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Figure 1: Leveraging multi-view consistency at training time to segment the salient object from single images at inference
time and to outperform baselines exploiting temporal consistency [22], optical flow [53, 20] and novel view synthesis [37].

Abstract
Self-supervised detection and segmentation of fore-

ground objects aims for accuracy without annotated train-
ing data. However, existing approaches predominantly rely
on restrictive assumptions on appearance and motion.

For scenes with dynamic activities and camera motion,
we propose a multi-camera framework in which geometric
constraints are embedded in the form of multi-view consis-
tency during training via coarse 3D localization in a voxel
grid and fine-grained offset regression. In this manner, we
learn a joint distribution of proposals over multiple views.
At inference time, our method operates on single RGB im-
ages. We outperform state-of-the-art techniques both on im-
ages that visually depart from those of standard benchmarks
and on those of the classical Human3.6M dataset.

1. Introduction
Robust detection and segmentation of moving people

can now be achieved reliably in scenarios for which large
∗Work supported in part by the Swiss National Science Foundation.

amounts of annotated data are available. However, for less
common activities, such as skiing, it remains challenging,
because the required training databases do not exist. Self-
supervised approaches [10, 22, 5, 6, 8, 9, 37, 53, 28, 3, 31]
promise to address this problem. However, most of them
depend on strong constraints, such as the target objects be-
ing seen against a static background, or rely on object local-
ization and object-boundary detection networks pre-trained
with supervision, which limits their applicability.

In this paper, we propose to remove these limitations by
using a multi-camera setup for training purposes and explic-
itly encoding the 3D geometry of the scene. At inference
time, our trained network can then handle single images and
outperforms earlier techniques, as shown in Fig. 1. Our al-
gorithm can be applied to any object as long as the two as-
sumptions from [24] hold: foreground and background are
distinguishable by color or texture; every part of the back-
ground must be visible more often than not.

Using several cameras complicates data acquisition but
only in a limited way because both synchronization and cal-
ibration are well understood tasks for which off-the-shelf



solutions exist. In practice, for static cameras, this has to
be dealt with only once before a filming session using well-
known techniques [15, 12] and requires far less effort than
manually annotating images. For moving cameras, SLAM
methods are now robust enough to perform the calibration
automatically and fast in the wild [58, 51]. Hence, there are
many applications in which training with multiple cameras
makes perfect sense, especially those with unusual activities
for which large training databases are not available.

To leverage multi-view training data as weak supervi-
sion, we introduce the object proposal strategy depicted by
Fig. 2. Candidate 2D bounding boxes are produced by a net-
work that can be trained in an unsupervised fashion. They
are used to vote into a 3D proposal grid, and multi-view ge-
ometry constraints are then imposed to align proposals from
different views in a differentiable manner. To train the re-
sulting network, we sample a 3D proposal, deconstruct and
reconstruct the image in each view using the corresponding
2D bounding box, and compare the resulting resynthesized
images to the original ones.

While our self-supervised learning strategy leverages
multiple views during training, the resulting model can be
used for detection and segmentation in monocular images
acquired by moving cameras and featuring unknown back-
grounds. Our contributions can be summarized as follows.

• We introduce a self-supervised end-to-end trainable
object detection and segmentation approach that ex-
plicitly leverages 3D multi-view geometry as weak su-
pervision during training.

• It comprises a 3D object proposal framework that en-
ables to enforce prediction consistency across views
without having to introduce additional loss terms.

To show that our approach can handle unusual activ-
ities and fast motion, we demonstrate it on the skiing
dataset depicted by Fig. 1, captured by moving cameras,
on a small dataset acquired using hand-held cameras, as
well as on the more standard H36M dataset [18] acquired
using fixed cameras. Note that our multi-view supervi-
sion differs from weak supervision in video object seg-
mentation as it does not require any segmentation anno-
tation. Hence, our method relates to self-supervised ap-
proaches. We show that the proposed multi-view train-
ing increases single-image accuracy performance at infer-
ence time, which allows us to outperform state-of-the-art
single-view [22, 53, 9, 31, 20] and multi-view [37] ap-
proaches. Our code is publicly available at https://
github.com/isinsukatircioglu/mvc.

2. Related Work
Salient object detection and segmentation is a long-

standing problem in computer vision. In this section, we

Figure 2: 3D Proposal Grid. The consensus between indi-
vidual views is found on a 3D voxel grid (black) as a combi-
nation of 2D probabilities projected on the voxels (rainbow
colors). Once a coarse grid location is found, a fine offset
is found via offset prediction and 3D triangulation (purple
lines).

review the monocular and multi-view approaches that have
been proposed to solve this task.

Single View Approaches. Most salient object detection
and segmentation algorithms are fully-supervised [7, 16,
36, 42, 4, 27, 29, 40, 41, 55] and require large annotated
datasets containing pairs of images and labels. Our goal is
to train a purely self-supervised method without either seg-
mentation or object bounding box annotations. Note that
this differs from the so-called unsupervised object segmen-
tation methods that leverage either domain-specific anno-
tations during training but not at test time [35, 17, 19, 25,
26, 30, 47, 54, 49, 56, 57], or the label of the first frame at
inference time [50]. We focus our discussion on self- and
weakly-supervised methods with regard to the type of train-
ing data used.

As conventional methods relying on hand-crafted fea-
tures, recent methods train deep neural networks for object
detection [19, 52], optical flow estimation [45, 46], and ob-
ject saliency [25] using motion and appearance related cues.

Motion-based methods [23, 33, 11, 21, 48, 14, 22, 43, 53]
define the foreground object based on the region that moves
differently from the rest of the scene, and they integrate this
supervision through optical flow images and temporal con-
sistency. [22] combines the flow information with the recur-
rence property of the primary object in an image sequence
and identifies the matching segment tracks across frames
by extracting ultrametric contour maps. Similar to our ap-
proach, [43] assumes that the foreground is harder to model
than the background and while modeling the background by
a low-dimensional linear basis, the image parts this model
fails to explain are identified as the salient object. In con-
trast to [43], our method relies on the predictability of image
patches from their spatial neighborhood using deep neural



networks, can handle complex background motion and does
not require videos. Built upon [43], [9] trains an ensemble
of networks, which comes at the cost of requiring significant
amounts of additional data. In [20], an inpainting network
is trained to identify the regions that are harder to recon-
struct from the surrounding image patches and encodes and
decodes the content of this region to learn the scene decom-
position. [53] employs a similar inpainting network but on
flow fields obtained by [44] and aims to generate the mask
of a moving object in the region where the inpainting net-
work yields poor reconstruction. Methods based on deep
optical flow are not strictly self-supervised and can yield de-
generate solutions when applied to still images with no or
little movement. Recently, temporal information at differ-
ent granularities has also been used via forward-backward
patch tracking [31]. Note that these methods can only oper-
ate on video streams and exploit a strong temporal depen-
dency, which our model doesn’t.

Recent self-supervised methods that operate on single
RGB images employ generative models to detect the re-
gions that can be exposed to certain transformations with-
out changing the realism of the image [5, 6, 1, 3]. However,
these methods can easily be deceived by other background
objects whose random displacement or texture change can
still yield realistic images. In contrast to all of these tech-
niques, our approach works with single images acquired us-
ing a moving camera and with an arbitrary background.

Multi-View Self-Supervised Approaches. Other rele-
vant approaches include the generative unsupervised multi-
person detection and tracking methods proposed in [13, 2].
The former localizes and matches persons across several
cameras with overlapping fields of view using a grid of
candidate positions on the ground plane. The latter uses
a joint CNN-CRF architecture and Mean-Field inference to
produce a Probabilistic Occupancy Map (POM) as in [13]
but leverages discriminative features extracted by a CNN.
Both require background subtraction images as input and
can therefore only work with static cameras. Furthermore,
they exploit multiple views at inference time, whereas we
aim to perform monocular person segmentation.

Multi-View Self-Supervised Training for Single View In-
ference. Our work is closely related to [38, 37] in that
we do not use any segmentation annotation to learn the
foreground region. In [38, 37], novel view synthesis is
used in conjunction with multi-view synchronized videos
of human motions captured by calibrated cameras to learn a
geometry-aware embedding. In contrast to our approach, it
requires a known background to decompose the scene into
foreground and background regions. Hence, it cannot han-
dle scenes filmed by moving cameras. Here, we introduce
a method that works with a changing background. To this
end, we do not rely on novel view synthesis but instead ex-
ploit multi-view consistency by relating the 2D detections

of the multiple views to a common 3D capture volume.

3. Method
Our goal is to develop a self-supervised algorithm that

generates a bounding box and the corresponding segmen-
tation mask from a single image. However, whereas ear-
lier methods use videos from a single camera for training
purposes, we want to demonstrate that using calibrated and
synchronized cameras for training purposes increases per-
formance. Therefore, let us assume that we have videos
acquired by C > 1 calibrated and synchronized projective
cameras. For each c between 1 and C, camera c captures
image Ic and its behavior is modeled by a 3 × 4 projection
matrix Pc.

3.1. Multi-View Self-Supervised Training

Let us now turn to the task of exploiting such multi-
view data to train our detection and segmentation network.
Because we ultimately aim to perform single-view 2D de-
tection and segmentation, our approach produces bounding
boxes and segmentation masks for each individual view.
Nevertheless, we exploit multi-view geometry to better con-
strain the training process and enforce consistency across
the views. Furthermore, we do this without requiring ad-
ditional loss terms that would make the process more com-
plex and force us to carefully weigh these additional terms
against the original ones. To this end, our training algorithm
goes through the following steps

1. We use a network F to compute a probability map for
2D bounding boxes over an image grid for each view
c. These probability maps are used to vote in a 3D grid
for potential 3D locations of these bounding boxes.

2. We sample individual 3D voxels in that 3D grid ac-
cording to the resulting probability density. This cor-
responds to one 2D bounding box for each view.

3. We compute the 3D center and object height that best
agree with these 2D bounding boxes in a least-square
sense.

4. We project the resulting 3D center and height in each
view to define new 2D bounding boxes, keeping the
original width of the sampled boxes.

5. These boxes are then used to evaluate the loss function
associated to F in each image.

Multi-view consistency is achieved both by sampling the
3D proposal grid and adjusting the 2D bounding boxes.
Hence, we do not require additional losses to enforce con-
sistency. This is a central element of our approach because,
as observed in [39], such loss terms tend to favor degenerate
solutions that are consistent but wrong. This is something
our ablation study confirms. In the remainder of this sec-
tion, we describe these steps in more detail.



Figure 3: Single-view self-supervised segmentation. This
figure summarizes our starting point, the single view ap-
proach. It predicts 2D occupancy probabilities, an associ-
ated bounding box, and a foreground mask within this win-
dow. It is trained to reconstruct the input image by pasting
the foreground region underneath the mask on a background
image obtained by inpainting the predicted bounding box.

3.1.1 Bounding Boxes in Individual Views

Let us consider the network F of [20], which we use as the
backbone of our approach. It takes an image I ∈ RW×H×3

as input and resynthesizes it. In the process, it produces
a probability map over a grid, encoding for each cell i
the probability pi that a bounding box bi at this location
contains a person. As depicted by Fig. 3, resynthesis is
achieved by sampling a candidate bounding box, cropping
the corresponding image patch, and, in parallel, predict-
ing a foreground image Î ∈ R128×128×3 and a segmen-
tation mask S ∈ R128×128 from the crop, while inpaint-
ing the cropped region to generate a background image
Ī ∈ RW×H×3. We then re-compose the foreground crop
and the background image according to the segmentation
mask. Formally, this can be written as

F(I) =T −1(Î ◦ S) + Ī ◦ (1− T −1(S)), (1)

where T is the spatial transformer corresponding to the se-
lected bounding box, and ◦ is the element-wise multiplica-
tion. This allows one to trainF in a self-supervised fashion,
by comparing the reconstructed image to the input one.

3.1.2 Consistent Sampling using a 3D Proposal Grid

To link 2D detections across views, we construct a 3D pro-
posal grid with V voxels centered at the point nearest to the
optical axes of all cameras in the 3D world coordinate sys-
tem, as shown in Fig. 2. For each voxel j of that grid, we
compute its center vj ∈ R3, together with a probability of
occupancy qj , discussed below.

Since we know the camera matrix Pc for each image Ic,
we can project the center vj of each 3D voxel into it. The
projected center will fall into image grid cell ic(j) to which
F has associated a probability pcic(j), as discussed at the be-
ginning of Section 3.1.1. We repeat this operation over all

images and all voxels and sum the resulting log probabili-
ties for each voxel. We then normalize the resulting prob-
ability density over the 3D grid so that it integrates to one.
Formally, this can be written as

qj =
1

Z
exp

(∑
c

log(pcic(j))

)
, (2)

where Z is a normalization constant easily computed on a
discrete grid of finite dimensions.

To train our network in a self-supervised fashion, we
then sample one voxel location j according to the distri-
bution in Eq. 2. The sampled voxel then corresponds to one
bounding box candidate in each view, inherently encourag-
ing consistency across the views as illustrated in Fig. 4(a).
This consistency, however, is only a partial one because
each view still predicts the precise location and dimensions
of its own bounding box. Hence, the final bounding boxes
may still disagree. To prevent this, we explicitly enforce
geometric consistency as discussed below.

3.1.3 Enforcing Geometric Bounding Box Consistency

To enforce geometric consistency between the bounding
boxes from different views, we want to ensure that their
2D centers all match the same point in 3D and that their
2D heights correspond to the same 3D size. In other words,
we want to modify the bounding box locations so that the
new ones have consistent 2D centers and heights and we
want to achieve this with as little displacement as possible.
Since the cameras are often set in a rough circle pointing at
the subject, enforcing height consistency makes sense be-
cause the camera up directions are aligned. Only when the
camera angle varies, as in drone footage taken from arbi-
trary angles, should the height constraint be replaced. We
do not constrain the bounding-box width because the left-
right direction of cameras is not aligned unless the cameras
are parallel. This makes the width view dependent, as in
Fig. 1 where the skier’s projection is wider in some views.

In essence, we seek to project the bounding boxes to new
ones that satisfy the center and height constraints and that
will be used by the network to evaluate its objective function
during its forward pass. It is therefore essential that this
projection be differentiable such that the backward pass can
be carried out during training.

Adjusting Bounding Box Centers. As shown in
Fig. 4(b), we use the lines of sights defined by the 2D
centers of the bounding boxes, find the 3D point closest to
all of them, and use its re-projection into the images as the
modified center for the bounding boxes. For each view c,
the line of sight lc in image Ic can be expressed as

lc = M−1
c [uc, vc, 1]

T
, (3)



(a) Multi-view voting.

(b) Making the bounding box centers consistent.

(c) Making the bounding box heights consistent.

Figure 4: Finding bounding boxes that are view consis-
tent. (a) The blue dots overlaid on each view represent the
initial 2D probabilities and vote in the 3D grid along their
respective lines of sight. As a result, the yellow 3D voxel
becomes very likely to be sampled. (b) The red bounding
box drawn in each view is the initial prediction and the pur-
ple line of sight is going through the bounding box cen-
ter. The 3D center is the point closest to all these lines and
its re-projection in the images becomes the center of the
new bounding boxes, shown in green. (c) The red bound-
ing boxes represent the initial prediction and the purple and
orange lines indicate the line of sight going through the
bounding box top and bottom points. The 3D top and bot-
tom locations are taken to be the point closest to purple and
orange lines respectively. Their re-projection in the images
become the top and bottom middle points of the new bound-
ing boxes, shown in green.

where Mc is the 3× 3 matrix formed by the first 3 columns
of Pc and uc, vc are the 2D pixel coordinates of the bound-
ing box center in Ic. Hence, finding the point closest to all

the lc amounts to solving a least-squares problem, which
can itself be achieved by solving a linear system of equa-
tions and is therefore differentiable. In practice, we use a
differentiable least-squares implementation for this purpose
and provide its details in the supplementary material.
Adjusting Bounding Box Heights. As shown in
Fig. 4(c), we similarly use the midpoints of the top and
bottom parts of the bounding boxes in each view to predict
two new intersection points, one for the top and one for
the bottom of the bounding box in 3D. We then take the
distance between the re-projections of these points into
the image to be the new height of the bounding boxes. As
before, this is a differentiable operation.

3.1.4 Training

Because our 2D bounding boxes are made to be consistent,
we can train our network by minimizing the same loss as in
the single view approach of [20], except for the fact that we
jointly compute it over several images, and do not require
to introduce an additional loss to enforce consistency.

More specifically, we minimize the weighted sum of two
loss functions G(I1, . . . , IC) and O(I1, . . . , IC). G ac-
counts for the fact that a region containing a moving fore-
ground object is unlikely to be well re-synthesized by the
inpainter and is critical to train the network to place the
bounding box at the right location in each image. O gauges
how well F resynthesizes the complete original images and
is minimized when the segmentation mask fits the salient
object as well as possible within the sampled bounding box.
In practice, they are taken to be

G(I1, . . . , IC) = −
C∑

c=1

rj
‖Īc − Ic‖2

area(bc
ic(j))

, (4)

O(I1, . . . , IC) =

C∑
c=1

rj‖F(Ic)− Ic‖2 , (5)

where area(bc
ic(j)) ∈ N0 is the area of the bounding box

obtained by sampling voxel j and enforcing geometric con-
sistency. As in [20], the sampled voxel is obtained by im-
portance sampling, and rj is the ratio of the probability qj ,
from Eq. 2, by its importance sampling probability. In addi-
tion to these loss terms, as [20], we use an L1 prior on S to
favor a crisp segmentation, and compute Eq. 5 not only on
pixel color but also on learned features. Additional details
on the sampling, hyper-parameters, training and network ar-
chitectures are provided in the supplementary material.

3.2. Single-View Inference

Once trained using multiple views, our model can detect
and segment the salient object from single RGB images at
inference time without any further changes. We run our net-
work on the image and simply choose the 2D grid cell with



the highest occupancy probability. Its bounding box param-
eter estimations are fed into the spatial transformer T to
crop the region of interest, which is encoded into the corre-
sponding segmentation mask and foreground, and decoded
into the reconstructed image as illustrated in Fig. 3.

4. Experiments
Unlike that of [37], our self-supervised approach is de-

signed to work using multiple-cameras that can move. In
this section, we show that it does, yet outperforms [37] even
when the background is static. Furthermore, we show that
using multiple cameras for training purposes delivers the
hoped-for performance boost over state-of-the-art monocu-
lar approaches [22, 53, 9, 31, 20].

4.1. Images and Metrics

We first describe the image datasets we work with and
then the metrics we use for comparison purposes.
Images acquired using moving cameras. The Ski-PTZ
dataset of [39] features six skiers on a slalom course. We
use the official training/validation/test sets that split the
12 videos of six skiers as four/one/one, with, respectively,
7800, 1818 and 1908 frames. The pan-tilt-zoom cameras
constantly adjust to follow the skier. Nothing remains static,
the background changes quickly, and there are additional
people standing in the background. The cameras were cal-
ibrated using static scene markers without any markers or
keypoints on the skier’s body. We use the full image as input
and evaluate detection accuracy using the available 2D pose
annotations and segmentation accuracy of the 300 labeled
frames in the test sequences. To pick the hyperparameters,
we use 36 labeled validation frames (3 frames each from
six cameras and two sequences). Due to the large distance
between cameras and subject, the 3D proposal grid has 163

voxels with cuboid side length of 8 meters.
To demonstrate the applicability of our method to scenes

without an initial camera calibration, we use the Hand-
held190k dataset [20] captured by three hand-held cameras
that translate and rotate in an unscripted fashion. It com-
prises three training, one validation, and one test sequences.
They all feature one person performing actions mimicking
the human motions in an outdoor environment with a chang-
ing background. We used OpenSFM 1 to calibrate 4200
frames from the training set using and tested on the same
images as [20]. The 3D proposal grid has 163 voxels with
cuboid side length of 12 meters.
Images acquired using Static Cameras. To compare
against algorithms requiring a static background, we eval-
uate our approach in the more controlled environment of
the H36M dataset [18]. It was acquired using four static
cameras and comprises 3.6 million frames and 15 motion

1https://www.opensfm.org/

Ski-PTZ
Method J Score F Score Run-time (sec)

Chen et al. [6] 0.37 0.42 0.11
Stretcu et al. [43] 0.51 0.56 0.02
Lu et al. [31] 0.51 0.60 0.60
Katircioglu et al. [20] 0.61 0.67 0.24
Rhodin et al. [37] + [20] 0.61 0.70 0.23
Croitoru et al. [9] 0.62 0.72 0.15
Yang et al. [53] w/o CRF 0.61 0.71 0.32
Yang et al. [53] 0.67 0.77 1.12
Katircioglu et al. [20] w/ flow 0.69 0.79 0.24
Koh et al. [22] 0.70 0.80 107.4
Ours 0.71 0.83 0.17

Table 1: Segmentation results on the Ski-PTZ. We com-
pare against the state-of-the-art single-view approaches and
a modified version of the multi-view approach of [37].

classes. It features 5 subjects for training and 2 for valida-
tion, seen from different viewpoints against a static back-
ground and with good illumination. The 3D proposal grid
consists of 103 voxels, with cuboid side length of 4 meters.

Metrics. We report our segmentation scores in J- and
F-measure as defined in [34]. The former is defined as
the intersection-over-union (IoU) between the ground-truth
segmentation mask and the prediction, while the latter is
the harmonic average between the precision and the recall
at the mask boundaries. The detection scores are calculated
in terms of mAP0.5, the mean probability of having an IoU
of more than 50%. Different segmentation algorithms set
the foreground-background threshold differently. Hence, to
allow a fair comparison, we perform a line search from 0 to
1 with a step-size of 0.05, selecting the optimal value for all
baselines and variants for each individual dataset.

4.2. Comparative Results with Moving Cameras

Fig. 5 depicts qualitative results on the Ski-PTZ dataset
and we report the corresponding quantitative results using
4 cameras in Table 1, in which we use the scores reported
in [20] for the baselines. 2

We outperform all existing single-view self-supervised
segmentation approaches [22, 53, 9, 20, 43, 6, 31] while be-
ing comparatively fast. For completeness, we also report
results for [53] without CRF post-processing. This shows
that a great deal of the method’s performance comes from
such post-processing, which we do not require. Note that,
in contrast to [20] with flow and [22], our approach does
not require computing optical flow. Unlike DAVIS [34],
our datasets feature large camera motions with quick back-
ground changes, which causes methods such as [31] to often
merge portions of the background and the human.

The only other self-supervised multi-view approach for
which a public implementation is available is that of [37].
Unfortunately, it requires background images as an input,

2The implementations of [20] and [31] were provided by the authors.



(a)Input/Ours detection (b) Yang et al. [53] (c) Koh et al. [22] (d) Katircioglu et al. [20] (e) Ours (f) GT

Figure 5: Qualitative results on the Ski-PTZ dataset. (a) Input images with our predicted bounding box overlaid in red.
(b,c,d) Segmentation masks predicted by three of our baselines. (e) Our segmentation mask prediction. (f) Ground truth
segmentation mask. Note the quality of our predicted masks even though, unlike the methods of [22] and [53], we do not use
explicit temporal cues at inference time.

which are not given in this case and are not trivial to cre-
ate because the cameras rotate and zoom. To do so anyway,
we use the single-view approach of [20] to produce back-
ground images that we can feed to the network of [37] for
multi-view training. As can be seen in Table 1, this modi-
fied version of [37] does slightly better than [20] in F score
terms but remains far behind our method. The method that
comes closest to ours is that of [22], which operates on the
whole sequence and is therefore prohibitively slow as dis-
cussed below. By contrast our approach operates on a single
image and does not require motion information.

The inference times for each method are shown in the
last column of Table 1 and computed using code that is ei-
ther publicly available or that the authors made available to
us privately. All except those of [43, 22] were obtained us-
ing a single NVIDIA TITAN X Pascal GPU. Since [43, 22]
are designed to run on CPU, the inference for them is com-
puted on Intel(R) Xeon(R) Gold 6240 CPUs. The tailored
optimization approach of [22] that comes closest to our re-
sults is three orders of magnitude slower than our approach
because it tracks several patches over time. Unlike [53], our
method does not require optical flow computation or CRF
post-processing which brings a five-fold speedup. Our com-
putational complexity is similar to that of [20, 37] since the
triangulation time is negligible. The training time of our
model on the Ski-PTZ is approximately 8 hours whereas
that of [37] and [20] are 14 and 7.5 hours, respectively.

We also evaluate our method on Handheld190k trained
using 4200 images from multiple views and compare
against the network of [20] trained using the same 4200 im-
ages. We obtain a J-score of 0.66 instead of 0.64 and an
F-score of 0.77 instead of 0.71, again showing the impor-
tance of multi-view consistency. Our method benefits from
multi-view information obtained in an automated off-the-
shelf manner, particularly in tightly fitting to the subject, as
shown in Fig. 6. In short, the improvement demonstrated

(a) Katircioglu et al. [20] (b) Ours (c) GT

Figure 6: Qualitative results on the Handheld190k
dataset. (a) The detection and segmentation mask results
of [20] trained and tested on single images. (b) The predic-
tions of our model trained using 3-camera multi-view con-
sistency and tested on single images. (c) Ground truth. Our
results are generally more accurate, which justifies the ef-
fort invested in calibrating the cameras.

H36M
Method Training Type Background Assumption mAP

Katircioglu et al. [20] single-view dynamic 0.57
Rhodin et al. [37] multi-view static 0.71
Ours multi-view dynamic 0.85

Table 2: Comparative results on the H36M dataset. Our
detection accuracy improves in terms of mAP0.5.

here highlights the previously untapped potential of multi-
view constraints for self-supervised segmentation.

4.3. Comparative Results with Static Cameras

In the previous example, we had to modify the multi-
view self-supervised algorithm of [37] to make it work on
images with a moving background. To evaluate the origi-
nal version instead, we compare on the H36M dataset and
report the results using again 4 cameras in Table 2. As in
the Ski-PTZ case, we outperform it and, this time, the dif-
ference cannot be caused by any background modification
we made. This is somewhat surprising because the method



(a) Katircioglu et al. [20] (b) Rhodin et al. [37] (c) Ours (d) GT

Figure 7: Qualitative results on the H36M dataset. (a)
The detection and segmentation results of [20] trained and
tested on single images. (b) The results of [37] trained with
a pair of camera views and tested on single images. (c) Our
predictions obtained from the model trained with the 4-cam
multi-view consistency and tested on single images. (d)
Ground truth. Our method consistently detects the person
whereas [20, 37] occasionally produce inconsistent results,
such as the failed detections in the last row.

# Cam Ours w/o VC Ours w/o HC Ours w/ TC Ours w/ WC Ours

2 0.66 0.67 0.66 0.61 0.66
3 0.68 0.70 0.68 0.68 0.71
4 0.68 0.70 0.67 0.68 0.71

J
Sc

or
e

5 0.67 0.67 0.67 0.68 0.69
6 0.66 0.70 0.67 0.67 0.68

2 0.73 0.73 0.73 0.65 0.75
3 0.75 0.77 0.75 0.74 0.81
4 0.75 0.79 0.75 0.77 0.83

F
Sc

or
e

5 0.74 0.74 0.74 0.75 0.78
6 0.73 0.78 0.73 0.74 0.76

Table 3: Ablation study on the Ski-PTZ. We test variants
of our approach while using varying numbers of cameras.

# Cam Ours w/o VC Ours w/o HC Ours w/ TC Ours w/ WC Ours

2 0.73 0.74 0.74 0.73 0.75
3 0.78 0.80 0.79 0.79 0.82

m
A

P

4 0.79 0.83 0.82 0.84 0.85

Table 4: Ablation study on the H36M dataset. We test
variants of our approach while using varying numbers of
cameras.

of [37] assumes a constant static background, which is the
case here, whereas ours is learned without any such con-
straint. We attribute this result to the explicit consistency of
bounding box positions in 3D and the background inpaint-
ing constraint. The latter triggers when part of the subject
is outside the bounding box leading to correctly segmented
legs while the method of [37] has trouble distinguishing the
skin and floor color when in shadow, as depicted in Fig. 7.
See additional qualitative results in the supplementary.

In Table 2, we also report the result of [20], that is, our
backbone network run on single views. The performance
drops, which once again highlights the usefulness to exploit
multiple views for training when they are available.

4.4. Ablation Study

We compare the following variants of the multi-view
constraints of Section 3.1: Ours denotes the full model

3D Grid Size Ski-PTZ J-Score

[10× 10× 10] 0.64
[16× 16× 16] 0.68
[24× 24× 24] 0.66

3D Grid Size H36M mAP0.5

[6× 6× 6] 0.76
[10× 10× 10] 0.79
[16× 16× 16] 0.76

Table 5: Influence of voxel resolution. The numbers in
square brackets indicate the number of voxels in the 3D pro-
posal grid and we use 4 cameras.

that employs all the steps shown in Fig. 4. Ours w/o HC
excludes the bounding box height consistency depicted by
Fig. 4 (c). Ours w/o VC leaves out both the center and height
adjustment of Fig. 4 (b,c) and enforces only consistent sam-
pling. Ours w/ WC imposes a bounding box width consis-
tency in addition to the full model. Finally, Ours w/ TC is a
baseline that replaces the view consistency with a triangula-
tion loss minimizing the distance between the lines joining
the centers of the camera and predicted 2D bounding box.

In Table 3 and Table 4 we report results as a function of
the number of cameras we used. We can use only 2 cam-
eras but the best results are obtained for 3 or 4. Beyond
that, additional cameras add little new information while
taking more space in the training batches, resulting in less
diverse batches and lower performance. The numbers for
the different variants in Fig. 4 show that all the elements we
have incorporated into our approach contribute positively
and that the one we have purposely ignored—constraining
the width—would degrade performance. Crucially Ours
w/ TC also performs worse, hence substantiating our claim
that imposing consistency constraints using the projection
mechanism of Section 3.1.3 is crucial to our success.

We also analyzed the influence of the voxel resolution on
the reconstruction accuracy. Table 5 shows that a 103 cube
is more accurate than a 63 cube while going to a 163 does
not bring further improvements in H36M dataset. The 0.01
lower mAP may indicate that learning a discrete distribu-
tion on the 3D grid may be less efficient on larger spaces.
However, as the ski footage covers a wider area, a 163 cube
yields the best performance on the Ski-PTZ.

5. Conclusion

We have presented a self-supervised detection and seg-
mentation technique that exploits multi-view geometry dur-
ing training to accurately separate foreground from back-
ground in single RGB images at inference time. It out-
performs the state-of-the-art on the challenging Ski-PTZ,
depicting unusual activities captured with moving cameras,
and on H36M, acquired with static cameras. We have fo-
cused on scenes with a single salient object. However, our
method has the potential to handle multiple objects by sam-
pling more than one proposal as long as they are not over-
lapping. Our future work will be in this direction.
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