No Labels, No Look-Ahead: Unsupervised Online Video Stabilization with
Classical Priors

Supplementary Material

The supplementary material additionally provides the

following:

e Implementation details of the motion propagation net-
works;

* Implementation details of the trajectory smoothing net-
works;

¢ Details of the multi-threaded asynchronous buffering
pipeline;

¢ Details of frame outpainting;

¢ Information on the multimodal UAV dataset;

* Runtime comparison on embedded platforms;

» Comprehensive description of the evaluation metrics used
in this work;

* Per-scene quantitative evaluation of online methods;

* Additional visualizations of key modules and optical flow;

* A 3-minute video demonstrating comparisons with online
methods;

 Limitations and future directions.

A. Details of EfficientMotionPro
A.1. Training Objectives

We propose a grid-based motion propagation network
(EfficientMotionPro). Building upon multi-homography
priors, this module explicitly encodes the relationship
between sparse keypoint residuals and vertex distances.
Through lightweight feature extraction, attention-weighted
aggregation, and residual decoding, it achieves end-to-end
propagation from sparse keypoints to a dense grid, thereby
yielding a more robust global motion field. We additionally
employ projection consistency and structure-preservation
objectives for training.

(1) Homography Projection Constraint To enhance the
geometric fidelity of the propagated motion field, we intro-
duce a homography-based projection loss. Specifically, the
estimated keypoint motion is projected via a local homog-
raphy mapping generated from the predicted grid motion
vectors. The Euclidean distance between this projected po-
sition and the actual ground-truth keypoint position after
motion constitutes the projection error:
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Here, H!°4(p; Ag;) denotes the local homography trans-
formation, obtained via bilinear sampling from the grid mo-
tion field Ag, surrounding point p. This term effectively
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Figure 1. The architecture of our EfficientMotionPro network.

constrains the grid deformation predicted by the residual
network to be geometrically plausible, reducing inconsistent
distortions.

(2) Structure-Preservation Constraint In low-texture
regions, the propagation estimate is prone to local distor-
tions or discontinuous boundaries. To maintain the rigid
structure of the mesh, we design a structure-preserving
loss based on the angular relationships between adjacent
vertices. For each grid cell defined by its four vertices
{935, Gi+1,5+ 9i,j+1, Gi+1,j+1}» we enforce orthogonality be-
tween adjacent edges:

( Raoo( ) 2
Litruet = ﬁ Z ( 9i+1,j — 9ij, 1190°\9i,j+1 gz,]) > 7
i,J

Ngi+15 — gijll - [lgij+1 — gill
)

where Rgoo denotes a 90° rotation operator, (-, -) is the dot
product, and |G| is the total number of grid cells. This loss
penalizes deviations from orthogonality, suppressing shear
and anisotropic scaling, thereby preserving local shape and
preventing distortion.

(3) Total Loss The final optimization objective for the
motion-propagation module is defined as the weighted com-
bination of all three losses:

L= )\lﬁkp + )\2£proj + /\3£slruct7 3
with default settings (A1, A2, A3) = (10, 40, 40).
A.2. Network Architecture

Fig. | illustrates the architecture of our EfficientMotion-
Pro network. Each frame produces an input tensor of size
[B, 4, N] constructed from N keypoints: two channels en-
code distance (or distance-derived) features and two channels
encode residual motion. Distance and motion branches use
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Figure 2. Training curves of EfficientMotionPro: the blue line
shows training loss and the orange line shows validation loss.

Ghost [7] modules for lightweight embeddings and depth-
wise separable convolutions; motion features are refined with
ECA [26] attention. Features are fused via a Lightweight Fu-
sion Block, aggregated with attention weights, and decoded
by a two-layer MLP to yield residuals [B, 2]. The final dis-
placements are reshaped into a grid field [H/P, W/ P, 2]
and smoothed by median pooling. Table | details the config-
uration.

(1) Implementation Details We train EfficientMotion-
Pro on an in-house unstable video dataset [9, 33, 34]
with train/val splits. Batch size is 64; optimizer is Adam
(B1 = 0.9, B2 = 0.999) with weight decay 1x 10~°. Learn-
ing rate follows OneCycleLR, peaking at 2x 10~* with 30%
warm-up, then cosine decay. Training is conducted for 100
epochs on a single NVIDIA RTX 4090 GPU, taking approx-
imately 12 hours. We save checkpoints every 3 epochs and
keep the best validation loss as shown in Fig. 2.

(2) Complexity Analysis

Parameter Count Let C. be the embedding dimension
(default C, = 48). Core components include Ghost modules,
depthwise separable convolutions (DW), pointwise convo-
lutions (PW, kernel 1), and ECA attention. At C, = 48,
the whole module has ~ 2.3 x 10* (= 22.9K) parameters,
significantly fewer than those in typical full-frame 2D CNN
or Transformer-based propagation heads.

Time Complexity Let NV be the number of keypoints per
frame. Since convolutions, softmax, and weighted aggrega-
tion are along the keypoint dimension with small kernels,

the dominant MACs come from PW convolutions:

O(NC?) [PW: dist reduction C,, — C, /2]

+ O(4NC?) [PW: motion 2C, — 2C.]

+ O(NC?) [PW: motion C, — C..] “4)
+ O(NC. k) [DW blocks] + O(N) [aggregation]

~ O(5NC?).

Thus the cost scales linearly with IV and is largely decou-
pled from image resolution or grid size; the cost of median
pooling is negligible due to its small kernel size.

Memory Complexity Intermediate tensors scale as
O(BC.N) (independent of HW).

Complexity Estimation Numerical MAC estimates (ig-
noring BN/activations/ECA) with C, = 48 are shown in
Table 2.

B. OnlineSmoother Details

B.1. Training Objectives

In dynamic scenes or under low-frame-rate conditions, grid
vertex trajectories often exhibit local oscillations due to jitter,
occlusion, or non-rigid disturbances, which compromise tem-
poral consistency and introduce geometric distortions. To
achieve online stabilization with minimal latency and with-
out using future frames, we introduce the OnlineSmoother
network. It leverages only the historical trajectory data from
a sliding buffer, employing a Lite LS-3D [24] encoder to
extract spatio-temporal features and a Star-gated [16] de-
coder to predict dynamic smoothing kernels for the x and
y directions separately. This kernel-based iterative update
mechanism progressively suppresses high-frequency oscilla-
tions while preserving motion intentionality. We additionally
employ spatial consistency and projection consistency objec-
tives for training.

(1) Spatial Distortion Constraint To maintain the local
geometric structure of the mesh during temporal transforma-
tion, we introduce a distortion loss based on triangular mesh
elements. The smoothed trajectories are mapped back to
the grid coordinate system to construct triangular structures
(eight varying configurations per quad). The loss penalizes
deviations in edge length ratios and angles from their initial
reference state:
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Table 1. Architecture of the proposed EfficientMotionPro module. The input tensor [B, 4, N| is split into distance and motion channels,
embedded via Ghost modules, enhanced with ECA, fused, and finally decoded into grid displacements.

Component Operation Output Size
Input Distance & Motion channels [B, 4, N]
Distance branch GhostModule + DWConv + PWConv [B,48, N]
Feature reduction [B,24, N]
Distance attention extractor [B,1, N]
Motion branch GhostModule + DWConv + PWConv [B,48, N]
ECA attention enhancement (B, 48, N|
Fusion Concat (Dist+Motion) — FusionBlock (B, 48, N]
Aggregation Attention-weighted sum [B, 48]
Decoder 2-layer MLP [B, 2]
Reshape + MedianPool Grid displacement field [H/P, W/P, 2]
Table 2. Estimated MACs per frame of EfficientMotionPro under
different keypoint counts V. = ‘
Keypoints N Estimated MACs / frame ' @
128 ~ 2.14M
256 ~ 4.28M
512 ~ 8.50M

where eg and 6 represent the edge lengths and angles of the
triangles in the initial, undeformed reference mesh g, and
|G| is the total number of grid cells.

(2) Keypoint Projection Consistency Constraint To fur-
ther ensure the alignment between the smoothed motion
field and the observed keypoint trajectories, we introduce
a homography-based projection supervision. Specifically,
local homography transformations are constructed from the
smoothed grid motion field S;. The original keypoint po-
sitions are then projected using these homographies, and a
consistency error is computed against their actual warped
positions:
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where p(-,-) denotes the Charbonnier penalty p(a,b) =
Vla = b||2 + €2, and H}***(p; S;) represents the local ho-
mography estimated from the smoothed grid S; at point p.
This term effectively enhances the accuracy and geometric
plausibility of the smoothed trajectory field at the locations
of real keypoints.

(3) Total Loss The final optimization objective for the
trajectory smoothing module is defined as the weighted com-
bination of all three losses:

£tota1 = Etemp + Aspatialﬁspatial + )\projEproja (7)
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Figure 3. The architecture of our OnlineSmoother network.

where )\time - 20, )\freq = 1, )\spalial = 10’ and )\proj =
5 are the default hyperparameters inside/alongside Licmp
(time/freq) and the two auxiliary terms.

B.2. Network Architecture

Fig. 3 illustrates the architecture of our OnlineSmoother net-
work. Given frame-wise displacements, we form a causal
trajectory tensor [B,2,T, H, W] (two channels for z/y).
OnlineSmoother consists of: trajectory encoder (Linear
(2 — 64) + ReLU), spatiotemporal modeling (Lite LS-
3D [24]: temporal large-kernel DW-Conv3d + spatial 1x3x3
DW-Conv3d, optional 1x1x1 PW-Conv3d for mixing), Star-
gated [16] dynamic-kernel decoder (two linear heads for
gating/amplitude and one scale head), and kernel-guided
iterative smoothing. Table 3 summarizes the design.

(1) Implementation Details We train and evaluate On-
lineSmoother on the same self-collected unstable video
dataset (with sequence-level train/val splits) that is also used
for EfficientMotionPro.

Batch size is 1 to preserve causality. Optimizer: Adam
(B1 = 0.9, 32 = 0.99), weight decay 1 x 10~°. Learning
rate: OneCycleLR with maximum 2 x 10~*, warm-up for
the first 30% steps, then cosine annealing. The smoothing
loss combines Liime, Lspatial, and Lproj With default weights



Table 3. Architecture of the OnlineSmoother module. Per-vertex processing; outputs are per-vertex kernels and smoothed trajectories.

Submodule

Tensor Shape (Input — Output)

Structural Components

Trajectory Encoder

[B,2,T,H, W] — [B,64,T, H,W]

Linear (2— 64) + ReLU

Lite LS-3D (Temporal) [B,64,T, H,W] — [B,64,T, H,W] DW-Conv3d (k;x 1x 1, dilation d;) + ReLU
Lite LS-3D (Spatial) [B,64,T, H,W| — [B,64, T, H,W] DW-Conv3d (1x3x3) + ReLU
(Optional) Channel Mixing [B,64,T, H, W] — [B,64,T, H /W] PW-Conv3d (1x1x1, groups=4) + ReLU

Kernel Decoder (x)

Kernel Decoder (y) [64] — [6] (per vertex)
Scale Decoder (shared) [64] — [1] (per vertex)
Kernel Map [B,12,T,H,W|

Kernel-guided Smoothing

[64] — [6] (per vertex)

(B,2,T,H W] = [B,2,T,H,W]

Linear (gate), Sigmoid; Linear (amplitude)
Same as x

Linear (scale)

Element-wise mult., Star-gated fusion

Iterative consistency refinement (6-step kernel)
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Figure 4. Training curves of OnlineSmoother: blue for training
loss, orange for validation loss.

(Atime Aspatial, Aproj) = (20,10,5) and internal Ageq = 1.
Training runs for 100 epochs; gradient clipping (threshold
5.0) ensures numerical stability.

Validation is performed every 3 epochs; the best model
based on the validation loss (Fig. 4) is saved. Training is
conducted on a single NVIDIA RTX 4090 GPU (about 2.5
hours).

(2) Complexity Analysis

Parameter Count. Let C' = 64 (embedding dim), tem-
poral kernel k; = 5, and optional PW mixing controlled
by use_pointwise. Counts (approx.): Encoder Linear
(2—C): 2C; DW-temporal: O(Ck;); DW-spatial: O(9C);
(Opt.) PW-Conv3d (groups=4): ~ (C?/4; Star-gated de-
coder: two Linear (C' — 6) per direction (2 - 6C each) + one
Linear (C'— 1) scale. Total (no PW): for C' = 64, k; = 5 is
~ 2.6K; with PW (groups=4) adds ~ 1.0K, totaling ~ 3.6K.

Time Complexity. Let batch B, temporal window
T, grid size H x W. Dominant MACs (ignoring

Table 4. Estimated MACs of the OnlineSmoother backbone at
different grid sizes (C' =64, k; = 5,7 =7, B =1).

Window I'" Grid H x W  MACs / frame

7 16 x 16 ~ 4.6M
7 32 x 32 ~ 18.4M
7 48 x 48 ~ 41.5M

BN/activations/Sigmoid) come from per-vertex Linear and
depthwise 3D convolutions:

O(BTHW - (2C + Ck; +9C)) (8)

plus decoder heads ~ O(BTHW - 25C) and (opt.) PW
mixing O(BTHW - C?/groups). Overall (no PW):

O(BTHW - (2C + Cky 4+ 9C + 25C)). ©)

Kernel-guided updates with R rounds and six history steps
are scalar-weighted and negligible relative to the forward
pass (even with R = 20).

Memory Complexity. Feature maps are [B,C, T, H,W];
kernel heads [B,6,T, H,W]| and [B,1,T, H,W]. Thus
memory is O(BCT HW), independent of input image reso-
lution.

Numerical Estimation (Default C' = 64,k; = 5,7 = 7).
Ignoring BN/activations/Sigmoid and with B = 1:
MACs~T-H-W-C - (k. + 35) (10)
For H =W = 32:
7-32-32-64-40 ~ 184M (11)

We summarize per-grid costs in Table 4.

C. Multi-Threaded Asynchronous Buffering
Pipeline: Additional Details

(1) Motivation and Formulation Although each individ-
ual module is computationally lightweight, executing them



in sequence leads to the accumulation of stage latencies:
Tserial = lest + tprop + tsmooth7 (12)

where fegt, tprop, and temoomn denote the average per-frame
runtimes of the Motion Estimation, Motion Propagation,
and Motion Compensation stages, respectively. This serial
bottleneck prevents strict real-time performance.

(2) Pipeline Architecture To mitigate this, we decom-
pose the stabilization pipeline into three concurrent dae-
mon threads, decoupled by bounded FIFO (First-In-First-
Out) shared queues with back-pressure (threads block on
empty/full states). This design ensures safe resource han-
dling even under exceptional conditions:

* Tme (Motion Estimation): Acquires input frames I, per-
forms keypoint collaboration detection D, homogenization
via SSC, and sparse keypoint-guided causal flow fusion
to produce my; = [Tyy; Ykp; u; v] and the reweighted flow
field ;o ;1.

e Typ (Motion Propagation): Consumes outputs from
Twme. Executes the EfficientMotionPro network, which
computes the multi-homography prior, predicts per-vertex
residuals Agre + via the lightweight backbone, and outputs
the full-frame grid motion field Ag;.

e Tyc (Motion Compensation): Consumes grid motions
Ag, (or integrated trajectories O;) from Typ. Applies the
OnlineSmoother network for online causal smoothing,
yielding the stabilized trajectory S;. Finally, it computes
the compensation field M; = S; — Oy, performs frame
warping via W(x; M;), and outputs the stabilized frame
1 te

Threads communicate exclusively through the following
shared queues:

QME—sMmP:
Transmits m, (keypoint motion features),

plus metadata, (13)
(@)V) INVIE

Transmits Ag; (grid motion field),
plus metadata.

(3) Theoretical Analysis Let the steady-state per-frame

service times be t = (%egt, tprops tsmootn) and the capacity of

each queue be C":

* Throughput (Steady-State): The pipeline’s frame rate is
bounded by the slowest stage.

1
Tpipe ~ ,
ppe max{tesu tpropa tsmooth} (14)
1
FPSax &

max{testv tpropa tsmooth}

* Theoretical Speedup (vs. Serial Execution):

_ lest + tprop =+ tsmooth
Inax{testa tprop7 tsmoolh}

15)

* End-to-End Latency: The delay for a frame to traverse
the entire pipeline is reduced from the serial sum to the
duration of the longest stage plus queuing delays, which
are minimal for adequately sized buffers.

* Memory Overhead: The memory footprint is dominated
by the bounded queues.

M = O(Cyg - [my| + Cwp - |Age]), (16)

where |m;| and |Ag;| represent the size of the data pack-
ets transmitted between threads, and Cyg, Cyvp are the
capacities of the respective queues.

(4) Complexity and Real-Time Properties

* Computational Complexity: Pipeline parallelism does
not change the asymptotic complexity O(-) of each in-
dividual stage; it primarily reduces the wall-clock time
from the sum tey + fprop + fsmoon to the maximum
max{tesh tpr0p7 tsmooth}~

* Memory/Bandwidth: The memory and inter-thread com-
munication bandwidth scale linearly with the chosen queue
capacities. This overhead is typically negligible compared
to the memory required for processing batches of frames or
implementing global buffering and reordering strategies.

* Real-Time Performance: If the service times are bal-
anced (fest = tprop = tsmootn), the throughput approaches a
3x speedup over serial execution. If one stage is the dom-
inant bottleneck, the overall throughput is determined by
that stage’s processing rate, while the latency for an indi-
vidual frame is still reduced to approximately the duration
of that longest stage.

D. Frame Outpainting Details

When the stabilized video is cropped, we first compute the
cropping ratio and then determine the scaling required for
outpainting. The scaling factors are derived from the cropped
dimensions defined by the frame borders.

Cropping Ratio and Cropped Size Let Wig, Hoig be the
original width and height. Let By, and By, denote the per-
side horizontal (left/right) and vertical (top/bottom) border
thickness (in pixels), respectively. Then

Wcropped = Worig -2 Bhora

a7)
Hcropped = Horig — 2 Byer.
The cropping ratio (content preservation) is
C = Wcropped Hcropped c (O 1]. (1 8)

Worig H orig
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Figure 5. Left to right: Original unstable video; Stabilized (un-
cropped); Stabilized (cropped); Stabilized (with frame outpainting).

Scaling Factors for Outpainting To compensate for the
cropped regions, we define the anisotropic scaling factors

Worig Worig
scale, = = , (19)
Wcropped Worig -2 Bhor
scale), = ——=_ = o (20)
Hcropped H orig — 2 Bver

If aspect ratio must be preserved (recommended), use an
isotropic factor

s = max(scale,, scale) (s>1). 21)

Outpainting with the ProPainter Model ProPainter [32]
is then applied to the missing boundary regions induced
by the target scaling. In practice, we first warp each stabi-
lized frame to the outpainted canvas using the chosen factor
(scale,,, scaley, or s), and then invoke ProPainter to fill the
uncovered areas near the borders. This preserves the original
content while minimizing visible seams at frame boundaries.
Figures 5 illustrates the difference between the pre- and
post-stabilization video with outpainting.

E. Additional Details for UAV-Test Dataset

To comprehensively evaluate robustness and generalization
in complex real-world conditions, we introduce a new mul-
timodal UAV aerial video dataset (UAV-Test). This dataset
captures instability patterns common in aerial operations,
such as high-frequency vibrations, aggressive maneuvers,
and occlusions. Figures 6 and 7 present sample visible-light
and infrared scenes.

Data Collection Protocol Data were captured using a DJI
Matrice 300 RTK UAV equipped with a DJI Zenmuse H20N
gimbal camera, featuring both a wide-angle visible-light
sensor and a long-wave infrared sensor. The visible-light
lens supports optical zoom from 4.5-360 mm, while the
infrared lens (8—14 pm) has a fixed focal length of 150 mm.

Table 5. Per-frame runtime comparison on Jetson AGX Orin. We
report the average per-frame runtime (ms) and FPS. Our method
is significantly faster than MeshFlow, StabNet, and NNDVS, and
second only to the highly lightweight Liu et al. [14].

Method Runtime (ms) FPS
MeshFlow [13] 168.95 5.92
StabNet [25] 179.88 5.56
NNDVS [28] 340.02 2.94
Liu et al. [14] 36.41 27.47
Ours 78.94 12.67

The shutter speed was set to automatic, and ISO was set
within 100-1600. Videos were recorded at 1280x720 and
1920x 1080 resolutions, with frame rates of 25-30 FPS, sim-
ulating varying transmission bandwidths and computational
loads.

Scene Distribution UAV-Test comprises 92 video se-

quences totaling ~26 minutes, covering five categories:

* Urban Areas (19 sequences, 4.5 min): Building circum-
navigation and traversal under wind levels 3—4.

* Highways (22 sequences, 6.3 min): High-speed parallel
tracking under wind levels 2-3.

* Forested Mountains (18 sequences, 5.9 min): Canopy
penetration and terrain tracking under wind levels 3-5.

* Waterfronts (20 sequences, 6.0 min): Disturbance from
water-surface reflections under wind levels 3—4.

 Industrial Sites (13 sequences, 3.2 min): Occlusions from
machinery under wind level 3.

Annotation and Cleaning Corrupted frames caused by
transmission errors were automatically detected and removed
using f fmpeg, ensuring clean sequences for evaluation.

Partitioning and Licensing UAV-Test is designated as
a pure testing set. A stratified sampling strategy based
on scene type, weather (sunny/rainy/foggy), and time of
day (day/night) ensures diversity. The dataset will be re-
leased with source code; access can be requested via email.
All flights complied with airspace regulations, and privacy-
sensitive information such as human faces and license plates
was blurred.

F. Runtime Analysis

While many stabilization algorithms achieve real-time per-
formance on high-end GPUs, their efficiency often drops
sharply on embedded platforms. To assess practical effi-
ciency, we benchmarked our method on the Jetson AGX
Orin and compared it with MeshFlow [13], StabNet [25],
NNDVS [28], and Liu et al. [14]. Experimental results
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Figure 6. Representative examples of unstable UAV visible-light videos from diverse scenarios, including urban areas, highways, forested

mountains, waterfronts, and industrial sites.

show that, thanks to its lightweight architecture and multi-
threaded buffering, our method runs at ~13 FPS (78.94 ms
per frame). This is markedly faster than MeshFlow, StabNet,
and NNDVS, and second only to the extremely lightweight
approach of Liu et al., demonstrating a favorable trade-off
among accuracy, real-time performance, and deployment
adaptability. Note: all timings exclude the optional frame-
outpainting post-processing step; only the time to produce a
stabilized frame is measured for every method.

G. Evaluation Metrics and Implementation

For reproducibility, we explicitly define the three core met-
rics used in the main paper, following [12], together with
implementation details.

Cropping Ratio (C) For each frame, a global homography
between the input and the stabilized output is estimated, and
the scaling components are used to compute the cropping
ratio. The overall cropping ratio C' is defined as the aver-
age across all frames. Let the effective field of view after

stabilization be (2; and the original field of view be (2, then:

T
= % Z @. (22)

t=1
Implementation details. The cropping ratio is estimated
from the scaling factors s, s, of the frame homography
H,. To obtain a stricter measure, the four image corners are
projected onto the stabilized view, and the preserved ratios
along the width and height are computed; the minimum of
the two defines the FOV metric, capturing the worst-case
preserved region.

Distortion Value (D) The distortion value measures
anisotropic scaling introduced by the affine part of the ho-
mography. Specifically, for each frame ¢, let o, (H;) and
Omin (H¢) be the singular values of the estimated homogra-
phy H,. The frame-wise distortion (higher is better) is

Dt _ Omin(Ht)

o (1) € (0,1]. (23)
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Figure 7. Representative examples of unstable UAV infrared videos from diverse scenarios, including urban areas, highways, forested

mountains, and industrial sites.

Figure 8. Visualization of motion propagation. The sparse optical
flow guided by initial keypoints is contrasted with the grid-wise
motion after propagation by our EfficientMotionPro module. The
results show that our propagation yields more consistent and struc-
tured motion, robust to disturbances caused by dynamic objects
and noise.

The global distortion metric D is defined as the minimum
value across all frames, ensuring robustness against outliers:

D = mtin D;. (24)

Stability Score (S) The stability score is defined by
frequency-domain analysis of the estimated camera trajec-
tory. The translation and rotation components are extracted
as 1D temporal signals. The stability score is defined as
the proportion of low-frequency energy (2nd—6th order fre-
quencies, excluding the DC component). Formally, let X (f)

denote the Fourier spectrum of the trajectory signal and Bqy,
the low-frequency band:

o Sren XL
>, IX(P

Implementation details. Trajectories are accumulated
frame by frame using relative homographies, from which
translation and rotation (approximated by arctan(s;/sy))
are extracted. FFT is applied to both translation and ro-
tation sequences. After removing the DC component, the
energy ratio of the first five non-zero frequencies (2nd—6th)
is computed. The final stability score is the minimum of the
translation-based and rotation-based ratios, yielding a strict
evaluation.

(25)

PSNR Peak Signal-to-Noise Ratio (PSNR) is used to mea-
sure reconstruction quality in videos and images:

MAX?
N )

where MAX is the maximum possible pixel value (255 for
8-bit images). The mean squared error (MSE) between a
reference frame I; and a test frame K; with IV total pixels is

PSNR = 10 logy ( (26)

N
MSE = N ;(L K;)2. (27)
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Figure 9. Per-scene quantitative evaluation.

H. Quantitative Evaluation

Fig. 9 presents the per-scene evaluation results for our
method and other online approaches on the NUS [11],
Selfie [27], and DeepStab [25] datasets. Both our method
and representative 2D-based full-frame methods [3, 10, 30]
achieve the maximum cropping ratio of 1, indicating that
the stabilized videos retain the full field of view without
cropping. In terms of distortion and stability, our method
achieves performance comparable to the state-of-the-art 3D-
based method [17], while outperforming 2D-based meth-
ods [3, 10, 13, 30]. In summary, the proposed method
demonstrates both effectiveness and robustness across di-
verse scenarios.

I. User Study

We conducted a user study via an online SurveyPlus ques-
tionnaire. From the five datasets described in the paper, we
randomly selected two video sequences from each, result-
ing in ten short video clips in total. The original unstable
videos were synchronized and displayed side-by-side with
stabilized outputs generated by four state-of-the-art online
methods and our approach. The stabilized videos were ar-
ranged in randomized order, with each video potentially
appearing in either central or peripheral positions. Partici-

Video Stability User Study

We will present videos of 10 different scenarios. The unstable input video is located at the top-left corer, and A, B, C, D,
and E respectively represent the stabilization results of various methods. Please provide the ranking of these results from
the best to the worst in terms of visual quality according to your judgment

DeepStab: Sort them in the order of ABCDE.

Figure 10. Example question from the user study survey.

pants could replay the videos to ensure a fair comparison.
Finally, they were asked to rank the visual quality from best
to worst, with the best video assigned 5 points, followed by
4, 3, 2, and 1 point for the worst. Figure 10 illustrates an
example of our questionnaire design.

J. Additional Visualization Results

Motion Visualization Fig. 8 illustrates the sparse optical-
flow motion guided by the initial keypoints and the grid-wise
motion obtained after propagation with our EfficientMo-



Trajectory Smoothing Comparison

400 Original trajectory
—— Smoothed trajectory

1
Frame index

Figure 11. Visualization of mesh vertex trajectories during online
smoothing. Six vertices are randomly selected, showing compar-
isons between unsmoothed trajectories after motion propagation
and those refined by our OnlineSmoother.
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Figure 12. Comparison of trajectory variance before and after

applying OnlineSmoother, demonstrating its effectiveness in sup-
pressing fluctuations.
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Figure 13. Frequency-domain analysis of trajectories via FFT,
highlighting that OnlineSmoother effectively attenuates high-
frequency noise.

tionPro module. After propagation, the estimated motion
remains consistently structured and is less affected by dy-
namic objects and noise.

Trajectory Visualization As illustrated in Figs. 11, 12,
and 13, we visualize mesh-vertex trajectories during online
smoothing, comparing trajectories obtained after motion
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Figure 14. Keypoint density heatmaps of representative detec-
tors (SIFT [15], SuperPoint [4], RFdet [19], DISK [23], DoG-
HardNet [2], ALIKED [31], XFeat [ 18], DAD [6], and Ours) on a
sample scene. Our collaborative detector achieves more uniform
coverage across the image grid.

propagation without OnlineSmoother to those refined by
OnlineSmoother. For clarity, we randomly select six mesh
vertices to display their smoothed trajectories. We also plot
trajectory variance and FFT spectra to further highlight the
effectiveness of our OnlineSmoother module.

Keypoint Density Visualization To further illustrate the
advantage of our collaborative detector, we visualize key-
point density maps of different detectors in Fig. 14. The
heatmaps are computed over a 16 x 16 grid. As shown, tra-
ditional and learning-based detectors often produce highly
clustered distributions (e.g., SIFT [15] and SuperPoint [4]),
whereas our collaborative method yields more uniform spa-
tial coverage, providing a stronger foundation for down-
stream geometric estimation.

Optical Flow Visualization Fig. 15 presents the results of
several representative and state-of-the-art optical-flow algo-
rithms, including [1, 5, 8, 20-22, 29]. In our experiments,
we adopt MemFlow [5], which achieves high accuracy while
being memory-efficient.

K. Video Results

In the supplementary material, we provide a 3-minute com-
parison video of our online stabilization method against other
online methods. This video offers an intuitive view of our
method’s behavior across diverse scenarios.
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Figure 15. Comparison of representative optical-flow algorithms on diverse examples. We report results from several state-of-the-art
methods [1, 5, 8, 20-22, 29], among which MemFlow [5] is adopted in our experiments for its balance of accuracy and memory efficiency.

5

L. Limitations

Our method achieves unsupervised online video stabilization
through explicit motion estimation and trajectory smoothing.
However, there are two main limitations. First, it relies on
existing optical-flow estimators, which may be less accurate
in complex scenes. Second, to improve visual quality, we
currently rely on a post-processing frame outpainting step
to handle black borders; due to its computational cost, it
is not integrated into the online pipeline. To address these
issues, we plan to (i) explore more accurate yet efficient
optical-flow models, and (ii) develop lighter, online-friendly
outpainting techniques that improve edge quality without
sacrificing real-time performance.
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