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MonoGRNet: A General Framework for
Monocular 3D Object Detection

Zengyi Qin, Jinglu Wang and Yan Lu

Abstract—Detecting and localizing objects in the real 3D space, which plays a crucial role in scene understanding, is particularly
challenging given only a monocular image due to the geometric information loss during imagery projection. We propose MonoGRNet
for the amodal 3D object detection from a monocular image via geometric reasoning in both the observed 2D projection and the
unobserved depth dimension. MonoGRNet decomposes the monocular 3D object detection task into four sub-tasks including 2D object
detection, instance-level depth estimation, projected 3D center estimation and local corner regression. The task decomposition
significantly facilitates the monocular 3D object detection, allowing the target 3D bounding boxes to be efficiently predicted in a single
forward pass, without using object proposals, post-processing or the computationally expensive pixel-level depth estimation utilized by
previous methods. In addition, MonoGRNet flexibly adapts to both fully and weakly supervised learning, which improves the feasibility
of our framework in diverse settings. Experiments are conducted on KITTI, Cityscapes and MS COCO datasets. Results demonstrate

the promising performance of our framework in various scenarios.

Index Terms—3D object detection, monocular, weakly supervised learning.

1 INTRODUCTION

Crucial task in scene understanding is 3D object detec-
Ation, which aims to predict the amodal 3D bounding
boxes of objects from input sensory data such as LiDAR
point clouds and images. Compared to LiDAR based [1],
[2], [3] and multi-view based [4], [5], [6] 3D object de-
tectors, monocular image-based methods [7], [8], [9], [10],
[11], [12], 131, [14], [15], [16], [17] only take a single-view
RGB image as input in inference, which means they have
lower requirement on sensors and are less expensive in real-
world implementation. If achieving satisfactory detection
performance, they can become an important module in
mobile robot perception. It would be more attractive if the
monocular 3D detection can be learned without 3D labels,
which require intensive labors. However, monocular 3D
object detection is an ill-posed problem due to the depth
information loss in 2D image planes, let alone the challenges
when 3D annotations are not offered.

To accurately detect and localize the objects in 3D us-
ing a monocular image, recent approaches [10], [11], [12],
[18] have been proposed to first predict the pixel-level
depth and convert the monocular image to 3D point cloud
representations, then apply the well-developed LiDAR or
multi-view based 3D object detectors to the point cloud.
These methods with hybrid structures can achieve impres-
sive detection accuracy, but also have inevitable limitations.
They introduce additional expensive computational cost for
predicting high-resolution depth maps from images, making
them hardly feasible in mobile platforms where the energy
and computing resource are limited. Furthermore, pixel-
level depth estimation does not aim at predicting depth
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of objects of targeting classes but all pixels in the whole
images. The uncertainty in irrelevant or unreliable pixels
could bring precision loss into the final 3D object detection.
Apart from the pixel-level depth based approaches, there
is another stream of methods [9], [14], [19], [20], [21] that
first predict the sparse 2D representations such as keypoints
and 2D bounding boxes, then utilize optimization to fit a
3D bounding box, which can be very efficient. However,
when the object is truncated by the image boundaries, the
sparse 2D representations are partly missing, which impose
significant challenges to fitting the 3D bounding box. In light
of this, we will not rely on post-processing in our object de-
tection framework. In addition, we hope that our framework
can be free of object proposals to reduce the computational
burden and improve the simplicity and generality.

In this paper, we present MonoGRNet, a general frame-
work for learning Monocular 3D object detection by
Geometric Reasoning. Taking a monocular RGB image as
input, MonoGRNet predicts the 3D bounding boxes of ob-
jects in a single forward pass and can be implemented in a
straightforward way. The proposed framework decouples
the 3D object detection task into four progressive sub-
tasks that are easy to solve using a monocular image. The
four sub-tasks are 2D object detection, instance-level depth
estimation, projected 3D center estimation and local corner
regression, which are solved in parallel in the proposed
unified network shown in Figure 1. The network starts from
2D perception and then extends the geometric reasoning
into 3D space. The instance-level depth estimation is crucial
for bridging the 2D-to-3D gap, which is different from
the computationally expensive pixel-level depth estimation
utilized by many previous methods. Instance-level depth
is defined as the depth of the 3D bounding box center,
which can be interpreted as the depth of an object. Using the
predicted instance-level depth, we backproject the estimated
projected 3D center from the 2D image plane to 3D space to
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Fig. 1: Network structure. Our monocular 3D object detector consists of four sub-networks for 2D detection ( ),

instance-level depth estimation (

), projected 3D center estimation (blue) and local corner regression (

). The

output of the four sub-networks are combined to produce the 3D bounding boxes, which are refined to give the final
outputs. Best viewed in color. It should be noticed that this overview figure only shows the inference stage. The training is
achieved via either fully (see Section 4.3) or weakly (see Section 4.4) supervised learning.

obtain the 3D center location of the object. At the same time,
the local corner regression provides the coordinates of the
eight corners of the 3D bounding box with respect to its 3D
center.

The proposed framework is general for variable learn-
ing schemes since sub-tasks are decoupled loosely. It can
be extended from fully supervised learning to a weakly
supervised learning scenario, where the ground truth 3D
bounding boxes are not available in training but we have
the ground truth 2D bounding boxes instead. Labeling 2D
bounding boxes saves much labor compared to labeling 3D
bounding boxes based on the investigation [22]. This helps
to improve the feasibility and efficiency of applying monoc-
ular 3D object detectors to various scenarios. In addition,
widely used 3D shape datasets, such as PASCAL3D+ [23]
and ShapeNet [24], and their corresponding images make
it easy to learn view angles of centered objects in a local
extent. We present a geometric-guided method to learn the
3D location from labeled 2D bounding boxes and unlabeled
frames, as well as an object-centric transfer learning method
to learn the local corner regression with easily accessible
3D shape datasets. As we will see, the task decomposition
that we propose is a crucial enabler of the flexible exten-
sion to weakly supervised learning of monocualr 3D object
detection. The network structure and loss functions mostly
remain unchanged in such an extension.

Our experiments are conducted in three public datasets,
including KITTI [25], CiteScapes [26] and MS COCO [27].
Notice that CiteScapes [26] and MS COCO [27] do not
provide ground truth 3D bounding boxes. Most of the
existing 3D object detectors require full supervision, so these
two datasets have not gained attention of the 3D object
detection community. Our quantitative results on KITTI [25]
and qualitative results on all the three datasets demonstrate
the promising performance of the proposed framework and
its strong generalization capability to diverse training and
testing scenarios. In summary, our contributions are:

e We propose to decompose the monocular 3D object
detection task into four sub-tasks including 2D ob-

ject detection, instance-level depth estimation, pro-
jected 3D center estimation and local corner regres-
sion. Such formulation frees the detector from object
proposals and computationally expensive pixel-level
dense depth estimation used by previous methods.

o We propose a unified network to efficiently solve the
four sub-tasks in parallel, which can be trained in
an end-to-end fashion. We also present a method to
train the network using ground truth 2D bounding
boxes and easily accessible additional data when the
ground truth 3D bounding boxes are unavailable.

e We conduct comprehensive experiments on the
KITTI [25], Cityscapes [26] and MS COCO [27]
datasets, demonstrating the advantage of the pro-
posed framework in diverse scenarios. We also con-
duct ablation studies to examine the effectiveness of
the crucial components in our framework.

A preliminary version of our MonoGRNet has been pub-
lished [7] and gained attention. In this manuscript, we make
the following improvement. 1) We simplify the structure
of MonoGRNet to emphasize the most important concepts
that we propose, and at the same time the quantitative
performance is improved. 2) We extend the framework from
fully supervised to weakly supervised learning, and present
an effective method to train the network using ground truth
2D bounding boxes and easily accessible additional data
when the ground truth 3D bounding boxes are not available
during training. 3) We provide extensive quantitative and
qualitative experimental results to show the performance
of our framework in different settings and examine the
effectiveness of the key modules in ablation studies.

2 RELATED WORK
2.1 2D Object Detection

2D object detection deep networks are extensively studied.
Region proposal based methods [28], [29] generate impres-
sive results but perform slowly due to complex multi-stage



pipelines. Another group of methods [30], [31], [32], [33] fo-
cusing on fast training and inferencing apply a single stage
detection. Multi-net [34] introduces an encoder-decoder ar-
chitecture for real-time semantic reasoning. Its detection
decoder combines the fast regression in Yolo [30] with the
size-adjusting RoiAlign of Mask-RCNN [35], achieving a
satisfied speed-accuracy ratio. All these methods predict 2D
bounding boxes of objects while none 3D geometric features
are considered.

2.2 3D object detection

Existing methods range from single-view RGB [8], [16], [36],
[37], multi-view RGB [4], [38], to RGB-D [5], [39], [40]. When
geometric information of the depth dimension is provided,
the 3D detection task is much easier. MV3D [4] generates
3D object proposals from bird’s eye view maps given LIDAR
point clouds, and then fuses features in RGB images, LIDAR
front views and bird’s eye views to predict 3D boxes.
AVOD [6] fuses the RGB and LiDAR information in the
region proposal stage to reduce the missed detections. Given
RGB-D data, F-PointNet [5] extrudes 2D region proposals
to a 3D viewing frustum and then segments out the point
cloud of interest object. Recently proposed state-of-the-art
3D object detectors include STD [41], Part-A"2 Net [42] and
UberATG-MMF [43].

The most related approaches to ours are using a monoc-
ular RGB image. Information loss in the depth dimension
significantly increases the task’s difficulty. Performances of
state-of-the-art such methods still have large margins to
RGB-D and multi-view methods. Mono3D [44] leverages
segmentation mask and contextual information to gener-
ate 3D object proposals. Mono3D++ [17] exploits pseudo
3D keypoints and shapes prior to localizing objects in 3D
by minimizing matching loss. [6] combines monocular 3D
detection with tracking in autonomous scenarios. MonoGR-
Net [7] proposes instance-level depth estimation to extend
the 2D perception to 3D reasoning without reluctant in-
termediate representations. MonoPSR [15] leverages shape
reconstruction from monocular images to facilitate 3D de-
tection. Another line of research [10], [11] uses monocular
images to generate pseudo point cloud, which is passed
to existing point cloud based 3D detectors. Nevertheless,
since extensive 3D labels are difficult to obtain in practice,
the fully supervised methods have limitations in real-world
applications.

2.3 Monocular Depth Estimation.

Pixel-level depth estimation networks [11], [45], [46] have
been proposed. However, when regressing the pixel-level
depth, the loss function takes into account every pixel in the
depth map and treats them without significant difference.
In a common practice, the loss values from each pixel are
summed up as a whole to be optimized. Nevertheless, there
is a likelihood that the pixels lying in an object are much
fewer than those lying in the background, and thus the
low average error does not indicate the depth values are
accurate in pixels contained in an object. In addition, dense
depths are often estimated from disparity maps that may
produce large errors at far regions, which may downgrade
the 3D localization performance drastically. Different from
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the pixel-level depth estimation methods, we propose an
instance-level depth estimation (IDE) network that predicts
the 3D center depth of objects. IDE does not require the
densely labeled pixel-level depth for training and avoids
the computationally expensive pixel-level monocular depth
estimation in testing.

Instance-level depth has been studied in [47], [48], [49].
In [47], the depths of objects are regressed via a single fully
convolutional neural network. In [48], the instance depth
ordering is jointly learned with instance segmentation. In
[49], the authors proposed a self-supervised method to
learn instance depth from video sequences. To the best of
our knowledge, our MonoGRNet is the first to introduce
instance-level depth estimation in the context of monocular
3D object detection. The instance-level depth enables the
back-projection from 2D to 3D to obtain the 3D center
locations of targeted objects.

2.4 Weakly supervised object detection

Most existing studies focus on 2D object detection, while
weakly supervised 3D detection has not been extensively
explored. [50] starts by inferring the geometric structure
implied in low-level and middle-level features to describe
the objects of interest, then learns from high-level features
by iterative training to detect objects in 2D. [51] trains
the detection network by iteratively selecting a subset of
bounding boxes that are the most reliable. ACol [52] utilizes
the output heatmaps for complementary learning. [53] trains
the weakly supervised localization network first on easy
examples and then on hard ones. [54] localizes objects by
clustering. Different from these previous studies on 2D
detection, we aim at bridging the gap between weakly
supervised learning and 3D object detection.

2.5 Transfer learning on object detection

One popular usage of transfer learning in object detection is
model parameter initialization, where the networks trained
on large-scale image recognition datasets are used as CNN
backbones in object detectors [55], [56], [57], [58], [59]. Lim et
al. proposed to borrow examples from existing classes to
learn to detect objects from unseen classes [60]. Lampert et
al. propose to use high-level attributes to detect object
classes, making it easier to transfer to unseen classes [61].
Tang et al. incorporate the visual and semantic similarities
of objects in the transferring process. An important step in
transfer learning is narrowing the gap between the source
and the target dataset. Previous work has focused on do-
main adaptation [62], [63], [64] at an image level, while
we take a different route by ignoring the background and
targeting at the object level, saving consideration on the gap
between the source and target datasets in terms of the object
sizes and background scenes in transfer learning.

3 PROBLEM STATEMENT

Given a monocular RGB image, the objective is to detect and
localize objects of specific classes in the 3D space. A target
object is represented by a class label and a 3D bounding box,
which bounds the complete object regardless of occlusion
or truncation. A 3D bounding box Bsp is defined by a 3D
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Fig. 2: Notations. (a) illustrates the relationship between the
camera coordinate system and the local coordinate system
from the bird’s eye view. (b) shows the 3D bounding box
corners defined in the local coordinate system.

center C = (X, Y., Z.) in global context and eight corners
O = {0y}, k = 1,...,8, related to local context. Figure 2
shows the notations. The 3D location C is defined in the
camera coordinate frame and the local corners O are in a
local coordinate frame whose origin is C. It is clear that
S%_, Oy = 0 due to symmetry.

Fully supervised learning of monocular 3D object detec-
tion means the fully annotated 3D bounding boxes B3p are
provided for all objects of interest in the dataset. For weakly
supervised learning, we assume the ground truth Bsp is
inaccessible throughout training, while the ground truth 2D
bounding boxes Bz p are available. The Byp provides much
weaker supervision than Bsp, since the 3D information is
almost lost. It should be noticed that previous work [50],
[51], [52], [53], [54] on weakly supervised object detectors
focused on learning from image classification labels to pre-
dict the Byp, while we assume that we already have the
labeled Bsp and focus on learning to predict Bsp. It is
not impossible to learn from image-level classification labels
rather than Bsp to predict Bsp, but that is beyond the scope
of this paper.

4 METHOD

We propose MonoGRNet, a general framework for monocu-
lar 3D object detection. MonoGRNet takes a monocular im-
age as input and outputs the 3D bounding boxes of objects
in a single forward pass, and is free of the object proposal
stage and the computationally expensive pixel-level depth
prediction. The framework adapts to both fully supervised
and weakly supervised learning. Since directly predicting
3D bounding boxes from a 2D monocular image could be
difficult due to the dimension reduction, we propose to
decompose the task into four progressive sub-tasks that are
easier to solve using a monocular image, even when the
ground truth 3D bounding boxes are not available. The sub-
tasks are (1) 2D object detection, (2) instance-level depth
estimation, (3) projected 3D center estimation and (4) local
corner regression. The 3D bounding box prediction result
can be directly derived by combining the output of the four
sub-tasks. In this section, we first describe the four sub-tasks
and the network structure, then detail the learning process
in fully and weakly supervised scenarios.
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Fig. 3: Instance-level depth. (a) Each grid cell g is assigned
to a nearest object within a distance 04cope to the 2D bbox
center b;. Objects closer to the camera are assigned to handle
occlusion. Here Z! < Z2. (b) An image with detected 2D
bounding boxes. (c) Predicted instance depth for each cell.

4.1 Task Decomposition

The 3D bounding box B3p is the final goal of prediction.
Before predicting the Bsp of an object on the image, the
network should be aware of the presence of the object.
Therefore, the first task is 2D object detection, which aims
to predict the 2D bounding box Bap of the object and its
class. Bop = (wap, hap,up, vp) where (wap, hop) indicates
the size of Byp and (us, vp) represents the center of Bap on
the image plane.

As is stated in Section 3, Bsp is parameterized by a 3D
center C = (X.,Y., Z;) in camera coordinates and eight
corners O = {Oy}, k =1, ..., 8, defined in local coordinates.
It can be difficult to directly regress C of an object from the
image features because the image itself does not have ex-
plicit depth information. Recent works [10], [11] propose to
first predict the depth of each pixel of the monocular image
in order to convert the image to point cloud representations,
which are fed to a point cloud based 3D object detector. The
pixel-level depth prediction demands considerable compu-
tation resource, limiting its feasibility in diverse application
scenarios such as mobile robot platforms. Moreover, the
final prediction of 3D object detection is instance-level rather
than pixel-level. The uncertainty in irrelevant background
pixels could hamper the prediction accuracy. In light of
this, we propose the instance-level depth estimation as the
second task, which aims to predict the depth Z, of the 3D
center C of the 3D bounding box. Examples of the predicted
instance-level depths are illustrated in Figure 3 (c). The third
task is projected 3D center estimation, which will bring
us closer to obtaining C = (X,, Y., Z.). The projected 3D
center is a 2D point ¢ = (uc, v.) defined as the projection of
C on image. X, and Y, can be derived by:

XC = (Uc*pu)*Zc/fu, }/(' == (vcfpv>*Zc/f1) (1)

where f, and f, are the focal length along X and Y axes,
Dy and p,, are coordinates of the principle point. These are
a part of the intrinsic parameters of the camera and can be
easily obtained when the camera is calibrated. Equation 1
can be interpreted as back-projecting ¢ from 2D to 3D using
Z. and the camera parameters. We have demonstrated how
to predict C by estimating Z. and c. ¢ is a 2D point on the
image plane, so regressing c is much easier than regressing
X.and Y,.

The fourth task is local corner regression, which aims to
estimate the eight corners O = {Oy}, k = 1, ..., 8 of the 3D



bounding box Bsp in a local coordinate system described
in Section 3 and Figure 2. To summarize, the first task gives
Bsp and the object class, the second and third tasks give C,
and the forth task gives 0. C and O completely parame-
terize the Bsp, which is the final output. Due to the well-
decomposed task, our framework can also be extended from
fully supervised learning to weakly supervised learning,
which will be detailed in Section 4.4.

4.2 Network Structure

We design a unified end-to-end network to efficiently solve
the four sub-tasks in parallel, which is illustrated in Figure 1.
The network takes a monocular image as input and outputs
a set of B3p corresponding to the objects on the image. The
four sub-tasks share the same backbone and only differ in
head layers, which enable feature reuse and improve the
inference efficiency. Compared to previous monocular 3D
object detectors [10], [11], [15], [16], the proposed network
does not require the dense pixel-level depth prediction,
instance segmentation or ground plane estimation, and is
free of extensive object proposals [29].

The input image is divided into an S, x S, grid G,
where a cell is indicated by g. The image is passed to a fully
convolutional backbone network, whose output feature map
is also of size S, x S,, followed by the head layers of the
sub-tasks. The head layers do not down-sample the feature
maps, so the resolution remains .S;, X S,. Each pixel in the
feature map corresponds to a cell in the image grid, and
will predict the nearest object on image. A single pixel in
the head layer feature maps, namely a grid cell, can have
multiple channels to regress multiple values.

In the 2D object detection branch, each grid cell g
outputs the object classification probability P® and the 2D
bounding box B, = (w5, h§,, uf, vy), indicated by the
superscript g. We use softmax activation for P® and no
activation for BS,, in the last layer. The regression target for
(w§p, hSp) is itself, while the regression target for (uf,v5)
is (A% A8 ) = (uf — ugy,v§ — vy), which is the residuals
between the the central location of BS,, and g = (ug, vg).

In the instance-level depth estimation branch, each grid
cell g regresses a Z&. In the projected 3D center estimation
branch, each grid cell predicts a ¢& = (ug,v8). The regres-
sion target is the residuals (A§ , A% ) = (u& — ugy,v8 —vy).
In the local corner regression branch, for each grid cell, we
use the RolAlign [35] to crop the features bounded by BS,,
from the feature maps produced by the backbone network.
Then the features are passed to fully connected layers to
regresses eight 3D corners 0% = {O%},k = 1,...,8. The last
layers for the three tasks are without an activation function.

The 3D center C8 is easily calculated from Equation 1
using Z8 and c8. C8 and Of% defines a 3D bounding box
predicted at grid cell g. Finally, we project the 3D box onto
the image plane, obtain a 2D box and use RolAlign [35]
to extract features bounded by the 2D box from the feature
maps of the backbone network. Then we pass the features to
fully connected layers to regress AC® and AO¥ to refine the
prediction. C& + AC8 and O% + AO%,k = 1, ..., 8 represent
the refined 3D bounding box, which is the final output of
grid cell g. Note that the 3D bounding box refinement is
a complementary stage and is not contained in the four
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fundamental sub-tasks. For a single image, the network
gives S, x S, 3D bounding boxes Bsp in total. The final
prediction of the network is obtained by applying non-
maximum suppression to the B3 p.

4.3 Fully Supervised Learning

In fully supervised learning, the ground truth Bsp is pro-
vided, and the corresponding By p is obtained by projecting
the Bsp to the 2D image plane. Here we formally formulate
the loss functions of the sub-task under fully supervision. In
this subsection, to distinguish between the network predic-
tion and ground truth, the ground truth is modified by the
(+) symbol in the loss functions.

We start from assigning ground truth to each cell g in
the S, x S, grid. A ground truth object is assigned to a cell
g if the distance between the 2D bounding box and g is less
than ogcope. If a g is assigned to multiple objects, we only
choose the object with the smallest instance-level depth Z..
In a frame, some g does not have any ground truth because
they are too far from the objects. These g are considered as
background, while the remaining is foreground. We use FG
to denote the set of foreground g.

The classification output is trained using softmax cross
entropy (C'E) loss and the 2D bounding box regression is
trained by L1 distance loss:

Lp=Y_ CE(P® P®)

geg
Lp,p = Z (Jw§p — W§p| +|h5p — hip|
geFG
+|Af, — A%, [+ [AF, — AfD) 2

The instance-depth estimation, projected 3D center estima-
tion and local corner regression are trained with L1 loss:

Ly, =) |z58- 78| €)
geFG
Lo= ) (JAB — A= |+|A8 —Af)) @
geFG
8 ~
Lo= Y)Y |0Of - 0% ®)
geFG k=1

The 3D bounding box refinement is trained with L1 loss:

Lac= ) |ACE—(C&—C8) (6)
geFG
8 A~
Lao= ) > |AOf - (Of - 0F) @)
geFG k=1

Finally, we sum up the losses to produce the final loss
function to be minimized.

4.4 Weakly Supervised Learning

In weakly supervised learning, we consider the scenario
where the training set provides 2D bounding boxes instead
of 3D bounding boxes, as is stated in Section 3. We also
assume that 3D data such as point clouds or depth maps are
not available in neither training nor testing. As the ground
truth 2D bounding boxes are provided, we use the same loss
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Fig. 4: Geometry-guided learning of 3D location. (a) illus-
trates the projective geometry based on which we calculate
Z. as a pseudo ground truth of Z. to supervise the instance-
level depth estimation. (b) shows the motion of the same
object across neighbouring frames, where its acceleration
should be no greater than a certain threshold. This accel-
eration constraint is imposed onto the network predictions
to increase the 3D object localization performance.

functions to train the 2D object detection branch as is in Sec-
tion 4.3. The main challenge is to learn the remaining three
tasks. For instance-level depth estimation and projected 3D
center estimation, we propose the geometry-guided learning
method, which makes full use of the projective geometry to
guide the learning process using 2D bounding boxes and
unlabeled frames. For local corner regression, we propose
the object-centric transfer learning method that can effec-
tively transfer the knowledge from another easily accessible
dataset to the target object detector to facilitate the learning
process.

4.4.1 Geometry-Guided Learning of 3D Location

We consider the second and third tasks, instance-level depth
estimation and projected 3D center estimation. Their goal
is to obtain the 3D location C. Using ground truth 2D
bounding boxes as supervision, we propose to leverage the
projective geometry and unlabeled frames to learn the two
tasks. Denote the prior height of the object as hap and the
camera focal length along the v-axis as f,. Since we have
the height hap of the ground lruth Bsyp, we can calculate
a rough instance-level depth Z. = va - hsp / hep that is
illustrated in Figure 4 (a). We regard Z. as a pseudo ground
truth Z. and use it to replace Z, in Equation 3 to train the
network. We remove the subscript g for simplicity. Also, we
regard ¢ = (up, vp), the center of the ground truth Bzp, as a
pseudo ground truth to calculate the regression targets A$_
and A% in Equation 4 to train the network. Given that the
pseudo ground truth is only a rough approximation, we will
refine the network predictions soon.

A rough 3D location C can be calculated from the esti-
mated Z. and c of the grid cell using Equation 1. Then we re-
fine this prediction by regressing AC = (AX,,AY,, AZ,),
so that AC + C is closer to the real 3D location. Since the
3D ground truth is absent, we propose to utilize the first-
order approximation of AC to train the network. Here we
assume we already have the local corners O and will explain
how to obtain O in Section 4.4.2. A coarse 3D bounding box
Bsp can be determined by C and O. By projecting Bsp to
the image, we obtain a projected 2D bounding box, then we
subtract it from the ground truth 2D bounding box to get
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ABsp = (Awap, Ahep, Au,, Avy). The approximated AC
is formulated as:

~ 0X. Y. 07,
AC = ( ab, Ab,, a—vabv, %AhQD) 8)
where the partial derivatives are:
0X., 0X. Z. 0Y. 0Y. Z.
Oy~ Oe Lo b, Bey T
0Z. _ 0Z. _ _fu-hsp o)
Ohep  Ohap h3p

In Equation 6 we replace (C% — C2) with AC to train the
network. The previous method Deep3DBox [9] minimizes
the re-projection discrepancy to obtain 3D locations, but
it regards the optimization as post-processing and has to
predict the 2D bounding boxes before calculating the 3D
bounding boxes in inference. Our approach uses the 2D
bounding boxes to endow the network with the ability of
3D location estimation directly from image inputs, which
means the pipeline can predict the 3D bounding boxes in an
end-to-end fashion.

If neighbouring image frames, such as video data, are
available, we can impose another regularization based on a
real-world kinematics prior that the acceleration of objects
should be limited to a certain threshold. Figure 4 (b) shows
the motion of an object across frames. We formulate this
acceleration constraint as:

K
Z Z clip(|a®| — aq, 0, Ba)

Lo, =
k=1neFNy
k 'lei - ’Urli—&-l k EFG‘k,n [C} - EFGk,n+1 [C]
= ——"-, U, = (10)
tn, — tn_;,_l tn — tn-‘rl

where FIN}, is the set of indices of the frames in which object
k is present, FGy, ,, refers to the set of foreground cells of
object k in the n'" frame, a® and v¥ are the instantaneous
acceleration and velocity of the object relative to the camera,
t,, indicates the corresponding time. The gradient from £,
back-propagates to Z. and c through C. £, equals to zero
if |a”| is less than the threshold a,. 3, is to clip the loss
to avoid instability. We choose o, = 0.3 and 3, = 3.0 by
grid search. We do not need the ground truth 2D bounding
boxes in frame 2,3,--- , N, since the foreground region in
these frames are estimated using the bounding boxes in the
first frame and the inter-frame optical flow that is obtained
using the off-the-shelf PWC-Net [065]. Note that motion
consistency is employed in training, while a single image
is enough in inference.

Note that the geometric-guided learning of 3D location
detailed above requires the prior size (or at least the prior
height) of the object and the camera intrinsics, including
the principle point (p,, p,) and focal lengths (f,, f,). Each
type of objects is assigned a prior size that equals to the
average size of that type of objects. In terms of the camera
parameters, since (p,, py) is always very close to the image
center, when the camera intrinsics are unknown such as in
MS COCO [27] dataset, the principle point is set to be the
image center. For (fy, f,), we set f, to be 0.8 times the
image width and f, = f,, which is also adopted by [66].
If the users can provide an accurate size (height denoted as
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Fig. 5: Object-centric transfer learning for local corner es-
timation. The blue part and green part are the abstraction of
the student and teacher networks respectively. The student
network is our monocular 3D object detector. This figure
shows how the local corner regression branch is learned
using easily accessible additional data that is denoted by
the source dataset. The teacher network serves as a media
transferring knowledge from the source to the target dataset,
saving the arduous annotation on the target dataset. The
teacher network only deals with local regions with objects
of interest, rather than taking the whole image as input.

ilg p) of the object and the real focal length fv of the camera,
then they can multiply the predicted instance-level depth by
constant h3 D fu/hsp fu to obtain a more accurate prediction.

4.4.2 Object-Centric Transfer Learning

We consider the fourth task, local corner regression. The
ground truth corners Oy, are not contained in the labeled
Bsp and should be learned by introducing another source of
knowledge. Note that the corners can be computed from the
size and orientation of the Bsp. For simplicity, we use the
prior size of each class of objects, so the unknown param-
eters are reduced to the orientation. It is noticed that there
are many easily accessible datasets (e.g., PASCAL3D+ [23]
and ShapeNet [24]) annotated with object view angles. We
present an object-centric transfer learning method (see Fig-
ure 5) to use the additional data to train the local corner
regression branch, which saves labor-intensive annotation
on new datasets. We use PASCAL3D+ [23] as an example
source dataset. It should be noted that only the ground
truth view angle is required, which means the source dataset
needs not to be annotated with the complete 6-DoF poses as
is in PASCAL3D+ [23].

The first step is training a teacher network on the source
dataset [23] using its ground truth view angle. The teacher
regresses the cosine and sine values of the view angle. Full
annotations of 6-DoF poses are not required. The most criti-
cal operation is cropping out the objects and scaling them to
a fixed size (we use 64 x 64) before feeding to the network.
In this way, we eliminate the interference of background

40
°® @ MonoGRNet (F)
351 ® MonoGRNet (W)
a @® MF3D (F)
? 301 ) ® FQNet (F)
Mono3D (F)
3 251 ®
Q ([ ™)
8 204 °
151
10 T .
102 103

Running Time / ms

Fig. 6: Efficiency comparison. The inference time of our
method MonoGRNet (E/W) is 0.06s on a single Geforce GTX
Titan X GPU on KITTI [25] dataset. F and W denote fully and
weakly supervised respectively.

distributions and object sizes, making each instance scale-
invariant. The 2D bounding boxes are obtained via off-the-
shelf object detectors [29] if they are not labeled.

The second step is transferring the knowledge to our
monocular 3D object detector. Using the ground truth 2D
bounding box, we crop out the objects and scale them to the
same size that the teacher is trained. The teacher predicts
the view angle of each object online. Using the annotated
2D bounding box Bap = (wap,hep,us, up) and camera
intrinsics, we convert the view angle to orientation. In our
setting, only the orientation on the ground plane is consid-
ered. Let ¢ be the view angle around the axis perpendicular
to the ground plane, the orientation 6 can be analytically
calculated as 0 = ¢ — arctan(**—2), where u, is the
horizontal principal point and f, is the horizontal focal
length of the calibrated monocular camera. Then we use the
orientation and the prior size to compute the approximated
ground truth Oy to supervise the targeted 3D detector. We
replace O,, with 0) % in Equation 5 to train the network.

5 EXPERIMENT

Different from most of the previous studies on 3D object
detection, our evaluation is not limited to datasets that offer
ground truth 3D bounding boxes for training. In addition
to the popular KITTI [25] dataset, we also experiment on
the challenging Cityscapes [26] and MS COCO [27] dataset
where the 3D bounding boxes are not provided. We evalu-
ate both our fully supervised MonoGRNet (F) and weakly
supervised version MonoGRNet (W).

5.1 Implementation.

The whole framework is implemented using Python [67]
and Tensorflow [68]. We employ VGG16 [69] pretrained on
ImageNet [70] as the backbone network in MonoGRNet. We
remove the original fully connected layers in VGG16 [69]
to obtain a fully convolutional backbone. For hyperparam-
eters, we choose S, x S, = 39 x 12, which is the size of
the grid G, or namely, the feature map resolution of the
head layers. The whole network is trained using Adam [71]
optimizer for 40 epochs with a constant learning rate of
1075, L2 regularization is applied to model parameters at
a decay weight of 5 x 107>,
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Fig. 7: Qualitative results on KITTI. F and W are short for full and weak supervision. The predicted 3D bounding boxes
are shown in images and in the 3D space from an oblique view. The proposed method has satisfactory performance even
when the object is far away, occluded, in the shadows or exposed in strong light. 3D point clouds (in gray) are only for

referenced visualization.

5.2 AQualitative Results

Previous work could train 3D object detectors on KITTI [25]
but not on Cityscapes [26] and MS COCO [27], since the last
two do not offer labeled 3D bounding boxes. Our approach
is not limited by 3D labels and can handle all three datasets.

5.2.1 OnKITTI Dataset.

The detection results in various scenarios are shown in Fig-
ure 7, including the residential areas and the highways, with
objects at short and long distances. The detector is robust
enough to corner cases including strong light, shadows,

truncation and occlusion. This robustness is crucial in practi-
cal use. Comparing to the fully supervised MonoGRNet (F),
the weakly supervised MonoGRNet (W) exhibits promising
qualitative performance.

5.2.2 On MS COCO Dataset.

MS COCO [27] dataset contains a wide variety of objects.
Both the indoor and outdoor scenes are included. Although
MS COCO does not provide ground truth 3D bounding
boxes, the proposed method is not subject to this limi-
tation and can learn from the 2D bounding box labels.
The dataset does not offer the camera parameters, which



Fig. 8: Qualitative results on MS COCO. Our approach demonstrates potentials in general 3D object detection from a
monocular image. We use our weakly supervised MonoGRNet (W) on MS COCO, which does not provide ground truth
3D bounding boxes to train the fully supervised MonoGRNet (F).

Fig. 9: Qualitative results on Cityscapes. The experiment was conducted using MonoGRNet (W).

cannot be simply estimated given a single RGB image. But
fortunately our method only need a relative focal length,
and thus we use an empirical camera configuration in the
experiment. We do not apply the motion consistency loss
since the neighbouring frames are inaccessible. We only test
MonoGRNet (W) since the ground truth is not available
for training MonoGRNet (F). The visualization results are
presented in Figure 8. This experiment shows the potentials
of our method on general 3D object detection at low cost,
i.e., based on cheap cameras can be deployed in various
scenarios.

5.2.3 On Cityscapes Dataset.

We test our MonoGRNet (W) on Cityscapes [26] dataset
without using any label on Cityscapes [26] in training.
We first train a Faster-RCNN [29] 2D object detector on
the KITTI dataset and directly apply it to Cityscapes to
obtain 2D bounding boxes, then our network learns 3D
bounding boxes using the detected 2D bounding boxes
using our weakly supervised method. The proposed method
exhibits stable performance as is shown in Figure 9. This
experiment demonstrates that we do not necessarily require
manually labeled 2D bounding boxes when transferring to
new datasets.
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Fig. 10: Recall-precision curve of 3D and BEV object detection on KITTI val set. F and W are short for full and weak
supervision. The 3D IoU threshold is 0.3. Although MonoGRNet (W) is learned from the weak supervision of 2D bounding
boxes, it exhibits promising performance compared to methods with full supervision from 3D bounding boxes.

5.3 Quantitative Results

The quantitative experiments are conducted on the KITTI
dataset but not on the Cityscapes and MS COCO where
the ground truth 3D bounding boxes are not provided
for quantitative evaluation. The evaluation criteria include
the commonly used 3D average precision APsp, the bird’s
eye view (BEV) average precision APgpy and the average
orientation similarity AOS. AP3;p measures the intersection
of union (IoU) between the ground truth 3D bounding box
and the predicted one. If the IoU is greater than a given
threshold, the ground truth is successfully recalled. A higher
IoU threshold means the ground truth is more difficult to
recall. Different from APs;p, APpgy ignores the vertical
dimension, measuring the IoU from the bird’s eye view.
AOS measures the average orientation similarity between
the predicted 3D bounding boxes and the ground truth. The
calculation of AOS is similar to that of average precision
and more details can be found in Section 2.5 of [25]. All
the three criteria have been widely accepted [4], [38] in the
assessment of 3D object detectors. We follow the publicly
available train-val split [4], [38] on KITTI [25] 3D object
detection dataset.

5.3.1 Comparison to Fully Supervised Methods

To the best of our knowledge, this is a pioneering work uni-
fying the fully and weakly supervised learning of monocu-
lar 3D object detection. Most of the published work [7], [9],
[44] only use fully annotated 3D bounding boxes as super-
vision. Figure 6 compares the speed and average precision,
showing that MonoGRNet (F) requires the least computa-
tional time while achieving promising average precision.

The weakly supervised MonoGRNet (W) even demonstrates
similar average precision with the recent full supervised
method FQNet [72]. Figure 10 and Table 1 and Table 2
compare the AP;p and APggy. Figure 12 illustrates the lo-
calization error with respect to distances. It is shown that we
have promising performance compared to these approaches.
Even though there is still a gap between the weakly and
fully supervised methods, we believe the potentially large
amount of weakly labeled data can further narrow the
performance gap. In addition, 3D labels for large-scale real
datasets are difficult to obtain in practice, and our method
has the potentials to be an alternative approach to saving the
annotation cost and promote the feasibility of monocular 3D
object detection in future applications.

In Table 4, we also compare to the most recent state-of-
the-art fully supervised methods [11], [15], [73]. Although
these methods demonstrate better AP3;p than the fully
supervised MonoGRNet, our results are noteworthy due to
three facts. First, these methods [11], [15], [73] on monocular
3D object detection utilize the 3D LiDAR point clouds as
a powerful supervision to learn dense 3D reconstructions
that improve the detection performance, while MonoGRNet
targets at a more general scenario where we do not assume
the existence of point clouds or dense depth data in any
part of the training phase. In fact, a very large proportion
of monocular images in the real world are acquired without
3D point clouds. Second, the computational cost and time
consumption of these methods [11], [15], [73] are much
more than our MonoGRNet. It is reported that the 3D
reconstruction module [74] used by [73] takes ~500 ms for
each frame during inference, but MonoGRNet only requires



Fig. 11: Recall-precision curve of 3D object localization on KITTI val set. F and W are short for full and weak supervision.
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weak supervision. MonoGRNet (F/W) demonstrates a robust localization performance.

~60ms under the same GPU configuration. Third, one of
the main contributions of this paper is that we unified

fully supervised and weakly supervised monocular object
detection in a single framework, which can flexibly adapt to
various scenarios no matter whether the fully annotated 3D
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bounding boxes are available in training. To the best of our
knowledge, this work is the first that achieves this.
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TABLE 1: Average precision of 3D object detection on KITTI val set compared to previous fully supervised methods. A
ground truth object is successfully recalled if the 3D intersection of union (IoU) between its true 3D bounding box and the
predicted box is no less than a certain threshold. Recalling an object in 3D is much more difficult than in 2D image given
the extensive searching space and the lack of 3D data.

Method - AP3p (IoU=0.1) AP3p (IoU=0.2) AP;3p (IoU=0.3) AP3p (IoU=0.5) AP3p (IoU=0.7)
Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard
Mono3D [44] Full 5471 43.67 39.59 | 41.21 3340 2889 | 2829 2321 1949 | 2519 1820 1522 | 2.53 231 231
Deep3DBox [] Full 8257 69.74 6086 | 69.97 56.62 4859 | 5430 4342 36.57 | 27.04 2055 15.88 | 5.85 4.10 3.84
ME3D [36] Full - - - - - - - - - 47.88 2948 2644 | 1053 5.69 5.39
FQNet [72] Full - - - - - - - - - 28.16 21.02 1991 | 598 5.50 4.75
ROI-10D [75] Full - - - - - - - - - 3759 2514 2183 | 691 6.63 6.29
MonoGRNet (F) Full 88.10 76.89 67.76 | 8218 64.54 55.63 | 73.66 61.74 47.75 | 43.66 36.20 30.22 | 13.88 10.19 7.62
MonoGRNet (W) | Weak || 80.70 6442 5542 | 69.60 53.70 4545 | 56.16 42.61 3536 | 25.66 21.57 17.40 | 6.92 5.63 4.89

TABLE 2: Average precision of bird’s eye view (BEV) object detection on KITTI val set compared to previous fully
supervised methods. A ground truth object is successfully recalled if the BEV intersection of union (IoU) between its true
3D bounding box and the predicted box is no less than a certain threshold.

Method Sp APgry (IoU=0.1) APgey (I0U=0.2) APggy (IoU=0.3) APggy ((IoU=0.5) APpey ((10U=0.7)
Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard | Easy ‘ Mod. ‘ Hard
Mono3D [44] Full || 5547 4425 40.14 | 4626 3522 3423 | 3276 2515 23.65 | 3050 2239 19.16 | 522 519 413
Deep3DBox [9] Full || 8429 7040 6149 | 7127 5888 49.92 | 57.14 4720 39.06 | 30.17 2377 1884 | 999 771 530
ME3D [36] Full - - - - - - - - - 55.02 36.73 3127 | 2203 13.63 11.60
FQNet [72] Full - - - - - - - - - 3257 2460 2125 | 950 802 771
ROI-10D [75] Full - - - - - - - - - 46.85 34.05 3046 | 1450 991 873
MonoGRNet (F) | Full || 88.22 77.09 6791 | 83.27 6513 56.18 | 74.92 63.22 54.65 | 52.52 39.98 33.14 | 24.97 1944 16.30
MonoGRNet (W) | Weak || 81.12 64.76 5576 | 71.38 60.11 46.27 | 58.61 4875 4149 | 3223 26.88 2247 | 1254 9.67 825

TABLE 3: Average precision of 3D and bird’s eye view (BEV) object detection on KITTI val set compared to weakly
supervised baselines. BA and OC are short for background-aware and object-centric respectively. MinProjErr denotes
the baseline method derived from [9] to recover 3D location as described in Section 5.3.2. GeoGL indicates the proposed
geometry-guided learning of 3D location.

Method APsp / APggy (IoU=0.3) APsp / APggy (IoU=0.5)
Orientation ‘ 3D Location Easy Moderate ‘ Hard Easy Moderate ‘ Hard
BA x 2 MinProjErr 37.67 / 42.80 28.50 / 35.69 23.60 / 29.99 15.38 / 18.63 13.19 / 15.70 11.41 / 14.80
BA x 1 MinProjErr 39.30 / 43.92 29.80 / 36.39 24.40 / 30.53 16.81 / 21.47 14.10 / 18.38 11.78 / 15.16
BA x 2 GeoGL (Ours) 50.10 / 54.31 39.16 / 41.24 32.57 / 34.35 2235/ 28.13 18.72 / 21.65 15.85 / 17.45
BA x 1 GeoGL (Ours) 54.44 / 57.36 41.40 / 47.59 34.39 / 35.77 25.03 / 31.15 20.85 / 25.97 17.10 / 21.37
OC (Ours) GeoGL (Ours) 56.16 / 58.61 42.61 / 48.75 35.36 / 41.49 25.66 / 32.23 21.57 / 26.88 17.40 / 22.47

TABLE 4: Comparison to fully supervised methods in-
volving LiDAR or only monocular information during
training. The numbers are reported on KITTI val set.

TABLE 5: Average orientation similarity on KITTI val set.
The three approaches use GeoGL to predict the 3D location.
The only difference is how they learn object orientations.

. Data AP3p (IoU=0.5)
Method Time -

Train ‘ Eval Easy ‘ Mod. ‘ Hard
P-LiDAR [11] >0.5s | LIDAR+Mono Mono || 663 423 38.5
MonoPSR [15] 0.2s | LiDAR+Mono Mono || 49.65 41.71 29.95
Ma et al. [73] > 0.5s | LIDAR+Mono Mono || 68.86 49.19 4224
FQNet [72] >04s Mono Mono || 28.16 21.02 1991
MonoGRNet (F) 0.06 s Mono Mono || 43.66 3620 30.22

AOS (IoU=0.3) AOS (IoU=0.5)
Method
Easy ‘ Moderate ‘ Hard | Easy ‘ Moderate ‘ Hard
BA x 2 64.23 62.86 4996 | 64.14 56.93 49.85
BA x 1 83.58 80.54 64.13 | 83.56 73.09 63.97
OC (Ours) || 90.00 88.78 70.89 | 89.94 80.31 70.76

5.3.2 Comparison to Weakly Supervised Baselines

We also examine our approach by comparing to weakly
supervised baselines. As no weakly supervised monocular
3D object detector has been published, we borrowed ideas

from previous transfer learning methods [76] and state-
of-the-art monocular 3D object detectors [7], [9] to con-
struct baseline approaches that only require annotated 2D
bounding boxes in training. In our object-centric transfer
learning of orientation, the background is mostly ignored,
and the teacher network mainly focuses on the object itself.



TABLE 6: Ablation study on loss functions for weakly
supervised method on KITTI wval set. The loss functions
are crucial in learning the 3D location of objects using their
ground truth 2D bounding boxes and the motion consis-
tency across unlabeled frames

Loss Configuration APs;p (IoU=0.3)
Lz, Lo Lac Lq || Easy ‘ Moderate ‘ Hard
38.28 28.56 24.13
v 44.50 32.33 29.10
v v 52.72 40.59 33.71
v v v 54.21 41.19 34.19
v v v v 56.16 42.61 35.36

Previous work [76] on transfer learning usually takes the
whole image as input, making image-level transfer learning.
Other work [77] on 3D object detection also leverages the
background information around the objects to improve the
detection performance. In the baseline methods, we enlarge
the 2D bounding boxes before cropping the image as is
shown in Figure 5, allowing more background into the
crop. The baselines for orientation prediction are named
Background-Aware (BA) x ), where the height and width
of the 2D bounding boxes are both enlarged A + 1 times,
i.e., the original Bap = (wap, hap, by, by) is expanded to
Bop = [(A+ 1)wap, (A + 1)hap, by, by]. Bap is truncated
by the image boundaries. As A becomes larger, the baseline
is increasingly similar to methods feeding the whole image
as input.

In our geometry-guided learning of 3D location, the
network learns from the 3D-to-2D projective geomet-
ric constrain and the motion consistency. Inspired by
Deep3DBox [9], we develop another baseline method to
obtain the 3D location from the 2D bounding box. First, we
detect the 2D bounding boxes on image. Then, we find the
corresponding 3D bounding box locations by minimizing
their projection error with the associated 2D boxes. This
baseline approach to recovering the 3D location is denoted
as MinProjErr in our experiments. Results are shown in Ta-
ble 3 and Table 5. It is clear that our geometry-guided learn-
ing method can bring significant performance improvement
in all the listed criteria. The object-centric transfer learning
performs better than the background-aware counterparts.

Recently, the work [78], [79] proposed self-supervised
methods to learn a dense monocular depth predictor. The
absolute relative error (AbsRel) achieved by these methods
are 0.07m for [78] and 0.11m for [79], while the AbsRel of
our weakly supervised instance-level depth estimation is
only 0.05m. Besides, the dense pixel-level depth predicted
by these methods is the the depth of object surfaces, while
the instance depth predicted by our MonoGRNet is the 3D
center depth of an object. The latter can be directed used to
compute the 3D center coordinates of the targeted objects
via Equation 1, but the former requires additional steps that
could bring extra computational cost.

5.3.3 Ablation Study on Loss Functions

The loss functions proposed in Section 4.4.1 are crucial in
supervising the 3D location using labeled 2D bounding
boxes. In order to examine the effectiveness of the loss
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functions, we experiment with different loss configurations
and present the results in Table 6. If none of L, , L.
or Lac is applied, we obtain C by minimizing the re-
projection error. It is shown that £z, and L. can bring
a considerable performance gain, while Lac can further
refine the prediction.

6 CONCLUSION

We have presented the MonoGRNet framework for 3D ob-
ject detection from monocular images. MonoGRNet decom-
poses the monocular 3D object detection task into four sub-
tasks, which are 2D object detection, instance-level depth
estimation, projected 3D center estimation and local corner
regression. The task decomposition allows the 3D bounding
boxes to be predicted in a single forward pass without
the object-proposal stage or the computationally expensive
pixel-level depth prediction. We also demonstrate that the
framework can flexibly adapt to both fully and weakly
supervised learning without changing the network structure
or most of the loss functions. Extensive experiments are
conducted on three public datasets, KITTI, Cityscapes and
MS COCO. Although the last two does not offer ground
truth 3D bounding boxes, our framework is still trainable
in such a setting. Qualitative and quantitative results have
shown the promising performance of our method in diverse
scenarios.
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