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ABSTRACT
We investigate ear recognition systems for severe signal
degradation of ear images in order to assess the impact on
biometric performance of diverse well-established feature
extraction algorithms. Various intensities of signal degradation, i.e. out-of-focus blur and thermal noise, are simulated
in order to construct realistic acquisition scenarios. Experimental evaluations, which are carried out on a comprehensive
database comprising more than 2,000 ear images, point out
the effects of severe signal degradation on ear recognition
performance using appearance features.
Index Terms— Ear biometrics, ear recognition, signal
degradation, simulation, surveillance
1. INTRODUCTION
Following the fist studies on forensic evidence of ear images of A. Iannarelli in 1989 [1], Hoogstrate et al. presented
a study on the evidential value of ear images from CCTV
footage [2]. Our work presented in this paper was motivated
by a series of gas station robberies in Utrecht, Netherlands.
During the incidents, the perpetrators appeared in several
CCTV videos, however their faces were occluded by baseball
hats in all of the videos. In all of the cases, the CCTV videos
contained several frames with profile views, where the outer
ear of one of the perpetrators was clearly visible. Hoogstrate
et al. showed that these ear images can be employed for
identification by a forensic expert, if the quality of the videos
is sufficient. Such impairing factors for the image quality
in surveillance videos can be, for instance, blur and thermal
sensor noise. Image quality plays an even more important
role when potential candidates should be pre-selected automatically by a biometric system, prior to manual inspection
by a forensic expert.
Automated ear biometric recognition systems hold tremendous promise for the future, especially in the forensic area [3].
While the long standing success story of ear recognition goes
back to the 19th century [4] nowadays forensic applications
have only recently started to pay attention to automated ear
recognition. In past years numerous approaches focusing on
ear detection, feature extraction, and feature comparison have

Table 1. State-of-the-art camera models and characteristics.
Vendor

Product

ACTi
D82
AXIS
P3367V
GeoVision GV-FD220G
Veliux VVIP-2L2812

Focal length Resolution Sensor
2.8-12mm
3-9mm
3-9mm
2.8-12mm

1920×1080
1920×1080
1920×1080
1920×1080

1/3.2”
1/3.2”
1/2.5”
1/2.5”

http://www.acti.com/
http://www.axis.com/
http://www.geovision.com.tw/
http://www.veilux.net/

been proposed, achieving promising biometric performance
(for a detailed survey see [5]). However, the vast majority of
experimental evaluations are performed on datasets acquired
under rather favorable conditions, which in most cases does
not reflect image data acquired in forensic scenarios. So
far, no studies have been conducted on the impact of signal
degradation on automated ear recognition, which represents
a considerable significant point of failure for any automated
ear recognition system.
The contribution of this work is the investigation of the
effects of severe signal degradation on automated ear recognition using appearance features. Considering different reasonable scenarios of data acquisition (according to surveillance scenarios), ear images of a comprehensive dataset are
systematically degraded, simulating frequent distortions, i.e.
out-of-focus blur and thermal noise. On the one hand, a synthetic degradation of ear images allows a comprehensive experimental evaluation of existing dataset and, on the other
hand, it is feasible to measure and reproduce the source of
image degradation. In previous work [6] we have shown that
state-of-the-art ear detection algorithms are capable of overcoming simulated signal degradations caused by out-of-focus
blur and thermal noise. In this work emphasis is put on recognition performance, i.e. the impact of signal degradation on
biometric performance is analysed and a detailed discussion
of consequential issues is given.
The remainder of this paper is organized as follows: in
Sect. 2 considered scenarios and applied signal degradations
are described in detail. The effects of signal degradation on
ear recognition algorithms are investigated in Sect. 3. Finally,
conclusions are drawn in Sect. 4.

Table 2. Blur and noise conditions considered for signal
degradation (denotations of σ are defined in 2.2.1 and 2.2.2).
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Fig. 1. Simulated data acquisition scenario.
2. ACQUISITION AND SIGNAL DEGRADATION
2.1. Acquisition Scenarios
Table 1 summarizes diverse state-of-the-art surveillance cameras made available by major vendors and relevant characteristics, i.e. focal length, resolution, and sensor type (characteristics refer to most developed products of according vendors).
Based on this comparison we consider a camera providing (1)
a focal length of 8mm, (2) a resolution of 1920×1080, and
(3) a sensor diagonal of 1/2.5 inch. We examine two different acquisition scenarios S1 , S2 with respect to the distance
of the subject to the camera considering distances of approximately 2m and 4m, respectively. Fig. 1 schematically depicts
the considered acquisition scenario.
We assume that we are able to detect the presence of a
subject in a video by one of the state-of-the art detection techniques, that are summarized in [7]. After successfully detecting a capture subject, the head region can be roughly segmented. In [6] we have demonstrated that cascaded ear detectors, e.g. based on Haar-like features, output stable detection
results even in presence of severe signal degradation. In order
to estimate the mere effect of signal degradation on feature
extraction and classification modules we restrict ourselves to
they analysis of cropped images of size 165×92 and 83×46
pixels. These cropped images are generated on the basis of a
manually segmented ground-truth, in both scenarios, respectively (cf. Fig.2).
Let C(f, d, w, h) be a camera with focal length f , sensor
diagonal d, and resolution w × h. Then the diagonal D of the
field of view at a distinct distance A is estimated as,

D = A · tan 2 · arctan((d/2f )/2)
(1)
= A · d/2f .
In our scenario the aspect ratio is 16:9, i.e. the field of
view in object space corresponds to
p
p
16 · D2 /(162 + 92 ) m × 9 · D2 /(162 + 92 ) m. (2)
In [8] the average size of the outer ear of males and females across different age group is measured as 61.7 mm
×37.0 mm and 57.8 mm ×34.5 mm, respectively. For an average angle of auricle of 32.5 degrees across age groups and

Blur condition
Noise condition
Degradation Intensity
Abbrev. Description Abbrev. Description
B-0
B-1
B-2
B-3

–
σ=2
σ=3
σ=4

N-0
N-1
N-2
N-3

–
σ = 20
σ = 25
σ = 30

none
low
medium
high

sex we approximate the bounding box of an ear of any subject
as 70 mm × 60 mm. For both scenarios S1 , S2 the considered
camera C(8mm, 1/2.5”, 1920px, 1080px) would yield images
where ear regions comprise approximately we ×he = 110×90
and 55×45 pixels, respectively.
2.2. Signal Degradation
Signal degradation in this work is simulated by means of blur
and noise where blur is applied prior to noise (out-of-focus
blur is caused before noise occurs). Four different intensities
(including absence) of blur and noise and combinations of
these are considered and summarized in Table 2.
2.2.1. Blur Conditions
Out-of-focus blur represents a frequent distortion in image acquisition mainly caused by an inappropriate distance of the
camera to the eye (another type of blur is motion blur caused
by rapid movement which is not considered in this work). We
simulate the point spread function of the blur as a Gaussian
f (x, y) =

1 − x2 +y22
e 2πσ
2πσ 2

(3)

which is then convoluted with the specific image, where the
image is devided into 16 × 16 pixel blocks.
2.2.2. Noise Conditions
Amplifier noise is primarily caused by thermal noise. Due
to signal amplification in dark (or underexposed) areas of an
image, thermal noise has a high impact on these areas. Additional sources contribute to the noise in a digital image such
as shot noise, quantization noise and others. These additional
noise sources however, only make up a negligible part of the
noise and are therefore ignored during this work.
Let P be the set of all pixels in image I ∈ N2 , w =
(wp )p∈P , be a collection of independent identically distributed real-valued random variables following a Gaussian
distribution with mean m and variance σ 2 . We simulate thermal noise as additive Gaussian noise with m = 0, variance
σ 2 for pixel p at x, y as
N (x, y) = I(x, y) + wp , p ∈ P ,

(4)

with N being the noisy image, for an original image I. Examples of results of simulated signal degradation are depicted
in Fig. 2 for a single image considered in both scenarios.

3. EXPERIMENTAL EVALUATIONS
3.1. Experimental Setup
For our evaluation, we have composed a dataset of mutually different images of the UND-G [9], UND-J2 [10] and
UND-NDOff-2007 [11] database. The merged dataset contains 2111 left profile images from 510 subjects with yaw
poses between −60 and −90 degrees. The manually annotated ground truth in form of ear bounding boxes yields an
average size of 125 × 95 pixels for the entire data set. Based
on these ear bounding boxes images are cropped (based on the
center of boxes) to images of 165×92 pixels which are employed in scenario S1 . For the second scenarios S2 cropped
images are scaled with factor 0.5 prior to adding blur and
noise. Prior to extracting features, we apply CLAHE [12] to
normalize the image contrast. in order to find the optimal settings for each of the feature extraction methods, we compared
different parameter settings for each of the feature extraction
techniques. We only give the results for the best performing
parameter settings.
In our experiments, we randomly select four images of
each subject for training purposes and one image for testing.
Hence, our setup requires that we have at least five samples
per subject, which, however, is not the case for all the subjects
in the database. Our total test set consists of 132 probes from
132 different subjects. The training set contains 528 images
of the same 132 subjects. All performance indicators reported
in this work are median values based on a five-fold cross validation.
Performance is estimated in terms of equal error rate
(EER) and (true-positive) identification rate (IR). In accordance to the ISO/IEC IS 19795-1 [13] the false non-match
rate (FNMR) of a biometric system defines the proportion
of genuine attempt samples falsely declared not to match the
template of the same characteristic from the same user supplying the sample. By analogy, the false match rate (FMR)
defines the proportion of zero-effort impostor attempt samples
falsely declared to match the compared non-self template. As
score distributions overlap EERs are obtained, i.e. the system
error rate where FNMR = FMR. The IR is the proportion of
identification transactions by subjects enrolled in the system
in which the subject’s correct identifier is the one returned.
In experiments identification is performed in the closed-set
scenario returning the rank-1 candidate as identified subject
(without applying a decision threshold).

(a) B-0|N-0

(b) B-3|N-0

(c) B-0|N-3

(d) B-3|N-3

(e) B-0|N-0 (f) B-3|N-0 (g) B-0|N-3 (h) B-3|N-3

Fig. 2. Maximum intensities of blur and/ or noise S1 (b)(d) and S2 (f)-(h) for cropped images (a) and (e) in samplke
image id 02463d677) from UND-J2.

3.2. Feature Extraction and Classification
3.2.1. Local Binary Patters
Local Binary Patterns (LBP) represent a widely used texture
descriptor that has been applied for various biometric characteristics, and recently was also used in an ear recognition
system [3]. LBP encode local texture information on a pixel
level by comparing the grey level values of a pixel to the grey
level values in its n-8 neighborhood. Every pixel with a grey
level value exceeding the threshold zero is assigned the binary
values 1, whereas all pixels with a smaller grey level value are
assigned the binary value 0. Subsequently, the binary image
information is extracted by concatenating these binary values
according to a certain predefined scheme. This results in a
binary-valued local descriptor for a particular image patch.
This concept can also be extended to any other definitions of

Table 3. Equal error rates and true-positive identification rates for different algorithms and scenarios.
Blur Noise

Scenario S1
PSNR

LBP
EER
IR

LPQ
EER
IR

HOG
EER
IR

1.64
6.51
1.32
4.24

Scenario S2
PSNR

LBP
EER
IR

LPQ
EER
IR

HOG
EER
IR

B-0
B-1
B-2
B-3

N-0
N-0
N-0
N-0

∞
32.51 db
30.45 db
29.19 db

6.37
6.06
2.88
5.00

82.57
87.12
90.15
84.09

92.42
83.33
93.93
84.84

5.91
5.90
4.72
8.12

87.87
81.81
87.12
75.75

∞
34.77 db
31.87 db
30.27 db

2.29
6.36
6.06
6.96

92.98
77.27
78.78
75.75

4.85
1.25
2.95
5.48

83.33
95.45
89.23
81.81

5.91
7.49
8.78
9.73

81.81
76.69
67.42
65.15

B-0
B-1
B-2
B-3

N-1
N-1
N-1
N-1

22.81 db
22.31 db
22.03 db
21.80 db

9.40
15.29
16.53
18.04

68.18 6.66 75.75
50.00 8.64 64.39
43.18 12.39 46.96
38.63 16.94 44.69

16.21
19.47
25.42
26.20

53.78
35.60
21.96
18.18

30.09 db
28.68 db
27.69 db
26.97 db

12.44
15.34
18.79
23.31

58.33
40.90
33.33
31.81

3.78
5.75
9.71
8.48

87.82
78.03
62.87
65.15

16.21
21.39
25.42
26.20

44.69
28.03
17.99
18.18

B-0
B-1
B-2
B-3

N-2
N-2
N-2
N-2

21.01 db
20.66 db
20.46 db
20.30 db

12.58
17.37
19.54
21.05

56.06
40.90
37.87
28.78

10.13
14.26
15.48
17.85

63.63
44.69
41.66
39.39

19.55
26.20
30.15
30.79

41.66
26.51
12.87
10.60

28.21 db
27.22 db
26.48 db
25.91 db

13.55
21.22
23.93
25.65

45.45 3.79 82.57
33.33 8.05 65.90
20.45 10.16 54.54
17.42 12.85 51.51

19.55
26.20
29.23
30.79

33.33
24.24
12.87
14.39

B-0
B-1
B-2
B-3

N-3
N-3
N-3
N-3

19.56 db
19.30 db
19.15 db
19.02 db

14.68
20.76
25.90
23.93

50.00
33.33
25.00
21.96

10.45
15.70
21.97
22.53

70.45
37.87
28.03
28.78

24.85 26.51
28.81 12.87
31.37 11.36
37.57 6.81

26.68 db
25.94 db
25.36 db
24.91 db

17.85
24.56
27.42
29.72

37.12 6.36 80.30 24.85 21.96
17.42 12.24 53.78 28.81 13.63
18.18 16.06 44.69 31.37 10.60
15.90 14.35 41.66 31.80 9.09

a local neighborhood, in particular to different radii around
the center pixel.
We extract LBP features from the n-8 neighborhood of
each pixel in the image. We divide the image into a regular grid of 10×10 pixels and concatenate the local LBP histogram within each grid cell.

to local histograms, that reflect the distribution of gradient
directions of a particular object in the image. Each of the local histograms is normalized before all of the histograms are
concatenated to form the complete descriptor. The HOG descriptor in our experiment is using a patch size of 8×8 pixels
with 9 different orientations.

3.2.2. Local Phase Quantization

3.2.4. Projection and Classification

Local Phase Quantization (LPQ) is designed to be robust
against Gaussian blur, by exploiting the blur invariance property of the Fourier phase spectrum [14]. It could be shown in
[15], that LPQ is superior to LBP for face recognition, if the
image is degraded with Gaussian blur.
Within LPQ the image is transformed into the Fourier domain, where the signal can be splitted into the magnitude and
the phase part. Then the phase angles are estimated and transformed into a 2-bits codeword by using a quantization function. This procedure is repeated for all points within a specified radius. All codewords within the given radius are then
put into a histogram, which represents the local phase information on an image patch. In this paper we extract local LPQ
histograms from a regular grid with 11×11 pixels cells and
concatenate each of the local histograms to obtain the global
feature vector.

Employed appearance features described above usually have
a large number of dimensions. For creating our feature space,
we compute a projection matrix based on our training data by
using LDA. After computing the feature space from the training images, we project the test images into the same feature
space. Subsequently, we assign an identity based on a NNclassifier and cosine distance. The source code for feature
space projection and classification is based on the PhD face
recognition toolbox [17].

3.2.3. Histograms of Oriented Gradients
Originally introduced as a descriptor for person detection in
2005, Histograms of Oriented Gradients (HOG) soon became
a popular texture feature in other fields of computer vision,
too [16]. HOG uses the local local gradient direction in a
particular image patch and then concatenates this information

3.3. Performance Evaluation
Table 3 summarizes the biometric performance with respect
to EERs and IRs for different feature extraction algorithms
for intensities of blur, noise and combination of these for both
considered scenarios. The quality of generated images is estimated in terms of average peak signal to noise ratio (PSNR).
Fig. 3 illustrated the change of biometric performance according to the simulated intensities of blur and noise.
3.4. Discussion
The general expectation in this experimental setup is, that the
appearance of all images converges towards an average ear
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Fig. 3. EER (a)-(c) and IR (d)-(f) rates for different algorithms for intensities of blur, noise and combination of these.
shape, the more noise and blur are added to the image. Blur
is removing details, whereas noise is virtually adding random
information to the image signal.
The recognition performance of Scenario S1 and S2 only
differs significantly at some points. In general, the pipelines
in S2 perform slightly better than in S1 . From this we may
conclude that automatic ear recognition is yielding good results in scenarios with large distances to the camera and with
low resolution.
For all tested pipelines, the sole presence of blur only
slightly degrades the recognition performance. Thermal noise
however, has a significant impact on the recognition accuracy
of all of the features. However, when blur is combined with
noise, the two types of degradation amplify each other, which
results in low recognition performance for all of the features.
The best performing algorithm in our experiments is LPQ.
It turns out to be relatively resilient against slight presence of
noise and blur, as well as against combinations of these. However, even tough LPQ was designed to be a blur invariant descriptor, in practice it is not entirely robust against Blur. This
can be explained by the fact the descriptor is only invariant

to blur, if the window size of the descriptor is unlimited [15].
This means that the larger the window for feature extraction,
the more robust LPQ becomes against blur. However, with
increasing window size, we also lose the locality of information and become more vulnerable to occlusions. Smaller ROIs
slightly improve the recognition performance of LPQ, which
is due to the fact that the window size was constant in S1 and
S2 . Hence, the local window covers a larger portion of the
ROI, which means that the resilience against blur is higher.
As pointed out earlier, LBP is exclusively relying on small
image patches around given pixels. Hence, this descriptor is
vulnerable against both types of signal degradation, noise and
blur. Whereas blur removes high frequencies from the image,
it retains the relative grey level value in homogeneous regions
of the image. This is why LBP still performs reasonably well
on blurred images. Noise, however changes the grey level values randomly at different spots in the image, which has a direct impact on the local LBP histogram values and, hence, results into a more severe performance decrease. Combinations
of noise and blur destroy the local pixel information by introducing false patterns in homogeneous patches and dithers

patches that were formerly containing edges, which lets the
performance of LBP drop significantly.
In order to create a distinctive feature vector, the HOG descriptor needs a sufficient amount of edges that are representing for the object. As edge information is gradually removed
by blur and dithered by noise, HOG is affected by both types
of degradations. Blur alone, however only changes the length
of the local gradients, but not the directions, which is why
blur can be handled well by HOG. Adding additional noise
changes the local gradient direction and hence alters the feature vector, which is reflected by the performance drop at the
maximum amount of blur and noise. This behavior is observed for both scenarios.
4. CONCLUSION
In this work, we have investigated the impact of two different
types of signal degradation on the recognition performance
of well-established appearance features. Based on publicly
available data, we have added noise and blur to the images
to create a controlled environment, such that we can draw
conclusions about which factor has the largest impact on the
recognition performance.
Experiments show that LBP, HOG and LPQ are relatively
robust, although not invariant to blur. Noise has a larger effect
on the recognition performance compared to blur. Combinations of noise and blur amplify each other, such that the performance drops significantly, when they occur together. The
size of the ROI only has a minor effect on the recognition performance, which lets us conclude that the outer ear can still
be captured with sufficient resolution from large distances.
In future work, we will put our attention on the impact of
other kinds of signal degradation on the detection accuracy as
well as on the recognition performance.
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