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Abstract. A variety of pixel and feature based methods have been
proposed for registering multiple views of anatomy visible in studies
obtained using diagnostic, minimally invasive imaging. A given regis-
tration method may outperform another depending on anatomical vari-
ations, imaging conditions, and imaging sensor performance, and it is
often difficult a priori to determine the best registration method for a
particular application. To address this problem, we propose a registra-
tion framework that pools the results of multiple registration methods
using a decision function for validating registrations. We refer to this
as meta registration. We demonstrate that our framework outperforms
several individual registration methods on the task of registering multi-
ple views of Crohn’s disease lesions sampled from a Capsule Endoscopy
(CE) study database. We also report on preliminary work on assessing
the quality of registrations obtained, and the possibility of using such
assessment in the registration framework.

1 Introduction

Minimally invasive diagnostic imaging methods such as flexible endoscopy, and
wireless capsule endoscopy (CE) often present multiple views of the same
anatomy. Duplication issues are particularly severe in the case of CE, where
peristaltic propulsion may lead to duplicate information over several consecutives
frames, and also several minutes apart. This may be difficult to detect, since each
individual image captures only a small portion of anatomical surface due to lim-
ited working distance of these devices, providing relatively little spatial context.
Given the relatively large anatomical surfaces (e.g. the Gastrointestinal tract
(GI)) to be inspected, it is important to identify duplicate information as well
as to present all available views of anatomical and disease views to the clinician
for improving consistency, efficiency and accuracy of diagnosis and assessment.
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Fig. 1. A mild Crohn’s lesion in
CE. CE color Images are typically
576x576 pixels.

In particular, we are interested in automati-
cally assessing the severity of Crohn’s disease,
an inflammatory condition of the GI tract us-
ing CE images (Figure 1). The aggressiveness
of the course of mucosal healing treatment for
Crohn’s disease depends upon the severity as-
sessment of unique lesions in the CE images.
We aim to identify and assess multiple views
of a selected lesion, to reduce redundant in-
formation and to improve the consistency and
accuracy of disease assessment.

In the literature, lesion finding has been
commonly formulated as a detection problem
[1] where a classifier is trained to learn the vi-
sual properties of the chosen object category
(i.e. lesions). This process typically requires
feature extraction to generate a low dimensional representation of image con-
tent, followed by classifier training to distinguish the desired object model(s)
[2]. For CE, appearance modelling has been used for blood detection [3,4], topo-
graphic segmentation[5] and lesion classification [6].

Generic detection is different from matching an instance of an object to an-
other. Therefore, we consider detection of repetitive lesions as a registration
and matching problem. A registration method evaluates an objective function
or similarity metric to determine a location in the target image (a second view)
where a reference view (i.e. a lesion) occurs. Once a potential registration is
computed, a decision function must be applied to determine the validity of the
match. Our goal is to develop a trained statistical classifier that makes a decision
based on the quality of a match between two regions of interest (ROIs) or views
of the same lesion, rather than the appearance of the features representing an
individual ROI.

Decision functions for image matching have traditionally been designed as
thresholded classifiers based on one or more registration metrics. Although such
a method ensures low false positive rates, the overall retrieval rate is bounded
by the recall rate of the most sensitive metric. The work of Szeliski et al. [7] and
Stewart et al. [8] are examples of such problem formulations. In many cases, a
single, unique global threshold may not exist; therefore the determination of an
adaptive threshold is a challenging problem. An integrated classifier that distin-
guishes registrations based on a feature representation populated by a wide range
of metrics is likely to outperform such threshold based methods. Chen et al. [9]
introduce a new feature vector that represents images using an extracted fea-
ture set. However, this approach still requires the same similarity metric across
the entire feature set. By contrast, we present a framework that incorporates
multiple registration algorithms, a generalizable feature representation for clas-
sification and a regression based ranking system to choose the highest quality
match.



584 S. Seshamani et al.

2 Meta Registration Framework

Fig. 2. Multiple independent registration methods
and a robust classifier are used to determine the lo-
cation of ROI R in image I

Given an ROI Ri in an im-
age Ii, and a target image
Ij , we define the registra-
tion function T (Ri, Ij) �→
Rj , which generates an ROI
match pair (Ri,Rj). The ob-
jective function for this regis-
tration is based upon the in-
variance properties of image
data to be matched. For ex-
ample, histogram representa-
tions are invariant to rotation,
whereas pixel based meth-
ods are generally not. Feature
based methods are typically
less affected by changes in il-
lumination and scale. Due to
large variation in these invariance properties within endoscopic studies, a single
registration method may not be adequate for retreiving matches in endoscopic
data. We use multiple independent global registration methods (each more ac-
curate in a different subset of the data) and a decision function to estimate a
valid match. Let us denote the similarity metric relating visual properties of the
two ROIs Ri and Rj as d(Ri, Rj). Using a set of global registration functions
T = Ti(R, I) : i = 1 . . . n and estimated matches R′

1 . . . R′
n from each of these

methods, the decision function D which determines which estimates are correct
matches can be written as in equation 1. In the case where there are multiple
correct match estimates, we use a ranking function to determine the best result.
Figure 2 shows the information flow in the proposed method.

D(Ri, R
′
j) =

{
1, if d(Ri, R

′
j) < γ

−1 otherwise (1)

Decision Function Design. For an ROI R, we use the following notation for
representing appearance features. We start with pixel based features. The inten-
sity band of the image is denoted as RI . The Jacobian of the image is denoted
RJ = [Rx, Ry] where Rx and Ry are the vectors of spatial derivatives at all
image pixels. Condition numbers and the smallest Eigenvalues of the Jacobian
are denoted as RJC and RJE respectively. The Laplacian of the image is de-
noted as RLAP . We denote histogram based features as : RRGBH , RWH and
RWCH for RGB histograms, Gaussian weighted intensity histograms and Gaus-
sian weighted color histograms respectively. We also consider MPEG-7 descrip-
tors [10]: REHD (Edge Histogram), RHar (Haralick Texture), RDCD (Dominant
Color) and RHTD (Homogeneous Texture).

Given two images Ia and Ib where A is an ROI in IA with center x and B
is an ROI in IB , we generate a feature vector for a pair of regions A and B
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Table 1. Metrics Table

Metric Name Formula

RMS (rms)
√

( 1
n

∑
k(AI − BI)2)

RMS Shuffle
√

( 1
n

∑
k shuffle(AI , BI))

Ratio of Condition Numbers min(AJC , BJC)/max(AJC, BJC)

Ratio of Smallest Eigenvalues min(AJE, BJE)/max(AJE, BJE)

Laplacian Shuffle Distance shuffle(ALAP , BLAP )

Weighted Histogram Bhattacharya Distance sqrt(AWH .BWH)

RGB Histogram Bhattacharya Distance sqrt(ARGB.BRGB)

Edge Histogram Manhattan Distance
∑

(AEHD − BEHD)

Haralick Descriptor Canberra Distance
∑ |AHar−BHar |

|AHar|+|BHar |
HTD Shuffle Distance shuffle(AHTD, BHTD)

Forward Backward check |x − T (Ib, Ia, T (Ia, Ib, x))|

populated with the metrics shown in Table 1. The decision function can then
be trained to distinguish between correct and incorrect matches using any stan-
dard classification method. We use Support Vector Machines (SVM) [11] in our
experiments.

The Ranking Function: We treat the registration selection as an ordinal re-
gression [12] problem. Given a feature set corresponding to correctly classified
registrations, F = {f1, ..., fN} and a set of N distances from the true regis-
trations, we can form a set of preference relationships between the elements
of F . Let us define the set of preference pairs P as, P = {(x, y)|fx ≺ fy}.
Our goal is to compute a continuous real-valued ranking function K such that,
fx ≺ fy ∈ P =⇒ K(fx) < K(fy). A preference pair (x, y) ∈ P can be thought of
as a pair of training examples for a standard binary classifier. We train a binary
classifier C such that,

C(Fx, Fy) =
{

0, if(x, y) ∈ P
1 otherwise

and C(Fy , Fx) = 1−C(Fx, Fy). Given such a classifier, the rank can be computed
as, K(F ) =

∑n
i=1 C(F, Fi)/n where K is the fraction of the training set that

are less preferred to F based on the classifier. Thus K orders F relative to the
training set. Let fx represent the metrics or features of registration and fi,j

represent the vector concatenation of fi and fj. The training set, Train = {<
fi,j , 0 >, < fj,i, 1 > |(i, j) ∈ P} is used to train an SVM. For classification, we
pair each vector in the test set with all the vectors in the training set and use
the empirical order statistics K(F ) described above for enumerating the rank.

3 Training Data

Given an ROI R and a set of CE images I = {Ii : i = 1 . . .N}, the task is
to build a dataset of pairs of images representing correct and incorrect matches
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of a global registration. We first compute the correct location of the center of
the same ROI in I through manual selection followed by a local optimization.
We denote this set of locations as X = {Xi : i = 1 . . .N}. Next, we select any
global registration method T and apply it between R and each image in the set
I to generate a set of estimated ROI center locations X ′ = {X ′

i : i = 1 . . .N}
and pairs R = {R, Ri : i = 1 . . .N}. The pairs are designated a class label
y (correct or incorrect matches) by thresholding on the Euclidean distance (in
pixels) between Xi and X ′

i. We refer to this as the ground truth distance. The
training set T contains all registered pairs and their associated class labels.

4 Experiments

Our CE study repository contains studies acquired with an approved Institu-
tional Review Board (IRB) protocol. A CE study may contain up to 8 hours of
data acquired at 2 images per second. The CE study database contains selected
annotated images containing Crohn’s Disease (CD) lesions manually selected by
our clinical collaborators. These provide the ROIs we use for our experiments. A
lesion may occur in several neighboring images, and these selected frames form
a lesion set. Figure 3 shows an example of a lesion set. In these experiments,
150x150 pixel ROIs were selected. Various lesion sets contain between 2 and 25
image frames. Registration pairs were then generated for every ROI in the lesion
set, totaling 266 registration pairs.

We used the folowing five standard techniques for 2D registration. These in-
clude SIFT feature matching, mutual information optimization, weighted his-
tograms (grayscale and color) and template matching. For each of these meth-
ods, we performed a registration to estimate a registered location, resulting in a
total of 1330 estimates (5 registration methods per ROI-image pair). The ground
truth for these estimates was determined by using a threshold of 25 pixels on
the Euclidean distance described in Section 3. The dataset contained 581 correct
(positive examples) and 749 incorrect (negative examples) registrations.

For every registration estimate, we computed the registered ROI for the train-
ing pair. The feature vector respresenting this registration estimate was then
computed as described in Section 2. We then trained the decision function using
all registration pairs in the dataset. The performance of this integrated classifier
was evaluated using a 10-fold cross-validation. Figure 5(a) shows the perfor-
mance of our classifier, including comparison with the ROC curves of individual

Fig. 3. A Lesion Set: a set of neighboring CE images with the same lesion
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Table 2. 8 Iterations of Ranking Experiment

Iter1 Iter2 Iter3 Iter4 Iter5 Iter6 Iter7 Iter8

No: of pairs 300 600 900 1200 1500 1800 2100 2400

Train mis-classification rate 0.001 0.014 0.016 0.015 0.018 0.017 0.017 0.017

Train pair mismatch rate 0.16 0.18 0.17 0.16 0.16 0.16 0.16 0.15

Test pair mismatch rate 0.32 0.38 0.32 0.26 0.38 0.32 0.35 0.27

Test rank mean 0.53 0.69 0.55 00.35 0.69 0.55 0.61 0.44

Test rank std dev 0.14 0.15 0.20 0.28 0.19 0.23 0.21 0.29

Fig. 4. Estimated Ranks for training (left) and test(right) datasets

metrics used for feature generation. The true positive rate was 96 percent and
the false negative rate was 8 percent.

For n registrations, a total of n choose 2 preference pairs can be generated.
We used a subset of this data as the input to the ranking model. Features used to
generate a training pair include the difference between EHDs and the difference
between the DCDs. Training was initiated with a random selection of n = 300.
This estimate was then improved by iteration and addition of preference pairs
at every step. At each iteration, a 10-fold cross validation was performed where
the dataset was divided into appropriately sized training and test sets. Training
was then conducted using an SVM model with a radial basis kernel.

Once this classifier was trained, preference relationships were predicted by
classifying vectors paired with all training vectors. Relative ranks within each
set were determined and pair mismatch rates were calculated. A mismatch is any
pair of registrations where K(Fx) > K(Fy) and Fx ≺ Fy or K(Fx) < K(Fy) and
Fx � Fy. The training mis-classification rate is the percentage of contradictions
between the true and predicted preference relationships in the training set. Table
2 shows the rank metrics for each iteration. Figure 4 shows the sorted ranking
function of training and test set registrations at the end of 8 iterations.

The registration framework was applied to all 266 image pairs. For each pair,
all five registration methods were applied to estimate matching ROIs. The first
row of Table 3 shows the number of correct registrations evaluated using the
ground truth distance. Features were extracted for all registrations and the in-
tegrated classifier trained above was applied. A leave one out cross-validation
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Fig. 5. Meta Registration Results. LEFT: ROC Curves of all metrics used individually
overlaid with the integrated classifier (Green X), RIGHT: Percentage true positives for
cross validation for template matching(red), SIFT (green), Mutual Information (blue),
Intensity Weighted Histogram matching (black) Color Weighted Histogram matching
(magenta) and meta registration (cyan).

Table 3. Meta Registration Results. The first row shows the number of correct matches
qualified by a manual validation. The second row shows the number of correct matches
qualified by the automated integrated classifier. The third row shows the number of
automatically qualified matches that match the manual (ground truth) validation.

Type Template
Matching

Sift Mutual
Info

Intensity
Weighted
Histogram

HSV
Weighted
Histogram

Meta
Registration

Ground
Truth

165 122 54 111 129 266

Classifier 129 62 25 75 77 188

True
Positives

106 59 10 46 47 188

was performed for each ROI-image pair. The second row of Table 3 shows the
number of matches that the classifier validated as correct. Finally, the last row
shows the number of true positives which is the number of correctly classified
matches that are consistent with the ground truth classification. The last column
in the table shows the performance of the meta registration. The new framework
retreived a larger number of registrations than any single registration method.
We performed a range of n-fold validations on the same dataset for n ranging
from 2-266 (where n = 2 divides the set into two halves and n = 266 is the leave
one out validation). Figure 5(b) shows the percentage of true positives retreived
(which is the ratio of true positives of the meta registration to the number of
correct ground truth classifications) by each individual registration method and
the integrated classifier (top curve in cyan). The meta registration was able to
retrieve 70 percent of matches where the best registration method only retreived
39 percent.
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5 Discussion

We have proposed a meta registration framework for matching of lesions in cap-
sule endoscopic video. This general approach incorporates multiple independent
optimizers and an integrated classifier combined with a trained ranker to select
the best correct match from all registration results. Our results show the inte-
grated method outperforms the use of any single method for ROI matching and
retreival in CE imagery. In future work, we plan to extend this to matching ROIs
without explicit application of global optimizers.
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