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ABSTRACT
The performance of automated classification algorithms for
medical images needs to be very high and especially robust in
order to be adopted into healthcare. Most of the time the main
challenge is unregistered data, since it is usually captured:
1) from different patients, 2) with different devices, and 3) at
different time. Registration and normalization of the captured
data is a necessary condition for success.

In this paper we present for the first time an automated
method to register eardrums from light-field data. This pro-
cedure uses the shape information captured by a light-field
otoscope and compensates for the natural tilt of the eardrum,
its size, and the camera viewpoint. Results on clinical data
show that the proposed algorithm is robust and works well
for different types of ear conditions.

Index Terms— medical imaging, registration, 3D data.

1. INTRODUCTION
Automated classification algorithms using medical images
typically require a registration step or an object detection step
before passing the information to the classifier. In this step, a
given object is localized in a given image, namely its position
is expressed in pixel coordinates. This allows for the descrip-
tion of the object to be constructed relative to its position
and makes the classifier invariant to the object translation.
Moreover, an object in the image can have different rotations
from one image to another.

In the case of middle ear images, the eardrum (or tym-
panic membrane, TM) can be positioned and rotated differ-
ently, depending on how the otoscope was held during the
image acquisition. Examples of images of different TMs are
shown in Figure 1. These examples are of different ear con-
ditions (both healthy and unhealthy): notice that the position
and the orientation of the TM are different in each image, as
well as the tilt of the eardrum within the ear canal.

In the past, a work on automated diagnosis of otitis media
[1] has tried to register this type of images based on appear-
ance (colors and specularity). However, with the recent in-
troduction of the Light Field Otoscope (LFO) - a device that
enables non-invasive three-dimensional (3D) imaging of the
middle ear [2, 3] - we have now access to the 3D shape in-
formation of eardrums, which can make the registration more
robust and automated; this could be a key element to improve
the performance of automated diagnosis of otitis media [4].

Fig. 1: Examples of 2D eardrum images prior to any registration.

Ventral view
after tilt removal

Umbo

Ventral viewInferior viewSuperior view

Normal adult 
eardrum

Fig. 2: Example of a normal eardrum, along with its 3D reconstruc-
tion. The ventral view shows that the TM is tilted within the ear
canal; the umbo (red circle), which we designate as the center of the
eardrum, indicates the lowest point on the TM (after the tilt removal).

In this work we present for the first time an automated
algorithm for registration of 3D eardrums obtained from light-
field data. The registration is designed to provide the center
of the TM, together with its rotation and scaling information.

1.1. Prior Work
The 3D shape of the eardrum is initially given as an unstruc-
tured point cloud, where rigid registration approaches cannot
be applied [5]. Some methods, based on the Iterative Closest
Points (ICP) algorithm, rely on an overlap (or reliable com-
mon features) between point clouds [6, 7, 8]. Others (e.g., in
the field of 3D object recognition) create local descriptors on
points of interest to be then matched to find correspondences
between different object instances [9, 10, 11]. In our case,
features are sparse and they appear very different in eardrums
with different medical conditions: this lack of common fea-
tures may severely deteriorate the accuracy of the registration
[12]. In addition, we have some partial stretching or shrinking
of the object.
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Fig. 3: Block diagram of the registration algorithm.

In healthcare, non-rigid registration algorithms have been
used to accurately aligned a soft-body model with a set of 3D
measurements (e.g., cancer-tissue detections, hole detection,
and artefact recognition) [13, 14].

2. DATA REPRESENTATION

The proposed eardrum registration method takes a 3D mesh
M = {V,O} of the eardrum as input, where V is the point
cloud and O is the mesh connectivity, obtained using Delau-
nay triangulation. In this paper, all the meshes have been
obtained using the procedure described in [15] on eardrum
images captured by the LFO [2]. Alternatively, one could
also create the mesh by computing the Lisad I [15] and/or the
Lisad Hessian [16] keypoints from the light field data.

3. OVERVIEW OF THE ALGORITHM

We present for the first time an algorithm for eardrum reg-
istration, using information from its shape; this algorithm is
composed of four stages (Fig. 3):

1. Plane computation (or out-of-plane rotation), which au-
tomatically estimates and removes the tilt of the TM;

2. Plane registration (or in-plane rotation), which finds the
zero-orientation to correct for the camera viewpoints;

3. Center localization, which estimates the center of the
eardrum;

4. Scale normalization, which corrects for any difference
in size.

3.1. Plane Computation
As illustrated in Fig. 2, the eardrum is tilted towards the in-
side of the ear canal, where the top of the TM lies closest to
the tip of the otoscope tip (see ventral view). In order to com-
pare different eardrums, we need to estimate and remove the
slope from the captured data. First, we fit a plane on the 3D
depth data by minimizing the sum of the square distances of
the mesh points to the proposed plane. The recovered plane
passes from the mean of the data and its normal vector equals
the least important principal component of the mesh points,
i.e., the one corresponding to the smallest eigenvalue of their
covariance matrix. To make sure that the plane has the correct
orientation, we always select the normal vector that points to-
wards positive depth values, i.e., towards the otoscope sensor.
An example of tilt removal from the 3D TM data is shown

in Fig. 4. These TM depth maps have been segmented to in-
clude only the TM and not the ear canal. Initially the 3D
mesh representation is viewed from the otoscope’s point of
view (VLFO); after tilt removal, the representation is relative
to the estimated tilt plane (viewed from Vplane).

However, because we cannot control the camera view-
point, different eardrums can still have different orientations.

3.2. Plane Registration
To define the zero orientation - on the tilt planes - for different
eardrums, we have to find a common landmark in the TM
anatomy and designate it as a zero orientation landmark. We
choose this landmark to be the top of the TM in the ear canal
(the closest part to the tip of the otoscope).

To find the zero orientation from the tilt plane we use the
plane elevation vector. We assume that the plane elevation,
defined as the projection of the z-axis on the tilt plane, is in-
dicative of the top of the eardrum. Fig 5 reports some exam-
ples of depth maps of different TMs, before tilt removal; on
each depth map we overlaid the estimated plane elevation vec-
tor. Notice how these vectors point to the area of the highest
depth (warmest color), i.e., to the top of the TM.

In our coordinate system, the plane elevation vector de-
fines the direction of the y-axis on the plane. Then, given the
directions of the y-axis and the normal vector of the plane,
we define the x-axis based on the right-hand rule for Carte-
sian systems.

Since the TMs of the right and left eardrums are mirror-
symmetric, we choose to flip left-to-right the input images
of the right eardrum such that they are registered correctly
with the left eardrum images (alternatively, one can flip the
left eardrum images to fit the right eardrum, without any
loss). The eardrum depth representation, after the tilt re-
moval and rotation to the zero orientation, is an updated mesh
MR = {VR, OR}.

3.3. Center Localization
Now that the orientation of the 3D TM has been registered,
we need to define - and successively estimate - its center. We
designate as TM center the location of the umbo, which is the
most depressed part of the tympanic membrane (see Figure 2).
The overall procedure to localize the TM center is presented
in the block diagram of Figure 6 and described in details in
the next paragraphs.
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Fig. 4: Examples of eardrum tilt removal: (a) coded depth information showed in the 2D image domain (warmer colors indicate areas closer
to the otoscope) relative to view point of the LFO (VLFO); (b) estimated tilted plane together with the original 3D points of the eardrum (the
chosen local basis as well as the plane normal vectors are shown with the red, yellow and purple vectors); (c) 3D mesh of the TM in the new
coordinates system after tilt removal; (d) coded depth information relative to the tilt plane (viewed from Vplane).

Fig. 5: Examples of plane elevation vectors overlaid on depth maps.
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Fig. 6: Block diagram for center registration.

3.3.1. Negative depth locations.

To find the umbo, we consider the mesh MR and locates the
area with the lowest depth. In order to make the required
computations more efficient, and without loss of generality,
we first re-sample and interpolate the mesh MR to get a new
mesh MRR = {VRR, ORR} which has vertices on a regular
grid in the first two spatial directions. Then, we locate areas
of negative depth (below the estimated plane) on MRR by
filtering with Gaussian kernels and selecting the locations of
the vertices with sufficiently negative responses, denoted as
VRRN ⊂ VRR. For our experiments, we have used filters
with σ = 2 and a threshold value of −0.1.

(a) (b) (c)

Fig. 7: Examples of center localization using only the isocontour-
based clustering. (a) isocontours superimposed on a depth mesh.
(b) Locations of negative depth as detected by our algorithm with
Gaussian filtering; notice the clear overlap between the location
of closed isocontours and the locations of negative depth. (c) The
isocontour-based clustering is successful and reveals the central re-
gion of negative depth while the border region is discarded; the cen-
ter of the biggest cluster is picked as the TM’s center (black dot).

3.3.2. Isocontour-based clustering.

Using only the negative depth locations, we usually end up
with many neighboring vertices that belong to the same area
(Fig. 7(a-b)). To alleviate this issue, we have designed an
additional clustering step for the vertices in VRRN .

During the clustering, we take into account the fact that
the umbo is usually located in an inner area of the eardrum,
i.e., areas that are physically separated from the border of the
eardrum; such areas often exhibit closed depth isocontours
(contours of equal depth in the mesh after tilt removal), which
are calculated using [17]. Therefore, we use the isocontours
of the surface represented by the mesh MRR in our cluster-
ing procedure. To be more specific, our scheme examines
one by one all closed isocontours of the surface, starting from
the ones with most negative depth, and creates a new clus-
ter for all the vertices in VRRN that lie inside each isocon-
tour. In this way, all the vertices that belong to the same inner
eardrum area will be clustered together based on the largest
closed isocontour in this area, while the vertices belonging to
outer areas of negative depth will remain unclustered. Such
an example is shown in Fig. 7.
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Fig. 8: Examples of center localization using the graph-based clus-
tering. (a) isocontours superimposed on a depth mesh; (b) Locations
of negative depth as detected by our algorithm with Gaussian filter-
ing; there is not clear overlap between the location of closed isocon-
tours and the locations of negative depth. (c) the isocontour based
clustering is unsuccessful and the graph-based clustering is invoked,
resulting in two connected components; the center of the biggest
cluster is picked as the TM’s center (black dot).

3.3.3. Graph-based clustering.
There are cases where, due to some irregularity in the shape of
the eardrum, the algorithm fails to locate appropriate closed
isocontours that overlap with the locations of the vertices in
VRRN . Such an example is shown in Figures 8. For these
cases, we employ the k-nearest neighbor (k-NN) graph of the
vertices in VRRN to guide the clustering [18]. More specifi-
cally, we mark the connected components of the k-NN graph
as areas of negative depth.

3.3.4. Location of center.
This step identifies the largest cluster and takes the center of
its most negative isocontour as the center of the eardrum.

3.4. Scale normalization.
The physical size of the eardrum might be different in dif-
ferent patients. To account for these variations, we perform
a scale normalization of the TM: each eardrum is scaled to
match the size of a reference eardrum; The reference eardrum
can be one of the following: (1) the largest eardrum consid-
ered, (2) the smallest eardrum considered; (3) an eardrum of
a given size (width and height), (4) an average eardrum of a
dataset. In the results of this paper we use the latest option,
considering the average size of the eardrums in our dataset.

4. EXPERIMENTAL RESULTS

We tested our automated eardrum registration method on TMs
with different ear conditions: acute otitis media (AOM), otitis
media with effusion (OME), mild retraction, and no effusion
(NOE, healthy condition).

In Fig. 9 we show how the estimated center locations com-
pare with the ground truth centers for some eardrums: our
algorithm usually places the center sufficiently close to the
ground truth location. Finally, we show in Fig. 10 examples
of registered TMs. Each TM has been reprojected on the tilt
plane and oriented such that the zero orientation points up-
ward. Notice that the malleus (the bone visible behind the

Fig. 9: Comparison between the estimated centers (red dot) and the
ground truth (red star).

Examples of tympanic membranes with registered orientation
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Fig. 10: Examples of registered eardrums with different conditions.
All eardrums are displayed on the tilt plane and oriented such that
the zero orientation points up.

TM in NOE and OME cases) is at the same position on all
images, showing the success of our registration.

5. CONLUSIONS AND FUTURE WORK

The main value proposition for the LFO is that it could help
in diagnosing otitis media conditions in an automatic way,
helping to reduce the overdiagnosis of acute otitis media and
overprescription of antibiotics. However, in order for the clas-
sification methods to work well on 3D data captured from dif-
ferent patients, all eardrums need to be registered and normal-
ized. A registration that can easily be automated, as presented
in this paper, is a key step for ensuring translation and rotation
invariance of the otitis media classifier [19], which will hope-
fully be able to reach performance and robustness adequate to
be adopted into healthcare.
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