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Abstract User experience can be compromised if a video contains an in-capture distortion called camera instability,

characterized by a typical visual effect caused by uncontrolled camera motion during recording. The process of

removing this distortion is known as video stabilization. Despite recent advances in this field, few studies aim to

define how video stability quality should be evaluated. In this work, we propose assessment metrics based on pixel

profile derivatives and machine learning regressors. We compare them with existing measures on public datasets,

correlating the results with human perception scores. Our findings indicate that a widely used measure, called

Low-High Frequency Ratio (LHR), correlates poorly with human perception, achieving PLCC=0.388 on LIVE-

Qualcomm and PLCC=0.538 on MIND-VQ. In contrast, the best result obtained in this work achieves PLCC=0.884

on MIND-VQ, improving LHR by 34.6 percentage points on that dataset.
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1 Introduction

Amateur users have easy access to mobile devices with a

camera. However, they often capture handheld videos without

adhering to cinematographic principles, leading to camera

motion instabilities.

Subjective studies indicate that video instability can be a

highly annoying distortion in captured footage [Ghadiyaram

et al., 2017], negatively impacting the user experience. Video

stabilization seeks to eliminate camera instability [Souza et al.,

2024b; Wang et al., 2024a; Peng et al., 2024; Wang et al.,

2024b; Souza et al., 2022, 2023; Souza and Pedrini, 2018b,a],

producing a stabilized video with smooth, non-oscillatory

camera motion.

Evaluation metrics are crucial for comparing approaches

and significantly influence the direction of advancements in

the field [Souza and Pedrini, 2019; Souza et al., 2018]. De-

spite the rapid progress in digital video stabilization methods,

fewer works focus on stability assessment itself – particularly

on how objective measures relate to subjective stability judg-

ments under controlled user studies. As a result, it remains

challenging to answer the following question based on current

knowledge in the literature: “How closely are the available

measures related to human perception of stability?”

Motivated by this question, we analyze the relationship

between existing stability assessment measures and human

perception stability scores from third-party user studies. We

also propose and evaluate novel approaches based on pixel

profiles, including experiments with traditional machine learn-

ing regressors.

In this work, we (i) derive stability measures from first-,

second-, and third-order derivatives of optical-flow-based

pixel profiles and (ii) study the prediction of subjective sta-

bility scores using conventional regressors trained on a multi-

aspect feature set computed from pixel profiles and image

similarity measures.

Compared to the conference version [Souza et al., 2024a]

– which was a condensed summary of the doctoral thesis

and, therefore, included only a brief overview of the pro-

posed metrics among many other contributions – this journal

manuscript provides a deep dive into these metrics, expanding

the methodological description and substantially extending

the experimental analysis and discussion. In particular, this

manuscript presents the detailed formulation and analysis

of the pixel-profile-derivative measures (VCP2/ACP2/JCP2)
and the regression-based stability assessment, which were

only briefly summarized in the conference version. The main

contributions of this paper, compared to the conference paper

and the existing literature, are:

1. Analysis of existing evaluation metrics for video sta-

bility based on human perception: We correlated the

results of the most commonly used assessment measures

in the literature with subject scores obtained from third-

party user studies. This step is necessary for improving

our understanding of how stability can be assessed, and

developing metrics that better align with human visual

perception.

2. Proposal and analysis of pixel-profile-based stabil-

ity measures and a regressor-based assessment ap-

proach: We propose three stability measures based on
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first-, second-, and third-order derivatives of optical-

flow-based pixel profiles (VCP2, ACP2, and JCP2), and
we study a learning-based approach that predicts stability

mean opinion score (MOS) from a multi-aspect feature

vector computed from pixel profiles. Our kinematic

measures achieve stronger correlation with subjective

stability than the commonly used measures evaluated in

this work. In addition, in the intra-dataset setting, non-

linear regressors trained on the proposed multi-aspect

features achieve the highest correlations among the eval-

uated regressors.

This paper is organized as follows. Section 2 reviews the

literature on topics relevant to this work. Section 3 describes

the proposed measures and features. The results are presented

and analyzed in Section 4. Finally, Section 5 includes some

concluding remarks and directions for future work.

2 Literature Review

This section reviews three topics in the context of video sta-

bilization and stability assessment: (i) non-referenced video

stability assessment (Subsection 2.1), where we present com-

peting measures in the literature and discuss learning-based

strategies to predict subjective scores; (ii) feature trajectories

and pixel profiles (Subsection 2.2), where the latter is used to

compute the measures studied in this paper; and (iii) video

quality assessment (Subsection 2.3). Some final remarks are

presented in Subsection 2.4.

2.1 Non-Referenced Video Stability Assess-

ment

Stability is a subjective concept related to human perception,

and multiple approaches have been used to assess it. One

of the first works to propose an objective metric for stabil-

ity assessment was conducted by Morimoto and Chellappa

[1997]. They introduced the Interframe Transformation Fi-

delity (ITF), which computes the average similarity between

consecutive stabilized frames using the Peak Signal-to-Noise

Ratio (PSNR). Some authors have used the Structural Sim-

ilarity Index Measure (SSIM) [Wang et al., 2004] instead

of PSNR, because the first considers elements such as lumi-

nance, contrast, and structure that are more relevant to visual

perception when comparing images.

Liu et al. [2013] proposed a widely used stability measure,

called Low-High Frequency Ratio (LHR). This measure as-

sumes that the proportion of low-frequency energy increases

with video stability. LHR is computed through frequency

analysis by calculating the ratio between the low and high

frequencies of the estimated two-dimensional camera motion.

Zhang et al. [2018a] introduced a measure that character-

izes stability based on Intrinsic Geodesic Curvature (IGC).

The final video smoothness is defined as the average of the

weighted geodesic curvatures of each path on a 2D mesh.

Beyond handcrafted measures, a common strategy in the

broader video quality assessment literature is to cast qual-

ity prediction as a supervised regression problem, where a

model learns a mapping from objective features to subjective

scores (e.g., MOS) [Min et al., 2024; Streijl et al., 2016]. This

paradigm is particularly appealing when multiple complemen-

tary cues are available, as regressors can combine them to

better approximate human perception.

Despite the advances made by the literature studies [Kou

et al., 2023; Rao et al., 2023; Liu et al., 2023; Ito and

Izquierdo, 2019; Lee et al., 2021; Nie et al., 2017; James

et al., 2023; Shi et al., 2022], a deeper understanding of the

relationship between objective stability measures and human

perception is still needed. Moreover, while supervised re-

gression is a standard paradigm in no-reference video qual-

ity assessment for predicting MOS from objective features,

several stability papers report objective stability measures

without explicitly learning (and validating) a mapping to sub-

jective stability MOS under controlled protocols. In contrast

to methods found in the literature, our measures are based

on derivatives of pixel profiles, and we correlate their out-

puts with third-party user studies on perceived stability. In

addition, we investigate conventional regressors trained on

multi-aspect features computed from pixel profiles to predict

stability MOS values.

2.1.1 StabilityMeasures in Video Acceleration and First-

Person Hyperlapse

Although our review so far focuses on works whose primary

goal is to define stability assessment metrics, stability (or

smoothness) criteria are also central in video acceleration

and hyperlapse, particularly in first-person settings. In these

problems, naive frame sub-sampling tends to amplify head-

motion shake; thus, many approaches explicitly analyze cam-

era motion and incorporate smoothness objectives (or stabil-

ity/smoothness terms) when selecting frames or planning the

output camera path.

For example, EgoSampling [Poleg et al., 2015] formulates

adaptive frame sampling as an energy minimization problem

to generate more stable fast-forward egocentric videos, re-

lying on simple motion cues (e.g., epipole/FOE estimation)

derived from optical flow rather than computationally de-

manding 3D reconstruction. An extended version [Halperin

et al., 2017] further supports wide-view hyperlapse bymosaic-

ing each output frame from multiple inputs; this repurposes

shake as a cue to enlarge the field of view and enables joint

processing of multiple egocentric videos.

In contrast, Kopf et al. [2014] reconstruct a 3D input cam-

era path and proxy geometries, and then optimize an out-

put path that is both smooth and renderable, incorporating a

view-independent quality term to account for rendering lim-

itations. Joshi et al. [2015] propose a real-time hyperlapse

method based on optimal frame selection that targets a de-

sired speed-up while explicitly optimizing for smooth camera

motion, without relying on special sensor data. Semantic

pipelines also incorporate smoothness: Lai et al. [2017] stabi-

lize 360◦ video by smoothing inter-frame rotation and com-

bine saliency/semantic cues with motion smoothness to pro-

duce NFOV hyperlapses (validated through a large-scale user

study), while Silva et al. [2016] introduce a smoothness eval-

uation metric motivated by the observation that commonly

used measures do not necessarily reflect viewers’ preferences

in this context.
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These lines of work highlight that stability criteria are

widely used beyond the stabilization-metric literature, often as

objectives or constraints for producing watchable accelerated

videos. By comparison, our focus is on evaluating stabil-

ity assessment measures themselves by correlating objective

outputs with per-video subjective stability scores (MOS) on

public datasets, and on analyzing how different measurement

principles relate to perceived instability.

2.2 Feature Trajectories and Pixel Profiles

Figure 1 presents representations of feature trajectories and

pixel profiles. Trajectories are sparse in both space and time

and change their position based on two-dimensional motion.

On the other hand, pixel profiles are dense in both space and

time, where each one has a fixed spatial position. In this way,

the position of each feature in a trajectory is defined by real

numbers, whereas the position indices of a pixel profile are

integers.

For didactical purposes, we can refer to both features and

pixels as points. Let us also consider that points have an-

other attribute other than position: the accumulated motion

vector. In both cases, this vector is computed based on the

relative displacements between adjacent frames. However,

as the position of the trajectory points changes due to these

displacements, its accumulated vector and position are equal.

Conversely, the accumulated motion vector for each point in

the pixel profile is derived from displacements related to the

same pixel, consequently differing from its fixed position.

We usually construct feature trajectories and pixel profiles

using matched local features and optical flows, respectively.

This is why the displacement vectors of pixel profiles are

represented inversely.

Feature trajectories of a video with t frames at a resolution
of H × W can be formally defined as a collection of n trajec-

tories denoted by FT = {ft1, . . . , ftn}. Each trajectory, in-
dexed by i, can be described as fti = {xs, xs+1, . . . , xe | 0 ≤
s < e ≤ t − 1}, with a size of e − s + 1, where xj is the local

feature of the j-th frame in the video, corresponding to other
local features within the same trajectory. The positional (and

accumulated motion) vector of each feature can be defined as

xj =
{

(x0, y0), if j = s
xj−1 + (∆jx, ∆jy), otherwise

(1)

where (x0, y0) is the initial two-dimensional position of the
path (first feature) and (∆jx, ∆jy) is the two-dimensional
displacement between the features xj−1 and xj .

Similarly, pixel profiles [Liu et al., 2014] is the set P =
{pp0,pp1, . . . , ppHW } of HW profiles of size t, where the
j-th pixel pj of ppi refers to the i-th pixel of the j-th frame.
Despite the fixed position, the accumulated motion vector of

each pixel can be defined as

pj =
{

(m, n), if j = 0
pj−1 + Oj(m, n), otherwise

(2)

where 0 ≤ m < H and 0 ≤ n < W are the pixel coordinates

pj andOj(m, n) the optical flow vector in coordinates (m, n)
between the frames Fj−1 and Fj .

The concept of a pixel profile is related to visual rhythms

since both capture pixel variations throughout the video. Vi-

sual rhythms consists of a representation, proposed by Adel-

son and Bergen [1985] and Bolles and Baker [1985], which

summarizes spatio-temporal information of a video into a

single image or in a small set of images. This representation

is built by the concatenation (typically along the x-axis of
the rhythm image) of a predefined feature extracted from the

video frames, so that it is possible to verify the behavior of

that information over time. This representation can be seen

as a slice in the video volume, where the third dimension

corresponds to time.

Figure 2 illustrates examples of visual rhythms in different

directions. In this work, we utilized the Horizontal Average

and Vertical Average strategies for video visualization [Souza

and Pedrini, 2020] due to their ability to provide information

about the entire frame without sampling as severely as the

simple Horizontal and Vertical methods [Souza et al., 2020;

Souza and Pedrini, 2020].

The main difference between visual rhythms and pixel

profiles is that, in the latter, we necessarily work with pre-

computed motion information (optical flow). Besides, there

is no reduction of the entire video information to a single

image for pixel profiles. However, we relate the information

from the same pixel over time in both cases. In this work,

visual rhythms were used to represent video motion visually.

2.3 Video Quality Assessment

Video Quality Assessment [Min et al., 2024] can be classified

into subjective and objective assessment categories. Subjec-

tive assessment involves human observers watching videos

and providing their opinions for each video. This evaluation

method is time-consuming and requires substantial human

effort. On the other hand, objective assessment calculates

a video’s quality numerically using mathematical functions,

which is advantageous for evaluating large datasets. How-

ever, to establish a connection between objective measures

and human perception, mature subjective studies are neces-

sary.

Mean Opinion Score (MOS) [Streijl et al., 2016] is the

most commonly used measure to aggregate the overall qual-

ity of a stimulus. It is calculated as the arithmetic average of

all valid user ratings. Most of the video quality assessment

literature currently available is concerned with distortions

obtained post-capture [Ghadiyaram et al., 2017], such as dur-

ing transmission or compression of videos [Wu et al., 2022;

Nuutinen et al., 2016; Kossi et al., 2022]. Regardless, some

authors have studied in-capture distortions, such as stability.

Ghadiyaram et al. [2017] performed an unbiased and

distortion-guided user-study with their own dataset, called

LIVE-Qualcomm. It comprises 208 videos with six distinct in-

capture distortions, all recorded at a resolution of 1920×1080

pixels and 30 FPS. Among these videos, 35 have a shaky

camera and they computed a MOS for each of these videos

according to the subjective assessment of 39 distinct subjects.

They were captured using 8 mobile devices from different

brands and models. Figure 3 shows examples of videos from

this dataset. LIVE-Qualcomm videos exhibit multiple levels

of stability in high-resolution frames, which align consistently
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frame 0
frame 1 frame 2 frame 3

frame 4 frame 5

fti

(a) Feature Trajectories

frame 0
frame 1 frame 2 frame 3

frame 4 frame 5

ppi

(b) Pixel Profiles

Figure 1. Representations for Feature Trajectories and Pixel Profiles. Dotted lines represent the spatial displacement of correspondent points. Red arrows

represent the vectors used in the accumulated motion vector at each point. Adapted from Liu et al. [2014].

Width

H
ei
gh
t

Tim
e

(a) Horizontal

Width

H
ei
gh
t

Tim
e

(b) Vertical

Width

H
ei
gh
t

Tim
e

(c) Diagonal

Width

H
ei
gh
t

Tim
e

(d) Cross

Width

H
ei
gh
t

Tim
e

(e) Area

Figure 2. Different transverse directions in the construction of a visual rhythm [Souza et al., 2020].

with MOS values.

Figure 3. Videos from LIVE-Qualcomm [Ghadiyaram et al., 2017]. We

show a frame and the visual rhythm [Souza et al., 2020] for each sample.

From left to right, the MOS of these videos are 13.36, 46.46, and 64.91.

Guan et al. [2022] conducted a similar study on MIND-VQ

dataset. The used dataset comprises 1181 videos featuring

night scenes captured using various mobile devices by 21

users and evaluated by 435 participants. These users were en-

couraged to record videos with a wide range of diversity, both

spatially and temporally. Each video was annotated in user

studies involving a single stimulus, which considered five

perceptual attributes, including stability. These subjective

experiments were conducted in a controlled laboratory envi-

ronment. Examples of videos from this dataset are presented

in Figure 4.

MIND-VQ videos were recorded only at night but have a

great variety in recording style and quality, which may make

this dataset more realistic. The visual rhythms of these videos

show differences in camera stability, which are related to

three different MOS values. The reader may consult the fol-

lowing references on visual rhythms to better understand this

visualization [Souza et al., 2020; Souza and Pedrini, 2020].

Figure 4. Visual frames and rhythms from MIND-VQ [Guan et al., 2022]

videos. The MOS, from left to right, are 54.42, 66.24, and 83.93.

2.4 Remarks

In this work, we propose an evaluation based on kinematic

statistics extracted from the pixel profile. This approach was

motivated by the superior performance of kinematics-based

methods, as observed in an evaluation based on our own visual

perception.

The utilization of pixel profiles instead of feature trajecto-

ries was driven by two primary reasons: (i) pixel profiles offer

a dense representation that encompasses all pixels within each

frame, and (ii) their implementation is more straightforward,

as we do not need to track features across the entire video,

avoiding complications such as temporal discontinuity and

features leaving the image domain.

This strategy enabled us to achieve better results than

the metrics available in the literature regarding correlation

with the MOS of subjective studies conducted on the LIVE-

Qualcomm and MIND-VQ datasets. Based on the premise

that different approaches to assessing stability in the litera-

ture – image similarity, frequency analysis, geometric anal-

ysis, and kinematic metrics – can be complementary, we

constructed features that encompass all of them and trained
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regressors to predict MOS values. This further improved our

results.

In the next section, we present the kinematic measurements

extracted from the pixel profiles, alongwith our features based

on multi-aspect. Subsequently, we report the experiments

conducted on the LIVE-Qualcomm and MIND-VQ datasets.

3 Kinematic-based Measures and Fea-

tures from Multiple Aspects

Figure 5 presents an overview of our assessment measures.

The input for all the proposed metrics is a video frame se-

quence. In the preprocessing step, we compute the optical

flow for each consecutive frame pair and the background/fore-

ground segmentation mask for each frame. The optical flow

is predicted using RAFT [Teed and Deng, 2020], whereas the

segmentation masks are computed using BSUV-Net [Tez-

can et al., 2020, 2021]. These masks are used to (i) re-

strict derivative-based kinematic measures to background

regions (Alternative A) and (ii) separate static (background)

and moving-object (foreground) regions when computing

region-wise descriptors in Alternative B.

Throughout this section, let {Ii}T −1
i=0 denote a video with

T frames defined over a pixel domain Ω, and let p ∈ Ω be a

pixel location. From the optical flow, we compute an optical-

flow-based pixel profile ppi(p) for each frame (Equation 2).
We also compute a binary background mask M̃i(p) for each
frame. For Alternative A (derivative-based kinematic mea-

sures), we combine masks over the temporal neighborhood

of each derivative so that pixels affected by foreground mo-

tion in any frame of the neighborhood are excluded from the

kinematic pooling. For Alternative B (multi-aspect features),

we use the same masks to define static (background) and

moving-object (foreground) regions when computing region-

wise descriptors (and full-frame summaries when applicable).

Frame-level quantities are then aggregated over time to obtain

a single score per video.

3.1 Pipeline and Aggregation Details

Figure 5 summarizes the overall pipeline. For completeness,

we detail here how frame-level quantities are produced and

aggregated into a single video score, as this aggregation is

common to both alternatives.

Given consecutive frames (Ii, Ii+1), we estimate an optical
flow field Oi+1(p) that maps each pixel location p ∈ Ω
from frame i to frame i + 1. From these fields, we construct

an optical-flow-based pixel profile ppi(p) recursively as in
Equation 2, i.e., pp0(p) = p and ppi(p) = ppi−1(p)+Oi(p)
for i ≥ 1.
For each frame i, we compute a binary mask M̃i(p) ∈

{0, 1} where M̃i(p) = 1 denotes background and M̃i(p) =
0 denotes foreground. For any temporal neighborhood [i, j],
we combine these masks as Mj

i = M̃i ∧ M̃i+1 ∧ · · · ∧ M̃j ,

so that a pixel is retained only if it is classified as background

in all frames of the neighborhood.

Many descriptors considered in this work produce either

(i) per-pixel values (indexed by p, and possibly by time i),
or (ii) per-frame scalars (indexed by i). For Alternative A,

the three kinematic descriptors produce per-pixel derivative

vectors at each frame index, which are summarized into a

frame-level scalar by averaging the squared magnitude over

the valid background pixels given by Mj
i . For Alternative B,

several descriptors are summarized either region-wise (back-

ground/moving-object) or over the full frame, yielding one

or more per-frame scalars.

All frame-level scalars are aggregated over time into a

single video score. For any frame-level sequence {si} defined
for i ∈ I (e.g., I = {0, . . . , T − 2} for pairwise descriptors,
or I = {0, . . . , T − 4} for third-order derivatives), we obtain
a video-level quantity by temporal averaging:

s̄ = 1
|I|

∑
i∈I

si. (3)

This convention is used for the kinematic measures (Alterna-

tive A) and also for intermediate per-frame quantities in the

multi-aspect feature extraction (Alternative B).

3.2 Computational Considerations

Our assessment pipeline has two deep preprocessing stages

and several lightweight post-processing stages. Given a video

with T frames of resolution H × W , optical flow estimation

is performed for each consecutive frame pair, resulting in

(T − 1) forward passes of RAFT. Background/foreground
segmentation is computed per frame, resulting in T forward

passes of BSUV-Net. These two steps dominate the computa-

tional footprint of the pipeline because they require running

deep networks over full-resolution frames, whereas the sub-

sequent computations (masking, finite differences on pixel

profiles, and statistic aggregation) consist mainly of per-pixel

arithmetic operations.

After preprocessing, Alternative A computes first- ,

second- , and third-order finite differences of the optical-

flow-based pixel profiles and averages them over background

pixels. This stage scales linearly with the number of pix-

els and temporal positions, i.e., O(HWT ). Alternative B
adds feature extraction across four aspects. In addition to the

O(HWT ) kinematic and geometric pooling, the frequency
features require computing temporal spectra of pixel-profile

signals; when implemented with FFT along the temporal axis,

this scales as O(HW T log T ) for the horizontal and vertical
components.

To make the computational footprint of each stage explicit,

Table 1 summarizes an analytical breakdown of the main

pipeline components, including the number of deep-model

forward passes per video and the approximate scaling of the

post-processing steps with video length and resolution.

Using the optical flow and segmentation masks, we explore

two possible alternatives for obtaining the evaluation mea-

sure. Both alternatives rely on pixel profiles derived from

optical flow and on background/foreground masks, but they

use these masks differently: Alternative A restricts kinematic

pooling to background pixels, whereas Alternative B uses the

masks to compute region-wise descriptors (background vs.

moving-object) and full-frame summaries, depending on the

feature group. In Alternative A, presented in Subsection 3.3,

we introduce novel kinematic measures using the first, sec-

ond, and third derivatives of pixel profiles. To do this, we



On Human Perception-Guided Video Stability Assessment Souza et al. 2026

Input
Video Frames

Optical Flow

Stability Features
Regressor

Metric Calculation
Alternative A

Metric Calculation
Alternative B

Predicted
MOS

Background Masks

Preprocessing

Pixel Profiles Kinematic Metric

Masked
Average

Figure 5. Overview of the computation of the two proposed alternatives for evaluating stability from a sequence of frames.

Table 1. Analytical breakdown of the main computational stages

per video.

Stage Calls per video Scaling (approx.)

Optical flow (RAFT) T − 1 Deep model over

H × W

Segmentation (BSUV-Net) T Deep model over

H × W

Kinematic derivatives +

pooling

- O(HW T )

Frequency features (FFT

over time)

- O(HW T log T )

calculate the derivative of the pixel profile for each pixel.

The value for each pair of frames is computed as the aver-

age of the pixel values in the background. The final video

value is obtained by averaging the values of all frame pairs.

The inspiration for investigating these measures originated

from visual observations: we found that, in simple videos,

techniques based on kinematic principles [Grundmann et al.,

2011] produce videos with better stability than those relying

on high-frequency attenuation [Liu et al., 2013].

Moreover, in Alternative B, we used these measures and

other statistics to compose a feature vector and train a re-

gressor to predict stability scores based on human perception,

described in Subsection 3.4. The idea is to use different

approaches to assess stability in the literature in a comple-

mentary way.

Comparing the two alternatives, the first is simpler to im-

plement and does not depend on a training set. In contrast,

the second alternative can achieve better results, showing a

higher correlation with the MOS and greater similarity to it

in terms of scale and numerical range. However, its success

depends more on the data used and may be less robust in

unseen scenarios.

3.3 Alternative A – Kinematic Measures

The diagram in Figure 6 illustrates the calculation of kine-

matic measurements. First, we compute pixel profiles from

optical flows, as defined in Equation 2. Next, we generate

background segmentation masks. Finally, we compute three

kinematic measures (first, second, and third derivatives) from

the pixel profiles, which we respectively named Velocity of

Camera Pixel Profiles (VCP2), Acceleration of Camera Pixel
Profiles (ACP2) and Jerk of Camera Pixel Profiles (JCP2).
To compute the average for each video, we consider only

the derivatives of regions without foreground. This prevents

the inclusion of vectors from moving objects, which do not

represent camera motion.

These metrics were directly inspired by the stabilization

approach developed by Grundmann et al. [2011], which mini-

mizes the first, second, and third derivatives of unstable cam-

era trajectories. A similar formulation has been used recently

to generate stable videos on synthetic datasets [Souza et al.,

2024b]. Mathematically, the three frame-level measures can

be defined as

VCP
2
i =

∑
p

Mi+1
i

(p)‖ppi+1(p) − ppi(p)‖2∑
p

Mi+1
i

(p) + c
,

ACP
2
i =

∑
p

Mi+2
i

(p)‖ppi+2(p) − 2ppi+1(p) + ppi(p)‖2∑
p

Mi+2
i

(p) + c
,

JCP
2
i =

∑
p

Mi+3
i

(p)‖ppi+3(p) − 3ppi+2(p) + 3ppi+1(p) − ppi(p)‖2∑
p

Mi+3
i

(p) + c
,

(4)

where VCP2
i is the average velocity of the camera pixel pro-

files for the i-th frame. The term ppi(p) denotes the pixel
profile at pixel p in the i-th frame. To compose the final value
of VCP2, we compute the average of these values in each
video frame. ACP2 and JCP2 were computed analogously.
The constant c = 10−6 was used for division stability.
We used a segmentation mask between background and

foreground to ignore the latter, as shown in the representation

in Figure 7. Mathematically, we define the mask to be used

as

Mj
i = M̃i ∧ M̃i+1 ∧ · · · ∧ M̃j , (5)

where M̃k is the binary mask at the k-th frame where 1 de-
notes background and 0 denotes foreground. Consequently,

the logical AND retains a pixel only if it is classified as back-

ground in all frames from i to j, i.e., if a pixel is labeled as
foreground in at least one frame of the temporal neighbor-

hood, then Mj
i becomes 0 for that pixel and it is ignored

in the computation. For visualization purposes, we render
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Figure 6. Calculation of kinematic metrics from pixel profiles at frame and video levels.

background pixels (value 1) in black and foreground pixels

(value 0) in white in our figures.

= ^ ^
M0

2 M0 M1 M2

Frame 0

Figure 7. Representation of the background mask calculation for ACP2.
The top image shows the background mask for Frame 0, where black pixels

indicate background (i.e., M̃0(p) = 1) and white pixels indicate foreground
(i.e., M̃0(p) = 0). In the bottom, we see a cropped region highlighted in
red for Frame 0 and the following two, as well as the resulting mask (left).

From the representation, we note that a pixel is considered

background only if all equivalent pixels within the temporal

neighborhood are also background.

3.4 Alternative B – Stability Features from

Multiple Aspects

As an alternative to the measure directly calculated from the

pixel profile derivative, we also propose using a regressor to

predict the MOS of a video for stability. We hypothesized

that stability assessment should encompass multiple aspects.

We defined the aspects based on existing methodologies in

the literature: (i) image similarity, which measures the degree

of similarity between two images and may be based on statis-

tical, structural, or perceptual characteristics [Morimoto and

Chellappa, 1997; Wang et al., 2004; Zhang et al., 2018b]; (ii)

frequency analysis, which studies the components of a signal

in different frequency bands [Liu et al., 2013]; (iii) geometry,

which refers to spatial properties, including concepts such

as distance and angles [Zhang et al., 2018a]; and (iv) the

kinematic measures proposed in this work [Grundmann et al.,

2011; Souza et al., 2024b]. We defined distinct measures for

each aspect. Typically, these measures output a value per

pixel or frame.

In this way, we used six statistical metrics to synthesize

these values: average, standard deviation, median, interquar-

tile range, kurtosis, and skewness. The following paragraphs

show how we use these measures and statistical metrics to

compose a vector with 204 features. Figure 8 shows a visual

representation of these features.

Image Similarity
36 Features

Frequency Analysis
120 Features

Geometrical
12 Features

Kinematics
36 Features

Average
Standard Deviation
Interquartile Range

Median
Kurtosis

Skewness

Statistical Measures

PSNR
SSIM
LPIPS

VCP²
JCP²
ACP²

curvature
twist horizontal and vertical energy ratio bins

Figure 8. Representation of our feature vector.

Several descriptors in Alternative B yield either (i) a tem-

poral sequence of scalars (one scalar per frame or per frame

pair), or (ii) a pooled set of values defined over pixel loca-

tions and (optionally) time. To obtain fixed-length features,

we summarize these outputs using the same set of six statis-

tics: mean, standard deviation, median, interquartile range,

kurtosis, and skewness.

For a temporal sequence {ui}i∈I , we compute φ({ui}) =
[µ, σ,median, IQR, kurtosis, skewness], yielding six features.
For a pooled set U = {u(p, i)} collected over valid pixels

(and time indices, when applicable), we compute the same

six statistics over U . This defines how the descriptors from

different aspects are mapped into a fixed-length vector.

For image similarity, we consider ITF using PSNR,

SSIM, and Learned Perceptual Image Patch Similarity

(LPIPS) [Zhang et al., 2018b] as similarity measures. Static

and moving regions are defined using the background/fore-

ground masks predicted by BSUV-Net. For a consecutive

frame pair (Ii, Ii+1), we define a pairwise background mask
as Mi+1

i = M̃i ∧ M̃i+1, where M̃k(p) = 1 denotes back-
ground and 0 denotes foreground. Thus, Mi+1

i (p) = 1
indicates static (background) pixels for that pair, whereas

1 − Mi+1
i (p) indicates pixels affected by moving objects in

at least one of the two frames. For PSNR, we compute two

region-wise scalars per frame pair (static and moving-object).

For SSIM, we compute three scalars per frame pair (static,

moving-object, and full-frame). For LPIPS, we compute a

full-frame scalar per frame pair. For region-wise PSNR, we

compute the MSE restricted to the region and convert it to

PSNR in dB. For SSIM, we first compute the per-pixel simi-

larity map Si(p) = SSIM(Ii, Ii+1)(p), and then summarize
it into scalar values by averaging Si over (i) static pixels

(Mi+1
i = 1), (ii) moving-object pixels (1 − Mi+1

i = 1),
and (iii) all pixels (full frame). Over the whole video, each

scalar forms a temporal sequence, from which we extract the

six statistics (mean, standard deviation, median, interquar-

tile range, kurtosis, and skewness). Thus, PSNR, SSIM, and

LPIPS have respective 12, 18, and 6 values, summing 36

features.

For a toy example with three frame pairs, suppose the mean

SSIM over static pixels is {0.90, 0.86, 0.88} and overmoving-
object pixels is {0.72, 0.70, 0.75} (values shown only for

illustration). Each set forms a temporal sequence, and apply-
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ing φ(·) = [µ, σ, median, IQR, kurtosis, skewness] yields
6 features per sequence. Repeating this for (i) static, (ii)

moving-object, and (iii) full-frame SSIM produces 3×6 = 18
SSIM-related features.

We calculated two measures related to the geometry of

the pixel profiles: the curvature and the twist. Each of these

measures outputs a new trajectory for each pixel profile. For

each pixel location p and frame index j, we compute scalar
values κj(p) (curvature) and τj(p) (twist) using standard dis-
crete (numerical) approximations. To reduce the influence

of independently moving objects, we restrict the computa-

tion to static regions by ignoring samples where M̃j(p) = 0.
We then aggregate each descriptor spatiotemporally, i.e., we

pool all valid values across all pixel locations p and all frame

indices j in the video (flattening the space-time field into a
single set of values) and compute six summary statistics (aver-

age, standard deviation, median, interquartile range, kurtosis,

and skewness). This yields 6 features for curvature and 6 for

twist, totaling 12 geometric features.

The frequency component is based on metrics such as

LHR. However, instead of using a threshold and analyzing

the global motion of the video, we compute the frequency

spectrum of each pixel profile and separate the frequency

energy by B bins. This yields a set of per-profile energies,

which we then pool over pixel locations to obtain fixed-length

frequency features. As we separately analyze the horizontal

and vertical components, we have 2B values per pixel profile.

We compute the six statistical measures over the pooled set

of per-profile energies and obtained 12B values. We used

B = 10, totaling 120 features.
Finally, the kinematic component comprises VCP2, ACP2,

and JCP2. In this case, we compute the six statistical mea-
sures for each of the three kinematic metrics in pixels related

to moving objects and static regions, totaling 36 features. Ta-

ble 2 summarizes the composition of the final multi-aspect

204-dimensional feature vector used in our experiments.

Table 2. Composition of the 204-dimensional multi-aspect feature

vector used in Alternative B.

Aspect #Features

Image similarity (PSNR/SSIM/LPIPS + region-

wise/full-frame summaries)

36

Geometry (curvature, twist + pooled summaries) 12

Frequency (per-profile spectrum with B = 10
bins; x/y components)

120

Kinematics (VCP2/ACP2/JCP2 + region-wise

summaries)

36

Total 204

4 Experiments

In this section, we present the experiments performed in this

work. Subsection 4.1 describes the configurations used, while

Subsection 4.2 presents and analyzes the obtained results.

4.1 Setup

We experimented with five regressors: Support Vector Ma-

chine Regressor (SVR), Random Forest (RF), Gradient Boost-

ing Machine (GBM), and eXtreme Gradient Boosting (XG-

Boost), as well as a Linear Fit, where we fit a simple straight

line on the features. We report the mean Pearson Linear

Correlation Coefficient (PLCC) / Spearman Rank-Order Cor-

relation Coefficient (SROCC) over the ten predefined train-

ing/testing splits used in the original evaluation.

For each regressor, we perform a 3-fold cross-validation

for a hyperparameter grid search. For the SVR, we

look for C = {2−5, 20, 21, 23, 26, 210} and γ =
{2−15, 2−10, 2−5, 20, 25}. For the RF, we look for

max_features = {10, 15, 20, 25} and n_estimators =
{100, 200, 300, 400}. The hyperparameters fetched for the
GBM were n_estimators = {30, 70, 100}, learning_rate =
{0.1, 0.05}. Finally, we fetch the following hyperparameters
for XGBoost: learning_rate = {0.01, 0.05, 0.1, 0.15, 0.2}
and max_depth = {3, 4, 5, 6, 7, 8, 9, 10}.
We performed ten executions with two non-overlapping

subsets (training and testing) of the same size. We reported

the averages of the correlation values across the 10 testing

subsets (even for non-trainable measures). For each of the ten

training/testing splits, we compute all non-trainable measures

on the corresponding testing split only. Trainable regressors

are fitted on the training split and evaluated on the same

testing split. We then report the mean correlation across the

ten testing splits, ensuring a fair comparison between trainable

and non-trainable methods in Table 3.

Because the proposed feature vector mixes heterogeneous

descriptors (e.g., PSNR in dB, SSIM/LPIPS in normalized

ranges, spectral energies, geometric quantities, and kinematic

derivatives), we normalize each feature dimension before

training using StandardScaler from scikit-learn (z-

score standardization: zero mean and unit variance). For

each training/testing split, the scaler is fitted on the train-

ing split only and then applied to both training and testing

features. This normalization is performed within the cross-

validation/grid-search procedure to avoid data leakage.

4.2 Results

Table 3 presents the correlations between the human per-

ception stability scores (LIVE-Qualcomm and MIND-VQ

datasets), as well as (i) different methods of evaluating the

stability from the literature, (ii) the kinematic measures, and

(iii) different regression methods that use the previously de-

scribed features as input (Figure 8).

For the regression-based approach, the reported results re-

fer to MIND-VQ. Due to the small number of samples in

LIVE-Qualcomm, we did not train the non-linear regressors

on this dataset. For completeness, we report a Linear Fit base-

line under the same split protocol, while the learning-based

analysis focuses on MIND-VQ. To the best of our knowl-

edge at the time of our experiments, no additional public

datasets simultaneously provided (i) videos with varying lev-

els of camera instability and (ii) per-video subjective stability

scores (MOS) collected under controlled conditions with suf-

ficient methodological detail for a comparable evaluation.
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Therefore, we keep the main regression-based analysis in the

intra-dataset setting on MIND-VQ. LIVE-Qualcomm is used

for correlation analysis of non-trainable measures and as a

testing set for inter-dataset generalization (Table 4), but we

do not train regressors on LIVE-Qualcomm. Furthermore,

running experiments with IGC in MIND-VQ was not feasible

due to its high computational cost.

We report two correlation coefficients between an assess-

ment output and subjective stability MOS: the Pearson Linear

Correlation Coefficient (PLCC), which measures linear agree-

ment, and the Spearman Rank-Order Correlation Coefficient

(SROCC), which measures rank consistency.

Table 3. Correlation between human perception of stability scores

and different strategies for assessing stability.

Measure
LIVE-Qualcomm MIND-VQ

PLCC SROCC PLCC SROCC

LHR 0.388 0.404 0.538 0.489

ITF (PSNR) 0.015 0.024 0.317 0.308

ITF (SSIM) 0.081 0.072 0.200 0.196

IGC 0.626 0.614 - -

VCP2 0.204 0.405 0.546 0.555

ACP2 0.710 0.720 0.781 0.769

JCP2 0.636 0.755 0.753 0.747

Linear Fit 0.142 0.181 0.706 0.767

SVR - - 0.853 0.815

RF - - 0.880 0.839

GBM - - 0.884 0.843

XGBoost - - 0.884 0.842

In most instances, ACP2 exhibited the highest correlation
values among the stability measures, except for SROCC in

the LIVE-Qualcomm dataset. The commonly used metrics

(LHR and ITF) achieved low correlations. These outcomes

suggest that the quantitative results reported in the literature

(typically relying on LHR) lack robust alignment with human

perceptions of stability.

4.2.1 Non-trainable Measures vs. Subjective Stability

Table 3 contrasts widely used objective measures (LHR and

ITF variants), the geometric IGC measure, and the proposed

kinematic measures. Two observations follow directly from

the table. First, on both datasets, LHR exhibits only moderate

correlation with MOS, while ITF variants show substantially

lower agreement. This suggests that, for the shaky videos

considered here, interframe similarity alone is not a reliable

proxy for perceived stability, and that the frequency-based

assumption behind LHR does not fully capture the percep-

tual factors driving stability judgments. Second, among the

non-trainable alternatives, the proposed kinematic measures

(especially ACP2 and JCP2) achieve the strongest correla-
tions with MOS on both datasets, indicating that derivatives

of pixel-profile motion provide informative cues for instabil-

ity.

4.2.2 Interpreting the Kinematic Measures

The relative behavior of VCP2, ACP2, and JCP2 can be qual-
itatively related to what each temporal derivative emphasizes.

VCP2 captures first-order frame-to-frame changes andmay re-
spond to smooth camera motion (e.g., steady panning), which

can be perceptually acceptable in many videos. Higher-order

derivatives (ACP2 and JCP2) emphasize abrupt temporal vari-
ations and are therefore more sensitive to oscillations and jitter

commonly associated with perceived instability. This inter-

pretation is consistent with the observed ranking in Table 3,

where VCP2 underperforms ACP2/JCP2 on both datasets.

On LIVE-Qualcomm, ACP2 attains higher PLCC while

JCP2 attains higher SROCC. Since PLCC measures linear

agreement in scale and SROCC measures rank consistency,

this split may reflect a more non-linear relationship between

MOS and jerk-related cues on this dataset. In practice, ACP2

may align better with the MOS scale under a near-linear map-

ping, while JCP2 may better preserve relative ordering even
when the mapping is non-linear.

4.2.3 Learning-Based Regressors on MIND-VQ (Intra-

Dataset)

The bottom part of Table 3 reports learning-based results

for MIND-VQ using the proposed 204-dimensional multi-

aspect feature vector. The Linear Fit baseline already yields

strong correlations (PLCC=0.706, SROCC=0.767), indicat-

ing that the features are informative even under a simple

linear mapping. Non-linear regressors provide further gains,

with boosting-based methods (GBM/XGBoost) achieving the

highest correlations (PLCC=0.884, SROCC=0.843), which

suggests that modeling non-linear interactions across hetero-

geneous feature groups (similarity, frequency, geometry, and

kinematics) is beneficial.

4.2.4 Inter-dataset Generalization and Domain Shift

Table 4 evaluates generalization when regressors are trained

on MIND-VQ and tested on LIVE-Qualcomm. The perfor-

mance drop relative to the intra-dataset setting indicates that

the learned mapping between features and MOS is sensitive

to domain shift. In this work, such shift may arise from

differences in capture conditions and content between the

datasets (e.g., MIND-VQ consists of night scenes, while

LIVE-Qualcomm contains a broader variety of in-capture

distortions and capture settings). As a result, while learning-

based models are effective in the intra-dataset setting, a non-

trainable kinematic measure such as ACP2 can be more robust
when applied across datasets without adaptation.

For example, the best intra-dataset PLCC on MIND-VQ

(0.884) drops to 0.355 when training on MIND-VQ and test-

ing on LIVE-Qualcomm (GBM), highlighting the sensitivity

to domain shift.

In the inter-dataset setting, the StandardScaler param-
eters are fitted on the MIND-VQ training data and applied

unchanged when evaluating on LIVE-Qualcomm, ensuring

an out-of-domain test without target-domain normalization.

4.2.5 Practical Implications

Taken together, the results indicate a clear trade-off between

simplicity and data dependence. Alternative A provides a

training-free assessment that achieves strong correlations with
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MOS via higher-order kinematic derivatives computed from

optical-flow-based pixel profiles and background masking.

Alternative B can further improve correlation in the intra-

dataset setting by learning a mapping from a multi-aspect

feature set, but its performance degrades under domain shift,

motivating future work on improving generalization and ro-

bustness.

Table 4. Correlation between stability scores (assigned by humans)

and results of regression algorithms using our features with MIND-

VQ training and LIVE-Qualcomm testing.

Measure PLCC SROCC

Linear Fit 0.240 0.216

SVR 0.238 0.307

RF 0.352 0.327

GBM 0.355 0.341

XGBoost 0.306 0.302

4.2.6 Computational Considerations

As discussed in Subsection 3.2, the main computational foot-

print of our pipeline comes from the preprocessing stages

(optical flow and segmentation), which require running deep

models for (T − 1) frame pairs and T frames, respectively.

In contrast, the proposed kinematic measures and the multi-

aspect feature aggregationmainly involve per-pixel arithmetic

and pooling operations. This breakdown is relevant when

choosing between Alternative A (training-free, lightweight

post-processing) and Alternative B (additional feature extrac-

tion and learning), and it motivates future work on reducing

preprocessing cost (e.g., faster motion estimation or lower-

resolution evaluation) without sacrificing correlation with

subjective stability.

5 Conclusions

We presented an analysis of stability assessment measures,

correlating them with user-provided stability scores from the

LIVE-Qualcomm and MIND-VQ datasets. In addition to

examining measures from the literature, we also proposed

novel kinematics-based metrics. Our measures demonstrated

a better performance, especially the one called ACP2. We im-

proved the results achieved by the most widely used measure

(LHR) by 24 to 32 PLCC points.

Additionally, we introduced features based on multiple

aspects: image similarity, geometry, frequency analysis, and

kinematics. These features were employed to train a regressor

aimed at predicting the scores. Experiments using the same

dataset for training and testing yielded an enhancement by

up to 10.3 additional PLCC points (mean over the ten testing

splits, as seen in Table 3).

A practical limitation is the computational footprint of

the preprocessing stages (optical flow and segmentation), as

discussed in Subsection 3.2. While our post-processing is

lightweight, reducing the cost of motion estimation remains

an important direction for future work. In addition, the inter-

dataset experiments indicate that regression-based mappings

are sensitive to domain shift, motivating future work on im-

proving generalization.
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