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Technological advances have made autonomous driving more and more feasible in common driving
scenarios. Many large companies such as Waymo, Tesla, GM, and Uber have tested their self-driving
vehicles with success in limited capacities. These vehicles employ a combination of camera, radar,
sonar, and LiDAR sensors. Yet the high cost of LiDAR as well as the unreliability of sonar and radar
makes them unsuitable for quick large-scale deployment. On the contrary, camera-based autonomous
driving has the potential to be a cheap and reliable alternative through steadily advancing computer
vision and deep learning techniques. A general autonomous driving system incorporates three
correlated technologies: 3D-based object detection, tracking, and localization.

While all three components are important, most relevant papers tend to only focus on one
single component. In this work, we first propose a multi-stage monocular vision-based framework
for 3D-based detection, tracking, and localization by effectively integrating all three tasks in a
complementary manner. Our system contains an RCNN-based Localization Network (LOCNet),
which works in concert with fitness evaluation score (FES) based single-frame optimization, to get
more accurate and refined 3D vehicle localization. To better utilize the temporal information, we
further use a multi-frame optimization technique, taking advantage of camera ego-motion and a 3D
TrackletNet Tracker (3D TNT), to improve both accuracy and consistency in our 3D localization.

Moreover, we propose a joint framework (JMV3D) that can effectively associates moving

objects over time and estimate their 3D localization information as well as segmentation masks from



a sequence of 2D images so as to compensate for the individual drawbacks of each component. We
further extend the existing Localization Network (LOCNet) to become Localization for Tracking
Network (Loc4Trk-Net). A spatial Attention (SA) Neck is added to highlight the foreground
(target of interest) and suppress the background with the help of mask segmentation, so that more
concentrated appearance features can be obtained. Besides, one additional embedding head is
introduced to train a discriminative feature embeddings to leverage deep pairwise contrastive
learning and identify objects in various poses and viewpoints with appearance cues. Then, a
straightforward combination of a 3D Kalman filter and the Hungarian algorithm is further utilized
for robust instance association via both feature similarity and 3D localization information. Overall,
both systems outperform the state-of-the-art image-based solutions in diverse scenarios and is
even comparable with LIDAR-based methods. The proposed IMV3D pipeline also ranks 1% place
on the KITTI-MOTS & KITT-STEP leaderboards and also achieves impressive results among all

image-based solutions on nuScenes 3D tracking benchmark.

Futhermore, monocular 3D object detection requires decoding 3D predictions solely from a
single 2D image. However, by formulating this problem as a region-level understanding task,
previous approaches neglect the image-level understanding of depth and semantics. To address
this, we present the Monocular 3D object detection via Coarse-to-Fine Training (Mono3DCFT), a
new transformer-based architecture with an effective two-stage training strategy that can seamlessly
handle both levels of tasks: (i) coarse-grained training on the whole image based on monocular
depth data; followed by (ii) fine-grained training on specific regions based on 3D bounding boxes
annotations. Instead of having dedicated transformer layers for fusion after the uni-modal backbone,
Mono3DCFT pushes multi-modal cross-attention fusion into both the vision and depth backbones
and achieves significant gains on the KITTI benchmark coupled with two-stage training. Trained
solely based on limited publicly available KITTI depth data, our Mono3DCFT performs comparably
against the previous best state-of-the-art, which is pre-trained on 15M additional proprietary depth

data along with a more compute-intensive architecture. Extensive ablation studies demonstrate



the effectiveness of our approach and its potential to serve as a transformer baseline for future
monocular 3D monocular object detection.

The expected contributions of this thesis can be concluded as follows:

* An RCNN-based LOCNet is proposed to simultaneously regress both the 3D orientation and

distance of vehicles, which can serve as a good initialization for follow-up optimizations.

* A single-frame optimization technique based on the fitness evaluation score (FES) is applied

to ensure the object spatial robustness in the 3D localization.

* We further extend the existing LOCNet to become Loc4Trk-Net. Instance specific features,
which are learned jointly with the detection task, utilize the instance masks as spatial attention

to emphasize the target of interest explicitly.

* 3D object tracking utilizes the jointly learned instance-aware feature via pairwise contrastive
learning and localization information. A straightforward combination of a 3D Kalman filter

and the Hungarian algorithm is used for online state estimation and robust data association.

¢ A novel framework, Mono3DCFT, which consists of a fusion-in-the-backbone encoder and
a depth-guided decoder to enable object queries, can adaptively collect rich geometric and
appearance information of the scene, resulting in better scene depth estimation to assist object

3D attribute prediction.

* The proposed two-stage coarse-to-fine training on whole sense depth map data, followed
by object-wise depth labels, can better capture both scene-level depth cues and region-level

appearance cuces.

* Experimental results on the KITTI dataset show that our proposed Mono3DCFT achieves
near SOTA performance among monocular-based methods with significant gains without

extra out-of-domain depth data.
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Chapter 1
INTRODUCTION

1.1 Monocular 3D Localization of Vehicles in Road Scenes

A general autonomous driving system incorporates three correlated technologies: 3D-based object
detection, tracking, and localization. Currently, these three components are explored separately, and
work has rarely been done to effectively combine them all so as to compensate for the individual
drawbacks and propose a framework solution to the overall system.

Mainstream approaches to 3D-based object detection implement end-to-end architectures. How-
ever, there exist two main problems: 1) End-to-end approaches usually require massive amounts
of training data and computation resources. 2) Their results are hard to adapt since they are sen-
sitive to training data and cannot be generalized perfectly to different scenarios. To overcome
these problems, we propose an integrated system that effectively combines 3D-based detection,
tracking and localization in a complementary manner. The system, as shown in Fig. 3.1, begins
with an easy-to-train RCNN-based Localization Network (LOCNet), which is only trained with
limited amounts of training data to provide reasonable initialization of an object’s 3D orientation
and distance; Further incorporated with a follow-up single frame optimization method based on
the fitness evaluation score (FES) on the 2D raw images, we are able to further improve its 3D
localization accuracy in various unreliable detection and localization scenarios.

Frame-by-frame detections are never perfect. Temporal information derived from videos can
be employed to associate detections across frames and recover missing or unreliable detections.
Traditional tracking methods are usually performed in image coordinates or camera coordinates,
which may become problematic for autonomous driving scenarios where the camera encounters
translational and rotational movements. To solve this, we take advantage of camera ego-motion

to perform tracking in 3D world coordinates. The proposed 3D TrackletNet Tracker (3D TNT)



utilizes accurate spatial object information along with discriminative appearance features to achieve
better tracking performance. In addition, we exploit the temporal consistency and use a multi-frame
optimization technique based on reliable associations from tracking to obtain the best localization
performance.

The main contributions are summarized as follows:

* An RCNN-based LOCNet is proposed to simultaneously regress both the 3D orientation and

distance of vehicles, which can serve as a good initialization for follow-up optimizations.

* A single-frame optimization technique based on the fitness evaluation score (FES) is applied

to ensure the object spatial robustness in the 3D localization.

* A 3D TrackletNet Tracker, which takes into account both discriminative CNN appearance
features and accurate 3D spatial object information from each frame, is introduced to associate

detections across frames.

* A multi-frame optimization technique is incorporated to reduce the impact from unreliable or
missing detections and generate more accurate 3D object localization by taking into account

temporal consistency.

1.2 JMV3D: Joint Monocular Vehicle 3D Localization, Tracking and Segmentation

Monocular 3D localization, tracking, and segmentation are inherently ill-posed. 3D detection
method is challenging by itself in the absence of depth measurements or strong priors given a
single image, which often requires a large amount of training data and is hard to adapt since they
are sensitive to training data. To overcome these problems, our proposed JIMV3D framework
begins with an easy-to-train RCNN-based Localization for Tracking Network (Loc4Trk-Net), which
is only trained with limited amounts of training data, not only to generate a 2D bounding box
and an instance mask, but also to provide reasonable initialization of an object’s 3D orientation

and distance; Further incorporated with a follow-up single frame optimization method based on



the fitness evaluation score (FES) on the 2D raw images, we are able to further improve its 3D
localization accuracy in various unreliable detection and localization scenarios.

Frame-by-frame detections are never perfect. Given a strong localization basis, short-term
3D tracking tends to be more robust, and long-term 3D tracking becomes possible. At the same
time, 3D tracking information across multiple frames can further assist 3D localization as well by
recovering missing/unreliable detections. In addition, self-supervised spatial attention is also applied
to our model to learn an instance-aware embedding for each object, which is an instance descriptor
represented as a vector in a latent space via deep contrastive learning. Robust tracking results are
obtained by associating the detections with the learned features and their historical trajectories using
an online 3D Kalman filter and Hungarian matching algorithm.

The main contributions are summarized as follows:

* An RCNN-based Loc4Trk-Net is proposed to not only generate 2D bounding box and instance
masks but also simultaneously regress both the 3D orientation and distance of vehicles, which

can serve as a good initialization for follow-up FES optimizations.

* Instance-specific features, which are learned jointly with the detection task, utilize the instance

masks as spatial attention to emphasize the target of interest explicitly.

* 3D object tracking uses the jointly learned instance-aware feature via pairwise contrastive
learning. A straightforward combination of a 3D Kalman filter and the Hungarian algorithm

1s used for online state estimation and robust data association.

* The proposed IMV3D achieves 1% ranking on the KITTI-MOTS leaderboard. Apart from
that, we applied our model to experiment on large-scale urban driving nuScenes dataset and

achieve state-of-the-art performance on both 3D detection and tracking benchmark.

1.3 Mono3DCFT: Depth-guided Monocular 3D Object Detection via Coarse-to-Fine Training

Autonomous driving vehicles and robots will transform the modern world just as cars did a century

back. It is vital for today’s autonomous perception systems to perceive the world the same way



as people do. 3D object detection enables us to capture an object’s relative size, pose, and depth
information. Among them, depth information can be accessed with the help of LiDAR-scanned
point clouds or object-centric stereo matching. However, it usually comes with costly expenses
by adding new sensors [229, 324, 325] or higher computational costs [318, 375]. On the other
hand, extrapolating depth information from monocular images can be proved to be a viable cost-
effective alternative for large-scale deployment with sufficient advancement from its present-day

performance.

Conventional monocular 3D object detection involves 2D localization [255, 177, 300, 401]
followed by generating 3D object centers from the predicted heatmaps. The model learns the relative
size, depth, and pose information with the help of local visual features around the projected 3D
object center. This lack of scene-level attention to different objects and contextual cues causes the
predictions not to account for inter-object depth relations, which ultimately leads to inadequate
performance. Other approaches involve the Pseudo-LiDAR mechanism [207, 318, 335], which
convert the estimated dense depth maps to 3D point clouds and run LiDAR-based object detectors on
top of them. However, these methods, though better localize the objects with the help of estimated
depth, may suffer from the risk of predicting 3D detection on inaccurate depth maps. Additionally,

the additional depth estimator incurs a large overhead in inference.

To tackle these issues, we propose a transformer-based framework, the MONOcular 3D object
detection via Coarse-to-Fine Training (Mono3DCFT). It presents a novel depth-guided feature
aggregation framework to adaptively estimate each object’s 3D attributes based on global context via
a two-stage training scheme. The Mono3DCFT mainly consists of a fusion-in-the-backbone encoder
and a depth-guided transformer decoder. The fusion-in-the-backbone encoder is modified from
Swin-Transformer [187] by adding a multi-scale depth encoder with spatial and cross attention to
extract both appearance and depth information. A gating cross-attention fusion block is proposed to
learn better coupling features that fuses the geometric and appearance information of the input image.
During the 1st stage coarse-grained training, the encoder is trained on the whole dense depth map to
better capture the depth cues from the high-level semantic information of the image. Then, the depth-

guided decoder can be directly concatenated to the encoder in the 2nd stage fine-grained training



on the object-wise foreground depth map. This enables few changes to the encoder architecture,
which significantly reduces the training cost and avoids obtaining inaccurate depth priors from the
pre-trained depth estimator. Furthermore, we introduce the depth positional encoding, and the depth
deNoising queries to involve depth-aware hints to the transformer, achieving better performance on

monocular 3D object detection. The contributions of this paper can be summarized as follows:

* We propose a novel framework, Mono3DCFT, which consists of a fusion-in-the-backbone
encoder and a depth-guided decoder to enable object queries, can adaptively collect rich
geometric and appearance information of the scene, resulting in better scene depth estimation

to assist object 3D attribute prediction.

* The proposed two-stage coarse-to-fine training on whole sense depth map data, followed
by object-wise depth labels, can better capture both scene-level depth cues and region-level

appearance cuces.

» Experimental results on the KITTI dataset show that our proposed Mono3DCFT achieves
near SOTA performance among monocular-based methods with significant gains without

extra out-of-domain depth data.



Chapter 2
RELATED WORK

2.1 Monocular 3D Object Detection via Image

Monocular 3D object detection is actually an ill-posed problem. The monocular image lacks depth
information because of the principle of perspective transformation. In order to achieve monocular
3D detection well, many algorithms have been developed in recent years.

Some algorithms detect specific kinds of objects, which use some prior hypotheses and template
matching. And some algorithms use deep learning to predict the depth map of the image first,
which serves as a basis for 3D object detection in the next stage. The PnP based algorithms, which
establish the correspondence between 3D key points on the 3D model and the 2D key points on the
monocular image, can achieve good detection results. The recent algorithm is to convert the image
data format into point clouds data format, and then use the deep learning networks for processing
point clouds to predict the 3D information of the objects. In this section, we review some algorithms

of monocular 3D object detection.

2.1.1 Single-stage 2D detection based Algorithm

Mousavian [220] proposes a 3D object detection algorithm of Deep3DBox. This algorithm extends
the existing 2D detection network, and uses the regression algorithm to directly return the object’s
spatial size and its yaw angle. A major contribution of Deep3DBox is to propose the MultiBin skill,
which calculates the yaw angle of object.

The previous algorithm mainly uses the L2 loss function to directly return to the yaw angle,
while MultiBin first discrete the yaw angle into multiple overlapping 3D bins, and then using a
convolutional neural network to predict the confidence of each bin and the offset from the rotation

residual of the base bin. In the estimation of the object space size, the L2 loss function is directly used



to calculate the offset of the space size. Shift-RCNN [235] further extends idea from Deep3DBox
and obtain 3D localization of objects using the geometric constraints between 3D points and 2D box
edges. However, by considering geometric projection as the post-processing step, the error from 2D
box detection, 3D object orientation and dimension regression can be aggregated in the subsequent

distance estimation module.

2.1.2 PnP based Algorithm

The algorithm of using key points is not to directly obtain the pose of the object from the monocular
image, but use a two-stage algorithm. The network first predicts the 2D key points of the object,
and then calculates the pose of the object by 2D-3D correspondence with the PnP algorithm [5].
2D keypoint detection is relatively easier than 3D localization and rotation estimation, but
requires a model of a known 3D object and some predefined keypoints. For objects with rich
textures, traditional algorithms can detect local key points more robustly, even in cluttered scenes
and severe occlusions. [28, 5] consider the problem as a purely geometric problem, known as
the bundle adjustment problem (BA), where closed-form or iterative solutions can be applied by
assuming a robust correspondence between 2D semantic keypoints and a 3D model of the object.
However, these 2D keypoints largely depend on the training data and can be easily affected by partial
occlusions or truncation. Furthermore, such BA iterations can usually be very time-consuming due

to random initialization.

2.1.3 Pseudo point cloud based Algorithm

Another popular algorithm is to convert the image information into point cloud information, and
then use the point cloud-related network for processing. This algorithms propose that the point
cloud data format is more suitable for 3D object detection than image, so it can achieve satisfactory
detection results using only the camera.

With the recent success of LiDAR-based 3D object detection, the PointNet network [239] can

be used for point cloud classification and semantic segmentation. The way of extracting features in



PointNet is global, which is different from the way of the convolutional neural networks to extract
local features layer by layer. Based on this idea, Charles [173] proposes PointRCNN, which can
extract feature layers at different scales in local features. PointNet and PointRCNN are mainly used
for the classification and detection of point clouds.

Based on these two networks, Pseudo-LiDAR [319] proposes that the accuracy limit of monoc-
ular image detection of 3D objects is not because the accuracy of monocular depth estimation is
not sufficient, but because the data representation of point clouds is more suitable for 3D object
detection than images. Therefore, Pseudo-LiDAR uses the DORN network [78] to estimate the
depth and uses the corresponding mathematical relationship to convert the image information into
pseudo-point cloud information. And then, it uses two more advanced point cloud processing

networks to process the data of the pseudo-point cloud.

2.1.4  Transformer based Algorithm

Transformer [306] was firstly introduced in sequential modeling and has considerable improvement
in natural language processing (NLP) tasks. The self-attention mechanism is the core component
in the transformer with its capability of capturing the long-range dependencies. Recently, trans-
former architecture has been successfully leveraged in the computer vision field, such as image
classification [64] and human-object interaction [143]. In addition, DETR [24] proposes developing
object detection with the transformer without relying on many hand-designed components used in
traditional pipelines.

Though the transformer can perform well in most visual tasks, its usage in monocular 3D object
detection has not been explored. In the image-based 3D detection task, the object size at far and near
distance in the image varies significantly due to the perspective projection [60, 311], which makes it
challenging to utilize the learned object query mentioned in DETR[24] to fully represent the object
property. MonoDTR [122] is the first transformer-based fusion architecture to integrate image and
depth information globally. It uses a Depth-aware Feature Enhancement module that implicitly
learns depth-aware features with the help of auxiliary supervision, a Depth-aware Transformer

module that performs global integration of context and depth features, and a Depth positional



encoding (DPE) module to inject depth positional hints to the transformers.

2.2 Monocular 3D Object Detection via Depth

2.2.1 Depth-assisted Monocular 3D Object Detection.

Many researchers use depth information to obtain more reliable 3D detections in a direct way,
which is named ‘depth-assisted.” The gap has been greatly reduced by the proposed pseudo-LiDAR
framework [207, 318, 335]. Unlike previous image-based 3D object detection methods, pseudo-
LiDAR first utilizes an off-the-shelf depth estimator to convert the image pixels to 3D pseudo point
clouds, and then run LiDAR-based 3D object detectors. Upon pseudo-LiDAR, Patch-Net[205]
further replaces coordinate transformation with the image representation, which can benefit from the
powerful CNNs networks. However, most depth-assisted methods use pre-trained depth estimators

and suffer from inaccurate depth, as well as introduce additional computational burden.

2.2.2  Depth-guided Monocular 3D Object Detection

Different from previous depth-assisted methods, depth-guided methods introduce context- and depth-
aware features for better 3D reasoning. DD3D [231] considers using a large-scale depth dataset to
train the backbone to get more representative 3D features in the pre-training stage only. However,
their depth and visual features do not interact with each other for monocular 3D object detection
tasks during the fine-tuning stage. Besides, they use convolutional networks as the backbone,
which fail to capture the global spatial dependencies in depth prediction. MonoDTR [122] is the
first transformer-based fusion architecture to integrate image and depth information globally. It
has demonstrated its superior performance with non-local encoding inherited from transformer

architecture.
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2.3 Multi-Object Tracking

2.3.1 2D Multi-Object Tracking

Recent multiple object tracking (MOT) methods have largely employed tracking-by-detection
schemes [134], meaning that tracking is done through the association of detected objects across
time. With tracking, object locations can be inferred even in the event of occlusion, truncation, or
unreliable detection. Two types of representations, appearance features, and spatial information, are
widely used to perform the association accurately and consistently.

Some studies tend to focus more on classical appearance features at the image level (HOG,
color histogram, and LBP) [259]. However, it is quite ad-hoc to determine the weighting for
each human-crafted feature. In [294, 389], deep convolutional neural networks are used to get
discriminate embedding features, which can effectively re-identify the same object in a limited time
frame and deal with partial and complete occlusions. Some other frameworks emphasize spatial
information, such as network flow [379], multi-hypothesis tracking [144] and quadratic pseudo

boolean optimization [69].

2.3.2 3D Multi-Object Tracking

The previously discussed methods in 2D for object tracking in the image domain usually only
take visual features and 2D motion into consideration. However, lack of depth information in
2D tracking causes failure in tracking objects long-term due to disappearances and occlusions.
Therefore, various research works have proposed to further leverage 3D information to narrow
down the search space and stabilize the trajectory of target objects. One approach by Luiten et al.
[200] proposes to use dynamic 3D reconstruction for tracklet association in 3D space to improve
long-term tracking. Osep et al. [308] study the extension of this paradigm to 3D bounding box
tracking using 3D information obtained from stereo cameras.

Further, Given the LiDAR point cloud, recent work by Weng et al. [334] uses standard 3D
Kalman filters and Hungarian algorithms to associate detections from LiDAR, which causes fewer

ID switches and can perform long-term tracking. Yet LiDAR has its own drawbacks such as
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high cost and sensitivity to adverse weather conditions. These limitations suggest that employing

LiDAR-based object tracking system is unrealistic in practical, day-to-day applications.

2.3.3  Multi-Object Tracking and Segmentation

MOTS is proposed as a new task to track multiple objects with instance segmentation. Voigtlaende
et al. [308] propose a baseline approach Track R-CNN, which can jointly address detection, tracking,
and segmentation via a single convolutional network. While the aforementioned method is able
to produce tracking outputs with segmentation masks, the network is trained under multiple task,
resulting in increasing the tracking performance while degrading the detection and segmentation

performance.

2.3.4  Related Autonomous Driving Datasets

Driving datasets have comprised some of the most popular benchmarks for computer vision al-
gorithms in the last decade. Benchmarks like KITTI [90], UA-DETRAC [203], Cityscapes [50]
and Oxford RobotCar [209] provide well annotated ground truth for visual odometry, stereo recon-
struction, optical flow, scene flow, object detection and tracking as well as semantic segmentation.
However, due to the high effort that the annotation of these datasets requires, these benchmarks have
been limited in scale. In recent years, the topic of autonomous driving catched on more and more in
the industry, providing the resources for new, large-scale driving benchmarks for computer vision,
providing annotations for 3D computer vision tasks like 3D object detection and tracking at an
unprecedented scale. Therefore, benchmarks like Apollo3D [282], BDD100K [366], NuScenes [20],
Argoverse [29] and Waymo Open [288] have attracted a lot of attention by the research community.
Still, accurate 3D annotations are challenging to obtain and expensive to measure with 3D sensors

like LiDAR.
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Chapter 3

MONOCULAR 3D LOCALIZATION OF VEHICLES IN ROAD SCENES

Mainstream approaches to 3D-based object detection implement end-to-end architectures. How-
ever, there exists two main problems: 1) End-to-end approaches usually require massive amounts
of training data and computation resources. 2) Their results are hard to adapt since they are sen-
sitive to training data and cannot be generalized perfectly to different scenarios. To overcome
these problems, we propose an integrated system that effectively combines 3D-based detection,
tracking and localization in a complementary manner. The system, as shown in Fig. 3.1, begins
with an easy-to-train RCNN-based Localization Network (LOCNet), which is only trained with
limited amounts of training data, to provide reasonable initialization of an object’s 3D orientation
and distance; Further incorporated with a follow-up single frame optimization method based on
the fitness evaluation score (FES) on the 2D raw images, we are able to further improve its 3D

localization accuracy in various unreliable detection and localization scenarios.

Frame-by-frame detections are never perfect. Temporal information derived from videos can
be employed to associate detections across frames and recover missing or unreliable detections.
Traditional tracking methods are usually performed in image coordinates or camera coordinates,
which may become problematic for autonomous driving scenarios where the camera encounters
translational and rotational movements. To solve this, we take advantage of camera ego-motion
to perform tracking in 3D world coordinates. The proposed 3D TrackletNet Tracker (3D TNT)
utilizes accurate spatial object information along with discriminative appearance features to achieve
better tracking performance. In addition, we exploit the temporal consistency and use a multi-frame
optimization technique based on the reliable associations from tracking to obtain the best localization

performance.
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Figure 3.1: System Overview. The system integrates 3D object detection, single-frame optimization,
3D object tracking and multi-frame optimization to achieve the best localization performance.

3.1 LOCNet: 3D Localization Network

3.1.1 Inverse Geometry Interpretation

Deep3Dbox [28] exploits the constraints from projective geometry to estimate full 3D pose and
object dimensions from a 2D box. Further estimating the real 3D translation vector is needed in
order to accurately reconstruct the 3D bounding box. in 3D camera coordinates. We formulate this
estimation in a closed-form, as a least squares solution given by fitting the geometric constraints
imposed by the camera projection matrix /. Thus, an object described by its 2D bounding box
bep and local orientation angle ¢, will have a depth-constrained translation ¢ = [t,,t,, .| in camera
coordinates.

To enforce the 3D bounding box projection to fit tightly into the predicted 2D bounding box,
we constrain 2 of the 4 vertical 3D edges to lay on a 2D vertical side and the upper and lower 3D

corners to lay on a horizontal 2D side. Assuming that objects lay on the ground plane and that
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by fixing one vertical 3D edge the second vertical one must be diagonally opposed, we have 64
configurations - from which we choose the best fit. We reconstruct the 3D bounding box z3p, at the
camera center, then obtain the final 3D box, in camera coordinates, by applying the rotation about

the y-axis R, (¢) and translation ¢:

T3p = Ry(Q)ngo +t. (31)

The relation between a 3D point in the world z3p and its 2D projection in the image x5p, using

the projection matrix /&, is given in homogeneous coordinates:

Top T2Dg;de

A =K x . 3.2)
1 yzDside

From Eq. 3.1 and 3.2, we obtain the following system where translation ¢ is the unknown vector:

I Ry(0) i D
T
K x v A | yon, |- (3.3)
0 1 1 |
1

By substituting each element of b,p, corresponding to a 2D side, and also A in Eq. 3.3, we

T

propose a least squares solution for the translation. Here n; = [m;1, m;o, m;3] and m;; is the (4, j)

element of matrix M.

T T

N7 — N3 Tmin M34Tmin — Mi4
T T

Ny — N3 Ymin M34Ymin — M24

t= . (3.4)

T T

Ny — N3 Tmax M34Tmax — M14
T T

| Ny — N3 Ymax ] | M34Ymax — M24 ]

The over-constrained Eq. 3.4 can be rewritten as At = b,b # 0, with a general closed-form

solution for the 3D object translation ¢ = (AT A)~1ATh.
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Figure 3.2: Localization Network (LOCNet). The upper part (in blue) is the typical Mask-RCNN
detection framework. The bottom part is the added 3D orientation and distance heads (in red).

3.1.2 Network Architecture

The proposed Localization Network (LOCNet) is built upon a popular two-stage object detection
network, the Mask-RCNN [108]. LOCNet augments the Mask R-CNN model with a unique depth-
aware region proposal network (RPN) [256] and additional learning objectives. In the first stage, we
extract and score region proposals by means of anchors based on depth-aware RPN, then ROIAlign
for feature cropping is deployed. Based on the top scoring proposals, we use a convolutional
encoder to refine the cropped features, then split them up into 5 separate heads. The second stage of
the network consists of both classical and customized heads. For the 2D part we use 3 heads for
standard multi-class classification, 2D box refinement and (instance segmentation) mask generation
respectively. The additional 2 heads are introduced to handle object 3D orientation and distance.

The architecture is shown in Fig. 3.2.
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Depth-Aware RPN. ResNet-50 is adopted as a convolution body with a feature pyramid network
(FPN) as our detection backbone, which takes a single 2D RGB image to extract feature maps as
inputs to a 3D-tailored depth-aware RPN. It has been proven [15] that high-level features related to
3D scene understanding are dependent on depth when a fixed camera is assumed. In this case, we
separate the feature map into different row bins and apply individual 2D convolutions for each of
them. We believe these depth-aware kernels enable the network to develop location specific features
and biases for each bin region. We append a proposal feature extraction layer using depth-aware
convolutions to generate features for further processing.

Orientation Head. The orientation head takes the same depth-aware ROI-Aligned feature
maps (256 x 14x 14) as input to generate the 3D orientation output. Due to the periodic nature of
orientation, it is harder to regress angles explicitly. Although Euler angles, yaw, pitch, roll, are
easily understandable and interpretable for 3D orientation, they are sensitive to non-injectivity and
gimbal lock [103]. Thus, we instead regress the quarternions [370] since they are continuous, which
can be easily enforced through back-propagation. For the orientation head, given the ground truth

quaternion ¢ € R* and the predicted quaternion §, the orientation loss is defined as:

A

Lori(Qan) = Hq (35)

-~ lall, |l
Distance Head. The distance head takes a concatenated input, from both depth-aware ROIAligned
feature maps (256 x 14 x 14) and convolved 512-dim features for bounding-box classification/re-
gression, to form more informative input features for 3D distance. The concatenated features are
assumed to implicitly encode the 3D orientation information and pre-defined object size information
via the incorporation of the convolved 512-dim features. To generate the ground truth for this
distance head, we need to transform the 2D detected objects’” box center, height and width (u,, vy,

hyp, w,) in 2D image coordinates to their corresponding (., v., k. and w,) in 3D camera coordinates

so that the ground truth 3D distances can be determined.

= o= )% g Ty
fa Ja (3.6)
Ve = (vp — Ca)2s . Wp
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where the parameter vector [f,, 0, c,; 0, f,, ¢,; 0,0, 1] stands for the camera intrinsic K, and z, is
the projective distance [340].

Huber loss is adopted to formulate the penalty in distance estimation: given ground truth distance
d and the prediction CZ, the distance loss is:

) Yd—d)*/s z’f‘d—d‘ <4

Lais(d, d) (3.7)

‘d — cZ’ - %5 otherwise.

where the hyper-parameter ¢ controls the boundary of outliers.

3.1.3 Multi-Task Loss

The following total loss function ;. is minimized to train our proposed LOCNet. The first three
loss terms are the standard Mask R-CNN multiclass loss L5, 2D bounding box regression losses
Ly, and mask loss L,,qs, respectively as defined in [108]. The last two terms are the orientation

loss L,,; and distance loss L;, respectively, as defined in Eq. (3.5) and Eq. (3.7).

Ltotal :wclchls + wbo:rLboz
(3.8)

+ Winask Limask + Wori Lori + Wais Lais-

We show in the later ablation study Sec. 3.5.4 that our novel formulation for distance regression
can produce much more accurate 3D localization estimation compared to methods that treat the
distance estimation as a post-processing step [235, 220]. This accurate estimation of both orientation
and distance is particularly crucial for the autonomous driving applications, where the location
of the objects is of primary importance. Furthermore, the predicted orientation and distance of
each object from LOCNet also serve as a good initialization for the subsequent 3D localization

optimization part.
3.2 Single-frame Optimization

Although the orientation and distance estimation results from LOCNet can deal with partial occlu-

sions and truncation cases in most of the time, they are not accurate enough for 3D localization. As
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you may also notice, LOCNet only focuses on the localization on 2D and 3D without considering the
object size, which is an important aspect of 3D detection. In this section, we propose a lightweight
optimization pipeline for single-view that refines the initial estimates to ensure localization ro-
bustness. Meanwhile, the size of the detected object can also be obtained through this refined
optimization. A 3D deformable vehicle model containing 36 shape parameters is set up as prior
information and will be described in details in Sec. 3.2.1. An effective fitness evaluation score (FES)
is then used to evaluate the fitness between the 2D projection of the 3D deformable vehicle model
and raw image data. Moreover, the fitness evaluation is combined into an optimization framework
to select better individuals from the combined parameter space based on an iterative population

selection strategy.

3.2.1 3D Deformable Vehicle Model

Our deformable model [5] of a vehicle is a 3D wireframe model with 36 shape parameters, which is
shown in Fig. 3.3. The shape parameters have respective changeable values and are interdependent.
The pose P of a vehicle can be determined by its position (X, Y, Z) and its orientation ¢ about
the vertical axis of the camera coordinates. The projection relation between each vertex of the
3D car model V,,, = (X,,, Y, Zp,) in object coordinates and its corresponding point v,, in image

coordinates is shown in Eq. (3.9) and (3.10).

U =K -P-V,. 3.9
_ X -
u cos —sinf 0 X
sl v |=K|snf cosf 0 Y Y (3.10)
1 0 0 1 Z Zlm

With the pose parameters initialized by LOCNet, the 3D vehicle model can then be projected
onto the image plane to match with raw image data. An accurate and efficient method is required
for fitness evaluation between the projection of 3D vehicle model and image data, which will be

described in detail in the next subsection.
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Figure 3.3: (a) A deformable vehicle model with 36 shape parameters. (b) Indication of projected
line segments (blue), gradient directions m(u, v) and gradient angle a(u, v).

3.2.2 Fitness Evaluation Score

Fitness evaluation between the projected 3D vehicle model and image data is proposed in [387].
Owing to its effective performance, here we adopt it to our deformable-model-based approaches.
Most model-based vehicle localization methods require an initialized pose to project. In this work,
the pose initialization is provided by the LOCNet, and the wireframe model can be projected onto
2D image coordinates to form a set of projected line segments. Based on the initial orientation 6, we
are able to identify which line segments are visible. For every visible projected line segment, whose
direction is denoted as o with length [ and width 2w in image coordinates, we form a [ X 2w virtual
rectangle, as shown in Fig. 3.3. Along the gradient directions of pixels with large gradient magnitude
values in the rectangle should coincide with the perpendicular direction of the projected line, if
the line fits the image data well. Then, we are able to estimate the fitness score from the gradient
information of all pixels within the bounding rectangle. For pixel s; within the rectangle, we can
simply compute its gradient magnitude m(u, v) and gradient angle a(u, v) from pixel differences as

follows:
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D [(u,v) = I{u+1,0) — I(u—1,v)
Kl = I(u,v U,
D I(u,v) = J( +1) = I(u,v —1) G.11)
u,v>:¢ +<§ (u,0))°
(u>v) (Bv[(u U) u ( ))

\

The fitness error score E(s;) is calculated by the component of its gradient magnitude perpen-
dicular to the direction in Eq. (3.12). It is also evident that not all pixels in the rectangle have the
same weight for fitness evaluation. For those closer to the visible projected line segment, the pixels
should contribute more to the FES. In this case, a weight value w(d;) is assigned to every pixel,
where d; is the distance between s; and projected line segment, and w ~ N(u = 0,0 = w), which
is a standard normal distribution. The total FES value, E between the projection of the 3D vehicle
model and image data can be obtained from all visible projected line segments, as shown in Eq.

(3.13).

E(s;) = |m(u,v) - sin(a(u,v) — a)]. (3.12)

E =) log(E))
SDHILE
l S;

Our approach performs efficiently and accurately for 3D object localization upon a good pose

(3.13)

initialization from LOCNet. FES has several advantages comparing with many other existing
methods. Compared to [5], whose pose and shape priors are largely dependent on 2D semantic
keypoint trained by a neural network. Though they use an iterative re-weighted optimization scheme
to tackle erroneously detected keypoints, we outperform them by using stable and invariant edge
information in the local region instead of points, and also by avoiding time-consuming keypoint
data labeling and network training. Furthermore, we can also easily handle serious occlusion and

truncation cases due to good pose initialization.
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3.3 Camera Ego-Motion and Object Tracking

Our tracking is performed in the world coordinates. To transform from 3D camera coordinates to 3D
world coordinates, the feature-based visual odometry [222] is introduced here to recover the camera
pose through ORB features [262] extracted in every frame. Since ORB features must be located on
the static background scene, instead of on the highly dynamic objects, we utilize the segmentation
masks predicted from LOCNet in Sec. 3.1 to discard those ORB features that are located on the
detected objects, keeping those in the static background. We subsequently find correspondence of
the background ORB features of the current frame with those of the previous frame. Outliers are
further rejected by the RANSAC algorithm [77] as facilitated by the fundamental or homography

matrix.

3.3.1 Camera Ego-Motion Estimation

To make it concise for later sections, we define the notations in the following as also shown in Fig.
3.4.%(-),¢(+), and () are used to denote the world, camera and image coordinates respectively. For
the k™" object at time ¢, we use ‘O = { cXk o oeyk ocezk gk cHF Wk eLk } to describe
its distance, orientation and size, which are obtained from Sec. 3.1 and Sec. 3.2. For the camera
ego-motion, we use “c¢; = { v, YR, } to indicate the camera translation and rotation.

The camera motion is continuously estimated from time 0 to 7: “C' = {“¢;},_,.,. Given
the measurements of the n'" sparse ORB features, which are anchored on the background: ‘p =
{*p}},_o.7 and their corresponding 3D positions: “P = {“P"},_,,. We formulate the camera

ego-motion tracking as the following:

N T
YC " P = argmax H Hprob(ipﬂwct, YP )

YOMP 20 1=0

N T
= arg maxzZlogprob(ipﬂwct,th",“’co) (3.14)

vOrP T =0

N T
= argminz Z HTp(ip?,wCuthn)HQZ%

R e p—
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Figure 3.4: Notation visualization.

where ||7,() ||2E = r,7 ¥ !r,, the Mahalanobis norm. This is a common visual odometry formulation,
where the camera poses are estimated based on a nonlinear least-squared formulation, also referred
to bundle adjustment (BA) [305]. After we solve the camera poses, we can simply convert the object

measurements from camera coordinates into world coordinates by using:
k - k
YOy ="Cyh - coy, (3.15)

where the “’Of stands for object location (distance), orientation and size in world coordinates.

3.3.2 3D TrackletNet Tracker

To take advantage of the temporal consistency for improving the localization performance further,
we need tracking to associate corresponding objects along time. The proposed 3D TrackletNet
Tracker (3D TNT) takes both discriminative CNN appearance features and accurate object spatial
information from each frame to ensure tracking robustness. Inspired by the 2D TNT [310], which
builds a graph-based model that takes 2D tracklets as the vertices and use a multi-scale CNN
network to measure the connectivity between two tracklets, we further extend the work into 3D

tracking scenarios. Our 3D TrackletNet Tracker consists of three key components, as shown in Fig.
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Figure 3.5: 3D TNT framework for object tracking. Given the 3D object measurements in different
frames, association is computed to generate tracklets for the Vertex Set V. After that, every two
tracklets are put into the TrackletNet to measure the degree of connectivity, which form the similarity
on the Edge Set . A graph model can be derived from V' and E. Finally, the tracklets with the
same ID are grouped into one cluster using the graph clustering approach..

3.5:

Tracklet Generation. Given the refined vehicle localization of each frame (see Sec. 3.3.1), each
tracklet, generated by 2D box appearance similarity based on CNN features derived from FaceNet
and 3D intersection-over-union (3D IOU) between adjacent frames, is denoted as a node (v € V') in

the graph.

Connectivity Measurement. Between every two tracklets, the connectivity (similarity) p.(e € E)
is measured and its inverse (dissimilarity) is used as the edge weight in the graph model. To calcu-
late the connectivity, a multi-scale TrackletNet is built as a classifier, which can concatenate both
temporal (multi-frame) and appearance features for the likelihood estimation. For each frame ¢,
a vector consisting of the 7-D object measurements “OF, concatenated by an 512-D embedding

appearance feature extracted from the FaceNet, is used to represent an individual feature of the
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input frame.

Graph-based Clustering. After the tracklet graph is built, graph partition and clustering
techniques, i.e., assign, merge, split, switch, and break operations are iteratively performed to
minimize the total cost on the whole graph.

Based on the tracking results from the 3D TNT, we are not only able to associate every object
across frames, but also can deal with errors caused by the occlusions and missing detections. This
information will be used in the subsequent multi-frame optimization part to further improve the

localization performance.
3.4 Multi-frame Optimization

In the context of autonomous driving, the temporal information can be readily exploited to obtain
better localization predictions. Based on the 3D object measurements within each frame from Sec.
3.2 and tracking results across frames from Sec. 3.3.1, several temporal consistency constraints can
be further imposed to refine the localization results, which are introduced by the following:

Temporal Location and Orientation Consistency. The object location and orientation cannot
have a very abrupt change between two adjacent frames, as reflected in the location and orientation
consistency regularizer Lp. Here we further denote k' (k € K) object location in frame ¢ as
wik = { wxk wyk wgzk }, and object orientation as Y0¥,

T—

—_

K
PN (AR A ) (3.16)

t=0 k=1
Temporal Size Consistency. Since the vehicle object of interest is considered as a rigid body,
its size (height, width and length) in the 3D world coordinates is supposed to remain the same along

time. Here we further denote ¥ st = { w 1 t’f’ thk7 w Lf } as the object size.

N

K 2
> (st = st (3.17)

t k=1

Il
o

Ground Plane Consistency. Assume all the observed objects are residing on the same plane,

which is usually the case for autonomous driving scenarios. A base plane n; can be formed by the
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roof surface of the 3D car model and its normal vector should have the same direction as the ground
plane normal vector n, computed in [223]. We use the dot product (-) to measure the similarity

between two vectors.

Ly = |l(ng), - (m)f]| (3.18)

Total Optimization Loss. The overall optimization loss L., consisting all the terms Eq.

(3.16), (3.17), (3.18) can be written as

n?ien Liotar = wpLlp +wsLls + wnLy. (3.19)

)

Here wp, wg, wy are the weights to adjust the relative importance for the loss terms. In practice,
the loss terms are defined with Huber loss function to avoid the effect of outliers. The above problem
can also be minimized using Ceres Solver with a Levenberg-Marquardt optimization method and
Iterative Schur as the linear solver. After the multi-frame optimization is performed in world
coordinates, we transform the adjusted measurements back to camera coordinates to compare the

localization performance.

3.5 Experiments

3.5.1 Dataset

Evaluations are performed on various autonomous driving datasets:

o KITTI [90]: KITTI multi-object tracking dataset contains 20 video sequences for training and
28 sequences for testing. In terms of the data split, we follow [269] and use 1, 6, 8, 10, 12,
13, 14, 15, 16, 18, 19 as the val set and other sequences as the train set, through our LOCNet

training.

* ApolloCar3D [282]: This dataset contains 5,277 driving images with over 60K car instances,

aiming at localizing 3D objects in single images.
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ApolloCar3D

KITTI

Figure 3.6: Qualitative examples under diverse scenarios. The top row are the results on the
ApolloCar3D instances, and the bottom 2 rows show the results on some image frames of the KITTI
tracking dataset. The system is capable of estimating the shape and pose (without scale-factor
ambiguity) of objects. The images of the scenes contain the projection of the estimated shapes of
cars.

3.5.2 Qualitative Results Under Diverse Scenarios

We demonstrate the system performance on different datasets under various driving scenarios, which
include object far distance estimation, occlusion, truncation, and complex road conditions. Some
examples of the re-projected images and their corresponding 3D views are shown in Fig. 3.6. We use
different colors to represent different vehicles. All the observed cars are visualized in both camera
(left side of each column) and world (right side of each column) coordinates for ApolloCar3D and

KITTI tracking dataset.

3.5.3 Quantitative Evaluation

For KITTI, we define the true positive of the object 3D localization results if the 3D 10U is greater
than 0.5 against the ground truth, as this IoU threshold is widely used and rather strict for image-
based methods. For ApolloCar3D, we adopt the official 3D overlap criteria. The quantitative
performance are shown in Table 3.1 and 3.2.

KITTI. As the KITTI tracking zest set ground truth is not released to users, we have to use
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Table 3.1: Performance of 3D localization methods using different modality on KITTI val set.

APBEV (IOU>=O.5) AP3D (IOU>=0.5)
Method Modality Type

Easy | Mod | Hard | Easy | Mod | Hard
M3D-RPN [15] Image Mono [41.53|31.02|26.65|37.41|27.11|23.73
Shift-RCNN [235] Image Mono |39.64|30.33|25.90 |31.48|24.04 | 23.60
LOCNet (Ours) Image Mono |42.86(30.43|26.35 [36.06|25.44|24.19
LOCNet+FES (Ours) Image Mono |50.69|36.17 | 31.97 | 48.40 | 38.59 | 32.69
3DOP [38] Image Stereo | 54.83|43.36|37.15 |53.7342.27 | 35.87
Lietal. [167] Video Stereo | 58.52146.17|43.97 |48.51|37.13 |34.54
LOCNet+FES+

Video Mono |60.37 |48.49 | 44.36 | 56.54 | 44.23 | 36.91

3D TNT+Multi. Opt (Ours)
Point-RCNN [272] LiDAR | Pointcloud | 66.89 | 54.91 | 47.13 | 62.76 | 49.13 | 42.43

the KITTI val set for 3D evaluation. Our framework is evaluated on both APggy and APs;p
metrics and the C'ar class is split into 3 difficulties: Easy, Moderate and Hard. For 3D localization
performance based on single frame images, we compare our LOCNet with/without FES optimization
with monocular 3D object detection methods [15, 235]. It can be seen that our method using only
LOCNet can achieve 36.06%, 25.44% and 24.19% respectively on APsp. By adding the FES
optimization, we observe significant gains with 48.40% (1 12.34%), 38.59% (1 13.15%) and 32.69%
(1 8.5%) on AP;p. Furthermore, by considering the temporal information when dealing with video
sequences, we compare our overall system with [38, 167] by adding the proposed 3D TrackletNet
and multi-frame optimization methods. We further achieve more gains with 56.54% (1 8.14%),
44.23% (1 7.1%) and 36.91% (1 4.22%) on AP;p and outperform the state-of-the-art image-based
methods. Considering the best 3D localization performance, our overall system is even comparable

with LiDAR-based methods [272] with reasonable margins (~ 4 — 6%).

ApolloCar3D. The 2D evaluation metrics for ApolloCar3D follow similar instance mean AP as

the MS-COCO. Instead of using 2D mask IoU to define a true positive, the 3D metric contains the
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Table 3.2: Performance of 3D localization methods on ApolloCar3D val set.

2D Evaluation Metrics 3D Evaluation Metrics
Method Modality
APg|AP | AP, |mAP |shape sim|dist. error (m)|ori. error (°)
LOCNet (Ours) Image [11.3] 12.6 |29.7| 13.3 0.88 1.13 6.7
LOCNet+FES (Ours)| Image [11.6| 13.8 |33.1| 14.1 0.91 1.09 6.1

perspective of shape, 3D distance and orientation. Since there are no available published methods
that we can compare with, we only show the performance of baseline and our LOCNet with/without
FES optimization. We first provide the 2D evaluation metrics (AP) as shown in Table 3.2. We
achieve an m AP of 13.3 by using LOCNet only and we also find that small objects are harder to
detect, which commonly indicates the object longitudinal axis distance is far away from the camera.
The accurate estimation of large transnational distance value is thus more important. Still, for the 3D
evaluation metrics, with the help of FES optimization, the shape similarity, distance and orientation
scores are improved by 0.03, 0.04m, 0.6° respectively. Besides, the 2D m AP also increases to
14.1% (1 0.8%).

Although we claim that it is not a complete fair comparison between our method and the state-
of-the-art image-based 3D object detection methods due to our use of temporal optimization via 3D
tracking. However, we stress that our approach only uses a monocular camera and can accurately
and efficiently localize the 3D objects with spatial robustness and temporal consistency, which is

essential for continuous perception in autonomous driving.

3.5.4 Ablation Study

We perform the ablation study on our LOCNet and the overall system.

Localization Network. To explicitly show the effectiveness of our proposed LOCNet, we
perform the ablation study on depth-aware RPN (D-RPN), orientation head (O-H) and distance
head (D-H) for both KITTI and ApolloCar3D validation set. O-H+D-H represents we use the

features from original RPN in Mask-RCNN to regress the distance and orientation. D-RPN+O-
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Table 3.3: Ablation on LOCNet on KITTI and ApolloCar3D val set.

Dataset D-RPN | O-H | D-H | shape sim. | trans dist | rot dist
v v 0.93 2.06 6.6
KITTI v v 0.88 5.89 9.2
v v v 0.94 0.98 4.3
v v 0.84 3.67 10.4
ApolloCar3D v v 0.78 10.23 12.8
v v v 0.88 1.13 6.7

Table 3.4: Ablation on overall system on KITTI val set. (Average precision of bird eye’s view and
3D boxes comparison.)

APppy (1oU>=0.5) | AP3p (IoU>=0.5)
Module Time (ms)
Easy | Mod | Hard | Easy | Mod | Hard
L 42.86 | 30.43 | 26.35 | 36.06 | 25.44 | 24.19 143
L+T 46.89 | 35.11 | 28.43 | 44.22 | 30.48 | 27.92 407
L+S 50.69 | 36.17 | 31.97 | 48.40 | 38.59 | 32.69 197
L+S+T |57.16 | 44.72 | 38.29 | 54.34 | 42.88 | 35.94 457
L+S+T+M | 60.37 | 48.49 | 44.36 | 56.54 | 44.23 | 36.91 795

H indicates that the network only regresses the orientation, then the distance is obtained by a
post-processing stage [220]. D-RPN+O-H+D-H represents both the distance and orientation are
regressed simultaneously from the network, where the distance head uses the concatenated features.
As seen in Table 3.3, by incorporating both depth-aware RPN and the distance head, the network
can achieve the distance and orientation errors within 0.98m and 4.3° for KITTI and 1.13m and
6.7° for ApolloCar3D respectively, which means it is able to exploit the implicit information that is

shared between the orientation and distance heads.

Overall System. To see how different modules of our proposed system can contribute to the
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localization performance, we further conduct some experiments on KITTI validation set to highlight
how they can impact the final results. We use L, S, T, M to represent LOCNet, single frame
optimization with FES measure, TrackletNet Tracker, and multi-frame optimization respectively.
As shown in Table 3.4, compared to LOCNet-only (L) results, the L+T improves both APggy and
AP;p by a large margin, which shows that incorporating the temporal information from tracking
is helpful to localization accuracy since it can deal with errors caused by occlusions and missing
detections. By adding the single-frame FES optimization further brings an improvement of 10.12%
and 12.4%, 8.02% respectively. Employing the multi-frame optimization further achieves the best
AP3p of 56.54% (1 2.2%), 44.23% (1 1.35%) and 36.91% (1 0.97%). The runtime of the system is
also provided based on 8 Core 17-7700k CPUs (S, M) and 2 NVIDIA Titan Xp GPUs (L, T).

3.6 Summary

In this chapter, we propose a monocular vision based autonomous driving framework to perform 3D
detection, tracking and localization by effectively integrating all three tasks in a complementary
manner. Our LOCNet and FES based single frame optimization provide accurate localization results
by utilizing both deep learning approaches and conventional optimization techniques, which are
further refined with the help of the 3D TrackletNet Tracker to eventually achieve performance
comparable to LiDAR-based localization methods. Quantitative experiments have shown that
our system can achieve high accuracy in localization and outperform the state-of-the-art methods.
Demonstrations on different datasets also show that our system is robust under different autonomous

driving scenarios.
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Chapter 4

JOINT MONOCULAR VEHICLE 3D LOCALIZATION, TRACKING AND
SEGMENTATION

We phase the 3D MOT/MOTS problems in a supervised manner. Our goal is to jointly infer
the 3D localization information from a single monocular video stream and track objects across
frames. The 3D localization information includes the distance and orientation of each object
instance. During the first stage for Localization for Tracking Network (Loc4Trk-Net), Images are
first passed through a backbone network and Region Proposals Network (RPN) to generate 2D object
proposals. These 2D proposals are the fed into three multi-head network to infer 3D information
and per-instance similarity feature embedding. A lightweight follow-up optimization pipeline for
single-view that refines the initial estimates from the network to ensure localization robustness.
Meanwhile, the size of the detected object can also be obtained through this refined optimization.
Then Hungarian matching is performed between current frame and all tracked tracklets based on
feature similarity and 3D intersection-over-union (IoU). Unassigned detected targets are further
associated with short-term lost tracklets. Tracklets that miss for longer than threshold are considered

as terminated ones to ease computational burden.

Problem Formulation. To make it concise for later sections, we define the notations in
the following. “(-), (-), and *(-) are used to denote the world, camera and image coordinates
respectively, e.g., for the k'™ object at time ¢ in camera coordinates, each detection is represented as
a tuple °N¥ = [d, 0, F] € R® and we use °SF = [d, 6, D, d, F] € R to describe its state, where d
defines the 3D localization (X, Y, Z) of the object center, ¢ for object orientation, D for object size
(L, W, H), and d for its velocity (X,Y, Z). F stands for object-wise appearance feature. For the
camera ego-motion on a moving platform, we use “cf = [R|T] to indicate the camera translation

and rotation, which will be used later in the 3D tracking phase to cancel out the ego-motion of the
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Figure 4.1: Overview of our pipeline for our JMV3D method. Our online approach processes
monocular frames to estimate and track regions of interest (Rols) in 3D. Loc4Trk-Net helps to learn
the 3D (i.e., orientation, distance) estimation and instance-level feature embedding. Given the initial
estimates from the network, FES further ensures the localization accuracy and obtains object size.
A 3D Kalman filter produces robust linking across frames leveraging feature similarity and 3D IoU
with the help of Hungarian algorithm.

moving platform. The camera intrinsic & can be obtained from camera calibration.
4.1 Loc4Trk-Net: 3D Localization for Tracking Network

Network Architectures. The proposed Localization for Tracking Network (Loc4Trk-Net) is built
upon a canonical two-stage object detection network, Mask R-CNN [108]. Loc4Trk-Net augments
the Mask R-CNN model with additional learning objectives. The first stage of the network is a multi-
stage 2D object detection network, we extract and score region proposals by RPN, then ROIAlign
for feature cropping is deployed. Based on the top scoring proposals, we use a convolutional encoder
to refine the cropped features, then split them up into five separate heads. The second stage of the
network consists of both classical and customized heads. For the 2D part we use three heads for
standard multi-class classification, 2D box refinement and mask generation respectively. Two more
heads are introduced to handle object 3D orientation and distance. One additional embedding head

is introduced to train a discriminative feature embeddings to match detections and tracklets. The
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Figure 4.2: Detailed Architecture for Loc4Trk-Net. The upper two branches (in ) are the
typical Mask-RCNN detection framework. The middle branch (blue) is the embedding head, with
the help of spatial attention (SA) neck ( ), will heavily weigh on the foreground object to
enhance instance-specific appearance features and suppress the noise in the background. The bottom
two branches are the 3D orientation and distance heads (brown).

detailed architecture is shown in Fig. 4.2.

Spatial Attention (SA) Neck. Due to in-plane rotation is unique for a given vehicle class, all
vehicles share similar rotational features for the same yaw, pitch, and roll angles. The fixed-size
ROIAligned visual cue is not robust for estimating the candidate rotation. In the object detection
scenarios, severe occlusions and truncations are usually challenging cases. Therefore, it is likely
to include multiple objects within the same 2D bounding box, resulting in erroneous features for
orientation regression. The intuition of the spatial attention (SA) neck is to highlight the foreground
(target of interest) and suppress the background, so that more concentrated appearance features can

be obtained. Details of the SA neck is shown in Fig. 4.2 ( ), where ROI features are pooled and
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Figure 4.3: Overview of our training pipeline of our Loc4Trk-Net embedding head. We leverage
all object proposals instead of traditional sparse ground truth (solid circles), to train a discriminative
feature space by comparing the region proposal pairs between the key frame and the reference frame.
The pairwise contrastive loss pulls the embedding of different identity away from its paired target
proposal and draws the embedding of same identity pairs together in a high dimensional space.

flattened for classification and bounding box regression. Simultaneously, they are passed through
four 2D convolutional layers and a pixel-wise Sigmoid operation, which is the SA operation, to
generate a SA map, indicating the probability of objectness. With the intermediate output of the SA
operation, several 2D convolution layers with kernel size 1 are applied to produce the object mask.
Meanwhile, the ROI features are multiplied by the SA map to purify pixels which belong to the

target and single-dimensional feature is further extracted by fully connected layers.

Embedding Head. Multi-object tracking problem requires distinguishable feature embeddings
to match detections and tracklets. Unlike sparse metric learning approaches [270, 310], which is
widely used in multiple object tracking that learns only from ground-truth bounding boxes, our
approach is to utilize all the region proposals generated by RPN to learn the instance similarity by

discriminating positive proposals from negative ones with the help of pairwise contrastive loss.
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We use RPN to generate Rols from the two images and Rol Align to obtain their feature maps
from different levels in FPN according to their scales. An extra lightweight embedding head is
added to extract features for each Rol, shown in Fig. 4.2 (blue). An Rol is defined as positive to
an object if they have an IoU higher than 0.7, or negative if they have an IoU lower than 0.3 in our
settings. The matching of Rols on two frames is positive if the two regions are associated with
the same object and negative otherwise. Given a key frame at time ¢, we sample a reference frame
within a temporal interval n, where n € [—3, 3| throughout all the experiments. For each target
proposal s;, we balance the number of positive and negative examples by comparing the target

proposal to all positive proposals,

Lemp =log[l+ Y > exp(F, - F} —F,-F, ) A.1)
Fst-&-n F‘;t-‘—n

The loss term Le,,;, of the above equation minimizes the cosine distance of the target proposal
to all positive referenced examples while maximizing the cosine distance to all negative samples.
By balancing positive and negative samples, we encourage the network to learn an embedding
space that can effectively discriminate between instances, while being invariant to perturbations like
changes in viewpoint or lightning.

3D Orientation Head. The orientation head takes the features from SA neck as input to
generate the 3D orientation output. Due to the periodic nature of orientation, it is harder to regress
angles explicitly. Although Euler angle for yaw 6 is easily understandable and interpretable for
3D orientation, they are sensitive to non-injectivity and gimbal lock [103]. Thus, we instead
regress the quarternions [370] since they are continuous, which can be easily enforced through
back-propagation. For the orientation head, given the ground truth quaternion ¢ € R* and the
predicted quaternion ¢, the orientation loss is defined as:

A q
Lori(q7Q) = Hq ETPSTE

“4.2)
||CI||2

2
We show in the later experiment results that the our method seems to generate rough masks

with different weights on specific vehicle body parts through implicit learning. Fig. 4.6 shows
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visualizations of SA maps for orientation estimation. It appears that the network attends to distinct

object parts such as tires, lights and side mirror for cars.

3D Distance Head. The distance head takes a concatenated input, from both depth-aware
ROIAligned feature maps (256 x 14 x 14) and convolved 512-dim features for bounding-box classifi-
cation/regression, to form more informative input features for 3D distance, which is demonstrated
in Fig. 4.2 ( ). The concatenated features are assumed to implicitly encode the 3D orientation
information and pre-defined object size information via the incorporation of the convolved 512-dim
features. To generate the ground truth for this distance head, we need to transform the 2D detected
objects’ box center, height and width (u,, v,, h,, w,) in 2D image coordinates to their corresponding

(e, Ve, he and w,) in 3D camera coordinates so that the ground truth 3D distances can be determined.

Ue = (up — Cx)zsahc = @7

7, 7, s
v, = (vp — z)2s = Wp

fy fy

where the parameter vector [f,,0, ¢;; 0, f,, ¢,; 0,0, 1] stands for the camera intrinsic K, and z, is

the projective distance [340].

Huber loss is adopted to formulate the penalty in distance estimation: given ground truth distance

d and the prediction d, the distance loss is:

i Yd—d)°/s z’fd—ci‘<5,
Lais(d, d) = ) . )/ ‘

where the hyper-parameter o controls the boundary of outliers.

4.4)

S8

) otherwise.

1
2

Multi-Task Learning. The following total loss function L;,; is minimized to train our proposed
Loc4Trk-Net. The first three loss terms are the standard Mask R-CNN multiclass loss L., 2D
bounding box regression losses Ly, and mask loss L,,.sk, respectively as defined in [108]. The last

two terms are the orientation loss L,,;, embedding loss L.,,;, and distance loss Lg;s respectively, as
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Figure 4.4: Visualization for FES optimization. The learning process takes R, 7" and D as the
optimization variables. The numbers denote IoU score between mask from 3D mesh and mask from
the Loc4Trk model, reflecting the accuracy of our pose and size estimation.

defined in Eq. (4.1), (4.2) and (4.4).

Ltotal :wclchls + wbobeoaz + wmaskLmaslc
4.5)

+ wembLemb + woriLom' + wdisLdis-

The outputs from Loc4Trk-Net are particularly crucial for localization and tracking problems,
where both feature embedding and 3D information of the objects is of primary importance. Further-
more, the predicted orientation and distance can be further refined and serve as a good initialization

for the subsequent 3D localization optimization part.
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4.2 Fitness Evaluation Score

Although the orientation and distance estimation results from Loc4Trk-Net can deal with partial
occlusions and truncation cases in most of the time, they are not accurate enough for 3D local-
ization. As you may also notice, Loc4Trk-Net only focuses on the localization on 2D and 3D
without considering the object size D, which is an important aspect of 3D detection. We adopt a
lightweight optimization pipeline from [387] for single-view that refines the initial estimates to
ensure localization robustness. Meanwhile, the size of the detected object can also be obtained
through this refined optimization. A 3D deformable vehicle model is set up as prior information.
An effective image gradient-based fitness evaluation score (FES) is then used to evaluate the fitness
between the 2D projection of the 3D deformable vehicle model and raw image data. Moreover, the
fitness evaluation is combined into an optimization framework to select better individuals from the
combined parameter space based on an iterative population selection strategy. For more details,

please refer to Sec: 3.2.

4.3 Data Association and Tracking

Camera Ego-Motion Estimation. Our 3D tracking is performed in the world coordinates. To
transform from 3D camera coordinates to 3D world coordinates, the feature-based visual odometry
[222] is introduced here to recover the camera pose through ORB features [262] extracted in every
frame. Since ORB features must be located on the static background scene, instead of on the highly
dynamic objects, we utilize the segmentation masks predicted from Loc4Trk-Net in Sec. 4.1 to
discard those ORB features that are located on the detected objects, keeping those in the static
background. We subsequently find correspondence of the background ORB features of the current
frame with those of the previous frame. Outliers are further rejected by the RANSAC algorithm
[77] as facilitated by the fundamental or homography matrix.

The camera motion is continuously estimated from time 0 to 7: “C' = {“¢,;},_,.,. Given
the measurements of the n'" sparse ORB features, which are anchored on the background: ‘p =

{*p}},_,.7 and their corresponding 3D positions: “P = {“P"},_,.,. We formulate the camera
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ego-motion tracking as the following:

N T
. ; 2
wC, " P = arg min Z Z |ro (D}, e, P ”Z%’ (4.6)
YOUP 520 =0
where ||7,() ”22 = r,7 ¥ !r,, the Mahalanobis norm. This is a common visual odometry formulation,
where the camera poses are estimated based on a nonlinear least-squared formulation, also referred
to bundle adjustment (BA) [305]. After we solve the camera poses, we can simply convert the object

measurements from camera coordinates into world coordinates by using:
k -1 k
vSy ="Cy - 4SY, 4.7)

where the “.S¥ stands for the object state in world coordinates.

Assignment Problems. For simple design and real-time efficiency, we use a conventional way
to solve the association between the predicted 3D Kalman states .S and newly arrived measurements,
which is to build assignment problems that can be solved using the Hungarian algorithm. The

procedure can be described as follows:

* State Prediction: A 3D Kalman filter predicts the state of trajectories S;_; to the current frame

t as S.g during the state prediction step;

* Data Association: Into this problem formulation, we integrate motion and appearance infor-

mation through combination of two appropriate metrics.

To incorporate motion information, the detections N, and predicted trajectories S, are
associated using the Hungarian algorithm. An affinity matrix is constructed by computing
the 3D Intersection of Union (IoU) or negative center distance between every pair of the
trajectory S,;' and detection th . To incoporate the appearance information, our second
metric measures the smallest cosine distance between the i-th track and j-th detection in F’
appearance space. We combine both metrics to get matched trajectories and detections using

a weighted sum following [336].
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* State Update: The state of each matched trajectory in S,,q; 1S updated by the 3D Kalman
filter based on the corresponding matched detection in N, 4., to obtain the final trajectories

St.

* Birth and Death Memory: A memory buffer takes the unmatched detections Ny, matcn and
unmatched trajectories Sy,mater, @S inputs and creates new trajectories S,.,, and deletes

disappeared trajectories S;,s; from the associated trajectories.

Based on the tracking results, we are not only able to associate every object across frames,
but also can deal with errors caused by the occlusions and missing detections. For those missing

detections, we use Huber regression for detection interpolations.

4.4 Experiments

We evaluate our 3D detection and tracking pipeline on KITTI-MOT/MOTS benchmark [308]
and nuScenes benchmark [20], featuring real-world driving scenarios and various road/ lighting

conditions.

4.4.1 Dataset

KITTI-MOT/MOTS. KITTI-MOT is a driving scenario dataset for both Car and Pedestrian tracking
task. It consists of 21 training sequences and 29 testing sequences, covering the street view, high-
way and pavement view. It is based on the KITTI Multi-Object Tracking (MOT) Evaluation and
extends the annotations to the Multi-Object and Segmentation (MOTS) task. To this end, dense
pixel-wise segmentation labels for every object are added. We only evaluate the performance for
Car due to our proposed method.

nuScenes. nuScenes dataset is designed to support the task of 3D Multi-Object tracking (MOT)
for autonomous vehicle. It provides 3D annotations for LiDAR data with 10 object classes for
detection task, and 7 object classes for tracking task. There are 700 training sequences, 150

validation sequences and 150 test sequences in the nuScenes dataset.Every sequence collects images
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at 12 FPS, denoted as full frames, and only those sampled keyframes, annotated at 2 FPS, are used
for evaluation. Each sequence consists of about 40 keyframes per camera. Due to the low framerate,
the inter-frame motion is significant.

KITTI-STEP. KITTI-STEP [331] is a driving scenario dataset for both car and pedestrian
tracking task. It consists of 21 training sequences and 29 testing sequences. The evaluation metrics
is the segmentation and tracking quality (STQ) consisting of two factors, association quality (AQ)
and segmentation quality (SQ), that measure the tracking and segmentation quality respectively.
KITTI-MOTS [308] has the same train and test sequences, and we evaluate our performance using
HOTA metrics [198], which accumulates the soft number of true positives, false positives, and ID

switches.

4.4.2 Evaluation Metric

3D Object Estimation. For both KITTI-MOT/MOTS and nuScenes, we use the formal evaluation
metrics of detection 3D mAP from KITTI [90] in the 3D Object Detection Evaluation. We define
the true positive of the object 3D estimation results if the 3D IOU is greater than 0.5 against the
ground truth, as this IoU threshold is widely used and rather strict for image-based methods.
Multi-Object Tracking. The recently introduced HOTA for KITTI-MOT/MOTS measure
decomposes into two intuitive terms, Det A measuring detection accuracy and AssA measuring

association accuracy:

HOTA, = \/DetA, - AssA,. (4.8)

Both terms are evaluated with respect to localization threshold «, and the final HOTA metric is
integrated over localization thresholds.

The detection term Det A is evaluated as the ratio of TP detections to the total number of TPs,
FPs, and FNs (i.e., as intersection-over-union) and signals how well a tracker performs in terms of

detection, ignoring the temporal aspect:

TP,
DetA, = @ 4.9
A = TP T ITP. + TP, )
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The association accuracy AssA intuitively measures the number of frames in which the predicted
track overlaps with the matched ground truth track. For each true positive detection in a predicted
track p; which is matched to a ground truth track g;, AssA computes the number of TP associations
(TPA, detections in p; which overlap with ¢g;), FP associations (FPA, detections in p; which do not
overlap with g;), and FN associations (FNA, ground truth annotations in g; which do not overlap
with p;). Then, association accuracy is evaluated as intersection-over-union over TPA, FPA and
FNA sets, and averaged over TPs:

1 TPA,(c)
AssAy = —— .
o5 |TP0|C;D TPAL(c) + FPAL(c) + FNAL(c)

(4.10)

nuScenes adopts a AMOTA as the metric for tracking, which is a weighted average of MOTA

[10] across different output thresholds. Specifically,

1
AMOTAp = —— MOTA,. 4.11
OTAg = — {12 } OTA, (4.11)
re ﬁ,..‘,l

where r is a fixed recall threshold. The n =40 and S = 0.2 (AMOTA@0.2), or 5 =1 (AMOTA@1)

are set by the official benchmarks.

4.4.3 Experiment Results

We demonstrate our system performance on different datasets under various driving scenarios which
include far away objects, occlusions, truncations and adverse weather conditions. Some examples
of re-projected images are shown in Fig. 4.5 to demonstrate our 3D object detection and tracking
performance. Besides, the corresponding segmentation results for KITTI-MOTS are also shown.
KITTI-MOT/MOTS. For 3D object detection, as the KITTI-MOT tracking test set ground
truth is not released to users, we have to use val set . Our framework is evaluated on both APggy
and AP;p metrics and the Clar class is split into 3 difficulties: Easy, Moderate and Hard. For
3D localization performance based on single frame images, we compare our Loc4Trk-Net with
monocular 3D object detection methods. [235] uses CNNs to extract features from the 2D detected

bounding boxes to infer orientation and dimension; 3D localization of objects are then obtained using
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Table 4.1: Performance of 3D detection methods using different modality on KITTI-MOT/MOTS
Car val set, ours is marked bold.

APppy (IoU>=0.5) | APsp (IoU>=0.5)
Easy | Mod | Hard | Easy | Mod | Hard

Method Modality Type

M3D-RPN (CVPR ’19) [15] Single Image | Mono | 41.53 | 31.02 | 26.65 | 37.41 | 27.11 | 23.73

Shift-RCNN (ICIP *19) [235] Single Image | Mono | 39.64 | 30.33 | 25.90 | 31.48 | 24.04 | 23.60

LOCNet + FES [374] Single Image | Mono | 50.69 | 36.17 | 31.97 | 48.40 | 38.59 | 32.69

3DOP (ICCV °19) [38] Multiple Images | Stereo | 54.83 | 43.36 | 37.15 | 53.73 | 42.27 | 35.87

SVB-Stereo (ECCV ’20) [167] | Multiple Images | Stereo | 58.52 | 46.17 | 43.97 | 48.51 | 37.13 | 34.54

Loc4TrkNet + FES (Ours) Multiple Images | Mono | 57.16 | 44.72 | 38.29 | 48.40 | 38.59 | 32.69

JMV3D (Ours) Multiple Images | Mono | 62.49 | 49.91 | 44.13 | 53.76 | 42.13 | 37.91

the geometric constraints between 3D points and 2D box edges. However, by considering geometric
projection as the post-processing step, the error from 2D box detection, 3D object orientation and
dimension regression can be aggregated in the subsequent distance estimation module. [28] consider
the problem as a bundle adjustment problem (BA), where closed-form or iterative solutions can be
applied by assuming a robust correspondence between 2D semantic keypoints and a 3D model of the
object. However, these 2D keypoints largely depend on the training data and can be easily affected
by partial occlusions or truncation. Furthermore, by considering the temporal information when
dealing with multiple frames, we compare our overall JIMV3D framework with [167] by adding
3D TrackletNet. Note that our method only requires the monocular input, we further achieve more

gains and can be comparable with the state-of-the-art stereo-based image methods.

The performance of JIMV3D on multi-object tracking and segmentation in the KITTI-MOT/MOTS
is also shown in Table. 4.2. Upon the time of submission, we are the 1 place among all the image-
based methods. ViP-DeepLab [242] tries to approach the task by jointly performing monocular
depth estimation and video panoptic segmentation, though they require additional ground-truth

for training the depth esimation module. ReMOTS [354] proposed an intra-frame self-supervised
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Table 4.2: Performance of multi-object tracking and segmentation methods using different modality
on KITTI-MOTS Car test set, ours is marked bold.

Tracker Modality|HOTA 1|DetA 1|AssA 1|DetRe 1|DetPr 1|AssRe 1|AssPr 1|LocA 1|IDS |

ViP-DeepLab [242] | Image | 76.38 | 82.70 | 70.93 | 88.77 | 75.86 | 86.00 | 90.75 | 81.03 | 392

ReMOTS [354] Image | 71.61 | 78.32 | 65.98 | 83.51 | 87.42 | 68.03 | 90.61 | 89.33 | 716

PointTrackV2 [351]| Image | 66.33 | 83.12 | 53.38 | 87.17 | 90.04 | 81.79 | 59.15 | 90.12 | 594

TrackR-CNN [308] | Image | 56.63 | 69.90 | 46.53 | 74.63 | 84.18 | 63.13 | 62.33 | 86.60 | 1058

MOTSFusion [197] | Image | 73.63 | 75.44 | 72.39 | 78.32 | 90.78 | 75.53 | 89.97 | 90.29 | 572

LidarMOTS [382] | LiDAR | 68.11 | 77.26 | 60.61 | 84.50 | 85.61 | 64.95 | 82.35 | 89.50 | 835

UW_LIFTS [374] | LiDAR | 83.21 | 81.22 | 80.37 | 86.33 | 90.32 | 85.28 | 90.09 | 90.06 | 73

JMV3D (Ours) Image | 79.57 | 79.66 | 80.00 | 83.05 | 90.35 | 83.08 | 91.42 | 90.06 | 114

triplet construction network to learn mask features for both training and testing set for Re-ID.
PointTrack V2[351] distinguish the foreground and background by regarding the object’s mask
and its surrounding environment as two sets of 2D point clouds. However, these two methods
are assuming the accurate initialization of segmentation from a pretrained optical-flow estimation
network. UW_LIFTS [374] is one of the leading algorithms in the benchmark. However, their
method requires the LiDAR point cloud as the inputs and post-processing steps including optical-
flow guided instance mask segmentation and object Re-ID are applied, which can be hardily adapted

to the autonomous driving applications.

nuScenes. Our JMV3D method performs well in multi-object tracking among all the published
methods, which is shown in Table 4.3. CentertTrack-Vision [400] uses two consecutive frames to
generate inter-frame motion for object detection and 3D tracking. CenterTrack-Open [400] fuses
LiDAR information in the CenterTrack-Vision pipeline with Megvii-detector [404] to generate
3D detection. The LiDAR-based baselines uses the state-of-the-art LiDAR-based detectors to

estimate accurate bounding boxes and feed into a 3D Kalman Filter based 3D tracker, AB3DMOT
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KITTI-MOT/MOTS

nuScenes

Figure 4.5: Qualitative examples under diverse scenarios. The top row are the results on the
KITTI-MOT/MOTS dataset, and the bottom row show the results on some image frames of the
nuScenes dataset (daytime and night). The system is capable of estimating the shape and pose
(without scale-factor ambiguity) of objects.

[334]. Our methods only takes monocular images for 3D object detection and tracking and leverage
the discriminative appearance features compared to the prior arts. he nuScenes tracking dataset
linearly interpolates GT tracks to avoid track fragments from LiDAR point filtering and removes
GT objects without LiDAR points. Both invisible objects with annotation and visible objects
without annotation prohibit the camera-based methods from optimizing bounding box estimation.
Nevertheless, our JIMV3D approach reaches 0.186 AMOTA with near four times tracking accuracy

of the best vision-only submission among all published methods.

4.4.4  Ablation Study

Adapt to KITTI-STEP.

We adopted the DeepLabV3+[33], which is the state-of-the-art method in KITTI semantic
dataset for semantic segmentation. To improve semantic segmentation results, Atrous Convolution
is utilized in DeepLabV3+, for integrating global and local features for the network. Furthermore,

Zhu et al.[410] introduce a simple yet efficient data augmentation pipeline for improving Semantic



46

Table 4.3: Performance of multi-object tracking methods using different modality on nuScenes Car
test set, ours i1s marked bold.

Tracker Modality |AMOTA@1 1| AMOTP |
CenterTrack-Vision [400] Image 0.046 1.543
Megvii-AB3DMOT [20] LiDAR 0.151 1.501
PointPillars-AB3DMOT [20] LiDAR 0.029 1.703
Mapillarry-AB3DMOT [20] LiDAR 0.018 1.790
CenterTrack-Open [400] Multi-Modal 0.108 0.989
QD3DT [120] Multi-Modal 0.217 1.550
JMV3D (Ours) Image 0.186 1.429

Segmentation training. They take the image [; and label L; as reference jointly and predict images
I;+s and labels L,y  for data augmentation. As a result, the dataset can be scaled by a factor
2k + 1. Besides that, Boundary Label Relaxation is introduced for better object semantic boundary
estimation. Thus, by combining the above instance results from 4.1 and semantic segmentation

methods, we achieve segmentation quality SQ of 64.04 in the KITTI-STEP.

The performance of KITTI-STEP using STQ, which measures segmentation as well as detection
and tracking quality. Our method currently ranks the first place among the total valid submissions.

The performance of top-selected algorithms among all competitors is shown in Table 4.4.

Effectiveness of joint training with various metric losses on tracking performance. We first
demonstrate the benefits for joint training for the embedding head in Table 4.5. Sparse GT means the
method only considers ground truth labels as matching candidates when learning object association.
Fairwise Contrasitive Loss with one/multiple positive targets is our method, which is introduced in
Sec. 4.1. Compared to learning with sparse ground truths using conventional Triplet-Hard Loss
[310], our method (bold) improves the overall HOTA by 6.41 points. The significant improvement
on AssA also indicates our method greatly improves the feature embeddings and enables more

accurate associations.
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Table 4.4: Competition results on KITTI-STEP test set, ours is marked bold.

Method STQ 1| AQ T | SQ(IoU) 1
Motion-DeepLab[331] | 52.19 |45.55| 59.81
HybridTracker 5499 |54.44| 55.54
siain 57.87 |55.16| 60.71
EffPS_MM 62.93 [ 61.49| 64.41
REPEAT 67.13 |65.81| 68.49
JMV3D (Ours) 67.55 | 71.26 | 64.04

Table 4.5: Ablation study on joint training with various metric losses on KITTI-MOTS val set.

Dataset Joint Loss function HOTA 71 | DetA 1| AssA 1

Triplet Hard (Sparse GT) [310] | 73.16 80.70 | 66.32
v Pairwise (One Positive) 78.53 79.59 | 77.48
v Pairwise (Multiple Positive) 80.55 79.92 | 81.18
v Cross-Entropy (Sparse GT) 78.27 79.34 | 77.93

KITTI-MOTS

We further analyze the improvements of using various metric loss in details. In Table 4.5, we can
observe that when we match each training sample to more negative samples augmented by RPN and
train the feature space, the HOTA is significantly improved by 5.37 points. This experiment shows
that more contrastive targets, even most of them are negative samples, can improve the feature
learning process. The multiple-positive contrastive learning following Equation 4.1 further improves
the HOTA by 2 point (78.53% to 80.55%). Moreover, compared to the Cross-Entropy Loss which is
widely used in multi-object tracking methods [330, 384], our method achieves a gain of 2.28 points.

Effectiveness of amount of training data and FES on localization performance. We train the
Loc4Trk-Net with 10%, 50%, and 100% of training data on KITTI-MOTS. The results show how

we can benefit from more data in Table 4.6, where a consistent trend of performance improvement
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Table 4.6: Ablation study on amount of training data and FES on 3D detection performance.

AP3p (IoU>=0.5)
Easy Mod Hard

Dataset Amount FES

14.61 8.45 4.10
v 27.34 | 19.68 | 12.16
35.57 | 31.51 | 24.61
v 41.21 | 3549 | 2944
48.40 | 38.59 | 32.69
v 53.76 | 42.13 | 3791

10%

KITTI-MOTS 50%

100%

Table 4.7: Ablation study on each component for data association on KITTI-MOTS val set.

Dataset Foop | “C | boxgg | boxsy || HOTA 1| DetA 1| AssA 1
v v 73.00 | 78.96 | 67.49
v 76.93 81.02 | 73.06
v v 7752 | 81.02 | 74.18
KITTI-MOTS
v v 79.89 | 79.92 | 79.88
v |V v 80.55 | 79.92 | 81.18
v |V v v 78.44 | 79.66 | 77.25

emerges as the number of data increases. The trend of our results indicates that large-scale 3D
annotation is helpful, especially with the ground truth of distant and small objects. However, even
with limited amount of training data, FES is introduced to correct the mistake made by Loc4Trk-Net
by only relying on stable and invariant edge information from raw 2D images and thus avoid time-
consuming training and dataset labeling. We design the framework in a complementary manner by
utilizing deep learning approaches and conventional optimization techniques, which ensures the

accuracy of the localization performance and can further benefits the 3D tracking performance.

Effectiveness of each component for data association. We perform an ablation study on each
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component for data association. F,,;, is for the appearance feature embedding, “C' is the camera
ego-motion, boxsy and boxs, are the location and motion priors, which stand for the 2D and 3D
bounding boxes. As shown in Table 4.7, without appearance features, the tracking performance is
consistently improved with the introduction of additional 3D localization information and camera
ego-motion. When involving the appearance feature embeddings, the AssA achieves a significant
improvement (74.18% to 79.88%), which shows the embedding is of a great importance to the
similarity measurement. However, we also notice by taking advantage of both 2D and 3D bounding
boxes information as the object state in Kalman Filter, the performance of HOTA drops. This is
due to the 2D bounding boxes information is redundant when having 3D estimation since these
information can be obtained by projecting the 3D bounding boxes to the image plane using the

camera intrinsics K.
4.5 Summary

In this chapter, we propose an joint online monocular 3D localization, tracking and segmentation
pipeline, combining with pairwise contrastive learning and 3D instance estimation, to tracking
moving vehicles in a 3D world. Our proposed pipeline consists of four parts: an RCNN-based Lo-
calization for Tracking Network (Loc4Trk-Net), cross-frames contrastive feature learning modules,
a fitness evaluation score (FES) based single-frame optimization, and a simple but effective 3D
Kalman filter. Extensive experiments and ablation studies have shown our method is effective and
robust under different autonomous driving scenarios. Overall, our method ranks 1% place on the
KITTI-MOTS leaderboard and also achieves impressive results among all image-based solutions on

nuScenes 3D tracking benchmark.
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Figure 4.6: Visualization of the learned attention of the model for orientation estimation. The
heatmap shows the image areas that contribute to orientation estimation the most. The network
attends to certain meaningful parts of the car such as tires, lights, and side mirrors.
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Chapter 5

DEPTH-GUIDED MONOCULAR 3D OBJECT DETECTION VIA
COARSE-TO-FINE TRAINING

Autonomous driving vehicles and robots will transform the modern world just as cars did a
century back. It is vital for today’s autonomous perception systems to perceive the world the same
way as people do. 3D object detection enables us to capture an object’s relative size, pose, and depth
information. Among them, depth information can be accessed with the help of LiDAR-scanned
point clouds or object-centric stereo matching. However, it usually comes with costly expenses
by adding new sensors [229, 324, 325] or higher computational costs [318, 375]. On the other
hand, extrapolating depth information from monocular images can be proved to be a viable cost-
effective alternative for large-scale deployment with sufficient advancement from its present-day

performance.

Conventional monocular 3D object detection involves 2D localization [255, 177, 300, 401]
followed by generating 3D object centers from the predicted heatmaps. The model learns the relative
size, depth, and pose information with the help of local visual features around the projected 3D
object center. This lack of scene-level attention to different objects and contextual cues causes the
predictions not to account for inter-object depth relations, which ultimately leads to inadequate
performance. Other approaches involve the Pseudo-LiDAR mechanism [207, 318, 335], which
convert the estimated dense depth maps to 3D point clouds and run LiDAR-based object detectors on
top of them. However, these methods, though better localize the objects with the help of estimated
depth, may suffer from the risk of predicting 3D detection on inaccurate depth maps. Additionally,

the additional depth estimator incurs a large overhead in inference.

To tackle these issues, we propose a transformer-based framework, the MONOcular 3D object

detection via Coarse-to-Fine Training (Mono3DCFT). It presents a novel depth-guided feature
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15t Stage Training: Coarse-Grained

4wl ~| Mono3DCFT |—

Whole Depth Map

\

2"d Stage Training: Fine-Grained

g = v‘;A:;.‘. J' ‘*
# —| Mono3DCFT 2D/3D Detection

Foreground Depth Map

Figure 5.1: The proposed two-stage coarse-to-fine training framework. We first perform coarse-
grained training with the whole dense depth map to better learn the high-level representation of the
depth information and then perform fine-grained training with foreground object-wise depth labels.
The same encoder architecture is used for both stages.

aggregation framework to adaptively estimate each object’s 3D attributes based on global context
via a two-stage training scheme. The Mono3DCFT mainly consists of a fusion-in-the-backbone
encoder and a depth-guided transformer decoder. The fusion-in-the-backbone encoder is modified
from Swin-Transformer [187] by adding a multi-scale depth encoder with spatial and cross attention
to extract both appearance and depth information. A gating cross-attention fusion block is proposed
to learn better coupling features that fuses the geometric and appearance information of the input
image. During the 1st stage coarse-grained training, the encoder is trained on the whole dense

depth map to better capture the depth cues from the high-level semantic information of the image.
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Figure 5.2: Mono3DCFT uses a fusion-in-the-backbone encoder to encode the visual and depth
features. Then, a depth-guided decoder is adopted to adaptively aggregate scene-level features for
object queries for predicting the 2D and 3D attributes of the objects. The gating cross-attention
fusion block is proposed to better learn the fused features for appearance and geometric information
in the 2nd stage.

Then, the depth-guided decoder can be directly concatenated to the encoder in the 2nd stage
fine-grained training on the object-wise foreground depth map. This enables few changes to the
encoder architecture, which significantly reduces the training cost and avoids obtaining inaccurate
depth priors from the pre-trained depth estimator. Furthermore, we introduce the depth positional
encoding, and the depth deNoising queries to involve depth-aware hints to the transformer, achieving

better performance on monocular 3D object detection.

5.1 Mono3DCFT: a transformer-based monocular 3D object detector via coarse-to-fine
training

Figure 5.2 presents the pipeline of Mono3DCFT, which follows the DETR-type [24] and mainly

consists of three components: a fusion-in-the-backbone transformer encoder, a depth-guided trans-
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former decoder, and several 2D-3D detection heads. In Section 5.1.1, we first introduce the feature
extraction of the appearance and depth information. Then, in Section 5.1.2, the depth-guided
decoder is proposed to adaptively aggregate the scene-level information for object queries. In
Section 5.1.3, we present our prediction of 3D attributes and their loss functions. More specifically,

a novel two-stage training based on a coarse-to-fine paradigm is illustrated in Section 5.1.4.

5.1.1 Fusion-in-the-backbone Encoder

Hierarchical Visual Encoder. Our framework utilizes a Swin-Transformer [187] as the visual
backbone. The raw image I € R7*W>3 where H and W denote its height and width respectively,
first enters the Patch Partition module to cut the image into patches without overlapping. Each
patch is regarded as a token, which represents the features of the corresponding position of the
original image. Then through the Linear Embedding module, it maps the channel dimensions of
each patch to the specified value C'. These tokens are sent to the hierarchical Swin-Transformer
Block for processing, where the features pass through the W-MAS/SW-MSA layer in the n-th block.
In each block, there are three basic elements of ()(query), K (key), and V' (value) for self-attention

mechanism:
T

Vd

where d is the dimension of () and K, and B is the relative position bias in the Swin-Transformer

self-attn(Q, K, V') = Softmax (Q + B) -V, (5.1)

block that is different from the traditional self-attention blocks.

We follow the original Swin-Transformer’s implementation with the patch size - 4 x 4, where
we obtain its multi-scale feature maps, fv,.,, as shown in Figure 5.2. The feature outputs at each
stage then enter the multi-scale depth encoder modules, and the features of different scales are input
to the Attention module for subsequent processing of depth embeddings.

Multi-Scale Depth Encoder. Since each stage of the visual encoder models local features, and
reduces the height and width of the features to expand the receptive field, we propose a multi-scale
depth encoder to capture global information. The depth encoder block is composed of channel

attention and spatial attention inspired by [337]. Taking the feature fy;, as an example, the process
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is as follows:

fv. = Ho(fv) ® fun,
fo, = Hy(fy,) ® fy, -

The channel attention is a 1D mapping H,. € R®*!*1 and the spatial attention is a 2D mapping

(5.2)

H, € RY 27, where® represents the element-wise multiplication. In the multiplication process,
the channel attention values are propagated along the spatial dimension, and the spatial attention
values are propagated along the channel dimension. The input feature maps first pass through the
average-pooling layers and the max-pooling layers, respectively, followed by an MLP. The two parts
that pass through different pooling layers are then element-wise summed,

H.(fv,) =0 (MLP (AvgPool (fy,)) 53)

+ MLP (MaxPool (fv,))),
where o is a Sigmoid function. There is a ReLLU activation function after each pooling layer. Note
that, spatial attention follows channel attention; more specifically, convolution is first performed to
halve the number of feature map channels, and then the final result is obtained through operations

such as average pooling, maximum pooling, and concatenating. The process is as follows:

Angool(conv(f‘//n))
Hy(fy,) = o (conv(Concat SR ) (54)
(7x7) MaxPool(conv(fvn))

(1x1)
where conv(ix1) is a convolutional layer with kernel size 1 x 1, and the conv(;7) is the one with
the kernel size 7 x 7. After passing through the depth encoder attention blocks, the depth features
of different scales fp, up-sampled and then concatenated in the channel dimension to obtain the
depth feature map fp € R16%16%C,

k1) by applying a 1 x 1

To supervise the depth features, we predict the depth map D € R 16 % 16 X
convolution on top of fp. Here, we discretize the depth into £ + 1 bins following [249], where the
first ordinal % bins represent foreground depth and the last one denotes the background. We adopt

linear-increasing discretization (LID) since the depth estimation of farther objects inherently yields
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Figure 5.3: Illustration of gating cross-attention fusion block. (z,y) are the (vision, depth), and
both « are learnable scalars.

larger errors, which can be suppressed with a wider categorization interval. We limit the depth
values within [, dmae] and set both the first interval length and the common difference of LID

as 0. We then categorize a ground-truth depth label d of an object into the k-th bin as

k=]-05+ 0.5\/1 + MJ,
55
here 5 o Q(dmaz - dmzn) ( )
v T k(D

Focal loss [177] is used here to supervise the categorical depth prediction for the pixels in D,
denoted as Lp.
Gating Cross-Attention Fusion Block. By channel-wise attention and spatial-wise attention, the

depth encoder explores long-range dependencies of depth values from different image regions,
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which provide the network with non-local cues of the entire space. Additionally, the coupling of
depth and visual encoders can allow the model to better learn features that can fuse the spatial and
appearance information of the input image. Instead of having few dedicated transformer layers on
top of the image and depth encoders for fusion [377], we propose to directly insert cross-attention
modules into the vision and depth encoders in the backbone for fusion and include gating mechanism

for the cross modal layers (shown in Figure 5.3). Specifically, at each encoding layer, we have:

T = self-attn(z),
r =2+ T+ «* cross-attn(z, y), (5.6)

xr = x + FFN(x),

where « is a learnable parameter initialized to zero. By inserting cross-attention layers with gating
mechanism, we enable the cross-modal interactions without affecting the original computational
flow of the backbones at the beginning of the model training. We can switch from a single interaction

(vision-to-depth) to dual interactions (vision-to-depth & depth-to-vision) easily.

5.1.2 DeNoising Depth-guided Decoder

In the image-based 3D detection task, the object size at far and near distances in the image varies
significantly due to the perspective projection [401], which makes it challenging to utilize the
traditionally learned object queries. Thus, we propose adopting depth-aware features as the input of
the transformer decoder to fully represent the object’s attributes and handle complex scale-variant
situations. The decoder is built upon [381], where cross-attention modules inside can efficiently
model the relationship between context- and depth-aware features, as shown in Figure 5.2.

Depth Positional Encodings (DPE). Previous methods only use visual information and thus,
lack depth cues for the detector. In the decoder cross-attention layer, we add learnable positional
encodings, instead of using sinusoidal functions, as an alternative attention mechanism, as shown
in Figure 5.2. According to [381, 122], inserting depth hints as depth embedding into the detector
provides more detailed information for small objects. The set of learnable embeddings, pp €

R(dmaz—dmint1)XC i obtained by the weighted summation of the depth-bin confidences and their
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corresponding depths, where each row encodes the depth positional information in terms of meters,
ranging from d,,;, to d,,... By pixel-wise addition of fp with such encodings, object queries can
capture more sufficient depth cues in the depth cross-attention layer and better understand the 3D
scene.

Depth DeNoising Queries. The dynamic nature of DETR-like models introduces an instability
problem in training due to discrete bipartite matching and stochastic training. This causes the slow
convergence issue and creates inconsistent optimization goals for decoder queries in the training.
The training process can be assumed to learn good anchors as well as good relative offsets, both
of which are interdependent. We propose to add noised depth queries as learnable parameters into
the transformer decoder along with object queries. The denoising task similar to [164], which is
introduced to remove the noise, acts as a training shortcut to enable quicker learning of relative
offset since the denoising task bypasses bipartite matching completely. The noised depth can be
treated as a good value indicating the closeness of the query to the actual depth of the object of focus,
thus creating a more distinct optimization goal for the model. To put it differently, it introduces a
new loss parameter that encourages the model to reconstruct original depth values, i.e., z3p. As far

as we know, this is the first time deNoising is used to integrate into monocular 3D object detection.

5.1.3 2D-3D Detection Heads

The depth-aware object embeddings are fed into a series of MLP-based heads for 2D and 3D
attribute estimation following the depth-guided transformer. We integrate the attributes during
inference to directly generate 3D bounding boxes as outputs, requiring no non-maximum suppression
(NMS) post-processing. We use the Hungarian algorithm [24] to match the orderless queries with
ground-truth labels for trainingwithout using any rule-based label assignment.

Object Category and 2D Bbox (cis, x, y, w, h). We detect objects of three categories in KITTI [91],
car, pedestrian and cyclist, and adopt Focal loss [177] for optimization, denoted as L.;s. We obtain
the 2D bounding box of an object by predicting four parameters, x, y, w, h. We apply L1 loss for
the distances and generalized loU (GloU) loss [257] for the recovered 2D bounding box following
DETR [24], denoted as L,,,,», and L., respectively.
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3D Location (x3p, ysp, 23p). We directly output the 3D coordinate (z3p, ysp, 23p) of each query.
Following [373], Huber loss is adopted to describe the penalty in location estimation: given predicted

3D translation ¢t = [x3p, Y3p, z3p| and ground truth t, the 3D location loss is

Le—0)'/A  if|t—i] < A,

£loc(ta tA) = ~ 1 .
}t — t‘ — 3A  otherwise,

5.7
where the hyper-parameter A controls the range of outliers.

3D Dimension and Orientation. We predict the residuals to the mean shape values for 3D sizes
and divide the heading angle into multiple bins with residuals and adopt MultiBin loss [43, 401] to
optimize the prediction of orientation. The two losses are respectively denoted as Lg;,,, and L,,.;.
Bipartite Matching. To correctly match each query with a ground-truth object, we calculate the loss
for each query-label pair and utilize the Hungarian algorithm to find the globally optimal matching.
For each pair, we integrate the losses of five attributes into two groups. The first group contains the
object category and the 2D size. The second group consists of 3D location, size, and orientation,
which are 3D spatial attributes of the object. We respectively sum the losses of two groups and
denote them as L5 and L3p. With the help of depth positional encoding as well as depth deNoise
queries to stabilize the training, the network predicts reasonable 3D attributes even at the beginning
of the training. Thus, we utilize both £5p and L3p as the matching cost during matching each

query-label pair.

5.1.4 Two-Stage Training Mechanism and Loss

We realize that better performance of region-level monocular 3D detection needs better dense depth
prediction/initialization which in turn requires a global-level semantic understanding of the image.
Though these two kinds of tasks seem different, they are both inherently similar and require the
fusion of vision and depth modalities. Therefore, sharing as many parameters as possible between
the models used for these two tasks can be beneficial. Here, we propose a two-stage training
paradigm, where we first train the models with global-level objectives and then perform further

training with region-level goals. In this way, the coarse-grained supervision from the first stage can



60

Table 5.1: Performance of the car category on KITTI 7est and Val sets. We use bold numbers to
highlight the best results and use blue-colored numbers for the second-best outcome.

AP;p@I0U=0.7, Test | APgpy @IoU=0.7, Test | AP;p@IoU=0.7, Val

Method Extra data

Easy Mod. Hard | Easy Mod. Hard Easy Mod. Hard
SMOKE [188] 14.03 9.76  7.84 |20.83 1449 1275 14.76  12.85 11.50
MonoPair [43] 13.04 999 8.65 |19.28 14.83 12.89 | 16.28 12.30 10.42
RTM3D [168] 13.61 10.09 8.18 - - - 1947 1629 15.57
PGD [315] 19.05 11.76 939 |26.89 16.51 1349 | 1927 13.23 10.65
IAFA [394] 17.81 12.01 10.61 | 25.88 17.88 15.35 18.95 1496 14.84
MonoDLE [208] None 1723 1226 1029 | 2479 18.89 16.00 | 17.45 13.66 11.68
MonoRCNN [275] 18.36  12.65 10.03 | 2548 18.11 14.10 | 16.61 13.19 10.65
MonoGeo [385] 18.85 13.81 11.52 | 25.86 1899 16.19 | 1845 14.48 12.87
MonoFlex [386] 19.94 13.89 12.07 | 28.23 19.75 16.89 | 23.64 17.51 14.83
GUPNet [195] 20.11 1420 11.77 - - - 2276 16.46 13.72

Kinematic3D [17] Multi-frames | 19.07 12.72  9.17 |26.69 17.52 13.10 19.76 14.10 10.47

MonoRUn [30] 19.65 1230 10.58 | 27.94 17.34 15.24 | 20.02 14.65 12.61
LiDAR
CaDDN [249] 19.17 1341 1146 | 2794 1891 17.19 | 23.57 1631 13.84
AutoShape [190] CAD 2247 14.17 11.36 | 30.66 20.08 15.59 | 20.09 14.65 12.07
PatchNet [205] 15.68 11.12 10.17 | 2297 16.86 14.97 - - -
DA4LCN [60] 16.65 11.72 951 | 2251 16.02 12.55 - - -
DDMP-3D [311] Depth 19.71 12778 9.80 | 28.08 17.89 13.44 - - -
MonoDTR [122] 2199 1539 1273 | 28.59 20.38 17.14 | 2452 18.57 15.51
DD-3D w. 15M [231] 23.19 16.87 14.36 | 32.35 2341 2042 | 30.89 2392 21.10

Mono3DCFT (Ours) Depth 24.69 16.82 14.13 | 33.62 2230 1890 | 29.63 22.01 16.96

provide good initialization for the second stage for all the shared parameters.

1st-stage Coarse-grained Training. In the 1s7-stage of training, only the fusion-in-the-backbone
transformer encoder is adopted. We use per-pixel depth predictions and pixels that have valid

ground-truth dense depth. The o4 and a4, in the gating cross-attention fusion block separately
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denote the cross-modal interactions for visual-to-depth and depth-to-visual. The a9, is set to 0
(switched-off) in the first stage while we keep the a9, learnable (switched-on), as indicated in the
green arrow in Figure 5.2. The entire fusion-in-the-backbone encoder is trained on the whole dense
depth map to better learn the high-level semantic representation of the image, so the overall loss for
stage one is just the categorical depth focal loss L1 = Lp,,,, -

2nd-stage Fine-grained Training. After the encoder is trained in 1sz-stage, the depth-guided
transformer decoder can be directly concatenated to the encoder, with few changes to the encoder
architecture. This enables the sharing of as many parameters as possible between the two stages
while avoiding introducing extra computational cost and inaccurate depth priors from off-the-shelf
depth estimators [318, 365]. We switch on the interactions and set «,54, and a4, learnable, thus
better representations to fuse the geometric and appearance information can be learned through
the coupling. Unlike the 1s¢ stage trained on the whole depth map, the 2nd stage is trained on
foreground depth and supervised only by object-wise depth labels. After query-label matching,
we obtain [V, valid pairs out of NV queries, where Ny denotes the number of ground-truth objects.

Then, the overall loss in the 2nd fine-grained stage is formulated as,

Z

t

(Lap + L3p) + Lpob;, (5.8)

1

1
Long = — -
TN,

3
Il

where L py; represents the loss of the predicted categorical foreground depth.
5.2 Experiments

5.2.1 Datasets and Implementation

Datasets.

KITTI-3D. The KITTI-3D detection benchmark [91] consists of urban driving scenes with 8
object classes. The benchmark evaluates 3D detection accuracy on three classes (Car, Pedestrian,
and Cyclist) using two average precision (AP) metrics computed with class-specific thresholds on
intersection-over-union (IoU) of 3D bounding boxes or Bird-Eye-View (2D) bounding boxes. We

refer to these metrics as 3D AP and BEV AP. We use the revised APIR40 metrics. The training
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Figure 5.4: The above figure represents the qualitative results on KITTI val set. Our predictions are
shown in red 3D boxes, while ground truths are represented by green 3D boxes. LiDAR signals are
only used for visualization. It can be best viewed in color with zoom-in.

set consists of 7481 images, and the test set consists of 7518 images. The objects in the test set
are organized into three partitions according to their difficulty level (easy, moderate, hard), and are
evaluated separately. We follow the common practice of splitting the training set into 3712 and
3769 images and report validation results on the latter. We refer to these splits as KITTI-3D train
and KITTI-3D val.

KITTI-Depth. We use the KITTI-Depth dataset to perform the 1sz-stage training. It contains
over 93 thousand depth maps associated with the images in the KITTI raw dataset. The standard
monocular depth protocol is to use the Eigen splits. However, as described in [276], up to a third of
its training images overlap with KITTI-3D images, leading to biased results for models. To avoid
this bias, we follow [231] to generate a new split by removing geographically close training images
(i.e., within 50m) to any of the KITTI-3D images. We denote this split by Eigen-clean and use it to
fine-tune the depth predictor of our model.

Implementation Details. As mentioned in Section 5.1, we utilize a Swin-Tiny [187] for our visual
encoder in the fusion-in-the-backbone encoder. We follow the same practice in [381] and build upon
it to use 3 Transformer decoder blocks and 8 heads for all attention modules in the depth-guided
decoder. For the depth denoising, we add uniform noise to depth and set the noise hyper-parameters

as 0.2 and 0.1 as in [164] and use 5 depth denoising groups in total. We set the number of depth
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queries N as 50. The A in the £, is set to 1.6m. We use the AdamW optimizer with weight decay
of 1 x 10~* and train our model on 1 Nvidia V100 GPU. The batch size is set to 8, and the initial
learning rate is 1 x 10~*. We train our model with 50 epochs in the 1s¢-stage coarse-grained training
on the dense depth map. In the 2nd-stage fine-grained training, we drop LR at 65 and 90 epochs by

a factor of 0.1.

5.2.2 Main Results

Result on the KITTI fest set. As shown in Table 5.1, we report our results of Car category
on KITTI fest set. The proposed method obtains 4.58/2.62/2.36 improvements in AP;p at IoU
threshold 0.7, surpassing the best method GUPNet[195] which has no extra data assisted. This
indicates the limitations of the purely image-based methods and strengthens the importance of depth
cues. More importantly, compared with the methods with extra depth data, such as DD3D, our
proposed method still gets comparable performance. DD3D (current SOTA) takes advantage of
extra 15M additional proprietary depth data, while our approach achieves on-par performance with
only much smaller amount of in-domain KITTI-Depth data.

MonoDTR[122] also applies transformers to fuse the depth features with additional depth
supervision to benefit the detection performance. However, our Mono3DCFT outperforms it on
all AP;p metrics (with 2.70/1.43/1.40 improvements on Easy/Mod./Hard), by introducing a better
feature fusion encoder with contextual depth priors inherently from the coarse-stage training, and
several careful designs on object-wise depth in the decoder for the fine-grained training. Overall,
our Mono3DCFT achieves superior results over previous methods across all settings under fair
conditions and demonstrates its simplicity and effectiveness for monocular 3D object detection. The
performance of the Pedestrian and Cyclists categories on the KITTI test set at 0.5 IoU threshold is
also provided in the supplementary material.

Result on the KITTI val set. We conduct experiments of Car category on KITTI val set, also as
listed in Table 5.1. Our approach achieves better performance over several image-only and depth-
assisted methods. Specifically, our method outperforms the transformer-based MonoDTR[122] by

a huge gap with 5.11/3.44/1.45 improvements on A P;p at IoU threshold 0.7. Also, note that our
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method shows better performance consistency between the validation set and the test set, when
compared to DD3D[231]. This indicates that our method has better generalization ability, which is
of great significance in autonomous/assisted driving.

Qualitative Results. We provide the qualitative results on the KITTI validation set in Figure 5.4.
To clearly show the object’s position in the 3D world space, we also visualize the LiDAR point
clouds. It can be observed that our model produces remarkably accurate 3D bounding boxes for the

cases at a reasonable distance. More qualitative results are included in the supplementary material.
5.3 Ablation Study

Effectiveness of the 1st stage Coarse-grained Training. In Table 5.2, we conduct an ablation
study to analyze the effectiveness of the 1st stage coarse-grained training on KITTI val set. We fix
the model to be trained with Lp,; for the 2nd stage fine-grained training since the losses make
more sense when dealing with region-level attributes. The first row indicates the model without
the 1sz-stage training for the encoder and directly performs the monocular 3D object detection
using the whole Mono3DCFT architecture, which has already achieved comparable performance
with MonoDTR[122]. Furthermore, if the fusion encoder is pre-trained under the 1st stage but
is only supervised by foreground object-wise depth, the detection performance is better than the
model without 1sz stage training. The best result is obtained by using £p,,q, during the 1st stage
training. This demonstrates that the depth cues are much better learned and become more contextual
when training with global-level depth information, which also provides a good initialization for
the latter fine-grained 3D detection. In addition, we also provide the final column for depth (23p)
root-mean-squared-error (RMSE). It can be seen from Table 5.2, depth estimation can well-benefit
from our proposed training method.

Fusion-in-the-backbone Encoder. In Table 5.3, we first explore using different attention mecha-
nisms for the proposed depth encoder. By comparing the first row and second row, using the vanilla
self-attention achieves slightly lower performance than the channel + spatial attention. The main
reason of using channel + spatial attention instead of self-attention in our depth encoder is due to

its computational efficiency and fewer epochs needed for 1s7 stage training. It is also worthy of
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AP3;p@IoU=0.7
w. lst stage L pmap! £ Dobj Depth RMSE
Easy Mod. Hard
X - 25.16 18.53 14.46 1.41
v Lop; 28.83 20.49 15.07 1.33
v Linap 29.63 22.01 16.96 1.09

Table 5.2: Effectiveness of the 1st stage coarse-grained training. £p,,.,/Lp,; indicates whether
the encoder is trained on the whole depth map or foreground object-wise depth.

Settings AP;p@IoU=0.7
Attn. Mechanism Gating « Easy Mod. Hard
Vanilla Self-Attn. Single 27.18 20.86 18.14
Channel + Spatial Attn. Single 27.85 20.78 18.31
Channel + Spatial Attn. Dual 29.63 22.01 16.96

Table 5.3: Fusion-in-the-backbone Encoder. We explore different attention mechanisms and
switch on/off gating cross-attention.

mentioning that this attention mechanism is reasonable for multi-scale features to capture global
depth information. Besides, during the 2nd stage training, we also try to use different interactions in
gating cross-attention fusion blocks. Switching from a single interaction (v2d) to dual interactions
(v2d & d2v) gives us more performance gain (1.231 in Mod. between Row 2 and Row 3), which
shows that both depth and visual information are important and need to be jointly incorporated to

achieve higher performance.

Depth-guided Decoder. We investigate the depth-guided decoder in two aspects, (i) the posi-
tional encodings, and (ii) the depth deNoising queries (shown in Table 5.4). Compared with many
commonly used positional encodings, including depth positional encodings (DPE)[381], absolute
positional encoding (APE)[64], sinusoidal positional encoding[306], and without positional encod-

ing (No PE), Mono3DCFT can achieve the best performance with DPE, echoing the findings in
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Settings AP3;p@IoU=0.7
DeNoise Queries Positional Enc. Easy Mod. Hard
X No PE 28.90 21.21 16.70
X Sinusoidal[306] 28.69 21.10 16.53
X APE[64] 29.02 21.15 16.74
X DPE[381] 29.47 2142 16.83
Sinusoidal[306] 29.45 21.33 16.71
DPE 29.63 22.01 16.96

Table 5.4: Depth-guided Decoder. We compare difference position encoding mechanisms and add
depth denoising queries.

previous literatures[122, 381]. Interestingly, the model without the positional encoding outperforms
the one with sinusoidal encoding. We believe that encoding the depth-aware cues is more effective

for learning the positional representations of 3D tasks than pixel-level encodings.

Furthermore, in Table 5.4, we add the depth denoising queries to further boost the detection
performance, especially, a 0.59 improvement on Mod. and a 0.13 improvement on Hard. This shows
that adding depth deNoising queries indeed helps the object queries to learn more accurate depth to
the object of focus. This is the first time that this kind of denoising approach has been used for 3D

cases.

Bipartite Matching. We explore different combinations of discrete loss as the matching cost for
each query-label pair. As reported in Table 5.5, besides Lo that is commonly used in [24] to predict
the 2D bounding boxes and object categories, we append more 3D losses into the matching cost.
We find the best solution is to utilize both Lsp and L3p into the matching cost. This is also contrary
to the findings from [381], where they also append 3D losses into the matching cost but lead to
ill-posed problems and even cause training failure. We claim the training stability is improved by
two takeaways: a) the 1st-stage training gives better depth priors for 3D monocular object detection.

2) adding the depth denoising queries makes the training consistency optimization goals for decoder



67

APs;p@IoU=0.7

Matching Cost

Easy Mod. Hard
Lop 27.98 21.16 15.91
Lop w. Lop; 26.23 19.60 15.74
Lop w. Lioe 28.44 21.58 16.62
Lop w. Liim 27.12 21.04 16.70
Lop w. L3p 29.63 22.01 16.96

Table 5.5: Bipartite Matching. We set different losses Lop and L3 as the matching cost of each
query-label pair.

queries.
5.4 Summary

In this chapter, we propose an innovative transformer-based monocular 3D object detection frame-
work with an effective two-stage training mechanism. The proposed framework can capture better
scene-level depth cues through the st stage of coarse-grained training, which can later be adapted
to region-level attributes understanding in the 2nd stage of fine-grained training. Besides, the
proposed fusion-in-the-backbone encoder and depth-guided decoder are well-designed for parame-
ter sharing and avoid inaccurate depth priors. Extensive experiments and analyses on the KITTI
dataset have demonstrated the effectiveness of our approach. Future work will investigate scaling
our transformer-based model with extra depth data to learn even better depth representations, as
well as integrating the framework with multi-object tracking methods for 3D autonomous driving

applications.
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Chapter 6

CONCLUSIONS

Detecting safety-critical objects in urban scenes using a single monocular camera in both 2D
and 3D space is extremely challenging due to scale variability, occlusion, and depth ambiguity.
The need to detect such objects in an accurate and efficient manner is growing in importance as
urban autonomous driving applications and technology continue to develop rapidly. Specifically,
monocular camera-based object detection methodology remains the most cost-effective and is

therefore widespread among the available sensors (LiDAR, Radar, and stereo cameras).

Throughout this dissertation, we have proposed and demonstrated the effectiveness of various
monocular object detection techniques while keeping both accuracy and efficiency in mind. We
apply this goal firstly to LOCNet (Ch. 3) and propose a monocular vision-based autonomous driving
framework to perform 3D detection, tracking, and localization by effectively integrating all three
tasks in a complementary manner. Our LOCNet and FES-based single frame optimization provide
accurate localization results, which are further refined with the help of the 3D TrackletNet Tracker
to eventually achieve performance comparable to LiDAR-based localization methods. Moreover,
in Ch. 4, we propose a joint framework (JMV3D) that can effectively associate moving objects
over time and estimate their 3D localization information as well as segmentation masks from a
sequence of 2D images so as to compensate for the individual drawbacks of each component. We
further extend the existing Localization Network (LOCNet) to become Localization for Tracking
Network (Loc4Trk-Net). spatial Attention (SA) Neck is added to highlight the foreground (target of
interest) and suppress the background with the help of mask segmentation so that more concentrated
appearance features can be obtained. Besides, one additional embedding head is introduced to
train discriminative feature embeddings to leverage deep pairwise contrastive learning and identify

objects in various poses and viewpoints with appearance cues. In Ch. 5, we further address the
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problem for monocular 3D object detection by neglecting image-level understanding of depth and
semantics. To address this, we present the Mono3DCFT to use transformer-based architecture
with an effective two-stage training strategy. The proposed framework can capture better scene-
level depth cues through the st stage of coarse-grained training, which can later be adapted to
region-level attributes understanding in the 2nd stage of fine-grained training. Besides, the proposed
fusion-in-the-backbone encoder and depth-guided decoder are well-designed for parameter sharing
and avoid inaccurate depth priors.

As a whole, extensive experiments and ablations have demonstrated the effectiveness of all the
approaches in this thesis. Future work will investigate scaling our transformer-based model with
extra depth data to learn even better depth representations, as well as integrating the framework with

multi-object tracking methods for 3D autonomous driving applications.
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