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Abstract
There has been extensive progress in the reconstruc-

tion and generation of 4D scenes from monocular casually-
captured video. Estimating accurate camera poses from
videos through structure-from-motion (SfM) relies on ro-
bustly separating static and dynamic parts of a video. We
propose a novel approach to video-based motion segmenta-
tion to identify the components of a scene that are moving
w.r.t. a fixed world frame. Our simple but effective iterative
method, RoMo, combines optical flow and epipolar cues
with a pre-trained video segmentation model. It outperforms
unsupervised baselines for motion segmentation as well as
supervised baselines trained from synthetic data. More im-
portantly, the combination of an off-the-shelf SfM pipeline
with our segmentation masks establishes a new state-of-the-
art on camera calibration for scenes with dynamic content,
outperforming existing methods by a substantial margin.

1. Introduction
The segmentation of moving objects in a video, i.e. dis-
entangling object motion from camera-induced motion, is
a natural precursor to myriad downstream tasks and appli-
cations, including augmented reality [9], autonomous nav-
igation [12, 29], action recognition [47] and 4D scene re-
construction [43]. In this paper, we are particularly inter-
ested in motion segmentation as a means of improving the
robustness of structure-from-motion (SfM) methods (e.g.,
COLMAP [35, 36]). Moving objects are problematic, as
they violate the SfM rigidity assumption, greatly limiting the
videos to which SfM can be successfully applied.

Despite its potential application, the motion segmenta-
tion task has been somewhat under-explored compared to
image and video segmentation. There exist supervised meth-
ods [14, 50, 53], but given the scarcity of real-world an-
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Figure 1. We introduce a zero-shot motion segmentation method
for video based on cues from epipolar geometry (top right) and
optical flow. Our predicted masks (bottom left) help improve SfM
camera calibration on highly dynamic scenes (bottom right).

notated data, most such techniques rely heavily on syn-
thetic training data. There are unsupervised motion seg-
mentation methods [13, 22, 23, 51, 52], but these do not
exploit 3D geometric constraints, and tend to under-perform
supervised methods. Robust SfM pipelines for dynamic
scenes [5, 54, 55] exploit 3D geometric cues to identify
problematic correspondences on dynamic objects but pro-
vide sparse masks for moving objects rather than densely
segmenting entire objects.

This paper introduces a simple yet remarkably effective
iterative approach to motion segmentation (see Fig. 1). It
combines optical flow and 3D geometric cues, along with a
rich feature space from an off-the-shelf segmentation foun-
dation model to facilitate the inference of coherent moving
object masks. In particular, given camera pose estimates,
epipolar constraints can be used to predict which flow cor-
respondences are inconsistent with the estimated camera
poses [5, 19, 54]. These sparse outliers then anchor the
inference of segmentation masks for moving objects as a
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Figure 2. Epipolar matches (Sec. 3.1) – Using optical flow, we
detect Ut and Lt, which respectively capture the most likely dy-
namic and static parts of the scene. We use these cues in tandem
with semantic priors for obtaining full masks.

3. Method
Given a video sequence of images {It}Tt=1, our goal is to es-
timate the corresponding pixel binary motion masks {Mt},

Mu
t = 1(Iut ∈ D), (1)

where u are 2D pixel coordinates, and D is the set of pixels
of dynamic objects. We propose an iterative approach con-
sisting of two key steps: (1) identify likely static pixels by
considering optical flow between adjacent images in time,
and using epipolar geometry to identify pixels in the scene
whose movement can be explained solely by changes in cam-
era pose (see Sec. 3.1); (2) use these noisy labels together
with features from a pre-trained video semantic segmenta-
tion model to learn a classifier that produces higher-quality
and temporally stable segmentation masks (see Sec. 3.2).
Iterating these steps refines the estimated epipolar geometry
and, in turn, the predicted masks, resulting in further per-
formance improvements (see Sec. 3.3). Finally, to obtain
higher-resolution segmentation masks, we again leverage the
pre-trained video segmentation model (see Sec. 3.4).

3.1. Weak epipolar supervision
We start by pre-computing forward and backward optical
flow fields Ft→t+1 and Ft→t−1 using RAFT [40]. Optical
flow establishes a set of dense correspondences between two
frames such that x′t′ = xt+Ft→t′(xt). To remove noisy cor-
respondences (e.g. occlusion), we remove correspondences
that do not pass a cycle consistency: where Ft′→t(x′t′) does
not return x′t′ to its original position xt.

Robust fundamental matrix estimation. For a static scene,
if pairwise correspondences (xt, x′t′) were pixel-perfect, we
could employ the 7-point algorithm [39] to find the funda-
mental matrix Ftt′ , and estimate the relative camera pose of
the two frames. To account for spurious correspondences of
dynamic objects, we employ RANSAC [7] to robustly esti-
mate Ftt′ with a Median of Squares consensus measure [10].

Scoring flow correspondences. Having estimated the fun-
damental matrix Ftt′ , we can use it to evaluate the quality
of each flow correspondence (xt, x

′
t′) through epipolar ge-

ometry. To this end we use the Sampson distance [21, 33] as

Figure 3. Feature-based classifier (Sec. 3.2) – Feature space of
foundation models show strong objectness prior as shown by the
first three PCA components of the features. We leverage these
features to train our classifier on sparse and noisy labels from
epipolar supervision, generating coherent motion masks.

a linear approximation of the re-projection error:

Stt′(xt) =
|h(xt)>Ftt′h(x′t′)|2

‖d(Ftt′h(xt))‖22 + ‖d(Ftt′h(x′t′))‖22
, (2)

where h(.) is the homogeneous representation of a point, and
d(.) is the non-homogeneous representation. Using (2) we
can obtain a binary mask of points in It that are likely to be
static (Lt) and dynamic (Ut) as:

Lt = 1(max(St,t+1,St,t−1) ≤ θl) (3)
Ut = 1(max(St,t+1,St,t−1) > θu). (4)

where, to account for differences in camera speed variations
in scenes, we first compute the average L2 norm of flow per
image vt, and set the thresholds above as θu = 2 · vt and
θl = 0.01 · vt.

3.2. Feature-based classifier
The masks from (3) and (4) provide a sparse and noisy per
image-pair representation of the static/dynamic decomposi-
tion of a scene; see Fig. 2. Conversely, our objective is to
produce a dense, robust and temporally consistent pixel-by-
pixel estimate ofMu

t . To achieve this, we take advantage
of the well-behaved feature space of the pre-trained SAMv2
video segmentation model [30]. The intuition is that pixels
corresponding to the same object in a video should be close
in feature space, as these models are specifically trained for
object-level segmentation. Within this feature space, we
learn a lightweight classifier supervised with labels given by
(3) and (4); e.g., see Fig. 3. In particular, given image It,
we extract the corresponding feature map Gt from the last
layer of the SAMv2 encoder and train a shallow multi-layer
perceptronHθ to classify the feature space via the loss [32]:

Ltsup =κ(max(Ut −Hθ(Gt), 0))

+ κ(max(Hθ(Gt)− Lt, 0)), (5)

where Lt is the binary complement of Lt and the use of
max ensures thatH is only supervised at the pixel locations
activated in Ut or Lt. We add a Geman-McClure robust
kernel κ with a fixed temperature to make our solution more
robust to imperfections to the automatic selection of θu and
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Figure 4. Iterative refinement (Sec. 3.3) – Repeated fundamental
matrix estimation and motion prediction improves estimated camera
pose and masks, often converging after 2 iterations.

θl across sequences. We also regularize the MLP weights
via a Lipschitz regularizer Lreg proposed by [18], and train
across all time steps within a video sequence:

L(θ) = 1
T

∑
t

Ltsup(θ) + Lreg(θ). (6)

Once trained, motion masks are found by thresholding:

Mt = 1(Hθ(Gt) > 0.5) (7)

Dropping unreliable frames. In our datasets we observed
extreme situations where foreground objects completely oc-
clude the scene. This results in unreliable estimates of Ftt′ ,
and therefore low-quality pseudo-labels U and L for super-
visingHθ. We therefore drop frames where less than 50% of
pixels are marked as inliers; see the ablation in Section 4.4.

3.3. Iterative refinement
Once our classifierHθ is trained, the predicted masks better
approximate the moving objects than U and L as Hθ also
considers semantic appearance, rather than just epipolar ge-
ometry. Our iterative refinement entails the use of Hθ to
remove bad correspondences, re-computing the fundamen-
tal matrices, yielding improved masks U and L, and using
the updated masks to fine-tune Hθ from the previous step.
We find this approach reduces flickering in motion masks
when large dynamic objects briefly dominate frames, due to
the temporal consistency of input features to our classifier.
Two iterations produces optimal results, with minimal gains
beyond that; see Fig. 4 and ablation in Sec. 4.4.

3.4. Final refinement and super-resolution
As the feature maps Gt are of relatively low-resolution, our
segmentation masks are initially coarse. However, SAMv2
allows for coarse masks, points and boxes as input for frames,
and outputs temporally consistent fine-grained video segmen-
tation masks. We exploit this capability, and provide our
coarse masks from (7) to infer higher-resolution masks; see
Fig. 5 and the ablation in Sec. 4.4.

Frame Before SAMv2 After SAMv2

Figure 5. Final refinement (Sec. 3.4) – With SAMv2 we improve
the fine-grained details in the mask. In particular, note the finer
details around the fingers and the dress frills.

4. Results
In Section 4.1, we evaluate our method for motion seg-
mentation, comparing its performance against baselines. In
Sec. 4.2, we evaluate our method’s ability to improve camera
estimation with different SfM methods. Finally, in Sec. 4.4
we ablate different aspects of our method.

Implementation details. We use RAFT [40] to compute
optical flow between adjacent frames. SAMv2 [30] fea-
tures from the last layer of the image encoder are used for
training Hθ, which has 1 hidden layer with 8 neurons. It
is trained for 25 epochs per refinement iteration using the
Adam [11] optimizer with a 0.02 learning rate. We fix the
Geman-McClure temperature parameter τ2=0.01. Final re-
finement with SAMv2 alternates between using odd frames
to generate even frames masks and vice versa. Our pipeline
takes 4.67 s per frame on an A100, including SAMv2 feature
extraction (0.81 s), correspondence solve and MLP training
over 2 iterations (2× 1.52 s), and final refinement (0.75 s).

4.1. Motion segmentation
The task of motion segmentation has few dedicated bench-
marks. Prior works, such as Meunier et al. [23] and Yang
et al. [51], typically use a subset of established VOS bench-
marks to evaluate motion masks. As in prior works, we
report the Jaccard score (i.e. Intersection over Union (IoU)).

Datasets. We use FBMS59[25] as our main benchmark, con-
taining 59 videos with moving objects, camera motion, and
complete ground truth masks. We evaluate on its 30 desig-
nated evaluation sequences for baseline consistency. Due to
benchmark scarcity, we also evaluate on VOS benchmarks
DAVIS2016 [27] and SegTrackV2[16]. VOS bench-
marks usually annotate only the primary object rather than
all moving elements, which differs from our goal. How-
ever, we include results on these benchmarks to facilitate
comparison with previous work despite the fact that the
task is slightly different. Similar to previous works, we use
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Method Success All (8 scenes) COLMAP Subset (7 scenes) ParticleSFM Subset (5 scenes)
(% out of 8) ATE ↓ RPE-T ↓ RPE-R ↓ ATE ↓ RPE-T ↓ RPE-R ↓ ATE ↓ RPE-T ↓ RPE-R ↓

COLMAP 87.5% - - - 4.86 4.70 2.17 - - -
MonST3R 100% 8.00 4.78 2.25 8.92 4.90 2.39 6.51 4.22 2.20

ParticleSFM 62.5% - - - - - - 5.46 3.81 2.00
LEAP-VO 100% 13.12 5.03 3.86 13.00 5.55 3.25 14.65 5.12 4.69

COLMAP+OCLR-adap 37.5% - - - - - - - - -
Ours (COLMAP+RoMo) 100% 2.79 3.18 1.60 2.92 3.19 1.62 2.33 3.35 1.98

Figure 10. Evaluation on our dataset – SfM results on our challenging real-world dataset, including multiple human actors, high occlusion
and fast camera movements, shows that RoMo can improve a classic SfM method like COLMAP [35] to outperform the previous SOTA
methods on dynamic scene SfM. We also include subsets of scenes, where COLMAP [35] and ParticleSFM [55] do not fail.

uate on MPI Sintel [3] with the same protocol as
ParticleSFM [55] that removes invalid sequences (e.g.,
static cameras), resulting in 14 sequences. We show signifi-
cant improvement in camera trajectory prediction in terms
of RPE-R against SOTA methods. This is further confirmed
by our qualitative visualizations of camera trajectories.

Analysis (motion masking) – Figure 9. The comparison of
our masks on the MPI Sintel dataset to the other SoTA
dynamic SfM baselines, which use motion masking in their
method, verifies that our method has superior motion seg-
mentation performance on these scenes.

4.3. New “Casual Motion” dataset – Figure 10
Estimating the camera trajectory of video frames with both
camera and object motion is challenging. When an SfM
model fails on a scene it is ambiguous whether the failure is
due to the foreground motion, or to the lack of background
details and depth variation. Therefore, the best current bench-
marks aiming at the task of in-the-wild SfM, replicating ca-
sual captures, are synthetic, and do not capture the nuances
of the real world. To this end, we designed a capture method
using a mobile robotic arm that traces a repeatable trajectory
multiple times for in-the-wild SfM evaluation. We first cap-
ture a clean sequence which is free of any moving objects,
passing it to COLMAP to compute the ground-truth camera
trajectory. To confirm the validity of this ground truth we ver-

ified the photometric consistency of the COLMAP estimated
trajectories, and the repeatability of the trajectory of the
robotic arm; see supplementary material for details. We then
recaptured the same trajectory in a dynamic setup, which in-
cludes moving objects and people in the scene. This dataset
includes a range of moving object, occlusion rates, rigid
and deformable bodies, and indoor/outdoor scenes. Our new
dataset includes eight scenes, each with 40 to 50 frames, and
two modalities (static or dynamic). We capture videos with
the front camera of an iPhone12 attached to a Franka Emika
Panda [8] robotic arm controlled with Polymetis library [17].
We provide groundtruth motion masks, created with multiple
manual annotation rounds followed by SAMv2 [30].

Analysis. We evaluate RoMo paired with COLMAP on this
dataset, and compare to LEAP-VO, MonST3R, COLMAP
paired with OCLR-adapmasks and, for reference, COLMAP
without masks. The results in Figure 10 show that our
method outperforms all baselines both qualitatively and
quantitatively. Notably, ParticleSFM performs poorly
on 3 out of 8 scenes and COLMAP fails completely on one of
the scenes. Using the inaccurate masks from OCLR-adap
causes COLMAP to fail on 5 scenes. We include the aver-
age results for COLMAP and ParticleSFM on the sub-
sets where they succeed; see supplementary for a per scene
evaluation. We observe that dense tracks do not signifi-
cantly outperform SIFT features on this dataset, as the static
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