FrozenRecon: Pose-free 3D Scene Reconstruction with Frozen Depth Models
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Figure 1: Robust 3D scene reconstruction of challenging and diverse scenes. Given a monocular video, our algorithm
reconstructs the 3D scene without requiring offline-acquired camera poses. Significantly, our approach only involves dozens
of parameters of each frame to optimize online. Here, the red triangulations denote the estimated camera trajectories.

Abstract

3D scene reconstruction is a long-standing vision task.
Existing approaches can be categorized into geometry-
based and learning-based methods. The former leverages
multi-view geometry but may face catastrophic failures due
to the reliance on accurate pixel correspondence across
views, while the latter mitigates these issues by learning 2D
or 3D representation directly. However, without a large-
scale video or 3D training data, it can hardly be general-
ized to diverse real-world scenarios due to the presence of
tens of millions or even billions of optimization parameters
in the deep network.

Recently, robust monocular depth estimation models
trained with large-scale datasets have been proven to pos-
sess weak 3D geometry priov, but they are insufficient for
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reconstruction due to the unknown camera parameters, the
affine-invariant property, and inter-frame inconsistency. To
address these issues, we propose a novel test-time optimiza-
tion approach that can transfer the robustness of affine-
invariant depth models such as LeReS to challenging di-
verse scenes while ensuring inter-frame consistency, with
only dozens of parameters to optimize per video frame.
Specifically, our approach involves freezing the pre-trained
affine-invariant depth model’s depth predictions, rectifying
them by optimizing the unknown scale-shift values with a
geometric consistency alignment module, and employing
the resulting scale-consistent depth maps to robustly ob-
tain camera poses and achieve dense scene reconstruction,
even in low-texture regions. Experiments show that our
method achieves state-of-the-art cross-dataset reconstruc-
tion on five zero-shot testing datasets. Code is available at:
https://aim-uofa.github.io/FrozenRecon/



1. Introduction

Dense 3D reconstruction is a fundamental vision task,
which has a wide range of applications in autonomous driv-
ing [7], virtual/augmented reality [4, 37], robot naviga-
tion, medical-CAD modeling [32], efc. Existing geometry-
based methods and learning-based methods have achieved
impressive performance. Despite progress, we observe fail-
ure cases in certain real-world scenarios, such as incomplete
or noisy reconstruction of low-texture scenes, tracking fail-
ures for pose estimation, limited generalization to unseen
scenes, efc. In this work, we aim to robustly and efficiently
reconstruct diverse scenes on monocular videos, with the
intrinsic camera parameters and poses jointly optimized at
the same time.

Most 3D scene reconstruction algorithms can be catego-
rized into learning-based [20, 30, 35] and geometry-based
methods [43, 2, 3, 14, 38, 17, 15, 16]. The first group
of methods typically rely on a strong neural network to
learn the scene geometry, which often requires large-scale
and high-quality data to optimize for millions or billions of
learnable parameters. Such an expensive data requirement
limits applications to various scenarios. Furthermore, some
methods, such as SC-DepthV3 [31], optimize the depth and
poses at the same time, for which the optimization can
be challenging and may become stuck in trivial solutions,
partly due to the large number of optimization parameters.

In contrast, geometry-based methods find feature corre-
spondences across views to achieve dense 3D reconstruc-
tion. Thus, fewer/no training data are needed. The draw-
back is that these methods can easily fail on texture-less or
low-texture scenes. Moreover, planar scenes and in-place
rotations also lead to degeneration in camera pose optimiza-
tion. Occlusion, lighting changes, and low-texture regions
can make the dense matching intractable and thus lead to
incomplete reconstructions. Seeking to mitigate these limi-
tations, we propose to exploit a pre-trained, robust monocu-
lar depth model to obtain scene geometry priors, which can
largely ease pose optimization and reconstruction.

Recently, foundation models [21, 1] trained with large-
scale datasets can generalize to new datasets/tasks with few
samples by optimizing for a small portion of parameters
(so-called adaptors). Inspired by the success, we use a pre-
trained monocular depth model of strong performance such
as LeReS [41], and optimize for a very sparse set of param-
eters for quickly rectifying the depth maps on test videos,
such that scale-consistent depth maps can be attained.

Models such as LeReS [41], MiDaS [23], and DPT [22]
use millions of training images to train a robust monocular
depth model, which generalizes well to diverse scenes. Un-
fortunately, the predicted depth maps of those models are
affine-invariant, i.e., up to an unknown scale and shift com-
pared against the ground-truth metric depth. As pointed out
in [41], the unknown shift can cause significant distortion.

Naively fusing pre-frame prediction is prone to cause recon-
struction distortion and scale misalignment. Furthermore,
the unknown intrinsic camera parameters and poses are an-
other obstacle for multi-frame reconstruction. If we have
access to accurate camera parameters, we can fine tune the
pre-trained model to solve the above issues, as in [17].

Instead, we freeze the monocular depth model, and on
the given videos, we optimize for the global scale value, the
global shift value, a local scale map and a local shift map
to rectify each predicted affine-invariant depth map. Intrin-
sic camera parameters and camera poses are also optimized
at the same time. The number of parameters that need to
be optimized online is only around 30 per frame. This is
a sharp contrast compared with learning-based approaches,
e.g., SC-DepthV3, where tens of millions of parameters are
involved in optimization. The shift and scale parameters are
optimized by supervising the photometric consistency and
geometric consistency between selected keyframes. Due to
the sparsity of optimization parameters and the robustness
of the monocular depth model, our method works much bet-
ter in terms of domain gap compared to existing deep learn-
ing methods for this task. At the same time, compared with
traditional geometry-based 3D scene reconstruction meth-
ods, ours can be more robust to low-texture regions.

In order to validate the robustness of our system, we test
on 5 unseen datasets: NYU [28], ScanNet [8], 7-Scenes
[27], TUM [29], and KITTI [12]. Experiments show that
our pipeline outperforms recent methods and achieves state-
of-the-art reconstruction performance. Besides, we also
perform extensive ablation studies to explore the effective-
ness of components of our reconstruction pipeline. Our
main contributions are summarized as follows:

* We propose a novel pipeline for dense 3D scene re-
construction by using a frozen affine-invariant depth
model, and jointly optimizing a sparse set of parame-
ters for rectifying depth maps, camera poses, and in-
trinsic camera parameters. Our method is robust on
diverse unseen scenarios.

» Experiments on diverse datasets show the robustness
of our method and verify the usefulness of each com-
ponent in our method.

2. Related Work

Learning-based 3D Scene Reconstruction. Learning-
based methods [20, 30, 35] rely on a neural network with a
large number of learnable parameters to learn the geometry
of scenes. Some approaches generate the 3D voxel volume
from the 2D image features of the entire sequence [20] or
local fragments [30], and estimate an implicit 3D represen-
tation from posed images. Besides, some other algorithms
[43, 2, 3] attempt to predict poses and depth maps jointly.






























