonoDETR at
https://www.youtube.com/watch?v=SmuRbMbsnZA. We run our trained model independently on
each frame of KITTI-360. None of the frames from the raw video appear in the training set of

KITTI-360 Val split. We use the camera matrices available with the video but do not use any
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temporal information. Overlaid on each frame of the raw input videos, we plot the projected
3D boxes of the predictions, predicted and GT boxes in BEV in the middle and BEV semantic
segmentation predictions from PBEV+SeaBird. We set the frame rate of this demo at 5 fps similar

to [108]. The demo video demonstrates impressive results on larger objects.
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Figure D.3 KITTI-360 Qualitative Results. PBEV+SeaBird detects more large objects (buildings, in blue)
than MonoDETR [300] in orange. We depict the predictions of PBEV+SeaBird in the image view on the
left, the predictions of PBEV+SeaBird, the baseline MonoDETR [300], and ground truth in BEV in the
middle, and BEV semantic segmentation predictions from PBEV+SeaBird on the right. [Key: Buildings (in
blue) and Cars (in yellow) of PBEV+SeaBird; all classes (pink) of MonoDETR [300], and Ground Truth (in
green) in BEV].
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Figure D.4 nuScenes Qualitative Results. The first row shows the front_left, front, and front_right cameras,
while the second row shows the back_left, back, and back_right cameras. [Key: Cars (blue), Vehicles
(green), Pedestrian (violet), Cones (yellow) and Barrier (gray) of BEVerse-S+SeaBird at 200x200 resolution
in BEV |.
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APPENDIX E

CHARMB3R APPENDIX

E.1 Additional Details and Proof
We now add more details and proofs which we could not put in the main paper because of the

space constraints.

E.1.1 Proof of Ground Depth Lemma 1

We reproduce the proof from [284] with our notations for the sake of completeness of this work.

Proof. We first rewrite the pinhole projection Eq. (5.1) as:

X u
y|=RUYK!|,|z-T). (E.1)
z 1

We now represent the ray shooting from the camera optical center through each pixel as 7 (u, v, z).
Using the matrix A = (a;;) = R~'K~!, and the vector B = (b;) =—R™'T, we define the parametric
ray as:

X = (auu +apnv+ a13)z + b

_’)(”’ v,2) 1Y = (ariu + annyv +ar3)z+ by (E.2)

Z = (a31u +azv + a33)z + b3
Moreover, the ground at a distance % can be described by a plane, which is determined by the point

(0, H,0) in the plane and the normal vector 77 = (0, 1,0):
77w =H. (E3)

Then, the ground depth is the intersection point between this ray and the ground plane. Combining

Egs. (E.2) and (E.3), the ground depth z of the pixel (u, v) is:

(ariu +anv+ax3)z+by=H
H-b,

> = .
ariu +anv+azs

(E.4)
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E.1.2 Proof of Lemma 5

‘We next derive Lemma 5 from Lemma 4 as follows.

Proof.

0 0 1
1 —Uo
f()f
= l_VO
IOff,
0 0 1

with rotation matrix R is identity I for forward cameras. So, a1 =0, a» = % ay= _TVO Substituting

asi,an,azs in Eq. (5.2), we get Eq. (5.3). O

E.1.3 Extension to Camera not parallel to Ground
Following Sec. 3.3 of GEDepth [284], we use the camera pitch ¢, and generalize Eq. (5.2) to

obtain ground depth as

H—-b)cos 6—b3sin o
[a21u+a22v +a23] CoS o0+ [a31u+a32v +a33] sin
_ H —Dbycos86 — b3siné

%cosd+sin6

(E.5)

Note that if camera pitch 6 = 0, this reduces to the usual form of Eq. (5.2) and Eq. (5.3)
respectively. Also, Th. 1 has a more general form with the pitch value, and remains valid for
majority of the pitch angle ranges.

E.1.4 Extension to Not-flat Roads

For non-flat roads, we assume that the road is made of multiple flat ‘pieces‘ of roads each
with its own slope and we predict the slope of each pixel as in GEDepth [284]. To predict slope
5 of each pixel, we first define a set of N discrete slopes: {7;,i =1,..., N}. We compute each

pixel slope by linearly combining the discrete slopes with the predicted probability distribution
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Figure E.1 CARLA Val AP3p at different depths and IoU;p thresholds with GUP Net. CHARM3R shows
biggest gains on loUsp > 0.3 for [0, 30]m boxes.
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(a) AP3p 70 [%] comparison. (b) AP3p 50 [%] comparison. (c) MDE comparison.

Figure E.2 CARLA Val Results with GUP Net detector after augmentation of [104]. Training a detector
with both AH = —0.70m and AH = Om images produces better results at AH = —0.70m and AH = Om, but
fails at unseen height images AH = +0.76m. CHARM?3R outperforms all baselines, especially at unseen
bigger height changes. All methods except Oracle are trained on car height and tested on all heights.

{pi € [0,1],3;p; = 1} over N slopes 6 = 3; p;;. We train the network to minimize the total
loss: Liotal = Ldet + Aslope Lslope (0 5), where Lge; are the detection losses, and Lgjope is the slope
classification loss. We next substitute the predicted slope in [?]. We do not run this experiment
since planar ground is reasonable assumption for most driving scenarios within some distance.
E.1.5 Unrealistic assumptions of Th. 4

We partially agree. These assumptions reflect the observations of [S1]. Also, our theory has

empirical support; most Mono3D works have no theory. So, our theoretical attempt is a step

forward!
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Figure E.3 CARLA Val Results with DEVIANT detector. CHARM3R outperforms all baselines, espe-
cially at bigger height changes. All methods except Oracle are trained on car height and tested on all heights.
Results of inference on height changes of —0.70, 0 and 0.76 meters are in Tab. 5.2.

E.2 Additional Experiments
We now provide additional details and results of the experiments evaluating CHARM?3R’s

performance.

E.2.1 CARLA Val Results

We first analyze the results on the synthetic CARLA dataset further.
AP at different distances and thresholds. We next compare the AP3p of the baseline GUP Net
and CHARM3R in Fig. E.1 at different distances in meters and loUsp matching criteria of 0.1 —0.7
as in [108]. Fig. E.1 shows that CHARMB3R is effective over GUP Net at all depths and higher
IoUj;p thresholds. CHARMS3R shows biggest gains on IoUsp > 0.3 for [0, 30]m boxes.
Comparison with Augmentation-Methods. Sec. 5.1 of the paper says that the augmentation
strategy falls short when the target height is OOD. We show this in Fig. E.2. Since authors of [104]
do not release the NVS code, we use the ground truth images from height change AH = —0.70m
in training. Fig. E.2 confirms that augmentation also improves the performance on AH = —0.70m
and AH = Om, but again falls short on unseen ego heights AH = +0.76m. On the other hand,
CHARM3R (even though trained on AH = —0.70m) outperforms such augmentation strategy at
unseen ego heights AH = +0.76m. This shows the complementary nature of CHARM?3R over
augmentation strategies.
Reproducibility. We ensure reproducibility of our results by repeating our experiments for 3
random seeds. We choose the final epoch as our checkpoint in all our experiments as [108, 110].

Tab. E.1 shows the results with these seeds. CHARM?3R outperforms the baseline GUP Net in both
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Table E.1 Reproducibility Results. CHARM3R outperforms all other baselines on CARLA Val split,
especially at bigger unseen ego heights in both median (Seed=444) and average cases. All except Oracle are
trained on car height AH = Om and tested on bot to truck height data. [Key: Best]

AP3p 70 [%] (4) AP3p 50 [%] (4) MDE (m) [~ 0]
3D Detector  Seed ¥/ AH (m)> | 570" " 4076 | =070 0 4076 | =070 0  +0.76
111 1224 5508 7.53 | 44.14 7637 4132 | 048 +0.00 —0.64
444 946 5382 723 | 41.66 7647 4097 | +0.53 +0.03 —-0.63
GUPNet [159] ), 1035 5294 1079 | 41.67 75.80 4645 | +0.53 +0.01 —0.57
Average 1068 5425 852 | 4249 7621 43.58 | 051 +0.01 —0.61
111 1909 58.16 29.96 | 54.15 74.10 6427 | +0.09 +0.00 —0.03
444 1945 55.68 27.33 | 53.40 7447 61.98 | +0.07 +0.05 —0.02
+ CHARM3R )y 1741 5357 2777 | 5430 7483 6442 | +0.12 +0.01 —0.09
Average 18.95 5580 2835 | 5395 7447 63.56 | +0.09 +0.02 —0.05
Oracle - 70.06 53.82 6225 | 83.88 7647 83.96 | 10.03 +0.03 +0.03

Table E.2 nuScenes to CODa Val Results. CHARM3R outperforms all baselines, especially at unseen
height changes. [Key: Best, Second Best, Ped= Pedestrians]

Car AP3p 50 [%] (4) Ped [%] ()

CODa nuScenes |[CODa nuScenes
Source 0.02 18.42 0.01 2.93
UniDrive [129] 0.02 18.42 0.01 293

GUP Net [159] UniDrive++[129]| 0.03 18.42 0.02 293

3D Detector Method

CHARM3R 0.30 14.80 0.05 1.26
Oracle 28.56 18.42 30.31 2.93
---GUPNet -—--GUPNet
——CHARM3R ——CHARM3R
—~4 Em[ 0, 15]m box —~4 EEm[ 0, 15]m box
- I (15, 30]m box - I (15, 30]m box
-3 —3
X X
a2 a2
a a
<1 <1
0 Fo==smos—= 0 |
0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5
loUsp Threshold loUsp Threshold
(a) CODa Car (b) CODa Pedestrian

Figure E.4 CODa Val AP;p at different depths and IoU;p thresholds with GUP Net trained on nuScenes.
CHARM3R shows biggest gains on IoUsp < 0.3 for [0, 30]m boxes.

median and average cases.
Results with DEVIANT. We next additionally plot the robustness of CHARM3R with other
methods on the DEVIANT detector [108] in Fig. E.3 The figure confirms that CHARM?3R works

even with DEVIANT and produces SoTA robustness to unseen ego heights.
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E.2.2 nuScenes - CODa Val Results
To test our claims further in real-life, we use two real datasets: the nuScenes dataset [22] and
the recently released CODa [295] datasets. nuScenes has ego camera at height 1.51m above the
ground, while the CODa is a robotics dataset with ego camera at a height of 0.75m above the
ground. This experiment uses the following data split:
o nuScenes Val Split. This split [22] contains 28,130 training and 6,019 validation images from
the front camera as [108].
® CODa Val Split. This split [295] contains 19,511 training and 4,176 validation images. We only
use this split for testing.
We train the GUP Net detector with 10 nuScenes classes and report the results with the KITTI
metrics on both nuScenes val and CODa Val splits.
Main Results. We report the main results in Tab. E.2 paper. The results of Tab. E.2 shows gains
on both Cars and Pedestrians classes of CODa val dataset. The performance is very low, which we
believe is because of the domain gap between nuScenes and CODa datasets. These results further
confirm our observations that unlike 2D detection, generalization across unseen datasets remains a
big problem in the Mono3D task.
AP at different distances and thresholds. To further analyze the performance, we next plot the
AP3p of the baseline GUP Net and CHARMB3R in Fig. E.4 at different distances in meters and
IoUsp matching criteria of 0.1 — 0.5 as in [108]. Fig. E.4 shows that CHARM3R is effective
over GUP Net at all depths and lower IoU3p thresholds. CHARMS3R shows biggest gains on
IoUsp < 0.3 for [0,30]m boxes. The gains are more on the Pedestrian class on CODa since
CODa captures UT Austin campus scenes, and therefore, has more pedestrians compared to cars.
nuScenes captures outdoor driving scenes in Boston and Singapore, and therefore, has more cars

compared to pedestrians. We describe the statistics of these two datasets in Tab. E.3.

E.2.3 Qualitative Results.
CARLA. We now show some qualitative results of models trained on CARLA Val split from

car height (AH = Om) and tested on truck height (AH = +0.76m) in Fig. E.5. We depict the
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Table E.3 Dataset statistics. nuScenes Val has more Cars compared to Pedestrians, while CODa Val has
more Pedestrians than Cars.

Val Ego Ht (m) |#Images | Car (k) Ped (k)
nuScenes 1.51 6,019 18 7
CODa 0.75 4,176 4 86

predictions of CHARMZ3R in image view on the left, the predictions of CHARM3R, the baseline
GUP Net [159], and GT boxes in BEV on the right. In general, CHARM3R detects objects more
accurately than GUP Net [159], making CHARM3R more robust to camera height changes. The
regression-based baseline GUP Net mostly underestimates the depth of 3D boxes with positive ego
height changes, which qualitatively justifies the claims of Th. 4.

CODa. We now show some qualitative results of models trained on CODa Val split in Fig. E.6.
As before, we depict the predictions of CHARM3R in image view image view on the left, the
predictions of CHARMZ3R, the baseline GUP Net [159], and GT boxes in BEV on the right. In
general, CHARMB3R detects objects more accurately than the baseline GUP Net [159], making
CHARM3R more robust to camera height changes. Also, considerably less number of boxes are
detected in the cross-dataset evaluation i.e. on CODa Val. We believe this happens because of the

domain shift.
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Figure E.5 CARLA Val Qualitative Results. CHARM3R detects objects more accurately than GUP
Net [159], making CHARM3R more robust to camera height changes. The regression-based baseline GUP
Net mostly underestimates the depth which qualitatively justifies the claims of Th. 4. All methods are
trained on CARLA images at car height AH = Om and evaluated on AH = +0.76m. [Key: Cars (pink) of
CHARMB3R. ; Cars (cyan) of GUP Net, and Ground Truth (green) in BEV.
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Figure E.6 CODa Val Qualitative Results. CHARM3R detects objects more accurately than GUP Net [159],
making CHARM3R more robust to camera height changes. All methods are trained on nuScenes dataset and
evaluated on CODa dataset. [Key: Cars (pink) and Pedestrian (violet) of CHARMZ3R. ; all classes (cyan) of
GUP Net, and Ground Truth (green) in BEV.
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