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ABSTRACT:

Mountainous remote sensing images registration is more complicated than in other areas as geometric distortion caused by
topographic relief, which could not be precisely achieved via constructing local mapping functions in the feature-based framework.
Optical flow algorithm estimating motion of consecutive frames in computer vision pixel by pixel is introduced for mountainous
remote sensing images registration. However, it is sensitive to land cover changes that are inevitable for remote sensing image,
resulting in incorrect displacement. To address this problem, we proposed an improved optical flow estimation concentrated on post-
processing, namely displacement modification. First of all, the Laplacian of Gaussian (LoG) algorithm is employed to detect the
abnormal value in color map of displacement. Then, the abnormal displacement is recalculated in the interpolation surface
constructed by the rest accurate displacements. Following the successful coordinate transformation and resampling, the registration
outcome is generated. Experiments demonstrated that the proposed method is insensitive in changeable region of mountainous
remote sensing image, generating precise registration, outperforming the other local transformation model estimation methods in

both visual judgment and quantitative evaluation.

1. INTRODUCTION

Image registration is an alignment processing, which matches
two or more images taken by the same or different sensors from
different periods, the same/different angles of view about the
same scene (Wong and Clausi 2007). As a fundamental
preprocessing, it plays a significant role in remote sensing
image applications, like image fusion (Shen et al. 2016), image
mosaic (Li et al. 2015), multi-temporal image analysis (Zeng et
al. 2013) and so forth. The conventional registration algorithms
are always classified into two categories, including feature- and
area-based algorithm.

The study on area-based method mainly focuses on similarity
metric construction, such as cross correlation (CC) (Martinez et
al. 1999), the mutual information (MI) (Johnson et al. 2001),
the normalized cross coefficients (NCC) (Hel-Or et al. 2011),
etc. These methods make full use of the intensity information
and achieve high registration accuracy whereas they have weak
ability to handle large deformation between reference and
sensed image. As for the feature-based method, more attention
is put on the feature extraction and mismatched feature
elimination. Taking the feature point as an example, Uniform
robust SIFT (UR-SIFT) (Sedaghat et al. 2011), scale restrict
SIFT (SR-SIFT) (Yi et al. 2008), speed-up robust feature
(SURF) (Bay et al. 2006), KAZE (Alcantarilla et al. 2012) etc.
are proposed gradually to obtain robust feature points. With the
matched feature points, the random sample consensus
(RANSAC) (Fischler and Bolles 1981), maximum likelihood
estimation sample consensus (MLESAC) (Wang et al. 2010) or
other algorithms are employed to remove the mismatched for
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accurate transformation model design. The feature-based
method registers images with extracted features rather than the
original intensity information. Therefore, it is time-saving.

With accurate matched intensity information or features, it is
necessary to design precise geometrical relationship for
reference and sensed image. Besides the traditional global
model, some local models like piecewise linear mapping
function (PLM) (Goshtasby 1986), weighted mean (WM) ,
multiquadric (MQ) (Zagorchev and Goshtasby 2006) and block
weighted projective (BWP) model (Feng et al. 2017) etc. are
adopted. However, their accuracy depends on the distribution,
the number and the position precision of the feature points
(Zagorchev and Goshtasby 2006). It is difficult to extract ideal
feature points for local geometrical mapping function
construction in mountain area. And we find that the per-pixel
registration is more suitable for inconsistent distortion
everywhere of mountainous remote sensing image. As the
typical representation of per-pixel registration algorithm, optical
flow algorithm directly utilizes pixel itself information under
global constraints, estimating sub-pixel displacement pixel by
pixel.

The optical flow algorithm is popular with computer vision
image process, which was first mentioned in 1950s and the
calculation algorithm was firstly proposed by Horn and
Schunch (Horn and Schunck 1981). For accurate optical flow
estimation, the modified penalty function according to the
robust statistics for outliers and multi motions was proposed in
1996 (Black and Anandan 1996). Liu et al. proposed describing
images with SIFT descriptors instead of the original intensity
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information for robust optical flow estimation (Liu et al. 2011).
Ren et al. combines homography transformation model globally
with L-K optical flow to construct mesh flow (Ren et al. 2017),
and Lin et al. extends the algorithm for photograph registration
(Lin et al. 2017). Inspired by it, we introduce the optical flow
algorithm to mountainous remote sensing images registration.
However, seasonal change, geological disaster, construction and
demolition of buildings etc. always lead to ground objects
inconsistency, weakening the optical flow algorithm and
resulting in incorrect displacement. In terms of this issue, we
propose a post-processing, namely displacement modification.
Firstly, the incorrect displacement is detected by Laplacian of
Gaussian (LoG). And then, it is modified with curve modeling
and interpolation.

The rest of the paper is organized as follows. In Section 2, we
give a description of registration algorithm, in which the
attention is put on the mask calculation for abnormal
displacement and displacement modification. After that, we
verify the proposed method by real data in Section 3. At last, a
conclusion for the current work and the plan for future work are
provided in Section 4.

2. METHODOLOGY

Optical flow estimation is employed for mountainous remote
sensing images registration in this paper. However, with
inevitable land cover changes, it performs poorly to accurately
estimate deformation in changeable regions. Towards this
problem, we propose the displacement modification algorithm
for optical flow estimation post-processing. The process of
mountainous remote sensing images registration is represented
as follow.

Reference Image Sensed Image

12
Displacement Field
Estimation
2
Mask Calculation for
Abnormal Displacement

Displacement Modification

Coordinate
Transformation/Resampling

Registered Image

Figure 1. Mountainous remote sensing image registration.

Displacements estimation is equivalent to the calculation of
deformation between reference and sensed image. The typical
optical flow estimation algorithm is employed as expressed in

Eq.(1) (Brox et al. 2004).

E(u,v) =jﬂy/(|| (X +W) = 1(X)[)dX
+7[ (VI W)=V )dx (1)
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where W =(u,v,1)" is the displacement field and X =(x,y,1)"

is the pixel coordinate. y/(s?) =W is the penalty function.
V= (ax,ay,at)T indicates a spatio-temporal gradient, which is
replaced by the spatial gradient in our experiment. ¥ and «

are weight, set as 5 and 80 respectively in the experiment.

As seen, this model combines the intensity ans gradient
information, which is more robust to radiation difference and
large displacement. However, the calculated displacement in
changeable area is always not accurate as there is no
corresponding pixel in another image. Under this circumstance,
it is useful to supply it with a post-processing, which is to
describe in detail at the following section.

2.1 Mask calculation for abnormal displacement

Land cover changes always generate non-correspondence
between reference and sensed image. It causes inaccurate
deformation estimation, resulting in content loss compared with
original sensed image. For example, Figure 2.(a)-(b) are original
reference and sensed image, and Figure 2.(c) is the aligned
image. As seen, the road locating in the center of Figure 2.(c) is
different from that of in Figure 2.(b). While focusing on the
same place in Figure 2.(a), it is different from the sensed image
either. The non-correspondence between reference and sensed
image generates the incorrect displacement resulting in
difference between aligned image and the sensed image [see
Figure 2.(b) and Figure 2.(c)].

To detect the abnormal displacement region, it is difficult to
discover the rule through observing the displacement directly. If
we represent the original displacement estimated by optical flow
algorithm in Munsell color system in Figure 2.(d), it is easy to
observe. In Figure 2.(d), different colors indicate different
directions of displacement and depth represents the magnitude
of it. As seen, region with rich colors indicates the disunity
direction of displacement, corresponding to varying surface of
images [see Figure 2. (a)-(d)]. Therefore, calculating abnormal
displacement mask is transferred into detecting obvious color
mutation regions.

(d)

Figure 2. Registration result with optical flow algorithm. (a) Reference image. (b) Sensed image. (c) Registered image without post-
processing (Brox et al. 2004). (d) Color map of displacement. (e) Registered image with displacement post-processing.
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In the color map, the color mutation region is similar to blob,
which is detected by Laplacian of Gaussian (LoG) algorithm
generally and widely in multi scales. As known, Gaussian
function is expressed as Eq.(2).
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And LoG is the sum of the second partial derivative of Gaussian
function in x and y direction, which could be described as

Eq.(3).
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We employed the normalized LoG convolve with the color map
of original displacement to obtain the mask.
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where o is the scale factor and (x,y) is image coordinate.

With the detected blobs in the color map, the mask of the
abnormal displacement is constructed. And then the abnormal
displacement labeled by the mask is modified.

2.2 Displacement Modification

Except the abnormal displacement in changeable area, the rest
displacements are relatively accurate. Therefore, we utilize them
to create interpolated surface as shown in Figure 3, in which the
colorful grid is the interpolated surface. With the position of
abnormal displacement, labeled in red circles in Figure 3, we
recalculate the displacement with bilinear interpolation in the
surface.

fi+u, j+v)=Q-u)@-v) @, j))+@A-uvf(i, j+1)
+ul-v) f(i+1 j)+uvf(i+1, j+1)

where (i +u, j+V) is coordinate of the abnormal displacement,
and (u,v) is the decimal part of the coordinate. f(*) denotes
the displacement.

Sample Points
1 Interpolated Surface

—;

Figure 3. The interpolated surface and abnormal displacement
position

Handling the displacement with a post-processing, only the
geometric position of the original sensed image is changed to
align to the reference image and the surface of aligned image is
consistent with the original sensed image as in Figure 2.(e).

3. EXPERIMENTS

In this paper, experimental images are clipped from the level-
1A data with the process of homogenized radiation calibration
from the wide field of view (WFV) imaging system onboard the
Chinese GF-1 optical satellite. The spatial resolution is 16m and
the width is 800km. There are inconsistent geometrical
distortions especially in mountainous area. In addition to this,
land cover changes and radiation difference are visible
everywhere.

Experiment 1: The reference image is taken on February 12,
2017 and the source image is taken on August 28, 2016,
showed in Figure 4.(a)-(b). The experimental region locates at
Qinling mountain, Shannxi province, China. The size of image
is 500*500. There is seasonal change, leading to radiation
difference and land cover changes.
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g
Figure 4. The first experiment. (a) Reference image. (b) Sensed image. (c) Overlapping of the original images. (d) Overlapping of the
reference and aligned image from the proposed method. Magnified images of selected area marked in red and green rectangles from
(e) the original images, (f) PLM (Goshtasby 1986), (g) BWP (Feng et al. 2017), (h) optical flow without post-processing (Brox et al.

2004), and (i) The proposed method (DM_OF).

Experiment 2: The reference image is taken on July 08, 2017
and the sensed image is taken on September 20, 2017, showed
in Figure 5.(a)-(b). The size of the experimental image is

400*400. The image covers the northwestern of Beijing, China.
There is radiation difference as the reference image is taken in
summer but the sensed image is taken in autumn.

Figure 5. The second experiment. (a) Reference image. (b) Sensed image. (c) Overlapping of the original images. (d) Overlapping of
the reference and aligned image from the proposed method. Magnified images of selected area marked in red and green rectangles
from (e) the original images, (f) PLM (Goshtasby 1986), (g) BWP (Feng et al. 2017), (h) optical flow without post-processing (Brox

et al. 2004),and (i) the proposed method (DM_OF).

For both Figure 4 and Figure 5, (a) and (b) are the original
reference and sensed image, respectively. Figure 4.(c) and
Figure 5.(c) are the overlapping of the original images, where
the distinct ghosts resulting from the misalignment vanished
and they looked a lot clearer. In order to observe the results
detailedly and compare the outcomes of different algorithms,
the selected region marked in red and green rectangle of
corresponding images are zoomed in as showed in Figure 4.(e)-
(h) and Figure 5.(e)-(h). As seen, the reference image is shown
in true color and the original sensed image and the registration
results are shown in pseudo color (the NIR, red, and green
bands are assigned to the red, green, and blue channels,
respectively). In Figure 4 and Figure 5, (e) is selected and
zoomed in from the original images. (f) is the result from PLM
and (g) is from the BWP. (h) is the result of optical flow

algorithm without post-processing and (i) is the result by
proposed method. As seen, the proposed algorithm and the
optical flow algorithm without post-processing outperform
others both in horizontal and vertical direction. However, the
content in Figure 4(h) is abnormal comparing with the original
sensed image where there is a black hole in aligned image
processed without post-processing. The same conclusion could
be drawn in Figure 5.(h) even though the accurate registration is
obtained. The contents in Figure 4(i) and Figure 5.(i) are
consistent with the original sensed image. Comparing the
geometrical registration, BWP (Feng et al. 2017) performs
better than PLM (Goshtasby 1986), which couldn’t eliminate
the deformation between reference and sensed image
thoroughly[see Figure 4(f) and Figure 5.(f)]. BWP achieve
vertical alignment in Figure 4(h) and Figure 5.(h) while
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focusing on the enlarged image in vertical direction at the
bottom. However, BWP couldn’t guarantee good registration
results everywhere. Therefore, the proposed method containing
post-processing of optical flow algorithm shows the best
performance on the whole.

Besides the visual judgement, three evaluation indicators are
employed such as normalized mutual information (NMI),
correlation coefficients (CC) and root mean square error
(RMSE), to evaluate the registration quantitatively. For brevity,
the proposed method is abbreviated as “DM_OF” in Table 1.

Table 1. Quantitative evaluation of the experiments

NMI (1) cc RMSE (1)
Original 1.0274 0.3594 17.935
Experiment 1 PLM 1.0665 0.7397 1.6013
BWP 1.0683 0.7439 1.4887
DM OF 1.0756 0.7810 0.8722
Original 1.0578 0.6167 43304
Eoeriment 2 PLM 1.0893 0.8395 1.2313
Xperimen BWP 1.0938 0.8534 1.0237
DM_OF 1.1045 0.8883 0.2191

(For brevity, ‘Original’ represents the deformation between original reference and sensed image, and the proposed method is abbreviated as

‘DM_OF’.

The available range of NMI is one to two and the available
range of CC is minus one to one. Large NMI and CC represent
the satisfied registration result. The smaller RMSE, the better
outcome. Especially, we did not give quantitative evaluation of
the registration result without post-processing. As shown in
Table 1, the original deformations both in the first and second
experiment are large and all the methods could alleviate them.
Furthermore, the same conclusion could be drawn in the two

experiments. The BWP performs better than the PLM algorithm.

And the proposed method outperforms others, which has the
highest NMI and CC, and the RMSE is the smallest one.

In a word, the proposed method outperforms others in
mountainous remote sensing images registration without
content inconsistency comparing with original sensed image

both in the term of visual judgement and quantitative evaluation.

4. CONCLUSION

To satisfy high-precision registration of mountainous remote
sensing images, the optical flow algorithm is employed,
estimating the displacement pixel by pixel. Aiming at the
sensibility of optical flow method in changeable area, this paper
proposed an improved optical flow algorithm, namely
displacement modification. The abnormal displacement is
detected by LoG and corrected in interpolation surface
constructed with the accurate displacements. The proposed
algorithm registers mountainous remote sensing image precisely
while the content is consistent with original sensed image.
However, the proposed algorithm mainly focuses on the
mountainous remote sensing images registration with land cover
changes. And we will test the improved optical flow estimation
algorithm on the large size. We should consider how to handle
images with hybrid terrain including mountain area, farmland,
urban areas and so on with large area of land cover changes in
our future work as well.
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