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ABSTRACT

We present a new face recognition approach from partial face
patches by using an instance-to-class distance. While numer-
ous face recognition methods have been proposed over the
past two decades, most of them recognize persons from w-
hole face images. In many real world applications, partial
faces usually occur in unconstrained scenarios such as visual
surveillance systems. Hence, it is very important to recognize
an arbitrary facial patch to enhance the intelligence of such
systems. In this paper, we develop a robust partial face recog-
nition approach based on local feature representation, where
the similarity between each probe patch and gallery face is
computed by using the instance-to-class distance with the s-
parse constraint. Experiments on two popular face datasets
are presented to show the efficacy of our proposed method.

Index Terms— Partial face recognition, occluded face,
instance-to-class distance.

1. INTRODUCTION

Face recognition has been widely investigated over the past
two decades, and a large number of face recognition algo-
rithms have been proposed in the literature [1–7]. State-of-
the-art face recognition methods can achieve reasonably good
performance under controlled imaging conditions, such as
frontal faces, manually aligned images, normal expression-
s and consistent illuminations. However, these requirements
are usually not held in many practical applications because of
the ineffectual control over the subjects and the environments,
posing great challenges to face recognition in real world sce-
narios, such as partial occlusions, and large pose variations.

Recently, there have been some efforts [8–11] to address
the problem of face recognition in uncontrolled scenarios, e-
specially after the release of the Labeled Face in the Wild
(LFW) dataset [8]. Face images in the LFW dataset were
taken from Yahoo! News, and show large appearance varia-
tions as they were captured in uncontrolled conditions, such
as pose, expression, scale, lighting, background, focus, and
so on. While state-of-the-art face recognition methods have
achieved encouraging performance on this dataset, most of
them would degrade or fail to work when face images are
not well-aligned or partially occluded. In many real world
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Fig. 1. Several partial and occluded face samples. (a) Three
partial face patches in the red ellipse are from the LFW
database [8]; (b) Holistic faces with scarf and sunglasses oc-
clusion in the AR dataset [12]. The objective of our study in
this paper aims to identify people from such partial or occlud-
ed face images.

applications, partial faces or occluded faces usually occurs
in unconstrained scenarios such as visual surveillance sys-
tems. Hence, it is important to recognize an arbitrary facial
patch or occluded face sample (as shown in Fig. 1) to enhance
the intelligence of such systems. In this paper, we address
the problem of partial face recognition and propose using the
instance-to-class distance as the similarity measure for robust
face recognition.

1.1. Related Work

There have been several attempts to address the partial face
recognition in recent years. For example, Sato et al. [13]
introduced utilizing facial patches such as the eye and nose
parts in each face image for face representation. Gutta et
al. [14] used a half face (left or right) for face recognition.
While some encouraging results were obtained, facial compo-
nents used in these methods need to be first manually located
and pre-defined, which may require more prior information
before the recognition task. More recently, Liao et al. [11]
proposed an alignment-free face representation method for
partial face recognition, where multiple keypoint descriptors
were extracted for feature representation and sparse represen-
tation based classification (SRC) [15] was used for classifi-
cation. However, the computational cost of their method is
extensive, which may limit its practical applications. Dif-
ferent from their work on face recognition, we extract sim-
ple SIFT descriptors for face representation, and present an



instance-to-class distance as the similarity measure for partial
face recognition task.

Instance to instance distance has been widely used in face
recognition, especially for the nearest neighbor (NN) based
face matching. However, the performance of this distance de-
grades heavily if the training samples are not enough. To ad-
dress this problem, nearest feature line (NFL) [3, 16], nearest
feature plane (NFP) [6, 17], and nearest feature space (NF-
S) [6,17] methods were proposed to measure the distance be-
tween a probe face image and two or more gallery images
from the same person for face recognition. These methods
represent each face image as a feature vector holistically, and
they are usually sensitive to face misalignment. Hence, they
can not be directly used for partial face recognition. Unlike
these works, Huang et al. [18] used an image-to-class dis-
tance for face and human gait recognition, where a set of local
descriptors are extracted for each image and a spatial neigh-
borhood matching constraint is enforced for feature matching.
Similar to NFL, NFP and NFS, however, the performance of
their methods decreases when there are spatial misalignments
on facial images. Moreover, this distance computation is time
consuming. Maturana et al. [19] applied the naive bayes near-
est neighbor (NBNN) [20] for face recognition against mis-
alignment. One common shortcoming of these methods is
that they assume that each image patch of the probe face cor-
responds to the same part of the face images from the gallery
set, therefore they only achieve good performance for frontal
and well-aligned face images, and they are not suitable for
partial face recognition.

We present an instance-to-class distance with SIFT de-
scriptors for partial face recognition in this paper, where each
SIFT descriptor is treated as an instance. The instance-to-
class distance computes the distance between a set of local
descriptors of one probe face image and their nearest neigh-
bor descriptors of all gallery images belonging to the same
class. Our approach is not sensitive to face misalignments.
Also the proposed method can perform well on both holistic
and partial faces, and it doesn’t require any prior knowledge
such as the locations of facial components.

The rest of the paper is organized as follows. We details
our proposed approach in Section 2, and Section 3 presents
experimental results. Finally, Section 4 concludes the paper.

2. PROPOSED APPROACH

In this section, we present our approach to partial face recog-
nition, including partial face representation based on SIFT de-
scriptors and recognition using the instance-to-class distance.
The flow chart of our approach is shown in Fig. 2.

2.1. Feature Extraction

Face representation plays an important role on face recogni-
tion, and many face representation methods have been pro-
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Fig. 2. Flow chart of the proposed partial face recognition
using instance-to-class (I2C) distance.
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Fig. 3. SIFT descriptors on the two images from the same
subject. (a) 36 SIFT descriptors extracted on one partial face;
(b) 49 SIFT descriptors extracted on a holistic face.

posed over the past decades. Generally, these approaches can
be divided into two classes: global methods and local meth-
ods. Eigenfaces [21] and Fisherfaces [22] are two represen-
tative global methods to holistically represent each face im-
age as a fixed length vector. Since some facial portions and
misalignments occurs on partial faces, global features are not
suitable to our partial face recognition problem. Local meth-
ods such as local binary patterns (LBP) [23] and scale invari-
ant feature transform (SIFT) [24] are more robust to spatial
misalignments and more free on the feature length, therefore
they can be used to represent partial faces. The reason we
choose SIFT features here is that SIFT is more robust to face
misalignment and even unaligned face. Fig. 3 shows the SIFT
descriptors extracted on both partial and holistic faces. It can
be observed that SIFT features can well preserve the similar-
ity between the whole face and the partial patch.

2.2. Instance-to-Class Distance for Recognition

Let P = {pi}Ni=1 be a set of SIFT feature descriptors ex-
tracted from one probe face image P, where pi ∈ Rd, N is
the total number of the SIFT descriptors, and d is dimension
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Fig. 4. Toy example of how to compute instance-to-class dis-
tance from one probe image to a certain gallery class.

Algorithm 1: Instance-to-Class Distance for Partial
Face Recognition

Input: A probe partial face image P; The gallery SIFT
descriptors set G = {Gc}Cc=1; The total
number of the class C.

Output: The optimal gallery class c∗.
Extracting SIFT descriptors {pi}Ni=1 of the image P.
for each gallery class c do

for each descriptor pi do
NNc(pi) is the nearest neighbor of descriptor
pi among the gallery set Gc.

end
I2C: d(P, c) =

∑N
i=1 ∥pi −NNc(pi)∥1.

end
Return: c∗ = argmin

c
d(P, c).

of pi. Let G = {Gc}Cc=1 be gallery SIFT descriptors set
from all the gallery classes, where Gc = {gc

j}
Nc
j=1 denotes

Nc SIFT descriptors extracted from the cth class, and C is the
total number of the class.

Our instance-to-class (I2C) distance computes and sum-
marizes all the distances from a set of local feature descriptors
of the probe image P to the corresponding nearest neighbor
descriptors of the gallery set Gc. Having computed the I2C
distance to all the gallery classes, the nearest neighbor clas-
sifier is used to perform the recognition task. Fig. 4 shows
a toy example to illustrate how to compute the instance-to-
class distance from a probe face image P to the gallery sam-
ples of the cth class, where NNc(pi) is the nearest neigh-
bor of the descriptor pi in the gallery set Gc. The detailed
procedure of our method is listed in Algorithm 1, where
d(P, c) =

∑N
i=1 ∥pi −NNc(pi)∥1 is our instance-to-class

distance with the sparse constraint used for partial face recog-
nition, and ∥x∥1 means L1 norm of vector x.
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Fig. 5. The performance comparison of patrial face recogni-
tion using instance-to-class distance (in rounded rectangles)
and instance-to-instance distance on the LFW dataset.

Fig. 5 compares the performance of the instance-to-
instance distance and the instance-to-class distance for par-
tial face matching. Given a partial probe face image P be-
longing to the class C1, we find that the instance-to-instance
distance between P and the nearest neighbor image of class
C2 (139.63), is smaller than that from the class C1 (151.31).
Hence, it is wrongly classified to the class C2 if the instance-
to-instance distance is used. However, the instance-to-class
distance from P to the class C1 (122.04) is smaller than that
from P to the class C2 (128.32), and we can correctly recog-
nize this sample when using the instance-to-class distance.

3. EXPERIMENTS

3.1. Data Sets

To evaluate the effectiveness of our proposed method, we per-
form experiments on two widely used datasets: LFW dataset
[8] and AR dataset [12].

LFW dataset. The Labeled Face in the Wild (LFW) dataset
[8] contains 13233 labeled faces of 5749 people, in which
1680 people have two or more face images. Images in this
dataset are taken from the Yahoo! News under the uncon-
trolled settings, and show large appearance variations such
as pose, lighting, scale, background, expression, image reso-
lution, focus, and so on, which poses a great challenge to our
recognition task.

AR dataset. The AR dataset [12] contains 126 subjects, in-
cluding 70 male and 56 female, respectively. For each sub-



     

       

        

 

 

 

Fig. 6. Example face images from the LFW dataset. Blue
rectangle: Gallery images; Red rectangle: Partial face images
cropped from the LFW dataset.

ject, there are 26 face pictures taken in two different sections
(each section has 13 face images). Among these face images
captured from each section, there are 3 images with different
illumination conditions, 4 images with different expressions,
and 6 images with different facial disguises (3 images wear-
ing sunglasses and 3 images wearing scarf, respectively).

3.2. Experimental Settings

For the subjects in the LFW dataset, we chose the subjects
which have no less than ten images, therefore the 158 sub-
jects are selected in this dataset. For the subjects who have
greater than ten face images, the first 10 images were taken in
our experiments. These images were converted to gray-scale
in our experiments. For each subject, we randomly select-
ed one image for synthetically producing a probe partial face
set, while the other 9 images for generating gallery set. For
the gallery set, each image was cropped to 128 × 128 pix-
els according to the manually labeled eyes positions. Fig. 6
lists several cropped face samples in the gallery set (in Blue
rectangle).

To generate partial face images as probe set, we follow
the experimental settings in [11]. Firstly, one holistic im-
age was rotated with random angles which follow the gaus-
sian distribution with mean zero and standard deviation 10◦.
Then, some partial face images were represented by the face
patches with random sizes at random locations. Lastly, these
face patches were randomly resized to height×width pixels,
where both height and width fall into the uniformly distribu-
tion [64, 128]. In our experiments, the probe set contains 6320
partial face images of 158 subjects in all, where each subject
has 40 partial images. Fig. 6 shows some partial face images
from the probe set (in Red rectangle).

For the AR face database [12], we selected a subset which
contains 50 female subjects and 50 male subjects from the
first Session of the AR dataset as in [15,25]. For each subjec-
t, the first 7 face images (without occlusion) are utilized for

    

    

Fig. 7. Example images in the AR dataset. Top row: gallery
images without occlusion, Bottom row: probe images occlud-
ed by sunglasses and scarf.

training, while 3 images with sunglasses and 3 images with s-
carf are selected for testing. Thus there are 700 non-occluded
face images in the gallery set, and there are 300 face images
with sunglasses and 300 face images with scarf respectively
in the probe set. The all images were converted to gray-scale
and were finally cropped to 128 × 128 pixels. Fig. 7 shows
several cropped images in the AR dataset.

3.3. Results and Analysis

Experiment 1: Partial Face Recognition for Arbitrary
Patch. We conducted partial face recognition for arbitrary
image patch on the LFW dataset. Table 1 lists the experi-
mental results in this dataset. It can be observed from this
table that our method obtains the best performance and out-
performs the I2I method by a significant gain, which shows
that I2C distance is very powerful for partial face recognition
task. In addition, our experimental results also show that our
sparse constraint L1 norm is more better than L2 norm over
two percent in both I2I and I2C distances, this observation is
consistent with some existing results on sparse representation
framework [15]. Fig. 8 plots the correct recognition rates ver-
sus different ranks on the LFW dataset, we can see that partial
face recognition is indeed a very challenging work.

Table 1. Partial face recognition accuracy (%) using SIFT
descriptors on the LFW dataset.

Method Accuracy
I2I (L1) 19.37
I2I (L2) 17.47
I2C (L1) 34.81
I2C (L2) 32.28

Experiment 2: Holistic Face Recognition with Occlusion.
The AR dataset was selected for our holistic face recognition
with occlusion. Table 2 records the recognition accuracy in
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Fig. 8. Partial face recognition rank on the LFW dataset.

Table 2. Performance comparison (%) on the AR dataset with
sunglasses and scarf.

Method Sunglass Scarf Sunglass + Scarf
I2I (L1) 79.67 96.67 88.17
I2I (L2) 66.67 94.33 80.50
I2C (L1) 94.33 98.00 96.17
I2C (L2) 84.00 98.00 91.00

the AR dataset with sunglasses, scarf and both, respectively.
Our proposed method shows superior performance than the
other compared methods. We can see that our I2C approach
is better I2I based method by a significant margin. Similarly,
Fig. 9 plots the recognition rates versus different rank varying
from 1 to 30 on the AR dataset.

Furthermore, for a fair comparison, Table 3 lists some
results directly taken from several state-of-the art method-
s on the AR dataset. These approaches are mainly in-
cluding collaborative representation based classification (CR-
C) [25], low-rank recovery (LR) [26], low-rank matrix recov-
ery with structural incoherence [27], robust boltzmann ma-
chines (RoBM) [28], robust classification using structured s-
parse representation (Pℓ2/ℓ1 ) [29], Stringfaces [30], and s-
parse representation using nonnegative curds and whey (N-
NCW) [31], and so on.

Experiment 3: Comparison of Different Feature Descrip-
tors. Tables 4 and 5 report performance comparison using
SIFT descriptor and LBP descriptor for partial face recogni-
tion on the LFW dataset and AR dataset, respectively. We
can observe that SIFT descriptor with I2C distance outper-
forms LBP descriptor with I2C distance by a very significant
gain both on the two datasets, these results show that SIFT is
more robust to partial face recognition.
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Fig. 9. Partial face recognition rank on the AR dataset with
sunglasses and scarf.

Table 3. Performance comparison (%) with some state-of-
the-art approaches on the AR dataset.

Method Sunglass Scarf Sunglass + Scarf
SRC [25] 87.00 59.50 73.25
CRC [25] 68.50 90.50 79.50
LR [26] 84.58 77.00 78.92
Chen et al. [27] 85.42 84.36 81.62
RoBM [28] 84.50 80.70 82.60
Pℓ2/ℓ1 [29] 80.50 59.80 70.20
Stringfaces [30] 88.00 96.00 92.00
NNCW [31] 88.44 62.19 75.32
ℓ1 ℓstruct [32] 92.50 69.00 80.80
I2C (L1) 94.33 98.00 96.17

4. CONCLUSION

In this paper, we propose a new face recognition method from
partial face patches by using an instance-to-class distance.
Partial faces usually occurs in unconstrained scenarios such
as visual surveillance systems, hence, it is very important to
recognize an arbitrary facial patch to enhance the intelligence
of such systems. We develop a robust partial face recogni-
tion based on local feature representation, where the similari-
ty between each probe patch and gallery face is computed by
using the instance-to-class distance with the sparse constrain-
t. Experimental results on two widely used face datasets are
presented to show the efficacy of our proposed method.
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Table 4. Performance comparison (%) using SIFT and LBP
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Method SIFT LBP
I2C (L1) 34.81 1.52
I2C (L2) 32.28 1.39

Table 5. Performance comparison (%) using SIFT and LBP
respectively on the AR dataset with sunglasses and scarf.

Method SIFT LBP
I2C (L1) 96.17 16.50
I2C (L2) 91.00 12.00
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