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g&‘rac!—\’iﬂeo frame interpolation, or VFEJis one of the
critical tasks in image processing, and it can be applied
to a wide range of pm-s. It enhances video sequences
by seamlessly increasing the number of frames, resulting in
improved video guality and smoothness. It is also useful for
creating slow-motion videos and can be applied in video com-
pression and reconstruction algorithms. However, increasingly
popular real-time and mobile applications require quick and
computationally light as well as high-quality solutions. This
researcliflaper introduces the FracRIFE algorithm, a modified
version of the RIFE (Real-Time Intermediate Flow Estimation)
method, where a novel fractional-order Lucas-Kanade optical
flow solution replaces the original optical flow calculation based
on the IFNet. Through benchmark evaluations and compar-
isons with leading algorithms in the field of VFI, the proposed
method demonstrates superior processing speed compared to
RIFE, while maintaining comparable quality. Moreover, the
proposed fractional-order Lucas-Kanade variant surpasses its
traditional first derivative predecessor in terms of quality,
albeit it is slightly slower.

1. Introduction

Video frame inta)olaliom or VFI, is the task of synthe-
sizing intermediate frames between two consecutive frames
of a video. Itis generally used to increase the frame rate and
improve the visuallity and perception of videos. In par-
ticular, VFI can be applied to a wide range of problems, such
as video compression [1], generating slow-motion videos
[2], increasing the frame rate of (cloud-based) video games
[3]. novel view synthesis [4], missing frame restoration [5]
or super-resolution [6]. Some of these applications require
real-time performance, but they can effectively reduce the
costs of constructing high-speed hardware or providing ser-
vices to users with limited resources oandwidlh,

VFI algorithms need to cope with complex, large, and
non-linear motions and illumination changes of the real-
world scenes. One common approach to the VFI probleln:
based on a hybrid solution comprising initial warping of the
input frames according to an estimated o 1 flow and final
fusing and refining these warped frames with Convolutional
Neural Networks (CNNs). Some of the recent flow-based

aave shown remarkable results [7], [8].
[9], [10], [11]. Flow-based algorithms can be classified as
back-warpin&;ommonly used) and forward-warping (rarely
used). They calculate bidirectional optical flow to generate
an intermediate flow, which compulalionally expensive
process, and such solutions are not suitable for real-time
ap| 1ons.

In this paper, the authors propcma novel method for
video frame interpolation based on the fractional-order op-
tical flow algorithm proposed by Gonzilez-Acuia et al
in [12]. This hybrid method is expected to be more effi-
cient than methods that use neural @ork models for bi-
directional optical flow estimation. The m: ~ontribution
of this work is the feasibility study of fractional-order
derivative application in the VFI domain: can helpful
in developing a fast, high-quality method for video frame
interpolation, which can be implemented on many devices
and run in real-time? The authors analyzed the impact of
derivative order on the algorithm outcome. They compared
the achieved results with some of the best in this field:
MEMC-Net [13], SepConv [14], Softmax Splatting [15],
DAEEJ9]. RIFE [11] and FastRIFE [16].

The rest of this paper is organized as follows. In the
next section, related works on flow-based VFI methods are
introduced. The proposed algorithm and the mathemati
formulations of fractional-order derivatives are described 1n
section 3. Experimental results and conclusions are pre-
sented in the last two sections.

VFI algorithms

2. Related Work

According to a recent survey on video frame interpola-
tion published in [17], the approaches can be divided
into five general categories: flow-based, CNN-based, phase-
based, GAN-based, and hybrid. The CNN-based methods
are gaining interest and show promising results. Still, the
hybrid approaches that merge deep network architectures
with analytical solutions seem to bring together the best
possible solutions. 45

Since 2012, when AlexNet [18] won the ImageNet
Large Scale Visual Recognition Challenge and left all the
other competitors far behind, CNNs have been attracting
attention and gaining popularity among data scientists. Deep




learning solutions often outperform conventional methods
in robustness, generalization and learning ability. especially
in tedious and ill-defined computer vision tafiel One of
the many successful applications of CNNs i1s optical flow
estimation. The firs akthrough method was proposed by
Long et al. in [19]. They developed a deep CI¥N, which can
be trained without any supervision and is able to estimate the
optical flow directly from input frames using the temporal
coherency present in natural videos. This pioneering method
provided admittedly blurry results, but it paved a path for
other researchers in this area, showing promising potential
for further development and application of deeper network
structures.

Niklaus et al. iln'oved the above idea in [14] by build-
ing and training an end-to-end network using only one pass
through the encoder-decoder structure. Most solutions, how-
ever, employ additional sub-networks for optical flow esti-
mation. Precise information about pixel transitiongZresults in
more accurately interpolated frames and boosts benchmark
metrics. This approach was used, e.g.. in the MEMC-Net
method, which combines both motion estimation, motion
compensation, and post-processing by four sub-networks
[13]. In [9] Bao et al. improved the MEMC-Net algorithm
by incorporating pixel depth information into their DAIN
method (Depth-Aware INterpolation). This addilinll depth
information improved dealing with occlusions and large
object motion by sampling closer objects better. As depth
estimation ne of the most challenging tasks in computer
vision, the whole process takes a noticaggBlle amount of time
and resources. To this end, the DAIN authors used a fine-
tuned hourglass network [20] learned on the MegaDepth
dataset [21]. The DAIN method estimates the bi-directional
optical flow using an off-the-shelf solution called PWC-Net
[10]. 1

In [15] Niklaus and Liu proposed a forward warping
operator, called Softmax Sp#tting, which works conversely
to backward warping. It uses an importance mask and
weighs all pixel the input frame. Similarly as in the
DAIN method, a fine-tuned PWC-Net for estimating optical
How was used.

Handling large complex motions and oﬂsions can be
achieved by several different approaches. A coarse-to-fine
strategy named Deep Voxel Flow was applied in [22], an
advanced flow estimation architecture based on PWC-net
was used in [8], occlusinask calculation and adaptive
blending were proposed in Super SloMo [7] and MEMC-
(el [13]. interpolation kernels for adaptive generation of
output pixels from a large neighborhood were implemented
in onv [14].

Most state-of-the-art algorithms generate intermediate
frames by combining bi-directional optical flows and addi-
tional neural network architectures to provide extra informa-
tion about the scene, e.g., for estimating@epth. This kind of
computing is so time-consuming that it es these methods
ess in real-time applications. Huang et al. proposed the
Real-Time Intermediate§Bow Estimation (RIFE) algorithm
[11] where they used a simple neural network called IFNet
for estimating optical flow and another network for gener-

ating interpolated frames called FusionNet. The IFNet com-
prises three IFBlocks, each built with six ResNet modules
and operating on increasing image aiolulions, This method
generates high-quality output flow and runs six times faster
than the PWCNet and 20 times faster than the LiteFlowNet
[23]. After estimating the flow, coarse reconstructions are
generated by backward warping, and then the fusion process
is performed. This fusion process uses a context extractor
and the FusionNet with an architecture similar to U-Net,
both consisting of four ResNet blocks. In [16] Kubas and
Sarwas proposed a modification to the RIFE algorithm
called FastRIFE. This hybrid method uses classic analytical
methods like Lucas-Kanade or Gunnar-Farnebiick for optical
flow estimation. The proposed modification significantly
improved the speed of the RIFE algorithm with only a minor
deterioration of the interpolation quality. Hence, the whole
process of inter-frame interpolation in the FastRIFE method
can run in real time on many more devices.

In this paper, following the FastRIFE algorithm, the
authors propose another hybrid solution that combines an-
alytical methods for optical flow estimation with a neural
network model for inter-frame inter ion. The optical
flow will be estimated with a variant of the sparse Lucas-
Kanade algorithm based on fractional-order derivatives.

3. Proposed solution

Optical flow is the pattern of apparent motion of im-
age objects between two consecutive frames caused by the
object or camera movement. It can be described by a two-
dimensional vector defining the direction of pixel movement
from one frame to another. This displacement ismaled
based on several assumptions, e.g., the pixels’ intensities
of an object do not change between consecufelld frames,
or neighboring pixels share similar motions. One of the
classical methods for ofifical flow estimation is the Lucas-
Kanade algorithm [24]. It takes a 3 x 3 patch around corner
points and assumes all nine pixels will have the same flow.
The solution is calculated with the least-squares m
Since the publication of the paper mentioned above, many
improved optical flow models [25], [26], [27] have been
developed. Also, many other models that calculate the flow
field using variation-based methods have been proposed.
These models ralize the differential order. Two classes
of generalizing the differentiation Lhc variational optical
flow methods can be distinguished. One generalization deals
with higher-order differentiations [28], and the oLhcr&als
with fractional-order differentiation, a generalization of the
integer-order differentiations [29].

3.1. Fractional-order differentiation

One of the most commmﬁmulas for calculating the
fractional-order differ-integral function f(x) in the time
domain 1s gggressed as:
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where &« € & (but in general, it c:a be an imaginary or
even a complete complex number) is a fractional order of
the differ-integral of the function f(z) and for n € NU{0}
the following holds:

n—1l<a<sn

n=>0
As one can see, when o« > 0, the result of this function is
equivalent to a fractional-order derivative for o« < 0 to a
fraclalal-ordcr integral and for o = 0 to the function itself.
The main property of the operator , 07 is its linearity for
the integer-order differentiation as well as for the fractional
diftEitiation.

There are many different definitions of the fractional
derivative. Although the Riemann-Liouville formula in the
time domain and many other definitions are sometimes used
in practice, the frequency domain defifefion is applied in this
paper because it is easy to implement. The Fourier transform
of the n-th derivative of f(x) is:

for o > 0,
for o < 0.

F(f™ () = (jw)" F(w). 2)
The Fourier transform of the Riemann-Liouville fractional
derivatives with the lower bound a = —oo is described in
[30] as:

LB _liE e
—e DY flx) = I'(n—f.‘r]/;m (I_T)f_\+1—udr

= —Q‘;Dm_“fhl](lr) (3)

and an assumption is made Erc that n — 1 < @ < n.

After applying the Fourier transform to the equation (3) one

arrives at:
F(D"f(x)) () " F (™ ()

(Jw)* " (jw)" F(w)

= (jw) FW). (4)

Therefore the pair of fractional derivative in the time domain
and the frequency domain is:

D f(z) & (ju)"F(w), ac RT. (5)

For any two-dimensional function g(z,y) absolutely in-
tegrable in (—o0,00) % (—oo,00) the corresponding 2-D
Fourier transform is as follows [30]:
|

Glwr,wy) = f glayy)e ir=tesidpdy,  (6)
Therefore one can write the formula for the fractional-order
dervatives as:

Dyg=F ' ((jw1)" G(wiwa)) ,

Dg=F  ((jwz)*G(wr,wa)) : (7
where F ! denotes the inverse of the 2-D continuous

Fourier transform. This formula was extensively used in the
proposed solution.

3.2. Fractional order optical flow

To compute the fractional-order optical flow, many au-

rs, like Kumar ef al. in [31] for example, use a fractional-
order variational optical flow model proposed by Horn and
Schunck in [32]. A generalization of this model for non-
integer derivative is defined as:

min pwu— ILyw+1, 12 N(| D+ | DY|?))d, (8)

w

where D® = (Dg,Dg)T denotes the Rie-
mann-Liouville  fractional derivative operator and
| D%u| = [ (Dgu)? + (Dgu)?.

In this work, the authors used a generalization of the
Lucas-Kanade optical flow method based on two main
assumptions: color (or brightness in the case of intensity
images) constancy, which allo mparing images pixel to
pixel, and small motion [12]. The model proposed in this
paper has the following form:

I s v+ I =0, (N

where I3, I;‘ denote the Riemann-Liouville fractional
derivative operator with order & €< 1:2 > in rows and
cols, respectively, and [I; is the pixel’s motion vector. For
a = 1, the proposed algorithm is reduced to the traditional
Lucas-Kanade method.

3.3. Fractional-order RIFE

The proposed solution for video frame interpolation is
based on thi Real-time Intermediate Flow (RIFE) algorithm
[11]. The authors replaced the IFNet part wil.l'a]alytical
methods based on a fractional-order derivative. Then, new
FusionNet and ContextNet models were fine-tuned on the
proposed solution. The complete architecture is shown in
Figure 1.

The authors decided to test the fractional-order Lucas-
Kanade optical flow method for three values of o =
1.25, 1.8. As the L-K algorithm estimates sparse results,
the authors used n Shi-Tomasi algorithm for feature point
detection, which calculates corner quality measures in each
pixef8region using minimum eigenvalues. The parameters
that were used in the fractional-order Lucas-Kanade algo-

rithm are:
o« search window size: 15 x 15,
« number of pyramids: 1 (single level),
« termination criteria: epsilon and criteria count,

and for the Shi-Tomasi detector:

maximum number of corners: 100,
minimum accepted quality of corners: 0.1,
minimum possible distance between the corners: 10,

computing bl“( size: 7.

An example of optical flow and frame interpolation
results is shown in Figuren and the speed/accuracy trade-

off is presented in Figure 3.
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Figure 1. The architecture of the proposed video frame interpolation algorithm. The optical flow is estimated with analytical methods and further processed

with fine-tuned neural network models from RIFE: ContextNet and FusionNet.

(a) Overlayed inputs (b} Optical flow by FO-LK method

(d) Ground-truth frame

(c) Interpolated frame

Figure 2. An example of a video frame interpolation results. The authors propose a simplified RIFE model with an optical flow estimated using a modified

fractional-order Lucas-Kanade method.
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Figure 3. Speed and accuracy trade-off measured on an RTX 2080T: GPU.
The proposed model is compared on Vimeo90K test dataset with other
frame interpolation ods: RIFE [11], FastRIFE-LK [16]. FastRIFE-GF
[16]. Softmax Splaf [15]. DAIN [9]. MEMC-Net [13], SuperSloMo [7]
and SepConv [14]. Please note the logarithmic runtime scale.

3.4. Runtime

Runtime comparison can be found in Table 1. The IFNet
works much faster than any other state-of-the-art method,
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but analytical methods can still gulatc the optical flow in
less time. Hence, the fractional-order Lucas-Kanade method
is faster than IFNet but slower than the traditional Lucas-
Kanade algori and Gunnar-Farnebéiick method used in
FastRIFE-GE The results were measured again on an RTX
2080 Ti GPU.

TABLE 1. RUNTIME COMPARISON OF OPTICAL FLOW ESTIMATION

ALGORITHMS
Hethod

Runtime [ms]
PWCNet 125
LiteFlowNet 370
IFNet 34
GF
LK i
Ours - Frac-Order LK 13

4. Experiments

This section provides evaluation results and compares
the lsl and the best methods with the proposed solution.
The comparison is made based on quantitative and visual
results using standard metrics and datasets as well as algo-
rithms’ runtime.




4.1. Learning strategy

The proposed solution was trained on the Vimeo90K
dataset with optical flow labels generated by the Lite-
FlowNet [23] in PyTorch version [33]. The authors used

AdamW optimizer, the same as used in RIFE [11].

4.1.1. Loss function. To address the problem of training the
IFNet module, Huang er al. proposed a solution of leakage
distillation schema, which compares the network result with
the output of the pre-trained optical flow estimation method.
The training loss is a linear combination of reconstruction
loss L., census loss L..,, and leakage distillation loss
Lg;<. The proposed solution was trained using the same loss
function:

L =Lrea + Loen + }\Ldfs, (10

with the weight of leakage distillation loss 10 times smaller
than the two others (A = 0.1).

4.1.2. Training dataset. Vimeo90K is a video dataset con-
taining 73,171 frame triplets with 448 x 256 pixels image
resolution [10]. This dataset was used as a training set in
all compared methods.

4.1.3. Computational efficiency. All analyzed algorithms
are implemented in PyTorch [34] using CUDA, cuDNN, and
CuPy [35]. The proposed solutions were implemented using
OpenCV functions, and the RIFE model was fine-tuned on
an RTX 2080 Ti GPU with 11GB of RAM for 150 epochs
which took 15 days to converge.

4.2. Evaluation datasets

The following publicly available datasets were used for
cvalual‘. Middlebury, UCF101, and Vimeo90K.

Middlebury contains two subsets: Other with ground
truth interpolation results and Evaluation, which output
frames are not publicly available [36]. It is the most widely
used dataset for testing image interpolation algorithms. The
resolution of frames is 640 x 480 pixels.

UCF101 provides 379 frame triplets om action
videos in 101 categories [22], [37]. Image resolution is
256 x 256 pixels.

Vimeo90K was used for training, but it also contains
a test subset: 3,782 triplets with 448 x 256 pixels image
resolution [10].

1
4.3. Metrics

The following metrics were used to evaluate each algo-
m: PSNR, SSIM, and IE:
PSNR (Peak Signal-to-Noise Ratio):
PSNR(i.j) = 10 -1 255" (11)
L,j) =10 -log, ————.
! 810 31SEG, 7)
SSIM (Structural Similarity, [ - luminance, ¢ - contrast and
s - structure):

SSIM(L.j) = I(i, ) - (i j) - s(i. ). (12)

IE (Interpolation Error) is the arithmetic average of a differ-
ence between the interpolated image and the ground truth
frame:

IEGi) = [i — jl, (13)

where i is the interpolated frame and j is the ground truth
image [38]. On the UCF101 and Vimeo90K datasets, the
PSNR and SSIM metrics were used (higher vables denote
better results). The IE metric was used on the Middlebury
Evaluation and Other datasets (lower values denote better
results). This set of benchmarks is used in most frame
interpolation papers and datasets.

4.4. Quantitative comparison

Table 2 shows a comparison of the results obtained on
datasets: Middlebury Other, UCF101 and Vimeo90K, red
marks the best performance, blue marks second best score.
The evaluation results on Middlebury benchmark are not
available yet.

The proposed model performs comparably to other
methods, scoring very similar results in both PSNR and
SSIM benchmarks. The most significant gap is between
the results of Interpolation Error on the Middlebury Other
dataset. FracRIFE generates a little higher values on the
Vimeo90K dataset than SepConv. Also, for o« = 1.2
FracRIFE achieved better results than FastRIFE - LK. An-
alytical methods like FastRIFE and FracRIFE achieved the
worst result on the Middlebury dataset. The results in the
UCF101 and Vimeo90K benchmarks are comparable with
other algorithms. The FracRIFE algorithm, like FastRIFE,
significantly reduces the number of model parameters.

Evaluation of fractional optical flow methods for dif-
ferent orders shows that the best results were achieved for
« = 1.2 and are better than inter-frame interpolation based
on the traditional Lucas-Kanade method (oo = 1).

4.5. Visual Comparison

Figure 4 shows examples of frame estimation with com-
parisons made with the DAIN, RIFE, and FastRIFE(LK)
methods. These images show dynamic scenes, which are
more challenging to analyze for frame interpolation meth-
ods. The resolution of images is small (256 x 256), but
the FracRIFE method for o = 1.2 generated a:cplablc
results without shadows found in the DAIN result. The worst
smudging is visible in the RIFE results, which works better
with high-resolution videos.

The results of high-resolution image interpolation are
shown in Figure 5. FracRIFE generates a very noisy frame.
Surprisingly, the image looks worse than that obtain
with the traditional Lucas-Kanade interpolation method. It
is probably caused by including low-resolution videos in
the training process and setting constant parameters when
calculating the optical flow. Most likely, higher-resolution
images should be used in the training process, which will
be addressed in future work.




ﬁBLE 2. QUANTITATIVE COMPARISON ON THE MIDDLEBURY OTHER, UCF101 AND VIMEO90K TEST DATASETS

Method Midn)ury UCF101 Vimeo9K Para.n'feters
IE PSNR | SSIM | PSNR | SSIM (million)
SepConv 227 3478 | 0967 | 3379 | 0.970 21.6
MEMC-Net 212 3501 0968 | 3429 | 0.970 70.3
DAIN 2.4 3499 | 0968 | 34.71 0.976 24.0
SoftSplat 1.81 3510 | 0948 | 3548 | 0.964 77
RIFE 19 3525 0969 | 3551 0.978 9.8
FastRIFE - GF 2.89 3484 | D968 | 3418 | 0.968 4.1
FastRIFE - LK 291 3426 | 0967 | 3397 | 0.967 4.1
Ours: FracRIFE; 2 292 3472 | 0.967 | 34.01 0.967 41
Ours: FracRIFE; 5 294 3457 | 0967 | 33.92 | 0.965 4.1
Ours: FracRIFE; s 293 3469 | 0967 | 3393 | 0.966 41

Overlayed inputs RIFE

FastRIFE (ZK)

Figure 4. Qualitative comparison on UCF101 dataset.

FracRIFE; >

g\c important issue related to using the sparse optical
flow method (Lucas-Kanade), highlighted by the authors of
the FastRIFE algorieL 1s overlapping feature points as
visible spots. These spots are noticeable after zooming in
on small-resolution images. The authors did not find this
kind of behavior in the FracRIFE models.

. Runtime comparison

Applying analytical methods for optical flow calcula-
tion and simplifying the RIFE el architecture made the
proposed FracRIFE algorithm faster than any other state-

of-the-art algorithm based on neural network optical flow
models. FracRIFE is a little bit slower than FastRIFE, but
like its sibling, it has 4 million parameters which means
that these methods are the smallest neural network structures
among all video frame interpolation methods. The runtime
comparison is shown in Table 3.

Compared to other models, except for FastRIFE and
RIFE, FracRIFEnns up to 10 times faster. For o = 1.2, the
proposed model has slightly better benchmark results from
SepConv on the Vimﬁ‘OK dataset, but the runtime was
considerably reduced. The replacement of the optical flow
module in RIFE saved 25% of the time needed to interpolate
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gure 5. Visual comparison on HD frames.

EBLE 3. RUNTIME COMPARISON OF DESCRIBED METHODS TESTED ON 448 = 256 IMAGE (GPU: RTX 2080T1)

Method nference time on Time of learning
x 256 image [ms] one epoch [h]

SepConv 125 -

MEMC-Net 293 -

SoftSplat 329 -

DAIN 320 2

RIFE 39 4.5

FastRIFE - GF 29 24

FastRIFE - LK 26 24

Ours: FracRIFE ., 33 29
frames. As shown in Table 3, also the time of learning one the fractional-order Lucas-Kanade optical flow method and
epoch was significantly lessened. two neural network architectures from the RIFE approach
(FusionNet and ContextNet). This combination de@gases
5. Conclusion the complexity of the RIFE algorithm in terms of optical

flow estimati®dl. FracRIFE uses a fractional-order optical
In this paper, the authors proposed a hybrid solution for flow method instead of additional neural network modules,
video frame interpolation. This novel approach combines which results in excellent runtime improvement with an




acceptable slight drop in the quality of output frames. The
FracRIFE model for o« = 1.2 achieved better results than
FastRIFE based on the standard LK method.

Similarly to FastRnE, the novel approach proposed in
this paper can reduce memory usage. Thanks to the small
number of parameters, FracRIFE is abl generate output
frames with the allocation of a max of 1.5 GB of RAM in
HD videos. Low memory consumption with a short execu-
tion time makes the model appropriate for implementation
on many devices, including mobile phones.

The FracRIFE algorithm shows that the application of
fractional-order derivatives instead of first-order derivatives
can improve the results of inter-frame interpolation. Because
the experiments conducted up to date cannot indicate the op-
timal value of the fractional order, it is necessary to perform
a deeper analysis on how to choose the best value of this
parameter in future works. It is also important to examine
another fractional-order optical flow method, namely the
dense GF implementation. Future works should also focus
on high-resolution videos as the presented results are caarly
worse than those provided by RIFE in this domain. It can
probably be achieved by including HD images in the training
dataset or adjusting optical flow algorithm parameters on
the fly based on video resolution or other criteria. The
proposed method can stimulate future research on increasing
the efficiency of video frame interpolation algorithms.
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