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Abstract 
Satellite images from multiple sources with different resolu-
tions are currently able to observe the same region. Reliable 
image matching between these images is the first step in their 
integrated use. Image matching of multiple-resolution images 
is not trivial because of the large geometric differences among 
the images, which can cause failure of matching and losses of 
matching accuracy. This paper presents a bound-constrained, 
multiple-image, least-squares matching (LSM) method that 
extends the classical LSM in two ways for better performance. 
First, the a priori metadata of the images, including the geo-
referencing and scale information, are used for initial match-
ing and to provide bound constraints in the LSM to improve 
its stability. Second, multiple images are matched in a single 
optimization rather than the traditional pairwise matching. 
This brings additional observations in the least-squares opti-
mization, which makes the matching aware of both larger and 
local context and improves matching quality even with inac-
curate initializations for high resolution images. Experimental 
analysis using multiple-source satellite images with multiple 
resolutions collected on Mars and in Hong Kong reveals 
that the proposed method is capable of obtaining reliable 
multiple-fold matches effectively, even in challenging cases 
with resolution differences as much as 20-fold. The method 
proposed in this paper has significance for the synergistic use 
of multiple-source satellite images in various applications.

Introduction
Recent advances in satellite imaging have provided great op-
portunities for the same region to be covered by images from 
multiple sources with multiple resolutions, both on Earth 
(Elaksher and Alharthy, 2011; Tang et al., 2016) and on other 
planets (Wu et al., 2014; Tao et al., 2016). These images can 
be integrated for synergistic use in a variety of applications. 
For example, images with sub-meter-level resolution are suit-
able for detailed topographic mapping (Qiao et al., 2010) or 
hazard monitoring (Corbane et al., 2011; Voigt et al., 2011), 
and images with relatively coarse resolution feature wide 
coverage and are suitable for topographic mapping of large 
areas (Xue et al., 2015; Zhang et al., 2015). However, geomet-
ric inconsistencies at different levels among these images are 
inevitable because they were collected by different sensors 
with different characteristics onboard different platforms. 
These multiple-source images must be co-registered before 
their synergistic use, and reliable image matching between 
them is a key step in this process.

Despite the milestone image-matching algorithm of SIFT 
(Scale Invariant Feature Transform) (Lowe, 2004), matching 
of multiple-resolution images is still an open problem that is 
actively being studied (Sedaghat and Ebadi, 2015). The prob-
lems are caused by the scale differences between the images, 
which have two consequences: (a) a failure to find matches, 
which is limited by the performance of the existing feature 
detectors and descriptors; and (b) a loss of matching accuracy, 
which is introduced in the sampling steps when matching 
images with different scales. A greater difference in scale 
between the images leads to more serious problems.

Lerma et al. (2013) presented a general workflow for 
multiple-resolution image matching that comprised two 
steps. The first step is initial matching between the images 
using SIFT-like descriptors, and the second is to locate initial 
matches at the sub-pixel level through the well-established 
least-squares matching (LSM) method (Gruen, 1985). Theoreti-
cally, LSM is fully invariant to affine deformations, which is 
a superset of the scale difference; however, in practice, LSM 
sometimes suffers from convergent issues when scale differ-
ence is larger than 30 percent. Furthermore, the nonlinear na-
ture of its solver means that it requires similar image quality 
or the solver will diverge (Gruen, 2012). The two drawbacks 
of LSM have limited its use in the scenario of matching of im-
ages with multiple resolutions, in which the scale differences 
of the images may be as much as 20-fold.

To surmount the widely acknowledged disadvantages 
of LSM described above for reliable matching of multiple-
resolution images, this paper presents a bound-constrained 
multiple-image LSM method that renovates the traditional LSM 
in two ways: (a) following previous work on improving the 
stability of LSM using bound constraints (Hu et al., 2016), with 
the information of image resolutions, we extend the bound 
constrained solver into multiple image matching by directly 
matching in the original image space rather than rectified im-
ages. The bound constraints enforce the affine parameters not 
to exceed a certain range with physical significance and thus 
increase the reliability of the iterative solver; (b) Instead of 
traditional pairwise formulation of the LSM, this method com-
bines all of the images (typically four images of two stereo 
pairs with different resolutions) into a single optimization. 
Using carefully designed parameter sets and the minimization 
formulation of LSM, we achieve both matching reliability be-
tween images of different resolutions and accuracies between 
images of the high resolution images at the same time.

The remainder of this paper is organized as follows. The 
next section presents a literature review of matching between 
images collected by different sensors and with multiple 
resolutions; followed by the revisits of the classical LSM and 
the bound-constrained multiple-image. Next, LSM is then Han Hu is with the Department of Land Surveying and Geo-
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presented for multiple-resolution image matching. The ex-
perimental results and analyses are presented, and a summary 
with concluding remarks completes the paper.

Related Works
Matching of features on different images is a fundamental 
topic in both the photogrammetry and computer vision com-
munities, and is generally decomposed into two separate 
steps: feature detection and feature description (Szeliski, 
2011). For example, the classical corner detectors, such as 
Moravec (Moravec, 1981), Foerstner (Förstner and Gülch, 
1987), and Harris (Harris and Stephens, 1988), are used for 
feature detection, and the raw pixel intensities in a template 
window are used for description and are then compared using 
normalized cross correlation (NCC) to find possible corre-
spondences. The major consideration for the detection step 
is repeatability (Remondino, 2006; Zhu et al., 2007), which is 
the ability to recall the same feature under various geometric 
and radiometric transformations and possible noise. From 
this nature, most feature detectors can be classified into two 
categories: corner detectors that detect by the cross section 
of contours (Tuytelaars and Mikolajczyk, 2008; Rosten et al., 
2010) and blob-like detectors that exploit the salient regions 
in the image (Lowe, 2004; Mikolajczyk et al., 2005; Bay et al., 
2008). In the subsequent matching step, the main concern is 
the distinctiveness of features (Carneiro and Jepson, 2005; 
Mikolajczyk and Schmid, 2005), which requires that the best 
match can be distinguished from the others by a large margin. 
This clue can also be adopted to find possible matches with 
the widely adopted ratio match (Lowe, 2004), as used in SIFT.

However, the classical corner detectors (Harris and Ste-
phens, 1988) and template window matches are sensitive 
to any geometric differences, such as scale differences and 
projective deformations (Szeliski, 2011). These geometric 
problems are generally handled in the detection step. The 
scale space theory was first proposed by Lindeberg (1993) us-
ing the Laplacian of Gaussian (LoG); it was extended to detect 
features that are stable in the scale space (Lindeberg, 1998) 
and also approximated using Difference of Gaussian (DoG) to 
accelerate the computation (Lowe, 2004). Both LoG and DoG 
are exploited in the linear scale space, and the same notion 
can also be exploited using nonlinear scale construction 
(Alcantarilla et al., 2012), which turns out to be more repeat-
able. The projective deformation is caused by the view point 
difference and can be approximated by the in-plane rotation 
or affine transformation. The rotation model requires only one 
parameter, i.e., the rotation angle; thus, the dominant orienta-
tion is detected by the gradient information and used to warp 
the local patch. This strategy is independent of the detection 
step and is widely used in many feature-matching methods 
(Lowe, 2004; Bay et al., 2008; Tola et al., 2010; Rublee et 
al., 2011; Alcantarilla et al., 2012; Ma et al., 2015). The af-
fine model should be approximated by the elliptical model. 
This means that the detector must obtain an elliptical region 
(Mikolajczyk and Schmid, 2002; Matas et al., 2004), rather 
than the general point with scale, so the affine invariant is 
dependent on the detectors and will sometimes decrease the 
repeatability (Lowe, 2004; Ma et al., 2015).

The above detectors retrieve repeatable points or regions 
across different images and can handle the geometric prob-
lem. To match the detected features, descriptors must be 
extracted. Raw pixel intensities are the most straightforward 
descriptors, and through the multiple-scale oriented patch 
scheme (Brown et al., 2005); they can be used to handle 
scale and rotation problems. However, the intensities are 
generally sensible to noise, and features derived from the 
local patch are commonly used in subsequent works. Histo-
gram of Oriented Gradients (HOG) (Dalal and Triggs, 2005; 

Chandrasekhar et al., 2009) is one of the most widely adopted 
feature transformation methods (Lowe, 2004; Mikolajczyk 
and Schmid, 2005; Bay et al., 2008; Tola et al., 2010). HOG 
is based on gradients of the local patch and thus is invariant 
to linear intensity variations. Furthermore, HOG uses the ac-
cumulated information in a local patch, so it is not sensitive 
to slight shifts caused by noise (Lowe, 2004). However, as 
described above, HOG-based descriptors are only invariant to 
linear intensity variations, and the performance will decrease 
for more complex illumination changes, such as specular 
reflections and exposures (Wang et al., 2016).

The methods mentioned above generally do not address the 
sub-pixel issue. To locate the correspondence at the sub-pixel 
level, LSM (Gruen, 1985) is the standard approach. However, 
classical LSM may suffer from problems with reaching conver-
gent solutions. To address this problem, several modifications 
have been made to the classical LSM. For example, Gruen and 
Baltsavias (1988) used epipolar information from multiple im-
ages, which constrains the image correlation to a local region 
around a single point intersected from multiple epipolar lines. 
However, their method requires known orientation parameters 
of the images, which is not as versatile as general image match-
ing. Remondino (2006) used elliptical geometric information 
derived from affine invariant detectors in the LSM optimiza-
tion as weighted observations to increase the stability of the 
nonlinear optimization. Yang et al. (2014) used information 
from SIFT detectors to establish homography transformation 
for establishing least squares optimization similar to LSM for 
improved affine adaption. However, the above method requires 
specific affine detectors, which have been proven to be inferior 
to other general detectors (Lowe, 2004; Rosten et al., 2010).

With respect to image matching of multiple images, there 
are generally two strategies and both constrained by epipolar 
geometry. The first is directly matching in the image space 
and the same affine parameter sets are optimized against 
a template image (Gruen and Baltsavias, 1988). The other 
strategy warped the images onto the putative object space and 
rectified the images into the same image size. The matching is 
then transformed into searching a patch in the object space, 
which achieved the best matching quality among all the im-
ages. To the best of our knowledge, the first work that adopt 
this strategy is the GC3 (Geometrically Constrained Cross Cor-
relation) (Zhang, 2005), which has been exploited for frame 
camera in both close-range (Barazzetti et al., 2010; Furukawa 
and Ponce, 2010) and aerial photogrammetry (Jiang, 2006) and 
further for general case with RPCs (Zhang et al., 2011; Ling et 
al., 2016). Despite the robustness of the above multiple image 
matching strategy, they required known exterior orientation 
parameters to geometrically constrain the search space and 
furthermore, because only one template is used for all refer-
ences, no results on images with large resolution difference, 
e.g., up to 20 folds in this paper, are reported previously.

The method proposed in this paper takes advantages of SIFT 
matching and uses it to obtain initial matches. For the subse-
quent sub-pixel matching, we extend existing bound con-
strained LSM framework (Hu et al., 2016) to multi-image match-
ing. And in order to achieve both robustness between images 
of difference scales and accuracies between images of the same 
scale, we directly matching in the original image space rather 
than the warped image as the original work (Hu et al., 2016).

Bound-Constrained Multiple-Image LSM  
for Multiple-Resolution Images
Overview of the Approach
Following previous works on using LSM to improve the 
matching quality (Barazzetti et al., 2010; Lerma et al., 2013; 
Hu et al., 2016), this paper also uses SIFT-like features as 
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initial matches and then exploits LSM to further refine the 
localization of the matches. However, in the case of multiple-
resolution image matching, the scale differences of images 
may be as high as 20-fold (e.g., the Mars satellite images used 
in the following experimental analysis). In this case, SIFT-
like matching, which is assumed to be scale invariant, will 
also fail if no extra strategy is adopted. Therefore, a two-step 
strategy is used in this method. The first step (upper part of 
Figure 1) is to identify the approximate overlapping region of 
the images based on the georeferencing information of the im-
ages and to down-sample the higher-resolution images to the 
same resolution as the lower-resolution images. SIFT matching 
followed by a RANSAC (Random Sample Consensus) (Fischler 
and Bolles, 1981) filtering process is then carried out to obtain 
initial matches. To obtain accurate matches, the second step 
of the bound-constrained multiple-image LSM (bottom part of 
Figure 1) is then carried out to refine the initial matches so as 
to obtain accurate sub-pixel matching results.

Initial Matching
Two major obstacles should be solved to establish initial 
matches. One is the scale difference between the images, 
which causes problems in feature extraction and matching, 
and the other is the spatial coverage difference between the 
images, which causes problems in the searching space during 
the matching process. Figure 2 shows examples of Mars im-
ages collected by two different sensors with different resolu-
tions and coverage. However, because both types of images 
cover the common local region, after registering to the same 
geolocation, they should reflect the same scale, as shown in 
Figure 2a. Thus the first step in the initial matching is georef-
erencing of the respective images.

In general, the satellite images are delivered together 
with metadata, including Rational Polynomial Coefficients 
(RPCs) and georeferencing information, from the vendor. The 
georeferencing information is commonly expressed by certain 
functional models (e.g., the affine transformation with six 
parameters) and encoded in the image headers. In this way, 
a direct relationship between the image coordinates (x, y) 
and the corresponding geographic coordinates (λ, ϕ) (λ and 
ϕ denote longitude and latitude, respectively) can be estab-
lished. Even in some rare cases in which the georeferencing 
information is not available, an initial georeferencing model 
can be established by manually selecting a few control points 
and fitting an affine model. In practice, four control points are 
sufficient with two redundant observations.

Using the georeferencing information, we could explicitly 
establish a one-on-one map between the image coordinates of 
the higher-resolution image (xh, yh) and the lower-resolution 
image (xl, yl) from the intermediate geographic coordinates (λ, 
ϕ). Because the higher-resolution image covers only a portion 
of the lower-resolution image, the coverage bounding box is 
estimated as a part of the lower-resolution image for initial 
matching. The initial georeferencing will not be perfectly accu-
rate, as indicated by the misalignment of the same terrain fea-
ture on different images as shown in Figure 2c; therefore, the 
bounding box is extended to account for the imperfections. For 
the images with a lower resolution, the subset in the bounding 
box is then clipped, and the images with a higher resolution 
will be down-sampled to the same resolution as the former.

After subset and down-sampling, the images from differ-
ent sources should have similar geometric properties; the SIFT 
(Lowe, 2004) detectors and descriptors are then extracted 
from the images, and the two nearest neighbors in the de-
scriptor space are searched using the approximate nearest 
neighbor method (Muja and Lowe, 2014). Cross checking is 
conducted to ensure that the correspondences are established 
uniquely. Because the epipolar geometry is not determined 
for push-broom satellite images, a more general homograph 
model is used as the geometric kernel for the RANSAC (Fischler 
and Bolles, 1981) outlier filtering. In fact, a recent variant of 
RANSAC, the AC-RANSAC (Moisan et al., 2012), which features 
automatic threshold determination and better inlier retrieval, is 
used in this study. After outlier removal, pairwise matches are 
then connected using a connection component algorithm, from 
which multiple-fold tie points are obtained among the multi-
ple-source images. In this paper, only the tie points matched 
on all images are selected, and a grid mask is adopted to ensure 
that the selected points are evenly distributed. Finally, the im-
age coordinates of the initial matches are inversely transformed 
to the original image space for further refined matching.

Bound-Constrained Multiple-Image LSM

Pairwise LSM
After obtaining the coordinates of the multiple correspon-
dences, a small patch centered around each point is extracted 
for LSM refinement. In order to reduce unnecessary parameters Figure 1. Framework of the approach.
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and improve the robustness of the least squares solver, the 
patches are all zero-meaned (Hirschmüller and Scharstein, 
2009) before LSM. And in this way, the parameters that control 
the linear intensity transformation are ignored. Pairwise LSM 
is then defined as a nonlinear optimization between the tem-
plate image I and the matching image I’, as the following mini-
mization of Sum of Squared Difference (SSD) (Hu et al., 2016):

 
min , ,

,x r c
I r c I r cΣ ′ ′ ′( ) − ( ) 

2

 (1)

where x = [a1, a2, a3, b1, b2, b3] is the unknown vector 
that contains the affine parameters, which is adopted by 
r ′ = a1c + a2r + a3′ c ′ = b1c + b2r + b3, and (r, c) are the pixel 
coordinates for row and column of the patches. In order to 
compute the matching cost and Jacobian for the linear solver, 
the image patches are geometrically rectified in each iteration 
using the affine parameters. Equation 1 can be linearized in 
the following matrix form:

 V = AX – L (2)

where V is the residual vector, X is the vector of incre-
mental corrections to the unknowns, and L is the vector of 

observations. A is the design matrix 
or Jacobian matrix, in which each 
row contains partial derivatives 
with respect to the unknowns for 
each observation. Given initial val-
ues of the unknowns, the incremen-
tal corrections to the unknowns 
can be solved iteratively, and the 
unknowns can finally be solved.

Because the observations are rel-
evant to the image space, the partial 
derivatives are related to the gradi-
ents of the image. During the itera-
tive solver, the solution may not be 
convergent for multiple-resolution 
image matching, as aforemen-
tioned. In the following section, we 
demonstrate a method to make the 
iterative solutions more stable and 
accurate by (a) adoption of multiple 
images in a single optimization to 
handle inaccurate initialization 
for high resolution images, and (b) 
incorporation of bound-constrained 
solvers for multi-image LSM.

Multiple-Image Formulation of LSM
For brevity, only the case with four 
images is described here, which is 
a common case for two stereo im-
age pairs with different resolutions. 
However, it is simple to extend the 
strategy to general cases of mul-
tiple images. The low-resolution 
image pair is denoted as l1 and l2, 
and the high-resolution image pair 
is denoted as h1 and h2. Similar to 
pairwise LSM, a template image is 
required, and the other three are 
matching images, each with a set 
of affine parameters. The template 
image is chosen by identification of 
the high-resolution image that has 
higher feature responses, denoted 
as h1 in the following description, 

which may also vary for different four-folded tie points.
In general, there should be C2

n pairs of observations for n 
images and thus six pairs for the studied two stereo pairs. In 
order to obtain better matching results between high-resolu-
tion images, different weights are assigned and in this case, 
the observations are separated to two groups balanced by a 
weight parameter. Given a specific matching window size w, 
the mathematic model for multiple-image LSM is defined as:
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where, for the left part, the matching cost involves both low-
resolution and high-resolution images, and xl1h1, xl2h1, and 
xh2h1 denote different sets of affine parameters for l1, l2, and 
h2, respectively. In fact, the template image also involves a fix 
parameter set xh1l1, which is related to the scale difference, 

Figure 2. Multiple-resolution images for initial matching: (a) Georeferenced low-
resolution image overlapped on a global DEM; (b) georeferenced high-resolution image 
overlapped on the low-resolution image; and (c) enlarged view of the border area. Note 
the imperfection of the georeferencing.
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in order to obtain the corresponding coordinates of Ih1(rh1, 
ch1). The arrow in the subscript describes the image relative 
to which the affine parameter is set. The r and c are the image 
coordinates in the template image, and those with subscripts 
are the image coordinates in the matching image after affine 
transformation. A special case is made for Ih2(rh2, ch2), which is 
propagated to l1 using both parameters of xh2h1 and xh1l1.

For the right part in Equation 3, the matching cost is 
related only to the high-resolution image pair h1 and h2. This 
part is included to ensure the matching accuracy between 
the high-resolution image pair in the LSM. In this case, the 
coordinates of Ih2(r ′h2, c ′h2) is only relevant to xh2h1. Another im-
portant component is the weight parameter λ, which balances 
the contributions from the fourth and fifth rows of the left 
part and the right part. In theory, λ is related to the precision 
of the observations and thus the image scale difference, but 
in practice, small variations of the parameters will produce 
similar results. Therefore, in this study, λ = 10 is used for all 
the experiments, which indicates five times importance of the 
matching cost of the two high-resolution images.

For the general case with N (N ≥3) images, the formulation 
of multi-image least squares optimization is similar to Equa-
tion 3. And the images with the highest resolution could be 
chosen as the template image. With respect to the unknowns, 
there should be N−1 sets of affine parameters and the param-
eters should connect incrementally to the lower resolution 

images, rather than against the same template image; other-
wise the matching between the higher scales are also down 
sampled. With respect to the observations, C2

n pairs of obser-
vations could be formulated at most. When matching between 
images with higher resolutions, the correspondence estab-
lished in the shifted position according to the affine param-
eters, as demonstrated in the right part of Equation 3.

The linearization of Equation 3 is similar to the classical 
LSM, except that the Jacobian matrix A contains more rows 
and is sparse because not all of the observations are corre-
lated. The values for the partial derivatives for each parameter 
are the same as with the classical LSM (Gruen, 1985). The 
structure of matrix A is shown in Figure 3. The top five rows 
in Figure 3 correspond to the left part of Equation 3. It can 
be noticed that the second and third observation blocks are 
relevant to only one parameter set, which is in fact identical 
to that of classical LSM, and performs in a manner similar to 
pairwise matching. However, for the remainder of the multi-
ple-image LSM, the parameters are correlated. The first row is 
responsible for the matching between l1 and l2, which involves 
two parameter sets. The fourth and fifth rows are responsible 
for matching h2 with l1 and l2, respectively. The last row is the 
matching between h1 and h2 and is directly conducted in the 
original image space of the high-resolution images.

After linearization of Equation 3, least-squares optimiza-
tion can be solved iteratively after providing initial values 
for all of the parameters. The selection of initial values are all 
selected as [0,1,0,1,0,0], which assumes no affine and shift 
transformation. This is because, for matching between a high 
resolution image and low resolution image, a hidden and 
fixed parameter set, xh1l1 as [0,s,0,s,0,0], is used to warp the 
high resolution image to the low resolution image space and s 
is the scale difference between the images.

Bound-Constrained Optimization
In the multiple-image LSM, the affine transformation models 
between different image combinations must be optimized for 
the local image patch of the matching window. In practice, 
if the unknowns of the LSM are not constrained, the iterative 
solver will generally converge to a reasonable result with 
scale differences as high as 15percent (Hu et al., 2016), and 
the appearance of the images after down sampling will be 
quite different to the original low resolution images. There-
fore, the bound constraints around the initial values of the af-
fine model are explicitly injected into optimization as follows:

min
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where i denotes the parameter set of the matching image 
i, a

–i
j and b

–i
j are the initial values of the affine parameters as 

described in the previous section, δk is the bound threshold. 
In practice, δ1 and δ2 account for affine transformation, and δ3 
accounts for the translation of the affine model.

In our previous study (Hu et al., 2016), we pre-rectified 
the images, and LSM was only conducted between the recti-
fied images. The unknowns of the affine parameters were thus 
constrained in a certain range around [0,1,0,1,0,0]. However, 
this strategy will not propagate the optimization to the origi-
nal image space when a large scale difference is encountered. 

Figure 3. Structure of the design matrix A in the multiple-
image LSM. Each column represents the parameter set 
responsible for each matching image. Each shaded block 
contains the values of the linearized partial derivatives. The 
size of the large shaded blocks is w2 × 6.
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In this paper, the optimization can reach the original high-
resolution images through the affine parameters, which also 
accounts for the scale difference. With the publicly available 
Levenberg-Marquardt solver (Lourakis, 2004; Agarwal and Mi-
erle, 2010), the sparse bound-constrained optimization prob-
lem can be solved as long as the matching cost and Jacobian 
matrix are evaluated. The other modification for the solver 
is to the early termination strategy. Because the numerical 
thresholds on the cost or gradient require many more itera-
tions after a reasonable result is reached, another strategy is 
also adopted with regard to the shifts of the template window 
(Hu et al., 2016).

Experimental Analyses
To evaluate the approach presented, two datasets are used for 
experimental analysis. The first dataset comprises two stereo 
pairs of satellite images collected on the surface of Mars 
at different resolutions. The second dataset comprises two 
stereo pairs of satellite images collected in Hong Kong. These 
two datasets represent different types of terrain surfaces; 
the former is relatively smooth and the latter has the large 
elevation variations that typify metropolitan regions. For the 
parameters used in the algorithm, the weight λ = 10 is used; 
the bound constraint δ1 = δ2 = 0.15 is enough for a skewness of 
about 20°; and δ3 = 1 pixel is used for translation, considering 
that the initial matches are filtered through RANSAC. For the 
termination threshold, the default numerical thresholds in 
the Levenberg-Marquardt solver are used, and the threshold 
on the maximum shift of the template window is set to 0.1 
pixels.

In this paper, the proposed multi-image LSM is compared 
to the initial matches using SIFT, matches refined with NCC 
localization, and classical LSM that sequentially conduct 
three pairwise matches. The comparisons are both evaluated 
using a standard similarity measurement, NCC, and through 
metric accuracies in 3D object space by independent inter-
sections and 2D back-projection residues, after a combined 
bundle adjustment. The evaluation workflow is illustrated 
in Figure 4. As shown in the workflow, only four-folded tie 
points are considered for evaluation, the points are matched 
and connected in the transformed images and re-projected to 
the original image space before evaluation. In order to unify 
the evaluation procedure, all the points are formatted by six 
parameters representing an affine transformation. It should 
be noted that for SIFT, it is just identity transformation with 
zero translation and for NCC localization, only the translation 
parts are changed. For the matching window size, a larger 
window will increase robustness, however the sub-pixel ac-
curacy may decrease and increase the risk to cross the object 
boundaries in the matching window for urban areas. In this 
paper, a matching window of 21 × 21 pixels is used for both 
NCC match and LSM optimization, which is empirically a good 
balance between robustness and accuracy and also the default 
window size for typical photogrammetry software systems.

Because the tie points generally only cover quite a small 
subset of the low-resolution images, for the bundle adjust-
ment, only the translation model in the image space are used 
as additional parameters for the RPCs, in order to improve the 
robustness of the adjustment. This simple adjustment model 
is considered to be enough to correct the inconsistencies for 
state-of-the-art satellite images (Fraser and Ravanbakhsh, 
2009). And because no ground truth data are used, one im-
age has to be fixed during the bundle adjustment, in order to 
remove the ambiguity of the null space of the solutions. After 
bundle adjustment, the discrepancies in 3D object space by 
photogrammetric intersection and the back-projection resi-
dues in the 2D image space are evaluated.

Experiments with Multiple-Resolution Mars Satellite Images
Two stereo pairs of images collected by the Context Camera 
(CTX) and the High-Resolution Imaging Science Experiment 
(HiRISE) camera, both onboard NASA’s Mars Reconnaissance 
Orbiter (MRO) orbiting Mars, are used for experimental analy-
sis. The CTX image pair has a spatial resolution of 6 m/pixel 
(Zurek and Smrekar, 2007), and the HiRISE image pair has a 
spatial resolution of 0.3 m/pixel (Kirk et al., 2008), a 20-fold 
resolution difference between the two types of images. The in-
trinsic parameters and exterior orientation (EO) parameters for 
both CTX and HiRISE images are known and can be retrieved 
from the Spacecraft, Planet, Instrument, C-Matrix, and Events 
(SPICE) kernels (Acton, 1996). For both the CTX and HiRISE im-
ages, level 2 products are used, which are radiometrical and 
geometrical calibrated, and should be considered the same lo-
cation accuracy because they are onboard the same platform.

Figure 5 shows an overview of the Mars satellite images 
and the matching results. The image-orientation parameters 
derived from the SPICE kernels are used for georeferencing of 
the images. Figure 5a shows the left image of the CTX stereo 
pair overlaid with the matched points. Figure 5b shows the 
left image of the HiRISE stereo pair overlaid with the cor-
responding matched points. From the distribution of the 
matched points, it can be seen that the HiRISE image covers 
only a small part in the middle of the CTX image. The right 
images of the CTX and HiRISE stereo pairs are not presented 
here because they show scenarios similar to those of the left 
images. Figure 5c shows the corresponding matches between 
the CTX and HiRISE images. The HiRISE image is scaled to the 
same resolution as the CTX image for better presentation. As 
indicated by the pattern of the lines connecting the corre-
sponding matches, no visible outliers are observed.

Figure 6 shows enlarged views of the images and match-
ing results. It can be seen that even though the appearances 
of the HiRISE and CTX images are quite different, as shown in 
Figure 6c and 6d, the proposed method can retrieve reason-
able matching results in this difficult case. As indicated in 
Figure 6e, the initial matches on the HiRISE stereo pair (yellow 
crosses) sometimes do not correspond well to each other; 
after bound-constrained multiple-image LSM, they have been 
located to the same feature position (cyan crosses). Although 
the SIFT key points are detected in the original image space, 

Figure 4. Evaluation workflow of the proposed LSM for multi-resolution image matching.
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and for the matching between high resolu-
tion images, the original SIFT descriptors 
are compared and matched. From Figure 
6d it could be noted that, although some 
initial features will not move very much 
during the LSM process; however, because 
matching between the low resolution 
images involves a much larger context, 
it is possible for incorrect key points to 
be connected to the same track by the 
connected components of the match-
ing graph, through the edges established 
between high resolution image and low 
resolution image, as shown in Figure 6e. 
However, these erroneous matches have 
been successfully adjusted to the corre-
sponding location during the multi-image 
LSM, because the proposed method is both 
aware of large and small contexts.

Turning to quantitatively evaluate the 
performance of the proposed method, we 
compare both the similarity measurements 
through NCC and metric measurements af-
ter bundle adjustment. As shown in Table 
1, for the four folded tie points, we com-
pare all the six possible matching pairs, 
and the average value is also recorded. 
For the NCC match, we only search a small 
window (10 pixels) around the initial tie 
points and for the high resolution im-
age; the scale difference should also be 
accounted. And the points obtained from 
NCC localization is used as initial matches 
for both classical LSM and the proposed 
LSM as described in Figure 4. For the clas-
sical LSM, the three sets of parameters as 
described in Equations 3 and 4 are refined 
sequentially, e.g., xl1→h1, xl2→h1 and xh2→h1, 
and for the proposed method, all the pa-
rameters are adjusted in a single optimiza-
tion. When LSM fails to converge, we resort 
to previous NCC points rather than ignore 
them, in order to make a fair comparison 
between all the methods. It can be noted 

Figure 5. 
Overview of the 
Mars satellite 
images and the 
matched results: 
(a) The left image 
of the CTX stereo 
pair overlaid 
with the matched 
points; (b) the 
left image of the 
HiRISE stereo pair 
overlaid with the 
corresponding 
matched points; 
and (c) the 
overlapping region 
of the CTX and 
HiRISE images with 
lines indicating 
the matches 
between them.

Figure 6. Enlarged views of the images and matched results for Mars dataset: (a) The CTX stereo pair (top left and bottom right 
images) at the original resolution of 6 m/pixel and the matched points; (b) the HiRISE stereo pair down-sampled to 6 m/pixel 
and the matched points; (c) a subset of the CTX stereo pair scaled to 0.3 m/pixel; (d) the same subset of the HiRISE stereo pair 
with the original resolution of 0.3 m/pixel; and (e) comparison of matches before and after LSM.
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that the proposed method has the best overall perfor-
mance over other competitors, especially for the image 
pairs that are not directly optimized by the classical LSM, 
namely h2-l1, h2-l2. This is because of the faint texture informa-
tion in the Mars dataset, and the classical LSM between h1-h2 
may be prone to overfitting, thus resulting in inferior matching 
quality. This also explained why the NCC values for classi-
cal LSM is even worse than that of the NCC localization for the 
fourth to sixth rows in Table 1. Furthermore, another finding is 
that for the pair of h1−l1 and h1−l2, the proposed method is also 
on-par with the classical LSM, even though that the classical 
LSM is a directly matching between the two images.

For the evaluation of metric capabilities, the original RPCs 
for the CTX and HiRISE images are fitted using least squares 
solver using the exterior orientation parameters and camera 
intrinsic information obtained from SPICE kernels for the MRO 
missions. In the bundle adjustment, the a priori standard 
deviations for image observations are 1 pixel and 20 pixels 
for the CTX and HiRISE images, respectively. In this setting, the 
standard deviation of unit weight has the same scale on the 
points measurements of CTX image. Both image reprojection 
and intersection errors are recorded. Because the reprojec-
tion errors do not have the same scale, they are separately 
recorded in two rows as shown in Table 2. There is a steady 
improvement through the adoption of NCC localization and 
LSM, which is consistent with previous works on close-range 
and aerial photogrammetry (Barazzetti et al., 2010; Lerma 
et al., 2013; Hu et al., 2016). Although classical LSM may 
also achieve good internal consistency between the two low 
resolution images, the inconsistency between the two high 
resolution images will also influence the final 3D reconstruc-
tion accuracy as shown in the right four columns of Table 2.

Experiments with Multiple-Resolution Satellite Images in Hong Kong
To further evaluate the proposed method, two stereo pairs of 
satellite images of a typical metropolitan region in Hong Kong 
were also used for experimental analysis. The stereo pair 
with low resolution was obtained by the camera aboard the 
Chinese ZY-3 satellite, which is a three-line CCD pushbroom 
sensor. The stereo images were obtained using the along-track 
stereo configuration by the forward-looking and backward-
looking CCD lines and have a resolution of approximately 
3.5 m/pixel for both images. The location accuracy without 
ground control points is less than 15 m. The convergence 
angle between the forward-looking and backward-looking im-
ages is about 44°. The stereo pair with a high resolution were 
obtained by the Pleiades-1 satellite. The stereo images were 
captured using the along-track stereo configuration by tilting 
the satellite. The stereo images have a resolution of about 0.5 
m/pixel for both sets of images, and the convergence angle 
between the stereo images is about 22°. The location accuracy 
without ground control points is 3 m according to the vendor.

Figure 7 shows an overview of the Hong Kong satel-
lite images and the matching results. The vendor-provided 

georeferencing information of the four image corners are 
used for georeferencing in this study. Figure 7a shows the 
georeferenced backward-looking image of the ZY-3 stereo pair 
overlaid with the matched points. Figure 7b shows the georef-
erenced backward-looking image of the Pleiades-1 stereo pair 
overlaid with the corresponding matched points. The Pleia-
des-1 mainly covers the island portion of Hong Kong. The for-
ward-looking images of the ZY-3 and Pleiades-1 stereo pairs 
are not presented here because they show scenarios similar 
to those of the backward-looking images. Figure 7c shows the 
corresponding matches between the ZY-3 and Pleiades-1 im-
ages, and no visible outliers are observed. It should be noted 
that the matches are mainly distributed along the coastal area 
and areas with a lower density of buildings for two reasons: 
(a) the mountainous areas will result in fewer features for 
matching because the textures are less distinctive; and (b) in 
the areas with dense high-rise buildings, feature matching suf-
fers from enormous occlusion problems and other difficulties, 
so fewer matches are obtained in these areas. Nevertheless, 
the obtained matches among the ZY-3 and Pleiades-1 images 
are already sufficient for their integrated use.

Turning to the detailed matching results, Figure 8 shows 
enlarged views of the images and matching results. It can be 
seen that the distribution of the matches corresponds well. 
A small skew difference can be seen from the images, and 
the affine model in LSM is able to handle the skewness well. 
Although, most initial matches only have small movements 
during LSM as shown in the bottom row of Figure 8d, Figure 
8e shows an example of incorrect initial matches due to the 
connection with low resolution images, as described above, 
that the locations of the matches after LSM on the Pleiades-1 
images have been shifted by about ten pixels.

For the evaluation of matching quality, Table 3 shows 
the NCC values for the four methods. Compared to the Mars 
dataset, because the scale difference is only seven times, other 
methods will also obtain relatively better matching quality 
for pair h1−h2 in the original image space due to better initial 
matching accuracy. And classical LSM is also available to in-
crease the matching quality because of better texture informa-
tion. And for the matching between different images, because 
the affine deformation is more severe as shown in Figure 8c 
and 8d, the NCC values are relatively lower. However, the 
proposed LSM still obtain the best overall performance with 
regard to NCC values. For the evaluation of the metric capa-
bilities, the vendor-provided rational polynomial coefficients 
of the satellite images are used for the bundle adjustment 
and only the two translation parameters on image space are 
estimated. In the bundle adjustment, the standard deviation 
of unit weight (σ0) is computed with a priori weight one pixel 
for the ZY-3 image and seven pixels for the Pleiades-1 image, 
respectively. Table 4 summarizes the evaluations after the 
bundle adjustment, which indicates about 10 percent im-
provements in the final 3D reconstruction consistencies.

Table 1. Comparison of similarity measurements 
by NCC for the four methods of the Mars datasets; 
the proposed LSM method has the best overall 
performance; the bold values indicated the best 
results for each pair.

Pair SIFT NCC
Classical 

LSM
Proposed 

LSM

l1– l2 0.894 0.914 0.967 0.967 
h1– l1 0.804 0.906 0.939 0.918 
h1– l2 0.765 0.865 0.932 0.914 
h2– l1 0.748 0.823 0.789 0.890 
h2– l2 0.786 0.860 0.806 0.916 
h1– h2 0.315 0.704 0.670 0.749 
Avg. 0.719 0.845 0.851 0.892 

Table 2. Comparison of the metric accuracies after bundle adjustment 
of the two stereo pairs; the top rows for RMS of pixels represent back 
projection errors on the CTX images and the bottom rows for HiRISE 
images; The proposed LSM method has the best overall performance; the 
bold cells denote the best values for each metric.

σ0

RMS x

(pixels)
RMS y

(pixels)
RMS

(pixels)
RMS X

(m)
RMS Y

(m)
RMS Z

(m)
RMS
(m)

SIFT 0.70 
0.47 0.55 0.73 

5.42 5.43 19.41 20.87 
9.38 14.92 17.62 

NCC 0.31 
0.21 0.32 0.38 

2.92 2.58 8.02 8.91 
4.22 4.30 6.02 

Classical 
LSM

0.28 
0.19 0.25 0.31 

2.37 2.52 5.60 6.58 
3.83 3.98 5.52 

Proposed 
LSM

0.25 
0.17 0.22 0.28 

2.10 2.37 5.34 6.21 
3.46 4.03 5.31 
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Figure 7. Overview of the satellite images in Hong Kong and the matched results: (a) The backward-looking image of the ZY-3 
stereo pair overlaid with the matched points; (b) the backward-looking image of the Pleiades-1 stereo pair overlaid with the 
corresponding matched points; and (c) the overlapping region of the ZY-3 and Pleiades-1 images with lines indicating the 
matches between them.

Figure 8. Enlarged views of the images and matched results for the Hong Kong dataset: (a) The ZY-3 stereo pair (backward-
looking image on the top and forward-looking image on the bottom) at the original resolution of 3.5 m/pixel and the matched 
points; (b) the Pleiades-1 stereo pair down-sampled to 3.5 m/pixel and the matched points; (c) a subset of the ZY-3 stereo 
pair scaled to 0.5 m/pixel; (d) the same subset of the Pleiades-1 stereo pair with the original resolution of 0.5 m/pixel; and (e) 
comparison of matches before and after LSM for an incorrect initial matches.
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Conclusions and Discussion
In this paper, a bound-constrained multiple-image LSM meth-
od is proposed for the reliable matching of images with dif-
ferent resolutions. The performance of the developed method 
was evaluated with various types of satellite images collected 
on Mars and in Hong Kong. The theoretical analysis and ex-
perimental validation convey the following conclusions.
1. Although SIFT-like features are assumed to be scale invari-

ant, in practice they may fail if they are used for images 
with relatively large scale differences, as indicated by the 
inaccurate initial matches in our experiments. For the 
standard SIFT and other SIFT-like detectors, when the scale 
difference of images is large, the scale space of the features 
may not overlap or only a few keypoints are detected 
within the overlap scales, which may lead to the failure of 
matching in a larger set of training descriptors.

2. The proposed LSM method is able to improve the stability 
and accuracy of multiple-resolution image matching by 
incorporating the bound constraint and multiple images in 
an integrated optimization framework, even in challeng-
ing cases with resolution differences as high as 20-fold. 
Misalignments at various levels between the 3D informa-
tion derived from different satellite images are observed in 
the experiments in this study, which are further calibrated 
or rectified using the matched points from the proposed 
method. The bound-constrained multiple-image LSM 
method has significance for the synergistic use of multi-
ple-source satellite images in various applications.
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