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Abstract— The use of video in our everyday digital interactions is on the rise. With the 
advancement of higher-resolution content analysis and displays, the substantial volume of video 
content presents considerable challenges in terms of acquisition, trans- mission, compression, and 
display while maintaining high quality. Video compression is very crucial to manage the 
resources as well as ensure smooth transmission and playback of digital videos across different 
platforms and devices. In our work, we introduce an optimized PWC-Net (Pyramidal Warping 
Cost Volume-Net) architecture for motion estimation, which is a computationally intensive initial 
component present in codecs for video compression, such as H.264 and H.265/HEVC. Proposed 
approach utilizes a CNN (Convolutional Neural Network) based PWC-Net architecture to 
estimate the optical flow between the frame sequences, which is considered as the motion 
information. Our model, compresses the video sequences efficiently without computing the 
motion vectors unlike the traditional motion es- timation techniques using block-based methods. 
It demonstrates its effectiveness with the experimental results when performing compression on 
various H.264 codecs. It learns efficient video compression without the need for motion 
computation unlike the traditional motion estimation techniques and our experiments show that 
an optimized PWC-Net outperforms good compression ratio by performing motion estimation 
through optical flow when compared with existing motion estimation schemes on H.264 and 
H.265 codec.  
 
Index Terms— Video compression, Motion estimation, CNN, Optical flow, Optimized PWC-Net. 

I. INTRODUCTION 

Motion Estimation occupies a significant portion in the process of video compression. It eliminates the temporal 
redundancy in video frames through inter-frame prediction. Previously, motion estimation was performed using a 
conventional block-based motion estimation algorithm to estimate the motion between consecutive frames. 
Specifically, in order to provide motion compensated prediction, each frame is divided into macroblocks and their 
motion vectors are determined using a block matching technique. Later this data is harnessed to minimize 
redundancy and encode the video data with optimal efficiency. Techniques for motion estimation determine pixel 
or block displacements between frames, empowering the encoder to express motion as vectors. These motion 
vectors, coupled with residual data are subsequently compressed, transmitted or  stored.  Obtaining  the  motion 
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vector of each macroblock requires carrying out a thorough search using an algorithm that uses a block-matching 
criterion known as the cost function to assess every potential displacement inside a search frame. Full search 
is not practicable for real-time implementation due to its enormous computing cost, even if it has the extra benefit 
of discovering the absolute best answer. The computational intricacy of a motion estimation method can be 
assessed through three key elements namely, the search algorithm, the cost function/the evaluation function and 
the search range parameter. Reducing the complexity of the chosen cost function and/or the applied search 
technique will help to lower the complexity of motion estimating algorithms. However, the efficiency and quality 
of video compression may be affected by this decrease in complexity; hence, the motion estimation method 
is vital for keeping video quality and deciding how efficient the video compression process is.  
Conventional video compression standards such as MPEG- 4/H.264, HEVC and the latest VCC/H.266 utilize 
the series of predefined software modules having local decorrelating decompositions and block-based motion 
estimates such as the  Discrete Cosine Transform (DCT) to process videos. Video compression techniques have 
evolved significantly, moving from hand-designed algorithms to more advanced methods that utilize machine 
learning and Deep Neural Networks (DNN) for improved video compression efficiency [1]. By leveraging 
deep neural networks, we can explore pixel-wise motion estimation techniques to enhance video compression 
performance. Utilization of advanced methods like hybrid deep learning model helps to attain a higher compression 
ratio, minimize latency and maintain the original video quality. Deep learning models are considered as extremely 
robust tools for creating optimal alternative video codecs due to their exceptional capacity to acquire effective 
visual representations. A multitude of image compression architecture based on deep learning methods have been 
put forth as a result [2]. The novel models have utilized Convolutional Neural Networks (CNN), Recurrent Neural 
networks (RNN), Generative Adversarial Networks (GAN) and autoencoders resulting in rate-distortion 
efficiencies that are purportedly on par with conventional image compression codecs such as JPEG and JPEG 
2000. By the motivation of such developments, numerous researchers have developed deep video compression 
models that illustrate the significant potential of this overarching approach. The first end-to-end learned deep video 
codec was presented by Wu et al. [3], using a hierarchical frame interpolation approach. A deep video compression 
codec based on blocks was described by Chen et al. [4]. An end-to-end video compression model (DVC) was 
developed by Lu et al. [5]. In this model, every component of a traditional hybrid video codec is swapped out with 
a deep learning model that has been trained as a whole as a hybrid architecture under a single loss function. 
Furthermore, a hierarchical video compression framework known as HLVC (Hierarchical Video Compression) 
was presented by Yang et al. [6]. 
In contemporary deep learning-based methods as well as traditional video codecs, a substantial share of system 
resources has been dedicated to motion estimation because motion estimation necessitates a resource-intensive 
search procedure, which we circumvent by training the network to adeptly depict the disparities between the present 
frame and an array of spatially-shifted neighboring frames. Though, deep learning- based methods have dominated 
this space, offering impressive results in terms of compression efficiency and quality. However, there is a growing 
interest in leveraging optical flow technology as an alternative approach to perform motion estimation. This 
transition is driven by several factors, including the need for more computationally efficient solutions, robustness 
to various types of motion, and the desire to reduce reliance on large-scale training datasets. This paper explores 
the evolution from deep learning methods towards optical flow technology for motion estimation in video 
compression. 
In our work, we propose a network called an optimized PWC-Net to estimate the motion between the frame 
sequences. The PWC-Net [7] is a CNN based model designed for estimating motion between the video frame 
sequences using optical flow technology that avoids the computing cost of existing motion estimation techniques. 
Optical flow refers to the apparent motion of objects in an image or a sequence of images. It computes the 
velocity of points within the images, offering an estimate of the potential locations of these points in the subsequent 
image sequence. This technique is typically employed on a sequence of images with minimal temporal intervals, 
commonly found in video frames. Proposed network, an optimized PWC-Net is meticulously crafted from 
straightforward and firmly established principles-Pyramidal processing, Warping and Cost volume processing, the 
structure of which is shown below. Figure 1 depicts the network topology of PWC-Net from a general viewpoint. 
PWC-Net starts by using the input frames to create a feature pyramid. The network compares a pixel’s features in 
the first picture with similar features in the second image at the top of the pyramid to generate a cost volume. Since 
this level has a lower spatial resolution, the cost volume is constructed using a compact range. In order to 
estimate the flow at the highest level, the aforementioned cost volume is subsequently provided as input to a CNN 
together with characteristics from the initial picture. PWC-Net then uses rescaling and up sampling to project the 
predicted flow to the next level. PWC-Net uses the upsampled flow to warp the features of the second picture 
towards the first image, moving to the second-to-top pyramid level. This warping makes up for large motion, 
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therefore it’s possible to use a narrower search range when building the cost volume. This new cost volume is then 
sent into a CNN for flow estimate at the current level, together with features from the initial picture and the 
previously unsampled flow. This level’s estimated flow is then upsampled to the next (third) level, and so on, 
repeatedly, until the target level is reached. Thus PWC- Net is particularly effective in estimating dense optical 
flow fields that introduces noteworthy enhancements in terms of accuracy as well as model size in comparison to 
earlier CNN models designed for optical flow. 

 
  Figure 1. The structure of PWC-Net architecture. 

II. RELATED WORK 

Optical flow estimation stands as a fundamental challenge within the realm of computer vision, finding diverse 
applications such as action recognition, autonomous driving and video editing. Extensive research spanning 
decades has resulted in remarkable achievements in addressing demanding bench- marks [8][9][10]. The majority 
of the leading methods adhere to the energy minimization strategy that was first put out by Horn and Schunck [11]. 
However, fine-tuning complex energy functions usually turns out to be computationally intensive, rendering them 
less suitable for real-time applications. Adopt- ing convolutional neural networks’ (CNNs’) quick, scalable, and 
end-to-end trainable architecture is a very promising path. In recent years, this method has greatly advanced the 
area of computer vision. 
Optical Flow. Variational techniques have been the dominant approach for estimating optical flow since Horn and 
Schunck’s pioneering work [11, 16, 17]. This approach in- volves connecting the presumptions about brightness 
consistency and smoothness in space using an energy function. Over time, several enhancements have been 
introduced [12]- [15]. Recent efforts have focused on addressing large displacements, incorporating combinatorial 
matching into variational framework [16, 17]. Notably, the work presented in [17], referred to as Deep-Matching 
and Deep Flow, aggregates feature information from coarse-to-fine using convolutions and max-pooling but 
doesn’t involve any learning and all parameters are configured manually. Subsequent work, like Epic Flow [18] 
has placed a strong emphasis on improving sparse matching quality, particularly when transitioning from sparse 
to thick flow fields while maintaining adherence to picture borders. Several researchers have previously explored 
the application of machine learning to optical flow. For instance, while Rosenbaum et al. [19] used Gaussian 
mixture models to simulate local optical flow statistics, Sun et al. [20] analyzed optical flow statistics and trained 
regularizes using Gaussian scale mixtures. Through a linear combination of these basic flows, Black et al. [21] 
predicted optical flow by computing the major components of a training set of flow fields. Other techniques used 
classifiers to predict occlusion probability [22] or choose between several inertial estimations [23]. Addition- ally, 
employing neural network models, work has been done on unsupervised learning of motion or disparity between 
frames in films. In order to represent connections between picture pairs, these approaches usually use 
multiplicative interactions, which allow for the interference of disparities and optical flow from latent variables. 
A synchronous autoencoder is a kind of specialized autoencoder that Konda and Memisevic [24] utilized, 
whereas Taylor et al. [25] used factored gated limited Boltzman machines to tackle this problem. While these 
techniques are helpful for activity identification in movies and have shown promise in controlled environments, 
when applied to real-world recordings, they are not more effective than traditional methods. 
Early Efforts in Learning Optical Flow. Prior to the advent of deep learning, there exists a substantial history of 
research in learning optical flow. Here are some notewor thy contributions, Simoncelli and Adelson [26] 
delved into examining data matching problems related to optical flow in detail. Using examples from the 
synthetic blob world, Freeman et al. [27] concentrated on parameter learning inside the Markov Random field 
(MRF) model for picture motion. Roth and Black [28] used depth map-generated sequences to study the spatial 
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statistics of optical flow. The learning method for the complete model of optical flow by Sun et al. [20] was 
restricted to a few training sessions [29]. Stochastic optimization methods were used by Li and Huttenlocker [30] 
to adjust parameters for the Black and Anandan approach [31]. Nevertheless, there were only a limited number of 
factors that could be learned. Wulff and Black [32] pursued the learning of Principal Component Analysis (PCA) 
motion bases derived from optical flow estimates generated by GPUFlow using real movie data. While their 
approach was speedy, it tended to produce excessively smoothed flow results. 
Novel Progress in the Study of Optical Flow. In response to the remarkable achievements in high- level vision 
tasks, the two CNN models, FlowNetS and FlowNetC, that Dosovitskiy et al. [12] developed, marked a 
significant shift in the opti cal flow estimation paradigm. Their research showed that a generic U-Net CNN 
architecture may be used to directly estimate optical flow from raw images. FlowNetS and FlowNetC stood out as 
the most advanced real-time techniques of their day, despite their performance being somewhat behind the 
state-of-the-art techniques. Mayer et al. [33] expanded the use of the FlowNet architecture to include tasks related 
to scene flow and disparity estimation. A unique strategy was used by Ilg et al. [34], who combined many simple 
FlowNet models into a more complex model. FlowNet2, which performed as well as or better than the most 
advanced benchmarks, especially on the Sintel test. Another advancement was the introduction of SpyNet, a 
compact spatial pyramid network, by Ranjan and Black [35]. On the Sintel test, SpyNet’s performance was 
equivalent to that of the FlowNetC model showcasing its effectiveness even though it did not reach the absolute 
state-of-art performance. 
CNN Models for Computer Vision’s Dense Prediction Tasks. In computer vision, the denoising autoencoder 
[36] has emerged as a commonly employed technique used for dense prediction applications. It is particularly 
effective when combined with skip connections [37] linking the encoder and decoder, facilitating the prediction 
of dense outputs. Recent advancements, as seen in recent work [38] have highlighted the benefits of dilated 
convolution layers. These layers are adept at leveraging contextual information and enhancing fine-grained details, 
particularly in tasks like semantic segmentation. In the context of optical flow, we incorporate dilated 
convolutions to harness contextual information, resulting in a notable improvement in performance. Another 
architectural innovation is the DenseNet architecture [39, 40], which directly connects every layer to each other 
in a feedforward manner. This architecture has demonstrated superior accuracy and ease of training compared to 
traditional CNN layers, especially in image classification tasks. We explore the application of the DenseNet 
concept in the context of dense prediction tasks for optical flow, aiming to further enhance performance. 

III. PROPOSED METHODOLOGY 

This section gives the detailed description of the proposed framework for the motion estimation phase in video 
compression. In this segment we explain the PWC-network to generate optical flow and PWC-Net’s fundamental 
components, Context network to post process and compress the generated optical flow. 

A. The PWC-Net for Motion Estimation 
In place of employing traditional block-based motion estimation, which estimates the motion between the current 
frame (yt) and the previous reconstructed frame (yi – 1), the proposed model utilizes a CNN-based optimized PWC-
Network [7] to generate the optical flow which is regarded as the motion information vt. PWC-Net make use of a 
feature pyramid to estimate the optical flow between two adjacent frames and refines at a single pyramid level. 
PWC-Net performs feature wraping on the second image using unsampled flow, constructs a cost volume and then 
processes the cost volume using CNNs. More precisely the input to PWC Net consists of the previous frame xt-1 
and the current frame xt, resulting in the optical flow vt. This output is then compressed by the motion compression 
module. Moreover, unlike the compression method for motion information in traditional codecs, we propose a 
CNN based feed-forward context network to post process the flow explained below in section B. 
 
 
 
 
 
 
 
 
 

 
Figure 2. The components of the PWC-Net 
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Figure 2 shows the structural components of the PWC- network. Firstly, raw images are substituted by learnable 
feature pyramids in order to get fixed picture pyramid as raw photos are not affected by shadows or illumination 
variations [14]. Secondly, the warping operation from the conventional method is used to estimate vast motion. 
Thirdly, the network consists a layer to create the cost volume, which is then processed by CNN layers to estimate 
the flow, as the cost volume is a more discriminative representation of the optical flow than raw pictures. The 
model size is decreased by the cost volume and warping layers, which have no learnable parameters. Lastly, PWC-
Net post-processes the optical flow using a context network to improve the optical flow in contrast to using the 
contextual information by older standard techniques such as median filtering and bilateral filtering. The underlying 
mechanism of each component is discussed below in detail. 
Pyramid Extractor Net for Features  From two input frames, ܫଵ and ܫଶ, ܮ-level pyramids of feature representations 
are generated, beginning with the input pictures at the bottom (zeroth) level, ௧݂

଴ = ௧ܲ . Convolutional filters are 
used to downsample the features from the previous ݈ − ℎ pyramid level, ௧݂ݐ1

௟ିଵ, in order to create the feature 
representation at the previous ݈ݐℎ layer, ௧݂௟ by a ratio of 2. The feature channels in the first through sixth layers of 
the pyramid are 16, 32, 64, 96, 128 and 196, in that order.  
Warping Net The features of the second picture towards the first image are warped at the ݈ݐℎ level using the × 2 
upsampled flow from the ݈ +  .ℎ levelݐ1

݇௪ 
௟ (ݕ) = ݇ଶ 

௟ ݕ) +  (1)                                                     ((ݕ)(௟ାଵݓ)ଶ݌ݑ

where the upsampled flow, ݌ݑଶ(ݓ௟ାଵ) is initialized to zero at the highest level and ݕ is the pixel index. As outlined 
in [34], the gradients to the input CNN features and flow for backpropagation are computed to carry out the warping 
operation using bilinear interpolation. Warping may be used to verify that picture patches are scaled accurately 
and to reduce certain geometric distortions in motion that includes transformations other than translation.  
Cost Volume Net The features are used to create a cost volume, matching expenses for connecting every pixel in 
the next frame with its associated pixels [20]. According to [15, 55], the connection between the characteristics of 
the first picture and the distorted features of the second image gives the definition of the matching cost. 

(ଵݔ,ଵݔ)௟ܸܥ =  
1
ܰ  ቀܿଵ௟(ݔଵ)ቁ

ୃ
ܿ௪௟  (2)                                              (ଶݔ)

The transpose operator is represented by ⊤, while the column vector length ܿଵ௟(ݔଵ) is shown by ܰ. It is only 
required to compute a partial cost volume within a limited range of ݀ pixels in an ܮ −level pyramid setup. For 
example, |ݔଵ − ଶ|ஶݔ ≤ ݀. In the full-resolution photos, a single-pixel motion at the highest level corresponds to 
ܮ2 − 1 pixels. As a result, we may set d to a low number. The 3D cost volume has dimensions of ݀ଶ × ௟ܪ × ܹ ௟, 
where ܪ௟ and ܹ ௟ stand for the ݈ݐℎ pyramid level's height and breadth, respectively.  
Estimator Net for Optical flow Inputs to this multi-layer CNN include the cost volume, first-image features, and 
upsampled optical flow; outputs include the flow  ܹ ௟ at the ݈ݐℎ level. With values of 128, 128, 96, 64, and 32 for 
each convolutional layer, the number of feature channels is constant throughout all pyramid levels. Instead of 
sharing common parameters, estimators at different levels have their own set of them. Iteration of this estimating 
procedure continues until the target level, ݈଴. 

B. Feed forward Context Network 

Figure 3. Structure of feed forward context network. 

Our method involves using a feedforward CNN-based Con- text network, first presented in the [41], to compress 
pixel-level optical flow vt from the motion estimation network for picture compression. Using optical flow vt, the 
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context network creates the motion representation mt. A series of nonlinear transformations and convolution 
operations are applied to the optical flow vt. With the exception of the final deconvolution layer, which has a size 
of 2, all layers have 128 output channels for convolution (deconvolution). Quantizing mt   results in m̂ t  from  the  
motion  representation.  For  entropy  coding,  the quantized  representation  m̂ t  is  used.  The  network  of  context 
encoders and decoders makes it possible to compress optical flow effectively. Figure 3 shows the feed forward 
compression network. Conv(3,128,2) is the symbol for the 3x3 kernel convolution operation, 128 output channels, 
and a stride of 2. GDN/IGDN refers to the nonlinear transform function. 

C.  The PWC Net Algorithm 
The algorithm for optical flow estimation process using the PWC-Net is provided below. This simplified 
algorithm provides an overview of the key steps involved in PWC-Net’s optical flow estimation process that 
includes building feature pyramids, computing cost volumes, estimating flow using CNNs, warping and utilizing 
context networks for refinement. 
 

 

IV. EXPERIMENTS AND RESULTS 

This section gives the detailed description of the proposed framework for the motion estimation phase in video 
compression. In this segment we explain the PWC-network to generate optical flow and PWC-Net’s fundamental 
components, Context network to post process and compress the generated optical flow. 
The proposed PWC-Net model is developed using Python programming language. A Python function named 
Motion_Estimation, performs motion estimation using the PWC-Net optical flow model. The function takes two 
parameters: rep_fr, representing the number of frames to process, and MODEL_dst, representing the destination 
path for saving the flow and frame data, working of which is as follows: 
1. If the TRAIN_MODE variable is set to True, the function enters the training mode and proceeds to collect 
information and training data. It reads a video file frame by frame, calculates the optical flow using the PWC-Net 
model, and saves the resulting flow images and frames to the specified destination path. In the training mode, the 
function iterates through each frame of the video, generates predictions using the PWC-Net model, and saves the 
optical flow images and frames to the destination path. It also saves the flow data and frame data as NumPy 
arrays. 
2. If the TRAIN_MODE variable is set to False, the function enters the inference mode. In this mode, it loads pre-
trained flow and frame data from the specified destination path and displays the raw images and flow images 
using OpenCV. 
3. The function returns the flow data and frame data. 
The proposed method in general performs motion estimation using the PWC-Net optical flow model, allowing for 
both training and inference modes and enabling the processing of video data for various applications such as video 
compression or motion analysis. 



 
6040 

TABLE I. SIMULATION DATA OF THE DATASET VIDEOS 

Training Datasets. The PWC network was trained on MPEG-4 recorded videos and few news videos sourced from 
YouTube, each with a duration of approximately 5 to 10 seconds with varying resolutions and frame rates to 
generate the optical flow, the details of which are tabulated in table 1. For training, a random 128x128 patch 
consisting of 49 frames was selected from each video, and the input video values were normalized to [-1,1]. To 
minimize any existing compression artifacts, the original frame was randomly down sampled, and a 128x128 
patch was extracted. 
Results. After training the dataset videos, each video is fed into the proposed PWC-Network model to generate the 
optical flow that is considered as motion vector. The Figure 4 depicts the raw image and the flow image generated 
by the proposed model for the datasets considered as mentioned in the table 1. 

 
 
 
 
 
 
 
 
 
 

 

Figure 4. Left: Raw image (original image) Right: Flow image generated by the proposed PWC-Net model for the sample datasets. 

V. CONCLUSION AND FURURE WORK 

Various algorithms and methods are used for motion estimation, ranging from traditional block-based approaches 
to more advanced techniques based on optical flow and machine learning. In our work, we have created a concise 
yet highly effective CNN model called optimized PWC-Net for motion estimation through optical flow that relies 
on fundamental principles: pyramidal processing, warping and the utilization of cost volume. By combining deep 
learning with domain- specific knowledge, we have not only reduced the model’s size but also enhanced its 
performance. Given its compactness, efficiency and effectiveness, PWC-Net is poised to be a valuable component 
in numerous video processing systems. There is always a scope for further enhancements and innovations as 
innovation is an ongoing process that will persist and accelerate as scientific and technological fields advance to 
the forefront of cutting -edge developments. Ultimately, the goal is to find the optimal trade-off between 
compression efficiency and computational complexity to ensure high-quality video compression. As a part of 
future work, implementation will be carried out on next stages of video compression namely, Motion 
compensation to predict new frame (pattern image), followed by transformation and quantization step to get the 
quantized image and finally, entropy coding to encode the quantized information obtained from quantization phase 
to get  a compressed video. 
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