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Abstract—We present a method for predicting dense depth in scenarios where both a monocular camera and people in the scene are
freely moving (right of Figure 1). Existing methods for recovering depth for dynamic, non-rigid objects from monocular video impose
strong assumptions on the objects’ motion and may only recover sparse depth. In this paper, we take a data-driven approach and learn
human depth priors from a new source of data: thousands of Internet videos of people imitating mannequins, i.e., freezing in diverse,
natural poses, while a hand-held camera tours the scene (left of Figure 1). Because people are stationary, geometric constraints hold,
thus training data can be generated using multi-view stereo reconstruction. At inference time, our method uses motion parallax cues from
the static areas of the scenes to guide the depth prediction. We evaluate our method on real-world sequences of complex human actions
captured by a moving hand-held camera, show improvement over state-of-the-art monocular depth prediction methods, and demonstrate

various 3D effects produced using our predicted depth.

Index Terms—Depth Prediction, Mannequin Challenge, Dynamic Scene Reconstruction

1 INTRODUCTION

hand-held camera capturing video of a dynamic scene is a

common scenario. Recovering dense geometry in this case is
a challenging task: moving objects violate the epipolar constraint
commonly used in 3D vision (Figure 2), and are often treated as
noise or outliers in existing structure-from-motion (SfM) and multi-
view stereo (MVS) methods. Human depth perception, however, is
not easily fooled by object motion—rather, we maintain a feasible
interpretation of the objects’ geometry and depth ordering even if
both the observer and the objects are moving, and even when the
scene is observed with just one eye [15]. In this work, we take a
step towards achieving this ability computationally.

We focus on the task of predicting accurate, dense depth from
ordinary videos where both the camera and people in the scene are
naturally moving. We focus on humans for two reasons: i) in many
application areas, such as augmented reality, humans constitute the
salient objects in the scene, and ii) human motion is articulated and
difficult to model. By taking a data-driven approach, we avoid the
need to explicitly impose assumptions on the shape or deformation
of people, but instead learn these priors from data.

Where do we get data to train such a method? Generating high-
quality synthetic data where both the camera and the people in
the scene are naturally moving is very challenging. One approach
would be to record real scenes with an RGBD sensor (e.g., a
Microsoft Kinect), but such data is typically limited to indoor
environments and requires significant manual work to capture and
process. In addition, if such a dataset is captured in the lab, a model
trained on it may have difficulty generalizing to real scenes. It is
also difficult to gather a diverse collection of people with diverse
poses at scale.

Instead, we derive data from a surprising source: YouTube
videos in which people imitate mannequins, i.e., freeze in elaborate,
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natural poses, while a hand-held camera tours the scene (Figure 3).
These videos comprise our new MannequinChallenge (MC) dataset,
which we have released for the research community [25]. Because
the entire scene in such videos is stationary—including the people—
we can accurately estimate camera poses and depth using modern
SfM and MVS algorithms, and then use this derived 3D data as
supervision for training a model to predict depth for moving scenes.

In particular, we design and train a deep neural network that
takes an input RGB image, a mask indicating human regions, and
an initial depth defined for the static environment (i.e., the non-
human regions), and outputs a dense depth map over the entire
image—both the environment and the people. Note that the initial
environmental depth is computed using motion parallax between
two video frames, providing the network with information not
available from a single frame. Once trained, our model can handle
natural videos with arbitrary camera and human motion.

We demonstrate our method on a variety of real-world Internet
videos shot with a hand-held camera and depicting complex human
actions such as walking, running, and dancing. Our model predicts
depth with higher accuracy than state-of-the-art monocular depth
prediction and motion stereo methods. We further show how
our predicted depth maps can be used to produce various 3D
effects such as synthetic depth-of-field, depth-aware inpainting, and
insertion of virtual objects into 3D scenes with correct handling of
occlusion.

In summary, our contributions are: i) a new source of data for
depth prediction consisting of a large number of Internet videos in
which the camera moves around people “frozen” in natural poses,
along with a methodology for generating accurate depth maps and
camera poses; and ii) a deep-network-based model that makes use
of motion parallax cues from video sequences, and that is designed
and trained to predict dense depth maps in the challenging case of
simultaneous camera motion and complex human motion.

2 RELATED WORK

Learning-based depth prediction. Numerous algorithms, based
on both supervised and unsupervised learning methods, have
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Fig. 1: Our model predicts dense depth when both an ordinary camera and people in the scene are freely moving (right). We train
our model on our new MannequinChallenge dataset—a collection of Internet videos of people imitating mannequins, i.e., freezing in
diverse, natural poses, while a camera tours the scene (left). Because people are stationary, geometric constraints hold; this allows us
to use multi-view stereo to estimate depth which serves as supervision during training. In all figures, we use inverse depth maps for

visualization purposes, and refer to them as depth maps.

recently been proposed for predicting dense depth from a single
RGB image [5], [8], [9], [10], [23], [26], [28], [41], [50], [56],
[60], [63]. However, because these methods use a single RGB
image, they ignore useful motion parallax cues present in video
sequences. Some recent learning-based methods also consider
multiple images for depth estimation, either assuming known
camera poses [16], [58] or simultaneously predicting camera poses
along with depth [48], [62]. However, these methods assume that
the captured scenes are completely static. They are not designed
to estimate depth for dynamic objects, which is the focus of our
work.

Depth estimation for dynamic scenes. Depth information cap-

tured from RGBD sensors or stereo cameras has been widely used
for 3D modeling of dynamic scenes [1], [2], [7], [18], [20], [32],
[38], [51], [59], [66]. However, only a few methods attempt to
estimate depth from a monocular camera. Several methods have
sought to reconstruct sparse geometry for dynamic scenes using
either a single monocular camera [34], [44], [61], or multiple
unsynchronized cameras [49]. Russell ef al. [39] and Ranftl et
al. [36] suggest motion/object segmentation—based algorithms to
decompose a dynamic scene into piecewise rigid parts before
inferring depth ordering. However, these methods impose strong
assumptions about object motion that can be violated by articulated
human motion. More recently, Rematas et al. [37] predict depth
for moving soccer players using synthetic training data from FIFA
video games. However, their method is limited to soccer players,
and cannot handle general people in the wild.

RGBD datasets for learning depth. There are a number of RGBD
datasets of indoor scenes, captured using depth sensors [4], [6],
[43], [55] or rendered from synthetic data [45]. However, none
of these datasets provide depth supervision for moving people
in natural environments. In particular, several action recognition
methods use depth sensors to capture human actions [29], [33],
[42], [65], but most of these use a static camera and provide
only a limited number of indoor scenes. REFRESH [27] is a
recent semi-synthetic scene flow dataset created by overlaying
animated people on NYUv2 images. Here, too, the data is limited
to interior scenes and consists of synthetic humans placed in
unrealistic configurations with respect to their surroundings. The
resulting trained models thus have limited ability to generalize to
real scenarios.
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Fig. 2: Traditional stereo vs. our setup. Left: a person is observed
at the same time instant from two different views. The 3D position
of points can be computed using triangulation. Right: when both
the camera and the objects in the scene are moving, triangulation
is no longer possible since the epipolar constraint does not apply.

Human shape and pose prediction. Recovery of a posed 3D
human mesh from a single RGB image has attracted significant
attention [3], [11], [21], [24], [30], [35]. Recent methods achieve
impressive results on natural images spanning a variety of poses,
some of which can also model fine details such as hair and
clothing [12], [57], [57]. However, such approaches do not model
geometric relations between the people and the static parts of the
scenes. Finally, many of these methods rely on correctly detecting
human keypoints, requiring most of the body to be visible in each
video frame.

3 THE MANNEQUINCHALLENGE DATASET

The Mannequin Challenge [52] is a popular video trend in which
people freeze in place—often in interesting poses—while the
camera operator moves around the scene filming them. Thousands
of such videos have been created and uploaded to YouTube since
late 2016. These videos comprise our new MannequinChallenge
(MC) Dataset [25], which spans a wide range of scenes with people
of different ages, naturally posing in different group configurations



Fig. 3: Sample images from Mannequin Challenge videos. Each image is a frame from a video sequence in which the camera is
moving but the humans are all static. The videos span a variety of natural scenes, poses, and configurations of people.

(see Figure 3). To the extent that people succeed in staying still
during the videos, we can assume the scenes are static and obtain
accurate camera poses and depth information by processing them
with SfM and MVS algorithms. However, recovering accurate
geometry from such raw Internet videos is challenging, and requires
careful filtering of noisy video clips and individual frames in each
clip. After processing, we obtain around 2,000 candidate videos
from which we derive 4,690 sequences comprised of a total of
more than 170K valid image-depth pairs.

We now describe in detail how we process the raw videos and
derive our training data.

Estimating camera poses. Following a similar approach to
Zhou et al. [64], we use ORB-SLAM?2 [31] to identify trackable
sequences in each video and to estimate an initial camera pose for
each frame. At this stage, we process a lower-resolution version of
the video for efficiency, and set the field of view to 60 degrees (a
typical value for modern cell-phone cameras). We then reprocess
each sequence at a higher resolution using a visual SfM system [40],
which refines the initial camera poses and intrinsic parameters. This
method extracts and matches features across frames in the videos,
then performs a global bundle adjustment optimization. Finally,
sequences with non-smooth camera motion are removed using the
technique of Zhou et al. [64], as we observe that such sequences
often have erroneous camera poses.

Computing dense depth with MVS. Once the camera poses for
each clip are estimated, we then reconstruct each scene’s dense
geometry. In particular, we recover per-frame dense depth maps
using COLMAP, a state-of-the-art MVS system [41].

Because our data consists of challenging Internet videos that
exhibit camera motion blur, shadows, reflections, etc., the raw depth
maps estimated by MVS are often too noisy for use in training
a model. We address this issue with a careful depth cleaning
procedure. We first filter outlier depths using the depth refinement
method proposed by Li and Snavely [26]. We further remove
erroneous depth values by considering the consistency between
the MVS depth and the depth obtained from motion parallax
between pairs of frames. Specifically, for each frame, we compute
a normalized error  (p) for every valid pixel p:

(p) = iDmvs(P)  Dpp(P)i )
Dwmvs(P) + Dpp(p)
where Dpys is the depth map obtained by MVS and Dy, is
the depth map computed from two-frame motion parallax (see
Section 4.1). Depth values for which (p) > are removed,
where we empirically set = 0:2.
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Fig. 4: Effect of depth cleaning. (a-b) Raw MVS depth maps,
Dwmvs, may contain errors and outliers, especially in untextured
regions (see regions circled in yellow). (c) Our depth cleaning
method effectively filters out such erroneous depth values.

Figure 4 shows examples of MVS depth maps before and
after our proposed depth cleaning method. The regions circled in
yellow illustrate that our depth cleaning method can effectively
remove incorrect depth regions. Because these depth maps serve as
supervision during training, this filtering has a significant impact on
our model’s performance, as shown in our experiments (Sec. 5.2).
Figure 7 shows additional examples of our processed sequences
with corresponding estimated MVS depths after cleaning.

Filtering clips. Several factors can make a video clip unsuitable
for training. For example, people may “unfreeze” (start moving) at
some point in the video, or the video may contain synthetic graph-
ical elements in the background. Dynamic objects and synthetic
backgrounds do not obey multi-view geometric constraints and
hence are treated as outliers and filtered out by MVS, potentially
leaving few valid pixels. Therefore, we remove frames where
< 20% of pixels have valid MVS depth after our two-pass cleaning
stage.

Further, we remove frames where the estimated radial distortion
coefficient jk1j > 0:1 (indicative of a fisheye camera) or where
the estimated focal length is  0:6 or  1:2 (indicating that the
camera parameters are likely inaccurate). We keep sequences that
are at least 30 frames long, have an aspect ratio of 16:9, and have a






