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Abstract

Monocular 3D object detection is valuable for various
applications such as robotics and AR/VR. Existing meth-
ods are confined to closed-set settings, where the training
and testing sets consist of the same scenes and/or object
categories. However, real-world applications often intro-
duce new environments and novel object categories, pos-
ing a challenge to these methods. In this paper, we ad-
dress monocular 3D object detection in an open-set setting
and introduce the first end-to-end 3D Monocular Open-
set Object Detector (3D-MOOD). We propose to lift the
open-set 2D detection into 3D space through our designed
3D bounding box head, enabling end-to-end joint train-
ing for both 2D and 3D tasks to yield better overall per-
formance. We condition the object queries with geom-
etry prior and overcome the generalization for 3D esti-
mation across diverse scenes. To further improve per-
formance, we design the canonical image space for more
efficient cross-dataset training. We evaluate 3D-MOOD
on both closed-set settings (Omni3D) and open-set set-
tings (Omni3D — Argoverse 2, ScanNet), and achieve new
state-of-the-art results. Code and models are available at
royyang0714.github.io/3D-MOOD.

1. Introduction

Monocular 3D object detection (3DOD) aims to recognize
and localize objects in 3D space from a single 2D image
by estimating their 3D positions, dimensions, and orienta-
tions. Unlike stereo or LiDAR-based methods, monocular
3DOD relies solely on visual cues, making it significantly
more challenging yet cost-effective for robotics and AR/VR
applications [10, 16, 35, 51, 62].

While many methods [22, 28, 43,47, 49, 53, 60] focus on
improving 3DOD performance in specific domains, Cube
R-CNN [4] and Uni-MODE [23] build unified models on
the cross-dataset benchmark Omni3D [4], which consoli-
dates six diverse 3D detection datasets [1, 2, 5, 14, 42, 46].
These advancements have driven the evolution of 3DOD
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Figure 1. Open-set Monocular 3D Object Detection. Unlike
previous methods focusing on achieving good results in the closed-
set setting, we aim to resolve the open-set monocular 3D object
detection problem. This challenge requires the model to classify
arbitrary objects while precisely localizing them in unseen scenes.

from specialized models to more unified frameworks. How-
ever, as shown in Fig. 1, most existing methods, including
the unified models, operate under an ideal assumption: the
training set and testing set share identical scenes and object
categories. This limits their generalizability in real-world
applications for not being able to detect novel objects in
unseen domains. This challenge motivates us fo explore
monocular open-set 3D object detection, further pushing
the boundaries of existing 3DOD methods.

The first step towards the open-set monocular 3DOD is
identifying the fundamental obstacles underlying this task.
Our key observations are as follows: 1) Cross-modality
learning is crucial to breaking the limitation of closed vo-
cabulary for novel class classification [40]. However, 3D
data lacks rich visual-language pairs, making it significantly
more challenging to learn modality alignment and achieve
satisfactory open-set results. 2) Robust depth estimation
is essential for monocular 3DOD to generalize well across
different scenes compared to LiDAR-based methods [54].
However, monocular depth estimation particularly in novel
scenes, is inherently challenging for existing methods.
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Figure 2. 3D-MOOD. We propose an end-to-end 3D monocular open-set object detector that takes a monocular image and the language
prompts of the interested objects as input and classifies and localizes the 3D objects in the scenes. Our design will transform the input
image and camera intrinsics into the proposed canonical image space and achieve the open-set ability for diverse scenes.

open-set benchmarks, the performance is limited because
the pipeline can not be e2e trained with 3D data. On the
contrary, our method is designed to estimate the differen-
tiable lifting parameters of the open-set 2D detection with
geometry prior. Thus, it can be supervised in the e2e man-
ner while also no longer constrained by the closed-set clas-
sification. Furthermore, to address open-set regression in
3D, we use the canonical image space to better train 3D
detectors across datasets. With our proposed components,
3D-MOOD outperforms these prior works on both closed-
set and open-set benchmarks.

3. Method

We aim to propose the first e2e open-set monocular 3D ob-
ject detector that can be generalized to different scenes and
object classes. We first discuss the problem setup in Sec. 3.1
to define the goal of monocular open-set 3D object detec-
tion. Then, we introduce the overall pipeline of our pro-
posed open-set monocular 3D object detector, 3D-MOOD,
in Sec. 3.2. We illustrate our 3D bounding box head de-
sign in Sec. 3.3 and introduce the proposed canonical image
space for training monocular 3DOD models across datasets
in Sec. 3.4. In Sec. 3.5, we introduce the metric monocular
auxiliary depth head, which enhances 3D-MOOD by pro-
viding a more comprehensive understanding of the global
scene. Finally, in Sec. 3.6, we illustrate the proposed
geometry-aware 3D query generation, designed to improve
generalization in both closed-set and open-set settings.

3.1. Problem Setup

The goal of 3D monocular open-set object detection is to
detect any objects in any image, giving a language prompt
for the objects of interest. To achieve this, one needs to
extend the concept of open-set beyond the distinction of
seen (base) and unseen (novel) classes within the same
dataset [58]: We follow the manner of G-DINO [27] that

trains the model on other datasets but tests on COCO, which
contains base and novel classes in unseen domains. In this
work, we aim to extend this research direction to 3DOD.
Thus, our main focus is on how to train the open-set detec-
tors using the largest and most diverse pre-training data to
date, i.e. Omni3D, and achieve good performance on un-
seen datasets, e.g. Argoverse 2 and ScanNet.

3.2. Overall Architecture

As shown in Fig. 2, we address the monocular open-set
3DOD by lifting the open-set 2D detection. Formally, we
estimate 2D bounding boxes D,p from an input image I
and language prompts T, and lift them as 3D orientated
bounding boxes Dsp in the corresponding camera coordi-
nate frame with the object classes C. A 2D box is de-
fined as bop = [&1,%1, &2, J2], where bop € Dyp in the
pixel coordinate. A 3D bounding box is defined as bip =
2,4, 2,4,1, h, R], where bsp € Dap. [Z,7, 2] stands for
the 3D location in the camera coordinates, [, I, iL] stands
for the object’s dimensions as width, length, and height, and
P is the rotation matrix R € SO(3) of the object.

We choose G-DINO [27] as our 2D open-set object de-
tector for its early visual-language features fusion design.
On top of it, we build 3D-MOOD with the proposed 3D
bounding box head, canonical image space, and geometry-
aware 3D query generation module for end-to-end open-
set 3D object detection. We use an image encoder [30] to
extract image features qfimag. from I and use a text back-
bone [9] from T to extract text features qx. Then, fol-
lowing detection transformer architectures [6, 59, 64], we
Pass Qimage and qex; to the transformer [48] encoder with
early visual-language features fusion [21]. The image
and text features will be used in the proposed language-
guided query selection to generate encoder detection results
D$ and bounding box queries q); for the decoder. For
each cross-modality transformer decoder layer TrD;, it uses
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a text cross-attention CAL, and an image cross-attention
CAjpage to combine gy, with the multi-modality informa-

tion as:

qéd = CAfexl(SAi(qéd)ﬂ qtext)a

qéjirl = FFN’ (CAiimage(qéda Qimage));

6]

where ¢ starts from O to [ — 1 and FFN stands for feed-
forward neural network. Each layer bounding box queries
djy will be decoded as 2D bounding boxes prediction D,
by the 2D box head as D, = MLP3p(q,), where MLP
stands for Multi-Layer Perceptron. The object classes Care
estimated based on the similarity between g’ and the input
text embeddings.

3.3. 3D Bounding Box Head

Given the estimated 2D bounding boxes f)zD and the corre-
sponding object queries, our 3D bounding box head predict
the 3D properties of ]52]3 to lift it and get ]531) in the camera
coordinate frame.
3D Localization. To localize the 3D center of the 3D
bounding boxes in the camera coordinates, 3D-MOOQOD pre-
dicts the projected 3D center and the metric depth of the
3D center of the object as [4, 12, 17]. To be more specific,
we predict [i, 9] as the distance between the projected 3D
center and the center of the 2D detections. We lift the pro-
jected center to the camera coordinate with the given cam-
era intrinsic K and the estimated metric depth £ of the 3D
bounding boxes center. We estimate the scaled logarithmic
depth prediction from our 3D bounding box head noted as
d with depth scale sgepn. Thus, the metric depth will be
acquired as 2 = exp(d/sgeprs) during inference.
3D Object Dimensions. To estimate the universal 3D ob-
jects, we follow [12, 17] to directly predict dimensions in-
stead of using the pre-computed category prior as in [4].
Our bounding box head predicts the scaled logarithmic di-
mensions as [Sgim X In 0, In [ X Sdim, Inh x Sdim] as the output
space and can obtain the width, length, and height with ex-
ponential and divided by scale sqi, during inference.
3D Object Orientation. Unlike [12, 17], we follow [20] to
predict 6D parameterization of R, denoted ad rotg, instead
of only estimating yaw as autonomous driving scenes.
Following detection transformer (DETR) [6]-like archi-
tecture design, we use an MLP as the 3D bounding box head
to estimate the 12 dimension 3D properties from 2D object
queries qj, for each transformer decoder layer i. The 3D
detection D, for each layer is estimated by separate 3D
bounding box heads (MLPéD) as:

Djp = Lift(MLP3p(g5), Dop, K). 2
where Lift stands for we obtain the final 3D detections in
the camera coordinate by lifting the projected 3D center
with the estimated dimensions and rotation.
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Figure 3. Canonical Image Space. We compare the difference be-
tween different resizing and padding strategies. It is worth noting
that the same image will have the same camera intrinsic K despite
having very different image resolutions for previous methods.

3.4. Canonical Image Space

To train the model across datasets that contain images
with different resolutions from various datasets, previous
works [4, 23, 27] either resize the short or long edge to a
particular value, then use right and bottom padding to align
the image resolution of the training batches. However, as
shown in Fig. 3, previous methods will heavily pad zeros
when the training batches have very different resolutions
and won’t change the camera intrinsics. This wastes re-
sources for non-informative information but will also cause
the same camera intrinsic K but with different image res-
olutions between training and inference time while also
breaking the center projection assumption.

As illustrated in [55], the ambiguity among image, cam-
era intrinsic, and metric depth will confuse the depth esti-
mation model during training with multiple datasets. Thus,
we proposed the canonical space where the model can have
a unified observation for both training and testing time. We
use the fixed input image resolution [H. x W ] and resize
the input images and intrinsics so that the height or width
reaches H. or W, to keep the original input image ratio.
Then, we center pad the images to [H. x Hyy] with value 0
and pad the camera intrinsic accordingly. This alignment is
necessary for the model to learn the universal settings con-
sistent across training and test time, and we demonstrate the
effectiveness in closed-set and open-set experiments. We
show more details in the supplementary material.

3.5. Auxiliary Metric Depth Estimation

A significant challenge in monocular 3DOD is accurately
estimating object localization in 3D. 3D object localization
is directly tied to the localization in the image plane and
the object metric depth, making the metric depth estimation
sub-task crucial for 3DOD. Previous methods [26, 35, 53]



have emphasized the importance of incorporating an aux-
iliary depth estimation head to improve 3D localization.
However, achieving accurate depth localization becomes
more difficult when attempting to generalize depth estima-
tion across different datasets. Recent methods [37, 38, 55]
demonstrate the possibility of overcoming the universal
depth estimation by leveraging the camera information. As
Cube R-CNN [4] uses a similar approach as Metric3D [55]
to have virtual depth, we argue that conditioning depth fea-
tures on camera intrinsics yields a more robust solution.
This approach avoids being limited by variations in cam-
era models and enhances generalizability. To this end, we
design an auxiliary depth estimation head conditioned on
the camera information, as proposed in UniDepth [37, 39]
to achieve a generalizable monocular depth estimation.

In particular, our model architecture incorporates an ad-
ditional Feature Pyramid Network (FPN) [24] to extract
depth features F' from the image backbone [30]. We rescale
them to 1/16 of the input image height H and width W
and generate the depth features F¢, using a Transformer
block [48]. We condition F¢; using camera embeddings,
E, as described in [37]. We then upsample the depth
features to 1/8 of the input image height and width, i.e.
F¢|E to estimate the metric depth by a convolutional block.
We generate the scaled logarithmic depth prediction dran
with the same depth scale Sgepn as our 3D bounding box
head. Thus, the final metric depth Z7,;; will be acquired as

éfull = eXp(dAfull/sdepth)
3.6. Geometry-aware 3D Query Generation

To ensure the 3D bounding box estimation can be gener-
alized for diverse scenes, we propose a geometry-aware
3D query generation to condition the 2D object query qsq
with the learned geometry prior. First, we use the cam-
era embeddings E in our auxiliary depth head to make the
model aware of the scene-specific prior via a cross-attention
layer. Due to the sparsity of the 3D bounding box annota-
tions compared to the per-pixel depth supervision, we fur-
ther leverage the depth features F¢|E to condition the ob-
ject query. This allows us to align the metric depth predic-
tion and 3D bounding box estimation while leveraging the
learned depth estimation. Our full geometry-aware query
generation will generate the 3D box queries qsq as:
CA;

qu = FFNiam( cam( (qéd)7 E)),
q;d = FFN}iepth (CA?ieplh (SA?iepth (qu) ) Fg |E) ) .

We replace the 2D object queries in Eq. (2) with the gener-
ated 3D queries g}, for each decoder layer as

SAlum

3)

]jéD = Lift(MLPén(Q§d)v ﬁéD» K). 4

It is worth noting that we detach the gradient from the cross
attention between 3D query and depth features to stabilize
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the training. We validate our geometry-aware 3D query
generation in our ablation studies for both closed-set and
open-set settings. The results suggest that incorporating ge-
ometric priors enhances model convergence during closed-
set multi-dataset training and improves the robustness of 3D
bounding box estimation in real-world scenarios.

3.7. Training Loss

We train 3D-MOOD with 2D losses L,p, 3D losses Lsp,
and auxiliary depth loss Ljcsy, in conjugation. For 2D
losses, we follow MM G-DINO [61] and use L1 loss and
GlIoU [41] loss for the 2D bounding box regression and
contrastive between predicted objects and language tokens
for bounding box classification as GLIP [21]. For the 3D
losses, we use L1 loss to supervise each estimated 3D prop-
erties. We compute 2D and 3D losses for each transformer
decoder layer ¢ and obtain L3 and L% For auxiliary depth
estimation, we refer to each original dataset of Omni3D to
find the depth GT or using the projected LiDAR points or
structure-from-motion (SfM) [44, 45] points. We use Scale-
invariant log loss [11] as auxiliary depth loss Lje,, with
Adepth as loss weight for supervision. Finaly, we set the loss
weights for 2D and 3D detection to 1.0 and Agepm to 10 and

obtain the final loss L, as

l

Liina = Z(LéD + Lé])) + /\depthLﬁggth-
i=0

®)

4. Experiments

We first describe our implementation details for 3D-MOOD
and datasets in Sec. 4.1 and discuss the evaluation metrics
in Sec. 4.2. Then, we show the open-set, cross-domain, and
closed-set results in Sec. 4.3, Sec. 4.4, and Sec. 4.5, and an-
alyze the results of ablation studies in Sec. 4.6. We show
some qualitative results in Sec. 4.7 and more in the supple-
mentary material.

4.1. Implementation Details

Model. We use the Vis4D [56] as the framework to im-
plement 3D-MOQOD in PyTorch [36] and CUDA [33]. We
train the full model for 120 epochs with batch size of 128
and set the initial learning rate of 0.0004 following [61].
For the ablation studies, we train the model for 12 epochs
with batch size of 64. We choose 800 x 1333 as our canon-
ical image shape, as described in Sec. 3.4. During training,
we use random resize with scales between [0.75, 1.25] and
random horizontal flipping with a probability of 0.5 as data
augmentation. We decay the learning rate by a factor of 10
at epochs 8 and 11 for the 12 epoch setting and by 80 and
110 for the 120 epoch setting.

Closed-set Data. We use Omni3D [4] as training data,
which contains six popular monocular 3D object detection
datasets, i.e. KITTI [14], nuScenes [5], SUN RGB-D [46],









Table 4. Ablations of 3D-MOOD. CI denotes canonical image space, Depth denotes auxiliary depth estimation head, and GA stands
for geometry-aware 3D query generation. We report the IoU-based AP for the Omni3D test split and our ODS for the AV2 and ScanNet

validation split. AP$™ 4 is the average scores over Omni3D 6 datasets while ODS ™" 1 is the average for open-set datasets. The

results show that our proposed component help for both closed-set and open-set settings.

CI Depth GA | APKIt+ AP+ APJP 4 APSS 1 APUK4 AP 4  APG™Mi 4+ | ODS®21 ODS™™ 1  ODS°P" ¢
1 - - - 325 29.7 8.1 17.3 46.5 54.9 24.1 18.2 29.0 23.6
2 v - - 31.1 30.5 9.1 19.1 47.7 58.1 25.5 19.5 29.5 245
3 v v - 298 307 10.3 19.9 48.6 58.8 262 20.0 294 247
4 v v v 32.1 319 9.9 20.8 49.1 60.2 26.8 22.0 30.0 26.0

4.6. Ablation Studies

We ablate each contribution in Tab. 4 for both closed-set
and open-set settings. We build the naive baseline as row 1
by directly using 2D queries qs4 and directly generate the
3D detection results.

Canonical Image Space. As shown in [37, 41], it is cru-
cial to resolve the ambiguity between image, intrinsic, and
depth. With the proposed canonical image (CI) space, we
align the training and testing time image shape and camera
intrinsics. Row 2 outlines how CI improves closed-set and
open-set results by 1.4 and 0.9 for closed-set and open-set
settings, respectively. This shows that the model learns the
universal property and makes the detection ability general-
ize well across datasets for training and testing time.

Auxiliary Depth head. We validate the effect of the auxil-
iary depth head as row 3. Learning metric depth is essential
for the network to better understand the geometry of the
3D scene instead of merely relying on the sparse depth su-
pervision signal from the 3D bounding boxes loss. With
the auxiliary depth head, 3D-MOOD improves 0.7 AP on
the closed-set settings yet only slightly improve the open-
set settings by 0.2 ODS. We hypothesize that the depth
data is not diverse and rich enough in Omni3D compared
to the data that other generalizable depth estimation meth-
ods [3, 37, 55] use for training. Thus, the benefits from the
depth head is little in open-set settings.

Geometry-aware 3D Query Generation. Finally, we ab-
late our proposed geometry-aware 3D query generation
module in row 4. We show that for both closed-set and
open-set settings, the geometry condition can improve the
performance by 0.6 and 1.3, respectively. It is worth noting
that the geometry information can significantly improve the
model’s generalizability, which demonstrates our contribu-
tion to 3D monocular open-set object detection.

4.7. Qualitative Results

We show the open-set qualitative results in Fig. 5 to demon-
strate the generalizability of 3D-MOOD, where we success-
fully detect novel objects in unseen scenes. More results are
reported in the supplementary material.

Regular vehicle

Figure 5. In-the-wild Qualitative Results. We show the visual-
ization of 3D-MOOD for in-the-wild images. The red boxes in the
3D visualization (last row) are the GT annotations.

5. Conclusion

In this work, we introduce 3D-MOOD, the first end-to-
end 3D monocular open-set object detection method, which
achieves state-of-the-art performance in closed-set settings
while proving strong generalization to unseen scenes and
object classes in open-set scenarios. We design a 3D bound-
ing box head with the proposed geometry-aware 3D query
generation to lift the open-set 2D detection to the corre-
sponding 3D space. Our proposed method can be trained
end-to-end and yield better overall performance. Further-
more, our proposed canonical image space resolves the am-
biguity between image, intrinsic, and metric depth, lead-
ing to more robust results in closed-set and open-set set-
tings. We propose a challenging 3D monocular open-set ob-
ject detection benchmark using two out-of-domain datasets.
3D-MOOD sets the new state-of-the-art performance on the
challenging Omni3D benchmark compared to other closed-
set methods. Moreover, the results on the open-set bench-
mark demonstrate our method’s ability to generalize the
monocular 3D object detection in the wild.
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