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Abstract—Facial attributes are shown effective for mining
specific persons and profiling human activities in large-scale
media such as surveillance videos or photo-sharing services.
For comprehensive analysis, a rich number of facial attributes
is required. Generally, each attribute detector is obtained by
supervised learning via the use of large training data. It is
promising to leverage the exponentially growing community
contributed photos and the associated informative contexts to
ease the burden of manual annotation; however, such huge noisy
data from the Internet still pose great challenges. We propose
to measure the quality of training images by discriminable
visual features, which are verified with the relative discrimi-
nation between the unlabeled images and thepseudo-positives
(pseudo-negatives) retrieved by textual relevance. The proposed
feature selection requires no heuristic threshold, therefore, can
be generalized to multiple feature modalities. We further exploit
the rich context cues (e.g., tags, geo-locations, etc.) associated
with the publicly available photos for mining more semantically
consistent but visually diverse training images around theworld.
Experimenting in the benchmarks, we demonstrate that our work
can successfully acquire effective training images for learning
generic facial attributes, where the classification error is relatively
reduced up to 23.35% compared with that of the text-based
approach and shown comparable with that of costly manual
annotations 1.

Index Terms—facial attribute detection, feature selection,
training image acquisition

I. I NTRODUCTION

BEYOND the low-level features commonly used for face
recognition, the rich set of facial attributes such as

gender, race, age, beard, smile, etc., have been shown to be
very promising for characterizing designated persons [1] as
well as for identity verification [2]. Moreover, facial attributes
make photo management easier. Lei et al. [3] designed an
efficient framework to retrieve photos of the target persons
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1All of the face images presented in this paper except the training images
in Fig. 8 attribute to various Flickr users under Creative Commons Licenses.
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Fig. 1. Goal – automatically acquiring training images for generic facial
attribute detection by leveraging visual and contextual cues from publicly
available community-contributed photos in an unsupervised manner. (a) Be-
sides visual appearances in Internet images, the rich contextual cues such as
tags, geo-locations are promising to ease the data bias problem in training
facial attributes. Though contextual cues are noisy (e.g.,the crossed tags),
we aim to mine the effective training images from them. (b) Combining
visual relevance and contexts to rank the effective and visually diverse
training images. (c) Learning and detecting generic facialattributes from the
automatically acquired training images for each attribute.

by graphically specifying the face icons with attributes on
a query canvas. In addition, the statistics of (automatically
detected) facial attributes from certain user groups (e.g., young
girls) can approximate users’ preferences. Cheng et al. [4]
proposed a travel recommender by mining people attributes
from community-contributed photos. Combining with specific
time, location, etc., the plentiful facial attributes greatly benefit
mining consumer activities from large-scale and less organized
photos.

Prior research for facial attribute detection [1], [5], [6]solely
relied on supervised learning with manually annotated training
photos, which is very time-consuming and labor intensive. On
average, manual annotation requires 5-6 seconds for tagging
a photo or 15 seconds through gaming-based annotations [7].
Furthermore, the manual annotations from few people might
be subjective and biased. We can enrich the annotations by
involving more people in the labeling tasks, but pay the prices
of involving more human labor.The problems get worse when
preparing to analyze a large set of facial attributes as proposed
in [1], [2].

With the prevalence of capturing devices and photo sharing
services such as Flickr and Youtube, the volume of multi-
media resources have been dramatically increased. There are
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Fig. 2. The framework to automatically acquire training images for learning generic facial attributes includes: (a) harvesting photos and the associated
context information (e.g., tags, GPS) from the community-contributed photos by keyword queries as the initial candidates, (b) extracting the visual features
from the detected (frontal) faces and the context features from the associated text as well as geo-locations, (c) measuring feature quality according to the
discriminability voting results from image candidates over multiple visual feature spaces, (d) optimizing feature set of a designated attribute for measuring
the visual relevance, (e) fusing the visual relevance (estimated in (d)) and the contextual cues extracted in (b) to estimate and rank the annotation quality, and
(f) learning generic facial attributes by the automatically acquired training images.

reportedly more than four billion images in Flickr and even
more than 70,000TB broadcast video data generated every year
[8]. Such ultra-large-scale multimedia brings about profound
social impact upon the society and has potential for easing
the burden of training image acquisition [9]–[11] by means
of freely available user-contributed data. In this work, weaim
to acquire training images from community-contributed photos
for facial attribute detection. It is promising since social media
are full of user activities via the photos associated with tags,
comments, locations, etc. However, simply acquiring training
images by keywords (e.g., “beard”) brings significant amount
of false positives due to an uncontrolled annotation quality;
learning with such noisy data degrades the accuracy of facial
attribute detectors.

Producing the databases comprising a large number of
images with less noisy labeling is still an arduous manual
task. Some studies have proposed to automatically harvest
training images of a particular class, so that a new object model
can be learned effortlessly [10]. In addition to general image
objects, the studies in travel landmark recognition [12] also
exploit automatically acquired images to relieve the burden
of human annotation. In this study, we further deal with
the subtle variations in subgroups of an object, for example,
different attributes of a face, which is one of the most attractive
topics for human-centric applications (e.g., demographics, face
retrieval). These subtle variations are sensitive to the natures
of different features (e.g., edge, texture, color) [1], [2]and the
diversity in the training data; therefore we propose a feature
selection approach and a framework to enrich the diversity in
the acquired images. The proposed approach benefits acquiring
effective train images, which should have two good properties:
(1) semantically related and (2) visually diverse. For example,
the images in Fig. 8 (a) are visually diverse but not seman-
tically related while the images in (b) are more semantically
related but dominated by certain appearances. The images in
(c) are both semantically related and visually diverse.

With an effective feature representation (e.g., supervector
[13]) to a designated facial attribute (e.g., age), examining
visual relevance has been shown to be promising to reject
certain false positives in the previous research [11]. In reality,
users are not expected to predetermine well which features
are important to a designated attribute, for example, edge
features for detecting eyeglasses [14] and texture features for

estimating age [15]. To enable automatic training image acqui-
sition to be adaptive to various facial attributes, we propose to
automatically select effective features from a rich set of visual
features, which are potential feature candidates for different
facial attributes. The proposed feature selection mechanism
first measures the discriminant capability of each visual feature
by discriminability voting– voting upon unlabeled images by
pseudo-positives (negatives) retrieved by textual relevance –
and then it selects effective features according to the estimated
discriminant capability and the degree of mutual similarity.
Discriminability voting can reduce the interference of noisy
labels in the training images and does not require heuristic
thresholds. Therefore, it has better generalization capability
for multiple feature modalities. Another critical deficiency in
prior research is rejection of false positives by the use of visual
relevance only (e.g., [9], [11]) because that may cause the
set of acquired training images to be dominated by color or
other visual features. The above mentioned images do bring
marginal improvement for learning facial attribute detectors.
However, it may cause data skew at the same time. Therefore,
we propose to exploit the rich context cues (e.g., tags, geo-
locations, etc.) along with the community-contributed photos
to increase the degree of diversity for the training images.The
proposed approach is conducted in an unsupervised manner
and most importantly, it can be applied to different facial at-
tributes.In addition, proper human intervention can be flexibly
integrated in the proposed framework and further improve the
quality of acquired images.

For the proposed framework, as shown in Fig. 1, we first
measure the quality of each visual feature given a noisy
set of keyword-retrieved (e.g., “beard”) training image can-
didates. Optimized by discriminability and mutual similarity,
the selected features are then used to evaluate the annotation
quality of the training image candidates from the visual aspect.
Second, context information is further augmented to ensurethe
degree of diversity and the quality of automatically collected
training images. Experiments show that the proposed method
– balancing visual and context cues, outperformed two base-
line approaches (1) measuring textual relevance (text-based)
and (2) measuring visual reconstruction error via Principal
Component Analysis (PCA-based); the error rates are reduced
by up to 23.24% and up to 38.50% (relative improvement),
respectively. More excitingly, we found that the facial attribute
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detectors trained by the proposed method are competitive
with those trained by the use of manually annotated photos.
Note that our work requires no manually collected training
images but automatically mines semantically related training
images from the initial candidate photos and their associated
metadata retrieved by facial attribute keywords. The primary
contributions of the work include:

• Devising a generic framework for learning numerous fa-
cial attributes by automatically acquiring training images
from freely available and growing community-contributed
photos without tedious manual annotations.

• Proposing a robust-to-noise feature selection approach
by discriminability voting to measure visual relevance
adaptive to different facial attributes (Sec. IV).

• Balancing visual relevance and contextual cues along
with community-contributed photos to optimize auto-
matic training image acquisition (Sec. V).

• Experimenting on consumer photo benchmarks and show-
ing great improvement in accuracy for facial attribute
detection and superiority to its counterpart which requires
costly manual annotations (Sec. VI).

II. RELATED WORKS

Facial attribute detection has made remarkable progress
through decades of researches. Moghaddam and Yang [5]
propose a gender classification approach using the Support
Vector Machine and showed good results regarding the FERET
data set [16]. Baluja and Rowley [6] further focuse on real-
time gender classification based on the Adaboost to select a
linear combination of weak classifiers. The above two works
are carried out using small data sets and highly controlled
environment settings. Recently, facial attribute detection has
been shown to be important for retrieving specific people
in large-scale media such as surveillance videos or photo
sharing websites. Kumar et al. [1] propose an adaptive frame-
work for learning multiple facial attributes based on the face
images downloaded from the Internet with intensive manual
annotations. Those user-contributed data are rich and diverse,
thus providing better generalization capability for learning
numerous facial attributes.

However, manual annotation is a burden and unrealistic
for collecting sufficient training images of numerous facial
attributes. To address this issue, user-generated contenthas
been used to automatically identify the correct association
between labels and images without any human intervention.
Such new attempts have been shown promising in image
classification [9], [10], [12], object attribute learning [17],
[18] and face identity retrieval [19]–[21]. Even though we
can easily crawl images with keywords, the Internet images
contain plenty of unmanageable noisy labels. Fergus et al. [9]
use latent semantic models to learn object categories usingthe
raw output of image search engines. They validate a designated
category in the first 5 images returned from the queries of
7 different languages; however, the learning performance is
still highly dominated by the limited appearance of the small
validation set. Taneva et al. [21] harness relational factsin
the existing knowledge about named entities for gathering

diverse photos of the entities and integrated image-similarity
computations for improving the final ranking. Berg et al. [18]
simply leverage text information associated with the crawled
images and the MILboost [22] to identify the appropriate
attribute type of general object attributes from noisy web
images.

The aforementioned works generally focus on object image
classification, which are not appropriate for learning subtle
attributes of a face. For facial attribute detection, Ni et al.
[11] used multiple-instance learning (MIL) to construct a
universal age estimator. That work indicates the importance
of learning facial attributes by automatically acquired training
images. However, two critical problems are still unsolved in
their framework. First, their work on age estimation is not
generic for various facial attributes since it does not address
how to discover the discriminative features for different facial
attributes. Second, they only focus on removing false positives
by visual relevance; therefore, the visual-based noise filtering
process might lessen the diversity of the training data and
result in data skew.

In [1], [6], [11], the authors use different combinations of
facial features to represent a face. For finding an appropriate
feature set to best represent a designated facial attribute,
Kumar et al. [1] and Zhou and Wei [23] propose different
feature selection techniques to achieve their goals. Multiple
feature selection (e.g., boosting) and combination (e.g.,late
fusion, fusion via optimization scheme) are active research
problems in multimedia analysis and have been investigated
to improve learning-based video annotation [17] and image
classification [24]. In this work, we aim to deal with one
additional problem – the interference from the noisy labels
along with training images, which pose great challenges for
measuring the discriminative power of multiple features. To
tackle the interference caused by noisy training images, we
propose discriminability voting and leverage unsupervised
(unlabeled) images for selecting effective features adaptive to
different facial attributes.

Conventionally, people use a verification strategy based
on potential visual features to filter out incorrectly labeled
images. This process can resist the interference of noisy
labels. However, the above process also reduces the visual
diversity of images which is essential for image retrieval [25]
and classification [9]. For example, the visual appearance of
female faces across locations are very diverse as shown in
Fig. 1. If the female images for training are limited in certain
groups, the detector might not be able to deal with general
female images. Similar situation also happens to other facial
attributes since the visual appearances of faces have substantial
intra-class variation which requires more consideration for
retaining diversity in training data. In order to balance the
unfavorable effects caused by noisy labels and the diversity
problem of facial attributes, we propose to introduce context
cues, such as tags or geo-location, to ease the problem of
solely relying on visual relevance.The proposed framework
can be generalized to acquire sufficient training images fornu-
merous facial attributes. The high precision (accuracy) can be
reached in exchange of computational complexity in collecting
training images. This process is conducted in off-line phase
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Fig. 3. Concept – measuring the discriminative capability of each visual
feature by voting. For a feature spacem, a vote is operated by an image
candidate(△), a pair of pseudo-positive (+) and pseudo-negative (−), which
are initially labled by textual relevance. If the image candidate is closer to
the pseudo-positive (as (a)), it would get a positive vote, otherwise it would
get a negative one. However, if the distance between the pseudo-positive and
the pseudo-negative (dc) is shorter than the distance from both of them to
the candidate (d+ and d−), the vote would be abstained due to insufficient
discrimination (as (b)). More abstained votes accumulatedon a feature space
indicate that the feature is less discriminative. By comparing the relative
distance, the voting scheme measures the discriminative capability of different
feature space without any heuristic thresholds (cf. Sec. IV-D).

where a fair sacrifice of computational complexity is usually
acceptable. Meanwhile, the attributes and feature modalities
are independent; thus the process can be further speeded up
by parallelization.

III. SYSTEM OVERVIEW

As shown in Fig. 2 (a) and (b), we first harvest image
candidates along with the context from the Internet by keyword
queries (Sec. IV-A). Then we extract potential visual and
context features (Sec. IV-B, IV-C). In Fig. 2 (c) and (d),
we measure the feature quality (Sec. IV-D) and optimize the
feature set representative to a designated attribute (Sec.IV-E).
The features chosen in the previous steps are then fused for
measuring visual relevance of the training image candidates
(Sec. V-A). In Fig. 2 (e), an optimization framework is pro-
posed to combine both visual and context cues for estimating
the annotation quality of each image candidate (Sec. V-B). We
further consider the cues from geo-locations in Sec. V-C, since
photos collected around the world are essential for training
a generalized facial attribute. The candidates with higher
annotation quality are superior training images for learning
facial attributes (Fig. 2 (f)).

IV. SELECTING EFFECTIVE FEATURES FROMNOISILY

LABELED IMAGES

Initially, the images and the associated context from Flickr
are acquired as the input. We try to automatically select
effective features for measuring the annotation quality of
candidates.

A. Harvesting Training Image Candidates

Instead of manually filtering noisily labeled images, our
work only requires the users to define keywords positively
correlated to the designated attribute as the input. Taking
female attribute as an example, users provide the keywords,
“woman” or “girl” as the input for retrieving positive training
image candidates as well as the surrounding contexts such

as tags and geo-locations (Fig. 2(a)). Similarly, the antonyms
of female attribute such as “man” or “boy” are used as
the negative keywords for retrieving negative training image
candidates. If the antonyms of an attribute are ambiguous, the
negative training image candidates can be obtained through
universal background data (UBD) that includes generalized
background data crawled by neutral words (e.g., “people,”
“persons”) without implying any specific facial attributes.
UBD reflects the photo distribution across facial attributes
in consumer photos so that it is less biased than defining
ambiguous antonyms for retrieving negative training images.
Note that UBD is more effective for the attributes (e.g., sun-
glasses) appearing in consumer photos less frequently, because
they result in fewer false negatives. For the attributes (e.g.,
male) appearing frequently, they often have clear antonymsfor
collecting images rather than relying on UBD.The antonyms
and UBD can be defined by users or generated by lexical
database. In our experiments, we simply use those defined by
users.

B. Extracting Multiple Visual Feature Combinations

For precisely analyzing the facial content, the facial regions
of each photo are extracted by a face detection algorithm
[26] and the size of the face images is64×64. Because the
facial organs such as nose, eyes and mouth are discriminative
features for facial attribute detection, we use eye detector [26]
to extract the eye region on a face and align faces according
to their eye points. After alignment, we extract the philtrum
and mouth regions according to their general positions relative
to the eyes. The illustration of the extracted regions is shown
in Figure 2 (b). The red, blue, yellow and green rectangles
indicate the whole face, eye, philtrum and mouth regions.A
feature combination,(l, r), represents an aggregate feature,
where l is one element of the setL:{Gabor filter [27], HoG
[28], Color, Local Binary Patterns [29]}, l ∈ L. Every element
l in L is a varying low-level feature. The low-level features
defined in L are extracted from one of the facial organs
defined in R, whereR:{whole face, eyes, philtrum, mouth},
r ∈ R. Different combinations of(l, r) pairs constituteM
aggregate features ({(l, r)|∀l ∈ L, ∀r ∈ R}). This set provides
abundant options for effective visual feature set selection. The
effectiveness of these visual feature combinations is verified
in [1], [2].

C. Computing Textual Relevance

Given Q+ positive keywords andQ− negative keywords
of a desired facial attribute and its associated text (e.g.,
tags, titles), the textual relevancetk of the k-th facial image
corresponding to that attribute can be estimated with the
following equation,

tk = (

Q+∑

q1

tfkq1 ·idfq1 −

Q−∑

q2

tfkq2 ·idfq2)×
1

Ak

, (1)

wheretfkq is theq-th term frequency associated with thek-th
facial image,idfq is the log inverse frequency of the facial
images associated with theq-th term [30]. The highertk
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means the higher texture relevance.Ak is the number of faces
belonging to the author, who uploaded the image containing
the k-th face. Note that,Ak suppresses the ranking scores
of the faces belonging to the same photo (reducing noisily
labeled faces in a group photo with shared tags) or the same
author’s photo collection (avoiding being dominated by few
sources).For some attributes (e.g., beard, sunglasses) which
have ambiguous antonyms (negative keywords), we do not
assign any negative keywords. Under these circumstances, we
neglect the influence of negative keywords in the second term
in Eq. 1 and measure the text relevance via the use of positive
keywords only. Using the top ranked images, we are able to
perform better cold-start2 and achieve better performance. We
shall discuss this issue in the subsequent section.

D. Measuring Feature Quality by Discriminability Voting

Feature selection (e.g. Adaboost) is an essential technique
for discovering a subset of relevant features for building robust
learning models [1], [23]. The main idea is to estimate the
weight of each feature according to its discriminative capa-
bility measured from the annotated training samples on each
feature space. However, keyword-retrieved training images are
very easy to be interfered by incorrect (unreliable) labels,
therefore result in incorrect decision boundaries.

Knowing the limitation of a supervised feature selection
process, we further take the unlabeled images and thepseudo-
positives (negatives)into consideration. First, a small number
of images that have the strongest textual relevance are selected
as pseudo-positives3, which means they are very likely to
be positives. Similarly, the images with the weakest textual
relevance are most likely to be negatives, therefore are se-
lected aspseudo-negatives. The concept resemblestransduc-
tive learning– reasoning the unlabeled image candidates by
the very few labeled ones – but also tackles the interference
from possible noisy labels in pseudo positives (negatives). We
propose to measure the quality of potential visual features
by discriminability voting– voting the unlabeled images by
exploiting the discrimination between the pseudo-positives
and the pseudo-negatives as an index of reliability (asdc
in Fig. 3). The absolute distance between pseudo positives
and negatives on a feature space is an informative cue to
evaluate the discriminative capability of that feature modality.
Similar to Kernel Density Estimation (KDE)[31], we infer
the label of the image candidate by the distance from them
to the pseudo-positives (negatives). However, KDE estimates
probability density without considering the possible noisy
labels while our approach would confirm the discriminability
dc before voting the unlabled image candidates.

However, the scale of multiple feature space may be quite
different; therefore, measuring the absolute distance between
two examples may cause the evaluation to be dominated by

2Cold-start problem concerns the issues that the system lacks sufficient
information for inferring or associating the non-annotated data.

3We can also manually label some initial images to further reduce the
uncertainty. However, in this work, we use pseudo positives(negatives) to
show the feasibility of automatically acquiring reliable training images with
less supervision.
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certain feature modalities. In contrast, the proposeddiscrim-
inability voting only compares the relative distance between
examples such that it can be applied to the measurement of
multiple feature modalities without concerning the variation
of distance scale. As shown in Fig. 3, a vote is determined by
an image candidate and a pair of pseudo-positive and pseudo-
negative. The candidate would get a positive vote (denoted as
label 1) if it is closer to the pseudo-positive (as Fig. 3 (a)).
Otherwise, the candidate would get a negative vote (denotedas
label -1). Further, we abstain the votes as uncertainty occurs.
Referring to Fig. 3 (b), if the distance between the pseudo-
positive and the pseudo-negative (dc) is shorter than the
distance from both of them to the candidate (d+, d−), the vote
would be abstained due to insufficient discrimination (denoted
as label 0). An uncertain vote may come from the weak
discrimination of a feature itself as well as the disturbance
of incorrect annotations. We separate those abstained votes
from either positives or negatives to reduce the uncertainty
caused by unreliable training images. The voting scheme
requires no heuristic thresholds but only compares the relative
distance. Therefore, it has higher generalization capability to
multiple feature modalities without concerning the sensitivity
of threshold setting. The statistics of the abstained voteshelps
estimate the discriminative capability of each visual feature.
This issue will be discussed in Sec. IV-E.

The voting results are represented as the matrices shown
in Fig. 4.K image candidates,K+ pseudo-positives andK−

pseudo-negatives would induceK×K+×K− voting results
for each visual feature, thus obtaining a feature-wise voting
vector (Em) of them-th feature (shown in the orange rectangle
in Fig. 4). Similarly, every candidate would be assigned
M×K+×K− votes by all the pairs of pseudo-positives and
pseudo-negatives acrossM visual features (shown in the green
square in Fig. 4).K+ and K− are generally less than 50
(investigated in Sec.VI-A) andK depends on the number of
the involved candidates. GivenK = 2000 candidates, the
computation time of voting process for a feature is 2.5 seconds
on average for a 2.40GHz Intel Xeon server. Keeping the
whole voting matrices is not required, since the voting results
of candidates on each feature space would be accumulated
by the label type (1, −1 and 0), which are denoted asv+k,m,
v−k,m and vak,m (cf. Algorithm 1). Our approach only keeps
the original voting resultsEm of any two visual features for
evaluating the mutual similarity (i.e., requiring 80 megabytes
whenK+, K− = 50 andK = 2000). In the next section, we
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Algorithm 1 Voting onm-th visual feature space

Input: the features (F ,F+,F−) of candidates, pseudo-
positives and pseudo-negatives

Output: feature-wise voting vector (Em), accumulated posi-
tive, negative and abstained votes (v+k,m, v−k,m, vak,m)
cnt := 0;
for all fk in F , f+

i in F+, f−
j in F− do

if distance(f+
i , fk) < distance(f−

j , fk) then
vote := 1;
shortest := distance(f+

i , fk);
else

vote := −1;
shortest := distance(f−

j , fk);
end if
if distance(f+

i , f−
j ) < shortest then

vote := 0;
vak,m := vak,m + 1;

else
if vote = 1 then

v+k,m := v+k,m + 1;
else

v−k,m := v−k,m + 1;
end if

end if
Em(cnt) := vote;
cnt := cnt+ 1;

end for

will use the voting results as the index of feature quality to
select the optimal feature set.

E. Optimizing Feature Set

Generally, importance and complementarity are two kernels
of feature selection approaches [32]. Accordingly, our work
exploits the voting results of each feature to evaluate the im-
portance of the feature itself and the complementarity between
any two of them. First, more abstained votes in the voting
vectorEm of the m-th feature, more uncertainty the feature
would induce. Second, more similarity between the two voting
vectors implies less complementarity between the two features.
Motivated by the intuitions, we estimate the importanceum of
a visual feature by the number of abstained votes in its voting
vectorEm.

um = e−count(Em=0). (2)

The count(Em = 0) is the total number of abstained votes
conducted by them-th visual feature. Further, the similarity
sm,n between them-th and then-th features can be evaluated
by the Euclidean distance as follows,

sm,n = e−‖Em−En‖
2

. (3)

As aforementioned, we want to select those features with the
largest importance and the largest complementarity (the least
similarity). We can realize the physical meaning by converting

it into an optimization formulation [32] as follows,

min
x

M∑

m

M∑

n,n6=m

sm,nxmxn −

M∑

m

umxm, s.t. xm ∈ [0, 1], (4)

where x : {xm|m = 1, . . .,M} is a vector containing
the optimized weights of all visual features. For a training
candidate, the visual relevance is estimated by the voting
results aggregated from different visual features weighted by
x (cf. Sec. V-A). The feature weights not only reduce the
interference of less-effective features but integrate theresults
from multiple visual modalities, which bring more diversity
to the estimation of annotation quality. Eq. 4 can be further
reformulated as the following equation,

min
x

x⊤sx− u⊤x, s.t. xm ∈ [0, 1], (5)

s is an M×M matrix where the diagonal is assigned with
0, and u is an M -dimensional vector. The equation can
be solved by gradient descent which iteratively updates the
feature weightx.

V. M EASURING ANNOTATION QUALITY FOR

DETERMINING EFFECTIVE TRAINING IMAGES

The annotation quality of a training image candidate means
the possibility that the candidate is correctly labeled corre-
sponding to the target facial attribute. The candidates with
higher annotation quality have higher priority to be chosenas
the training images. To begin with, we measure the annotation
quality from the degree of visual relevance. Furthermore, the
annotation quality would be optimized by both the visual
relevance and the textual relevance (estimated by Eq. 1) to
prevent the training images from being dominated by some
special visual appearances. For training generalized facial
attributes, we further measure relative visual relevance in a
specific geographic location to include facial images more
uniformly around the world.

A. Measuring Visual Relevance

A facial image carries essential information for evaluating
annotation quality for a designated attribute, hence we mea-
sure the visual relevancevk of an facial image to represent
the likelihood of belonging to an attribute category through
visual modality only. After executing the voting process de-
scribed in Sec. IV-D, each image candidate would be assigned
M×K+×K− votes with labels. According to the assigned
labels, the visual relevancevk of the k-th candidate can be
measured as follows,

vk =

M∑

m

xm×vak,m(v+k,m − v−k,m), (6)

wherex are the feature weights measured by Eq. 4, which
indicate the effectiveness of each feature.v+k,m, v−k,m andvak,m
are the accumulated positive votes (label1), negative votes
(label -1) and abstained votes (label0) for the k-th candidate
on them-th feature space, respectively (cf. Algorithm 1). All
the accumulated votes are normalized to[0, 1]. (v+k,m − v−k,m)
is considered to favor the images which have more tendency
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Fig. 5. Inherently uneven distribution in user-contributed photos: the data
skew in the web images due to the huge gap of Internet usage, e.g., USA
(239 million users) vs. Tanzania (0.6 million users) [34].

to be positives than to be negatives. However, it is important to
choose the most informative example for learning a function.
One interpretation of this is to choose the examples with
high uncertainty such as the strategy of uncertainty sampling
in active learning [33]. Considering the trade-off, we use
vak,m, the uncertainty of classifying a candidate, for moder-
ately encouraging the candidates carrying informative cues for
classification. In the following processes, the visual relevance
vk would be used to rank the annotation quality of the faces
from the visual aspect.

B. Combining Textual and Visual Relevance

Examining the visual relevance of candidates can suppress
the false positives, but sacrifices the diversity in visual ap-
pearances, which is essential for collecting training images of
a generalized facial attribute. Balancing visual relevance vk
and the textual relevancetk (semantic relevance), we refine
the annotation quality scorepk for each candidate face by the
following optimization criterion:

min
p

K∑

k

[(1 − α)(pk − tk)
2 − αvkpk + γ‖pk‖

2
]. (7)

The first term is to measure the error between the estimated
annotation quality and the textual relevance. The second
term is to refine the possible error annotations by the visual
relevance, and the last term is for regularization. The equation
favors the candidates with higher visual relevancevk. α, γ are
the parameters used to control the effect of visual relevance
and to prevent the overfitting effect. These parameters will
be further investigated in Sec. VI-B1 for maximizing the
system performance. The equation can be solved by gradient
descent which iteratively updates the annotation qualitypk
starting from an arbitrary vector.pk is the annotation quality
of the k-th candidate image. Annotation quality means the
correlation between the designated facial attribute and the
facial attribute in the candidate image. The higher thepk is,
the better annotation quality thek-th candidate image has. The
candidates with higher annotation quality would be chosen as
the training images.

C. Considering Geo-locations

The statistics of global Internet users [34] reveals that there
is a big gap of Internet usage across countries; for example,
239 million users in USA and 0.6 million in Tanzania. So do
the numbers for community-contributed photos across coun-
tries. Learning with those biased face distributions neglects

the generality of facial attributes, since the visual appearances
of people from the same area are probably more similar (e.g.,
Europeans) than those from other areas (e.g., Asians). Though
many applications only concern specific groups (usually the
majority), the proposed approach aims to deal with more
general cases in real life. Thus reducing the geographic bias is
critical for the purpose of enhancing generalization. To tackle
the problem, we divide the world into equal grids, where
the grids containing the continents (solid-line rectangles in
Fig. 5) are preserved as individual location groups (totally
34 groups) and the other grids (dashed-line rectangles in Fig.
5) are aggregated to the same location group. We evaluate
the relative visual relevance, which is the Borda rank [35]
of a training face candidate within a location group assigned
by the location contexts (e.g., GPS) along with the photos
containing that face. Relative visual relevance will favorthe
training image candidates with higher visual relevance within
each location group, therefore prevents the appearances of
training candidates from being dominated by the same places.

Given a training face candidate with visual relevancevk in a
location gridG, the relative visual relevancegk in its location
group is measured by the following equation.

gk = 1−
BG(vk)

|G|
. (8)

BG(vk) is the number of image candidates inG which have
the visual relevance value larger thanvk, whereBG(vk) ∈
{0, 1, 2, ..., |G| − 1}. |G| is the number of photos collected in
a location grid. To prevent the training images from including
too many photos of the same location grid, we limit the value
of |G| to be the number of required training images divided by
that of total location grids. Through the arrangement, the faces
with higher visual relevance within a group are given higher
relative visual relevance according to their location context,
hence only a few photos in a location group get the opportu-
nities to be chosen as the training data. The relative visual
relevancegk is further integrated to the annotation quality
measurement for introducing more locational diversity into the
acquired training images. The optimization formulation inEq.
7 is refined as follows,

min
p

K∑

k

[(1− β)(pk − tk)
2 − βgkpk + γ‖pk‖

2]. (9)

The sample with higher relative visual relevancegk has higher
priority to be selected as the training samples in that area.
Moreover,β and γ are the parameters used to control the
influence of the geo-context and the regularization process,
respectively. These parameters will be further investigated in
Sec. VI-C for analyzing the merits and the limitations of the
location contexts.

VI. EXPERIMENTS

We use some keywords related to people, e.g., family,
portrait, woman, man, children, etc. to crawl Flickr imagesas
a pool of candidate images, totally around 0.2 million faces
from community-contributed photos (from Flickr) and the
associated context (e.g., tag, title, GPS). All of the photos were
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Fig. 6. With more pseudo-positives and pseudo-negatives included as
the seeds for evaluating the training image quality, the average margin
size (Sec. VI-A) decreases because the rich data tends to mixtogether
and decreases discriminability. To balance the diversity (more training im-
ages) and discriminability, our system progressively increases the number
of pseudo-positives (negatives) until the average margin size nearly flattens.
The approach ensures acceptable representativeness without sacrificing much
precision in the included images.

preprocessed by face detector and eye detector [26] for more
precisely locating the facial components on a face. Rather
than manually labeling the faces with correct annotations,we
only input relative keywords for the designated facial attribute.
For each attribute, we first utilize textual relevance to retrieve
around 2000 candidate faces (K=2000) from the image pool
for the subsequent selection process.We will first describe
the implementation detail regarding the threshold settingin
the feature selection process (Sec. VI-A) and then show the
experiments based on several evaluation metrics (Sec. VI-B)
to demonstrate the quality (correctness and diversity) of the
acquired images and the superiority of learning from those
freely available images.

A. Threshold Selection

Our work exploits the few top ranked images as the pseudo-
positives and the pseudo-negatives in the voting approach (Sec.
IV) and it is important to adaptively determine a proper num-
ber of initial seeds to facilitate effective voting. Typically, the
precision of text-based retrieval would decay when the number
of retrieved images increases. More images retrieved brings
more incorrect labels. On the other hand, more images are
more representative to carry out confident voting. To balance
the trade-off between the precision and the representativeness
of the selected images, we compute theaverage margin
sizeby averaging the Euclidean distanced(f+

i , f−
j ) between

two data groups, i.e., the pseudo-positivesF+ (f+
i ∈ F+)

and the pseudo-negativesF− (f−
j ∈ F−), to measure the

discriminability. With more pseudo-positives (negatives), the
average margin size decreases rapidly as shown in Fig. 6
because the rich data tends to mix together and decreases
discriminability. To encourage the representativeness along
with more training images, our system progressively increases
the number of pseudo-positives (negatives) until the average
margin size nearly flattens. The approach ensures acceptable
representativeness without sacrificing much precision.Accord-
ingly, we use 50 pseudo positives (negatives) in the following
experiments.
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Fig. 7. The error rate in the acquired images: for all the six types
of attributes, our approach can successfully acquire more correctly labeled
images comparing with text-based [9] and PCA-based approach [11], thus
ensuring the correctness in the training images for learning facial attributes.

B. Evaluation Metrics

Our work aimed at automatic data acquisition in weakly
labeled web images for learning facial attributes. In the ex-
periments, we show that our approach is able (1) to acquire
correctly labeled images, (2) to enhance classification capabil-
ity, (3) to select effective features from noisy image collections
and (4) to bring about more classification gain by increasing
the number of (automatically) acquired training images. Four
evaluation matrices were leveraged to investigate the following
challenges:

1) Quality of acquired images– measuring1 − P@N in
acquired images, whereP@N means the precision at
different number (N ) of the retrieved images

2) Effectiveness in Classification– examining the classi-
fication error rate on benchmark data [1] using facial
attribute detectors learned by the acquired images

3) Robust-to-noise feature selection– verifying the over-
laps between the visual features selected by manually
labeled images and those selected by noisily labeled
images

4) Classification gains as increasing the number of train-
ing images– evaluating classification accuracy of the
attribute detector trained with the growing number of
acquired images

Without loss of generality, the proposed approach was experi-
mented on six different types of facial attributes and compared
with (a) manually labeled [1], (b) text-based and (c) PCA-
based methods, respectively. (a) represents the oracle by costly
human annotation. (b) indicates the effect of simply including
required images based on textual relevance (measured by Eq.
1). (c) has been commonly used in previous works [11] for
measuring visual relevance to eliminate outliers within the
same category. For (c), we collected images by given keywords
for the target attribute and performed PCA to filter out the
faces with large reconstruction errors according to the reduced
eigenvectors.

1) Quality of Acquired Images: We evaluate theerror rate
in the acquired images by1−P@100 and1−P@200, where
lower1−P@N indicates higher correctness.Because it is very
labor intensive to annotate the ground truth of all candidate
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Top N expanded images: elder attribute

(a) (b) (c)

Fig. 8. The images acquired by textual relevance (a), which contains many
incorrect annotations (marked by the crosses); by visual relevance (b), which
contains dominated appearances; by annotation quality considering context
and visual relevance (c), which contains both diverse appearances and correct
annotations.

images, we only manually checked the top N retrieved images
for measuringP@N . As shown in Fig. 7, our approach
can effectively acquire images with higher correctness across
most of attributes. Comparing with the text-based method,
our approach could reduce by 24% the incorrect labels on
average in top 100 expanded images. For sunglasses attribute,
the reduction rate4 reaches 32% by the use of our method.
Even the least improved attribute, “kid,” our approach could
still reduce 7% error labeling. In addition, when the numberof
acquired images was increased from 100 to 200, the precision
of the text-based approach dropped significantly while our
approach still maintained good precision (Fig. 7 (d)). One
thing to be noted is that the PCA-based approach performed
the worst among the three comparing methods in terms of
precision. Its error rate maintained the highest in the six sets of
experiments shown in Fig. 7. PCA is effective in extracting the
majority of visual contents from the collected faces. However,
when the extracted majority is misled by incorrect labels,
the degradation of performance is even worse than applying
other methods. Our approach considered the visual relevance
as well but exploited the proposed verification strategy (Sec.
IV-D) to select effective features at first, therefore survived the
aforementioned challenges.

The diversity of acquired images is a critical problem if
we intend to learn attribute detectors by these images. Since
textual features possess high semantic meaning by nature,
the text-based approach (T) acquires visually different images
(α = 0 in Eq. 7, cf. Fig. 8 (a)) but brings much more incorrect
labeling at the same time. On the other hand, acquiring images
solely by visual content eliminates incorrect labeling butloses
diversity (α = 1 cf. Fig. 8 (b)). Witnessing the drawbacks
of the two types of image acquisition approaches, our work
(F+T+V) considered both textual relevance and visual content
(α = 0.45). As shown is Fig. 8 (c), the expanded images are
semantically consistent but visually different. In other words,
it covers diverse appearances of a designated attribute. Wewill
demonstrate that the diverse images acquired by our approach
greatly advance the classification capability in Sec. VI-B2.

2) Effectiveness in Classification: To demonstrate that our
approach can discover effective training images for learning

4The reduction rate=(original error rate− reduced error rate)/original error
rate

TABLE I
THE NUMBER OF TEST IMAGES OF6 FACIAL ATTRIBUTES FROM

FACETRACER [1], TOTALLY AROUND 1500IMAGES.

attribute elder kid male beard sunglasses African
# of test data 322 315 200 200 322 313
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Fig. 9. The classification error rate (%) of 6 facial attributes using 5
training data acquisition approaches, (a) manually labeled (M), (b) retrieved
by textual relevance (T), (c) ranked the keyword-retrievedtraining images by
PCA reconstruction error, (d) balancing context and visualrelevance (T+V)
and (e) selecting effective features for measuring visual relevance before
combining context and visual relevance (F+T+V). Apparently, augmenting
the freely available photos from the Internet by visual and contextual cues
yields the best automatically acquired training data. Preliminarily selecting
effective features further improves the annotation quality. In certain attributes,
the proposed method is comparable with manual labeling.

facial attributes, we adopt an adaptive learning method based
on a boosted set of SVM classifiers [36]. Two key tasks are
required, (1) organizing potential visual features, (2) finding
the best feature combination for a designated facial attribute
[1]. As described in Sec. IV-B, a rich set of visual features pro-
vides higher flexibility for describing various facial attributes.
Here, we train a weak classifier by SVM using a specific
visual feature extracted from the training images. For a facial
attribute, the optimal set of visual feature classifiers is selected
by Adaboost. The combined strong classifier represents the
most important parts of that attribute, for example, (philtrum,
color) and (mouth, LBP) are most important for beard at-
tribute. Through the training process, six facial attributes were
learned by our approach and other data acquisition approaches
for comparing the classification capability.

We use nearly equal number of positive and negative images
for the experiments of classification. In Fig. 9,we use 400
positive images and 400 negative images for training to eval-
uate the classification accuracy via the different approaches
of training data acquisition. The text-based approach (T),the
PCA-based approach and manual labeling (M) are adopted
as the baselines of collecting the required training images. In
the testing phase, we evaluate the attribute detectors by mea-
suring classification error rate in the publicly released facial
attribute dataset, FaceTracer [1], which is composed of facial
images grabbed from the web across various facial-attribute
annotations. For fair comparison with the related works, more
than 1500 facial images in this benchmark collection and their
attribute labels are included as the test data. Table I showsthe
exact number of test images for each attribute in detail.

Fig. 9 reveals that all attributes show improved classification
results when textual and visual relevance were considered for
collecting training images. On average, the proposed approach
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Fig. 10. The overlaps with the most important features: we compare the
number of overlapped features between those selected by manually annotated
images (most effective) and those selected by the images collected with
text-based, PCA-based and our approach. Text-based approach and PCA-
based approach averagely overlap less than 50% (< 3/5) features, while our
approach overlaps more than 50% (>= 3/5) features for all the six facial
attributes. The phenomenon becomes more apparent in top 3 features, where
the overlap ratio by our approach achieves 100% (= 3/3) for half of the
attributes.

(F+T+V) cut down 23.35% and 38.50% error rate, respec-
tively, when compared with the text-based (T) approach and
the PCA-based approach. The performance of our approach
was comparative to that of learning by manually labeled
images for most attributes. The exceptions were the elder and
the sunglasses attributes, where the incorrect labeling rate in
top retrieved images were much higher (cf. Fig. 7). Although
the precision in the raw images (initial input) would affectthe
quality of training data acquisition, comparing with the text-
based approach, our approach still cut down 12.0% and 12.3%
error rate, respectively, for the two attributes. The PCA-based
approach may make the majority appearance dominate the
training images, thus having little effect upon the classification
model. The same phenomenon happened in the approaches
purely relied on visual content.

It is worthy mentioning that feature selection in noisily
labeled images also helps the classification performance. We
simply omitted the feature selection process in Sec. IV-D and
used equal weight for each feature when measuring the visual
relevance (T+V). The classification result in Fig. 9 (T+V)
shows that the overall error rate increased by 5.6% than thatby
(F+T+V), the approach with robust-to-noise feature selection.
The results evidence the importance of feature selection for
image acquisition. In the next section, we shall examine
whether the feature set optimized by our approach matches
the one chosen by manually training images (oracle) using
the Adaboost-based approach [1].

3) Robust-to-noise Feature Selection: Feature selection
aims to identify a set of optimal features for describing
designated facial attributes. The existing approaches canal-
ready work on correctly annotated images. In this work, we
extend the capability of our approach to handle noisily labeled
images.We use the dataset in Table I for evaluationand
demonstrate the reliability of an optimized feature set by
estimating the overlaps between the selected features (based on
images collected by different approaches) and the top features
highly weighted by Adaboost conducted with manually labeled
images. Since the top boosted features are the most vital for
discriminating the positive and negative data, a higher feature
overlap ratio leads to better classification capability. Likewise,
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Fig. 11. The trend of classification accuracy with more training images
(female attribute): manual annotation would confront the bottleneck of an-
notation effort. We can conquer the problem through automatic training
image acquisition methods. The accuracy of our results with700 training
images yielded 79.5%, which outperformed 76.0% by 400 manually annotated
training images. Note again that our approach does not incurany extra manual
effort to expand more images.

the boosting process was conducted on the images collected
by the text-based approach and the PCA-based approach for
comparison. In Fig. 10 (a), we can see that the text-based
approach and the PCA-based approach overlapped less than
50% (< 3/5) (top 5) features on average. The loss was
due to incorrectly labeled images which misled the feature
weighting process. On the other hand, the overlap ratio of
our approach was more than 50% (>= 3/5) for all the six
facial attributes. The phenomenon is very obvious if the top3
features were checked (cf. Fig. 10 (b)). When we conducted
this check, our approach achieved 100% (= 3/3) for half of
the six attributes. This result indicates that the selectedfeatures
would be affected by the incorrectly labeled images from
text-based retrieval. The mis-selected features may degrade
the classification accuracy as shown in Fig. 9 (M) and (T).
Our approach, on the other hand, could survive the challenges
caused by noisy annotations and select similar features as those
selected by manually labeled images.

4) Classification Gains as Increasing the Number of
Training Images: In this section, we study the relation
between the classification gain and the number of training
images. In general, increasing the number of effective training
images should benefit the classification accuracy, but the
growth will become slow after the number of training images
reaches a threshold. For facial attribute detection such as
gender, age and race, the accuracy can reach 80% accuracy on
average with around 400 to 800 (manually collected) positive
(negative) training images [1], [5], [15]. In our work, we
also investigate the classification gains with similar number
of training images.We use the dataset in Table I for eval-
uation. Fig. 11 (M) shows the classification accuracy did
increase from 69% to 76% if we introduced more manually
labeled images. However, to use manually labeled training
images is not a good choice once the number of images is
too huge. The above mentioned problem can be solved by
prior or baseline methods; however, they are not consistently
successful. In Fig. 11, learning with more acquired images
by the text-based approach and the PCA-based approach both
received good performance improvement when the number
of training images was less than 600. However, when the
number of training images was over 600, the classification
accuracy dropped. When our approach (F+T+V) was applied,
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(a) (b)

Fig. 12. The geo-distribution of top 10 acquired training images for three facial attributes, which are denoted by orange (elder), blue (kid) , green (male)
circles. (a) contains the results by considering visual andtextual relevance (F+T+V). (b) contains the results by the method (F+T+V) and further considering
relative visual relevance of each location group (F+T+G). The images near the relatively intensive circles represent certain training faces located at that area.
Obviously, the training faces in (b) are more widely distributed around the world and much diverse in appearance comparing with those in (a). Therefore,
using (b) as training images benefits the attributes which require diverse facial appearance from different locations (e.g., gender, age).

the classification accuracy consistently increased from the
beginning (100 images) to the end (700 images) according
to Fig. 11. A notable phenomenon is that when the number of
training images reached 700, the classification accuracy was
79.5%, which outperformed the 76% classification accuracy
obtained by using 400 manually annotated training images.
Note again that our approach does not incur extra manual
effort to expand more images. The nature demonstrates its
superiority to its counterpart, generally requiring expensive
manual annotations. Moreover, our approach can continuously
learn from the updated images and metadata from the Internet
without additional human intervention.

C. Effects of Geo-Context

Finally, we investigate the effects of geo-context. The geo-
context enhanced approach is experimented on the three
facial attributes, i.e., elder, kid and female, where the fa-
cial appearance of these attributes are strongly correlated to
locations; for example, the Asians and the Africans have
very different facial appearances. The geo-locations helpthe
proposed method collect more generalized training images
for those facial attributes as shown in Fig. 125. Meanwhile,
the correctness is not sacrificed because the relative visual
relevance within each location grid is kept in measuring geo-
context Eq. (9). For the kid and the male attribute (cf. Table
II), the error rate is considerably reduced and very close
to that by costly manual annotations (oracle). For the elder
attribute, the classification error rate stays the same as that
without considering geo-context. The possible reasons are:
(1) rather than diversity, the lower precision in the training
images of the elder attribute might be the bottleneck of
classification performance; (2) the crawled elder-face images
are less extensively distributed around the world (comparing
with the male and the kid attributes), so that the geo-context
does not bring much improvement.

VII. C ONCLUSION

Leveraging the freely available community-contributed pho-
tos and their plentiful and informative contexts such as tags,

5For privacy concerns, we only present the facial photos under Creative
Commom Liscense.

TABLE II
CLASSIFICATION ERROR RATE(%): THE NUMBERS IN BRACKETS

INDICATE THE REDUCED ERROR RATE BY THE GEO-CONTEXT ENHANCED
APPROACH(F+T+G)COMPARING WITH THE METHOD(F+T+V)

IGNORING GEO-CONTEXT.

attribute elder kid male
our approach (F+T+G) 26.33 (-0.00) 18.66 (-0.67) 24.50 (-3.00)
manually labeled (M) 19.00 18.66 24.00

geo-locations, we propose a generic framework to automati-
cally acquire effective training photos for facial attribute de-
tection. Through the experiments, we confirm the effectiveness
of the proposed feature selection approach, which successfully
escapes from the interference of noisy labels (tags) and ensures
the correctness in the acquired training images. We also show
that the contextual cues can boost the diversity and keep accu-
racy in the automatically acquired training images, comparing
with prior methods by limited keyword queries or considering
visual relevance only. As the first work for mining effective
training images for facial attributes, we investigate different
configurations of parameters to optimize the proposed method.
Meanwhile, generally increasing diversity (by contexts) are
considerably helpful for the six attributes. We also show that
the proposed framework is promising to alleviate costly human
annotations for learning facial attributes. For the futurework,
we are to increase the number of facial attributes and further
devise effective methods to adaptively optimize the balance
of visual and contextual cues for acquiring training faces for
numerous facial attributes.
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