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Abstract: The  calibration  of  parameters  for  onboard  stereo
cameras is  crucial  for  achieving efficient  visual-assisted driving.
However,  in  practical  scenarios,  low-resolution  images  often
result  in inaccuracies in feature point  extraction,  thereby affect-
ing  the  accuracy  of  camera  parameter  calibration.  To  address
this  issue,  this  paper  proposes  a  self-calibration  method  for
stereo  cameras  based  on  joint  de-noising,  de-mosaic,  de-ring-
ing,  and  super-resolution  network  (JDDDSN)  super-resolution
reconstruction.  By  reconstructing  images  into  higher-resolution
images with richer details, feature points are extracted for extrin-
sic  calibration  of  stereo  cameras.  For  real-world  driving  scena-
rios, the reconstructed images achieve noise and ringing artifact
reduction  while  obtaining  clearer  high-resolution  images.  This
study  further  investigates  the  impact  of  the  super-resolution
reconstruction network on target area calibration at various dis-
tances. Additionally, it highlights the significant role of super-re-
solution  in  enhancing  stereo  camera  calibration  accuracy  by
removing  dynamic  points  and  focusing  on  static  regions.
Through a series of experiments, this paper validates the effec-
tiveness and practicality of the JDDDSN super-resolution recon-
struction  network  in  improving  stereo  camera  calibration  accu-
racy,  demonstrating  its  application  value  in  the  field  of  stereo-
scopic vision.

Keywords: super-resolution  reconstruction, camera  calibration,
self-calibration, binocular camera.

DOI: 10.23919/JSEE.2026.000105

 1. Introduction
The stereo vision-based autonomous driving system relies
on  cameras  to  perceive  the  environment,  enabling  func-
tions such as obstacle avoidance and path planning [1,2].
Accurate camera calibration is crucial for determining the
three-dimensional  (3D)  coordinates  of  objects,  which  is
essential  for  tasks  like  distance  prediction  and  obstacle

avoidance [3–6]. However, factors such as lighting condi-
tions  and  noise  can  degrade  image  quality,  leading  to
reduced  precision  in  feature  point  detection  and,  conse-
quently,  affecting  the  accuracy  of  camera  calibration.
Super-resolution  (SR)  reconstruction  technology
addresses  these  challenges  by  denoising  and  deblurring
low-resolution  images,  transforming  them  into  clearer,
high-resolution  versions,  which  may  help  resolve  the
issue. This approach can improve feature point detection
accuracy,  enhance  camera  calibration  precision,  and,  in
turn,  boost  the  overall  reliability  of  the  stereo  vision-
based system.
Single  image  super-resolution  (SISR)  aims  to  recon-

struct  high-resolution  images  from low-resolution  inputs
[7–9].  Deep  learning  techniques,  particularly  convolu-
tional  neural  networks  (CNNs),  have  shown  significant
advancements  over  traditional  image  reconstruction
methods in this domain [10–13]. To further enhance edge
and  texture  details,  Xu  et  al.  [14]  proposed  the  joint
demosaicing and super-resolution (JDSR) network. More
recent  studies  have  increasingly  focused  on  integrating
super-resolution with tasks such as denoising and demo-
saicing  [15–18].  However,  high-frequency  quantization
during  reconstruction  often  leads  to  ringing  artifacts,
especially  along  sharp  edges  [19–21].  To  address  this
issue,  Sun  et  al.  [22]  introduced  the  joint  denoising,
demosaicing,  de-ringing,  and  super-resolution  network
(JDDDSN),  which  effectively  mitigates  ringing  artifacts
and improves overall image quality.
Traditional  high-precision  camera  calibration  methods

typically  rely  on  reference  objects  [23–25].  These  tech-
niques extract  feature points  from target  images,  establish
equations that relate pixel coordinates to real-world spatial
coordinates,  and  compute  calibration  parameters  using
optimization  algorithms.  However,  these  methods  impose
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strict requirements on the calibration environment and ref-
erence  object  configuration,  limiting  their  application  to
offline  calibration  and  posing  challenges  for  large-scale
production and routine maintenance [26–28]. Self-calibra-
tion methods, in contrast, can compute calibration parame-
ters  without  relying  on  specific  reference  objects,  thus
overcoming  these  limitations.  By  leveraging  geometric
consistency  constraints,  such  as  parallel  lines  and  feature
points across multiple images, these methods enable effec-
tive  computation  of  camera  parameters,  broadening  the
scope of camera calibration applications [29–33].
During  vehicle  operation,  activating  a  self-calibration

system  enables  real-time  updates  of  camera  parameters,
even as objects in the driving scene continuously change.
Different object categories provide varying levels of tex-
ture  information  in  images,  which  can  affect  the  accu-
racy of image feature extraction [34].  In practical  scena-
rios,  dynamic  objects  are  commonly  encountered,  and
their  associated  feature  points  may  degrade  localization
accuracy,  posing  challenges  for  calibration.  To  address
this,  semantic  segmentation techniques  can be  employed
for  pixel-level  scene  classification,  enabling  the  identifi-
cation and segmentation of static objects in road environ-
ments [35–39]. Among these, the object-contextual repre-
sentations  network  (OCRNet)  leverages  global  contex-
tual  information  to  enhance  the  semantic  understanding
of  various  objects.  It  effectively  aggregates  information
from regions with similar pixel properties, improving the
capture  of  semantic  relationships  and,  in  turn,  boosting
segmentation  accuracy.  This  approach  has  demonstrated
significant  results  on  datasets  such  as  Cityscapes  and
ADE20K  [40].  However,  in  complex  scenes,  semantic
segmentation can suffer from under-segmentation issues.
To mitigate this, Xie et al. [41] proposed a dynamic mask
repair  method  that  uses  clustering  algorithms  to  process
disparity maps, effectively addressing these challenges.
To improve the  accuracy and practicality  of  binocular

camera calibration in dynamic driving environments, it is
crucial  to  ensure  effective  feature  point  extraction  while
simultaneously  enhancing  image  quality.  This  paper
presents a camera calibration system that integrates super-
resolution  reconstruction  with  self-calibration,  specifi-
cally designed for dynamic environments. The main con-
tributions of this work are as follows:
(i)  A  super-resolution  reconstruction  network,

JDDDSN,  combined  with  distance  information,  is
employed  for  binocular  camera  self-calibration  in  road
scenes. Initially, the original left and right images are pro-
cessed by the super-resolution network, resulting in super-
resolution left image and right image. Next, feature points
are  extracted  from  these  super-resolution  images.  Ca-
mera calibration is then performed by filtering the points

based on their  distances from the camera,  which enables
the determination of the external camera parameters.
(ii) The influence of static object feature points derived

from basic super-resolution reconstruction on camera ca-
libration  accuracy  is  investigated.  Building  upon  super-
resolution reconstruction, the OCRNet semantic segmen-
tation  network  is  employed  to  classify  different  object
types and extract feature points from static objects. These
static object feature points are then utilized for the extrin-
sic parameter calibration of binocular cameras.
(iii)  Semantic  segmentation  often  encounters  under-

segmentation issues. To mitigate this, we refine the filter-
ing of  dynamic points  by integrating disparity  clustering
with  multi-view  geometric  methods,  leading  to  more
accurate static feature points for camera extrinsic parame-
ter calibration.
(iv)  Experimental  results  confirm  that,  in  driving  sce-

narios, super-resolution reconstruction enables the extrac-
tion of more accurate feature point positions, thereby sig-
nificantly improving the accuracy of camera calibration.

 2. Methods and details
Image  super-resolution  reconstruction  aims  to  enhance
the  resolution  of  low-quality  images,  restoring  them  to
high-resolution  images  with  rich  texture  details  [42].  In
driving scenarios, images are often affected by noise and
poor lighting conditions, which degrade their quality and
negatively impact feature point extraction, leading to sig-
nificant localization errors. Therefore, applying super-res-
olution  techniques  to  reconstruct  high-resolution  images
is essential for ensuring the accurate extraction of feature
points in subsequent processing steps.
In driving scenarios, the significant differences between

distant and near feature points can impact the accuracy of
camera parameter estimation. Additionally, moving objects
in the scene can introduce errors in feature point localiza-
tion,  and  the  uncertainty  associated  with  dynamic  points
during  driving  can  compromise  the  accuracy  of  camera
calibration.  To  address  these  challenges,  we  first  apply
stereo  vision  algorithms to  the  reconstructed,  high-quality
super-resolution  images  to  estimate  the  distances  of  fea-
ture points. This allows us to filter feature points based on
their distances and evaluate the effect of near and far fea-
ture  points  on  camera  calibration  accuracy.  Next,  we
employ a semantic segmentation network to generate prob-
abilistic  masks  for  dynamic  objects,  effectively  removing
dynamic  feature  points  to  ensure  that  only  static  features
are used for camera parameter estimation. To further miti-
gate potential under-segmentation issues in complex envi-
ronments, we integrate disparity clustering and multi-view
geometry  techniques,  which  enhance  the  accuracy  of
dynamic point exclusion.
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In  summary,  this  section  describes  the  super-resolu-
tion  reconstruction  algorithm  applied  prior  to  feature
point  detection,  the  principles  of  stereo  camera  calibra-
tion,  and  the  clustering  and  multi-view  geometry  tech-
niques  employed  to  ensure  the  thorough  removal  of
dynamic feature points.

 2.1    Super-resolution reconstruction algorithm

Image  acquisition  can  be  compromised  by  various  fac-
tors, resulting in the degradation of the original high-reso-

IHR ILRlution image ( ) into a low-resolution image ( ). This
phenomenon  is  referred  to  as  image  degradation  [43].
Fig.  1  illustrates  the  image  degradation  process,  which
can be mathematically modeled as follows:

ILR = D(IHR,α) (1)

ILR IHR

D(·)
α

where    is  the  degraded  low-resolution  image,    is
the  original  high-resolution  image,    is  the  nonlinear
degradation  process,    is  the  nonlinear  parameter  of
degradation.

 
 

Degradation process

Original high resolution image Blurred image
Low resolution,
no noise map

Low resolution
with noise

Noise
Filter Downsam-

pling
network

Super resolution reconstruction process

Fig. 1    Image degradation and super-resolution reconstruction
 

The  image  super-resolution  reconstruction  process  is
essentially  the  inverse  of  the  image  degradation  process
described  above.  In  this  approach,  a  high-resolution
image  is  reconstructed  from  a  low-resolution  image,
which can be mathematically represented as

ISR = F (ILR;θ) (2)

ISR

F(·) ILR ISR θ

where    is  the  reconstructed  super-resolution  image,
 is the mapping function between   and  , and 

is the parameter of the mapping function.

ISR

The goal of super-resolution reconstruction is to mini-
mize the difference between the reconstructed super-reso-
lution image ( ) and the original high-resolution image,
ensuring that they are as similar as possible.
This objective can be expressed as

θ̄ = argθminL(ISR, IHR)+λΦ(θ) (3)

ISR L
λ Φ (θ)
where   is super-resolution image,   is the loss function,
 is the balance factor, and   is the regularization term.
Deep  learning-based  image  super-resolution  algorithms

leverage  CNNs  to  extract  features  from  low-resolution
images,  while learning both linear and nonlinear mappings
between  low-  and  high-resolution  images.  The  JDDDSN
algorithm  simultaneously  performs  four  tasks:  denoising,
demosaicking,  deblurring,  and  super-resolution,  providing
an end-to-end deep learning solution. This algorithm incor-
porates  a  balanced  attention  mechanism  (BAM)  and  an
adversarial  loss  function,  effectively  recovering  image  tex-

ture  details  while  preserving  high-frequency  information
that  is  often  lost  during  the  denoising  process  due  to
smoothing  operations.  Specifically,  the  network  is  built
upon  a  U-shaped  network  (U-Net)  architecture,  primarily
consisting of convolutional (Conv) layers for feature extrac-
tion and rectified linear unit (ReLU) as activation functions.
The architecture of this network is shown in Fig. 2.

 
 

ILR IHR

ISR

Feature extraction

Image reconstruction

BAM

U-Net…

…

Antagonistic
loss function

: ReLU; : Upsample; : Conv.

Fig. 2    JDDDSN network architecture
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The network model consists of three main components:
feature extraction, image reconstruction, and overall  loss
calculation.  In the feature extraction module,  we assume
the  noise  level  is  known  in  advance  and  define  it  as  a
hyperparameter.  The  feature  extraction  process  begins
with preprocessing steps, including a convolutional layer
and  a  transposed  convolutional  layer,  to  enhance  image
resolution  and  improve  the  quality  of  feature  mapping.
Subsequently, the extracted features pass through several
basic units, with the BAM serving as the core unit of the
feature  extraction  module  to  enhance  focus  on  key  fea-
tures.
In  the  reconstruction  stage,  upsampling  convolutions

are  applied  to  transform  the  extracted  features  into  full-
resolution  ones.  To  mitigate  the  loss  of  high-frequency
information  caused  by  smoothing  during  forward  propa-
gation, a UNet module is incorporated at the final stage of
the  network,  ensuring  the  fine  preservation  of  these
details and enhancing the overall reconstruction quality.
In  the  overall  loss  calculation  component,  the  gene-

rated  high-resolution  images  are  compared  with  the
ground-truth  images  using  an  adversarial  loss  module  to
measure  the  perceptual  differences  between  the  gener-
ated and real images. The final loss value is computed by
combining this adversarial loss with the losses calculated
between the ground-truth images and the blurred images,
and  the  resulting  loss  is  backpropagated  to  optimize  the
entire network. This design facilitates effective collabora-
tion among different  tasks during image restoration,  bal-
ancing  the  reconstruction  of  texture  details  with  denois-
ing performance,  and significantly  enhancing the  overall
performance of the model.

LtotalThe total  loss  function   of  the  network  is  defined
as follows: Ltotal = αMSE(ILR, ISR)+βLant_loss

Lant_loss = F3(F2(F1(ILR)), IHR)
(4)

F3,F2 F1

α β

Lant_loss

where   and   represent the feature extraction mo-
dule,  image  reconstruction  module,  and  adversarial  loss
function  module,  respectively.    and    are  weighting
coefficients.  The adversarial  loss    is  calculated by
the  adversarial  loss  function module  using the  generated
image and the original high-resolution image.
Currently,  the  mainstream  objective  evaluation  meth-

ods for SISR reconstruction primarily include peak signal-
to-noise ratio (PSNR) and structural similarity index mea-
sure (SSIM).
PSNR is defined as the ratio of the maximum possible

signal power to the power of noise that affects the accu-
racy of its representation. It focuses primarily on the dif-
ferences  between pixel  values  and is  typically  expressed
in logarithmic decibel units. In the context of image super-

ISR IHR

resolution reconstruction, reconstruction errors are treated
as  noise,  and  the  maximum  possible  power  corresponds
to  the  highest  possible  gray  value  of  the  image  pixels.
Typically, the reconstruction error is quantified using the
mean squared error (MSE). For the high-resolution image
and the super-resolution image obtained after reconstruc-
tion, the MSE between the   and   can be calculated
as follows:

MSE =
1

NM

N∑
i=1

M∑
j=1

(IHR (i, j)− ISR (i, j))2 (5)

M,N
ISR

where    denotes  the  width  and  height  of  the  image,
respectively.  Therefore,  the  PSNR  of    can  be
expressed as follows:

PSNR = 10lg
(

L2

MSE

)
. (6)

LFor 8-bit images,   is usually 255. The unit of PSNR is
dB, and the larger the PSNR value, the higher the quality
of the reconstructed image.

ISR
IHR

SSIM  is  used  to  evaluate  the  structural  similarity
between the reconstructed image   and the high-resolu-
tion  image    [44].  The  SSIM  index  assesses  the  rela-
tionship  between  two  images  by  considering  three  types
of statistical information: structural similarity, luminance,
and contrast. The calculation of SSIM can be specifically
represented as follows:

l (ISR, IHR) =
2µSRµHR+C1

µ2
SR+µ

2
HR+C1

c (ISR, IHR) =
2σSRσHR+C2

σ2
SR+σ

2
HR+C2

s (ISR, IHR) =
2σHRSR+C3

σSRσHR+C3

SSIM = [l (ISR, IHR)]α · [c (ISR, IHR)]β[s (ISR, IHR)]γ

(7)

µHR µSR IHR ISR
σHR σSR

IHR ISR σHRSR

l (ISR, IHR)
c (ISR, IHR)
s (ISR, IHR)

α = β = γ = 1 C3 =C2/2
[0,1]

where    and    denote  the  mean  of    and  ,
respectively;   and   denotes the standard deviation
of    and  ,  respectively,  and    denotes  the
covariance  between  them.    is  the  brightness
comparison  between  images,    is  the  contrast
comparison  between  images;    is  the  structure
comparison  between  images.  In  general  setting,

  and  .  SSIM  values  range  from
,  the  larger  the  SSIM value,  the  better  the  effect  of

the  generated  image.  This  index  evaluates  the  quality  of
the  reconstructed  image  from  the  perspective  of  the
human  visual  system,  so  it  can  better  meet  the  require-
ments of perceptual assessment.

 2.2    Principle of binocular camera calibration

A binocular  camera system captures the spatial  informa-
tion of objects in the 3D world by leveraging the princi-
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X
I x

I′

x′ C C′

ples of stereo vision [45]. The epipolar geometry between
the two images forms the foundation of stereo vision. For
a point   in the world coordinate system, the correspond-
ing  image  point  in  the  left  camera  image    is    and  the
corresponding image point in the right camera image   is
.  The  line  connecting  the  camera  centers    and    is

e e′

the baseline, and the plane defined by this baseline is the
epipolar  plane,  as  illustrated  in  Fig.  3.  The  point  where
the  baseline  intersects  the  image planes  of  the  two cam-
eras  are  called  the  epipoles    and  ,  respectively.  The
intersection of the epipolar plane with the image planes is
called the epipolar line.

 
 

X

x
x′

e e′
C C′

Left camera Right camera

Epipolar Epipolar

Baseline

R, t

Fig. 3    Epipolar geometry
 

The  epipolar  geometry  establishes  a  constraint  on  the
corresponding points in the left and right images:
∀x ∈ I I′ l′x

l′x
∀x′ ∈ I′ I lx

x lx

, in   there exists an epipolar line   correspond-
ing to it, and the corresponding point lies on  . Similarly,

,  in   there exists an epipolar line   correspond-
ing to it, and the corresponding point   lies on  .

P P′ K K′

l(b)
x

∀x ∈ I

If the projection matrices of the left and right cameras
are   and  , and the intrinsic matrices are   and  , the
parametric equation for the back-projected ray   of any
point   is

X(s) = P+x+ sC, s ∈ (−∞,∞) (8)

P+ P P+P = I
C PC = 0
where   is the pseudo-inverse of  ,  meaning  .
 is the optical center of the first camera, so  .

l′xThus, it can be obtained  ：

l′x = e′× x′ = (P′C)× (P′X(s)) =
(P′C)× (P′P+x+ sP′C) =

(P′C)× (P′P+x) = [e′]×P′P+x. (9)

The matching points of the left and right images are on
the same plane

x′T l′x = x′TFx = 0, (10)

F = [e′]×P′P+. (11)

K K′
By  normalizing  the  feature  points  using  the  camera

intrinsic  matrices    and  ,  the  following  constraint
equation can be obtained:


x̂ = K−1 x
x̂′ = K′−1x′

x̂′T K′TFK x̂ = x̂′Ex̂ = 0
(12)

E
R t

where the relationship between the essential matrix  , the
rotation matrix   and the translation vector   is given by

E = [t]×R (13)

[t]× twhere   is the skew-symmetric matrix of  .

R t

Once the matching point pairs are obtained from the left
and right images,  the essential  matrix can be decomposed
into matrices   and   according to their singular values.

x, x′

(X,Y,Z)

µi =
1
|Ci|

∑
x j∈Ci

x j

(Xc,Yc,Zc)

The  binocular  camera  system  has  the  advantage  of
accurate  3D  spatial  resolution  of    through  imaging
points in the left and right camera views. Using the paral-
lax principle,  the precise position   of  each imag-
ing  point  in  the  world  coordinate  system  can  be  calcu-
lated. Usually, the camera coordinate system is set to the

world  coordinate    system,  so  as  to
obtain  the  3D  space  point    under  the  camera
coordinate  system,  which  accurately  reflects  its  position
in the world coordinate system. It is shown as follows:

Zc =
b f

disp

Xc =
x− cx

f
·Zc

Yc =
y− cy

f
·Zc

(14)
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b
f
disp

where   is the baseline distance of the binocular camera,
  is  the  focal  length  of  the  left  and  right  cameras,  and

 is the disparity of the imaging point pair.

 2.3    Disparity clustering

In  complex  environments,  semantic  segmentation  net-
works  may  suffer  from  under-segmentation,  leading  to
category masks that do not fully cover the objects in the
image.  To  ensure  comprehensive  extraction  of  feature
points  from  static  objects,  clustering  algorithms  can  be
employed  to  supplement  object  category  information  in
the  image.  Additionally,  it  has  been  observed  that  using
disparity  map information yields  better  clustering results
than  relying  solely  on  RGB  images  [46].  Therefore,  we
utilize the K-means clustering algorithm to cluster objects
based on disparity information.
The  K-means  algorithm  is  a  classical  partition-based

clustering  algorithm,  known  for  its  efficiency  and  sim-
plicity  in  implementation,  without  the  need  for  pre-
labeled data [47]. The algorithm operates through an iter-
ative process, which involves the following steps. First, k
data  objects  are  randomly  selected  as  the  initial  cluster
centers. Next, each of the remaining objects is assigned to
the  cluster  with  the  nearest  center,  based  on  the  calcu-
lated  distance  to  each  cluster  center.  The  cluster  centers
are  then  updated  by  recalculating  the  mean  value  of  all
objects within each cluster. This process is repeated until
convergence, using the following formula:

µi =
1
|Ci|

∑
x j∈Ci

x j (15)

µi |Ci|
i x j

i

where   is the center of the cluster,   is the number of
data points in the  th cluster,  and    is  the point belong-
ing to the  th cluster.
The process is repeated until convergence is achieved,

which occurs when the changes in cluster centers become
negligible.  Typically,  the  MSE  is  used  as  the  objective
function,  aiming  to  minimize  the  sum  of  squared  dis-
tances between each data point and its nearest cluster cen-
ter. The objective function can be represented as follows:

J =
k∑

i=1

∑
x j∈Ci

∣∣∣∣∣∣x j−µi

∣∣∣∣∣∣2 (16)

J k
x j µi Ci

where   is the objective function,   is the number of clus-
ters,   is the data point, and   is the center of cluster  .
To  account  for  the  possibility  that  different  objects

may share  the  same disparity  value,  we  also  incorporate
the pixel coordinates of the feature points into the cluster-

(d, x,y)ing  criteria.  Assuming  that    represents  both
the  disparity  value  and  the  pixel  coordinates  of  the  fea-
ture  points,  the  clustering  criteria  can  be  expressed  as
follows.

i Midi

To  better  state  this  method,  we  calculate  the  cluster
center of the  th cluster  :

Midi =

 1
Ni

Ni∑
j=1

xi j,
1
Ni

Ni∑
j=1

yi j,
1
Ni

Ni∑
j=1

di j

 (17)

Ni

xi j,yi j di j

where    is  the  number  of  feature  points  in  the  ith
cluster;   and   are the coordinates and visual devi-
ation  of  the  jth  feature  point  in  the  ith  cluster,  respec-
tively.  By  iterative  adjustment,  we  ensure  that  the  dis-
tance of points within the same cluster to the cluster cen-
ter is minimized, while the distances to other clusters are
maximized.

 3. Experiment and details
This  study  aims  to  evaluate  the  performance  of  the
JDDDSN  super-resolution  reconstruction  network  using
images captured by onboard stereo cameras in real-world
driving  scenarios,  with  a  specific  focus  on  its  ability  to
enhance the accuracy of stereo camera parameter self-cal-
ibration. In Subsection 3.1, we assess the effectiveness of
the  JDDDSN  model  using  both  public  datasets  and
images  captured  in  actual  driving  environments.  Subse-
quently, Subsection 3.2 investigates the impact of feature
points  at  varying  distances,  within  images  reconstructed
by the  JDDDSN, on the  self-calibration results  of  stereo
camera parameters  in  driving scenarios.  Finally,  Subsec-
tion  3.3  examines  the  impact  of  static  feature  points,
derived from super-resolution reconstruction, on the self-
calibration  of  stereo  camera  parameters.  After  applying
the  JDDDSN  super-resolution  reconstruction  to  the
images,  dynamic  feature  points  are  filtered  using  the
OCRNet  semantic  segmentation  network,  allowing  for
the extraction of feature points from static object regions.
Additionally, disparity clustering and multi-view geome-
try techniques are utilized to address under-segmentation
in  dynamic  regions.  The  analysis  then  evaluates  how
these  extracted  feature  points  influence  the  self-calibra-
tion results of the stereo camera parameters.
The  overall  three-stage  experimental  pipeline  is  illus-

trated  in Fig.  4,  where  Stage  1  corresponds  to  JDDDSN
super-resolution reconstruction, Stage 2 to distance-based
feature  point  filtering,  and  Stage  3  to  dynamic  point
removal  via  semantic  segmentation  and  disparity-based
clustering.
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Fig. 4    Overall three-stage experimental pipeline
 

In the experiments, we utilized a binocular camera sys-
tem  equipped  with  a  field-programmable  gate  array
(FPGA) and a  dual-core  processor  based  on  the  reduced
instruction  set  computer  (RISC)  architecture,  namely  an
advanced  RISC  machine  (ARM)  processor,  supporting
controller  area  network (CAN) interfaces.  As detailed in
Table  1,  this  system comprises  a  left  and a  right  camera
with  identical  focal  lengths  and  optical  centers.  The
stereo camera was employed to capture image data across
various scenes. Furthermore, the pseudo-code for the pro-
posed algorithm is presented in Algorithm 1.
 
 

Table 1    Binocular camera parameters

Name Specific parameter
Resolution 1 280×720 pixels
Baseline/mm 120

(cx, cy) (649.538 2, 340.920 8) pixels
Focal length of lens/mm 8
Dynamic range/dB 120

Processor FPGA, Dual-Core ARM
Support interface CAN, RS485, network port
Dimensions/cm3 25×15×8

 

Algorithm1　 Binocular  image  processing  and  camera
parameter  calculation  based  on  super-resolution  recon-
struction
%This pseudocode describes how to achieve self-calibra-
tion of stereo camera extrinsic parameters using JDDDSN
reconstruction, feature extraction and matching, semantic
segmentation, and dynamic point clustering and filtering.
Input  Images  ‘Original_LeftImage’  &  ‘Original_Right-
Image’
Output Rotation matrix ‘R’, translation Vector ‘t’
Procedure
#  Step  1:  JDDDSN  super-resolution  reconstruction
(%Subsection  3.1-Use  the  original  left  and  right  images
to  perform  JDDDSN  super-resolution  reconstruction  to
obtain higher-quality input)

LeftImg_SR,  RightImg_SR  =  JDDDSNReconstruction
(Original_LeftImage, Original_RightImage)
#  Step  2:  feature  extraction  and  matching  (%Subsection
3.2-Extract and match feature points from the two super-
resolution images in Step 1.)
Matches_pts  =  MatchFeatures  (LeftImg_SR,  RightImg_
SR)
# Step  3:  filter  matches  based  on  distance  (%Subsection
3.2-Use  the  matched  feature  points  and  filter  out  unreli-
able matches based on distance)
Matches_pts = FilterMatches (Matches_pts, Threshold)
#  Initial  calculation  of  rotation  and  translation  matrix
(%with  the  filtered  matching  points  to  calculate  the  ini-
tial [R, t])
[R,  t]  =  calculate  essential  matrix  and  decompose
(matches_pts)
# Step 4: dynamic point removal based on semantic seg-
mentation  (%Subsection  3.3-with  the  OCRNet  semantic
segmentation  model  to  identify  static  and  dynamic
regions  in  the  super-resolution  images,  filtering  out
dynamic feature points)
#  Perform  semantic  segmentation  and  remove  dynamic
points
Static  matches_pts  =  remove  dynamic  points  (matches_
pts, LeftImg_SR, RightImg_SR)
#  Recalculate  rotation  and  translation  matrix  after  static
point filtering
[R, t] = Calculate essential matrix and decompose (static
matches_pt)
#  Step  5:  Dynamic  feature  point  clustering  and  filtering
(%with  K-means  clustering  applied  to  the  disparity  map
from  super-resolution  images  to  further  identify  and  fil-
ter dynamic feature points in the matches)
% Calculate the final rotation and translation matrix with
filtered matches
cluster_disp  =  Perform  K-means  clustering  (disparity_
map)
%with  multi-view  geometry  to  detect  possible  dynamic
points in the clusters to further optimize the set of feature
points
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cluster_left_pts,  cluster_right_pts  = Detect  clusters  using
multi  view  geometry  (LeftImg_SR,  RightImg_SR,  clus-
ter_disp)
Matches_pts  =  filter  matches  by  clusters  (matches_pts,
cluster_left_pts, cluster_right_pts)
# Final calculation of rotation and translation matrix
[R,  t]  =  Calculate  essential  matrix  and  decompose
(matches_pts)
End of procedure

 3.1    Super-resolution reconstruction image experiment

During  the  driving  process,  various  road  scenes  are

encountered, and factors such as vehicle speed and light-
ing  conditions  can  significantly  impact  the  quality  of
images  captured  by  the  stereo  camera  system  [48,49].
Vision-based algorithms for binocular camera calibration
require  high-resolution  images  to  accurately  extract  fea-
ture  point  positions.  To  achieve  effective  reconstruction
for  urban  road  scenes,  this  study  utilizes  the  widely
adopted DIV2K dataset, commonly used in image super-
resolution  tasks,  along  with  800  high-resolution  images
of  different  scenes  captured  using  a  high-definition  ca-
mera, to train the JDDDSN network. The examples of the
captured scenes are shown in Fig. 5.

 
 

(a) Rows: (top) tunnel scenes

(b) Urban road scenes

(c) Scenes with special structures or obstacles

Fig. 5    Dataset captured by the camera (part)
 

The  JDDDSN  network  was  trained  using  a  dataset  of
1 500 high-resolution images, comprising 800 images from
the  DIV2K  dataset  and  700  high-resolution  road  scene
images  collected  in-house.  All  images  underwent  prepro-
cessing, including resizing to a uniform resolution and stan-
dard  normalization.  The  AdamW optimizer  was  employed
with an initial  learning rate of 1e-4, and a step decay strat-
egy halved the learning rate every 50 iterations to facilitate
model  convergence.  The  training  was  conducted  in  the
PyTorch 1.12.1 framework, with an NVIDIA GeForce RTX
3080 GPU. The total training time was approximately 35 h.

To evaluate the performance of the JDDDSN network,
we compared it with classical algorithms and lightweight
image super-resolution methods, including bicubic, super-
resolution convolutional neural network (SRCNN), super-
resolution generative adversarial network (SRGAN), and
very  deep  super  resolution  (VDSR).  We  conducted  a
quantitative  comparison  using  PSNR  and  SSIM  indices
across  four  benchmark  datasets,  as  detailed  in  Table  2.
Additionally,  we  performed  a  qualitative  assessment  of
the  JDDDSN  model  against  other  classical  methods
through visual comparison, as illustrated in Fig. 6.

 
 

Table 2    Super-resolution reconstruction results under different scaling factors

Sampling rate Method Set5(PSNR/dB)/(SSIM) Set14(PSNR/dB)/(SSIM) BSD100(PSNR/dB)/(SSIM) Urban100(PSNR/dB)/(SSIM)

2×

Bicubic 33.66/0.929 30.24/0.869 29.56/0.843 26.88/0.840
SRCNN 36.66/0.954 33.45/0.907 31.36/0.888 29.50/0.895
SRGAN − − 30.48/0.863 29.40/0.847
VDSR 37.53/0.959 33.03/0.912 31.90/0.896 30.76/0.914

JDDDSN 37.88/0.960 33.65/0.923 32.01/0.902 31.12/0.931
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Continued

Sampling rate Method Set5(PSNR/dB)/(SSIM) Set14(PSNR/dB)/(SSIM) BSD100(PSNR/dB)/(SSIM) Urban100(PSNR/dB)/(SSIM)

3×

Bicubic 30.39/0.868 27.55/0.774 27.21/0.739 24.46/0.735
SRCNN 32.75/0.909 29.30/0.822 28.41/0.786 26.24/0.799
SRGAN 30.87/0.896 28.03/0.781 26.90/0.710 25.23/0.759
VDSR 33.66/0.921 29.77/0.831 28.83/0.797 27.14/0.827

JDDDSN 33.64/0.916 29.81/0.827 28.79/0.791 27.56/0.843

4×

Bicubic 28.42/0.810 26.00/0.703 25.96/0.668 23.14/0.658
SRCNN 30.48/0.863 27.50/0.751 26.90/0.710 24.52/0.722
SRGAN 29.40/0.847 26.02/0.739 25.16/0.668 24.38/0.737
VDSR 31.35/0.883 28.01/0.768 27.29/0.725 25.18/0.752

JDDDSN 30.99/0.871 28.11/0.771 27.70/0.741 25.89/0.786
 

 
 

(a) 2×(Set5)

(h) 3×(Urban 100)

(o) 4×(Set 14)

(b) 2×(Set5) original (c) 2×(Set5) bicubic (d) 2×(Set5) SRCNN

(e) 2×(Set5) SRGAN (f) 2×(Set5) VDSR (g) 2×(Set5) JDDDSN

(i) 3×(Urban 100)
original

(j) 3×(Urban 100)
bicubic

(k) 3×(Urban 100)
SRCNN

(l) 3×(Urban 100)
SRGAN

(p) 4×(Set 14)
original

(q) 4×(Set 14)
bicubic

(r) 4×(Set 14)
SRCNN

(s) 4×(Set 14)
SRGAN

(t) 4×(Set 14)
VDSR

(u) 4×(Set 14)
JDDDSN

(m) 3×(Urban 100)
VDSR

(n) 3×(Urban 100)
JDDDSN

Fig. 6    Reconstruction results of different algorithms with different scaling factors
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As  seen  from  the  evaluation  metrics  in  Table  2,
JDDDSN  achieves  the  best  performance  on  the  Set14
and  Urban100  datasets,  and  it  also  exhibits  the  best
performance  on  most  of  the  metrics  for  the  Set5
and  BSD100  datasets.  Fig.  6  demonstrates  the
performance  of  images  reconstructed  by  the  JDDDSN
model  in  terms  of  texture  details,  particularly  in  the
clear  and  detailed  reconstruction  of  the  texture  edges  on
the  butterfly  wings.  Moreover,  the  texture  details  of
building edges in the distant scene are also more sharply
defined.
To further assess the robustness of the JDDDSN model

in  real-world  driving  scenarios,  we  conducted  a  qualita-
tive  comparison  of  images  across  various  scenes,  as

shown  in  Fig.  7.  In  challenging  environments,  such  as
night  tunnel  scenes,  the  JDDDSN  model  effectively
recovers  fine  details  of  road  markings  and  vehicle  con-
tours  that  are  often  lost  under  low-light  conditions.  Fur-
thermore,  in  daytime  scenarios,  JDDDSN  successfully
mitigates  artifacts,  such  as  ringing  effects  beneath
guardrails,  which  are  more  pronounced  in  images  pro-
cessed  by  other  methods.  These  results  clearly  demon-
strate  that  the  JDDDSN  model  significantly  enhances
image sharpness  and clarity.  The  improvements  in  noise
reduction  and  preservation  of  fine  details  directly  con-
tribute  to  greater  stability  in  subsequent  feature  point
extraction, reducing matching errors, and further improv-
ing calibration accuracy.

 
 

(a) Real scene (b) Bicubic (c) VDSR (d) JDDDSN
Fig. 7    Reconstruction effects of different algorithms in real scenes when the scaling factor is 2

 
 3.2    Distance calibration experiment based on super-

resolution reconstruction

Vehicle  driving  is  a  dynamic  process  in  which  the  rela-
tive  distance  between  the  camera  and  the  objects  it  cap-
tures continuously changes, influencing the image resolu-
tion. This fluctuation in resolution leads to varying confi-
dence  levels  in  the  extracted  feature  points,  which  can
adversely affect the self-calibration of the stereo camera’s
external  parameters  [50–52].  To  address  this  issue  and
improve  the  reliability  of  feature  point  extraction  at  dif-
ferent  distances,  this  study  investigates  the  impact  of
super-resolution reconstruction of object feature points at
varying distances on the accuracy of camera calibration.
We  used  road  scenes  captured  by  stereo  cameras,  as

shown in Fig. 8. The left and right images of the original
road  scene  were  reconstructed  using  the  VDSR  and errory =

∣∣∣yright− yleft

∣∣∣

JDDDSN  networks  to  generate  super-resolution  images.
Feature  points  were  then  extracted  from  these  images
using  the  scale-invariant  feature  transform  (SIFT)  algo-
rithm, and the fast library for approximate nearest neigh-
bors  (FLANN)  matching  method  was  applied  to  obtain
corresponding  point  pairs  for  camera  calibration.  The
rotation  (R)  and  translation  (T)  matrices  of  the  camera
were then calculated. Following this, the original images
were  rectified  using  the  R  and  T  matrices  to  produce
newly corrected  stereo  images.  The positions  of  the  fea-
ture points in the rectified images were obtained, and the
relative  distances  between  the  feature  points  and  the  ca-
mera  were  determined  using  the  disparity  formula  (14)
derived  in  Subsection  2.2.  Finally,  the  disparity  errors
between feature points in the corrected images were eva-
luated using the designated formula  .
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(a) Scene l (b) Scene 2

(c) Scene 3 (d) Scene 4

Fig. 8    Different road scenes
 

Fig.  9  illustrates  the  distribution  of  matching  points
from  near  to  far  distances  in  Scenario  1.  Initially,  we
constrained  the  distance  between  the  camera  and
objects  to  within  60  m for  preliminary  exploration.  Fea-
ture points were extracted from the original left and right
images,  as  well  as  the  super-resolved  images  recon-

structed  by  the  VDSR  and  JDDDSN  networks,  across
four  sets  of  scenes.  Matching  points  within  60  m  were
selected  based  on  stereo  matching  principles,  and  these
matched  points  were  used  to  calibrate  the  camera.  The
experimental  data  obtained  are  shown  in  Table  3  and
Fig. 10.

 
 

(a) Left image, 10−20 m (b) Right image, 10−20 m

(c) Left image, 50−60 m (d) Right image, 50−60 m

(e) Left image, 80−100 m (f) Right image, 80−100 m
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(a) Left image, 10−20 m (b) Right image, 10−20 m

(c) Left image, 50−60 m (d) Right image, 50−60 m

(e) Left image, 80−100 m (f) Right image, 80−100 m

Fig. 9    Distribution of matching points across different distances in Scene 1
 
 

Table 3    Calibration error within 60 m of the relative camera Pixel

Image Scene 1 Scene 2 Scene 3 Scene 4 Mean

Original image 0.161 1 0.127 5 0.130 5 0.142 6 0.140 4

VDSR image 0.160 6 0.127 7 0.126 8 0.135 2 0.137 5

JDDDSN image 0.149 2 0.127 6 0.127 6 0.104 8 0.127 3
 
 
 

0.16 0.161 1

0.127 5
0.130 5

0.142 6

0.160 6

0.127 7 0.126 8

0.135 2

0.149 2

0.127 6 0.127 6

0.104 8

0.15

0.14

Er
ro

r

0.13

0.12

0.11

Scene 1 Scene 2 Scene 3
Scene

Scene 4

: Original image; : VDSR image; : JDDDSN image.

Fig. 10    Comparison of camera calibration error within 60 m
 
The  preliminary  findings  indicate  that  when  the  dis-

tance  between  the  camera  and  the  object  is  limited  to
60 m, the calibration accuracy of images reconstructed by
the  VDSR  and  JDDDSN  super-resolution  networks  is
superior to that of the original images. The overall mean
error was reduced from 0.140 4 for the original images to
0.137 5  and  0.127 3  for  the  VDSR  and  JDDDSN  recon-
structions,  respectively.  Furthermore,  the  calibration
effect  of  the  JDDDSN network  reconstruction  is  signifi-
cantly  better  than that  of  the  VDSR reconstruction,  with
consistently  lower  errors  across  all  scenes.  In  particular,
in  Scene  4,  the  calibration  error  of  the  image  recon-
structed  by  VDSR  was  reduced  from 0.135 2  to  0.1048.
These  results  demonstrate  that  the  JDDDSN  network’s

super-resolution reconstruction offers clear advantages in
enhancing the calibration accuracy of the stereo camera’s
extrinsic parameters.
In  driving  scenarios,  accurate  depth  estimation  within

the  closer  range  of  up  to  60  m  is  crucial  for  real-time
obstacle  detection.  For  longer  distances,  ranging  from
60  m  to  100  m,  static  features  such  as  distant  buildings
can  typically  be  detected.  Super-resolution  technology
significantly  enhances  the  reconstruction  and  retention
of image details,  thereby improving the precision of fea-
ture  extraction.  This,  in  turn,  contributes  to  a  notable
increase in the overall accuracy of the calibration process.
Therefore,  building  on  our  findings  within  the  60  m
range,  we  further  explored  the  impact  of  the  JDDDSN
super-resolution  reconstruction  algorithm  on  calibration
errors across different distances within a 100 m range. To
further  explore the impact  of  the JDDDSN super-resolu-
tion reconstruction algorithm on calibration errors across
different  distance  segments  within  100  m,  we  calibrated
stereo  cameras  in  four  sets  of  scenes  after  excluding the
influence  of  highly  similar  elements  such  as  trees  and
sky.  The calibration was  conducted for  object  regions  at
intervals  of  10  m,  resulting  in  experimental  results  for
10  distance  segments,  as  summarized  in  Table  4,  with
a  visual  representation  of  the  outcomes  provided  in
Fig. 11.

 
 

Table 4    Errors at different distances Pixel

Image
Distance/m

0−10 10−20 20−30 30−40 40−50 50−60 60−70 70−80 80−90 90−100

Original image 0.012 4 0.103 3 0.117 0 0.117 4 0.108 6 0.071 9 0.075 9 0.334 7 0.333 3 0.573 8

SR image 0.011 3 0.038 2 0.115 4 0.063 0 0.084 5 0.070 1 0.065 0 0.112 7 0.298 8 0.203 8
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Fig. 11    Comparison of parallel allelic errors at different distance segments
 

Based  on  the  data  analysis  presented  in Table  4,  it  is
evident  that  images  reconstructed  using  the  JDDDSN
super-resolution  algorithm  exhibit  smaller  calibration
errors compared to the original images across all distance
segments  within  a  100 m range.  Notably,  the  calibration
error in the distance range of 90 to 100 m is reduced from
0.573 8  in  the  original  image  to  0.203 8  after  applying
super-resolution  reconstruction.  This  reduction  in  paral-
lel  isoposition  error  clearly  demonstrates  the  enhanced
detail  performance  and  improved  feature  recognition
accuracy  achieved  by  utilizing  JDDDSN  super-resolu-
tion  reconstruction.  The  data  presented  in  Table  3  and
Table  4  provide  strong  evidence  of  the  significant
effectiveness  of  using  images  reconstructed  with  the
JDDDSN  super-resolution  algorithm  for  feature  point
extraction, greatly enhancing the accuracy of camera cali-
bration.

 3.3    Static object region calibration experiment
based on super-resolution reconstruction

In  driving  scenarios,  the  rapid  movement  of  dynamic

objects,  such  as  pedestrians  and  moving  vehicles,  poses
challenges for feature point extraction. Conversely, static
objects  in  the  scene,  such  as  fences,  traffic  signs,  utility
poles, and buildings, facilitate the extraction of stable fea-
ture  points.  Super-resolution  reconstruction  provides  a
more  robust  foundation  for  filtering  dynamic  feature
points. Therefore, this section will investigate the impact
of  super-resolution  reconstruction  on  the  calibration  of
stereo  camera  extrinsic  parameters  using  feature  points
derived from static objects.
To  screen  out  dynamic  points,  the  OCRNet  semantic

segmentation model is initially employed to segment the
image  into  different  object  categories,  generating  seg-
mentation results for the four scenes, as shown in Fig. 12.
Based  on  these  results,  dynamic  objects  are  removed,
while  masks  for  four  types  of  static  objects—buildings,
fences,  traffic  lights,  and  traffic  signs —are  retained.
These static object masks are then fused with the original
image. Finally, feature points are extracted from the fused
image  to  complete  the  self-calibration  of  the  stereo  ca-
mera’s extrinsic parameters.

 
 

(a) Scene 1 (b) Scene 2

(c) Scene 3 (d) Scene 4

Fig. 12    OCRNet semantic segmentation results for different scenes
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We  applied  the  aforementioned  steps  to  both  the
original  images  and  the  super-resolution  reconstructed
images  in  the  same scene  to  complete  the  stereo  camera
calibration for static object areas, calculating the parallel
isoposition  errors  for  three  groups  of  calibrations.  The
experimental  results  are  presented  in  Table  5.  The  data
indicate  that  calibration  accuracy  is  significantly
improved after reconstruction with the JDDDSN network
when  only  static  objects  are  retained.  Specifically,  the
mean calibration error decreases from 0.123 7 in the orig-
inal image to 0.101 9 with VDSR network reconstruction,
and  further  reduces  to  0.099 2  with  JDDDSN  network

reconstruction. Additionally, the parallel isoposition error
of  the  JDDDSN  super-resolution  reconstructed  image  is
markedly  reduced  across  different  scenarios.  For
instance,  in  Scene  4,  the  error  is  reduced  from  0.110 8
in  the  original  image  to 0.042 7 with  JDDDSN.  In  com-
parison, the VDSR method achieves an error of 0.049 2 in
the  same  scenario,  which,  although  improved,  does  not
match  the  effectiveness  of  the  JDDDSN network.  These
results  demonstrate  that  the  JDDDSN  network  outper-
forms  the  VDSR  method  in  enhancing  the  accuracy  of
feature point detection and stereo camera parameter cali-
bration.

 
 

Table 5    Calibration error of static object feature points Pixel

Image Scene 1 Scene 2 Scene 3 Scene 4 Mean

Original image 0.136 7 0.120 6 0.113 8 0.110 8 0.123 7

VDSR image 0.127 3 0.118 3 0.113 0 0.049 2 0.101 9

JDDDSN image 0.123 8 0.119 4 0.111 0 0.042 7 0.099 2
 

However,  to  address  potential  under-segmentation
issues within the OCRNet semantic segmentation model,
we  employed  object  clustering  information  and  multi-
view geometric methods to refine the filtering of dynamic
points. This process is depicted in Fig. 13.

 
 

First frame Second frame

First frame results

Multi-view geometry detection of
dynamic points

K-Means
clustering

Dynamic feature point removal

Fig. 13    Dynamic feature point clustering elimination process

 
First,  we  cluster  objects  based  on  the  spatial  relation-

ships  within  the  disparity  map  of  the  stereo  image  to
identify  different  object  categories.  The  disparity  map is
calculated as follows:

d = xl− xr (18)

d xl xrwhere   is the disparity value,   and   are the abscissa
of  the  corresponding  points  in  the  left  and  right  camera
images, respectively.

x, x′

The identified objects are subsequently analyzed using
multi-view  geometry  to  detect  and  discard  dynamically
changing  points.  This  process  involves  keypoint  match-
ing  and  triangulation.  If  we  denote    as  a  matching
point  in  the  two  images,  respectively,  the  triangulation
formula  used  to  calculate  the  corresponding  3D  point  is
as follows:

X = λP−1x = λ′P′−1x′ (19)

X
λ λ′

where    are  the  3D points  in  the  world  coordinate  sys-
tem,   and   are the scale factors.
These  dynamically  changing  points  are  often  the  pri-

mary cause of under-segmentation issues in semantic seg-
mentation models. By filtering out these dynamic points,
the  image  can  undergo  self-calibration  of  the  stereo  ca-
mera’s  extrinsic  parameters.  The  calibration  errors
observed before and after clustering the scene images are
presented in Tables 6−9.

 
 

Table  6      Calibration  errors  of  static  object  feature  points  in  the
original image Pixel

Image Scene 1 Scene 2 Scene 3 Scene 4 Mean

Before clustering 0.136 7 0.120 6 0.113 8 0.110 8 0.120 4

After clustering 0.123 3 0.114 3 0.116 0 0.093 3 0.111 7
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Table  7      Calibration  errors  of  static  object  feature  points  after
VDSR reconstruction images Pixel

Image Scene 1 Scene 2 Scene 3 Scene 4 Mean

Before clustering 0.127 3 0.118 3 0.113 0 0.049 2 0.101 9

After clustering 0.109 2 0.110 2 0.113 0 0.041 4 0.093 5
  
Table  8      Calibration  errors  of  static  object  feature  points  after
JDDDSN reconstruction image Pixel

Image Scene 1 Scene 2 Scene 3 Scene 4 Mean

Before clustering 0.123 8 0.119 4 0.111 0 0.042 7 0.099 2

After clustering 0.102 6 0.107 2 0.105 9 0.034 1 0.087 4
  

Table  9      Calibration error  after  filtering dynamic  points  by clus-
tering Pixel

Image Scene 1 Scene 2 Scene 3 Scene 4 Mean

Original image 0.123 3 0.114 3 0.116 0 0.093 3 0.111 7

VDSR image 0.109 2 0.110 2 0.113 0 0.041 4 0.093 4

JDDDSN image 0.102 6 0.107 2 0.105 9 0.034 1 0.087 4
 
According  to  the  data  in  Tables  5−7,  the  calibration

errors  for  the  original  images,  as  well  as  those  for  the
VDSR  and  JDDDSN  super-resolution  reconstructed
images,  show  improvement  across  all  four  scenes  after
clustering. This demonstrates that leveraging object clus-
tering  information  and  employing  multi-view  geometry

methods  effectively  filter  dynamic  points  within  the
scene.  This  step  is  crucial  for  enhancing  both  the  adapt-
ability and accuracy of the model in response to dynamic
scene changes.
According  to  the  data  on  dynamic  points  filtered  by

clustering  in  Table  9,  the  calibration  error  of  images
using  super-resolution  reconstruction  technology  in  dif-
ferent scenes is significantly lower than that of the origi-
nal  images.  The  mean  calibration  error  for  the  original
images  is  0.111 7,  whereas  the  calibration  errors  after
VDSR and  JDDDSN super-resolution  reconstruction  are
reduced to 0.093 4 and 0.087 4, respectively. This further
confirms  that  the  JDDDSN  super-resolution  reconstruc-
tion  network  provides  more  accurate  input  data  for  ca-
mera calibration, thereby enhancing the effectiveness and
practicality of the stereo camera calibration process.
Additionally, visualization of Fig. 14(a) and Fig. 14(b)

demonstrates  a  significant  improvement  in  feature  point
matching  accuracy  for  the  JDDDSN  super-resolution
reconstructed  images.  As  shown  in  the  figure,  the  num-
ber  of  feature  point  mismatches  in  the  JDDDSN-recon-
structed images is substantially reduced, leading to more
accurate  feature  point  matching.  These  findings  effec-
tively  demonstrate  the  practical  impact  of  super-resolu-
tion techniques in improving the accuracy and stability of
feature point detection.

 
 

Left of original image

Left of SR image Right of SR image

Right of original image
(a) Visualization of original image matching effect

(b) Visualization of JDDDSN image matching effect
Fig. 14    Comparison of point matching before and after super-resolution in Scene 1
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 4. Conclusions
This  paper  proposes  a  binocular  camera  self-calibration
method  based  on  super-resolution  reconstruction,  utiliz-
ing  the  JDDDSN  super-resolution  technique  to  enhance
image  resolution  while  preserving  rich  image  details.
Feature points are extracted from the JDDDSN super-res-
olution reconstructed images for  calibrating the extrinsic
parameters  of  the  binocular  camera.  Super-resolution
reconstruction  image  experiment  shows  that  JDDDSN
super-resolution  reconstruction  effectively  reduces  noise
and ringing artifacts in real driving scene images, result-
ing  in  clearer,  high-resolution  images.  Distance  calibra-
tion experiment based on super-resolution reconstruction
demonstrates that using JDDDSN super-resolution recon-
structed  images  significantly  reduces  calibration  errors
when calibrating object areas at varying distances in road
scenes.  Static  object  region calibration experiment based
on super-resolution reconstruction indicates that by filter-
ing dynamic regions through semantic segmentation, and
removing dynamic points using clustering and geometric
methods,  the  static  regions  in  the  binocular  camera  cali-
bration  process  are  further  optimized.  With  JDDDSN
super-resolution  reconstruction,  the  accuracy  of  feature
point detection is enhanced, leading to more precise esti-
mation of binocular camera parameters and reduced cali-
bration  errors.  This  series  of  experiments  validates  the
effectiveness  and  practicality  of  using  JDDDSN  super-
resolution reconstruction to improve calibration accuracy,
highlighting  its  potential  value  in  stereo  vision  applica-
tions.
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