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Abstract

Cooperative vehicle-to-everything (V2X) perception re-
quires 3D object detection across heterogeneous cameras
whose intrinsic parameters may be unavailable, imprecise,
or drifting. We present UrbanOmniDetect, a calibration-
free monocular 3D object detection framework that predicts
ordered 2D projections of 3D bounding box vertices from a
single RGB image. By formulating 3D detection as keypoint
regression within a backbone-agnostic single-stage archi-
tecture, a single model generalizes across ego-vehicle, in-
frastructure, and aerial viewpoints without camera intrin-
sics or scene priors. We construct the UrbanOmniView
dataset by unifying KITTI, DAIR-V2X, and high-fidelity Un-
real Engine 5 synthetic data spanning ground-level, traffic-
surveillance, and drone perspectives. A homography-based
bird’s-eye-view head maps predicted ground-contact key-
points to a top-down plane, enforcing geometric consis-
tency without camera parameters. We experiment with
YOLOI11 backbone variants at multiple scales and aug-
mented feature pyramid levels. On the KITTI benchmark,
our best model achieves APsp = 30.71 (Moderate) and
APppy = 35.19 at IoU>0.7, outperforming calibration-
dependent baselines on the Moderate and Hard splits, with
an mAPs5.95 0of 0.751 and 10 ms inference on an A100 GPU.
Calibration-dependent baselines degrade catastrophically
under small intrinsic perturbations, whereas our formula-
tion is invariant by construction. UrbanOmniDetect pro-
vides a deployment-ready framework for autonomous driv-
ing, drone surveillance, and V2X cooperative perception.

1. Introduction

3D object detection is a challenging computer vision prob-
lem with wide-ranging applications in autonomous driv-
ing, robotics, and surveillance systems. While signifi-
cant progress has been made using specialized hardware
like LiDAR and multi-camera setups especially in au-
tonomous driving settings, these solutions introduce sub-

stantial cost, calibration complexity, and computational
overhead. Monocular 3D detection from standard RGB im-
ages is a compelling alternative but faces fundamental chal-
lenges in accurately recovering depth information and ob-
ject pose from a single viewpoint.

Traditional monocular 3D detection approaches have
predominantly focused on specific camera perspectives,
particularly ego-vehicle viewpoints, limiting their versatil-
ity across diverse deployment scenarios. These methods
typically rely on explicit camera intrinsics, depth estimation
modules, or ground-plane assumptions that fail to general-
ize across varied viewing angles. Further, existing frame-
works struggle with generalization across ground-level, el-
evated traffic camera, and drone perspectives.

We address these limitations by introducing UrbanOm-
niDetect, a calibration-free framework for monocular
3D object detection across arbitrary camera perspec-
tives. Unlike prior keypoint-based 3D detectors such as
RTM3D [11], PerspectiveNet [7], and Tekin et al. [26], all
of which require camera intrinsics at inference and are val-
idated only on single-viewpoint ego-vehicle datasets, our
method operates entirely in 2D image space. The backbone-
agnostic architecture takes a raw RGB frame as input and
directly predicts, for each object, the eight ordered 2D pro-
jections of its 3D bounding box corners, encoding 6D object
pose without camera parameters. We experiment with the
YOLOL11 family [9] and augmented feature pyramid levels.

A key technical contribution is our homography-based
bird’s-eye-view (BEV) head, which maps predicted ground-
contact keypoints to a top-down plane by optimizing a ge-
ometric orthogonality constraint across all detections in a
frame. This produces calibration-free BEV layouts with-
out requiring camera extrinsics, depth estimation, or pre-
computed ground surfaces.

To enable cross-view generalization, we constructed the
UrbanOmniView dataset by unifying KITTI [5], DAIR-
V2X [31], and a new synthetic dataset generated in Un-
real Engine 5 [4] with ray-traced rendering at 4K resolu-
tion. This combination spans ego-vehicle, infrastructure-
mounted, and aerial drone viewpoints representative of the
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Figure 1. Overview of the UrbanOmniDetect pipeline. Input: a single RGB image from any viewpoint (ego-vehicle, infrastructure, or
aerial). Backbone and Neck: a detection backbone with an augmented feature pyramid spanning levels P1 to P6; the extreme levels P1,
P2 and P6 are optional and shown dashed. Joint Head: predicts eight ordered 2D keypoints per object, supervised by Ly (Eq. 1). BEV
Head: maps ground-contact keypoints to a bird’s-eye-view plane via a learned homography refined with an orthogonality constraint Lrec
(Eq. 3), without camera intrinsics. An optional frozen auxiliary 2D detector maps box features to BEV centers via Lax (Eq. 5).

(a) KITTI

(b) DAIR

(c) UE5

Figure 2. Samples from the three datasets that make up the UrbanOmniView dataset. (a) KITTI, (b) DAIR, (c) UES.

sensor diversity encountered in real-world V2X cooperative
perception deployments.

UrbanOmniDetect achieves real-time inference (<11 ms
on an A100 GPU) while matching or outperforming
calibration-dependent baselines on standard KITTI 3D IoU
metrics, particularly on the challenging Moderate and Hard
splits where depth ambiguity is greatest. Existing monoc-
ular 3D detectors fail entirely when deployed on infras-
tructure cameras with different intrinsics from their train-
ing set. In V2X cooperative perception, where infrastruc-
ture and vehicle sensors must share detections in real time,
per-camera recalibration is a deployment bottleneck that our

approach eliminates.
Our contributions are:

¢ A calibration-free formulation of monocular 3D detection
as ordered keypoint regression, enabling a single model
to generalize across ego-vehicle, infrastructure, and aerial
views. To our knowledge this is the first such unified ap-
proach.

* A homography-based BEV projection head that enforces
geometric consistency without camera parameters (Equa-
tions 2 and 3).

¢ The UrbanOmniView dataset with high-fidelity UES syn-
thetic data spanning diverse urban viewpoints, which we



monocular detection, but the reliance on explicit calibration
and ground-plane estimation makes them dif cult to deploy
in real-world infrastructure scenarios where camera height,
tilt, and orientation may be unknown or may change over
time. Moreover, many of these approaches are tuned for a
speci ¢ infrastructure viewpoint and are not evaluated un-
der large viewpoint shifts.

Aerial view. The aerial viewpoint introduces even larger
viewpoint variability, leading to dramatic changes in ob-
ject scale and orientation. The CARLA Drone (CDrone)
dataset [18] highlights that existing monocular 3D detec-
tors exhibit poor cross-view generalization: models trained
on ego-centric images fail under top-down drone view-
points, and vice versa. Many aerial-view methods also
focus only on 2D detection, as in VisDrone-style bench-
marks, or make restrictive assumptions about viewpoint
range. Recent benchmarks [6, 18] further demonstrate that
current monocular 3D detectors rely heavily on calibration
and viewpoint-speci ¢ cues, limiting applicability to di-
verse real-world camera placements. In contrast, our setting
targets a uni ed model that can be trained and evaluated
across ego-centric, infrastructure-based, and drone view-
points without explicit camera parameters.

Figure 3. GFLOPs vsmAPsg.95 performance of different model
backbone and head choices on our dataset.

will release publicly.

» Comprehensive evaluation including standard 3D loU
metrics, ablation studies, calibration sensitivity analysis,
and cross-domain generalization.

2. Related Work

2.1. Monocular 3D Object Detection Keypoint-based and pose estimation techniques have been
Ego-centric view. Traditional monocular 3D object detec- widely explored in human pose prediction and 6D indoor
tion has focused primarily on autonomous driving scenarios object pose estimation but remain underutilized in out-
with ego-vehicle perspectives, with datasets like KITTI [5] door urban 3D detection. Tekin et al. [26] estimate 6D
driving most early progress. A large body of methods re- pose from nine keypoints for indoor objects, demonstrating
lies on accurate camera intrinsics and assumes a xed view-the potential of geometric lifting from 2D structure. Per-
point, often regressing depth or 3D box parameters directlyspectiveNet [7] similarly estimates perspective keypoints
from image appearance. Representative approaches includand proposes a two-stage detection pipeline, while YOLO-
MonoCon [14], which introduces constraints on the monoc- Pose [1] uses unordered keypoints with a transformer ar-
ular 3D box space, DEVIANT [10], which combines ge- chitecture for 6D pose estimation. The YOLO pose exten-
ometric priors with volumetric attention, and more recent sions [17] show that single-stage detection and keypoint es-
methods such as MONODGP [22] and MONOLSS [12] timation can be combined ef ciently, but these works typ-
that incorporate depth-guided priors and shape regularizaically focus on human or indoor object pose, and not on
tion. However, recent studies have shown that monocularcross-view urban scenes.

depth estimation remains unreliable at long range and under Recent efforts toward perspective-agnostic object detec-
diverse outdoor conditions [16], which limits the accuracy tion such as Omni3D [2] and Cube R-CNN [21] show
and generalizability of such depth-driven approaches, espepromise for uni ed cross-dataset 3D detection. However,
cially when camera parameters change or the deploymenthese systems typically rely on camera intrinsics during

2.2. Pose Estimation

viewpoint differs from training.
Infrastructure-based view. More recently, datasets
such as DAIR-V2X [31] and V2X-Seq [32] have ex-

inference and often exhibit unstable training dynamics or
high computational cost, making them less suitable for real-
time, calibration-free deployment. More generally, several

panded research into traf c-surveillance viewpoints, offer- works have shown that pose-aware or keypoint-based lift-
ing broader scene coverage from elevated static camerasng can be more robust than pure monocular depth regres-
Methods designed for these perspectives, including Mo- sion for outdoor 3D detection, since depth estimates alone
noUNI [8] and BEVHeight [30], typically incorporate apre- are often noisy and uncertain at long range. AutoShape
estimated ground plane and rely heavily on camera param{urther demonstrates that 2D/3D keypoints and shape pri-
eters to convert 2D predictions into metric 3D space. Theseors provide stronger geometric constraints than direct 3D
methods show that leveraging a ground plane can stabilizebox or depth regression [15]. Depth-centric methods such



as CaDDN and related work explicitly model depth uncer-  The pipeline, illustrated in Figure 1, proceeds as follows.
tainty because naive depth regression degrades detectioFirst, the input image is processed by a detection backbone
performance [23], and recent studies show that depth prethat extracts multi-scale features; we defaultto YOLO11 [9]
diction errors propagate into 3D detection, especially for (Section 3.2). A feature pyramid neck aggregates features
distant or occluded objects [20]. These observations sup-at multiple resolutions; we augment the standard P3 to P5
port our choice to rely on keypoint-based lifting rather than hierarchy with an additional high-resolution P2 level to im-
monocular depth estimation. prove detection of small and distant objects common in in-
Nonetheless, keypoint-based monocular 3D detectorsfrastructure and aerial views. A joint detection and keypoint
have rarely been applied to multi-viewpoint urban scenar- head then predicts, for each object, the 2D bounding box pa-
ios where object scale, orientation, and ground geome-rameters and the eight ordered keypoints simultaneously in
try vary strongly across cameras. Existing keypoint or a single forward pass (Section 3.3). Finally, a bird's-eye-
shape-based methods such as RTM3D and AutoShape aréiew (BEV) projection head maps the predicted ground-
evaluated almost exclusively on ego-vehicle datasets likecontact keypoints to a top-down plane using a learned ho-
KITTI[11, 15], assuming a single calibrated forward-facing mography, without requiring camera intrinsics or extrinsics
camera. In contrast, recent cross-view benchmarks in-(Section 3.4).
cluding Omni3D and CARLA Drone highlight that cur- Because the network predicts pixel-coordinate keypoints
rent monocular 3D detectors tend to perform well either rather than metric 3D coordinates, it requires no camera cal-
on ego-centric car views or on traf c/drone views, but ibration at inference.
rarely across all perspectives, and are typically built around )
depth- or BEV-based architectures that rely on camera in-3-2- Backbone and Feature Pyramid

trinsics [2, 18]. To our knowledge, our work is among the To identify the best speed/accuracy tradeoff, we evaluate

rst to apply a keypoint-based, calibration-free framework four backbone families: YOLOV8 [25], YOLOV9 [29],
to monocular 3D detection across ego, infrastructure, andyoL011 [9], and YOLO12 [27], each at ve scales

aerial viewpoints in a uni ed training setup. (nano through extra-large). We also test open-vocabulary
and feature-extraction backbones, specically YOLO-
3. Method World [3], YOLOE [28], and the DINO family [19, 24, 33],
. as frozen feature extractors.
3.1. Overview Standard detection backbones produce feature maps at

Unlike PerspectiveNet, our method uses a single-stage arscales P3to P5. We introduce two feature pyramid augmen-
chitecture that jointly estimates all bounding boxes and their tations that are independent of the backbone choicé?Za)
keypoints in one pass. Unlike YOLOPose, we predict or- & higher-resolution feature level that captures ne-grained
dered keypoints, which enables consistent orientation es-Spatial detail for small objects appearing at distance in in-
timation for both pedestrians and vehicles and is impor- frastructure and aerial views; and (@9, a lower-resolution
tant for downstream tasks such as trajectory forecasting.level for large, nearby objects. We denote these variants
For infrastructure-based and aerial views, where metric 3DWith +P2 and +P6 suf xes (e.g., YOLO11+P2) and P1 to
boxes can be unreliable or inconsistent (especially in syn-P6 when all levels are included. Higher input resolutions
thetic drone data), we introduce a scale-free bird's-eye-view (1280 1280 and 19201920) further improve keypoint lo-
(BEV) estimation head that jointly optimizes our 3D predic- Calization for distant objects and align with HD/4K deploy-
tions for ground-plane consistency. We further incorporate ment formats.
auxiliary object detectors during training to improve cov- . .
erage of underrepresented classes in datasets without pos%‘s' Keypoint-Based 3D Box Prediction
labels. An overview of the full model is shown in Figure 1. The detection head predicts, for each object, a 2D bound-
Given a single RGB image as input, our method pro- ing box and eight ordered 2D keypoints representing the
duces, for each detected object: (i) a 2D bounding box with projected corners of the object's 3D bounding box. Train-
class label and con dence score, and (ii) an ordered set ofing supervision is provided by projecting ground-truth 3D
eight 2D keypoints corresponding to the projections of the box annotations onto the image plane using the camera pa-
object's 3D bounding box corners onto the image plane. rameters available in each training dataset. Crucially, these
We stress that thes@ypoints are not salient feature points camera parameters are useuy during data preparation
they are the eight vertices of an axis-aligned 3D cuboid sur-to generate 2D keypoint labels; they a@ provided to the
rounding each object, projected into pixel coordinates. The network at training or inference time.
keypoints follow a xed ordering convention: indices 0 to 3 Scale ambiguity is inherent to monocular 3D detection
correspond to the four top corners and indices 4 to 7 to thewithout intrinsics. We mitigate it through (1) class-speci ¢
four bottom (ground-contact) corners. dimension priors learned from the training data and (2) the



BEV head's orthogonality constraint (Section 3.4).

We supervise keypoint predictions using a loss derived
from the OKS (Object Keypoint Similarity) [13] metric,
adapted for 3D corner prediction:

LN X
N

I

1 2j2 a +

Lipt = exp mj;

1)
whered; is the squared Euclidean distance between pre-
dicted and ground-truth keypoint§; normalizes for the
number of visible keypoints; is the object's bounding-box
area,  is a per-keypoint scale factan; masks occluded

keypoints, and = 10 ° ensures numerical stability.
3.4. Bird's-Eye-View Projection
To produce a top-down spatial layout from 2D keypoint

predictions, we estimate a global homography that maps

image-plane ground-contact points to a BEV plane, without

Table 1. Auxiliary detector evaluation on VisDrone val (548 im-
ages, 24,195 instances). Both models use a YOLO11x backbone
at 640 640. The COCO-trained model provides higher out-of-
distribution recall, motivating its use as the auxiliary head (Sec-

tion 3.5).
Class Ours (XL) Auxiliary (COCO)
All 0.0905 0.1920
Person 0.0312 0.1340
Vehicle 0.0027 0.0264
Bike 0.2370 0.4150

keypoint-based ground footprints and auxiliary predicted
centers through .

4. Experiments

Dataset Our dataset is constructed by combining KITTI,

requiring camera parameters. For each detected instanc®AIR-V2X [31], and a synthetic dataset generated using

n, the model predicts eight keypoints; we retain the four
ground-contact keypoin8" = fg'gt,  R? (indices 4

to 7). A homographyH 2 PGL(3) maps image points to
BEV coordinates via (H %), wherex = [ x;y; 1> denotes
homogeneous coordinates.

We initializeH ¢ using a normalized Direct Linear Trans-
form (DLT) t from one instance's ground keypoints to a
canonical rectangle, then re ri¢ by minimizing a geomet-
ric orthogonality loss over all instances:

s}
n Lrectén(H) ,

H? =arg min

G"(H)=f (HgMgk:; 2
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i=1
with cyclic indexing. This loss penalizes non-right angles in
the projected ground footprints, enforcing rectangular BEV
shapes without access to camera calibration.

3.5. Auxiliary Detection Head

To improve recall for object classes that are underrepre-

the UES5 City Sample demo (denoted UE5-Synthetic). This
combination is intended to cover a broad range of camera
elevations and orientations relevant to infrastructure-based
and aerial sensing. KITTI provides 15,022 frames, the in-
frastructure split of DAIR-V2X provides 12,424 frames,
and UES5-Synthetic adds 10,000 frames. The merged
dataset, UrbanOmniView, contains 37,446 samples. Rep-
resentative examples are shown in Figure 2. As part of this
study, we release the UE5-Synthetic portion of UrbanOm-
niView. We allocate 10% of UrbanOmniView for testing.

Synthetic Data. Our synthetic data component is built
upon the Unreal Engine 5 [4] “City Sample” urban scene.
We implemented a dynamic environment pipeline with
weather and lighting variation (rain, snow, day/night cy-
cles), randomized traf c and pedestrian assets, and custom
camera rig scripting to sample diverse viewpoints (ground-
level, infrastructure poles, drones). UES5's ray-traced ren-
dering produces high- delity RGB frames at 4K resolution.
3D bounding box annotations are generated automatically
by exporting each object's transform metadata and colli-
sion bounds from the engine and projecting them into image

sented in datasets with 3D pose annotations, we Option-space, yielding pixel-accurate 3D box corners.

ally include a frozen auxiliary 2D detector (pre-trained on
COCO). For box-only detections from this auxiliary model,
we learn a closed-form linear mapping from box features

(b) = [c;cy;w; h;w=h]" to the BEV ground-footprint
center:

P
Lax= o ¢ W (b)) 2+ kwWkZ;  (4)
w? = in Lau 5
arg min - Laux ®)

yielding predicted centeits= W~ (b) for detections lack-
ing keypoints. The nal BEV layoutis produced by warping

4.1. Implementation Details

All models are implemented in PyTorch and trained on a
node with 8 A100 GPUs and an AMD EPYC 7J13 CPU.
Unless otherwise stated, we train for 100 epochs with the
Adam optimizer, an initial learning rate of le-2, cosine
decay, and a batch size of 64 images per step (8 images
per GPU). We apply standard data augmentations includ-
ing random horizontal ipping, random scaling, and color
jitter. For keypoint supervision, we use the loss in Sec-
tion 3.3 with K 8 keypoints and OKS scale factors
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