Metric3D: Towards Zero-shot Metric 3D Prediction from A Single Image
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Figure 1 — Illustration and applications of our metric 3D reconstruction method. Top (metrology): we use two phones (iPhone 12 and an Android
phone) to capture the scene and measure the size of tables. With the photos’ metadata, we perform 3D metric reconstruction and then measure tables’
sizes (marked in red), which are very close to the ground truth (marked in blue). In contrast, the recent method LeReS [57] performs much worse and
is unable to predict metric 3D by design. Bottom (dense SLAM mapping): existing SOTA mono-SLAM methods usually face scale drift problems (see
the red arrows) in large-scale scenes and are unable to achieve the metric scale, while, naively inputting our metric depth, Droid-SLAM [44] can recover
much more accurate trajectory and perform the metric dense mapping (see the red measurements). Note that all testing data are unseen to our model.

Abstract

Reconstructing accurate 3D scenes from images is a
long-standing vision task. Due to the ill-posedness of the
single-image reconstruction problem, most well-established
methods are built upon multi-view geometry.  State-of-
the-art (SOTA) monocular metric depth estimation meth-
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ods can only handle a single camera model and are un-
able to perform mixed-data training due to metric ambi-
guity. Meanwhile, SOTA monocular methods trained on
large mixed datasets achieve zero-shot generalization by
learning affine-invariant depths, which cannot recover real-
world metrics. In this work, we show that the key to a
zero-shot single-view metric depth model lies in the com-
bination of large-scale data training and resolving the met-
ric ambiguity from various camera models. We propose a



canonical camera space transformation module, which ex-
plicitly addresses the ambiguity problems and can be effort-
lessly plugged into existing monocular models. Equipped
with our module, monocular models can be stably trained
over 8 millions of images with thousands of camera mod-
els, resulting in zero-shot generalization to in-the-wild im-
ages with unseen camera settings. Experiments demon-
strate SOTA performance of our method on 7 zero-shot
benchmarks. Notably, our method won the championship
in the 2nd Monocular Depth Estimation Challenge. Our
method enables the accurate recovery of metric 3D struc-
tures on randomly collected internet images, paving the way
Sor plausible single-image metrology. The potential benefits
extend to downstream tasks, which can be significantly im-
proved by simply plugging in our model. For example, our
model relieves the scale drift issues of monocular-SLAM
(Fig. 1), leading to high-quality metric scale dense map-
ping. The code is available at https://github.com/
YvanYin/Metric3D.

1. Introduction

3D reconstruction from images is the core of many com-
puter vision applications, such as autonomous driving and
robotics. Main-stream methods leverage multi-view geom-
etry [15] to confidently recover 3D structures. However,
these methods cannot be applied to a single image, mak-
ing 3D reconstruction hard without a prior. State-of-the-
art transferable methods, such as MiDaS [32], LeReS [57],
and HDN [60], learn such a prior from a large dataset, but
they can only output affine-invariant depths, i.e., which are
accurate only up to an unknown offset and scale. Though
monocular metric depth estimation methods [59, 2] work
on a single dataset with a single camera model, they cannot
generalize to unseen cameras or scenes. This work aims to
address the above problems by learning a zero-shot, single
view, metric depth model.

According to the predicted depth, existing methods are
categorized into learning metric depth [59, 53, 2, 52], learn-
ing relative depth [48, 49, 6, 5], and learning affine-invariant
depth [57, 56, 32, 31, 60]. Although the metric depth meth-
ods [59, 53, 55, 2, 52] have achieved impressive accuracy
on various benchmarks, they must train and test on the
dataset with the same camera intrinsics. Therefore, train-
ing datasets of metric depth methods are often small, as it
is hard to collect a large dataset covering diverse scenes us-
ing one identical camera. The consequence is that all these
models are not transferable — they generalize poorly to im-
ages in the wild, not to mention the camera parameters of
test images can vary too. A compromise is to learn the rela-
tive depth [6, 48], which only represents the depth ordering
information. Thus the application is very limited. Learning
affine-invariant depth finds a trade-off between the above

two categories of methods. With large-scale data, they de-
couple the metric information during training and achieve
impressive robustness and generalization ability. The re-
cent SOTA LeReS [57] can recover 3D scenes in the wild,
but only up to an unknown scale and shift.

This work focuses on learning a zero-shot transferable
model to recover metric 3D from a single image. First, we
analyze the metric ambiguity issues in monocular depth es-
timation and study different camera parameters in depth, in-
cluding the pixel size, focal length, and sensor size. We ob-
serve that the focal length is the critical factor for accurate
metric recovery. By design, LeReS [57] does not take the
focal length information into account during training. As
shown in Sec. 3.1, only from the image appearance, vari-
ous focal lengths may cause metric ambiguity, thus they de-
couple the depth scale in training. To solve the problem of
varying focal lengths, CamConv [!1] encodes the camera
model in the network, which enforces the network to im-
plicitly understand camera models from the image appear-
ance and then bridges the imaging size to the real-world
size. However, training data contains limited images and
types of cameras, which challenges data diversity and net-
work capacity. In contrast, we propose a canonical cam-
era transformation method in training. It is inspired by the
human body reconstruction methods. To improve recon-
structed shape quality on countless poses, they map all sam-
ples to a canonical pose space [29] to reduce pose variance.
Similarly, we transform all training data to a canonical cam-
era space where the processed images are coarsely regarded
as captured by the same camera. To achieve such transfor-
mation, we propose two different methods. The first one
tries to adjust the image appearance to simulate the canoni-
cal camera, while the other one transforms the ground-truth
labels for supervision. Camera models are not encoded in
the network, making our method easily applicable to exist-
ing architectures. During inference, a de-canonical trans-
formation is employed to recover metric information. To
further boost the depth accuracy, we propose a random pro-
posal normalization loss. It is inspired by the scale-shift
invariant loss [57, 32, 60], which decouples the depth scale
to emphasize the single image’s distribution. However, they
perform on the whole image, which inevitably squeezes the
fine-grained depth difference. We propose to randomly crop
several patches from images and enforce the scale-shift in-
variant loss [57, 32] on them. Our loss emphasizes the local
geometry and distribution of the single image.

With the proposed method, we can easily scale up model
training to 8 million images from 11 datasets of diverse
scene types (indoor and outdoor) and camera models (tens
of thousands of different cameras), leading to zero-shot
transferability and a significantly improved accuracy. Our
model can accurately reconstruct metric 3D from randomly
collected Internet images, enabling plausible single-image






























