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Abstract—This work addresses a significant gap in existing
image and video databases commonly used in computer vi-
sion applications by introducing a unique and comprehensive
database named Photo-realistic Multi-Distortion Video Dataset
for Benchmarking and Developing Robust Computer Vision
Models (PVD4RCYV). A key innovation of PVD4RCV lies in
its incorporation of some relevant physical factors (e.g. depth
information, interaction of light with scene contents) inherent to
video signal acquisition in constrained and complex real-world
environments, which are used to generate realistic distortions
in video sequences (e.g. local motion blur, local defocus blur).
PVD4RCYV includes a diverse collection of videos featuring
common distortions, real-world scenarios, and contextual vari-
ations. It includes both original and degraded video versions,
along with detailed annotations to support the development
of advanced learning models, particularly for tasks such as
distortion classification and object detection. This resource aims
to advance research and applications in computer vision by
providing a robust foundation for model training and evaluation.

Index Terms—Dataset, Distortion, Object detection, Object
tracking, Scene analysis.

I. INTRODUCTION

Artificial intelligence (Al) has rapidly transformed scientific
research by promoting data-driven approaches. While this shift
has led to significant progress, it has also raised concerns
regarding the lack of theoretical foundations aligned with
traditional mathematical logic and reasoning [I], [2], [3].
Central to this paradigm is the role of high-quality datasets,
which are essential for developing robust learning models [4].

In computer vision, robotics, and related fields, numerous
datasets have emerged. However, the distortions are often
applied without accounting for real-world physical factors
such as scene depth, light interaction with scene contents and
motion dynamics [5], [6], [7], [8]. This limits the realism
of training data and can hinder generalization to real-world
scenarios.
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To address this gap, we introduce PVD4RCYV, a novel
dataset designed to simulate distortions using physically
grounded models that integrates scene depth and other en-
vironmental parameters. For example, in PVD4RCYV, the haze
effect is applied according to the depth of the scene’s contents,
and the motion blur is generated according to the movement
of each object. The blur caused by camera instability is
also generated using a realistic physical model that takes
account of the unpredictable nature of such movements. This
guarantees a high level of photorealism in the data generated
and thus contributes to the evaluation and construction of
robust computer vision models. The key contributions of this
paper are summarized below.

o A Unique Database for benchmarking and develop-
ment of Robust Computer Vision Models: We provide
the scientific community with a unique dataset dedicated
to build robust models for solving computer vision prob-
lems such as object detection, visual object tracking, and
distortion classification.

« Photo-Realistic Video Dataset: We introduce photo-
realistic distortions taking into account relevant physi-
cal factors, enabling the development of efficient deep-
learning architectures that enhance the robustness of
computer vision models in complex and uncontrolled
real-world environments.

o New Research Directions: Our work opens new avenues
for dataset construction enabling research into deep-
learning-based architectures for identifying and classify-
ing distortions in video sequences.

II. CONSTRUCTION AND PRESENTATION OF THE DATABASE

PVD4RCV contains 24 original videos, each 10 seconds
long, and 672 associated distorted versions as well as the
associated depth maps. These videos correspond to different



Fig. 1: Some samples from PVD4RCV dataset.

visual contents that are fairly representative of various real-
world scenarios and are highly suitable for benchmarking and
developing deep learning-based models to solve various prob-
lems encountered in computer vision such as object detection,
visual tracking, distortion detection, and classification. Table I
summarises the content of the dataset. The distortions are ap-
plied with 4 levels of severity to cover different levels of com-
plexity and various plausible scenarios. PVD4RCV includes

TABLE I: Brief description of PVD4RCV

Parameter Value
Number of Original Videos | 24
Number of distorted videos | 672

Resolution 1080 x 1920

Video duration 10 sec

Video frame rates 29.93-30 fps

videos type MP4

Scenarios traffic,  parking, stadium,
crowd, airport, street, train
station, mall, sea navigation,
city centre.

Distortion Types compression, contrast, global
blur motion, local/global de-

focus blur, noise, haze, rain,

smoke
Distortion levels 4
Dataset size 21.2 GB

common distortions arising during capture, post-processing,
video encoding and transmission. In-capture distortions are
the most frequent and perceptually salient. Post-processing

may introduce some side effects often due to uncontrolled
contrast enhancement, denoising process or compression ar-
tifact removal. Other common artefacts and distortions may
result from lossy video coding and transmission due to various
factors such as motion estimation and compensation and
packet loss. Table I summarises all distortion types considered
in the built dataset. The in-capture distortions are generated by
taking into account the depth information of the scene content
using monocular depth estimation via the MiDaS model [9],
enabling photorealistic and context-aware synthesis, as done
in our previous work [10].

A. Global blur motion due to shakiness

Most databases consider two types of blur: global defocus
and motion blur resulting from translational movement of the
camera or objects in the captured scene [ 1]. However, real-
world motion often involves pseudo-periodic, oscillatory and
unpredictable movements, such as those from handheld or
body-mounted cameras. Our database introduces a realistic
model to generate this kind of blur using a pseudo-periodic
oscillatory model described through the frequency modulated
signal s(t) given below.

s(t) = A(t) sin 2n f (1)t + ¢), ()
where A(t) and f(t) denote time-varying amplitude and the
instantaneous frequency, respectively, given by:
f(®) = fotfisin(27-0.1-t), A(t) = Ap+A; sin(27-0.05-¢).

(@)



where ¢ is an arbitrary phase and fy, and f; are two
frequencies to be tuned according to the severity of the desired
oscillations. In our experiment fy and f; are set to 25 and
5, respectively. The time varying amplitude A(t) is also an
oscillatory signal to count for the pseudo-periodic nature of
the signal. Here the two key parameters Ay and A; are set
to 0 and 1. To generate the blur, the image is cropped using
a trajectory derived from s(t) and a spatio-temporal sliding
window. An offset A, (t), depending on the normalised value
and sign of s(t) defined below, is then used.

(s(t) —s(t = 1))
Ayt) =2yt — 1) + A\ 3
This offset is used to calculate the new position P’ of the
sliding window compared to its initial position FPy(%, %) as
follow:
P =P+ A, 4)

Where )\ is the maximum motion magnitude (here set to

40) of the sliding window, and (%,%) are the image centre
coordinates. Finally, the resulting motion blur magnitude,

noted p, is defined as:
p = pols(t) —s(t —1)|. (5)

Where pg is the magnitude value related to the severity level
of the blur motion distortion and set in range [45,90]. This
model allows to generate photo-realistic motion-induced blur
as illustrated in Figure 2.
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Fig. 2: Cropping process for generating shakiness

B. Global Defocus Blur

The blurring effect due to defocus can be simulated using
low-pass filtering of the signal by an isotropic Gaussian
represented by an impulse response h,. However, in the case
of video captured in real conditions, this simulated de-focus
must incorporate the variations in the blurring effect over time
to account for the dynamic aspect of this distortion. One way
of doing this is to make the parameter o(t) of the impulse
response h, variable over time. The standard deviation of the
Gaussian kernel filter is then expressed as follows:

o(t) = oo(B(t) + 1) +0.01 (6)

with oy denoting blur severity sets in range [0.8,2.3] and the
signal B(t) is given by:

Bt) =Y Aisin(2nfit + ¢;) (7
i=1
The signal §(¢) is normalised to [—1,1] and used as a ratio
for the o(¢) blur value to maintain consistent visual realism.
While such temporal blur may not naturally occur in controlled
scenes, its inclusion improves model robustness by exposing
them to complex distortions.

C. Local Defocus Blur

Local defocus simulates focal plane adjustments using scene
depth. Depth map D is segmented into foreground f, middle
ground m, and background b via histogram-based threshold-
ing, as shown in Figure 4.

Fig. 3: Tllustration of the local defocus blur distortion

Using the 75th percentile of the depth distribution as the
threshold, the focal depth p is computed. Depth thresholds

are defined as:
O0p =p-thy, Om=p-thn, ()

with thy = 0.8176 and th,,, = 0.5. Gaussian blur intensities
are then computed:

|0 — threshold|

=0. -2.0- G,
op =05+ threshold 0-G ©)
|0, — threshold|
Im =0f+ threshold 15 (10)
O — threshold
b= Om + | threshold | L5 (n

The detailed implementation is given in Algorithm 1.

D. Rain Distortion

Rain simulation considers scene depth to account for visi-
bility variations due to raindrop size and density. The scene
is segmented into foreground (I7), middle ground (/,,), and
background (1), each blended with rain masks H whose size
and density decrease with depth. The compositing is defined
as:

I;=1—(1—1)-(1—aHy) (12)
ILn=1—(1-1I;)-(1—aH,) (13)
Ij=1-(1-1,) (1 —aH,) (14)



Algorithm 1 Local Defocus Blur

Input: Image I, Depth Map D, Gaussian Sigma G,
Output: Blurred Image 1,

thy < 0.8176, thy, + 0.5

Compute histogram and cumulative histogram of D
Determine 75th percentile depth threshold
Compute mean focal depth p

Of <= p-thy, Om < p-thy,

op 0.5+ w) 2.0 G,

RN S T

threshold

. |8, —threshold|
9: Om of + threshold 1.5
dm —threshold
10: 0p ¢ O + <7| rreshold |) -1.5

11: for each pixel (¢,7) in I do
12:  if threshold > 100 then

13: if D(i,7) > p then

14: Toui(iy7,:) < 1(i,4,:)

15: else if . > D(i,j) > 07 then
16: Apply Gaussian blur with o
17: else if 6; > D(i, j) > 6,, then
18: Apply Gaussian blur with o,
19: else

20: Apply Gaussian blur with oy,
21: end if

22:  end if

23: end for

where o controls blending severity and is set in range
[1.5,5.5]. The higher the « value, the stronger and more
intense the rain appears to be. This nested blending ensures
realistic depth-dependent rain effects.

E. Haze and Smoke

Photorealistic hazy video frames are generated via a unified
approach using haze masks extracted from real hazy scenes
and blended with distortion-free sequences using a weighting
process based on scene depth. The same procedure is used
to generate video frames affected by smoke. Unlike complex
deep learning methods [12], [13] or simple blending [14], this
approach relies on physical depth to vary haze and smoke
density, ensuring photorealism (Fig. 4).

Fig. 4: Illustration of haze distortion and the depth map

The haze/smoke mask H is then modulated pixel-wise
by a factor x(i,j) proportional to the normalised depth

Depth,,(i,j) and a constant «y, as described in Algorithm 2.
The same approach is used to apply other atmospheric distor-
tions to the video frames.

Algorithm 2 Haze Generation Algorithm
Input: Image I, haze mask H
Output: Distorted Image 14
ayp, + 0.95
: for each pixel (4, ) do
Depthy,(i,j) + W
k(%,J) < ap - Depth,(i,7)
La(i, ) = 1= (1= 1(i,5)) - (L = ki, 7) - H(G, 7))
end for

A o

III. DATABASE APPLICATIONS

The proposed database is designed for evaluating and train-
ing object detection, object tracking, and distortion classifi-
cation models. Numerous studies [15], [16], [17], [18] have
highlighted the impact of distortions on the performance of
object detection and tracking models. This underscores the
necessity of having access to distorted databases at various
levels of severity with the corresponding annotations for the
training of these models. The proposed PVD4RCV dataset
furnishes ground truth, i.e. object labels and bounding boxes,
to assess the robustness of the models against distortions.

Furthermore, PVD4RCYV also can be used for evaluating and
constructing efficient models for distortion classification [19],
[20], [21]. It encompasses a range of scene contexts, including
urban areas, roads, indoor environments, and natural environ-
ments, along with various distortion types at four levels of
severity. These sequences are also useful for assessing methods
for understanding scenes [22], [13] in complex environments
for a substantial quantity of scenarios. Finally, scene depth
ground truth can be used to test monocular depth estimation
models [9] with a large range of distortions.

IV. CONCLUSION

In this paper we have presented a unique video database
that is very useful for the evaluation and development of
robust solutions for various computer vision tasks. What makes
the proposed PVD4RCV database unique is that it takes into
account physical parameters, in particular depth information
and the interaction of light on objects as a function of their
position and other physical aspects, often neglected in the
existing datasets, in the process of generating photo-realistic
distortions. By including realistic distortions like local blur
and other depth-dependent distortions, the database generated
in this way is extremely useful for developing robust models
for solving computer vision problems such as object detection,
visual tracking and distortion classification in real-world sce-
narios. Featuring both pristine and degraded sequences with
detailed annotations, enables the benchmarking and improving
various computer vision models. One of the avenues for
future work is to extend the distortion generation algorithms
developed in this database, dedicated to natural scenes, to other
types of imagery and applications.
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