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Abstract 

Video stabilization is important for enhancing the visual quality of both surveillance and consumer 

videos by minimizing undesired jitter and motion shake. Older methods are based upon pixel-space 

optimization, motion heuristics, or huge training sets, which tend to have non-convex optimization 

challenges and require an accurate optical flow estimate. The study proposes a hybrid CNN-RNN 

model, in which video stabilization is achieved by optimizing the CNN parameter space and refining 

the intra-frame hidden states via an RNN block. In contrast to traditional approaches that rely on 

learning, our model is directly trained on a specific input video, and it will overfit its parameters to 

obtain video-specific optimization. The CNN is a differentiable optimizer in a high-dimensional 

parameter space, and the RNN based on ConvLSTM makes use of inter-frame recurrence and      

intra-frame recurrence to enhance temporal consistency without adding extra architectural elements. 

As experimental results on DeepStab and NUS data show, our algorithm has a better PSNR, better 

SSIM, better ITF, and much faster execution time than the latest methods do. The suggested method 

is efficient, strong against parallax and dynamic images, and applicable in real time to the 

implementation of video surveillance systems.  
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1 Introduction 

The high growth rate of surveillance cameras in public, commercial, and domestic settings has also 

generated high demand for efficient video analytics machines. In recent surveillance systems, automated 

processing is essential in the detection of abnormal events, tracking of objects, and analyzing behavior 

(Petrushin, 2005; Popoola & Wang, 2012; Remagnino et al., 2011). The functionality of these 

downstream applications is, however, often undermined by the occurrence of unwanted camera motion, 

jitter, and motion blur, which is often a result of handheld recording, external interference, low-quality 

sensors, or hardware restrictions. These degradations not only decrease the visual quality but also the 

accuracy of the high-level machine vision algorithms (Jelena & Srđan, 2023; Arora, 2024).  

The digital video stabilization is an attempt to have the undesirable camera motion compensated by 

estimating the inter-frame transformations, smoothing motion trajectories, and creating geometrically 

consistent frames. Traditional stabilization pipelines will use three sequential processes: (i) motion 

estimation, (ii) motion smoothing, and (iii) frame warping. Although they are widely used, some of the 

traditional algorithms make limiting assumptions like planar homography, motion on a global scale, or 

trustworthy tracking of features (Gleicher & Liu, 2008; Buehler et al., 2001; Jeevanand et al., 2014). 

These assumptions often fail in real-world surveillance evidence, which might contain parallax, 

occlusions, depth variations, high-speed rotations, and low-texture areas. Recent efforts in deep  

learning-based stabilization have demonstrated good results through the learned motion priors being 

directly learned using data. However, the vast majority of currently available methods rely on extensive 

annotated data, computationally expensive structures, or pixel-based optimization processes that do not 

scale well with video resolution and length. Additionally, CNN-based models generally do not have 

temporal memory, whereas recurrent models can encode temporal correlations but fail to model          

intra-frame refinement expressly, which prevents them from recovering fine-grained information on 

motions in difficult scenes (Kadhim et al., 2023; Wieschollek et al., 2017; Madhan & Shanmugapriya, 

2024).  

In order to address these shortcomings, a hybrid CNN-RNN model is suggested, and the video 

stabilization issue is formulated as a parameter-space optimization problem as opposed to an estimation 

in pixel space. The main incentive of this design is that the CNN parameter space is a smoother and 

more structured space than raw pixel motion fields, and thus it can be optimized using a                           

high-dimensional method. A convolutional neural network is trained on the input video instead of 

estimating the number of motion vectors per video, which are millions. It is a process of overfitting that 

is designed and controlled purposefully and based on the notion of the so-called deep prior. This allows 

the network to be a potent differentiable optimizer, generating spatially coherent warp fields without the 

need to have a large training corpus.  

In order to complement the CNN part, a recurrent framework is employed based on ConvLSTM, 

which promotes the identification of the temporal connections between the frames. Unlike in traditional 

RNN models, in which the hidden states are updated after each frame, our model proposes the use of 

intra-frame iteration, in which the hidden state is updated after refinement with the same RNN 

parameters. This enables the network to stabilize the motion paths in a better way without compromising 

the architectural simplicity and computational efficiency (Soorya et al., 2017; Shnayderman et al., 2006). 

The inter-frame and intra-frame repetition of the model allows it to spread contextual information both 

through time and iteration, leading to a better resistance to blur, parallax, and even dynamic scene 

content. The proposed hybrid CNNRNN model therefore offers a single formulation of motion 

estimation, temporal refinement, and warp-field optimization specific to the nature of each particular 
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video (Matsushita et al., 2006; Liu et al., 2023). Extensive experiments of DeepStab and NUS have 

shown that our algorithm has a high PSNR, SSIM, ITF, and temporal smoothness in comparison to 

classical pipelines of stabilization and new deep learning methods (Bhat et al., 2007; Liu et al., 2012; 

Camgözlü & Kutlu, 2023; Su et al., 2017).  

The model is also real-time, and hence it is very applicable in the real-world implementation of 

surveillance systems and embedded platforms (Hyun Kim et al., 2017; Ulyanov et al., 2018). To 

conclude, the contributions of this work are as follows: 

• CNN performs parameter-space optimization to generate smooth warp fields. RNN provides 

temporal coherence via inter-frame and intra-frame recurrences. 

• Multiple hidden-state refinements per frame yield significantly better deblurring and stabilization, 

with no extra parameters. 

• The optimization of CNN weights is an alternative to solving million-way pixel-level motion 

vectors. 

• Incorporates locally adaptive penalties to handle parallax and unreliable motion regions. 

• Extensive evaluation showing that the method achieves higher PSNR, SSIM, ITF, and lower 

distortion than state-of-the-art methods while running in real-time. 

The following is the outline of this article: The second section provides an overview of the literature 

on video stabilization, RNNs, and CNN models. In Section 3, the hybrid CNN-RNN architecture is 

proposed, and the functionality of the architecture is explained. The experimental findings on the 

proposed approach and comparison with current methods for video stabilization are presented in Section 

4. Section 5 concludes by summarizing the findings of the proposed model. 

2 Related Work 

Here, a literature review of the available sources on the use of neural networks to develop video 

stabilization, video deblurring, and similar topics is provided. 

2.1 Video Deblurring 

Prior research on video deblurring depended on the concept of lucky imaging, in which clear contents 

were substituted for fuzzy equivalents at the pixel (Matsushita et al., 2006) and patches (Cho et al., 2012) 

levels. Kernels are inferred from inter-frame relations in deconvolution-based algorithms, which were 

later the subject of much study. The use of time-based data allowed for the prediction of global motion 

and the creation of a clear panoramic image from a hazy video (Li et al., 2010). As a means of dealing 

with various blurred areas, (Wulff & Black, 2014). developed layered blur models, which include layer 

segmentation and deconvolution of individual layers to enhance blur kernel and latent image estimation. 

Using bidirectional optical flows to mimic locally variable blur kernels, (Kim et al., 2017). presented a 

segmentation-free technique for dynamic video deblurring. The local blur kernels and latent images are 

variables in this framework, which presents the task as a non-convex energy minimization problem. To 

get around this, several deblurring deconvolution methods (Kim et al., 2017; Hyun Kim et al., 2013) 

Optimize the energy function repeatedly. 
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2.2 RNN+CNN 

Both spatial (via CNNs) and temporal (by LSTMs) features may be effectively learned by deep learning 

systems on their own. Learning elements pertaining to spatial and temporal relations constitute what are 

known as spatiotemporal networks (STNs) (Zhang et al., 2018). In STNs, spatiotemporal characteristics 

are extracted using a combination of CNNs and LSTMs (Chalapathy & Chawla, 2019). Once CNN has 

processed the data, the next LSTM will take its cues from the CNN structure's output (which may be 

ResNet or AlexNet, for example). In order to identify suspicious occurrences in video datasets, several 

researchers have begun to use detection methods such as (Liu et al., 2013). In addition, a new method 

has evolved whereby a convolutional layer filters the CNN output before it enters the LSTM structure. 

(Medel & Savakis, 2016). Convolutional Long Short-Term Memory (ConvLSTM) describes this novel 

method. With a convolutional layer, the number of parameters is significantly reduced, as opposed to 

being completely connected in an LSTM. Consequently, the likelihood of overfitting is reduced, and the 

model's performance may be improved. 

2.3 Video Stabilization 

In general, 2D approaches are efficient and have minimal computing complexity. A number of issues 

may arise with 2D approaches. One issue is that monitored 2D characteristics aren't always accurate 

because of things like lighting changes and motion blur. It is also challenging to get lengthy feature 

tracks in videos with a lot of occlusions. They (Yu & Ramamoorthi, 2018) follow the two-dimensional 

feature points and finds a grid that covers them, making them smooth. To begin the algorithm, they 

(Grundmann et al., 2011) needs a camera path determined from feature tracks. In (Sultani et al., 2018) 

They require basic motion situations and lengthy feature tracks as well. The relative locations of feature 

points are the focus of several approaches. Stabilize the eigen-trajectories that have been derived in    

(Liu et al., 2011). Use epipolar geometry to keep feature points in their relative positions was proposed 

by Goldstein & Fattal, (2012). Try to maintain the relative locations of feature points as well. The quality 

of the recorded characteristics still determines how well these works operate. 

Secondly, parallax-effect movies are notoriously difficult to stabilize using a parameterized motion 

model alone, as pixel movements within the same frame aren't always constrained by a similar 

homography constraint. The video is stabilized using a full-frame homography in Matsushita et al., 

(2006), which treat the scene as a plane. Both (Liu et al., 2014; Yadav et al., 2024) use grids and local 

homography to split the frames, but they aren't good at dealing with complicated depth fluctuation. 

In (Gibson & Salamonson, 2023), they distort the first frames by means of optical flow. On the other 

hand, motion discontinuities have a significant impact on the pixel profile provided in Goldstein & 

Fattal, (2012). Because of this, heuristics for determining foreground and background information are 

still required, as is meticulous inpainting of areas where motion differs from the backdrop. 

When compared to generic 2D approaches, ours is superior for feature tracking due to its ability to 

withstand local optical flow defects and track all pixels. To avoid having to recreate the scene's 3D 

structure, a non-parametric frame warping method is turned on to solve the parallax effects. In spite of 

the fact that optical flow is applied to produce stabilized frames, like the technique in, do things rather 

differently. Unlike the pixel profile, which only records the motion vectors at each pixel location, our 

method really tracks the motion of each pixel. This means that our strategy is parallax resilient and 

doesn't need filling in the zones of motion discontinuities. The large-scale nonconvex issue that emerges 

from our formulation, however, defies easy quadratic form, as shown in (Goldstein & Fattal, 2012). 
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3 Proposed Work 

The proposed video stabilization framework integrates a hybrid CNN–RNN architecture designed to 

jointly model temporal dynamics and spatial motion correction through parameter-space optimization. 

As illustrated in the revised figure 1, the overall pipeline consists of two main components:                          

(i) a recurrent module that performs inter-frame and intra-frame refinement of latent representations, 

and (ii) a CNN-based optimizer that estimates smooth, spatially coherent warp fields from optical-flow 

inputs. In the first stage, sequential video frames are processed by a ConvLSTM recurrent unit that 

maintains a hidden state capturing temporal structure across frames. Instead of having the hidden state 

updated on a per-timestep basis, unlike normal RNNs, an intra-frame iteration mechanism is suggested 

in terms of which the hidden state is iteratively optimised on several occasions based on the use of a 

single-cell or dual-cell architecture. In the single-cell scheme, a particular recurrent unit is shared by the 

initial and iterative updates, and therefore, the scheme becomes efficient in parameters; in the dual-cell 

scheme, different cells are used to independently predict the latent frames and model the hidden-state 

refinement, and thus, the scheme is more expressive, but it consumes more parameters. This recurring 

iterative process allows deepening time integration and minimizing the cumulative effect of residual blur 

by changing the network architecture. The trained latent image output of the RNN is then a                   

latent-to-sample image that is passed to the CNN optimization network that produces a dense pixel-wise 

warp field to stabilize each frame. In stabilization, rather than directly optimizing the millions of pixel 

motions as with classic algorithms, stabilization is stated as a CNN parameter-space optimization 

problem, which is a combined smoothness and structural prior of convolutional filters. The CNN is fed 

initial optical flow fields and is trained on the target video, whereby the intention is to overfit it to create 

a warp field that fits the sequence. The optimization problem incorporates 3 terms:                                                

(i) a motion-consistency loss, which makes the warped frames align by minimizing Euclidean distance, 

(ii) a regularization term, which makes the warp field smooth and (iii) an adaptive weighting scheme, 

which heightens the regularity of warp fields in areas with high magnitude of the motion vectors in order 

to eliminate unreliable or noisy motion estimates. This combination of RNN-based temporal recurrence 

and CNN-based parameter-space optimization allows the system to overcome non-convexity challenges 

inherent in pixel-level motion estimation, while maintaining robustness to parallax, dynamic objects, 

and local flow artifacts. The resulting framework provides a unified, end-to-end approach for stabilizing 

complex real-world video sequences. The next section shows the empirical considerations that can prove 

the usefulness of this hybrid design on a variety of datasets and benchmarks. 

 

Figure 1: Proposed model architecture using CNN-RNN framework 
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3.1 RNN Model 

Since CNNs do not have any temporal connections, the hidden state that RNNs use to their advantage is 

the most important aspect when competing with CNNs. Having strong hidden states is crucial for this 

reason, as they will aid in making more accurate output predictions both at the present and upcoming 

frames. So, before passing it on to the next RNN cell, try to make more use of hidden states using       

intra-frame iteration. Using our basic RNN cell design, and put this theory into action. Beginning with 

the blurry input 𝐵𝑡 and the prior hidden state ℎ𝑡 − 1, use our RNN cell to calculate the first hidden state 

ℎ𝑡
0̂ at an appropriate step 𝑡. In order to update the concealed state, repeat the process of feeding ℎ𝑡

0̂ back 

to the cell without altering 𝐵𝑡. Lastly, at the time step, update the hidden state ℎ𝑁
0̂  and construct an unseen 

output frame 𝐿𝑡 after 𝑁 repetitions of updating the hidden state. Despite the iterations, the blur feature 

extraction tool 𝐹𝐵 along with the hidden frame predictor 𝐹𝐿 are only utilized once. 

Two distinct iteration methods are shown here: the single cell approach and the dual cell method. 

When estimating the initial and updated hidden states using the single cell technique, keep the 

parameters constant. In contrast, a dual cell approach makes use of two RNN cells, one of which serves 

a specific function. Predicting latent frames and updating hidden states only utilize the second cell. While 

there are more parameters needed for the dual cell technique compared to the single cell approach, the 

performance advantage may be substantial since separate sets of parameters can be assigned various 

functions. Going forward, use the prefix C1 to indicate single-cell models and C2 to identify dual-cell 

models. Finally, append the iterations of the hidden state with the suffix H. In the dual cell model, the 

symbol C2H2 indicates that the hidden state is updated twice. Here the detail Algorithm 1's two 

techniques for updating hidden states intra-frame. From an architectural point of view, our techniques 

effectively deepen RNN cells, which increases their receptive fields and capacities.  

The fuzzy video can be represented as 𝐵 =  {𝐵𝑡}, the ground-truth sharp video as 𝑆 =  {𝑆𝑡}, and the 

predicted hidden video as 𝐿 =  {𝐿𝑡}, where t is a frame index in the interval {1. . . 𝑇}. In order for 

temporal information to flow across video frames, and build our basic structure as a recurrent neural 

network, similar to Bhat et al., (2007). Next, our network applies recurrence operation on the input video, 

which is blur video. 

(𝐿𝑡, ℎ𝑡) = 𝐹(𝐵𝑡 , ℎ𝑡−1) 

 

Figure 2: RNN model for intra-frame iteration 
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Here, our RNN cell is denoted by F. The cell is made up of many parts, including 𝐹𝐵, 𝐹𝑅 , 𝐹𝐿 , 𝑎𝑛𝑑 𝐹ℎ, 

as seen in figure 2. The feature 𝑓𝐵𝑡
  is first extracted from a fuzzy frame via 𝐹𝐵. Afterwards, 𝐹𝐿 ,  and 𝐹ℎ 

calculate the latent frame 𝐿𝑡 with hidden state ℎ𝑡, respectively, using the intermediate feature 𝑓𝐵𝑡
  that is 

produced by 𝐹𝑅. In the t-th time-step, the hidden state ht is created and will be transmitted to the              

𝑡 +  1-th time-step. The initial value of h_0 is set to zero. 

3.2 CNN Model 

An easy way to simulate the transition in appearance is to determine the initial optical flow between 

successive video frames and then locate transformations between frames that will reduce pixel motion. 

The result obtained from this RNN phase is used as input in the rest of the study, which then covers 

optimization to stabilize the video that results. Reducing the 𝑥 𝑎𝑛𝑑 𝑦 coordinates of each pixel to a 

single pixel ID (𝑖) simplifies the notation. 𝐹𝑡 is the two-channel image that originally represented the 

optical flow from 𝑡 to 𝑡 + 1; it encoded the movement of all the pixels from frame 𝐼𝑡 to frame 𝐼𝑡+1 . 

Take the example of pixel 𝑖′𝑠 location in frame 𝐼𝑡, which may be represented as 𝑝𝑖,𝑡. The image that 

corresponds to it in frame 𝐼𝑡+1 may be described as equation (1) 

𝑃𝑗 , 𝑡 + 1 = 𝑃𝑖,𝑡 + 𝐹𝑡(𝑃𝑖, 𝑡)                                                                                                             (1) 

It is also possible to calculate a backward optical flow, which maps the pixels in the image to each 

other. Adding  𝑖𝑡 to the frame 𝐼𝑡+1 is given in equation (2) 

𝑃𝑙,𝑡 = 𝑃𝑘,𝑡+1 +   𝐹̅𝑡 (𝑃𝑘 , 𝑡 + 1 )                                                                                                     (2) 

The warping of every original frame stabilizes the output frames. The warping process is an affine 

transformation 𝐻𝑡 of the two-dimensional image and a per-pixel warp field 𝑊𝑡. 

Hence, frame 𝐼𝑡 the pixel  𝑖 and 𝑙, the distorted pixels are depicted by using the below equation (3) 

𝑃𝑖,𝑡 
̂ = 𝐻𝑡𝑃𝑖,𝑡 

ℎ + 𝑊𝑡(𝑃𝑖,𝑡 )                                                                                                                   

𝑃𝑖,𝑡̂ = 𝐻𝑡𝑃𝑙,𝑡 
ℎ + 𝑊𝑡(𝑃𝑙,𝑡)                                                                                                                (3) 

Where the uniform visualization of 𝑃𝑖,𝑡  and 𝑃𝑙,𝑡 are denoted by 𝑃𝑖,𝑡 
ℎ  and 𝑃𝑙,𝑡 

ℎ , respectively. Similarly, 

its distorted image matching 𝐼𝑡+1 is given by equation (4) 

𝑃𝑗,𝑡+1 
̂ = 𝐻𝑡+1𝑃𝑗,𝑡+1 

ℎ + 𝑊𝑡+1(𝑃𝑗,𝑡+1)   

𝑃𝑘,𝑡+1̂ = 𝐻𝑡+1𝑃𝑘,𝑡+1 
ℎ + 𝑊𝑡+1(𝑃𝑘,𝑡+1)                                                                                         (4)  

Minimizing the distance between the warped pixel locations, as measured by the Euclidean distance, 

is the objective given in equation (5) 

𝐸0(𝑊, 𝐻) =
1

𝑤ℎ(𝑇 − 1)
 ∑ ( (∑‖𝑃𝑖,𝑡̂ − 𝑃𝑗,𝑡+1̂‖

𝑤ℎ

𝑖=1

)

2

+  (∑‖𝑃𝑖,𝑡̂ − 𝑃𝑘,𝑡+1̂‖

𝑤ℎ

𝑖=1

)

2

  )       (5)

𝑇−1

𝑡=1

 

This is equal to 𝑇 frames multiplied by 𝑤ℎ, the total number of pixels in a frame. You just need to 

average over 𝑖 and 𝑘 since the mapping from 𝑝𝑖/𝑙,𝑡 to 𝑝𝑖/𝑙,𝑡+1 is 1-to-1. 

Because scenes are so complicated, the original visual flow might not have been right in some places. 

In addition, the camera's movement may not affect the scene's items. Introducing artifacts might be a 

result of blindly optimizing objective function (5). 



Video Stabilization by a Hybrid Structure Of CNN: RNN for a 

Video Surveillance System 

                            C.K. Siva Ranjani et al. 

 

655 

The error function is given by, equation (6) 

𝐸𝑟(𝑊) = 𝑊𝑡 − 𝐷(𝐷𝑇𝐷)−1 𝐷𝑇𝑤𝑡                                                                                                  (6) 

To ensure that the output warp field is near to a linear warp field, employ this error as a restriction. 

It should be noted that by adjusting D, can manage the linear warping restriction at the pixel level using 

this formulation. In our experiment, for instance, use a 20x20 grid to cover each frame and fill D using 

the weight of every image pixel in its neighbouring grid cell.  

In addition, areas with significant movements make the initial optical flow 𝐹𝑡 less dependable. 

Keeping this in mind, usually get 𝑊𝑡 with fewer discontinuities by increasing the regularization value 

(6) for big motion areas, and trust the optical flow and lower it for tiny motion regions. Pixel motion 

derived from the initial optical flow may be used to estimate the motion scale measurement by       

equation (7) 

𝐸𝑝 = 𝐹𝑡
2  +  𝐹̅𝑡

2                                                                                                                                     (7) 

By integrating equations (5), (6), and (7), can express our optimization problem as equation (8) 

𝑚𝑖𝑛
𝑊, 𝐻

 𝐸0(𝑊, 𝐻) +  𝜆 ‖𝐸𝑝  . 𝐸𝑟(𝑊)‖
1

                                                                                             (8) 

Here, the hyperparameter 𝝀 controls the overall level of regularization. Apply it as a pixel-wise 

weight to 𝐸𝑟 because the original optical flow magnitude, 𝐸𝑝, is equal to the size of the regularization, 

𝐸𝑟 . It should be noted that the 𝐿1 norm is used for this regularization in order to promote sparsity in the 

warp field and prevent excessive compensation to incorrect areas in the initial optical flow. 

3.2.1 CNN Optimization Model 

Make note that the variables 𝑊𝑡  and 𝐻𝑡, which represent the optical flow field and the 2D affine 

transformation, respectively, for each frame, are the unknowns in equation (8). At the industry standard 

480p resolution, there are almost 123 million unknown motion vectors in a 300-frame video clip. 

Because of the memory and computing requirements, it is usually not feasible to directly optimize a 

problem of this magnitude. In addition, there are a lot of local minima in the complicated                           

high-dimensional energy landscape, making optimization a challenge. Instead of looking in the issue 

space for a solution, propose to look in the parameter space of the CNN neural network. Actually, the 

CNN neural network is serving as our optimizer. Learning on huge datasets has always been done 

differently than our strategy. Because the objective function (8) is applied immediately to the input 

video, the network weights are optimized without a training set. An optical flow-based robust stabilizing 

formulation can be applied at once since this non-convex multidimensional optimization problem 

becomes feasible when a network is used. 

Our approach is the first study that is aware of to apply this concept to video stabilization problems. 

The optical flow field is spatially smooth for real-world situations, even if it is represented pixel-wise. 

Hence, a parameterized function adequately describes our warp field {𝑊, 𝐻}. It is necessary to create a 

sophisticated and distinguishable parameterized function due to the complexity of this procedure. 

Instead of creating a convolutional neural network manually, the prefabricated, optimal solution to this 

task is selected. 𝐺(𝜃) is the function that denotes the neural network, with 𝜃 standing for the network's 

parameters. To get the required warp field {𝑊, 𝐻}  =  𝐺(𝜃), the network has to have a set of weights 

found that will allow it to generate the desired output. So, to rephrase the optimization problem (8) given 

the final optimization in equation (9). 

𝑚𝑖𝑛
𝜃

 𝐸0(𝐺(𝜃)) +  𝜆 ‖𝐸𝑝  . 𝐸𝑟(𝐺(𝜃))‖
1

                                                                                      (9) 
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Finding the parameters 𝜃  becomes the objective when the network is trained on a single footage clip. 

This means that (9) is distinguishable with regard to the parameters of the network, since our goal 

function is comprised of basic linear and quadratic functions of {𝑊 𝑎𝑛𝑑 𝐻}. 

 

Figure 3: CNN model for optimization 

Figure 3 displays our network architecture. A collection of 𝑇 − 1, the primary optical flow fields 𝐹, 

calculated from input video frames, constitutes the input of the network. Multiple channels are used to 

transmit the optical flow field frames. Five levels of downsample module encoding the input. With the 

exception of the final module, which only increases the number of channels, all of the downsample 

modules reduce the frame size by 2. Starting with four layers of upsample modules, the decoder 

continues with a 1 − 1 kernel-size output convolutional layer. The decoder produces the necessity of the 

warp field W required. The encoded data is also processed by a 2D transformation module, which has 2 

linear layers and 2 convolutional layers. The aim of this module is to generate the 2𝐷 affine transform 

matrix H. The output {𝑊, 𝐻} pairs with 𝑇 − 2. It is intended to optimize the overfitting of the single 

input video, to optimize the network parameters with the optical flow of the video only. In order to do 

this, normalization of learning on the network weights and dropout layers would be discouraged. It seems 

that the U-Net structure provided the inspiration for the figure 3 modular deep learning architecture, 

which was created for image modification or segmentation tasks. The encoder (on the left), the 

transformation module (in the middle), and the decoder (on the right) are the three primary parts of the 

design. Multiple convolutional layers make up the encoder, and they downsample features while 

gradually extracting them. The orange colour is used to denote these layers. In order to prevent the loss 

of fine-grained spatial information during downsampling, the model establishes skip links when features 
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are retrieved from each encoder block to its associated decoder block. The green-highlighted 2D 

Transformation Module is crucial to the system; it compresses the input into a feature representation by 

processing the deeply encoded features with additional convolutional layers and linear transformations. 

In order to restore the image to its original proportions, the architecture on the decoder side (blue and 

purple) uses either upsampling or no-pooling techniques. Combining the encoder's skip-connected 

features with higher-resolution feature maps obtained by transposed convolutions, the upsampling block 

assists in accurate reconstruction. There are two test setups that stand out at the bottom of the image. 

The first test setup involves downsampling and transformation with skip connections and certain channel 

combinations. Second Test Configuration places an emphasis on exclusively learnt representations in 

situations when skip connections are not present. The core operations of each modular block, including 

Conv2D, ReLU activations, MaxPooling, and upsampling, are described on the right side. It is possible 

to optimise performance for different visual tasks by experimenting with alternative combinations of 

pooling, upsampling, and transformation layers, due to the architecture's overall flexibility. 

Algorithm:1-CNN-RNN Model for Video Stabilization 

Input: Blur Video Footage 

Output: Stabilized Video 

1 𝑃𝑟𝑜𝑐𝑒𝑠𝑠 𝐸𝑎𝑐ℎ 𝑓𝑟𝑎𝑚𝑒 𝑡𝑜 𝑜𝑏𝑡𝑎𝑖𝑛 𝑡ℎ𝑒 𝐹𝑟𝑎𝑚𝑒 − 𝑡𝑜 − 𝐹𝑟𝑎𝑚𝑒 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 ∆𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 

2: 𝑈𝑠𝑖𝑛𝑔 ∆𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 , 𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑠 𝑏𝑙𝑢𝑟 

3: 𝑊ℎ𝑖𝑙𝑒 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑓𝑟𝑎𝑚𝑒𝑠 𝑑𝑜 

4: 𝑖𝑓 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 <  𝑒𝑛𝑑_𝑖𝑡𝑒𝑟 

5:  𝑆𝑖𝑛𝑔𝑙𝑒 𝐶𝑒𝑙𝑙 𝑀𝑒𝑡ℎ𝑜𝑑 𝐷𝑒𝑏𝑙𝑢𝑟𝑟𝑖𝑛𝑔/𝑑𝑜𝑢𝑏𝑙𝑒 𝑐𝑒𝑙𝑙 𝑑𝑒𝑏𝑙𝑢𝑟𝑟𝑖𝑛𝑔 

6. : 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑖𝑛𝑔 𝑡ℎ𝑒 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 (8) 𝑏𝑦 𝑡ℎ𝑒 𝐶𝑁𝑁 𝑚𝑜𝑑𝑒𝑙 

7: 𝑒𝑛𝑑 

8: return, Stabilized video  

9: End while 

4 Experimental Design and Results 

4.1 Feature Extraction Comparison 

The DeepStab dataset (Nah et al., 2017) was used in this research in order to measure the performance 

of the proposed video stabilization method. This data will have pairs of both shaky and stable video 

synchronized; wherein direct, frame-by-frame comparisons could be made during training and testing. 

Its ground truth of high quality allowed its successful supervision and correct gauge of its stabilization 

improvements based on conventional measures like PSNR and SSIM. The various patterns of motion 

and real-world scenarios simulated by DeepStab thus made it quite acceptable to test the robustness and 

generalization capability of the proposed model.  

The video dataset includes five different video clips that may be used to test the video stabilization 

algorithms in different real-life conditions (Table 1). The initial video (8.avi) has mild jitter and it is 

captured in a controlled indoor or stable outdoor setting, with the help of handheld and stable camera 

that offers a comparatively stable background to test the performance of the algorithms. In the second 
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video (24.avi), the moderate jitter is presented with flowing motion at motion with dynamic environment 

like walking or by a slow-moving vehicle that creates the natural movement complexity. The third video 

(38.avi) is relatively shaky during a combination of dynamic and static outdoor shots, which were 

captured with a handheld camera standing or walking around reflecting the typical user-generated video. 

The fourth video (42.avi) consists of rolling motion and jitter in an outdoor dynamic environment, 

emulating recording by a moving individual or a vehicle-mounted camera, and thus it is difficult due to 

the effects of linear and rotational motion. Lastly, the fifth video (46.avi) is the most extreme one that 

depicts violent and unstable jitter on high mobility sources such as vehicles or drones in dynamic outdoor 

settings, which will best test the effectiveness and flexibility of stabilization methods. Together, the 

dataset gives a high level of variety of motion conditions to construct and test the stabilization models.  

Table 1: Input video description 

Video File Resolution Frame Rate (FPS) Frame Count Duration (s) 

8.avi 1280×720  59.94  599 9.99 

24.avi 1280×720  ~30  218 7.27 

38.avi 1280×720 29.97 777 25.93 

42.avi 1280×720 29.97 967 32.27 

46.avi 1280×720 29.97 598 19.95 
 

Our stable video's quality is evaluated by its Peak Signal-to-Noise Ratio (PSNR). The calculated 

PSNR between two successive frames is given by equation (10): 

𝑃𝑆𝑁𝑅 = 10 log10

𝐼𝑀𝐴𝑋

𝑀𝑆𝐸(𝑛)
                                                                                                                 (10) 

The PSNR shows a link between the result you prefer and the video you receive. MSE n is the          

Mean-Square-Error between two frames, and IMAX is the highest pixel number that an image can have. 

N and M stand for the frame's measurements. An increased PNSR across two stabilized frames means 

that the video is of good quality. It's given in equation (11). 

𝑀𝑆𝐸(𝑛) =
1

𝑀𝑁
∑ ∑[𝐼𝑁(𝑥, 𝑦) − 𝐼𝑛+1(𝑥, 𝑦)]2

𝑁

𝑥=1

𝑀

𝑦=1

                                                                              (11) 

The structured similarity indexing method (SSIM) finds the average number of how similar the two 

images are in terms of their structure. The SSIM measure compares the brightness, contrast, and structure 

of a deformed image (𝑥) to an input base image (𝑦), 𝑎𝑛𝑑 is given in equation (12). 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) = [𝑙(𝑥, 𝑦)]𝛼 [𝑐(𝑥, 𝑦)]𝛽 [𝑠(𝑥, 𝑦)]𝛾                                                                                (12) 

Where 𝑙(𝑥, 𝑦), 𝑐(𝑥, 𝑦), and 𝑠(𝑥, 𝑦) are functions for comparing brightness, contrast, and structure, 

respectively. 𝛼 >  0, 𝛽 >  0, and 𝛾 >  0 are factors that can be used to change how much each of the 

three functions has changed.  

The downsampled DeepStab dataset is used to test our method and other methods. From table 2, you 

can see how all of the comparison methods performed in terms of PSNR, SSIM, and running time. 

Because of these results, it is evident that the CNN-RNN model's intra-frame repetition scheme and the 

random training method make our model much better than the other best methods. Even though our 

method has internal repeated processes, it is much faster than the others. The visual deblurring output of 

the proposed model is illustrated in figure 4. 
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Shakiness Type Input Video Frame Stabilized Video Frame 

Mild jitter, mostly stable 

  

Moderate jitter, smooth motion 

  

Moderate jitter 

  

Rolling + jitter 

  

Aggressive jitter, erratic 

  

Figure 4: Visual output of our proposed model 

Table 2: Performance comparison with existing methods on dataset (Sultani et al., 2018) 

Methods PSNR SSIM Speed(fps) 

CNN 27.08 0.8429 1.2 

Novel RNN 25.19 0.7794 7.37 

STRCNN+DTB 26.82 0.8245 9.24 

VSRResNet 25.51 0.8834 - 

SRGAN 23.58  0.7050 - 

Proposed Model 29.32 0.8684 33.67 
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On the sample in Matsushita et al., (2006).  Also, compared how well the CNN-RNN model worked. 

The training set from Matsushita et al., (2006) to fine-tune our GOPRO models, used a reference source 

not found. In this case. Compared to models. Matsushita et al., (2006) and Wieschollek et al., (2017). 

Table 3 shows that our model works better with iterations and regularization. 

Table 3: Performance comparison with existing methods on dataset (Matsushita et al., 2006) 

Methods PSNR SSIM 

CNN 30.14 0.8913 

Novel RNN 26.98 0.8076 

STRCNN+DTB 29.97 0.8696 

DBN+HOMOG 27.93  0.9221 

DBN+SINGLE 23.63  0 .885 

Proposed Model 32.37 0.9865 
 

The Interframe Transformation Fidelity (ITF) rating is based on equation (13) 

𝐼𝑇𝐹 =
1

𝑁𝑓𝑟𝑎𝑚𝑒 − 1
∑ 𝑃𝑆𝑁𝑅(𝑘)

𝑁𝑓𝑟𝑎𝑚𝑒−1

𝑘=1

                                                                                      (13) 

The mean PSNR across two successive frames is called the ITF. Typically, this mean is applied to 

every statistic in order to provide an approximate estimate for the stabilized video's quality. As with 

PSNR, higher ITF values reveal a very stable video. The results of the ITF tests for the three video clips 

are presented in table 4. Based on the results of this analysis, our stabilized videos have a higher ITF 

than the originals. It is satisfactory that our stabilized movies have an improved ITF. 

Table 4: Performance comparison of ITF 

Input Video Original ITF Stabilized ITF 

Video 1 (8.avi) 18.78 22.65 

Video 2 (24.avi) 24.21 24.68 

Video 3 (38.avi) 25.98 28.65 

Video 4 (42.avi) 21.75 26.13 

Video 5 (46.avi) 19.02 23.94 

4.2 Performance Evaluation of Optical Flow Using the Objective Function 

Figure 5 and table 5 shows a quantitative comparison of the input video's quality with that of our result, 

Liu et al., (2013), Jeevanand et al., (2014) and Kim et al., (2017). An evaluation of the visual change 

between successive frames in the results is done by calculating the cumulative optical flow across the 

whole video. Our objective function and its metric are conceptually identical (5). It utilizes the 

stabilized video to calculate the optical flow. It should be noted that optical flow is frame size 

standardized; that is, differences between movies with varying frame sizes can be compared. For this 

statistic, a lower score means higher performance. By comparing each score to that of the input video, 

the increase in stability could be noticed because much effort was put to ensure that the effect on the 

overall appearance was minimal (Muralidharan, 2020). As a result, when compared to other ways, ours 

consistently produces superior results. Take note of the improvement over the pre-stabilized output while 

using our optimization framework based on CNN-RNN. The obtained result is better than the 

comparison methods by a percentage in the given datasets, but no clear difference in the quality between 

the two sets of data can be observed. Further comparisons with different video stabilizing algorithms 

using the widely-used NUS dataset. are also shown in figure 5. Take an average of these metrics after 
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randomly selecting 5 videos from each category. This larger dataset for video stabilization yields better 

results for our technique. 

 

Figure 5: Proposed model performance assessment using different techniques 

Table 5: Comparison in de-blurred accuracy and performance with others 

Research papers Shakiness Type Scene Type Camera Motion 

BC-Stab 0.37 0.32 0.45 

Preserving warps 0.36 0.45 0.42 

Optimal Camera Path 0.32 0.35 0.85 

Pre-Stabilized 0.33 0.41 0.72 

Proposed Model 0.28 0.34 0.38 

Table 5 is a comparative study of five video stabilization algorithms, namely, BC-Stab, Preserving 

Warps, Optimal Camera Path, Pre-Stabilized and the Proposed Model, which have been tested by 

looking at three important criteria of Shakiness Type, Scene Type, and Camera Motion. These metrics 

have a scale of 0 to 1 with a low value resulting in excellent performance of stabilization. The Proposed 

Model has the most general performance as it has the lowest shakiness of 0.28, which means that it 

perfectly reduces visual jitter. It competes also in Scene Type (0.34) and Camera Motion (0.38) 

indicating the capability to preserve the consistency of the images and minimize unwanted movement 

between frames. Although Optimal Camera Path has a good score in shakiness (0.32), it has the worst 

score in camera motion (0.85) indicating that the approach results in drastic change of viewpoint in the 

effort of stabilizing the video path, which can be distracting to the eye. On the same note pre-stabilized 

scores moderately in the shakiness (0.33) and marginally better in the scene preservation (0.41), but a 

high camera motion score (0.72) is observed which is instability in quick scene transitions. In preserving 

Warps, the scene integrity is more emphasized as its scene score of 0.45 is the highest among them, but 

this is at the expense of slightly higher shakiness (0.36) and the slightest increase in camera motion 

(0.42). Lastly, BC-Stab delivers balanced performance across all three metrics, with scores of                  

0.37 (shakiness), 0.32 (scene), and 0.45 (camera motion), though it does not outperform the Proposed 

Model in any category. In conclusion, the Proposed Model offers the most stable and visually consistent 

output, with minimal compromise on scene integrity or motion smoothness, making it the most efficient 

technique among the evaluated methods. Table 6 explains the proposed model comparison with various 

methods.  
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Table 6: Performance comparison on various methods 

Method PSNR (dB) ↑ SSIM ↑ 

Proposed Method 29.84 0.935 

Wiener Filter 25.32 0.812 

Richardson-Lucy 26.74 0.841 

Blind Deconvolution 27.91 0.863 

DeblurGAN 28.40 0.910 

4.3 Performance Comparison by Other Metrics  

In their study, they recommended three metrics: cropping ratio, global distortion, and frequency domain 

stability. For these measures, a higher number denotes an improved outcome. An additional statistic 

suggested by Kim et al., (2017) in the outcome is the smoothness of the frame's mobility. An improved 

outcome is indicated by a decreased number in this statistic. A comparison of the average score of all 25 

samples is provided in figure 6. In this measure, a little more cropping and distortion is expected than 

the result of the pre-stabilized one, the video is cropped to a rectangle and warped in the warp field. 

However, a better performance compared to the alternative techniques in terms of distortion and 

cropping. The most valuable criterion of video stabilization is metric stability, which always excels in 

all other competing solutions. Additionally, our solution outperforms the state-of-the-art in terms of 

metric motion smoothness.  

 

Figure 6: Performance evaluation of proposed model with various metrics 

Table 7: Performance comparison of CNN-RNN by various metrics 

Research papers Shakiness Type Scene Type Camera Motion 

BC-Stab 0.81 0.77 0.39 

Preserving warps 0.85 0.75 0.58 

Optimal Camera Path 0.79 0.86 0.72 

Pre-Stabilized 0.86 0.92 0.56 

Proposed Model 0.95 0.95 0.88 

Table 7 and figure 6 compares five video stabilization methods BC-Stab, Preserving Warps, Optimal 

Camera Path, Pre-Stabilized, and the Proposed Model based on three normalized evaluation metrics: 

Shakiness Type, Scene Type, and Camera Motion, with values ranging from 0 to 1. But instead of the 
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previous scores where low scores were given a better performance, in this case, high scores are taken to 

improve performance, that is, reduction of shakiness, maintenance of scene structure, and the stability 

of camera movement is better. The Proposed Model has the highest ratings in all three measures, 

indicating that it has a superior capability of providing the most stabilized video with visual consistency 

and reduction of unwanted camera movements, with 0.95 in Shakiness Type, 0.95 in Scene Type, and 

0.88 in Camera Motion. These findings indicate that the Proposed Model is most desirable with regard 

to both visual quality and motion fidelity. Pre-Stabilized is also good in Scene Type (0.92) and fair in 

Shakiness (0.86) which means that the structural details are well preserved, however, its score on Camera 

Motion (0.56) indicates that it is not truly stable. Optimal Camera Path is being rated high in Scene Type 

(0.86) and low on Camera Motion (0.72), which implies that it is not the fastest in maintaining the scene 

but offers a certain dynamic viewpoint alteration when executing the motion compensation. Preserving 

Warps, which has a score of 0.85 (Shakiness), 0.75 (Scene), and 0.58 (Camera), achieves a balance 

between the preservation of scenes and the motion smoothing, but it is not as effective in the overall 

camera drift. Although with the lowest Shakiness (0.81) and Scene Type (0.77) scores among the five, 

the best camera motion score following the Proposed Model (0.39) is of the BC-Stab, which has the least 

amount of unintended motion comparatively. Finally, it can be concluded that the Proposed Model is 

definitely the most effective and strong method of stabilization in contrast to others as it is efficient in 

all aspects and can be considered as the most reliable one. The fact that it has the highest scores in 

shakiness reduction, structural preservation, and camera motion control proves its ability to improve the 

quality of the video in a variety of demanding video settings. 

5 Discussion  

The comparative study provided in tables 2 to 7 contains a multi-dimensional analysis of the suggested 

video stabilization and deblurring model with a number of existing methods. The findings are consistent 

in confirming that the proposed approach provides a better visual fidelity, motion consistency, and 

computational efficiency. 

Table 2 shows that the proposed model is better than traditional CNN, RNN-based and GAN-based 

stabilization networks because it has the highest PSNR (29.32 dB) and a high SSIM of 0.8684 as well 

as the highest processing speed of 33.67 fps. This makes it more practical to real time applications where 

efficiency and quality is a crucial issue.  

In addition, table 3 displays the usefulness of the suggested approach in increasing the video stability 

of five input clips through the Inter-Frame Transformation Fidelity (ITF) measure. In each of the 

experimented videos, the stabilized ITF values have increased significantly with reference to the original 

video, which is an indication that the model can considerably enhance the frame-to-frame consistency 

and minimize the undesirable jitter. The gains were especially high in more unstable videos                      

(e.g., Video 1 and Video 5), which initially possessed lower values on ITF.  

The table 5 demonstrates that the proposed model is superior to the other stabilization methods when 

it comes to de-blurring precision, using three major factors: shakiness type, preservation of the scene 

type, and the correction of the camera motion. It has the smallest error scores in all metrics, implying 

that it not only minimizes visual jitter, but also does not distort scenes to add unnecessary or undesired 

distortion or changes of perspective. 

Table 6, further gives more emphasis on the deblurring strength of the proposed model tree because 

of the PSNR and SSIM results. It has the largest PSNR (29.84 dB) and SSIM (0.935) of all the compared 

methods and outperforms not only classical methods such as Wiener Filter or Richardson-Lucy but also 
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the more modern models such as DeblurGAN. This makes it certain that it is more capable of 

reconstructing sharp and perceptionally coherent frames out of motion-blurred sequences. Lastly,               

table 7 is a normalized comparison of the effectiveness of stabilization. The suggested model proves to 

be strong once again by ranking the top in all the three categories namely, shakiness correction (0.95), 

scene preservation (0.95) and camera motion stabilization (0.88). These findings suggest a balanced 

strategy that does not affect the quality of videos at the expense of stability of the viewpoint and the 

appearance of structural artifacts. The effectiveness of the proposed CNNRNN stabilization framework 

can be explained by the fact that it involves the combination of trivialization and optimization of 

parameters and modeling. In contrast to traditional methods that use single-pass temporal updates, use 

intra-frame iteration mechanism to refine the hidden state in each frame so that the RNN can learn the 

finer details of the temporal gain and reduce jitter residual prior to the final steadfast output. This 

accumulated blur across sequences is avoided and the quality of the latent features is improved by this 

iterative process. In addition, warping the warp field in the CNN parameter space, instead of trying to 

compute pixel-wise motion, is useful to the system to escape bad local minima that occur in                   

high-dimensional, non-convex pixel optimization. The convolutional weight induced structured 

manifold gives more coherent and smooth solutions and makes it more robust to noisy or unreliable 

optical flow estimates. Although it has these advantages, the technique has weaknesses in scenes where 

there are severe discontinuities in motion, a large crowd, or processing a very dynamic foreground 

object, such that optical flow is weakened. Also, the per-video optimization brings a trade-off between 

accuracy and processing time by introducing a start-up cost of computation. However, when optimized, 

the model can operate in real-time and always outperforms current methods, which has a good potential 

to be implemented in practice to survey and analyze videos. 

6 Conclusion  

In this study, offer a new design of video stabilization depending on convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs). Our technique improves upon previous approaches to 

blur removal in video frames by repeatedly updating the concealed state to the target frame using an 

RNN module. Prior research attempted to circumvent this formulation by proposing a number of 

heuristics, but ultimately this leads to a large-scale non-convex optimization issue. Additionally, put into 

a new convolutional neural network (CNN) optimization procedure that is re-trained for every video and 

does not need a huge dataset to address this issue. Our method works on all videos, even ones with 

scenes that are hard to understand. In addition, include a regularization term into our model training 

process, which has the potential to improve prediction accuracy by using stochastic computing methods. 

Our solution outperforms existing cutting-edge techniques in terms of speed and accuracy without 

requiring additional factors. 
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