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Abstract. Being an emerging biometric characteristic, automated ear
recognition is making its way into forensic image analysis for law enforcement in the last decades. One of the most important challenges for
this application is to deal with loosely constrained acquisition scenarios
and large databases of reference samples. The research community has
come up with a variety of feature extraction methods that are capable
of handling occlusions and blur. However, these methods require the images to be geometrically normalized, which is mostly done manually at
the moment.
In this work, we propose a segmentation and normalization method for
ear images that is using cascaded pose regression (CPR). We show that
CPR returns accurate rotation and scale estimates, even for full profile
images, where the ear has not been segmented yet. We show that the
segmentation accuracy of CPR outperforms state of the art detection
methods and that CPR improves the recognition rate of an ear recognition system that uses state of the art appearance features.
Keywords: ear recognition, biometrics, normalization, segmentation,
appearance features
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Introduction

In the last decade, ear recognition has evolved towards a promising new biometric
trait that can help to extract more information from half profile and profile
images. Building on the work of Iannarelli [7], the shape of the outer ear is
widely regarded as unique and persistent. The research community has evaluated
a large number of different types of features. Traditionally, the most important
application of ear recognition systems is forensic images analysis on images from
surveillance cameras, where subjects are usually unaware of the image capture
process. Based on ear features, several cases could be cleared, such as a series of
robberies at gas stations [6].
Another anticipated application of ear recognition is automatic border control. Both scenarios, law enforcement and airport security, require a stable and
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reliable normalization algorithm that is capable of rotating and scale the ear
image to a well-defined reference orientation. Having normalized images allows
us to use all kinds of appearance features, such as LPQ and HOG for describing the ear structure. The normalization should also be tolerant to smaller pose
variations and partial occlusions.
When working with CCTV footage, the ear is often small and blurry which
makes landmark detection a complicated problem. Some landmarks, and sometimes even the whole ear region may be occluded when a subjects is not cooperative. We also know these problems Landmark-based approaches for face
recognition in the wild. For this particular problem, feature selection methods
using random forests are successfully applied. In [15] landmark candidates are
selected from an image and then selected during a voting process. A major challenge in ear normalization is, that accurate landmark localization is a difficult
problem as such. The extraction of landmarks is prone to errors, because many
approaches, such as ASM for example, depend on proper initialization and requires a large training set. Unlike the face the ear does not have a symmetry
axis to support landmark positions.
In [16], Yazdanpanah and Faez normalize previously cropped ear images by
using edge information. A similar approach is also proposed by Wang [13], where
the outline of the outer helix is extracted from the convex hull of a binary
image that describes the outer helix and other elevated parts of the ear. In both
approaches, the authors are using the axis that connect the two points with the
largest distance and rotate the image, such that this axis is vertical. However,
these approaches require that the ear has been located exactly and that all edges
in the image actually belong to the ear. Gonzalez et al. propose to use an active
shape model for locating the outer helix and then also use two farthest points
on this line for normalization [5]. Both approaches require that there are no
occlusions in the image and that the outer ear has already been located by a
previous detection step. For a more in-depth discussion and comparison of recent
advances in ear biometrics, please refer to the survey of Pflug and Busch [11].
We propose to estimate the orientation of the ear by using cascaded pose
regression (CPR) [4]. This algorithm uses an abstract elliptical model for pose
estimation, which fits well to the shape of the outer ear. CPR locates and normalizes the outer ear in profile images, such that a texture descriptor will have a
stronger performance. CPR segments the ear region and rotates the cropped image in a way that the superaurale is oriented vertically (see Fig. 1). Working with
normalized images enables a higher recognition performance with texture-based
features and a more accurate landmark detection with Active Shape Models and
Active Appearance Models.
The main contributions of this paper are (1) Segmentation of the outer ear
in pre-cropped full profile images and (2) rotation normalization of the ear region. The normalization experiments are conducted on three different publicly
available datasets.
The remainder of this paper is organized as follows: in Section 2 Cascaded
Pose Regression (CPR) is briefly outlined. In the subsequent section we first
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(a) Fitted Ellipse
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(b) Normalized Ear

Fig. 1. Illustration of the CPR-based geometrical normalization of ear images. We fit
a ellipse that encloses the ear, and rotate the whole image such that the major axis of
the ellipse is vertical.

report on the detection performance for full profile images and compare the
performance with existing state of the art approaches for object detection. The
experimental results on the performance gain from normalizing the ear image
with CPR are presented in section 4. The paper is concluded with final remarks
and future work in Section 5.

2

Cascaded Pose Regression

Cascaded Pose regression (CPR) was proposed recently by Dollar et al. [4]. This
algorithm is capable of estimating the pose of a roughly located object in an
image by using a cascade of weak fern regressors with local features. In their
work, Dollar et al. show that CPR converges fast and performs well with small
training sets. They also show that CPR can be applied in different contexts,
such as pose estimation of mice, fish and facial landmark detection [2]. What
makes CPR particularly interesting for normalizing ear images is the fact that
it is not relying on any symmetry constraint or other kinds of higher semantic information. It is solely using local brightness information for estimating a
transformation matrix between a given state of the descriptor and the trained
model. We will only briefly outline the main ideas of CPR in this selection. For
more details, please refer to the original paper by Dollar et al. [4].
In the beginning of the estimation process, the model is initialized at a random position in the image. In our case, the model is describes by the parameters
of an ellipse, with center coordinates x, y (see Fig. 1). With respect to this coordinate system, we pick a fixed number of pose indexed control point features [9].
A control point feature h(p1 , p2 ) is defined by the difference between two gray
scale values at two locations I(p1 ) and I(p2 ) in the image I.
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For each pose Φ, we can define an associated 3x3 projection matrix HΦ , that
express p in homogeneous coordinates. Based on this, we can define
hp1 ,p2 (Φ, I) = I(HΦ p1 ) − I(HΦ p2 )

(1)

The algorithm iteratively optimizes the projection matrix, such that the differences between a pair of two pose indexed features is minimized.
During model training, the algorithm learns to predict the orientation of a
given object by minimizing a loss function L between the current orientation Φi
and a defined ground truth orientation ΦTi based on the pose indexed features.
The loss function models the sum of differences of all pose indexed features
between the current pose and the previous iteration. Let d() be the function
that computes the difference between two sets of pose indexed features. Then
the loss function L can be written as
L=

N
X

d(ΦTi , Φi )

(2)

i=1

In this equation, i refers the i’th stage in the cascade. The training in each stage
is repeated until the error drops below a target value  ≥ 1, which reflects that
the error in the previous iteration was either smaller or as large as in the current
iteration.
N
N
X
X
d(Φti , Φi )/
d(Φt−1
, Φi )
(3)
=
i
i=1

i=1

A stage in the cascade consists of a fern regressor [9] that is taking a randomly
chosen subset of features and then samples random thresholds. The fern regressor
is created by randomly choosing a given number of elements S from the vector
of pose indexed features and them samples S thresholds randomly. We chose
the best fern regressors in terms of training error from the pool of R randomly
generated ferns. It may happen that CPR gets stuck in a local minimum and
hence fails to estimate the correct orientation. To prevent this, the regressor
in initialized K times and the solutions are clustered. CPR then returns the
orientation with the highest density.
For normalizing ear images, we use a single part elliptical model that roughly
encloses the outline of the ear. By doing this, CPR can make use of the rich
and distinctive texture information inside the ear region. The elliptical model
is defined by a set of pose indexed features that are used for optimizing the
position of the model in the image as briefly described above.
A particular pose of the ear is defined by a given set of ellipse parameters
x, y, amajor , aminor and Θ, where x, y are the coordinates of the ellipse center,
amajor , aminor are the lengths of the major and minor axis of the ellipse and θ
denotes the skew. When fitted to the ear, the major axis of the ellipse is cutting
the lobule and pointing towards the superaurale and the minor axis of the ellipse
encloses the tragus region. Fig. 1 shows an example of how the ellipse is placed.
Following the recommendations in [4], we choose the parameters of our
trained model as follows: The number of cascades is set to T = 512, the number
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(c)

Fig. 2. Examples for fitted ellipses in original database images from UND-J2 (a), AMI
(b) and IIT-Kanpur (c) along with cropped and normalized ROIs.

of ferns is F = 64, and the number of pose-indexed features is chosen to be
R = 512. The regressor is initialized for K = 50 times.
Based on the ellipse parameters of a fitted model, we can segment and normalize the ear region. This is done by rotating the image about the center point
of the ellipse in a way that the major axis of the fitted ellipse is horizontal.
The rotation angle ρ can be directly inferred from the orientation of the ellipse,
denoted as θ. This is also illustrated in Fig. 1.
ρ = 90 − θ

(4)

After rotating the ear into the defined pose, the ear region is cropped by using
the enclosing rectangle of the fitted ellipse. When the major axis of the ellipse
is rotated to be vertical, differences in scale can be removed by resizing the ROI
in a way that the major axis of all ellipses have the same length. The width of
the ROI is adjusted accordingly such that the aspect ratio is preserved.
In Fig. 2, we see pairs of example images with the fitted ellipse in the original
image and the cropped region of interest (ROI). There are two pairs from the
same subjects and from each database.

3

Detection from Profile Images

In this experiment, we determined the segmentation performance of our CPR
model on full profile images. Using the UND-J2 [14] database, we compared the
segmentation accuracy of cascaded pose regression with HOG features, Haar
like features and LBP. We used the Implementations of OpenCV 2.4.3. Each of
the four detectors was trained with 400 images of the UND-J2 database. The
remaining 1377 images were used for evaluation. We are aware, that a selection
of 400 images is a rather small training set for Haar-like features, LBP and HOG
detectors. This is done on purpose, to highlight the fact that CPR gives exact
estimations of the orientation of the outer ear, even with a small training set.
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Table 1. Comparison of detection rates of different features on images from UND-J2

Algorithm

Detection Accuracy

HOG
LBP
HAAR
CPR

77.05%
99.05%
98.32%
99.63%

The detection accuracy was determined on the base of a manually annotated
ground truth. For calculating the detection accuracy, we compare two image
masks with each other and compute the overlap O of these two regions. We
consider a detection as being successful if the overlap between the ground truth
and the detected region is larger than 50%. This constraint is set in accordance
to related work on ear detection, such as in [10], in order to be comparable. Both
of these works are using left profile images from the UND collections as well. Let
the ground truth region be denoted as G and the detection region be denoted
as R. Then O can be written as
O=

2|G ∩ R|
|G| + |R|

(5)

The results of this experiment are summarized in table 1. CPR segmentation
clearly outperforms HOG and Haar-like features. The detection accuracy of LBP
and CPR are similar, however, the detection accuracy of CPR is still slightly
better than LBP.
In contrast to cascaded detectors, CPR does not only provide information
about the location of the ear, but at the same time, gives an estimate of the
axis between the tragus and the superaurale for normalization. Moreover, the
segmented ear regions from CPR are more accurate than the ROIs of cascaded
detectors. This means that the segmented region contains only a small portion
of the ear’s surroundings.

4
4.1

Normalization
Experimental Setup

In the second series of experiments we evaluate the impact of CPR normalization on the recognition performance of local texture descriptors. All of these
descriptors are vulnerable to pose and scale variation We hence expect an increase in recognition performance for each of these methods, when the image is
normalized prior to feature extraction.
Further, we expect the performance improvement to be independent to the
texture descriptor and the projection technique. In other words, we expect the
EER and the rank-1 recognition rate in a configuration where CPR normalization
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was used to be better than in the same configuration in a reference system, where
the image was not normalized. The ear recognition system for obtaining the
performance indicators is outlined in Fig. 3. We apply 10-fold cross validation
for obtaining the performance indicators in each of the configuration.
Configurations with normalized ears use the cropped and normalized ROI,
that is returned from CPR. The reference system, is using manually cropped
ear regions for UND-J2. For AMI and IITK, we used the complete images for
computing the reference performance (see Fig. 2. The performance indicators for
normalized images were operating on the output ROIs from CPR (see Fig. 2).
The recognition experiments were conducted on UND-J2, AMI and IITKanpur databases with the following partitioning:
UND-J2: The UND-J2 database is an image collection with 2D and 3D left
full profile images, however, only the 2D images are used in this evaluation. The
ground truth image of UND-J2 have been cropped manually. Samples, where
the ear detection using CPR failed, have been removed from the evaluation set
in order to keep the segmentation error and the recognition error separated.
We used all subjects with at least 6 samples that have not been used for CPR
training. Five of these samples were used for training, and one sample was used
for testing. In consequence we were using 583 images for training and 117 images
for testing.
AMI: The AMI database is a collection of close-up, high resolution ear images. It consists of 8 samples per subject in total, whereas the first sample shows
the right ear and all other samples show the left ear of each subject. For left ears,
each sample was captured from a slightly different pose and distance. The first
30 subjects have been used for training CPR. For the remaining 67 subjects, we
used sessions 2 until 6 for training and session 7 for testing. This implies that
we have 335 training images and 67 testing images.
IIT-Kanpur: The IIT-Kanpur database contains ear images that have been
collected on different days with a fixed distance between the subject and the
camera. There are slight variations in the pitch pose. The first 50 subjects have
been used for training CPR. For the remaining subjects, we used sessions 1
until 3 for training and all remaining images for testing. Hence, the training set
contained 225 images and the testing set was composed of 81 images from 74
different subjects.
4.2

Texture Descriptors

For texture description, we apply three different state of the art texture descriptors, which are Unified Local Binary Patterns (uLBP), Local Phase Quantizaton
(LPQ) and Histograms of Oriented Gradients (HOG).
Unified Local Binary Patterns (uLBP): uLBP [8] encodes local texture
information on a pixel level by comparing the grey level values of a pixel to the
grey level values in its neighborhood. The size of neighborhood is defined by
a radius around the pixel gj , which is at least 1 (for a neighborhood having 8
pixels). Every pixel qi within the radius that has a larger grey level value than
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Fig. 3. Experimental setup showing all appearance features and projection schemes.

the center pixel is assigned the binary value 1, whereas all pixels with a smaller
grey level value are assigned the binary value 0.
The binary values in the neighborhood pixels are concatenated to form a
binary string corresponding to the center pixel. Only those binary strings which
have at most two bit-wise transitions from 0 to 1 (or vice-versa) are considered there are 58 such strings. This binary string is then mapped to a value between
0 and 58.
The uLBP-based ear descriptor is computed by first sliding a window of a
predefined size and overlap (step size in pixels) in the horizontal and vertical
direction over the LBP image. From each sub window a local histogram with 59
bins is extracted (the first 58 bins correspond to the uniform binary strings, and
the 59-th bin corresponds to the rest).
The final descriptor is the concatenation of each local histogram. For a window size of 20×20 pixels and an overlap of 10 pixels, this results in a feature
vector of dimension 3776.
Local Phase Quantization (LPQ): The concept behind LPQ [1] is to
transform the image into the fourier domain and to only use the phase information in the subsequent steps. Given that a blurred image can be viewed as a
convolution of the image and a centrally symmetric point spread function, the
phase of a transformed image becomes invariant to blur. For each pixel in the
image, we compute the phase within a predefined local radius and quantize the
image by observing the sign of both, the real and the imaginary part of the local
phase. Similar to uLBP, the quantized neighborhood of each pixel is reported as
an eight digit binary string.
Given an image, the LPQ value is first computed for every pixel. Next, local histograms with 265 bins are computed within a sliding window. We move
this sliding window, with a given overlap between two neighboring windows, in
horizontal and vertical direction over the image and concatenate each local his-

Normalization of Ears using CPR

9

togram. With a 20×20 window size and an overlap of 10 pixels, this results in a
16.384 dimensional feature vector.
Histogram of Oriented Gradients (HOG): Computation of the HOG [3]
descriptor involves five steps, which are the gradient computation, orientation
binning, histogram computation, histogram normalization and concatenation of
local histograms. The algorithm starts by computing the local gradient by convolving a 3 × 3 region (HOG cells) with two one-dimensional filters (−101) and
(−101)T . The local orientation at the center of each HOG cell is the weighted
sum of the filter responses of each pixel.
The local orientations within a larger sub-window, denoted as block, are then
quantized into bins in the [0, 2π] interval. Subsequently, the image is divided into
blocks of equal size and a local histogram of quantized orientations is extracted.
Subsequently, the local histogram from each block is normalized with the L2norm. Finally, all local histograms are concatenated to form the HOG descriptor
for the image. The HOG descriptor with block size of 8×8 pixels and 9 orientation
bins has 5184 dimensions.
4.3

Feature Subspace Creation

The feature subspace for each of the descriptors is created with one of four
different projection techniques. We apply the widely used LDA as representative
for linear projection method. Additionally, we use KPCA [12] to have a nonlinear technique. Finally, the most likely identity for each probe image is the
reference image that has the smallest cosine distance to the projected probe
image in the feature subspace. Parts of the source code for this experiment are
based on the PhD Face recognition Toolbox.
4.4

Results

In Table 2 the rank-1 recognition rates and the EERs are summarized for all
possible combinations between texture descriptors and the two dimensionality reduction techniques. As the numbers show, CPR normalization improves the performance all pipeline configurations using LDA and with each of the databases.
Compared to the reference configuration, the EER is improved up to 3% in each
of the databases. The improvement is of course dependent on the degree of pose
variations in a dataset. Because the poses in UND only vary slightly, we have
larger pose variations in IITK and the AMI datasets. The ear images in IITK
vary in rotation and the images in AMI contain rotation and scale variations
(see Fig. 2)Consequently, there is more potential for CPR to correct variations
of scale and rotation, as well as to accurately segment the ROI. Examples for
successfully corrected variations, are shown in Fig. 2.
When using KPCA for creating the feature subspace, we obtain high error
rates However, the error rates as well as the standard deviation between the error
rates from different cross-validation attempts are high for these configurations.
Based on our observation, we conclude that KPCA is not a suited for the texture
descriptors in our experiment. The recognition performance of all configurations
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Table 2. Detection rates with normalization (CPR) and without normalization (GT)
for selected recognition pipelines. EER and rank-1 recognition rate are given in percent
and are represented as tuples of the form EER // Rank-1.

LDA
CPR

GT

KPCA
CPR

GT

UND-J2
uLBP
LPQ
HOG

2.58 // 93.35
3.23 // 91.51
1.76 // 95.70

3.43 // 90.94
4.50 // 82.28
3.05 // 91.14

23.36 // 38.86
17.02 // 55.44
26.87 // 19.43

29.93 // 22.28
22.22 // 36.08
32.66 // 5.44

AMI
uLBP
LPQ
HOG

1.85 // 93.4
0.40 // 97.2
0.68 // 98.10

4.32 // 86.1
5.19 // 85.2
5.21 // 82.2

39.02 // 19.30
40.53 // 16.0
22.99 // 43.1

28.40 // 26.1
25.98 // 42.1
28.44 // 19.9

IITK
uLBP
LPQ
HOG

0.26 // 99.72
0.02 // 99.72
0.18 // 99.72

1.67 // 97.22
3.28 // 94.03
1.48 // 95.83

11.84 // 72.64
8.01 // 85.28
6.01 // 86.25

16.88 // 70.41
18.76 // 61.1
23.22 // 35.27

using LDA yields EERs below 3,5% in all databases. On average, the lowest error
rates were achieved with HOG. However, LPQ and uLBP perform similarly on
all datasets.
Another factor that may also have influenced the performance of images, that
have been normalized with CPR is, that CPR is capable of cropping the region
of interest more accurately than other segmentation techniques, such as those
used in the previous section. Hence, the feature vector contains less information
for the surroundings of the ear compared to the ground truth in AMI and IITK.
The region around the ear contains some information, which helps to increase
the performance in datasets, which have been collected in a short period of time.
However, we expect that these features are subject to changes in hairstyle, clothes
and jewelry and hence are rather a soft biometric, than a permanent features.
For real life applications, we assume that a more accurate segmentation will
result in better recognition performance.

5

Conclusion

In this work, we have shown, that an ear image can be normalized without
the need for symmetry or landmark extraction. We have provided experimental
evidence showing that cascaded pose regression improves the performance in
two ways. With CPR it is possible to detect and normalize the outer ear from
profile images with only one processing step. The ear region can be segmented
accurately to make sure that the feature vector only contains information about
the ear and not about its surroundings. In addition to this, CPR also extracts
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information to compensate differences in rotation and scale, while being robust
to minor occlusions.
We have shown that the performance improvement, which can be achieved
with CPR in independent of the capture scenario by using different datasets.
The performance improvement is also independent to the texture descriptor.
Motivated by our results, we plan to train multi-part CPR models for landmark
detection in the future.
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