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a b s t r a c t
This paper presents a fast and accurate method for matching oblique aerial image pairs. In order to
achieve accurate matching results, we must consider viewpoint differences between the input images
in addition to rotation and scaling. Existing methods that match aerial image pairs with viewpoint differences undergo heavy computation and have diﬃculty ﬁnding correspondences. In this paper, we propose
a homography matrix evaluation method based on a geometric approach to increase the accuracy of image matching results. In addition, we achieve faster matching through an iterative transform simulation
that reduces computational complexity. Experimental results show that the proposed method improves
aerial image matching in terms of computational eﬃciency while achieving successful matching results.

1. Introduction
Due to the recent advances in aerial imagery, high-resolution
aerial images have become abundant, and are easily accessed and
acquired. Among the many applications that involve these highresolution aerial images is aerial image matching, which ﬁnds correspondences between an image pair that show the same area,
and transforms the pair with a common coordinate system. Previous studies on matching images having viewpoint differences include [1,2], and [3]. As a traditional matching approach, manual
annotation of Ground Control Points (GCPs) on aerial images as
correspondences requires human inspections [4]. Automatic image
matching methodology can be classiﬁed into two broader categories: intensity-based and feature-based methods. Intensity-based
methods include Normalized Cross Correlation (NCC) and Mutual
Information (MI). However, their matching performance degrades
if there are dissimilarities in input images [5], thus intensity-based
methods are not reliable for aerial image matching. Therefore, we
focus on feature-based methods. Feature-based matching is generally based on a Detect-Describe-Match (DDM) framework [6]. Instead of comparing whole images, salient regions around feature
points are automatically detected, and descriptor vectors are computed for the points. The closest pair of vectors is chosen, and their
corresponding points are matched. A ratio test is employed to increase the robustness of the matching result. If the ratio of the
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Euclidean distance from the closest neighbor to the Euclidean distance from the second closest neighbor is greater than 0.8, as proposed in [7], the nearest matching pair is regarded as a false match
and will be rejected. Finally, the RANSAC algorithm [8] is used to
ﬁnd a homography matrix that describes the geometric transformation between the input images.
Image features can be categorized into two groups: handcrafted
features and learned features. Deep learning has come to dominate the computer vision ﬁeld with excellent performance in various applications such as image classiﬁcation, image segmentation,
and change detection. Learned features can be extracted using Convolutional Neural Networks (CNNs) [9–11], or Siamese networks. A
Siamese network has two identical branches with the same structure and parameters, and is trained using a dataset of patches
such as Multi-View Stereo (MVS) dataset [12]. The output of such
networks can be either a similarity score between the two input
patches [13], or a feature vector that represents the input patch
[14]. A full framework [15], which combines detection, orientation,
estimation, and description was proposed, but was too slow and
not very effective when applied to aerial image matching. One of
the problems with learned descriptors is that a great number of
aerial images with manual annotations are required to train the
network for maximum performance. Choosing appropriate patches
from a whole image for CNN input is a challenging problem that
requires more research. [16] performed ultra-wide baseline aerial
image matching with the learned descriptor, but used small images
that contained only one or two buildings. A recent study [17] compared the performance of handcrafted and learned feature descriptors, concluding that the learned features do not outperform the
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Fig. 1. Framework of the proposed method. NCM is the number of correct matches, or the number of correspondences after RANSAC.

Fig. 2. Transform simulation of ASIFT. Both of the input images are aﬃne transformed, and every simulated image is compared using the SIFT descriptor.

Fig. 5. Distribution of the correspondences with respect to the angles (θ , φ ). Only
the shaded area is considered during the iterative transform simulation.

Fig. 3. Parameters from the aﬃne matrix A decomposition. The scene is viewed
from a camera placed high above the ground.

handcrafted features, and lack generality across different situations.
Therefore, we focus on the classical handcrafted features instead.
Among the various handcrafted descriptors [18–20], the Scale Invariant Feature Transform (SIFT) [7] is the most popular due to its
superior performance [21].
There are three diﬃculties involved in an aerial image matching task. First, aerial image pairs are usually multi-temporal, meaning that image difference from changing imaging conditions over
time can be observed. For example, shadows from clouds or local
changes such as new buildings or roads may give one area a dif-

Fig. 4. Sampling locations of the angles (θ , φ ). Only some of the angle locations are shown for simplicity.
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Fig. 6. Examples of simulated images. Upper row shows the original image with t = 1 and four simulated images with t =
t = 2.

√
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2. Lower row shows ﬁve simulated images with

Fig. 7. Cases of transform results from homography matrices, showing (a) reference image, (b) correct matching result, and (c), (d), (e) wrong matching results.

Fig. 8. Visual explanation of Eq. (9): Triangular area comparison to determine the relative location of a point p3 with a line segment p1 p2. The area of gray triangle
represents the ﬁrst term in Eq. (9), while the area of black triangle represents the second term in Eq. (9).
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Fig. 9. Examples of the datasets used in evaluation. (a), (d) The Graﬃti dataset. (b), (e) The Magazine dataset. (c), (f) The Adam dataset.

ferent visual appearance at different times. Multi-temporal conditions can change the pixel information in an unexpected way. This
can lead to wrong correspondences in the image-matching process,
which has not usually been mentioned in previous studies that
match the same scenes with viewpoint differences only. Second,
as aircraft with an on-board camera do not always ﬂy parallel to
the ground, oblique viewpoint can occur. Aircraft in ﬂight can rotate around three principal axes motion that is represented as roll,
pitch, and yaw. This rotation becomes a major challenge, especially
in urban areas where buildings exhibit different appearances depending on the point of view an image is taken from. Third, as
aerial images cover a wide area and include many objects, featurebased matching incurs a heavy computational cost. Even though
a very low number of feature points in an aerial image have correspondences in the ﬁnal matching result [22], a large number of
feature points are compared to ﬁnd correspondences based on the
extracted feature descriptors.
The goal of this paper is to overcome the challenges listed
above, and to present a method that performs faster yet accurate oblique aerial image matching. The main idea was inspired by
Aﬃne-SIFT (ASIFT) [23], which proposed a novel approach to transform simulation. We describe the details of ASIFT and the transform simulation in Section 2 and Section 3, respectively. The contribution of this paper is three-fold. First, we propose an iterative
transform simulation. Speciﬁcally, we stop the transform simulation if the maximal correspondence is found in order to reduce
unnecessary computations. Second, we evaluate the homography
matrix after RANSAC to prevent incorrect matching results. Lastly,
we present several experimental results to validate the proposed
methods. Using public datasets of [23] and [24], we prove the effectiveness of the iterative transform simulation and the homography matrix evaluation. In addition, a multi-temporal oblique aerial
image dataset is used to show the superiority of the proposed
method in terms of computation time. The entire framework of the
proposed method is summarized as Fig. 1.
The remainder of this paper is organized as follows. In
Section 2, we introduce SIFT-based approaches that match oblique
image pairs. In Section 3, we describe the iterative transform
simulation and the homography matrix evaluation, while in
Section 4 we present the experimental results and analysis. Finally,
in Section 5 we draw conclusions.

2. Related work
The SIFT descriptor is based on the Difference of Gaussian
(DoG) blob detector, and orientation assignment from the histogram of gradients. This makes SIFT invariant to the scaling and
rotation of images. However, SIFT descriptors are not fully aﬃne
invariant, and their matching performance degrades when significant viewpoint differences exist [21]. We review several existing
studies [6,23,25,26] that use SIFT descriptors to match oblique image pairs.
ASIFT [23] is a variant of SIFT designed to match images with
different viewpoints. ASIFT simulates the input images to cover every transformation within the aﬃne space, and then uses the SIFT
descriptor to compare and match the simulated images, as shown
in Fig. 2. This process is called transform simulation, as it imitates
various viewpoints to ﬁnd correspondences between images with
viewpoint differences. However, ASIFT suffers from high computational complexity, as it does not take into account the relationship
between the given images. In other words, ASIFT considers every
possible case of viewpoint differences.
Perspective-SIFT (PSIFT) [25] further extends the idea of transform simulation by ASIFT. PSIFT concentrates on matching aerial
images taken from low altitude. For low-altitude aerial images,
depth variation within a scene, such as one with high buildings,
is comparable to camera-ground distance. As this affects the accuracy of the matching result, authors of PSIFT doubled the transform
simulation range to overcome the distortion from severe viewpoint
differences. As a result, the computational complexity of PSIFT is
increased compared with ASIFT.
Iterative SIFT (ISIFT) [6] takes a different approach. Instead of
simulating the aﬃne space as ASIFT did, ISIFT is based on a twostep iteration. Initial correspondences between the input images
are found, and one image is simulated with the transformation
estimated from the initial correspondences. Then this transformed
image is matched again with the other image that was not transformed. Intuitively, the complexity of ISIFT is very low because exhaustive simulation as with ASIFT is not involved. One drawback
of ISIFT is that the algorithm fails if the initial correspondences are
not found, so it cannot overcome the limited aﬃne invariance of
the SIFT descriptor.
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with different viewpoints. This improved performance in terms
of matching accuracy compared with ASIFT, but only by a small
amount of 1%. In addition, [28] was tested with very small images that included only buildings, which is not a realistic setting
for practical applications in remote sensing imagery.
3. Methods
3.1. Concept of image matching
In this paper, we assume that a camera is placed high above
the ground to approximate high-altitude aerial images, and therefore the depth variation within a scene is negligible compared with
camera-ground distance. Furthermore, we consider two input images, labeled sensed image IS and reference image IR , that show
the same region, but have different points of view.
Projective transformation is a general model that deﬁnes the
geometric relationship between the two input images IS and IR .
Mathematically, a projective transform is represented as a 3x3
homography matrix H, which correlates the pixel coordinates of
sensed image xS and reference image xR . The matrix H can be
determined only if there are at least four matching-point pairs
{xR , xS }.

xS = HxR

(1)

The homography matrix H can be expressed with three parts:
A, p, and . A is the aﬃne matrix, p is the projective vector, and
 is the translation vector.
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As we assumed that the camera-ground distance is great
enough, the projective transformation H can be approximated with
an aﬃne matrix A using the ﬁrst-order Taylor formula [23]. Therefore, the projective vector p is not considered, reducing the number
of variables. The translation vector  can be ignored by assuming
that the camera axis meets the image plane at a ﬁxed point.
3.2. Iterative transform simulation
As shown in Eq. (3), the 2x2 aﬃne matrix A with a positive
determinant λt can be decomposed into several transform parameters using the Singular Value Decomposition (SVD) [23]: where
λ > 0 is the scale factor, angle ψ ∈ [0, 2π ] is the camera spin,
t = 1/cosθ is the tilt, and angle φ ∈ [0, π ) is the camera longitude.
Angle θ ∈ [0, π /2) is the camera latitude. The geometric interpretation of the aﬃne matrix decomposition is shown in Fig. 3.



A=λ
Fig. 10. Showing (a), (b) image pair #1, (c), (d) image pair #2, (e), (f) image pair #3,
and (g), (h) image pair #4 of the aerial image dataset. The left images in each pair
show oblique sensed images, while the right images show nadir reference images.
The image pairs are scaled equally to show the difference in size.

An approach that combines Multi-resolution Maximally Stable
Extremal Regions and SIFT (MM-SIFT) [26] uses the MSER regions
[27] to detect salient regions in images, and applies the SIFT descriptor to compare those regions. The elliptic MSER regions are
normalized into circular areas, leaving only scale and rotation differences between the areas to be matched. Since SIFT is scale and
rotation invariant, the circular areas can be compared using SIFT
descriptors. Overall performance was lower than with ASIFT, but
the authors focused on reducing computation by comparing the
MSER regions instead of whole images. [28] combined the MMSIFT and epipolar constraints to match low-altitude aerial images
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The SIFT descriptor is invariant to scaling and rotation within a
plane, so we focus on the two angles (θ , φ ) only. The transform
simulation samples various image transformations with angles θ
and φ . According to [23], the φ range of [0, π ) is large enough, by
changing φ into φ − π and ψ into ψ + π if φ exceeds π . Therefore, we use the φ range of [0, π ) deﬁned in ASIFT. There is a
trade-off in sampling frequency, as greater computation is required
for dense angle positions, but these positions ensure a more precise match. In [23], t and φ are determined and validated experimentally as follows:

t = 1/cosθ = [1,

√
√
√
2, 2, 2 2, 4, 4 2]

(4)
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Fig. 11. Examples of matching the Graﬃti, Magazine, and Adam datasets using the proposed method, from top to bottom. Green lines represent correspondences between
the images.

The sampling locations are illustrated as Fig. 4. As the tilt t
is increased, φ sampling becomes denser to cover more extreme
viewpoint differences.
To summarize, t is multiplied with a ﬁxed
√
number of 2 for each step, while φ = 72◦ /t, which depends on
the current t value. There are a total of 43 transform simulations
according to the range of Eq. (4) and (5).
The iterative transform simulation proposed in this paper improves ASIFT in terms of the computational cost. ASIFT speeds up
with a two-resolution procedure to compensate for increased computations. Initial matching is performed using downsampled images, and the ﬁnal matching result is then acquired from simulating only the top ﬁve transforms with the original images that
yielded the largest number of correspondences during the initial
matching. However, this two-resolution approach is not feasible for
aerial image matching. Downsampling an image discards its pixel
information. Due to a very low Number of Correct Matches (NCMs),
or correspondences between aerial image pairs, it is even more difﬁcult to ﬁnd matches between low-resolution images. This will result in failure at the initial matching stage.
Instead, we focus on the fact that ASIFT does not consider the
distribution of the NCM with respect to the angles (θ , φ ). Even
if the viewpoint difference is small, ASIFT compares every simu-

lated image. The proposed iterative simulation compares the maximum NCM of the current t-value and the maximum NCM of previous t-values. The whole process is continued until the maximum
NCM of the current t-value is larger than those of the previous tvalues. Fig. 5 shows that only the shaded part of the t − φ space
is considered during the iterative transform simulation process.
Fig. 6 shows an example of the transform simulation. As the tilt
angle is increased, the image becomes narrower, and fewer feature
points are extracted. Notice that longitudinal rotation of an image
φ is different from ψ -rotation that preserves the image shape.
In order to verify the computational gain from adopting the
iterative transform simulation, we perform a complexity analysis
against ASIFT. The complexity of image matching can be expressed
as a summation of two terms: feature computation time tcompute
and feature comparison time tcompare . Both terms are multiplied by
the input image area. This is trivial because more feature points
are extracted as the image size is increased. Following [23], the total input image area A(nt ) can be calculated as:

A(nt ) = 1 + (nt − 1 )

180◦
= 13.5
72◦

(6)

where nt = 6 for ASIFT, representing the number of tilt angles t.
The two-resolution procedure of ASIFT is not used for the sake of
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Fig. 12. Elapsed time, NCM, and MP graphs of the Magazine and Adam datasets using the proposed method.

presenting a fair comparison. Hence the total complexity of ASIFT
is:

tASIF T = 13.5×tcompute + 13.52 ×tcompare

(7)
13.52

The second term of Eq. (7) is multiplied by
because both
images are simulated. For the proposed method, the constant value
of 13.5 becomes A(nt ) because nt is now a variable. Therefore, the
total complexity of the proposed method is expressed as:

t proposed = A(nt )×tcompute + A(nt )×tcompare

(8)

In Eq. (6), the total input image area A(nt ) is proportional to nt ,
and is smaller or equal to 13.5 because nt ≤ 6. Therefore Eq. (8) is
always smaller than Eq. (7), or tproposed < tASIFT . This means that the
proposed method has a lower computational cost than ASIFT. If
there is a small viewpoint difference between the two images, nt
decreases, and so does Eq. (8). The proposed method simulates the
reference image only, but even if both of the images are simulated,
A(nt )2 is smaller or equal to 13.52 , so the complexity of the proposed method is still less than ASIFT. The effect of decreased nt
becomes powerful for images with small viewpoint differences.
3.3. Homography matrix evaluation
As discussed earlier, the NCM is very low when matching aerial
images with temporal differences and distortions from viewpoint
differences. The transform simulation relies only on the NCM to
solve the homography matrix H, and this could lead to wrong
matching results. Matching failures during the iterative transform

simulation should be ﬁltered out in order to have a desirable result. Fig. 7 represents appropriate and inappropriate cases of transform results, showing the shape of transformed images. We note
that the appropriate homography matrix does not guarantee a successful ﬁnal matching result. This procedure is designed to remove
evident failure cases from inappropriate homography matrices, and
only the remaining success cases are compared using the NCM to
produce the ﬁnal matching result.
Fig. 7(a) is a test rectangle ABCD having the same size as the
reference image. By examining the shape of the transformed quadrangle A B C D , we can ﬁlter out the inappropriate homography
matrices. Such cases represent situations that can never happen
with viewpoint differences. Fig. 7(c) shows a twisted quadrangle, and Fig. 7(d) represents a concave quadrangle. Fig. 7(e) is a
collinear case, which we will explain later in detail. To summarize, failure cases represent the situations where four vertexes of
the quadrangle A B C D are not on the same plane. In contrast,
Fig. 7(b) represents a success case.
The criteria for evaluating the homography matrix H is identifying whether two diagonal lines of quadrangle A B C D , AC  and
B D , intersect. This is equivalent to checking if two vertexes, either
{B , D } or {A , C }, lie on the same or different sides of a diagonal
line, AC  or B D respectively. The relative location of the two vertexes determines if the two diagonal lines intersect. We have proposed a novel algorithm based on these observations to evaluate
the homography matrix with the coordinates of the four vertexes
{A , B , C , D }. Determining the relative location of a point p3 from
a line segment p1 p2 is equivalent to comparing the area of two
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Fig. 13. NCM graphs during the transform simulation of matching the Adam dataset. The tilt angle of each sensed image is (a) −80◦ (b) −75◦ (c) −65◦ (d) −45◦ (e) 45° (f)
65° (g) 75° (h) 80°. Black and white bars represent success and failure cases from the homography matrix evaluation respectively.

triangles that are formed by the three points of {p1, p2, p3}, as
shown in Fig. 8. Our homography matrix evaluation algorithm is
based on a function having the coordinates of the three points {p1,
p2, p3} as input, formulated as Eq. (9). Term p2.x represents the
x-coordinate of point p2, and p1.y represents the y-coordinate of
point p1.

f ( p1, p2, p3 ) = ( p2.x − p1.x )( p3.y − p1.y )
−( p3.x − p1.x )( p2.y − p1.y )

(9)

We check only the sign of function f, not its absolute value. If
the signs of f(B , D , A ) and f(B , D , C ) are different, this means
that the points A and C are on the opposite side of B D . In
Fig. 7(c), AC  and B D do not intersect, and we must also check
if the points B and D are on opposite sides of AC  by calculating
f(A , C , B ) and f(A , C , D ).
Compared to the proposed method, calculating the slope of two
diagonal line and comparing them for checking whether two line
segments intersect is very simple. However, it may fail in cases
where the lines are nearly vertical. This is because the difference of
angles can be tiny while the difference of slopes is enormous. Furthermore, [29] detects collinear segments by using Hough Transform for collinear segment detection. Compared to [29], our proposed method has the advantage that it recognizes the collinear
case without complex calculations.
Further details are shown in Algorithm 1 , which checks
whether AC  and B D intersect, and if so, whether the intersection is one of the four vertexes. Epsilon  in Algorithm 1 is a very
small positive number because in practice, Eq. (9) cannot be zero
with ﬂoating-point coordinates of {A , B , C , D } as input. To summarize, Algorithm 1 provides a hard-assignment to ﬁlter out unrealistic matching results, although it does not evaluate the quality of

Algorithm 1: Homography matrix evaluation.
Input : Homography matrix H, size of IR (width,
height)=(w,h)
Output: Boolean value indicating the result of evaluation
Transform four points
{A, B, C, D} = {(0, 0 ), (0, h ), (w, h ), (w, 0 )} into a point set of
{A , B , C  , D } with H// check if points B and D lie on the
same or different side with respect to AC  Calculate
d1 = f (A , C  , B ) × f (A , C  , D ) where f ( p1, p2, p3 ) is deﬁned
as:// determine if p3 is in left, right, or on line p1 p2 if
( p2.x − p1.x )( p3.y − p1.y ) − ( p3.x − p1.x )( p2.y − p1.y ) > 
then
return 1
else if
( p2.x − p1.x )( p3.y − p1.y ) − ( p3.x − p1.x )( p2.y − p1.y ) < −
then
return −1
else
return 0
end
// check if points A and C  lie on the same or different side
with respect to B D Calculate d2 = f (B , D , A ) × f (B , D , C  )
where f ( p1, p2, p3 ) is same as above if d1 == −1 and
d2 == −1 then
// AC  and B D intersects: Appropriate return True
else
// wrong homography: Inappropriate return False
end
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Fig. 14. NCM graphs during the transform simulation of matching the Magazine dataset. The tilt angle of each sensed image is (a) 10° (b) 20° (c) 30° (d) 40° (e) 50° (f) 60°
(g) 70° (h) 80°. Black and white bars represent success and failure cases from the homography matrix evaluation respectively.

the matching result. In Algorithm 2 , the iterative transform simulation also executes the homography matrix evaluation process in
order to ﬁlter out inappropriate homography matrices.
3.4. Relationship between ASIFT and the proposed method
We compare the proposed method against ASIFT in various
aspects and summarize them as Table 1. For example, the proposed method simulates the reference image only, while not simulating the sensed image. The number of simulations in ASIFT is
much more than that of the proposed method, since the proposed
method only simulates the reference image. The number of simulations in the proposed method is far fewer than that of ASIFT.
The proposed method simulates the reference image only, but the
reduced number of simulations is also due to stopping the iterative transform simulation early. Our proposed method checks for
errors during the homography matrix evaluation step, but ASIFT
relies only on the NCM. This can be misleading if the overall NCM
is very low due to viewpoint and temporal differences, as will be
discussed in Section 4.
4. Experiments
4.1. Dataset and performance metrics
We conduct three experiments to evaluate the performance of
the proposed image matching framework. For these experiments,
various datasets are used. Examples of the Graﬃti, Magazine, and
Adam datasets are displayed in Fig. 9. The Graﬃti dataset from

Algorithm 2: Iterative transform simulation.
Input : Two images IR , IS
Output: Homography matrix H
N is an array of NCM, M is an array
of√the homography
√
√
matrices for t = (1/cosθ ) = [1, 2, 2, 2 2, 4, 4 2] do
Nt is an array of NCM for current t-value only for
2π
πt
φ = [0, bt , 2tb , ..., mb
t ]with b = 5 and m = b do
Homography matrix H, NCM from RANSAC// evaluation
of matrix H with Algorithm 1 if H is appropriate then
N←
− NCM, Nt ←
− NCM, M ←
−H
else
N←
− 0, Nt ←
− 0, M ←
− [0]
end
end
// stop the transform simulation if NCM reaches its
highest value: comparing the maximum NCM of the
current t-value and the maximum NCM of previous
t-values
if max(N ) > max(Nt ) then
break
end
end
// the result is the homography matrix from (t, φ ) angles
that produce the most probable viewpoint difference
between the two images
return H from M corresponding to NCM = max(N )
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Fig. 15. NCM graphs during the transform simulation of matching the four pairs of images in the aerial image dataset. Black and white bars represent success and failure
cases from the homography matrix evaluation respectively.

Table 2
Size of images in the aerial image dataset.

Table 1
Comparing ASIFT and the proposed method.

Simulate the reference image
Simulate the sensed image
Number of simulations
Computational cost
Checking for error

ASIFT

Proposed

Yes
Yes
Many
Very high
No

Yes
No
Few
Low
Yes

Mikolajczyk et al. [24] contains six images of the same wall grafﬁti scene with an image size of 600x450 pixels, taken from various viewpoints. The Magazine and Adam datasets are from Morel
and Yu [23], and in images of size 600x450 pixels, only the tilt
angle varies. The Magazine dataset shows a magazine front cover
with increasing tilt angles of {0°, 10°, 20°, 30°, 40°, 50°, 60°, 70°,
80°}. The Adam dataset shows a painting with various tilt angles
of {−80◦ , −75◦ , −65◦ , −45◦ , 0◦ , 45◦ , 65◦ , 75◦ , 80◦ }. The negative tilt
angles correspond to the images taken from the opposite side, as
shown in Fig. 9(f).
The aerial image dataset contains four pairs of images that contain viewpoint differences. We combined oblique images from Nex
et al. [30] and nadir images from Google Earth1 to create multitemporal pairs with viewpoint changes, taken in different date and
time that show the same area of Dortmund, Germany. The original images of Nex et al. [30] were downsampled, because the
resolution was too high compared with the Google Earth images.
Fig. 10 displays the aerial image dataset, and the size of images in

1

Image data from DigitalGlobe, GeoBasis-DE/BKG, and GeoContent

Image
Image
Image
Image

pair
pair
pair
pair

#1
#2
#3
#4

Oblique image (pixel)

Nadir image (pixel)

160 0x120 0
1024x768
1024x768
935x768

1024x726
1369x1397
1493x1301
1852x1565

the dataset are presented in Table 2. In this experiment, we chose
oblique images as the sensed images, and nadir images as the reference images.
For quantitative analysis, performance metrics are required. We
use two metrics in this paper: Number of Correct Matches (NCMs)
and Matching Precision (MP). The NCM is the total number of
correctly-matched feature point pairs, or correspondences after
RANSAC. The MP is the ratio between the NCM and the Number
of Matches (NMs). The NM includes both inlier points and outlier points from RANSAC. The MP measures the ratio of correspondences that contribute to the ﬁnal result; thus, denoting the quality of the matching results. We did not use Root Mean Squared Error (RMSE) for evaluation because RMSE needs manually-selected
GCP coordinates on images, which is a subjective measure. RMSE
is deﬁned as the square root of mean square error from the homography matrix.
4.2. Performance of the iterative transform simulation
The ﬁrst experiment evaluates the iterative transform simulation. We used the Graﬃti, Magazine, and Adam datasets to
compare the average elapsed time with ASIFT. The results are
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Fig. 16. The sensed image, the reference image, and its matching result of (a) image pair #1, (b) image pair #2, (c) image pair #3, and (d) image pair #4 using the proposed
method. The matching results and input images are enlarged for visualization.
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Fig. 17. The reference images of (a) image pair #1, (b) image pair #2, (c) image pair #3, and (d) image pair #4, enlarged for visualization.

Table 3
Comparing the average elapsed time for the Graﬃti, Magazine,
and Adam datasets using ASIFT and the proposed method.
Matching method

Graﬃti (s)

Magazine (s)

Adam (s)

ASIFT
Proposed

42.02
22.22

15.61
4.91

0.79
1.52

shown in Table 3. Both ASIFT and the proposed method matched
the same sets of images, using a frontal view image as the reference image and oblique images as the sensed image. All experiments in this paper are performed on an Intel quad-core PC with
16 GB RAM. ASIFT did not use the two-resolution procedure as in
the original study, but has utilized multiprocessing to speed up the
calculation.
The proposed method matched the Graﬃti and Magazine
datasets faster than ASIFT about two times faster for the Graﬃti
dataset and about three times faster for the Magazine dataset as
shown in Table 3. However, for the Adam dataset, ASIFT performed
the matching faster than the proposed method. This is because
only a small number of feature points are extracted from images
in the Adam dataset, which show a simple painting in the center with a blank background. For aerial images with many feature
points, increased processing speed by using the proposed method
becomes more probable.
For the Magazine and Adam datasets, we present a detailed
analysis for various tilt angles of oblique images. Fig. 11 shows
matching result examples for each dataset. Correspondences between an image pair are connected with green lines. Fig. 12 shows

graphs of elapsed time vs. tilt angle, graphs of the NCM vs. tilt angle, and graphs of the MP vs. tilt angle.
For the Adam dataset, the elapsed time did not have any correlation against tilt angles, except with an image with a large tilt angle of −80◦ , because the iteration of the transform simulation continued until the end to ﬁnd a correct result. In contrast, the effect
of stopping the transform simulation within the elapsed time is
evident with the Magazine dataset. This is also due to a low number of feature points extracted from the Adam dataset compared to
the Magazine dataset. For smaller tilt angles, the transform simulation is terminated early because the NCM peak is reached with
a smaller tilt angle. The average MP of the Magazine dataset is
87.98%, while the average MP is 84.45% for the Adam dataset. No
correlation between the MP and tilt angle is observed, meaning
that the performance of the proposed algorithm did not degrade
due to extreme viewpoint differences.

4.3. Performance of the homography matrix evaluation
The second experiment demonstrates the effectiveness of the
homography matrix evaluation step using the Adam dataset,
the Magazine dataset, and the aerial image dataset. First,
oblique images in the Adam dataset with various tilt angles
of {−80◦ , −75◦ , −65◦ , −45◦ , 45◦ , 65◦ , 75◦ , 80◦ } are matched to a
frontal view image. During each case of the transform simulation, the NCM is displayed as eight bar graphs in Fig. 13, from (a)
to (h) respectively. The y-axis represents the NCM, while the xaxis is the order of the iteration during the transform simulation
within the range and the order of Eqs. (4) and (5). For example, in
Fig. 14(f), the black bars represent success cases resulting from the
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homography evaluation from Section
Starting from
√ 3.3. √
√ left, the
ﬁrst
10
bars
represent
(t,
φ
)
=
(1,0),
(
2
,
0),
(
2
,
50.91),
(
2,101.82),
√
( 2,152.74), (2,0), (2,36), (2,72), (2,108), (2,144),
respectively.
The
√
largest black bar corresponds to (t,φ )=( 2,101.82) in Fig. 14(f),
which is compared to the maximum NCM value in the next tvalue of 2. If Max(NCMt=2 ) < Max(NCMt=√2 ), the iteration process
√
is stopped. The stopping condition means that the t-value of 2
produces the match with the most NCM, therefore stopping the iterative simulation process. Failure cases are not considered when
comparing the NCM, as shown in Algorithm 2. Zero in the NCM
graph means that the homography matrix was not found because
the NCM was below 4. We note that for the case of Fig. 13(h) in
the Adam dataset, the transform simulation was terminated early
because SIFT feature points were not detected for large tilt angles
during the transform simulation.
Fig. 13 indicates that excessively large tilt angles during the
transform simulation yield a very low NCM, which are also removed by the homography matrix evaluation. After stopping the
transform simulation, the NCM is employed to pick one homography matrix for the ﬁnal matching result. For the cases of Fig. 13(a)
and (h), most of the transform simulation cases are removed by
the homography matrix evaluation, because they will result in a
match failure. Due to the very low NCM in general, success cases
do not form a peak in the NCM distribution, and show that the
homography matrix evaluation step is effective. For example, in
Fig. 13(a), the result would be wrong if the homography matrix
evaluation were not employed because a true matching result does
not produce an NCM peak. This is mainly due to the extreme viewpoint differences, and even the same objects in the image pair are
severely distorted. Matching such images can induce wrong correspondences, but we can ignore the failure cases with the homography matrix evaluation.
For the Magazine dataset, oblique images with various tilt angles of {10°, 20°, 30°, 40°, 50°, 60°, 70°, 80°} are matched to a
frontal view image. The corresponding eight NCM graphs are displayed in Fig. 14, from (a) to (h) respectively.
In Fig. 14, the NCMs from the Magazine dataset form a global
peak, similar to the Adam dataset. For the case of Fig. 14(h) with
the tilt angle of 80°, most of the transform simulation cases are
regarded as failure cases. This is important because it illustrates
that iteration of the transform simulation did not stop at a small
initial peak, and instead looked for the global maximum.
Fig. 15 shows the NCM distribution during the transform simulation of matching four aerial image pairs. Black-colored bars represent the success cases from the homography matrix evaluation,
while white-colored bars represent the failure cases. The homography matrix evaluation is able to ﬁlter out the failure cases with
a high NCM. Compared to the Adam and Magazine datasets, the
NCMs do not form a signiﬁcant peak.
The iterative transform simulation ignores the failure cases with
the homography matrix evaluation. As described in Algorithm 2,
the iterative transform simulation process is terminated with the
NCM. Since failure cases result in a zero NCM, faster computation
from exiting the loop at the right tilt angle is possible.

4.4. Test with the aerial image dataset
The last experiment matches the four aerial image pairs shown
in Fig. 10. We have replaced the original SIFT descriptor in our proposed method with RootSIFT [31] for much better results in terms
of NCM. RootSIFT uses L1-normalization and square-root to improve the matching performance of the SIFT descriptor.
The elapsed times of each image using the proposed method
compared to the ASIFT without the two-resolution procedure and
simulating only the reference image are shown in Table 4. We
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Table 4
Comparing the elapsed time for the aerial image dataset using
ASIFT and the proposed method.
Image pair #1

Image pair #2

Proposed (s)
ASIFT (s)
48.67
65.45 (Fail)
Image pair #3
Proposed (s)
ASIFT (s)
44.96
71.17 (Fail)

Proposed (s)
ASIFT (s)
49.26
83.50 (Fail)
Image pair #4
Proposed (s)
ASIFT (s)
51.84
71.33 (Fail)

Table 5
Comparing NCM and MP when matching the aerial image dataset with ASIFT and the proposed method.

Method
NCM
MP
Method
NCM
MP

Image pair #1

Image pair #2

Proposed
ASIFT
24
88
0.189
0.003
Image pair #3
Proposed
ASIFT
30
122
0.059
0.003

Proposed
ASIFT
35
71
0.057
0.003
Image pair #4
Proposed
ASIFT
127
133
0.139
0.003

Table 6
Comparing the elapsed time for the aerial image dataset
using ASIFT with two-resolution approach and the proposed method.

Proposed
ASIFT
Proposed
ASIFT

Image pair #1 (s)

Image pair #2 (s)

44.96
19.50 (Fail)
Image pair #3 (s)
9.07
2.05 (Fail)

28.17
5.07 (Fail)
Image pair #4 (s)
18.14
3.98 (Fail)

denote Fail as matching failure, where a correct matching result
could not be presented.
Fig. 16 presents the matching results of the aerial image dataset
using the proposed method, transforming the sensed images to
show the correspondence with the reference images. For each pair,
a sensed image, a reference image, and the matching result is
shown from (a) to (d). The proposed method was able to produce
correct matching results signiﬁcantly faster. From Table 5, ASIFT
has a greater NCM than the proposed method. However, the performance of ASIFT is signiﬁcantly degraded in terms of the MP.
This means that although ASIFT ﬁnds more correspondences, this is
due to the considerable amount of calculation that compares more
feature points, and most of the matches are removed as outliers
with the RANSAC algorithm. To summarize, the proposed method
achieves successful matching results eﬃciently with much less calculation.
In addition, the two-resolution procedure was implemented for
fair comparison with the proposed method. We performed experiments based on the reference images shown in Fig. 10. In this case,
ASIFT with the two-resolution procedure only failed in matching
the image pair #1. Thus, to show the problem of ASIFT using the
two-resolution procedure on aerial images, we used new reference
images that have more extreme scale and viewpoint changes as
shown in Fig. 17. We applied downscaling with factor of 3, resizing
the original input image to 1/9 as in the ASIFT paper. The elapsed
time of each downscaled image using the two-resolution procedure compared to the proposed method is shown in Table 6. Again,
we denote Fail as matching failure. Although the two-resolution
procedure was adopted for decreasing computation time, we found
that it produced wrong results when matching the new aerial image pairs.
Lastly, we show the matching failure case using the proposed
method. The selection of the sensed image and the reference image
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Fig. 18. A matching failure case using the proposed method showing (a), (b) an aerial image pair, (c) matching success using image (a) as the reference image, and (d)
matching failure using image (b) as the reference image.

is important since the proposed method simulates the reference
image only. Matching failure may happen if the order of the input images is switched. In such cases, we must perform the whole
simulation process twice, by testing each of the two input images
as a reference image. Fig. 18 shows two matching results using another aerial image pair. In addition, severe non-linear illumination
differences in input aerial images from using different sensors can
reduce the performance of the proposed method, and result in too
few correspondences between the input images. This is due to the
limited invariance of SIFT descriptors against severe illumination
differences.
5. Conclusion
In this paper, we proposed an eﬃcient method for matching oblique aerial images, which can be divided into the iterative
transform simulation and the homography matrix evaluation. First,
the iterative transform simulation reduces calculation by stopping
the simulation loop if the NCM peak is found. This is more effective for aerial images having many feature points, as feature computation and comparison are the main factors of computational
complexity in image matching. Second, the homography matrix
evaluation algorithm based on a geometric approach ﬁlters various failure cases that may occur during the matching process.
The experimental results prove that the iterative transform simulation and the homography matrix evaluation are effective. The
proposed method show a large gain in speed while achieving successful matching results using oblique aerial images. In this paper,
we empirically verify the NCM peak in the process of the iterative
simulation algorithm by using public datasets. For our future work,
we would like to perform our experiments in signiﬁcantly larger
datasets for safe conclusion regarding the iterative simulation algorithm. For the homography matrix evaluation, it provides a way
to ﬁlter out unrealistic matching results. In addition to this ﬁltering method, we will develop algorithms for quantitative evaluation
of the matching quality in our future work.
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