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Abstract

For many computer vision problems, it is very im-
portant to produce the groundtruth data. Manual data
labeling is labor-intensive and prone to the human er-
rors, whereas fully automatic data labeling is not feasi-
ble and reliable. In this paper, we propose an interac-
tive labeling technique for efficient and accurate data
labeling. Constructed on a Bayesian Network (BN), the
automatic image labeler produces an initial labeling of
the image. A human then examines the initial label-
ing and makes minor corrections. The human correc-
tions and the image measurements are then integrated
by the BN framework to produce a refined labeling. We
demonstrate the capability of this technique on labeling
Facial Action Units.

1 Introduction

For a variety of classification tasks in computer vi-
sion including image segmentation, object detection,
and object recognition, image labeling is needed in or-
der to create the training data for the classifiers. Produc-
ing image groundtruth is typically carried out manually.
However, manual image labeling is labor-intensive, and
with limited throughput. In addition, image labeling is
an error-prone process due to various reasons, such as
the labelers’ variations or the imperfect description of
different classes. To alleviate these problems, various
interactive or semi-automatic learning tools have been
used. For example, Levin et al. [6] used co-training for
visual car detection to improve the accuracy of a classi-
fier using the unlabeled examples. The active learning
is another machine learning technique to address these
problems. Active learning techniques are sequential
learning methods that are designed to reduce the man-
ual training costs and achieve adequate learning perfor-
mance. It has been used increasingly to help reduce the
amount of labeled training data by incorporating lim-
ited user feedback selectively and intelligently during
training.

Facial expression recognition represents an active
area of research in computer vision. Among the differ-
ent research directions, the local facial motion recog-
nition focuses on recognizing the local facial actions
as defined in Facial Action Coding System (FACS) [2].
FACS defines 44 facial Action Units (AUs) and 8 head
pose action units at 5 asymmetric intensity levels, co-
occurring in various combinations. Each AU represents
a kind of facial muscular activity that produces facial
appearance changes and is anatomically related to the
contraction of a specific set of facial muscles. The
FACS has been demonstrated to be a powerful means
for detecting and measuring a large number of facial
expressions by observing a small set of visually dis-
cernable facial muscular movements [7]. Table 1 shows
some commonly occurring AUs and their interpreta-
tions.

Table 1. Examples of commonly occurring
action units and their interpretations [5].

For facial action recognition, AU labeling is required
to create the training data. Manual AU labeling of fa-
cial expression is very time consuming, error prone, and
expensive. It usually requires a long time of training be-
fore a person can become a certified AU coder. In addi-
tion, the inter-variation among AU coders is often large.
AU labeling becomes even more difficult when multiple
AUs co-occur. To further push the researches in facial
expression recognition, it is critical to have both suffi-
cient and reliable AU-labeled facial expressions since
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supervised training of automatic facial action recogni-
tion systems require the groundtruth AU labels.

For this purpose, we propose an interactive AU label-
ing system that combines the automatic AU measure-
ments with the selective human inputs to perform both
accurate and efficient AU labeling. We construct a uni-
fied probabilistic framework based on a BN to incorpo-
rate both the automatic AU measurements and the hu-
man input. This framework can handle the uncertainty
of the AU measurement by the automatic labeling tech-
nique and that of the human labeling. Compared with
other interactive image labeling system, ours enjoys the
following advantages: 1) incrementally allow the hu-
man inputs (from one or multiple human experts) to
be incorporated at any stage; 2) systematically combine
the human input with the automatic AU measurements;
and 3) propagate the influences of new human inputs
through a principled belief propagation.

2 AU Labeling System

Our automatic AU labeling system consists of two
major components. One is an image-based AU classifi-
cation system based on Adaboost. The other is a proba-
bilistic AU model that captures the spatial and semantic
relationships among AUs.

We first perform the face and eye detection from im-
ages. Given the knowledge of eye centers, the measure-
ment for each AU is obtained through a computer vi-
sion technique based on Gabor wavelet features and Ad-
aBoost classifiers similar to [1]. However, this frame-
by-frame AdaBoost classification is susceptible to im-
age noise and inaccurate image alignment. In addi-
tion, it cannot perform effectively when multiple AUs
co-occur or when facial deformations are subtle. There-
fore, besides measuring each AU individually, it is more
important to incorporate other prior knowledge to help
improve AU recognition under these difficult situations.

Based on the previous study by Tong et al. [8], there
are useful semantic relationships (i.e. the co-occurrence
relationships and the mutually exclusive relationships)
among AUs. These relationships exist due to either cer-
tain facial expressions or the underlying facial anatomy
and physiology. Specifically, some AU combinations
are physiologically impossible to occur together, while
other AUs co-occur mainly because of certain facial ex-
pressions. For example, AU6 (cheek raiser) tends to
happen with AU12 (lip corner puller) when smiling.
Following the prior work by Tong et al. [8], we use a
BN, as shown in Figure 1, to capture the co-occurrence
and the mutually exclusive relationships among AUs. In
addition, the BN also incorporates the human inputs.

Specifically, the nodes in the BN represent AUs and

the links between them capture their relationships (co-
occurrence or mutual exclusiveness). The BN can be
constructed and parameterized using the training data
with a standard learning technique [4]. We employ this
BN model as our base algorithm for their effectiveness.
Compared with other machine learning methods such as
Support Vector Machine and Neural Network, the BN
has the capabilities of incorporating different types of
human inputs through its hierarchical structure, incor-
porating the human input at any stage of the labeling,
systematically combining the human inputs with the ex-
isting data, and exerting the impacts of human inputs on
other entities through belief propagation.

To integrate both the AU measurements and the hu-
man input, we associate each AU node AUi with two
measurement nodes represented by a grey circle and a
black circle. The grey circle Oi represents the AU mea-
surement obtained through the computer vision tech-
nique (i.e. AdaBoost classifier). The link between AUi

and Oi represents the measurement uncertainty, which
can be obtained from analyzing the performance (accu-
racy) of the AdaBoost classifier for each AU. The black
circle Hi represents the human input for this AU, and
the link between AUi and Hi represents the reliability
and confidence of the human labeling. The confidence
is determined by the person who is giving the human in-
put. In this way, the BN model systematically combines
the objective image measurements of AUs, the subjec-
tive human labeling, and their uncertainties.

In the BN model, each AU node has two states:
”presence” and ”absence”. Its parameter is charac-
terized by the Conditional Probabilistic Tables (CPTs)
p(AUi|pa(AUi)), where pa(AUi) denotes the parent
configuration of AUi. Given the training data (AU
labels), these parameters can be learned [3]. For
the measurement nodes, the parameters p(Oi|AUi) or
p(Hi|AUi) are assigned according to the recognition
accuracy of the computer vision technique or the hu-
man confidence, respectively. Based on the BN model,
the states of the AU nodes are inferred using the junc-
tion tree inference approach.

3 Interactive AU Labeling

Given the BN model, the AU labeling is performed
through a probabilistic inference by maximizing the
joint probability of all AUs given their image measure-
ments and all available human inputs, i.e.

AU∗
1 , · · · , AU∗

N =
argmax

AU1,··· ,AUN

p(AU1, · · · , AUN |O1, · · · , ON , H1, · · · , HK)

(1)
where O1, · · · , ON represent all the image measure-
ments and H1, · · · ,HK represent all the available hu-



Figure 1. The BN model for interactive la-
beling of facial action units.

man inputs. Based on the conditional independence in
BN, the joint probability can be factorized as follows:

p(AU1, · · · , AUN |O1, · · · , ON , H1, · · · , HK) ∝ (2)
NY
i

p(AUi|pa(AUi))

NY
i

p(Oi|AUi)

KY
k

p(Hk|pa(Hk))

where pa(AUi) represents the parent configuration of
AUi and pa(Hk) represents the kth AU with the hu-
man input. In this way, the AUs can be labeled semi-
automatically and incrementally by combining the sub-
jective knowledge from the human coder and the objec-
tive image measurements from the AdaBoost classifier.

4 Experimental Results

To demonstrate our proposed interactive AU labeling
system, we perform the AU labeling experiments on the
Cohn-Kanade DFAT-504 database [5]. This database
is collected under controlled illumination and back-
ground, and has been widely used for evaluating facial
AU recognition system. We divided the database into
8 sections, each of which contains about 1000 images
from different subjects. Each time, we randomly choose
7 sections for training the AdaBoost classifier for each
AU and the BN model. We randomly select 50 samples
from the remaining section for testing. Hence, there are
totally 400 samples used for testing.

In the interactive labeling, the human coders arbitrar-
ily choose a mislabeled AU for correction. The human
coders are domain experts with certain familiarity with

Figure 2. Average AU labeling perfor-
mance on Cohn-Kanade database using
the automatic AU labeling with only im-
age measurements and the interactive la-
beling with image measurements and ar-
bitrary human inputs.

AU recognition. They are allowed to select the misla-
beled AU for correction based on their experiences. In
each iteration, only one human intervention is allowed
to correct one AU label.

Table 2 reports the accuracy for each AU labeling
by using different methods. ”FN” and ”FP” represent
the false-negative rate (i.e. the error rate of positive
samples) and false-positive rate (i.e. the error rate of
negative samples) for each AU, respectively. From Ta-
ble 2, we can see the human intervention significantly
improves the labeling accuracy. Both the false positive
rate and the false negative rate reduce greatly even with
only a few interventions. Usually, only two human cor-
rections will be sufficient to obtain the accurate AU la-
beling for all 14 AUs. It makes the AU labeling much
more efficient than the manual labeling and much more
accurate than the fully automatic labeling.

For the AUs that are hard to label using the automatic
AU labeling, the improvement is impressive. For exam-
ple, with one human correction, the false-negative rate
of AU15 (lip corner depressor) decreases from 26.09%
(automatic AU labeling) to 3.85%, and its false-positive



Table 2. Comparison of the AU labeling accuracies on Cohn-Kanade database using the au-
tomatic AU labeling with only the image measurements and the interactive labeling with the
image measurements and the arbitrary human inputs.

rate also decreases from 7.41% (automatic AU label-
ing) to 3.63%. The false-negative rate of AU25 (lips
part) decreases from 17.29% (automatic AU labeling) to
4.08%, and its false-positive rate decreases from 8.99%
(automatic AU labeling) to 2.2% using the proposed in-
teractive AU labeling method.

Figure 2 reports the average AU labeling perfor-
mance for all AUs. We can see that both false-negative
rate and false-positive rate decrease significantly with
the help of a few human corrections. For example, the
average false-negative rate decreases from 17.9% (au-
tomatic AU labeling) to 6.4% and the average false-
positive rate also decreases from 5.7% (automatic AU
labeling) to 2.1% with only one human correction us-
ing the interactive AU labeling method.

5 Conclusion

In this paper, we propose an interactive image label-
ing system for effective combination of the automatic
image labeling with the limited human labeling. Using
a BN as the engine for the automatic image labeling,
the system is effective for image labeling in several as-
pects: 1) it allows human inputs to be incrementally in-
corporated at any stage; 2) it allows to systematically
combine the image measurements, human inputs, and
their uncertainties. We have applied the system to the
interactive facial action unit labeling. The experiments
demonstrate the effectiveness of the system according
to both the AU labeling accuracy and the efficiency.
Besides, the proposed framework is generic enough to
be applied to different tasks in computer vision, includ-

ing image segmentation, image retrieval, object recog-
nition, etc. In future, we will perform more extensive
evaluation on different datasets and study the issue of
automatic selection of the AU for correction.
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