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Abstract

In medical imaging a single image of a targeted organ is captured using different imaging modalities such as MR (Magnetic Resonance)
and CT (Computed Tomography), to get desired information from the region of interest. For better diagnosis the information obtained from
these two modalities has to be combined into a single image. Image fusion is a process of integrating useful or complementary information
from multiple images into a single image. In this work, we proposed a novel method for image fusion with biomedical images i.e., MR and
CT images, by formulating a convex optimization problem. The optimization problem uses an Active Slope Meagerness (ASM) regularizer
with statistics based steered image filtration (SSIF). Precise registration is needed by the MR and CT image fusion, while the misalignment
is quite hard to obviate during the preprocessing step. To surmount this, we had proposed a robust and new approach for both registration
as well as the fusion of MR and CT images. Our approach focuses on simultaneous registration during the fusion procedure. Initially, the
MR image is focalized to enhanced resolution, which permits us for more precise registration of images. At the same time, fusion of images
can be done precisely by extinguishing the misalignment gradually. We iteratively persist these two procedures until the convergence. The
performance of the algorithm is judged both qualitatively and quantitatively. The Proposed ASM-SSIF method is compared with the ex-
isting methods. The simulation results showed that our algorithm has given greater performance by enhancing the overall fusion quality of
MR and CT images in terms of image quality assessment. Specifically, our proposed approach is shown to be much more powerful on the
medical data sets of real-world with pre-registration errors.

Keywords: Active Slope Meagerness Regularize; Fast Iterative Shrinkage Thresholding Algorithm; Image Registration; Image Fusion; Image Quality As-
sessment Metrics; MR and CT Imaging; Steerable Image Filtration; Statistics and Vectorial Total Variation.

hard tissue information such as bone and the MR image with-

1. Introduction draws soft tissue information. For better diagnosis of the patient
the doctor needs both the soft and hard tissue information. Hence
In medical imaging, different modalities such as Positron Emis- there is a need to fuse both MR and CT images.

sion Tomography (PET), Single Photon Emission Computed To-
mography (SPECT), CT, and MR are used to capture necessary
information [1]. Registration plays a vital role in the field of pro-
cessing of medical images and in the process of surgery which is
based on image-guidance due the fact that in these processes, vi-
tal and useful data are pulled out from the multiple source images.
Hence, the registration process gained more attention from the
users due to the acquisition of source images from different sen-
sors in different directions with different time frames [2-6]. The
major motivation behind the vitality and usage of registration of
medical images is the implementation and usability of promoted (B)
surgical techniques in the field of image-guided surgery and ra-
diotherapy. Registration is very much utilized in the applications
of remote sensing, and satellite. In addition, it plays a vital in
processing of medical images. Integrating useful data from sev-
eral imaging like MR, CT, PET and SPECT [7] is the main mo-
tive of registration in medical image analysis. These modalities
were utilized for the analysis of brain images in the beginning

stage of implementation. However, now a day it has been spread Fig. 1: CT and MR Images A) Dataset 1 B) Dataset 2.

to all the images those describes human anatomy like the images

of heart, breast/chest, knee’s surgical treatment, dental implants, In this work, we focused on fusion of CT and MR images of hu-
retina, thorax, pelvis and abdomen. For example, the data sets man brain and human abdomen. There has been tremendous
shown in Figure 1, consists of CT images (shown on left side) boost in the research filed of medical image fusion and the pub-
and MR image (shown on right side). The CT image withdraws lications also been increased. This enhancement in this context
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is mainly regulated by the medical diagnostic devices advanced
usage, improved belief in the methodologies of medical diagnos-
tics, fast growth of low-cost computing and imaging technolo-
gies.

In this, a Novel Implementation of Medical Image Registration
and Fusion using ASM-SSIF is introduced, which will be formu-
lated as a convex optimization problem by minimizing a linear
combination of a least squares fitting term and an Active Slope
Meagerness (ASM) regularizer with statistics based steered im-
age filtration (SSIF). The work can be summarized as follows:

e A Novel utilization of ASM and SSIF for extracting the
features from the input MR and CT images to be registered
and fused. As per the author’s best knowledge, this combo
hasn’t been utilized in image registration and fusion appli-
cations yet.

e A Fully new registration and fusion frame work is intro-
duced based on proposed hybrid methodology. We mainly
focused on the proper registration of medical images and
then fusion of those registered images.

e We proposed simultaneous registration of two images dur-
ing the fusion process, accomplished by ASM.

o We considered several quality indexes to disclose the ef-
fectiveness and robustness of proposed fusion model.

Rest of the paper structure is as follows: section 2 describes the
related work done so far. Section 3 describes the proposed hybrid
methodology ASM-SSIF. Section 4 includes results and discus-
sion. Section 5 comprises the conclusions and the future en-
hancements.

2. Related work

Image registration in general and it’s widely analyzed issue in
medical imaging field. Author in [9] demonstrated similarity
measurements and features based survey on the general image
registration methods, which includes discourse on methodolo-
gies to detect the features and corresponding, implementation of
a function coping with, transformation of an image and re-sam-
pling. They also disclosed the performance evaluation of area
and feature based registration methods. In [10], Wyawahare et al.
presented innovative registration approaches. A substantial con-
tribution of registration of images in medical literature concen-
trates on MR, CT imaging and other modalities of radiology. A
panoptic survey made in [11], which considered the registration
approaches of MR and CT imaging by dealing with different
models such as mono and multi to model registration. Fixed or
rigid feature-based approaches have been demonstrated in [12].
They also examined similarity-based approaches with intra
model and intermodal (voxel). A registration approach based on
group wise non-rigid has been presented by Bhatia et al. [13],
which also provides a novel similarity metric with quantitative
and qualitative analysis. All these are made for only MR and im-
aging. In [14] different sort of registration strategies has been
presented by Markelj et al., such as gradient, intensity and fea-
ture, projection, back-projection and reconstruction-based strat-
egies. Geometric transformations with optimized and similarity
metrics in [15] described by Oliveira and Tavares. Further, they
also verified all the software and methods of registration for eval-
uating the performance of proposed approaches. To deal with the
variation of inter-person and altering the organs actively, the de-
formable transformation models utilized widely in the anatomy.
These sorts of approaches have been presented in [16], which
provides the summery of deformable registration. Registration
models with Non-rigid transformation that includes splines and
demons are also examined. The similar approach has been exam-
ined by Sotiras et al. in [17], which described the huge measure
of deformable registration approaches, classified by the models
of deformation, matching standard and utilized optimization
techniques. While not restricted to the area of specific applica-
tion, the examination puts vehemence on cope with the medical
image registration approaches. Production of various number of

spectral channels will be done by Spectral imaging, which gives
the vital and very in detailed information when compared to the
conventional gray scale image i.e., single channel image or a
three-channel red-green-blue (RGB) image. The approaches for
spectral image registration are given in [18-20]. However, most
of the spectral image registrations approaches have been done on
remote sensing imaging that are acquired from the long distance.
While the major contribution of registration of medical images
is concentrated on radiological modalities, methods for fusion of
registered images have also been studied. In this perspective,
several pixel-level image fusion techniques [8] were developed
for the spatially registered images. Some are based on nonlinear
operator, optimization based approaches, artificial neural net-
work, multi resolution decomposition, and edge preserving-
based methods. The nonlinear methods use min, max and mor-
phological nonlinear operators for fusion which are discussed in
[21] and [22]. Although these methods are simple and easy to
employ they doesn’t give good quality image output. Bayesian
optimization problem is used in optimization-based approaches
[23], which is in general, difficult to resolve. Hence, Markov ran-
dom field [24] and generalized random walk [25] methods are
used which computes edge aligned weights for solving the prob-
lem. These aligned weights are obtained after multiple iterations
of the algorithm. But, because of multiple iterations over
smoothed fused image may be obtained. Artificial neural net-
works based fusion techniques are also gaining much interest in
the field of image fusion, which are discussed in [26-28]. In ad-
dition to the methods discussed, multi resolution schemes such
as image pyramid and wavelet decomposition have also gained
interest in the image fusion area. Image pyramid and wavelets
requires the analysis in the frequency domain. Image pyramid
splits the given input image into set of low-pass filtered images
which are useful in representing the given input image at differ-
ent scales [29-31]. Another category of multi resolution scheme
utilizes discrete wavelet transform (DWT) [31-33]. DWT over-
comes image pyramid by providing compact and directional in-
formation of a given image. DWT also gives less blocking ef-
fects than image pyramids. But, the shift invariant property of
DWT may introduce artifacts. Hence to reduce artifacts obtained
by DWT, stationary wavelet transform (SWT) has come into the
research area of fusion [34]. Singular value decomposition (SVD)
[35], high order singular value decomposition [36], and two-
scale fusion (TIF) [37] are the recent techniques in the image fu-
sion area. On more category of fusion techniques includes edge
preserving methods such as LO-gradient minimization [38],
weighted least filter [39], guided image filters (GFF) [40], and
anisotropic diffusion [41]. For extracting salient information like
lines and details edge preserving techniques are best suited in
comparison to multiscale decomposition techniques. Because of
linear filtering Pyramid decomposition may produce halo effects
near the edges but with the use of nonlinear filtering, edge pre-
serving techniques doesn’t produce any halo effects.

3. Proposed frame work

As discussed earlier, constructing a well informative and repre-
sentative image from number of images is known as fusion of
images. Ideally, there are few steps that could help the users to
obtain such goal by utilizing the fusion procedure. To implement
those steps for the fusion of medical images, some considerations
will be there. Precise registration is needed by the MR and CT
image fusion, while the misalignment is quite hard to obviate
during the preprocessing step. To surmount this, we had pro-
posed a robust and new approach for both registration as well as
the fusion of MR and CT images. This section briefly describes
the major concepts involved in the proposed ASM-SSIF proce-
dure. In this, image registration during the process of fusion is
proposed. The registration is obtained by the ASM. Initially, the
MR image is focalized to enhanced resolution, which permits us
for more precise registration of images. At the same time, fusion
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of images can be done precisely by extinguishing the misalign-
ment gradually. We iteratively persist these two procedures until
the convergence. Moreover, ASM method comprises the under-
lying correlation of various directions in images, which has been
seldom before.

MR image
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Fig. 2: Proposed Flowchart of Image Registration and Fusion Process
Using ASM-SSIF.

Novel implementation called proximal slope algorithm has been
developed for the overall energy function optimization. Particu-
larly, we efficiently resolved the sub problems by employing the
algorithm presented in [42], which was known as fast iterative
shrinkage-thresholding algorithm (FISTA), and slope extraction
method with backtracking, respectively. Most of the state-of-art
methods extracted the spatial information from the MR images
by utilizing the up-sampling approach. Anyways, the output ob-
tained by this process is quite blurry and is not as much as enough
accurate. Thus, we considered only down sampled MR image
which is having close similarity to the original MR image. To
give an example for this relationship, a least squares fitting con-
cept is utilized:

Ey = [|¥F — M2 (1)
Where, the operator for down sampling has been represented as‘V,
and the given eq. (1) significantly mitigates the distortion in the
result. Understating E_1 could be a critically ill-posed issue, due
to small down sampling rate. Without potent anterior infor-
mation, estimation of accurate F is almost impossible.

3.1. Active slope meagerness

Precise registration is needed by the MR and CT image fusion,
while the misalignment is quite hard to obviate during the pre-
processing step. To assess the (dis) similarity, energy function is
the most indispensable portions of image registration approaches.
The proper coalition of images will be represented by a similarity
optimization. In past, several similarity measurements have been
widely utilized in the literature such as mutual information (M),
residual complexity (RC), correlation coefficient (CC), sum-of-
squared-difference (SSD), and sum-of-absolute value (SAD).

Almost all the conventional similarity measures are based on the
values of pixels, when the images to be fused or registered have
the standardized intensity fields. However, due to the different
illumination conditions, the intensity fields of medical images
may vary significantly. Most of the conventional similarity
measurements based on the intensity is not strong enough to such
distortions. Registering the input images is the first step in image
fusion. Considering the medical images with large size, there is
arequirement of similarity measurement stabilization without in-
augurating higher complexity in computations. Hence, ASM is
utilized to retain the information which is spatial in nature. Any
misalignment will enhance the meagerness of the slopes. There-
fore, the ASM can be naturally utilized as a similarity measure-
ment. Now, the energy function is revised as:

E (F, T) = 1/2 IWF-MI"2+EIVF-VC(T) | )

Where &is a positive parameter, C”means duplicating C, which
is known as CT image. Interestingly, the obtained output will be
similar to that of vectorial total variation (VTV) [43-44], when
there is no reference image. This VTV is used for image de nois-
ing, de-blurring and reconstruction of images. The estimation of
transformation is denoted as T. As the above function value is
the addition of each pixel cost, this may lead to image overlap-
ping. To obviate such a trivial solution, rather diminishing the
value of energy function we utilized the slope extraction (SE)
method. We detect that this can effectively obviate the iterative
transforming of and image into the wrong direction. Now our
objective is to mitigate the energy function (2). The solution to
this problem is to fix T with respect to F and then do the vice-
versa i.e. solve T by fixing F. For the F sub problem:

E(F) = 5 I¥F — M| + {[|VF - vT(D)]| ®)

Itis a provable function of convex. The first term is smooth while
the second term is non-smooth, which actuates us to resolve this
issue in FISTA [42] approach. For the first order methods,
FISTA can obtain the optimal convergence rate. The T sub prob-
lem can be written as:

min E(T) = ||VF — VC(T)|| 4)

Algorithm 1: ASM

Input: £, &, £ =1, Y°
for i = 1 to Maxiteration do
Y=Y -¥1(¥YF-M)/L
i _ o[£ 2 o
Fi = arg ming {||F = Y|* + £|IVF — vE(T)|I}
T = arg min {E(T) = ||VF' — vC(T)||}
1 = [1+ T+ 4(eD7/2
. I .
Yl+1 = ]FL +tLT(]Fl — ]FL 1)

end

Where W1 denotes inverse of ¥. £ is the Lipschitz constant
for Y~1(WF —M). The result is updated based on both F!

and F'™1, while earlier methods updates F only based on F'. This
is the main reason why the proposed method converges faster.

Fi = arg ming {2 IF = YII + ¢ |IVF - vE(T)} 5)
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The VTV denoising algorithm is accelerated based on the FISTA
framework to solve (5).The second sub problem (4) is solved with
the SE method by backtracking. Let r = VIF — VC(T) be the re-
sidual and the tight approximation for the function:

[E(T) =~ Zm Zn\/(vlrm,n)2+(‘72rm,n)2 +¢ (6)

Where ¢ is a tiny constant (:10_10).

The transformation of an image is nonlinear. Here, we use the first
order Taylor approximation that VC(T + AT) =~ VC(T) + SAT,
where S is the image Jacob of VC(T). Now, it is easy to obtain the
slope of the energy function with respect to AT by the chain rule. T
can be updated iteratively with AT. Now warp the image with T to
obtain a new Jacob matrix until convergence.

-3 (5

SE algorithm with backtracking is used to minimize the energy
function (6), which is summarized in Algorithm 2. We set the initial

step size £° = 1and Q = 0.8. One can clearly observe that the
linear operation is used in this approach by employing the Hierar-
chical estimation for the registration of medical images. The value
of eq. (6) will be calculated on the both MR and CT images over-
lapping area. To obviate trivial solutions, here we utilized the nor-
malized function values. This function value will be «o when there
is no overlapping. We detected that this implementation could ef-
fectively obviate the trivial solutions.

Algorithm 2: SE with backtracking

Input: F, D(C), £°,2< 1, T%i=0

Repeat

Step 1: compute T+t = T? + £1AT?

Step 2: ifE(T*1) /0,4, > E(TY)/0;, set i = Q'
and go back to step 1

Step 3: #i*1 = £

Stepdii=i+1

until Stop criterion is met

3.2. SSIF Procedure: the proposed SSIF method is ex-
plained as follows

If S is a steered image centered at a pixel 72 in a local square win-
dow 1, then the filtered output @ at a pixel 72 is given by

0, =a,S, +b,,vn € w,, @)

Where a,,, and b,,, are the linear coefficients which are constant in

window wr,,. Constraints are to be derived from input image I to
determine the linear coefficients. The undesirable components N

(like noise or texture) must be subtracted from I to obtain noise free
filtered output,

0,=1,—-N, (8)

The difference between I and @ can be minimized by maintaining
the relation in eq. (7). Hence we can say that a,,, and b,, are the

linear coefficients that can reduce the cost function in window wr
as

E(am,bm) = Znewm((amgn + by — Hn)z + ’Vamz) ©)

Where 7 is the regulization parameter. Eq. (9) represents the linear
regression model. The solution for this is directly given by

1 _
= Ynewny Snln—Hmln
Ay = (10)

02t
bm = H_n — Ambm (11)

Here |w| is the number of pixels in a window wr,,, centered at
pixelm , U, is the mean, and azm is the variance in the win-

dowwr,,,. I, is the mean of input I,in wr,,, and is given by
H_n = iZnEwm L, (12)

After calculating linear coefficients, then output @,, can be solved
according to eq. (7). Since overlapping windows w,,, centered at

am contain pixel 72 is common, average of all estimates of @, is
taken. Therefore the filtered output is

0, =TSy + by (13)

P 1 T 1
Where @,,, = ;Znewm a,, and b, = ;Znewm b,, are the aver-

ages of the linear coefficients a,,, and b,,, respectively. In this arti-
cle, filtering output of steered image I in the steering of S is de-
noted asSSIF, ,-(I,S), where p is the filter size/neighborhood size
and 7~ is the degree of smoothing/regularization parameter. These
two parameters 1 and #~ controls the behavior of SSIF. If the vari-

ance sz of a steered image is greater than the threshold 7~ i.e.,

(02,, = #), within a window w,, , then the pixel located at the
center of the window doesn’t change. Now, the weights are calcu-
lated from the horizontal and vertical edge strengths of a pixel. Con-
sider matrix Q with row as observation and column as variable and
determine its covariance matrix by

cov(Q) = E[(Q - E[QD(Q - E[@D] (14)

Calculate unbiased horizontal estimate of a covariance matrix at a
pixel location (m, n) as

ULN@ =555, (Q - D@ - O (15)

Where @y, is the £ observation of the p -dimensional variable
and Q is the average of the observation. The diagonal of Ug"™ (Q)is

a variance vector. Compute Eigen values Afﬂ of ug;"(Q). As the

size of matrix is p X p, number of Eigen values can be found is p.
By adding all the Eigen values the horizontal edge strength €, can
be calculated.

€, (mmn) =34 _, AfH (16)

Similarly, for taking vertical edge strength into account calculate
the unbiased vertical estimate ug’;‘", and then compute the Eigen
values Afv. All the Eigen values are added to get the vertical edge

strength € as,

€¢,(mn) =35_ 2§, a7
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The weight W(m, n)of a pixel at location(m,n) is calculated by
obtaining the sum of €¢, (m,n) and €, (m,n)

W(m,n) = €¢,(m,n) + €, (m,n) (18)

To assign the weights adaptively, the process has to be repeated for
each and every pixel in the image. Here, the weight of a pixel does
not depend on its intensity value but its depends on its edge strength

4. Results and discussion

All the experiments have been done in MATLAB. The robust-
ness of proposed algorithm with the real/natural images is shown
in figure 3. In this section, we have represented both visual qual-
ity and quantitative analysis of various algorithms such as,
Wavelet based methods decimated Wavelet Transform (D-WT)
and Un-decimated wavelet transform (UWT), fast discrete
Curvelet transform (FDCT) and multi-resolution singular value
decomposition (M-SVD). Analysis of fusion metrics along with
image quality assessment (IQA) metrics such as peak signal-to-
noise ratio (PSNR), structural similarity index (SSIM), correla-
tion coefficient (CC), root mean square error (RMSE) and en-
tropy (E) are used to check the efficiency of the proposed ASM-
SSIF algorithm. The metric with the best value is represented in
bold case letter. Visual quality of fused images obtained using
state-of-art algorithms such as PCA, DWT [33], UDWT, FDCT
[46], M-SVD [35] and our method are demonstrated in figure 4
and figure 5 with data set 1 and data set 2 respectively. We can
clearly observe that the perceptual quality of fused output using
PCA, shown in figure 4(a) looks like low resolute image and the
gray levels are not up to the mark. Other transformation methods
like the methodology proposed in [33], UDWT and the algorithm
demonstrated in [46] shown in figure 4(b-d) respectively, which
performed superior to the PCA method in terms of visual percep-
tion, however these methods suffer from lack of contrast and
edge preservation. Figure 4 (e) shown that the fused output of the
method presented in [35], which was far better than the above-
mentioned algorithms. However, all the existing fusion methods
outputs not good at visual perception and lack of contrast with
edge information. Our proposed method presented in figure 4(f),
which looks more quality in visualization and good contrast with
proper edge information. We also observe that this image has
proper alignment of both CT and MR images of data set1; where
as in figure 4(a-e) has not aligned properly.

(B)

Fig. 3: A) Clock Data Set B) Airplane Data Set.

(@ © ®
Fig. 4: Visualization of Fused Output Images with Data Set 1 A) PCA B)
DWT C) UDWT D) FDCT (E) M-SVD and F) Proposed ASM-SSIF
Method.

@ © ®

Fig. 5: Visualization of Fused Output Images with Data Set 2 (A) PCA
B) DWT C) UDWT D) FDCT E) M-SVD and F) Proposed ASM-SSIF
Method.

Table 1: Quantitative Analysis of Fusion Methods for Dataset 1

Meth- PSN En-
odol- R (in RMS e SSIM  trop
ogy dB) y
PCA 27'59 0106  0.888 8'998 8'54
UDW 6225 019 0792

J ° 0 : 098 611
DWT 6225 0196 0793 6.09
[33] 7 6 5 C
FDCT 6515 0920 0998 596
ot 0 040 ¢ ; 5
NSCT  67.5 0.998

u e 0111 0w 6.62
M.

SVD 6496 0143 0915 0997 597
[35]

Pro-

posed 0.006

posed  o1m D 0999 1 6.98
SSIF
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Table 2: Quantitative Analysis of Fusion Methods for Dataset 2

Meth-  PSN

odol- R (in FEW'S cc SSIM tErg
ogy dB) w
PCA ;4'93 2'045 0978 0999 4637
UDW 0.090 0.968
J 6895 ¢ 0933 0988
DWT 0.090 0.968
o 6898 0934 098
FOCT 7021 0920 0998

i ! 0140 9 ] 5.05
NSCT 7515 0048

o : 2 0.98 0999 509
M-

SVD 7493 008 D8 o909 49
[35]

Pro-

posed

posed o 0.00 1 1 5.22
SSIF

Figure 5. (a-f) demonstrated that the PCA, DWT, UDWT, FDCT,
M-SVD and our proposed method fused outputs with data set 2.
The same analysis which we have discussed above has applica-
ble for this also. The figure 5(f) show the clear view of both CT
and MR images with good quality and proper alignment. The
outputs of both registered and fused images of dataset 1 and da-
taset 2 obtained using proposed frame work has been presented
in figure 6 and figure 7. Demonstration of registered and fused
images using proposed algorithm has given in figure (c-d), where
as in figure (a-b) shown that the input CT and MR images re-
spectively.

(a)

©@ [C))
Fig. 6: A) CT Image B) MR Image C) Registered Image and D) Fused
Image Using Proposed ASM-SSIF Method.

(©) (d)
Fig. 7: A) Ct Image B) MR Image C) Registered Image and D) Fused
Image Using Proposed Asm-Ssif Method.

Quantitative analysis with IQA shown in table 1 for the test re-
sults presented in figure 4, which gives the analysis of dataset 1.
Table 1 consists of various fusion metric parameters such as
PSNR, RMSE, CC, SSIM and entropy. The best values are high-
lighted in bold letters. Our proposed method obtained far better
values over all the existing fusion methods discussed in the liter-
ature. We also tested the qualitative analysis of dataset 2 with the
similar fusion metric parameters considered for dataset 1.

5. Conclusions

In this, we proposed a novel implementation of medical image
registration and fusion using Active Slope Meagreness (ASM)
regularizer with statistics based steered image filtration (SSIF).
Precise registration is needed by the MR and CT image fusion,
while the misalignment is quite hard to obviate during the pre-
processing step. To surmount this, we had proposed a robust and
new approach for both registration as well as the fusion of MR
and CT images. Our approach focuses on simultaneous registra-
tion during the fusion procedure. Initially, the MR image is fo-
calized to enhanced resolution, which permits us for more pre-
cise registration of images. At the same time, fusion of images
can be done precisely by extinguishing the misalignment gradu-
ally. We have run these two procedures iteratively until the con-
vergence. Fusion performance is assessed using visual percep-
tion analysis and IQA with fusion metric parameters. Results
showed that our algorithm is giving better performance by en-
hancing the overall fusion quality of MR and CT images in terms
of IQA with fusion metric parameters. Specifically, our proposed
ASM-SSIF method is shown to be much more powerful on med-
ical data sets of real-world with pre-registration errors.
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