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Abstract: Localisation of an active capsule endoscope inside the stomach has different challenges. One of them is the
estimation of the capsule's roll angle. Another challenge is adjusting the distance between the capsule and the stomach to
achieve high-quality imaging in the region of interest. In this study, an optimised image-guided localisation (O-Localisation)
method is proposed to estimate the roll angle and the scale factor between the consecutive frames. The distance between the
capsule and walls of the stomach can be adjusted using the suggested fuzzy adjuster, which is developed based on the
estimated scale factors and calibration parameters. This new method is only based on visual information extracted from wireless
capsule endoscope video frames. The results show that this method can accurately estimate the rotation angles and scale
factors with errors <0.2% for the angles up to 90° and 0.3% for the scales up to 5, respectively. The method is robust to the
brightness changes up to 80% with a maximum error of 0.3%. The computational time is about 1 s and can be considered near
real-time for this application. Accordingly, the O-Localisation method as a real-time, robust and precise method for capsule
localisation can provide a more efficient controllable and steerable capsule endoscopes.

1 Introduction
In recent years, gastrointestinal (GI) tract endoscopy, as a
minimally invasive procedure, has been commonly used for
diagnosis and treatment of GI tract diseases. Conventionally,
flexible endoscopes are used for GI endoscopy, which causes
difficulties, such as handling the control elements for physicians
and endoscopic complications like bleeding for the patient. These
problems lead to a new technique that is called wireless capsule
endoscopy (WCE) [1–4]. There are two types of capsule
endoscopes: active capsules and passive capsules. Passive capsule
endoscopes are already used in clinics for examining the small
intestines. Since their movement depends on peristaltic
contractions, they are not useful for examination of the other parts
of the GI tract. In contrast, active capsule endoscopes are more
desirable because of their steerable and controllable movement.
However, using active capsules in different parts of the GI tract,
especially in the stomach, has various challenges [5, 6]. Due to the
large open space inside the stomach, one of these challenges is
localising the capsule in a proper distance from the walls of the
stomach to achieve suitable imaging. Another important challenge
is localising the capsule to be used as the controller feedback
during the endoscopy procedure.

Various types of localisation methods for both active and
passive capsules have been reported by researchers [4, 7–10].
These methods provide different degrees of freedom (DOFs) for
the active capsules in which magnetic localisation methods obtain
the most DOFs (5 DOF). However, they are unable to derive the
roll angle of the capsule [7, 10]. In contrast to these methods,
image-based approaches can provide the estimation of the roll
angle using less expensive and complicated methods.

In [11], a method based on images and computer vision
techniques is proposed for the capsule inside the small intestine.
First, Lucas–Kanade optical flow is used for local features
tracking. Then, the parameters of localisation/orientation are
derived using epipolar geometry analysis. Finally, the rotation
angle is obtained by the quaternion method. The authors have
reported the accuracy of 1.755° for rotation angles <30° and big

errors occur for rotation angles over 30°. In [12–14], an image-
based method using local feature extraction and matching is
presented for the capsule endoscope localisation inside the small
intestine. In this method, the speeded-up robust features (SURF)
are extracted from endoscopic frames and matched in consecutive
frames. For estimation of the capsule displacement and rotation, a
homography matrix is calculated. In these works, the accuracy of
the roll angle estimation is reported in the order of 0.1° [12–14].
Turan et al. [15] have proposed a method based on an unsupervised
deep neural network for depth and pose estimation of active
capsule endoscopes inside the stomach. The introduced network
contains two sub-networks for depth and pose estimation of the
camera using monocular images. The authors have reported
absolute rotational errors <1° for rotation angles up to 15° and over
1° for rotation angles up to 40°. In [16], a method is presented for
estimating the travelled distance by the capsule towards the z-axis
(depth) in the bowel by using a multilayer feed-forward neural
network (MFNN). This approach comprises three steps including
calibration, estimation of the scale factor using MFNN and capsule
trajectory determination. The authors have reported a mean
absolute error of 0.79 ± 0.51 cm for a distance of 19.6 cm. In our
previous work [16], a method for localising active capsule
endoscopes inside the stomach based on machine vision techniques
is presented. In this work, first, the desire features of the images are
extracted using SURF detector and matched between two
consecutive frames using fast library for approximate nearest
neighbours (FLANN). Then, the geometry transformation is
calculated based on MSAC algorithm and finally, the scale factor
and roll angle are estimated. Two criteria are considered for
choosing the proper method of feature detection. First, the proper
method should be able to detect numerous features to guarantee
that enough inliers exist. Second, it should be a real-time algorithm
because real-time capsule localisation is needed during endoscopy
[16]. Different well-known methods, SURF, features from
accelerated segment test (FAST) and Harris Corner detectors are
applied to the endoscopic images to find the local features [17–19].
Among them, SURF and FAST are real time and SURF detector
satisfies the detection of a large number of the features criterion.
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However, the accuracy of feature matching has not been considered
for choosing a proper feature detector.

To attain the most efficient controllable and achieve the best
performance in imaging, biopsy and drug delivery, a real-time,
robust and precise method for capsule localisation is required.

This study comprises two novel methods. The first one is
developing a novel algorithm [(i.e. optimised image-guided
localisation (O-Localisation)] for localising the active capsule
endoscope inside the stomach, which can be used as the controller
feedback for steering active capsule endoscopes. Using the
proposed algorithm leads to optimising four parameters, which are
the accuracy of rotation angle estimation, the accuracy of scale
factor estimation, the robustness to brightness and the
computational cost. To this end, first, the rotation angle of the
capsule about its main axis is estimated using the proposed
algorithm called FAST-Localisation. Then, the scale factor between
two consecutive frames is obtained based on the algorithm
presented in our previous work (SURF-Localisation) [16]. The
second one is adjusting the distance between the capsule endoscope
and the walls of the stomach using the proposed fuzzy adjuster,
which consists of the obtained scale factor fuzzy rules.

It should be noted that in this study the part of the walls, which
is called the greater curvature, is considered for evaluating the
proposed method.

The rest of this paper is organised as follows. Section 2
introduces the proposed O-Localisation method and its different
steps. In Section 3, the experimental results of the proposed
method are presented. In Section 4, the results are discussed.
Finally, Section 5 concludes the paper.

2 Materials and method
In this study, three datasets from three patients are acquired. Each
of these consists of 78 consecutive frames (with the size of 235 × 
292 pixels), related to the greater curvature extracted from the
upper GI endoscopy videos taken at Isfahan University of Medical
Science.

Four parameters are considered to propose an optimised method
for estimation of the capsule's rotation angle and scale factor
between two consecutive frames. These parameters are: (a)
accuracy of the rotation angle estimation, (b) accuracy of the scale
factor estimation, (c) robustness to brightness and (d)
computational cost, which are described as follows.

(a) Accuracy of rotation angle estimation
To achieve the optimised estimation of the rotation angle, the

proposed FAST-Localisation (as is described in Section 2.1) and
SURF-Localisation [16] algorithms are applied to rotated versions
of the original consecutive frames ranging from 0° to 90° with 5°
increment. The detected features in each rotated frame are matched
with detected features in original frames. The rotation angles
between the rotated frames and the original frames are estimated.

The accuracy of rotation angles estimation for each method is
defined in (1). The normalised error of angle (N . E . A) estimation
between the actual rotation angle and the estimated rotation angle
is calculated as follows:

N . E . A = θactual − θestimated
θactual

(1)

where θactual is the actual rotation angle and θestimated is the
estimated rotation angle between the rotated frames and the
original frames.
(b) Accuracy of scale factor estimation

To achieve the optimised estimation of the scale factor, different
scale factors are applied to original frames, and simulated frames
are obtained. FAST-Localisation (as is described in Section 2.1)
and SURF-Localisation [16] methods are used to estimate the scale
factors between original and simulated frames using (2). The
normalised error of scale factor (N . E . S) estimation between the
actual scale factor and the estimated scale factor for each pair of
frames is calculated using.

N . E . S = Sactual − Sestimated
Sactual

(2)

where Sactual is the actual scale factor and Sestimated is the estimated
scale factor between the rotated frames and the original frames. If
there are not enough matched features, the scale factor is not
estimated and the ‘NaN’ is returned as an estimation error.
(c) Robustness to brightness

An optimised method should also be robust to different values
of brightness. This is an important challenge in endoscopic images
because of the optical source of the endoscopic camera. To
evaluate robustness to brightness, various percentages of brightness
are applied to the dataset. Then, the overall errors of the rotation
angle estimation in different brightness (the average of N.E.A for
each rotation angle) and the scale factor estimation (the average of
N.E.S for each scale factor), are calculated. Finally, the results are
compared between FAST-Localisation (as is described in Section
2.1) and SURF-Localisation [16].
(d) Computational cost

The FAST-Localisation (as it is described in Section2.1) and
SURF-Localisation [16] algorithms are implemented in MATLAB.
The execution time of each method is calculated and compared
using a Core™2Duo-2.80 GHz processor with 4 GB RAM.

The flowchart of the proposed O-Localisation method is
illustrated in Fig. 1. Different steps of this method are explained in
the following sub-sections.

2.1 FAST-Localisation method

As shown in Fig. 1, the rotation angle of the capsule is estimated
using FAST-Localisation method. Different steps of this method
are shown in Fig. 2 and explained as follows. 

2.1.1 Feature detection and description: Accelerated segment
test (FAST) algorithm is applied to each frame and features are
detected. In the FAST algorithm, pixel ‘p’ is selected as a feature if
the intensities of at least 12 contiguous pixels, which are in a circle
of 16 pixels surrounding ‘p’, are all either above or below the
intensity of ‘p’ by a pre-defined threshold [18]. To make the
algorithm fast, if at least the intensities of three pixels among
pixels 1, 5, 9 and 13 meet the mentioned condition, other
intensities are checked.

In order to describe interest points, the fast retina keypoint
(FREAK) method is used [20]. This binary descriptor is computed
based on the results of intensity comparison tests in a number of
smoothed sampling points arranged in sampling pattern around the
features [18]. The sampling pattern is formed by 43 weighted
Gaussians with inspiration from the retinal pattern in the eye. It
was claimed that FREAK is faster and more robust than SURF,
scale-invariant feature transform and binary robust invariant

Fig. 1  O-Localisation method
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scalable keypoints [17, 21, 22]. It is important to mention that
FAST detector and FREAK descriptor are invariant to rotation and
contrast, which makes them ideal candidates for robust and
computationally efficient processing of endoscopic images.

2.1.2 Feature matching: The extracted features should be
matched in two consecutive frames. To achieve proper feature
matching, enough similar features should exist in two consecutive
frames. Since the speed of WCE can be assumed low enough to
make possible accurate investigation in the stomach, it can be
guaranteed that enough similar features are detected in two
consecutive frames. The features are matched if their distance is
less than a defined threshold. In this paper, due to a large number
of features, FLANN is used for fast searching and decreasing the
execution time [23]. In this approach for finding the nearest
neighbour matching of the features, the best algorithm and
optimum parameters are chosen automatically based on the dataset.

2.1.3 Rotation angle and scale factor deriving: The main goal
of this step is the estimation of the rotation angle and scale factor
based on the similarity transformation between two consecutive
frames. This is done by omitting the outliers and fitting a
transformation model on the inliers. As in our previous study, M-
estimator SAmple and Consensus (MSAC) algorithm [16, 24],
which is a variant of RANdom SAmple Consensus (RANSAC)
[25], is used for achieving the mentioned goal. The MSAC
algorithm provides more advantages to RANSAC without any
additional computational cost [26]. In MSAC algorithm, inliers are
scored based on their fitness to the geometric transformation model
by a re-descending M-estimator and outliers are weighted by
constant numbers.

At least two points are needed to initialise the similarity model.
Steps of deriving the rotation angle and the scale factor between
two frames are described as follows:

(i) Similarity transformation is estimated using two pairs of
matched features, which are selected randomly.
(ii) If the distance between each pair of matched features and the
estimated model is lower than the pre-defined threshold, they are
considered as inliers and scored according to their fitness to the
model. Otherwise, they are assigned as outliers.
(iii) Steps 2 and 3 are iterated until the number of iterations
satisfies the pre-defined value.
(iv) If the number of inliers in some similarity transformations is
equal or more than the pre-defined value, the transformation with
the maximum number of inliers will be selected as the final
geometry transformation between the images.
(v) The transformation matrix is determined as follows:

T =
Sc −Ss 0
Ss Sc 0
tx ty 1

(3)

where tx and ty are translations in x and y directions, respectively, S
is the scale factor, Sc = S cos(θ), Ss = S sin(θ) and θ is the roll
angle.

The values of the rotation angle and the scale factor are calculated
as follows:

S = (Sc)2 + (Ss)2 (4)

θ = tan−1 Ss
Sc

(5)

2.2 SURF-Localisation method

The SURF-Localisation method is used to estimate the scale factor
between two consecutive images (Fig. 1). This method is described
in [16].

2.3 Fuzzy adjuster

To adjust the distance between the capsule and the walls of the
stomach (in this study the greater curvature), the following concept
is considered:

It is assumed that the camera is moving along a constant scene
slowly while its optical axis is perpendicular to the scene. If the
scale factor between two consecutive frames is >1, it means that
the distance between the camera and the scene decreases. For
adjusting the distance, the camera should move away from the
scene along the direction of its optical axis. Otherwise, the distance
between the camera and the scene increases and the camera should
move towards the scene.

The amount of the camera movement along the direction of its
optical axis specified by the proposed fuzzy adjuster method
consisting of two steps: calibration and fuzzy rules, as introduced
in the following.

2.3.1 Calibration: A stomach phantom model and an active
capsule endoscope are used for calibration purposes (Fig. 3). The
method for calibration is explained in the following steps:

(i) The capsule is placed z0  cm far away from the greater
curvature. z0  is a suitable distance for achieving high-quality
imaging. z0  can be specified by the physician (default value is 4 
cm).
(ii) An image is acquired and called I1.
(iii) The capsule is placed z0 − i cm towards the scene along its
optical axis (Δz = i) and image Ii is acquired. The scale factor
between I1 and Ii is calculated and stored in Si. This step is repeated
for i = 1, 2, 3, …, p. p can be specified by the physician based on
z0  and the possible farthest distance between the capsule and
stomach wall. In this paper, p is defined as 3 based on practical
examinations.

Fig. 2  Steps of FAST-Localisation method
 

Fig. 3  Different positions of the capsule with respect to the greater
curvature in the proposed calibration
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(iv) The capsule is placed z0 + i  cm away along the direction of its
optical axis (Δz = − i) and image Ii is acquired. The scale factor
between I1 and Ii is calculated and stored in Si. This step is repeated
for i = 1, 2, 3, …, q. q can be specified by the physician based on
z0  and the possible nearest distance between the capsule and the
stomach wall. In this paper, q is defined as 3 based on practical
examinations.

2.3.2 Fuzzy rules: In the proposed fuzzy adjuster, inputs and
outputs are the calculated scale factors and values of movements of
the capsule, respectively. Defined fuzzy rules are based on zero-
order Sugeno fuzzy model [27].

Triangular membership functions are considered as inputs
membership functions because of linearity, simplicity and fast
computation (Fig. 4). The fuzzy rules are defined as follows:

1. If S is Too Large, then Δz is −3.
2. If S is Very Large, then Δz is −2.
3. If S is Large, then Δz is −1.
4. If S is Proper, then Δz is 0.
5. If S is Small, then Δz is 1.
6. If S is Very Small, then Δz is 2.
7. If S is Too Small, then Δz is 3.
8. If S is NaN, then Δz is 3.

The last rule is used when the scale factors are <0.4 and enough
matched features cannot be found for calculating them.

For defuzzification, the weighted average method or Sugeno
defuzzification is used. The crisp value is calculated as

zout = ∑ j = 1
n αjΔzj

∑ j = 1
n αj

(6)

in which zout is the amount of depth that capsule should travel for
distance adjustment, n indicates the number of fired rules and αj is
the firing strength of jth rule.

3 Experimental results
Fig. 5 shows six samples of the used datasets. 

To extract the features as is explained in 2.1.1, first, the
endoscopic images are transformed from RGB-scale to grey-scale
and then, FAST algorithm is applied to the frames. The minimum
intensity difference value between the corner and the surrounding
region is considered 0.05 with respect to the endoscopic images.
Fifty of the strongest features detected by FAST are shown in
Fig. 6. 

For matching the features as explained in Section 2.1.2, the
FLANN is applied with the defined threshold 10. Fig. 7 shows the
matched features between two arbitrary consecutive frames using
FLANN. 

As it is stated in Section 2.1.3, outliers are omitted using MSAC
algorithm and the proper similarity transformation is derived. To
this end, the threshold is defined as 1.5. The rotation angle between
the rotated and original frames is estimated and the normalised
error of the estimation of rotation angle is calculated based on (4).

The average of N . E . A in SURF-Localisation and FAST-
Localisation methods are compared in Figs. 8 and 9. 

FAST-Localisation and SURF-Localisation methods are used to
estimate the scale factors between original and simulated frames;
and results are compared in Table 1. The numbers of ‘NaN’
answers (section 2) are shown in the second and third column of
Table 1 and the average of the existing errors for all of the frames
are shown in two last columns of the table.

Another critical issue is the brightness of frames in the clinical
endoscopy data. Various percentages of brightness are applied to
the rotated frames, and the rotation angles are estimated using
SURF-Localisation and FAST-Localisation methods. The rotated
frames with their brightness changed are shown in Fig. 10. The
results of the two methods are compared to each other in Figs. 11–
13. 

For comparing computational cost, the execution time is
calculated for FAST-Localisation and SURF-Localisation methods.

Fig. 4  Triangular membership functions of the scale factors as inputs of
the fuzzy adjuster

 

Fig. 5  Samples of extracted frames of the upper GI endoscopic video
 

Fig. 6  Fifty strongest detected features by FAST method
 

Fig. 7  Matched features between two consecutive frames using FLANN
 

Fig. 8  Average of N . E . A of 78 frames for each rotation angle
 

Fig. 9  Average of N . E . A of different rotation angles for each frame
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It is clear from Fig. 14 that the execution time for SURF-
Localisation method is less than FAST-Localisation method. 

Table 2 compares the overall errors of the rotation angle
estimation in different brightness (the average of N . E . A for each
rotation angle) and the scale factor estimation (the average of
N . E . S for each scale factor), and execution time for FAST-
Localisation, SURF-Localisation and O-Localisation methods. 

4 Discussion
In this paper, a video-based approach for tracking the capsule
endoscope without requiring any external equipment is
investigated. The main and first purpose of the presented method is
an accurate and robust estimation of the rotation angle of the
capsule endoscope about its main axis during endoscopy inside the
stomach. As can be seen from Fig. 8, the average of N . E . A of 234
frames for each rotation angle is ranging from 0 to 0.2% for the
FAST-Localisation, and from 0.01 to 0.37% for the SURF-
Localisation. The average of N . E . A of different rotation angles
for each frame is between 0.02 and 0.16% for the FAST-
Localisation, and between 0.06 and 0.28% for the SURF-
Localisation (Fig. 9). The average of N . E . A in 50, 70 and 80%
brighter frames for each rotation angle for the FAST-Localisation is
between 0 and 0.3, 0 and 0.22, and 0 and 0.2%, respectively, and
for the SURF-Localisation is between 0.1 and 0.31, 0.1 and 0.36,
and 0.1 and 0.42%, respectively (Figs. 11–13). According to the
results, it can be concluded that FAST-Localisation is more
accurate and more robust to the brightness changes than the SURF-
Localisation in estimating the rotation angles. This is why the
FAST-Localisation is used for estimation of the rotation angles in
the proposed O-Localisation algorithm.

The second purpose of this paper is to adjust the distance
between the capsule endoscope and the walls of the stomach
(depth) to achieve high-quality images. To this end, the fuzzy
adjuster is presented based on the estimated scale factors. This
adjuster is designed for the capsules which are steered like a
flexible endoscope and their direction remains towards the plane of
each examined wall (i.e. greater curvature). The fuzzy adjuster can
be used for other kinds of capsule localisation by changing the
calibration method and fuzzy rules.

According to Table 1, FAST-Localisation method is not suitable
for estimating the scale factors. For this reason, SURF-Localisation
method is chosen for the estimation of the scale factors in O-
Localisation algorithm. The values of N . E . S using SURF-
Localisation method for estimating the scale factors ranging from
0.4 to 5 are between 0.0003 and 0.3693, which are satisfying.
However, for the scales smaller than 0.4, adequate corresponding
points are not found and error is increased. During the
examination, the scale factors >6 will not happen for the stomach
endoscopic images due to stomach size. The last fuzzy rule can be
used for cases in which enough corresponding points are not found
and the scale factor cannot be calculated.

As it is mentioned in Section 1, in the literature, different
methods are presented for estimation of the rotation angle, scale
factor and the depth of active capsule endoscopes. The method of
[11] is based on Kanade–Lucas–Tomasi optical flow computation
and makes very large errors for rotations larger than 30°. In [13],
the method is based on homography matrix estimation and
produces very large errors for rotation angles of 40° and higher.
The method proposed in [12, 14] is based on SURF and RANSAC.
In [14], the error between the actual and the estimated rotation
angle is rather low up to 30° and increases for angles over 40° and
experiments over 45° is not presented [14]. In [12], the error is
reported for the angles up to 45° and it is in the order of 1°. In [15],
the absolute rotational error is about 1° for the rotation angles up to
15° and increases up to 7° for the rotation angles up to 40°. The
error for the roll angles more than 40° has not been reported.

Table 1 Comparison between FAST-Localisation and
SURF-Localisation methods in scale factors estimation
Actual
scale
factors

Number of
frames with

‘NaN’
answers for

SURF-
Localisation

Number of
frames with

‘NaN’
answers for

FAST-
Localisation

N.E.S. for
not ‘NaN’

answers for
SURF-

Localisation

N.E.S. for
not ‘NaN’

answers for
FAST-

Localisation

0.2 234 234 — —
0.4 0 209 0.0026 0.5984
0.6 0 100 0.0011 0.3970
0.8 0 0 0.0006 0.0009
1.2 0 0 0.0006 0.0004
1.4 0 0 0.0005 0.0068
1.6 0 6 0.0004 0.6678
1.8 0 10 0.0004 2.1076
2 0 8 0.0002 3.6893
3 0 4 0.0004 3.2651
4 0 5 0.0008 3.6284
5 0 3 0.3881 3.4923
6 0 11 0.6592 3.0738

 

Fig. 10  Rotated frames with various percentage of brightness. Percentage
of brightness
(a) 50%, (b) 70%, (c) 80%

 

Fig. 11  Average of N . E . A in 50% brighter frames for each rotation
angle

 

Fig. 12  Average of N . E . A in 70% brighter frames for each rotation
 

Fig. 13  Average of N . E . A in 80% brighter frames for each rotation
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As it can be seen from Fig. 8 by using O-Localisation method,
the maximum error of rotation angle estimation (for the rotation
angles up to 90°) is about 0.009° (N.E.A = 0.18%), whereas the
state of the art methods produce very large errors even for a 40°
rotation and increases for angles over 45°.

The experiments in [12] indicate that the error between the
actual and the estimated scale factor is of the order of 10−1. For
scaling factors larger than 3, the error and its variance increase
[12]. In [14], the errors of estimating scale factors are in the order
of 10−3 and the errors for the scale factors >5 are not reported. In
[15], the depth estimation errors have not been reported. The mean
absolute error between the distances estimated and the ground truth
is 0.79 ± 0.51 cm for a distance of 19.6 cm in [28].

As for scale factors, the O-Localisation method provides the
errors in the order of 10−4 for the scale factors <5 and in the order
of 10−1 for the scale factors >5.

Since the average execution time for each frame in FAST-
Localisation method is <0.7 s and in SURF-Localisation method is
<0.3 s (according to Fig. 14), the average time for each frame in O-
Localisation method is <1 s. For active capsule endoscopy and
conventional endoscopy, 1 s can be considered real time because
the physician moves the capsule (or the endoscope) to see each part
carefully [29].

The main limitation of the proposed method is its dependency
on the quality of the images. If the quality of the images is
distorted, the accuracy of the results decreases.

5 Conclusion
In this paper, a real-time image-guided optimised method for
localisation and distance adjustment of active capsule endoscopes
inside the stomach is presented. The proposed method is based on
machine vision techniques applied to WCE video frames. The roll
angle of the capsule endoscope is accurately estimated. The
distance between the capsule and the walls of the stomach is
adjusted using the scale factors estimation between consecutive
frames and the fuzzy rules. According to the simulation results, O-
Localisation method can be successfully used for estimating the
rotation angle of the capsule about its longitudinal axis and for
adjusting the distance to achieve high-quality imaging.

For the future work, we plan to use the results of this paper for
autonomous control of an active capsule endoscope for a cost-
effective localisation and tracking in the stomach.
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