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Abstract 

The current development of automatic speaker recognition 
technology may provide a new method to augment or replace the 
traditional method offered by qualified experts using aural and 
spectrographic analysis.  The most promising of these automated 
technologies are based on statistical hypothesis testing methods 
involving likelihood ratios.  The null hypothesis is generated 
using a universal background model composed of a large 
population of speakers.  However, techniques with excellent 
performance in standardized evaluations (NIST trials) may not 
work perfectly in the real world.  By defining and controlling the 
input speech samples carefully, we show quantitative differences 
in performance for different factors affecting a speaker 
population, and discuss on-going efforts to improve the accuracy 
rate for use in real world conditions.  In this paper we will 
address two issues related to the factors that affect the system 
performance, namely the speech signal duration and  the signal-
to-noise ratio. 

1. Introduction 

Any automatic speaker recognition technique must deal with 
many adverse effects when applied under real world conditions.  
The input speech is provided to the Federal Bureau of 
Investigation (FBI) in recorded format, usually in analog form, 
or more increasingly in digital form.  Once it leaves the 
speaker’s vocal tract, the speech signal is modified by a variety 
of conditions.  These conditions include the acoustic 
environment in which the signal is propagated, additive noise, 
transduction from acoustics to electronic signals by a 
microphone, telephone, amplification and filtering, and the 
recording process.   In addition, the questioned voice, or test 
voice sample, could be extremely animated, excited, angry, 
agitated, distressed, joyous, sad, erratic, or could even be fearful.

The system performance depends on the quality and quantity of 
information available in the signal.   One way of reducing the 
potential error rate is to identify those voice quality measures 
that have a significant impact on the performance and are 
algorithmically quantifiable.  Our daily experience shows that 
the signal duration, signal-to-noise ratio (SNR), and the signal 
bandwidth measured from the input file have the most impact on 
the system performance.  As with the spectrographic method of 
speaker recognition [1,2,3], the most often asked question is:  “Is 
the evidence of sufficient length and quality?”  There are other 
equally important factors to be investigated, but we will confine 
our report to the study results about the impact of signal duration 
and signal-to-noise ratio on automatic speaker recognition 
system performance.  The Forensic Automatic Speaker 
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nition (FASR)1 system used by the FBI is described 
 as follows [4].  Short time signal processing methods are 

o extract acoustic feature measurements on digitized voice 
s.  The input signals are first windowed into short time 
pping frames.  Each frame represents 50 milliseconds of 

h, and the frames are overlapped by 80%, with one frame 
g every 10 milliseconds.  Each window is transformed into 
f Mel-warped cepstral coefficients.  Additionally, 14 delta 
al coefficients are computed for each frame over a spread 
e frames.   These features are then compared with multiple 
er models and a background model using a Gaussian 
re model (GMM) classifier [5]. 

periments on Speech Duration and SNR 

now that the measured speech duration and SNR can 
ly influence the FASR system performance.  If the speech 
on is too short or SNR is too poor, it is normally a good 
ce to terminate any further recognition processing.   
ver, what we do not yet know are: how short the signal 
on could be, and how poor the SNR  could be before we 
stifiably terminate the recognition process.  We conducted 
periment to measure the FASR system performance as a 
on of speech signal duration and as a function of speech 
 The similar research on the effects of duration was also 
cted by [6]. 

periments on Duration 

e experiment on duration we used clean, high fidelity, 
samples from the FBI Voice Database [7]. The 

phone data, which is both text-independent and
aneous, was used. We then evaluated the GMM 
nition performance for a given set of training and 
et signal durations.  The FASR program was used to 
ve silence from the data, and to calculate the GMM 
s.

  Procedures for Duration Experiment 

:  We constructed a training set of signal-only data from 
iginal Microphone training set.  The data was resampled at 
z in Microsoft WAV format.  The training set included one 
neous speaking mode file from each of 45 speakers.  Each 
g file was limited to exactly 16 seconds of purified signal-
peech.   Step 2:  We constructed a test set of signal-only 
rom the original microphone training set.  The test set 
ed 5 files per speaker in the spontaneous speaking mode.  

eloped by the U.S. Air Force Research Laboratory, Rome 
atory, Rome, New York, USA. 



Each test file was also limited to exactly 16 seconds of purified
signal-only speech.  Step 3: We used FASR to generate 
speaker models, and then to calculate the GMM scores for 
each test file.  We calculated the Rank1 ID measure and 
the Equal Error Rate (EER) performance for this batch of GMM 
scores. Care was taken so that the performance results would 
correspond closely to the original evaluation results [1] of Rank1 
ID correct=100% and EER=1.3%.  Step 4:  We created test sets 
of increasingly shorter duration.  The initial set included the
following signal durations in seconds:  [16, 12, 10, 8, 6, 4, 2, 1, 
.5].  We measured the FASR performance against the training 
set. Then we performed a group evaluation on the sufficiency of 
this set of signal durations.  Step 5: We created training sets of
the same durations as the test set. Step 6: We measured the 
FASR performance against the test set.  We evaluated all the 
remaining combinations of training/test set durations.

2.2    Experiments on SNR 

The purpose of this experiment was to quantify the performance
of automatic speaker recognition using controlled homogenous 
speech energy to noise ratios. Speech signals can be 
characterized as highly non-stationary signals with time varying
energy amplitude.  Due to these dynamic characteristics and the
fact that signal and noise sections are never observed separately
in recorded speech samples, there is no simple definition of 
speech SNR.  However, a histogram of a sufficiently large
number of short time speech file energy segments will show two 
modes – one for the noise distribution and one for the signal plus 
noise.  Therefore, we designed a procedure that gives consistent 
results over a wide range of speech signals, file lengths, and
SNRs.

2.2.1 Procedures for SNR Experiment

The first step in the procedure was to subtract the DC energy, or 
mean, from the time series data.  The time series data was then
segmented into 10 millisecond non-overlapping frames.  The 
energy was calculated for each frame and normalized by
dividing by the maximum value over all frames.  A histogram of 
the normalized frame energy was calculated, and the maximum
value determined.  The center point of the bin containing the
maximum histogram value was set as the decision threshold. 
Frames with normalized energy less than the threshold were
considered to be noise only.  All other frames were considered to 
be signal plus noise. The variance of the noise-only frames and 
the variance of the signal plus noise frames were then calculated
and used to determine the SNR ratio as shown by the equation 
below.

The SNR experiment used the same microphone data set as the 
duration experiment.  Similar to the duration experiment, the 
first file for each speaker was used for speaker model training. 
The remaining files were used for speaker testing.  There were 
50 files originally identified as training files and 243 files 
originally identified as test files.  The SNR was calculated for
each of these files and all files with an SNR less than 20dB were 
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ded.  This left 38 training files and 186 test files. The
ning training and test data were used to generate WAV 
t specified SNRs.  This was done by adding a scaled time 
of filtered (colored) noise to the audio speech file.  The 

was generated according to a procedure based on the EIA-
988 standard from the USA Standards Institute (now 
). The specified SNR was achieved using an iterative
ss of adjusting the noise scale factor and generating a new 
time series until the calculated SNR was close to the

d SNR.  The original FBI Database microphone speech
ad calculated SNRs ranging from 50 dB to 12 dB. Thirty-
speakers were used to create a new training corpus with a
genous SNR of 20dB. FASR was used to create speaker
ls using this training corpus. Using the 186 test files, new 
er testing corpora were generated at eleven different SNRs
g from 20dB to 0dB in 2dB steps.  Channel normalization 
oise removal were used with a Gaussian Mixture Model
round model.  The background model used in this 
iment was the MALE_BAL universal background model 
024 mixtures and generated from the NIST 1999 corpus. 

3.   Results

 Results of Duration Experiments 

1 shows the results of speaker identification (ID) 
mance as a function of both test and training signal 
on.  The ID results are measured in terms of the percentage
rrect matches between the test signal and the closest
er model (Rank 1 ID match).  Since we started out with 
igh quality speaker data, the ID performance for both 16 
4 second duration speech samples were all 100%. The
mance gradually decreased with decreasing duration, until 
p decrease for durations below four seconds.  For the 0.5 
d training and 0.5 second test durations, the ID
mance was essentially random. Since there were forty
ers in the ID performance, theoretically for random 
ing is 2%. 

2 shows the results of speaker verification performance as
tion of training and test duration.  The measure we used 
eaker verification performance for comparing different

ons was the EER expressed in percent. The EER is the
at which the missed detection rate equals the false alarm
Although the entire detection error tradeoff (DET) curve 
OC curve) gives the most accurate picture of detection
mance, the EER performance was a convenient point to
r comparison purposes.  As in the ID performance, the
emained relatively low until the duration for both training 
st durations dropped to four seconds.

1 shows ID performance in terms of percent correct 
es for a fixed 16 second training set length. The ID
mance is relatively flat and stays fairly stable between 16
ds and 8 seconds.  At the 6-second duration, the ID 
mance starts to drop off, showing poor performance for 
gnals less than 2 seconds.   Figure 2 shows ID performance 
ms of percent correct matches for a fixed 16-second test 
ength.  Again, the ID performance is relatively flat and
stable from 16 seconds down to 6 seconds.  At the 4-

d, the ID performance starts to drop off, showing poor 
mance for training signal less than 2 seconds.



    Table 1:  ID Performance as a Function of Duration 
Training Set Duration in Sec

16 14 12 10 8 6 4 2 1 0.5
16 100 100 99.2 98.8 99.2 97.7 91.9 74.4 43.8 20.5
14 100 100 99.2 99.2 97.7 96.1 90.7 76 42.6 19.8
12 100 100 98.8 96.5 95 95 87.6 70.5 37.2 17.8
10 99.2 98.8 98.1 97.7 93.8 91.5 84.9 69 39.5 16.7
8 96.1 94.6 93.4 91.9 88.8 86.1 77.5 61.2 36.1 18.2
6 96.1 93.4 91.1 89.9 86.8 83.3 75.2 60.1 31 14.3
4 87.6 86.8 83.7 81.8 78.7 75.2 68.6 52.3 25.2 12.4
2 75.2 72.9 70.9 68.6 64.3 64.3 58.5 47.7 20.5 12
1 50.4 47.7 47.3 46.5 45 45.4 43 43.4 12.8 5.4
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     Table 2:  EER Performance as a Function of Duration 
Training Set Duration in Seconds

16 14 12 10 8 6 4 2 1 0.5
16 3.9 3.9 4.2 5.1 5.4 7.6 10.1 18.6 28.7 39.1
14 5.2 5.7 5.5 6.6 7.8 9.6 11.6 19.6 29.4 40.3
12 8.3 8.1 9.1 8.7 10 13.1 14 20.5 31.8 42.8
10 9.3 9.3 10.3 10.2 12.7 14.2 15.6 23.8 32.6 43.8
8 14.3 15.1 16.1 16.5 17.8 19.2 22.6 26.2 35.3 44.7
6 19.8 19.4 20.6 21.3 22.5 23.3 23.6 27.3 37.2 46.1
4 27.4 28.3 27.9 29.8 29.6 29.8 29.5 30.6 39.8 46.6
2 18.4 38.6 38.4 36.4 37.1 37 35.3 33.6 42.6 48.5
1 44.6 45.1 45.3 44.1 45 43.7 42.2 39.3 46.1 49.6
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Figure 1:  ID Performance for Variable Test 
Length, Fixed Training Length

Figure 2:  ID Performance for Variable 
Training Length, Fixed Test Length

Figure 3: Speaker ID (top) and EER (bottom)
Performance  as a function of Test Signal
SNR.



3.2. Results of SNR Experiments

igure 3 shows speaker identification and EER performance as a 

. Conclusions

e showed the effect of both training signal duration and test

F
function of test signal SNR in dB.  Note that as the SNR 
decreases, the ID performance decreases and the EER increases.
There is also a sudden decrease in performance for test signals
with less than 14 dB SNR.  Figure 4 (a-c) shows the probability
density function for true and false LLR scores for:   (a) test files 
= 20 dB SNR, (b) test files = 12 dB SNR, and (c) test files = 0 
dB SNR.  Training files were all 20 dB SNR.  Figure 4(a) shows
a clear separation between true and false distributions when both 
SNRs of the training and test files are 20 dB.  As shown in 
Figure 4(b), when SNR of test files decreases to 12 dB, there is
increasing overlap between true and false distribution. As
shown in Figure 4(c), when the SNR of test files is 0 dB, we can
almost see a complete overlap between true and false
distributions.

a

b

c

Figure 4 (a-c).  Probability Density Function of 
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mance and the EER are excellent when both training and 
gnal duration are at least in the range of 12 seconds to 
onds.  The results also indicate that the signal duration of

 the training and/or test files of 6 seconds or less yielded
recognition performance.  We also showed that ID
mance is clearly affected as a function of the test signal
revealing obvious degradation at approximately 16 dB.

two voice quality experiments provide insight about 
 up cautionary thresholds below which unreliable and 
ding scores may result.   Baseline knowledge of voice 
 duration and SNR may be used to facilitate a set of 
ards against potential misuse of automated speaker

nition systems.  The present experiments were conducted 
 clean microphone voice database, therefore the effects of 
two quality measurements do not represent the realistic 
ic conditions.

ional experiments are needed to study the joint effects of
 duration and SNR upon ASR performance.  The present
on speech duration and SNR must be validated by larger

er populations. 
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