
Citation: Li, J.; Bai, Y.; Huang, S.;

Yang, S.; Sun, Y.; Yang, X. Color-

Distortion Correction for Jilin-1 KF01

Series Satellite Imagery Using a

Data-Driven Method. Remote Sens.

2024, 16, 4721. https://doi.org/

10.3390/rs16244721

Academic Editor: Andrea Garzelli

Received: 7 November 2024

Revised: 11 December 2024

Accepted: 16 December 2024

Published: 17 December 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Article

Color-Distortion Correction for Jilin-1 KF01 Series Satellite
Imagery Using a Data-Driven Method
Jiangpeng Li, Yang Bai *, Shuai Huang, Song Yang, Yingshan Sun and Xiaojie Yang

Chang Guang Satellite Technology Co., Ltd., Changchun 130000, China; lijp20@mails.jlu.edu.cn (J.L.);
ase_huang@hotmail.com (S.H.); yangsong_rs@163.com (S.Y.); sdu_sunyingshan@163.com (Y.S.);
yangxjyouxiang@163.com (X.Y.)
* Correspondence: baiy776@163.com

Abstract: Color distortion is a common issue in Jilin-1 KF01 series satellite imagery, a phenomenon
caused by the instability of the sensor during the imaging process. In this paper, we propose a
data-driven method to correct color distortion in Jilin-1 KF01 imagery. Our method involves three
key aspects: color-distortion simulation, model design, and post-processing refinement. First, we
investigate the causes of color distortion and propose algorithms to simulate this phenomenon. By
superimposing simulated color-distortion patterns onto clean images, we construct color-distortion
datasets comprising a large number of paired images (distorted–clean) for model training. Next,
we analyze the principles behind a denoising model and explore its feasibility for color-distortion
correction. Based on this analysis, we train the denoising model from scratch using the color-distortion
datasets and successfully adapt it to the task of color-distortion correction in Jilin-1 KF01 imagery.
Finally, we propose a novel post-processing algorithm to remove boundary artifacts caused by block-
wise image processing, ensuring consistency and quality across the entire image. Experimental results
show that the proposed method significantly eliminates color distortion and enhances the radiometric
quality of Jilin-1 KF01 series satellite imagery, offering a solution for improving its usability in remote
sensing applications.

Keywords: remote sensing imagery processing; color-distortion simulation; color-distortion correction;
Jilin-1

1. Introduction

Optical remote sensing satellites provide an abundance of optical imagery of the
Earth’s surface, one which is widely used in research fields such as geology, environmental
science, and agriculture, as well as in practical applications like natural resource man-
agement, urban planning, and disaster monitoring [1–6]. However, due to limitations
in satellite imaging systems and the influence of external environmental factors during
the imaging process, different detector elements within the same sensor may respond
inconsistently to the same radiative energy, resulting in stripe noise in the imagery [7].
Stripe noise not only degrades the radiometric quality of remote sensing images but also
affects their usability.

Over the past few decades, researchers have extensively studied methods for removing
stripe noise and have proposed a variety of approaches which can be broadly categorized
into three types: statistical-based methods, filtering-based methods, and optimization-
based methods. Statistical-based methods include histogram matching [8–11] and moment
matching [12–15]. Histogram matching removes stripe noise by adjusting the gray level
distribution of the original image to match a target distribution, while moment matching
achieves noise reduction by adjusting the mean and variance of the original image to align
with reference values. Filtering-based methods include the Fourier transform [16,17] and
wavelet transform [18–20]. The Fourier transform converts the original image from the spa-
tial domain to the frequency domain, in which the frequency components associated with
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stripe noise are removed, before converting the image back to the spatial domain, resulting
in a noise-free image. The wavelet transform separates stripe noise from signals at different
scales and then filters out the stripe noise to obtain a clean image. Optimization-based
methods treat stripe noise removal as an ill-posed optimization problem [21], utilizing
prior knowledge such as total variation [22], sparsity [23], and low-rank properties [24] to
solve it. Since satellite images are acquired in a push-broom manner, the stripe noise typi-
cally exhibits a unidirectional characteristic along the satellite’s orbital direction; therefore,
Bouali and Ladjal introduced a unidirectional total variation model [22], and subsequent
researchers have proposed spatially weighted regularization terms to enhance the adapt-
ability of the total variation model [25,26]. Liu et al. used l0-norm-based regularization to
represent the global sparsity of stripe noise, achieving its removal by separating the stripe
components [23]. He and Zhang leveraged the low-rank characteristic of hyperspectral
images and matrix decomposition theory to remove stripe noise [27–29].

The Jilin-1 KF01 series satellites offer the advantages of high resolution and broad
width, but their imagery products also exhibit stripe noise. Filtering-based methods may
remove useful signals along with the stripe noise, while optimization-based methods are
often dependent on prior knowledge and involve complex models, resulting in inefficiencies
and limitations in practical applications. Therefore, the Jilin-1 KF01 series satellites employ
histogram matching, a statistically based method, to remove stripe noise. Histogram
matching effectively eliminates high-frequency stripe noise in the imagery; however, low-
frequency stripe noise may still persist, as shown in Figure 1. Figure 1a shows the image
before histogram matching, when both the high-frequency and the low-frequency stripe
noise are present. Figure 1b shows the image after histogram matching, when the high-
frequency stripe noise has been removed, but low-frequency stripe noise remains. These
low-frequency stripes, which vertically traverse the entire image with relatively broad
widths, are referred to as “color distortion” in the following sections of this paper. The Jilin-
1 KF01 series satellites capture a large volume of remote sensing imagery daily. However,
existing methods fail to effectively address the issue of color distortion in these images. The
presence of color distortion significantly degrades the radiometric quality of the imagery,
rendering it unsuitable for direct use and adversely affecting the production of advanced
remote sensing imagery products. Therefore, there is an urgent need for a new method to
resolve the color-distortion problem in Jilin-1 KF01 satellite imagery.

In recent years, deep learning-based methods have been increasingly applied to remote
sensing imagery processing tasks, such as denoising [30–33], super-resolution [34–37], and
destriping [38–43], due to their powerful learning capabilities. These deep learning-based
destriping algorithms perform well in removing high-frequency stripe noise but are less
effective in addressing color distortion. This is mainly due to the way training datasets
are constructed. In remote sensing imagery, it is challenging to obtain both images with
real stripe noise and their corresponding clean images. As a result, the stripes need to
be simulated. A common approach is to add zero-mean Gaussian white noise to each
column of the clean image, band by band, to generate corresponding images with stripe
noise [39–41]. While this method can effectively simulate high-frequency stripe noise, it
fails to simulate color distortion. Consequently, models trained on such datasets are unable
to solve color distortion.

To address the issue of color distortion in the imagery of the Jilin-1 KF01 series satellites,
we conducted research from three key aspects: color-distortion simulation, model design,
and post-processing refinement. First, we performed an in-depth analysis of the causes
of color distortion in the Jilin-1 KF01 series satellite imagery and developed algorithms
to simulate the color distortion. By adding simulated color-distortion patterns to clean
images, we were able to generate corresponding distorted images, allowing us to construct
color-distortion datasets containing a large number of paired images (distorted image–clean
image) for training the model. In terms of the model, we employed a denoising model
from the field of computer vision which was originally designed for handling Gaussian
noise; we retrained this denoising model from scratch using the color-distortion datasets,
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achieving excellent results in the color-distortion correction task. Since the individual
images are quite large and need to be processed in blocks, simply setting overlapping
regions between blocks was not sufficient to remove boundary artifacts; therefore, we
developed a specialized post-processing algorithm to remove boundary artifacts caused by
block-wise processing.

In summary, our contributions include the following:

1. We conducted a thorough analysis of the causes of color distortion (i.e., low-frequency
stripe noise) in Jilin-1 KF01 imagery and developed algorithms to simulate this dis-
tortion. To the best of our knowledge, this is the first work in the field of remote
sensing imagery processing to simulate color distortion. For the color distortion in the
Jilin-1 KF01 series satellite imagery, our algorithms have shown excellent simulation
performance.

2. We analyzed the underlying similarities between the principles of a denoising model
and those of the color-distortion correction model. With this analysis as a foundation,
we successfully adapted a denoising model originally used in the field of computer
vision for the task of color-distortion correction in Jilin-1 KF01 imagery.

3. To address the boundary artifacts caused by block-wise processing of large-size im-
ages, we proposed a post-processing algorithm. This algorithm effectively removes
boundary artifacts and ensures an overall consistency between image blocks, signifi-
cantly improving the processing results of large-size images.

Remote Sens. 2024, 16, 4721  3  of  23 
 

 

denoising model from the field of computer vision which was originally designed for han-

dling Gaussian noise; we retrained this denoising model from scratch using the color-dis-

tortion datasets, achieving excellent results in the color-distortion correction task. Since 

the individual images are quite large and need to be processed in blocks, simply setting 

overlapping  regions  between  blocks was  not  sufficient  to  remove  boundary  artifacts; 

therefore, we developed a specialized post-processing algorithm to remove boundary ar-

tifacts caused by block-wise processing. 

In summary, our contributions include the following: 

1. We  conducted  a  thorough  analysis of  the  causes of  color distortion  (i.e.,  low-fre-

quency stripe noise) in Jilin-1 KF01 imagery and developed algorithms to simulate 

this distortion. To the best of our knowledge, this is the first work in the field of re-

mote sensing imagery processing to simulate color distortion. For the color distortion 

in the Jilin-1 KF01 series satellite imagery, our algorithms have shown excellent sim-

ulation performance. 

2. We analyzed the underlying similarities between the principles of a denoising model 

and those of the color-distortion correction model. With this analysis as a foundation, 

we successfully adapted a denoising model originally used in the field of computer 

vision for the task of color-distortion correction in Jilin-1 KF01 imagery. 

3. To address the boundary artifacts caused by block-wise processing of large-size im-

ages, we proposed a post-processing algorithm. This algorithm effectively removes 

boundary artifacts and ensures an overall consistency between image blocks, signif-

icantly improving the processing results of large-size images. 

 
(a) 

 
(b) 

Figure 1. Jilin-1 KF01 image comparison: (a) Image before histogram matching; (b) Image after his-

togram matching. 

   

Figure 1. Jilin-1 KF01 image comparison: (a) Image before histogram matching; (b) Image after
histogram matching.

2. Methods

The aim of this study is to eliminate the residual color-distortion in the BGR bands
of Jilin-1 KF01 series satellite imagery after histogram matching. This section provides an
in-depth analysis of the causes of residual color-distortion and details the simulation of the
distortion and the principles behind the color-distortion correction model, as well as the
design of the post-processing algorithm.
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2.1. Causes of Residual Color-Distortion

To identify the causes of residual color-distortion, we first analyzed laboratory calibra-
tion images. Figure 2a shows an original calibration image of the Band 1 spectral band from
a Jilin-1 KF01 CCD line-scan sensor, and different rows in the calibration image represent
calibration data at various times. Vertical high-frequency stripe noise and color distortion
are visible in the image. After applying laboratory calibration coefficients, the corrected
result is shown in Figure 2b, where the high-frequency stripe noise has largely disappeared.
The column-wise mean of the corrected calibration image (i.e., Figure 2b) is presented in
Figure 2c, demonstrating that although color distortion is significantly reduced, it still
persists. We computed the column-wise standard deviation for the original calibration
image (i.e., Figure 2a), with the results shown in Figure 2d. The non-zero standard devi-
ation indicates that the rows in Figure 2a are not completely identical, suggesting sensor
instability during the imaging process. These slight variations in the calibration data over
time prevent the laboratory calibration coefficients from fully correcting each row of the
original calibration image, resulting in residual color-distortion.
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calibration image; (c) Column-wise mean; (d) Column-wise standard deviation.

We also analyzed remote sensing images transmitted by the Jilin-1 KF01 series satellites
after they entered orbit. Three sea scenes captured by the same camera during a single
imaging task were selected at regular intervals, as indicated by the red boxes in Figure 3a.
Focusing on the Band 1 spectral band of these three scenes, we subtracted the mean
from each scene and then computed the column-wise mean; this can significantly reduce
interference from ground features, allowing us to better observe the color-distortion pattern
itself. Figure 3b shows the resulting color-distortion patterns derived using this method,
where “DN” (Digital Number) represents the quantized value of the radiation received by
the sensor. As seen in Figure 3b, the color-distortion pattern changes over time within the
same imaging task (differences in color-distortion patterns between scenes are highlighted
by the green elliptical areas in Figure 3b); these variations lead to instability in relative
radiometric correction, resulting in residual color-distortion.
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Based on the above analysis, it is clear that the instability in the sensor during the
imaging process affects the correction results, leading to residual color-distortion. The
method proposed in this paper effectively addresses this issue.

2.2. Image Degradation Model

Color distortion is a common issue in Jilin-1 KF01 imagery, in which the color distortion
is distributed along the orbital direction. Within a single scene, the same column in the
image can be considered to be affected by the same color distortion. Assuming the color
distortion is additive noise, the image degradation model can be expressed as shown in
Formula (1):

K = I + N, (1)

where K ∈ Rb×h×w represents the degraded image with color distortion, I ∈ Rb×h×w

denotes the clean image, and N ∈ Rb×h×w represents the color-distortion pattern. The
variables b, h, and w correspond to the number of spectral bands, image height, and image
width, respectively. The goal of the color-distortion correction task is to recover the clean
image I from the distorted image K.

2.3. Color-Distortion Simulation

To train a color-distortion correction model, we need to construct datasets containing
a large number of paired images (distorted images–clean images). For remote sensing
imagery, it is often difficult to obtain such paired data directly. Previous research works
have simulated stripe noise using Gaussian white noise, but this approach only simulates
high-frequency stripe noise and cannot simulate color distortion. Therefore, we analyzed
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the Jilin-1 KF01’s laboratory calibration images and remote sensing images transmitted
after the Jilin-1 KF01 series satellites were in orbit, and designed algorithms to simulate the
color-distortion pattern.

Some of the laboratory calibration images from the Jilin-1 KF01 series satellites are
shown in Figure 4. Figure 4a displays the original laboratory calibration images of the CCD
sensor’s Band 1-to-Band 3 spectral bands (i.e., BGR bands). The column-wise mean of each
band was calculated, and the results are shown in Figure 4b. From Figure 4b, it can be
seen that the color-distortion patterns of the Jilin-1 KF01 series satellites closely resemble
sine functions.
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Figure 4. Analysis of Jilin-1 KF01 laboratory calibration images: (a) Original calibration images;
(b) Column-wise mean.

When analyzing the color-distortion patterns in satellite-transmitted remote sensing
images, it is necessary to select a uniform ground to minimize the influence of ground fea-
tures on the color-distortion patterns. In this analysis, we used sea imagery and calculated
the column-wise mean values of the BGR bands. As shown in Figure 5, color distortion is
present in all three spectral bands, and the distortion patterns also resemble sine functions.
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Based on the analysis of laboratory calibration images and satellite-transmitted remote
sensing images, we used sine functions to simulate the color-distortion patterns in individ-
ual spectral bands of a single image. The color-distortion patterns added to each spectral
band are independent of one another. The function for generating a color-distortion pattern
for a single spectral band in an image is shown in Formula (2):

y =


A1sin (ω1x + φ1), 0 ≤ x < n
A2sin(ω2x + φ2), n ≤ x < 2n
A3sin(ω3x + φ3), 2n ≤ x < 3n
A4sin(ω4x + φ4), 3n ≤ x < 4n

, (2)

where Ai, ωi, and φi(i = 1, 2, 3, 4) represent the amplitude, angular frequency, and initial
phase of the sine function, respectively, and n refers to a quarter of the width of a remote
sensing image. Based on our observations of the color-distortion patterns in multiple Jilin-1
KF01 images, we set the amplitude Ai as a random number [1, 25). For ωi, we first choose

the period Ti as a random number in the range
( n

1.25
,

n
0.25

]
, and according to ωi =

2π

Ti
,

ωi is set as a random number between
[

0.5π

n
,

2.5π

n

)
. To determine the value of φi, we

ensured that the function values of adjacent sine functions at the connection points were
equal and that the first-order derivatives at those points had the same sign. Initially, we set
φ1 as a random number in the interval [0, T1ω1) ; at x = n, the following relationship holds:

A1sin (ω1n + φ1) =A2sin (ω2n + φ2), (3)

A1ω1 cos(ω1n + φ1) × A2ω2 cos(ω2n + φ2) ≥ 0. (4)
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According to Formula (3), it can be derived that

φ2 = arcsin
(

A1sin(ω1n + φ1)

A2

)
− ω2n, (5)

and due to the symmetry of the sine function, the value of φ2 is not unique; the other
solution of φ2, denoted as φ′

2, is given as follows:

φ′
2 = π− arcsin

(
A1sin(ω1n + φ1)

A2

)
− ω2n. (6)

According to Formula (4), the unique solution for φ2 that meets the required condi-
tions can be selected from the two possible solutions. Using the same approach, we can
sequentially determine φ3 and φ4. Figure 6 shows an example of simulated color-distortion
patterns generated from Formula (2).
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Figure 6. Simulated color-distortion pattern in the pre-training dataset.

We use the large number of simulated color-distortion patterns generated from For-
mula (2) in the pre-training dataset. These distortion patterns are relatively simple, making
them easier for the color-distortion correction model to learn. Once the model is initially
trained, we then proceed to fine-tune it.

When fine-tuning the model, we need to use color-distortion patterns that are closer
to real-world conditions. These simulated distortion patterns are obtained using Jilin-1
KF01 original laboratory calibration images and laboratory calibration coefficients. Let
D represent the original laboratory calibration image for a single spectral band in a CCD
sensor, γ denote the gain in the laboratory calibration coefficients, and β represent the offset
in the laboratory calibration coefficients. The corrected calibration image C is calculated
using Formula (7) as follows:

C = γ × D + β, (7)

where C, D ∈ Rt×l , and γ, β ∈ Rl , with t representing the calibration time and l representing
the number of detector elements for a single spectral band in a CCD sensor. By subtracting
the overall mean from C and then calculating the column-wise mean, we obtain the color-
distortion pattern M, where M ∈ Rl . The calculation for an individual element Mk in M is
given by Formula (8) as follows:

Mk =
1
t

t

∑
j=1

Cjk −
1
t·l

t

∑
j′=1

l

∑
k′=1

Cj′k′

, (8)
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the value of k ranges from [1, l]. We multiply the color-distortion pattern M by an amplifica-
tion factor α to make the color distortion more pronounced; α is a random number selected
from the range [αmin, αmax], where αmin = 1 and αmax is calculated using Formula (9):

αmax =
25

max(|M|) , (9)

The final color-distortion pattern M′ for a single spectral band in a CCD sensor is
calculated using Formula (10):

M′ = α × M. (10)

Figure 7 shows an example of simulated color-distortion patterns obtained using orig-
inal laboratory calibration images and laboratory calibration coefficients. These simulated
distortion patterns closely resemble real-world color-distortion patterns, and we use a large
number of such simulated color-distortion patterns in our fine-tuning dataset.
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Figure 7. Simulated color-distortion pattern in the fine-tuning dataset.

In summary, this section introduces two color-distortion simulation algorithms. The
first algorithm generates simulated color-distortion patterns using a generation function.
To construct this function, we first analyze the color-distorted imagery of a uniform ground
(e.g., the sea) and the original laboratory calibration images of the satellite sensors. For the
color-distorted imagery of the uniform ground, we calculate the column-wise means to
approximate the color-distortion patterns. Similarly, for the original laboratory calibration
images, we calculate the column-wise means to obtain their approximate distortion patterns.
These patterns are then observed, and then we select an appropriate function for fitting.
Since the color-distortion patterns of the Jilin-1 KF01 satellites resemble sinusoidal waves,
we chose sine function as the generation function. The second simulation algorithm utilizes
the original laboratory calibration images and laboratory calibration coefficients of the
satellite sensors. By applying the calibration coefficients to the original calibration images,
we obtain corrected calibration images. The column-wise means of the corrected images,
after subtracting the overall means, yield the color-distortion patterns. The parameters
of the color-distortion simulation algorithms are empirically determined. Although there
are currently no direct evaluation criteria for the color-distortion simulation algorithms,
the performance of the color-distortion correction model on the testing dataset indirectly
reflects the effectiveness of the simulation algorithms.

2.4. Color-Distortion Correction Model

Subspace methods are classic approaches in image denoising, commonly including
Fourier transform [16,17], wavelet transform [18–20], and singular value decomposition
(SVD) [44,45]. Their fundamental principle involves manually constructing a set of bases
to separate image information from noise and then removing the noise. However, since
these bases are artificially constructed, it is challenging to completely separate the image
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information from the noise. As a result, some image information may be filtered out along
with the noise, leading to over-smoothing and/or ringing artifacts.

To address the issues mentioned above, NBNet employs a deep learning model to learn
a set of reconstruction bases in the feature space in order to separate image information
from noise [46]. The model then selects the corresponding bases from the noise subspace
and projects the input onto that subspace to extract the noise. By subtracting the noise
from the input, a denoised image is obtained. This principle is equally applicable to color-
distortion correction, as in remote sensing images with color distortion, the characteristics
of the color-distortion pattern are distinctly different from the actual image content. Using
deep learning, a set of bases can be learned to separate the image information from the
color-distortion pattern. Subtracting the color-distortion pattern from the input image
results in a corrected image. Therefore, we chose NBNet, a denoising model, for the task of
color-distortion correction.

NBNet is a UNet-based architecture with a depth of 5, incorporating Subspace Atten-
tion (SSA) modules to refine skip connections. It consists of 4 encoder and 4 decoder stages,
where features are downsampled using 4×4-stride-2 convolutions and upsampled with
2 × 2 deconvolutions. Unlike traditional UNet architectures, NBNet uses SSA modules
to project low-level features in the skip connections before fusing them with high-level
features, enhancing feature integration and denoising quality. The input to NBNet is a
noisy image, and its direct output represents the estimated noise. The denoised image is
obtained by subtracting the predicted noise from the input image.

We retrained the model from scratch on color-distortion datasets to adapt it to this task.
Subsequent experimental results demonstrated the feasibility of this approach. Figure 8
shows the process of NBNet, as retrained on the color-distortion datasets and correcting a
real color-distorted image block.
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During model training, paired images (distorted image–clean image) are used. The
training process is supervised using the l1 distance between the model-processed image
and the clean image. Let the color-distorted image be denoted as x, the clean image as y,
and the color-distortion correction model as G; the loss function L is defined as shown in
Formula (11):

L = ∥y − (x − G(x))∥1. (11)

2.5. Post-Processing Algorithm

Due to the large size of a single Jilin-1 KF01 image, it cannot be directly input into the
model for training or inference. As a result, the image needs to be divided into smaller
blocks. We divided each image into 5 × 5 blocks, considering the balance between the
effectiveness of color-distortion correction and the computational resource requirements.
Since the processing of these blocks is independent of one another, boundary artifacts can
easily occur. In the task of color-distortion correction, simply setting overlapping regions
between the blocks is not enough to fully remove these boundary artifacts. Therefore, a
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post-processing algorithm is required to address the boundary artifacts caused by block-
wise processing.

To address the boundary artifacts in the horizontal direction, we use the consistency
of the mean values of color-distortion patterns in the overlapping regions. Specifically, for
adjacent blocks, the means of the calculated color-distortion patterns in the overlapping
region should be consistent. As shown in Figure 9, the mean of the color-distortion pattern
in the overlapping region of the left block should be equal to that of the right block. We
process the BGR bands separately. Using the B band as an example, let the current color-
distortion pattern block be denoted as blocki, with the mean value of the color-distortion
pattern in its overlapping region denoted as meani, and the adjacent color-distortion pattern
block on the right denoted as blocki+1, with the mean of its color-distortion pattern in the
overlapping region represented as meani+1. Ideally, meani and meani+1 should be equal,
but in practice, this condition is difficult to meet. We adjust blocki+1 using Formula (12) to
obtain the adjusted block block′

i+1:

block′
i+1 = blocki+1 − (mean i+1 − meani

)
, (12)

After the above adjustment, the condition meani = meani+1 is satisfied. The pro-
cessing for the G band and R band is similar to that of the B band. We take the leftmost
color-distortion pattern block in each row of 5 blocks as the reference and use the mean
consistency of the color-distortion patterns in the overlapping regions to perform post-
processing, sequentially, from left to right. After this process, the horizontal boundary
artifacts are largely removed. Next, we proceed to address the boundary artifacts in the
vertical direction.
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horizontal direction.

Since the Jilin-1 KF01 series satellites employ a push-broom imaging technique, the
color distortion exhibits a unidirectional characteristic. We assume that the color distortion
in the same column of an image scene should be consistent; therefore, we calculate the
mean value of the color-distortion pattern along the vertical direction. Let N represent the
color-distortion pattern after horizontal post-processing, and N′ represent the result after
vertical post-processing; the individual element N′

ijk of N′ is computed using Formula (13):

N′
ijk =

1
h

h

∑
j′=1

Nij′k, (13)

where N,N′ ∈ Rb×h×w, with b, h, and w denoting the number of spectral bands, height, and
width of the image, respectively. The index i ranges from 1 to b, j ranges from 1 to h, and k
ranges from 1 to w.
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Figure 10 illustrates the process of the post-processing algorithm. Figure 10a shows
a real color-distorted Jilin-1 KF01 image; we divided it into 5 × 5 blocks, used the color-
distortion correction model (i.e., NBNet-retrain) to calculate the color-distortion patterns
for each block separately, and then pieced these patterns together. Figure 10b shows the
computed color-distortion patterns without setting an overlapping region, resulting in
noticeable boundary artifacts in both the horizontal and the vertical directions. Figure 10c
shows the computed color-distortion patterns with a 140-pixel overlapping region, in which
boundary artifacts are still present. Figure 10d presents the color-distortion patterns after
horizontal post-processing, in which the boundary artifacts in the horizontal direction
are largely removed. Figure 10e shows the result after applying vertical post-processing
on Figure 10d, with the boundary artifacts in the vertical direction further removed by
subtracting these color-distortion patterns (i.e., Figure 10e) from the color-distorted image;
the color distortion is thereby eliminated. Figure 10f shows the corrected image, in which
the image quality has improved significantly.
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Figure 10. Post-processing: (a) Real color-distorted Jilin-1 KF01 image; (b) Overlap 0 pixels; (c) Overlap
140 pixels; (d) After horizontal post-processing; (e) After vertical post-processing; (f) Corrected image.
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3. Results
3.1. Color-Distortion Datasets

High-quality images from the Jilin-1 KF01 series satellite imagery were used as clean
images, and simulated color-distortion patterns were independently added to the BGR
bands to generate corresponding color-distorted images. This method allows us to cre-
ate color-distortion datasets containing a large number of paired images (color-distorted
images–clean images). We initially selected 3180 high-quality images from the Jilin-1 KF01
imagery and added simulated color-distortion patterns to generate both the pre-training
and the fine-tuning datasets. The simulated distortion patterns in the pre-training dataset
were generated using the color-distortion pattern generation function (i.e., Formula (2)),
while those in the fine-tuning dataset were obtained using Jilin-1 KF01 original laboratory
calibration images and laboratory calibration coefficients.

For validation, 318 pairs of images were randomly selected from both the pre-training
and the fine-tuning datasets, while the remaining images were used for training. Since the
single image is too large to process directly, each image was divided into 25 smaller blocks.
The final sample sizes of the pre-training and fine-tuning datasets are shown in Table 1.

Table 1. Sample sizes of the datasets.

Dataset Type Pre-Training Dataset Fine-Tuning Dataset

Training Set 71,550 pairs 71,550 pairs

Validation Set 7950 pairs 7950 pairs

The color-distorted images in the pre-training and fine-tuning datasets are not real dis-
tortions but artificially generated by adding simulated distortion patterns. Additionally, we
selected 318 real color-distorted images from the Jilin-1 KF01 imagery to serve as the testing
dataset which did not have corresponding clean images. Figure 11a shows a clean image
from the pre-training dataset, while Figure 11b shows the corresponding color-distorted
image with added simulated color-distortion patterns. Figure 11c–e display the simulated
color-distortion patterns added to the BGR bands. Examples from the fine-tuning and test-
ing datasets are shown in Figures 12 and 13, respectively. Since it is challenging to directly
extract color-distortion patterns from the real dataset, we approximated these patterns by
subtracting the overall mean and calculating the mean values column by column.
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Figure 11. An example from the pre-training dataset: (a) Clean image; (b) Color-distorted image;
(c) Simulated color-distortion pattern in Band 1; (d) Simulated color-distortion pattern in Band 2;
(e) Simulated color-distortion pattern in Band 3.
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Figure 12. An example from the fine-tuning dataset: (a) Clean image; (b) Color-distorted image;
(c) Simulated color-distortion pattern in Band 1; (d) Simulated color-distortion pattern in Band 2;
(e) Simulated color-distortion pattern in Band 3.
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Figure 13. An example from the testing dataset: (a) Real color-distorted image; (b) Column-wise
mean of Band 1 after subtracting its overall mean; (c) Column-wise mean of Band 2 after subtracting
its overall mean; (d) Column-wise mean of Band 3 after subtracting its overall mean.

As can be seen from Figures 11–13, the color-distortion patterns in the pre-training
dataset are noticeably simpler than those in the real dataset. These patterns are smoother
and lack abrupt transitions, making them well-suited for the model’s initial learning phase.
The color-distortion patterns in the fine-tuning dataset are overall more similar to those
in the real dataset; however, some differences in detail remain. Specifically, the color-
distortion patterns in the real dataset exhibit a “drift” phenomenon. For instance, as shown
in Figure 13c,d, the patterns gradually rise from left to right. In contrast, such drift behavior
is not exhibited in the fine-tuning dataset. These discrepancies between the fine-tuning
dataset and the real dataset can affect the correction results when the model encounters
similar drift distortions in real color-distorted imagery.
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3.2. Evaluation Metrics

For the color-distorted images in both the pre-training and the fine-tuning datasets,
where corresponding clean images are available, we use SSIM (Structural Similarity Index
Measure) [47,48] and PSNR (Peak Signal-to-Noise Ratio) [48] to evaluate the performance
of our method on these two datasets.

The SSIM is calculated as follows:

δssim =

(
2µxµy + C1

)(
2σxy + C2

)(
µx2 + µy2 + C1

)(
σx2 + σy2 + C2

) , (14)

where µx and σx are the mean and standard deviation of the color-distorted image, µy and
σy are the mean and standard deviation of the clean image, σxy is the covariance between
the color-distorted and clean images, and C1 and C2 are constants.

The formula for PSNR is given by

δpsnr = 10 × log10

(
MAX2

MSE

)
, (15)

where MAX is the maximum possible pixel value of the image and MSE is the mean squared
error between the color-distorted and clean images.

For the real color-distorted images in the testing dataset, which do not have cor-
responding clean images, we use Full-Field-of-View Correction Accuracy (FCA) [49] to
evaluate our method’s performance on the dataset. The calculation formula is shown
as follows:

δ f ca =

√
1
w × ∑ w

j=1

(
µj − µ

)2

µ
× 100%, (16)

where µj represents the mean of the j-th column of the image, µ represents the overall mean
of the image, and w is the width of the image. The FCA metric measures the degree of
dispersion between column-wise means and the overall mean of the image, and it reflects
color consistency, with lower FCA values indicating a less noticeable color distortion and
better color consistency.

3.3. Training Settings

We adopted a staged approach to train the color-distortion correction model. First, the
model was trained from scratch using the pre-training dataset. Then, based on this, the
model was fine-tuned using the fine-tuning dataset. The color-distortion patterns in the
pre-training dataset are relatively simple, while those in the fine-tuning dataset are more
complex. Training the model in a progression from simple to complex patterns facilitates
more effective learning. During both the pre-training and the fine-tuning phases, the images
were cropped to a size of 512 × 512, with the batch size set to 24; the maximum learning rate
was set to 5 × 10−5, and the model was trained for 80 epochs using the Adam optimizer.

3.4. Experimental Results

After completing the pre-training phase, we evaluated the method’s performance
on the validation set of the pre-training dataset. Then, following the fine-tuning phase,
we assessed the method’s performance on the validation set of the fine-tuning dataset.
Since the color-distorted images in both the pre-training and the fine-tuning datasets have
corresponding clean images, we used SSIM and PSNR as evaluation metrics. First, we
calculated the differences between the unprocessed (i.e., original, color-distorted) images
and the clean images, and then we calculated the difference between the processed images
and the clean images. The experimental results are shown in Table 2.
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Table 2. Experimental results on validation sets.

Dataset Processed SSIM PSNR

The validation set of the
pre-training dataset

No 0.99983 53.846

Yes 0.99991 56.383

The validation set of the
fine-tuning dataset

No 0.99988 59.213

Yes 0.99993 62.194
The best results in the table are highlighted in bold.

The data in Table 2 demonstrate that the application of the proposed color-distortion
correction method leads to improvements in both SSIM and PSNR for the processed images
compared to the unprocessed ones. For the validation set of the pre-training dataset, the
SSIM increases from 0.99983 for unprocessed images to 0.99991 for processed images,
reflecting a small but meaningful improvement of approximately 0.008%. Similarly, the
PSNR improves from 53.846 to 56.383, representing a 4.712% increase, which indicates a
significant reduction in pixel-level errors and improved image quality. For the validation set
of the fine-tuning dataset, the SSIM rises from 0.99988 to 0.99993 after processing, showing
a 0.005% improvement. The PSNR sees a more notable increase, from 59.213 to 62.194,
marking a 5.034% enhancement. Since the SSIM of the unprocessed images is already very
close to 1, the improvement in SSIM after processing is understandably minor, but there is
still a measurable enhancement. In both validation sets, the processed images consistently
outperform the unprocessed ones; these consistent results across both validation sets
underscore the effectiveness of our method, particularly in reducing pixel-level errors and
improving image quality while preserving structural similarity.

Additionally, we evaluated the method’s performance on the testing dataset. Since
the testing dataset’s real color-distorted images do not have corresponding clean images,
we used FCA (Full-Field-of-View Correction Accuracy) as the evaluation metric. FCA was
calculated for both the unprocessed images and the processed images, with the results
presented in Table 3.

Table 3. Experimental results on testing dataset.

Metric Unprocessed Images Images Processed
Using NBNet

Images Processed
Using Our Method

FCA 7.9149% 7.9274% 7.7363%
The best result in the table is highlighted in bold.

In analyzing the data presented in Table 3, we observe a noticeable improvement in
Full-Field-of-View Correction Accuracy (FCA) after applying the proposed color-distortion
correction method. Specifically, the FCA decreases from 7.9149% for unprocessed images
to 7.7363% for processed images. This reduction of approximately 2.257% suggests that the
processed images exhibit improved correction accuracy, further validating the effectiveness
of the proposed method. Besides, it is observed that the FCA metric does not improve for
images processed using NBNet, indicating that the color distortion in the imagery remains
uncorrected. In contrast, images processed using our method show an improvement in the
FCA metric, highlighting the progressive advantage of our method.

Figure 14 presents several examples of Jilin-1 KF01 image correction using our method,
with the left side showing real color-distorted images and the right side displaying the
corrected images. By enlarging the images in Figure 14, it can be observed that image
details are well-preserved and the sharpness remains virtually unchanged, indicating that
the spatial resolution is effectively maintained.

Figure 15 presents several examples of applying NBNet to correct color distortion
in Jilin-1 KF01 series satellite images. The left side shows the real color-distorted images,
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while the right side displays the corrected results. As seen in Figure 15, the color distortion
remains unaddressed after processing with NBNet.
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Figure 14. Correction results for our method: (a) Real color-distorted Jilin-1 KF01 images; (b) Cor-
rected images.
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4. Discussion

However, due to the specific color-distortion characteristics of the Jilin-1 KF01 satellite
sensors, this study is currently limited to these satellites. The customized nature of our
method means it cannot be directly applied to imagery from other types of satellites, as
their color-distortion patterns may differ. Nonetheless, the underlying approach presented
in this study can serve as a reference for other types of satellites. Specifically, the process
involves: (1) analyzing the satellite’s color-distorted imagery and laboratory calibration
data to design suitable color-distortion simulation algorithms and construct datasets that
reflect the unique color-distortion characteristics of the satellite; (2) selecting an appropriate
model and retraining it on the tailored datasets to adapt it for the color-distortion correction
task; and (3) employing a post-processing algorithm to remove boundary artifacts caused
by block-wise image processing.

5. Conclusions

This paper addresses the issue of color distortion in the Jilin-1 KF01 series satellite
imagery by designing a systematic methodology covering color-distortion simulation,
model design, and post-processing refinement. First, we conducted an in-depth analysis of
the causes of residual color-distortion and designed algorithms to simulate such distortion.
Using these simulation algorithms, we created color-distortion datasets containing a large
number of paired images (distorted–clean), which served as the foundation for model
training. Then, according to the similarities between the principles of a denoising model
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and the color-distortion correction model, we trained a denoising model from the field
of computer vision on color-distortion datasets from scratch, adapting it to effectively
handle color-distortion correction in Jilin-1 KF01 imagery. Finally, to address the boundary
artifacts commonly encountered during the block-wise processing of single images, we
proposed an innovative post-processing algorithm that ensures overall consistency across
the image blocks. The experimental results demonstrate that our method can effectively
eliminate color distortion in Jilin-1 KF01 series satellite imagery, significantly improving
the radiometric quality and practical value of the imagery.

Our method is based on supervised learning and requires a substantial number of
paired images (distorted–clean) for training, which are often difficult to obtain directly. To
address this challenge, we developed color-distortion simulation algorithms. However, a
simulation algorithm cannot simultaneously emulate the diverse color-distortion patterns of
different types of satellites, limiting the generalization capability of our method. Therefore,
future research could explore the development of unsupervised color-distortion correction
algorithms as a promising direction to overcome these limitations.
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