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Boosting Structure Consistency for Multispectral
and Multimodal Image Registration
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Abstract— Multispectral imaging plays a vital role in the area
of computer vision and computational photography. As spectral band images can be misaligned due to imaging device
movement or alternation, image registration is necessary to
avoid spectral information distortion. The current registration
measures specialized for multispectral data are typically robust
yet complex, requiring excessive computation. The common
measures such as sum of squared differences (SSD) and sum of
absolute differences (SAD) are computationally efficient whereas
they perform poorly on multispectral data. To cope with this
challenge, we propose a structure consistency boosting (SCB)
transform that aims at boosting the structural similarity of
multispectral images. With SCB, the common measures can
be employed for multispectral image registration. The SCB
transform exploits the fact that inherent edge structures maintain
relative saliency locally despite the nonlinear variation between
band images. A statistical prior of the natural image, which
is based on the gradient-intensity correlation, is explored to
build a parametric form of SCB. Experimental results validate
that the SCB transform outperforms current similarity enhancement algorithms, and performs better than the state-of-the-art
multispectral registration measures. Thanks to the generality
of the statistical prior, the SCB transform is also applicable
to various multimodal data such as flash/no-flash images and
medical images.
Index Terms— Multispectral image, multimodal image, image
registration, structural consistency boosting, similarity enhancement, common measures, gradient descent, image pyramid,
optimization.

I. I NTRODUCTION

M

ULTISPECTRAL or hyperspectral images, as well as
RGB/near-infrared (NIR) image pairs, are acquired
from various spectral bands. Compared to common RGB
images, multispectral data contain richer scene information
along the spectral dimension. They have been playing a vital
role in computer vision and computational photography tasks
such as scene recognition [1], image segmentation [2], and
image deblurring/denoising [3], [4]. To accomplish these tasks,
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the multispectral images should be well aligned pixel by pixel.
However, due to imaging device movement or alternation
[5], [6], multispectral images may be misaligned. Meanwhile,
the ubiquitous intensity and gradient variation among band
images [5], [7], [8] makes multispectral image registration a
challenging problem.
Intensity-based algorithms are generally used for registering
multispectral images due to their robustness and accuracy [5],
[7], [9]. The aim is to find the best correspondence maximizing
(or minimizing) specific similarity measures between two
images. Many measures have been developed for multispectral
or multimodal data, including mutual information (MI) [10],
normalized total gradient (NTG) [5], robust selective normalized cross correlation (RSNCC) [7], etc. To deal with the nonlinear variation of intensity and gradient, these measures are
normally of complex forms. Consequently, image registration
using these measures is generally computationally expensive.
On the other hand, common registration measures such as
sum of squared differences (SSD), sum of absolute differences
(SAD), and normalized cross correlation (NCC) are typically
of simple formulas, resulting in a significant advantage in
computational efficiency. However, as these measures assume
that the images to be registered are of similar intensity, they
behave poorly when dealing with multispectral data.
The motivation of this work is to improve the intensity
consistency of multispectral images such that the registration
algorithm with common measures could achieve both high
registration accuracy and computational efficiency. For this
purpose, we propose the structure consistency boosting (SCB)
transform for multispectral image registration. The SCB transform is introduced under the assumption that inherent edge
structures could preserve their relative saliency along different
spectral bands. The transform improves the consistency of
multispectral data by converting this relative saliency to image
intensity. Fig. 1 illustrates two spectral band images before and
after applying the SCB transform. Fig. 1(e) indicates that the
intensity profiles of cloth stripes (marked by red dashed lines)
are of severe variation. Fig. 1(f) shows that after applying the
SCB transform the corresponding intensity profiles are quite
consistent.
Based on this observation, we perform multispectral image
registration based on the SCB transform as follows. First,
we formulate the SCB transform by evaluating the saliency
of pixel gradients with respect to the local mean intensity in
a neighborhood window. Second, we explore the statistical
prior, or more specifically the gradient-intensity correlation,
of natural images and model this prior using general Gaussian
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Fig. 1. Spectral band images before and after applying the SCB transform.
(a) Reference image at band 700 nm. (b) Floating image at band 430 nm.
(c) Reference image after applying SCB transform. (d) Floating image after
applying SCB transform. (e) Intensity profiles of the scan lines in (a) and (b).
(f) Intensity profiles of the scan lines in (c) and (d). The red dashed lines
mark the cloth area of the toy. Images are from the CAVE [6] dataset.

distribution (GGD) function. Third, we compute the optimal
SCB transform by training parameters on a small amount
of training data. Finally, we present the image registration
framework using image pyramid and gradient descent. After
applying the SCB transform, common measures such as SSD,
SAD, and NCC can perform well on multispectral image
registration.
We note that, although the SCB transform is originally
designed for multispectral image registration, it can also
be successfully applied to multimodal images with obvious
intensity and gradient variation such as flash/no-flash images
and medical MR images. The reason is that the statistical prior,
which is incorporated in the SCB transform, is universal to
natural images.
In summary, the main contributions of this work are as
follows:
• We observe that inherent edge structures keep relative saliency under nonlinear variation in multispectral
images. Based on this observation, we propose the structure consistency boosting (SCB) transform that can significantly improve the performance of common registration
measures on multispectral data.
• We explore the statistical correlation between image
gradient and local mean intensity, which universally exists
in natural images. Based on this correlation prior, the SCB
transform is formulated in a concise form that is convenient for parameter training.
• We show that the SCB transform outperforms other similarity enhancement algorithms in most cases. Moreover,
under the assistance of SCB transform, the common
measures can perform comparable and even better than
the state-of-the-art measures specially designed for multispectral/multimodal images.
II. R ELATED W ORK
In the following, we briefly review the related work on multispectral and multimodal image registration. More detailed
survey on image registration is available in [11]–[13].

We coarsely categorize previous multispectral/multimodal
image registration algorithms into two types. One type performs specific transformations on multispectral/multimodal
images such that the transformed outputs have a better consistency, based on which common measures can be employed.
Representatives of this type include histogram matching (HM)
[14], local area transform (LAT) [8], entropy image (EI) [15],
Weber local descriptor (WLD) [9], census transform (CT)
[16], dense adaptive self-correlation (DASC) local descriptor
[17], [18], and cross-spectral correspondences networks (CSCNet) [19]. The other type introduces registration measures
that can resist the intensity and gradient variation existing
in multispectral/multimodal images. The original images are
directly used in the registration procedure. Representatives of
this type include mutual information (MI) [10], normalized
total gradient (NTG) [5], and robust selective normalized
cross correlation (RSNCC) [7]. We briefly introduce the above
mentioned algorithms in the following.
HM [14] improves the consistency of input images by
matching the distributions of their intensity histograms.
HM performs well on image pairs with global intensity
variations such as high dynamic range imaging (HDR) and
those with mild photometric distortions. It will fail when the
intensity variation is local and nonlinear. Also, it cannot deal
with gradient reversal that frequently occurs in multispectral
images.
LAT [8] employs the local area statistical information to
cope with regional nonlinear variation, with the form

τ (I ( p), I (q)),
(1)
L( p) =
q∈N p

where I denotes the input image, p the pixel position, and
N p the neighborhood of p. The function τ (x, y) takes the
value 1 when x = y and 0 otherwise. The main assumption
of LAT is that the intensity variation in a local area follows
functional relationship, i.e., the amount of pixels having the
same intensity remains unchanged. The same assumption is
adopted in global registration measure [20] and local template
matching [21]. We note that LAT excessively relies on the
abundance of intensity levels of the input image. Unfortunately, this abundance requirement is strict for multispectral
images.
EI [15] accomplishes structural representation of images by
Shannon entropy [22], which is defined as
H (X) = −

n


P(x i ) log(P(x i )),

(2)

i=1

where X is a discrete random variable with possible values
{x 1 , . . . , x n } and probability mass function P(X). EI uses the
histogram within the local area to compute the probability of
each intensity level. The entropy of the local area is computed
using (2). In [15], global and local normalization approaches
are introduced for EI processing, and it is shown that local
normalization usually leads to better registration accuracy.
WLD [23] detects local texture information based on
Weber’s law [24]. The law states that for the human visual
system, the perceived change in stimuli is proportional to the
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initial stimuli, which can be expressed as
I
= k,
(3)
I
where I denotes the increment threshold of the human visual
system, I represents the initial stimulus intensity, and k is a
constant indicating the proportional relationship between I
and I . This perceptual model is adopted in a local descriptor
named WLD [23]. The work [9] employs the differential excitation component of WLD for multimodal image registration,
which is defined as
 

I (q) − I ( p)
ξ( p) = arctan
.
(4)
I ( p)
q∈N p

According to [25], WLD may produce artifacts around the
boundaries and cannot keep good consistency among multimodal images.
CT [16] employs a fixed transformation to alleviate the local
intensity variation. The most common version of CT is conduct
in a 3 × 3 window, in which the magnitude of the center pixel
p is compared to its 8-connected neighbors q with a function
ξ defined as

0 if I ( p) > I (q)
ξ(I ( p), I (q)) =
(5)
1 otherwise.
In this way, an 8-bit vector is produced for each pixel of the
input image, converting the single-channel image into a 8channel one. The robustness toward local intensity variation
is enhanced, at the cost of more computation.
Recently, several machine learning based similarity
enhancement methods has been introduced. DASC [17], [18]
leverages the support vector machine (SVM) to learn the
optimal sampling pattern for the local descriptor, which is
robust under spectral and modality change. Based on the
local self similarity prior, the DASC descriptor encodes the
patch-wise similarity within a local support window. The pattern for computing patch-wise similarity is obtained via
machine learning. An adaptive self-correlation measure is
then employed to compute the similarity between the patches.
An efficient computation strategy is employed to compute the
final 128-dimensional dense local descriptor. Like CT, DASC
augments the single-channel image into the multi-channel one.
CSCNet [19] accomplishes the bidirectional transformation
between RGB and infrared image pairs using generative
adversarial networks (GANs). The CycleGAN architecture is
adopted as its basic structure. CSCNet embeds a shared feature
space by a feature consistency loss, leading to a better imageto-image translation performance compared to CycleGAN.
Several measures have been introduced for multispectral/multimodal image registration. Derived from information
theory, MI [10] uses the entropies of two images together with
their joint entropy to define the relationship between image
pair,
M I (I A , I B ) = H (I A ) + H (I B ) − H (I A , I B ),

(6)

where H (I A ) and H (I B ) denote entropies of I A and I B ,
respectively, and H (I A , I B ) denotes the joint entropy of

Fig. 2. Illustration of inherent edge structures. The 1st row displays two
pairs of spectral band images. The 2nd row plots the gradient profiles of the
scan lines.

input images. MI is computed from the joint histogram and is
sensitive to the histogram bin size [21].
NTG [5] is built upon the observation that the gradient
of difference between two images becomes sparser when the
images are aligned. The NTG measure is defined as

|∇l (I A − I B )|

,
(7)
N T G(I A , I B ) =  l
l |∇l I A | +
l |∇l I B |
where l represents the horizontal and vertical directions of
the gradient. The numerator is the total gradient of difference
image (I A − I B ) and the denominator is the total energy that
normalizes the measure.
While MI and NTG describe the similarity of images
globally, RSNCC [7] offers another option. As NCC performs
poorly on multispectral images, RSNCC disperses the computation of NCC into local patches to deal with regional intensity
variation. The image gradient is additionally incorporated into
RSNCC by using a robust selective function.
III. S TRUCTURAL C ONSISTENCY B OOSTING (SCB)
T RANSFORM FOR I MAGE R EGISTRATION
In this section, we first introduce the formulation of the
SCB transform and explore the statistical correlation prior
between gradient and local mean intensity. We then present
the parameter learning process for the SCB transform, and
finally the SCB-based image registration framework.
A. SCB Transform
We observe from Fig. 1(e) that, despite the nonlinear
intensity variation between band images, the inherent edge
structures of cloth stripes keep relative salient. Here inherent
edge structure refers to a collection of pixel gradients whose
magnitudes are relatively large in the local area. As an example, Fig. 2 shows that although the strengths of inherent edge
structures vary largely in band images, their relative saliency
still preserves well.
Our SCB transform aims to convert the relative saliency
of inherent edge structures to image intensity such that the
consistency of spectral band images can be much improved.
To deduce the SCB transform, we first compute the gradient
between pixel p and its neighbor pixel q as
δ( p, q) = |I ( p) − I (q)|, q ∈ N p .
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Fig. 3.

The 5 × 5 neighborhood window N p centered at pixel p.

The gradient reversal problem that widely exists in multispectral images is avoided by the absolute operator. The
neighborhood window N p can be of size 3 × 3, 5 × 5, 7 × 7,
etc. The 5 × 5 window is illustrated in Fig. 3.
An inherent edge structure should be relatively salient in its
surrounding local area. Hence we define a saliency evaluator
T ( p, q) =

δ 2 ( p, q)
,
f 2 (N p )

δ 2 ( p, q) +

(9)

where f (·) is a function whose variable can be some statistics
(e.g., mean intensity) computed from the neighborhood N p .
We expect that, with a specific form, f (N p ) can indicate
the degree of relative saliency of gradient δ( p, q). If δ( p, q)
is extremely larger than f (N p ), T ( p, q) approaches to 1,
indicating that the edge structure (gradient) is very salient in
the local area. On the contrary, if δ( p, q) is much smaller
than f (N p ), T ( p, q) will be close to 0, which indicates
no structure saliency. When the magnitudes of δ( p, q) and
f (N p ) are comparable, T ( p, q) indicates the relative degree
of structure saliency.
We then formulate the SCB transform by incorporating all
( p, q) pixel pairs,

1
T ( p, q),
(10)
S( p) =
N −1

Fig. 4. Logarithm probability of gradient δ( p, q) at different mean intensity
levels. (a) All intensity levels. (b) Mean intensity level of 0.1. (c) Mean intensity level of 0.25. (d) Mean intensity level of 0.5. The ranges corresponding
to the largest 1% gradients are marked red to facilitate comparison.

q∈N p

where N represents the size of the neighborhood window.
In the following, we will show that the function f (N p ) can be
specialized by exploring the statistical prior of natural images,
and thus the structure consistency among spectral band images
can be improved by using the transform (10).
B. Gradient-Intensity Correlation Prior
As is well known, the statistics of image features are widely
explored as the prior information for image processing tasks.
The sparsity of image gradient has been prevalently applied
in image denoising [26], deblurring [27], and inpainting [28].
The gradient δ( p, q) defined in (8) also holds the sparsity
property.
We plot the logarithm probability of gradient δ( p, q) computed from all pixel pairs in Fig. 4(a). We compute δ( p, q)
in the 3 × 3 neighborhood window using the natural image
dataset BSDS300 [29]. Our investigation has indicated that
the findings from the BSDS300 images are also applicable to multispectral and multimodal images. In accordance
with [30], the distribution is approximately of Laplacian or
hyper-Laplacian. This indicates that edge structures with large
gradient magnitudes are sparsely distributed in images. We
further collect the obtained gradient δ( p, q) within different

Fig. 5. A 2D histogram showing the distribution of logarithm probability
between gradient magnitude δ( p, q) and mean local intensity I¯( p). The logarithm probabilities are normalized for each mean intensity for visualization.
The four curves show the range bounds of the top 1%, 5%, 10%, and 20%
gradient magnitudes at all intensity levels. These curves actually imply the
gradient-intensity correlations in images.

mean intensity levels of the local neighborhood window.
The relative saliency of inherent edge structures can thus be
further investigated. Fig. 4(b), (c), and (d) show the logarithm
gradient distributions corresponding to the mean intensity
levels I¯( p) = 0.1, I¯( p) = 0.25, and I¯( p) = 0.5. The
largest 1% gradient is marked in red. Fig. 4 reveals two facts:
1) The sparsity characteristic of gradient holds not only for all
intensities, but also at various intensity levels; 2) The lower
bounds of the ranges for the largest 1% gradients vary for
different mean intensity levels.
We then draw the 2D histogram of the gradient δ( p, q)
and the mean intensity level I¯( p) in Fig. 5. The logarithm
probabilities are normalized at individual intensity levels and
then color encoded, with warm color indicating the large
magnitude. The histogram shows that, at any intensity level,
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most gradient magnitudes are close to 0. This indicates that
gradient sparsity is a universal attribute for all intensity levels.
In Fig. 5 we also plot the range bounds of the top 1%,
5%, 10%, and 20% gradient magnitudes at individual intensity
levels. These curves intuitively illustrate the gradient-intensity
correlations at specific percentages. We observe that the correlation curves are of similar shapes, and approximately symmetric about the axis I¯( p) = 0.5. Furthermore, the boundary
magnitudes are relatively low at the two ends (e.g., I¯( p) < 0.1
and I¯( p) > 0.9), and reach maxima around the intensity level
I¯( p) = 0.5. The explanation is straightforward:
• Low mean intensity corresponds to the circumstance that
the majority of pixels in the neighborhood window are of
low intensities. As the local area is quite likely smooth,
large gradients seldom occur.
• Medium mean intensity implies that pixel intensities can
vary in a relatively large range, which in turn produce a
certain proportion of high gradient magnitudes.
• High mean intensity represents the case that most pixels
are of high intensities. This means that the local areas are
smooth, and very few pixels can produce large gradients.
The relative saliency of inherent edge structure can be
determined by the gradient-intensity correlation in the local
area. Hence, the function f (N p ) in (9) can be concretized to
f ( I¯( p)), which could incorporate the above statistical prior.
Then (9) can be rewritten as
T ( p, q) =

δ 2 ( p, q)
,
δ 2 ( p, q) + f 2 ( I¯( p))

(11)

and accordingly, the SCB transform (10) is reformulated as

1
S( p) =
T ( p, q)
N −1
q∈N p


1
δ 2 ( p, q)
=
.
N −1
δ 2 ( p, q) + f 2 ( I¯( p))
q∈N
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transform
S( p; c, α, β)

δ 2 ( p, q)
1
.
=

I¯( p)−0.5 α
N −1
2
|
q∈N p δ ( p, q) + c · exp − 2|
β

(15)

C. Learning Parameters
The parameters c, α, and β in (15) can be obtained by
machine learning. Let I1 and I2 be two original band images,
and S1 and S2 be the outputs after applying the SCB transform.
The objective of SCB is to minimize the total squared intensity
difference,

D(S1 , S2 ; c, α, β) =
(S1 ( p; c, α, β) − S2 ( p; c, α, β))2
p

(16)
by computing the optimal parameters c, α, and β.
We note that the above quadratic error might give an
ambiguous guide to parameter computation. For example,
boosting the intensities of all pixels to 1 will produce a
quadratic error 0. This is evidently meaningless for image
registration. To cope with this problem, we use the squared
gradient magnitude as a normalization term, yielding a modified intensity difference formulation,

2
p (S1 ( p)−S2 ( p))
, (17)
D(S1 , S2 ; c, α, β) =  
2
2
p
l ∇l S1 ( p)2 + ∇l S2 ( p)2
where the operator ∇l , l ∈ {x, y}, represents the gradient
operator along the horizontal and vertical directions. Then the
optimal SCB transform is computed by minimizing the loss
function

L(c, α, β) =
D(S1m , S2m ; c, α, β),
(18)
m

(12)

p

Note that, if necessary, Gaussian filtering can be employed to
remove image noise before applying the SCB transform.
In this work we employ the generalized Gaussian distribution (GGD) function [31] to model the gradient-intensity
correlation. The basic GGD function is of the form
 
 
 t − μ α
α

 ,
exp −
g(t; α, β, μ) =
(13)
2β(1/α)
β 
where μ controls the symmetry axis, α controls the decay rate
from the central peak, and β is a scale factor. By adjusting α
and β, the shape of GGD can be controlled with a large degree
of freedom. The normalization term former to the exponential
term limits the integration of GGD to be 1.
Considering that the symmetry axis of f ( I¯( p)) is around
0.5 and the integration should not be restricted in our model,
we define the parametric form of f ( I¯( p)) as
 
 ¯
 I ( p) − 0.5 α
 ,

¯
(14)
f ( I ( p); c, α, β) = c · exp −

β
where c controls the overall magnitude of f ( I¯( p)). Inserting (14) into (12) yields explicit form of our parametric SCB

where m denotes the number of image pairs used for training.
Due to the non-convexity of the loss function (18), we adopt
differential evolution (DE) [32] as the optimizer for parameter
computing. As an extensively employed global optimization
algorithm, DE has earned its reputation in reliability and
effectiveness. We use the DeMat library [32] to search the
optimal parameters. We set the population to 30 individuals
and the step size weight to 0.85. Our investigation indicates
that 60 generations can ensure convergence in most cases.
The searching space of parameters are set as c ∈ [0, 0.5],
α ∈ [1, 10], and β ∈ (0, 1].
In the training process we use 5 scenes in the CAVE
multispectral dataset [6], and randomly select 20 image pairs
from each scene. Thus the training data totally have 100 image
pairs. Thanks to the concise form of the SCB transform, such
a small amount of data is sufficient for parameter computation.
D. Image Registration Framework Using
Common Measures
Intensity-based registration algorithms aim at minimizing
(or maximizing) specific measures in respect of parametric
or non-parametric transforms. In this work, we focus on the
global affine transform. As a parametric model, the affine

Authorized licensed use limited to: Zhejiang University. Downloaded on March 25,2020 at 00:37:03 UTC from IEEE Xplore. Restrictions apply.

5152

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 29, 2020

transform can handle image deformation such as rotation, scaling, translation, shearing and any combinations of them [33].
It has been widely adopted for multispectral and multimodal
image registration [5], [34], [35].
The affine transform is formulated as
  

u
x y 1 0 0 0
=
a,
(19)
v
0 0 0 x y 1
where p = (x, y)T and p̃ = (u, v)T denote, respectively,
the pixel coordinates before and after affine transform, and
a = (a1 , a2 , a3 , a4 , a5 , a6 )T is the transform parameter to be
computed. We denote the reference and floating images as I R
and I F respectively, and the transformed floating image as
I F (a). The image registration problem is cast as finding the
best transform a that minimizes an objective function J , i.e.,
â = arg min J (I R , I F , a).

(20)

a

Here J defines a measure that evaluates the difference between
the reference image I R and the transformed floating image
I F (a). After applying the SCB transform, the common measures such as sum of squared differences (SSD), sum of
absolute differences (SAD), and normalized cross correlation (NCC) can be employed for multispectral image registration. Accordingly, the objective functions are defined as

(I F ( p, a) − I R ( p))2 , (21)
JSSD (I R , I F , a) =
p∈ (a)

JSAD (I R , I F , a) =



|I F ( p, a) − I R ( p)|,

(22)

p∈ (a)

and
JNCC (I R , I F , a)
=−


p∈ (a)


p∈ (a)

I F ( p, a)I R ( p)

|I F ( p, a)− I¯F ( p, a)|2



|I R ( p)− I¯R ( p)|2

,

p∈ (a)

(23)
where I¯F ( p, a) and I¯R ( p) denote, respectively, the intensities
of the floating and reference image at pixel p. (a) represents
the region of overlap, which is a set of pixel positions that
contain valid intensity values after affine transform. To make
the absolute operation in JSAD differentiable at 0, we employ
Charbonnier penalty function [36] as its approximation, which
is defined as
ρ(t) =

t2 +

2.

(24)

In this work we set = 0.01.
We employ the image pyramid to search for registration
parameters. We take the full-size image as the top layer of the
pyramid and the smallest image as the bottom layer, and set
the subsampling ratio to 2. We observe that a bottom layer of
size around 32 ×32 is both robust and efficient. For each layer
of the image pyramid, the registration parameters are updated
using gradient descent as
ak+1 = ak − η∇a J (I R , I F , ak ),

(25)

Fig. 6. Registration errors with respect to the iteration in the case of without
and with applying the SCB transform. For illustration, the registration errors
are normalized by the error corresponding to the initial identity transform a0 .

where η denotes the step size and k denotes the iteration
number during the optimization. The initial parameter vector
a0 of the bottom layer is set to the identical transform,
i.e., a0 = (1, 0, 0, 0, 1, 0)T .
For illustration, we conduct image registration on the two
spectral band images in Fig. 1 using the common SSD
measure. Fig. 6 shows the registration errors of the bottom,
middle, and top layers with respect to the number of iterations. We observe that the SSD measure fails on the original
band images, and succeeds on the SCB transformed images.
This is expected as the transform has improved the structure
consistency between the images.
IV. E XPERIMENTS
We evaluate our SCB transform, together with the registration framework, on various public datasets. These include
the CAVE [6] and Harvard [37] multispectral image datasets
in the visible spectrum, the University of Pavia [38] and
Urban [39] hyperspectral remote sensing datasets, and the
RGB/NIR image pairs from [1]. In addition, we also evaluate
the algorithm on multimodal data including flash/no-flash
image pairs from [40], [41] and medical MR images from
[42]. Note that our SCB transform only needs a small subset
of the CAVE dataset for training, and for fair comparison this
subset is not used in the evaluation.
We compare our SCB transform with other 7 similarity
enhancement algorithms, including histogram matching (HM)
[14], local area transform (LAT) [8], entropy image (EI) [15],
Weber local descriptor (WLD) [9], [23], census transform (CT)
[16], dense adaptive self-correlation (DASC) descriptor [17],
[18], and cross-spectral correspondences networks (CSCNet)
[19]. As for EI, we adopt its local normalization approach
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for its superiority over the global one. For the multi-channel
output algorithms (CT and DASC), we tried different strategy
and chose the applicable ones with the best results for fair
comparison. We absorb the 8-channel output of CT into
the aforementioned gradient descent registration framework,
which produces preferable registration result. For DASC,
we note that while absorbing the output 128-channel image
of DASC in the gradient descent registration framework can
produce stable registration result, the registration efficiency is
almost 128 times lower and is thus unacceptable. Considering
this, we adopt the registration framework provided by its
public source code.1 The code aligns the 128-channel image
by SIFT flow [43] and produces non-parametric correspondences flow between unregistered images. For fair comparison, we compute the global affine transform by RANSAC
[44] using the computed flow. This processing significantly
improves the registration accuracy. For CSCNet, we only
conduct comparison on RGB/NIR dataset as it is specially
designed for such data. Note that the CT and DASC transform
the single-channel image to the multi-channel one, which will
sacrifice efficiency of the whole registration algorithm.
We employ three common measures, i.e., SSD, SAD, and
NCC, in the image registration framework for a complete evaluation. We conduct image registration by combining different
similarity enhancement algorithms and common measures. For
example, we use the abbreviation SCB-SSD to represent the
registration algorithm using the SCB transform and the SSD
measure. Note that as DASC uses its own registration framework, its registration errors are idential under the common
measures. In the following experimental analysis, we duplicate
its registration errors under the measures for the sake of
facilitating comparison (see Tables III, IV, V, VI, and VIII).
We also compare our SCB transform with the state-of-theart measures specially designed for multispectral and multimodal image registration, including mutual information (MI)
[10], normalized total gradient (NTG) [5], and robust selective
normalized cross correlation (RSNCC) [7]. Our investigation
indicates that RSNCC does not perform satisfactorily in the
gradient descent registration framework. To avoid causing bias
under different registration frameworks, we employ DE as the
common optimizer for all these measures.
As in [5], we define the registration error as the average
Euclidean distance between the pixel positions computed by
the ground truth transform agt and those computed by the
estimated transform â,
e=

1
 p̃( p, agt) − p̃( p, â)2 ,
M p

(26)

where M denotes the number of pixels in an image, and
p̃ represents the warped pixel position after applying the
transform a on pixel p.
In order to better demonstrate registration performance,
we report several error statistics including the mean, median,
tri-mean, and the mean of the errors below 25th, 50th, 75th,
and 95th percentiles (denoted by best25%, best50%, best75%
1 https://seungryong.github.io/DASC/
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Fig. 7. Example multispectral images in the visible spectrum (displayed in
RGB) from the (a) CAVE and (b) Harvard datasets. The scenes to be used
for illustration are marked with S1.

and best95%). These statistics can give a comprehensive
depiction of error distribution.
In the following experiments, we keep the reference image fixed and impose three degrees of simulated
affine transform, including the small deformation agt,s =
(1.1, 0.1, −10, −0.1, 1.1, 10)T, middle deformation agt,m =
(1.15, 0.15, −15, −0.15, 1.15, 15)T, and large deformation
agt,l = (1.2, 0.2, −20, −0.2, 1.2, 20)T to the floating image.
All degrees of simulated affine transform are adopted in later
experiments if not specially mentioned. The proposed SCB
transform, as well as other similarity enhancement algorithms
and the multispectral/multimodal measures, are quantitatively
evaluated using the above error statistics. The comparison of
computational efficiency is also conducted.
A. Parameters and Effects
To obtain an optimal parametric SCB transform, we first
specify the size of neighborhood window and then compute
the parameters c, α, and β by training. In this work, we use
the neighborhood window with w × w pixels, and train the
SCB transform using the CAVE dataset [6]. This dataset has
32 multispectral image scenes, each including 31 band images
ranging from 400 nm to 700 nm. We take the first 5 scenes
in alphabetical order as training data and the rest as test
data. Example images for the CAVE dataset are displayed
in Fig. 7(a).
We compute the parameters c, α, and β under various
window sizes, and list the results in Table I. We notice that
the parameter c, which controls the magnitude of the gradientintensity correlation curve f ( I¯( p)), is relatively small. This
is because the inherent edge structure is sparsely distributed
in the images. It is also observed that c increases when
increasing the window size. The parameters α and β vary
slightly under various window sizes, indicating that the shape
of the correlation curve almost keeps unchanged. Fig. 8
displays the images processed by the SCB transform computed
under different window sizes. We can observe that structure
information in all processed images has been greatly enhanced.
In accordance with the trends of the magnitude of parameter
c, more edge structures can be boosted if increasing the
neighborhood window size, with side effect structure blurry.
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TABLE I
C OMPUTED PARAMETERS OF O UR SCB T RANSFORM U NDER VARIOUS
W INDOW S IZES w × w

Fig. 9.
Registration errors produced by the SCB transform and other
similarity enhancement algorithms on CAVE and Harvard datasets. All errors
are illustrated in ascending order. (a) to (c) Registration errors on CAVE
dataset under small, middle, and large simulated deformations. (d) to (f) Registration errors on Harvard dataset under small, middle, and large simulated
deformations.

B. Results on Multispectral Images

Fig. 8.
Image processed by the SCB transform obtained under various
window sizes. (a) Original band image. (b) to (f) Structure boosted images
by applying the SCB transform under window sizes w = 3, w = 5, w = 7,
w = 9, and w = 11.
TABLE II
E RROR S TATISTICS OF SCB T RANSFORM U NDER VARIOUS W INDOW
S IZES w × w ON CAVE D ATASET U NDER S MALL D EFORMATION . T HE
B EST O NES A RE IN B OLD

We evaluate the SCB transform obtained under various window sizes in terms of image registration accuracy. We apply
the SCB-SSD algorithm on the test data of the CAVE dataset.
We take the 16th band image (i.e. 550nm) in each scene as the
reference image, and generate floating images by imposing the
simulated transform agt,s to all band images. In this manner we
have 837 image pairs (27 scenes × 31 bands × 1 deformation)
for registration. Table II lists the error statistics under different
window sizes. We observe that our algorithm achieves best
performance with the window size of 3 × 3. We therefore
adopt the 3 × 3 window size in the following experiments.

We evaluate our SCB transform on the CAVE and Harvard
multispectral image datasets, in comparison with other
similarity enhancement algorithms including HM [14], LAT
[8], EI [15], WLD [9], CT [16], and DASC [17], [18]. The
Harvard dataset contains 50 multispectral images of real world
scenes, each with 31 spectral bands ranging from 420 nm
to 720 nm. The example images are illustrated in Fig. 7(b).
As in the CAVE dataset (described in Section IV-A), we take
the 16th band image (i.e., 570 nm) of each Harvard scene
as the reference image, and generate floating images by
imposing the simulated transforms agt,s , agt,m , and agt,l .
In total, we have 2511 image pairs (27 scenes × 31 bands
× 3 deformations) for image registration experiments on the
CAVE dataset and 4650 image pairs (50 scenes × 31 bands
× 3 deformations) on the Harvard dataset.
Table III lists the error statistics produced by image
registration using our SCB transform and other similarity
enhancement algorithms. It is observed that the SCB transform
produces the lowest mean, median, tri-mean, best75% and
best95% in most cases. CT transform usually yields the
lowest best25% and best50% indicators, but its best75% and
best95% indicators significantly degenerate. On the contrary,
our SCB transform produces lowest best75% and best95%,
meanwhile its best25% and best50% indicator is just slightly
higher than CT.
In Fig. 9, we further illustrate the registration errors produced by the SCB transform and other similarity enhancement
algorithms on the CAVE and Harvard datasets. For a better
visual comparison, the registration errors of each transform
are plotted in their individual ascending orders. Three degrees
of simulated deformations are separately demonstrated. The
registration measure is set to SSD. It is observed that our
SCB transform produces the best registration accuracy in most
cases. Occasionally it performs slightly worse than CT and
DASC in individual error ranges. It is worth noting that,
as the deformation grows larger, all algorithms endure a
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TABLE III
E RROR S TATISTICS P RODUCED BY I MAGE R EGISTRATION U SING O UR SCB T RANSFORM AND O THER S IMILARITY E NHANCEMENT A LGORITHMS ON
THE CAVE AND H ARVARD D ATASETS . T HE B EST O NES A RE IN B OLD

significant performance degradation, while our SCB transform
still produces relative robust registration results.
To further explore the characteristics of these algorithms,
we illustrate the transformed image together with their SSD
distributions in Fig. 10. The reference and floating images are
the 630 nm and 560 nm band images from the scene S1, and
are initially well aligned. For CT and DASC, the SSD distributions is computed by summing squared differences across
different channels of all pixel positions, and the displayed
image pairs are formed by the summation along all channels.
The maximum of each SSD distribution is normalized to 1.
It is observed that the SSD curves of HM and LAT may fail
in identifying the correct translation. The reason is that HM
cannot deal with local nonlinear variation, and LAT extensively relies on the richness of intensity levels. EI and DASC
produce SSD distributions with a relatively wide capture range
and a low minimum. However, the outputs of EI are of
low contrast and contain block artifacts. WLD produces the
SSD distribution with the strongest minimum peak compared

to other algorithms, but the distribution out of the capture
range is flat and noisy, which would mislead the gradient
descent algorithm. Moreover, the narrow capture range can
prevent the parameter searching algorithm from falling into it.
CT produces the distribution with strong minimum peak, but
its capture range is also very narrow. In comparison, our SCB
transform produces a SSD curve with the largest capture range
and maintains a strong minimum peak simultaneously.
C. Results on Hyperspectral Remote Sensing Images
We further evaluate our SCB transform on hyperspectral
remote sensing images. Fig. 11 shows the two hyperspectral
datasets used in the experiments. The University of Pavia
dataset [38] consists of 103 band images ranging from 430 nm
to 800 nm. The Urban dataset [39] comprises 162 band images
whose spectral range is from 400 nm to 2500 nm. For both
datasets, we take the band image at the middle range as the
reference one, and choose the floating images evenly from
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Fig. 10. Comparison of our SCB transform and other similarity enhancement algorithms. First row: the original and transformed reference images. Second
row: the original and transformed floating images. Third row: the SSD distributions with respect to the horizontal translation from −30 to 30 pixels.
TABLE IV
E RROR S TATISTICS P RODUCED BY I MAGE R EGISTRATION U SING O UR SCB T RANSFORM AND O THER S IMILARITY E NHANCEMENT A LGORITHMS ON
THE University of Pavia AND Urban D ATASETS . T HE B EST O NES A RE IN B OLD

all the band images at an interval of 3. In total, we have
92 image pairs (34 bands × 3 deformations) for registration
experiments on the University of Pavia dataset and 162 image
pairs (54 bands × 3 deformations) on the Urban dataset.

We list the error statistics of these registration algorithms
in Table IV. It is observed that our SCB transform produces the
lowest mean, median, tri-mean, best50%, best75%, best95%
in most cases. Note that although EI, LAT, WLD, and CT
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Fig. 11. Hyperspectral remote sensing datasets. (a) University of Pavia,
(b) Urban.

Fig. 12. Registration errors on two hyperspectral remote sensing datasets
when using the SCB transform and other similarity enhancement algorithms,
under the middle degree of deformation. The SAD measure is employed in
the registration algorithm. (a) University of Pavia, (b) Urban.

Fig. 13. Example multispectal and multimodal images. First and second row:
RGB/NIR image pairs. Third and fourth row: flash/no-flash image pairs. Fifth
row: medical MR images in PD-, T1-, T2-weighted order. The scenes to be
used for illustration are marked with S2, S3, · · · , S6.

achieve low best25% and best50% occasionally, their best75%
and best95% are several times larger than SCB.
Fig. 12 illustrates the registration errors using the SAD
measure under the middle degree of deformation. It is observed
that our SCB-SAD algorithm produces subpixel registration
accuracy on both datasets. In comparison, although LAT,
CT and WLD produce few registration results with slightly
lower errors than our SCB transform, they are unable to
guarantee convergent registrations in many cases.
D. Results on RGB/NIR and Multimodal Data
We further evaluate our SCB transform on RGB/NIR,
flash/no-flash, and medical MR image pairs. In the experiments, we use 10 RGB/NIR pairs (with RGB images as
reference) from [1] and 10 flash/no-flash pairs (with flash
images as reference) from [40], [41]. We additionally use
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3 medical MR images which are PD-, T1-, and T2-weighted
modalities from [42]. The reference-floating image combinations are T1-T2, T1-PD, and T2-PD. Example images of
the above data are displayed in Fig. 13. Note that CSCNet
[19] is included for comparison on RGB/NIR image data.
As CSCNet converts RGB/NIR image pair bidirectionally,
we also test the algorithm bidirectionally. The converted RGB
image using the network is denoted as fake-RGB and the
converted NIR image is denoted as fake-NIR. The real RGB
and NIR image are accordingly denoted as real-RGB and
real-NIR. We conduct experiments with the reference-floating
image combinations real-RGB/fake-RGB (denoted as CSCNet
(RGB)), fake-NIR/real-NIR (denoted as CSCNet (NIR)). The
network architecture is provided in PyTorch.2 Totally we have
30 image pairs (10 pairs × 3 deformations) for registration experiments on the RGB/NIR data and 30 image pairs
(10 pairs × 3 deformations) on the flash/no-flash dataset, and
9 image pairs (3 pairs × 3 deformations) on the medical MR
data.
We list the error statistics of RGB/NIR and flash/no-flash
image pairs in Table V and Table VI, respectively. The
distributions of error statistics are similar to the above observation. SCB is able to achieve the lowest mean, median, trimean, best50%, best75%, and best95% in most cases. On the
RGB/NIR dataset with SAD measure, several statistics of CT
achieve best rankings, whereas the corresponding statistics of
our SCB transform are just slightly higher than those of CT.
In comparison, SCB is of much lower means. We list the
registration errors using SSD measure on the medical MR
data in Table VII. It is observed that our SCB transform
yields the lowest registration errors in all cases. LAT, EI, and
DASC also accomplish many convergent registration results,
but with worse precision. The registration accuracy of CT
on T2-PD image pair is close to that of SCB, but CT fails
to converge on other image pairs. For the SAD and NCC
measures on the medical MR data, our SCB transform also
produces registration results with high accuracy.
To assist an in-depth analysis, Fig. 14 shows the similarity
enhancement outputs produced by different algorithms on
RGB/NIR image pairs. The multi-channel outputs are treated
in the same way as in Fig. 9. It is observed that LAT,
WLD and our SCB transform produce output image pairs
with well similarity, while other methods fail to. As for
CSCNet, the converted fake-RGB and fake-NIR images are
of obvious intensity variation compared to the real ones. This
phenomenon might be due to the limited generalization ability
of neural networks on different datasets.
Fig. 15 illustrates the registration results produced by different algorithms on multimodal images, using SSD measure,
under large degree of deformation. Our SCB transform also
achieves satisfactory registration results while other competitors cannot. Note that for S6, LAT, EI, WLD and CT produces
worse registration results than the Original.
Fig. 16 illustrates the intensity profiles of the scan lines of
images transformed by SCB and other single-channel output
similarity enhancement algorithms. It is observed that HM
2 https://github.com/somijeong/cross-spectral
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TABLE V

TABLE VI

E RROR S TATISTICS P RODUCED BY I MAGE R EGISTRATION U SING O UR
SCB T RANSFORM AND O THER S IMILARITY E NHANCEMENT
A LGORITHMS ON RGB/NIR I MAGES PAIRS . T HE B EST
O NES A RE IN B OLD

E RROR S TATISTICS P RODUCED BY I MAGE R EGISTRATION U SING O UR
SCB T RANSFORM AND O THER S IMILARITY E NHANCEMENT
A LGORITHMS ON F LASH / NO -F LASH I MAGE PAIRS .
T HE B EST O NES A RE IN B OLD

E. Comparison With Multispectral Measures

is unable to handle local nonlinear variation considering its
scan lines exhibit poor consistency. LAT produces very large
and consistent responses on flat areas, but the consistency is
weaken when it comes to textured areas. As for EI, most of
its output intensities are crowded in the intensity range from
0.75 to 1, leading to the low-contrast outputs. Scan lines of
EI on S4 show weak consistency. Scan lines of WLD is noisy
and spiculate, which might mislead the registration algorithm.
Note that the scan lines of WLD on T1-PD is noisy at flat area
and inconsistent at textured area. In contrast, scan lines of our
SCB transform shows better consistency when compared with
the competitors.

It is interesting to investigate whether the common measures, when empowered by the SCB transform, can perform
competitively with the specific multispectral (or multimodal)
measures such as MI [10], NTG [5] and RSNCC [7]. As mentioned previously, we employ DE to search for registration
parameters when RNSCC is involved. The experiments are
conducted on the CAVE, Harvard, University of Pavia and
Urban multispectral (or hyperspectral) image datasets.
Table VIII shows that on the CAVE and Harvard datasets,
the common measures enhanced by SCB produce competitive accuracy compared with the state-of-the-art multispectral/multimodal measures. On the University of Pavia and
Urban datasets, an obvious performance recession occurs to
MI and RSNCC. NTG also performs unsatisfactorily on the
University of Pavia dataset. In comparison, our SCB transform
based common measures can always produce the best or near
the best statistics. These analysis validate that, with the SCB

Authorized licensed use limited to: Zhejiang University. Downloaded on March 25,2020 at 00:37:03 UTC from IEEE Xplore. Restrictions apply.

CAO et al.: BOOSTING STRUCTURE CONSISTENCY FOR MULTISPECTRAL AND MULTIMODAL IMAGE REGISTRATION

5159

TABLE VII
E RRORS P RODUCED BY I MAGE R EGISTRATION U SING O UR SCB T RANSFORM AND O THER S IMILARITY E NHANCEMENT A LGORITHMS ON M EDICAL MR
I MAGE D ATA . T HE B EST O NES A RE IN B OLD

Fig. 14.

Similarity enhancement outputs produced by the SCB transform and other similarity enhancement algorithms on RGB/NIR image pairs, scene S2.

Fig. 15. Registration results produced by the SCB transform and other similarity enhancement algorithms, under large degree of transform. The SSD measure
is employed in the registration algorithms. First and second row: registration results of flash/no-flash image pair on scenes S5 and S6. Third row: registration
results of medical MR image pair on scene T1-T2. The yellow boxes highlight the details for comparison.

transform, the common measures can perform competitively
with the state-of-the-art multispectral/multimodal measures.
F. Computational Efficiency
We evaluate the computational efficiency of the SCB-based
image registration framework. It is compared with both similarity enhancement algorithms including HM [14], LAT [8],
EI [15], WLD [9], [23], CT [16], DASC [17], [18], CSCNet
[19], and multispectral/multimodal measures including MI
[10], NTG [5], and RSNCC [7]. SSD measure is selected in the
gradient descent registration framework. To keep the accuracy
of multispectral/multimodal measures, we still adopt DE as
the common optimizer for them. Except DASC and CSCNet,

all registration algorithms are implemented in M ATLAB 2019b
and run on a personal computer with 2.6GHz CPU (Intel Core
i7-6770HQ) and 16GB RAM. As mentioned above, we employ
the registration framework provided by the source code for
DASC. We run the PyTorch model of CSCNet on an NVIDIA
1080 GPU with 8GB RAM. For the sake of fair comparison,
each algorithm is run for 10 times, and the average running
time is reported.
Table IX lists the computational times on images with
256 × 256 pixels. For similarity enhancement algorithms,
the reported time includes the image transformation time and
the image registration time. When compared with the computational time of the original image, the transformation time is
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Fig. 16. Intensity profiles of the scan lines of images transformed by SCB and other similarity enhancement algorithms. First row: S3 from the RGB/NIR
image dataset. Second row: S4 from the flash/no-flash image dataset. Third row: T1-PD from the medical MR image dataset.
TABLE VIII
E RROR S TATISTICS P RODUCED BY I MAGE R EGISTRATION U SING O UR SCB T RANSFORM AND O THER M ULTISPECTRAL /M ULTIMODAL R EGISTRATION
M EASURES ON THE CAVE, H ARVARD , University of Pavia AND Urban D ATASETS . T HE B EST O NES A RE IN B OLD

TABLE IX
C OMPUTATIONAL T IMES OF D IFFERENT I MAGE R EGISTRATION A LGORITHMS

evident for the algorithms LAT, EI, and CT. In comparison,
the computational time of similarity enhancement is negligible
for our SCB transform. If implemented using C++ with
GPU acceleration, its computational efficiency can be further
improved. Note that DASC has already been implemented
using C++, and CSCNet is accelerated using GPU. For CT,
although its image transformation is simple, the registration
procedure is computationally expensive due to the extra image
channels introduced by its transformation.

G. Limitation
We note that the existence of mutual structures is the fundamental assumption of our SCB transform. As a consequence
it cannot handle the situation when inherent structures vanish.
We adopt the Cuprite hyperspectral dataset3 to illustrate this
limitation. The dataset consists of 224 band images and its
3 http://www.ehu.eus/ccwintco/index.php/Hyperspectral_Remote_Sensing_
Scenes
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Fig. 17. Illustration of vanishing of inherent structures. (a) Band image
at channel 5. (b) Band image at channel 215. (c) Band image at channel
5 transformed by SCB. (d) Band image at channel 215 transformed by SCB.

spectrum ranges from 380 nm to 2490 nm. The band images at
channel 5 and 215 are displayed in Fig. 17(a) and (b), respectively. The inherent structures inside the yellow boxes exists
in (a) but vanish in (b). As a result our SCB transform fails
to maintain the consistency between two images, as illustrated
in Fig. 17(c) and (d).
V. C ONCLUSION
This paper proposes a structure consistency boosting (SCB)
transform, based on which the registration of multispectral
images can accomplish using common measures such as SSD,
SAD and NCC. The core of the SCB transform is the parametric modeling of the gradient-intensity correlation, which boosts
the inherent edge structures in images. Thanks to the concise
form of SCB, the parameters can be computed using a small
amount of training data, and can be successfully generalized to
other multispectral, hyperspectral, and even multimodal data.
By employing image pyramid and gradient descent, the SCBbased algorithm is computationally efficient. It performs better
than other similarity enhancement algorithms and the state-ofthe-art multispectral registration measures.
As the current algorithm is implemented for global affine
transform, it is unable to handle scenes with moving objects
and large parallax. Our future work is to extend the SCB-based
algorithm to nonrigid registration problems that widely exist
in computer vision applications.
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