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Abstract

Background recovery in videos of natural scenes is
highly desirable given the increased movement and clut-
ter of human activity in natural spaces. This study aims
to remove occlusion and recover the natural backdrop from
a video sequence. The process begins by segmenting the
video frames into foreground and background. Among vari-
ous segmentation methods tested, using learned optical flow
between frames yielded the best results. After calculating a
segmentation/mask for each frame, the next step is to inpaint
the foreground. Inpainting methods tested include Stable
Diffusion Inpainting and Flow-edge Guided Video Comple-
tion (FGVC). While Stable Diffusion Inpainting produced
the highest quality frames, it ultimately lacked consistency
between frames. The discussion includes potential future
work to ensure frame-to-frame consistency.

1. Introduction

Background recovery in videos of natural scenes is
highly desirable due to the increased movement and clutter
of human activity in these spaces. Objects such as telephone
lines, fences, houses, and trees can obscure views of scenic
landscapes. This project aims to recover the background
and remove occlusions from a video sequence shot from the
passenger side of a car, leveraging information from neigh-
boring frames to ”see” behind occlusions.

1.1. Previous Work

Previous work on background recovery from video in-
cludes several approaches. For instance, [8] focuses on us-
ing the estimated motion of moving occlusions to recover
background scenes. However, this method assumes a sta-
tionary camera and relies on multiple frames where the oc-
cluded object is moving to reconstruct the background be-
hind it.

In [9], the authors leverage motion parallax from slight
camera movements and accompanying optical flow fields to
separate foreground and background. This approach suc-
cessfully removes reflections and fence occlusions through

a unified framework, demonstrating the potential of com-
bining slight camera motion with advanced optical flow
techniques.

Another significant contribution is from [7], where the
authors aim to remove occluded objects such as cars, pillars,
and people to clean up photos for Image-Based Rendering
(IBR). They use multiple images to create a rough 3D ren-
dering of a scene and then employ this 3D model to inpaint
masked regions, thereby enhancing the visual quality and
coherence of the reconstructed scenes.

This work builds on these approaches by focusing on
dynamic scenes with a moving camera, aiming to improve
frame consistency and the quality of the recovered back-
ground. Future work will explore methods to ensure tempo-
ral consistency between frames, addressing the challenges
identified with current inpainting techniques.

Here is a revised and expanded version of the Problem
Statement section:

2. Problem Statement

Assume that there is a background B that is occluded by
a foreground F'. We are given multiple continuous frames
in a video where we can estimate the depth to separate the
objects in B and F. Due to the changing position of the
camera and the non-uniform and semi-transparent nature of
F' in some areas, we can accumulate information about B
over time.

The goal is to use this accumulated information to in-
paint the photos in a manner that is consistent across views.
We aim to compare this multi-frame inpainting method with
single-frame inpainting results to evaluate improvements in
consistency and quality.

2.1. Dataset

Finding an appropriate synthetic dataset with ground
truth data for this task proved challenging. Most available
landscape or driving footage, both synthetic and real, is typ-
ically captured with the camera mounted on the front of the
vehicle rather than to the side, which is necessary for our
specific occlusion recovery problem.
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Currently, I am testing my method on a video sequence
that I captured. This sequence is 4 seconds long and consists
of 120 frames moving from right to left. Frames 0 and 1 are
shown in Figure 1.
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E

(a) Frame 1 (b) Frame 0

Figure 1. Video frames with occluded landscape. Notice the cam-
era is moving to the left.

The dataset for this project is a custom video sequence
shot from the passenger side of a car. This allows for dy-
namic occlusion scenarios where the camera moves and
captures varying perspectives of the occluded background.
The sequence captures the complexity of real-world occlu-
sions and provides a challenging testbed for evaluating the
proposed background recovery method.

3. Technical Approach

To solve the problem of background recovery in videos
with occlusions and moving cameras, the following techni-
cal approach will be employed:

3.1. Segmentation

The first step is to segment the frames of the video into
foreground (F) and background (B). Accurate segmentation
is crucial for isolating the regions that need inpainting. The
segmentation process relies on caluclating a depth map for
each frame. This can be done using:

¢ Stereo Depth Map (neighboring frames): Utilizing
the disparity between consecutive frames to estimate
object depth.

Monocular Depth Estimation (single frame): Using
deep learning models trained on large datasets to pre-
dict depth from a single frame.

Learned Optical Flow: Leveraging parallax effect
(objects far away move less across frames) and using
optical flow between frames as an indicator of object
depth.

3.2. Masked Inpainting

Once the foreground regions are identified and masked,
inpainting techniques are applied to recover the back-
ground:

¢ Text-guided Inpainting with Stable Diffusion: Uti-
lizing Stable Diffusion models to inpaint masked re-
gions guided by text prompts. This method focuses
on generating high-quality images but needs to address
temporal consistency across frames.

* Flow-edge Guided Video Completion (FGVC): Us-
ing optical flow and edge information to guide the in-
painting process, ensuring that the inpainted regions
are temporally coherent and consistent with the video
structure.

3.3. Comparison of Methods

The performance of the inpainting methods will be com-
pared based on several criteria:

¢ Visual Quality: Evaluating the perceptual quality of
the inpainted frames for naturalness and realism.

* Consistency: Assessing the temporal consistency
across frames to avoid flickering and artifacts.

4. Segmentation Results
4.1. Stereo Depth Map Estimation

I experimented with stereo methods using OpenCV [1].
Given that the camera is moving along a straight trajectory,
the resulting frames are nearly parallel, which facilitates the
use of stereo vision techniques. The depth map generated
from the disparities between frame 0 and frame 1 is shown
in Figure 2, along with the corresponding segmented fore-
ground and background images in Figure 3

For the trees and fence, the depth map performs quite
well, accurately distinguishing these elements. However,
for the sidewalk, grass, and curb, the uniform texture results
in an incorrect depth map in those regions. This highlights
a common challenge in stereo depth estimation where re-
gions with uniform texture or repetitive patterns can lead to
ambiguous disparity calculations.

4.1.1 Find Corresponding Points

I wondered if the depth map from stereo would be improved
by rectifying the images since the images are not parallel.
I used OpenCV [!] to find SIFT (Scale-Invariant Feature
Transform) points and brute force block match 150 points
on the image. The corresponding points and SIFT points
are shown in Figure 4.

4.1.2 Rectify the Images w/ Corresponding Points

Using HW 2 Problem 2, I calcualted the homographies to
create parallel images as seen in Figure 5. However, now
the parallel images are different dimensions and OpenCV
function only take in images of the same dimensions.
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Figure 2. OpenCV Stereo calculated depth map from frame 0 and
frame 1.
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(a) Segmented Foreground (b) Segmented Background

Figure 3. Foreground and background segmented with stereo
depth map.
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Figure 4. Corresponding points and SIFT points.
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Figure 5. Rectified parallel images of frame 0 and frame 1.

4.2. Monocular Depth Estimation

Given the difficulties of stereo depth estimation, I instead
turned to estimating depth from a single frame.

4.2.1 GLPN fine-tuned on NYUv2

I used a pretrained global-local path networks (GLPN)
model [3] and the predicted depth map for Frame 0 is seen
in Figure 6. The depth map is too smooth and notice the
tree (circled in red) is blended out of the depth map. The re-
sulting foreground and background segmentation is shown
in Figure 7. Notice the house in the middle and trees behind
it are not segmented correctly.

4.2.2 MiDaS

I tried another pretrained model MiDaS [4]. The estimated
depth map of Frame 0 is shown in Figure 8 and correspond-
ing foreground and background segmentation is shown in
Figure 9. The model was successful in predicting the house
in the middle to be on the same depth plane. However this
depth map is too smooth to segment the trees in the middle
into the foreground.

The subpar performance of monocular depth estimation
led me to look at learned optical flow methods instead.

4.3. Learned Optical Flow

I used a pretrained optical flow model RAFT [6] in the
Pytorch library. The optical flow for each frame was calcu-
lated with its following frame. Since objects that are closer
to the moving camera will move at a faster speed than ob-
jects away from the camera, we can use the magnitude of the
optical flow as an indicator of objects’ depth in the scene. A
random selection of frames with corresponding optical flow
magnitude maps are shown in Fig. 10.

From the magnitude maps of each frame, I then looked
at the best threshold to use for the foreground mask. An
example of various threshold levels (relative to max value
of optical flow magnitude of a frame) are shown in Fig. 11.
The final masks that were used for inpainting were magni-
tude greater than 5 % of the max value of the optical flow
magnitude.

5. Inpainting Results
5.1. Stable Diffusion Inpainting

Using a pretrained model from Hugging Face that is
based off of Stable Diffusion that takes in a text prompt,
image, corresponding mask and returns an image with the
mask region inpainted according to the text prompt [5]. An
example of outputs to the prompt “mountains in the desert”
is shown in Fig. 12.
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Figure 6. GLPN Monocular Depth Map on Frame 0
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Figure 7. Foreground and background segmented with GLPN network.

Since the pretrained model processed each frame inde-
pendently from another the resulting frames from a video
were not consistent despite using the same text-prompts and
random seeds as shown in Fig. 13.

5.2. Flow-edge Guided Video Completion

I then fed frames and corresponding masks into a
flow-based video completion algorithm called "Flow-edge
Guided Video Completion” (FGVC) [2]. This algorithm re-
lies on optical flow to fill in masked regions across frames.

An resulting frame is shown in Fig. 14. This method is
normally used with mask of smaller area (e.g. removing a
tennis player in a tennis match) and fails to find the correct
information to fill in the large mask region of the frames.

6. Conclusion

Among the methods tested, optical flow proved to be
the most effective for depth level segmentation compared to
monocular and stereo depth estimation. It provided the most
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Figure 8. MiDaS Monocular Depth Map on Frame 0

accurate distinction between foreground and background
objects.

However, inpainting using diffusion models, while ca-
pable of producing high-quality frames, requires specific
prompts and lacks consistency across all frames even when
using the same prompt. The Flow-edge Guided Video Com-
pletion (FGVC) method also fell short, as the regions to be
inpainted were too large and there wasn’t sufficient infor-
mation across frames to accurately complete the masked re-
gions.

To address the issue of inconsistent inpainting, a poten-
tial solution could involve training a Low-Rank Adaptation
(LORA) on the video or fine-tuning the existing diffusion
inpainting model. This approach would allow the model
to take a prior image into account and penalize deviations
from it, potentially improving temporal coherence and con-
sistency in the inpainting results.

Future work will focus on these enhancements to im-
prove the robustness and reliability of background recovery
in video sequences.
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