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Abstract

Segmentation of the main object in videos is a fundamen-
tal problem in computer vision with broad applications in
autonomous driving, robotics, surveillance, and much more.
This work explores the integration of optical flow into video
object segmentation, building upon the limitations of exist-
ing methods. Our work combine ideas from state-of-the-art
papers, empathizing the usage of optical flow by introduc-
ing a novel consistency loss based on optical flow warping.
Experiments on benchmark datasets, such as SegTrackV?2,
show potential improvements in video object segmentation.
We show experimental results and identifies potential areas
for further improvement.

1. Introduction

Segmentation of the main objects in a video is a funda-
mental and challenging problem in computer vision, with
profound implications for a wide range of applications in-
cluding robotics, autonomous driving, surveillance, social
media, augmented reality and many more. Numerous meth-
ods have been proposed and explored in the literature, start-
ing from traditional computer vision and machine learning
techniques such as Saliency-Aware Video Object Segmen-
tation [23] to more recent state-of-the-art approaches us-
ing deep learning, such as Treating Motion as Option with
Output Selection for Unsupervised Video Object Segmen-
tation [5].

Supervised video segmentation has witnessed significant
progress over the years, for example, Learning Video Ob-
ject Segmentation from Static Images [7] which introduced
the use of convolutional neural networks (CNNs) for video
segmentation had an impressive result. However, these pa-
pers rely on having large annotated datasets which are very

expensive and time-consuming to annotate.
To overcome this limitation, unsupervised video segmenta-
tion witnessed big attention. Methods such as [13, 24, 26]
have significantly improved the result in the unsupervised
setting. However, due to the lack of the temporal informa-
tion of the objects in motion these models fail to connect
the objects in different time frames and thus result in poor
performance of video object segmentation.
One of the tools that greatly improved the performance
of unsupervised video segmentation is optical flow. Opti-
cal flow is a fundamental concept in computer vision and
a powerful tool for characterizing the motion of objects
within a video sequence by providing a dense represen-
tation of pixel motion between consecutive frames offer-
ing dynamic insights into motion patterns within video se-
quences. The recent advanced deep learning methods which
are successful in achieving accurate optical flow features
are [10,14,15,20,21]. Among these methods that are widely
used in the deep learning literature for usage of the opti-
cal flow features are Recurrent All-Pairs Field Transforms
(RAFT) model [21] and Augmentation as Regularization
Flow (ARFlow) model [10].
The works that explored the utilization of the optical flow-
based features for video object segmentation are [4, 6, 9,
, 18,22,25]. Among them the notable methods that
utilized the optical flow features in an unsupervised set-
ting are Object-Centric Layered Representation (OCLR)
[25], Guess What Moves (GWM) [6], and Semi-Supervised
Learning based Video Object Segmentation (SSL-VOS)
[18]. These methods share a common ideology of guid-
ing the segmentation of the objects of interest through their
motion information by utilizing the optical flow features.
Our work builds upon the recent work of SSL-VOS and
GWM by combining ideas from both of them. By analyzing
the failure cases of these method, we note that GWM fails



to be consistent as it’s an online method that rely on one
frame only to predict the segmentation without any infor-
mation from adjacent frames. On the other hand SSL-VOS
perform a global optimization over the whole video frames
together, so we can see more consistency between adjacent
frames but the segmentation masks are not good.

We propose to use the GWM network to get the powerful
segmentation network, and instead of using one frame at
time, we process at least two adjacent frames so that we can
leverage the optical flow between them and define a consis-
tency loss between them.

2. Related work

Our work aims to combine ideas from state-of-the-art
methods, in this section, we discuss the relevant work of
recent unsupervised video segmentation and optical flow
methods. Then, in the next section, we study the failure
cases for some of these methods.

2.1. Unsupervised video segmentation

One of the recent stat-of-the-art method in the unsuper-
vised video segmentation setting is OCLR. The authors of
OCLR [25] introduce an Object-Centric Layered Represen-
tation (OCLR) model for discovering and segmenting mul-
tiple moving objects and inferring their mutual occlusions
from optical flow alone. The architecture of OCLR consists
of a CNN backbone, a transformer encoder, and a DETR [1]
based decoder followed a layer ordering to perform amodal
segmentation. The model is trained in a supervised manner
over synthetic data and is finally implemented over the real
world data.

On the other hand, SSL-VOS [18&] propose a novel objec-
tive based on spectral clustering for efficient video object
segmentation. The method relies on appearances based fea-
tures from models like DINO [2] etc, and optical flow fea-
tures like RAFT [21], Arflow [10], etc. With these appear-
ance features and optical flow features the authors construct
an affinity matrix which is used for object segmentation
from videos, after a global optimization of the proposed ob-
jective function.

GWM [6] takes a unique approach by combining motion-
based and appearance-based segmentation. It supervises an
image segmentation network by predicting regions likely to
contain simple motion patterns, indicative of objects. This
supervision is accomplished by estimating the motion of ob-
jects in a video. In GWM, optical flow plays a role as in-
direct supervision, guiding the model in identifying regions
with distinct motion characteristics.

All of these methods aim to perform video object segmen-
tation, but they diverge in how they incorporate optical flow
features. OCLR directly uses optical flow as input to the
network, while GWM employs optical flow as indirect su-
pervision. In SSL-VOS, optical flow features are integrated
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Figure 1. Failure case of reflection problem

into an affinity matrix, contributing to object segmentation
decisions across different temporal frames. These nuanced
differences highlight the versatility of optical flow in guid-
ing various aspects of the video object segmentation pro-
cess.

2.2. Optical flow

One of the standard methods for optical flow estimation

is RAFT [21], which is an advanced deep learning model
for optical flow generation. It operates by extracting fea-
tures on a per-pixel basis, constructing multi-scale 4D cor-
relation volumes for all pixel pairs, and continually refining
the flow field through an iterative process. This refinement
is achieved through a recurrent unit that leverages the corre-
lation volumes to perform look-ups and update the optical
flow information.
Another fundamental method inspired by classical energy-
based optical flow methods is UnFlow [16]. The authors
first compute bi-directional optical flow by performing a
second pass with the two input images exchanged. Then,
a loss function is designed to leverage the bidirectional flow
to explicitly reason about occlusion and make use of the
census transform to increase robustness on real images.

3. Failure cases of state-of-the-art methods

We start our work by analyzing the failure cases for some
state-of-the-art methods. One of the main failure case we
noticed in OCLR and GWM is that the method confuses
the main object with its shadow or its reflection, and predict
them as part of the object. For example, Figure 1 show one
case of this, where OCLR and GWM predict the reflection
of the blackswan on the water as part of the segmentation.

We also observed a case where SSL-VOS confuses the
main object with different instances of the same object. For
instance, when we have several people near each other, the
method fails to capture the main object as shown in Figure
2. We believe this mainly due to the fact that SSL-VOS uses
clustering on the extracted DINO features, which are very
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Figure 3. Failure case of consistency problem

similar for different instances of the same object.

In both of these cases, the result of GWM was really good,
as it uses a powerful segmentation network that can easily
differentiate the main object. However, the problem with
GWM is that it’s not consistent across adjacent frames as
it’s an online method. We can see that clearly in Figure
3, where the previous frame had a correct segmentation of
the person but then it misses it completely on the shown
frame. Another problem we observed with GWM is that,
the network itself doesn’t learn to differentiate the back-
ground from the foreground, and it uses the ground truth
to determine which one is which. And without using the
ground truth, we have many inconsistencies between ad-
jacent frames. Figure 4 shows an example of that, even
though we have a reasonable segmentation of the main ob-
ject, the method predict the background as the foreground.

4. Technical Section
4.1. Overview

Our work explores how to use optical flow to improve the
unsupervised video segmentation. We begin by introduc-
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Figure 5. Result of warping mask with optical flow

ing important techniques used in the literature to use optical
flows in different tasks. Then, we proceed to elaborate on
the particulars of our method.

4.2. Segmentation Mask refinement

With the goal of including the global optimization ap-
proach from SSL-VOS to improve upon the GWM ap-
proach, we first experimented on the final predictions of
GWM to see the effect of using the optical flow warping
function from SSL-VOS. The idea was to fix large holes
in the segmentation of the object that most often occurred
in videos with rapid movement. Our assumption was that
optical flow from one frame to another would capture the
movement and therefore warping the mask from ¢ to ¢ + 1
could replace the missing segmentation pixels. As Figure
5 shows, simply warping the mask does indeed enlarge the
segmentation mask, but in a way that the segmentation mask
is doubled and one is on top the other slightly shifted since
we do not account for occlusions in the optical flow.
Occlusions in the optical flow are discrepancies of present
pixels in two frames. Depending on the movement and
the environment, pixels can vanish or appear between two
frames, therefore becoming occluded in either forwards or
backwards optical flow. The following section describes our



additional approaches on improving upon the final GWM
predictions using the optical flow warping function while
minding occlusions in the optical flow.

4.2.1 Optical flow occlusions

The criteria we used to determine if a pixel becomes oc-
cluded is in accordance with the method of the UnFlow pa-
per [16]. An important change to note is that we switch the
semantic of 1 and O for a pixel being occluded, the reason
becomes evident with the following steps. For a pixel in
the occlusion mask 0£ in the forward direction, it is evalu-
ated as 1, therefore considered as not occluded, whenever
the constraint

lw! (z) + wb(z + w' (2))|? <
a1 (Jw! (@) + b (@ + w! (2)* + a2) (1)

holds and 0O otherwise.

4.2.2 Initial refinement

In a first attempt to improve the mask estimates using the
warping function and optical flow we tried to improve the
mask estimates in the following manner, referring to it as
initial refinement. Let mask§"™ be the mask estimate from
the GWM pipeline, 0{ , 0% the occlusion mask at timestep ¢
in the forwards and backwards direction respectively and
wf, w’ the forwards and backwards warping function in
accordance with the SSL-VOS method. Initial refinement
describes to the following method:

refinedMask, 1 = w’ (0] A mask§"™) v masks}}

2

4.2.3 Weighted average refinement

The approach in our initial refinement has an obvious flaw
which is that it only can add segmentation pixels, never
delete them for an improved segmentation mask. This way
however we do not use the complete information of previ-
ous and following segmentation masks. Therefore, we tried
a weighted average of pixels for each pixel, determining
with the previous masks ¢ — gap and the following ¢ + gap
if at a given pixel z it is part of the segmentation mask or
not. This way we improve the initial refinement method to
adjust the segmentation mask in both ways: adding and re-
moving pixels of the segmentation mask.

Propagated masks for each gap € gaps = {1,2,3,... }:

prop{—gap—nﬁ = wf (0{—9(1[) A maSk%Yr;ap)

b _ b b gwm
propt+gap~>t =w (Ot+gap A maSkt+gap) (3)

Occlusion masks:

Ofew = w (0] 1) O
Ozr)zew = wb(ongl) (5)
Weighted average for each pixel x:

max(gaps) 1

Z ?(prop{—{qap(x)

%
b
+ propt—&-gap—ﬂ)

max(gaps)

normalizer, = g
J

weightedSum,, =

1
?(O{zew (:Z?) + Of},ew) (6)

Pixel x for timestep t holds either 0 or 1 according to:
{1 if weightedSumg > 0.5
Ty =

normalizer, (7)
0 otherwise

4.3. Method
4.3.1 Method Overview

The core of our method is to refine the unsupervised video
segmentation by using optical flow. To exploit this idea,
we modify the GWM pipeline to take two adjacent frames
instead of one, to leverage the optical flow between them.
Figure 6 shows our overall pipeline, by utilizing the seg-
mentation network from GWM and modifying it to take an
input of two frames, ¢ and ¢ 4+ 1, we can make use of the
optical flow warping function to define a consistency loss
between the two frames to refine the predictions. We dis-
cuss this in more details below.

4.3.2 Consistency Loss

Intuitively, segmentations of two consecutive frames, ¢ and
t + 1 should be close to each other, and mask estimate of
frame ¢ should map to the mask estimate of frame ¢ 4+ 1 by
warping the forward flow on the first frame ¢. Vice versa,
frame mask estimate of ¢ 4+ 1 should map into the mask
estimate of ¢ by warping the backward flow on the second
frame ¢ + 1.

Consequently, we define a forward and backward loss to
account for difference between the original prediction and
estimate obtained by using optical flow warping as follows:

Lfwa = CE(w? (mask®™™), mask&}T))

Liowd = C’E(wb(mask‘fff), mask$™™))

Where C'E(.) denotes the cross-entropy. Finally, we de-
fine our consistency loss as the sum of the forward and
backward loss:

Lconsistcncy = Efwd + ﬁbwd
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Figure 6. Our main method

5. Experiments

To evaluate our method, we conduct experiments in the
setting of unsupervised video segmentation. The task is to
track the main object in each frame of the video, given no
annotated frames at all. First, we describe the datasets we
use for comparison with other methods. Then we discuss
our experiments and and provide a comprehensive analysis
of the results.

5.1. Datasets

We compare our method and state-of-the-art methods
on two standard benchmarks: DAVIS2016 [17], and Seg-
TrackV2 [8]. DAVIS2016 is a densely annotated video ob-
ject segmentation dataset, featuring 50 sequences and 3455
frames in total, captured in 1080p resolution at 24 FPS with
precise annotation of a primary moving object at 480p. Seg-
TrackV2 is a densely annotated dataset of 14 sequences
with 976 frames in total. Some videos feature multiple ob-
jects and they have multiple challenges such as motion blur,
deformations, interactions, and objects being stat.

5.2. Applying optical flow with occlusion masks on
output of GWM

To start, we evaluated the usage of warping optical flows
on the GWM predictions, taking into account occlusions
to refine masks. For this we used the methods previ-
ously described in Section 4.2. Table | shows the average
IoU achieved using the initial refinement method and the
weighted average method using the previous and next frame
and also using the previous two frames and the next two for
the final mask refinement, indicated by the ranges accord-

ingly. From the table it becomes clear that our approaches
do not improve the segmentation masks, with a substantial
decline with the initial refinement and the weighted average
of four images.

As briefly mentioned in 4.2, the initial refinement method
we used has the flaw that it is unable to decrease segmen-
tation mask pixels. It can only increase the number of
pixels and does this exceeding the actual need to improve
the mask. Even with the optimal parameters « and o
found through grid search, the large increase of segmen-
tation mask cannot be mitigated. Since this method over-
shoots, it worsens the IoU score from an average of 79.5%
over the DAVIS dataset to 72.3%, instead of improving it.
With this flaw in mind we tried a weighted average of mul-
tiple mask estimates, taking previous and following frames
into account. However the results suggest that it does not
improve the segmentation results either. On further inspec-
tion it becomes evident why this could be the case. Our
method uses a weighted average over the original GWM
mask estimate, the previous and following mask estimates.
Self-occlusions in the occlusion masks, rapid movement
and motion around the object’s own axis lead the weighted
average to create holes in the segmentation mask, therefore
worsening the initial mask estimate. As can be seen in Ta-
ble 1, the more images are taken into account the worse
the effect on the segmentation mask. In this case, even if
the object is moving rather slowly, as in the example of the
blackswan 5, the weighted average takes too many previ-
ous and following frames into account such that the overall
mask is stretched in both directions. Therefore, in all our
approaches we overshoot our goal to fix missing sections
in the segmentation of the main object which result in an



overall worse score.
5.3. Applying optical flow warping iteratively

To extend the first experiment for our approach, we eval-
uate optical flows warping on GWM prediction iteratively.
That is, we start with the binary mask output from the GWM
method (here we use the output from the network before the
spectral clustering step), and then we use the optical flow
warping function to refine the current prediction. In this ex-
periment, we use the forward flow on previous frame and
backward flow from next frame, to refine the current frame.
So, for the three frames mask$" ], mask:"" and maskf_vfln,
we update mask:"" as follow:

o -mask§™™ + (1 — @) - (w’ (mask$™) + w®(mask$}T))

As we can see in Figure 7, the result does seem to get
better after 1 iteration, but after that, a lot of noise start to
spread around the object. We also noticed similar result on
our other experiment 5.4, and we will be discussing this
problem in more details in subsection 5.5.

GT Original Prediction

After 1 iteration After 2 iterations

After 8 iterations

After 4 iterations

Figure 7. GWM prediction refining with optical flow

5.4. Training GWM with Consistency Loss

The main experiment for our method as discussed in 4.3,
is to train the GWM network with two images at a time
and define a consistency loss between them. That is, we
feed two images to the network and get two predictions. We
then use the optical flow between the two frames to refine
the predictions.

Implementation details. We mainly use the setup of
GWM. That is, we use MaskFormer [3] decoder with minor
modifications to output same resolution as input. While it
leverages a ViT-8 transformer, pretrained on ImageNet [19]
in a self-supervised manner using DINO [2] to avoid any ex-
ternal sources of supervision. The networks are optimised

using AdamW [12].

As mentioned before, GWM original network output 4
masks and perform spectral clustering as a post-processing
in their original setup to get the foreground and background.
In order to fine-tune the network with our method, we train
a new model that output only 2 masks with their default
configurations, that is using a learning rate 1.5 - 10~% with
a schedule of linear warm-up and polynomial decay after-
wards.

Then for our experiment, we use two images in a forward
pass to define our loss on the output of the two images. We
did many experiments with different settings, the best result
we got is by freezing the backbone and only fine-tuning the
decoder while continuing to use GWM optimizer and learn-
ing rate setup.

Result discussion. To investigate the impact of our ap-
proach, we discuss our method result on the bmx video from
SegTrackV2. Figure 8 shows the IoU evaluation curve for
this video. We get an improvement from 63 to 72 in about
500 iterations. However, the IoU start dropping very badly
after about 600 iterations.

To investigate this further, Figure 5.4 shows how our
method update the prediction for frame 16 from this video
over different iterations. As we can see, in the original pre-
diction, the person segmentation is almost missing, but after
80 iterations, we start to refine the head of the person in our
prediction. After about 550 iterations, the person segmenta-
tion is almost there, but we start to see a lot of noise around
the object. After 700 iterations, we can see that we’re us-
ing the boundaries of the object segmentation, and the noise
start to spread completely. This match our result from ex-
periment 5.3, and we are going to discuss this problem in
the next section.

For qualitative result, we evaluate our experiment on Seg-
TrackV2. Our baseline here is the GWM model that we
trained on SegTrackV2 that output 2 masks only, this base-
line achieve an evaluation IoU of 63.6 on the SegTrackV2
dataset. Table 2 shows the result of our method on several
videos separately and the sum over all of them. Overall, we
didn’t get much improvement over the whole dataset, but
for some videos we get around 10% improvements, which
shows the potential of our method.

5.5. Analysis and future work

In this section, we discuss the problems we observed
with our method and suggest next steps for how we think
it can be improved.

Failure analysis. As we saw from experiment 5.3 and ex-
periment 5.4, we have a big issue of noise spreading around
the main object segmentation. As previously stated, we fol-
low the work of SSL-VOS and GWM, so we use the warp-
ing function and pre-computed optical flows from SSL-
VOS. In the SSL-VOS paper, they do some post-processing
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Table 1. Average IoU for each refinement method used on the listed datasets, compared with the IoU of GWM

Sequence ‘ GWM (2 masks) ‘ Ours
Soldier 72.4 75.9
Hummingbird 62.7 71.6
Bmx 64.2 74.2
All 63.6 63.8

Table 2. Evaluation IoU on SegTrackV2 videos
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Figure 8. IoU evaluation result for the bmx video from Seg-
TrackV2 using our method
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Figure 9. Visualization of the main method prediction on one
frame over different iterations

to filter the wrong or poor quality optical flows predictions
(filtering the locations with high response on the differ-
ence between original image, and the image reconstructed
with optical flow). While investigating our noise issue, it

Figure 10. SSL-VOS pre-computed optical flow

turns out that after this filtering, a lot of noise is introduced
around the main object, as we can see in Figure 10 and we
didn’t account for this in our method formulation. More
importantly, in the SSL-VOS method, they add another loss
to regularize the deviation between the method segmenta-
tion prediction and the initial prediction, and add a constant
weight to balance the effect of both losses (difference from
initial segmentation vs flow discrepancy).

In our work, we didn’t add this deviation loss, as we thought
using the pre-trained GWM and fine-tuning the decoder
only would be enough to not deviate too much from initial
segmentation, but as the analysis of our approach suggest,
we clearly need to account for that.

Future work. We believe regularizing the deviation from
initial segmentation would be a very important step to al-
leviate the issue of spreading noise that we have. Also, as
a next step, we want to experiment with mask refinement
using occlusion mask as we did in experiment 4.2. Another
important step is to train GWM from the beginning while
using the consistency loss with some regularization.
Another important direction is to change the final non-
differentiable step of spectral clustering into a differentiable
clustering and train the network end to end. Furthermore, as
we see from our results, some segmentation masks get im-
proved in a few iterations while some get bad very quickly,
so we want to explore heuristic methods as stopping condi-
tions to determine the number of iterations we should per-
form for each video.

6. Conclusion

We presented a comprehensive study of using optical
flows to improve the result of unsupervised video segmen-



tation. Even though our main method didn’t significantly
improve the result of the current methods, our main ex-
periment study shows the potential impact our method can
achieve. However, in our refinement approach working on
the GWM mask estimates, the optical flow methods we used
decrease the masks’ precision by either enlarging the seg-
mentation mask too much or creating holes in it. Therefore,
with these post-processing methods we could not achieve a
refinement of the GWM segmentation masks using optical
flow.

7. Statement of contributions
7.1. Magdy Mahmoud

Worked on verifying the result of the related work sec-
tion 2. Exploring failure cases for different methods 3. Do-
ing research for the main method, by investigating recent
SOTA work and combining ideas from them and propsed
our main method. Worked on creating the mid-term and
final presentation. Implemented the first version of do-
ing a post-processing optimization like SSL-VOS on top of
GWM predictions. Implemented the pipeline for the main
method 4.3. Implementing the main experiments for our
work in section 7 and section 9. Worked on some experi-
ments to account for occlusion from UnFlow in our main
method.

7.2. Lisa Podszun

Recreated the results of related work and verifying the
results 2. Explored failure cases and main problem in GWM
3. Did research in recommended work to design a main
method and started implementing it. Implemented visual-
ization and exploring refinement methods. Worked on and
finalized mid-term and final presentation. Worked on re-
finement with occlusions and analysis 4.2.

7.3. Shirsha Bose

Worked on verifying the result of the related work sec-
tions and exploring failure cases along with implementation
of the visualizations. Did research for the main method and
one idea was proposed which was not adapted in this prac-
tical but kept open for future works. Doing experiments on
existing methods. Worked on the introduction section and
the related works section. Worked on creating the mid-term
and final presentation.
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