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Abstract

Identical twins pose an interesting challenge for recog-
nition systems due to their similar appearance. Although
various biometrics have been proposed for the problem, ex-
isting works are quite limited due to the difficulty of ob-
taining a twins database. To encourage the methods for
twins recognition and make a fair comparison of them by
using the same database, we collected an audio-visual twins
database at the Sixth Mojiang International Twins Festival
held on 1 May 2010,China. Our database contains 39 pairs
of twins in total, including Chinese, American and Russian
subjects. This database contains several face images, fa-
cial motion videos and audio records for each subject. In
this paper, we describe the collection procedure, organiza-
tion of the database, and usage method of the database. We
also show our experiments on face verification, facial mo-
tion verification and speaker verification for twins to pro-
vide usage examples of the database.

1. Introduction
Twins population has been growing in recent decades.

As per statistical data [13], twins birth rate has risen from
17.8 to 32.2 per 1000 birth with an average 3% growth per
year since 1990. Even though currently identical twins still
only represent a minority (0.2% of the worlds population),
it is worth noting that the total number of identical twins
is equal to the whole population of countries like Portu-
gal or Greece. Since identical twins share most of the ge-
netic code, they may look alike in many physiological traits
and sometimes even share similar behavioral characteris-
tics. This poses a great challenge for recognition systems.

Different biometrics have been proposed to distinguish
between identical twins, including physiological biometrics
(such as 2D face [10, 15, 17], 3D face [5], iris [17], finger-
print [9, 17], palmprint [11] etc.) and behavioral biometrics
(such as voice [3, 8] as well as handwriting [16]). Phys-
iological biometrics are often greatly influenced by genes,
therefore they become less effective for identical twins who
share identical genes compared to general non-twins popu-

lation. On the other hand, behavioral biometrics are more
susceptible to individual’s environment and may perform
better in distinguishing between identical twins. The main
drawback of behavioral biometrics is that they are not con-
sistent over time and change as an individual grows older.
In other related works, multimodal biometrics are used to
distinguish between twin siblings. For example, Sun et
al. [17] implemented a multimodal biometrics system using
both 2D face and fingerprints. Their experimental results
showed that fusion of 2D face and fingerprint (EER 7.65)
performed worse than unimodal fingerprint recognition sys-
tem(EER 6.79) for identical twins. CN et al. [6] proposed a
multimodal biometrics system for twins recognition based
on 2D face, fingerprints and iris pattern.

Compared to general non-twins population, works for
twins recognition are rather limited due to the difficulty of
obtaining a twins database. To the best of our knowledge,
there is no twins database that contains audio records and
face motion videos. Hence we came up with the idea to col-
lect such a database, which should be able to contribute to
moving forward the techniques for twins recognition.

2. Related Work
So far, public twins databases available to researchers

include CASIA-Iris-Twins [17], 3D Twins Expression
Challenge (3D TEC) Dataset [1], and ND-TWINS-2009-
2010 [15]. All these databases are collected at twins festi-
vals, where large number of twins are reachable. CASIA-
Iris-Twins is a twin iris image dataset composed of 100 pairs
of twins. It was collected in 2007 at the Annual Twins Festi-
val in Beijing and the most of the subjects were children. 3D
TEC Dataset contains 3D face scans of 107 pairs of twins
with neural and smiling expressions by a Minolta Vivid 910
in a controlled light setting. ND-TWINS-2009-2010 was
collected at the Twins Days festival in Twinsburg, Ohio in
August 2009 and August 2010. The dataset contains 24050
face images of 435 attendees in both indoor and outdoor
light settings. We list these databases in the Table 1.

We collected an audio-visual twins database at the Sixth
Mojiang International Twins Festival held on 1 May 2010,
China. There are 39 pairs of twins in total with an age vari-



Database Num. of pairs Features Total Capture Apparatus Reference
CASIA-Iris-Twins 100 Iris images 3183 images OKI’s IRISPASS-h camera [17]

3D TEC 107
3D face scans with neutral

424 scans Minolta Vivid 910 [1]and smiling expressions

ND-TWINS-2009-
2010 217

face images with five pose,
24050 images Nikon D90 SLR camera [15]under indoor and outdoor

settings

Our Database 39
frontal face and profile
images, facial motion
videos, audio records

234 images,
1950 videos,
239 audio
records

Canon 350D DSLR,
Cannon PowerShot S5 IS,
Sony HD video camera,

Audio-Technica Condenser
Microphone

Table 1. Available twin databases.

ation ranging from 7 to 52. Most of them are Chinese. Our
database contains three subsets: high resolution face im-
ages, facial motion videos and audio records. To the best of
our knowledge, this is the first twins database that contains
both videos and audio records. In the remainder of this pa-
per we describe the collection procedure, the organization
of the database, usage protocols, as well as possible usage
of the database via some examples.

3. Collection Procedure
The audio-visual twins database was collected at the

Sixth Mojiang International Twins Festival held on 1 May
2010 in China. Our twins database collection involved a
half day of setup and equipment testing, followed by a sin-
gle day of data collection. The collection procedure in-
cludes three partitions: photography, facial motion video
recording and audio recording.

3.1. Environmental Setup and Capture Apparatus

The collection procedure was performed in two studios
inside tents. One studio was used for acquisitions of 2D face
photographs, and the other one was used for acquisition of
video and audio recordings. A green canvas was set up as
background in both studios. Several LED lights were used
to provide full illumination on subjects. A Canon 350D
DSLR Camera and a Canon PowerShot S5 IS were used
to capture the face images. A Sony HD video camera was
used to record videos and an Audio Technica Condenser
Microphone was used to amplify sounds.

3.2. Subjects

We collected data from 39 pairs of twins, among which
2 pairs were American, 3 pairs were Russian, and others
were Chinese. The participants varied from 7 to 54 in age.
Most of them were between 7 and 22. A histogram of the
distribution of ages is shown in Figure 1. Twins suffering
from severe myopia were excluded from our collection.

Figure 1. The age distribution of twins in our database.

3.3. Capture Procedure

The whole capture procedure contains 3 sessions taking
about 20 minutes for each subject. In image session, the
subject was required to remove their eyeglasses and face the
camera with neutral expression. We then took photographs
from the front as well as both sides of the subject.

In facial motion video session, we considered 6 expres-
sions: smiling, anger, surprise, sadness, fear and disgust.
We also included one record of free talking which captured
subjects’ facial motion in a more realistic situation. Sub-
jects were verbally guided to show different expressions in-
stead of imitating example expressions in pictures. We led
each subject through the following steps.

1. Smiling: We verbally asked the subject to perform a
slow smile from a neutral expression while we cap-
tured a video with camera. The procedure was re-
peated 3 times with an interval of 3− 5 seconds.

2. Anger: We repeated the previous step but asked the
subject to perform anger expression.

3. Surprise: We repeated the previous step but asked the
subject to perform surprise expression.



4. Sadness: We repeated the previous step but asked the
subject to perform sad expression.

5. Fear: We repeated the previous step but asked the sub-
ject to perform fear expression.

6. Disgust: We repeated the previous step but asked the
subject to act perform disgust expression.

7. Free talking: We asked the subject to answer a few
easy questions in front of the camera while we cap-
tured a video. There were no standard answers and the
subject was free to say anything for the questions. The
capture procedure of free talking lasted about 2 min-
utes.

In audio record session, the subject was asked to read
three pieces of short texts in either Chinese or English. For
Chinese subjects, they were asked to read these texts in Chi-
nese: (1) “1, 2, 3, ..., 10”; (2) a paragraph from a Chinese
essay; (3) a famous Chinese poem “Longing in the night”
by Bai Li. For other subjects, they were asked to read these
texts in English: (1)“1, 2, 3, ..., 10”; (2) translation of the
paragraph from the Chinese essay; (3) lyrics of the song
“Seasons in the sun” by Westlife. To make it more natural
for English subjects, they were also asked to sing the song
“Seasons in the sun”. Thus, there are four audio records for
each English subject. All the texts were repeated 3 times
in each record with an interval of 3 seconds. Each record
lasted 30 seconds in average. While recording, the subject
was required to speak as clearly as possible and avoid mak-
ing mistakes.

4. Database Organization
The database contains 266 high resolution images, 1714

short facial motion videos, and 239 audio records. The total
size of the whole database is around 17.8GB.

4.1. Twins Images

Our twins images dataset contains one frontal face image
and two profile images for each subject in neutral expres-
sion. The resolution of images is 3456 × 2304 pixels. An
example is shown in Figure 2. This subset of data would
be useful for evaluating performance of face recognition al-
gorithms for twins identification problem. As the profile
images are in high resolution they are able to provide dis-
criminative information for ear recognition of twins.

4.2. Facial Motion Videos

Facial motion videos dataset contains two parts: (1) six
expressions motion videos which last for 3 seconds in av-
erage, including smiling, anger, surprise, sadness, fear, dis-
gust, and (2) a free talking video which lasts for about 2
minute. The six expressions are illustrated in Figure 3.
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(a) Text-Dependent Accuracy (b) Text-Independent Accuracy

Figure 4. Performance comparison between text-dependent and text-independent voice verification

and filtered by the same methods as in text-dependent verification section. Then the Gaussian Mixture Model for each
subject was learned from the features of 6 clips with the same assumption that the covariance matrix is diagonal. In
the testing phase, 3 clips of the third text by one subject were tested on the two corresponding GMMs. The final
FRR-FAR curve was obtained by controlling threshold ε. In the same way, the number of components for GMMs was
optimized on the test sets for better performance.

The result for text-independent verification is shown in Figure 4(b). Among all the features, MFCC is the most
discriminative one with error rate of 0.18, followed by Spectral Rolloff, Sharpness, LPC, Spectral Centroid, Spectral
statistics, Energy, Pitch and Spectral Flux in sequence. The performances for most features are greater than 0.4, except
Spectral Flux.

4.4. Discussion of Text-Dependent and Text-Independent Verifications

As can be seen from Figure 4, these 9 features all work in both text-dependent and text-independent verifications.
For both text-dependent and text-independent verification, the performance of 9 features generally follows the order
as: MFCC, Spectral Rolloff, Sharpness, LPC, other Spectral statistics, Energy and Pitch. MFCC has turned out to
be the feature with the best performance for the vocie verification. This is because MFCC contains vectorial data
of the frequency over one frame, while other features such as Pitch, Sharpness and Energy contains only scalar data
learned from the frames. Spectral Rolloff, being as the threshold frequency to measure the spectral shape of the
subject, also performs well for the verification. It is more discriminative than other features such as Pitch, Energy, etc
due to that it contains staticstics information for the whole frame. Meanwhile, the results agree with the concensus
that performance of text-dependent verification is better than the performance of text-independent verification. By
comparing Figure 4(a) and Figure 4(b), we can see that err rates for the chosen 9 features in text-dependent test are all
less than those in text-independent test. This is because these features are often affected by the specific texts to some
extent. Features of two audio clips concerning different short texts by the same subject may change a bit.

4.5. Performance of Appearance and Audio Based Approach

We chose three traditional facial appearance approaches, Eigenface, Local Binary Pattern and Gabor, to test the
performance of using appearance to distinguish between identical twins. For each twin subject, we randomly selected
8 images. The images were then registered by eye positions detected by STASM [27] and resized to to 160 by 128.
For Eigenface, we vectorized gray intensity in each pixel as feature and performed PCA to reduce the dimension. For
LBP, we divided the image into 80 blocks. For each block, we extracted the 59-bins histogram. For Gabor, we used 40
Gabor (5 scales, 8 orientation) filters and set the kernel size for each Gabor filter to 17 by 17. A PCA was performed to
reduce the feature dimension for LBP and Gabor. The experimental result is shown in Figure 5. From this figure, we
can see that identical twins indeed pose a great challenge to appearance based approach. The General-EER of Gabor
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Figure 6. Performance comparison between text-dependent and text-independent speaker verification

the database, as summarized as follows:

• Evaluation of twins face recognition algorithms robust
to expressions.

• Evaluation of twins ear recognition algorithms.

• Evaluation of twins facial motion recognition algo-
rithms.

• Evaluation of twins speaker recognition algorithms.

• Evaluation of multi modal approaches for twin recog-
nition based on face, ear, expression motion and voice.

We have suggested some protocols for three tasks. We con-
ducted three experiments to show the usage of images, fa-
cial motion videos and audio records of the database.

7. Obtaining the Database
Anyone interested in receiving the database could con-

tact the authors by email at lijing@comp.nus.edu.sg
or lizhang@comp.nus.edu.sg visit the web site at
http://www.comp.nus.edu.sg/ tsim/Research.htm. In
the near future, we will upload the database to server of
Computer Science Department of National University
of Singapore (NUS) and new download address will be
updated in the database web site.
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Figure 2. An example of twins images. A frontal face image and
two profile images from both sides were captured for each sub-
ject. The elder twin is illustrated in (a), while the younger twin is
illustrated in (b).

Figure 3. An illustration of six expressions. The subject is show-
ing smile, anger, surprise, sadness, fear and disgust expressions in
order.

Each expression motion was recorded at least three times.
The expression motion videos could be useful in two ways:
(1) they can be used as the video samples for twins facial
motion recognition; (2) images with different expressions
(such as Figure 3) could be clipped from the videos and used
to evaluate performance of twins face recognition methods
robust to expressions. The free talking videos would be
helpful to provide extra data support for text-independent
facial motion recognitions. Their audio component could
be also exploited with the audio records in the following
part as additional data support for text-independent twins
speaker recognition.

4.3. Audio Records

The audio records dataset contains audio records of three
different texts for each subject. The audio records last for
30 seconds in average. An example is shown in Figure 4.



Figure 4. Example audio signals (first row) and corresponding spectrograms (second row) of identical twins reading the same text. Each
column is from one sibling of the twins.

This subset would be useful for twin speaker recognition,
in both text-dependent and text-independent settings. For
text-independent speaker recognition, the free talking audio
components in the facial motion videos dataset could offer
additional data supports.

5. Protocol Specification
In order to provide a fair evaluation metric for twins

recognition methods, we suggest protocols for using our
database in three common tasks: twins verification, twins
identification and pairwise twins similarity.

5.1. Twins Verification

In this task, a decision is made to accept or reject a given
probe and its claimed identity. We divide the database into
two parts, one for training (“MotionTraining.txt” and “Au-
dioTraining.txt”), and one for testing (“MotionTesting.txt”
and “AudioTesting.txt”). In the training set, there are 12
facial motion videos (2 for each expression) and 6 audio
records (2 for each texts) for each subject. The probes in
the testing set are tested against both of the corresponding
twins.

Twins verification can be performed under text-
dependent and text-independent settings. In text-dependent
verification, the speech contents (or expressions) of train-
ing samples and testing probes should be of the same. In
text-independent verification, samples with different speech

contents (or expressions) are used in the training and test-
ing procedure. In other words, text-independent verification
should be robust to difference in speech contents (or expres-
sions) while text-dependent verification is not necessarily
robust to difference in speech contents (or expressions).

Methods for verification are usually evaluated by false
accept rate (FAR), false reject rate (FRR), equal error rate
(EER). FAR measures the percent of unmatched probe-
identity pairs which are incorrectly accepted. FRR mea-
sures the percent of matched probe-identity pairs which are
incorrectly rejected. For convenience, EER, where FRR and
FAR meet, is used to evaluate the methods for verification.
In many cases, accuracy rate, computed as 1−EER, is also
used to describe the performance of a verification method.

5.2. Twins Identification

This task recognizes and estimates an identity for a given
probe. The division of database for this task is the same
with that for the task of twins verification: “MotionTrain-
ing.txt” and “AudioTraining.txt” for training, and “Motion-
Testing.txt” and “AudioTesting.txt” for testing. However,
unlike twins verification, this task does not require claimed
identity for the testing probe. Indeed, it should estimate the
identity for the probe.

Twins identification methods are evaluated by accuracy,
which measures the percent of correctly identified probes.



5.3. Pairwise Twins Similarity

In this task, a similarity score of a given pair of probes
(any format of facial motion videos or audio records) is
computed based on given training dataset. The pair of
probes can be either from the same subject (positive pair)
or from two of a twin siblings (negative pair). Similar to
twins verification, this task can also be performed in either
text-dependent or text-independent settings.

We use the same training set (“MotionTraining.txt” and
“AudioTraining.txt”) as for the twins verification task. For
text-dependent testing, we randomly produce 2000 pairs of
probes with 900 positive pairs and 1100 negative pairs for
facial motion videos, and 800 pairs of probes with 400 pos-
itive pairs and 400 negative pairs for audio records. The
testing probe pairs are given in “DepenentMotionSimilari-
tyTesting.txt” and “DependentAudioSimilarityTesting.txt”.
For text-independent testing, we randomly produce 10000
pairs of probes with 5000 positive pairs and 5000 nega-
tive pairs for facial motion videos, and 2500 pairs of probes
with 1000 positive pairs and 1500 negative pairs for audio
records. The testing probe pairs are given in “Indepenent-
MotionSimilarityTesting.txt” and “IndependentAudioSimi-
larityTesting.txt”.

To evaluate the performance of methods for this task, a
threshold θ can be designed to convert the task to a verifi-
cation problem. A probe pair with a similarity score larger
than θ is regarded as accepted, otherwise is regarded as re-
jected. Then FRR, FAR, EER can be used to evaluate the
methods for this task.

6. Experiments on the Database
To provide usage examples of our database, we per-

formed three experiments on face verification, facial motion
verification and speaker verification for twins.

6.1. Twins Face Verification

Based on the database, we implemented experiments
to solve the twins face verification problem, using three
traditional approaches: Eigenface [19], Local Binary Pat-
tern [2] and Gabor filters [7]. We randomly selected 8 im-
ages clipped from the motion videos for each subject. The
images were then registered by eye positions detected by
STASM [14] and resized to 160 × 128 pixels. For Eigen-
face, we vectorized gray intensity in each pixel as feature
and perform PCA to reduce the dimension. For LBP, we
divided the image into 80 blocks. For each block, we used
normal lbp feature and extracted a 59-bins histogram. For
Gabor, we used 40 Gabor (5 scales, 8 orientations) filters
and set the kernel size for each Gabor filter to 17× 17 pix-
els. A PCA was performed to reduce the feature dimension
for LBP and Gabor. We used k-nearest neighbour algorithm
to verify the twin identities and chose k with the best result

Figure 5. Accuracy of different face recognition approaches

for each method. In order to verify the challenge of face
recognition for twins, we conducted an additional experi-
ment for general population. The training procedure fol-
lowed the steps of Gabor method, whereas, in testing stage,
we randomly selected 2000 pairs of image and identity from
the pre-processed data as probe and claimed identity.

Experimental results are shown in Figure 5. This fig-
ure shows that there is little difference between Intensity,
LBP and Gabor for twin verification. The EERs for them
are 0.352 (PCA), 0.340 (LBP) and 0.338 (Gabor). Through
a comparison between Gabor method for twin siblings and
general population, we can see that twins face recognition
is much difficult than face recognition for general popu-
lation. The EER of Gabor method for general population
is around 0.122, while EER of Gabor method for twins is
around 0.330.

6.2. Twins Facial Motion Verification

Based on the facial motion videos, we carried out ex-
periments to distinguish between twins using a sparse dis-
placement algorithm (SDA) [18] and a dense displacement
algorithm (DDA) [20]. For each subject, we used twelve
video clips, two for each of the six expressions. For the
sparse displacement method, we tracked several key points
at the neutral and apex of different expression face. We then
calculate the displacement of these points and regarded the
displacement vector as feature. The probe motion displace-
ment was then compared with that of the same expression
from claimed subject. For the dense sparse displacement
method, we tracked the face along the video and used eye-
center position for alignment. Then we warped the face
to meanface and constructed the deformation feature as in



Smile Anger Surp. Sad Fear Disg.
SDA 0.833 0.889 0.907 0.778 0.889 0.800
DD 0.933 0.917 0.857 0.917 0.839 0.768

Table 2. Performance of SDA and DDA in each expression

[20]. We then carried out pairwise verification and com-
puted the verification score as the weight summation of de-
formation feature similarity.

We conducted the experiments for all six expressions.
The experimental results are shown in Table 2. On the
whole, DDA performs better than SDA, since the overall
accuracy is 0.864 in DDA and 0.850 in SDA. And in some
particular expressions, smile, anger and sad, DDA performs
dramatically better than SDA, because the average accuracy
of SDA in these expression in 0.833, while the average ac-
curacy of DDA in these three expressions is 0.922. How-
ever, DDA needs more computation and requires more sta-
ble displacement tracking, because DDA extracts dense dis-
placement from each pixel rather than sparse displacement.

6.3. Twins Speaker Verification

Based on the audio records of our database, we per-
formed experiments for twins speaker verification using
Gaussian Mixture Model (GMM) method under both text-
dependent and text-independent settings.

For each subject, we used three audio records of three
repetitions of different texts. At first, the each record was
cut into three clips, each of which contained one repetition
of the text. Thus, there were 9 audio clips of 3 different
texts for each subject. For text-dependent verification, the
database was divided into 117 sets according to the texts and
pairs of twins. Each set contains 3 repetitions of the same
text by each pair of twins. We used two of the audio clips
as gallery for training for each subject and the remaining
one as a probe for testing. For text-independent verification,
the database was divided into 39 sets according to pairs of
twins. Each set contains 3 repetitions of 3 different texts by
each pair of twins. We used the clips of 2 texts as gallery
for training for each subject and the clips of remaining one
text as probes.

Before training, we first framed all the audio clips
and extracted 10 features from each frame. These fea-
tures includes: Voice probability, Pitch [21], Energy,
LPC [4], Spectral Centroid, Spectral Rolloff, Spectral Flux,
MFCC [12] and other spectral statistics, such as spectral
variance, skewness, kurtosis, slope, and the positions of
spectral maximum and minimum. The voice probability
characterizes the probability of frame to be speech contents
of people. The voice probability is low during the breaks of
the texts. By controlling the threshold for the voice proba-
bility, we filtered out unreliable frames that contain noises

instead of human voice. After the filtering, we learned a
Gaussian Mixture Model of each subject in all sets. The
covariance matrix of all GMMs is assumed to be diago-
nal, whereas the number of components for GMMs changes
with the feature types. In the testing phase, each probe was
tested on the two GMMs trained on the corresponding pair.
The number of components for GMMs was optimized on
the test sets for better performance.

Experimental results are shown in Figure 6. As can be
seen from, these 9 features are all effective in both text-
dependent and text-independent verifications. For both text-
dependent and text-independent verification, the perfor-
mance of 9 features generally follows the order as: MFCC,
Spectral Rolloff, Sharpness, LPC, other Spectral statistics,
Energy and Pitch. MFCC has turned out to be the feature
with the best performance for the voice verification. This
is because MFCC contains vectorial data of the frequency
over one frame, while other features such as Pitch, Sharp-
ness and Energy contains only scalar data learned from the
frames. Spectral Rolloff, being as the threshold frequency
to measure the spectral shape of the subject, also performs
well for the verification. It is more discriminative than other
features such as Pitch, Energy etc. due to that it contains
statistics information for the whole frame. Meanwhile, the
results agree with the common sense that performance of
text-dependent verification is better than the performance
of text-independent verification. By comparing Figure 6(a)
and Figure 6(b), we can see that EER rates for the chosen
9 features in text-dependent test are all less than those in
text-independent test. This is because these features are of-
ten affected by the specific texts to some extent. Features of
two audio clips concerning different short texts by the same
subject may change a bit.

7. Conclusions
Through this paper, we have described the collec-

tion procedure and organization of our visual-audio twins
database. We also have pointed out the possible usage of
the database, as summarized as follows:

• Evaluation of twins face recognition algorithms robust
to expressions.

• Evaluation of twins ear recognition algorithms.

• Evaluation of twins facial motion recognition algo-
rithms.

• Evaluation of twins speaker recognition algorithms.

• Evaluation of multi modal approaches for twin recog-
nition based on face, ear, expression motion and voice.

We have suggested some protocols for three tasks. We con-
ducted three experiments to show the usage of images, fa-
cial motion videos and audio records of the database.
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Figure 4. Performance comparison between text-dependent and text-independent voice verification

and filtered by the same methods as in text-dependent verification section. Then the Gaussian Mixture Model for each
subject was learned from the features of 6 clips with the same assumption that the covariance matrix is diagonal. In
the testing phase, 3 clips of the third text by one subject were tested on the two corresponding GMMs. The final
FRR-FAR curve was obtained by controlling threshold ε. In the same way, the number of components for GMMs was
optimized on the test sets for better performance.

The result for text-independent verification is shown in Figure 4(b). Among all the features, MFCC is the most
discriminative one with error rate of 0.18, followed by Spectral Rolloff, Sharpness, LPC, Spectral Centroid, Spectral
statistics, Energy, Pitch and Spectral Flux in sequence. The performances for most features are greater than 0.4, except
Spectral Flux.

4.4. Discussion of Text-Dependent and Text-Independent Verifications

As can be seen from Figure 4, these 9 features all work in both text-dependent and text-independent verifications.
For both text-dependent and text-independent verification, the performance of 9 features generally follows the order
as: MFCC, Spectral Rolloff, Sharpness, LPC, other Spectral statistics, Energy and Pitch. MFCC has turned out to
be the feature with the best performance for the vocie verification. This is because MFCC contains vectorial data
of the frequency over one frame, while other features such as Pitch, Sharpness and Energy contains only scalar data
learned from the frames. Spectral Rolloff, being as the threshold frequency to measure the spectral shape of the
subject, also performs well for the verification. It is more discriminative than other features such as Pitch, Energy, etc
due to that it contains staticstics information for the whole frame. Meanwhile, the results agree with the concensus
that performance of text-dependent verification is better than the performance of text-independent verification. By
comparing Figure 4(a) and Figure 4(b), we can see that err rates for the chosen 9 features in text-dependent test are all
less than those in text-independent test. This is because these features are often affected by the specific texts to some
extent. Features of two audio clips concerning different short texts by the same subject may change a bit.

4.5. Performance of Appearance and Audio Based Approach

We chose three traditional facial appearance approaches, Eigenface, Local Binary Pattern and Gabor, to test the
performance of using appearance to distinguish between identical twins. For each twin subject, we randomly selected
8 images. The images were then registered by eye positions detected by STASM [27] and resized to to 160 by 128.
For Eigenface, we vectorized gray intensity in each pixel as feature and performed PCA to reduce the dimension. For
LBP, we divided the image into 80 blocks. For each block, we extracted the 59-bins histogram. For Gabor, we used 40
Gabor (5 scales, 8 orientation) filters and set the kernel size for each Gabor filter to 17 by 17. A PCA was performed to
reduce the feature dimension for LBP and Gabor. The experimental result is shown in Figure 5. From this figure, we
can see that identical twins indeed pose a great challenge to appearance based approach. The General-EER of Gabor
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Figure 6. Performance comparison between text-dependent and text-independent speaker verification

8. Obtaining the Database

Anyone interested in receiving the database could visit
the web site at http://www.comp.nus.edu.sg/∼face. In the
near future, we will upload the database to server of Com-
puter Science Department of National University of Singa-
pore (NUS) and new download address will be updated in
the database web site.
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