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A B S T R A C T

Accurate inpainting of missing middle frames in video sequences is vital for multiple applications like video 
restoration, enhancement and compression. This study introduces a sophisticated deep learning-based frame
work designed to address this challenge by utilizing adjoining sequences of preceding and following frames. Our 
approach integrates temporal aggregation and recurrent propagation to effectively perform frame inpainting. 
Temporal aggregation leverages visible content from adjacent frames to recreate missing frames, ensuring high 
spatial fidelity and feature conservation. Optical flow estimation, utilizing methods such as Farneback Optical 
Flow, estimates displacement between frames and provides motion vectors that guide the interpolation process, 
enabling accurate alignment and blending of frames. Recurrent propagation is accomplished through Long Short- 
Term Memory (LSTM) networks that maintains temporal coherence by embedding and propagating information 
from preceding frames, thus ensuring smooth transitions and consistency across the video sequence. To further 
enhance performance, our model includes a context-aware feature extraction mechanism that adapts to various 
motion patterns and occlusions, optimizing the reconstruction quality. Framework has been evaluated on MSU 
Video Frame Interpolation (VFI) Benchmark Dataset, which provides diverse and challenging scenarios for 
interpolation, as well as the YouTube-8 M dataset, which contains a wide range of real-world video content. The 
experimental results demonstrate the robustness of the proposed model: a PSNR of 32.00 and an SSIM score of 
0.905 indicate its superior reconstruction quality and structural similarity compared to baseline models. These 
results underscore the framework’s effectiveness in handling complex motion dynamics and occlusions, making 
it well suited for advanced video restoration, enhancement and compression tasks.

1. Introduction

Video frame interpolation (VFI) involves generation of transitional 
frames between two successive frames which is essential for diverse 
spectrum of applications like slow motion effect creation, smoother 
playbacks, video restoration, enhancement and compression [1]. By 
means of precise prediction of missing frames, interpolation helps in 
improving the quality, enabling conversion of videos into higher frame 
rates as well as smoothening of playbacks [2,3]. It can also reduce visual 
artifacts in low-frame-rate videos [4]. High-fidelity frame interpolation 
is predominantly significant in areas like gaming, entertainment, med
ical imaging, virtual reality (VR), content creation, surveillance and 
video upscaling [5].

1.1. Challenges in traditional approaches

Existing techniques to video frame interpolation comprises of block- 
based motion compensation, optical flow methods, frame averaging, 
linear interpolation and parametric models. Block-based approaches like 
Block Matching Algorithm (BMA), Diamond Search (DS), Three Step 
Search Algorithm (TSSA) etc., divide frames into small blocks and cal
culates motion vectors to predict intermediate frames which often suf
fers from temporal incoherence, block artifacts and limited motion 
representation [6]. Optical flow-based methods like Farneback Optical 
Flow, Lucas-Kanade and Horn-Schunck estimates motion between 
frames and uses this information for interpolation can be effective in 
controlled settings, struggle with high computational cost, inaccuracy in 
regions of occlusion and rapid motion [7]. Frame averaging techniques 
like simple, weighted, moving and temporal smoothing methods blend 
multiple adjacent frames to estimate intermediate frames, but can lead 
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to blurring and may fail to handle large complex motions effectively [8]. 
Linear interpolation algorithm blends pixel values linearly between 
adjacent frames can also result in blurry and less accurate frames, 
especially in the presence of complex motion [9]. These parametric 
models use predefined motion models to predict intermediate frames but 
may not accurately capture non-linear motions and can result incon
sistency, moreover they can also be excessively specific to certain kinds 
of motion. Early CNN-based methods, while innovative, often relied on 
limited temporal context and manual feature extraction which con
strained its flexibility and accuracy [10].

1.2. Proposed solution

Traditional methods have laid the groundwork for video interpola
tion but each has its own limitations including issues with motion ac
curacy, computational demands, inability to preserve fine details and 
temporal incoherence. Modern techniques, particularly those leveraging 
deep learning, aim to address these limitations and enhance the quality 
and efficiency of video interpolation. Modern approaches leverage deep 
learning-based methods that enhance interpolation quality by learning 
the subtle patterns of motion and occlusion from large datasets. For 
instance, optical flow with deep learning enables more accurate motion 
estimation. Flow-guided video synthesis methodologies have gained 
popularity for their ability to handle complex motion dynamics by 
predicting both forward as well as backward optical flow to synthesize 
intermediate frames. Another emerging trend is the incorporation of 
Recurrent Neural Networks (RNNs), particularly Long Short-Term 
Memory (LSTM) networks excel at preserving temporal consistencies 
across video sequences. This is principally beneficial for videos where 
upholding the coherence over multiple frames is crucial. Furthermore, 
the rise of context-aware models that adapt to dissimilar motion patterns 
and occlusions further pushes the boundaries of video frame interpola
tion, thereby making models more versatile and reliable for real-world 
applications. Our study introduces a deep learning-based framework 
that combines context-aware temporal aggregation and recurrent 
propagation to accurately interpolate missing frames while maintaining 
spatial fidelity and temporal coherence. Our approach leverages optical 
flow estimation for precise motion guidance and utilizes LSTM networks 
to propagate temporal information, ensuring smooth transitions across 
frames.

Temporal aggregation leverages the visible content from adjacent 
frames, capturing high-resolution details to recreate missing frames 
even in the presence of complex motion or occlusions. By using Farne
back Optical Flow, the displacement between frames is estimated, 
enabling precise alignment and blending throughout the video. Addi
tionally, LSTM networks ensures coherence and smooth propagation of 
information from preceding frames. The proposed model is also context- 
aware, as it possesses the ability to adapt itself to various motion pat
terns and occlusions which further enhances and augments the inter
polation quality.

1.3. Contributions

The principal contributions of our study can be summarized as 
follows: 

• Context-Aware Temporal Aggregation uses visible content from 
adjacent frames to accurately recreate missing frames which ensures 
high spatial fidelity and feature conservation even in videos with 
complex motion patterns and occlusions.

• Recurrent Propagation for Temporal Consistency is accom
plished through Long Short-Term Memory (LSTM) networks which 
maintains temporal coherence and enables smooth transitions and 
consistency even in challenging dynamic video sequences.

• Optical Flow Integration guides the interpolation process by 
providing accurate motion vectors which in turn ensures precise 

alignment and blending of frames, thereby enhancing the quality of 
the inpainting.

• Our model’s high performance in handling sophisticated motion 
dynamics and occlusions makes it well-suited for cutting-edge video 
restoration, enhancement and compression tasks addressing crucial 
needs of multimedia processing applications.

The study begins with an Introduction in section 1 that sets the stage 
by providing background information on video interpolation along with 
problem being addressed, outlining the objectives and summarizing the 
major contributions of the study. Following this, Related works in sec
tion 2 offers a comprehensive overview of existing methods and tech
niques by investigating traditional and recent advancements, current 
trends and also identifies the gaps and challenges in the existing works. 
Proposed Methodology in section 3 details the framework proposed by 
the study, including its components and implementation specifications. 
Results and Discussion outlined in section 4 presents the datasets used, 
evaluation metrics employed and the process of training and testing the 
model followed by experimental findings, comparing them with previ
ous models and real-world implications. Conclusion in section 5 sum
marizes the study’s main findings and contributions along with 
suggestions for future research.

2. Related works

In this section, we review the most prominent and relevant works 
focusing on early optical flow-based methods, deep learning approaches 
and the integration of context-aware feature extraction techniques. We 
also highlight on certain hybrid methods that combine these techniques 
to achieve more robust and accurate video frame interpolation.

Jeong et al. [2024] proposed a framework that significantly en
hances the training of optical flow models by addressing the limited 
ground-truth optical flow labels in existing datasets. Specifically, an 
occlusion-aware video frame interpolation method capable of gener
ating high-quality interframes and corresponding optical flows has been 
proposed in the presence of large motions. This approach enables the 
automatic expansion of optical flow training data through a semi- 
supervised training strategy that leverages video frame interpolation 
[11]. Extensive experiments on standard optical flow benchmarks 
including Sintel and KITTI has been demonstrated to portray the effec
tiveness of proposed model.

Han et al. [2024] introduced a direct approach for estimating in
termediate optical flow between adjacent frames through a motion 
aware VFI (Video Frame Interpolation] technique which effectively 
minimised the complexity and computational costs generally associated 
with traditional methods. By employing a cross-scale motion estimation 
model, the interaction between feature representations and flow maps 
has been enhanced during the N interpolation process [12]. This 
approach enables capturing nonlinear motion between consecutive 
frames through incorporation of directional loss to precisely guide the 
flow estimation and to improve the overall interpolation quality.

Joy et al. [2024] presented a network that extracts low-resolution 
images and identifies patches within them to predict high-resolution 
images. The proposed predicts the image for the given patch and can 
be repeated to generate the full frame in the High Efficiency Video 
Coding. Cleave approach is adopted to reduce computational complexity 
[13]. Zhou et al. [2023] statistically analysed the relationship between 
motion estimation accuracy and video interpolation quality in existing 
frame interpolation methods to propose a general motion distillation 
framework applicable to both flow-based and kernel-based video frame 
interpolation methods. The approach recommended utilises a teacher 
model that uses ground-truth target frame and adjacent frames to esti
mate motion. These estimates are then employed to guide the training of 
a student model for VFI [14].

Kalluri et al. [2023] leverages 3D spatio-temporal kernels to directly 
learn motion properties from un-labelled videos, significantly 

M.P. P and U. K                                                                                                                                                                                                                                Systems and Soft Computing 8 (2026) 200428 

2 



simplifying the training, testing and deployment processes for frame 
interpolation models [15]. Achieving substantial speedups along with 
consistent demonstration of superior qualitative and quantitative results 
has been accomplished on benchmarks like Vimeo-90 K and GoPro. 
Deng et al. [2023] came up with an optical flow estimation and inter
polation network that are jointly optimized in an end-to-end manner to 
synthesize middle frames from its nearest two frames. Additionally, a 
dynamic memory mechanism is adopted to balance memory sparsity 
with diversity of normality representations. This mechanism effectively 
attenuates abnormal features during frame interpolation while preser
ving the characteristics of normal prototypes. The bi-directional inter
polation design enhances normal frame synthesis and helps to block 
interpolation of abnormal frames, increasing the system’s resilience to 
anomalies [16].

Wu et al. [2022] inspired by photo-realistic results achieved in VFI, 
proposed an optimization framework for video prediction. This meth
odology addresses the extrapolation issue using pretrained differen
tiable VFI module, eliminating the need for a dedicated training dataset . 
Moreover semantic or instance maps has not been utilised to enhance 
the applicability to any video content. KITTI, Middlebury and Vimeo90K 
datasets has been used to demonstrate the robustness of video prediction 
results across various scenarios [17].

Shi et al. [2022] highlighted the constraints that arise owing to 
reliance on deep convolutional neural networks by existing techniques, 
which are limited by content-agnostic kernel weights and restricted 
receptive fields. Transformer-based VFI has been recommended to 
enable content-aware aggregation and to capture long-range de
pendencies through self-attention mechanisms [18]. Moreover, to 
overcome the high computational cost, local attention has been 
extended into spatial-temporal domain. This multi-scale frame synthesis 
scheme is aimed at fully availing the capabilities of Transformers.

Shangguan et al. [2022] addresses the issue related to temporal 
video interpolation by means of Cross-Video Neural Representation. 
Neural Fields represents the neural representation of complex 3D scenes 
which is employed in the proposed model to make use of video as 
continuous function parameterized by a coordinate-based neural 
network. The inputs here are spatiotemporal coordinates and outputs 
are its corresponding RGB values. By conditioning the neural network on 
input frames, space-time consistency is accomplished in the ultimate 
interpolation process [19].

Siyao et al. [2021] came forward with an innovative framework to 
automatically interpolate in-between frames in animation data. The 
study is aimed at addressing the main challenges regarding textures and 
non-linear motions in animation cartoons which makes motion estima
tion difficult [20]. Segment guided matching module uses global pairing 
among coherent colours to tackle the lack of textures while recurrent 
flow refinement employs transformer structure for recurring predictions 
to handle large, non-linear motions.ATD-12 K, which is a large-scale 
animation triplet dataset as been used for comprehensive training and 
evaluation. Liu et al. [2020] makes use of quadratic video interpolation 
(QVI)technique to extract higher-order motion information to model 
interpolated flow. QVI can still have limitations while produce inter
mediate frames with ghosting, artifacts and inaccurate motion, espe
cially during large and complex movements. Thus, a rectified quadratic 
flow prediction formulation using least squares has been adopted for 
accurate motion estimation. Residual contextual synthesis network le
verages contextual information in high-dimensional feature space to 
handle complex scenes and motion patterns [21].

Peleg et al. [2019] advocated an interpolated motion neural network 
designed with an effective architecture and end-to-end training through 
multi-scale tailored losses. Motion estimation is viewed as a classifica
tion problem rather than regression to deal with resolution upscaling 
issues. Vimeo triplet dataset has been used and operating time in rela
tively lesser on single GPU for HD resolution [22]. Jiang et al. [2018] 
suggested making use of bi-directional optical flow between input im
ages using U-Net architecture to approximate intermediate flows. 

However, this method tends to produce artifacts around motion 
boundaries. To address this, another U-Net is used to refine the 
approximated flow and predict soft visibility maps. The input images are 
then warped and fused to create each intermediate frame, with visibility 
maps applied to exclude occluded pixels, thereby reducing artifacts [23] 
(Table 1).

2.1. Research gaps

• In the field of video interpolation, major challenge is handling of 
complex motions, existing methods struggle to accurately interpolate 
frames in scenarios involving rapid or intricate movement, often 
leading to artifacts and motion distortions [24].

• Occlusion handling remains critical since portions of the scene may 
be hidden in adjacent frames, complicating the interpolation process.

• Temporal coherence requires further improvement, as many algo
rithms produce inconsistent motion across interpolated frames [25].

• Certain models achieve high accuracy on specific datasets, but may 
fail to generalize across diverse video domains, limiting real-world 
applicability. Computational efficiency poses another concern, as 
many advanced methods demand substantial processing power and 
memory, making them unsuitable for real-time deployment [26].

• Incorporation of broader contextual information from surrounding 
frames would enhance spatial fidelity and temporal smoothness . 
More comprehensive and human-aligned assessment techniques are 
required [27].

• Temporal feature modelling and data imbalance between motion- 
rich and static scenes remain underexplored, thereby creating op
portunities for developing more adaptive and robust interpolation 
frameworks.

3. Proposed framework

3.1. Problem statement

We define the video interpolation problem as reconstructing a 
missing sequence of middle frames IMV using the information from both 
former FV and succeeding frames SV .Let V = {v1, v2,…, vT} be a 
sequence of frames from a real video where T represents the total 
number of frames. Let p,m and f be the number of preceding, middle and 
following frames respectively, so that f + im+ s = T. We split the video 
frames into three segments:

Previous frames: FV =
{
v1,v2,…,vf

}

Intermediate frames: IMV =
{
vp+1,vp+2,…,vf+im

}

Ensuing frames: SV =
{
vf+im+1,…,vT

}

The goal is to approximate an interpolation function f such that: 

IMV = f(FV , SV) (1) 

for all sequences V. We aim to minimize the error between predicted 
middle frames IMV̂ and the ground truth frames IMV.

3.2. Model overview

The proposed methodology aims to address the limitation regarding 
generation of high-quality intermediate frames in video sequences by 
leveraging advanced deep learning techniques [Fig. 2]. The approach 
integrates temporal aggregation and recurrent propagation to enhance 
the accuracy and visual fidelity of frame interpolation through smooth 
transitions and accurate motion representation in video sequences. The 
recommended framework involves several key components whose 
working details has been presented elaborately in this section.
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3.3. Data collection and pre-processing

YouTube-8 M Dataset has been utilised in our model which com
prises approximately 8 million labelled video segments. For training 
purposes, a subset of around 100,000 videos are used to ensure diversity 
in motion patterns, occlusions and lighting conditions (Fig. 1).

This will cover a wide array of categories, enabling the model to 
learn generalizable features across different scenarios. Pre-processing 
involves frame normalization and Re-sizing operations where all 
frames extracted from the datasets are normalized and resized to a 
uniform resolution (256 × 256 pixels) to maintain consistency during 
training and testing. Data augmentation techniques such as random 
cropping, flipping and rotation are applied to the training set. This 
augmentation is done to increase the diversity of training data and helps 
to prevent overfitting [Fig. 2].

3.4. Optical flow estimation module

Farneback Optical Flow procedure is used to estimate the displace
ment between consecutive frames. The algorithm computes motion 
vectors by analysing the gradient information and polynomial approx
imation of the image patches. This results in dense motion field that 
represents the movement of each pixel from one frame to the other. This 
continuous representation of motion is crucial for accurately aligning 
and blending frames. It ensures accuracy by precise computation of 
small and large displacements in effective manner. Farneback Method 
can be denoted as 

It(x, y) = It+1(x+ u, y+ v) ≈ It+1(x, y) + ∇It+1⋅(u, v) (2) 

The equations for horizontal u and vertical v motion is defined as: 

u(x, y) =
∂I
∂x
, v(x, y) =

∂I
∂y

(3) 

where I is image intensity, (x, y) represents pixel coordinates and ∇It+1 
represents the gradient of It+1 at (x, y). Now optical flow between 
consecutive frames can be given as: 

Vflow (vt , vt+1) = (ut(x, y), vt(x, y)) (4) 

This flow is used to guide the warping process.
Initial motion vectors obtained from Farneback Optical Flow are 

refined using filtering techniques to reduce noise and improve accuracy. 
Techniques such as motion vector smoothing and filtering are applied to 
enhance the quality of the estimated motion. Regularization function is 
applied to the raw motion vectors to reduce the noise. Smoothing Filter 
(Gaussian Filter) is applied which can be denoted as: 

Table 1 
Existing VFI studies related to our study.

Author Technique Inference Limitations

Jeong et al. 
[2024]

Occlusion-aware 
video frame 
interpolation

Enhances optical 
flow training by 
generating high- 
quality interframes, 
expanding training 
data through semi- 
supervised 
strategies.

Limited ground-truth 
optical flow labels in 
existing datasets.

Han et al. 
[2024]

Motion-aware 
video frame 
interpolation

Intermediate optical 
flow is estimated 
with reduced 
complexity and 
computational costs 
are minimised using 
cross-scale motion 
estimation.

May not be able to 
address all challenges 
in traditional 
methods.

Joy et al. 
[2024]

Low-resolution 
image patch 
extraction

Predicts high- 
resolution images by 
identifying patches, 
reducing 
computational 
complexity.

Dependent on initial 
low-resolution input 
quality.

Zhou et al. 
[2023]

Motion 
distillation 
framework

Utilizes teacher- 
student model to 
estimate motion for 
video frame 
interpolation.

Requires strong 
model for effective 
learning.

Kalluri et al. 
[2023]

3D spatio- 
temporal kernels

Learns motion 
properties from 
unlabelled videos, 
simplifying training 
and deployment 
processes.

May not generalize 
well to all types of 
motion patterns.

Deng et al. 
[2023]

Joint optical flow 
estimation and 
interpolation 
network

Synthesizes middle 
frames with 
dynamic memory 
mechanism to 
balance normality 
representation.

Complex mechanism 
may increase training 
time.

Wu et al. 
[2022]

Optimization 
framework for 
video prediction

Addresses 
extrapolation using 
pretrained VFI 
module, improving 
general applicability 
to any video without 
dedicated training 
dataset.

Relies on the quality 
of the pretrained 
model for effective 
predictions.

Shi et al. 
[2022]

Transformer- 
based VFI

Enables content- 
aware aggregation 
and captures long- 
range dependencies.

High computational 
cost and complexity 
in implementation.

Shangguan 
et al. 
[2022]

Cross-Video 
Neural 
Representation

Utilizes neural fields 
to represent videos 
as continuous 
functions, 
enhancing space- 
time consistency in 
interpolation.

Complexity in 
training due to the 
neural representation 
structure.

Siyao et al. 
[2021]

Animation frame 
interpolation 
framework

Addresses texture 
and non-linear 
motion challenges in 
animation data with 
segment-guided 
matching and 
recurrent flow 
refinement.

Specific to animation 
data; may not 
generalize to other 
video types.

Liu et al. 
[2020]

Quadratic video 
interpolation 
(QVI)

Extracts higher- 
order motion 
information for flow 
modeling, 
addressing some 
interpolation quality 
issues.

Ghosting, artifacts 
and inaccuracies 
during large complex 
movements remain a 
concern.

Table 1 (continued )

Author Technique Inference Limitations

Peleg et al. 
[2019]

Interpolated 
motion neural 
network

Utilizes an effective 
architecture with 
end-to-end training, 
viewing motion 
estimation as a 
classification 
problem for better 
resolution 
upscaling.

May struggle with 
very high-resolution 
datasets.

Jiang et al. 
[2018]

Bi-directional 
optical flow with 
U-Net

Improves flow 
approximation and 
reduces artifacts 
through refined flow 
estimation and 
visibility maps.

Artifacts around 
motion boundaries 
can occur if not 
adequately refined.
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u∧(x, y) =
1

σ2π

∫∞

− ∞

u(xʹ, yʹ)exp
(

−
(x − xʹ)2

+ (y − yʹ)2

2σ2

)

dxʹdyʹ (5) 

In this equation, σ represents the standard deviation of Gaussian 
filter, controlling the degree of smoothing. This refinement step ensures 
motion vectors are not only accurate but also coherent across adjacent 
pixels, thereby improving the overall quality of the optical flow esti
mation. While numerous optical flow estimation methods exist, we 
deliberately selected the Farneback algorithm owing its computational 
efficiency and robust generalization capabilities. Although DL based 
alternatives like PWC–Net and RAFT achieve superior performance on 
standardized benchmarks, they introduce significant computational 
overhead and potential domain shift issues. Parametric-free nature of 
Farneback provides lightweight yet effective motion estimate that 

enables subsequent refinement modules to focus on handling occlusions 
and complex motion patterns rather than redundant flow estimation.

3.5. Temporal aggregation component

3.5.1. a. frame synthesis using aggregated context
Aggregate information from adjacent frames are utilised to recon

struct the missing intermediate frames. This involves combining the 
content and motion information from multiple frames to generate a 
high-fidelity interpolated frame [28]. A deep convolutional neural 
network (CNN) is employed to perform temporal aggregation. The 
network learns to integrate motion information and content from sur
rounding frames to generate seamless intermediate frame. The feature 
extraction process can be denoted as 

Fig. 1. Data collection and pre-processing.

Fig. 2. Proposed Framework.
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Ft = CNN(It− 1, It+1) = σ(W1 * It− 1 +W2 * It+1 + b) (6) 

Where F(l)
t is the feature map at layer l, W(l)is the convolutional 

kernel, b(1) is the bias term, σ is the activation function (ReLU),* denotes 
the convolution operation, Pooling reduces dimensions and Dense is a 
fully connected layer. The combined equation can be denoted as

To reconstruct the missing intermediate frames, we aggregate in
formation from adjacent frames (preceding and following) by combining 
both content and motion information which can be expressed as: 

IM = CNNIM(Ft− 1, Ft+1) = σ(WIM * ((Ft− 1 ⊕ Ft+1)+ bIM) (7) 

Where IM is the synthesized intermediate frame, ⊕ denotes feature 
concatenation, WIM and bIM  are the weights and bias for interpolation 
CNN.

3.5.2. b. context-aware feature extraction
This mechanism adapts itself to various motion patterns and occlu

sions by extracting relevant features from both prior and subsequent 
frames, ensuring that interpolation process accounts for different types 
of motion and scene complexities [29,30]. 

Ct = FA(Ft− 1, Ft+1) = αFt− 1 + (1 − α)Ft+1 (8) 

Where Ct represents the aggregated features and α is a weight factor 
that determines the contribution of each frame. 

Ct = Attention(Ft− 1, Ft+1)⋅Ft (9) 

Attention mechanism can be represented as 

Attention(Ft− 1, Ft+1)⋅ = softmax
(

Ft− 1, Ft+1
̅̅̅̅̅
dk

√

)

(10) 

3.6. LSTM based recurrent propagation module

LSTM networks enable maintaining temporal coherence in video 
sequence interpolation by capturing long-term dependencies across time 
steps, which makes them suitable for ensuring smooth transitions be
tween frames by propagating information from previous and subsequent 
frames. These networks are a type of recurrent neural network (RNN) 
and have more complex structure consisting of special components 
known as gates that control the flow of information within and out of the 
memory cells. The primary objective of this structure is to avoid van
ishing gradients, that can prevent networks from learning long-term 
dependencies. Let W ∈ R4n× (m+n) and b ∈ R4n act on the concatenated 
input [ht− 1, xt ] then LSTM operation can be denoted as 

(Ct , ht) = (ft ⊙ Ct− 1 + it ⊙ C̃t , ot ⊙ tanh (Ct)),

⎡

⎢
⎢
⎣

ft
it
ot
C̃t

⎤

⎥
⎥
⎦

=

⎡

⎢
⎢
⎣

σ
σ
σ

tanh

⎤

⎥
⎥
⎦(W[ht− 1, xt ] + b) (11) 

State vector contains four gate sub-vectors each of length,⊙ denotes 
elementwise (Hadamard) product,W can be implemented as concate
nation of the four gate weight matrices Wf ,Wi,Wo,WC and b as 
[
bf , bi, bo, bC

]⊤.
The combination of Optical Flow with LSTM provides a precise, 

pixel-level motion prior between frames, establishing initial corre
spondences for object trajectories. LSTM refines this motion by model
ling complex temporal dynamics and leverages contextual memory to 
resolve ambiguities in occluded areas or disocclusions. This allows the 
network to correct flow errors, handle occlusions and synthesize plau
sible content where the flow alone is insufficient, leading to sharper and 
more temporally consistent frames. Thus, LSTM enhances the model’s 
capacity to reconstruct missing frames by effectively managing temporal 

relationships and ensuring that inpainting process results in coherent 
and high-quality video sequences which is crucial for applications in 
video restoration, enhancement and compression as it leads to better- 
quality visuals and continuity. The flowchart of proposed system is 
provided in Fig. 3.

4. Results analysis and discussion

This section is dedicated to comprehensive evaluation of our model 
in terms of its effectiveness and performance by highlighting the 
robustness of our framework in accurately recreating missing frames by 
leveraging visible content from neighbouring frames and incorporating 
optical flow estimation for precise motion vector calculation. Temporal 
aggregation through LSTM networks maintains temporal coherence, 
ensuring smooth transitions across video sequences. The configuration 
for this deep learning-based video frame inpainting framework involves 
using a GPU-accelerated system, with RTX 3090 GPU and CUDA 11.2 for 
efficient model training and inference. The framework is built in Ten
sorFlow 2.8 with cuDNN 8.1 support. OpenCV is employed for Farne
back optical flow estimation which is configured to compute motion 
vectors between frames with parameters such as a pyramid scale of 0.5, 
three levels, a window size of 15, and three iterations per level. For 
temporal coherence, the framework uses LSTM networks to propagate 
information between frames, ensuring smooth transitions. Additionally, 
context-aware feature extraction adapts to the motion dynamics and 
occlusions in the scene. Simulation parameters are presented in Table 2.

The core of our framework is a sequence refinement module based on 
LSTM with 2-layers and 256 hidden units in each layer using a dropout 
rate of 0.3 between layers to prevent overfitting. LSTM processes 
concatenated features from warped frames and optical flow inputs, with 
its final hidden state being passed to a transposed convolutional decoder 
for final frame synthesis. For training, we use Adam optimizer with 
parameters β₁=0.9 and β₂=0.999, with an initial learning rate of 1 ×
10⁻⁴. The model is trained with batch size of 8 for 100 epochs using a 
composite loss function combining L1 reconstruction loss (λ=1.0), SSIM 
loss (λ=0.8), VGG perceptual loss (λ=0.1) and temporal warping loss 
(λ=0.5). We implement a step learning rate schedule, reducing the rate 
by half at epochs 50 and 75. The entire system was implemented in 
PyTorch and trained on NVIDIA V100 GPUs, with typical training 
convergence requiring approximately 48 h.

4.1. Datasets

MSU Video Frame Interpolation (VFI) Benchmark Dataset comprises 
a collection of video sequences designed for evaluating frame interpo
lation algorithms where each video has a resolution of 256 × 256 pixels 
featuring various motion dynamics like slow and fast movements. Our 
models are trained to predict up to five middle frames from five pre
ceding and five following frames, allowing us to assess their perfor
mance on both interpolation tasks and generalization capabilities. 
YouTube-8 M dataset contains over 8 million video URLs, spanning a 
wide array of categories. For our experiments, we focus on a subset of 
approximately 1 million clips, all featuring resolutions of 320 × 240 
pixels. This dataset is used for both training as well as testing since its 
valuable for evaluating our model on real-world scenarios that may 
include complex actions and occlusions (Table 3).

These datasets provide a comprehensive framework for evaluating 
our proposed method’s ability to perform video frame inpainting and 
interpolation in both controlled and real-world scenarios. “p “is the 
number of preceding frames that are used as input in the model for 
training purposes. “m “refers to middle frames that are being in-painted 
in the sequence that need to be interpolated by the model. “f “refers to 
the number of following frames that the model uses along with the 
preceding frames to perform the interpolation.

The left side of the Fig. 4 shows the first frame extracted from the 
input dataset, while the right side illustrates the optical flow heatmap 
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generated using Farneback Optical Flow. The heatmap provides a visual 
representation of motion intensity across the frame, where areas with 
high motion are highlighted in warmer colors. This motion estimation 
serves as a key input for frame interpolation and helps guide the pre
diction of intermediate frames by capturing both the direction and 
magnitude of motion in the scene.

Fig. 5 shows the five consecutive frames extracted from the input 

video for analysis. These frames serve as the basis for subsequent 
interpolation and motion estimation processes. Farneback Optical Flow 
is applied to consecutive frames to estimate motion between the frames 
[Fig. 6].

The heatmap overlay indicates the flow of pixel intensities, showing 
areas of high motion. This Fig. 7 visualizes the dense motion vectors 
obtained using Farneback Optical Flow, which describe the direction 
and magnitude of motion between frames. These vectors guide the 
interpolation process in the following steps. Fig. 8 presents the Inter 
mediate frames synthesized using a combination of context-aware 
feature extraction techniques which account for spatial and temporal 
features to improve the accuracy of frame prediction. Fig. 9 displays the 
five consecutive frames following the initial sequence which are used for 
temporal analysis and to assess the accuracy of frame interpolation 
techniques. These frames in conjunction with the prior frames, helps in 
evaluating the continuity and smoothness of predicted motion and 
content over time.

This Fig. 10 demonstrates the use of LSTM for interpolating motion 
between optical flow frames. The blue and green dashed lines represent 
the motion vector magnitudes of two optical flow frames at different 
time steps, while red solid line shows the LSTM-interpolated motion 
flow. Proposed model effectively captures the temporal dependencies 
and produces smooth transitions between the motion vectors of the two 
frames.

4.2. Performance metrics

4.2.1. Peak signal -to -Noise ratio (PSNR)
This is a quantitative measure of reconstruction quality of the video 

which compares the difference between original frames and predicted 

Fig. 3. Proposed system workflow.

Table 2 
System attributes.

Parameter Value

Spatial fidelity weight(Farne back) 0.8
Pyramid scale 0.5
Levels 3
Winsize 15
Iterations 3
PolyN 5
PolySigma 1.2
Flags 0
Number of LSTM layers 2
Hidden units per layer 512
Dropout rate 0.3
Optimizer Adam
Learning rate 1e-4
Epochs 50
Batch size 16
Adaptation mechanism CNN
Filters per convolutional layer 64, 128, 256
Kernel size 3 × 3
Input frame size 128 × 128
Frame rate 30 fps
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frames through pixel intensity differences. 

PSNR = 10⋅log10

(
R2

MSE

)

(22) 

Where R is the maximum possible pixel value and MSE is the Mean 
Squared Error between the interpolated and ground truth frames.

4.2.2. Structural similarity index (SSIM)
SSIM evaluates the perceptual similarity between two images by 

considering Luminance, Contrast, and Structure of how pixels are ar
ranged. It can be represented as 

SSIM (x, y) =

(
2μxμy + C1

)(
2σxy + C2

)

(
μ2

x + μ2
y + C1

)(
σ2

x + σ2
y + C2

) (23) 

Where μx and μy are the means, σ2
x and σ2

y are variances and σxy is the 
covariance of images x and y,C1 and C2 are stabilizing constants.

Table 3 
Training and Testing Sets.

Dataset Source 
Clips

Resolution 
(Source)

Resolution 
(Train)

Resolution 
(Val/Test)

Color/ 
Grayscale

Max p 
(Train)

Max m 
(Train)

p (Val/ 
Test)

Small m 
(Val/Test)

Large m 
(Val/Test)

MSU VFI 
Benchmark

1000 256 × 256 - 256 × 256 Color - - 5 5 10

YouTube-8M 1000,000 320 × 240 128 × 128 320 × 240 Color 4 3 3 3 5

Fig. 4. First extracted frame of input dataset and its heatmap after Farneback optical flow.

Fig. 5. Previous five frames extracted from input video from YouTube-8 M dataset and MSU-VFI dataset.

M.P. P and U. K                                                                                                                                                                                                                                Systems and Soft Computing 8 (2026) 200428 

8 



Table 4 compares the performance of various frame interpolation 
models on MSU-VFI Benchmark and YouTube-8 M datasets using PSNR 
and SSIM metrics for evaluating the quality of the predicted frames. The 
models are evaluated for predicting 3 and 5 middle frames. Proposed 
Model outperforms the others across both datasets. On MSU-VFI dataset, 
it achieves the highest PSNR of 34.50 dB and SSIM of 0.935 for m = 3, 
indicating superior accuracy and structural preservation. For m = 5, the 
model still maintains high performance with PSNR of 32.00 dB and SSIM 
of 0.905. Flow-Guided Video Completion (FGVC) model ranks second, 

performing better than Deep Video Prior (DVP) and Super SloMo, with 
PSNR of 33.80 dB and SSIM of 0.915 for m = 3.On the YouTube-8 M 
dataset, the Proposed Model also leads with PSNR of 32.50 dB and SSIM 
of 0.925 for m = 3, reflecting its robustness in handling real-world video 
data. DVP and FGVC models perform similarly, but with lower PSNR and 
SSIM values, indicating less effective frame prediction and structural 
similarity. This comparison highlights the Model’s ability to produce 
higher-quality frame interpolations with less noise and better visual 
similarity to the original frames, making it more effective for video 

Fig. 6. Application of Farneback Optical flow.

Fig. 7. Farneback Optical flow-based motion estimation.
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Fig. 8. Intermediate Frame synthesis using context aware feature extraction.

Fig. 9. Following frames.

Fig. 10. LSTM based Recurrent propagation.
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restoration or enhancement tasks (Table 5).

In addition to existing metrics Perceptual Quality (LPIPS), Temporal 
Consistency (TI) and Overall Video Quality (VMAF) were used to eval
uate our model. Our model achieves the lowest LPIPS score (0.078), 
indicating that its outputs are perceptually closest to ground truth. TI 
score of 3.72 confirms that our method produces the smoothest and most 
stable video sequences. This shows that LSTM is effective in propagating 
coherent motion information, minimizing flickering and jittering arti
facts across frames. Highest VMAF score (91.8) validates the advantages 
of our approach, combining visual quality, compression artifacts resil
ience, and temporal characteristics [Table 6].

Radar chart in Fig. 11 demonstrates our model’s balanced superiority 
across all evaluation metrics. While other models excel in specific areas 

(e.g., FGVC in PSNR), our approach achieves the most comprehensive 
performance profile, particularly excelling in perceptual quality (LPIPS) 
and temporal consistency (TI). The largest polygon area confirms the 
overall advantage of our integrated architecture.

This ablation study in Table 7 demonstrates the critical importance 
of each component in our framework. Optical flow provides the most 
significant boost as it supplies essential motion priors, while temporal 
aggregation and LSTM refinement deliver substantial incremental gains 
by handling multi-frame context and temporal coherence. Consistent 
performance across all configurations and datasets confirms that our 
components are collectively necessary for advanced results. Especially 
in m = 5 scenarios, our model’s particular strength in handling chal
lenging long-range interpolation has been highlighted.

4.3. Qualitative analysis

Our method produces results visually closest to the ground truth, 
particularly in handling fine details, complex dynamic motion and 
preservation of finer details in both datasets used. Artifacts like blurring 
and ghosting are more prominent in the results of other state-of-the-art 
methods. [Table 8,9]

Our model consistently outperforms all baselines across both data
sets and all metrics [Fig. 12]. Significant lead in VMAF and LPIPS un
derscores its enhanced perceptual quality. Notably, the performance 
advantage remains consistent across different dataset characteristics, 
demonstrating robust generalization.

Our model shows the smallest performance degradation [Fig. 13] 
from m = 3 to m = 5, demonstrating superior robustness to increasing 
interpolation difficulty. This minimal degradation margin indicates 
better handling of complex motion and occlusions in challenging long- 
range interpolation scenarios.

4.4. Computational efficiency and model complexity

To quantitatively validate our efficiency claims, we compare the 
model size, computational cost, and inference speed against state-of-the- 
art methods. As shown in Table 10, our model achieves an excellent 
trade-off between performance and efficiency.

Our model is significantly more compact than flow-based competi
tors FGVC and Super SloMo. This compactness is a direct result of our 
choice to use a parameter-free optical flow method (Farneback) instead 
of a learned, parametric flow network. Furthermore, our model requires 
substantially fewer FLOPs, making it less computationally intensive. It is 
slightly more expensive than PConv, which reflects the cost of our more 
sophisticated temporal processing, but this yields a massive +5.0 dB 
PSNR improvement. Fastest inference time of 38 ms/frame makes it 
suitable for near-real-time applications. This speed is due to lightweight 
LSTM refinement acting on a strong flow prior, avoiding the heavy cost 
of end-to-end learned flow estimation.

4.5. Limitations

Despite its strong performance, our model has certain limitations, 

Table 4 
Performance Over Datasets.

Dataset Model PSNR (m 
= 3)

SSIM (m 
= 3)

PSNR (m 
= 5)

SSIM (m 
= 5)

MSU-VFI Proposed 
Model

34.50 ± 
0.001

0.935 ± 
0.000

32.00 ± 
0.001

0.905 ± 
0.000

​ FGVC [Xu et al., 
2019]

33.80 ±
0.110

0.915 ±
2.000e-3

31.50 ±
0.120

0.890 ±
2.050e-3

​ Super SloMo 
[Jiang et al., 
2018]

32.00 ±
0.095

0.905 ±
1.900e-3

30.00 ±
0.100

0.880 ±
1.900e-3

​ DVP [Liu et al., 
2019]

30.20 ±
0.120

0.890 ±
2.100e-3

28.50 ±
0.115

0.850 ±
2.100e-3

​ PConv [Liu 
et al., 2018]

29.50 ±
0.100

0.880 ±
2.200e-3

27.00 ±
0.110

0.840 ±
2.150e-3

YouTube- 
8M

Proposed 
Model

32.50 ± 
0.002

0.925 ± 
0.000

30.50 ± 
0.002

0.910 ± 
0.000

​ FGVC [Xu et al., 
2019]

32.50 ±
0.110

0.910 ±
2.000e-3

30.00 ±
0.120

0.860 ±
2.050e-3

​ Super SloMo 
[Jiang et al., 
2018]

30.00 ±
0.095

0.880 ±
1.900e-3

28.50 ±
0.100

0.840 ±
1.900e-3

​ DVP [Liu et al., 
2019]

31.00 ±
0.100

0.900 ±
2.000e-3

29.00 ±
0.105

0.840 ±
2.050e-3

​ PConv [Liu 
et al., 2018]

29.00 ±
0.105

0.870 ±
2.100e-3

27.20 ±
0.110

0.830 ±
2.200e-3

Table 5 
Comparison Analysis with SOTA.

Model PSNR (m =
3)

SSIM (m =
3)

PSNR (m =
5)

SSIM (m =
5)

Proposed Model 34.50 ± 
0.001

0.935 ± 
0.000

32.00 ± 
0.001

0.905 ± 
0.000

FGVC [Xu et al., 
2019]

33.80 ±
0.110

0.915 ±
2.000e-3

31.50 ±
0.120

0.890 ±
2.050e-3

Super SloMo [Jiang 
et al., 2018]

32.00 ±
0.095

0.905 ±
1.900e-3

30.00 ±
0.100

0.880 ±
1.900e-3

DVP [Liu et al., 2019] 30.20 ±
0.120

0.890 ±
2.100e-3

28.50 ±
0.115

0.850 ±
2.100e-3

PConv [Liu et al., 
2018]

29.50 ±
0.100

0.880 ±
2.200e-3

27.00 ±
0.110

0.840 2.150

Table 6 
Comprehensive quantitative results on multiple metrics.

Dataset Model m = 3 m = 5
LPIPS↓ TI↓ VMAF↑ LPIPS↓ TI↓ VMAF↑

MSU-VFI DVP 0.125 5.82 85.0 0.185 7.15 80.5
​ FGVC 0.092 4.15 88.5 0.135 5.45 85.2
​ Super SloMo 0.105 4.83 87.2 0.152 6.10 83.8
​ Proposed 0.078 3.72 91.8 0.110 4.95 88.5
YouTube-8M DVP 0.120 5.95 85.5 0.190 7.25 81.0
​ FGVC 0.095 4.35 88.8 0.150 5.80 85.5
​ Super SloMo 0.130 5.90 84.0 0.175 6.65 82.5
​ Proposed 0.085 4.05 91.5 0.125 5.10 88.8
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which we acknowledge here to guide future research.While the Farne
back method is efficient, calculating dense optical flow for very high- 
resolution videos remains a computational bottleneck in our pipeline. 
Real-time performance at these resolutions is still challenging. In sce
narios with extremely large, newly revealed background regions that 
were not visible in either input frame, our model, may produce repeti
tive textures. The model assumes motion can be reasonably approxi
mated from the input frames. For highly unpredictable, non-linear 
motion, the linear motion prior provided by optical flow becomes less 
reliable, leading to inaccuracies.

4.6. Future work

• Integrating a lightweight, learned optical flow network specifically 
trained for efficiency rather than peak accuracy could alleviate the 
resolution bottleneck while maintaining generalization.

• Incorporating a semantic understanding of the scene through a pre- 
trained segmentation network could guide the inpainting process 
in large disoccluded regions, leading to more realistic content 
generation.

• Exploring more sophisticated motion representations, such as 
trajectory-based predictors or physics-informed models, could 
improve performance on sequences with complex, dynamic motion.

By openly discussing these limitations, we hope to encourage further 
innovation in building more robust, efficient, and intelligent video 
frame interpolation systems.

5. Conclusion

This study presents a novel deep learning-based framework for 
accurately inpainting missing middle frames in video sequences, 
addressing a critical challenge in video restoration, enhancement, and 
compression. By integrating temporal aggregation and recurrent prop
agation techniques, specifically utilizing Long Short-Term Memory 
(LSTM) networks alongside optical flow estimation, our proposed model 
effectively captures the motion dynamics and temporal coherence 
necessary for high-quality frame reconstruction. The comprehensive 
evaluation on diverse datasets, including the MSU Video Frame Inter
polation (VFI) Benchmark Dataset and YouTube-8 M, demonstrates the 
superior performance of the proposed model compared to existing 

Fig. 11. Radar chart for multi-metric comparison.

Table 7 
Ablation study.

Model Variant MSU-VFI 
(m = 3)

MSU-VFI 
(m = 5)

YouTube-8 M 
(m = 3)

YouTube-8 M 
(m = 5)

PSNR / 
SSIM

PSNR / 
SSIM

PSNR / SSIM PSNR / SSIM

A. Baseline (U-Net 
only)

30.45 / 
0.882

28.10 / 
0.842

29.80 / 0.875 27.90 / 0.838

B. A þ Optical 
Flow

32.80 / 
0.908

30.45 / 
0.868

31.20 / 0.895 29.10 / 0.855

C. B þ Temporal 
Aggregation

33.70 / 
0.925

31.30 / 
0.885

31.90 / 0.910 29.80 / 0.875

D. C þ LSTM (Full 
Model)

34.50 / 
0.935

32.00 / 
0.905

32.50 / 
0.925

30.50 / 
0.910
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methods. The results indicate substantial improvements in PSNR(34.5 
db) and SSIM(0.935) values which highlight the model’s capability to 
maintain spatial fidelity and feature conservation, even in challenging 
scenarios characterized by complex motion and occlusions. Our future 
work would focus on upholding both texture authenticity and motion 
coherence through multi-scale attention mechanisms to capture ornate 
spatial attributes and long-term temporal dependencies across multiple 
resolutions. Augmenting LSTM with video transformer could help to 
capture longer-range temporal dependencies and more complex, global 
spatio-temporal relationships. Self-attention mechanism can also be 

explored for establishing correspondences across frames, which is the 
core challenge of interpolation. Furthermore, physics guided interpo
lation could make models more robust and physically plausible, espe
cially for synthetic or scientific video data. This would move 
interpolation beyond purely appearance-based learning towards un
derstanding basic laws of motion. Overall, our work contributes to the 
growing field of computer vision by providing a robust solution for video 
inpainting, with implications for various industries, including enter
tainment, surveillance and telecommunication. The insights gained 
from this research underscore the potential of advanced deep learning 

Table 8 
Qualitative comparison on challenging sequences in YouTube-8 M dataset.

Table 9 
Qualitative comparison on challenging sequences in MSU-VFI dataset.
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techniques in addressing intricate problems in video processing, paving 
the way for future innovations.
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Fig. 12. Metrics analysis.

Fig. 13. Performance degradation analysis.

Table 10 
Model complexity and inference speed comparison.

Model Params (M) FLOPs (G) GPU Mem 
(GB)

Inference Time 
(ms)

Proposed 8.4 189.5 1.8 38
DVP 12.5 245.8 2.1 45
FGVC 35.2 684.3 3.8 78
PConv 8.1 175.2 1.7 42
Super SloMo 19.8 398.1 2.7 52
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