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Estimating the six degrees of freedom (6DoF) pose of unknown objects using only monocular RGB images is a challenging task, especially when dealing with textureless 
and small objects. Textureless surfaces hinder feature detection, while small motion complicates the estimation of geometric relationships. Monocular RGB inputs 
introduce scale ambiguity and inconsistencies across frames. Without depth information or pre-existing object models, traditional feature-based methods and SfM 
pipelines become ineffective. MonoTracker is a model-free, RGB-only, 6D detector that works on unseen objects, enabling zero-shot 6D pose estimation by jointly 
optimizing object poses and correcting scale inconsistencies in monocular depth predictions.

2 Method Overview
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1 Introduction

3 Technical Details

● Joint Pose-Scale Optimization

MonoTracker takes as input a sequence of images and the object mask from the first frame. 

Data Pre-processing: It simultaneously tracks the object mask in subsequent frames using 
XMem[1] and obtains metric monocular depth predictions via DepthAnything-v2[2]. 

Initial Pose Estimation: Feature matching within the masked area using LoFTR [3] between 
consecutive frames and previous keyframes to establish point correspondences. Following by a 
robust PnP solver to estimate initial pose.

Pose Graph Construction: The new frame is connected to the previous ones selected as 
keyframes in a pose graph. 

Joint Pose-Scale Optimization: Solve an optimization problem that jointly refines the pose and 
scale of the depth maps, by minimizing point cloud alignment, disparity, and projection 
error-based losses.

We run a joint pose-scale optimization both for coarse pose estimation between neighboring 
frames and in a global Bundle Adjustment that runs every few frames.

Loss Function: Weighted sum over all point correspondence

(where       and      are 3D points back-projected 
using the optimized scale and shift parameters.)

Optimized Variables: Poses TW
i with respect to the World coordinate system and 

scale-shift parameters αi , β i for each frame are optimized variables.

Keyframes: with the closest estimated orientations within a window size of 15 frames. 
The Greedy Rotation Similarity strategy forms a robust pose graph with frames share 
similar viewpoints.

4.2 Neural Rendering with the Estimated Poses

● Estimating 6D object trajectories on three datasets

● Keyframes in Pose Graph 


