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Abstract

In the past decade, optical flow estimation has garnered increased attention from researchers as a
fundamental component of computer vision applications such as autonomous driving and video
editing. However, previous research has mainly focused on predicting more accurate results in
benchmarks, revealing a gap between experimental results and real-world scenarios. This thesis
explores this field and aims to propose optical flow estimation methods that are robust for real-
world applications. Specifically, we identify three main challenges that previous methods still
face:

• Small Motion Boundary Error: Existing optical flow methods generate blurred motion
boundaries for small objects, which usually fuse with the background.

• Generalization to Unseen Data: Existing optical flow methods struggle to predict accurate
optical flow for unseen data.

• Robustness to Both Clean and Adverse Conditions: Existing optical flow methods contain
a trade-off in performance between clean and adverse conditions.

To address these issues, we conduct experiments and analyze each problem. We observe that
the main reason for small motion boundary error is that traditional downsampling methods can
weaken edge information. Thus, we propose a novel downsampling module for the encoder of
optical flow, which visibly reduces motion boundary errors. Furthermore, we propose a content-
aware regularization method that significantly enhances the generalization ability of unseen data.
We introduce RobFlow, an efficient training strategy to make optical flow methods robust in both
clean and real-world adverse conditions, such as rain and snow. We then propose a robustness
evaluation method to help future studies of optical flow in the real world. To further study video
frame interpolation (VFI) as an application of optical flow, we observe that optical flow methods
fail to deal with large obstructions in scenes, which are commonly encountered in the real world.
We propose a large obstruction robustness framework to address this issue and enhance the ro-
bustness of VFI methods for large obstructions. Extensive experiments demonstrate that our
methods not only improve the robustness for real-world scenarios but also enhance performance
in benchmarks. To further explore how optical flow methods affect the VFI method, we plan
to discover the relational representation between two frames. Our main idea is to use a masked
auto-encoder to learn a better representation which improves both optical flow and video frame
interpolation tasks.
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Chapter 1

Introduction

1.1 Background

"Motion perception is the process of inferring the movement and direction of objects within a
visual environment by utilizing visual, vestibular, and proprioceptive inputs for a human" [38].
This ability contributes to fundamental functions in humans’ daily lives, such as recognizing
the movement of objects, sensing one’s movement, guiding eye and body movements, avoiding
colliding with others and perceiving the shape of moving objects. Based on those functions,
humans then can perform complex tasks like walking, sport and driving [13, 81, 115].

Because of this importance, motion estimation has been a crucial component of many com-
puter vision and intelligent systems, such as autonomous vehicles and robots. Motion estimation
can provide proper motion and geometry information for those tasks. This thesis focuses on
pixel-level motion estimation – optical flow estimation.

Optical flow is the pattern of apparent motion of image objects between two consecutive
frames caused by the movement of those objects or the camera [45]. It is commonly used as a
fundamental component of many high-level vision-based applications. In self-driving systems,
the vehicle uses the optical flow information to avoid collisions and plan its own route. In video
editing, optical flow can help to track objects moving through the whole video or increase the
smoothness of the video, making a slow-motion video.

Compared to the human brain’s motion estimation, robot optical flow estimation reveals an
interesting phenomenon: Recent optical flow estimation methods can compute dense motion
fields faster and with higher precision in structured, controlled environments than human manual
annotation. However, the human visual system remains superior in handling complex, real-world

1



motion perception tasks with robustness and adaptability. In this section, we will discuss recent
optical flow methods and the main challenge they face to deal with real world scene. This thesis
is mainly focused on reducing the gap between experimental methods and real-world application
of optical flow estimation. We define the real-world environment as involving model inputs that
include natural complexity, unpredictability, noise, and variability. Robustness is the ability of
a system, model, or process to perform reliably and maintain its functionality even when facing
uncertainties, disturbances, errors, or unexpected conditions [236].

1.2 Challenges for Optical Flow Estimation in Real-world Ap-
plications

Many learning-based computer vision tasks have been developed. AlexNet [82] is the first
convolutional-based deep neural network to achieve good progress in classification tasks. Fol-
lowing that, FlowNet [27], the first deep learning-based optical flow method, was developed.
The network takes two frames as input and predicts the dense optical flow. The network learns
by backpropagating the errors calculated from the difference between the predicted flow and
ground-truth labels. However, collecting labels for optical flow is expensive. The main real-
world autonomous driving dataset for optical flow is KITTI [34], which contains 200 labeled
training pairs and 200 labeled testing pairs. The data were collected with a Velodyne laser scan-
ner and a GPS localization system in a car. Consequently, many researchers have started to look
at learning optical flow without labels. In general, optical flow methods can be broadly classified
into two categories: supervised and unsupervised methods.

Supervised methods for optical flow often rely on dense ground-truth data, which can be
expensive and time-consuming to obtain through human labeling. As a result, these methods
often use large synthetic datasets for training and get promising accuracy, but can struggle to
generalize to real-world data. In contrast, unsupervised learning methods do not require ground-
truth annotations and instead minimize the differences between the reference and target images,
using the predicted optical flow to warp one image to match the other. Unsupervised methods
have gained increasing attention in recent years.

To develop optical flow methods, most of the studies focus on how to improve the accuracy
of the two benchmarks MPI Sintel [17] and KITTI [34]. Arguably many optical flow methods
already achieve higher efficiency in benchmarks than humans. However, those same methods
can easily fail in different real-world situations, such as adverse weather, large obstructions, and
small objects. Some studies use domain adaptation for optical flow in challenging weather, but
those methods fail in clean scenes. In contrast, humans can easily deal with motion in rain, fog,
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Figure 1.1: An example of small motion boundary error.

and distinguish the motion of tiny objects or partially occluded objects.

1.3 Problem Statement

According to the above discussion, a question arises: can we make optical flow methods robust
in real-world settings? In this thesis, we focus on this important and under-explored area and
identify the main challenges that hinder the robustness and reliability of optical flow estimation
in real-world settings. Specifically, we will discuss three main issues that existing optical flow
methods suffer from in the real world and attempt to address them. We propose a robustness eval-
uation method to examine the behavior of SOTA optical flow methods. Next, we will describe
each of the problems.

1.3.1 Small Motions Boundary Error

The human vision system is sensitive to motion boundaries. When driving, we can distinguish
the motion of two cars when one car partly occludes the other. However, we noticed that two
popular optical flow methods, RAFT [185] and PWC-Net [181], fail to distinguish the motion
of small or distant objects. As shown in Figure 1.1, a yellow circle indicates two cars in the
input image. However, both RAFT and PWC-Net treat these two objects as a whole in the output
optical flow. This could lead to potential risks for high-level applications such as autonomous
driving during decision-making. The experiments reported in Chapter 3 demonstrate that most
existing networks contain this issue, especially when dealing with background elements.
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Previous research has focused less on this problem [56, 181] because the numerical errors
are small. For example, the motion boundary of the two cars in Figure 1.1 is small and contains
less than 3% of the pixels compared with the whole image. Therefore, even the pixels of motion
boundary contains large errors, the overall accuracy will not significantly decline. However, we
argue this is an important issue as, in safety-critical applications, distinguishing different moving
objects is essential, e.g., distinguishing humans and cars in autonomous driving, distinguishing
different organs in surgery.

To address this issue, we first compared the architecture of popular optical flow methods.
Basically, we classified them into two categories: coarse-to-fine architecture [56, 60, 181] and
iterative refinement architecture [67, 180, 185]. A common ground is that both networks first
downsample images into low-resolution features and use low-level features to estimate motions.
Imagine downsampling a figure multiple times; closely situated objects could have their motion
boundaries weakened, as illustrated in Figure 3.1. This would result in a rough prediction of
the optical flow, which serves as a guide and is fine-tuned in subsequent processes. If this error
persists in the initial optical flow estimation, it will propagate and potentially mislead future
estimations.

With this hypothesis, we propose a novel downsampling module called the Residual Feature
Pyramid Module (RFPM). RFPM aims to retain important detail information such as motion
boundaries in the downsampling architecture. RFPM incorporates a residual structure between
multiple feature pyramids into a downsampling module that corrects the blending of objects
across boundaries. The advantage of RFPM is that it can be used as a plug-and-play module
for many optical flow methods, reducing the small motion boundary error and improving overall
accuracy. The details of the proposed module can be found in Chapter 3.4

1.3.2 Generalization to Unseen Scenes

Compared with methods for other computer vision tasks, we observe that optical flow estimation
methods have poor generalization ability. For example, video frame interpolation [77, 112],
image segmentation [133], depth estimation [37], and image denoising [219, 224] can undergo
one-time training and be tested across multiple benchmarks simultaneously.

The first deep learning-based optical flow method, FlowNet [28], proposes training the net-
work on a synthetic dataset, e.g., FlyingChairs [28]. Then, fine-tuning on benchmarks could
yield reasonable performance. Follow-up research has shown that directly training these meth-
ods on benchmark datasets does not produce good results [60, 182]. Instead, most methods first
pre-train on a large synthetic dataset [53, 60], then fine-tune on each benchmark dataset before
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evaluation. This approach may work well in a research setting, but it is not practical for real-
world applications.

For example, a video editing application based on optical flow could be trained with real-
world movie data, but it would not work well in animation. An autonomous driving system
trained with the data from US streets, may not work well in Europe. It is not feasible to constantly
collect new data and fine-tune the model to the new environment.

Regularization methods [18, 93, 174] have been used to improve the ability to generalize
in many computer vision tasks. My initial thought was to apply regularization techniques like
dropout to optical flow methods. However, this proved inefficient in experiments, as detailed in
Chapter 4. The reason is that dropout randomly sets some pixels to zero. In optical flow estima-
tion, which takes two images as inputs, randomly zeroing pixels introduces potential occlusion
between frames, which can impair the performance of pixel-level flow estimation, especially in
unsupervised learning.

In this thesis, We define generalization refers to a model’s ability to perform well on new, un-
seen data that was not part of the training set. We hypothesize that the main reason for the poor
generalization of optical flow methods is their focus on semantic information, such as color. Con-
sequently, when encountering unseen data from a different domain, they produce poor-quality
results. However, inspired by human vision, which focuses more on discriminative information
such as shape and structure [214], we can still perceive motion even if we do not recognize the
objects. Therefore, we propose a student-teacher strategy that employs context-aware regular-
ization to learn more descriptive features. We demonstrate that Context-Aware Regularization
(CAR) can improve generalization to unseen environments. Detailed information can be found
in Chapter 4.

1.3.3 Simultaneous Robustness for Clean and Adverse Condition

Real-world scenes are often more challenging than synthetic or controlled experiments for optical
flow estimation.

One of the most common challenges are adverse weather conditions such as rain and snow
and illumination conditions such as darkness. Optical flow methods are sensitive to these situa-
tions, and most state-of-the-art (SOTA) methods [56, 97, 114, 185, 205] fail in adverse weather.

To address this issue, previous works have proposed specific network architectures for spe-
cific tasks, e.g., considering only darkness [226] or fog [209,235]. These are far from real-world
environments, since these different conditions cannot be dealt with in isolation. Recently, re-
search [234] has focused on adaptive optical flow estimation for multiple adverse weather con-
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ditions, but this can degrade performance in clean scenes.Consequently, its applicability in real-
world scenarios remains limited, as clear and sunny conditions are more common. Performance
in clean and adverse weather faces a trade-off. Furthermore, imagine an autonomous driving sys-
tem; it needs the ability to handle sunny and rainy conditions and different light changes because
of the time-of-day at the same time.

To achieve this, we start by analyzing how optical flow methods work and why adverse
weather or light changes can lead to large errors. Given two input frames, we find that original
optical flow methods are learned to match similar objects between two input frames by correla-
tion [181, 185], then estimate the distance between them. When dealing with adverse weather
such as snow or rain, snowflakes and rain streaks will be treated as objects, and their motion will
be included in the final output, thus generating noise in the optical flow. When dealing with low-
visibility such as due to darkness, object boundaries will be blurred causing motion boundary
errors in the optical flow. Also, those methods designed for adverse weather [234] are forced to
learn to ignore small motions, which could degrade performance in clean scenes.

Unlike previous methods, our aim is to make optical flow methods robust in both clean and
adverse conditions. The main idea is that the optical flow should be invariant in the same scene
but under different challenging conditions. In Chapter 5, we propose a RobFlow training strategy
that first constructs corresponding training data with the same scene but under different challeng-
ing conditions. Then, we train the network to predict the same optical flow across these varying
conditions.

1.3.4 Robustness Evaluation of Opitcal Flow Estimation

Robustness evaluation is important for safety-critical tasks such as autonomous driving. In this
thesis, we focus on real-world applications. However, existing studies mainly focus on improving
performance on benchmarks. Some studies try to evaluate the robustness of optical flow methods
by proposing more complex scenes. However, optical flow methods may work well in complex
scenes but still fail with simple samples. Thus, we need a systematic way to evaluate robustness
and try to explain the behaviors of optical flow methods.

We propose a novel method for robustness evaluation by modifying data from original bench-
marks. Unlike previous benchmarks that focus on complex scenes, we propose to modify key
objects from the original images in order to analyze the sensitivity to these changes observed in
the output. Our aim is to identify common failure cases of state-of-the-art (SOTA) methods to
evaluate their robustness and understand their behaviors. We show that: Optical flow methods are
more sensitive to shape changes than to texture changes; and optical flow methods tend to memo-
rize objects seen during training and may ignore the motion of unseen objects. Our experimental
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Figure 1.2: An example of failures of opitcal flow esimation in large obstruction cases.

results and findings provide a more in-depth understanding of the behavior of recent optical flow
methods, suggesting a need for more careful design, especially in safety-critical scenarios.

1.3.5 Applications for Optical Flow in Video Frame Interpolation

We further study a high-level application of optical flow in video frame interpolation (VFI). Our
main concern is what errors optical flow introduces to VFI tasks VFI aims to synthesize frames in
the middle of two adjacent frames of the original video. It is used to generate slow-motion video
or increase video frame rate. The VFI network takes two frames as input. It first calculates the
optical flow from the middle to the input images, then warps the two images to the intermediate
position, and calculates a residual to fill occlusion or error areas [77, 112, 145].

VFI methods have made significant progress in clean scenes. However, real-world scenarios
often present various obstructions and less-than-ideal conditions, which can pose challenges for
these methods. We find that optical flow methods usually fail to match and warp frames to the
wrong position when dealing with frames containing large obstructions or reflections. This leads
to poor quality output frames (see Figure 1.2).

Poor quality output is often caused by large obstructions which generate significant occlu-
sions within the frame, and optical flow methods mismatch those regions. Previous VFI methods
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proposed using bi-directional checks or occlusion maps to handle the occlusion issue, but they
still suffer from large obstructions. Thus, a more explicit approach needs to be proposed. Instead
of only indicating the occlusion map, we use a two-step process: 1. Identify the error regions
caused by optical flow. 2. Fix those regions by examining the original input frames. We achieve
this in Chapter 7, where we demonstrate that our module significantly improves image quality
when dealing with large obstructions and also large motion.

1.4 Thesis Statement

This thesis aims to make optical flow methods robust for real-world scenes. Specifically, we
demonstrate that most optical flow methods suffer from three issues: 1. small motion boundary
errors, 2. lack of generalization to unseen scenes, and 3. poor robustness under both clean and
adverse conditions. We aim to address those issues discussed in Chapter 1.3.1, Chapter 1.3.2 and
Chapter 1.3.3. To achieve this, we propose an optical flow framework with unsupervised training
strategies. We introduce a RFPM module to address small motion boundary error, content-aware
regularization methods to enhance generalization to unseen data, and a RobFlow training strategy
to improve the robustness of optical flow methods in both, clean and challenging conditions. We
propose a robustness evaluation method to help future studies of optical flow in the real world.
We further propose a Large Obstruction Robustness Framework to address the positional errors
in video frame interpolation caused by poor optical flow estimation.

1.5 Contributions

The main contributions of this thesis are:

• A Residual Feature Pyramid Module (RFPM) for existing optical flow methods. RFPM
retains important details in the feature map and visibly reduces small motion boundary
errors in multiple benchmarks [108].

• A Content-Aware Regularization (CAR) approach to enhance the generalization ability of
optical flow methods. CAR is randomly applied to certain channels in the convolutional
layers during training, which guides predictions in a shared-weight teacher-student strat-
egy. By employing CAR during training, we observe a significant improvement in the
generalization ability to unseen data [109].
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• RobFlow, an first unsupervised learning framework that works reliably in various outdoor
conditions. Our approach is based on two observations regarding the challenges of images
taken outdoors. First, noisy motion is mainly caused by the network treating weather image
components such as rain streaks as objects, and including their motions in the final output.
Second, low quality features due to low-visibility will degrade the estimation of motion
boundaries in optical flow.

• Flow-R, a novel method for robustness evaluation by modifying data from original bench-
marks. Unlike previous benchmarks that focus on complex scenes, we propose to modify
key objects from the original images in order to analyze the sensitivity of the flow esti-
mation to these changes. Our aim is to identify common failure cases of state-of-the-art
(SOTA) methods to evaluate their robustness and understand their behaviors.

• Our Obstruction Robustness Framework enhances the robustness of existing VFI networks
in the face of large obstructions. The ORF contains two components: (1) A feature repair
module that first captures ambiguous pixels in the synthetic frame by a region similarity
map, and then repairs them with a cross-overlap attention module. (2) A data augmentation
strategy that enables the network to handle dynamic obstructions without additional data
[105].

1.6 Thesis Roadmap

In this chapter, we have discussed the importance of optical flow and the main issues it faces for
real-world implementation. In Chapter 2, we will conduct a general survey of background ma-
terial and related works. In Chapter 3, we find that small motion boundary errors are primarily
caused by the feature pyramid architecture of existing methods; we address this by proposing
a Residual Feature Pyramid Module. In Chapter 4, we propose a regularization technique to
improve the generalization ability to unseen data for optical flow methods. In Chapter 5, we
introduce RobFlow, an efficient training strategy that enhances the robustness of existing optical
flow methods for both clean and adverse weather conditions. In Chapter 6, we propose a robust-
ness evaluation method for optical flow estimation. In Chapter 7, we further analyze video frame
interpolation, which is a high-level application of optical flow. Finally, we provide a conclusion
and suggestions of future work in Chapter 8.
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Chapter 2

Literature Review

This chapter reviews relevant literature related to the focus of this thesis. Each section contains
its own related work. The current literature review primarily aims to provide a broad overview
of the overall thesis.

Optical flow estimation is a fundamental task in computer vision, and Chapter 2.1 gives a
brief introduction to traditional optical flow methods. Modern optical flow methods based on
deep neural networks are introduced in Chapter 2.2. Unsupervised learning of optical flow is
covered in Chapter 2.3. These two sections are mainly related to Chapter 3 and Chapter 4,
which deal with minor object problems in supervised methods and regularization problems in
the unsupervised method, respectively. In Chapter 2.4, we review optical flow methods that
deal with challenging weather, which can affect the visibility and contrast of the scene. This
is relevant to Chapter 5, which tries to improve the robustness in both clean and challenging
conditions. The goal of robust optical flow is to supply accurate motion for high-level tasks.
Thus, we consider relevant tasks that use optical flow in Chapter 2.5. Chapter 7 also discusses
dealing with optical flow errors in video frame interpolation.

2.1 Traditional optical flow estimation

The concept of optic flow was proposed by James Gibson in the 1950s [36] and involves the
estimation of the apparent motion between two images based on the difference in their 2D pro-
jections of the 3D scene. The optical flow field, which represents the apparent motion between
two images, can be either sparse or dense. A sparse optical flow field includes displacement es-
timates for only a subset of pixels, such as image features or corners. A dense optical flow field
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Figure 2.1: Visualization of dense optical flow in KITTI [34] dataset.

includes a displacement vector for every pixel in the image. Figure 2.1 visualizes an example
of dense optical flow. The third column presents the optical flow from frames 1 to 2. Different
colors indicate the direction and distance that are present in colour coding. e.g., red and purple
indicate motion in the positive x or y direction. Cooler colors such as blue and yellow indicate
negative x or y direction motion. The intensity of the color indicates the magnitude of the motion,
with brighter colors indicating larger displacements.

The gradient-based method refers to the differential approach, which computes optical flow
by estimating the displacements using derivatives of the image intensities. This technique purely
relies on the brightness constancy assumption (BCA), which assumes the brightness of the same
object in different frames of a video should be the same. A constraint is needed to solve the BCA
equation. This constraint can either be local, based on the assumptions about the surrounding
neighborhood or global, with a smoothness constraint applied to the entire image.

The Lucas-Kanade method [116] is a well-known local approach for optical flow estimation.
This technique determines the displacement of a single pixel by using only the intensities of that
pixel and its neighbors in two images being compared. For a local neighborhood of pixels, the
Lucas-Kanade method derives an equation that relates the brightness of each pixel to its flow.
The set of equations for all the pixels within the local neighborhood is solved to estimate the op-
tical flow by performing least-squares minimization.To solve the equations, one assumes that the
displacement is constant over a larger area. However, this assumption is generally not realistic
for videos of real-world scenes, as the displacement of objects can vary significantly within a sin-
gle frame. Moreover, increasing the size of the local neighborhood may produce a denser field of
optical flow estimates, but it may lead to less accurate results due to the assumption of a constant
displacement. Another approach [10] address that problem involves using Fourier transforms
to detect the orientation of structures in an n-dimensional Euclidean space. It produces both an
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orientation estimate and a measure of certainty based on the fit error. Following works improves
the robustness by using a gray-value structure tensor [133], or second order derivatives [188].

The variational method proposed by Horn and Schunck [46] is known as a typical global
method. It solves the optical flow estimation problem by introducing a global smoothness con-
straint, which assumes that neighboring pixels come from the same object and therefore experi-
ence similar motion. Nagel et al. [132] further proposes discontinuity-preserving constraints for
non-linear partial differential equations. The function can be solved using numerical methods
such as Successive Over-Relaxation (SOR) [15] or efficient multi-grid methods [16]. Other ap-
proaches focus on minimizing the global energy function, particularly through variational meth-
ods [6,15,46]. To optimize these formulations, techniques such as gradient descent [11,198] and
message passing algorithms [47, 131] have been employed.

In the past decades, deep learning achieved remarkable progress in many computer vision
tasks, including optical flow estimation. Deep learning is a technique that trains neural networks
on a large dataset. These neural networks are made up of layers of interconnected nodes or ker-
nels and are designed to learn patterns from the dataset by gradient descent. Learning-based opti-
cal flow estimation can be classified into supervised learning and unsupervised learning methods.
We will discuss the important progress in following sections.

2.2 Supervised learning methods

Supervised learning methods can use the labeled data for training. The methods can be classified
into U-Net and spatial pyramid networks. In this section, we first review the details of each ar-
chitecture and briefly describe the progress of various methods, including the milestone methods
for each architecture.

2.2.1 U-Net architecture

The U-Net architecture is proposed by Ronneberger et al. [159] which consists of a series of con-
volutional and max pooling layers that downsample the input image, followed by a series of up-
sampling and convolutional layers that up-sample the image back to its original size. The down-
sampling and upsampling operations are implemented using convolutional layers with stride 2
and transposed convolutional layers, respectively. The key feature of the U-Net architecture is
the use of skip connections between the downsampling and upsampling layers. These skip con-
nections allow the model to preserve fine-grained spatial information as it processes the input
image at different scales. There are usually four transposed convolution layers in the refinement
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part, and for computational reasons, the flow is finally upsampled to full resolution using bilinear
upsampling. Skip connections are used to connect layers in the contractive part to the expanding
(refinement) part, providing additional information about flow-level features at the upsampling
stage.

Fisher et al. introduced the first deep-learning optical flow architecture, FlowNet [27]. FlowNet
consists of two different model architectures: FlownetS (Flownet Simple) and FlownetC (Flownet
Correlation). Both networks are based on U-Net architecture with differences in the encoder part.
FlownetS takes two stacked RGB frames with one encoder. FlownetC, on the other hand, uses
two identical branches for the input frames and merges them at a later stage using a correlation
layer. This correlation layer performs cross-correlation (cost volume) between the feature maps
of the two input frames, enabling the network to compare each patch without needing additional
learned parameters. Flownet shows that cross-correlation is an efficient operation for optical flow
methods. They also propose a synthetic Flying Chairs dataset to increase training samples.

After this, Ilg et al. introduced deep network FlowNet 2.0 [60], which combines multiple
networks, including FlowNet and FlownetC, to deal with large displacement. They first calculate
a global optical flow, and use a warp operation to align the second image with the first image
by using the calculated optical flow. Then, local motion is calculated between first image and
second warped image. The stacked iteration of sub-networks greatly improves the accuracy of
optical flow estimation. However, it also comes with a significant increase in model size and
running time.

To reduce blurry flow fields caused by unrefined features and low-resolution, Zhai et al. [221]
propose a network that combines an attention mechanism and dilated convolutional layers. This
method enhances the discriminative and representational abilities.

To improve flow estimation accuracy, Xiang et al. [203] use prior knowledge assumptions as
regularization terms, such as brightness constancy, gradient constancy, and spatial smoothness.
To capture large displacement, Zhai et al. [220] designed a dilated residual network that increases
the receptive field for the convolutional kernel.

Cheng et al. [20] proposed a multi-task learning framework that simultaneously estimates
pixel-wise foreground object segmentation and optical flow. This method trains a single model
to perform multiple tasks instead of training separate models for each task. The framework aims
to improve performance by learning shared representations that can be useful for both segmen-
tation and optical flow estimation. By jointly training the two tasks, the model can learn to take
advantage of their relationships.

Ilg et al. [61] modify FlowNet 2.0 by eliminating brightness error and estimating occlusion
areas jointly with disparities or optical flow. Another approach [59] uses FlowNetC as a building
block to estimate the confidence interval on the estimated optical flow.
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2.2.2 Pyramidal processing, warping, and cost volume

To improve performance for large displacements, In this method, the optical flow is first calcu-
lated from the low-resolution image of the image pyramid and is treated as global motion. Then,
for each level of the image, finer optical flow is calculated based on low-resolution flow. This
approach makes the network much smaller than a corresponding U-net architecture and it can
better handle large motions.

PWC-Net [181] first proposed the feature pyramid, warping, and cost volume architecture.
PWC-Net first extracts the feature pyramid from two input images. For each level/resolution of
the feature map, they warp the second feature map by coarse-level flow and compute the cost
correlation between the first and warp the second feature map, which tries to match a similar
region. Then, they calculate the intermediate flow based on previous optical flow and match
information.

2.2.3 Iterative refinement

PWC-Net [181] is a millstone in deep-learning-based optical flow estimation with many follow-
up works [56, 79, 229]. One important PWC-Net variant is IRR-PWC [56], To addresses the
issues of high computational cost and lack of robustness to occlusions in existing methods, Hur
and Roth [56] proposed an approach called Iterative Residual Refinement (IRR), is based on
the combination of classical energy minimization approaches and residual networks. The IRR
approach aims to reduce the number of parameters and increase accuracy by using weight sharing
and iterative refinement. Additionally, they suggest to integrate occlusion prediction and bi-
directional flow estimation into the IRR scheme to further boost the accuracy.

Zachary Teed and Jia Deng propose the Recurrent All-Pairs Field Transforms (RAFT [185])
network. Unlike PWC-based networks, RAFT presents an iterative refinement approach that
utilizes a Gated recurrent unit (GRU) block. RAFT begins by extracting per-pixel features from
the input images and then builds multi-scale 4D correlation volumes for all pixels. The flow field
is iteratively updated through a recurrent unit that performs lookups on the correlation volumes.

Many recent works are based on RAFT. Some works [67,114] incorporate different attention-
based modules to bring long-range dependencies from features.
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2.3 Unsupervised learning methods

Jason et al. [218] propose the first unsupervised deep-learning optical flow method. They propose
a combination of photometric loss and smoothness loss to train the network. The smoothness loss
hypothesis is that the motion of pixels should be similar to their neighbours in most cases.

2.3.1 Transformer-based methods

Some [176,205,230] applied global matching to find an initialized flow to handle large displace-
ment. FlowFormer [50] proposes a full transformer-based architecture.

Due to the lack of ground truth, occlusion handling is the main problem in unsupervised
optical flow methods. Occlusion occurs when some pixels in the first image are not visible in
the second image due to occluding objects, large displacements, or image boundaries. Many
previous studies [123, 192] focus on addressing the occlusion problem. Some approaches [123,
192] try to utilize occlusion information by checking the consistency of backward and forward
optical flow.

Selflow [100] proposes a self-supervised learning framework. Given a pair of non-occluded
training data, they first add occlusion by masking some pixels in one frame. Selflow contains
a teacher model and a student model. It first trained the teacher model with non-occluded data.
Then, it feeds the occluded frames to the student model and uses the output flow from the teacher
model to guide the student model. DDFlow [99] uses natural occlusion pixels to guide a student
model that is trained with cropped frames, while a teacher model is trained with uncropped
frames. Luo et al. [119] proposed OccInpFlow, a framework that uses an appearance-flow net-
work to inpaint occluded flows based on the image structure and texture. Wang et al. [192] pro-
posed a self-supervised method that uses a generative adversarial network to inpaint occluded
flows by learning from non-occluded regions. Other extensions improve unsupervised learning
by using multiple frames [63, 175], geometric constraints [193] or co-training strategies [42].
Jonschkowski et al. [68] experimented to analyze each technique and combine them into a uni-
form architecture.

2.4 Optical flow in adverse conditions

The above methods do not work well in challenging conditions. The main issue are adverse
weather, such as rain or fog, and darkness, limiting visibility and preventing correct correspon-
dences between two frames. Another problem is the labels of optical flow are much harder to
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collect under challenging weather. So far, only a handful of works have explored optical flow
estimation with challenging weather. Zheng et al. proposed a data-driven approach that employs
a noise model for obtaining optical flow from low-light images [231]. Li et al. proposed two
uses of two modules to handle the rain veiling effect and rain streak effect, respectively, that help
predict optical flow in heavy rain [92]. Yan et al. proposed a semi-supervised network that con-
verts foggy images into clean images to deal with dense foggy scenes [209]. Zhou et al. [235]
proposed a domain adaption framework that transforms the domain from clean scenes to fog
scenes. However, most only discuss making optical flow adapt to challenging weather. In real-
world applications, we are dealing with both clean and challenging scenes. Therefore, a method
of robustness for both senses is necessary.

2.5 Applications of optical flow estimation

Optical flow is usually treated as extra information in many tasks. In action recognition [24, 40,
148, 166, 177, 184], optical flow captures movement patterns between frames, such as frequency
and speed, helping to distinguish subtle motion in human activities (e.g., walking vs. running).
Instead of relying solely on static RGB frames, integrating optical flow allows models to better
recognize actions that depend heavily on motion cues. In video segmentation [21, 137, 138, 173,
190], optical flow provides motion consistency between frames, improving the consistency of
the segmentation between different frames. By tracking pixel-level motion, segmentation models
can maintain temporal coherence, reducing flickering artifacts in video object segmentation. In
video frame interpolation [23,143–145,154,223], VFI synthesizes intermediate frames between
two input frames, often by first estimating bidirectional optical flow to approximate motion tra-
jectories. The flow fields guide the warping of input frames before refinement. In medical image
registration [87,124,130,227,228], optical flow-based registration aligns scans taken at different
times. Unlike rigid registration, flow-based methods handle deformable tissue motion, improving
alignment accuracy in dynamic MRI or ultrasound sequences. In autonomous driving [30, 168],
and robot navigation [2], optical flow helps detect moving objects (e.g., pedestrians, vehicles) by
distinguishing their motions from the static environment. This aids in collision avoidance and
path planning by providing real-time motion cues. In this thesis, we choose video frame inter-
polation as a high-level application to examine how limitations of optical flow could affect VFI
tasks. Given two or more consecutive frames, Video Frame Interpolation (VFI) aims to synthe-
size intermediate frames between them. Recent VFI methods first predict the optical flow from
both sides to the intermediate frame, warp the input images toward the middle frame, and refine
the warped result to correct errors.
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2.6 Datasets

This section briefly introduces the main data set used in optical flow research.

• FlyingChairs is a synthetic dataset that contains 22,232 images of chairs flying in front of
different backgrounds. The dataset covers a wide range of motions, scales, rotations, oc-
clusions and illumination changes. The ground truth optical flow is obtained by rendering
the 3D models of the chairs and the backgrounds [28].

• ChairsSDHom is an extension of FlyingChairs that adds synthetic depth, occlusion and
motion blur effects to the original images. It is used for training the model performs well
on real-world data, particularly in scenarios with relatively small displacements. [121].

• FlyingThings3D is another synthetic dataset that contains 25,824 images of various ob-
jects flying in indoor and outdoor scenes. The dataset has complex 3D motions, large
displacements, reflections and shadows. The ground truth optical flow, depth, disparity
and segmentation are provided for each image pair [120].

• MPI-Sintel is a flow dataset derived from the open source 3D animated short film, Sin-
tel. The dataset contains 1,064 images from 23 scenes with different styles and effects.
The dataset challenges optical flow algorithms with very long sequences, large motions,
specular reflections, motion blur, defocus blur and atmospheric effects [17, 200].

• Monkaa is a similar dataset to Sintel, but derived from another open source 3D animated
short film, Monkaa. The dataset contains 1,024 images from 24 scenes with diverse con-
tents and motions. The dataset also provides ground truth depth, disparity and segmenta-
tion for each image pair [200].

• KITTI2012 and KITTI2015 are two real-world datasets captured from a driving platform
in urban environments. The datasets contain 194 and 200 image pairs respectively, with
corresponding ground truth optical flow obtained by a high-accuracy laser scanner. The
datasets are suitable for evaluating optical flow algorithms for autonomous driving appli-
cations [33, 125].

• HD1k is a dataset for autonomous driving, featuring over 1000 high-resolution frames
designed to evaluate optical flow in diverse lighting and weather conditions [76]. However,
However, the ground truth for optical flow contains uncertainties and errros.

• Shift is a novel dataset that contains 1,000 image pairs of natural scenes with large view-
point changes. The dataset is generated by shifting a camera horizontally or vertically by
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a random distance between two consecutive frames. The dataset challenges optical flow
algorithms with large displacements, occlusions and perspective distortions [192].

• Spring is a high-resolution high-detail dataset and benchmark for scene flow, optical flow
and stereo estimation. The dataset contains 1,000 image pairs of indoor and outdoor scenes
captured by a stereo camera rig with synchronized flashes. The dataset provides ground
truth scene flow obtained by a structured light scanner with sub-millimeter accuracy [122].

FlyingChairs is the simplest dataset for optical flow. After that, ChairsSDHom and FlyingTh-
ings3D introduce extra occlusions and more objects. MPI-Sintel is created from a 3D animated
film, containing more complex motion and large displacements. Later, datasets like KITTI and
HD1K incorporate real-world noise. Recently, Shift provides a 4K-resolution dataset. These
works aim to make the scenes more complex for evaluating the performance of optical flow
methods. However, there is still a lack of a systematic way to examine the robustness of optical
flow methods. For example, opitcal flow methods could still works well in most scenes of com-
plex scene in Shift, In Chapter 6, we propose a data manipulation approach to create a robustness
evaluation dataset.

2.7 Summary

This chapter presents a comprehensive overview of optical flow estimation, covering both tra-
ditional energy-minimization techniques and modern deep learning-based approaches. Classical
methods are beyond the scope of this thesis, as our primary focus is on deep learning-based
approaches. We then review supervised and unsupervised learning methods, observing that pre-
vious research has primarily focused on improving accuracy on benchmarks, with limited dis-
cussion on robustness. We adopt [181] and RAFT [185] as our baseline architectures, with an
emphasis on robustness. In Chapter 3, we analyze motion boundary errors prevalent in the meth-
ods discussed in Chapter 2.2. Subsequently, Chapter 4 and Chapter 5 investigate key limitations,
such as the poor generalization of unsupervised learning approaches introduced in Chapter 2.3
and Chapter 2.4. Chapter 6 evaluates state-of-the-art CNN-based and transformer-based opti-
cal flow methods. Finally, we explore how optical flow methods are adopted in video frame
interpolation approaches in Chapter 7.
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Chapter 3

Detail Preserving Residual Feature
Pyramid Modules for Optical Flow

3.1 Introduction

In the previous chapter, we have introduced the progress of optical flow methods. In this chapter,
we find that SOTA (state-of-the-art) optical flow methods, e.g., RAFT [185] and IRR-PWC [56],
can generate motion boundary errors when dealing with small or large distance objects. We
discuss how to address the motion boundary error, which is a significant safety-related issue. We
present the main reason that causes motion boundary errors which is the downsampling in the
feature pyramid. Thus, we propose a new feature pyramid architecture to address it. Extensive
experiments demonstrate that our methods effectively resolve this issue with a minimal increase
in parameters.

This chapter has led to a publication [108] 1.

3.2 Overview

Optical flow estimation is a key problem in computer vision and a fundamental building block of
many high-level computer vision application [84, 125, 172]. Recent optical flow estimation has
greatly benefited from learning-based CNN architectures. Flownet [28] is the first CNN which

1© 2022 IEEE. Reprinted, with permission, from Libo Long and Jochen Lang, "Detail Preserving Residual
Feature Pyramid Modules for Optical Flow," in WACV, 2022.
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(a) Boundary blur on a multi-scale image. In the high res-
olution image (top), we can easily distinguish the outline
of individual apples, while in the low resolution image
(bottom), it is difficult to recognize individual apples due
to their blurred boundaries.

(b) Boundary blur on multi-scale feature map. The top
image is the feature map at Level 2 of the pyramid where
we can see the approximate boundaries of each apple. The
bottom image is the feature map at Level 5 where the fea-
tures in the highlighted area are not discernible.

Figure 3.1: Failure cases in current pyramid architectures. (a) Low resolution images blur object
boundaries. (b) The feature map exhibits the same problem due to the down-sampling in the
convolution layer.

directly predicts the optical flow with an encoder-decoder architecture. PWC-Net [181] and Lite-
FlowNet [53] proposed an iterative refinement design. The four fundamental stages in iterative
refinement are: first feature maps at different levels of resolution are extracted; second, correla-
tion is used to calculate a cost volume; third, intermediate optical flow is predicted based on the
cost volume and on the previous optical flow; and finally, the previous three steps are repeated in
an iterative refinement loop. This architecture has been shown to effectively reduce error in large
displacement and it has been used as a design in many recent approaches [49, 57, 100, 189, 210].
However, we observe that the iterative refinement design is not without major drawbacks which
limits optical flow estimation to improve further. Figure 3.1 shows that the low-resolution image,
as well as the low-resolution feature map, exhibit blending across boundaries of foreground ob-
jects (the apples in Figure 3.1) and the background because of down-sampling. This can mislead
the flow estimation to incorrectly consider foreground and background as one object and hence
predict the optical flow incorrectly for both, foreground and background. Because of the iterative
design, the erroneous estimate will be amplified in the following iterations.

We introduce a new pyramid module, Recurrent Feature Pyramids Module (RFPM), to ad-
dress the loss of detail in feature pyramids. We demonstrate how RFPM reduces error in optical
flow in Sintel and KITTI, even when integrated into top-performing optical flow methods such
as RAFT [185] and IRR-PWC [56]. Our experimental results shows that RFPM-RAFT achieves
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state-of-the-art performance on MPI Sintel [17] (Clean pass), and KITTI 2015 [127] benchmarks
(two-frame).

We decide to focus on the feature pyramid because we do not want to change the iterative
refinement architecture as it has been shown to improve optical flow results, especially for large
flow, and because the pyramid module is fully compatible with most optical flow estimation
methods or high-level applications. In order to reduce the effort in re-training a complete optical
flow method, we also propose a new transfer learning strategy which directly adds RFPM to a
trained optical flow method and thereby significantly increasing training progress.

Our main contributions are: First, we show that the traditional pyramid architecture is flawed
in optical flow estimation. We present a new pyramid architecture, RFPM, which reduces the
error at motion boundaries. We then propose a new strategy of transfer learning for RFPM. Next,
we will review related optical flow methods, strategies to avoid blur across motion boundaries
and the use of feature pyramids.

3.3 Related work

Optical Flow Estimation. In optical flow the use of multi-resolution representations goes
back to Lucas and Kanade [116] who used bandpass-filtering to register features across scales.
Bouguet [14] reported a popular implementation using image pyramids. We refer the reader to
the work of Sun et al. [179] and their analysis of classic optical flow methods derived from Horn
and Schunck [45]. FlowNet [27] is the first end-to-end trainable CNN network based on a U-
Net [159] architecture. The model was trained on a synthetic dataset. They propose two basic
architectures but the correlation layer of FlowNetC has become a key component in modern ar-
chitectures. Next, Ilg et al. [58] stack several models of FlowNet into a large system. With a
regular training schedule, FlowNet2 achieves significant improvements in the Sintel and KITTI
benchmarks. SpyNet [150] introduces a light-weight network by using the feature pyramid and
warping within the image pyramid. Sun et al. [181] create PWC-Net that uses an architecture
that utilizes a feature pyramid, warping, and a cost volume, which forms the cornerstone of
many follow-up works [56, 100, 156]. Recently, IRR [56] and RAFT [185] apply an iterative
architecture, which use a fixed CNN component as an unit in the iteration. This architecture
achieves remarkable performance with fewer parameters compared to most conventional CNN
architectures.

Boundary Blur. Blur across optical flow boundariers is known to be a difficult problem. Many
methods use segmentation to prevent blur. Earlier works [12,241] segment the image into regions
using shape or color, then estimating motion by matching the regions. In recent CNN based
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methods, Sevilla et al. [167] and Hur et al. [55] add a pre-trained semantic segmentation neural
network as an additional component to improve optical flow but these methods are not end-to-
end trainable. SegFlow [20] uses an optical flow and an image segmentation model jointly, and
construct communications between the two branches of the network. Different from previous
work, our method does not use an extra semantic network instead we prevent boundary blur with
the proposed pyramid architecture.

Feature Pyramids. Image pyramids as a multi-resolution representation are widely used in im-
age processing, computer vision and computer graphics [3, 110]. Pyramids of image features
are often calculated based on multi-resolution images. This method is slow however, as hand-
engineered features on each scale of the images need to be computed. Liu et al. [101] use the
convolution layer to predict multi-scale feature maps in their SSD to handle variedly sized ob-
jects. However, as noted by Fu et al. [31], SSD fails to detect small instances. Subsequently,
Feature Pyramid Networks [94] are a top-down architecture with skip connections in the feature
pyramid combining semantically-strong features at low resolution with semantically-weak fea-
tures at high resolution. This architecture makes the network more robust for different scales of
objects. Kong et al. [79] add global attention and local reconfiguration into a SSD-like design.
In their work, they compare SSD and its variants showing that global attention enhances multi-
scale representations with semantically strong information. The above methods address object
detection, semantic segmentation etc. but do not consider optical flow.

Recent optical flow estimation methods [56,181,229] use a shared weight pyramid to extract
features. The main difference of pyramids in optical flow methods from image detection is
that optical flow methods use iterative refinement while in object detection the result is directly
predicted. To our knowledge, no prior work has focused on feature pyramids in optical flow
in end-to-end trainable optical flow architectures; most of the optical flow methods still use an
SSD-like architecture. However, the limitations of SSD for small objects are well known and the
problem is exaggerated by the iterative refinement processing in optical flow.

3.4 Methods

3.4.1 Feature Map Analysis

Recent iterative refinement optical flow methods calculate feature pyramids and then use these
multi-resolution maps in a correlation step to find a cost volume. We will consider first the
currently used approach which we refer to as Weighted Feature Downsampling (WFD) before
deriving our alternative approach.
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(a) Weighted Feature Downsampling
(WFD)

(b) Residual Feature Downsampling (RFD)

Figure 3.2: Downsampling modules. WFD is the original module used in CNN optical flow
estimation [52,56,181]. RFD combines WFD and Max Pooling (MP) with a residual-like design.

Given a pair of RGB images, It, It+1, a feature pyramid generates L-level bottom-up path-
ways, the bottom level is the original input image, i.e., F0

t = It. Each feature map F l
t is generated

typically by a 3× 3 convolutional filter with a stride of two pixels with respect to F l−1
t . The ar-

chitecture contains 6 levels of convolutional blocks in recent works [56, 181] while using the
last four feature map pairs {(F3

t ,F3
t+1), (F4

t ,F4
t+1), (F5

t ,F5
t+1), (F6

t ,F6
t+1)} to compute the cost

volume. Therefore, at the l-th level, the cost volume can be formulated as

V = c(F l
t , w(F l

t+1)), (3.1)
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where w represents the warping operation that uses bi-linear interpolation to warp It+1 with the
optical flow to It. The correlation operation c computes the similarity between two feature maps
by an element-wise dot product.

At each level l of the feature pyramid, the output pixel value zli,j is a weighted sum of pixel
values of the previous level

zli,j =
∑︂
x,y

zl−1
i+x,j+yk3(x, y), (3.2)

where i,j are the indices of the pixel, ki is the i × i convolution kernel, −1 ≤ x, y ≤ 1 (3 × 3
kernel). We refer to this as Weighted Feature Downsampling (WFD) in Figure 3.2(a).

Figure 3.3: Illustration of flow error. The top shows two pixels of a high resolution image, red
indicates the flow of the object is to the left, and blue indicates the flow of the object is to the
right. The top high resolution image predicts the flow of the two objects correctly (circle towards
left, triangle towards right). The low resolution image at the bottom demonstrates that fusing the
two pixel produces an average flow prediction which is different from either correct flow value.

We observe a major consequence of this architecture is blurring of motion boundaries. Fig-
ure 3.3 illustrates an example: Two tiny objects move in different directions in the original images
It and It+1 after WFD through several convolution layers. The coarse resolution treats the two
objects as a whole, and predicts the same or similar direction for both objects which is incorrect
for both and contradicts a possibly correct predictions at the higher resolution. As a result the
overall prediction will be in error.

Residual Feature Downsampling (RFD). We propose to apply a joint feature extraction by
WFD and Max Pooling (MP) in a residual design [191]. RFD learns to enhance edge areas
because MP is expected to keep higher weight pixels for the next level. Although MP itself might
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Figure 3.4: Architecture of RFPM. Feature maps are extracted with three different pyramids.

not keep all significant information, it can guide WFD towards the extra information through the
residual structure. To this end, we introduce a Residual Feature Downsampling (RFD) pyramid
based on the integration of WFD and MP. The RFD extracts features with an addition operation
from both WFD and MP (see Figure 3.2(b)). The pixel value at level l is then

zli,j =
∑︂
x,y

MP (z)l−1
i+x,j+jk1(x, y) + zl−1

i+x,j+yk3(x, y) (3.3)

Our RFPM includes RFD but it also incorporates multiple different feature pyramids, including
pyramids calculated with standard WFD. We also provide additionally pathways for the feature
in form of repair masks that act at a chosen level of different pyramids.

3.4.2 Repair Mask

We introduce a learnable Repair Mask (RM) to repair feature maps after downsampling. The
RM contains two parts: a multiplicative attention function A which output a attention mask of
shape (B, 1, H, W), and an additive bias function M which output a bias mask of shape (B, C,
H, W). B is the batch size, C is the channel, and H and W are the height and width of the feature.
Assumig two pyramids (and using broadcasting of A), then the feature map of the right pyramid
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Figure 3.5: The network extracts a pair of feature maps by a shared weights RFPM and feeds
them into a correlation layer.

at level l + 1 takes the map of the left pyramid into account as in

F l+1
right = Conv(F l

right ×A(F l+1
left) +M(F l+1

left)) (3.4)

3.4.3 Module Structure

The complete Recurrent Feature Pyramid Module with Repair Masks (RFPM) is constructed as
follows (see Figure 3.4):

(a) Multi-kernel top-down pathway: Given a pair of images, features are extracted from the
top to bottom via three pathways, the left and right pyramid are constructed with WFD. We call
the left pyramid the base pyramid. The middle pyramid uses RFD. When integrating RFPM into
different optical flow estimators, the actual pyramid architecture needs to be slightly different.
We always keep the original architecture as base pyramid. This design of RFPM is also beneficial
for transfer learning which we will describe in Chapter 3.5.4.

(b) Repair left-right pathway: The feature map of the base pyramid extracts a repair mask,
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Figure 3.6: Visualizing the relation between feature map and predicted flow. Failure areas in
RAFT are indicated with white squares. These areas have blurred edges in the feature pyramid.
In our RFPM, the flow result correctly predicts the motion boundary because of the improved
edges in the feature pyramid. RFPM significantly reduces the EPE errors.

the mask passes to the middle pyramid to repair missing information due to maximum pooling.
The middle pyramid in turn extracts a repair mask to restore the right pyramid as well. Note, we
do not add a repair mask at each level. In practice, we found adding repair masks only on some
levels at the bottom of the pyramid is sufficient to improve performance.

Therefore, at level l, the cost volume is defined as in Equation (3.1) with the feature maps:

F l
t = [F l

left,t,F l
mid,t,F l

right,t] (3.5)

F l
t+1 = [F l

left,t+1,F l
mid,t+1,F l

right,t+1] (3.6)

Next, we will discuss how to integrate RFPM with two state-of-the-art optical flow methods:
IRR-PWC [56] and RAFT [185].
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Figure 3.7: Visualization of feature pyramids in RFPM-RAFT. Comparison of the learned fea-
tures from left pyramid using WFD, middle pyramid using RFD with repair mask (RM), and
right pyramid using WFD with repair mask (RM).

3.4.4 RFPM with IRR-PWC

RFPM-IRR-PWC consists of a 6-level shared-weight base pyramid with 16, 32, 64, 96, 128 and
196 feature channels, respectively. Each level from 6 downto 2 makes predictions in a coarse-to-
fine manner. The first predictions at level 6 are at 1

64
and the final predictions at level 2 are at 1

4
of

the resolution of the original image in width and height. The feature channels of the pyramids are
16, 32, 64, 88, 112 and 136, respectively. Figure 3.4 illustrates the pyramids with repair masks
generated at level 1 to 3. The base pyramid provides mask A(F l

left) and M(F l
left), which feed

into the same level of the middle pyramid. This avoids unnecessary down- and upsampling. The
middle pyramid generates masks A(F l

mid) and M(F l
mid), which feed into the same level of the

right pyramid. Due to the bilateral refinement of flow and occlusion structures, feature maps of
all three pyramids feed into the correlation layer. In contrast, only the feature map of the base
pyramid is used to predict occlusions and the context flow.
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3.4.5 RFPM with RAFT

RAFT contains a three-level feature pyramid, each level consists of two residual blocks, at 1
2
, 1
4
,

and 1
8

resolutions of the original image in width and height, respectively. Instead of a coarse-
to-fine manner, RAFT builds a multi-scale 4D correlation volume by all pairs of pixels in the
feature map of the last level. RFPM-RAFT uses a similar modification than in RFPM-IRR-
PWC, except RFPM-RAFT uses the three-level pyramid architecture of RAFT and the repair
masks are generated at level 1 and level 2.

3.5 Experimental Evaluation

We first detail the training for our implementation of RFPM-IRR-PWC and RFPM-RAFT before
presenting results on MPI Sintel [17] and KITTI-2015 [127]. We present ablation studies for the
configurations of the downsampling approaches as well as the number and level of repair masks
in RFPM. We then discuss our reduced effort training approach for our module based on transfer
learning and data augmentation.

3.5.1 Training and Implementation

We follow the training configurations of IRR-PWC [56] and RAFT [185] for a fair comparison.
We first train RFPM-IRR-PWC on the FlyingChairs_OCC [28] dataset (learning rate schedule
schedule Sshort) and then fine tune on FlyingThings3D [121] (half schedule learning rate of
Sshort). When fine-tuning on Sintel and KITTI, we use a mini-batch size of 4 with the cyclic
learning rate proposed by PWC-Net+ [182]. IRR-PWC uses fine-tuning on KITTI based on
the checkpoints of FlyingThings3D. We train RFPM-RAFT on FlyingChairs for 200k iterations
with a batch size of 6, and on FlyingThing3D for 200k iterations with a batch size of 3. We
fine-tune on Sintel by combining data from Sintel [17], KITTI-2015 [127] and HD1K [76] for
200k iterations with a batch size of 3 (the same setting as described in PWC-Net+ [182]). Then,
based on the checkpoints of Sintel, we train for 100k iterations with a batch size of 3 (we use
half of the batch size and double the iterations in comparison with RAFT because of memory
limitations). RFPM is implemented in PyTorch [146] and our experiments use either a single
Nvidia 2080Ti GPU with 11 GB of memory, or a Nvidia RTX2070 GPU with 8GB of memory.
Some of the ablation study were done with Google Colab. The loss function can be presented as:

L =
N∑︂
i=1

γN−i · ∥Oi −Ogt∥2 (3.7)
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Method
Sintel (train) KITTI-15 (train) Sintel (test) KITTI-15 (test)

Clean Final F1-epe F1-all Clean Final F1-all(%)
SPyNet [150] (3.17) (4.32) - - 6.64 8.36 35.07
FlowNet2 [58] (1.45) (2.19) (2.36) (8.88) 4.16 5.74 10.41
FlowNet3 [61] (1.47) (2.12) (1.79) - 4.35 5.67 8.60
SelFlow [100] (1.68) (1.77) (1.18) - 3.75 4.26 8.42
PWC-Net [181] (2.02) (2.08) (2.16) (9.80) 4.39 5.04 9.60
PWC-Net+ [182] (1.71) (2.34) (1.47) (7.59) 3.45 4.60 7.72
IRR-PWC [56] (1.92) (2.51) (1.63) (5.32) 3.84 4.58 7.65
LiteFlowNet2 [54] (1.30) (1.62) (1.33) (4.32) 3.48 4.69 7.62
LiteFlowNet3 [52] (1.32) (1.76) (1.26) (3.82) 2.99 4.45 7.34
HD3 [216] (1.70) (1.17) (1.31) (4.10) 4.79 4.67 6.55
VCN [210] (1.66) (2.24) (1.16) (4.10) 2.81 4.40 6.30
MaskFlowNet [229] - - - - 2.52 4.17 6.10
RAFT [185] (0.76) (1.22) (0.63) (1.50) 1.94 3.18 5.10
RAFT(warm-start) [185] (0.77) (1.27) - - 1.61 2.86 -
RAFT-A* [180] - - - - 2.01 3.14 4.78
RFPM-IRR-PWC (1.66) (2.43) 1.48 5.17 3.63 4.52 7.49
RFPM-RAFT (0.61) (1.05) (0.60) (1.41) - - 4.79
RFPM-RAFT(warm-start) (0.68) (1.12) - - 1.41 2.90 -

Table 3.1: Results Comparison on Sintel and KITTI-15. The value in parentheses are the errors
on the training dataset, the best training result is underlined, and the best testing result is shown
in bold. Sintel performance is evaluated by average end-point error (AEPE) over all valid pixels.
F1-all is the percentage of optical flow outliers over all valid pixels. * Please note that Aut-
oFlow by Sun et al. [180] uses a different training dataset but does not change the basic RAFT
architecture. The warm-start technique can only be used with long sequences of images (e.g.,
Sintel).

Where Oi is the predicted optical flow at iteration i, Ogt is the ground truth optical flow, and γ
is the weighting factor.

3.5.2 Results

According to Table 3.1, RFPM-RAFT outperforms all published optical flow methods on the MPI
Sintel [17] clean pass and KITTI-2015 [127]. Our methods achieve a 12% higher accuracy on
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Sintel, and 6% higher accuracy on KITTI compared with RAFT. Figure 3.6 shows a visualization
of test results from the Sintel website. To show the benefit of our methods, we compare RAFT
with our RFPM-RAFT in both feature map (second column) and output flow (third column).
The dashed rectangle corresponds to the same zoomed-in areas as in the feature map and flow
results. Comparing features in RAFT and in our proposed RFPM-RAFT, we clearly see that
features in RAFT ignore important edges in the zoom-in, and the output flow thus failed to predict
motion boundary in the corresponding area (dashed rectangle). In contrast, our RFPM-RAFT
significantly reduces the error and better separates different moving objects and environments
in these areas. Furthermore, Figure 3.7 visualizes all three feature maps in the same level of
RFPM-RAFT, we can see that by adding the repair mask in the RFD (middle) and WFD (right),
the edges in the feature map are clearer than in the original WFD (left). Therefore, we think the
missing detection of edges in the feature maps is the main reason for a poor prediction of optical
flow close to motion boundaries in RAFT. As can be seen, our method enhances the edges in the
rectangle and succeeds to estimate the optical flow close to these motion boundaries.

Settings
Trained on Chairs

Chairs Sintel(clean) Sintel(final)
Testing Training Training

L/M 0.79 2.29 4.41
L/M + mask 0.73 2.17 4.30
L/M/R 0.74 2.21 4.33
L/M/R + mask 0.72 2.11 4.28

Table 3.2: Number of Pyramids and Use of Repair Masks

Settings
Chairs Chairs+Things
Chairs Sintel(clean) Sintel(final)
Testing Training Training

Level 1 0.73 1.32 2.79
Level 2 0.73 1.33 2.82
Level 3 0.75 1.33 2.84
Level 1+2 0.72 1.24 2.74
Level 1+2+3 0.70 1.31 2.83

Table 3.3: Repair mask levels and numbers.
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3.5.3 Ablation Study

Our ablation study focuses on RFPM-RAFT, because RAFT has fewer parameters but still ob-
tains lower average end-point error (AEPE) on Sintel and KITTI-15 than RFPM-IRR-PWC. All
ablation models are trained on FlyingChairs training and tested on FlyingChairs validation, and
the Sintel clean and final training data. The repair mask study uses extra fine-tuning on Fly-
ingThings3D.

We will first look at the number of pyramids. Table 3.2 presents the results of two or three
pyramids where L, M and R express Left, Middle and Right pyramid, respectively. We find that
the models benefit from the L/M/R architecture with the refinement mask, and the main reduction
of the AEPE is from the refinement mask.

In Table 3.3, we look at the level in the pyramids where to use a repair mask. The results
indicate that the model with repair masks at both, Level 1 and Level 2 leads to the best perfor-
mance in terms of AEPE. Using the repair mask at all three levels likely causes overfitting on
the Chairs dataset as can be seen from low AEPE error on Chairs testing but the relatively higher
AEPE on the other two datasets.

Settings
Trained on Chairs

Chairs Sintel(clean) Sintel(final)
Testing Training Training

W/M/M + mask 0.81 2.32 4.39
W/M/R + mask 0.76 2.27 4.24
W/R/R + mask 0.68 2.11 4.30
W/R/W + mask 0.70 2.09 4.21

Table 3.4: Downsampling layer trade-off.

Finally, we compare the different downsampling layers discussed in Chapter 3.4.1. Table 3.4
shows the benefits of our module. (Note: W, M and R presents WFD, MP and RFD respectively).
W/R/W shows the best performances. We suspect that RFD mainly contributes to the Sintel final
pass based on the comparison between W/M/M and W/M/R. W/R/R results in the smallest testing
error on Chairs, but it might be overfitting as can be seen from the higher AEPE on the Sintel
final pass.
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Methods Schedule KITTI-15 (test)
Fl-fg(%) F1-all(%)

RAFT C+T+S+K+H 6.87 5.10
RFPM-RAFT C+T+S+K+H 6.20 4.79
RFPMt-RAFT St 6.69 5.08

Table 3.5: Transfer Learning Comparison for RAFT [185] variants on KITTI-2015.
C+T+S+K+H is the training schedule used in RAFT and is also the full schedule for our RFPM-
RAFT. St is our small transfer learning schedule, which leads to our method trained as RFPMt-
RAFT. The result shows that RFPMt-RAFT surpasses RAFT with a small training schedule

3.5.4 Transfer Learning Approach

Transfer learning is to transfer a pre-trained representations to a novel problem which can reduce
the training time of a neural network [142]. We present a special transfer learning for our module:
Given a pre-trained neural network, our goal is to improve the neural network by incorporating
RFPM with only a small training schedule. We add the RFPM into pre-trained RAFT and fine-
tune the overall model on KITTI-2015. We can also further improve learning by our novel
Asymmetric Data Augmentation (ADA) due to the special structure of our module. ADA keeps
the same geometric augmentations for Left/Middle/Right pyramids, but implements different
chromatic augmentations for each batch of data. This leads us to the training schedule (St)
where our module in RAFT is first trained on FlyingThings3D for 50k iteration with a batch size
of 3 using Asymmetric Data Augmentation. Then we fine-tune for 100k iterations on KITTI with
a batch size of 3. We call the resulting model RFPMt-RAFT to distinguish it from RFPM-RAFT
that is trained with the same full C+T+S+K+H schedule as RAFT (see Chapter 3.5.4). Table 3.5
shows that our RFPMt-RAFT surpasses RAFT despite only using a small training schedule with
22.2% iterations used by RAFT.

We also conducted an ablation study of ADA with results shown in Table 3.6. MFPMt-RAFT
directly trains on KITTI for 20K iteration with a batch size of three. We compare the effect of
different ratios of original and augmented data presented to the RFPMt-RAFT. A probability of
0.2 (20 %) for a sample generated with ADA appears to be most effective. Note that the numbers
in Table 3.6 are the average of 3-fold cross validation.
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Asymmetric Data KITTI-15(train)
Augmentation F1-epe+ F1-all+(%)

0 1.21 3.63
0.2 1.19 3.60
0.5 1.20 3.64
0.8 1.22 3.64

Table 3.6: Asymmetric Data Augmentation (ADA) during transfer learning. + is the average
value evaluated by 3-fold cross validation.

3.6 Summary

In the chapter, we describe how the traditional feature pyramid is a major reason for boundary
errors in optical flow estimation of small and finely detailed objects. The flow of these objects
is lost at low resolution levels of the traditional pyramid. We propose residual feature down-
sampling that includes max pooling to preserve detail features. We use multiple pyramids in
our module that incorporate repair masks at some levels of the pyramids. Our RFPM can be
easily integrated into modern iterative refinement optical flow methods as it only modifies the
downsampling feature pyramid common to these approaches. We demonstrate that by integrat-
ing RFPM in two state-of-the-art methods, their overall error in Sintel (clean) and KITTI-15
improves but more importantly there is clear visual improvement for small and finely detailed
objects. Furthermore, We have proposed a special transfer learning strategy for RFPM with novel
data augmentation that still achieves state-of-the-art accuracy on KITTI-2015 but with a much
smaller training schedule. In the next chapter, we discuss the ability to generalize optical flow
estimation methods.
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Chapter 4

Regularization for Unsupervised Learning
of Optical Flow

4.1 Introduction

In the previous chapter, we demonstrated RFPM’s ability to preserve fine details during down-
sampling. This approach effectively reduces motion boundary artifacts common in current op-
tical flow methods. In this chapter, we will focus on the generalization ability of optical flow
methods. Generalization ability is crucial for optical flow estimation, as methods may encounter
unseen scenes in real-world applications. However, the generalization ability of existing meth-
ods is poor, and they require fine-tuning in each scene before evaluation. In this chapter, we
propose a regularization method that not only improves the performance of unsupervised optical
flow methods but also significantly enhances their generalization ability to unseen data.

This chapter has led to a publication [109] 1.

4.2 Overview

Estimating optical flow, which is the apparent motion of objects in a scene, is a basic task in
computer vision that has many applications [9,19,66,125,172,206,212]. In recent years, convo-
lutional neural networks (CNN) [53,151,182] have been used to learn optical flow from data, and

1© 2023 by the authors. Reprinted under the terms of the Creative Commons Attribution (CC BY) license, from:
Libo Long and Jochen Lang, "Regularization for Unsupervised Learning of Optical Flow," Sensors, vol. 23, no. 8,
2023. DOI: 10.3390/s23084080.
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they have shown better performance and efficiency than traditional methods based on variational
models [15, 157, 178, 201]. However, learning optical flow from data poses some challenges
depending on the type of data and the learning paradigm. In this thesis, we focus on the unsu-
pervised learning of optical flow from real images without ground-truth annotations. We review
the existing methods and challenges in this area, and propose a novel approach to improve the
accuracy and robustness of optical flow estimation.

To cope with the difficulties of unsupervised learning of optical flow, previous methods have
proposed various techniques to reduce the errors caused by occlusion, illumination changes,
textureless regions, and motion boundaries [90, 96, 118, 152, 155, 196, 215]. However, these
techniques are often specific to certain types of errors and may introduce noise or complexity to
the network. In this thesis, we propose a different approach that does not rely on these error-
specific techniques, but instead uses a general regularization strategy in a novel teacher-student
framework.

The teacher-student framework is a common strategy for unsupervised learning, where a
teacher network provides guidance to a student network based on some learned representation.
However, a limitation of this strategy is that the teacher and student networks do not improve
together during the training process. If the student network learns a better representation than the
teacher network, the guidance from the teacher network becomes less effective. Some methods
have tried to address this issue by using a co-teaching strategy [42, 194], where two networks
teach each other iteratively, but this comes at the cost of training two separate networks. In
this thesis, we introduce a novel shared-weight teacher-student strategy, where the teacher and
student networks share the same network weights but differ in the use of an additional regular-
ization module. The network with regularization acts as the teacher, and the network without
regularization acts as the student. In this way, both networks are updated simultaneously by
backpropagation and benefit from each other’s improvements.

Another aspect that we investigate in this thesis is the generalization ability of optical flow
networks, which is often limited in unsupervised learning methods. We hypothesize that regular-
ization methods can enhance the generalization ability of unsupervised optical flow networks, as
they do for image classification and semantic segmentation networks [35, 62]. We test different
regularization methods in our teacher-student learning strategy and show that they have some
positive effects on the performance. However, we also discover that our novel content-aware
regularization (CAR) module improves the generalization ability more than existing methods.

The CAR module is a simple but effective way to enhance and diminish the features of the
network randomly during training in the teacher model, and then remove it during testing. The
CAR module works as follows: given an input feature x, it splits x into k subsets, randomly
selects one subset, and computes residuals only from that subset. The CAR module is content-

37



aware because it learns a convolutional layer based on the features without regularization. We
argue that this idea can prevent the co-adaptation of channels and help the network learn more
discriminative features in each channel. As a result, the shared-weight network improves for
both the teacher and student models.

The proposed CAR module has several advantages: it has a low memory footprint, it supports
real-time computation and end-to-end training, and it can be easily integrated into different tasks
and networks. We implement CAR into a modified version of PWC-Net [181], called PWC-
Lite [98], which is a small unsupervised optical flow network. We also extend our method to
scene flow estimation, which is a more challenging task that involves estimating both optical flow
and depth. The experimental results show that our method significantly improves the original
PWC-Net model without any additional space and time costs during inference. Our method
solely trained on MPI-Sintel outperforms supervised PWC-Net by 27.9% and 32.9% on KITTI
2012 and 2015, respectively. To summarize, our main contributions are as follows:

• We propose a novel and effective teacher-student unsupervised learning strategy for optical
flow and scene flow estimation, where the teacher and student networks share the same
weights but differ in the use of a content-aware regularization module.

• We experimentally show that a PWC-Net model trained with our unsupervised framework
outperforms all other unsupervised PWC-Net variants on standard benchmarks. The multi-
frame version surpasses supervised PWC-Net with lower computational costs and using a
smaller model.

• A PWC-Net model trained with our method shows superior cross-dataset generalization
compared to supervised PWC-Net and unsupervised ARFlow.

4.3 Related Work

Unsupervised learning of optical flow has been an active research area in recent years. Many
methods have adopted the teacher-student strategy to improve the performance and generaliza-
tion of unsupervised networks. SelFlow [100] proposed a self-supervised learning framework
that alternates between a teacher model and a student model. The teacher model is trained with
a self-consistency loss that measures the consistency between forward and backward flows. The
student model is trained with a self-distillation loss that minimizes the difference between the
teacher and student predictions. ARFlow [98] introduced an adaptive robust loss function that
adapts to different regions of the image based on the teacher’s confidence. The teacher model is
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trained with a photometric loss and a smoothness loss, while the student model is trained with
the adaptive robust loss and a distillation loss. MDFlow [78] used multiple teacher models with
different levels of difficulty to guide the student model. The difficulty level is determined by the
image quality and motion magnitude. The student model is trained with a weighted combination
of losses from different teachers. Self-Guidance [232] improved the generalization of deep neural
networks via knowledge distillation. The teacher model is trained with a self-guidance loss that
encourages the network to learn from its own predictions on unlabeled data. The student model
is trained with a distillation loss that transfers the knowledge from the teacher to the student.
Our method differs from these methods in several aspects. First, we use a shared-weight network
for both teacher and student models, which reduces the memory and computational costs and
enables simultaneous improvement of both models. Second, we propose a content-aware regu-
larization module that randomly enhances and diminishes partial features during training in the
teacher model. This module helps to break the co-adaptation between channels and to learn more
discriminative features for optical flow estimation. Third, we demonstrate that our method can
be easily extended to scene flow estimation by adding a depth estimation branch and applying
our regularization module to both branches.

4.4 Methods

4.4.1 Network structure

Given a pair of RGB images It,It+1, the estimation of optical flow can be formulated as:

f(p) = A(It, It+1, θ), (4.1)

where f(p) is the resulting flow per pixel p, A is the estimation network and θ are the learnable
parameters of the network.

Flow estimation networks commonly use an encoder-decoder structure. We use a PWC-Net
variant (unsupervised) as backbone [98, 100]. The optical flow is estimated in a coarse-to-fine
manner. The network contains a shared-weight Siamese feature pyramid which extracts feature
maps at different scales from images. At level l, the feature map of the second image It+1 is
warped by the predicted flow f(p)l+1 of the (previous) coarser level. Then the cost volume V l

is calculated by correlation which represents the matching costs of pixels between images. The
decoder module with shared weights at all levels takes the feature map of It, the upsampled flow
f(p)l+1

↑ , and the cost volume V l as inputs and predicts the optical flow f(p)l of level l. Finally,
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Figure 4.1: Level l of our multi-frame network.

the upsampled optical flow f(p)l↑ is input to the next finer level. Figure 3.4 shows the architecture
of our method. We use PWC-Net [181] as backbone with some modifications.

Previous works [41, 113, 204] use deformable convolution to deal with the problem of small
objects disappearing in low resolution feature maps. Inspired by that, we use a deformable
modulation cost volume (DMCV) to recover distortion and artifacts of small objects by a dense
connectivity motion extractor based on deformable convolution (see Figure 3.4):

ylt = Concat([x,DC(x)]) (4.2)

V l = DC(C(ylt,W (ylt+1))), (4.3)

where x and y indicate the feature and dense feature map, DC is deformable convolutional layer,
C is the correlation operation. The output flow can be formulated as:

cvl = Concat([conv(xlt), f(p)
l+1, V l]), (4.4)

f(p)l = E(cvl), (4.5)

where E presents the optical flow decoder module and conv is a convolution layer.

We optionally extend our method into a three frames network by adding the extra backwards
flow from the next frame and its corresponding cost volume as sketched in Figure 4.1. We follow
the same multi-frame architecture than ARflow [98], except we added our DMCV and CAR
module.
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Figure 4.2: Flow decoder during prediction (top) and with CAR during training (bottom).

4.4.2 Content Aware Regularization Module

The main idea of our method is to use only one network but use it twice, once as teacher network
with the CAR module and once without the CAR module as the student network in our shared-
weight teacher-student strategy. Only the teacher network uses our CAR module which we
introduce next. Given an feature map e ∈ RN×D, where N = W × H . W and H refer to the
width and height of the feature map, respectively, and D indicates the depth of the feature map.
We first split e into k subsets v1, ..., vk by its depth dimension where vi ∈ RN×D/k is the i-th
subset of the feature map. Then, we select a subset j randomly and compute the new feature map
via:

v1, ..., vk = Split(e) (4.6)

j = Random(1, k), (4.7)

M = Conv(vj) (4.8)

ṽj = vj (1 +M) , (4.9)

ẽ = concat([v1, ..., ṽj, ..., vk]) (4.10)

Where M is a learnable content-mask which is applied to the j-th subset of the feature map
x. Since M is randomly applied to only a subset of e, it stops the channels from co-adapting.
Random(1, k) in Equation (4.7) produces a uniform random number in the range [1, k]. We
leverage the idea from SpatialDropout [186] to break the co-adaptation of channels, but without
simply setting them to zero.
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Figure 4.3: Visualization of CAR. The second column shows regions that are emphasized by
the projection in CAR (large positive values of M , see Equation (4.9)). The third column shows
regions that are diminished (large negative values of M ), respectively. The fourth column show
the estimated flow by our method. The result is from a generalization study on Vimeo-90K [207].

4.4.3 Shared-weight Teacher-student Strategy

During training, we feed each image pair It, It+1 through the network twice, once for teaching
by invoking the CAR module and once without for the student. The decoder for the student is
shown in the upper part of Figure 4.2. Given an input cvl as defined in Equation (4.4), the optical
flow decoder module generates features ei (i is the index of hidden layer) by densely connected
convolutions in each decoder layer i which can be formulated (dropping the layer superscript l
for clarity) as

e′i = CR(ei−1) (4.11)

ei = Concat(e′i, ei−1), (4.12)

where CR is a convolutional layer followed by a LeakyReLu activation function. This decoder
structure is shown in the upper part of Figure 4.2. The lower part of Figure 4.2 shows the structure
of the decoder for teaching.

ei = Concat(CAR(e′i), ei−1) (4.13)

Where function CAR( ) indicates Equation (4.6)-Equation (4.10). The architecture allows us to
choose the number of affected channels by selecting k.

The CAR module is randomly applied to a subset of features breaking the co-adaption be-
tween channels. In this strategy, the networks for student and teacher are the same except for the
CAR module as they share weights, and the common network is trained together instead of se-
quentially. During the training, if the student learns a better representation guided by the teacher,
the teacher can also benefit because of shared-weight parameters.

We conduct an informal study on the generalization abilities of a PWC-Lite model trained
with CAR on Vimeo-90K [207]. To show how CAR improves the performance, we use a heatmap
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Figure 4.4: CAR block. The feature map is split into k subset. We randomly choose one subset
(red in the graph) to enhance by a residual convolutional module.

to visualize what regions CAR enhances and diminishes (see Figure 4.3). The first column shows
an overlay of the input images. The input images only contain one moving object which is
the worker with a static background. The second column in Figure 4.3 shows regions that are
emphasized by the projection in CAR and the third columns shows regions that are diminished,
respectively. The fourth column shows the estimated flow. We can see that the projection in
CAR emphasizes some dark background area. On the other hand, CAR diminishes some areas
with large motion preventing co-adaption for large displacement. Co-adaption could otherwise
potentially lead to incorrect results for regions with small motion.

4.4.4 Regularization and Unsupervised Loss

4.4.4.1 Content Aware Regularization

During training, the shared-weight teacher-student strategy forward data through the network
twice, with and without invoking the CAR module. Then, we obtain two different predicted flow
f r(p) (with CAR module) and f o(p) (without CAR module). As shown in Figure 4.2, the flow
decoders with and without the CAR module share the same layers except for the CAR module
which is turned on and off. Therefore, f r is different from f o. We regularize the predicted flow
by minimizing the difference of two forward passes, i.e.,

Lca =
∑︂
p

ψ(f r(p)− f o(p)), (4.14)

where ψ = (|x|+ ϵ)q is a robust function proposed in DDflow [99] with ϵ = 0.01 and q = 1.
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4.4.4.2 Level Dropout as Regularization

In general, at each level l, our method predicts the flow f l based on the coarser level flow f l+1

but we also propose to use level dropout as regularization. We use the finest flow as pseudo labels
and supervise a level dropped flow. A similar idea can be found in Uflow [68] but with the main
difference that we propose to also use a corresponding extra regularization loss. Specifically,
we predict the flow with the same data twice: First, we randomly drop the calculation of an
intermediate flow at pyramid level i, and instead pass the resized flow f i+1 to the level i − 1.
The resulting flow calculated with a dropped level is written fdrop in the following. Second, we
predict the flow f o by going through all the levels of the pyramid from Level 6 to 2. Let S( ) be
the stop-gradient, then the loss function Lld can be written as

Lld =
∑︂
p

ψ(S(f o(p))− fdrop(p)). (4.15)

In practice, we also use f r, i.e., the flow calculated with the CAR module turned on, to guide
fdrop as an challenging case with a small probability which is

Lrd =
∑︂
p

ψ(S(f r(p))− fdrop(p)). (4.16)

The overall regularization loss is a combination of above three loss functions in Equation (4.14)-
Equation (4.16). Thus, our shared-weight teacher-student framework will have multiple forward
passes in one training step. The overall loss is

Lcr = α(Lca, µ1, δ1) + α(Lld, µ2, δ2) + α(Lrd, µ3, δ3), (4.17)

where α( ) randomly uses the loss in a training step with a fixed probability µi. In each
training step, we generate a uniform random number δi in [0,1].

α(Li, µi, δi) =

{︃
Li, if δi ≤ µi

0, Otherwise

}︃
(4.18)

4.4.4.3 Overall Unsupervised Loss

The overall unsupervised loss is then formulated as

Lall = Lph + wsm × Lsm + wau × Lau + wcr × Lcr (4.19)
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where Lph is the photometric loss, Lsm is the smoothness regularization loss [218] and Lau is the
augmentation regularization loss [98] 2. In practice, we set wsm = 1, wau = 0.01 and wcr = 0.01.

4.5 Experiment

Experiment Sintel Clean Sintel Final

None 2.79 3.72
Dropout 2.83 3.77
DropBlock, bs=1 2.81 3.73
DropBlock, bs=3 2.77 3.75
DropBlock, bs=7 2.76 3.72
SpatialDropout 2.74 3.69
CAR 2.70 3.63

Table 4.1: End Point Error (EPE) of different regularization methods. bs indicates the block size
for Dropblock.

4.5.1 Implementation Details and Use of Datasets

We conduct experiments on two commonly used optical flow benchmarks: MPI-Sintel [17] and
KITTI (including KITTI 2012 [34] and KITTI 2015 [125]). We follow the same augmentation
setting as previous methods [98–100].

Our results on the MPI-Sintel benchmark protocol are obtained by pretraining on KITTI and
then fine-tuning on Sintel. We do not pretrain on Sintel raw. Sintel raw contains the raw scenes
for the benchmark and hence pretraining on Sintel raw may cause data leakage into the test set.
For the KITTI benchmark, we pretrain our network with the KITTI raw dataset (we discard all
scenes that contain images that appear in the optical flow KITTI benchmarks) and finetune the
network on the KITTI multi-view training dataset. This is the same dataset configuration for
KITTI as used by previous works [98–100]. We also implement our method in the related dense
pixel matching task of unsupervised scene flow estimation.

We implement our method with PyTorch [146]. For all training, we use the Adam opti-
mizer [74] with β1 = 0.9, β2 = 0.99. We first train our method for 1000k iterations with learning

2We use the same augmentation setting than ARFlow.
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rate 0.001 and batch size 4, followed by 400k iteration with learning rate 0.005 and batch size 1.
We increase the crop resolution in the second stage for KITTI from (256, 832) in the first 1000k
to (320, 1216) in the following 400k. The total numbers of our model parameters are 2.78M
(for two-frame) and 2.97M (for multi-frame) during training. Since the CAR module (0.12M)
is dropped after training, the final model in predicting optical flow for a pair of images with a
resolution of (448, 1024) is even smaller than during training.

Method Sintel Clean Sintel Final KITTI-12 KITTI-15
train test train test train test train test

PWC-Net [181] (1.70) 3.86 (2.21) 5.13 (1.45) 1.7 (2.16) 9.60%
IRR-PWC [56] (1.92) 3.84 (2.51) 4.58 – – (1.63) 7.65%
ScopeFlow [8] - 3.59 - 4.10 – - - 6.82%
VCN [210] (1.66) 2.81 (2.24) 4.40 – - (4.1) 6.30%
DICL [195] (1.11) 2.12 (1.60) 3.44 – - (3.6) 6.31%
MaskFlownet [229] (2.25) 2.52 (3.61) 4.17 (2.94) 1.1 - 6.11%

UnFlow-CSS [123] – – (7.91) 10.22 3.29 – 8.10 23.30%
OccAwareFlow† [90] (4.03) 7.95 (5.95) 9.15 3.55 4.2 8.88 31.2%
UnFlow [123] – 9.38 (7.91) 10.22 3.29 – 8.10 23.3%
DDFlow [99] (2.92) 6.18 (3.98) 7.40 2.35 3.0 5.72 14.29%
EpiFlow [233] (3.54) 7.00 (4.99) 8.51 (2.51) 3.4 (5.55) 16.95%
SelFlow† [100] (2.88) 6.56 (3.87) 6.57 1.69 2.2 4.84 14.19%
ARFlow [98] (2.79) 4.78 (3.87) 5.89 1.44 1.8 2.85 11.80%
ARFlow-MV† [98] (2.73) 4.49 (3.69) 5.67 1.26 1.5 3.46 11.79%
UFlow [68] (2.50) 5.21 (3.39) 6.50 1.68 1.9 2.71 11.13%
MDFlow‡ [78] (2.17) 4.16 (3.14) 5.46 - - 2.45 8.91%
UPFlow [118] (2.33) 4.68 (2.67) 5.32 1.27 1.4 2.45 9.38%
CAR-Flow(our) (2.36) 3.69 (3.28) 5.21 1.16 1.3 2.34 9.09%
CAR-Flow-MV(our)† (2.25) 3.46 (3.23) 4.95 1.02 1.2 2.11 8.40%

† indicates that the method uses multiple (3) frames.

Table 4.2: MPI Sintel and KITTI official optical flow benchmark results with PWC-Net variants.
We report EPE error (lower is better) to compare performance for Sintel and KITTI 2012 and
the percentage of erroneous pixels F1(%) error for KITTI 2015. We report both, supervised and
unsupervised methods. Missing entries (-) are for values that are not reported for the specific
method by the authors. ‡ MDFlow uses RAFT [185] as the student model. The results show that
the two frames and multi-frame versions of our method outperform all unsupervised and even
the original supervised PWC-Net and some other supervised variants.

46



4.5.2 Regularization Analysis

We have conducted experiments on the popular regularization methods: Dropout [186], Spatial-
Dropout [186], Dropblock [35], as well as our CAR module. We train the network multiple times
but change only the regularization method. We set the dropout rate=0.5, and add regularization
in the flow decoder of the network. The results are summarized in Table 4.1.

We observe that Dropout and Dropblock with a small block size hurt the performance of
the network. We think the main reason is that the input of the network is a pair of images and
random dropout of pixels misleads the network to mismatch dropout pixels between the images
(i.e., pixels with its features set to 0). SpatialDropout improves the error. Different from these
methods, our method learns the adaptive content mask for both images and improves the error
further.

Method # FLOPs # params inference Sintel KITTI
time clean final 2012 2015

UPFlow [118] 198.27G 3.49M 271ms 4.68 5.32 1.4 9.38%
SMURF† [175] 810.14G 5.26M 413ms 3.15 4.18 - 6.38%
CAR-Flow 50.49G 2.74M 34ms 3.69 5.21 1.3 9.09%
CAR-Flow-MV† 108.08G 2.97M 59ms 3.46 4.95 1.2 8.40%

† indicates that the method uses multiple (3) frames.

Table 4.3: Evaluation with state-of-the-art methods on MPI Sintel and KITTI benchmark. Com-
putational cost (FLOPs) and inference time are measured for Sintel images with 448 × 1024
resolution (We tested the inference time on a single Tesla P100 GPU).

Method Sintel clean Sintel final KITTI 2012 KITTI 2015

PWC-Net (1.86) (2.31) 3.68 10.52%
ARFlow (2.79) (3.73) 3.06 9.04%
CAR-Flow (2.81) (3.73) 2.65 7.06%
CAR-Flow-MV† (2.22) (3.26) 2.23 5.97%

† indicates that the method uses multiple (3) frames.

Table 4.5: Cross Dataset Generalization. All methods are trained on Sintel, and are evaluated on
KITTI 2012/2015 training data.
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DMCV LDR ARL CAR Sintel Clean Sintel Final
ALL NOC OCC ALL NOC OCC

2.92 1.53 22.14 3.87 2.46 26.24
✓ 2.74 1.32 20.92 3.75 2.31 23.90

✓ ✓ 2.58 1.17 18.64 3.43 2.14 22.52
✓ ✓ 2.53 1.15 18.46 3.51 2.03 22.43

✓ ✓ 2.57 1.21 18.72 3.47 1.91 22.16
✓ ✓ ✓ 2.36 1.04 18.14 3.24 1.77 21.22

✓ ✓ ✓ 2.42 1.16 17.54 3.31 1.84 20.83
✓ ✓ ✓ 2.33 1.11 17.31 3.26 1.81 21.36
✓ ✓ ✓ ✓ 2.25 1.01 16.27 3.07 1.62 20.12

✓ ✓ ✓ ✓† 2.13 0.99 16.12 2.83 1.55 19.70
† indicates that the method uses multiple (3) frames.

Table 4.4: Ablation study of the main components of our method. EPE of indicated pixels are
reported. DMCV: Deformable Modulation Cost Volume. LDR: Level Dropout Regularization.
ARL: Augmentation Regularization Loss. CAR: Content Aware Regularization.

Method D1-all D2-all F1-all SF1-all

GeoNet [215] 49.54 58.17 37.83 71.32
EPC [213] 26.81 60.97 25.74 (>60.97)
EPC++ [117] 23.84 60.32 19.64 (>60.32)
Self-Mono-SF [57] 31.25 34.86 23.49 47.0
Self-Mono-SF-CAR(our) 29.24 32.49 21.34 43.57

Table 4.6: Evaluation on KITTI Scene Flow training. Our regularization method clearly re-
duces the percentage of stereo disparity (D1-all and D2-all), optical flow (F1-all) and sceneflow
(SF1-all) outliers compared to its baseline Self-Mono [57]. Other state-of-the-art multi-task ap-
proaches are listed for comparison.

4.5.3 Comparison to the State-of-the-Art

We first compare our method with PWC-Net variants reported on the MPI-Sintel and KITTI
benchmarks. Table 4.2 shows our method improves the performance and it has lower errors than
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Figure 4.5: Qualitative visual comparison of our method with UFlow [68] in KITTI 2015. (We
did not find results of UPFlow on the KITTI website.) Red pixels indicate higher errors while
blue pixels indicate less errors. Our result is visually improved over the previous state-of-the-art.
The green rectangles highlight some obvious areas.

all other unsupervised PWC-Net methods. On MPI-Sintel, we achieve an AEPE=4.95 on the final
pass with 6.9% improvement, and an AEPE=3.46 on the clean pass with 11.3% improvement. We
achieve an AEPE=1.2 which is a 14.2% improvement on KITTI 2012, and Fl-all=8.40% which
corresponds to a 5.7% improvement on KITTI 2015. We also report supervised methods based
on PWC-Net for comparison. Our method with 3M parameters surpasses classic supervised
methods, e.g., PWC-Net with 8.7M parameters and LiteFlowNet with 5.37M parameters on the
benchmarks. Especially, our method is also comparable with some novel supervised methods
such as IRR-PWC [56]. Our method even surpasses some of these supervised methods on KITTI
2012 and on the Sintel Clean pass. Figure 4.5 show some qualitative comparisons between our
method and previous state-of-art methods. Our method reduces errors in visual comparison to
earlier methods.

We analyze the reasons for the performance improvements by our method over the compara-
tors. First, our content-aware regularization module helps to break the co-adaptation between
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channels and learns more discriminative features for optical flow and scene flow estimation.
Second, our shared-weight teacher-student strategy enables simultaneous improvement of both
teacher and student models by sharing weights and transferring knowledge. Third, our method
benefits from a simple and efficient design that does not require any extra parameters or compu-
tation during inference. Our method has fewer parameters, less computation, and faster inference
time than the original PWC-Net. However, as we have chosen to integrate our method into lite
PWC-Net, we also inherit possible disadvantages including failures to handle large motion well
or errors close to motion boundaries. In future work, we would like to see our method integrated
in more powerful optical flow networks, e.g., RAFT [185] but this can be expected to lead to an
increase in model size and computation time.

As can be seen from Chapter 4.3, we achieve better performance than UPflow approximately
8× faster with about 4× less computation because we apply our method to a lightweight PWC-
Net backbone. Our multi-frame version further improves the accuracy in all benchmarks with
less cost than UPFlow. Although the errors of our method are higher than the ones of SMURF,
our method leads to a much smaller model and far less computation, and remarkably, is real time
on high resolution images with competitive accuracy. As discussed in Section 4.2, SMURF also
has the serious drawback of being extremely time and memory expensive in training and hence
it is difficult to adapt to new datasets.

4.5.4 Ablation study

To evaluate the capability of each component of our pipeline, we conduct experiments on split
training datasets of Sintel and KITTI with a small training schedule (300k iteration with batch
size 4). The endpoint error (EPE) of overall pixels (ALL), non-occluded pixels (NOC) and
occluded pixels (OCC) are reported for evaluation.

Ablation of main components. Table 4.4 reports the main unsupervised components used in
our method which are: Deformable Modulation Cost Volume (DMCV), Level Dropout Reg-
ularization (LDR) and Content Aware Regularization (CAR). We also include Augmentation
Regularization Loss (ARL) [98] to clarify any possible interactions between the modules in our
framework.

We start by only using the photometric loss and the smoothness loss to train the network (see
Equation (4.19)). Comparing the first and second row, we can see a significant improvement
with our CAR module. Then, we observe DMCV, LDR and ARL all improve the network com-
pared to the first row. Comparing all the combinations, we find that all components improve the
performance; the combination of ARL and CAR reduces all errors; the accuracy in the occluded
region can be improved by LDR; and the multi-frame version can further improve accuracy. We
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also analyzed the regularization rate of CAR and LDR and found a CAR rate=0.5 and LDR=0.9
achieves the highest accuracy, we keep this setting in all other training.

4.5.5 Cross Dataset Generalization

To test the generalization ability of a model, we train it only on Sintel raw and final but evaluate it
on the noisy real world KITTI dataset. Table 4.5 reports the results of the fully supervised PWC-
Net, the previous SOTA unsupervised method ARFlow and our method. PWC-Net outperforms
our method and ARFlow in Sintel in which the model is trained on, but this performance does not
generalize well to KITTI. Because of the CAR module, the model trained with our unsupervised
method generalizes much better. Note that neither of these models have seen real world images
during training.

4.5.6 CAR in Unsupervised Scene Flow Estimation

We extend our method to unsupervised scene flow estimation and implement our CAR module
and shared-weight teacher-student strategy in Self-Mono-SF. Self-Mono-SF [57] is a unsuper-
vised Scene Flow method, which uses PWC-Net as backbone. Table 4.6 reports the results of
state-of-the-art unsupervised monocular scene flow methods on the KITTI dataset. We follow
the evaluation metric of the KITTI Scene Flow benchmark. D1-all, D2-all are the percentage
of stereo disparity outliers in the first frame and in the second frame, respectively. F1-all is the
percentage of optical flow outliers. SF1-all is the percentage of scene flow outliers. Our method
not only improves the performance, but also surpasses other unsupervised multi-task methods.
We conclude that our method helps performance in the scene flow estimation task. We suspect
that our method is also likely to improve the accuracy in other related dense pixel matching tasks
but leave further investigations as future work.

4.6 Summary

In this chapter, we introduced a content-aware regularization module that randomly enhances
and diminishes partial features during training in the teacher model. We showed that our method
significantly improves the performance and generalization of the original networks and outper-
forms other popular regularization methods. Furthermore, our method achieves state-of-the-art
results on optical flow and scene flow benchmarks and shows superior cross-dataset generaliza-
tion compared to supervised and unsupervised methods without requiring any extra parameters
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or computation during inference. In the next chapter, we discuss the robustness of optical flow
methods under different weather conditions.
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Chapter 5

Robust Unsupervised Optical Flow
Estimation Under Challenging Conditions

5.1 Introduction

In the previous chapter, we discussed and improved the generalization ability of optical flow
methods for unseen data. In this chapter, we discuss the robustness of optical flow in clean
and adverse conditions. Previous state-of-the-art unsupervised optical flow methods achieve im-
pressive results in clean scenes, they still struggle under adverse weather and in challenging
illumination. However, robustness to those conditions is essential in real-world safety-critical
settings, such as autonomous driving. We tackle this issue with RobFlow: an effective unsuper-
vised learning framework that works reliably under both standard and challenging conditions.
Our approach is based on two observations regarding the challenges of adverse weather images.
First, noisy motion is mainly caused by the network treating weather image components such
as rain streaks as objects, and including their motions in the final output. Second, low quality
features in low-visibility weather or illumination will degrade the estimation of motion bound-
aries in optical flow. To address these issues, we design a noise reduction strategy to deal with
moving disturbances such as rain streaks in the final optical flow estimation, and we design a
local-structure recovery to bridge the difference between clean and low-quality features. Addi-
tionally, we propose a confidence map to correct possible inconsistencies during unsupervised
learning, which will filter out large error pixels in a comparative manner.

This chapter has been partially presented at the ECCV 2024 2nd Workshop on Vision-Centric
Autonomous Driving (VCAD) [4].
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Figure 5.1: ARFlow performs well on clean scenes but suffers from degradation in adverse
weather conditions. Our method exhibits robustness to various environmental changes.

5.2 Overview

Optical flow, which aims at estimating pixel-level motion for videos, is fundamental for high-
level computer vision applications, such as autonomous driving, video editing or object tracking.
While supervised optical flow estimation methods have achieved remarkable progress, they rely
on ground-truth labels, which are expensive to collect [34, 127]. Obtaining ground-truth labels
requires 3D sensors and manual effort [34, 126]. To evade these issues, geometrical constraints
have been widely explored for learning optimal flow in self-supervised frameworks [63, 90, 99,
100]. Such methods are inexpensive and trained with only image sequences captured from RGB
cameras.

Unsupervised approaches mainly rely on brightness constancy [155, 218]. Previous meth-
ods are able to produce sharp and accurate flow in clean scenes e.g., in good ligthing condi-
tions. Recent works have proposed robust methods to handle partly occluded objects or large
displacements by adding extra constraints and modules [63, 90, 123]. Adverse weather and low-
illumination conditions (e.g., rain, night, and fog) further introduce noise that affects pixel cor-
respondence as shown in Figure 5.1. However, optical flow estimation in safety-critical settings
such as autonomous driving [30, 168] require robust optical flow in all conditions.

A few pioneering works have investigated optical flow estimation in adverse weather condi-
tions. However, they are mostly tailored to specific weather scenarios and rely on highly complex
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pipelines and architectures [91, 209, 226, 235]. Moreover, weather-agnostic models suffer from
a significant degradation when applied to a standard daytime environment [234] or need to in-
troduce additional sensors [88, 89]. Therefore, there is a need to introduce a straightforward
framework that can achieve robust optical flow estimation in both clean and challenging condi-
tions with only RGB image input.

First, we identify two major errors in optical flow estimation under challenging conditions:
motion boundary errors and noisy motion error in optical flow. The former is mainly caused by
low-visibility conditions, such as night or fog, that degrade the image and feature quality and
blurs the motion boundaries in optical flow, as shown in Figure 5.1 row 2, col 2. The latter
occurs in adverse weather, such as rain, where flow models erroneously estimate and include
motion for the rain streak, as shown in Figure 5.1 row 3, col 2. Ideally, the optical flow should
be invariant for the same image pair taken under different and challenging conditions. In this
work, we leverage the clean optical flow prediction as a reference to investigate the causes of the
performance degradation under adverse weather conditions.

We propose a noisy motion reduction strategy with the objective to eliminate the motion
of weather components (e.g. raindrops). To achieve this, we propose a duo-photometric loss
Ldph, which uses the same training signal to guide both clean and noisy scenes. Furthermore,
we generate pairs of images by adding moving weather components to static scenes and forcing
the network to predict a zero-flow field. Unlike other approaches, our motion noise constraints
enable the network to disregard irrelevant patterns. This prevents the network from mistaking
weather components for moving objects without compromising the representation ability for
clean images.

Regarding the motion boundary error, we observe a clear difference in features between
clean and low-visibility images. Intuitively, if the feature is invariant to weather conditions, a
model will produce a consistent flow for clean and adverse scenes. Thus, we propose a local-
structure recovery method that tries to minimize the structural differences between clean and
degraded features by using local cosine similarity. Our key assumption is that minimizing the
feature structure differences can result in more similar optical flows. Furthermore, we propose
a Confidence Map (CM), which evaluates the reliability of each pixel in clean feature. CM
is used to selectively guide the degraded feature with trustworthy pixels. Figure 5.1, column
3, shows that our RobFlow method can handle various environmental changes and produces
consistent flow estimates for different weather conditions, which indicates its applicability for
safety-critical applications.

We summarize the main contribution as follows:

• We propose a local-structure recovery technique to cope with motion boundary errors
caused by low-visibility images such as during fog and at night time. We propose a reliable
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self-guidance method that filters out unreliable pixels during self-supervised learning and
increases stability.

• We propose a noisy motion reduction strategy to minimize optical flow errors caused by
weather elements such as rain.

• Our proposed method simultaneously improves optical flow estimation in clean scenes and
in challenging conditions for synthetic and real-world data, without requiring additional
parameters. Moreover, our method is the first to train on synthetic adverse weather data
and surpass unsupervised methods that train on real-world adverse weather data.

5.3 Related Work

Optical Flow Estimation. Optical flow estimation is the task of estimating pixel-level motion
between video frames. Recently, many deep learning based methods have been proposed to
learn optical flow in a supervised manner [56, 67, 114, 176, 181, 185, 205]. PWC-Net [181] pro-
posed a warp, cost volume architecture that estimates optical flow in a coarse-to-fine pyramid.
RAFT [185] improved it by replacing the encoder with GRU and proposed a 4D cost volume that
matches all pairs of pixels. GMA [67] further proposed a transformer module to capture hidden
motion. To deal with the lack of real data, unsupervised methods [63, 97, 100, 123, 175] have
been proposed with photometric loss. Selflow [100] proposed to distill reliable flow estimations
from non-occluded pixels, and use these predictions as pseudo-label to learn optical flow for
hallucinated occlusions. ARFlow [97] proposed to use the original image as a signal to guide
augmented images.

Optical Flow under Challenging condition. Optical flow estimation has achieved remark-
able results in clean scenes [56, 63, 67, 97, 100, 123, 181, 185]. However, estimation remains
challenging in the presence of adverse weather or illumination effects, such as rain, fog, or low-
light. Previous research has mainly focused on addressing specific weather effects by designing
tailored methods or datasets. RobustFlow [91] was the first method to estimate optical flow in
rainy scenes, by using a handcrafted residue channel and its color variant as a prior that is in-
variant to rain streaks. RainFlow [92] proposed a feature mapping operation that automatically
learned rain-invariant and veiling-invariant features in a supervised manner. Zheng et al. [226]
developed a method to synthesize large-scale low-light optical flow datasets by simulating the
noise model on dark raw images. Yan et al. [209] proposed DenseFogFlow, a semi-supervised
method that modeled the flow consistency between clean images and their corresponding ren-
dered foggy images, to overcome the difficulty of collecting ground truth for real fog scenes.
Schmalfuss et al [162] propose that augmenting the training data with weather effects enhances
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the robustness of optical flow methods in cross-dataset evaluation. Zhou et al. [235] presented
an unsupervised domain adaptation method that adapted the model from synthetic fog images to
real fog images. They propose to address motion boundary error by transferring the knowledge
from a clean weather network to an adverse weather network. In contrast, we propose to address
this issue by directly recovering the clean features from the adverse weather features in a single
network, which also preserves the performance for clean images. GyroFlow [88] resorted to a
hardware scheme to handle adverse weather, and utilized gyroscope data to obtain ego-motion
labels of the camera for weakly-supervised optical flow estimation. GyroFlow+ [89] extended
GyroFlow by proposing a self-guided fusion module that fused the background gyro field with
the optical flow to obtain more detailed motions. However, this approach was still limited by
the hardware and the availability of ego-motion labels. Compared with previous methods, our
method is the first to handle both clean and challenging conditions in an unsupervised manner,
without requiring any additional sensors or labels.

5.4 Method

5.4.1 Overview

In this thesis, we introduce RobFlow, a self-supervised architecture that robustly estimates optical
flow in both clean and adverse conditions (e.g., rain, fog, night-time). Our approach utilizes the
effectiveness of previous methods in clean scenes to reduce the two motion errors in adverse
settings.

We highlight the trade-off existing models face in clean and adverse conditions and lack of
generalization to unseen data. The pipeline of our novel framework is shown in Figure 5.2. In
our experiments, we use SelFlow [100] and ARFlow [97] as baseline methods. Our method does
not increase parameters and memory during testing.

5.4.2 Preliminaries

Clean-to-adverse translation. To achieve the above, we need correspondence between chal-
lenging and clean samples. Following [161], we use a physics-based renderer (PBR) [187] to
generate synthetic rain, and fog. CoMoGan [149] is used to generate night time for the KITTI
dataset. These two methods can preserve the original image as the background, and overlay
adverse effects in the foreground.
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Figure 5.2: Overall architecture of RobFlow. The corresponding challenging pairs are generated
before training. In each step, we feed the original and a random challenge pair to the network,
and align the feature and motion by our proposed methods.

We apply the above methods to generate one-to-many projections, where one clean image
corresponds to rain, fog, and night images. During training, we choose a clean and a random
adverse image as a corresponding pair. For clarity, we denote Ic = (I

(1)
c , I

(2)
c ) as clean images,

and denote Ia = (I
(1)
a , I

(2)
a ) as corresponding degraded images because of, e.g., rain or fog.

We select ARFlow [97] as backbone. In each training step, the network predicts clean flow
Ω(Ic) by (I

(1)
c , I

(2)
c ) and generates degraded flow Ω(Ia) by (I

(1)
a , I

(2)
a ). Following the original

methods, we keep the smoothing loss along with the respective method’s specific constraints
for the clean flow Ω(Ic), and we propose our loss function as extra constraints to enhance the
network’s robustness for all the above conditions.

5.4.3 Noisy Motion Reduction

Duo-Photometric Loss. In unsupervised optical flow estimation, a photometric loss Lph is used
as the main constraint. Adverse weather breaks the brightness constancy [234], previous methods
[234,235] use clean optical flow as a pseudo-label to guide degraded flow with a self-supervised
loss, as shown by Lself in Equation (5.1).

Lph =
∑︂

|I(1)c −W (I(2)c Ω(Ic))| Lself = |Ω(Ic)− Ω(Ia)| (5.1)

However, this approach is constrained by the accuracy of the clean flow estimation, as the
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clean flow may generate errors during the unsupervised training, which may mislead the network
when guiding the degraded flow. Moreover, based on Equation (5.1), the clean and degraded
flows are trained with different signals: the estimation of clean flow is learned by the photometric
loss while estimation of degraded flow is learned from the clean flow. This strategy could result
in a discrepancy between the final outputs of clean and adverse conditions.

As an example, imagine in the i-th iteration, we generate a clean flow from a clean image and
a rainy flow from a corresponding rainy image. We use the clean flow to guide the rainy flow,
which will produce errors if any pixels of the clean image have lower accuracy than the rainy
flow. Therefore, we propose an efficient strategy that lets the clean flow and the rainy flow learn
from the same signal, i.e., the clean image. By exploiting the corresponding pairs of clean and
adverse images, we can leverage the clean image as guidance in calculating the photometric loss
for the rainy optical flow. The duo-photometric (DPH) loss Ldph, can be defined as follows.

Ldph =
∑︂

|I(1)c −W (I(2)c ,Ω(Ic)|+
∑︂

|I(1)c −W (I(2)c ,Ω(Ia))| (5.2)

In DPH loss, the degraded optical flow is not influenced by the quality of the clean flow, and both
optical flow estimations learn from the same signal, which results in more consistent outcomes.

Noise Invariant Loss. As shown in Figure 5.1, the degrading conditions in images, e.g., rain
streaks, will introduce noise in the predicted optical flow, which is led by the correlation opera-
tion [56, 97, 181]. This operation matches image regions of similar intensity patterns, and then
estimate optical flow. However, the rain streaks is treated as similarly objects and their motion
can be incorporated into the optical flow which is unnecessary for real-world flow estimation.
To address this issue, we re-examine the relationship between the motion of clean and degraded
scenes. Given a pair of corresponding clean images I(1)c , I

(2)
c and a pair of degraded (e.g. rainy)

images I(1)a , I
(2)
a = I

(1)
c +α1, I

(2)
c +α2, where α is the component due to the degradation. Then the

motion of the degraded images can be expressed as Ω(Ia) = Ω(Ic)+Ω(α)+Ω(α, Ic). Here, Ω(α)
is the motion of the image component causing the degradation (e.g. raindrops or rain streaks).
Ω(α, Ic) is the motion caused by the interaction of image components due the degradation and
original objects.

To enhance the robustness of our network to such motion noise, we aim to minimize Ω(α) and
Ω(α, Ic). We adopt an independent forward pass in the training process to achieve this without
hurting the performance on clean scenes. Inspired by Jeong et al. [64], we use one image from
the clean pair, i.e., I(1)c , as a static scene, and add different moving degrading image components
(rain streaks) to obtain a new pair I(1)c + α1, I

(1)
c + α2 and force the flow to be estimated as zero.

This process is shown in Equation (5.3). Compared with [64], the main difference is that they
use a mask with static images to generate occlusion pairs, while we force the network to ignore
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moving motions of degarding image components such as rain streaks.

LNI =
∑︂

|Ω(α)|+
∑︂

|Ω(α, Ic)| (5.3)

Building on this idea, we can further reduce the domain gap between different adverse conditions.
For example, we use αf and αd as fog and darkness components, respectively, and generate a
new pair I(1)c + αf , I

(1)
c + αd and again force the flow to be estimated as zero.

5.4.4 Local-Structure Recovering

To further reveal the impact of different adverse conditions on the feature extraction of unsuper-
vised models, we conduct analytical experiments on the synthetic KITTI [34] dataset.

Taking ARFlow as an example, we compared the pixel-wise difference of features from the
encoder between clean and foggy images. As illustrated in the left panel of Figure 5.3, there is a
clean contrast inside the red rectangle between the clean and fog features extracted by ARFlow.
As a result, the optical flow for foggy images exhibit a blurred motion boundary in the same
region compared to the clean flow. This leads us to hypothesize that having similar feature maps
in the encoder part will produce more consistent optical flows.

Therefore, we aim to minimize the discrepancy between the clean and challenging weather
features. However, the features from different domains are difficult to project in a homogeneous
space [234]. Instead of forcing them to have the same features, we relax the objective to have
similar local structures for motion estimation. To this end, we propose the local-structure re-
covery (LSR) loss. Given the input Ic and Ia, the features F i

c and F i
a from the i-th block of the

encoder can be obtained. Using N (pij, d) to represent the d-order neighbourhood of pixel pij in
the feature space,

⋃︁
represent the flatten operation, the local information q can be defined as

q =
⋃︂

N (pij ,d)

pij. (5.4)

Next, we try to recover qa from the corresponding qc. According to our observation in Chap-
ter 5.4.3, the flow from clean features is not guaranteed to be correct. The clean features may also
not guaranteed to be better than degraded feature for each pixels. Intuitively, we could reduce the
error by ignoring those unreliable pixels. Thanks to our DPH Equation (5.2), both optical flow
estimations are optimized using the same clean reference image. We can obtain two error maps
by computing the difference between the reference image and the target image warped by either
the clean or the degraded flow. By comparing the corresponding pixels in the two error maps,
the confidence map is determined by whether a pixel in the clean flow has smaller errors than
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Figure 5.3: The relation between features and optical flow. On the left, we show the features
difference map between clean and foggy images. Our RobFlow method generates more similar
features for clean and foggy images, and the optical flow in foggy conditions is closer to the
optical flow in clean conditions. We report the Cumulative Distribution Function (CDF) of the
distance between clean and foggy conditions in the KITTI dataset [34]. The top right figure
shows the pixel-wise distance between clean and fog features. The bottom right figure shows the
pixel-wise accuracy of fog optical flow and ground truth.

the degraded flow. Inspired by [37], we use it to filter out unreliable pixels if the clean flow error
is larger than the degraded flow error. The remaining reliable pixels pij are obtained by filtering
with K are defined as follows:

K =
{︁
pij | |I(1)c −W(Ω (Ic) , I

(2)
c )| < |I(1)c −W(Ω (Ia) , I

(2)
c )|, pij ∈ I(1)c

}︁
(5.5)

Finally, we use the cosine similarity to align features and the local-structure recovery loss can be
described by

Llsr =
1

|K|
∑︂
pij∈K

1− qaq́c

∥qa∥× ∥q́c∥
(5.6)

∥∥ denotes the Euclidean norm and ´denotes the stop gradients. In practice, we use the
intermediate flow of the same level as the feature map to generate the confidence map for the
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Methods
Clean Rain Fog Dark

EPE F1-all EPE F1-all EPE F1-all EPE F1-all

ARFlow† [97] 2.84 9.87 15.65 62.68 5.43 15.79 8.22 26.85
ARFlow [97] 4.51 14.42 8.48 47.07 4.78 14.17 7.23 23.58
ARFlow-D 3.27 10.91 8.63 48.11 4.27 13.28 6.82 20.75

SelfFlow [183] 5.58 15.83 10.42 53.21 5.27 15.64 8.13 26.61
SelfFlow-D 5.02 15.12 10.24 52.14 4.92 14.83 8.54 27.25

GMA [67] 3.32 10.73 6.47 27.36 3.60 12.39 5.14 17.90
HMBA-Flow [234] 5.03 15.19 3.62 14.89 2.91 9.94 3.88 14.74

RobFlow∗ 3.92 13.37 4.25 16.42 4.06 12.94 5.96 19.49
RobFlow 2.68 9.36 3.50 14.58 2.79 9.87 3.47 12.96

Table 5.1: Quantitative results on KITTI datasets: D stand for the denoise module, we use
JORDER-E [211] for deraining, AECR-Net [199] for defog and MCR [26] for dark images,
†: only training on clean dataset, zeroshot inference on challenging conditions. Bold text rep-
resents the best result for the metric for each test. Whereas, the underlined text represents the
second best for the metric of each test.

feature with the same resolution. Figure 5.3 top left, visualizes the difference map of foggy and
clean features of RobFlow. Our method effectively reduces the distance between the clean and
foggy features, and predicts a more accuracy flow in green rectangle. Figure 5.3 top right shows
the distribution of the level-wise feature distance between fog and clean condition for the KITTI
dataset. We observe that our RobFlow has a statistically smaller distance than ARFlow and
Selflow. The bottom right figure shows the pixel-wise accuracy of fog optical flow and ground
truth (clean flow is closer to the GT overall). By considering these two figures, we observe that
the similarity of fog features and clean features is positively correlated with the similarity of fog
optical flow and clean optical flow which supports our claim.

The total loss of our RobFlow framework is described as follows:

Lall = Ldph + ω0Lni + ω1Llsr + ω2Lsm + ω3Laug (5.7)

where Lsm is smooth loss [123] and Laug is augmentation loss [97].
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5.5 Experiments

Methods Ldph Lself LSR C.MLNI
Clean Rain Fog Dark

EPE F1-all EPE F1-all EPE F1-all EPE F1-all

ARFlow† [97] 2.84 9.87 15.65 62.68 5.43 15.79 8.22 30.04
ARFlow [97] ✓ 11.72 28.04 22.28 73.34 12.19 30.66 14.02 26.85
ARFlow [97] ✓⋆ 4.51 14.42 8.48 47.07 4.78 14.17 7.23 23.58

RobFlow ✓ 3.21 12.24 7.79 44.01 3.94 13.94 5.62 18.76
RobFlow ✓ ✓ 3.18 12.35 6.75 32.35 3.67 12.26 4.27 16.59
RobFlow ✓ ✓ ✓ 2.91 10.71 6.63 29.47 3.42 11.68 3.92 15.27
RobFlow ✓ ✓ 3.13 12.43 5.77 22.18 3.85 13.76 5.43 16.43
RobFlow ✓ ✓ ✓ ✓ 2.68 9.36 3.50 14.58 2.79 9.87 3.47 12.96

Table 5.2: Ablation study: Ldph indicates Equation (5.2), Lself indicates Equation (5.1), LSR
indicate the local-similarity recovery without confidence map, C.M indicates confidence map,
Lni indicates Equation (5.3). ✓⋆ is a small scale loss (e.g. 0.01).

5.5.1 Experiments Setup

Datasets. We conduct experiments on synthetic and real-world datasets. Our synthetic dataset is
based on KITTI 2015 [34], we generate synthetic rain, fog with physics-based rendering [187],
and generate night time images by CoMoGAN [149]. GHOF [89] is a real-world dataset with
around 10,000 pairs for training and 530 pairs for evaluation. Beyond this, we also collect more
real-world data and evaluate it in the supplemental material. We use EPE [27] and F1-all [34]
metrics for evaluation.

Comparison Methods. Two competing methods are GyroFlow+ [89] and HMBA-Flow [234].
However, the authors of HMBA-Flow do not supply any code, or data for evaluation. Thus, we
reproduce the method and include it in our evaluation. Furthermore, we select recent SOTA unsu-
pervised methods SelFlow [100], ARFlow [97], and UPFlow [118] which are designed for clean
scenarios and select SOTA supervised methods GMA [67]. For a fair comparison, supervised
methods were pre-trained on synthetic datasets with optical flow labels and then fine-tuned on
target datasets with a self-supervised strategy [175]. Unsupervised methods were directly trained
on the KITTI multiple-view dataset or GHOF training set without seeing testing data. We also
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experiment with extra training strategies for unsupervised methods by first denoising images (de-
raining or defogging) during training before testing in the denoised images. Our RobFlow uses
ARFlow [97] as the backbone. RobFlow∗ uses Selflow [100] as the backbone. For a fair com-
parison, we adopt the same hyperparameter settings from the original works, such as batch size,
learning rate, optimizer, and image augmentation. Neither of the proposed methods introduces
any additional parameters compared to the original method.

5.5.2 Experiments on Synthetic Images

Table 5.1 compares the results of our model, RobFlow, with previous state-of-the-art methods
on the Synthetic KITTI 2015 test set. We make the following observations: Both RobFlow and
RobFlow∗ outperform the original network on both clean and challenging conditions. RobFlow
outperforms all compared methods on the original KITTI dataset, and achieves clearly better
results than all previous state-of-the-art methods on the adverse weather test set. As a baseline
model, ARFlow [97] (Row 1), trained only with clean KITTI images, fails to generalize to ad-
verse weather conditions. ARFlow [97] (Row 2), trained with both clean and weather images,
improves its performance on the adverse weather test set, but degrades its performance on the
clean test set. The denoising methods (rows 3 & 5) improve the results for foggy images, but
worsen the results for rainy or night images, because they unintentionally damage to the image
details negating the benefits of noise removal.

5.5.3 Experiments on Real Images

In Table 5.3, we report qualitative results on a real-world dataset. The first three rows are state-of-
the-art (SOTA) supervised methods trained with synthetic data as reported by Li et al. [89]. Since
they do not perform well, we then fine-tune the best method GMA [67] on the GHOF dataset by
using a self-supervision strategy [175] listed as GMA-S. We observe an improvement on every
metric. In terms of adverse weather data, it is still better than Gyroflow+ and HMBA-Flow, which
are well designed for adverse weather. HMBA-Flow achieves four second-best results, however,
it shows unsatisfactory results in clean data, because it aims to make robustness for adverse
weather conditions by domain adaptation without handling clean data well. Gyroflow+ achieves
better results in clean data and competitive results for adverse weather data, but it requires extra
gyroscope information as input. On the other hand, our method achieves the best results for both
clean and adverse conditions, without extra input. Furthermore, all unsupervised methods are
trained with the full GHOF training dataset, while our method is trained with only the clean part
of the GHOF training dataset, which is 5.22% of the complete dataset. We use clean images
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Methods Strategy RTData
Clean Rain Fog Dark

EPE F1-all EPE F1-all EPE F1-all EPE F1-all

PWC-Net [181] Sup 0% 2.60 - 1.67 - 4.65 - 6.34 -
RAFT [185] Sup 0% 2.77 - 0.88 - 5.87 - 13.26 -
GMA [67] Sup 0% 1.31 - 1.73 - 0.69 - 4.87 -

GMA-S [67] Semi 100% 1.02 4.52 0.51 1.02 1.36 3.64 3.49 14.21

ARFlow [97] Unsup 100% 1.99 8.83 1.04 2.63 2.86 10.49 5.14 21.52
UPFlow [118] Unsup 100% 1.08 4.83 0.56 1.26 1.18 3.41 3.39 12.83

HMBA-Flow [234] Unsup 100% 2.29 12.18 0.46 0.44 1.04 3.26 2.17 9.72
Gyroflow+ [89] Unsup 100% 1.04 4.79 0.48 0.41 1.14 3.43 2.20 9.65

RobFlow Unsup 5.22% 0.84 3.54 0.41 0.32 0.94 2.72 1.87 9.45

Table 5.3: Quantitative results on the GHOF datasets: RTData denotes the real training data in
GHOF. All supervised methods are trained only on synthetic data and do not have access to real
data before testing. Semi-supervised and unsupervised methods use real data during training.
However, our method uses only clean real data and synthetic weather data during training, which
constitutes only 5.22% of the total data compared to other unsupervised methods.

to generate synthetic weather for rain, fog, and darkness. Therefore, our method never sees
real-world adverse weather before testing. We argue that this is an important benefit, since in
real-world applications, it is crucial to generalize to new and more challenging conditions that
are not included in the training set. Our method achieves 41 ms on images of size 375 × 1242
using a single 3090 GPU.

Figure 5.4 visualizes qualitative results from ARFlow, HMBA-flow, Gyroflow+ and our
method on the GHOF evaluation set. We see that the original ARflow can generate reasonable
results in clean scenes, but generates large errors in bad weather scenes. HMBA-flow generates
noise in clean scenes and blurs motion boundaries in dark scenes. Gyroflow+ also gets noisy
results in rainy scenes and mixes the motion boundary of different objects in dark scenes. Our
method achieves smooth results and succeeds in predicting the important optical flow for the car
in all conditions.
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Methods
Snow I.C. Complex Snow-R

EPE F1-all EPE F1-all EPE F1-all EPE F1-all

SelfFlow [100] 5.82 16.03 8.41 27.24 9.87 51.27 - -
ARFlow [97] 4.89 14.86 7.72 23.71 8.05 48.12 6.39 30.64

GMA [67] 3.54 11.04 5.64 18.14 5.97 23.41 5.32 21.94
HMBA-Flow [234] 3.20 10.63 4.01 15.32 4.72 18.95 3.11 15.15

RobFlow 2.81 10.42 2.96 10.50 3.52 13.21 1.26 4.27

Table 5.4: Quantitative results on Zero-shot experiments. Left three column are synthetic data,
Snow-R are real-world data.

5.5.4 Ablation study

This section presents an ablation study to examine the contribution of each component in our
method. We evaluate our model on both clean and adverse weather datasets to demonstrate its
robustness and generalization in Table 5.2.

The first row shows the results of ARFlow trained with only clean images, which lacks the
ability to handle adverse conditions.

Self-supervision (rows 2 & 3). When training the network with Equation (5.1) that uses
clean optical flow to guide adverse condition optical flow, the clean flow may have errors that
affect the backpropagation and degrades the model performance for all images. When we reduce
the self-supervision loss, the network improves the results for adverse condition images, but
deteriorates the results for clean images. This trade-off exists in most of the previous methods.

Duo-photometric loss (row 4). We optimize the network for both the clean and adverse
conditions data simultaneously using the duo-photometric loss. We observe improvements for
both clean images and adverse condition images. However, the performance of clean scenes
is still not comparable with the original network (row 1), which motivates us to further reduce
motion errors.

Local-structure recovery (rows 5 & 6). We investigate the effects of LSR (Equation (5.7))
and the confidence Map (Equation (5.5)). First, we reduce the difference between clean and
weather features by exploiting the consistency of clean images. This leads to a significant im-
provement in both clean and images in adverse conditions, especially in dark images. Second,
we evaluate the impact of the confidence map that filters out unreliable pixels for guidance. This
also results in a reduction of the loss for all test sets. This confirms our hypothesis that reducing
the errors in guidance benefits both clean and adverse conditions performance.
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Figure 5.4: Qualitative results of optical flows on GHOF dataset.

Optimising for Weather Motion (row 7). Although local-structure recovery is beneficial,
we can further improve the robustness of our method by noisy motion reduction, especially for
rainy images. Unlike foggy and dark images, the main challenge of rainy images is that they
contain raindrops that interfere with the optical flow estimation. Row 7 shows an increase in
the performance for rainy images. The reasoning behind this is that Equation (5.3) forces the
network to ignore distracting motion such as raindrop motion and also reduces the domain gap
between different conditions.

ALL (row 8). Our model trained with all of the contributions leads to clean results that
surpass ARflow and have the best bad weather performance in row 8. We show that all compo-
nents are effective in reducing the metrics for adverse condition metrics while maintaining the
performance of clean data.

5.5.5 Zero-shot Experiment

To test the generalization ability of our method in real-world applications, we also conduct zero-
shot experiments on different domains that are not seen during training. We use CoMoGAN [149]
to synthesize images with different lighting conditions, such as dawn and dusk, and [1] to gen-
erate images with snow from the KITTI 2015 dataset. Then, we combine these techniques to
create more complex scenarios, such as fog+dusk, fog+night, and rain+night. We further test
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our methods on real-world data; we take all snow testing data from GHOF called Snow-R. We
use the same weights that have been trained on previous experiments and evaluate the respec-
tive method on this new test set without any fine-tuning. Table 5.4 reports the results of the
zero-shot experiments in five categories: snow, illumination change (I. C.) (dawn and dusk),
complex (fog+dusk, fog+night, etc) for synthetic data and snow-R. Our method outperforms all
comparison and shows robustness on unseen data, which indicates that it could be a potential
method for real-world applications. We collect more complex real-world data and evaluate in the
supplemental material.

Index Rain Fog Dark

L1 0.57 1.36 2.41
Cosine Similarity 0.48 1.20 2.08

LSR(1) 0.41 0.94 1.87
LSR(2) 0.42 1.02 1.91

Table 5.5: Discussion on feature loss. (i) is i-
order neighbourhood.

Image Translation Rain Fog Dark

Paste 0.53 1.04 -
CycleGAN [240] 0.45 - 1.94
CoMoGAN [149] - - 1.87

PBR [187] 0.41 0.94 -

Table 5.6: Discussion on different image
translation strategies.

5.5.6 Discussion

Image Translation. Our proposed method requires corresponding pairs of images to establish a
relationship between the clean and adverse conditions domains. Therefore, the choice of image
translation model is crucial. We compare different strategies to generate adverse weather images.
1. We use software tools such as Adobe After Effects and Photoshop to create weather effects
and overlay them on clean images. 2. We use generative adversarial networks (GANs) such as
CycleGAN [240], or CoMoGAN [149] to produce realistic weather images. 3. We use physics-
based rendering (PBR) [187] to simulate the optical effects of weather conditions. We training
our methods whith syntetic data by the above methods, and test in real data. We present the
results in Table 5.6, and observe that CoMoGAN achieves the best performance for dark images,
and PBR for rain and fog images. This is because CoMoGAN and PBR preserve the structure of
the original images better than the other methods.

Importance of Duo-photometric loss. As shown in Table 5.2, our duo-photometric (DPH)
loss outperforms the self-supervised loss based on clean flow. We hypothesize that the main
reason is that clean flow introduces errors during training, which degrade the learning quality of
flow in adverse conditions. By using the DPH loss, the flow in challenging conditions is less
affected by the errors in the clean flow, and thus flow results are improved. Previous experiments
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have supported our hypothesis. We analyzed and demonstrated in the supplemental material that
the clean flow generates errors while the degraded flow is more accurate in some pixels. We
further discuss the limitations in supplemental material.

Importance of Local-structure Recovery. To evaluate the impact of the flow encoder, we
conducted an experiment with three different methods for aligning clean and noisy features: L1
distance, cosine similarity, and our proposed local structure recovery. We observed that our local-
structure recovery achieves better results than the other two methods. The reason is that the L1
distance or vanilla cosine similarity attempts to align pixel-level features for inputs of different
domains, which is hard to achieve in a shared encoder. In an optical flow estimation model, we
are more concerned about structure information (shape, geometry) than appearance information.
Therefore, we only want to align local-structure information as a soft guidance.

5.6 Summary

In this chapter, we propose RobFlow, a simple and efficient unsupervised framework that can
handle both clean and adverse weather conditions, which are a major obstacle to real-world ap-
plications (e.g., autonomous driving). To achieve this, we observed that low-quality features
caused by low-visibility scenes could lead to boundary errors. Thus, we use local-similarity
recovery to reduce the distance between features of clean and low-visibility images. We fur-
ther propose noisy motion reduction to reduce noisy motion in optical flow caused by weather
components. We have performed comprehensive experiments to demonstrate the robustness and
generalization ability of the proposed RobFlow. In the subsequent chapter, we discuss how to
systematically evaluate the robustness of optical flow methods.
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Chapter 6

Shape and Texture: What Influences
Reliable Optical Flow Estimation?

6.1 Introduction

In the previous chapter, we discussed how to make optical flow methods work better in real-
world environments. However, we are still missing a system evaluation of robustness for optical
flow methods. Existing studies mainly focus on improved accuracy in benchmarks and often
overlook the analysis of network robustness, which is essential for safety-critical scenarios such
as autonomous driving. In this chapter, our aim is to discuss the robustness evaluation of optical
flow methods.

This chapter resulted in a publication [107] 1 .

6.2 Overview

To enhance the robustness of optical flow methods, various solutions have been proposed. Some
studies have addressed occlusion maps using dedicated networks [56, 141, 192]. Others have in-
corporated attention mechanisms to improve performance, particularly for large displacements [176].
Recently, studies have begun to replace convolutional neural networks (CNNs) with transformer

1© 2025 IEEE. Reprinted, with permission, from Libo Long, Xiao Hu, and Jochen Lang, "Shape and Texture:
What Influences Reliable Optical Flow Estimation?", in CVPR, 2025.
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blocks to further improve accuracy [50, 114, 169]. However, a systematic analysis of the robust-
ness of deep models in optical flow is still lacking.

Inspired by robustness evaluation datasets in other computer vision tasks [71, 95], we intro-
duce Flow-R, a synthetic test set generated by a diffusion model for optical flow tasks. Unlike
existing datasets, we modify the shape, texture, and other properties of a key object (e.g., a car)
in the KITTI [34] benchmark and evaluate the change in the output compared to the original
results. This allows us to measure the sensitivity of the method to certain types of semantic
changes in the input. Through this, we aim to explore two fundamental questions about optical
flow methods:

1. Shape vs. Texture: Do optical flow methods estimate motion primarily based on an object’s
shape or texture?

2. Memorization: Do these methods tend to memorize objects from previously seen scenes?

Our Flow-R test set includes three subsets: Flow-R-T for texture replacement, Flow-R-S
for shape replacement, and Flow-R-O for adding objects. Figure 6.1 presents two samples of
data. We develop an UI-based application using the Segment Anything Model (SAM) [75] to
generate corresponding masks of the main objects in each pair of images. We then manually
select high-quality samples.

To build Flow-R-T, we apply a set of 24 common texture prompts to ControlNet with specific
masks to generate new textures for an object. We evaluate the performance of state-of-the-art
(SOTA) optical flow methods on Flow-R-T and find that these methods can still match the motion
of an object with entirely different textures.

To build Flow-R-S, we directly scale the selected object in the image by a random factor θ
and assign an image motion to the object based on its real non-linear motion. We demonstrate
that optical flow methods rely more on shape information than texture, and changes of the object
flow can significantly affect the optical flow of the background.

To build Flow-R-O, we introduce a set of 13 unseen objects, i.e., objects that do not occur
in the training data, and 22 seen objects. We randomly select and add one of these objects to a
KITTI image. By comparing the performance of the optical flow method on images with seen
vs. unseen objects, we show that SOTA methods can easily estimate the motion of seen objects
but tend to ignore the motion of unseen objects.

71



Figure 6.1: Samples of Flow-R. Original and modified images (Row 1 and 3), ground truth
optical flows (Row 2 and 4) are shown. The first column displays the original data from the
KITTI dataset. The second column shows the data with the texture of the main object of car
replaced. The third column shows the data with the shape of the main object rescaled. The
fourth row presents the data with an unseen object added.

6.3 Related Works

6.3.1 Optical Flow Estimation

Recent optical flow methods [56, 181, 210, 222] have achieved significant progress in bench-
marks [34]. RAFT [185] proposes a 4D cost volume and iterative refinement architecture as a
foundational structure for recent methods. CRAFT [176] introduces a cross-attention mechanism
to revitalize the cost volume for large displacements. GMFlow [205] proposes directly matching
the global motion, then propagating local flow with self-attention. FlowFormer [50] introduces
a transformer-based architecture for optical flow estimation. FlowFormer++ [169] enhances the
cost volume through masked autoencoding. Recently, SAMFlow [237] embeds the encoder of
SAM [75] into FlowFormer to address the fragmentation problem.

However, the primary evaluation of optical flow methods is by measuring performance on
benchmarks (e.g., [5]). Common benchmark datasets include the synthetic Chairs [27] and Fly-
ingThings3D [121] as well as the computer graphics (CG) based MPI Sintel [17] and real-world
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KITTI [34,125]. Further datasets produced with a game engine, e.g., Virtual KITTI [32] or with
the KUBRIC [39] simulator, or based on a CG movie such as the high-resolution SPRING [122].
Real-world datasets are more challenging to collect. HD1K [76] contains driving scenarios but
different from KITTI includes various challenging imaging conditions. None of these datasets
are designed to study the sensitivity of optical flow method to changes in the texture and shape
of objects in the scene or the robustness of optical flow to unseen objects. Unlike previous stud-
ies, we focus with Flow-R on identifying the common “weaknesses” of state-of-the-art (SOTA)
methods, which is crucial for safety critical real-world applications based on optical flow.

6.3.2 Adversarial Attacks in Optical Flow Estimation

To study the robustness of optical flow estimation, many adversarial attack methods have been
proposed. Ranjan et al. [153] proposed learning a small patch to attack optical flow methods.
Schrodi et al. [165] introduced a less constrained global attack on optical flow, inspired by the
Iterative Fast Gradient Sign Method (I-FGSM) [83]. Koren et al. [80] proposed corrupting the
flow predictions of specific object categories using a regularization term that promotes consis-
tency in off-target predictions. Schmalfuss et al. [164] proposed the Perturbation-Constrained
Flow Attack (PCFA), which emphasizes the destructiveness of adversarial perturbations while
maintaining control over their magnitude. They also proposed adversarial weather attacks [163],
which simulate weather noise such as snowflakes using a 3D rendering framework.

Those adversarial attack methods all rely on training and adding perturbations to make the
network fail. In contrast, our methods directly add real-world objects instead of perturbations
and do not require any training. Most adversarial attack methods aim to explore "worst-case"
robustness with specifically designed patches or perturbations, which are unlikely to occur by
chance in real-world scenarios. The goal of an adversarial attack is to make the network fail.
In contrast, we analyze cases that optical flow methods may face in real-world situations even
without an adversary. Our goal is to analyze when and how optical flow methods fail in general
scenarios.

6.4 Methods

6.4.1 Data Manipulation

Figure 6.5 indicates the main pipeline of our methods. To construct Flow-R, we utilize the
Segment Anything Model (SAM) [75] to identify the corresponding pairs of main objects across
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Figure 6.2: Pipeline of our methods. Given the data I1, I2, fgt from KITTI, we manipulate the
data by changing the texture or shape of object or adding new objects.

images. Given a pair of images I1, I2, we generate a mask with SAM for object x:

S1, S2 = SAM(I1, I2, P rompt(P1, P2)) (6.1)

Where P1 and P2 are sets of indices corresponding to object x in each image. S1 and S2 are
binary masks for object x in I1 and I2.

Flow-R consists of three parts. Flow-R-T includes images with different textures of the same
object, which we use to evaluate the performance of methods with unseen textures. Flow-R-S
modifies the shape of the object by scaling with a factor θ. Flow-R-O adds new unseen objects
or replaces object x with a new object in I1 and I2.

Texture Replacement (Flow-R-T). We employ a stable diffusion model [158] to generate new
textures for object x. The diffusion model is capable of producing diverse textures but our ap-
proach remains compatible with other generative models that can be directed through language
prompts.

To generate the texture with the same shape of the object, we incorporate ControlNet [225]
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to guide the generation process. We generate the new texture for I2 as follows

Image(N) = ControlNet(N,S2) (6.2)

where N represents the texture within the region defined by S2. S2 acts as a prompt to focus
ControlNet on generating an object with the same shape. The new IN2 with texture N can be
presented as:

IN2 = I2 × (1− S2) + Image(N)× S2 (6.3)

To preserve consistency of optical flow, we use ground-truth optical flow fgt to warp the new
object from IN2 to IN1 .

IN1 = I1 × (1− S1) + warp(IN2 , fgt)× S1 (6.4)

Finally, we use Bi-directional Hole Filling [43] to fill the holes caused by occlusion. The optical
flow remains the same as the original. The generated new data is (IN1 , I

N
2 , fgt).

Shape Replacement (Flow-R-S). We scale the object shape x by a factor θ which allows to use
it’s real motion instead of adding unreal motion as in [121]. Specifically, we directly upscale the
object x in I1 and in I2 with a scale factor θ > 1. Then, we paste it back aligned with the center
of its own respective bounding box in the image.

Ix1 = I1 × S1 (6.5)

The center point (cx1 , c
y
1) of the bounding box of x in Ix1 can be easily calculated. The new image

Is1 can be presented as:
Ix↑1 = Upsample(Ix1 , θ) (6.6)

Is1 = Paste(I1, I
x↑
1 , (c

x
1 , c

y
1)) (6.7)

Where Paste() is used to paste the scaled x back to the position (cx1 , c
y
1) in I1. Then, by using the

gourd truth of optical flow, we can trace the center position of the object in I2. Using the same
process, we get Is2 .

Given the center position (cx1 , c
y
1) for x in I1 and (cx2 , c

y
2) in I2, the optical flow need to be

recalculated in object area. We use equations (6.5) to (6.7) to get the upsampled x optical flow
fx↑
gt . Then, for all pixels in x ↑, the flow can be updated by:

f s
ij = θfij + (θ − 1)(cx1 − cx2 , c

y
1 − cy1), fij ∈ x ↑ (6.8)

Where fij contains the optical flow for the 2D offset at index i, j.
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Figure 6.3: Texture Attack. The texture of the main object (car) in the first frame is replaced,
while the second frame remains unchanged. The resulting optical flow is similar to that derived
from the original images.

Adding Objects (Flow-R-O). We collect real-world image IM include unseen objects. Then,
we get new objects y from In using the SAM model.

SM = SAM(IM , P rompt(PM)) (6.9)

y = IM × SM (6.10)

We paste y in I2 and move it to I1 using an affine transform, then recalculate the optical flow
faff . The new data is (Iy1 , I

y
2 , faff ).

Quality Control by Human. The above process will automatically generate new test data.
However, SAM and generative models can produce poor quality masks and images that do not
match the object x. To ensure the masks and images are correct and of high quality, we resort to
human checking.

6.5 Optical Flow Update due to Shape Changes

6.5.1 Upscaling

Given that we have upscaled the objects (x) in frames I1 and I2, it is necessary to rescale the
optical flow by reprojection of each point from I1 to align with the new positions in frame I2
within the upscaled area x↑.

Since the upscaling is performed based on the center points of the bounding boxes, both the
object x and its upscaled counterpart x↑ share the same center point. Let c1 = (cx1 , c

y
1) denote the
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center point of x in I1. We can determine the corresponding center point c2 = (cx2 , c
y
2) in I2 by

referencing the ground truth of the optical flow fgt.

Next, for each point (i↑1, j
↑
1) in the upscaled object x↑, we need to identify the corresponding

point (i↑2, j
↑
2) in Ix↑

2 . The new offset can be calculated by (i↑2, j
↑
2)− (i↑1, j

↑
1).

We proceed by only considering the first coordinate i for notational clarity. Then, given scale
factor θ and center point cx1 , i↑1 is found by

i↑1 = cx1 + θ(i1 − cx1) (6.11)

Thus, we can find the original i1 in I1 by

i1 =
i↑1 − cx1
θ

+ cx1 (6.12)

We can find the same corresponding relation in I2 by

i↑2 = cx2 + θ(i2 − cx2) (6.13)

i2 =
i↑2 − cx2
θ

+ cx2 (6.14)

For each i1, we can find the corresponding i2 with the flow fgt.

i2 = i1 + fi (6.15)

where fi is the flow for offset i, in i1 index. Now, we can calculate the update flow by

f s
i = i↑2 − i↑1 = cx2 + θ(i2 − cx2)− i↑1

= cx2 + θ(i1 + fi − cx2)− i↑1

= cx2 + θ

(︄
i↑1 − cx1
θ

+ cx1 + fi − cx2

)︄
− i↑1

= cx2 + i↑1 − cx1 + θcx1 + θfi − θcx2 − i↑1
= cx2 − cx1 + θcx1 − θcx2 + θfi

= (θ − 1)(cx1 − cx2) + θfi
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by adding back the second coordinate j, with fij ∈ x ↑ arrive at the updated flow:

f s
ij = θfij + (θ − 1)(cx1 − cx2 , c

y
1 − cy2)

= θfij + (θ − 1)(c1 − c2)

Optical flow for shape attack. In Chapter 6.4.1 of the shape attack experiment, we rescale I1
by θ. Consequently, the optical flow can be updated using the expression i2 − i↑1 in x↑.

i2 − i↑1 = i1 + fi − i↑1

=
i↑1 − cx1
θ

+ cx1 + fi − i↑1

Hence, in two dimensions, we have

(i2, j2)− (i↑1, j
↑
1) =

(i↑1, j
↑
1)− (cx1 , c

y
1)

θ
+ (cx1 , c

y
1) + fi,j − (i↑1, j

↑
1)

6.5.2 General Affine Transformation

In this section, we discuss how the optical flow can be updated for many general motion and, we
derive the optical flow update due to a general affine transformation which includes (up)scaling
but also rotations, shearing and translations.

• Θ1 ∈ R3×3 and Θ2 ∈ R3×3 are the affine transformation matrices of the object in the frame
1 and 2, respectively.

• c1 ∈ R2 is the center position of the object bounding box in frame 1. C1 ∈ R3×3 is the

corresponding translation matrix between the origin and c1. C1 =

⎡⎣1 0 cx1
0 1 cy1
0 0 1

⎤⎦
• pt1 ∈ R2 represents a pixel belonging to the object in the frame 1. t is the pixel index.

• p̂t1 ∈ R2 represents the object pixel pt1 after the affine transformation in the frame 1.
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• fij ∈ R2 is the optical flow for the pixel pt from frame 1 to frame 2. Fij ∈ R3×3 is the

corresponding translation matrix from pt1 to pt2. Fij =

⎡⎣1 0 fi
0 1 fj
0 0 1

⎤⎦
• f s

ij ∈ R2 is the optical flow for the object pixel pt after the affine transformation.

In our setup, all the affine transformations are centered in the object bounding box. The
goal is to calculate the relationship between fij and f s

ij . p
t and p̂t are converted into homoge-

neous coordinates for the affine transformations. The transformation matrix from p̂t1 to p̂t2 can be
calculated as:

p̂t2 = C2Θ2C
−1
2 pt2

pt2 = Fijp
t
1

pt1 = C1Θ
−1
1 C−1

1 p̂t1
p̂t2 = C2Θ2C

−1
2 FijC1Θ

−1
1 C−1

1 p̂t1

Considering a scenario when the affine transformations Θ1 and Θ2 for two frames are the
same and don’t contain any translations. Then, with θ ∈ R2×2 being the non-translation matrix
and I the identity matrix, the above equations can be simplified without using the homogeneous
coordinates as:

p̂t2 = c2 + θ(−c2 + fij + c1 + θ−1(−c1 + p̂t1))

= c2 − θc2 + θfij + θc1 − c1 + p̂t1
f s
ij = p̂t2 − p̂t1

= (I − θ)c2 + θfij + (θ − 1)c1

= θfij + (I − θ)(c2 − c1)

= θfij + (θ − I)(c1 − c2)

6.6 Occlusion Handling

In this section, we will discuss how to handle the occlusion for Flow-R. Occlusion of Flow-R-T.
The optical flow of Flow-R-T is the same as the original flow. To ensure consistency, we use the
ground truth optical flow to warp the new texture from I2 to I1. Thus, all occluded pixels should
be the same.
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Occlusion of Flow-R-S. To easily handle the occlusion area, we only upscale the objects x.
Thus, the optical flow should be recalculated in x↑. To indicate the new occlusion area, we first
create an occlusion map Maskx of x. Then, we use nearest neighbor interpolation to generate
the new occlusion map for x↑.

Occlusion of Flow-R-O. We use affine transformation to create motion for the new object from
I1 to I2. In practice, we avoid using rotation and moving out of the image, as these could
generate complex occlusions. Instead, we only add linear motion, ensuring that each pixel of
the new object in I1 can project to the corresponding pixels in I2. Thus, there is no occlusion
of optical flow in the new object region. We find that even with these linear motion cases, all
methods still fail to predict unseen objects, which raises our concern.

6.7 Mask segmentation

To facilitate the corresponding segmentation, we developed a simple GUI-based application us-
ing SAM [75]. This application allows users to segment the same object in pairs of images
simply by clicking with the mouse.

Given I1, I2, fgt, we can get the segmentation of any instance in I1 by

S1 = SAM(I1, P rompt(P1)) (6.16)

Where P1 is a set of indices obtained by a series of mouse clicks. We can match the correspond-
ing points from P1 in I1 to I2 using the ground truth optical flow fgt. The mask of the same
object in I2 is

P2 = P1 + fgt(P1), (6.17)

S2 = SAM(I2, P rompt(P2)) (6.18)

The screenshot of the APP is shown in Figure 6.4.

6.8 Generate Textures with ControlNet

To generate high quality textures with fixed shape, we utilize the Large language model (LLM) [139]
to first generate more precise prompt for the mask S2. Specially, we feed the S2 into the GPT4
and ask the following questions:

Q1:Can you recognize which object this mask represents? Please list n of the most likely
common objects that fit in the mask.
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Figure 6.4: Screenshot of out APP. (a) Present the GUI of the app. It takes mouse clicks as
input, and when you click the "Generate Mask" button, the app will automatically generate a pair
of masks as shown in (b) and (c).

Here, n is a number of objects, then we select the most common objects and ask the following
question.

Q2:Provide a prompt for ControlNet: [object] with [color/texture] that appears realistic in
the real world, ensuring it fits within the provided [mask].

With the output prompt N of and S2, the new image can be generated by:

Image(N) = ControlNet(N,S2) (6.19)

We use ComfyUI [140, 158] to batch-generate texture images. A brief pipeline is shown in
Figure 6.5.
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Figure 6.5: The pipeline for texture generation.

6.8.1 Robustness Evaluation

To evaluate the robustness for instance, we are inspired by sensitivity analysis [160]. We treat
texture, shape and new objects as variables, assume a model could accurately predict flow by
given I1, I2, we have

fp =Model(I1, I2) ≈ fgt (6.20)

where fgt is the ground truth flow for I1, I2. If we manipulate I1, I2 by replacing the texture
of an object to obtain I t1, I

t
2, and predict the flow by

f t
p =Model(I t1, I

t
2) (6.21)

We can evaluate the sensitivity by

|fp − f t
p| ≈ |fgt − f t

p| (6.22)

This approach allows us to easily test the robustness and effects of different textures, shapes, and
new objects. In practice, we primarily test methods with weights fine-tuned on the KITTI dataset
that achieve high accuracy (< 0.7 EPE).
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Training
Data

KITTI-15 Flow-R-T Flow-R-S

Method AEPE Fl-all
(%)

AEPE Fl-all
(%)

AEPE Fl-all
(%)

C + T

RAFT [185] 5.04 17.4 5.18 18.3 5.97 24.9
GMFlow [205] 7.77 23.4 8.67 26.0 8.91 31.0
GMA [67] 4.69 17.1 4.82 17.9 5.77 24.6
Flowformer [50] 4.09 14.7 4.28 15.5 5.19 22.3
Flowformer++ [169] 3.93 14.1 4.30 15.0 5.07 21.8
SAMFlow [237] 3.44 12.3 3.58 13.0 5.01 20.6

C + T +
S/K (+
H)

RAFT [185] 0.63 1.5 0.73 1.66 1.96 10.2
GMFlow [205] 1.36 5.2 1.55 6.2 2.78 13.9
GMA [67] 0.57 1.2 0.67 1.4 1.90 10.0
Flowformer [50] 0.53 1.11 0.64 1.26 1.89 9.9
Flowformer++ [169] 0.57 1.16 0.71 1.55 1.95 10.1

Table 6.1: Quantitative results on KITTI 2015 and Flow-R datasets. We report the average
end-point error (AEPE) where not otherwise stated, as well as the Fl-all measure, which is the
percentage of optical flow outliers with an error larger than 3 pixels. ”C + T” refers to results
that are pre-trained on the Chairs and Things datasets. ”S/K (+ H)” refers to methods that are
fine-tuned on the Sintel and KITTI datasets, with some also fine-tuned on the HD1K dataset.
Flow-R-T donate the data we replace the texture of main object from KITTI 2015. Flow-R-S
donate the data we replace the shape of main object from KITTI 2015.

Figure 6.6: A failed example. We add seen and unseen objects to a similar area. The first row
indicates that all methods successfully predict the motion of the added seen (car) objects. The
second row indicates that all SOTA methods failed to predict the unseen (fox) objects.
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Attack Texture Shape

AEPE F1-all AEPE F1-all

RAFT [185] 0.82 1.99 2.21 10.5
GMFlow [205] 1.63 6.5 3.03 14.2
GMA [67] 0.72 1.63 2.09 10.5
Flowformer [50] 0.64 1.26 2.04 10.2
Flowformer++ [169] 0.76 1.66 2.13 10.1

Table 6.2: Texture attack and Shape attack. Quantitative results of the attacked first frame and
original second frame.

Figure 6.7: Failed example with different positions. Each column indicates the object car being
non-occluded, partially occluded, or fully occluded by the unseen object (apple). The predicted
flow from FlowFormer++ shows similar results; all flows ignore the unseen objects. The original
motion of the car is still predicted even when the car is fully covered in the third column.

6.9 Experiment

In this section, we describe the experiments that evaluate the behaviors of state-of-the-art (SOTA)
optical flow approaches by our proposed method. We focus primarily on the common behaviors
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Methods Add Seen Add Unseen

all fore background all fore background

AEPE F1-all AEPE AEPE AEPE F1-all AEPE AEPE

RAFT [185] 2.54 8.2 11.26 0.77 7.43 20.4 25.68 7.18
GMFlow [205] 3.24 12.1 11.32 1.64 9.42 22.6 23.73 9.03
GMA [67] 2.55 8.1 10.89 0.81 7.44 20.2 22.62 7.19
FlowFormer [50] 2.45 7.7 10.51 0.77 7.81 21.0 23.70 7.52
FlowFormer++ [169] 2.55 8.1 10.71 0.83 7.50 20.4 20.53 7.26
SAMFlow [237] 2.43 7.9 10.76 0.85 7.73 20.1 20.57 7.33

Table 6.3: Adding new objects. Quantitative results of adding new objects to original images.
“Add Seen” indicates the data where we add KITTI objects to the images. “Add Unseen” refers
to the data where we add real-world objects not included in KITTI. Foreground indicates the
EPE errors in the area of the new object. Background indicates the EPE error that do not include
the new object.

and failure cases of methods. These failure cases can potentially guide future studies of optical
flow methods.

We mainly use black-box evaluation to explore two important questions: Texture vs. Shape:
What do optical flow methods rely on for matching? Memorization: Do optical flow methods
tend to remember objects?

We select following methods in this experiment: RAFT [185], GMA [67], GMFlow [205],
FlowFormer [50], FlowFormer++ [169] and SAMFlow [237].

6.9.1 Texture vs. Shape

Understanding how networks match objects is an important problem. It may provide fundamental
insights into the functioning and potential failure points of optical flow methods. However, to
the best of our knowledge, no studies have explored this aspect. In this section, we conduct three
experiments to investigate whether the selected optical flow methods rely on texture or shape.

To investigate the dependency of optical flow methods on texture versus shape, we evaluated
their performance using KITTI [34], Flow-R-T, and Flow-R-S datasets as shown in Table 6.1.
The findings reveal that most methods yield comparable results on KITTI [34] and Flow-R-
T datasets. Conversely, all methods demonstrate a notable increase in errors on the Flow-R-S
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dataset, suggesting a higher sensitivity of optical flow methods to shape variations compared to
texture variations.

Texture Attack. Given that texture replacement does not significantly impact the performance of
SOTA methods, we conduct an additional experiment by altering the texture of only one image.
This experiment aims to force the network to match objects with different textures. Given data
from the KITTI dataset (I1, I2, fgt), we replace the texture of object x from I2 by Equation (6.3).
Consequently, the texture of object x in I1 and IN2 differed, as shown in Figure 6.3. Despite this
difference, the object is still matched, and the optical flow is accurately predicted in the result.

Table 6.2 presents the results of the Texture Attack experiment. Surprisingly, we observe
that the error rate for texture attack of attention-based methods is relatively small compared with
errors in KITTI, suggesting that the matching of objects in optical flow methods is less dependent
on texture than shape.

Shape Attack. Shape changes are a common challenge in optical flow estimation, particularly
when objects move closer to or further away from the camera, resulting in different shapes be-
tween pairs of images.

To assess the robustness of models to shape changes, we design a shape attack experiment,
where we scale the object in only one image, forcing the methods to match objects of different
sizes.

Specifically, we scale the first frame I1 by θ (as described by Equation (6.7)), and recalculate
the optical flow. Table 6.2 presents the quantitative evaluations of state-of-the-art methods. We
observe a significant increase in errors between the shape attack results and the original results,
indicating that the matching of objects in optical flow methods is sensitive to shape changes.

6.9.2 Does the Network Remember Objects?

Optical flow methods still suffer from poor cross-dataset generalization. Most state-of-the-art
(SOTA) methods require fine-tuning and testing on the same dataset. One hypothesis is that
optical flow methods tend to memorize objects during training and attempt to find similar objects
during testing.

In this section, we conduct experiments to explore whether this hypothesis holds true. We
define an unseen object as one that the methods do not see during training, while a seen object
is one that is included in the KITTI dataset. Assuming optical flow methods successfully predict
the correct optical flow given data (I1, I2, fgt), we use Equation (6.9) and Equation (6.10) to add
unseen objects from real-world images, obtaining (Iunseen1 , Iunseen2 , funseen

gt ). We then add seen
objects from the KITTI dataset in another scene to obtain (Iseen1 , Iseen2 , f seen

gt ). By comparing the
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results with the original data, data with unseen objects, and data with seen objects in Table 6.3,
we find that the accuracy of the flow prediction for unseen objects is significantly worse than for
seen objects. This indicates that unseen objects negatively impact the methods, leading to poorer
results.

Furthermore, Table 6.3 reports the error in the foreground (EPE error only in the new object
area) and the background error (areas not including the new object). We find that adding unseen
objects also affects the background accuracy, even if the unseen object is not adjacent to the
background area.

Figure 6.8: Feature Dissimilarity. All levels in the encoder have high dissimilarity compared
with the original features for the added object region, indicating the encoder retains the new
object.

6.9.3 Failures for Unseen Objects

To further study why unseen objects lead to poor results, we visualize the results in Table 6.3.
We find that SOTA methods successfully predict the flow for seen objects, i.e., cars, but usually
predict worse or even ignore unseen objects in the results. For example, in Figure 6.6, we add a
car (first row) and a fox (second row) in similar positions. All methods successfully predict the
motion of the car, but all methods fail to predict the motion of the fox. This indicates that SOTA
methods tend to reduce or even ignore the flow of unseen objects.

Unseen object attack.

To study how an unseen object xu affects objects x in original images, we conduct experi-
ments by placing xu in different positions to observe its impact on the motion of x in the images.
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Specifically, we categorize the scenarios into three cases: unoccluded, where xu does not cover
x; partly occluded, where xu partially covers x; and fully occluded, where xu completely covers
x in the target image.

Figure 6.7 presents an example using FlowFormer++ [169]. In the first column, the apple
does not interact with the car. In second column, the apple partially covers the car. In the third
column, the apple fully covers the car. However, the flow results for all three scenarios ignore the
motion of the apple and successfully predict the car and its flow, even when it is covered by the
apple. In the third example, where the car is fully covered by the apple, the cost volume should
indicate that the car in the first frame cannot be matched to the second image due to occlusion.
However, the method still predicts the car’s motion, similar to the original results. This indicates
that the methods tend to remember the motion of the scene or object and produce similar results
as output.

6.10 A Study of Unseen Objects

To investigate why certain methods ignore unseen objects, we collect all the failure cases where
the object is ignored and conducted a visualization focusing on the encoder and decoder compo-
nents of GMA [67], FlowFormer [114], and FlowFormer++ [169]. As GMA is primarily based
on a CNN architecture, FlowFormer on a transformer architecture and FlowFormer++ incorpo-
rates an Masked AutoEncoder [44] pretraining strategy, it allows us to investigate whether these
designs contribute to robustness.

Figure 6.9: Example of Feature Dissimilarity. A clear difference of encoder features with or
without new objects is shown at each level. The encoder retains the information related to new
objects.

6.10.1 Feature Visualization in the Encoder

In the encoder, we extract the contextual features from the original image I1 and the image
containing the unseen object Iy1 . For each feature in level (1/2, 1/4, and 1/8), we treat each pixel
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Figure 6.10: Visualization of Intermediate Flows in the Decoder. Decoder GRU iterations in
original and failed samples.

Figure 6.11: SSIM of intermediate flow in each iteration between failed and original samples.

as a vector and perform cross-similarity calculations between the original feature and unseen
object feature to generate a similarity map, as illustrated in Figure 6.9. Where 1/2, 1/4 and 1/8
refer to the levels of features corresponding to the image resolution. The results reveal a clear
difference in the areas corresponding to the new object, indicating that the encoder successfully
extracts features related to the added object at all levels rather than ignoring it.

In Figure 6.8, we statistically analyze the dissimilarity of features across the various methods.
We measure the dissimilarity by calculating the similarity score, normalize the score to a range
of 0 to 1 and then inverse it. A larger value indicates greater dissimilarity between the two feature
sets. We only evaluate the dissimilarity within the new object region. We found that at all three
levels (1/2, 1/4, and 1/8), the features exhibited a relatively high dissimilarity, suggesting that the
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Figure 6.12: Feature similarity of GRU block. A higher value indicates that the features of the
image with the added object are similar to those of the original image.

encoder effectively retains information about the unseen object. The feature difference between
the original image and the image with the apple using cross-similarity in GMA is visualized in
Figure 6.9. It clearly indicates the dissimilarity in the apple region.

6.10.2 Feature Visualization in the Decoder

Recent methods employ an iterative refinement architecture. We chose GMA as a representative
for such a framework and visualize each iterative step of the optical flow decoder. As illustrated
in Figure 6.10, we initially observe the motion of an unseen object (e.g., an apple) during the
coarse optical flow estimation. This object is subsequently treated as noise and removed in later
iterations.

We utilize SSIM to quantitatively assess the structural similarity between the optical flow of
the original input images I1, I2 and the images containing the unseen object Iy1 , I

y
2 . The evalu-

ation is only in the regions of new object. As depicted in Figure 6.11, we observe significant
differences in SSIM values during the first four iterations, which converge to a much closer sim-
ilarity after ten iterations. As illustrated in Figure 6.10, the first row displays the initial five
iterations of optical flow applied to the original image input, while the second row presents the
first five iterations for an image with unseen object (an apple). The apple is distinctly visible in
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the first iteration, but decreases with each subsequent iteration, and becoming nearly impercepti-
ble by the fourth iteration. This observation suggests that the decoder component may acciden-
tally interpret the unseen object as noise or error, leading to its gradual removal throughout the
iterations.

Next, we conduct experiments to analyze each main component of the decoder, including the
cost memory, attention block, GRU block, and upsampler. By comparing the features extracted
from I1, I2 and Iy1 , I

y
2 , we observe that the GRU block exhibits behavior similar to that observed

in the flow iterations. As illustrated in Figure 6.12, We report the feature similarity between
the original features and the features with new objects within the GRU block. Circles indicate
images with seen objects, while triangles denote images with unseen objects. In both GMA and
Flowformer++, the GRU block effectively retains the features of seen objects across iterations,
while it weakens the features of unseen objects. This suggests that the GRU block is designed
to remember and preserve the characteristics of seen objects, while attempting to eliminate the
influence of unseen objects during the iterations.

6.11 Summary

In this chapter, we propose a robustness evaluation method by manipulating the shape and texture
of original objects or by adding new objects. We generate a dataset and conduct a comparative
evaluation of the robustness of recent state-of-the-art (SOTA) methods. Our findings reveal two
notable common behaviors among these SOTA methods: 1. The matching performance of optical
flow methods relies more on shape than on texture. 2. The GRU block tends to remember seen
objects while attempting to diminish the influence of unseen objects. Given these observations,
we express concerns regarding the safe usage of current optical flow methods. We hope that our
methodology and findings will guide further studies aimed at enhancing the robustness of optical
flow techniques in safety-critical scenarios.
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Chapter 7

Learning to Handle Large Obstructions in
Video Frame Interpolation

7.1 Introduction

In previous chapters, we have discussed the existing limitations of optical flow estimation. In
this chapter, we focus on how optical flow affects the video frame interpolation task. We focus
on real-world applications of video frame interpolation based on optical flow estimation. We
observe that large obstructions can lead to significant occlusion, which produces errors in optical
flow. The optical flow warps the objects in consecutive frames to incorrect positions and causes
large errors and artifacts in synthetic flow. Thus, we address this issue in this chapter.

This chapter resulted in a publication [106] 1 .

7.2 Overview

Video frame interpolation (VFI) is to synthesizes intermediate images from given image se-
quences. Related algorithms are widely implemented in real-world applications, such as video
super-resolution [72, 202], slow motion generation [7, 65, 135], novel view synthesis [69, 238]
and video compression [111].

1© 2024 Association for Computing Machinery. Reprinted, with permission, from Libo Long, Xiao Hu, and
Jochen Lang, "Learning to Handle Large Obstructions in Video Frame Interpolation," in ACM MM, 2024. DOI:
10.1145/3664647.3681006.
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Figure 7.1: Predictions in real-world obstruction scenes, standard approaches fail due to occlu-
sions and motion error, our method makes the models robust in those conditions.

Deep learning-based methods have achieved remarkable results on VFI benchmarks. Previ-
ous methods utilize kernels [22,25,104] or optical flow [77,112,134,143,144,223] to align each
object with its location in the neighboring frames.

Progress so far mainly focuses on interpolation quality [112, 143] and interpolating effi-
ciency [48, 77]. Most existing video frame interpolation methods assume that scene objects
are in clear view without any external interference. However, in many real-world applications,
complex obstructions are often present due to various factors. For example, video captured when
driving, during sports and in outdoor settings may involve obstructions caused by fences, rain-
drops or reflection. Obstructions can cause large blurred areas and artifacts in the interpolated
frames degrading the visual quality and temporal consistency of the output [7, 134]. As a result,
applying previous VFI methods directly on videos with obstructions leads to subpar performance.
Calculating the motion field in a video with obstructions is difficult, as pixels of an object often
lack matches between two input frames.

Although previous methods use depth information [7] or bi-directional optical flow [23,145]
to explore the occlusion information. However, those methods still generate blur and artifacts
in scenes with large occlusion caused by obstructions (see examples in Figure 7.1). This shows
that mere awareness of occlusions is insufficient for reconstructing large occlusions caused by
obstructions. A more explicit approach is needed to identify blurred regions within the features
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and subsequently recover them.

To achieve this goal, we propose three techniques to handle videos with obstructions. First,
we propose a novel data augmentation method called Dynamic Mask Mixing (DMM), which
synthesizes dynamic obstructions and mixes it into clean videos. We want occlusions such as
fences to move with the camera. We use DMM to generate new data during training. By using
our augmentation, VFI networks can be robust on both videos with and without obstructions
without any new dataset.

Second, to indicate possible ambiguous pixels/region which could cause blurred, we propose
a lightweight module called Region Similarity Map (RSM). RSM determines pixel similarity
in warped adjacent input frames. We observe that most of warped input frames contain a large
proportion of similar pixels which can be easily estimated by VFI methods. Therefore, we want
the model to focus on ambiguous pixels in dissimilar regions. We demonstrate that our RSM is
effective in capturing ambiguous pixels in challenging scenes that contain large occlusions.

Third, to repair large occlusion error caused by obstructions, we propose a cross-overlap at-
tention (COA) mechanism. COA calculates the appearance feature by matching the appearance
information of objects between input frames and the synthesized frame. Then we use the ap-
pearance feature to fix in the ambiguous region of the synthesized frame previously identified by
RSM.

To prove the versatility and adaptability of our RSM and COA module, we apply it to various
state-of-the-art VFI models. We then construct a special test set called Real World Obstructions
(RWO) dataset which contains various real-word obstructions close to the camera. The experi-
ments shows our approach significantly improves the result compared to the other methods on
the RWO dataset.

Our main contributions are:

1. New Data Augmentation Strategy. We propose a new data augmentation strategy called
DMM which generates obstructions based on a dynamic binary mask. By applying DMM
during training, models can handle videos with or without obstruction.

2. Novel Module. We propose a novel repair feature module which contains RSM and COA.
RSM first marks possible blur regions in features, then COA fixes the region by aggregating
appearance information of objects.

3. Performance. By integrating our modules with previous methods, we demonstrate that
our method achieves significant performance improvement on our RWO dataset and attains
state-of-the-art results on multiple large occlusion benchmarks.
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7.3 Related Work

Existing VFI methods can be classified into three categories: kernel-based, phase-based and
flow-based approaches.

Kernel-based methods regard motion estimation as being joint with motion compensation.
AdaConv [135] proposes estimating a pair of spatially-adaptive convolution kernels using a
CNN and predicting intermediate flow by convolving input frames with the proposed kernels.
A follow-up work [136] uses adaptive separable convolutions to reduce the large computational
memory demand. Other alternatives improve it by estimating extra kernel offset vectors [22,85],
integrating deformable convolution to increase the receptive field [22], and proposing a multi-
scale tailored loss function [147]. However, they are generally computationally expensive and
inefficient in dealing with occlusion.

Earlier phase-based approaches (e.g. [129]) use phase information to learn the motion rela-
tionship, and they interpolate phase across the levels of a multi-scale pyramid. This approach
works well with small motions but fails to handle challenging interpolation. PhaseNet [128]
proposes a neural network that directly estimates the phase decomposition of the intermediate
frame.

Previous flow-based works improve performance of occlusion scenes by various techniques
including by estimating more robust optical flow for warping pixels [51, 65, 145, 208] or by de-
termining occlusions with a depth map [7]. Recently, flow-based approaches have made good
progress. CIAN [23] proposes to use channel attention and PixelShuffle to replace the extra flow
estimation network. RIFE [51] proposes a sub-network IFNet that support arbitrary-timestep
frame interpolation with the temporal input. FILM [154] proposes a multi-scale feature extractor
that shares weights at all scales for large motion videos. IFRNet [77] proposes a lightweight
encoder-decoder based network architecture for real-time applications. VFIformer [112] is a
transformer-based U-net framework which enlarges the receptive field for capturing long-range
information. Yoo et al. [217] proposed to use video object segmentation as an auxiliary task
to train VFI models, which can learn extra segmentation information to interpolate frames with
more precise object boundaries. Kim et al. [73] proposed to use event voxel grids as an additional
input modality to capture the changes in pixel intensity asynchronously and with high temporal
resolution, which can handle large and fast motions. Lee et al. [86] proposed a subnet to estimate
D-map that handles discontinuity in frames. EMA [223] proposed a transformer block that ex-
tracts motion and appearance information separately to better capture global motions compared
with mixed feature map. BiFormer [143] proposed a transformer based architecture including
blockwise bilateral cost volumes, local motion module and global motion refinement that han-
dles 4K video frame interpolation. However, those methods still face the challenge of dealing
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with videos with large obstructions. In this thesis, we mainly focus on handling close camera
obstruction for real world frame interpolation.

7.4 Method

7.4.1 Overview

VFI is a technique to generate intermediate frames between two consecutive video frames I0, I1 ∈
RH×W×3, with H and W being the height and width, respectively. The general framework of
flow-based VFI usually contains two steps. First, the network calculates intermediate optical
flow Ot→0 and Ot→1 (t=0.5 in practice). Second, it predicts a residual δIt and an image mask H
based on intermediate optical flow and input frames. The intermediate frame It is estimated as:

Ĩ0, Ĩ1 = warp(I0, Ot→0), warp(I1, Ot→1) (7.1)

Î t = Ĩ0 ×H + Ĩ1 × (1−H) + δIt. (7.2)

Most of the existing VFI networks [70,77,145,223] are designed to deal with obstruction-free
scenes. Our main goal is to develop an efficient and robust method for both obstruction-free and
obstruction scenes. There are three main challenges we need to address. 1) Methods are mainly
trained on obstruction-free scenes in datasets such as Vimeo90K [208], and they could experience
a domain shift when they encounter scenes with obstructions. To solve this problem without
using any additional datasets, we propose a data augmentation method called DMM, which is
introduced in Chapter 7.4.2. 2) Most methods rely on motion information, such as optical flow,
to estimate the intermediate frames. However, when occlusion occurs in the frames, optical flow
may fail to match and estimate motion correctly. Thus, we propose a Region Similarity Map
(RSM) to find error regions caused by mismatching in Chapter 7.4.3. We show that RSM can
clearly indicate error regions that optical flow fails to handle correctly. 3) To better reconstruct
the information in error regions, we propose a COA module, which captures the appearance
information and fills in the error regions in Chapter 7.4.4.

7.4.2 Dynamic Mask Mixing

Most of previous studies applied flip augmentation along spatial and temporal axes. However,
this general augmentation is not sufficient to handle videos with obstructions. We propose a
new data augmentation method for frame interpolation, called dynamic mask mixing (DMM).
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Figure 7.2: Schematic View of our Dynamic Mask Mixing (DMM) Data Augmentation. We first
create a binary mask and add motion to it. Then, we fuse the data with another image using the
binary mask to generate new training data.

The main idea of DMM is to synthesize obstructions on original video. It has been shown that
synthesizing obstructions such as reflections and fences can make the network adapt to real-world
scenes with obstructions [102, 170]. However, most of them synthesize obstructions in a single
image. In a video, obstructions usually move. The motion may be continuous or discontinuous
depending on the physical properties of the obstruction and the imaging setup. Thus, we propose
a simple but effective way to simulate the motion of obstructions.

Adding Motion. We simulate three categories of motions for obstructions: translation, de-
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formation, and discontinuous motion. Translation refers to the movement of rigid obstructions
in a random direction, e.g., motion of fences close to the camera. Deformation occurs when
non-rigid obstructions change their shape, e.g., dirt on a window or the lens itself. Discontinuous
motion describes the sudden appearance or disappearance of obstructions, e.g., from raindrops
on a lens, or due to specular reflection.

As shown in Figure 7.2 a, we first generate a binary mask in the shape of the obstruction.
Then we generate masks for the other frames by applying different motions to the first mask. For
translation, we randomly add an offset to the position of the obstruction and move the mask for
the second and third images. For deformation, we use elastic deformation [171], which modifies
the shape of the obstruction by applying random displacements to a grid of pixels. The mask
is then interpolated to fit the deformed grid, creating a distorted version of the obstruction. For
discontinuous motion, we generate a random number of obstructions of a certain shape, and then
randomly add or delete obstructions in the mask for the second and third image consecutively.
Obstruction Mixing. Let (It−1, It, It+1) be a triple of subsequent images from a video. Then the
obstructed version of this triple is (D(It−1,Mt−1, Ĩd), D(It,Mt, Ĩd), D(It+1,Mt+1, Ĩd). Where
M is the corresponding obstruction mask, Ĩd is a frame from a different scene, and D() is the
mixing function. In practice, we calculateD(It,Mt, Ĩd) by It ∗λ+Mt ∗ Ĩd ∗ (1−λ), with mixing
ratio λ ∈ (0, 1) (Figure 7.2 b). Figure 7.2 c is an example of training data.

Figure 7.3: Two examples of occlusions in a scene with obstructions. The first and second
columns show the warped frames generated by the VFI network. The pixels in the red rectangle
fail to warp to the same position. Our Region Similarity Map clearly indicates the error.
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7.4.3 Region Similarity Map

Figure 7.3 shows two examples of warped frames with obstructions. The first and second
columns show the warped input frames Ĩ0 and Ĩ1, respectively. The red rectangles highlight
the regions where Ĩ0 and Ĩ1 should be identical or similar. However, we observed that those
regions are not correctly aligned by optical flow which could cause large artifacts and distor-
tions in the intermediate frame. The third column shows our proposed Region Similarity Map
(RSM), which successfully measures the error regions between the warped frames. We define
RSM C as a 1-channel map, where the value of each pixel is in (0, 1). Higher value indicates
greater similarity between the corresponding pixels, and vice versa. In practice, we want to keep
unambiguous pixels in warped frames, and only repair ambiguous pixels 1− C by our method.

Figure 7.4: A comparison of different similarity methods for scenes with obstructions. The
region cosine similarity method is most stable.

To find the best measurement of RSM, we conducted experiments with three different meth-
ods: pixel similarity, cosine similarity and region cosine similarity. We extract feature maps
F0 ∈ RW×H×c and F1 ∈ RW×H×c from I0 and I1, as shown in Figure 7.4, and warp F0 and F1

to F̃ 0 and F̃ 1 by using opitcal flow Ot→0 and Ot→1. We use F̃ 0 and F̃ 1 to calculate the simi-
larity map. The first column indicates the pixel similarity, which is computed by simply taking
the pixel-wise difference between F̃ 0 and F̃ 1. Then averaging along the channel dimension to
obtain a 1-channel map. It fails to highlight the most dissimilar regions. The second column is
the cosine similarity. We treat the channels of each pixel as a vector v ∈ 1× c and calculate
the cosine similarity between each pair of corresponding vectors. Cosine similarity emphasize
the regions with large differences, but also introduces small scale noise which may mislead the
network to focus on unimportant areas. Finally, we propose region cosine similarity. For each
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pixel in F̃ 0, we calculate the similarity with its k by k neighbours and the corresponding region
in F̃ 1. The map only focuses on regions with large differences and avoids to highlight pixels
with small motion. More visualizations of RSM can be found in the supplementary material.

7.4.4 Feature Repair

A naive way to reduce the artifacts and distortions in dissimilar regions is to apply a lightweight
residual CNN-based module and hope that those errors at the feature level can be repaired by
local information. Let x be the intermediate feature with artifacts. The recovered x̂ can be
written as.

x̂ = x× C + conv(x)× (1− C) (7.3)

However, this method may not work well when dealing with large obstructions, as local
features may not provide sufficient information. Therefore, we propose to use a transformer
module that can model long-range dependencies and learn global context.

Figure 7.5: The details of our COA: Each patch and its 8-neighborhood in the appearance feature
map P are projected into one token. Attention is computed with the key K from the inter-frame
feature x. The correspondence will match if the patch of x is similar to the patch of f and its
neighbors. The hidden features are calculated by the dot product of attention and values V , and
repairs the inter-frame features in the explicit region indicated by the Region Similarity Map
1− C.

Cross Overlap Attention. To find good inter-frame features for artifacts and blurred re-
gions, our core idea is to allow the network to globally match the same objects across frames.
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As humans, we can easily recover a blurred object with a clear reference image that contains
the same non-blurred object. We hypothesize that by comparing non-blurred objects from the
original input images and blurred objects in synthetic features, the network can extract clearer
appearance and geometrical information for blurred pixels. Based on this idea, we adopt a trans-
former block [103] that can model long-range dependencies. Unlike self-attention, our query
features are projections from appearance features, while our value and key features are projec-
tions from inter-frame features. The attention matrix computed from the query and key features
is most likely to match the same object, then aggregate the appearance information to the blurred
pixels of value features. To reduce the mismatch of the attention map, we project each patch q
and its 8-connected neighbors in Query Q into one token, and then compute the attention with
the corresponding patch k in Key K. This implies that if patch q and its neighbors are similar
to k, they are more likely to belong to the same object. Formulation of Cross Overlap Atten-

Figure 7.6: The architecture of our model, which uses any optical flow based network as the VFI
model. We take the input feature map from the encoder and use the feature repair module to fix
the feature in the decoder. W indicates the warp operation.

tion. As show in Figure 7.5, given inter-frame features x and appearance features P of the same
spatial resolution. We use P to extract query vectors Qf ∈ RNq×d, and x to extract key vectors
K ∈ RNk×d and value vectors V ∈ RNv×d, where d is the feature dimension.

For each patch in Qf , we aggregate its 8-connected neighbors patches into a tensor S ∈
RNq×9×d. We then reshape and linearly project S into Si ∈ RNq×d. Finally, we compute the
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similarity between Si and K. The output h̃ can be formulated as

h̃ = Attention(LS(S), K, V )

= Softmax

(︃
LS(S)KT

√
d

+B

)︃
· V (7.4)

where B is the position bias [29], LS(.) is the linear projection function. We incorporate cross
overlap attention into the transformer block. Following [103], we also apply normalization (LN)
and a multi-layer perceptron (MLP) after attention as

h = COA(x, P ) =MLP (LN(h̃)). (7.5)

Feature repair with RSM. Figure 7.6 illustrates our proposed method for repairing the in-
termediate feature with the RSM and the COA module. Given a baseline VFI network N, it
extracts the features F0 and F1 from the encoder. We warp them to F̃ 0 and F̃ 1 and compute
the RSM from the warped features. We also use a lightweight CNN-based module to estimate
the appearance feature P capturing the local color and texture information of the scene. Then,
we apply the COA module to refine the intermediate feature by using Equation (7.5). We use
the COA module to refine the features in dissimilar regions (1 − C). The refined features x̂ are
calculated as.

x̂ = x× C + h× (1− C) (7.6)

We choose the optimal layer for each network based on the performance of the RSM and the
COA module. The details of our layer selection are provided in the supplementary material.

7.5 Experiments

7.5.1 Datasets and Implementation Details

Training and Evaluation. Our model is trained on the Vimeo90K [208] training set. For hyper-
parameters, such as learning rates, batch sizes, and optimizers, we follow the settings reported
in the original papers of each baseline network. For the data augmentation, we apply random
cropping and flipping to the input frames along the horizontal, vertical, and temporal dimen-
sions. We also incorporate the proposed data augmentation DMM, which has been described in
Section 7.4.2.
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Figure 7.7: Qualitative results on SNU test dataset.

We evaluate our method on four recent state-of-the-art flow-based VFI methods: RIFE [51],
IFRNet [77], VFIFormer [112], and EMA [223]. To demonstrate the effectiveness of each com-
ponent of our method, We first conducted an ablation study on DMM and RSM, which only
increased the parameters by less than 1% of the original method. Then, we incorporate all three
modules DMM, RSM and COA into VFIformer and EMA. We use three benchmark datasets
for the evaluation: Vimeo90K , which is the most common test set for VFI; SUN-Film, which
contains large motion and more occlusions in the hard and extreme data; and our real-world
obstruction dataset, which is a new dataset that we construct from real-world obstructions. We
collect some of the data ourselves and adapt some from [239]. More detail can be found in
supplementary material. We measure the performance of each algorithm by comparing Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity (SSIM) [197].
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Figure 7.8: Qualitative results on our RWO dataset

7.5.2 Ablation Study

We evaluate the effectiveness of our method by comparing it with previous methods using their
own training strategy and using our DMM. Table 7.1 "-D" shows that our strategy significantly
improves the interpolation performance, especially in the RWO dataset, and also achieves im-
provement in the Vimeo90K and SNU-FILM datasets in many cases. The reason is that DMM
not only adds extra obstructions in the original dataset, but also acts like a mixing strategy that
improves the generalization ability of the network by synthesizing more training samples.

We then incorporate our RSM module "-R" with a lightweight residual structure given by
Equation (7.3). Therefore, the parameter increase is less than 1% of the corresponding original
network. RSM futher improves the performance in the large occlusion datasets SNU-FILM hard
and extreme and our RWO dataset. Specifically, IFRNet-DR and VFIformer-DR show lower
quality on Vimeo 90K and SNU-FILM easy and medium, but show large improvements in SNU-
FILM extreme and RWO. We attribute this to the fact that SNU-FILM hard and extreme have
many large displacements that are difficult to warp to the same position. The RSM can efficiently
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Method
Vimeo90K SNU-FILM EASY SNU-FILM MED SNU-FILM Hard SNU-FILM EX RWO

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
RIFE [51] 35.61 0.9779 39.99 0.9904 35.68 0.9786 30.08 0.9327 24.83 0.8533 27.52 0.8837
RIFE-D 35.72 0.9780 39.95 0.9900 35.67 0.9783 30.14 0.9329 24.89 0.8548 27.73 0.8863
RIFE-DR 35.80 0.9783 40.03 0.9904 35.72 0.9789 30.23 0.9341 25.01 0.8569 27.82 0.8874
IFRNet [77] 35.80 0.9794 40.03 0.9905 35.94 0.9793 30.40 0.9358 25.05 0.8587 28.25 0.8939
IFRNet-D 35.86 0.9792 40.09 0.9904 36.03 0.9796 30.49 0.9357 25.17 0.8587 28.40 0.8950
IFRNet-DR 35.71 0.9789 39.95 0.9901 35.98 0.9795 30.54 0.9363 25.24 0.8592 28.53 0.8962
VFIformer [112] 36.50 0.9816 40.13 0.9907 36.09 0.9799 30.67 0.9378 25.43 0.8643 28.77 0.8994
VFIformer-D 36.57 0.9819 40.21 0.9912 36.16 0.9781 30.70 0.9380 25.47 0.8659 29.02 0.9014
VFIformer-DR 36.41 0.9804 40.02 0.9897 36.02 0.9776 30.80 0.9383 25.64 0.8679 29.11 0.9028
EMA [223] 36.64 0.9819 39.77 0.9908 35.98 0.9801 30.93 0.9395 25.69 0.8663 28.97 0.8978
EMA-D 36.67 0.9820 39.84 0.9908 35.97 0.9800 30.95 0.9397 25.73 0.8679 29.26 0.9032
EMA-DR 36.63 0.9817 39.88 0.9909 36.07 0.9799 31.02 0.9407 25.86 0.8701 29.33 0.9046

Table 7.1: Ablation study. Effect of applying DMM and RSM on the performance of the pro-
posed model. “-D” indicates using DMM and “-DR” indicates using DMM and RSM. (Note:
RSM is applied by Equation (7.3), and COA is evaluated in Table 7.2).

Method
Vimeo90K SNU-FILM EASY SNU-FILM MED SNU-FILM Hard SNU-FILM EX RWO

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
AdaCof [85] 34.47 0.9730 39.80 0.9900 35.05 0.9754 29.46 0.9244 24.31 0.8439 26.43 0.8608
CAIN [23] 34.65 0.9729 39.89 0.9900 35.61 0.9776 29.90 0.9292 24.78 0.8507 27.19 0.8805
RIFE [51] 35.61 0.9779 39.99 0.9904 35.68 0.9786 30.08 0.9327 24.83 0.8533 27.52 0.8837
ABME [145] 36.18 0.9805 39.59 0.9901 35.77 0.9789 30.58 0.9364 25.42 0.8639 28.93 0.9029
IFRNet [77] 35.80 0.9794 40.03 0.9905 35.94 0.9793 30.40 0.9358 25.05 0.8587 28.25 0.8939
VFIformer [112] 36.50 0.9816 40.13 0.9907 36.09 0.9799 30.67 0.9378 25.43 0.8643 28.77 0.8994
EMA [223] 36.64 0.9819 39.77 0.9908 35.98 0.9801 30.93 0.9395 25.69 0.8663 28.97 0.8978
VFIformer-DRC 36.50 0.9814 40.11 0.9905 36.07 0.9794 30.87 0.9396 25.73 0.8694 29.20 0.9043
EMA-DRC 36.69 0.9821 39.96 0.9909 36.14 0.9802 31.10 0.9419 25.95 0.8722 29.56 0.9081

Table 7.2: Quantitative comparison of VFI methods on three datasets. The best result is in
red, and the second best is in blue. "-DRC" indicates using DMM, RSM and COA with Equa-
tion (7.6).

capture those parts (see Figure 7.7). On the other hand, for SNU-FILM easy and medium, the
displacement is small, so the RSM does not have much effect, and we obtain small amounts
of degradation in some cases. Our DMM and RSM clearly achieve our objective to make VFI
models robust to occlusion and obstruction without compromising the performance on clean
scenes. Incorporating the COA step improves performance further which we will discuss next.
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7.5.3 Comparison with the State-of-the-Art

We compare our methods with previous state-of-the-art VFI methods, including AdaCof [85],
CAIN [23], RIFE [51], ABME [145], IFRNet [77], VFIformer [112] and EMA [223]. We add our
methods to the two highest performing previous methods: VFIformer-DRC and EMA-DRC. "-
DRC" means using our full method with all three techniques that we have proposed DMM, RSM
and COA. As shown in Table 7.2, our methods outperform the previous algorithms on the RWO
dataset by a considerable margin. Although, VFIformer has a lower performance than ABME
and EMA on the RWO dataset, our VFIformer-DRC improves the results and outperforms all
previous methods. The results clearly demonstrate the limitations of previous methods and the
robustness of our approach. Moreover, our EMA-DRC also improves large occlusion cases in
SNU-FLIM hard and extreme. It even shows competitive performance with SOTA methods on
other benchmarks that do not contain large obstructions.

7.5.4 Qualitative Evaluation

Clean Scenes. We select samples from the SNU-Film dataset to compare the quality of different
VFI methods. We compare our method with ABME, IFRNet, VFIformer and EMA. As shown
in Figure 7.7, the first column indicates the ground truth. The red rectangle indicates challenging
regions. In these regions, previous methods do not perform well, but our method achieves accu-
rate results. Specifically, the first row is a large motion case, where IFRNet and EMA warped
pixels to different positions which caused ghosting. ABME and VFIformer failed to predict this
region. Our method preserves the details and the motion consistency. The third row is a tiny
object case, where all four previous methods fail to reconstruct the thin sword. However, our
method successfully preserves it. The fourth row is an occlusion case, where the person’s face
is visible in one input frame but partially visible in the other. Other methods produce blurry or
distorted faces due to mismatches. Our method generates the clearest results. We suppose the
reason is that RSM successfully identified the face, and COA effectively recovered it.

Scenes with Obstructions. We further visualize examples in our RWO dataset (Figure 7.8).
We observe two issues of previous methods: 1) They sometimes fail to maintain the structure of
the obstruction; and 2) They often have difficulty distinguishing the boundary of the obstruction
and the background object and produce artifacts in the frames.

In the first row, ABME, IFRNet and VFIformer fail to generate fences, and EMA partially
fails, but our method succeeds in reconstructing it. In the second row, all four previous methods
mixed the boundary between the pillar and the house. In comparision, our method shows a
clearer shape. These examples demonstrate that our method successfully reduces errors in cases
of large obstructions.
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7.6 Limitations

Our method can handle most videos with large obstructions. However, it still fails in some cases,
such as videos at night. The main reason is that, when pixels are all similar (darkness) in a scene,
our method does not always capture ambiguous pixels/regions. Another case is the use of a flash
in a video, which could lead to large dissimilarity for the whole frame and not to a dissimilar
region which breaks our hypothesis. The COA module would have difficulties reconstructing the
whole frame. However, our method is indeed robust to most cases of obstructions. We hope to
address the remaining issues in future research.

7.7 Summary

In this chapter, we observe that large obstructions are difficult to warp to the correct position
by optical flow, causing large errors and artifacts. To address this issue, we propose a novel
VFI method that can handle videos with both obstructions and clean frames. We introduce
a novel feature repair module, which first detects dissimilar regions of the two warped input
frames, then repairs those regions by cross overlap attention (COA). We also propose a new
data augmentation method (DMM) to make VFI networks robust to obstructions without extra
images. Extensive experiments demonstrate that our method shows remarkable improvements
on obstruction datasets, and also performs well on standard benchmarks.
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Chapter 8

Conclusion

In this thesis, we explored the challenges in optical flow estimation which may currently limit
the application of optical flow methods in real-world applications. We define three essential
challenges: 1. Small Motions Boundary Error, 2. Generalization to Unseen Scenes, and 3.
Simultaneous Robustness in Clean and Adverse Conditions. In each chapter, we covered the
specific problem and introduced a solution for improving optical flow methods.

In Chapter 3, we first discovered that the downsampling process of the feature pyramid could
cause blending of foreground objects with the background, which misleads the motion of flowing
iterative refinement. Thus, we propose a novel residual feature pyramid module (RFPM), which
retains important details in the feature map without changing the overall iterative refinement
design of the optical flow estimation. RFPM incorporates a residual structure between multiple
feature pyramids into a downsampling module that corrects the blending of objects across bound-
aries. By incorporating the module with the popular methods IRR-PWC and RAFT, respectively,
we observe a clear improvement of motion boundaries in the optical flow estimate. Feature visu-
alization also indicates that our RFPM can generate discriminative features for boundaries. Our
method applied to RAFT [185] also achieved the top rank in the real-world driving benchmark
KITTI at the time of submission. Furthermore, we proposed an efficient approach that allows
existing methods to incorporate our module with a small fine-tuning step.

In Chapter 4, we propose to improve the generalization of unsupervised optical flow methods.
We find existing generalization methods are not efficient for unsupervised optical flow methods.
Thus, we propose a novel shared-weight teacher-student strategy and a content-aware regulariza-
tion (CAR) module. Based on a tiny, learnable, content-aware mask, CAR is randomly applied to
some channels in the convolutional layers during training to guide predictions in a shared-weight
teacher-student strategy. CAR prevents motion estimation methods in unsupervised learning
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from co-adaptation. By incorporating this technique, we achieved rank 1 in both the Sintel and
KITTI benchmarks at the time of submission. Our methods also clearly improve generalization
and achieve the highest results in cross-data evaluation, with a large margin compared to previous
methods.

Outdoor applications often face various environmental and weather conditions. In Chapter 5,
we improve optical flow robustness in both clean and adverse weather conditions. We observed
that previous methods work well in clean/sunny weather but usually fail in adverse weather. We
classify these weather conditions into two categories: Low-visibility, due to fog or night-time,
results in low-quality features, i.e., low-visibility weather or limited illumination degrade the
estimation of motion boundaries in optical flow. Motion noise, for example, due to snow or rain,
results in methods to include rain streaks or snow in the flow estimation, causing the optical
flow to be noisy. We first found that a previous self-guided loss method has flaws, as it assumes
optical flow in sunny weather achieves the best results and uses it as a pseudo label to guide
adverse condition flow. However, experiments show that more than half of the predicted adverse
weather flow pixels are more accurate than the predicted sunny weather flow, which can generate
noise during training. To address this, we propose a duo-photometric loss that ensures learning
of adverse weather flow is not affected by the quality of clean flow. We propose a local-structure
recovery technique to cope with low-visibility situations. We found that the features of low-
visibility images have a large discrepancy compared to the features of clean images. Thus, we
leverage contrastive learning to reduce the gap between these features, leading to similar results
for clean and low-visibility images. We also propose a Noise Invariant Loss that encourages the
network to ignore unnecessary noise motion like rain and snow.

In Chapter 6, we propose a systemic robustness evaluation of optical flow methods. We in-
troduce the Flow-R benchmark, which, unlike previous benchmarks that create more complex
scenes, replaces the texture or shape of main objects in existing benchmarks. We then collected
failure cases where optical flow methods worked on the original image but failed when an ele-
ment (texture or shape, etc.) was changed. Our analysis reveals two key limitations of optical
flow methods: (1) greater sensitivity to shape changes than texture variations, and (2) a tendency
to overfit to known objects while disregarding motion in unseen objects. These findings validate
our evaluation framework and highlight critical directions for improving robustness in future
work.

In Chapter 7, we study how the application of optical flow affects video frame interpola-
tion. We found that video frame interpolation methods based on optical flow face challenges
when dealing with large obstructions. Obstructions can cause large occlusions during match-
ing, leading to poor optical flow quality. To address this, we propose an Obstruction Robustness
Framework (ORF). The ORF contains two components: 1. A feature repair module that first cap-
tures ambiguous pixels in the synthetic frame using a region similarity map, then repairs these
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ambiguous pixels with a cross-overlap attention module. 2. A data augmentation strategy that
enables the network to handle dynamic obstructions without extra data. Our methods demon-
strate state-of-the-art results in existing benchmarks and achieve the best results in the proposed
large obstruction benchmarks.

The thesis improves the robustness of optical flow study in real-world scenes. When training
data is labeled, the RFPM (Chapter 3) can be used to avoid blending of foreground objects with
the background. However, in most outdoor conditions, we may not be able to obtain labeled
data. In such cases, the CAR (Chapter 4) and RobFlow framework can be used to improve
robustness and stability. To address large occlusion cases, the ORF can be incorporated to detect
obstructions and then repair the features. However, there are still remaining issues that need to
be addressed, as discussed in Chapter 7. In the following, we discuss their practical implications,
limitations, and critical directions for future research.

8.1 Thesis Contributions

The thesis makes several contributions in optical flow estimation. These contributions address
some of the gaps in the existing literature of the field discussed in Chapter 2, with a focus on
robustness:

• A Residual Feature Pyramid Module (RFPM) that preserves motion boundaries by correct-
ing blending artifacts during feature downsampling, improving flow accuracy in supervised
methods.

• A lightweight fine-tuning strategy enabling RFPM to be easily integrated into existing
optical flow architectures such as IRR-PWC and RAFT without major retraining.

• A Shared-Weight Teacher-Student framework combined with a Content-Aware Regular-
ization (CAR) module that enhances generalization in unsupervised optical flow learning
by preventing feature co-adaptation.

• A RobFlow framework that improves optical flow under adverse weather through a duo-
photometric loss for better supervision, a local-structure recovery module to bridge low-
visibility feature gaps, and a noise-invariant loss to suppress motion noise from rain and
snow.

• A Flow-R benchmark designed for robustness evaluation, which exposes sensitivity to
shape and texture changes in optical flow methods and reveals generalization weaknesses
overlooked by traditional benchmarks.
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• An Obstruction Robustness Framework (ORF) for video frame interpolation that detects
and repairs ambiguous regions caused by large occlusions using a cross-overlap attention
mechanism.

• A dynamic obstruction data augmentation technique that strengthens video frame interpo-
lation models against dynamic occlusions without the need for extra annotated datasets.

These contributions advance the robustness and generalization capabilities of optical flow es-
timation, making them valuable for a wide range of real-world applications such as autonomous
driving, video editing, robotics, and augmented reality systems.

8.2 Future Work

Building on the thesis work, we suggest focusing on the following directions.

Although some studies have aimed to improve the accuracy of optical flow, in Chapter 3, we
investigated ways to handle small motion boundaries. However, further exploration is needed,
particularly in dense scenes, with the presence of numerous overlapping objects, complex tex-
tures, and frequent occlusions. One promising idea is to integrate optical flow methods with
segmentation or scene graphs to better identify small objects before performing motion estima-
tion.

The Residual Feature Pyramid (RFPM) design effectively preserves motion boundaries, mak-
ing it ideal for applications requiring fine-grained motion estimation (e.g., autonomous driving,
robotic navigation). One may investigate the integration of RFPM into safety-critical systems
where labeled data is available. Future work could optimize its computational efficiency for
real-time deployment.

CAR’s shared-weight teacher-student framework and content-aware regularization offer a
scalable solution for unsupervised optical flow, particularly in dynamic or data-scarce environ-
ments. Duo-photometric loss and noise-invariant learning address a critical gap in weather-robust
optical flow. These approaches can be combined with CAR for autonomous driving in various
environments.

Additionally, collecting optical flow data in adverse weather conditions is challenging. A sys-
tematic real-world dataset is needed to study the impact of different weather conditions on optical
flow estimation. Future studies may find ways to collect relevant data. To address weather-related
challenges, optical flow estimation could be combined with image restoration methods. Alterna-
tively, it could be jointly learned with other perception tasks, such as depth estimation or pose
estimation, to handle more complex scenarios effectively.
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Using Flow-R alongside traditional benchmarks (Sintel, KITTI) can be used to stress-test
new methods. Failure cases on Flow-R can guide improvements in generalization and structural
robustness. The framework of Flow-R could be used for other perception tasks such as segmen-
tation, pose estimation, and depth estimation, etc. It could be used to examine the behavior of
methods and prevent unexpected failures.

Another relatively underexplored direction is the causal interpretation of the behavior of opti-
cal flow networks. According to the experiments in Chapter 7, most optical flow methods match
objects primarily based on shape rather than texture. One experiment shows that even with the
same shape but completely different textures, the method still matches the objects. This could
pose potential hazards in real-world scenarios. For example, in driving scenarios, most cars have
similar shapes, and we do not want the method to mismatch different cars in the two respective
images as the same object. Thus, the thesis suggests that future work could focus on explor-
ing matchings in optical flow methods, balancing texture and shape. State-of-the-art (SOTA)
methods still suffer from poor generalization. The experiments show that these methods tend
to memorize objects during training. The error is caused by the decoder. Optical flow methods
should focus on motion matching rather than memorizing seen objects.
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