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Abstract 

We present a complete three-dimensional (3-D) ear recognition system combining 

local and holistic features in a computationally efficient manner. The system is comprised of 

four primary components, namely: 1) ear image segmentation; 2) local feature extraction and 

matching; 3) holistic feature extraction and matching; and 4) a fusion framework combining 

local and holistic features at the match score level. For the segmentation component, we 

introduce a novel shape-based feature set, termed the Histograms of Indexed Shapes (HIS), to 

localize a rectangular region containing the ear. For the local feature extraction and 

representation component, we extend the HIS feature descriptor to an object-centered 3-D 

shape descriptor, the Surface Patch Histogram of Indexed Shapes (SPHIS), for local ear 

surface representation and matching. For the holistic matching component, we introduce a 

voxelization scheme for holistic ear representation from which an efficient, voxel-wise 

comparison of gallery-probe model pairs can be made. The match scores obtained from both 

the local and holistic matching components are fused to generate the final match scores.  

 

Keywords: Histograms of Indexed Shapes, Surface Patch Histogram of Indexed Shapes 

 

INTRODUCTION 

BIOMETRICS deals with recognition of individuals based on their physiological or 

behavioral characteristics. Researchers have done extensive studies on biometrics such as 

fingerprint, face, palm print, iris, and gait. Ear, a viable new class of biometrics, has certain 

advantages over face and fingerprint, which are the two most common biometrics in both 

academic research and industrial applications. For example, the ear is rich in features; it is a 

stable structure that does not change much with age and it does not change its shape with 

facial expressions. Furthermore, ear is larger in size compared to fingerprints but smaller as 

compared to face and it can be easily captured from a distance without a fully cooperative 
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subject although it can sometimes be hidden with hair, cap, turban, muffler, scarf, and 

earrings. The anatomical structure of the human ear is shown in Fig. 1.  

  

The ear is made up of standard features like the face. These include the outer rim 

(helix) and ridges (antihelix) parallel to the helix, the lobe, the concha (hollow part of ear), 

and the tragus (the small prominence of cartilage over the meatus). In this paper, we use the 

helix/antihelix for ear recognition. 

 

In this paper, we present a fully automatic, 3-D ear recognition system that combines 

both local and holistic features in a computationally efficient manner. 

 

 

Fig. 1. The external ear and its anatomical parts 

 

The motivation behind combining local and holistic surface features for 3-D ear 

recognition is that local representations have been found to be more robust to clutter and 

small amounts of noise, while the holistic representation captures information from the entire 

surface without excluding any information when describing the ear. When combined 

effectively, they can provide complementary information describing the 3-D ear shape and 

jointly enhance the matching performance. 

 

 

Fig. 2. System overview. 
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THREE-DIMENSIONAL EAR DETECTION 

An overview of our ear detection procedure using the sliding window approach is 

shown in Fig. 3. To locate the ear in a range image, the image is scanned from the top left 

corner to the bottom right corner with a fixed-sized detection window. In each window 

position the HIS feature vector is extracted and employed to train a binary ear/non-ear 

classifier. The classifier is then used to determine whether the current window contains an 

ear (positive sample) or non-ear (negative sample) by evaluating the classification score 

based on the feature vector extracted from the window. SVM is one of the leading 

techniques used for binary classification due to its robust performance and efficiency in both 

the training and testing stages. 

 

The scanning window approach employing a fixed-sized window, however, only 

allows for ear detection at a single scale. To achieve multi-scale detection, the image is 

gradually resized using a scale factor, and the detection window is then iteratively applied on 

each of the resized images. After scanning the detection window across the image at multiple 

scales, multiple detections usually occur around the target regions and it is useful to fuse 

overlapping detected windows into a single detection [11]. We select a nonmaximal 

suppression (NMS) method proposed by Dalal [12] as the solution to the fusion of 

overlapping detected windows, in which each detection is mapped to a respective point in 3-

D space (position and scale of the scanning window) weighted by their confidence scores. A 

nonparametric density estimator is employed to estimate the corresponding density function, 

where the resulting peaks of the density function constitute the final detections, with 

positions, scales and confidence scores given by the positions of the peaks. After 

nonmaximal suppression, the detection system returns a bounding box with an associated 

detection score representing the ear region. 

 

A. HIS Feature Descriptor 

Objects can be characterized by their distinct 3-D surface shapes. The human ear, for 

instance, contains areas around the helix ring and antihelix that possess both prominent 

saddle and ridge shapes, while the inner ear regions have rut and trough shapes. 
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1) Shape Index: A quantitative measure of the shape of a surface at a vertex, called the shape 

index SI , is defined as 

 

 

where Kmax,Kmin are the principal curvatures of the surface at vertex , with Kmax > Kmin 

defined as  

 

 

   

      

 

2) Curvedness: The shape index of a rigid object is not only independent of its position and 

orientation in space, but also independent of its scale. To encode the scale information, we 

utilize the curvedness, which is also known as the bending energy, to capture the scale 

differences [13]. Mathematically, the curvedness of a surface at a vertex is defined as 

 

 

3) HIS Descriptor: The HIS descriptor is defined using the shape index and curvedness 

values calculated from the vertices contained within the surface region to be encoded. To 

build the histogram descriptor, first the curvedness and shape index values are collected at 

each vertex over the surface region. Each vertex contributes a weighted vote for a histogram 

bin based on its shape index value, with a strength that depends on its curvedness. The votes 
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of all vertices are then accumulated into the evenly spaced shape index bins forming the HIS 

descriptor encoding the shape information over the surface region. To avoid boundary 

effects, linear interpolation is used to distribute each curvedness value into adjacent shape 

index histogram bins. Let x and c be the shape index and curvedness values of a 3-D vertex 

on the surface region which contribute a weighted vote to the HIS histogram,x1 and x2be the 

centers of the two nearest neighboring bins of such that ,x1≤x≤x2 and be a HIS histogram 

with bins. The linear interpolation method that distributes the vertex’s curvedness into the 

two nearest neighboring bins is defined as follows: 

 

B. Feature Encoding for Detection Window 

 

1) Block-Structured HIS: In our detection system using the sliding window approach, the 

detection window is tiled with blocks of various sizes from which the HIS feature descriptors 

are built and combined. Fig. 3 explains our feature encoding procedure for the detection 

window with tiled blocks. For an image window of size 96x64, we construct a feature 

descriptor based on the histograms of blocks of size 32x32, 16x16, 16x32, and 32x16 

overlayed on the image window with an overlap of half a block size. Feature descriptors 

derived from larger blocks capture holistic details of the input image while features derived 

from smaller blocks capture finer shape information. 

 

2) Integral HIS: In order to efficiently compute the HIS features used by our detector, we 

make use of the integral histogram method suggested by Porikli [16] for computing 

histograms over arbitrary rectangular image regions and devise a way for the fast evaluation 

of HIS features on the blocks. In order to extend the framework of the integral histogram to 

our detector, we generate for each vertex an 8-D HIS calculated from its own shape index 

and curvedness values using the method described in Section III-A3. The histogram will 

consist of only two bins with nonzero values; these are the two adjacent bins that are closest 

in distance to the shape index of the vertex. The spatial positions of the vertices are then used 

to propagate an aggregated function of the integral histogram, starting from a point of origin, 

e.g., top left corner, and traverse through the remaining points. We iterate the integral HIS at 
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the current vertex using the histograms of the previously processed neighboring points. At 

each iteration, the values of the integral HIS bins are incremented by the values of the 

corresponding HIS bins of the current vertex. After the integral HIS is obtained for each 

vertex, the HIS histogram of a rectangular block can be computed in a constant 

computational time of an 8-D histogram vector addition and two 8-D histogram vector 

subtractions, accessing only the integral histogram values at the corner points of those blocks 

without reconstructing a separate histogram for every block. 

 

 

LOCAL FEATURE EXTRACTION 

A. 3-D Keypoint Detection 

To generate the set of local features, the input image is initially searched to identify 

potential keypoints that are both robust to the presence of image variations and highly 

distinctive, allowing for correct matching. The keypoint detection method proposed here is 

inspired by the 3-D face matching approach presented by Mian, et al. in [9], but with major 

enhancements tailored towards improved robustness and applicability to objects with salient 

curvature, such as the ear. In [9], the input point cloud of the range image is sampled at 

uniform intervals. By observing 3-D ear images, we found that the majority of these salient 

points are located in surface regions containing large curvedness values. This signifies that 

sampling in regions containing large curvedness values will result in a higher probability of 

obtaining repeatable keypoints. Once a candidate keypoint has been located, a local surface 

patch surrounding the candidate keypoint is cropped from the ear image using a sphere 

centered at the candidate keypoint. The purpose of examining its nearby surface data is to 

further reject candidate keypoints that are less discriminative or less stable due to their 

location in noisy data or along the image boundary. 

 

B. Local Surface Matching Engine 

In our local feature representation, a 3-D ear surface is described by a sparse set of 

keypoints, and associated with each keypoint is a descriptive SPHIS feature descriptor that 

encodes the local surface information in an object-centered coordinate system. The objective 

of the local feature matching engine is to match these individual keypoints in order to match 

the entire surface. To allow for efficient matching between gallery and probe models, all 
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gallery images are first processed. The extracted keypoints and their respective SPHIS feature 

descriptors are stored in the gallery. Each feature represents the local surface information in a 

manner that is invariant to surface transformation. A typical 3-D ear image will produce 

approximately 100 overlapping features at a wide range of positions that form a redundant 

representation of the original surface. In the local feature matching stage, given a probe 

image, a set of keypoints and their respective SPHIS descriptors are extracted using the same 

parameters as those used in the feature extraction of the gallery images. If the cropped surface 

data contains boundary points, the candidate keypoint is rejected automatically as being close 

to the image boundary. Otherwise, PCA is applied to the cropped surface data, and the 

eigenvalues and eigenvectors are computed to evaluate its discriminative potential. 

 

1) Surface Patch Histogram of Indexed Shape (SPHIS) Descriptor: 

As mentioned in Section III-A3, the HIS descriptor can be used to encode shape 

information of any surface region. In addition, we can form an HIS of arbitrary size by 

uniformly spacing the shape index values over the range [0, 1]. The larger the dimensionality 

of the HIS, the more descriptive it is. However, too large of a descriptor may be sensitive to 

noise. Based on the HIS descriptor, the SPHIS descriptor is employed to represent the 

keypoint and is built from the surface patch surrounding it. 

 

IV. HOLISTIC FEATURE EXTRACTION 

A. Preprocessing 

For a gallery model, the ear surface output from the detection component is 

normalized to a standard pose. The centroid of the surface is firstly mapped to the origin of 

the coordinate system. Then, the principal components corresponding to the two largest 

eigenvalues of the surface are calculated. The surface is then rotated such that the two 

principal components are aligned with the axes of the coordinate system. The preceding 

section described the method by which to establish correspondences between a probe-gallery 

pair. The probe model is then registered onto the gallery model by applying the 

transformation obtained by the local matching stage for each point on the probe model. In the 

event that the number of established correspondences is below three, we rely on the pose 

normalization scheme for the model registration. 
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The local and holistic matching components result in independent similarity matrices 

Si each of size P x G , where I Є {1,2} denotes the matching engine and represents the 

number of probe and gallery models, respectively. We fuse the local and holistic match 

scores using the weighted sum technique. This approach is in the category of transform-based 

techniques (i.e., based on the classification presented in [18]. In practical multimatcher 

biometric systems, a common fusion method is to directly combine the match scores provided 

by different matchers without converting them into posteriori probabilities. However, the 

combination of the match scores is meaningful only when the scores of the individual 

matchers are comparable. This requires a change of the location and scale parameters of the 

match score distributions at the outputs of the individual matchers. Hence, the sigmoid 

function score normalization [19], which is proven to be an efficient and robust technique in 

[18], is used to transform the match scores obtained from the different matchers into a 

common domain. It is defined as follows: 

 

 

 

Fig. 3. Example of finding feature correspondences for a pair of gallery and probe ears from 

same subject. (a) Key points detected on ears. (b) True feature correspondences recovered by 

local surface matching engine. 
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V. CONCLUSION 

We have presented a complete, automatic 3-D ear biometric system using range 

images. Within the system, a novel 3-D shape descriptor, the Histogram of Indexed Shapes, 

is proposed to robustly encode 3-D ear shape and is used in 3-D ear detection and 

recognition tasks. The proposed 3-D ear surface matching approach employs both local and 

holistic 3-D ear shape features. The experimental results demonstrate the accuracy and 

efficiency of our novel 3-D ear shape matching approach. The proposed system achieves a 

rank-one recognition rate of 98.3% and an EER of 1.7% on a 415-subject dataset with an 

average time lapse of 17.7 weeks between successive acquisitions of a subject. Moreover, 

the proposed approach achieves a significantly higher computational efficiency than the 

SOA systems. 
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