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Abstract: Currently, the geometric and radiometric calibration of on-board satellite sensors utilizes
different ground targets using some form of manual intervention. Point source targets provide high
precision geometric and radiometric information and have the potential to become a new tool for
joint geometric and radiometric calibration. In this paper, an automatic recognition and positioning
method for point source target images is proposed. First, the template matching method was used
to effectively reduce nonpoint source target image pixels in the satellite imagery. The point source
target images were then identified using particular feature parameters. Using the template matching
method, the weighted centroid method, and the Gaussian fitting method, the positions of the centroid
of the point source target images were calculated. The maximum position detection error obtained
using the three methods was 0.07 pixels, which is comparably better than artificial targets currently in
use. The experimental results show point source targets provide high precision geometric information,
which can become a suitable alternative for automatic joint geometric and radiometric calibration of
spaceborne optical sensors.

Keywords: point source targets; automatic recognition and positioning; Point Spread Function;
feature parameter; joint geometric and radiometric calibration

1. Introduction

With the development of earth observation technology, there have been a number of
high-resolution remote sensing satellites operating in orbit, which constitute a high spatial, time,
and spectral resolution earth observation system. These satellites have been widely used in the fields
of national defense security, territorial survey, natural resource management, and environmental
science [1–4]. However, high spatial and spectral resolution does not indicate high positioning
accuracy and image quality. During the operation of satellite sensors, the absolute positioning accuracy
and imaging quality are affected by various factors such as the satellite orbital perturbation, space
environment, atmospheric environment, and device operation state [5]. The solution to high-precision
remote sensing satellite imaging and positioning is to establish a high-resolution calibration field on the
ground. The image of the ground target on the calibration field, weather parameters, satellite attitude,
and orbit data are combined to calculate and update the calibration parameters after the satellite sensor
is used to image the calibration field. Thereby, image quality and geometric positioning accuracy
are improved [6,7]. The geometric and radiometric parameters are improved and compensated, and
reliable calibration parameters are used to ensure the authenticity, reliability, and accuracy of satellite
positioning results [8,9].
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For geometric calibration, the calibration field usually provides two categories of basic data.
One is evenly distributed ground targets in the calibration field and the other is high-resolution Digital
Orthophoto Map (DOM) and Digital Elevation Model (DEM) of the calibration field. Ground targets
are natural objects or artificial targets with distinct geometric features, such as road intersections. A
ground target with high-precision 3D coordinates is often referred to as Ground Control Point (GCP)
and can be directly used for calculation of external calibration parameters, such as positions and
attitudes of the satellite sensors [10]. The DOM and DEM data provide the reference data for the
extraction of extensive control point information through image correlation matching [11–13]. The use
of the DOM image matching method to obtain the control points can theoretically achieve automatic
generation of GCPs. However, the DOM and satellite images usually come from different sources
which differ in time, scale, rotation, and degradation [14]. Therefore, the matching process requires the
addition of geometric constraints which are provided by few image control points (ICPs) with manual
selection [15,16]. Attributable to good geometry and evenly distributed features of ground targets,
ICPs are usually selected from ground targets. Therefore, evenly distributed ground targets or GCPs
are the essential requirements for geometric calibration tasks.

To obtain reasonably distributed ground targets or GCPs, artificial targets with good geometric
features are necessary. Nowadays, artificial targets are often large structural signs with simple geometry.
For example, the cross vertical angle signs and circular signs used in Ziyuan-3 geometric calibration
field is 40 × 40 square meters and 15 × 15 square meters, respectively [16,17]. Such large targets create
difficulties for site selection and groundwork. Another difficulty is the challenge of ICP identification
for satellite imagery. Conducting a manual search is the main approach for the identification of
ICPs [15,18,19], which significantly reduces the efficiency and the degree of automation of geometric
calibration. For the positioning of ICPs, manual selection is also a common method and can bring pixel
error from 0.3 to more than 1 pixel [19–21]. Subpixel edge localization methods can also be used for
the positioning of ICPs, which can generate errors up to approximately 0.15 pixels [17,18].

Similarly, the on-orbit radiometric calibration of remote sensing satellite sensors is primarily
based on targets in the calibration field. Various methods using natural features like ice, sea, and
desert, have been successfully applied to radiometric calibration for satellites such as SPOT and
Landsat, and have achieved good calibration results [22–24]. However, the method of radiometric
calibration with the aid of natural objects is highly site-specific and environment-dependent, which
makes the radiometric calibration period of the sensor longer and less efficient. In order to rapidly
and periodically monitor and evaluate the radiometric parameters of continuously operating satellite
sensors, large-area artificial targets or small-sized point source targets are gradually used as reference
targets [25–27]. These methods effectively solve the limitations of the external environment, time and
space in vicarious radiometric calibration.

Point source target is a new kind of target with a passive or an active light source for radiometric
calibration of remote sensing sensors [28]. Radiometric calibration experiments have been carried out
using reflective point sources. The error between the calibration coefficients obtained by reflective
point sources and gray-scale targets is within 5% [28,29]. The radiometric calibration based on the
point source targets needs only the atmospheric transmittance synchronously at the experimental time.
This calibration method can greatly simplify the observation of the field synchronization data at the
time of the satellite overhead, thus provides a practical way for automated radiometric calibration task.
In fact, similar point source targets appeared thirty years ago. In 1988, the University of Arizona used
a 4 × 4 point source array to acquire subpixel level samples of Thematic Mapper (TM) pixel values and
the Point Spread Function (PSF) of the TM imagery is recovered [30]. According to the PSF, the key
parameter of image quality evaluation, Modulation Transfer Function (MTF), can be further obtained.
Afterwards, some experiments have been conducted for measurements of PSF and MTF on satellite
images with point source targets [28,31–33]. The experimental results show that point source target
images not only provide the PSF of satellite images, but can also provide the subpixel coordinates of
the centroid of the point source target images, thus providing high-precision ICPs.
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At this stage, the geometric and radiometric calibration tasks of spaceborne optical sensors
are generally performed on different calibration fields, or using different data sources on the same
calibration field. This increases the manpower and material resources needed to be deployment for
calibration. In addition, with the growing number of remote-sensing satellites operating in orbit,
the number of geometric and radiometric calibration tasks is also set to increase rapidly. In order
to continuously and accurately update the geometric and radiometric parameters of remote-sensing
satellites, automatic and intelligent geometric and radiometric calibration needs to be explored.
The processing and analysis of point source target images are primarily for radiometric calibration
tasks. Point source targets have obvious differences and good geometric shapes compared with natural
objects, which facilitate automatic recognition and high-accuracy positioning of the target on the image.

In this paper, we proposed a method for automatically identifying point source target images
using remote sensing images. Initially, most of the nonpoint source target image pixels were sorted
using template matching method, which was followed by more accurate identification of point source
target images using feature parameters. Different methods were then used to verify the positioning
accuracy of the centroid of the point source target images. The positional accuracy obtained using
point source target images was superior to those from large-area cross sign, circular mark, and
square mark targets currently used in the remote sensing satellite geometric calibration. Point source
targets have the following characteristics as compared with traditional natural features or artificial
targets. (1) Automatic recognition and measurement of point source target images without manual
intervention, (2) higher positioning accuracy and smaller area than artificial markers or natural features,
and (3) simultaneously providing high-precision geometric and radiometric information of remote
sensing image. Combining the above advantages, point source targets will have the potential to
become ideal tools for automatic joint geometric and radiometric calibration.

The rest of this paper is organized as follows. Section 2 provides a short introduction to the
point source target image recognition and subpixel positioning methods. Section 3 presents the results
and discussion from the experiments performed. The last section gives our conclusions and future
research directions.

2. Materials and Methods

2.1. Initial Positioning of Point Source Target Image

Point source target is a type of artificial target placed on the ground mainly used for the
measurement of satellite imagery radiometric information. It is generally categorized as mirror
type reflective point source target [28] or active LED (Light Emitting Diode) point source target.
This study used a reflective point source developed by the Hefei Institute of Physical Science, Chinese
Academy of Sciences, as shown in Figure 1. Reflective point sources mainly consist of solar observers,
mirrors, and electronic theodolites. The solar observer is used to observe the solar altitude and azimuth.
The electronic theodolite adjusts the pointing of the point source reflector based on solar observations
and satellite orbit prediction data, which then completes the optical path alignment of the spaceborne
optical sensor, the reflection point source, and the sun. The optimized reflector can reflect a certain
amount of light flux to the satellite sensor, allowing the sensor to obtain the image of the point source.
To make the point source clearly visible on the remote sensing image and not saturated, the point
source should be tested under appropriate illumination conditions and good atmospheric visibility.

The size of the reflector used in the study was approximately 0.3 m. For a satellite sensor with a
resolution of five meters, the point source target can be regarded as an ideal point source. The pixel
distribution of the image of the point source can be regarded as the discrete sampling of the sensor
overall PSF. When the point source target is placed on the calibration field, the position of the reflection
point source on the satellite image can initially be calculated by using the real-time attitude and orbit
parameters of the satellite, and the laboratory calibration parameters of the sensor at the time of
the satellite overhead with a strict imaging model of the satellite sensor. Based on the positioning
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error of the satellite in the uncalibrated case, the preliminary search range uses the calculated image
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2.2. Point Source Target Image Recognition

There is no ideal naturally occurring point light source, while the point source target can be
approximated as an ideal point source relative to the satellite sensor, which allows artificially arranged
point source targets to show specific characteristics in satellite images. Using their characteristics,
point source target images can be automatically identified and located from satellite images, providing
data sources for automatic geometric and radiometric calibration tasks.

2.2.1. Characteristics of Point Source Target Image

When the sensor is acquiring an image, the incident energy has interacted with some combination
of mirrors and lenses, primarily to focus the energy onto a detector array. As a result of this interaction,
some degree of distortion is introduced into the final image. Assuming that the input original scene is
f (x, y), f (x, y) is added to the ambient noise nw(x, y) after it is degraded by the degenerate function
h(x, y), and a degraded image g(x, y) is obtained. This process can be expressed as follows

g(x, y) =
∫ +∞

−∞

∫ +∞

−∞
f (µ, v) · h(x− µ, y− v)dµdv + nw(x, y) (1)

Considering the case where the original image contains only one ideal point source, the point
source can be regarded as the unit impulse function δ(x, y) with infinite radiation energy at the origin
and zero otherwise, so there is

δ(x, y) ∗ h(x, y) =
∫ +∞

−∞

∫ +∞

−∞
δ(µ, v) · h(x− µ, y− v)dµdv = h(x, y) (2)

It can be seen from Equation (2) that h(x, y) is the energy distribution of the degraded image
generated by an ideal point source in the space after the degenerate function is applied, so h(x, y) is
also called the Point Spread Function (PSF). For optical remote sensing satellites with high resolution
imaging ability, the 2D Gaussian function is usually used to simulate the PSF ignoring the defocusing
effect of the optical system [34–36], which is also the most commonly used degenerate function for
optical camera systems:

h(x, y) =
1

2πσξ
exp

(
− (x− x0)

2

2σ2 − (y− y0)
2

2ξ2

)
(3)
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where x0 and y0 are the peak positions of the PSF, σ and ξ are the standard deviation of PSF on the X
and Y axes, respectively. In Equations (1)–(3), the image degeneration formulas are for continuous
energy scenes. In the actual situation, the image acquisition system acquires the discretized digital
image. Therefore, the sampling is performed at intervals of pixel in Equation (3) and discrete energy
distribution of point source target image with noise is obtained as follows

gp(i, j) =
K

2πσξ
exp

(
− (i− x0)

2

2σ2 − (j− y0)
2

2ξ2

)
+ Nw(i, j)(1 ≤ i ≤ M, 1 ≤ j ≤ N) (4)

In Equation (4), K is a constant, M and N are the number of rows and columns of the generated
image, Nw(i, j) is the discretized Gaussian noise, and gp(i, j) is the pixel value at coordinate (i, j).
In this paper, the fractional part of (x0, y0) is defined as the phase of the point source. When (x0, y0) is
located at the center of a pixel on the image, its phase is (0, 0). According to Equation (4), the simulated
degraded image of the reflected point source without noise when the phase is (0, 0) and (0.6, 0.8)
can be obtained, as shown in Figure 2a and Figure 2b, respectively. As shown in Figure 2, when the
phase of point source target image is changed, the pixel distribution of point source target image is
also changed.
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2.2.2. Pre-Recognition of Point Source Target Image

Based on Equation (4), when x0, y0, σ, and ξ are known, a simulated point source target image
with no noise can be directly generated. Analysis of the real image data for Landsat-4/5, Quickbird
II, and Gaofen-2/4 reveal the standard deviations of the PSF of these remote sensing satellites on the
X and Y axis are between 0.5 and 1 pixel when using the Gaussian function to simulate PSF [37–40].
Therefore, the σ0 and ξ0 used to generate matching templates can use empirical values directly. If more
precise a priori values are needed, the slanted edge method can be used to obtain the one-dimensional
Line Spread Function (LSF) of the edge features on the experimental image, and the one-dimensional
Gaussian fitting method can be used to obtain σ0 and ξ0.

The phase of the point source target image influences the spatial distribution of gp(i, j), thus
affecting the correlation coefficient between the template and the actual image. Figure 3 shows the
different distribution of pixel grayscale caused by the sampling phase with 0.25 pixel interval in
one-dimensional manner. As shown in Figure 3, when the point sources are imaged in different
positions of a pixel, the imaging result of the point source is different too. In order to optimize the
template matching results, 16 matching templates are generated with 0.25 pixels as an interval in the X
and Y direction. Thus one of the templates can match the point source image well, resulting in a high
correlation coefficient of the point source image. For each pixel P(i, j) of the image pixel coordinate
set P = {(i, j)|1 ≤ i ≤ M, 1 ≤ j ≤ N}, the neighboring pixel values gi+r,j+c are used to calculate the
correlation coefficients ρ(k), (k = 1, 2, . . . , 16) between the pixel and 16 matching templates g′i,j(k):
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ρi,j(k) =

d
∑

r=−d

d
∑

c=−d
(gi+r,j+c−g)

(
g′i,j(k)−g′(k)

)
√

d
∑

r=−d

d
∑

c=−d
(gi+r,j+c−g)

2·
w
∑

i=1

w
∑

j=1

(
g′i,j(k)−g′(k)

)2

g =
d
∑

r=−d

d
∑

c=−d
gi+r,j+c, g′(k) =

w
∑

i=1

w
∑

j=1
g′i,j(k)

(5)

where d = (w− 1)/2 and w (an odd number) is the size of the template window. Then 16 correlation
coefficients can be obtained. The maximum value of the 16 correlation coefficients ρi,j(k) is then defined
as the eigenvalue mρi,j of the pixel P(i, j)

mρi,j = max
(
ρi,j(k)

)
(6)

By setting an empirical threshold ρT , the pixels whose eigenvalues are lower than the threshold
can be screened out directly. Then, the reserved pixels are set as 1, and the excluded pixels are set to 0.
Thus a binary image is obtained, and the connected region is calculated. For the reserved pixel set
P′
{
(i, j)|1 ≤ i ≤ M, 1 ≤ j ≤ N, ρi,j > ρT

}
, many pixels belong to the same point source target image,

and these pixels generally have good connectivity. In the same eight-contiguous area, the point with
the largest eigenvalue is regarded as the center pixel of the point source target image. The template
matching-based point source target image recognition is completed. Because there is no ideal point
source in the natural object, this method can be used to screen a large number of nonpoint source
target images, leaving a small number of pixels to be processed further.
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2.2.3. Mismatch Elimination

After using the template matching method to screen out a large number of nonpoint source
pixels, there are still many mismatching pixels, which would require further processing. According to
Equation (4), ideally, the pixel value distribution of the point source target image is comprised of
discrete values of the 2D Gaussian function. Therefore, the point source target image pixel values can
be fitted with a 2D Gaussian function and the feature parameter of point source target image can be
obtained. The Levenberg–Marquardt (LM) nonlinear least-squares algorithm can be used to calculate
the parameters according to Equation (4):

εmin =
w

∑
i=1

w

∑
j=1

{
g(i, j)− K exp

[
− (i− x0)

2

2σ2 − (j− y0)
2

2ξ2

]
− b

}2

(7)

The unknown parameters are K, x0, y0, σ, ξ, and b. This method needs good initial parameter
values for the unknown parameters. The initial values of x0 and y0 are the positions of the pixels to be
detected. The pixel value at (x0, y0) is used as the initial value of K. The initial value of b can be set as
the average value of the background pixels, and the initial values of σ and ξ can be set as the same
values when generating the 16 matching templates. According to the calculated least squares results
K̂, σ̂, ξ̂, and b̂ corresponding to K, σ, ξ, b, and residual εmin of Equation (7), the single parameter or
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combinations of parameters can be analyzed further to test whether the pixel belongs to a point source
target image. The parameters used in this paper are σ̂, ξ̂, σ̂, and ξ̂, b̂, (K̂ + b̂)/b̂, εmin.

σ̂ and ξ̂ represent the standard deviations of the PSF in the X and Y direction. The a priori
information of σ̂ and ξ̂ can be obtained by using the slanted edge method with line features in the
image. Therefore, the resolved σ̂ and ξ̂ from the candidate image with large deviation from the a priori
information can be removed. In the case where the σ̂ and ξ̂ a priori information is unknown, the values
of σ̂ and ξ̂ can be set between 0.5 and 1 depending on the general parameters of the optical remote
sensing camera. This method can be tested using σ̂, ξ̂ or a combination of σ̂ and ξ̂.

The parameter b̂ represents the energy of the background area. In our experiment, each point
source target was equipped with a black bottom net, laid underneath the point source target. For a
short imaging time, the photographic environment changes little, and thus the background pixel
values will not be greatly changed. Therefore, the background region energy can be used as a feature
parameter to test whether the pixel belongs to a point source target image.

The point source target reflector has a high reflectivity. After the optical path adjustment, the
sensor can receive more light flux. The background bottom net has a much lower reflectivity, which
makes the contrast between the point source target and the background higher than natural features.
According to Equation (7), the energy value of the center of the point source target image is K + b,
so the feature parameter (K̂ + b̂)/b̂ which represents the contrast between the point source and the
background can be used to check whether the pixel belongs to a point source target image.

The εmin represents the residual error between the fitted pixel values and the actual pixel values.
The smaller value of εmin results in a better fit. Therefore, the empirical threshold can be selected to
reject the candidate image with εmin greater than the threshold.

2.3. Subpixel Positioning of Point Source Target Image

In this study, the template matching method, the weighted centroid method, and the Gaussian
fitting method were used in performing high-precision positioning of the centroid pixel coordinates of
the point source target image. The results of these methods were then used to verify the accuracy of
point source target extraction.

1. Template Matching Method. Based on the imaging system degradation function or the
image PSF obtained from approaches such as the slanted edge method, simulated point source target
images with different phases under ideal conditions are generated. Then the correlation coefficients
between the simulated images and the point source target image are calculated. The subpixel position
of the point source target image centroid is then determined based on the maximum correlation
coefficient. Sixteen matching templates are used in the identification process of the point source images
in Section 2.2.2, where efficiency instead of accuracy becomes the primary consideration. A small
number of templates can improve the computational efficiency while effectively discriminating against
nonpoint source image. The subpixel positions of the centroid of the point source target images are
desired with the positioning accuracy as the only consideration here. Therefore, 10,000 templates are
generated using an interval of 0.01 pixels, and the accuracy of template matching results can be as high
as 0.01 pixels.

2. The Weighted Centroid Method. The weighted centroid method uses the value of each pixel
as the weight to calculate the mean value of the pixel coordinates as the centroid of the point source
target image. For a point source target image with size w× w pixels, assuming that the value of pixel
(i, j) is Uij, and the upper left pixel of point source target image is (r, c), the centroid coordinates of
point source target image can be calculated using the following equation.

x̂0 =

w−1
∑

i=0

w−1
∑

j=0
(i + c)Ui+c,j+r

2

w−1
∑

i=0

w−1
∑

j=0
Ui+c,j+r

2
, ŷ0 =

w−1
∑

i=0

w−1
∑

j=0
(j + r)Ui+c,j+r

2

w−1
∑

i=0

w−1
∑

j=0
Ui+c,j+r

2
(8)
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3. Gaussian Fitting Method. When using Equation (7) to solve the feature parameter of the
point source target image, the subpixel coordinates x̂0, ŷ0 of the point source target image centroid
can be obtained at the same time, and the accuracy of the result will be compared with the previous
two methods.

3. Results

3.1. Experimental Data

The satellite imagery data was obtained by the Chinese surveying and mapping satellite Tianhui-1
at the remote sensing calibration field near Urumqi, Xinjiang, as shown in Figure 4a. Tianhui-1 is a
remote sensing satellite launched by China in a 500 km sun-synchronous solar orbit with 97.3 degree
inclination. The three-line camera sensor on board consists of three independent five meter-resolution
cameras (forward, nadir, and backward). The size of the image in Figure 4a is 12,000 × 12,000 pixels,
corresponding to the ground area of 60 × 60 square kilometers. In the experiment, two kinds of targets
were positioned: point source target and large area greyscale target. The 16 point source targets were
placed in a 4 × 4 array form, 40 m apart from each other on the ground, corresponding to about
8 pixels in the image. To accurately identify point source images and restore PSF parameters, the areas
surrounding point targets were consistently low reflectivity material. In the experiment, each point
source target was equipped with a black bottom net for a consistent grayscale of the image background,
as explained in Section 2.2.3. The original acquired point source target image is shown in Figure 4b.
As shown in Figure 4b, the background of point source target was black, creating a considerable
contrast between the point source target and the background pixels. The large area greyscale target is
placed near the point source targets, as shown in Figure 4c. The two kinds of targets are placed for
MTF measurement and radiometric calibration initially, and the radiometric calibration result has been
published in [29].

In this study, we wanted to verify whether the point source target can be recognized and located
automatically with high precision, thus providing an automated approach for geometric calibration.
To do this, we extracted each point source target in the image and randomly placed it within the entire
image range. Then 16 image patches involving the point source targets (Figure 4d) and 84 image
patches without point source targets were selected from the image as the test data. The large greyscale
target was used to provide the PSF parameter of the image. These were then used for the generation of
matching templates and as a prior value for the Gaussian fitting method in Equation (7). Our methods
to identify and locate the point source targets were then applied to the test data. Using 16 point source
target images and another area of the satellite imagery in Figure 4a, the process to generate 100 image
patches is as follows.

(1) Use one of the three point source target image centroid location methods in Section 2.3 to
obtain the target image centroid location. Then use the pixel at each target centroid location as the
center to open a window with the size w× w (w is odd) pixels. The pixel value distribution in each
window was used as the point source target image. The red rectangle in Figure 4b shows an example
of the extracted point source target image;

(2) Randomly select 100 image patches from the satellite imagery, each with an image size of
W ×W pixels, W should be set bigger than the nominal positioning error of Tianhui-1 satellite in
uncalibrated case. The 16-point source target images acquired in step (1) are randomly placed in
16 image patches to replace some pixels in the image patches. Thus, 16 image patches containing one
point source target image and 84 image patches containing no point source target image are obtained.
Figure 4d shows an image patch containing a point source target (inside the red rectangular) generated
by this method.
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Since the background of the point source target was black, the surrounding natural objects did not
affect the imaging energy distribution of the point source target seriously. Therefore, the point source
target image suitable for geometric calibration was obtained by replacing some pixels in the satellite
imagery, which could be regarded as the actual point source target image. These image patches were
viewed as point source target image ranges that have been initially acquired using orbital and position
parameters with the method proposed in Section 2.1.

3.2. Pre-Recognition Experiment Results

The σ and ξ parameter values of the image PSF were calculated using the manually extracted
grayscale target in Figure 4c to obtain the matching templates before carrying out the matching
experiment. From the slanted edge image of Figure 4c, the horizontal and vertical sloping edges were
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selected at first. Then, the Canny edge detector [41] was used to locate the horizontal and vertical edge
pixels. After which, the least squares method was used to fit the edge pixels to obtain the edge line
equation, and thus the edge pixels were corrected to the subpixel precision. Each row of the slanted
edge image was registered and merged into discrete distributed Edge Spread Function (ESF) sample
values depending on the subpixel coordinates of edge pixels. The ESF samples were then divided
by 0.1 pixels window size, and the average value of ESF samples was used in each window as the
ESF resampled value of the window. Finally, the resampled ESF values were smoothed to suppress
the noise.

The raw sampled values of the ESF in the horizontal and vertical directions, the average sampling
curve in each window, and the smoothed sampling curve are shown in Figure 5a and Figure 5b,
respectively. The smoothed ESF sampling curve was differentiated to obtain the Line Spread Function
(LSF). The shape of LSF is similar to the Gaussian function, and a one-dimensional Gaussian fitting
function was used to fit the LSF. The LSF and its fitted Gaussian curve are shown in Figure 6a and
Figure 6b, respectively. The Root Mean Square Error (RMSE) between the fitting result and the
actual data in Figure 6a was 0.0017 pixels, and the correlation coefficient was 99.74%. The RMSE
between the fitting result and the actual data in Figure 6b was 0.0019 pixels, and the correlation
coefficient was 99.56%. The standard deviations σ and ξ of the fitted Gaussian functions are 0.66 and
0.68 pixels, respectively.
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Figure 5. (a) Edge Spread Function (ESF) raw sample values, average values within each window, and
smoothed curves in the horizontal direction and (b) ESF raw sample values, average values within
each window, and smoothed curves in the vertical direction.
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Figure 6. (a) Edge Line Spread Function (LSF) curve and fitted Gaussian curve in the horizontal
direction and (b) Edge LSF curve and fitted Gaussian curve in the vertical direction.

Using the calculated σ and ξ values, 16 matching templates were generated at intervals of
0.25 pixels according to Equation (4). For each pixel in 100 image patches, the 16 correlation
coefficients were calculated, and the maximum value was taken as the degree of similarity of that
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pixel. The threshold of the degree of similarity was set to 0.8, and the pixel with a degree of similarity
smaller than the threshold value was excluded. The reserved pixel value was set as 1, and the excluded
pixel value was set to 0. Thus a binary image was obtained, and the contiguous region could then be
calculated. The pixels in the same 8-connected area were regarded to belong to one candidate point
source target image. The number of candidate point source target image finally retained in each image
patch after re-recognition process is shown in Figure 7.
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Figure 7. Number of point source image candidates retained in the 100 image patches.

As shown in Figure 7, among the 100 image patches, only 40 image patches contained candidate
point source target images after the template matching recognition. In total, there were 52 candidate
point source target images. The maximum, minimum, and average values of degree of similarity for
point source target images and nonpoint source target images are shown in Table 1. Table 1 shows that
the point source target image statistical values obtained using template matching were slightly larger
than the nonpoint source target image, but the two categories have basically equivalent correlation
coefficients and could be difficult to distinguish directly. Figure 8 shows an example explaining this.
Figure 8a and Figure 8b separately show one point source target image and one nonpoint source
target image preserved with the same degree of similarity, and the corresponding matching template
is shown in Figure 8c. The degree of similarity corresponding to point source and nonpoint source
target images are 0.88 and 0.87, respectively. In this case, the degree of similarity of nonpoint source
target image is larger than the point source target image, so further methods would be required to
eliminate nonpoint source target images.

Table 1. Maximum, minimum, and average values of point source image and degree of similarity for
nonpoint source image.

Category Maximum Minimum Average Value

Point source image 0.93 0.81 0.86
Nonpoint source image 0.87 0.80 0.83
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Figure 8. (a) Point source target image, (b) nonpoint source target image, and (c) common matching
template of (a,b).

3.3. Elimination of False Matches

For the reserved candidate point source target images, Equation (7) was used to solve the feature
parameters K̂, σ̂, ξ̂, b̂, and εmin of each image. The ability of different parameters or combinations of
parameters to eliminate false matches was calculated. Based on the a priori values of σ̂ and ξ̂ obtained
in Section 3.2, their value ranges were set to

0.45 ≤ σ̂ ≤ 0.85, 0.45 ≤ ξ̂ ≤ 0.85 (9)

According to the average energy distribution of the background region of any point source target
image, the value of b̂ can calculated to be approximately 0.2 in a normalized image. Therefore, the
designed value range for b̂ could be set as

0.15 ≤ b̂ ≤ 0.25 (10)

Before the experiment, a spectrometer can be used to measure the reflectance of the point source
mirror reflector ρp and the black bottom net ρb, and set the threshold range according to the ratio
between the reflector and the bottom net

(K̂ + b̂)/b̂ ≥
ρp

ρb
− d (11)

where d is a constant to suppress the influence of noise. Since the a priori values of ρm and ρb were not
available in this experiment, we used empirical values ρm/ρb = 3 and d = 0.5.

There was no a priori value for εmin and only the empirical value of 0.1 was chosen for the
experiment. Using different feature parameters to carry out false match rejection experiment, the error
rates of Type I, Type II, and Type III were calculated. The Type I error rate is the ratio of the number
of misclassified point source target images to the number of point source target images, the Type II
error rate is the ratio of the number of misclassified nonpoint source target images to the number of
nonpoint source target images, and the Type III error rate (total error rate) is the ratio of the number
of all misclassified candidate point source target images to the number of all candidate point source
target images. The Type I and Type II error rates reflect the adaptability of the algorithm, and the
Type III error rate reflects the feasibility of the algorithm. The statistical results are shown in Table 2.

As seen from Table 2, when the feature parameters σ̂ and ξ̂, b̂ or (K̂ + b̂)/b̂ were used, both the
point source target images and the nonpoint source target images could be completely and accurately
identified. When using only σ̂, ξ̂, or εmin the point source target images could likewise be completely
identified; however, some nonpoint source target images were incorrectly classified as point source
target images, and Type II error rates were 13.9%, 16.7%, and 13.9%, respectively. This experimental
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result confirms the feasibility of this algorithm for some parameters and also illustrates the obvious
differences between point source target images and natural features.

Table 2. Elimination of false matches experiment results.

Error Type
Error Rate

σ̂ ξ̂ σ̂, ξ̂ b̂ (K̂ + b̂)/b̂ εmin

I 0 0 0 0 0 0
II 13.9% 16.7% 0 0 0 13.9%
III 9.6% 11.5% 0 0 0 9.6%

Figure 9a–d presents the curves of feature parameters σ̂ and ξ̂, b̂, (K̂ + b̂)/b̂, εmin for the candidate
point source target images. To illustrate the difference between point source target images and natural
features, the first 36 images in the figure were nonpoint source target images, and the last 16 were
point source target images. From Figure 9a, the changes of σ̂ and ξ̂ of the nonpoint source target image
were larger, and the average value was approximately 1 pixel; while the changes of σ̂ and ξ̂ of the
point source target image were smaller and the average value was approximately 0.55 pixels, which
is closer to the results obtained in Section 3.2. The differences between feature parameters of point
source and nonpoint source target images in Figure 9b,c were even more pronounced. In the two
figures, the calculated feature parameters b̂ and (K̂ + b̂)/b̂ of point source target images maintained
good consistency and the deviations of the feature parameters were small. In Figure 9d, there was
still a huge difference between point source target image feature parameters and nonpoint source
target image feature parameters, and the εmin of nonpoint source target images had a broad variation
range. However, due to the small fitting residual of some nonpoint sources images, it was difficult to
completely eliminate nonpoint source target images with εmin.

It should be noted that the priori values of the feature parameters form the basis for the threshold
selection. If the priori values of the feature parameters were not available, it would be theoretically
impossible to identify the point source target image using feature parameters. Among the six
parameters, σ̂ and ξ̂ were directly obtained from natural features, as shown in Section 3.2. In practice,
it could also be possible to use more general empirical values for some known sensors. Therefore, the
combination of σ̂ and ξ̂ is suitable for automatic recognition of point source target images; b̂ can be
used to accurately identify the point source and nonpoint source target images. The a priori value of b̂
needs to be obtained from the point source target image, which would require manual work. But the a
priori values of b̂ can be used in future experiments without repeated measurements if the imaging
condition does not change much. Before using (K̂ + b̂)/b̂, it is necessary to measure the reflectance of
the mirror and the black bottom net in advance; the threshold of εmin relies mainly on experience and
has a certain degree of blindness.
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3.4. Subpixel Positioning Results

The results of the positional estimation of the target image are shown in Table 3. In the table,
I refers to the template matching method, II refers to the weighted centroid method, and III refers
to the Gaussian fitting method. M1 to M16 are numbers corresponding to the point source targets
in Figure 4b ordered from left-to-right and top-to-bottom. As shown in Table 3, the results from the
three methods are relatively consistent, and their deviations were calculated to be less than 0.15 pixels.
The differences in estimated coordinates obtained and the average value of the coordinates were used
as evaluation indices of positioning accuracy of the point source target image. The positioning errors
of point source target images were then calculated and presented in Table 4. The differences between
the three methods from the mean value were greater than 0.07 pixels. The experimental results were
superior to the position detection error of the large-area cross angle sign (0.12 pixels) and circular
marker (0.86 pixels) used in Chinese satellite calibration [17].
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Table 3. Different methods to solve the centroid coordinates of point source target image (unit: pixels).

I II III I II III I II III I II III

M1 M2 M3 M4
9.29 9.25 9.30 17.72 17.79 17.67 25.48 25.46 25.46 34.00 33.99 33.98
19.60 19.62 19.59 19.64 19.66 19.62 19.74 19.77 19.72 19.80 19.83 19.75

M5 M6 M7 M8
9.37 9.35 9.38 17.25 17.23 17.28 25.71 25.78 25.68 33.90 33.95 33.85
27.96 27.97 27.91 28.00 27.99 27.97 28.01 27.99 27.98 28.03 28.00 28.02

M9 M10 M11 M12
9.17 9.10 9.25 17.49 17.58 17.56 25.82 25.86 25.76 33.89 33.94 33.86
36.07 36.01 36.07 36.07 36.01 36.09 36.08 36.02 36.11 36.11 36.04 36.14

M13 M14 M15 M16
9.10 9.05 9.17 17.18 17.12 17.24 25.60 25.64 25.61 33.63 33.67 33.61
44.22 44.16 44.26 44.35 44.27 44.35 44.33 44.27 44.33 44.40 44.36 44.39

Table 4. Coordinate error of different methods for solving the centroid of point source target image
(unit: pixels).

I II III I II III I II III I II III

M1 M2 M3 M4
0.01 −0.03 0.02 0 0.01 −0.03 0.02 0 0.01 −0.03 0.02 0
−0.003 0.017 −0.013 0 −0.003 0.017 −0.013 0 −0.003 0.017 −0.013 0

M5 M6 M7 M8
0.003 −0.017 0.013 −0.003 0.003 −0.017 0.013 −0.003 0.003 −0.017 0.013 −0.003
0.013 0.023 −0.036 0.014 0.013 0.023 −0.036 0.014 0.013 0.023 −0.036 0.014

M9 M10 M11 M12
−0.003 −0.073 0.077 −0.053 −0.003 −0.073 0.077 −0.053 −0.003 −0.073 0.077 −0.053

0.02 −0.04 0.02 0.013 0.02 −0.04 0.02 0.013 0.02 −0.04 0.02 0.013
M13 M14 M15 M16

0.027 −0.023 −0.003 0 0.027 −0.023 −0.003 0 0.027 −0.023 −0.003 0
0.007 −0.053 0.047 0.027 0.007 −0.053 0.047 0.027 0.007 −0.053 0.047 0.027

4. Conclusions

This paper introduces an automated method for recognition and positioning of point source targets
on satellite images. Using the template matching method, most of the nonpoint source target images
could be removed effectively, which improves the efficiency and accuracy of mismatch elimination
experiment. The point source target images can be further identified using different feature parameters.
We found that σ̂ and ξ̂, b̂ or (K̂ + b̂)/b̂ can accurately spot the point source target images, while the
position of the centroid of the point source target image can be resolved using the template matching
method, weighted centroid method, or Gaussian fitting method. The position detection error of
the point source target image positions obtained by the three methods is better than 0.07 pixels.
The experimental result was better than the detection error of the large-area cross sign used currently
in Chinese satellite geometric calibration.

According to the experimental results in this paper, the point source target image has excellent
geometric properties. Point source target image can be accurately identified from remote sensing
images and perform high-precision positioning, thus providing subpixel high-precision image measure
coordinates of GCPs for geometric calibration. The cross sign and circular sign commonly used by
Chinese satellites are 42 × 42 square meters and 15 × 15 square meters, respectively. In contrast, the
reflective point source target used in this paper covers less than half a square meter and is relatively
easy to transport and layout. If the point source targets are set as the GCPs for space sensor geometric
calibration, it can simplify the design and implementation of the calibration field, and provide a more
accurate data source, which can provide automatic sensor geometric calibration. Combined with
the radiometric calibration method using point source targets, an automatic joint geometric and
radiometric calibration test based on point source target can be carried out.
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