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Abstract
It is well known that stress and Lombard effect impact speech 
production. The goal in this study is to investigate how 
Lombard effect impacts perceptual speaker recognition. We 
report results from In-Set/Out-of-Set speaker identification 
(ID) tasks performed by human subjects with a comparison to 
automatic algorithms. The main trends show that mismatch in 
reference and test data causes a significant decrease in 
speaker ID accuracy. The results also indicate that Lombard 
speech contributes to higher accuracy for In-Set speaker ID, 
but interferes with correct detection of Out-of-Set speakers. In 
addition, it is observed that the mismatched conditions cause 
a higher false reject rate, and that the matched conditions 
result in higher false acceptance. We further discuss 
automated system performance in comparison to human 
performance. Overall observations suggest that deeper 
understanding of cognitive factors involved in perceptual 
speaker ID offers meaningful insights for further development 
of automatic systems and combined automatic-human based 
systems. 
Index Terms: in-set speaker, speaker ID, speaker 
recognition, Lombard effect, speech under stress 

1. Introduction
Automatic speaker recognition [1,2] plays an important 

role in the area of forensics and security as well as in speech 
communication such as recognizing a speaker for automatic 
speech recognition or dialogue systems. 

Further development in In-Set/Out-of-Set speaker ID
systems[3] is required for a variety of security related 
applications, such as monitoring individuals who belong to a 
defined group vs. outsiders, as illustrated in Fig. 1.

Figure 1: Speakers in the dotted circle represent In-Set speakers 
who should be accepted; Out-of-Set speakers should be rejected. 

We examine the effect of Lombard speech, since it is 
found to be problematic in speech technology [4,5,6,7]. For 
example, it has been shown that Lombard effect degrades 

system performance to a greater degree than the background 
noise itself for ASR and speaker recognition[5,6,7, 8].  

In this paper, we focus on how Lombard effect impacts 
In-Set/Out-of-Set speaker ID. The issue is investigated from a 
cognitive standpoint, which will provide meaningful insight 
towards overall systems that combine human and automatic 
applications.  The analysis focuses on the effect of matched 
and mismatched training/reference and test conditions. 
Overall trends  from perceptual tests indicate that (1) 
mismatched condition results in a significant decrease of ID 
accuracy, and (2) Lombard speech contributes to In-Set 
speaker ID performance but interferes with Out-of-Set 
speaker ID detection, and (3) the higher the confidence rating,  
the higher the accuracy when reference and test conditions 
match but not under  mismatched conditions. 

The following section describes experimental setup and 
procedures of the study. 

2. Listeners, Data & Experimental Set-Up 
A group of 47 listeners for this experiment were 

drawn from students at the University of Texas at 
Dallas. Thirty listeners were native English speakers 
and 17 were nonnative. Nonnative speakers’ native 
languages were Chinese(2), Hindi(8), Korean(2), 
Spanish(1), Thai(1), Turkish(1), Urdu(1), and 
Vietnamese(1).  All the listeners reported no history of 
problems with hearing loss.    

To conduct a set of perceptual experiments, the 
speech samples were extracted from the UT-Scope[9] 
corpus, (http://crss.utdallas.edu), which contains read 
and spontaneous speech under neutral condition, 
Lombard effect, and cognitive/physical stress. Lombard 
speech used in this perceptual experiment was 
produced while the speaker was presented with 
highway driving noise at 90dB-SPL through open-air 
head phones. Each speech sample in this experiment 
was composed of 3 read phonetically-balanced 
sentences, which were selected from the TIMIT corpus 
(http://ldc.upenn.edu). Read speech was selected for 
this study since the speech is comparable among 
different speakers. 

The listener test was conducted in an ASHA 
certified single-wall sound booth, using an interactive 
computer interface and BoseTM noise canceling 
headphones. The 47 listeners (30 native, 17 nonnative) 
were instructed to listen to each training/reference file 
before taking the test. The reference files for the 12 in-
set speakers were accessible at all times during the test.  
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Each subject was asked to listen to each test file up 
to three times, and determine whether the test speech 
was produced by one of 12 in-set speakers (IN) or an 
outsider (OUT), as well as to indicate the confidence of 
their selection (1=not sure at all, 2, 3=somewhat sure, 
4, or 5=absolutely sure). A total of 12 test speech 
samples were presented to each listener under each of 
the following three conditions: 

NL-LD: Mismatched condition. Training/reference
files contained NEUTRAL speech. 
LOMBARD speech was used as test audio. 

LD-LD: Matched condition. Both  
training/reference and test files contained  
LOMBARD speech. 

NL-NL: Matched condition. Both  
training/reference and test files contained 
NEUTRAL speech. 

Eight of the test samples were In-Set speakers and 4 
were Out-of-Set speakers. The statistical analyses were 
performed based on the three speech conditions (NL-
LD, LD-LD, and NL-NL), using repeated measures 
ANOVA.

In reporting the results, we employ the following 
terms: (a) Accuracy – in-set speakers are correctly 
identified as in-set, or when out-of-set speakers are 
correctly identified as out-of-set, (b) False Reject – in-
set speakers are incorrectly identified as out-of-set 
speakers, and (c) False Accept – out-of-set speakers are 
incorrectly identified as in-set speakers. Those rates 
were calculated simply as a ratio. For example if 7 out 
of 8 in-set speakers in the test set were recognized 
correctly by a listener, then the in-set accuracy rate is 
87.5%.

3. Perceptual Speaker ID Results 
In this section, we report experimental results from the 

listener test. The average accuracy shows that the effect of the 
conditions (NL-LD, LD-LD, NL-NL) on perceptual In-Set 
speaker ID is significant (p<.0001). With the mismatched 
condition, listener performance is significantly lower (NL-
LD: Native:57%, Nonnative:53%) compared to the matched 
conditions (LD-LD: 78%, 67%, NL-NL: 71%, 70%), as 
shown in Fig. 2.

Unlike language related tasks, such as accent or dialect 
ID[11], listeners’ language background does not show 
significant effect on perceptual In-Set/Out-of-Set speaker ID. 
Overall, native vs. nonnative listeners’ performance does not 
show a significant difference. However, in the case of the 
LD-LD condition, native listeners’ accuracy is noticeably 
higher (78%) than nonnative listeners’ accuracy (67%).  

The following subsections describe the analysis of In-Set 
speaker ID and Out-of-Set speaker ID results as well as 
confidence ratings. 
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Figure 2: Average accuracy of perceptual in-set speaker 
ID using neutral (NL) and Lombard (LD) speech.  

3.1 In-Set Results
For In-Set speaker ID results, the effect of the 

speech condition is significant (p<.0001). As shown in 
Figures 3 and 4, In-Set speaker detection accuracy is 
significantly higher with the matched conditions (LD-
LD and NL-NL) compared to the mismatched condition 
(NL-LD). With the mismatched condition, false reject 
rate is high (Native:50%, Nonnative:58%). It is also 
important to note that the accuracy is significantly 
higher with Lombard speech (LD-LD: 88%, 79%) than 
with neutral speech (NL-NL: 73%, 75%) for both 
listener groups (p=.0036).    

Listeners’ language background (native vs. nonnative) 
does not show statistical significance. However, it should also 
be noted here that, in the cases of NL-LD and LD-LD, the 
native listeners’ accuracy for In-Set speaker ID is noticeably 
higher compared to the nonnative listeners’. 
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Figure 3: Native listeners’ performance with In-Set 
speakers using natural (NL) and Lombard (LD) speech. 
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Figure 4: Nonnative listeners’ performance with In-Set 
speakers using natural (NL) and Lombard (LD) speech. 
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3.2 Out-of-Set Results
In the case of Out-of-Set speakers as well, the effect of 
speech condition on perceptual ID is shown to be 
significant (p=.0001). With the Out-of-Set speakers, 
accuracy is significantly higher under the mismatched 
condition (NL-LD: Native:71%, Nonnative:75%), 
compared to the matched conditions, as illustrated in 
Figures 5 and 6. On the other hand, when the reference 
and test conditions match, false accept rate is high for 
both native and nonnative listener groups, especially 
with Lombard speech (41%, 57%), compared to NL-
NL.
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Figure 5: Native listeners’ performance with Out-of-Set 
speakers using natural (NL) and Lombard (LD) speech.  
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Figure 6: Nonnative listeners’ performance with Out-of-
Set speakers using natural (NL) and Lombard (LD) speech. 

Taken together with In-Set results (i.e., high false reject 
rate for NL-LD), these trends indicate that, when the 
reference and test speech conditions do not match, 
listeners tend to perceive speakers as out-of-set. In 
addition, considering the high ID accuracy for LD-LD 
and NL-NL for In-Set results, our observations also 
suggest that, when reference and test speech conditions 
match, listeners perceive both in-set and out-of-set 
speakers as in-set more often than under the 
mismatched condition. 

3.3 Confidence Ratings and Accuracy 
In addition to ID performance results, confidence ratings 

also show significant effect of speech conditions (p<.0001), 
as shown in Table 1. The ratings for the mismatched 
condition are significantly lower (3.5, 3.7) than for the 
matched conditions (LD-LD: 4.1, 4.1, NL-NL: 4.0, 3.9). This 

suggests that confidence measures are somewhat relevant to 
the accuracy scores.  

  NL-LD LD-LD NL-NL 
Native  3.5 4.1 4.0
Nonnative 3.7 4.1 3.9

Table 1: Confidence ratings on average for native and 
nonnative listeners. The confidence was rated between 1 
(not sure at all) and 5 (absolutely sure), as described in 

Section 2.  
Further analysis on accuracy and token coverage1 based on 
confidence ratings indicate the following trends, as illustrated 
in Fig. 7: (i) when reference and test conditions match (LD-
LD, NL-NL), the higher the confidence rating, the higher the 
accuracy (LD-LD shown on the right in Fig. 7), (ii) when 
reference and test conditions do not match (NL-LD), 
confidence ratings and accuracy do not show consistent 
relation (on the left in Fig. 7), and (iii) token coverage 
decreases significantly with mismatched conditions (18% at 
confidence 5) compared to matched conditions (LD-LD:42%, 
NL-NL:35% at confidence 5).
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Figure 7: Native listeners’ accuracy and token coverage based on 
confidence ratings (C1–C5). Top is NL-LD. Bottom is LD-LD. 

4. Discussion
Overall results described in the previous section indicate that: 
(1) when reference and test conditions do not match, listener 
performance is significantly lower, (2) when reference and 
test conditions match, Lombard speech results in higher 
accuracy for In-Set speaker ID, compared to neutral speech. 
A similar trend is observed in the performance of automated 
systems [7,12].  

Hansen[7] investigated the effect of speech under stress 
on Closed-Set speaker recognition, including Lombard effect. 
As illustrated in Table 2, it was shown that the accuracy of 
speaker ID is significantly lower in the case of the 
mismatched condition (NL-LD: 48%), and that the system 

                                                                
1 Token coverage represents the amount of listener responses 
to be included. 
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performance is better with Lombard speech (LD-LD: 99%) 
than with neutral speech (NL-NL: 96%) when the training 
and test conditions match.

 NL-LD LD-LD NL-NL 
Accuracy % 48 99 96 

Table 2: Accuracy results for Closed-Set speaker ID 
performance by an automated system.  

Since the speech materials in that study[7] were extracted 
from SUSAS[13] which is not consistent with  UT-Scope, the 
results are not directly comparable with our results in this 
study. However, is it important to note the similarity of the 
trends.

Furthermore, Varadarajan and Hansen[12] examined the 
effect of Lombard speech on an In-Set/Out-of-Set 
(15in/15out) speaker ID system1. Table 3 illustrates results 
from their experiment using the same speech conditions from 
the same corpus (UT-Scope) as our perceptual experiment 
reported in this paper. The results also show similar trends: 
(i), Equal Error Rate2 (EER) is significantly higher with the 
mismatched condition (NL-LD: 36.33%), and (ii) EER is 
lower with Lombard speech (LD-LD: 9.66%) compared to 
neutral speech (NL-NL: 11.67%).  

NL-LD LD-LD NL-NL 
EER % 36.33 9.66 11.67 

Table 3: Equal Error Rate results for In-set/out-of-set 
speaker ID performed by an automated system.  

The numbers are not directly comparable between 
human performance and machine performance due to various 
differences, such as the amount of training and test data, or 
numbers of speakers used in the experiments. However, it is 
meaningful to notice similar trends between human and 
machine behavior, since this suggests that deeper 
understanding of human perception can contribute to further 
advancements in automated systems. For example, 
transformations which attempt to imitate the effects of 
stressed speech can be used to synthesize stressed speech 
from neutral speech [14] in order to improve the performance 
of automatic systems.  

More detailed analysis on the listener test results 
indicated that, when training/reference and test conditions 
match, Lombard speech impacts listener perception in a way 
that contributes to higher In-Set speaker detection accuracy 
but reduces Out-of-Set speaker rejection accuracy, compared 
to the neutral speech condition. This suggests the cognitively 
complex nature of the task, and points to the significance of 
further investigation. 

                                                                
1 15 second training and 3 second test speech was used for 
each in-set speaker. 30 minutes of development data from 
TIMIT corpus was used for UBM construction. 
2 The EER is a widely used performance metric for speaker 
recognition systems. In any binary detection system there is a 
tradeoff between false alarm (FA) and false detection (FD) 
rates. The EER is the FA (or FD) error obtained if the system 
is tuned such that False Alarm rate equals False Detection 
rate.

5. Conclusion
Our goal in this study was to examine the effect of Lombard 
speech on perceptual speaker recognition. The results from a 
set of In-Set/Out-of-Set speaker ID listener tests showed the 
following trends: (1) speaker ID accuracy is significantly 
lower when reference and test data do not match (i.e., 
neutral/Lombard mismatch), (2) when the reference and test 
speech conditions do not match, listeners perceive both in-set 
and out-of-set speakers as out-of-set more often, and when the 
reference and test speech conditions match, listeners tend to 
perceive speakers as in-set, and (3) confidence ratings 
correspond to accuracy when reference and test conditions 
match but not under mismatched conditions. Taken together 
with the performance from automated systems, human and 
automatic system performance is better on average in 
Lombard conditions, suggesting that Lombard effect 
emphasizes speaker-dependent speech characteristics. Finally, 
overall observations point to the importance of further 
investigation on cognitive aspects involved in speaker 
recognition, which will contribute to development of 
combined automatic-human based systems as well as stand-
alone automatic systems. 
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