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Abstract

In this paper, we propose a patch based face recognition
framework. First, a face image is iteratively divided into
multi-level patches and assigned hierarchical labels. Sec-
ond, local classifiers are built to learn the local prediction
of each patch. Third, the hierarchical relationships defined
between local patches are used to obtain the global pre-
diction of each patch. We develop three ways to learn the
global prediction: majority voting, `1-regularized weight-
ing, and decision rule. Last, the global predictions of differ-
ent levels are combined as the final prediction. Experimen-
tal results on different face recognition tasks demonstrate
the effectiveness of our method.

1. Introduction
Face recognition is an active topic for researchers in the

fields of biometrics, computer vision, image processing and
machine learning. In the past decades, both global and lo-
cal methods have been developed. Global methods learn
discriminative information from the whole face image, such
as subspace methods [21, 3], Sparse Representation based
Classification (SRC) [23, 24] and Collaborative Represen-
tation based Classification (CRC) [31, 26]. Although global
methods have achieved great success in controlled environ-
ments, they are sensitive to the variations of facial expres-
sion, illumination and occlusion in uncontrolled real-world
scenarios. Proven to be more robust, local methods extract
features from local regions. The classic local features in-
clude Local Binary Patterns (LBP) [1, 11], Gabor features
[28, 19], Scale-Invariant Feature Transform (SIFT) [12, 4]
and gray values.

In local methods, more and more efforts focus on patch
(block) based methods, which usually involve steps of lo-
cal patch partition, local feature extraction, and local pre-
diction combination. With intelligent combination, these
methods weaken the influence of variant-prone or occluded
patches and ensemble the prediction of invariant or unoc-
cluded patches. Martinez [14] proposed to divide face im-

ages into several local patches and model each patch with
a Gaussian distribution. The final prediction is reached by
summing the Mahalanobis distance of each patch. Wright et
al. [23] extended SRC into a patch version that achieves bet-
ter performance by a voting ensemble. Taking into account
the global holistic features, Su et al. [19] developed a hier-
archical method that ensembles both global and local clas-
sifiers. Fisher linear discriminant classifiers are applied to
global Fourier transform features and local Gabor wavelet
features. A two-layer ensemble is proposed to obtain the
final prediction. To overcome the impact of patch scale,
multi-scale patch based methods were proposed. Yuk et al.
[25] proposed the Multi-Level Supporting scheme (MLS).
First, Fisherface based classifiers are built on multi-scale
patches. Then, a criteria-based class candidate selection
technique is designed to fuse local prediction. Zhu et al.
[31] developed Patch-based CRC (PCRC) and Multi-scale
PCRC (MPCRC). Constrained `1-regularization is applied
to combine each patch’s local prediction.

Although previous patch based methods have achieved
great performance, they still suffer from two drawbacks:
First, since each patch is handled individually, the depen-
dence between different patches is ignored. Second, the
performance is much affected by patch size, which is as-
signed by experimental experience and varies in different
databases. To overcome these problems, we propose a Hi-
erarchical Multi-Label (HML) framework for face recogni-
tion. First, each face image is hierarchically divided into
multi-level patches and assigned multi-labels. Second, a
local classifier is constructed on each patch to obtain the
local prediction. Then, the global prediction of each patch
is learned based on different types of hierarchical relation-
ships. Last, the global predictions of different levels are
combined as the final prediction.

The contributions of this paper include: First, we intro-
duce HML framework into face recognition. To the best
of our knowledge, this is the first attempt in the domain.
Second, we illustrate two ways to construct hierarchical
patches. Third, the correlations between different patches
are learned based on their hierarchical relationships. This



step is usually neglected by previous methods.
The rest of this paper is organized as follows: in Section

2 we discuss related work. Section 3 describes the proposed
method. The experimental design, results and analysis are
presented in Section 4. Section 5 concludes the paper.

2. Related work
Local features computed from small patches of the face

image are less likely to be corrupted than global fea-
tures. Applying local features starts from the component
based method, where local features are extracted and com-
bined first. Then, classifiers are built on the combined
local features. Heisele et al. [9] introduced the compo-
nent based Support Vector Machines (SVM) to avoid pose
changes. Subspace models are also extended to component
based methods, for example Principal Component Analysis
(PCA) and Fisher Linear Discriminant (FLD) [6, 10].

For face recognition in an occlusion scenario, re-
searchers also developed methods to detect and elimi-
nate the occluded patches [2]. Oh et al. [15] introduced
the Selective Local Non-Negative Matrix Factorization (S-
LNMF) method. First, PCA and the Nearest Neighbor (NN)
classifier are applied to detect the occluded patches. Then,
LNMF-based recognition is performed on the occlusion-
free patches. Zhao et al. [29] proposed to partition the face
image into two layers and use the difference of sparsity to
detect the occluded patches. The final prediction is also ob-
tained based on the unoccluded patches. The problem with
these methods is they are sensitive to the performance of
occlusion detection.

The proposed framework is mainly inspired by the Hier-
archical Multi-label Classification (HMC) problem, where
each sample has more than one label and all these labels
are organized hierarchically in a tree or Direct Acyclic
Graph (DAG) [18]. Hierarchical information in tree and
DAG structures is used to improve classification perfor-
mance [22, 27]. In this paper, we introduce the hierarchi-
cal multi-label framework into patch based face recognition
and make use of the hierarchical relationships between dif-
ferent patches to improve their local predictions.

3. Hierarchical multi-label framework
We start with building a non-overlapping tree-structured

hierarchical multi-label framework. Let D = {1, 2, · · · , D}
represent a set of hierarchical levels. Given a face image
X ∈ Ru×v , we assume that it is on level 1. First we parti-
tion the level 1 image and obtain the level 2 patches. Then
we divide each patch on level 2, and obtain the patches on
the next level. By repeating the process D − 1 times, we
have all the hierarchical patches. Let Xi,j ∈ Rui,j×vi,j de-
note the jth patch on level i. Let N and Ni denote the total
number of patches and the number of patches on level i, re-

Figure 1: An example of 3-level tree-structured HML
framework. (a) Hierarchical face partition. (b) Patch hi-
erarchy. (c) Label hierarchy.

spectively. So we have N =
∑D

i=1Ni. Meanwhile, we de-
fine a hierarchical label set L = {li,j}, where li,j represents
the label of patch Xi,j . Note that li,j ∈ {1, 2, · · · , C}, and
C represents the total number of classes in the training data.
By now, we have partitioned the face image into multi-level
patches and assigned a hierarchical label for each patch.
Figure 1 depicts an example of a 3-level partition and its
corresponding tree-structured patch and label hierarchies.
In practice, to emphasize local information, we can also
start level 1 with divided patches rather than the original
face image. Thus, the corresponding label hierarchy be-
comes a free tree without any root.

By organizing multi-level patches hierarchically, we can
explore the dependence between different patches based on
the relationships between their labels. Following the defi-
nitions in HMC [7, 18], we define five patch notations and
their three hierarchical patch relationships: “parent-child”,
“ancestor-descendant” and “siblings”. The notations and
examples are shown in Table 1. Note that a patch and its
parent patch in the hierarchy have an ”IS-A” relationship,
which means that a parent patch always has all the valid
pixels of its child patches.

To handle more challenging face recognition tasks, such
as 2D-3D face recognition [20, 30], we can also create an
overlapping DAG-structured hierarchical multi-label frame-
work, where each patch can have more than one parent
patch, and sibling patches can have overlapping regions.
One way to build a DAG-structured framework is to remove
sub-patches from the parent patch iteratively, which will be
explained in Section 4.2. In general, if the number of train-
ing samples is sufficient, the tree-structured framework is
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Notations Meanings Patch Relationship Examples Label Relationship Examples
↑ (Xi,j) Parent patches of Xi,j X1,1 =↑ (X2,1) l1,1 =↑ (l2,1)
↓ (Xi,j) Child patches of Xi,j X2,1 =↓ (X1,1) l2,1 =↓ (l1,1)
⇑ (Xi,j) Ancestor patches of Xi,j X1,1 =⇑ (X3,1) l1,1 =⇑ (l3,1)
⇓ (Xi,j) Descendant patches of Xi,j X3,1 =⇓ (X1,1) l3,1 =⇓ (l1,1)
⇐⇒ (Xi,j) Sibling patches of Xi,j X2,2 =⇐⇒ (X2,1) l2,2 =⇐⇒ (l2,1)

Table 1: The HML patch notations with examples based on Figure 1.

the first choice. It is easy to create and less complex. On
the other hand, when we have limited samples in the train-
ing data, the DAG-structured framework becomes a better
choice. There are two reasons: First, in the tree-structured
framework, the discriminative information of each patch is
limited by its patch size. Second, more hierarchical infor-
mation can be extracted from the DAG-structured frame-
work.

3.1. Local prediction

Given a face image set X =
{
X1, X2, · · · , XM

}
and its class label set Y =

{
y1, y2, · · · , yM

}
, where

ym ∈ {1, 2, · · · , C} and m ∈ {1, 2, · · · ,M}, the
corresponding hierarchical patch sets are denoted by
Xi,j =

{
X1

i,j , X
2
i,j , · · · , XM

i,j

}
. As a patch based method,

we build local classifiers F = {fi,j(Xi,j)} for each patch
separately. Let P = {pmi,j} denote the local prediction
set, where pmi,j represents the predicted labels of Xm

i,j , and
pmi,j ∈ {1, 2, · · · , C}. We have:

pmi,j = fi,j(X
m
i,j). (1)

The local prediction here is both feature-free and classifier-
free. Any the classifiers (e.g., NN, SRC and CRC) can be
used based on any features (e.g., LBP, Gabor features and
gray values).

3.2. Hierarchical global prediction

There are several reasons why local prediction is not
accurate and only some patches return promising results.
First, variations from facial expressions, illumination and
occlusion affect different patches differently. Second, some
patches are less discriminative than other patches. Third,
human faces exhibit distinct structures and characteristics
on different-scale patches [31]. Previous methods usually
relied on different patch sizes and ensemble methods
to address these challenges. However, the correlations
between different patches are neglected. In this paper,
we use the hierarchical relationships between locally
related patches to improve each patch’s local prediction
and get its new label prediction, which we call “global
prediction”. Let Q = {qmi,j} denote the global prediction
set, where qmi,j represents the global prediction of Xm

i,j ,

Figure 2: The intuition behind our method in an occlusion
scenario. (a) Tree-structured HMC framework on an oc-
cluded image. (b) Global prediction correction. The oc-
cluded region is marked by a black rectangle. For the oc-
cluded patch X2,2 in (a), red, yellow, green, cyan arrows
represent the contributions of itself, parent, sibling and child
patches, respectively. In (b), we can observe that the global
prediction of patch X2,2 gives a more robust prediction.

and qmi,j ∈ {1, 2, · · · , C}. We define a global classifier
for each patch to learn the correlation between its global
prediction and the local predictions of itself and its parent
patches, sibling patches and child patches (if any). For
patch Xi,j , we define its hierarchical prediction matrix as
Hi,j = [f(Xi,j), f(↑ (Xi,j)), f(↓ (Xi,j)), f(⇐⇒ (Xi,j))]
∈ RM×Si,j , where each element hm,s

i,j represents the local
prediction of the sth hierarchically related patch for
the mth sample and Si,j represents the total number of
hierarchically related patches. Let G = {gi,j(Xi,j , Hi,j)}
represent the learned global classifier set, so we have:

qmi,j = gi,j(X
m
i,j , H

m
i,j). (2)

Take occlusion for example. Figure 2 depicts the intuition
of our method. As we can observe, for the occluded patch
X2,2, three types of hierarchically related patches (parent
patch X1,1, sibling patch X2,1 and child patches X3,3 and
X3,4) will contribute to correct the erroneous local predic-
tion and obtain the robust global prediction. We introduce
three different ways to build the global classifier.
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3.2.1 Majority voting (V-HML)

Voting is the most popular ensemble technique in patch
based methods. It is easy and training-free. The global
prediction of a testing patch is simply given by the major-
ity local prediction of all the hierarchically related patches.
For these patches that have more than one majority predic-
tion candidate, the one that gives higher average similarity
is selected. The drawback is that majority voting ignores
the important differences between different hierarchically
related patches. As we can observe in the example of patch
X2,2 in Figure 2, compared with the child patches X3,3 and
X3,4, the sibling patch X2,1 and the parent patch X1,1 pro-
vide more discriminative information.

3.2.2 `1-regularized weighting (W-HML)

Based on the above analysis, we introduce differ-
ent weights to the hierarchically related patches.
Let wi,j = {w1

i,j , w
2
i,j , · · · , w

Si,j

i,j }T represent the
weight vector of the patches related to Xi,j , and∑Si,j

s=1 w
s
i,j = 1. Following [31], we define a decision

matrix Zi,j = {zm,s
i,j } ∈ RM×Si,j as:

zm,s
i,j =

{
+1, if ym = hm,s

i,j

−1, if ym = hm,s
i,j

. (3)

Note that zm,s
i,j = 1 means that hm,s

i,j gives a correct predic-
tion, otherwise it gives a wrong prediction. To measure the
misclassification of all the hierarchically related patches,
the ensemble margin of the mth sample can be defined as:

ε
(
Xm

i,j

)
=

Si,j∑
s=1

ws
i,jz

m,s
i,j . (4)

For the sample set X, the ensemble loss under square loss
can be defined as:

Loss (Xi,j) =

M∑
m=1

[
1− ε

(
Xm

i,j

)]2
=

M∑
m=1

1−
Si,j∑
s=1

ws
i,jz

m,s
i,j

2

= ‖e− Zi,jwi,j‖22,

(5)

where e = [1, 1, · · · , 1]T , and dim(e) = Si,j . Considering
that some hierarchically related patches do not make much
contribution, like patch X2,2’s sibling patch X3,3 in Fig-
ure 2, we enforce sparsity of wi,j with `1-norm. Also the
learned weights should be positive. With these constraints,
the optimization problem becomes:

‖e− Zi,jwi,j‖22 + λ ‖wi,j‖1
s.t.

∑Si,j

s=1 w
s
i,j = 1, ws

i,j > 0, s = 1, 2, · · · , Si,j .
(6)

Using the same strategy as [31], converting the weight con-
straint to ewi,j = 1, and adding to the objective function,
we have:

w∗i,j = argminwi,j
{
∥∥e′ − Z ′i,jwi,j

∥∥2
2
+ λ ‖wi,j‖1}

s.t. ws
i,j > 0, s = 1, 2, · · · , Si,j

,

(7)
where e′ = [e; 1], Z ′i,j =

[
Zi,j ; e

T
]
. The function can

be solved using popular `1-minimization methods. After
weight learning, for a testing patch X̂k

i,j , the global predic-
tion is q̂ki,j = argmaxc{

∑
ws

i,j |ĥk,s = c}.

3.2.3 Decision rule (R-HML)

To find the hidden relationships between different hierarchi-
cally related patches, another good method is to use rule-
based classifiers [17, 5]. The advantages include: easy to
interpret and fast to generate. For the example of patchX2,2

in Figure 2, a simple decision rule is:

(f (⇐⇒ Xi,j) = c) ∧ (f (↑ Xi,j) = c)

7−→ (g(Xi,j , Hi,j) = c).
(8)

Considering the variety of hierarchical relationships, we
use Random Forest [5] to learn the global prediction of each
patch. Figure 3 depicts an example of the comparison be-
tween local prediction and global prediction in the Extended
Yale B database [8] under the Random Forest based global
classifier. A 5-level non-overlapping tree-structured HML
framework is constructed on each face image. The local
prediction of each patch is obtained based on the simplest
choices of classifier and features (NN and gray values).

3.3. Hierarchical ensemble

Combining multi-level global prediction is an ensemble
learning problem. Every method introduced above for sin-
gle patch global prediction learning can be applied to com-
bine the global predictions of different levels. Our frame-
work focuses on hierarchically global learning, so we sim-
ply use majority voting to get the final prediction. The pro-
posed method is summarized in Algorithms 1 and 2.

4. Experiments
4.1. 2D face recognition in occlusion scenario

The HML framework is first evaluated on the 2D face
recognition task in an occlusion scenario with the Extended
Yale B database [8] and the AR database [13]. The Ex-
tended Yale B database contains 38 subjects under 9 poses
and 64 illumination conditions. The image number of each
subject ranges from 59 to 64. The classic mandrill image is
used to create synthetic square block occlusions on all the
images in random positions. The occlusion takes up 25% of
the whole face image. The AR database contains over 4,000
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Figure 3: The per patch accuracy comparison between local prediction and global prediction (%). (a) Local level 1. (b) Local
level 2. (c) Local level 3. (d) Local level 4. (e) Local level 5. (f) Global level 1. (g) Global level 2. (h) Global level 3. (i)
Global level 4. (j) Global level 5. We can observe that, after hierarchical global learning, per patch accuracy is improved
significantly on different levels.

Algorithm 1: The HML Framework: Training

Input: Training set X =
{
X1, X2, · · · , XM

}
and

class label set Y =
{
y1, y2, · · · , yM

}
Output: Local classifier set {fi,j(Xi,j)}, global

classifier set {gi,j(Xi,j , Hi,j)} and final
prediction rule O({qi,j})

1 Partition training images hierarchically to {Xm
i,j}

2 Build local classifier fi,j(Xi,j) for each patch Xi,j

3 for i← 1 to D do
4 for j ← 1 to Ni do
5 Construct hierarchical prediction matrix Hi,j

6 Build global classifier gi,j(Xi,j , Hi,j)
7 Learn global prediction set {qi,j}

8 Learn final prediction rule O({qi,j})
9 return {{fi,j(Xi,j)}, {gi,j(Xi,j , Hi,j)}, O({qi,j})} ;

color face images of 126 subjects with real occlusion and
different facial expressions. As in [26, 31], we use a subset
with both illumination and expression changes that contains
50 male subjects and 50 female subjects. Each subject has
26 images. All the face images are resized to 32× 32.

Based on the size of face image, we build a 5-level HML
framework for each image; the numbers of patches on each
level are: 1 × 1, 1 × 2, 2 × 2, 4 × 4, 8 × 8, respectively.
According to the best result from [31], CRC is chosen as
the local classifier. In CRC, the regularization parameter is
set to 0.001. In W-HML, the parameter λ is set to 0.1. In
R-HML, the number of trees is set to 100. The baseline

Algorithm 2: The HML Framework: Testing

Input: Testing set X̂ =
{
X̂1, X̂2, · · · , X̂K

}
, local

classifier set {fi,j(Xi,j)}, global classifier set
{gi,j(Xi,j , Hi,j)} and final prediction rule
O({qi,j})

Output: Predicted label set Ŷ =
{
ŷ1, ŷ2, · · · , ŷK

}
1 Partition testing images hierarchically to {X̂k

i,j}
2 Compute local prediction fi,j(X̂i,j) for each patch
X̂i,j

3 for i← 1 to D do
4 for j ← 1 to Ni do
5 Construct hierarchical prediction matrix Ĥi,j

6 Learn global prediction set {q̂i,j}

7 Apply final prediction rule O({q̂i,j})
8 return {Ŷ} ;

methods are MLS and MPCRC. In MLS, the parameter ω
is set to 0.1. We use gray values as the original feature.
PCA is applied to reduce dimensionality of each patch to
100 (the smaller size patches with less than 100 pixels keep
their original features). To be fair for each subject, we first
randomly select the greatest common number of images for
each subject. Then different proportions of the selected im-
ages are used for training and testing. All the experiments
were run 10 times. We first test the influence ofD with 20%
of training data. The performance is depicted in Figures 4
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Figure 4: The performance on the Extended Yale B database
with different depths of tree-structured HML frameworks.

Figure 5: The performance on the AR database with differ-
ent depths of tree-structured HML frameworks.

Figure 6: The results on the Extended Yale B database with
25% block occlusions.

and 5. The results of different methods are presented in Fig-
ures 6 and 7 (D is set to 4 in V-HML and 5 in W-HML and
R-HML).

We can observe in Figures 4 and 5 that different HML
methods achieve the best performance at different levels. V-
HML performs best with 4-level framework, while W-HML

Figure 7: The results on the AR database with real occlu-
sions.

and R-HML perform best with 5-level framework. In Fig-
ure 6 we can observe that, in the Yale B database, W-HML
performs better than other methods under different percent-
ages of training data. V-HML achieves better or comparable
results compared to R-HML, MPCRC and MLS. The results
of V-HML under 40 % and 50 % of training data (81.37 %,
83.47%) are a little worse than that of MPCRC (83.81%,
85.03%). In Figure 7, we can observe similar results in the
AR database. W-HML achieves the best results under dif-
ferent percentages of training data. V-HML performs better
than R-HML and other methods.

4.2. 2D-3D face recognition

We also evaluate the HML framework on the 2D-3D face
recognition task with the UHDB11 database [20] and the
FRGC v2.0 [16] database, which both contain 3D gallery
and 2D probe. In UHDB11, the 3D gallery contains frontal
3D models of 23 subjects while the 2D probe contains 1,602
images from 6 illumination conditions with four yaw rota-
tions and three roll rotations. In FRGC v2.0, we use a subset
with 83 subjects in the 3D gallery and 300 images in the 2D
probe. Following the pipeline of [30], we apply our method
to the unlit texture images (Figure 8). To overcome the lim-
ited number of gallery images, we develop an overlapping
DAG-structure HML partition: six 100 × 100 overlapping
patches are defined on the most discriminative area of the
frontal image, shown in the first image of Figure 8. The
child images are obtained by removing one patch from the
parent image iteratively. A partition example and the cor-
responding DAG label hierarchy are shown in Figure 9. In
this training-limited 3D-gallery 2D-probe pipeline, only V-
MHL is applicable to learn the global prediction. The en-
semble score is computed by averaging the local scores that
generate consistent results with the global prediction. We
compare the results of the 2-level V-HML and the 3-level
V-HML with the Albedo Estimation using Lighting Maps
(AELM) [30]. The ROC curves of different methods are
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Figure 8: The unlit texture image samples from the
UHDB11 database.

Figure 9: The overlapping DAG-structure HML framework.
(a) Hierarchical face partition. (b) Label hierarchy.

Figure 10: The results on the 2D-3D UHDB11 database.

depicted in Figures 10 and 11.
From Figure 10 and Figure 11, we can observe that the

proposed HML methods perform better than the baseline.
In UHDB11, the verification rates at 10−3 FAR are 76.89%

Figure 11: The results on the FRGC v2.0 database.

(AELM), 79.20% (2-level V-HML) and 80.01% (3-level V-
HML). The 3-level V-HML framework achieves the best re-
sult. In FRGC v2.0, the verification rates at 10−3 FAR are
37.30% (AELM), 39.00% (2-level V-HML) and 37.67% (3-
level V-HML). The 2-level V-HML framework achieves the
best result. These improvements can be attributed to two
main reasons. First, patch based methods are more robust to
the distortions in texture image. Second, hierarchical multi-
level learning methods perform better than the original sin-
gle level method.

5. Conclusion

This paper presents a patch based framework for ro-
bust face recognition. We build multi-level patches hier-
archically and use the hierarchical relationships to improve
the local prediction of each patch. The proposed method
achieves better results compared to previous methods. Fu-
ture work will focus on how to design a data-driven HML
partition and choose a better global ensemble technique.
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