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Abstract

The generation of an intermediate frame between two consecutive frames in a video is an
ongoing challenge in computer vision. This concept is known as motion interpolation, or
interframe interpolation, and usually works by following the path of an optical flow. To obtain
accurate interpolated images, a good optical flow estimation is needed. Typically, it is assumed
that the better a flow estimation is, the better the resulting interpolated images are. To test
how the underlying optical flow influences the interpolation results, we look at two different
optical flow estimations, RAFT [1] and the baseline version of ProFlow [2], and perform
various interpolation experiments with them.

In the experiments, we first examine the accuracy of the underlying flows estimated with RAFT
and the ProFlow baseline by comparing their EPE and flow visualizations. Following this, we
conduct several interpolation experiments with these flows by using different interpolation
methods. Here, the focus lies on two methods called forward warping and forward forward
warping, which are based on the concept of image warping. For a wide variety of datasets,
we use three different benchmarks, Middlebury [3], KITTI [4], and Sintel [5]. In an oracle
experiment, we then compare how the interpolation performs when ground truth flows are
used and investigate different approaches to change these results.

From these experiments, we find that a RAFT flow does not always produce better inter-
polation results than a ProFlow baseline flow, despite being more accurate. Furthermore,
the oracle experiments show that using a more accurate flow estimation often creates more
doubling artifacts in the interpolated image and thus a better flow does not always result in a
better interpolation quality.
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Kurzfassung

Die Erzeugung eines Zwischenbildes zwischen zwei aufeinanderfolgenden Bildern in einem
Video ist eine andauernde Herausforderung in der Computer Vision. Dieses Konzept ist als Mo-
tion Interpolation oder Interframe Interpolation bekannt und funktioniert in der Regel, indem
es dem Pfad eines optischen Flusses folgt. Um akkurate interpolierte Bilder zu erhalten ist eine
gute Schätzung des optischen Flusses erforderlich. Normalerweise wird davon ausgegangen,
dass die interpolierten Bilder umso besser sind, je besser die Schätzung des Flusses ist. Um
zu testen, wie der zugrundeliegende optische Fluss die Interpolationsergebnisse beeinflusst,
betrachten wir zwei verschiedene optische Flussschätzungen, RAFT [1] und die Baseline
Version von ProFlow [2] und führen mit ihnen verschiedene Interpolationsexperimente durch.

In den Experimenten untersuchen wir zunächst die Genauigkeit der zugrundeliegenden
Flüsse, die mit RAFT und der ProFlow Baseline geschätzt wurden, indem wir deren EPE und
Flussvisualisierungen vergleichen. Anschließend führen wir mehrere Interpolationsexperi-
mente mit diesen Flüssen durch, indem wir verschiedene Interpolationsmethoden verwenden.
Der Fokus liegt hierbei auf zwei Methoden, dem sogenannten Forward Warping und dem For-
ward Forward Warping, die auf dem Konzept des Image Warpings basieren. Für eine Vielzahl
von Datensätzen verwenden wir drei verschiedene Benchmarks, Middlebury [3], KITTI [4] und
Sintel [5]. In einem Orakel-Experiment vergleichen wir schließlich, wie sich die Interpolation
verhält, wenn Ground Truth Flüsse verwendet werden und untersuchen verschiedene Ansätze,
um diese Ergebnisse zu verändern.

Aus diesen Experimenten geht hervor, dass ein RAFT Fluss nicht immer bessere Interpo-
lationsergebnisse als ein ProFlow Baseline Fluss liefert, obwohl er genauer ist. Des Weiteren
zeigen die Orakel-Experimente, dass die Verwendung einer genaueren Flussschätzung oftmals
mehr Doppelungsartefakte im interpolierten Bild erzeugt und somit nicht immer zu einer
besseren Interpolationsqualität führt.
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1 Introduction

Creating new frames in a low frame rate video can be of high importance in many fields
[6, 7, 8, 9]. This can be achieved with an interframe interpolation [10]. Interframe interpo-
lation is able to generate an intermediate frame between two consecutive frames in a frame
sequence. Figure 1.1 shows this process, where a new image is synthesized between image I0
and image I1. The scalar value t ∈ (0, 1) indicates the temporal distance from image I0 to the
interpolated image It. Analogously, the temporal distance from the interpolated image It to
image I1 is 1− t.

Using interframe interpolation to increase the frame rate in videos and thus providing the
perception of a more fluid motion can be beneficial in many areas. Besides using generated
intermediate frames on television and computer screens for a smoother visual appearance
of low frame rate films, it is also used in interframe video compression [6]. To decrease
the needed data rate in video compression, only a series of anchor frames get encoded. The
remaining intermediate frames are then reconstructed with an interpolation. This allows higher
compression rates than an intraframe compression, where every single frame gets encoded.
Additionally, generating a higher frame rate can also be beneficial to obtain sharp slow-motion
effects [7] of videos with a lower frame rate. Furthermore, interpolation is also used in virtual
reality [8] where multiple cameras are used in a ring position. To combine the different views
of adjacent cameras, interpolation is used to generate the needed intermediate frames. Not
only entertainment media benefit from this concept, but certain areas of the medical field can
also take advantage of interpolation. For example, a capsule endoscopy [9] uses a low frame
rate to last a whole traversing of the human body. This results in poor visual effects and can
lead to a harder diagnosis. Providing a higher frame rate via frame interpolation allows for a
more realistic 3D view of the digestive system and thus can result in a better diagnosis.

However, creating interpolated frames that are of good quality and do not require an immense
amount of computational power is an ongoing challenge. The easiest way of generating an
intermediate frame between frames I0 and I1 are methods that ignore the motion taking place
in the given frames, such as frame repetition and frame averaging [11]. In frame repetition,
the previous frame gets repeated and thus the interpolated frame corresponds to frame I0.
Frame averaging generates the intermediate frame by overlaying frame I0 and frame I1 on top
of each other. While these methods are easy and might work for static scenes, they generally
produce blurring effects around moving objects and are thus not optimal for videos with larger
motion. This shows the need for more advanced approaches, which take the motion of objects
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1 Introduction

Figure 1.1: Concept of interframe interpolation shown for the scene ‘Basketball’ of Middlebury
benchmark [3]. Intepolated image It gets generated between image I0 and image
I1 at time t.

in a series of frames into consideration. Such an approach is known as motion compensated
interpolation. For this, the motion that takes place between a frame and its consecutive frame
has to be correctly estimated. This motion estimation is done with an optical flow. Optical
flow describes the motion of objects between two consecutive frames. In this thesis, we look
at two methods for estimating such optical flow, called RAFT [1] and the baseline version of
ProFlow [2]. The idea is to take these flow estimations and perform an interpolation along their
trajectory. A key aspect of this is the concept of image warping. In image warping, positions of
an image get mapped to new positions with a mapping function, resulting in a warped image.
Such image warping can use the optical flow as the mapping function. This concept is then
used as an interpolation method in various ways. Two of these methods that make use of this
image warping concept are the forward warping and forward forward warping. These serve as
the two main methods used throughout this thesis.

There are many challenges to interframe interpolation. For example, performing a warp-
ing can lead to collisions, caused by multiple pixels being mapped to one pixel. To deal with
this, we look at different strategies for such collisions. Furthermore, while multiple pixels can
be mapped to one pixel, the other problem arises when a pixel has no pixel that gets mapped
to it. This creates holes in the warped image that have to be filled with a so-called inpainting
method. For this, we look at one inpainting approach based on diffusion. A further problem
that is discussed in this thesis, are occluded areas in frames. To detect such occluded areas
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we use the forward-backward consistency check to generate occlusion maps. To evaluate the
interpolation results, we look at three different metrics, the SSIM, RMSE, and VMAF.

The main goal of this thesis is to analyze how the quality of an optical flow estimation
influences the interpolation results. Intuitively, one would expect that using a more accurate
optical flow estimation results in a more accurate interpolated image. To test this, we use the
two previously mentioned optical flow estimations RAFT and ProFlow baseline and perform
various interpolation experiments with them. Here, we first look at the main differences be-
tween the flow estimations and examine how these differences play a role in the interpolation
results. In his work [12], N. B. Senn already compared how different interpolation strategies
perform when using the ProFlow baseline flow. For this, a variety of scenes were used from the
Middlebury benchmark [3]. To build on this, we perform these same interpolation methods on
the same scenes, using a RAFT flow. Here, as mentioned above, the focus lies on the forward
warping and forward forward warping method. We then compare the results generated with a
RAFT flow and a ProFlow baseline flow. To obtain more data, we use additional benchmarks,
KITTI [4], and Sintel [5]. Furthermore, we then use the ground truth flows provided with the
Sintel benchmark to conduct an oracle experiment and investigate further how the accuracy of
an optical flow influences the resulting interpolation.

Structure

The main part of this thesis consists of two parts, a theory part, and an experiment part. In the
first part, we introduce all the theoretical background that is needed for the experiments. Here,
we first discuss the notion of optical flow in Chapter 2. This chapter consists of background
information, a brief overview of possible approaches, and possible challenges. Additionally,
we also introduce the two flow estimations RAFT [1] and ProFlow baseline [2], as well as the
endpoint error metric (EPE). In Chapter 3, we then look at how interpolation works, discuss
the concept of image warping, and introduce different interpolation methods based on this
concept, with the two main methods being forward warping and forward forward warping.
Furthermore, the concept of splatting and inpainting and their possible strategies are discussed
as well. A method for generating occlusion maps called the forward-backward consistency
check is also introduced in this chapter. Lastly, we introduce three error metrics, RMSE, SSIM,
and VMAF, which are used for the evaluation.

The second part of this thesis contains the conducted experiments, shown in Chapter 4.
Here, we first compare the flow estimations of RAFT and ProFlow baseline, then we perform
several interpolation experiments, and examine the results. Finally, we perform an oracle
experiment with ground truth flows and investigate the showcased results further. In a final
summary of the experiments, we then gather all observed results.

11





2 Optical Flow

Interframe interpolation uses optical flow to estimate motion between consecutive frames to
then warp one or both frames to generate an interpolated frame, making optical flow one
central notion of this thesis. This chapter gives details on what optical flow is and where it is
used, discussed in Section 2.1, what methods exist for estimating optical flow, Section 2.2, as
well as what makes its estimation challenging, Section 2.3. A central question of this thesis is
whether the quality of an optical flow has an influence on the results of an interpolation. For
this, we introduce two separate methods for estimating optical flow, the ProFlow Baseline in
Section 2.4, and RAFT in Section 2.5. Lastly, the endpoint-error (EPE) metric to determine the
quality of an optical flow is explained in Section 2.6. This metric is later used to determine
which optical flow is more accurate.

2.1 Background

Estimating the motion of objects in a moving scene is a fundamental problem in computer
vision. Such estimation is known as an optical flow. This term goes back to as late as the 1950s
where American psychologist J. J. Gibson described in his work [13] the notion of optical flow
as a technique used by animals for obstacle avoidance to navigate through the world. Different
scientific fields made use of this notion to estimate the apparent motion of objects in a visual
scene. A high-level definition describes an optical flow as a vector field for two consecutive
images in a sequence [14]. This vector field consists of a displacement vector −→v (x, y) for each
position (x, y) which indicates its displacement from the first frame to the consecutive frame.
Each displacement vector is defined as the motion of position (x, y) in terms of a horizontal
displacement u and a vertical displacement v. This is described as follows:

−→v (x, y) =
(

u

v

)
. (2.1)

Figure 2.1 shows the position (x, y) in image I0 and its displacement vector −→v (x, y) = (u, v)T .
Position (x, y) in image I0 thus corresponds to the position (x + u, y + v) in the consecutive
image I1.

Such flow fields can either be sparse and only define vectors for important points of the
frame, or they can be dense when a displacement vector is defined for every single pixel.
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2 Optical Flow

Figure 2.1: Displacement vector −→v for the position (x, y) in image I0 and its corresponding
position (x + u, y + v) in image I1.

Figure 2.2: Sparse optical flow field (b) for the Army scene (a) from the Middlebury benchmark
[3]. Image source for (b): [15].

Figure 2.2 (b) shows such a sparse vector field for the scene Army of the Middlebury benchmark
[3]. In the scene, the objects at the bottom center of the image move the most from the first
frame to the second. Thus, in this area, one can see the vectors with the largest length. Using
optical flow for interpolation of images requires a dense flow field. However, visualizing them
in the same way as in Figure 2.2 would not be optimal. For this, there is a second option of
visualizing optical flow, namely using a color code, shown in Figure 2.3 (c). Here, the different
colors indicate the direction of that vector. Additionally, the richer the color is, the larger the
displacement of that area. Applying this color code visualization to the optical flow of the
aforementioned scene can be seen in Figure 2.3 (b).

While this thesis focuses on using optical flow for interframe interpolation, many differ-
ent areas benefit and make use of an optical flow as well, such as video compression [17, 18],
video annotation [19], and video segmentation [20]. Robotics research uses optical flow
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2.2 Methods for Optical Flow Estimation

Figure 2.3: Optical flow field (a) visualized with a color code (c) for the scene Army (a) from
the Middlebury benchmark [3]. Image source for (c): [16].

for robot navigation and localisation [21, 22, 23]. Video surveillance utilizes optical flow
to recognize actions [24, 25] or faces [26] as well as for tracking moving objects in traffic
[27, 28]. In meteorology, optical flow is applied for weather forecasting [29] and even in
biology, optical flow can be applied in many different areas such as the measurement of plant
growth [30] or even analyzing the swarm of bees [31]. Another prominent field that uses
optical flow is fluid mechanics, to measure the velocity of fluids [32]. In recent years even
medical imaging was able to benefit from Optical Flow for example by using it to analyze and
diagnose different forms of cancer [33, 34].

2.2 Methods for Optical Flow Estimation

Over the years there have been various approaches for generating optical flow fields. The most
prominent being differential methods. These differential methods consist of two subclasses,
global and local techniques. Both are based on a data term that expresses a brightness con-
stancy assumption. Local techniques are based on the assumption that the flow is constant
within a small neighborhood of the considered pixel. A well-known example of this technique
is the Lucas–Kanade method [35], introduced by B. D. Lucas and T. Kanade. This method
minimizes a local energy and since it consists of more equations than unknowns, these equa-
tions are solved with a least squares method. While this method is easy to implement and
robust under noise [36], it only generates sparse flow fields, which may not be optimal in
many cases. For the global techniques, the most prominent method is the one introduced by
B. Horn and B. Schunk [37]. This method works as a variational approach, which computes
an optical flow field by minimizing a suitable global energy functional, consisting of not only
the data term but an additional smoothness term. This smoothness term penalizes deviations
from smoothness. While this method produces dense flow fields, it is not as robust to noise [36].
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2 Optical Flow

In recent years a different approach emerged from deep learning, providing even more
promising results than the classical approaches. End-to-end convolutional neural networks
(CNN) are trained on datasets to recognize patterns and estimate optical flow for a pair of
input frames. FlowNet [38] and its successor FlowNet2 [39] paved the way for such CNN
based optical flow estimations by generating promising results. One such CNN based method
for generating optical flow, called RAFT [1], is introduced in Section 2.5.

While CNN based optical flow estimations provide high-quality results, they have their draw-
backs as well. For a supervised neural network to recognize patterns to an extent that will
deliver good results, the network needs a large amount of training data with respective ground
truth optical flows. These ground truth optical flows however are hard to generate for most
real image sequences. Hence why most supervised CNN based methods train on synthetic
datasets, that include these sought-after ground truth flows. However, these synthetic datasets
often struggle to recreate the complexity of real-world imagery with its brightness variations,
shadows, blur, or noise. Thus, training on synthetic data can cause difficulties for creating an
optical flow for real-world sequences. To avoid this problem, an unsupervised approach for
optical flow estimation with neural networks was introduced in recent years [40, 41]. While
this approach evades the need for ground truth flows, many of these approaches don’t achieve
the same accuracy as supervised approaches.

So far the methods for generating optical flow were explained in terms of two input frames.
Sometimes it can be useful to use multiple input frames to overcome challenges such as
occlusion and disocclusion. ProFlow [2] is one such method that uses three input images
instead of just two. Its baseline version is discussed in Section 2.4.

2.3 Challenges for Optical Flow Estimation

Since optical flow aims to capture 3D motion in a 2D setting there are many challenges in
the generation of optical flow. Firstly, optical flow estimates a linear motion. While this may
be sufficient for small motions between frames, it can cause problems for larger nonlinear
motion. This problem and its effects on the resulting interpolation are further explained in
Section 3.6. Additionally, optical flow methods typically estimate the motion between two
consecutive frames without consideration of the motion after or before that. However, this
additional information might be useful in many cases. Occlusions and disocclusions play a
further role in the quality of the optical flow. In the case of occlusions in the second frame,
the question arises of how to determine where certain areas moved from the first frame to
the second, if this area is not visible anymore in the second frame. Analogously, in case an
area gets disoccluded in the second frame, meaning it becomes visible again, the question
is how it can be determined to which area this corresponds to in the first frame. Obtaining
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2.4 The ProFlow Baseline

the information of occluded and disoccluded areas can thus be highly beneficial. For this, a
method for generating occlusion maps is given in Section 3.7.

2.4 The ProFlow Baseline

To analyze how the quality of an optical flow influences the quality of the interpolation, we
need different optical flow estimation methods. The first method for generating optical flow
which is used in our conducted experiments is the baseline version of ProFlow [2]. Unlike most
methods which use two input frames, it uses three input frames t− 1, t, and t + 1. For this,
ProFlow generates the forward flow from frame t to frame t + 1 and the backward flow from
frame t to frame t− 1. Normally, ProFlow uses an unsupervised CNN embedded in a pipeline
approach to estimate optical flow. However, for the later shown experiments, only the baseline
version of ProFlow was used which omits a CNN based step and uses only the traditional
pipeline steps to generate an optical flow. Such a pipeline approach, as proposed by J. Revaud
et al. [42], consists of four main steps, (1) matching, (2) outlier filtering, (3) inpainting, and
(4) variational refinement. The results of each step can be seen in Figure 2.4. While step (2) is
performed analogously to the method used in [42], for steps (1), (3), and (4) ProFlow uses
more recent methods. In the following, each step is examined closer.

(1) Matching:
Starting with the first step, matching, ProFlow uses a coarse-to-fine PatchMatch approach
of Y. Hu et al. [43] to generate matches, which form an initial sparse flow. PatchMatch
algorithms find correspondences, so-called matches, between regions, or patches, of
images. The idea of a coarse-to-fine approach is to use resolution pyramids, starting at
the top level, which corresponds to the lowest resolution, to obtain satisfying results for
large motion. For this, the input images are downsampled with an appropriate factor. On
each level, a PatchMatch is performed iteratively based on an initial flow. The resulting
matches of each level then serve as the initial flow for the lower level. The resulting
initial flow field however consists of outliers that need to be removed.

(2) Outlier Filtering:
After generating these sparse flows in the first step, the second step performs outlier
filtering with a bi-directional consistency check. Such consistency checks check whether
following the forward flow from a starting position and then going back with the
backward flow results in the same starting position. This step is done analogously to the
outlier filtering performed in the original pipeline approach by J. Revaud et al. [42].

(3) Inpainting:
As this initial flow is only sparse, the third step consists of inpainting the matches in order
to obtain a dense flow field. This is performed with a robust interpolation technique [44],
introduced by Y. Hu et al. Here, the input image is over-segmented into superpixels and
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2 Optical Flow

Figure 2.4: Four steps of a pipeline. Image source: [42].

a flow model for each superpixel is estimated. The estimation of such models relies on
the matches of their neighbor superpixels.

(4) Variational Refinement:
Finally, in the last step, an order-adaptive illumination-aware refinement of D. Maurer et
al. [45] is performed to further refine the flow. For this, a variational energy functional
is minimized.

While this method for estimating optical flow delivers good results, it is not optimal for larger
motion and outlines of moving objects. New methods emerged in recent years which provide
better results for these problems. One of these new approaches is presented in the following.

2.5 Recurrent All-Pairs Field Transforms (RAFT)

The second method for optical flow estimation that is used in the experiments is the recently
introduced recurrent all-pairs field transforms (RAFT) [1], by Z. Teed and J. Deng. Unlike
the ProFlow baseline approach, RAFT uses a neural network to generate optical flow. Similar
to all supervised CNN based methods, RAFT needs datasets with ground truth flows to train
the network. The architecture of RAFT consists of three main parts, (1) a feature and context
encoder, (2) a correlation volume, and (3) an update operator. This architecture can be seen in
Figure 2.5. Each component is briefly discussed in the following:

(1) Feature and Context Encoder:
The feature encoder extracts 256 features from each pixel of both input frames which are
first downsampled to an 1

8 th resolution. The context encoder does the same, but with
only the first input frame.

(2) Correlation Volume
In the next step, 4D correlation volumes are calculated. A correlation volume consists of
the scalar product of all pairs of the feature vectors that were extracted in step (1). The
dimension of such a correlation volume is thus H×W×H×W, with H being the height of
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2.5 Recurrent All-Pairs Field Transforms (RAFT)

Figure 2.5: Architecture of RAFT, consisting of (1) a feature and context encoder, (2) 4D
correlation volumes, and (3) an update operator. Image source: [1].

the downsampled frames and W the width. Additionally, to a H×W×H×W correlation
volume, three more correlation volumes are calculated where the last two dimensions are
pooled with kernel sizes 2,4, and 8. This results in four correlation volumes with the first
volume having dimensions H×W×H×W, the second with H×W×H/2×W/2, the third
with H×W×H/4xW/4, and the fourth with H×W×H/8×W/8. These four correlation
volumes then form a 4D correlation volume. The different resolutions provide the benefit
of detecting the motion of small objects as well as coping with large displacement.

(3) Update Operator
The update operator uses a modified gated recurrent unit (GRU) [46] to iteratively
generate the flow. For this, the flow gets initialized at zero and for each iteration, the
update operator looks up values from the correlation volumes. This imitates the steps of
an iterative optimization-based approach.

Since the input images are downsampled to an 1
8 th resolution, the network generates an

optical flow with an 1
8 th resolution as well. For this, the optical flow has to be upsampled again

in the final step.

Generally, optical flows estimated with RAFT are more accurate than the ones generated
with the baseline version of ProFlow. A closer examination of this is given in the experiment
chapter. In order to evaluate which flow is more accurate, a metric is needed for the evaluation.
One such metric is introduced in the following section.
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2 Optical Flow

2.6 Error Metric for Optical Flow

Lastly, to establish whether an optical flow is accurate based on a given ground truth flow,
a suitable metric is needed. For this, there exist different approaches, such as the angular
error, bad pixel error, or endpoint error. In this thesis, only the endpoint error (EPE) is used
to determine the quality of an optical flow as it is the most intuitive. The endpoint error is
determined by the euclidean distance of each vector of the generated optical flow and the
ground truth flow. With (u, v)T being a displacement vector of the generated optical flow,
and (uGT , vGT )T a displacement vector of the ground truth flow, the EPE can be calculated as
follows:

EPE =
∥∥∥∥∥
(

u

v

)
−
(

uGT

vGT

)∥∥∥∥∥ =
√

(u− uGT )2 + (v − vGT )2. (2.2)

In order to obtain a singular value, we then average the EPE values of all vectors.

To give an initial idea of the results that RAFT and the ProFlow baseline produce, Figure 2.6
shows the optical flow for scene Alley 1 (a) of the Sintel dataset [5], generated with RAFT (d)
and the ProFlow baseline (c). In (b), the ground truth flow is also visualized for a better
comparison in terms of accuracy. The EPE for the RAFT optical flow is 0.118, and for the
ProFlow baseline the EPE is 0.127, thus RAFT has a better result. While the ProFlow baseline
optical flow seems to capture small details a little better, as can be seen in the hair area, the
outlines also tend to be less sharp as with RAFT. More details about these differences are
provided in Section 4.1 of the experiment chapter.
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Figure 2.6: Visualization of optical flows for scene Alley 1 (a) of the Sintel benchmark. With
the ground truth flow (b), optical flow generated with the ProFlow baseline with
EPE=0.127 (c), and RAFT optical flow with EPE=0.118 (d). Image source for (a):
[5].
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3 Interframe Interpolation

In this chapter, we go into detail about every step needed in order to perform an interframe
interpolation, as well as how to determine its resulting quality. Additionally, we also look at a
few challenges that one might need to consider when performing an interpolation.

The idea of motion-compensated interframe interpolation is to take the optical flow and
interpolate along the path of the flow field. A central concept of these interpolation methods is
the so-called image warping, which is introduced in Section 3.1. Image warping describes the
mapping of a position (x, y) in an image to a new position (x′, y′), via an arbitrary mapping
function. The color of each position (x, y) then gets put into the mapped position (x′, y′) which
results in a warped image. To make use of such image warping, the optical flow is then used as
a mapping function to warp either one or both input frames to a resulting interpolated frame.
In the latter case, the warped frames are then combined to form one resulting frame. How
this can be done, is explained in detail in Section 3.2, where the two interpolation methods,
called forward warping and forward forward warping are introduced. These methods serve
as a basis for the conducted experiments in Chapter 4. Besides these two methods, a brief
summary of additional methods is also given in the same section. These additional methods
are shortly examined in Chapter 4 as well. A problem that can occur during a mapping is
when pixels get mapped to interpixel positions. To deal with this, the notion of splatting
is introduced in Section 3.3. Here, different methods are introduced that describe which
color gets splatted on neighboring pixels of an interpixel position. However, this can lead to
cases where pixels get no color splatted to them. Such pixels are called holes. To deal with
such pixels, a method of inpainting is introduced in Section 3.4, which deals with filling in
such holes to obtain a complete image. In Section 3.5, we reiterate all needed steps of an
interpolation to summarize the discussed concepts. Following this, a brief introduction to
possible challenges that can occur in an interframe interpolation is given in Section 3.6. One
big challenge is dealing with occluded and disoccluded areas. To determine such areas, a
method called forward-backward consistency check can be used. How this method works is
explained in Section 3.7. Wrapping up this chapter, three different error metrics for determin-
ing the quality of a distorted image are explained in Section 3.8. These metrics include the
frequently used root mean square error (RMSE) and the structural similarity index measure
(SSIM), as well as a relatively new metric, called video multimethod assessment fusion (VMAF).
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3 Interframe Interpolation

3.1 Image Warping

The interframe interpolation methods that are used in the later shown experiments are all
based on a central concept called image warping. What image warping is, how it works and
how it can be combined with the optical flow to be used for an interpolation is introduced in
this section.

3.1.1 Introduction to Image Warping

Image warping describes the transformation of a source image to a reshaped, warped image by
mapping all positions (x, y) from the source image to new positions (x′, y′) in the destination
image. This mapping is performed via an arbitrary mapping function M:

M : R2 → R2, M(x, y)→ (x′, y′). (3.1)

There are two different approaches to image warping. One entails using the source image
Isource to map positions from this image to new positions. The information of the initial position
is then transferred, or forwarded, into the mapped position. This forwarding of information
creates a new, warped image Iwarped. Such an approach is called forward warping and can be
described as follows:

Iwarped(M(x, y)) = Isource(x, y). (3.2)

The Isource(x, y) refers to the information contained in position (x, y) of the source image
Isource. Analogously, Iwarped(M(x, y)) describes the color at the mapped position M(x, y) in
the warped image Iwarped. This concept is used in the later described interpolation methods,
Section 3.2.

Besides warping the image in a forward way, one can realize image warping in an inverse
way as well. For this, each position (x′, y′) in a warped image Iwarped would be mapped to
its corresponding position (x, y) in the original source image Isource via an inverse mapping
function M−1(x, y). In each position of the warped image, the information is sampled from the
corresponding position in the source image. Thus, the equation for such an inverse warping,
also called backward warping, reads as follows:

Iwarped(x, y) = Isource(M−1(x, y)). (3.3)

A forward warping can be seen in Figure 3.1 (a), where a position (x, y) gets mapped to a
position (x′, y′) via a mapping function M , to form a warped image. A backward warping
is shown in Figure 3.1 (b). Here, a position (x′, y′) in the warped image gets mapped to its
corresponding position (x, y) in the source image via the inverse mapping function M−1.
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3.1 Image Warping

Figure 3.1: (a) Forward warping via mapping function M . (b) Backward warping via inverse
mapping function M−1.

While the backward warping variant is not the basis for the two interpolation methods
shown in Section 3.2, it is worth mentioning since it is used for other possible interpolation
methods that are briefly discussed in Subsection 3.2.3. Additionally, a backward warping is
also used in the forward-backward consistency check, shown in Section 3.7.

Besides using image warping for interpolation methods, there have been many different
applications of image warping throughout the years. The core idea of image warping was used
as early as the late 1870s by F. Galton in his work "Composite Portraits, Made by Combining
Those of Many Different Persons into a Single Resultant Figure" [47]. Galton used image
warping to average images of different faces in order to form a ‘facial prototype’. Deriving
from this, other works emerged that used image warping to transform faces in an image to
different genders or ages [48]. Furthermore, D. W. Thompson used the idea of image warping
in his work [49], to visualize change in biological organisms. Among other things, his work
consisted of altering skulls of primates into human skulls and showing how bones are related
among different species. Another application of image warping can be for removing distortions
in images caused by a camera and its positioning [50, 51], or constructing high-resolution
images from low-resolution images [52]. Additionally, image warping can also be used to
create visually efficacious 3D environments as described in this work [53].

Depending on the choice of the mapping function M , one can achieve different transfor-
mations. The most common being scaling, rotation, and translation, or a combination of
either one of them. A rotation of an image turns the image around an axis. In scaling, the image
gets scaled to a different size by a scaling factor. Here, the mapping function M is defined
as a multiplication of x and y with a scaling factor. Either the same scaling factor is chosen
for x and y, describing a uniform scaling, or different factors are chosen, for a non-uniform
scaling. While these two are interesting concepts, the transformation that is important for
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3 Interframe Interpolation

Figure 3.2: Forward warping with optical flow as the mapping function.

the interpolation methods is a translation. For a translation, the mapping function can be
described as adding a position-dependent offset ∆x and ∆y to the x and y coordinate:

M(x, y)→ (x + ∆x, y + ∆y). (3.4)

3.1.2 Combining Optical Flow with Image Warping

To make use of this image warping concept, one can use the previously defined optical flow as
a mapping function M . For the interpolation we use a dense flow, which is defined for each
pixel. This means that the domain of the mapping function now changes from continuous to
discrete. Thus, Equation (3.1) gets adjusted with a discrete domain:

M : N2 → R2. (3.5)

M can now be defined as taking the displacement of each pixel from an image to its consecutive
image and adding it to that pixel. The displacement for each pixel (x, y) is described as the
displacement vector −→v (x, y), as described in Equation (2.1). The mapping function for a
translation, shown in Equation (3.4), can now be adapted with the horizontal displacement u

being the offset ∆x, and the vertical displacement v replacing the offset ∆y:

M(x, y) = (x + u, y + v). (3.6)

Figure 3.2 shows such a forward warping with the optical flow. The color in the source image
at pixel (x, y) gets forwarded to the position at (x, y) + −→v (x, y) in the warped image. Thus,
Equation (3.2) gets updated with this new mapping function:

Iwarped((x, y) +−→v (x, y)) = Isource(x, y). (3.7)
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3.2 Interpolation Methods

Figure 3.3: (a) Forward flow −−→v0,f describing the displacement from image I0 to image I1 and
(b) backward flow −→v1,b describing the displacement from image I1 to image I0.

How this concept can be used to interpolate a frame between two consecutive frames, is
explained in the following section.

3.2 Interpolation Methods

In the previous section, the notion of image warping, and how it can be combined with the
optical flow was already introduced. In this section, two specific interpolation methods that
apply image warping based on optical flow are presented. These methods were introduced
in the bachelor thesis of N. B. Senn [12], where they were compared to each other based on
the resulting images. Additionally, other possible methods, also introduced in [12] are briefly
discussed as well.

As illustrated in Figure 3.3, we define a given pair of images, image I0 and its consecu-
tive image I1. For these images, a forward flow is defined as the displacement vector −−→v0,f for
each pixel from image I0 to image I1, shown in (a). Additionally, a backward flow describes
the displacement from image I1 to image I0 via the displacement vector −→v1,b in each pixel,
shown in (b). Our desired interpolated image at the time t is denoted as image It.

3.2.1 Forward Warping

The first interpolation method that is utilized later on is called forward warping, analogous to
the forward warping concept described in Section 3.1. So far, this forward warping strategy
warped the first image along the trajectory of the optical flow which went from image I0 to
image I1, shown in Figure 3.4 (a). However, the goal of interpolation is to create an image
It inbetween image I0 and image I1 at the temporal distance t. For this, the flow has to be
adjusted, to go from image I0 to the desired interpolated image It. Thus, the displacement
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3 Interframe Interpolation

Figure 3.4: (a) Original forward flow −−→v0,f describing the displacement from image I0 to image
I1. (b) Shortened forward flow t · −−→v0,f describing the displacement from image I0
to image It, showcasing a forward warping interpolation.

of the forward flow has to be shortened. This is achieved by multiplying the forward flow
−−→v0,f with the distance t. Figure 3.4 (b) shows this adjustment of the original forward flow to
describe a displacement from image I0 to image It. The Equation (3.7), applied to a forward
warping interpolation, now reads as follows:

It((x, y) + t · −−→v0,f (x, y)) = I0(x, y). (3.8)

This describes that the color at pixel (x, y) in image I0 gets forwarded to the interpolated
image It at the position (x, y) + t · −−→v0,f (x, y).

Due to its simple nature, such an approach of generating interpolated images has been
applied in other works as well, such as in the work of S. Niklaus and F. Liu [54]. In their work,
an approach for dealing with the mapping of multiple pixels from the source image to the
same pixel in the interpolated image is introduced. This described challenge and the different
approaches to deal with it are also introduced in this thesis, in Section 3.3. Additionally,
forward warping an image can also be used to obtain information about occlusions. Y. Wang et
al. use forward warping in their work [41] to generate occlusion maps.

So far only image I0 was used to perform a warping. To make use of additional infor-
mation from image I1, such as brightness changes, one can also use the backward flow −→v1,b to
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3.2 Interpolation Methods

give forth this information to the interpolated image. The second interpolation method utilizes
this bidirectional idea.

3.2.2 Forward Forward Warping

Analogous to its name, the method forward forward warping, uses two separate forward
warpings, as described in Subsection 3.2.1, to generate two temporary interpolated images.
These images then get combined to a resulting interpolation image at the end. This approach
was introduced by N. B. Senn in his thesis [12] as well.

The first forward warping is done analogously to the one shown in Equation (3.8), in which
image I0 gets warped with the shortened forward flow t· −−→v0,f to generate an interpolated image
at temporal distance t. For this, we denote the resulting interpolated image as It,0. Applying
Equation (3.8) to this forward warping case yields the following:

It,0((x0, y0) + t · −−→v0,f (x0, y0)) = I0(x0, y0). (3.9)

The second forward warping is performed by taking the second image, I1, as a source and
forward warping it with the backward flow −→v1,b. Since the temporal distance between image
I1 and the desired interpolated image is 1− t, the backward flow −→v1,b has to be shortened to
reach that distance. Here, we denote the interpolated image as image It,1. Applying Equation
(3.8) to this second forward warping yields:

It,1((x1, y1) + (1− t) · −→v1,b(x1, y1)) = I1(x1, y1). (3.10)

Note that (x0, y0) stands for each pixel in the forward warping of image I0 and (x1, y1) stands
for each pixel in the forward warping of image I1. These two temporary interpolated images
It,0 and It,1 now have to be combined into one resulting interpolated image It. For this, the
color at each pixel in It becomes a weighted sum of the color at that pixel in It,0 and It,1. The
weight for the color in each pixel in It,0 is the distance 1− t, and the weight for the color in It,1
is t. This results in the following equation:

It(x, y) = (1− t) · It,0(x, y) + t · It,1(x, y). (3.11)

In Figure 3.5 such forward forward warping is illustrated. At the top, the two original flows,
the (a) forward flow −−→v0,f and (b) backward flow −→v1,b are displayed. The flows which are
shortened with the respective distance in order to reach the interpolated image It, are shown
at the bottom (c).
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3 Interframe Interpolation

Figure 3.5: (a) Original forward flow −−→v0,f describing the displacement from image I0 to image
I1. (b) Original backward flow −→v1,b describing the displacement from image I1 to
image I0 (c) Shortened forward and backward flow describing the displacement
from I0 to It and from I1 to It, showcasing a forward forward warping.

3.2.3 Other Methods

In his thesis, N. B. Senn [12] introduces several other methods for generating interpolated
images with an optical flow. Since most of our experiments were conducted with either a
forward warping or forward forward warping method, these are the ones that we focus on. The
other methods are used to give an overview of how each optical flow method performed with
each method. For this, the other methods are introduced shortly in the following. However, we
are not going into detail about them as we analyze them only briefly. Therefore, please refer to
[12] for further details and illustration of these other methods.

Forward Warping with a backward flow: The already introduced forward warping method
from Subsection 3.2.1 can be used analogously to the second forward warping performed in
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the forward forward warping method, Equation (3.10). Meaning, a forward warping with
source image I1 and backward flow −→v1,b.

Backward Warping: Analogous to a forward warping method, the backward warping concept
can be used as an interpolation method as well. This approach is called backward warping.
First, a forward warping is applied on the forward flow −−→v0,f to create a new flow, where the
starting position is the interpolated image It instead of image I0. A flow warping is performed
the same way as a normal image warping. Instead of forwarding a color to each pixel, the u

and v coordinates of the displacement vector are forwarded. Since the warped flow has the
same length as the original forward flow −−→v0,f , it is reaching too far. Consequently, it has to be
shortened to reach image I1. With this warped and shortened flow, a backward warping is
performed from image I1.

Backward Warping with a Backward Flow: Optionally one could also perform a back-
ward warping interpolation, with a warped backward flow −−→v0,f on image I0.

Backward Backward Warping: Analogous to the forward forward warping method, [12]
introduced a backward backward warping method as well. Here, the idea is to perform two
separate backward warpings that get combined to a resulting interpolated image. For the two
backward warpings, first, two flow forward warpings have to be performed on the forward
flow −−→v0,f and backward flow −→v1,b. This is done analogously to the flow warping in the backward
warping method. Then the warped flows get multiplied with the needed distance to reach
image I1, or I0. In the end, a backward warping of image I1 with the appropriately shortened
and warped backward flow is performed, as well as a backward warping of image I1 with its
appropriately shortened and warped forward flow. The resulting interpolated image It is then
described as a weighted sum of these two backward warpings, analogously to the forward
forward warping.

Symmetric Forward Warping: A symmetric forward warping is similar to a forward for-
ward warping, in that it performs two separate forward warpings that result in two temporary
interpolated images that are combined to one resulting image at the end. Unlike a forward
forward warping, however, a symmetric forward warping does not use the backward flow −→v1,b

in the second forward warping in Equation (3.10). Here, the forward flow −−→v0,f gets forward
warped to have its start in image I1, to imitate a forward flow −−→v1,f starting in I1 and reaching
a consecutive image I2. For this warped flow to then reach the interpolated image It, it has
to be shortened and mirrored. The rest of the method is performed the same as in a forward
forward warping.

Symmetric Forward Warping with a Backward Flow: Optionally one could also use a
warped backward flow −→v1,b for a symmetric forward warping instead. Analogously, here, the
warped backward flow −→v1,b would be shortened and mirrored for the usage in the first forward
warping, Equation (3.9). The rest would work the same as in a forward forward warping.
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Symmetric Backward Warping: Similarly, a symmetric backward warping also performs
two separate backward warpings, as is done in a backward backward warping. However,
instead of two flow forward warpings, here, only the forward flow −−→v0,f gets forward warped.
The backward warping with image I0 thus has to now use a mirrored warped forward flow in
order for the direction of the flow to reach the image I0. The rest of the method also stays the
same as in the backward backward warping approach.

Symmetric Backward Warping with a Backward Flow: Optionally, one could also use a
warped backward flow −→v1,b for a symmetric backward warping instead. In this case, the
backward warping with image I1 has to use a mirrored version of that warped backward flow.
The two backward warpings work the same, except here, the warped flow has to be shortened
differently for each backward warping.

Bidirectional Symmetric Backward Warping: A bidirectional symmetric backward warp-
ing performs 4 different backward warpings, two as in a symmetric backward warping method
with warped forward flow −−→v0,f and the other two as in a symmetric backward warping method
with warped backward flow −→v1,b. For this, forward warpings on both flows −−→v0,f and −→v1,b are per-
formed. The backward warpings are then averaged. The idea of such a bidirectional approach is
to have a more consistent method by eliminating an unintentional greater usage of one flow. In
case the forward flow or the backward flow is worse than the other, the results should not suffer.

Bidirectional Symmetric Forward Warping Lastly, a bidirectional symmetric forward flow
also combines the two symmetric forward warpings approaches, one with a warped forward
flow −−→v0,f and one with a warped backward flow −→v1,b. For this, the two flows are warped, and
four separate temporary interpolated images are created in four forward warpings. In the end,
these are also averaged to obtain a resulting image.

3.3 Splatting

As already briefly mentioned in Subsection 3.2.1, a problem that can occur in a forward
warping is when multiple pixels in the source image Isource get mapped to one single pixel.
How this can happen and what approaches can be used to deal with such a problem are
introduced in this section. The approaches that are explained in the following were also
discussed in [12].
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3.3 Splatting

Figure 3.6: Splatting problem: pixel (x, y) gets mapped to an interpixel position (x, y) +
−→v (x, y). On which neigboring pixel should the color be splatted?

3.3.1 Splatting Strategies

While using optical flow as a mapping function for a forward warping results in a discrete
domain, the range still remains continuous, as seen in Equation (3.5). This can cause a pixel
(x, y) in source image Isource to get mapped to an interpixel position. Meaning, position
(x, y) +−→v (x, y) in the warped image Iwarped can lie inbetween pixels. In this case, the question
arises which neighboring pixel of (x, y) +−→v (x, y) gets the color of (x, y) splatted on them. This
splatting problem is illustrated in Figure 3.6.

Each interpixel position can have a different amount of neighbors depending on its posi-
tion in the image, with four being the maximum and most common amount of neighbors.
For a position (x′, y′) = (x, y) + −→v (x, y) in a warped image Iwarped, we define N(x′, y′) as
the set of all neighboring pixels of (x′, y′). Further, we define D(x′, y′) ⊆ N(x′, y′) as the
set of neighboring pixels on which the color of (x, y) from Isource should be splatted on. For
a mapped position (x′, y′) = (x, y) + −→v (x, y) in image Iwarped, we define its four possible
neighbors (x1, y1), (x2, y2), (x3, y3), and (x4, y4) as follows:

(x1, y1) = (
⌊
x′⌋ ,

⌊
y′⌋), (x2, y2) = (

⌊
x′⌋+ 1,

⌊
y′⌋), (3.12)

(x3, y3) = (
⌊
x′⌋ ,

⌊
y′⌋+ 1), (x4, y4) = (

⌊
x′⌋+ 1,

⌊
y′⌋+ 1). (3.13)

Figure 3.7 (a) shows where each neighboring pixel lies in relation to position (x′, y′). Since
an interpixel position is rarely right in the middle of each neighboring pixel, it has a different
distance to its neighboring pixels. This is illustrated in Figure 3.7 (b), which also shows
additional weights wi for each neighboring pixel. This is relevant later on.

In the following, two strategies are presented that determine on which neighboring pixel
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Figure 3.7: (a) Neighboring pixels (x1, y1), (x2, y2), (x3, y3), and (x4, y4) for an interpixel
position, marked in blue. (b) Different distances with individual weight wi for
neighboring pixels.

should be splatted on: 1N and 4N.

1N / Nearest Neighbor
The first splatting strategy would be to splat only to one neighboring pixel (xi, yi). More
specifically, the one with the shortest euclidean distance to the position (x′, y′). In [12], this
strategy is often referred to as 1N, or nearest neighbor. Such a 1N strategy defines the set
D(x′, y′) as follows:

D(x′, y′) = {(xi, yi)| (xi, yi) ∈ N(x′, y′),
√

(xi − x′)2 + (yi − y′)2 is minimal}. (3.14)

To give an example of how this strategy works in a concrete case, we consider Figure 3.7 (b).
In this case pixel (x3, y3) would be colored according to the 1N strategy since this pixel has the
shortest distance to the mapped position. However, this strategy can lead to many holes in the
warped image. The concept of holes and how to avoid them is introduced in the next section.
To reduce the number of holes to be filled in, a second strategy, which splats on multiple
neighbors is better suited for this.

4N
The simplest strategy for reducing holes would be to simply splat on all neighboring pixels.
This is referred to as a 4N, for four neighbors. Although not all mapped interpixel positions
have four neighbors, this is the easiest way to name the strategy. A 4N strategy would thus
define the set D(x′, y′) as follows:

D(x′, y′) = {(xi, yi)| (xi, yi) ∈ N(x′, y′)}. (3.15)
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Figure 3.8: Two pixels (x, y) and (x̃, ỹ) get mapped to interpixel positions (x′, y′) and (x̃′, ỹ′),
which share a neighbor. This can lead to a collision if both pixels splat on their
shared neighbor.

3.3.2 Collision Strategies for Splatting

As mentioned at the beginning of this section, a problem that can occur in forward warping
is when multiple pixels get mapped to one single pixel. This can happen in case multiple
pixels get mapped to an interpixel position which share a neighboring pixel. Depending on
the splatting strategy both positions can now splat on this shared neighbor. This results in the
neighbor pixel getting multiple colors splatted on them. Thus, a collision ensues that has to be
dealt with.

To illustrate this with an example, we consider the case of two different pixels, (x, y) and
(x̃, ỹ). These pixels both get mapped to an interpixel position, as illustrated in Figure 3.8.
Let position (x′, y′) = (x, y) +−→v (x, y) be the mapped position of pixel (x, y), and let position
(x̃′, ỹ′) = (x̃, ỹ) +−→v (x̃, ỹ) be the mapped position of pixel (x̃, ỹ). We define pixel (x2, y2) as the
shared neighbor. A collision in pixel (x2, y2) can now occur in case both pixels (x, y) and (x̃, ỹ)
splat their color onto this shared neighbor. This can happen either when a 4N splatting strategy
or 1N splatting strategy is used. For the 1N strategy the euclidean distance of position (x′, y′)
to pixel (x2, y2) has to be the smallest out of N(x′, y′), and the euclidean distance of (x̃′, ỹ′) to
pixel (x2, y2) has to be the smallest out of N(x̃′, ỹ′) as well. To determine which color the pixel
(x2, y2) should adopt, three different strategies are presented. These are called uniform, weight,
and weight winner.

Each strategy defines individual weights wi for each neighbor (xi, yi) of an interpixel po-
sition. The first two strategies, uniform and weight, then assign a color to a pixel with a
collision according to Algorithm 3.1. Strategy weight winner assigns a color according to
Algorithm 3.2. However, before introducing these algorithms, we first examine how each
strategy defines the weights wi.
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Uniform
The first strategy, called uniform, aims to adopt the sum of all colors that get splatted on a
pixel. Thus, the weights are uniformly distributed on all neighbors. For this, all weights wi of
neighboring pixels (xi, yi) of an interpixel position (x′, y′) equal 1:

wi = 1, ∀(xi, yi) ∈ D(x′, y′). (3.16)

Weight
The second strategy, called weight, uses a bilinear interpolation for defining the weights. The
larger this distance the smaller the weight. It defines the weights wi of neighboring pixels
(xi, yi) based on their distance to the interpixel position (x′, y′). Let (x1, y1), (x2, y2), (x3, y3),
and (x4, y4) be the neighboring pixels of an interpixel position (x′, y′). For ϵx = x′ − ⌊x′⌋ and
ϵy = y′ − ⌊y′⌋, we define the weights wi as follows:

w1 = (1− ϵx) · (1− ϵy), w2 = ϵx · (1− ϵy), (3.17)

w3 = (1− ϵx) · ϵy, w4 = ϵx · ϵy. (3.18)

Algorithm 3.1, describes how a warped image Iwarped is generated by using either a uniform or
weight strategy. As an input the algorithm gets the source image Isource and the optical flow −→v ,
which describes the displacement of Isource to the destination image Iwarped. Note that in this
pseudo code algorithm the images are represented as only two-dimensional arrays. In practice,
the arrays representing the images would have to be three-dimensional in order to store the
RGB value. However, for simplicity reasons we define a color as just a one-dimensional value in
this algorithm. Meaning for example the color in pixel (x, y) in image Isource would correspond
to Isource[x][y]. The algorithm then generates a warped image Iwarped by iterating through all
pixels in the source image Isource and mapping them to a new position with the optical flow
as a mapping function. For each of these positions, the set D is then determined according
to either a 1N or 4N strategy. Further, each position defines their individual weights wi for
each of the neighboring pixels contained in D. The color of each pixel (xi, yi) in Iwarped is
then calculated as the sum of all colors that get splatted on this pixel and multiplied with the
respective weight wi specified for (xi, yi). These weights are all stored in the array W . This
sum then gets divided by the sum of all weights specified for pixel (xi, yi). In case the sum of
weights specified for a pixel (xi, yi) equals zero, then Iwarped(xi, yi) gets no color assigned and
is thus a hole that has to be inpainted.

Weight Winner
The third strategy is called weight winner and it defines the weights wi the same as the strategy
weight does, shown in Equations (3.17), (3.18). The difference here is that the color in a pixel
(xi, yi) in image Iwarped is not described as a weighted and normalized sum of all colors that
get splatted on it. In a weight winner strategy, the pixel (xi, yi) gets the color of only one
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Algorithm 3.1 Algorithm for Generating a Warped Image with Uniform or Weight Splatting
procedure GENERATEWARPEDIMAGE(Isource,−→v )

initialize empty array Iwarped

initialize empty array W // An array to save the sum of weights wi for pixel (xi, yi)
for all (x, y) in Isource do

(x′, y′)← (x, y) +−→v (x, y)
determine D(x′, y′) // either 1N or 4N
for all (xi, yi) ∈ D(x′, y′) do

calculate(wi, (x′, y′)) // calculate weight wi of pixel (xi, yi) for position (x′, y′)
with either uniform or weight strategy

Iwarped[xi][yi]←Iwarped[xi][yi] + wi · Isource[x][y]
W [xi][yi]←W [xi][yi] + wi

end for
end for
for all (xi, yi) in Iwarped do

if W [xi][yi] > 0 then
Iwarped[xi][yi]← Iwarped[xi][yi]/W [xi][yi]

else
Iwarped[xi][yi] is a hole

end if
end for
return Iwarped

end procedure

pixel, namely the pixel that defines the largest weight wi. Thus, the winner of all weights
gets chosen. Algorithm 3.2 describes how an image Iwarped gets created with the usage of
a weight winner strategy. The red part showcases what changed to the previous algorithm,
Algorithm 3.1. Analogous to the previous algorithm, every pixel in the source image Isource is
mapped to a new position and the set D is defined for each position corresponding to a 1N
or 4N strategy. Each pixel in Iwarped then gets the color of the pixel that is a weight winner
assigned to it. Analogous to the uniform and weight strategy, if the sum of all weights for a
pixel equals zero then Iwarped has a hole in this pixel.

To illustrate the introduced strategies, let us apply each collision strategy to the example
in Figure 3.8. For this, let us assume that both pixels splat on their shared neighboring pixel,
(x2, y2). Further let w2 be the weight that position (x′, y′) defines for (x2, y2), and let w̃2 be the
weight that position (x̃′, ỹ′) defines for (x2, y2).
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Algorithm 3.2 Algorithm for Generating a Warped Image with Weight Winner Splatting
procedure GENERATEWARPEDIMAGEWEIGHTWINNER(Isource,−→v )

initialize empty array Iwarped

initialize empty array W // An array to save the sum of weights wi for pixel (xi, yi)
for all (x, y) in Isource do

(x′, y′)← (x, y) +−→v (x, y)
determine(D(x′, y′)) // either 1N or 4N
for all (xi, yi) ∈ D(x′, y′) do

calculate(wi, (x′, y′)) // calculate weight wi of pixel (xi, yi) for position (x′, y′)
with weight winner strategy

if wi > W [xi][yi] then
Iwarped[xi][yi]← Isource[x][y]
W [xi][yi]← wi

end if
end for

end for
for all (xi, yi) in Iwarped do

if W [xi][yi] == 0 then
Iwarped[xi][yi] is a hole

end if
end for
return Iwarped

end procedure

Figure 3.9: Strategies (a) uniform, (b) weight and (c) weight winner applied to the example
collision of Figure 3.8.
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In case of a uniform collision strategy, all weights would equal one, w2 = w̃2 = 1 and
thus the color in pixel (x2, y2) in the warped image would be calculated as follows:

Iwarped(x2, y2) = Isource(x, y) + Isource(x̃, ỹ)
2

Figure 3.9 (a) shows what color the pixel (x2, y2) would adopt according to a uniform strategy.
Since both weights equal 1, the RGB values of Pixel (x, y) and (x̃, ỹ) would be added and
divided by 2.

For a weight strategy, w2 and w̃2 would be calculated according to Equation (3.17). Pixel
(x2, y2) in Iwarped would then be calculated as follows:

Iwarped(x2, y2) = w2 · Isource(x, y) + w̃2 · Isource(x̃, ỹ)
w2 + w̃2

Figure 3.9 (b) shows how an example of a weight strategy applied to the example of Figure 3.8
could look like. In this example, the w2 is bigger than w̃2, hence why the blue color of pixel
(x, y) is more prominent in the resulting color.

For the last strategy, weight winner, the color at Iwarped equals:

Iwarped(x2, y2) =

Isource(x, y), if w2 > w̃2

Isource(x̃, ỹ), if w2 < w̃2

In case both weights are the same, then the color of the pixel which is the first in the iteration
is chosen. Figure 3.9 (c) shows how a weight winner strategy applied to the example of
Figure 3.8 would look like in case w2 > w̃2. Since w2 is larger, the color in pixel (x, y) gets
splatted on pixel (x2, y2).

From these two different splatting strategies and three different collision strategies, one
can combine each splatting and collision strategy, which results in six different cases. Each of
these combinations was used for the conducted experiments in Chapter 4.

Analogous to the splatting problem, backward warping can have a similar problem. Here, a
problem can occur when a pixel in the warped image gets mapped to an interpixel position
in the source image. In this case, the question is, from which neighboring pixels the color
should be sampled. For this, there are strategies that work similarly to the ones introduced
for splatting. Here, individual weights wi for each neighboring pixel are defined as well. One
can sample from either one neighbor (1N), namely the nearest, or from all neighbors (4N).
For the latter, one can either take the average of all neighboring colors or use the weights wi

for a normalized and weighted sum of the neighboring colors. In this case, the weights wi are
defined analogously to Equations (3.17), (3.18). For the later conducted experiments, only
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the sampling strategy called 4N weight was used. However, since this thesis focuses on the
interpolation methods forward warping and forward forward warping, the concept of sampling
is not explained in full detail. For a more elaborate explanation, please refer to [12].

3.4 Inpainting

In the last section it was already mentioned that in case no color is splatted on a pixel in a
warped image, this pixel then remains a hole that has to be filled with a color. Filling such
holes is referred to as inpainting. There are many approaches to inpaint empty regions in
an image, ranging from a synthesis based approach [55, 56] of copying existing pixels into
holes, or approaches where the color from neighboring pixels is propagated, or diffused into
the holes [57, 58]. One example of the latter diffusion based approach is explained in this
section. Diffusion based inpainting methods are based on partial differential equations (PDEs)
to compute an inpainted image u. Typically, the Laplace equation is chosen for this [59].
Additionally, different boundary conditions are defined, usually in the form of Dirichlet and
Neumann boundary conditions. Since images are of a discrete form, the underlying PDE then
has to be discretized. For this, an approximation is defined for the PDE, which is then solved by
an iterative method such as the Gauß-Seidel method. In the following, an isotropic diffusion
based inpainting approach is explained, which works analogously to the reduced formulation
introduced by M. Mainberger et al. in their work [60].

For a continuous image f with domain Ω, we define ΩK as the pixels of the image f that
contain a color, and Ω \ΩK = ΩE as empty pixels of the image. The goal is to now fill each
pixel in domain ΩE with a color to obtain a resulting inpainted image u. Such an inpainted
image u is computed by solving the Laplace equation:

∆u(x, y) = 0, ∀(x, y) ∈ ΩE . (3.19)

Here, ∆ denotes the Laplace operator. To ensure that a diffusion is only applied to regions that
do not contain any color, the following Dirichlet boundary condition is defined:

u(x, y) = f(x, y), ∀(x, y) ∈ ΩK . (3.20)

Lastly, for ∂Ω being the image boundary, a Neumann boundary condition on the derivative in
outer normal direction ∂nu is defined:

∂nu(x, y) = −→n · ∇u(x, y) = 0, ∀(x, y) ∈ ∂Ω. (3.21)

Here, ∇u(x, y) represents the gradient vector of u(x, y).
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As already mentioned, the PDE has to be discretized . For each pixel (i, j) ∈ ΩE the following
approximation for Equation (3.19) is defined as follows:

0 =
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂)− u(i, j)
h2 +

∑
(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂)− u(i, j)
h2 . (3.22)

Here, h = (hx, hy)T is the grid spacing in x and y direction. Furthermore, NΩE stands for all
neighbors that are holes, and NΩK describes all neighbors that already have a color. Depending
on the position, a pixel can have either one neighbor in case of a corner, three neighbors in case
of an edge, or four in the rest of the cases. Since this equation holds for every pixel (i, j) ∈ ΩE ,
it is apparent that there are |ΩE | many of these equation. By assuming h = 1, Equation (3.22)
now yields:

0 =
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂)− u(i, j) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂)− u(i, j)

=
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂)−
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(i, j) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂)−
∑

(ı̂,ȷ̂)∈NΩK (i,j)

u(i, j).

(3.23)

This can now be simplified as follows:

∑
(ı̂,ȷ̂)∈NΩE (i,j)

u(i, j) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

u(i, j) =
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂) (3.24)

∑
(ı̂,ȷ̂)∈NΩ(i,j)

u(i, j) =
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂) (3.25)

|NΩ(i, j)| · u(i, j) =
∑

(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂) (3.26)

u(i, j) = 1
|NΩ(i, j)| ·

∑
(ı̂,ȷ̂)∈NΩE (i,j)

u(̂ı, ȷ̂) +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂).

(3.27)

First we move the sums over u(i, j) to the left hand side of the Equation (3.23). This results
in Equation (3.24). Adding all neighbors with a color and all neighbors that are holes of a
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pixel corresponds to the sum of all neighbors of this pixel. Meaning the union of NΩK (i, j) and
NΩE (i, j) corresponds to the set of all neighbors, NΩ(i, j). This is done in Equation (3.25).
Furthermore, we shorten the sum over all elements in NΩ(i, j) to multiplying u(i, j) with
|NΩ(i, j)| in Equation (3.26). Lastly, we divide the right hand side with |NΩ(i, j)| in Equation
(3.27) and we obtain an approximation for pixel (i, j).

Applying a Gauß-Seidel method to Equation (3.27) results in the following equation that can
be iteratively solved:

u(i, j)GS
k+1 = 1

|NΩ(i, j)| ·
∑

(ı̂,ȷ̂)∈N−ΩE (i,j)

u(̂ı, ȷ̂)k+1 +
∑

(ı̂,ȷ̂)∈N+ΩE (i,j)

u(̂ı, ȷ̂)k +
∑

(ı̂,ȷ̂)∈NΩK (i,j)

f (̂ı, ȷ̂).

(3.28)

Here, N−
ΩE denotes the neighbors whose values have already been calculated in the current

iteration, and N+
ΩE denotes the neighbors whose values still have to be computed in the

current iteration.

To accelerate the computation, a successive over-relaxation (SOR) is applied on top of the
Gauß-Seidel solver. With a predefined relaxation parameter ω = 1.95 the following equation
holds for applying a SOR:

u(i, j)(k+1) = u(i, j)k · 1.95 · (u(i, j)GS
(k+1) − u(i, j)k). (3.29)

As previously investigated in [12], a valid result is already achieved with 250 iterations.

3.5 All Steps of a Complete Interpolation Procedure

To summarize what was introduced in terms of creating an interpolated image, we first apply
one of the interpolation methods introduced in Section 3.2 which is based on image warping,
shown in Section 3.1. To deal with a conflicting mapping in a pixel we apply a splatting
strategy as described in Section 3.3. For this, one of the six possible strategies (1N uniform, 1N
weight, 1N weight winner, 4N uniform, 4N weight, 4N weight winner) is chosen. Since such
splatting can leave holes in the image, a final inpainting is applied, as described in Section 3.4.
Algorithm 3.3 showcases the steps of a complete forward warping interpolation method. First,
a normal forward warping is performed on image I0 with forward flow t · −−→v0,f with a chosen
splatting strategy. This results in an interpolated image containing holes, which are then
inpainted in the last step, yielding a resulting image It.

With image I0, image I1, forward flow −−→v0,f and backward flow −→v1,b as an input, the steps of
a complete forward forward warping method are shown in Algorithm 3.4. First, a forward
warping is performed on image I0 with forward flow t · −−→v0,f and a chosen splatting strategy.
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Algorithm 3.3 Complete Forward Warping Interpolation Method

Input: image I0, forward flow −−→v0,f

forward warping of image I0 with forward flow t · −−→v0,f and a chosen splatting strategy

inpainting of holes

return interpolated image It

This results in a temporary interpolated image I0,t. Then a forward warping on image I1
with backward flow (1 − t) · −→v1,b and a chosen splatting strategy is performed, resulting in
image I1,t. Afterwards the two images I0,t and I1,t are combined as a weighted sum into the
resulting image It. This image still contains holes, which get inpainted in a last step, yielding
an inpainted image It.

Algorithm 3.4 Complete Forward Forward Warping Interpolation Method

Input: image I0, image I1, forward flow −−→v0,f , backward flow −→v1,b

forward warping of image I0 with forward flow t · −−→v0,f and a chosen splatting strategy,
resulting in temporary image I0,t

forward warping of image I1 with backward flow (1− t) · −→v1,b and a chosen splatting strategy,
resulting in temporary image I1,t

combining I0,t and I1,t

inpainting of holes

return interpolated image It

3.6 Challenges to Interframe Interpolation

While interframe interpolation provides promising results for small motions, many factors can
decrease the quality of the interpolated image. Most interpolation methods assume a linear
motion between frames. However, objects in the real world typically don’t move in a linear
way. In case of a big temporal difference or large motion between two consecutive frames,
this motion cannot be estimated linearly. Figure 3.10 showcases this problem, where a ball is
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Figure 3.10: Non-linear motion depicted in interpolation results.

being thrown in a non-linear motion. Image I0 captures the ball at the beginning of the throw
and image I1 captures the end of the throw. In between these images, the ball moves up in a
parabola motion. However, since most interframe interpolations assume a linear motion, the
interpolated image It does not capture the correct position of the throw in-between the images.
To correctly depict the motion of the ball in the interpolated image, the images would need to
be captured closer together in time, or a non-linear interpolation method [61] is needed. While
such non-linear interpolation methods are an interesting topic by themselves, they are outside
the scope of this thesis. Additionally, occluded and disoccluded areas can be a challenge as
well. This problem was already discussed in Section 2.3. In the following section, an approach
for detecting occluded and disoccluded areas called forward-backward consistency check is
given.

3.7 Forward-Backward Consistency Check

Determining which objects or parts of objects disappear in the consecutive frame can be benefi-
cial in the process of interpolation. This information can be represented in terms of occlusion
maps. Occlusion maps give information about each pixel whether it is occluded in the next
frame or not. To obtain such occlusion maps an algorithm called forward-backward consistency
check can be used. The forward-backward consistency check is based on a forward-backward
consistency assumption [62]. The idea is that if we follow the path of a forward flow and then
follow back the path of the backward flow we should arrive at the same position. Figure 3.11
showcases this idea. Here, we first follow the trajectory of the forward flow, denoted as −→v0 ,
from a starting position in image I0. This leads to a new position in image I1. From this
new position, we then go back with the backward flow, here denoted as −→v1 , to see if the
starting position in I0 is reached again. In case the starting position is not reached again, the

44



3.7 Forward-Backward Consistency Check

Figure 3.11: Idea of a forward-backward consistency check. First, we follow the path of the
forward flow −→v0 and then go back with backward flow −→v1 to see whether we
reach the same starting position in I0.

flows are not consistent and thus an occlusion can be present. Meaning that the object at
the aforementioned starting position might be occluded in image I1. For a disoccluded area,
the idea is the same, except here, we use starting points in image I1. Hence, we first follow
the path of the backward flow −→v1 and then use the forward flow −→v0 to reach image I1 again.
Here, an inconsistency means that objects in the starting position become visible again, or
disoccluded in I1.

Algorithm 3.5 describes the implementation of such a forward-backward consistency check.
For this, we define the forward flow −→v0 for a pixel (i, j), ranging from image I0 to image I1 as
the following:

−→v0(i, j) =
(

u0i,j

v0i,j

)
Analogously, the backward flow −→v1 for pixel (i, j), ranging from image I1 to image I0 is denoted
as follows:

−→v1(i, j) =
(

u1i,j

v1i,j

)

In the first step, a backward warping is performed on the backward flow −→v1 with the forward
flow −→v0 . This results in a new warped flow −→vw, which is defined for a pixel (i, j) as follows:

−→vw(i, j) =
(

uwi,j

vwi,j

)

For each pixel in image I0 we then add the squared sum of the horizontal components to
the squared sum of the vertical components of the flow −→v0 and −→vw. In the end, we square
root this sum. The result for each pixel (i, j) is then stored in the array Result. Since an
optical flow estimation is rarely accurate, we allow a small deviation. For this, we define a
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threshold T . An inconsistency is then seen only if this threshold is exceeded. In a resulting
array OcclusionMap we then store for each pixel whether the forward-backward check result
exceeded this threshold or not. If the threshold is exceeded we define it as an inconsistency.
Typically, to visualize such an occlusion map, the inconsistent pixels are assigned a white color
and the consistent pixels are colored black. An occlusion map for the scene Temple 2 of the
Sintel benchmark [5] can be seen in Figure 3.12 (d). In the scene, the wing of the dragon
moves up in the second frame, Figure 3.12 (c), thus this area is occluded in the second frame.
This corresponding area is thus marked white in the occlusion map.

Algorithm 3.5 Forward-Backward Consistency Check Generating Occlusion Maps

Input: forward flow −→v0 , backward flow −→v1 , threshold T , image I0

initialize empty array Results // stores for each pixel the result value of the
forward-backward check

initialize array OcclusionMap // stores for each pixel if we have a consistency

−→vw(x, y) = −→v1((x, y) +−→v0(x, y)) // backward warping of backward flow −→v1 with the forward
flow −→v0 , resulting in a new warped flow −→vw

for all pixel (i, y) in image I0 do
Results[i][j] =

√
(u0i,j + uwi,j )2 + (v0i,j + vwi,j )2

if Results[i][j] > T then
OcclusionMap[i][j] = inconsistent

else
OcclusionMap[i][j] = consistent

end if

end for

return OcclusionMap

Analogously, we can also generate a disocclusion map with Algorithm 3.5. For this, we would
use image I1 as a starting point. The calculation would be the same, except here, we would
swap the forward and backward flow. Meaning the forward flow −→v0 would be backward warped
with the backward flow −→v1 instead. Algorithm 3.6 shows this modified version of Algorithm 3.5.
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The resulting disocclusion map can be seen in Figure 3.12 (b). Here, part of the wing in the
first frame, shown in Figure 3.12 (a), is occluding an area that becomes visible again in the
second frame, shown in 3.12 (c). Thus, this area is marked white.

Algorithm 3.6 Modified Forward-Backward Consistency Check Generating Disocclusion Maps

Input: forward flow −→v0 , backward flow −→v1 , threshold T , image I1

initialize empty array Results // stores for each pixel the result value of the
forward-backward check

initialize array DisocclusionMap // stores for each pixel if we have a consistency

−→vw(x, y) = −→v0((x, y) +−→v1(x, y)) // backward warping of forward flow −→v0 with the backward
flow −→v1 , resulting in a new warped flow −→vw

for all pixel (i, y) in image I1 do
Results[i][j] =

√
(u1i,j + uwi,j )2 + (v1i,j + vwi,j )2

if Results[i][j] > T then
DisocclusionMap[i][j] = inconsistent

else
DisocclusionMap [i][j] = consistent

end if

end for

return DisocclusionMap

Such forward-backward consistency check was used to generate occlusion and disocclusion
maps which are relevant for the experiments in Chapter 4.

3.8 Error Metrics

In order to be able to compare the results of interpolation methods, one has to be able to
determine the quality of an interpolated image with the help of an appropriate metric. For this,
three different metrics are introduced in this section.
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Figure 3.12: First frame I0 (a) and second frame I1 (c) of the Temple 2 scene of the Sintel
benchmark [5], and the occlusion map (d) and disocclusion map (b) for this
scene.

3.8.1 RMSE

The first metric is called the root mean square error (RMSE). It is the squared version of the
frequently used metric mean square error (MSE) and belongs to the category of full-reference
image quality metrics (IQM). Full-reference metrics measure a distorted image based on an
original undistorted image [63]. As the name suggests, the RMSE measures the square root of
the mean of a squared per-pixel color difference between the distorted and reference image.
For a distorted image I with height H and width W , and its ground truth reference image IGT ,
the RMSE can be calculated as follows:

RMSE =

√√√√ 1
WH

·
W −1∑
x=0

H−1∑
y=0

(I(x, y)− IGT (x, y))2. (3.30)

While this metric is simple and straightforward, it is not always a preferred metric. In many
cases, the RMSE fails to fully reflect the perceived quality of an image, as it only measures the

48



3.8 Error Metrics

Figure 3.13: Two differently distorted images with the same RMSE and different SSIM. Orig-
inal undistorted image (a), distorted image with RMSE = 14.491, SSIM =
0.9168 (b), distorted image with RMSE = 14.491, SSIM = 0.6949 (c). Image
source: [64].

absolute error. Figure 3.13 shows an example of two differently distorted images that have
the same RMSE. Even though both distorted images have the same quality according to the
RMSE, comparing both distorted images to the original image (a), it is apparent that image (b)
is visually much better than the image (c). For cases like these, a different metric is needed
to better capture human perception in image quality assessment. The second metric aims to
achieve this.

3.8.2 SSIM

The second metric, structural similarity index measure (SSIM), was introduced by Z. Wang et
al. [64] As already mentioned, it aims to solve the problem of not capturing perceived quality,
as is the case with metrics such as the RMSE.

The human visual system is very complex and errors in images are not always perceived
the same way. For example artifacts in high contrast regions or areas with more texture
are much less visible to the human eye than artifacts in a low contrast environment. This
phenomenon is called contrast masking. Another phenomenon is luminance masking, where
artifacts are less visible in brighter areas. Thus, the quality of an image depends on different
characteristics of the underlying errors. To reflect these phenomena, a metric has to consider
these different aspects. The SSIM aims to do just that by viewing the distortion of an image
as a perceived change in structural information with the consideration of luminance and
contrast masking. The structure of objects in a scene is independent of luminance and contrast,
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hence why the SSIM measures the structure, luminance, and contrast separately. Similar to
the RMSE, SSIM is also a full-reference metric. In contrast to the RMSE however, here, a
higher SSIM value indicates better quality. SSIM values range from −1 to 1. Additionally, the
SSIM does not consider a pixel-wise difference between a distorted and reference image, but
rather a difference of multiple patches. The underlying idea is that spatially close pixels have
interdependencies. For a patch x in the distorted image I and the corresponding patch y in the
ground truth image IGT , the luminance, structure and contrast are defined as follows:

l(x, y) = 2µxµy + C1
µx

2µy
2 + C1

(3.31)

c(x, y) = 2σxσy + C2
σx

2σy
2 + C2

(3.32)

s(x, y) = σxy + C3
σxσy + C3

. (3.33)

Equation (3.31) describes the luminance comparison l(x, y), Equation (3.32) the contrast
comparison c(x, y), and Equation (3.33) the structure comparison s(x, y) of a distorted image
I and its ground truth image IGT . Furthermore, µx describes the average of x and µy the
average of y, σx is the standard deviation of x, σy the standard deviation of y, σ2

x is the variance
of x, σ2

y is the variance of y, and σxy the covariance. Constants C1, C2 and C3 are added for
stability and can be calculated according to Equation (3.32). Here, L stands for the dynamic
range of pixel values, and K1 ≪ 1 and K2 ≪ 1 are small constants.

C1 = (K1L)2, C2 = (K2L)2, C3 = C2
2 . (3.34)

From the luminance, contrast and structure difference, the SSIM of (x, y) is then determined
as follows:

SSIM(x, y) = [l(x, y)]α · [c(x, y)]β · [s(x, y)]γ . (3.35)

Usually, α = β = γ = 1 is set to simplify the expression. Applying this to Equation (3.35)
would yield the following:

SSIM(x, y) = (2µxµy + C1)(2σxy + C2)
(µx

2 + µy
2 + C1)(σx

2 + σy
2 + C2) . (3.36)
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Finally, to get one SSIM value for the entire image, the average of all SSIM values of all (N)
patches is taken:

SSIM(I, IGT ) =
∑

x∈I,y∈IGT

SSIM(x, y)
N

. (3.37)

Going back to the example in Figure 3.13, the SSIM for image (b) is 0.9168 and the SSIM for
image (c) equals 0.6949. Meaning according to the SSIM, image (b) is much better. Thus, for
this example, the SSIM metric captures the perceived quality more correctly than the RMSE.

3.8.3 VMAF: Video Multimethod Assessment Fusion

A fairly new metric to assess the perceptual visual quality in videos has been introduced by
Netflix in 2016 [65]. This metric, called video multimethod assessment fusion, short VMAF,
promises better results for estimating video quality than traditional metrics, such as the peak
signal-to-noise ratio (PSNR) or the structural similarity index measure (SSIM). The idea behind
VMAF is to fuse together several image quality metrics with a machine learning approach.
Similarly, to the other metrics, VMAF compares a distorted video to an undistorted reference
video.

Figure 3.14 shows the basic composition of a VMAF framework. The first part of the framework
consists of human visual system modeling. For this, different spatial and temporal feature
metrics are extracted from each frame. The spatial metrics include the visual information
fidelity (VIF), which describes information fidelity loss, and a detail loss metric (dLM), which
measures the loss of details. A temporal feature metric describes the motion taking place
in the video. The second part of the framework implements a machine learning approach.
Here, lab-based subjective scores on a variety of representative video distortion examples are
collected. For this, test subjects rate different videos on an absolute category rating (ACR)
scale, consisting of bad, poor, fair, good and excellent. These scores defined by test subjects are
then linearly mapped to VMAF scores, in which bad corresponds to 20, poor to 40, fair to 60,
good to 80 and excellent to 100. Thus, the higher the VMAF score, the better the quality of the
underlying video. Then VMAF trains models to predict the scores a human would give to a
distorted video. Support vector machines (SVM) regression is then used to fuse together the
different metrics and align them with the collected scores. Since VMAF defines a score for each
video frame, these per-frame scores are then summarized in a temporal pooling, usually with
an arithmetic mean, to assign one score for an entire video.
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Figure 3.14: VMAF framework. Image source: [66].
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The main question of this thesis is how the quality of an optical flow influences the interpola-
tion. Intuitively, one would assume that the better a flow estimation is, the better the resulting
interpolated images are. To test this, we perform several interpolation experiments with a
RAFT and ProFlow baseline flow and compare what influence each flow has on the interpolated
images. Additionally, we make use of the ground truth flows to obtain an oracle that tells us
how ’good’ an interpolation can get when the most accurate flow is used. For these experiments,
we compare how the different interpolation methods, discussed in Section 3.2, perform based
on which optical flow is used. Here, the focus lies on the forward warping and forward forward
warping method, since a forward warping method enables a quick computation and a forward
forward warping yields better results.

Starting off the experiments, we compare which areas are captured better with a RAFT
flow than a ProFlow baseline flow in Section 4.1. Following this, we then examine the inter-
polation results. A general overview on which optical flow yields better interpolation results
is given in Section 4.2. Here, we consider all interpolation methods mentioned in Subsec-
tion 3.2.3. For evaluating the results, the metrics SSIM, shown in Subsection 3.8.2 and RMSE,
shown in Subsection 3.8.1, are used, with the focus being on SSIM. Afterwards, more detailed
results of a forward warping and forward forward warping method are provided to give more
context. In Section 4.3, we go further and investigate which areas of the resulting images are
erroneous and whether they correspond to the shown optical flow results. Here, we calculate
the SSIM for each pixel separately and compare the results. Furthermore, an investigation on
the used error metrics is performed as well. This leads to the evaluation of the results using
a third metric, the VMAF, introduced in Section 3.8.3. Concluding the examination of the
resulting images, we compare the main differences between the interpolated images generated
with a RAFT and ProFlow baseline flow. To gain more insight as to how good the results of
an interpolation can get, we use the ground truth flows provided for the Sintel dataset for
the interpolation. This is done in the form of an oracle experiment in Section 4.4. Here, the
results of a forward warping and forward forward warping are presented. Concluding the
experiments, in Section 4.5 we examine the main problems that occur in an interpolation
using a ground truth flow. To investigate what the cause of these problems can be, we test
various approaches, such as using a Gaussian filter on the flow, leaving out the inpainting step,
or making use of disocclusion maps. In a final summary in Section 4.6, we recapitulate the
results and information gathered throughout this chapter and highlight the main points. To
save space, the flows estimated with the baseline of ProFlow are referred to as only ProFlow in
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the tables throughout this chapter.

For the implementation of the interpolation methods, the code provided by N.B.Senn was
used. Additionally, for calculating the RMSE, the code of N. B. Senn was used as well. To
calculate the SSIM, the scikit-image library [67] in Python was utilized. The RAFT optical
flows were generated with the code available on Github and provided by Z. Teed et al. The
ProFlow baseline flows were provided for this thesis and generated as described in [2].

In the following experiments, three different benchmarks are used. From these benchmarks,
five or seven different scenes were chosen, each containing three consecutive frames. In order
to evaluate an interpolated image with one of the metrics from Section 3.8, we need a ground
truth image. For the used interpolation methods, discussed in Section 3.2, the first frame of
each scene is chosen as image I0 and the third frame is chosen as image I1. Meaning the
forward flow −−→v0,f goes from the first to the third frame, and the backward flow −→v1,b ranges
from the third to the first frame. For the distance t we chose 0.5, in order to interpolate in the
middle of I0 and I1. Meaning the interpolation is performed between the first frame and the
third frame. This way we can use the second frame as the ground truth image. Figure 4.1
showcases this for the scene Basketball of the Middlebury benchmark [3].

To build on the work of N. B. Senn [12], we use the same dataset. This is the Middle-
bury benchmark [3] consisting of seven, mostly real-life sequences. These scenes include
Army, Backyard, Basketball, Dumptruck, Evergreen, Grove and Mequon. For each scene in the
Middlebury benchmark, frames 10, 11, and 12 were chosen. Frame 10 represents image I0,
frame 12 stands for image I1 and frame 11 is chosen as the ground truth image. Most of these
sequences contain a movement that is solely due to the objects moving in the scene, rather
than a camera movement. To obtain more data results, additional two benchmarks are used in
the experiments. These are the KITTI 2015 version [4] and Sintel [5] benchmark.

The KITTI benchmark consists of real-life sequences capturing various traffic scenes. Most of
these scenes contain moving objects, mainly cars driving, as well as camera movement. The
used scenes were taken from the folder "image_2" inside of the folder "testing". These scenes
are “00000”, “000104”, “000123”, “000167”, and “000199”. To simplify the usage of these, we
refer to “00000” as Scene 1, “000104” as Scene 2, “000123” as Scene 3, “000167” as Scene 4,
and “000199” as Scene 5. For each scene, the frames 10, 11, and 12 were taken and used
analogously to the frames from the Middlebury benchmark. Meaning frame 10 represents I0,
frame 12 stands for I1, and frame 11 is used as the ground truth image.

For the Sintel benchmark, the scenes Alley 1, Ambush 4, Cave 2, Sleeping 2 and Temple 2
are used. From the scene Alley 1 and Sleeping 2, frames 1, 2, and 3 were chosen. For Ambush 4
frames 7, 8, and 9 were chosen. From Cave 2, frames 17, 18, and 19 are used and frames 9,
10, and 11 were taken for scene Temple 2. Unlike the other two benchmarks, Sintel consists
solely of synthetic sequences. These scenes range from small and easy motion to more complex
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Figure 4.1: Demonstration of how the frames of each dataset are used for interpolation. Image
source for the used frames: [3].

motions. In this benchmark, most scenes depict a camera motion as well as moving objects in
the scene, similarly to the KITTI benchmark. Since the Sintel benchmark consists of synthetic
scenes, a ground truth flow is provided for each scene, which can be used to calculate the EPE
for an optical flow. This is done in the following section.

4.1 Optical Flow with RAFT vs the ProFlow Baseline

The central question of this thesis is whether a better optical flow corresponds to better
interpolation results. For this, we looked at two separate optical flow estimation methods,
RAFT and the ProFlow baseline in Section 2.5 and 2.4. Generally speaking, RAFT provides
better optical flow estimations than the ProFlow baseline. To showcase this on the used
datasets, this section provides details on the optical flows generated with RAFT and the
ProFlow baseline, as well as an EPE investigation for the Sintel dataset.
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Figure 4.2: Optical flow visualization of scene Backyard(a) with the ProFlow baseline (b) and
RAFT (c) flow, showing blurred outlines of the children in (b) and sharp outlines
in (a). Image source of (c): [3].

4.1.1 Comparison of Visualized Optical Flows

First, to get a general idea about the differences between the RAFT and the ProFlow baseline
flows we compare their visualization. For this, we use the visualization with the color map
that was shown in Section 2.1 in Figure 2.3. In Section 2.6, we have already seen the optical
flow for Alley 1 in Figure 2.6. The main visible differences were that the RAFT flow has more
clean-cut outlines than the ProFlow baseline one. On the other hand, the ProFlow baseline
flow appears to have more details in textured areas such as the hair. To investigate this further,
more examples are given in the following. For these following examples, the forward flows
ranging from image I0 to I1 are shown. To provide more reference, the respective image I0 is
shown as well.

Figure 4.2 shows the optical flows, generated with the ProFlow baseline (b) and RAFT (c)
for the scene Backyard (a) of the Middlebury dataset. Here, it is clear that the RAFT flow
can detect outlines very well for objects that are easily distinguishable from the background.
This is visible in the outlines of the children in the scene. In the flow generated with the
ProFlow baseline, we can see that the outlines are much more blurred and some parts of the
moving objects are not captured at all, such as the legs of the child in the center and in the back.

In Figure 4.3 we can also see a similar behavior. This figure shows a cropped Scene 5 (a) of
the KITTI dataset, with the ProFlow baseline flow (b) and the RAFT flow (c). Here, we can
see that the outlines of the moving cars are better captured with the RAFT flow. On the other
hand, the ProFlow baseline flow is able to capture details in textured areas better. This can be
seen in the columns of the fence over the cars. RAFT does not capture these at all, while they
are visible in the ProFlow baseline flow.
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Figure 4.3: Optical flow visualization of Scene 5 (a) with the ProFlow baseline (b) and RAFT
(c) flow, showing blurred outlines of the car in (b) and sharp outlines in (c). On
the other hand, (b) provides more details in the fence above the cars which are
not visible in (c) at all. Image source of (a): [4].

Figure 4.4: Optical flow visualization of Scene 2 (a) with the ProFlow baseline (b) and RAFT
(c) flow, with (b) showing more details in the trees in the background than (c).
Image source of (a): [4].

Another example of such a textured area that is better captured with the ProFlow base-
line is depicted in Figure 4.4. In this figure, Scene 2 (a) of the KITTI dataset is shown with
the optical flow estimated with the ProFlow baseline (b) and RAFT (c). Here, we can see that
the texture of the trees is better captured in the ProFlow baseline flow while RAFT appears to
smooth over such textured areas. Additionally, the sidewalk on the left is also not depicted in
the RAFT flow at all.

Lastly, the aforementioned characteristics of the flows can also be seen in Figure 4.5. Here,
we see the ProFlow baseline flow (a) and the RAFT flow (b) for the scene Temple 2 (c) of the
Sintel benchmark. As we can see, the outlines of the temple, the dragon, and the person in the
scene are more clean-cut in the RAFT flow. In the ProFlow baseline flow, these objects appear
more blurred.
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Figure 4.5: Optical flow visualization of scene Temple 2 (c) with the ProFlow baseline (a) and
RAFT (b) flow, showing blurred outlines in (a) and sharper outlines in (b). Image
source of (c): [5].

Overall, we can conclude that RAFT generally provides better and sharper outlines of moving
objects. Textured areas such as leaves of trees or hair are better depicted with the ProFlow
baseline flows. In these areas, RAFT seems to smooth over the texture and only focus on
the outlines of the objects. To investigate further how accurate a RAFT or ProFlow baseline
flow is, we use the metric for determining the quality of an optical flow that was discussed in
Section 2.6.

4.1.2 Comparison of EPE

Determining the quality of an optical flow by examining its visualization is not always easy.
Hence why we investigate the quality based on a metric. For this, we calculate the EPE of
the generated optical flows with RAFT and the ProFlow baseline. Since the Sintel benchmark
provides ground truth flows, we can compute the EPE of the flows generated for the used
Sintel sequences. Table 4.1 shows the EPE of the RAFT optical flow and the ProFlow baseline
optical flow. In the interpolation experiments we use flows ranging from the first frame I0 to
the third frame I1. However, the ground truth flows only range from a frame to its immediate
consecutive frame. Hence why we compare either the flows ranging from the first frame to the
second frame, so from image I0 to the ground truth image, or from the second frame to the
third frame, meaning from the ground truth image to I1. Additionally, to investigate the used
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EPE - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
Forward Flow
of First Frame to
Second Frame

0.127 0.118 61.711 22.594 3.298 1.338 0.049 0.075 1.000 0.510

Forward Flow
of Second Frame to
Third Frame

0.145 0.123 57.922 13.903 4.465 1.749 0.050 0.070 0.917 0.552

Halved Forward Flow
of First Frame to
Third Frame

0.224 0.203 57.527 42.946 7.062 4.708 0.041 0.061 0.946 0.583

Table 4.1: EPE for optical flows estimated with the ProFlow baseline and RAFT for the Sintel
benchmark. Bold marks the better EPE for the scene.

flows ranging from the first frame I0 to the third frame I1, we halve them. For these halved
flows we then calculate the EPE with the ground truth flow ranging from the first I0 frame
to the second frame, the ground truth image. The first row shows the EPE of the optical flow
ranging from the first frame to the second frame. The second row presents the EPE of the flow
for the second frame to the third frame. In the third row, the EPE for the halved flows ranging
from the first frame to the third frame is shown. The boldly printed EPE signalizes the better
EPE for the scene. Since the main focus lies on the interpolation results, we are not going into
EPE comparisons of other benchmarks. For EPE results of additional datasets, please refer to
[1] and [2].

From Table 4.1, we see that for four out of five scenes, namely Alley 1, Ambush 4, Cave 2, and
Temple 2, RAFT provides a better optical flow estimation than the ProFlow baseline. For scenes
Alley 1 and Sleeping 2 the difference between the EPE of RAFT and the ProFlow baseline is
the smallest. These scenes capture the smallest motion. Sleeping 2 also contains more camera
movement than Alley 1. Additionally, in this scene, there is no moving object. The only motion
taking place is from the camera movement. This is something the ProFlow baseline appears
to capture better. The flows for Ambush 4 are of the worst quality out of all scenes. This is
due to the fact that this scene has the largest, most complex motion. The RAFT flow for this
scene is much better than the one generated with the ProFlow baseline. The scenes Cave 2
and Temple 2 contain a rather large motion as well. Here, RAFT also provides a much better
flow. We can see that the larger the motion is, the bigger the discrepancy between the EPE of
RAFT and the ProFlow baseline, with RAFT having a better EPE. Although the halved flows are
generally worse than the other flows, overall they still provide good results, except for scene
Ambush 4. Overall, for larger motion RAFT provides much better results than the ProFlow
baseline. For smaller motion RAFT seems to overall do better as well. Most of these scenes
contained a mix of well-visible outlines as well as a little texture. Still, the RAFT flow is better
for most scenes.

To get an even better understanding of which areas are better according to the EPE, we consider
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Figure 4.6: Visualization of bad EPE areas in the optical flows of Alley 1 generated with the
ProFlow baseline (a) and RAFT (b). The red areas mark the worse EPE. Thus the
outlines in (a) are less accurate than in (b).

the EPE of each pixel individually. This way we can see which areas are better detected in the
optical flow. To visualize this, an RGB image is chosen to represent areas of worse optical flow.
Here, the G and B values have 0 assigned to them in each pixel, while the R value corresponds
to the calculated EPE for this pixel. The higher the EPE, the larger the R value. Thus, the
larger the EPE of a pixel, the redder this pixel is. And the smaller the EPE of a pixel, the more
black this pixel gets. This way, the redder an area is, the worse the optical flow estimates
this area. In the following, such visualizations are presented for the scenes Alley 1 and Temple 2.

Figure 4.6 showcases such EPE visualization for a cropped Alley 1 scene with the ProFlow
baseline flow (a) and the RAFT flow (b). Since this scene has a rather small motion, mostly
taking place in the center, we only examine the cropped version containing the biggest differ-
ences. As we have seen previously in Figure 2.6, the ProFlow baseline optical flow for this
scene captures the outlines of the moving person not as well as RAFT. This is also reflected
in Figure 4.6. Here, the outlines of the moving person are much brighter and redder in the
ProFlow baseline visualization. Meaning, according to the EPE, RAFT provides much better
outlines of the moving person in the scene.

Another example of this is shown in Figure 4.7. Here, the ProFlow baseline flow (a) and the
RAFT flow (b) are shown for the scene Temple 2. This scene is cropped as well to showcase
the biggest differences between RAFT and the ProFlow baseline. In Figure 4.5, we have seen
that the outlines of the moving objects are more blurred in the ProFlow baseline flow. Looking
at these EPE visualizations, we can see that these outlines are much brighter for the ProFlow
baseline flow. This is especially visible in the outlines of the tower in the center of the scene or
the outlines of the dragon. Meaning here, the outlines are better estimated with the RAFT flow
as well.
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Figure 4.7: Visualization of bad EPE areas in the optical flows of Temple 2 generated with the
ProFlow baseline (a) and RAFT (b). The red areas mark the worse EPE. Thus the
outlines in (a) are less accurate than in (b).

To summarize the findings of this section, we have seen that RAFT generally provides better
optical flow estimations, particularly for larger motions. This is especially the case for the
outlines of moving objects. These appear much more clean-cut and well defined, whereas in
a ProFlow baseline flow they appear more blurred and not as clear. On the other hand, the
ProFlow baseline captures textured areas a little better, as seen in Subsection 4.1.1. Here, RAFT
smoothes over such areas. Additionally, in case of camera movement, the ProFlow baseline
tends to work here better as well, such as for the scene Sleeping 2.

Now that we have a basic idea of which optical flow estimation is better and what areas
seem to be captured better with a RAFT or ProFlow baseline optical flow, we can examine
whether the quality of the interpolation results corresponds to these findings.

4.2 General Comparison of Interpolation Results

In this section, we test how an interpolation performs based on which flow was used. First, we
perform each interpolation method, introduced in Section 3.2, with a RAFT and ProFlow base-
line flow. For this, we showcase the winner of each interpolation method for each benchmark
in a separate table. To calculate the winner, first, each interpolation method was used with
a 1N uniform, 1N weight, 1N weight winner, 4N uniform, 4N weight, and 4N weight winner
strategy on each scene of the used dataset. Then the result of each used strategy was evaluated
with the SSIM and RMSE metric. The optical flow that had a higher number of better results
out of those six strategies was chosen as the winner. In case both optical flow methods had the
same amount of better results, the winner remains a blank. Additionally, the average of each
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scene was taken and compared as well. The winner of these averages is given in the table as
well. To showcase which optical flow had more wins, the cells are colored accordingly. Light
blue symbolizes a better result with the ProFlow baseline, and purple signalizes that RAFT had
better results. Although both RMSE and SSIM are provided, the focus is predominantly on the
SSIM results. Table 4.2 showcases the winners for the Middlebury dataset, Table 4.5 for the
KITTI dataset and Table 4.8 for the Sintel dataset. The results of these tables are discussed in
the following subsections.

To get more details on the actual SSIM and RMSE results of each scene with each splat-
ting strategy, the results of a forward warping interpolation and a forward forward warping
interpolation are shown as well. Tables 4.3, 4.6 and 4.9 show the results of a forward warping
interpolation for the Middlebury, KITTI and Sintel dataset, and Tables 4.4, 4.7 and 4.10 show
the results of a forward forward warping interpolation. For each scene, the ProFlow baseline
result is given on the left side and the RAFT result on the right. Both SSIM and RMSE are used,
with the SSIM result as the first result and RMSE below. A result was calculated for each of the
six splatting strategies, mentioned in Section 3.3. For each scene, the better result of either
RAFT or the ProFlow baseline is marked in bold. Lastly, the average of all scenes is pictured on
the right. Here, the winner is also showcased in bold. Additionally, to save space, the splatting
strategies shown in the following Tables are shortened from uniform to ’U’, weight to ’W’, and
weight winner to ’WW’. The results of these tables are also explained in detail in the following
subsections.

4.2.1 Middlebury

Starting with the Middlebury dataset, a first glance at Table 4.2 shows that here an inter-
polation using a RAFT flow generally performs better. The average of each scene also has
more RAFT winners, with both metrics. Overall, using the SSIM metric yields more RAFT
‘winners’, than using the RMSE metric. Looking at only the SSIM results, RAFT performs better
in almost every scene, except for Mequon. Using the RMSE metric, however, the results for
scenes Army and Evergreen are better with the ProFlow baseline. For Dumptruck both SSIM
and RMSE yield RAFT as the winner in all cases. Overall, Backyard, Basketball, Dumptruck
and Grove have the most RAFT winners. The scenes Backyard, Basketball and Dumptruck
have predominantly moving objects in a mostly static background. Additionally, these moving
objects have mostly clean-cut and well-visible outlines that separate them well from the
background. For example, the thrown ball in Backyard or Basketball, or the moving car in
Dumptruck are easily distinguishable from the non-moving background. This is in contrast to
other scenes where the moving object is not as easily differentiated from the background, such
as in Evergreen. This seems to correspond with how the RAFT optical flow captures clean-cut
outlines of moving objects better if they are in high contrast from the background, as we
have seen in Section 4.1. For scenes Army and Evergreen, the ProFlow baseline performed
better in some cases, although the overall SSIM winner remains RAFT. As mentioned above,
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Middlebury
Army Backyard Basketball Dumptruck Evergreen Grove Mequon ø

SSIM RAFT RAFT RAFT RAFT ProFlow RAFT ProFlow RAFT
Forward Warping

RMSE ProFlow RAFT RAFT RAFT ProFlow RAFT RAFT RAFT
SSIM ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFTForward Warping

with Backward Flow RMSE ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow -
SSIM ProFlow RAFT - RAFT ProFlow RAFT ProFlow ProFlow

Backward Warping
RMSE ProFlow ProFlow ProFlow RAFT ProFlow ProFlow ProFlow RAFT
SSIM ProFlow RAFT ProFlow RAFT ProFlow ProFlow ProFlow ProFlowBackward Warping

with Backward Flow RMSE ProFlow ProFlow ProFlow RAFT ProFlow ProFlow ProFlow ProFlow
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFT

Symmetric Forward Warping
RMSE ProFlow RAFT RAFT RAFT RAFT ProFlow ProFlow RAFT
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFTSymmetric Forward Warping

with Backward Flow RMSE ProFlow RAFT RAFT RAFT ProFlow RAFT RAFT RAFT
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFT

Symmetric Backward Warping
RMSE ProFlow ProFlow RAFT RAFT RAFT RAFT RAFT RAFT
SSIM RAFT RAFT RAFT RAFT - RAFT ProFlow RAFTSymmetric Backward Warping

with Backward Flow RMSE ProFlow RAFT RAFT RAFT ProFlow ProFlow ProFlow RAFT
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFT

Forward Forward Warping
RMSE ProFlow RAFT RAFT RAFT ProFlow RAFT RAFT RAFT
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFT

Backward Backward Warping
RMSE ProFlow - ProFlow RAFT ProFlow ProFlow ProFlow RAFT
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFTBidirectional Symmetric

Forward Warping RMSE ProFlow RAFT RAFT RAFT ProFlow RAFT RAFT RAFT
SSIM RAFT RAFT RAFT RAFT RAFT RAFT ProFlow RAFTBidirectional Symmetric

Backward Warping RMSE ProFlow RAFT RAFT RAFT ProFlow RAFT RAFT RAFT

Table 4.2: ’Winners’ of each interpolation method for the Middlebury dataset. For each scene,
the SSIM and RMSE results are calculated for each of the six splatting strategies.
The optical flow whose interpolated image has the higher amount of ’wins’ out of
these six splatting strategies is marked as the winner for the scene. In the case of a
tie, the winner remains blank. On the right, the average results of all scenes are
calculated and the winner of these averages is given.

Evergreen contains more textured areas and less visible outlines, such as the leaves of the
tree in the scene. For these characteristics, RAFT seems to not perform as well. This is
especially the case for the RMSE results, where, as mentioned, the ProFlow baseline has more
winners. Lastly, although Mequon does have moving objects with clear outlines, it also contains
a moving background. This is something that seems to work better with a ProFlow baseline flow.

From this general comparison, we now go further and examine the forward warping in-
terpolation in Table 4.3 more closely. As seen in the overall comparison from Table 4.2, the
forward warping method has overall better results with a RAFT flow. The average is also better
with RAFT, although the SSIM values are quite close for RAFT and the ProFlow baseline. As
seen before, Backyard, Basketball, Dumptruck and Grove have RAFT as a clear winner. The
scene Evergreen has much better SSIM and RMSE results with a ProFlow baseline flow. As
mentioned before, this seems to be the case due to the fact that the moving object in the scene
has outlines that are hard to differentiate from the background. Comparing the differences in
the resulting SSIM values between RAFT and the ProFlow baseline, we can see that Dumptruck
and Mequon have the biggest differences. For Dumptruck, RAFT performs much better, whereas,
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Forward Warping - Middlebury
Army Backyard Basketball Dumptruck Evergreen Grove Mequon ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
SSIM 0.879 0.882 0.727 0.742 0.480 0.487 0.848 0.868 0.757 0.748 0.652 0.668 0.752 0.718 0.728 0.730

1N U
RMSE 8.220 8.641 22.201 20.692 22.863 20.576 30.497 20.971 23.697 25.366 38.779 37.417 17.382 16.341 23.377 21.429
SSIM 0.879 0.882 0.727 0.741 0.480 0.487 0.848 0.868 0.757 0.748 0.652 0.668 0.752 0.719 0.728 0.730

1N W
RMSE 8.224 8.619 22.201 21.021 22.860 20.737 30.493 21.125 23.698 25.359 38.777 37.475 17.402 16.274 23.379 21.516
SSIM 0.878 0.881 0.726 0.737 0.480 0.484 0.848 0.868 0.756 0.747 0.652 0.662 0.750 0.715 0.727 0.728

1N WW
RMSE 8.284 8.790 22.260 22.850 22.903 21.684 30.509 22.222 23.798 25.400 38.853 38.615 17.622 16.950 23.461 22.359
SSIM 0.824 0.819 0.636 0.645 0.471 0.473 0.717 0.736 0.728 0.720 0.650 0.665 0.765 0.745 0.684 0.686

4N U
RMSE 9.929 10.725 24.713 24.041 22.399 20.172 35.861 29.307 24.027 25.685 36.150 35.214 16.652 15.923 24.247 23.010
SSIM 0.906 0.905 0.734 0.748 0.495 0.500 0.852 0.874 0.779 0.772 0.694 0.708 0.802 0.773 0.752 0.754

4N W
RMSE 6.479 7.406 21.454 20.185 22.065 19.760 29.508 19.910 22.571 24.359 35.143 34.463 16.194 15.277 21.916 20.194
SSIM 0.878 0.880 0.726 0.736 0.479 0.483 0.848 0.867 0.755 0.747 0.651 0.658 0.749 0.714 0.727 0.726

4N WW
RMSE 8.311 8.942 22.313 23.114 22.954 21.924 30.524 22.556 23.886 25.505 39.032 39.398 17.680 17.090 23.529 22.647

Table 4.3: SSIM and RMSE results of a forward warping interpolation of the Middlebury
dataset, using a ProFlow baseline and RAFT flow. For each splatting strategy, the
better result is marked bold. Here, the splatting strategy ’U’ stands for uniform, ’W’
for weight, and ’WW’ for weight winner. Additionally, on the right, the average of
all scenes is given for each splatting strategy.

for Mequon, the ProFlow baseline has much better results. The biggest difference between
these scenes is that, as mentioned above, the background in Mequon moves, as opposed to
Dumptruck, where it is static. As already discussed, this is something that tends to work better
with the ProFlow baseline. Whereas a static background with well-visible outlines of moving
objects works better with RAFT.

In Table 4.3 we see the forward forward warping interpolation results. Generally, the forward
forward warping results are better than the forward warping ones for each scene. Similar to
the forward warping results, here, RAFT has overall better results than the ProFlow baseline.
The average results are also better with RAFT in a forward forward warping interpolation.
However, the difference in the average results between RAFT and the ProFlow baseline is
larger than in a forward warping. Another difference to the forward warping results is that
the scene Evergreen is no longer better with the ProFlow baseline according to the SSIM.
Nonetheless, Mequon remains better with the ProFlow baseline, if evaluated with the SSIM.
Scenes Backyard, Basketball, Dumptruck and Grove also have not changed, and remain better
with RAFT. Although for a forward warping of scene Army, the ProFlow baseline had better
SSIM results for a few splatting strategies, RAFT was overall better. In forward forward
warping, this changes and Army has better results with the ProFlow baseline. This might be
due to the fact that the motion in this scene is very small and a clear ’winner’ is not as easily
determined since both flows provide good results.

To sum up the presented results for the Middlebury dataset, a RAFT flow seems to work
better for scenes where we have less camera movement and more moving objects in the scene.
Additionally, scenes where the objects have simple and well-visible outlines and are thus easily
distinguished from the background, are also better with RAFT. For scenes such as Backyard,
Basketball and Dumptruck this was predominantly the case. On the other hand, Evergreen
contained more outlines that were harder to distinguish from the background. Here, the

64



4.2 General Comparison of Interpolation Results

Forward Forward Warping - Middlebury
Army Backyard Basketball Dumptruck Evergreen Grove Mequon ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
SSIM 0.919 0.922 0.768 0.781 0.524 0.532 0.869 0.886 0.800 0.801 0.702 0.721 0.817 0.792 0.771 0.776

1N U
RMSE 5.882 6.139 18.683 16.410 17.169 16.077 24.006 17.849 18.540 19.267 31.975 30.774 14.268 13.633 18.646 17.164
SSIM 0.919 0.922 0.768 0.781 0.524 0.532 0.869 0.886 0.800 0.801 0.702 0.721 0.817 0.792 0.771 0.776

1N W
RMSE 5.882 6.109 18.683 16.799 17.177 16.174 24.007 17.870 18.542 19.283 31.975 30.790 14.271 13.649 18.648 17.239
SSIM 0.918 0.922 0.768 0.778 0.524 0.529 0.869 0.886 0.800 0.801 0.702 0.716 0.816 0.790 0.771 0.775

1N WW
RMSE 5.901 6.151 18.707 18.119 17.232 16.837 24.023 18.394 18.582 19.397 32.044 31.455 14.344 14.286 18.690 17.806
SSIM 0.865 0.863 0.692 0.699 0.505 0.507 0.764 0.770 0.779 0.772 0.673 0.693 0.789 0.774 0.724 0.725

4N U
RMSE 7.387 7.814 20.617 18.883 16.668 15.620 28.641 24.728 18.901 20.050 31.646 30.343 14.142 13.648 19.715 18.727
SSIM 0.917 0.921 0.771 0.786 0.534 0.541 0.871 0.892 0.815 0.816 0.708 0.738 0.820 0.805 0.777 0.786

4N W
RMSE 5.771 5.928 18.367 15.941 16.541 15.419 23.504 16.564 17.834 18.648 30.892 29.151 13.974 13.053 18.126 16.386
SSIM 0.919 0.922 0.768 0.779 0.523 0.529 0.869 0.887 0.800 0.801 0.704 0.722 0.817 0.791 0.771 0.776

4N WW
RMSE 5.835 6.077 18.773 18.264 17.264 16.913 24.000 18.400 18.622 19.462 32.013 31.387 14.329 14.200 18.691 17.815

Table 4.4: SSIM and RMSE results of a forward forward warping interpolation of the Middle-
bury dataset, using a ProFlow baseline and RAFT flow. For each splatting strategy,
the better result is marked bold. Here, the splatting strategy ’U’ stands for uniform,
’W’ for weight, and ’WW’ for weight winner. Additionally, on the right, the average
of all scenes is given for each splatting strategy.

ProFlow baseline had more ’wins’ than in the previously mentioned scenes. This corresponds
to the findings of Section 4.1, where we have seen that a RAFT flow captures clean-cut outlines
well for objects that are easily distinguishable from the background. For scenes with a more
moving background, the ProFlow baseline tends to work better, which was seen in the results
of the scene Mequon.

4.2.2 KITTI

Unlike the previous dataset, KITTI consists mostly of scenes with a moving camera. Since all
used KITTI scenes capture traffic sequences, all scenes contain backgrounds consisting of large
textured areas with less clear outlines, such as trees. As seen in Section 4.1, these areas are
better depicted with the ProFlow baseline flow.

In the general comparison in Table 4.5, we can see that interpolation with the ProFlow
baseline flow yields better results for the majority of the scenes. According to the SSIM, only
Scene 1 is better with RAFT and the rest is better with the ProFlow baseline. With the RMSE,
Scene 2 is also better with RAFT. The rest is better with the ProFlow baseline according to
both SSIM and RMSE. Looking at the average, both RMSE and SSIM results indicate that the
ProFlow baseline was better in all cases. These findings correspond to what was seen so far,
that the ProFlow baseline tends to work better for camera movement.

In Table 4.6 the results of a forward warping interpolation are shown. Similar to the general
comparison, here, the ProFlow baseline has overall better results. The average results are
also better with the ProFlow baseline. We can see that for Scene 2, Scene 3 and Scene 5, the
ProFlow baseline has the better SSIM results. Scene 1 is the only scene that is better with RAFT,
according to both the SSIM and RMSE. Interestingly, here, we have large camera movement
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KITTI
Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 ø

SSIM RAFT ProFlow ProFlow RAFT ProFlow ProFlow
Forward Warping

RMSE RAFT ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow ProFlow ProFlow ProFlow ProFlow ProFlowForward Warping

with Backward Flow RMSE ProFlow ProFlow RAFT ProFlow ProFlow ProFlow
SSIM ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow

Backward Warping
RMSE ProFlow RAFT ProFlow ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlowBackward Warping

with Backward Flow RMSE ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlow

Symmetric Forward Warping
RMSE ProFlow ProFlow RAFT ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlowSymmetric Forward Warping

with Backward Flow RMSE RAFT ProFlow RAFT ProFlow ProFlow ProFlow
SSIM - ProFlow ProFlow RAFT ProFlow ProFlow

Symmetric Backward Warping
RMSE ProFlow ProFlow RAFT ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlowSymmetric Backward Warping

with Backward Flow RMSE RAFT ProFlow RAFT ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlow

Forward Forward Warping
RMSE RAFT ProFlow RAFT ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlow

Backward Backward Warping
RMSE ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlowBidirectional Symmetric

Forward Warping RMSE RAFT ProFlow RAFT ProFlow ProFlow ProFlow
SSIM RAFT ProFlow ProFlow ProFlow ProFlow ProFlowBidirectional Symmetric

Backward Warping RMSE RAFT ProFlow RAFT ProFlow ProFlow ProFlow

Table 4.5: ’Winners’ of each interpolation method for the KITTI dataset. For each scene, the
SSIM and RMSE results are calculated for each of the six splatting strategies. The
optical flow whose interpolated image has the higher amount of ’wins’ out of these
six splatting strategies is marked as the winner for the scene. In case of a tie, the
winner remains blank. On the right, the average results of all scenes are calculated
and the winner of these averages is given.

as well as a textured background and no moving objects. However, the overall SSIM and
RMSE results indicate that the interpolated image of this scene is one of the worst out of all
scenes. As mentioned in Section 4.1.2, RAFT generally provides much better flows for scenes
with larger and more complex motion. This could explain why the interpolation results with
RAFT are better despite of the mentioned camera movement. For Scene 4, although the RMSE
indicates that the ProFlow baseline is better, the SSIM is much better for RAFT. Scene 4 is the
only scene where the camera does not move and only has a car movement with clear outlines
in the scene. This would again correspond to the findings of Section 4.1, where RAFT depicts
moving objects with clear outlines in a static background very well. This scene is quite similar
to the scene Dumptruck of Middlebury, where moving cars in a still background are depicted.
As seen prior, Dumptruck also had mostly RAFT winners.
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Forward Warping - KITTI
Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
SSIM 0.286 0.289 0.298 0.292 0.489 0.481 0.788 0.791 0.581 0.570 0.488 0.4851N U
RMSE 41.308 40.687 31.958 33.053 46.765 45.808 31.245 32.977 26.476 30.581 35.550 36.621
SSIM 0.286 0.289 0.298 0.292 0.489 0.481 0.788 0.791 0.581 0.570 0.488 0.4851N W
RMSE 41.319 40.679 31.979 33.089 46.770 45.867 31.341 32.981 26.478 30.617 35.577 36.647
SSIM 0.284 0.288 0.297 0.291 0.487 0.480 0.787 0.791 0.580 0.570 0.487 0.4841N WW
RMSE 41.619 40.858 32.554 33.740 47.927 47.086 33.166 33.082 26.815 31.264 36.416 37.206
SSIM 0.318 0.315 0.306 0.302 0.515 0.507 0.653 0.652 0.597 0.588 0.478 0.4734N U
RMSE 38.456 38.341 30.918 31.965 43.957 43.086 38.480 40.898 25.700 29.682 35.502 36.794
SSIM 0.311 0.312 0.309 0.303 0.520 0.511 0.790 0.792 0.608 0.599 0.508 0.5034N W
RMSE 39.152 38.796 30.966 32.113 44.142 43.281 29.985 32.912 24.942 29.022 33.837 35.225
SSIM 0.281 0.285 0.293 0.286 0.481 0.475 0.786 0.790 0.576 0.566 0.483 0.4804N WW
RMSE 42.185 41.439 33.430 34.558 48.465 47.778 33.477 33.375 27.206 31.554 36.953 37.741

Table 4.6: SSIM and RMSE results of a forward warping interpolation of the KITTI dataset,
using a ProFlow baseline and RAFT flow. For each splatting strategy, the better
result is marked bold. Here, the splatting strategy ’U’ stands for uniform, ’W’ for
weight, and ’WW’ for weight winner. Additionally, on the right, the average of all
scenes is given for each splatting strategy.

Forward Forward Warping - KITTI
Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
SSIM 0.298 0.298 0.304 0.280 0.512 0.501 0.807 0.803 0.608 0.587 0.506 0.4941N U
RMSE 39.062 38.650 30.722 33.053 42.379 41.239 33.221 35.619 23.465 26.000 33.770 34.912
SSIM 0.298 0.298 0.304 0.280 0.512 0.501 0.807 0.803 0.608 0.587 0.506 0.4941N W
RMSE 39.061 38.653 30.722 33.065 42.400 41.331 33.360 35.695 23.470 26.025 33.803 34.954
SSIM 0.296 0.297 0.303 0.279 0.510 0.498 0.805 0.802 0.607 0.585 0.504 0.4921N WW
RMSE 39.185 38.814 31.000 33.382 42.939 42.191 34.219 36.242 23.714 26.446 34.211 35.415
SSIM 0.322 0.320 0.311 0.287 0.526 0.516 0.704 0.664 0.614 0.593 0.495 0.4764N U
RMSE 37.138 36.918 29.962 32.467 40.800 39.628 36.976 42.560 23.108 25.447 33.597 35.404
SSIM 0.313 0.314 0.313 0.289 0.530 0.520 0.809 0.805 0.623 0.604 0.518 0.5064N W
RMSE 37.995 37.575 30.057 32.566 41.059 39.853 32.378 35.350 22.727 24.998 32.843 34.068
SSIM 0.293 0.295 0.303 0.280 0.511 0.500 0.806 0.803 0.609 0.587 0.504 0.4934N WW
RMSE 39.478 39.145 31.182 33.775 42.973 42.315 33.360 36.111 23.683 26.267 34.135 35.523

Table 4.7: SSIM and RMSE results of a forward forward warping interpolation of the KITTI
dataset, using a ProFlow baseline and RAFT flow. For each splatting strategy, the
better result is marked bold. Here, the splatting strategy ’U’ stands for uniform, ’W’
for weight, and ’WW’ for weight winner. Additionally, on the right, the average of
all scenes is given for each splatting strategy.

With a forward forward warping interpolation, shown in Table 4.7, we have similar oc-
currences for Scene 2, Scene 3 and Scene 5 as in a forward warping. Interestingly, Scene 4 yields
better results with the ProFlow baseline this time, even though this scene contains no camera
movement and consists of clear outlines. An investigation of this is given in Subsection 4.3.2.
Lastly, the average of all scenes is better with the ProFlow baseline as well. Overall, the
results of a forward forward warping of the KITTI scenes are better than of a forward warping.
Additionally, the differences between the RAFT SSIM results and the ProFlow baseline SSIM
results differ more than in a forward warping interpolation. This was also the case for the
Middlebury dataset.
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Summing up the collected results of the KITTI interpolation, here, an interpolation with
the ProFlow baseline gave predominantly better results. The KITTI dataset consists of mostly
camera movement and a lot of textured background. This ties into what was already seen
in the results of the Middlebury dataset, in Subsection 4.2.1, where a ProFlow baseline flow
works better for these aspects in an interpolation. An exception is Scene 4, where no camera
movement is present, yet a forward forward warping interpolation yields better SSIM results
for the ProFlow baseline. However, this is further investigated in Subsection 4.3.2.

4.2.3 Sintel

The last used benchmark differs from the previous in terms of the depicted scenes. Here, all
scenes are synthetically generated. In Subsection 4.1.2, the optical flows generated with RAFT
and the ProFlow baseline for this dataset were already compared. With this knowledge, we can
now investigate how the interpolation performed and whether a better optical flow resulted in
better interpolation results. The results of each interpolation are seen in Table 4.8. Similar to
the KITTI dataset, here, the results with the ProFlow baseline are overall better, even though
as we have seen, the RAFT optical flow is better for most of the scenes. Scenes Ambush 4 and
Cave 2 have better SSIM results with a RAFT flow. As seen in Table 4.1, for these scenes RAFT
provided a better optical flow. Meaning here, the quality of the optical flow correlates with
the interpolation results. These scenes also contain larger motion, which tends to have better
interpolation results when a RAFT flow is used. For scenes Alley 1, Sleeping 2, and Temple 2,
the ProFlow baseline gave better results. For Sleeping 2, the ProFlow baseline also provided a
better optical flow. This again supports the correlation of the quality of the optical flow and the
interpolation results. However, for scenes Alley 1 and Temple 2, RAFT provided a better optical
flow. This contradicts the theory that an optical flow results in better interpolation results.

To gain more insight into the resulting SSIM and RMSE values, we consider Table 4.9. In
this table, the results of a forward warping interpolation are presented. As we have seen in
the EPE comparison from Table 4.1, RAFT had a much better EPE for scene Ambush 4. One
would expect the interpolation results to reflect this, however, although the results are better
with RAFT, the actual SSIM and RMSE values are not that much different from the ProFlow
baseline results. Even scene Temple 2 has bigger differences between the RAFT SSIM results
and the ProFlow baseline SSIM results. However, the ProFlow baseline has better interpolation
results here. This scene contains some simulated camera movement. We have seen that
for this, a ProFlow baseline flow seems to work better. However, RAFT provided a better
optical flow for this scene. Yet the interpolation results are not better with RAFT, meaning
that the quality of the optical flow does not guarantee a good interpolation result in this case.
Alley 1 also has a relatively significant discrepancy between the RAFT SSIM and the ProFlow
baseline SSIM results, despite the EPE differences not being as large. As already mentioned,
the optical flow for this scene was better estimated with RAFT, yet the interpolation results
with a ProFlow baseline flow are much better. This is again contradicting the assumption
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Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlow
Forward Warping

RMSE ProFlow RAFT - ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlowForward Warping

with Backward Flow RMSE ProFlow RAFT ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT ProFlow ProFlow ProFlow ProFlow

Backward Warping
RMSE ProFlow RAFT - ProFlow ProFlow RAFT
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlowBackward Warping

with Backward Flow RMSE ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlow

Symmetric Forward Warping
RMSE ProFlow RAFT - ProFlow ProFlow RAFT
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlowSymmetric Forward Warping

with Backward Flow RMSE ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlow

Symmetric Backward Warping
RMSE ProFlow RAFT ProFlow ProFlow ProFlow RAFT
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlowSymmetric Backward Warping

with Backward Flow RMSE ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlow

Forward Forward Warping
RMSE ProFlow RAFT ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlow

Backward Backward Warping
RMSE ProFlow ProFlow ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlowBidirectional Symmetric

Forward Warping RMSE ProFlow RAFT ProFlow ProFlow ProFlow ProFlow
SSIM ProFlow RAFT RAFT ProFlow ProFlow ProFlowBidirectional Symmetric

Backward Warping RMSE ProFlow RAFT ProFlow ProFlow ProFlow ProFlow

Table 4.8: ’Winners’ of each interpolation method for the Sintel dataset. For each scene, the
SSIM and RMSE results are calculated for each of the six splatting strategies. The
optical flow whose interpolated image has the higher amount of ’wins’ out of these
six splatting strategies is marked as the winner for the scene. In case of a tie, the
winner remains blank. On the right, the average results of all scenes are calculated
and the winner of these averages is given.

that a better optical flow results in better interpolation results. Looking at the average, even
though the results are quite close, the ProFlow baseline still provides better results. This is
interesting considering the fact that the RAFT optical flows for this dataset are generally better.

To examine whether these findings are the same in a generally better interpolation method, we
consider Table 4.10, containing the results of a forward forward warping interpolation. Here,
we can see that the average is more mixed. Ambush 4 also has a much bigger discrepancy in
terms of SSIM results than it did in a forward warping interpolation. However, the ProFlow
baseline remains the ‘winner’ for scenes Alley 1 and Temple 2, even though the RAFT optical
flow estimation is better for these scenes. Merely the results of scene Cave 2 changed. Here,
we have more RMSE results that are better with the ProFlow baseline, contradicting the SSIM
results. An investigation of this is done in Subsection 4.3.2. However, generally, the better
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Forward Warping - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
SSIM 0.893 0.885 0.083 0.088 0.330 0.348 0.906 0.902 0.833 0.815 0.609 0.6081N U
RMSE 9.843 10.437 69.711 66.278 20.642 20.474 6.559 7.392 24.198 28.063 26.191 26.529
SSIM 0.893 0.885 0.083 0.088 0.329 0.348 0.906 0.902 0.833 0.815 0.609 0.6081N W
RMSE 9.708 10.579 69.722 66.235 20.658 20.509 6.555 7.383 23.915 28.090 26.112 26.559
SSIM 0.892 0.884 0.082 0.088 0.325 0.342 0.906 0.902 0.832 0.813 0.607 0.6061N WW
RMSE 10.411 12.102 70.149 67.232 21.516 21.957 6.569 7.463 24.333 30.346 26.596 27.820
SSIM 0.906 0.899 0.085 0.093 0.356 0.374 0.887 0.883 0.830 0.814 0.613 0.6134N U
RMSE 8.656 9.326 69.689 66.065 20.158 20.180 6.791 7.227 23.692 27.849 25.797 26.129
SSIM 0.926 0.918 0.084 0.092 0.349 0.367 0.943 0.939 0.859 0.841 0.632 0.6314N W
RMSE 7.992 8.834 69.813 66.131 20.325 20.276 3.913 5.120 23.378 27.578 25.084 25.588
SSIM 0.891 0.883 0.080 0.087 0.324 0.341 0.906 0.901 0.831 0.813 0.606 0.6054N WW
RMSE 10.427 12.160 70.655 67.373 21.723 22.150 6.589 7.530 24.464 30.569 26.772 27.956

Table 4.9: SSIM and RMSE results of a forward warping interpolation of the Sintel dataset,
using a ProFlow baseline and RAFT flow. For each splatting strategy, the better
result is marked bold. Here, the splatting strategy ’U’ stands for uniform, ’W’ for
weight, and ’WW’ for weight winner. Additionally, on the right the average of all
scenes is given for each splatting strategy.

Forward Forward Warping - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT
SSIM 0.933 0.928 0.103 0.125 0.334 0.336 0.956 0.952 0.858 0.837 0.637 0.6361N U
RMSE 6.207 6.697 56.215 53.282 18.707 19.085 3.330 4.036 19.007 20.994 20.693 20.819
SSIM 0.933 0.929 0.103 0.125 0.334 0.336 0.956 0.952 0.858 0.838 0.637 0.6361N W
RMSE 6.162 6.702 56.209 53.373 18.706 19.099 3.329 4.030 18.912 21.122 20.664 20.865
SSIM 0.932 0.928 0.100 0.121 0.331 0.331 0.956 0.952 0.857 0.836 0.635 0.6341N WW
RMSE 6.499 7.194 56.500 54.999 19.022 19.678 3.343 4.088 19.231 23.055 20.919 21.803
SSIM 0.925 0.921 0.103 0.126 0.348 0.352 0.914 0.911 0.847 0.828 0.627 0.6284N U
RMSE 6.162 6.557 56.335 52.916 18.579 18.969 5.113 5.400 18.852 20.796 21.008 20.928
SSIM 0.935 0.931 0.101 0.125 0.342 0.347 0.951 0.949 0.864 0.844 0.639 0.6394N W
RMSE 5.997 6.432 56.431 52.996 18.694 19.036 3.661 4.041 18.707 20.658 20.698 20.633
SSIM 0.932 0.928 0.094 0.117 0.329 0.332 0.957 0.952 0.860 0.839 0.634 0.6344N WW
RMSE 6.526 7.195 57.191 54.859 19.298 19.828 3.287 4.058 19.441 23.062 21.149 21.800

Table 4.10: SSIM and RMSE results of a forward forward warping interpolation of the Sintel
dataset, using a ProFlow baseline and RAFT flow. For each splatting strategy, the
better result is marked bold. Here, the splatting strategy ’U’ stands for uniform,
’W’ for weight, and ’WW’ for weight winner. Additionally, on the right, the average
of all scenes is given for each splatting strategy.

RAFT flows did not results in better forward forward warping results in all cases.

Overall, we can see some correlation between the quality of the optical flow and the in-
terpolation results. For scenes Ambush 4 and Sleeping 2 the better optical flow corresponded
with a better interpolation result. However, even though RAFT provided better optical flow
estimations for the Sintel dataset, most of the interpolation results are better with the ProFlow
baseline. This can be seen in scenes Alley 1 and Temple 2. Meaning the theory that a better
flow estimation provides a better interpolation result is not always the case.
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4.2.4 Short Summary

To summarize the results of all datasets, we find that generally, RAFT works better for scenes
with moving objects in a static background. Additionally, RAFT also works better when the
moving objects have clear outlines and are in high contrast to their background. This is
predominantly the case for most Middlebury scenes, where RAFT provided overall more
’winners’ than the ProFlow baseline. For more textured areas and a moving background, the
ProFlow baseline yields better results. Such characteristics are present in the KITTI dataset,
which explains why the images generated with a ProFlow baseline flow yielded overall better
results than with RAFT. However, as seen in the Sintel results, a better optical flow does not
always correspond to better interpolation results. This is especially the case for the scenes
Alley 1 and Temple 2, where a better RAFT flow is given, yet the interpolation results remain
better with a ProFlow baseline flow. To investigate how the interpolated images look when
a RAFT and a ProFlow baseline flow is used, the next section provides more details on these
resulting images.

4.3 A Closer Look at the Resulting Interpolated Images

In this Section, we go further into detail on the resulting interpolated images and consider
individual examples. As we have seen in the previous section, in cases such as Alley 1 or
Temple 2 of the Sintel dataset, a better optical flow does not correspond to better interpolation
results. To examine this further, we investigate the SSIM for each pixel in the interpolated
images in order to understand which areas contain more errors. Furthermore, we compare the
differences between the SSIM and RMSE results, to see where the SSIM might have failed as
an accurate metric. From this, we explore another metric, the VMAF, to investigate whether
this offers an alternative to the SSIM. Lastly, we examine how the interpolated images look
like when a RAFT or ProFlow baseline flow is used and what errors appear commonly for each
flow.

4.3.1 Erroneous Areas in Interpolated Images

First, we investigate why the scenes Alley 1 and Temple 2 had better interpolation results with a
ProFlow baseline flow, despite RAFT providing a better optical flow estimation for these scenes.
While a general SSIM result of an image is helpful to evaluate it against others, it does not give
information about which areas are better or worse. For this, we take the SSIM result of each
individual pixel and mark the areas with a worse SSIM black.

Before we can examine the results, we first need to implement a method that calculates
the SSIM for each pixel individually. Since the SSIM method provided in the used scikit-image
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Figure 4.8: Erroneous areas of the interpolated images of Temple 2, generated with a ProFlow
baseline (a) and RAFT (b) flow. The darker areas showcase the worse SSIM. Thus
(b) contains more errors around the outlines than (a). A forward warping method
and 4N weight strategy were used for the interpolated images.

library [67] generates an average SSIM for all pixels, this method has to be modified. Normally,
the method generates an average SSIM for first, the R value, then the G value, and lastly, the
B value of a distorted RBG image. Afterwards, the average of these three values is taken as
the resulting SSIM value. To change this, the SSIM for the R value, G value, and B value was
generated for each pixel separately. Afterwards, for each pixel, the average SSIM value of its R
value, G value, and B value is taken. This results in one SSIM value for each pixel of the image.
To visualize the worse SSIM areas, we proceed analogously to Section 4.1.2. We visualize the
resulting SSIM values in an RGB image, where we set the G and B value of each pixel to 0.
The R value corresponds to the SSIM for this pixel. Since a bigger SSIM corresponds to better
quality, this time the red areas showcase a better quality, and the darker the area the worse.

In Figure 4.8 such SSIM visualizations are given for the scene Temple 2. Here, we crop
the scene to showcase the most important part. For the interpolation in this example, a forward
warping method was used as well as a 4N weight winner strategy. The visualization of the
interpolated image using a ProFlow baseline flow is shown in (a) and the interpolated image
generated with a RAFT flow is seen in (b). Although both images appear quite similar, if
we look closer at the outlines of the lower part of the dragon or the top of the tower on the
right, we can see that in the RAFT image, they appear darker than in the ProFlow baseline
one. Meaning according to the SSIM, the outlines are worse in the image using a RAFT
flow. However, if we look back at the EPE visualization in Figure 4.7, these same areas are
better detected with the RAFT flow. Thus, a better flow estimation actually generates a worse
interpolation in this case.
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Figure 4.9: Erroneous areas of the interpolated images of Alley 1, generated with a ProFlow
baseline (a) and RAFT (b) flow. The darker areas showcase the worse SSIM. Thus
(b) contains more errors around the outlines than (a). A forward warping method
and 4N weight strategy were used for the interpolated images.

The other scene we inspect is Alley 1. As mentioned, here, we also have better interpo-
lation results with a ProFlow baseline flow, despite RAFT providing a better flow estimation
for this scene. Figure 4.9 shows the SSIM visualization of the interpolated image for this
scene, performed with a forward warping method and a 4N weight strategy. In (a) we have
the visualization of the image generated with a ProFlow baseline flow and in (b) the RAFT
version. The scene is also cropped in order to showcase only the relevant aspects. Similar to
the previous example, here, we also see that the outlines of the moving person are darker in
the RAFT version than in the ProFlow baseline one. Again, if we look at the EPE results for
this scene from Figure 4.6, the outlines of these objects are better depicted with the RAFT
flow, contradicting what we see in the SSIM visualization. In this case, we have the same
phenomenon of a better flow leading to poorer quality of the interpolation.

This raises the question, why the SSIM results are better for an interpolated image gen-
erated with a ProFlow baseline flow when RAFT provides a better flow estimation. As we have
seen in the general comparisons in Section 4.2, in many cases the SSIM and RMSE differ in
results, in regards to which flow worked better for the scene. To investigate this, we compare
these differences, and see whether the SSIM metric holds as the more accurate one, or whether
there are some shortcomings as well.

73



4 Experiments

4.3.2 Investigation of Used Error Metrics

After investigating the SSIM and RMSE values in the previous section, we concluded what
scenes seem to work better with a RAFT flow or a ProFlow baseline flow. While the values
of error metrics enable an evaluation of the interpolation as a whole, it can be beneficial to
examine the individual interpolated images. This also allows to investigate whether the SSIM
or RMSE results correspond to the perceived quality of the images. As we have discussed in
Section 3.8, the SSIM is a generally accurate metric for determining perceived quality. However,
we want to investigate whether this holds in all cases, in order to get answers as to why so
many scenes have better results with a ProFlow baseline flow.

SSIM vs RMSE

The first interpolated images we examine are shown in Figure 4.10. Here, we see the cropped
version of the interpolation results of Scene 4 of the KITTI dataset. The interpolation was
performed with a forward forward warping method and a 4N weight strategy. In (a) we
have the interpolated image generated with the ProFlow baseline flow and in (b) the RAFT
counterpart. According to both the SSIM and RMSE, the interpolated image that was generated
with a ProFlow baseline flow, is better than the one generated with a RAFT flow. However,
looking closely at both versions, we can see more artifacts in the ProFlow baseline image than
in the RAFT image. For example, the image generated with the ProFlow baseline flow appears
to have some ghosting artifacts at the handle of the car door, as well as some more artifacts at
the back of the car. While the RAFT image has some artifacts as well, they are less visible in
this case. Meaning here, the RAFT version appears to have much better quality, despite having
a worse SSIM as well as RMSE result. Both SSIM and RMSE fail to capture the perceived
quality well in this case.

An additional example is given in Figure 4.11. Here, we see two cropped areas of Scene 3
of the KITTI dataset, using a forward forward warping method and a 4N weight strategy.
The interpolated image generated with a ProFlow baseline flow is given in (a) and the one
generated with a RAFT flow is given in (b). Here, according to the SSIM, the image generated
with a ProFlow baseline flow has a better perceived quality. However, on the car in the top
row, we can see some clear ghosting artifacts in this image. Whereas in the RAFT image, these
artifacts are much less visible and overall the car appears less visibly distorted. In the bottom
row, the pole of the green light also is much more distorted in the ProFlow baseline image than
in the RAFT one. Interestingly, this time the RMSE yields a better result for the RAFT image.
Meaning the RMSE corresponds better to the perceived quality in this instance, making the
RMSE more suitable than the SSIM.

Another such instance where the RMSE generally corresponds better to the perceived quality
is given in Figure 4.12. Here, a forward forward warping interpolation of scene Cave 2 with

74



4.3 A Closer Look at the Resulting Interpolated Images

Figure 4.10: Forward forward warping results showcasing the cropped interpolated image
of Scene 4, generated with the ProFlow baseline flow (a) and RAFT flow (b).
With (a) SSIM=0.809, RMSE=32.378 and showcasing more artifacts around the
moving car, and (b) SSIM=0.805, RMSE=35.350 and less artifacts. The better
SSIM and RMSE results are symbolized in bold. A 4N weight strategy was used
for the interpolation.

splatting strategy 4N weight is pictured. In (a), the cropped interpolated image using a ProFlow
baseline flow is shown, and in (b) the cropped image generated with a RAFT flow can be
seen. In this example, the SSIM value of the RAFT image is better than of the image generated
with the ProFlow baseline flow. However, the RAFT image generally has much more visible
distortion than the ProFlow baseline one. In the RAFT image, we have much more doubling
artifacts, as can be seen for example around the blade. In this scene, the RMSE result of the
ProFlow baseline image is better and thus the RMSE captures the perceived quality better
again.

This raises the question, whether the SSIM is well suited as the primary metric used for
the evaluation. Additionally, as we have seen for the Sintel datasets, the ProFlow basline
flows work better than RAFT flows, despite RAFT providing better optical flow estimations.
Since the SSIM does not always evaluate the quality accurately, this may be the reason why so
many RAFT results are worse, when we expected them to be better. Hence why an alternative
metric might be sensible. Since the RMSE is not always optimal as well, as seen in Subsec-
tion 3.8.1 of Chapter 3, another metric is needed. In Chapter 3, a metric called VMAF was
already shown in Subsection 3.8.3. In the following, we make use of it to see whether it is bet-
ter suited than the metrics used so far.

75



4 Experiments

Figure 4.11: Forward forward warping results showcasing the cropped interpolated image of
Scene 3 generated with the ProFlow baseline flow (a), and RAFT flow (b). With
(a) SSIM=0.530, RMSE=42.973 and more artifacts around the car and pole, and
(b) SSIM=0.520, RMSE=42.315 and less visible artifacts. The better SSIM and
RMSE results are symbolized in bold. A 4N weight strategy was used for the
interpolation.

VMAF: Implementation Details

Since VMAF is a video metric, we first need to create a video for the evaluation. For this, the
first frame I0, the interpolated image, and the third frame I1 were added to form a video with
a 20 fps rate. For the interpolated frame, the forward forward warping method was used with
a 4N weight strategy, since these produce generally the best results. As a reference video, the
first frame I0, the ground truth image, and the third frame I1 were put together to form a
20 fps video as well. Currently, there exist different models with which the VMAF framework
gets trained. For the calculations shown in the following, the default model was used.
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Figure 4.12: Forward forward warping results showcasing the cropped interpolated image of
Cave 2 generated with the ProFlow baseline flow (a), and RAFT flow (b). With (a)
SSIM=0.342, RMSE=18.964 and less doubling artifacts, and (b) SSIM=0.347,
RMSE=19.036 and more doubling artifacts. The better SSIM and RMSE results
are symbolized in bold. A 4N weight strategy was used for the interpolation.

VMAF: Comparing Results to Other Metrics

Table 4.11 shows the VMAF results for the Middlebury dataset. For reference, the SSIM and
RMSE results are also provided. As we can see, for most scenes, the VMAF metric seems to
correspond to the SSIM. This is primarily the case for the scenes where the RMSE and SSIM
correspond as well. For scenes where the SSIM and RMSE results differ, such as scenes Army,
Evergreen and Mequon, the VMAF result corresponds to the RMSE result. Except for scene
Army, where the VMAF result is the same for RAFT and the ProFlow baseline. Interestingly, the
difference between the RAFT and the ProFlow baseline SSIM and RMSE results in the scenes
Dumptruck and Mequon is one of the largest. However, the VMAF result for these scenes is
the same for both RAFT and the ProFlow baseline. On the other hand, for scene Evergeen, the
VMAF results for RAFT and the ProFlow baseline have the largest difference between them,
while the SSIM results are quite close together. For the average results, all three metrics seem
to correspond. Overall, in the Middlebury dataset VMAF seems to correspond more to the
RMSE results.

In Table 4.12, the same VMAF results are shown for the dataset KITTI. Here, we have
the same occurrence as in the previous example. In case of a difference in the SSIM and RMSE
result, the VMAF corresponds to the RMSE result, as seen in Scene 3. However, in Scene 1,
VMAF does not correspond to either. As mentioned in the previous Section, Scene 1 contains
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Forward Forward Warping - Middlebury
Army Backyard Basketball Dumptruck Evergreen Grove Mequon ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT

4N W
VMAF 97.430 97.430 75.776 78.532 88.959 91.195 97.430 97.430 82.406 79.475 52.717 53.270 74.158 74.338 81.268 81.667
SSIM 0.917 0.921 0.771 0.786 0.534 0.541 0.871 0.892 0.815 0.816 0.708 0.738 0.820 0.805 0.777 0.786
RMSE 5.771 5.928 18.367 15.941 16.541 15.419 23.504 16.564 17.834 18.648 30.892 29.151 13.974 13.053 18.126 16.386

Table 4.11: VMAF results of a forward forward warping interpolation with 4N weight strategy
on the Middlebury dataset, using a ProFlow baseline flow and RAFT flow. To
calculate the VMAF, a video of the first frame I0, the interpolated image, and the
third frame I1 was generated with a 20 fps rate. For the ground truth videos, the
ground truth image was used as the second frame in the video. For reference, the
SSIM and RMSE results are given as well. The winning result is showcased in bold.
On the right, the average result of all scenes is given.

Forward Forward Warping - KITTI
Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT

4N W
VMAF 91.180 90.860 74.434 71.469 68.611 69.344 85.977 85.027 89.433 82.805 81.927 79.901
SSIM 0.313 0.314 0.313 0.289 0.530 0.520 0.809 0.805 0.623 0.604 0.518 0.506
RMSE 37.995 37.575 30.057 32.566 41.059 39.853 32.378 35.350 22.727 24.998 32.843 34.068

Table 4.12: VMAF results of a forward forward warping interpolation with 4N weight strategy
on the KITTI dataset, using a ProFlow baseline flow and RAFT flow. To calculate
the VMAF, a video of the first frame I0, the interpolated image, and the third frame
I1 was generated with a 20 fps rate. For the ground truth videos, the ground truth
image was used as the second frame in the video. For reference, the SSIM and
RMSE results are given as well. The winning result is showcased in bold. On the
right, the average result of all scenes is given.

mainly camera movement with a lot of trees. This is something that tends to work better with
a ProFlow baseline flow. Here, the VMAF metric may correspond more to this assumption.
Overall, in the KITTI dataset, the VMAF corresponds more to the RMSE as well.

Lastly, in Table 4.13, the VMAF results from the Sintel dataset are given. Here, we see a
similar occurrence as before. In case the RMSE and SSIM differ, the VMAF corresponds to
the RMSE, as can be seen in Cave 2. For scenes Alley 1, Sleeping 2 and Temple 2, the VMAF
results for RAFT and the ProFlow baseline are the same. Scenes Alley 1 and Sleeping 2 have
the smallest motion and their SSIM results are also quite similar as well. However, Temple 2
contains rather large motion, and their SSIM and RMSE results are more differing. Here,
the VMAF result does not work well. Additionally, scene Ambush 4 also has a better ProFlow
baseline VMAF result, despite RAFT having a better RMSE and SSIM result. This scene had the
largest motion and the RAFT optical flow was much better than the ProFlow baseline one. For
this scene, the VMAF result does not correspond to this.

Overall, the VMAF metric usually corresponds to the RMSE metric or has the same result
for RAFT and the ProFlow baseline in many scenes. Since one of the reasons why we tested
another metric was to see whether the RAFT results could get better, using the VMAF metric
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Forward Forward Warping - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT ProFlow RAFT

4N W
VMAF 97.430 97.430 61.970 59.134 29.598 25.917 97.430 97.430 97.430 97.430 76.772 75.468
SSIM 0.935 0.931 0.101 0.125 0.342 0.347 0.951 0.949 0.864 0.844 0.639 0.639
RMSE 5.997 6.432 56.431 52.996 18.694 19.036 3.661 4.041 18.707 20.658 20.698 20.633

Table 4.13: VMAF results of a forward forward warping interpolation with 4N weight strategy
on the Sintel dataset, using a ProFlow baseline flow and RAFT flow. To calculate
the VMAF, a video of the first frame I0, the interpolated image, and the third frame
I1 was generated with a 20 fps rate. For the ground truth videos, the ground truth
image was used as the second frame in the video. For reference, the SSIM and
RMSE results are given as well. The winning result is showcased in bold. On the
right, the average result of all scenes is given.

does not help here. Generally, the RAFT results are even worse in some cases when using the
VMAF metric. Additionally, generating the used videos and evaluating them takes additional
time. Hence why we are not going to explore this metric any further for the RAFT and the
ProFlow baseline experiments, but rather stick to the SSIM and RMSE. So far the focus was on
SSIM, however, as we have seen, in some cases the RMSE does work better. For this reason, it
can be beneficial to provide the results of both metrics.

4.3.3 Comparing Errors of Interpolated Images

In the last part of the investigation of interpolated images, we examine the most common
differences in the images generated with a RAFT flow and a ProFlow baseline flow. However,
for scenes with smaller motions, both flows tend to give relatively similar results. For these
cases, it is hard to determine which optical flow worked better. Hence we only focus on the
most evident and recurring differences.

The most common difference between the interpolated images with RAFT and the ProFlow
baseline is that with RAFT the images tend to have more doubling artifacts for large motion,
especially in the Sintel dataset. This is due to the fact that the moving objects depicted in
image I0 tend to not be removed in the interpolated image. What happens instead, is that
the estimated position of the object in It is simply placed over the position of the object in
I0. Such an effect can be seen in Figure 4.13. This figure shows the cropped Cave 2 scene of
the Sintel dataset, with the ground truth image (a) and interpolated images with a ProFlow
baseline flow (b) and a RAFT flow (c). For both interpolations, the forward warping method
and a 4N strategy were used. Comparing the visual quality of both images, we can see a clear
doubling artifact at the blade in the image generated with a RAFT flow. While the position of
the blade at time t seems to be estimated quite well, the old position remains in the image as
well. This is also visible in the doubling artifacts occurring at the area of the moving person.
Such doubling effects are far less visible in the ProFlow baseline image. Here, the moving

79



4 Experiments

Figure 4.13: Cropped resulting images of a 4N weight forward warping interpolation for
Cave 2, generated with a ProFlow baseline flow (b), and a RAFT flow (c). With
(c) showcasing doubling artifacts round the moving person which are less visible
in (b). For reference, the ground truth image (a) is given as well. Image source
for (a): [5].

moving person in the scene appears more clear. The blade also does not showcase such clear
doubling effect of two different positions.

Another example is seen in the scene Figure 4.14, showcasing two cropped areas of the
Temple 2 scene of the Sintel dataset. Here, we see the forward warping interpolation result with
a ProFlow baseline flow (b) and a RAFT flow (c), and the ground truth image (a). For both
interpolations, the 4N weight strategy was used. Looking at the RAFT image we can clearly
see a doubling effect happening at the wing of the dragon in the bottom image. Although this
is the case for the ProFlow baseline image as well, the ’old’ position of the wing is much more
visible in the RAFT image. Here, the new position of the wing is laid over the old position,
creating a doubling effect of two different positions. While both interpolated images show
doubling artifacts around the statue in the top image, the tower on the right has no doubling
artifacts in the ProFlow baseline one. Here, the tower is depicted almost identically to the
ground truth image. Whereas in the RAFT image, this tower has a well-visible doubling effect.

This raises the question, why the interpolated images using a RAFT flow are worse than
the ones with a ProFlow baseline flow. As seen in Subsection 4.1.2, the RAFT optical flow
for these scenes is better. One would expect the interpolated images to correspond to this,
however, this is not the case here.

However, although these doubling effects appear visually bad, in some cases they are a
sign that the interpolation worked better. While the images with the ProFlow baseline tend
to have less of these effects, what happens is that they also tend to not showcase the motion
of objects at the right distance. meaning the objects do not move to the right position in It

but rather stay at the same position they were in I0. To showcase this better, we compare the
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Figure 4.14: Cropped resulting images of a 4N weight forward warping interpolation for
Temple 2, generated with a ProFlow baseline flow (b), and a RAFT flow (c). With
(c) showcasing more doubling artifacts around the wing and the tower than in
(b). For reference, the ground truth image (a) is given as well. Image source for
(a): [5].

interpolated images at distance t = 0.8 instead of 0.5. This is to see how the effects appear in
interpolation that is a little farther away. While we do not have a ground truth image for this
position, we can see how far the objects in motion are from the position in I1. Since we used
the distance 0.8, the objects should be closer to the position in I1.

In Figure 4.15 we can see the cropped interpolated images for the scene Basketball at distance
t = 0.8, generated with a ProFlow baseline flow (c) and a RAFT flow (d). The interpolation
was performed with a forward warping and 4N weight strategy. For reference, we also depict
the first frame I0 in (a) and the third frame I1 in (b). As we can see, the interpolated image
with RAFT, again, contains doubling artifacts around the moving objects, such as the ball.
However, in this image we can see that the new position was generated for the ball. Whereas
in the interpolated image with a ProFlow baseline flow, the ball remains in the same position
as in I0. Meaning the ball has not moved at all, although we interpolated at a distance 0.8 and
thus the ball should be closer to I1. Despite looking visually more pleasing, the interpolated
image with the ProFlow baseline is thus less correct in the sense that it does not depict the
moving objects at the right position. While the interpolated image with a RAFT flow has more
artifacts, here, a movement has at least occurred.
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Figure 4.15: Cropped resulting images of a 4N weight forward warping interpolation for
Basketball at distance t = 0.8, generated with a ProFlow baseline flow (c), and a
RAFT flow (d). For reference, the first frame I0 (a) and third frame I1 (b) are
given as well, showcasing how the ball in (c) has not moved at all. Despite the
doubling artifacts in (d), the ball has moved to a new position. Image source for
(a), (b): [3]
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Figure 4.16: Cropped resulting images of a 4N weight forward warping interpolation for
Dumptruck at distance t = 0.8, generated with a ProFlow baseline flow (c), and a
RAFT flow (d). For reference, the first frame I0 (a) and third frame I1 (b) are
given as well, showcasing how the car in (c) has not moved at all. Despite the
doubling artifacts in (d), the car has moved to a new position. Image source for
(a), (b): [3].

Another example that showcases this phenomenon is depicted in Figure 4.16. Here, a forward
warping interpolation is performed on the scene Dumptruck, with a ProFlow baseline flow (c)
and a RAFT flow (d). This interpolation was performed with a forward warping method and
a 4N weight strategy as well. For reference, the first frame I0 (a) and the third frame I1 (b)
are shown as well. As seen in the I1 image, the car should be closer to the pole on the right.
However, in the ProFlow baseline image the car remains at the same position as in I0. Meaning
here, a ProFlow baseline flow interpolation does not move the car at all. While the car is more
visibly distorted in the RAFT image, it has at least moved closer to the pole.

As we can see, interpolated images with RAFT generally have more doubling artifacts due
to not correctly removing old positions. However, while this is visually not pleasing, the
new positions are still estimated quite well in many cases. Despite the fact that the ProFlow
baseline interpolated images appear more visually pleasing, often the movement of objects
is not performed at all. This effect may appear in scenes such as Basketball or Dumptruck.
Nonetheless, this phenomenon is not always the case. In scenes such as Cave 2 and Temple 2,
the objects do get moved in the images generated with a ProFlow baseline flow. Moreover,
they do not showcase as much doubling artifacts as with a RAFT flow. Thus, for these cases,
we can say that the ProFlow baseline flow worked better in the interpolation. However, as we
have seen in Section 4.1.2, the optical flow for these scenes is better estimated with RAFT. To
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investigate why the interpolated images are not better with RAFT, we want to see how ‘good’
the results of an interpolation can get. For this, we utilize the ground truth flows provided for
Sintel in the next section.

4.4 Oracle Experiments

As we have seen in the previous sections, RAFT yields overall a better optical flow estimation
than the ProFlow baseline. Nonetheless, performing an interpolation with a RAFT optical flow
does not always result in better interpolated images. While RAFT provides a better optical
flow estimation, it is not perfect. However, if given the most accurate optical flow, one would
expect the interpolation results to yield at least better results than so far. In this section, we
test whether this is the case and see how ‘good’ the results of the interpolation can become if
given such a flow. For this, we perform an interpolation with the ground truth flows provided
with the Sintel dataset. This experiment provides us with an oracle that tells us how ‘good’ the
result of an interpolation method can be.

For the following oracle experiment, we use the forward warping and forward forward
warping method with each of the six discussed splatting strategies. So far, we have interpolated
at time t = 0.5 between the first frame I0 and the third frame I1 in order to use the second
frame as a ground truth image. However, as mentioned in Section 4.1, the provided ground
truth flows only range from one frame to its immediate consecutive frame. Meaning we only
have a flow from the first frame to the second frame, or from the second frame to the third
frame. Additionally, we also have the backward flows going in the opposite directions. In order
to still have a ground truth image to compare the results to, we have to modify the way we
perform the interpolation. This is shown in Figure 4.17. For a forward warping method, we
interpolate between the first frame and the second frame at distance t = 1. Here, we use the
ground truth flow, represented as −−→v0,f , ranging from the first frame to the second frame. This
way, the second frame can remain as the ground truth image. For a forward forward warping
method, we perform the first forward warping analogously. For the second forward warping,
we warp the third frame I1 with the backward flow −→v1,b. The backward flow −→v1,b ranges from
the third frame to the second frame. Here, we interpolate at distance t = 1 as well. The second
frame is then used as the ground truth image. To save space, we refer to the ground truth
flows as ’GT’, the ProFlow baseline flows as ’PF’, and RAFT flows as ’R’ in the following tables.

Table 4.14 shows the results of a forward warping interpolation for the Sintel dataset. Analo-
gous to the forward warping results shown in Section 4.2, the SSIM and RMSE results for each
scene with each splatting strategy are given here as well. The SSIM and RMSE results using
a ground truth flow are depicted on the left, the ProFlow baseline flow in the middle, and a
RAFT flow on the right. Additionally, an average is given for each scene as well.
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Figure 4.17: Demonstration of how the frames of each dataset are used for interpolation using
a ground truth flow. Image source for the used frames: [3].

In Table 4.14, we can see in scenes Ambush 4 and Cave 2, that although using the ground truth
flows yields better results than with RAFT or the ProFlow baseline, the results are still not very
good. Surprisingly, for scenes Sleeping 2 and Temple 2 the results with the ground truth flows
are even worse than the ProFlow baseline results. Even in scene Alley 1 we have worse RMSE
results with the ground truth flows. Meaning, even when the ’most accurate’ flow is used, we
still do not always get a better quality in the interpolation.

In the forward forward warping results provided in Table 4.15, we can see the same phe-
nomenon. Ambush 4 and Cave 2 still do not provide good results with the ground truth flow.
Furthermore, scenes Sleeping 2 and Temple 2 still have better results when a ProFlow baseline
flow is used. Additionally, scene Alley 1 also yields worse RMSE results when the ground
truth flow is used. This further illustrates that a better flow quality does not result in better
interpolation quality for all cases.

As we can see from these two tables, in some cases the images generated with a ground
truth flow yield even worse results than the ones generated with a ProFlow baseline flow. To
rule out the possibility that the confusing results might be due to a bad metric, we additionally
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Forward Warping - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

GT PF R GT PF R GT PF R GT PF R GT PF R GT PF R

1N U
SSIM 0.904 0.893 0.885 0.223 0.083 0.088 0.607 0.330 0.348 0.903 0.906 0.902 0.823 0.833 0.815 0.692 0.609 0.608
RMSE 10.595 9.843 10.437 63.643 69.711 66.278 17.324 20.642 20.474 7.607 6.559 7.392 28.745 24.198 28.063 25.583 26.191 26.529

1N W
SSIM 0.904 0.893 0.885 0.223 0.083 0.088 0.607 0.329 0.348 0.903 0.906 0.902 0.823 0.833 0.815 0.692 0.609 0.608
RMSE 11.010 9.708 10.579 63.661 69.722 66.235 17.369 20.658 20.509 7.604 6.555 7.383 29.009 23.915 28.090 25.731 26.112 26.559

1N WW
SSIM 0.902 0.892 0.884 0.219 0.082 0.088 0.593 0.325 0.342 0.902 0.906 0.902 0.822 0.832 0.813 0.688 0.607 0.606
RMSE 13.691 10.411 12.102 64.336 70.149 67.232 19.080 21.516 21.957 7.642 6.569 7.463 31.452 24.333 30.346 27.240 26.596 27.820

4N U
SSIM 0.920 0.906 0.899 0.236 0.085 0.093 0.621 0.356 0.374 0.885 0.887 0.883 0.821 0.830 0.814 0.697 0.613 0.613
RMSE 9.076 8.656 9.326 63.237 69.689 66.065 16.980 20.158 20.180 7.054 6.791 7.227 28.453 23.692 27.849 24.960 25.797 26.129

4N W
SSIM 0.940 0.926 0.918 0.235 0.084 0.092 0.640 0.349 0.367 0.940 0.943 0.939 0.850 0.859 0.841 0.721 0.632 0.631
RMSE 8.589 7.992 8.834 63.385 69.813 66.131 16.985 20.325 20.276 4.999 3.913 5.120 28.184 23.378 27.578 24.428 25.084 25.588

4N WW
SSIM 0.901 0.891 0.883 0.218 0.080 0.087 0.592 0.324 0.341 0.902 0.906 0.901 0.822 0.831 0.813 0.687 0.606 0.605
RMSE 13.689 10.427 12.160 64.494 70.655 67.373 19.221 21.723 22.150 7.618 6.589 7.530 31.632 24.464 30.569 27.331 26.772 27.956

Table 4.14: SSIM and RMSE results of a forward warping interpolation of the Sintel dataset,
using a ground truth flow, the ProFlow baseline flow, and RAFT flow. For each
splatting strategy, the better result is marked bold. Here, the splatting strategy ’U’
stands for uniform, ’W’ for weight, and ’WW’ for weight winner. Additionally, the
ground truth flows are referred to as ’GT’, the ProFlow baseline flows as ’PF’, and
RAFT flows as ’R’. On the right, the average of all scenes is given for each splatting
strategy.

Forward Forward Warping - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

GT PF R GT PF R GT PF R GT PF R GT PF R GT PF R

1N U
SSIM 0.942 0.933 0.928 0.246 0.103 0.125 0.556 0.334 0.336 0.952 0.956 0.952 0.829 0.858 0.837 0.705 0.637 0.636
RMSE 7.060 6.207 6.697 50.460 56.215 53.282 16.852 18.707 19.085 4.276 3.330 4.036 23.160 19.007 20.994 20.362 20.693 20.819

1N W
SSIM 0.943 0.933 0.929 0.246 0.103 0.125 0.555 0.334 0.336 0.952 0.956 0.952 0.830 0.858 0.838 0.705 0.637 0.636
RMSE 7.164 6.162 6.702 50.517 56.209 53.373 16.893 18.706 19.099 4.274 3.329 4.030 23.353 18.912 21.122 20.440 20.664 20.865

1N WW
SSIM 0.942 0.932 0.928 0.240 0.100 0.121 0.537 0.331 0.331 0.952 0.956 0.952 0.830 0.857 0.836 0.700 0.635 0.634
RMSE 8.246 6.499 7.194 51.536 56.500 54.999 17.787 19.022 19.678 4.364 3.343 4.088 25.515 19.231 23.055 21.490 20.919 21.803

4N U
SSIM 0.936 0.925 0.921 0.257 0.103 0.126 0.567 0.348 0.352 0.913 0.914 0.911 0.821 0.847 0.828 0.699 0.627 0.628
RMSE 6.493 6.162 6.557 49.742 56.335 52.916 16.525 18.579 18.969 5.293 5.113 5.400 22.688 18.852 20.796 20.149 21.008 20.928

4N W
SSIM 0.948 0.935 0.931 0.259 0.101 0.125 0.582 0.342 0.347 0.949 0.951 0.949 0.840 0.864 0.844 0.716 0.639 0.639
RMSE 6.224 5.997 6.432 49.816 56.431 52.996 16.452 18.694 19.036 4.084 3.661 4.041 22.413 18.707 20.658 19.798 20.698 20.633

4N WW
SSIM 0.945 0.932 0.928 0.240 0.094 0.117 0.541 0.329 0.332 0.953 0.957 0.952 0.836 0.860 0.839 0.703 0.634 0.634
RMSE 7.655 6.526 7.195 51.519 57.191 54.859 17.460 19.298 19.828 4.162 3.287 4.058 24.790 19.441 23.062 21.118 21.149 21.800

Table 4.15: SSIM and RMSE results of a forward forward warping interpolation of the Sintel
dataset, using a ground truth flow, ProFlow baseline flow, and RAFT flow. For each
splatting strategy, the better result is marked bold. Here, the splatting strategy ’U’
stands for uniform, ’W’ for weight, and ’WW’ for weight winner. Additionally, the
ground truth flows are referred to as ’GT’, the ProFlow baseline flows as ’PF’, and
RAFT flows as ’R’. On the right, the average of all scenes is given for each splatting
strategy.

consider the VMAF results. Although the VMAF has not delivered any new insight in Subsec-
tion 4.3.2, we examine it nonetheless in order to see whether it brings more insight when a
ground truth flow is used. For this, we take the forward warping results using a 4N weight
strategy and create the same 20 fps videos as described in Subsection 4.3.2.

Such VMAF results can be seen in Table 4.16. For reference, we also add the corresponding
SSIM and RMSE results in the table. In this table, we can see the VMAF results for the ground
truth flow are still not better. On the contrary, here, even scene Ambush 4 is better with RAFT
according to the VMAF metric. For scenes Alley 1 and Sleeping 2 the VMAF results are the same
for all three flows, providing no further insight. In scene Temple 2, the ground truth flow still
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Forward Warping - Sintel
Alley 1 Ambush 4 Cave 2 Sleeping 2 Temple 2 ø

GT PF R GT PF R GT PF R GT PF R GT PF R GT PF R

4N W
VMAF 97.430 97.430 97.430 56.855 58.732 58.910 41.639 30.772 25.568 97.430 97.430 97.430 94.966 97.430 97.430 77.664 76.359 75.354
SSIM 0.940 0.926 0.918 0.235 0.084 0.092 0.640 0.349 0.367 0.940 0.943 0.939 0.850 0.859 0.841 0.721 0.632 0.631
RMSE 8.589 7.992 8.834 63.385 69.813 66.131 16.985 20.325 20.276 4.999 3.913 5.120 28.184 23.378 27.578 24.428 25.084 25.588

Table 4.16: VMAF results of a forward warping interpolation with 4N weight strategy on the
Sintel dataset, using a ground truth flow, a ProFlow baseline flow, and a RAFT
flow. To calculate the VMAF, a video of the first frame I0, the interpolated image,
and the third frame I1 was generated with a 20 fps rate. For the ground truth
videos, the ground truth image was used as the second frame in the video. For
reference, the SSIM and RMSE results are given as well. The winning result is
showcased in bold. On the right, the average result of all scenes is given. Here,
the ground truth flows are referred to as ’GT’, the ProFlow baseline flows as ’PF’,
and RAFT flows as ’R’. On the right, the average of all scenes is given for each
splatting strategy.

has not the better result. Overall, the VMAF metric does not always yield better results for the
ground truth flows. Due to this, we are going to only focus on the SSIM and RMSE again.

Generally, we can see that using a ground truth flow does not give us much better results. In
cases such as Alley 1, Sleeping 2 and Temple 2, it actually yields worse results than we have seen
so far with the ProFlow baseline flow. To investigate this further we examine the scenes where
the ground truth flow provided worse results. Since the scenes Alley 1 and Sleeping 2 have quite
a small motion, the resulting interpolated images do not provide many differences. Because of
this, from now on we focus only on the scene Temple 2, which provides a much larger motion
with bigger differences between the used flows. Based on this scene we investigate in the
following section, in which areas using a ground truth flow yields such bad results and what
the reason for this could be.

4.5 Investigation of Ground Truth Results

In this section, we focus on the reason why the interpolated images created with a ground
truth flow yield worse results than with the other flow estimations. As mentioned before, we
focus only on the scene Temple 2 throughout this investigation, since it provides the largest
motion. In this scene, we only consider the parts of the interpolated images that showcase the
biggest differences. Figure 4.18 showcases these most interesting areas of this scene which are
investigated in the following sections.

In the investigation, we first examine the resulting interpolated images to see what errors are
made with the ground truth flow. To investigate further, we then try to smooth the outlines in
a ground truth flow with a Gaussian filter. As we have seen in Section 4.1, the main difference
between RAFT and the ProFlow baseline is that in a ProFlow baseline flow the outlines appear
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Figure 4.18: The ground truth image of Temple 2, showcasing the cropped areas (marked red)
which are investigated in the following sections. Image source: [5].

more blurred. Since the ProFlow baseline yields better interpolation results, an idea would be
to see whether smoothing the ground truth flow with a Gaussian filter can have a similar effect
and yield better interpolation results. Following this, we examine whether the used inpainting
method might be the reason causing such errors. For this, we perform the forward warping
interpolation without an inpainting method and compare the results. Lastly, we make use of
the disocclusion maps shown in Section 3.7. With these, we calculate the SSIM and RMSE
results only in areas that are not disoccluded to see whether this yields better ground truth
results.

4.5.1 General Problem

First, we examine the interpolated images generated with a forward warping. Since the 4N
weight strategy yields the best results, we focus on the results generated with this strategy. The
cropped interpolated images showcasing the most interesting aspects can be seen in Figure 4.19.
In (a) we can see the image generated with the ground truth flow, in (b) the one created with
a ProFlow baseline flow, and the RAFT counterpart is seen in (c). In Subsection 4.3.3, we have
already seen that images created with a RAFT flow tend to have doubling effects due to not
removing the old position of objects from frame I0. Such an effect is even more visible in the
images generated with the ground truth flow. Here, we can clearly see an overlaying of two
different positions in the dragon, shown in the bottom image, or the towers, shown in the
top image. As was the case with RAFT, here, the old position of the moving objects does not
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Figure 4.19: Cropped resulting images of a 4N weight forward warping interpolation for
Temple 2, generated with a ground truth flow (a), the ProFlow baseline flow (b),
and a RAFT flow (c). In (a) and (c) doubling artifacts showcasing two different
positions of the dragon and towers can be seen, which are less visible in (b).

get removed. The new position merely gets placed over it. While such an effect can be seen
in some places in the image generated with the ProFlow baseline, such as the statue in the
top image, these effects are much less visible. In the case of the right tower shown in the top
image, such an effect cannot be seen at all.

This effect can be seen in the forward forward warping results as well. In Figure 4.20,
we can see these results generated with the ground truth flow (a), the ProFlow baseline
flow (b), and RAFT flow (c). Here, a 4N weight strategy was used as well. Since a forward
forward warping warps both frames I0 and I1, here, we have three different positions of the
moving objects that can be seen in (a) and (c). These are the initial positions of frames I0 and
I1, and the resulting position of the interpolated image. This is clearly visible in the left tower
of the top image or the wings of the dragon in the bottom image.

Generally, we can see that the interpolated images created with a ground truth flow ex-
hibit the same phenomenon as the ones generated with RAFT. In these images, the old
positions of moving objects do not get removed, but the new positions are laid on top. Such a
phenomenon is almost non-existent in the images generated with the ProFlow baseline flow.
As we have seen before, the main difference between these flows are the outlines of moving
objects. In a ProFlow baseline flow these outlines appear more blurred and blurred than
in a RAFT or ground truth flow. Since the interpolated images generated with the ProFlow
baseline flows do not contain the overlaying effects, an idea to fix these effects is to imitate this
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Figure 4.20: Cropped resulting images of a 4N weight forward forward warping interpolation
for Temple 2, generated with a ground truth flow (a), the ProFlow baseline flow
(b), and a RAFT flow (c). In (a) and (c) doubling artifacts showcasing three
different positions of the dragon and towers can be seen, which are less visible in
(b).

smoothing of outlines in the ground truth flows. This is done in the following with a Gaussian
filter.

4.5.2 Smoother Outlines with a Gaussian Filter

The reason for the doubling effect with the better flows can be that in case the sharp outlines
of moving objects do not perfectly align with the outlines in the flow, these areas might be
‘dragged’ to a new position in the interpolation. In case the cut of the outlines is not as sharp
and the outlines of the flows do not match with the outlines of the moving objects, it may not
cause them to be moved as drastically. Hence why the more blurred outlines in a ProFlow
baseline flow might not have such doubling effects as the sharp outlines in a ground truth
or RAFT flow. To test this theory we try emulate this smoothing effect of the outlines in the
ground truth flows by adding a Gaussian filter to them. For this, we use a Gaussian filter with
σ = 1 and σ = 5 and perform a forward warping method with these smoothed flows. Since the
main focus was on the 4N weight strategy so far because it provides the best results, in the
following, we focus only on this strategy as well.

In Figure 4.21 we see the cropped interpolated images using the ground truth flow with-
out a Gaussian filter (a), with an applied Gaussian filter with σ = 1 (b), and σ = 5 (c). As
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Figure 4.21: Cropped resulting images of a 4N weight forward warping interpolation for
Temple 2, generated with a ground truth flow without a Gaussian filter (a), with a
Gaussian filter with σ = 1 (b), and σ = 5 (c). With (a) showing doubling artifacts
on the dragon and towers which are less visible in (b) and not visible at all in (c).

Forward Warping - Ground Truth Flow

Temple 2

Without Gaussian Filter Gaussian Filter with
σ = 1

Gaussian Filter with
σ = 5

4N W
SSIM 0.850 0.336 0.281
RMSE 28.184 43.982 49.846

Table 4.17: SSIM and RMSE results of a 4N weight forward warping interpolation of Temple 2,
using a ground truth flow without a Gaussian filter, with a Gaussian filter and
σ = 1 and σ = 5.

we can see, the doubling effects do in fact disappear completely when a Gaussian filter is
used. Even with σ = 1, a large reduction of these doubling effects can already be seen. With
σ = 5, these effects are completely gone. So the above mentioned theory does hold. However,
we also want to achieve good SSIM and RMSE results. Hence why we evaluate each shown
interpolated image with the SSIM and RMSE.

This is shown in Table 4.17. Looking at the results of the applied Gaussian filter, we can see a
drastic decline in the SSIM and RMSE results. The results for both σ = 1 and σ = 5 are not
good. Thus, using a Gaussian filter is not a solution.

As we have seen, while the Gaussian filter eliminates the doubling effects, it causes the
SSIM and RMSE results to suffer. What happens here is similar to what we have seen in
Section 4.3.3. While we have fewer doubling effects with the Gaussian filter, the motion of the
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Figure 4.22: Cropped resulting images of a 4N weight forward warping interpolation for
Temple 2 without an inpainting step, generated with a ground truth flow (a), the
ProFlow baseline flow (b), and a RAFT flow (c). The holes are marked red.

objects is not estimated as accurately. Meaning the moving objects in the scene are not moved
far enough in the interpolated image. Instead, they mostly remain in the position of the first
frame I0. This causes bad SSIM and RMSE results since the motion was not estimated well in
the interpolation. Thus, a smoothing of the ground truth flow does not work for our problem.
An alternative is to inspect at the underlying inpainting method. To test this, we leave out the
inpainting step and compare the interpolated images containing holes. This is done in the
following.

4.5.3 Interpolation Without Inpainting

One possibility for causing the doubling effects in the interpolated images generated with the
ground truth and RAFT flow can be the underlying inpainting method, discussed in Section 3.4.
If we apply a forward warping without an inpainting step at the end and then visualize the
resulting holes with a red color, we get the following images shown in Figure 4.22. The shown
cropped interpolated images were generated with a 4N weight strategy.

As we can see, the visualized holes in the images correspond to the old positions that do not
get removed in the interpolation. Hence why the underlying inpainting method may be the
reason why the old positions do not get removed. To test this, we calculate the SSIM and
RMSE for an interpolated image containing holes. The results for this are shown in Table 4.18.
Additionally, the amount of holes for each interpolated image is given as well.
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Forward Warping Without Inpainting
Temple 2

Ground Truth ProFlow RAFT

1N U
SSIM 0.739 0.750 0.753
RMSE 63.070 59.413 58.938
Amount of Holes 28278 24495 23593

1N W
SSIM 0.739 0.750 0.753
RMSE 63.185 59.299 58.950
Amount of Holes 28278 24495 23593

1N WW
SSIM 0.739 0.749 0.751
RMSE 64.323 59.472 60.050
Amount of Holes 28278 24495 23593

4N U
SSIM 0.842 0.822 0.808
RMSE 54.235 43.790 48.766
Amount of Holes 19126 10749 13716

4N W
SSIM 0.842 0.851 0.807
RMSE 54.047 43.623 48.612
Amount of Holes 19126 10749 13716

4N WW
SSIM 0.815 0.823 0.807
RMSE 55.882 44.215 50.368
Amount of Holes 19126 10749 13716

Table 4.18: SSIM and RMSE results of a forward warping interpolation of Temple 2 without an
inpainting step, using a ground truth flow, the ProFlow baseline flow, and RAFT
flow. For each splatting strategy, the better result is marked bold. Additionally, the
amount of holes is given for each strategy as well.

Looking at the SSIM and RMSE results, we can see that the images generated with the
ground truth flow still do not provide better results. Although a 4N uniform strategy results in
the the ground truth flow having the best SSIM results, for the rest of the strategies, the SSIM
is still not better with a ground truth flow. If we compare the number of holes, we see that
the images created with the ground truth flow contain the highest amount of holes. This may
explain why the SSIM and RMSE results are not as good.

Overall, not using an inpainting method does not yield better results for the images gen-
erated with the ground truth flow. In fact, they yield even worse results due to the high amount
of holes. An alternative would be to investigate other inpainting solutions, however, this is
outside the scope of this thesis. As we have seen, the holes appear on the areas of the ‘old’
position of the moving objects. Such positions are areas that get disoccluded in the interpolated
frame. Hence why in the following we examine these areas a little further.

4.5.4 Disoccluded Areas

We have seen that the main problem of the doubling effect is that the moving objects at the old
positions in frame I0 do not get removed in the interpolated frame. Parts of these positions
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in the first frame I0 get disoccluded in the second frame, meaning in our interpolated frame.
Hence why we do not have a valid optical flow estimation for these areas. In the following,
we test whether ignoring these disoccluded areas in the SSIM and RMSE evaluation yields
better results for the images generated with the ground truth flow. We have already discussed
how to generate occlusion and disocclusion maps in Section 3.7. Now we make use of such
maps to assess which areas get disoccluded in the interpolated image, meaning in the second
frame. Since we are only interested in the disoccluded areas we only use the disocclusion
map. For this, Algorithm 3.6 was used with the threshold T = 1. Since we want to obtain a
disocclusion map for each of the flow estimations separately, the forward-backward check was
used for the ground truth flows, the ProFlow baseline flows and RAFT flows separately. For the
disocclusion map of the ground truth flow, the forward flow ranging from the first frame to the
second frame, and the backward flow ranging from the second frame to the first frame was
used. For RAFT and the ProFlow baseline, the forward flow ranging from the first frame to
the third frame and the backward flow ranging from the third frame to the first frame was used.

Figure 4.23 shows these disocclusion maps generated with the ProFlow baseline flows (a),
RAFT flows (b) and the ground truth flows (c). As we can see in (c), the white parts rep-
resenting the disoccluded areas correspond to the ‘old’ positions from frame I0 that do not
get removed in the interpolated image with the ground truth flow. We now we take the
interpolated images generated with a forward warping and calculate the SSIM and RMSE only
for the pixels that are not disoccluded. For this, the used SSIM method has to be modified
in order to calculate the SSIM for each pixel. This was already done in Subsection 4.3.1.
After calculating the SSIM for each pixel, we only consider the pixels that are not disoc-
cluded and average over their SSIMs to obtain one resulting SSIM value. Analogously, for
the RMSE we only calculate the squared difference between the pixels that are not disoccluded.

Table 4.19 shows the SSIM and RMSE results for each splatting strategy. Overall, the SSIM and
especially the RMSE results are much better when the disoccluded areas are not considered in
the evaluation. However, as we can see, the images generated with the ProFlow baseline flows
still provide better results than the ones generated with the ground truth flows. Meaning even
when the ‘old’ positions are removed in the interpolated image, the ProFlow baseline images
are still better according to the SSIM and RMSE.

Overall, using disocclusion maps to leave out disocclusions in the interpolated images, provided
much better results. However, these results still indicate that the interpolated images generated
with the ground truth flows are not as good as the ones generated with the ProFlow baseline.
Meaning that even if we use an accurate flow estimation, the results do not always reflect this.
Thus, for the conducted experiments, a better flow quality did not automatically correspond to
better interpolation results.
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Figure 4.23: Disocclusion maps for Temple 2, generated with the ProFlow baseline flows (a),
RAFT flows (b), and ground truth flows (c).

Forward Warping Without Disocclusions
Temple 2

Ground Truth ProFlow RAFT

1N U
SSIM 0.854 0.878 0.860
RMSE 10.253 8.559 9.922

1N W
SSIM 0.854 0.879 0.860
RMSE 10.483 8.396 10.043

1N WW
SSIM 0.854 0.877 0.858
RMSE 12.378 8.637 11.938

4N U
SSIM 0.844 0.865 0.849
RMSE 9.932 8.433 9.747

4N W
SSIM 0.877 0.901 0.883
RMSE 9.565 8.030 9.434

4N WW
SSIM 0.854 0.877 0.857
RMSE 12.295 8.603 11.999

Table 4.19: SSIM and RMSE results of a forward warping interpolation of Temple 2 calculated
only on areas without disocclusions, using a ground truth flow, the ProFlow
baseline flow, and RAFT flow. For each splatting strategy, the better result is
marked bold.
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4.6 Summary of Experiments

Throughout this chapter, we have conducted several experiments to determine whether the
quality of an optical flow estimation played a role in the quality of interpolation results. To
recapitulate on the conducted results, we summarize the main points of these experiments.

First, we compared the visualization of optical flows estimated with RAFT and the ProFlow
baseline in order to determine their main differences. Here, we have seen that the biggest
difference were the outlines of moving objects. While RAFT captures very clean-cut and sharp
outlines of moving objects, the ProFlow baseline flows have more blurred outlines. On the
other hand, the ProFlow baseline seems to capture more textured areas such as trees, a little
better. Overall, an investigation of the EPE showed that RAFT provided generally better optical
flow estimations. Here, we also assessed each pixel individually and found that the RAFT flows
had better EPE results for the outlines of moving objects.

The next step was to compare the interpolation results using a ProFlow baseline and RAFT
flow. Here, we looked at the ‘winner’ of various interpolation methods, with the focus being on
the forward warping and forward forward warping. While the Middlebury dataset had overall
more RAFT ‘winners’, the ProFlow baseline did a better job for the KITTI and Sintel datasets.
The main difference in these datasets is that Middlebury captures primarily moving objects
in a static scene, while KITTI contains mostly camera movement. From this, we conducted
that RAFT seems to work better for sequences with larger motion and without any camera
movement. The ProFlow baseline flows, on the other hand, provided better interpolation
results for scenes with textured areas where the outlines are not as easily differentiated from
the background. This corresponded to what was seen in the optical flow estimations. The
Sintel dataset is mainly synthetic. For scenes with a very large motion, RAFT worked better,
while for scenes with a small motion, the ProFlow baseline had better results. However, here,
the optical flow quality did not correspond to the quality of the interpolated images. Most
RAFT optical flows were better for the Sintel dataset, yet the ProFlow baseline had overall
more ‘winners’ in the interpolation.

This was further investigated by calculating the SSIM for each pixel individually and ex-
amining which areas seemed to be erroneous. Here, we have seen that while the RAFT optical
flows provided much better EPE results for the outlines of moving objects, the SSIM results of
the interpolated images were actually worse for these same areas. This led to an investigation
of the used error metric SSIM, where we found instances where the RMSE actually worked
better for the perceived quality. Due to this, we also explored an alternative metric, the VMAF,
to test whether this leads to better RAFT results. Overall, this metric did not provide any more
insight and usually corresponded to the RMSE. Hence why the focus then remained on the
SSIM and RMSE despite its shortcomings. As a last comparison of the RAFT and the ProFlow
baseline interpolation results, we then examined the most prominent errors occurring in the
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4.6 Summary of Experiments

interpolated images. Here, we found that RAFT consists of many doubling artifacts. Instead of
properly removing the moving objects depicted in the initial position of frame I0, these old
positions are kept in the interpolated image. The objects depicted in the ‘new’ position are
then just layered on top, creating these doubling effects. Such a phenomenon was not seen in
the interpolated images generated with a ProFlow baseline flow. While this was visually more
pleasing, sometimes it also caused the objects to not move at all. Meaning, the objects in the
interpolated image remained in the same position as in frame I0. This was further showcased
by interpolating at a farther distance.

After comparing ProFlow and RAFT results we then took the ground truth flows for the
Sintel dataset and conducted an oracle experiment. Here, we considered the forward warping
and forward forward warping interpolation methods. While most scenes had better results
when the ground truth flow was used, the actual SSIM and RMSE values were not as good.
Furthermore, for some scenes, the ProFlow baseline results were actually better. Even the
VMAF metric did not provide any better results.

Because of this, the last part of the experiments consisted of an investigation of possible
causes. Here, we first discovered that the doubling effects visible in the RAFT results were also
seen in the images generated with a ground truth flow. Since both flows depicted outlines
much sharper than the ProFlow baseline flows, the idea was to then smooth the ground truth
flow with a Gaussian filter. With these smoothed flows we then applied a forward warping
interpolation. While this helped to get rid of the doubling effects, here, we had the problem
that the moving objects were not moved in the interpolated images, thus resulting in bad SSIM
and RMSE values. Another idea was to perform an interpolation without an inpainting step to
see whether the underlying inpainting method caused the problems. However, here, the images
generated with a ground truth flow had overall more holes than with RAFT or the ProFlow
baseline, hence why the results did not improve. The last attempt to improve the results was to
use disocclusion maps to find the disoccluded areas that did not have an accurate flow. Here,
we calculated the SSIM and RMSE only for pixels that were not disoccluded. Although the
overall results were better, the images generated with a ProFlow baseline flow still yielded
better results than the ones generated with the ground truth flow.

After conducting these experiments, the main insight we have gathered here is that the
quality of the optical flow quality does not always correspond to the quality of interpolated
images using these flows.
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To answer the question of whether the quality of the used optical flow correlates to the quality
of the interpolation results, we investigated two different optical flow estimations, RAFT and
ProFlow baseline, and performed several interpolation experiments with them.

Examining the EPE and visualizations of these flows, we have seen that generally, RAFT
yields more accurate optical flow estimations with sharper outlines of moving objects. However,
usually, these estimations tend to smooth over textured areas, which are thus better depicted
with ProFlow baseline. Using these flows in interpolation experiments, we could see that for
scenes with less camera movement and with objects that have well visible outlines, the RAFT
flow works better. On the other hand, ProFlow baseline flows works better for more camera
movement. An expected outcome of the interpolation was that a better flow would result in
better interpolation results. However, the majority of the Sintel dataset had better interpolation
results with a ProFlow baseline flow, despite RAFT providing more accurate optical flow
estimations for most scenes. Thus a ‘better’ flow did not generate ‘better’ interpolated images
in all cases. Surprisingly, specific areas of a scene where the optical flow estimation was better
with RAFT, contained more errors in the resulting interpolated images than the ones generated
with ProFlow baseline. This was mainly seen in the outlines of objects, where the SSIM was
worse for images generated with RAFT. While the SSIM metric did not always correspond to
the perceived quality, it was not the sole reason for these bad results. The main problem that
could be seen in these cases are doubling effects around moving objects. This is the result of
not removing old the position of the moving object but rather just overlaying the new one on
top.

Since RAFT flows have their inaccuracies as well, we wanted to see how well an inter-
polation can perform with a mostly accurate flow estimation. For this, we used the ground
truth flows for the Sintel dataset to conduct an oracle experiment. Here, we have seen that in
some cases, the interpolation results are still better when a ProFlow baseline flow was used.
Similar to the case of using a RAFT flow, images that were generated with a ground truth flow
showcase major doubling effects around moving objects. Both RAFT and the ground truth
flows display much sharper outlines of moving objects in the flow visualization. From this, we
concluded that the sharper the outlines in an optical flow estimation, the more doubling effects
are visible in the interpolation. While smoothing these outlines with a Gaussian filter removed
doubling effects, it caused the objects of the scene to not move far enough in the interpolated
image, resulting in bad SSIM and RMSE results. By leaving out an inpainting step we could see
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that the ‘old’ positions that do not get removed in the interpolation, correspond with the holes
of the image. However, calculating the SSIM and RMSE of the images containing holes led to
no improvement due to the high amount of holes. These ’old’ positions also correspond to the
disocclusions in the second frame. Nonetheless, calculating the SSIM and RMSE for pixels that
are not disoccluded did not result in better ground truth results than with ProFlow baseline.
This lead to the conclusion that for some cases, a more ‘accurate’ flow does not provide better
results in a forward warping or forward warping interpolation.

Future Work

We conducted various experiments to analyze why a ‘better’ optical flow did not always
correspond to better interpolation results. For these experiments, we used different sequences
from three different benchmarks. While the used datasets contained a variety of sequences, it
would be beneficial to look into additional scenes or even other benchmarks to get more data.
For the datasets that were used in this thesis, we have seen that in some cases, used error
metric did not always correspond to the perceived quality. For this, it might be helpful to
examine further error metrics that may provide a more accurate estimation of the perceived
quality.

Nonetheless, we have seen that the main problem for the suprising results was not the
error metric. To understand why the interpolated images are not better even when a ground
truth flow is used, we looked at different approaches, yet there are still many possibilities
that can be investigated. In the experiment chapter, we have already touched briefly on the
option of using a different inpainting strategy. As we have seen, the ‘old’ positions of image I0
which do not get removed in the interpolated image, correspond to the holes that have to be
inpainted. Using a more suited inpainting method could prevent these holes to be filled with
the area of the ‘old’ position and instead fill them with the right information. In this thesis, we
only looked at an isotropic, diffusion based approach. The alternative is to look at anisotropic
inpainting methods instead [57, 68]. Moreover, the used inpainting method is based on solving
a PDE. Here, it would be beneficial to look at alternatives such as convolution filter based
methods [69, 70] or synthesis based methods [55, 56] or other alternatives. Furthermore, we
only looked at two different ways for splatting and three different strategies that deal with a
collision. An option is to use other approaches that were not discussed in this thesis. Addition-
ally, while using a forward warping and forward forward warping interpolation method yielded
such worse results, other methods might provide different results. In this thesis, we briefly
discussed various other approaches that were not further investigated with the ground truth
flows. Conducting the same oracle experiments with these methods could possibly yield other
results. Furthermore, using other methods that were not discussed in this thesis might provide
more insight as well. All interpolation methods that were discussed use only two frames. Here,
it might be useful to utilize methods that look at more than just two frames. Additionally, we
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only looked at linear interpolation. In Section 3.6, we saw what challenges this can cause.
An alternative would be to look at other approaches such as quadratic interpolation [61] or a
bicubic interpolation [71] or other possible methods.

Lastly, we have tried comparing the interpolation results only of areas where we should
possess an accurate ground truth flow, namely areas without disocclusion. However, it might
be possible that the ground truth flows in these areas are not accurate enough. Here, an idea
could be to investigate whether the flow is estimated well for each area of the scene or whether
there are some errors that need to be fixed.
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