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Abstract

The video sequences captured by aircraft cameras are often affected by external environmental distur-

bances. The traditional feature point stabilization methods often encounter situations where feature

tracking fails and matching becomes unstable; while the existing deep learning-based depth stabiliza-

tion methods based on optical flow can handle complex jitter, they have high computational costs and

are prone to introducing local distortions. To address these issues, this paper proposes an RGLStab

online video stabilization framework based on grid sampling optical flow and temporal network, aim-

ing to construct a video stabilizer that balances real-time performance and geometric fidelity. Firstly,

in the motion estimation stage, a robust motion extraction mechanism combining structured optical

flow sampling and a geometric RANSAC solution is designed. Secondly, in the trajectory smoothing

stage, a full-causal temporal model is constructed using a unidirectional LSTM network to effectively

separate and smooth reconstruct the high-frequency tremors in the temporal trajectory. Finally, in the

frame synthesis stage, the video frame is reconstructed using global four-degree-of-freedom similarity

transformation, and the non-rigid deformation artifacts are suppressed by the underlying spatial con-

straints. The experimental results in the NUS public dataset show that this framework outperforms the

existing online stabilization algorithms in both qualitative and quantitative evaluation metrics, and

the stabilization quality is comparable to some offline methods. This mechanism effectively improves

feature failure and dynamic foreground interference problems under complex maneuvers such as quick

rotation, achieving an online inference frame rate of 24.51 FPS while maintaining good robustness.

Keywords: Video stabilization, Motion estimation, Online process, Trajectory smoothing

1 Introduction

In recent years, the advancement of intelligent
flight systems has led to the widespread deploy-
ment of airborne camera systems—serving as
core visual sensors—in mission-critical applica-
tions such as aerial patrol, disaster reconnaissance,
and real-time dynamic target tracking [1], all of
which demand low-latency onboard processing.

However, factors such as complex airflow distur-
bances, mechanical vibrations of the rotor, and
rapid drone maneuvers inevitably cause image
jitter in video streams captured by airborne cam-
eras. This nonlinear visual oscillation not only
compromises operator observation experience, but
also degrades performance of downstream com-
puter vision tasks. Consequently, developing video
stabilization algorithms that balance real-time
performance with geometric fidelity has become a

1



critical requirement in the fields of aerial robotics
and intelligent vision systems[2].

Most existing video stabilization technologies
adopt an offline processing mode[3–7], leveraging
either global motion estimation or long-range bidi-
rectional sliding windows to model and smooth
camera trajectories. However, these non-causal
mechanisms that rely on future information will
cause certain processing delays, making it difficult
to meet the real-time application requirements.
The online stabilization system needs to have low
computing time consumption and follow an imme-
diate processing pipeline. Although several exist-
ing real-time methods incorporate a limited num-
ber of future preview frames to enhance trajectory
smoothness[8, 9], this strategy still involves a
non-negligible buffer delay. This paper focuses on
online real-time image stabilization. Based on the
requirement of low latency, this study explores
and uses the temporal movement patterns of his-
torical frames. Without causal constraints relying
on future frames, it relies on past and current
observation data to complete posture prediction,
aiming to achieve online image stabilization with
no buffering delay.

During the motion estimation phase, tradi-
tional online image stabilization algorithms face
significant challenges when dealing with complex
maneuvers such as rapid rotation and translation
commonly encountered in airborne platform[10].
These methods predominantly rely on sparse,
handcrafted local features for inter-frame corre-
spondence. Although there have been emerging
feature point detection algorithms based on deep
learning in recent years[11], which to some extent
alleviate the challenges of feature extraction under
complex lighting and weak texture conditions,
both are essentially limited by the sparse point
matching paradigm. This paradigm relies on the
significant texture structures and corner points in
the image. When the airborne camera encounters
rapid rotation, translation, or dynamic blurring,
it is prone to a decrease in the number of effective
feature points and unstable matching correlations.
This characteristic of discrete feature extraction
makes it difficult for these algorithms to provide
a continuous and robust global motion trajectory
estimation in complex flight environments, which
may lead to trajectory noise or compensation
deviations.

In recent years, deep learning-based optical
flow estimation and grid deformation stabilization
methods have emerged[12–17], using dense pixel-
level motion perception to enhance the resilience
of systems against nonlinear jitter. However, exist-
ing deep stabilization solutions still face two major
engineering challenges in airborne deployment.
Firstly, high-precision dense optical flow networks
incur substantial computational overhead, with
their high-dimensional tensor iterations increas-
ing inference latency and compromising real-time
performance. Secondly, to eliminate depth par-
allax, current deep grid stabilization approaches
tend to apply localized nonlinear deformations to
video frames. Such non-rigid processing tends to
alter the original rigid optical structures within
frames, introducing local geometric distortions
that compromise visual fidelity.

To address the aforementioned issues, this
paper proposes an online video stabilization
framework named RGLStab, which is based on
grid sampling optical flow and temporal networks.
In the motion estimation stage, this framework
introduces a lightweight extraction mechanism
that combines grid sampling of the flow field
extracted by RAFT with the geometric RANSAC
solution. This mechanism extracts a stable global
four-degree-of-freedom similarity transformation
matrix, leveraging the high-precision advantage
of RAFT’s pixel-level motion field while improv-
ing the bottleneck of slow inference in traditional
dense optical flow algorithms. In the trajectory
smoothing stage, this framework builds a fully
causal temporal model based on unidirectional
LSTM. This model implicitly learns the kinematic
laws of the physical stabilizer and can complete
the smooth posture calculation based solely on his-
torical memory and instantaneous observations,
achieving online prediction without future frame
dependence in a strict sense.

The main points of work in this article are
threefold as follows.

1.This study proposes an online video sta-
bilization framework RGLStab that integrates
structured grid-based optical flow motion rep-
resentation with long short term memory net-
works (LSTM). The framework achieves enhanced
computational efficiency while maintaining robust
video stabilization performance.

2.A motion extraction strategy based on the
joint physical screening of the RAFT dense flow
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field grid sampling and the RANSAC algorithm
was designed. The high-dimensional and com-
plex pixel-level relative motion was uniformly
reduced and solved as a global four-degree-of-
freedom similarity transformation matrix. This
strategy strictly maintained the spatial geometric
consistency of the global scene at the bottom-level
constraints, effectively suppressing the local dis-
tortions and non-rigid deformations that are prone
to occur under complex camera movements.

3. A complete causal time-series smoothing
model based on unidirectional LSTM and a decou-
pling optimization strategy were constructed. This
model can complete attitude inference solely based
on the historical memory sequence and the current
observation state, achieving low-latency trajec-
tory prediction without future frame dependence.
Moreover, this paper designs a decoupled weight-
based mixed loss function. By imposing high-
weight penalties on the rotation components, it
effectively eliminates high-frequency mechanical
tremors while maximizing the retention of the
natural geometric proportion and spatio-temporal
consistency of the stabilized image.

2 Related Works

We briefly introduce traditional stabilization
methods, deep learning stabilization methods, and
online stabilization methods as follows:

2.1 Traditional Approaches

1) 2D methods simplify camera motion into geo-
metric transformations on the image plane. Early
2D motion estimation approaches relied on the
tracking of image features in multiple frames,
achieving video stabilization through smoothing
of the feature trajectory [6, 18]. However, large-
scale camera movements often make it difficult
to extract long feature trajectories. Subsequent
research used motion models between adjacent
frames to achieve feature matching. These meth-
ods depend on manually designed feature extrac-
tors for keypoint tracking[19, 20]. However, man-
ual features often fail under sparse textures, severe
lighting variations, or dynamic blurring caused
by rapid movements.The loss of feature points
and incorrect matching can lead to a decrease in
the accuracy of global motion estimation, making

it difficult to cope with complex environmental
disturbances.

2) In 3D modeling research[21–23], researchers
utilize structure from motion (SfM) technology[24]
to estimate camera paths and scene point clouds
in three-dimensional space. Additional hardware
such as depth cameras[25], gyros [8, 9], or light
field cameras[26] can also be employed. Although
excelling in handling parallax effects in complex
scenes, 3D reconstruction remains computation-
ally intensive and prone to system crashes dur-
ing large-scale dynamic occlusions or aggressive
maneuvers involving airborne equipment.

2.2 Deep Learning Methods

To overcome the limitations of traditional meth-
ods, deep learning techniques have been widely
adopted in stabilization research in recent years.
Some studies focus on building end-to-end gener-
ative networks that directly learn frame mapping
relationships through large-scale stable/jittered
video datasets, such as the DeepStab dataset[12].
Xu et al.[27] utilized adversarial frameworks to
synthesize target images as a means of guid-
ing deformation , while Yu et al.[15] focused on
refining initial optical flow estimates into precise
pixel-wise motion compensation fields. However,
due to the DeepStab dataset that contains only
60 video segments, deep learning methods face
challenges in generalization capability. Yu et al.
adopted convolutional neural networks as optimiz-
ers instead of data learning to avoid overfitting on
individual input samples[28].

Recent approaches have emphasized replac-
ing traditional motion estimation modules with
deep neural networks, such as deep homogra-
phy transformations[29, 30] and deep grid flow
methods[17], by introducing deep homography
networks or grid optical flows for dense motion
field extraction. However, existing mainstream
deep grid stabilization schemes often apply local
spatial nonlinear stretching to compensate for dis-
parity. To address the local distortions caused
by non-rigid deformation and the computational
challenges posed by high-dimensional tensors, this
paper proposes a stabilization strategy based on
dense flow field sampling. We first use RAFT[31]
to obtain pixel-level motion fields without texture
constraints. Then, we introduce grid sampling and
the RANSAC algorithm[32] to extract the global
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Fig. 1: The overall process of the proposed RGLStab framework consists of three core modules: the
motion estimation module, the trajectory smoothing module, and the frame synthesis module. The motion
estimation module employs the global RANSAC estimation strategy, which is implemented after sampling
the optical flow grid extracted by RAFT. The trajectory smoothing module adopts the causal method of
unidirectional LSTM and combines the decoupled supervision mechanism. The frame synthesis module
utilizes the high-fidelity reconstruction strategy based on spatial unified transformation.

rigid transformation matrix. This design aims to
balance the accuracy and efficiency of motion
estimation, it utilizes the fine motion modeling
capability of RAFT while overcoming the local
texture distortion in grid deformation through
rigid constraints and significantly improves the
inference speed of the algorithm.

2.3 Online Approaches

Most existing video stabilization techniques adopt
an offline processing mode, where global path opti-
mization is carried out by obtaining a complete
video sequence. However, in scenarios that require
immediate visual feedback, the low latency perfor-
mance and computational efficiency of the system
are of great significance. In academic research,
real-time methods typically refer to the processing
frame rate of the algorithm being able to match
the sampling speed of the hardware; while online
methods emphasize the adherence to causality
of the model, that is, performing stabilization
without obtaining future frames. These online
models[2, 10, 12] calculate the instantaneous pos-
ture based solely on the current observed data
and historical trajectories, thereby effectively alle-
viating the buffering delay caused by relying on
pre-read frames.

In the context of online stabilization, Liu et
al.[11] introduced an important real-time frame-
work that integrates the SuperPoint deep learning
model for feature detection. This approach aims
to enhance the robustness of feature extraction
in complex environments, providing a flexible and
parameter-controllable solution for low latency
stabilization. However, the effectiveness of such
methods may be limited by the inherent charac-
teristics of sparse feature matching. In scenarios
involving rapid rotation or significant zooming,
sparse feature matching often becomes a bottle-
neck, potentially leading to tracking inconsisten-
cies or system failures.

In this study, we used the proposed RGLStab
online video stabilization framework, utilizing grid
sampling for dense optical flow and LSTM to
address these challenges.

3 Proposed Method

Our framework consists of three core modules:
motion estimation, trajectory smoothing, and
frame synthesis.

3.1 Motion Estimation

The motion estimation module is an impor-
tant component of the framework. Its function
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is to extract accurate and highly reliable global
camera motion from consecutive video frames.
Traditional optical flow estimation algorithms,
such as the classic Lucas-Kanade algorithm[33]
or Horn-Schunck algorithm[34], usually rely on
the assumptions of constant brightness and spa-
tial smoothness. However, when dealing with
rapid camera movements, lighting variations, or
dynamic blurring caused by airborne cameras,
these methods often suffer from tracking failures
and estimation errors due to invalid prior assump-
tions. To overcome the limitations of conventional
assumptions, deep learning-based optical flow net-
works such as FlowNet[35] and PWC-Net[36],
have significantly improved large-scale displace-
ment perception through data-driven approaches.
Nevertheless, early deep networks employing
coarse-to-fine cascaded architectures still face
challenges in extracting fine details and boundary
motion when handling complex nonlinear high-
frequency vibrations from drones. To enhance
the robustness of motion estimation, this mod-
ule introduces the dense optical flow architecture
RAFT [31]. RAFT constructs high-dimensional
all-pairs correlation volumes by calculating dot
products between all pixel pairs across full images
of consecutive frames, followed by multi-round
optimization using gated recurrent units (GRUs)
at fixed high resolutions. This dense iterative
mechanism enables the system to output stable,
high-quality 2D motion fields even under condi-
tions of extensive local texture degradation or
rapid rotation.

After obtaining the high-dimensional dense
flow field Ft ∈ R

H×W×2 from RAFT output,
directly applying pixel-level high-dimensional ten-
sors to subsequent attitude computation would
incur substantial computational and memory
overhead. To address this, our module employs a
low-time-complexity grid sampling dimensionality
reduction strategy. With a spatial step size N for
the sampling grid, the mathematical definition of
the reduced sparse motion set can be expressed
as follows by extracting feature motion vectors
exclusively from grid vertices:

Vt = {Ft(i, j) | i = khN, j = kwN} (1)

Here, kh and kw denote the spatial indices of the
grid in the height and width directions, respec-
tively. This method extracts motion representa-
tions with excellent global consistency, and it does
not require complex filtering processing. At the
same time, it reduces the computational demands
in the subsequent reasoning process.

To estimate the global motion from Vt, we
apply RANSAC [32] to filter out dynamic outliers.
This process yields a 2D similarity transformation
matrix Mt for the current frame, constrained to
four degrees of freedom:

Mt =

[

s cos θ −s sin θ tx
s sin θ s cos θ ty

]

(2)

Here, θ, (tx, ty), and s represent the rotation angle,
the translation vector, and the global scaling fac-
tor, respectively. By implementing this mapping,
we can avoid independent local grid deforma-
tion and disproportionate stretching. Figure 2(a)
shows the case of local distortion, and Figure 2(b)
shows the case of high geometric fidelity. There-
fore, our spatial transformation mechanism can
suppress local distortion and deformation, and
provide a stable reference for subsequent temporal
smoothing.

(a) (b)

Fig. 2: Comparison of images with and with-
out local distortion. (a) Local distortion effect (b)
Global geometric high-fidelity.

Unlike the use of complex high-degree defor-
mation networks or full affine models, this frame-
work tends to confine spatial transformations
within four degrees of freedom (translation, rota-
tion, and uniform scaling). The retention of scaling
parameters aims to better adapt to the dynamic
changes in the global field of view caused by
the movement of the drone along the Z-axis.
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At the same time, the introduction of similar-
ity priors helps prevent the system from over-
fitting to dynamic scenes or high-frequency air-
flow vibrations, effectively avoiding the generation
of shear deformation and unnatural stretching
at the geometric level. Moreover, when dealing
with scenes with significant depth, we avoid over-
compensating for 3D disparity using 2D grids. The
system mainly focuses on filtering out the global
high-frequency camera jitter and has retained the
scene depth relative motion that conforms to
the real optical laws as much as possible. Ulti-
mately, this strategy of moderately simplifying the
transformation parameters provides a guaranty for
achieving microsecond-level inference latency and
high geometric fidelity, helping to enhance the sys-
tem’s robustness in complex flight environments.

3.2 Trajectory Smoothing

As the temporal prediction core, the trajectory
smoothing module maps shaky raw motions into
ideal paths under a strict zero-look-ahead con-
straint. Once the front-end outputs the 4-DOF
similarity matrix Mt, we accumulate these matri-
ces to determine the absolute pose of the camera
in the global frame. This yields a vector of physical
state that contains the parameters of translation
(tx, ty), rotation (θ), and scaling (s).

Unlike offline smoothing algorithms that rely
on sliding windows or look-ahead frames, such
approaches often introduce significant computa-
tional delays, making them inadequate for real-
time requirements. To optimize response speed,
this framework develops a fully causal tem-
poral inference model based on unidirectional
LSTM[37]. The model adheres to strict unidirec-
tionality along the physical time axis, where at any
given moment t, the network only receives obser-
vations of instantaneous physical states, along
with hidden states and cell states that encapsulate
historical motion patterns. Its internal inference
process can be summarized as follows.

First, we construct a nonlinear time-series
filter based on gate mechanisms. The network
collaboratively evaluates the physical correlation
between current observation vectors and historical
trajectories through a forgetting gate ft and an
input gate it. Let the physical observation state of
four-degrees of-freedom at the current moment be
denoted as xt = [tx, ty, θ, s]

T , with its derivation

equation as follows:

ft = σ(Wf · [ht−1, Xt] + bf ) (3)

it = σ(Wi · [ht−1, Xt] + bi) (4)

σ denotes the Sigmoid activation function, W

and b represent the weight matrix and bias term
of the corresponding gate, while ht−1 indicates
the hidden state from the previous time step.
This mechanism dynamically balances the influ-
ence of historical motion inertia with current
instantaneous features, enabling effective extrac-
tion of stable image paths even during sudden
high-frequency mechanical vibrations.

Subsequently, adaptive updates are performed
to execute global trajectory memory. After
extracting the candidate physical states C̃t at the
current time, the system dynamically updates the
cell states Ct under the regulation of the gating
mechanism:

C̃t = tanh(Wc · [ht−1, Xt] + bc) (5)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (6)

This process aims to mathematically extract high-
frequency noise components from observation
sequences, thereby achieving smooth processing of
complex maneuver trajectories.

Finally, the output is implemented to achieve
a smooth pose. Using the output gate mapping
function ot, the network computes the final hidden
state ht at the current time instant:

ot = σ(Wo · [ht−1, Xt] + bo) (7)

ht = ot ⊙ tanh(Ct) (8)

Throughout the forward propagation equation
system, the model operates independently of any
t + 1 or subsequent future observations, ensuring
zero-latency performance at the logical infras-
tructure level. The updated hidden state ht

directly outputs the predicted smooth attitude
values through fully connected layers. This four-
degree-of-freedom physical state-based inference
paradigm enables LSTM to simultaneously inter-
nalize complex dynamic patterns generated by
camera plane movement, yaw rotation, and depth
push-pull motions. By alleviating computational
demands on onboard platforms, this architecture
effectively meets real-time video stream processing
requirements for low-latency performance.
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3.3 Decoupled Hybrid Loss

To guide LSTM networks to spontaneously inter-
nalize the spatiotemporal consistency patterns of
real-world physical stabilizers, this study proposes
a decoupled hybrid loss function for geometric
distortion perception. In traditional deep learn-
ing stabilization training, directly approximating
predicted trajectories to real smooth trajectories
(Ground Truth) often overlooks the differential
impact of image translation, rotation, and scaling
errors on physical geometry. In airborne camera
imaging geometry, minor rotation prediction devi-
ations can create pronounced leverage effects at
image edges, which is a primary cause of signif-
icant black borders and loss of effective field of
view (FOV) in final images.

Therefore, this system eliminates explicit
smoothing constraints and instead implements
weight decoupling for translation, rotation, and
scaling components in the loss function under
supervision with high-quality stabilization data.
Let the ideal smooth reference pose be Ygt and
the predicted pose be Ypred. For distance metric
selection, this framework adopts the L1 norm[38]
instead of the L2 norm[39]. Sudden mechanical
impacts often cause gradient instability. To mit-
igate this, our loss function utilizes the L1 norm
rather than L2 to provide steady linear gradi-
ents. Based on the decoupled 4-DOF motion state,
the translation and rotation loss components are
computed independently:

Ltrans = ∥[tx,pred, ty,pred]− [tx,gt, ty,gt]∥1 (9)

Lrot = ∥θpred − θgt∥1 (10)

Lscale = ∥spred − sgt∥1 (11)

To supervise the trajectory smoothing, we for-
mulate the total loss as a weighted sum of the
decoupled components:

Ltotal = λtransLtrans + λrotLrot + λscaleLscale

(12)
Rather than weighting all degrees of freedom
equally, we assign specific penalty weights based
on airborne camera dynamics. The translation
weight is set to λtrans = 1.0, which acts as
an anchor for the global trajectory and prevents
motion lag caused by over-smoothing. Because
rotational jitter significantly reduces the valid field
of view (FOV), we assign a higher penalty of

λrot = 2.0 to the rotational component. This
forces the LSTM network to be highly sensitive to
rotation errors. Finally, the scaling weight is set
to λscale = 1.0 to prevent the network from over-
compensating through unnatural zoom artifacts.
This decoupling mechanism—combining transla-
tional anchoring, high-risk rotation penalties, and
scaling constraints—allows the network to achieve
optimal temporal smoothing while effectively sup-
pressing artifacts like black edges and distortions
at the algorithmic level, achieving a balanced
compromise between stabilization smoothness and
geometric fidelity.

3.4 frame synthesis

The frame synthesis module serves as the final exe-
cution unit in the stabilization pipeline, with its
core function being to translate the ideal tempo-
ral pose derived from the smoothing module into
pixel-level spatial resampling operations, thereby
generating visually stable video streams. Existing
depth grid stabilization approaches generally treat
frame synthesis as a local deformation process.
These methods rely on spatially variable nonlin-
ear warping techniques, which attempt to mitigate
local parallax or jitter by applying independent
displacement vectors to different grid vertices.
However, this rendering mechanism, which models
images as non-rigid deformable planes faces inher-
ent physical limitations: weakly coupled nonlinear
stretching between grids may disrupt the origi-
nal optical geometry within frames. When drones
encounter high-frequency mechanical maneuvers
or complex airflow disturbances, such mechanisms
are prone to causing localized distortions and the
Jello Effect.

To suppress this phenomenon at the physi-
cal layer level, the frame synthesis module of this
framework implements a global rigid constraint
called Spatially-invariant Transformation. Under
this mechanism, all pixels undergo uniform dis-
placement through a unified set of linear algebraic
mapping rules, thereby preserving the relative geo-
metric relationships between every pixel in the
entire image. Specifically, the system first calcu-
lates the required relative motion compensation
matrix for the current frame by comparing the
optimal smoothed pose prediction output of the
LSTM with the original jitter pose. The original
cumulative pose resolved at time t is denoted as
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Pt,raw = [tx,r, ty,r, θr, sr]
T , The smoothed cumu-

lative pose predicted by LSTM is Pt,smooth =
[tx,s, ty,s, θs, ss]

T . To perform matrix operations,
first construct it as the corresponding homoge-
neous transformation matrix:

Mt,raw =

⎡

⎣

sr cos θr −sr sin θr tx,r
sr sin θr sr cos θr ty,r

0 0 1

⎤

⎦ (13)

Mt,smooth =

⎡

⎣

ss cos θs −ss sin θs tx,s
ss sin θs ss cos θs ty,s

0 0 1

⎤

⎦ (14)

Subsequently, by performing inverse matrix cal-
culations and matrix multiplication operations on
homogeneous matrices, the relative motion com-
pensation matrix Mt,comp required to map the
original jitter attitude to the ideal smooth attitude
was precisely computed:

Mt,comp = Mt,smooth ·M−1
t,raw (15)

Finally, the module employs the four-degree-of-
freedom compensation matrix that incorporates
translation, rotation, and proportional scaling as
the sole global driving force to perform inverse
resampling on the entire frame. This reconstruc-
tion strategy treats the image as an incompressible
rigid body, which not only demonstrates lower
computational complexity and rendering latency
compared to time-consuming grid-based nonlin-
ear interpolation, but also provides the system
with inherent immunity against local geometric
distortions at the physical level.

To maintain an effective field of view (FOV)
and avoid drastic dynamic cropping, this smooth-
ing module is tightly coupled with our decoupled
loss function. Existing algorithms often fail to ade-
quately suppress rotation and scaling distortions,
forcing them to significantly crop the image cen-
ter to mask edge artifacts. Due to the high weight
penalty we impose on rotation and scaling errors
during training, the predicted poses by the net-
work are physically constrained. In the inverse
compensation stage, this design naturally prevents
excessive image tilt and breathing effects. There-
fore, we only need to perform a small amount
of boundary truncation to remove invalid edge
pixels, thereby generating a smooth and geomet-
rically precise video with the maximum field of
view.

4 Experimental Results

4.1 Experimental setup and

implementation details

Many existing deep stabilization methods rely on
end-to-end image-level training. This approach
is not only computationally expensive, but also
leaves trajectory optimization vulnerable to non-
motion factors, such as lighting changes or tex-
ture interference. Rather than processing raw
image sequences end-to-end, we decouple the
kinematics from the spatial features through
dimensionality reduction. By doing so, we force
the network to focus exclusively on physical
motion, drastically reducing computational over-
head. For model training, we utilize the Motion-
Stab dataset[40] due to its extensive collection of
complex camera trajectories and high-frequency
vibrations. During initial model training, the sys-
tem processes stable-shake video frames from the
dataset into front-end perception modules. Using
RAFT dense optical flow sampling and RANSAC
algorithms, the system transforms raw high-
dimensional pixel streams into low-dimensional
four-degree-of-freedom physical state sequences,
including shake observation vectors Xt containing
translation, rotation, and scaling, and ideal ref-
erence trajectories Y

gt
t . This preliminary feature

extraction process effectively filters redundant
image surface features, providing cleaner physi-
cal supervision signals for subsequent temporal
networks.

After obtaining low-dimensional kinematic
datasets, the system eliminates computational
overhead for real-time image rendering and opti-
cal flow computation during training. Experi-
ments were conducted on two NVIDIA RTX
2080Ti GPUs using the PyTorch framework,
where lightweight temporal inference training was
performed independently on the backend unidi-
rectional LSTM network. To maintain network
generalization capability during trajectory adjust-
ment, the AdamW optimizer was used with an
initial learning rate of 1× 10−3 and weight decay
set to 1 × 10−4.This regularization measure can
prevent the LSTM from over-adapting to specific
high-frequency mechanical noise, thereby enhanc-
ing its robustness. In terms of model optimization,
we employed the cosine annealing learning rate
scheduler. This enabled the network to converge

8



rapidly in the early stages and smoothly con-
verge to a stable global minimum as the training
approached its end.

4.2 Metrics

We quantitatively evaluated our method using
three standard metrics from Liu et al.[3]: Distor-
tion, Stability, and Cropping ratio.

The Distortion score measures geometric
fidelity by assessing the anisotropic scaling
between the input and stabilized frames. It is cal-
culated as the minimum-to-maximum eigenvalue
ratio of the affine component of the inter-frame
homography. We report the minimum ratio across
the entire video sequence, where a value approach-
ing 1 indicates well-preserved rigid structures and
minimal artificial deformation.

To evaluate temporal smoothness, we compute
the Stability score. Following[3], we extract the
translation and rotation trajectories and analyze
them in the frequency domain using FFT. The
score is defined as the minimum ratio of low-
frequency energy to total energy across all motion
components. Higher values (closer to 1) confirm
that high-frequency mechanical jitters have been
effectively filtered out.

The cropping ratio is used to objectively quan-
tify the proportion of effective physical field of
view (FOV) that can be retained after stable
image motion compensation. Since reverse camera
compensation inevitably causes irregular blank
areas at the image borders, this metric calcu-
lates the maximum area retention ratio to capture
a rectangular image without black-edges by per-
forming an inverse projection on the corner points
of the borders.

4.3 Quantitative Results

To objectively evaluate the comprehensive sta-
bilization performance of this framework, we
conducted quantitative comparisons with mul-
tiple representative stabilization algorithms on
the NUS Stabilization Benchmark Dataset[3].
The comparison table includes traditional clas-
sical methods such as Bundled[3], Meshflow[10],
as well as deep learning-based solutions such
as Deep3D[21], DUT[41],Yu et al.[15], FuSta[42],
StabNet[12], PWStableNet[13], SuperPoint[11]

and NNDVS[40]. In defining the temporal pro-
cessing architecture, Meshflow[10], StabNet[12],
SuperPoint[11], NNDVS[40], and our proposed
method strictly adhere to the online processing
logic without future frame dependencies, while
other baseline methods belong to the offline
approach category. All experiments utilized pub-
licly available source code and pre-trained models
of benchmark methods to ensure fairness in com-
parisons. Quantitative evaluation was divided into
five typical complex scenarios: Regular, Fast Rota-
tion, Intense Zooming, Crowd, and Parallax. The
overall quantitative performance of key metrics is
presented in Table 1.

Table 1 summarizes the quantitative evalu-
ation results of various methods in five typical
categories in the NUS dataset and at the global
average level. Evaluation data demonstrates that
offline methods generally exhibit superior quan-
tification metrics in complex scenarios, thanks
to auxiliary global video sequences or future
frame information. Since the online method can-
not obtain the information of subsequent frames,
there is naturally a difficulty in matching the
smooth effect of the offline algorithm. However,
our framework has narrowed this performance
gap. For distortion metrics, our method outper-
forms the classic Meshflow and the recent deep
learning-based methods. NNDVS has a decrease in
geometric fidelity, although it uses a deep network,
its mesh deformation model has a phenomenon
that leads to local non-rigid artifacts. We avoid
this problem by enforcing a global 4-degree-of-
freedom similarity constraint (via RANSAC) in
the motion estimation stage. This constraint locks
the ratio of the eigenvalues of the transformation
within a safe and high-fidelity range. By strictly
limiting the spatial mapping, we directly prevent
unnatural pixel stretching, making robust geomet-
ric integrity a fundamental physical characteristic
of our pipeline.

A primary goal of our method is to opti-
mally balance the Stability Score (SS) with the
Field of View (FOV) retention ratio. FFT anal-
ysis of the trajectory sequences shows that our
SS rivals that of offline algorithms, proving that
the unidirectional LSTM effectively filters high-
frequency mechanical vibrations without needing
future-frame buffers.However, temporal smooth-
ness often comes at a cost. Traditional approaches
tend to overcompensate for rotational motion,
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Table 1: Quantitative performance comparison of various stabilization methods. Values represent aver-
ages across each category for cropping ratio, distortion value, and stability score. Higher scores denote
superior performance across all metrics. Top-tier results are highlighted with bold text.

Metrics Type Methods Regular Rotation Zooming Crowd Parallax Average

Bundled 0.6658 0.6477 0.5773 0.6685 0.7158 0.6550
Yu et al. 0.9486 0.7661 0.8971 0.9081 0.9209 0.8882

Offline Deep3D 0.8321 0.7085 0.7634 0.7700 0.7553 0.7659
PWStableNet 0.9319 0.8801 0.9303 0.9181 0.9244 0.9170

Cropping DUT 0.8485 0.7609 0.7986 0.7986 0.9254 0.8264
Fusta 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

Meshflow 0.8081 0.7578 0.7773 0.7888 0.8121 0.7888
StabNet 0.7491 0.7417 0.7376 0.7247 0.6967 0.7300

Online SuperPoint 0.9227 0.7681 0.8901 0.8932 0.9063 0.8761
NNDVS 0.9433 0.9021 0.9185 0.9247 0.9326 0.9242

Ours 0.9645 0.9419 0.9551 0.9255 0.9247 0.9423

Bundled 0.9409 0.8692 0.9073 0.8910 0.8965 0.9010
Yu et al. 0.9752 0.7616 0.8630 0.9191 0.9219 0.8882

Offline Deep3D 0.9663 0.9688 0.9762 0.9594 0.9793 0.9700

PWStableNet 0.9852 0.9727 0.9792 0.9790 0.9852 0.9803

Distortion DUT 0.9600 0.8940 0.8606 0.8617 0.9274 0.9007
Fusta 0.9791 0.9194 0.9829 0.9791 0.9803 0.9682

Meshflow 0.9168 0.7679 0.8715 0.8246 0.8429 0.8447
StabNet 0.8393 0.7205 0.7807 0.7725 0.7660 0.7758

Online SuperPoint 0.9827 0.9617 0.9682 0.9586 0.9690 0.9680
NNDVS 0.9417 0.9347 0.9536 0.9716 0.9727 0.9549
Ours 0.9781 0.9855 0.9863 0.9732 0.9707 0.9788

Bundled 0.9048 0.9194 0.9236 0.8744 0.8964 0.9037

Yu et al. 0.8427 0.9017 0.8907 0.8660 0.8896 0.8781
Offline Deep3D 0.8491 0.9123 0.9026 0.8704 0.8805 0.8830

PWStableNet 0.8162 0.9251 0.8906 0.8162 0.8549 0.8606
Stability DUT 0.9217 0.8703 0.9221 0.9042 0.8827 0.9002

Fusta 0.8973 0.8774 0.9027 0.8670 0.8527 0.8794

Meshflow 0.8386 0.9092 0.8839 0.8280 0.8488 0.8617
StabNet 0.8406 0.8384 0.8697 0.7912 0.8289 0.8338

Online SuperPoint 0.8962 0.8421 0.9051 0.9129 0.8445 0.8802
NNDVS 0.8030 0.9341 0.8982 0.8408 0.8762 0.8705
Ours 0.8415 0.9198 0.8807 0.8924 0.8498 0.8768

forcing them to aggressively crop the image center
and severely degrade the FOV. We avoid this trap
through our decoupled hybrid loss. By explicitly
applying a high penalty to rotation errors (λrot =
2.0), we physically constrain the network from
making wild inverse rotational compensations. As
a result, compared to baselines like Meshflow,
our framework retains a significantly larger usable

FOV while maintaining excellent high-frequency
jitter suppression.

In practical applications, our framework
achieves the optimal balance between improv-
ing accuracy and reducing computational costs.
Although current high-precision methods (such as
DUT[41]) can achieve high stability, they come
at the cost of complex network architectures and
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slow multi-round iterative compensation. Simi-
larly, methods like Deep3D[21] can handle com-
plex spatial operations, but they rely on offline
pre-computed depth prior information. By avoid-
ing these burdensome dependencies, our method
offers a lightweight and reliable stabilization solu-
tion. Compared to these computationally inten-
sive or heavily offline-dependent solutions, our
system maintains highly competitive core stabi-
lization quantification metrics without introduc-
ing physical 3D sensors and under strict single-
pass forward propagation constraints. Crucially,
through architectural synergy between front-end
RAFT dense optical flow processing and back-
end unidirectional LSTM inference, the system
achieves significant optimization in single-frame
inference latency and computational resource con-
sumption compared to complex rendering net-
works. This strategy of achieving ultra-low latency
and lightweight deployment through moderate
model parameter simplification fully validates the
framework’s logical consistency between theoret-
ical algorithm design and engineering physical
constraints, providing a highly practical solution
paradigm for real-time stabilization in computing-
limited drones and portable mobile platforms.

To evaluate the computational performance of
various methods in practical engineering deploy-
ment scenarios, we conducted a systematic com-
parative analysis of inference frame rates (FPS)
in multiple stabilization algorithms. It should be
objectively noted that the time-series data in this
system were measured on NVIDIA RTX 2080Ti
platforms. Table 2 demonstrates that in offline
method arrays, algorithms typically allow access
to global video sequences or incorporate future
frame data to achieve smoother trajectory opti-
mization, though this often comes at the cost
of reduced processing speed and increased buffer
latency. The test results indicate that FuSta, con-
strained by its complex global spatiotemporal
optimization mechanism, achieves only 0.047 FPS
runtime efficiency, while Deep3D demonstrates
only 0.32 FPS during complex depth calculations
and 3D reconstruction tasks. Additionally, the
bundle method and the DUT method achieve run-
time efficiencies of approximately 3.5 FPS and
3.87 FPS, respectively. Although PWStableNet
exhibits relatively favorable inference speed (17.76
FPS) in offline arrays, the inherent causal latency

inherent to offline architectures remains a sig-
nificant engineering limitation when addressing
real-time stream processing and obstacle avoid-
ance challenges in airborne platforms such as
drones.

Table 2: Comparison of inference frame rate
among different methods.

Type Methods FPS

Offline Bundled 3.5

Deep3D 0.32

DUT 3.87

PWStableNet 17.76

Fusta 0.047

Online Meshflow 0.30

StabNet 1.08

SuperPoint 30.67

NNDVS 14.63

Ours 24.51

In online method arrays dedicated to low-
latency processing, the operational efficiency of
various solutions demonstrates significant hier-
archical differences. The traditional Meshflow
method achieves only 0.30 FPS during mesh
fragmentation partitioning and local deforma-
tion processing, while the early deep learning
approach StabNet tests at approximately 1.08
FPS. In contrast, the NNDVS method achieves
notable efficiency optimization, reaching 14.63
FPS. Notably, although the SuperPoint method
achieves around 30.67 FPS processing speed
through ultra-lightweight sparse feature point
matching, our system introduces a computation-
ally intensive RAFT dense optical flow architec-
ture at the front-end to ensure perceptual robust-
ness under extreme conditions. Through backend
grid sampling dimensionality reduction and uni-
directional LSTM inference, it still achieves an
online processing frame rate of 24.51 FPS. By bal-
ancing four-degree-of-freedom spatial constraints
with higher geometric fidelity, this framework
effectively mitigates complex image-level render-
ing overheads, establishing a more practically
valuable online engineering trade-off between com-
putational speed and stabilization quality.
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4.4 Qualitative Analysis

Figure 3 provides a qualitative visual comparison
of our framework with the main online methods
(StabNet, SuperPoint, and NNDVS). From the
second and third rows showing complex camera
movements, it can be observed that StabNet and
SuperPoint overcompensate for rotations when
smoothing high-frequency trajectories. Therefore,
these networks produce obvious dynamic black
borders to force spatial displacements, as shown
in the red box.

To generate clean video streams, these meth-
ods require aggressive center cropping during
post-processing, leading to significant loss of effec-
tive field of view (FOV). While NNDVS employing
depth grid deformation models improves global
FOV preservation, its spatially-variant rendering
mechanism tends to disrupt inherent rigid opti-
cal structures when processing complex depth or
dynamic foreground elements. As indicated by the
red arrow in the third row, NNDVS reconstructed
images exhibit unnatural distortions and geomet-
ric aberrations at the edges of the architectural
column and the textures of the ground.

In contrast, the stabilized image frames out-
put by this system demonstrate superior fidelity
in both spatial structure and field of view breadth.
Benefiting from global rigid constraints imposed
by the front-end four-degree-of-freedom similarity
transformation and high-weight penalties applied
to rotation components during model optimiza-
tion, our framework effectively suppresses local
nonlinear deformations and excessive global rota-
tion during inverse motion compensation. Analy-
sis of output results reveals that horizontal refer-
ence objects and vertical architectural structures
(such as metal pillars on the right side of the third
row) maintain accurate orthogonal perspective
relationships, with the algorithm being inherently
resistant to local artifacts jello effect. Simultane-
ously, the system effectively avoids exaggerated
black edge distortion at image edges, achieving
smooth visual experience while preserving the
original video’s effective physical field of view.
This validates the framework’s optimal engineer-
ing trade-off between geometric fidelity and tem-
poral stability.

4.5 Research on the Importance of

LSTM

After validating the spatial architecture’s effec-
tiveness, we further evaluated the nonlinear filter-
ing capabilities of the temporal inference core. By
replacing unidirectional LSTM modules with tra-
ditional Kalman filters[43], we compared the infer-
ence performance of purely linear temporal models
in airborne environments. Figure 4 illustrates the
comparison of smoothing results between the two
approaches. Constrained by the linear Gaussian
assumption, Kalman filters struggle to balance
smoothing smoothness and response latency when
handling high-frequency shocks and large-scale
nonlinear maneuvers: increasing smoothing confi-
dence leads to motion lag, while prioritizing rapid
tracking results in limited high-frequency jitter
filtering, causing stability scores to decline. In
contrast, the LSTM modules in our framework
leverage nonlinear gating mechanisms to function
as adaptive soft temporal filters. They effectively
approximate target trajectories and isolate tran-
sient disturbances without future frame delays,
demonstrating the advantages of deep nonlinear
networks in complex physical simulations.

4.6 Research on decoupled hybrid

loss

To validate the effectiveness of decoupled hybrid
loss functions in practical engineering deployment,
we conducted visual qualitative ablation analy-
sis of the core rotation penalty weight. Figure 5
intuitively demonstrates the stable image render-
ing results of the system when handling complex
drone maneuvers under different weight configu-
rations.

In the first control group, we employed a
traditional equal-weight constraint strategy, set-
ting λtrans = 1.0, λrot = 1.0, λscale = 1.0. As
shown in the upper row of Figure 5, when spatial
degrees of freedom were penalized proportionally,
the LSTM network tended to produce signifi-
cant reverse rotation compensation during smooth
trajectory adjustment. This extensive geomet-
ric extrapolation triggered pronounced leverage
effects at image boundaries, resulting in substan-
tial black invalid regions after secondary rendering
truncation and causing a certain degree of FOV
reduction.
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Fig. 3: Qualitative evaluation against competitive online baselines, including StabNet, SuperPoint,
and NNDVS. Red boxes delineate the preserved image regions post-cropping, while red arrows denote
instances of shearing and geometric distortion.

Fig. 4: Comparison chart of smoothing results
obtained after processing with different trajectory
smoothing strategies. Original trajectory (blue
line), Kalman smoothing results (green line), and
LSTM prediction results (orange line).

Fig. 5: The system’s stabilized image rendering
results under complex drone maneuvers with dif-
ferent weight configurations. The upper row shows
the equal-weight strategy, while the lower row
demonstrates the decoupled-weight strategy.

In the second control group, we implemented
the decoupling weight strategy proposed by our
system, appropriately increasing penalties for
rotation components, specifically setting λtrans =
1.0, λrot = 2.0, and λscale = 1.0. As shown in
the lower row of Figure 5, the network demon-
strated improved spatial convergence capabilities
during temporal inference after introducing the
higher weight constraint of λrot = 2.0. In con-
trast, our system explicitly restricts the magnitude
of rotation divergence during single-frame com-
pensation, substantially reducing the black bor-
ders. As these visual comparisons illustrate, the
decoupled regularization strategy successfully pre-
vents severe field-of-view (FOV) loss. Rather than
merely smoothing the trajectory at the expense
of the image edges, our approach preserves the
natural geometric proportions and maximizes the
usable FOV.

5 Limitation

By constraining the spatial transformation to a
4-DOF similarity model, we prioritize geometric
fidelity and tracking robustness during high-speed
rotations. Although this rigid prior effectively sup-
presses non-linear distortions, it inherently limits
the system’s ability to handle certain non-rigid
artifacts. Specifically, similarity mapping is math-
ematically insufficient to correct for rolling shutter
distortion (RSD) resulting from CMOS readout
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delays. Furthermore, during aggressive 3D maneu-
vers—such as large-angle pitching—a global 2D
transformation cannot resolve the complex per-
spective warping caused by significant depth dis-
parities. Recognizing these constraints is essential
to define the operational boundaries of our current
framework. Under current airborne computational
resource constraints, this strategy represents an
engineering trade-off between real-time inference
efficiency and the overall geometric consistency of
the visual output. Future research could explore
lightweight dynamic estimation mechanisms for
camera intrinsic matrices and distortion coef-
ficients while maintaining global motion domi-
nance, aiming to achieve optimal balance between
two-dimensional high-fidelity tracking and three-
dimensional perspective correction.

6 Conclusion

To address the engineering challenge of main-
taining stable video images while balancing infer-
ence efficiency and spatial geometric fidelity, this
paper proposes a robust stabilization framework
RGLStab, based on grid sampling optical flow and
sequential networks. This framework innovatively
combines the dimensionality reduction mechanism
of dense flow field grids with the strictly causal
unidirectional LSTM sequential reasoning, achiev-
ing low-latency pose prediction without future
frame dependencies. Through the front-end joint
physical screening strategy, the system funda-
mentally overcomes the tracking failure problem
of traditional sparse features in extreme condi-
tions such as rapid rotation; at the same time,
by leveraging global four-degree-of-freedom spa-
tial constraints and non-equal-weight decoupled
loss functions, the system successfully suppresses
non-rigid local distortions, while maximizing the
retention of the effective physical field of view
(FOV) while filtering out high-frequency mechan-
ical tremors. Experiments show that this method
not only meets real-time requirements with an
online inference efficiency of 24.51 FPS, but also
achieves the stabilization quality comparable to
offline global algorithms, providing a highly prac-
tical and engineering-oriented solution for real-
time-sensitive tasks on airborne platforms.
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