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Abstract

Monocular 3D tracking aims to capture the long-term motion of pixels in 3D
space from a single monocular video and has witnessed rapid progress in recent
years. However, we argue that the existing monocular 3D tracking methods still
fall short in separating the camera motion from foreground dynamic motion and
cannot densely track newly emerging dynamic subjects in the videos. To address
these two limitations, we propose TrackingWorld, a novel pipeline for dense 3D
tracking of almost all pixels within a world-centric 3D coordinate system. First,
we introduce a tracking upsampler that efficiently lifts the arbitrary sparse 2D
tracks into dense 2D tracks. Then, to generalize the current tracking methods
to newly emerging objects, we apply the upsampler to all frames and reduce the
redundancy of 2D tracks by eliminating the tracks in overlapped regions. Finally,
we present an efficient optimization-based framework to back-project dense 2D
tracks into world-centric 3D trajectories by estimating the camera poses and the
3D coordinates of these 2D tracks. Extensive evaluations on both synthetic and
real-world datasets demonstrate that our system achieves accurate and dense 3D
tracking in a world-centric coordinate frame.

1 Introduction

Estimating long-term motion in dynamic videos remains a persistent challenge in computer vision [1}
2,13, 4]. Fine-grained motion tracking is crucial for understanding object dynamics, modeling camera
motion, and facilitating the generation of temporally and geometrically consistent videos [} 16} [7].

In recent years, dense 2D pixel tracking [8, (9} [10, [1} [11, 12} [13L [14} 15 [16] has emerged as an active
research topic, with notable advancements such as CoTrackers [[17,[1], which employs transformers
to iteratively update 2D tracks and has driven progress in 2D motion analysis. This development also
motivates many recent works for 3D tracking. Early 3D tracking works like OmniMotion [2| |18]
adopt optimization-based approaches to estimate 3D motion, while subsequent feedforward methods
such as SpatialTracker [3]] and DELTA [4] leverage extracted features to directly estimate the 3D
tracking in a feedforward manner without per-sequence optimization. These 3D tracking methods
demonstrate substantial potential for downstream applications, including detailed 3D motion analysis
and high-fidelity novel view synthesis, highlighting the growing importance of monocular 3D tracking
as a critical research frontier.

Upon analyzing all existing 3D tracking methods, we observe that these existing methods still suffer
from two noticeable shortcomings. First, these methods [4, 13 2] cannot distinguish the camera
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Figure 1: TrackingWorld estimates world-centric dense tracking results from monocular videos. Our
model can accurately estimate camera poses and achieve disentangled 3D track modeling of static
and dynamic components, not just limited to one foreground dynamic object. We only visualize a
subset of foreground dynamic point trajectories and apply a fading color to background static points.

motion and the dynamic object motion. All these methods assume a static camera and just model
the 3D flow within the camera coordinate system. However, many downstream tasks like motion
analysis or novel-view-synthesis require distinguishing camera motion from the dynamic object
motion. Moreover, some recent works [19] also show that explicitly considering camera poses in
motion estimation improves the 3D tracking quality. Only some very recent works [20, 21} 22]] try
to estimate the 3D tracks in the world-centric coordinate system and enable distinguishing camera
motions from dynamic object motions. Estimating camera motion is still challenging for a monocular
video containing dynamic objects because only static scenes provide cues for camera pose estimation.

The second shortcoming is that existing methods are mostly limited to tracking sparse pixels in the
first frame of the video and cannot track all pixels in all frames (e.g., new objects emerging in the
intermediate frames). Tracking all pixels brings a huge computational complexity to all tracking
methods. Recent works like DELTA [4] propose to upsample the sparse tracking points with neural
networks to produce dense 3D tracks. However, DELTA is still limited to tracking the first frame
of the video, and how to estimate the dense 3D tracks for all pixels of all frames still remains an
unexplored problem.

In this paper, we propose TrackingWorld, a 3D tracking method that enables dense 3D tracking
of almost all pixels of all frames from a monocular video within a world-centric coordinate system.
“almost all” means we filter some noisy and outlier tracks to ensure robustness and accuracy. Specifi-
cally, TrackingWorld takes a monocular video and the monocular estimation from foundation models
as input, including sparse tracks [4} [1]], depth maps [23]], and coarse foreground dynamic masks [24].
Then, TrackingWorld produces high quality dense 3D tracks for almost all pixels of the monocular
video and the camera poses for every frame. TrackingWorld addresses the above shortcomings with
the following strategies.

First, to enable the dense tracking of almost all pixels, we utilize the track upsampler of DELTA [4]
and track every frame iteratively. We find that the tracking upsampler module of DELTA [4] is
applicable to arbitrary 2D tracks, which are utilized by TrackingWorld to upsample the input sparse
2D tracks to dense 2D tracks. Then, we not only track the pixels of the first frame but also repeat
it on all subsequent frames. To reduce computational complexity, we observe that many regions of
subsequent frames have already been seen in the first or previous frames. Therefore, we delete the
redundant tracks corresponding to these overlapping regions.

Second, to accurately separate the camera motion from the dynamic object motion, we estimate
the 3D tracks and the camera poses from the upsampled dense 2D tracks and the input estimated
depth maps. A key challenge lies in the inaccuracy of the estimated dynamic masks, which often
fail to capture dynamic background objects. This limitation leads to suboptimal bundle adjustment
interfered by dynamic background objects, ultimately compromising the accuracy of both camera
pose estimation and object motion tracking. Thus, we treat all points in the initial static regions as
potentially dynamic but impose an as-static-as-possible constraint for the camera pose estimation,
which effectively helps us rule out the dynamic background points for an accurate camera pose
estimation. Finally, we utilize the estimated camera poses along with the depth maps to convert all
the 2D tracks into 3D tracks in the world coordinate.

To comprehensively evaluate whether our proposed method can effectively achieve dense 3D tracking
of almost all pixels across all frames within a world-centric coordinate system, we conduct evaluations



from multiple perspectives: 1. Camera pose estimation accuracy; 2. Depth accuracy of the dense
3D tracks; 3. Sparse 3D tracking performance; 4. Accuracy of the dense 2D tracking results. Our
empirical analysis demonstrates that the proposed method yields superior performance across all
metrics, con rming its effectiveness in establishing accurate and consistent 3D tracks over time.

2 Related Work

2.1 2D Point Tracking

The task of tracking arbitrary point8,[9,[10,[1),[11,[12, 13, 14, 15, 16] across video frames is rst
introduced by PIP<g], which leverages deep learning to tackle point tracking based on optical ow.
Built upon RAFT R5], PIPs computes inter-frame correlation maps and uses a decoder to iteratively
re ne tracking results. TAP-Vid9] further improves the problem formulation, introducing three
standardized benchmarks along with TAP-Net, a dedicated model for point tracking. TARIR [
advances performance by combining a matching stage with a re nement stage, enhancing tracking
accuracy. CoTrackerdY, 1] observe that strong correlations exist across different point trajectories,
and exploit this insight by training on unrolled sequences over long videos, which signi cantly
improve long-term tracking performance. Drawing inspiration from DEPRH,[TAPTR [12]
proposes an end-to-end transformer-based architecture, where each point is represented as a query
token in the decoder, enabling direct modeling of point dynamics. LocoTtddlektends traditional

2D correlation features to 4D correlation volumes and introduces a lightweight correlation encoder,
achieving better ef ciency while preserving accuracy.

2.2 3D Point Tracking

While previous works have primarily focused on 2D point tracking, recent research has increasingly
focused on 3D point trackin@[ 18, 3, 4, 27, 28, 29, 30, 31, 22, 20, 21]. Early 3D tracking methods,

such as OmniMotionZ], adopt optimization-based approaches to estimate 3D motion. Subsequent
work like OmniTrackFast]8] aims to reduce the optimization time and enhance robustness. More
recently, increasing attention has shifted toward feedforward-based methods. For example, Spatial-
Tracker B] represents points in a (u, v, d) coordinate system, combining image-plane coordinates
with depth information. It incorporates depth priors and uses a triplane representation to enable
effective 3D tracking. Building upon this idea, DELTA][also adopts the UVD coordinate system,

but takes a different approach by decoupling appearance and depth correlations. DELTA introduces a
coarse-to- ne trajectory estimation strategy, allowing for ef cient dense tracking across the entire
frame rather than being limited to a sparse set of locations. In contrast to the aforementioned methods
that focus on UVD (2.5D) representations, several concurrent works have recently explored 3D
tracking in a world-centric coordinate system. St4RTr& pdopts a DUSt3R32)-like framework

to establish pairwise correspondences, but this approach may suffer from drift during long-term
tracking. TAPIP3D 21] primarily focuses on sparse tracking and is inherently unable to recover
camera motion. In comparison, our method introduces a comprehensive pipeline for dense 3D
tracking that can robustly capture newly emerging objects within a world-centric coordinate system.

2.3 4D Reconstruction

4D reconstructiond3, 34, 35, 36, 19, 37, 38, 39, 40, 24] aims to recover both camera motion and
object motion within a scene. The problem of non-rigid structure from motion is highly ill-posed. To
overcome this limitation, a variety of approaches have been proposed. Robus3GMPE fes depth
estimation using 3D geometric constraints, while CasualSA8# jhetunes a depth network guided

by predicted motion masks. MegaSaB¥] integrates monocular depth priors and motion probability
maps into a differentiable SLAM paradigm. Inspired by DUSt3R] [ several data-driven methods
such as MonST3R3[7], Align3R [38], and Cut3r f#0] adopt 3D point cloud representations to enable

full 4D reconstruction. In addition, Uni4C2H], a multi-stage optimization framework, leverages
multiple pretrained models to improve reconstruction in dynamic scenes. Its core contribution lies in
the use of foundation models to achieve effective separation of static and dynamic elements within
the scene. Our method also adopts an optimization-based framework to decouple camera motion
and object motion. However, unlike prior works that primarily focus on 4D reconstruction, our
approach targets a higher-level task—dense tracking of every pixel—which enables ne-grained
correspondence estimation across time. By focusing on dense pixel-level tracking, our method



Figure 2: Overview. Given a video sequence, TrackingWorld rst generates dense 2D tracking results
that are capable of capturing newly emerging objects in the scene. These 2D trajectories are then fed
into an optimization-based framework to transform them into a world-centric 3D space. Speci cally,
we begin by estimating the initial camera poses for each frame at the clip level. We then perform
dynamic background re nement to exclude potentially dynamic regions and re ne the camera poses.
Based on the optimized poses, we nally reconstruct the trajectories of all dynamic regions.

provides a more detailed and temporally consistent understanding of dynamic scenes, making it
well-suited for applications such as motion analysis, scene understanding, and video Bd&jng. [

3 Method

3.1 Overview

of almost all pixels, wher#1; denotes the number of tracked points at timestegppong with the
camera posel ; 2 R34 jt=1;::; Tg. Our proposed TrackingWorld framework, illustrated in

Fig. 2, achieves this through two main components: rst, generating dense 2D tracking results that
are capable of following nearly every object in the scene; second, back-projecting these dense 2D
tracking results into a world-centric 3D space.

Preprocessing with vision foundation models. For the monocular video, we rst preprocess it
with a 2D tracking model, a foreground dynamic mask estimation module, and a monocular depth
estimation module to get a set of 2D tracks, dynamic masks, and depth maps for all frames. For
the 2D tracking model, we choose the CoTrackerY3of the 2D tracking part of DELTA4]. For

the dynamic mask estimation method, we follow Uni43][to apply VLM [41] and Grounding-

SAM [42, 43] to segment out foreground dynamic objects. Alternatively, we could also choose the
SegmentAnyMotion44] to get dynamic masks. For the depth estimation, we choose UniD2§ith [

Note that all these predictions are not required to be accurate, and we may also adopt other foundation
models for this purpose.

3.2 Dense 2D Tracking for Every Pixel

In this section, our target is to achieve dense 2D tracking of almost any pixels in the video. We
achieve this through two modules: First, we lift the input sparse 2D tracks for a frame to dense 2D
tracks; Second, we repeat tracking on every frame and eliminate the overlapped redundant 2D tracks.
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