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Abstract
In this paper, harmonicity information is incorporated into 
acoustic features to detect laughter segments and speech 
segments. We implement our system using HMM (Hidden 
Markov Models) classifier trained on Pitch and Harmonic 
Frequency Scale based subband filters (PHFS). Harmonicity 
of the signal can be determined by variation of the pitch and 
harmonics. The cascaded subband filters are used to spread in 
pitch and harmonicity frequency scale to describe the 
harmonicity information. The pitch bandwidth of the first 
layer spans from 80 Hz to 300 Hz and the entire band spans 
80 Hz ~ 8 kHz. The experiments are conducted on ICSI 
meeting corpus (BMR and Bed). We achieve an average error 
rate of 0.84% for ‘BMR’ meeting and 3.64% for ‘BED’ 
meeting in segment level speech and laughter detection. The 
results show that the proposed Pitch and Harmonic Frequency 
Scale (PHFS) based feature is robust and effective. 

Index Terms: Laughter detection, harmonic analysis, 
bandpass filters. 

1. Introduction
Detection of laughter is needed in many applications such as 
emotion recognition in speech [1], voice activity detection, 
automatic meeting transcription and video summarization [9]. 
Speech is one of the most essential ways to communicate with 
human. Nwe et al. [1] states that a paralinguistic characteristic 
of more specific emotions is a key role in emotion recognition 
in speech. Hearing laughter can induce positive feelings, and 
that laughter can readily capture our attention so the listener 
will be more interesting in meeting [2]. Laughter is a vocal 
signal to express a universal component of human interaction. 
Laughter detection is more interested in meeting to express 
the situation of the meeting and change the topic. For 
example, laughing is a cue that a person is most likely in a 
positive mood and a trembling voice is a cue that a person is 
probably nervous.  Hence, the purpose of laughter detection is 
an essential cue to identify the emotional state of the speaker.  

Yu [3] mentions that the voiced speech possesses high 
redundant harmonic structure and this high redundancy makes 
the perception of speech more robust in noisy environment. 
Bosh [4] states that pitch are one of the most significant 
paralinguistic features for detection of emotion, followed by 
energy, duration and speaking rate. To discriminate the 
laughter and speech, Bickley and Hunnicutt [5] found the 
ratio of unvoiced to voiced is greater in laughter than in 
speech that laughter tends to be noise present in the third 
formant and enhanced amplitude of the first harmonic. As 
stated by Rothganger [6], laughter that even resembles 
screaming sound has higher intensity values. 

 In Speech and laughter detection, a common approach has 
two steps. The first step is extracting the features from each

of the meeting segments and the second step is classifying the 
segments into laughter and speech classes. 

Many studies have been reported in speech and laughter 
detection. Qui, Yang and Koh [7] employed the wavelet 
transform followed by the short time Fourier transform [8] to 
detect the speech signal. Pfau, Ellis and Stolcke [9] used the 
feature vectors containing loudness values of 20 critical bands 
up to 8 kHz, energy, total loudness, modified loudness, zero 
crossing rates and the difference between the channel specific 
energy and the mean of the farfield microphone energies. A 
Hidden Markov Models (HMM) [10] is used to detect speech 
activity detection. 

 Kennedy and Ellis [11] employed a support vector 
machine classifier trained on Mel-frequency Cepstral 
Coefficients (MFCCs), delta MFCCs, modulation spectrum 
and spatial cues. They used on the ‘BMR’ subset of the ICSI 
Meeting Recorder corpus to detect laughter.  Troung and 
Leeuwen [12] employed Perceptual Linear Prediction Coding 
(PLP) feature and Gaussian Mixture Models (GMM) 
classifier to detect the laughter. Ito et al. [13] employed the 
combination of audio based and image based laughter 
detection from the video conversion. As for image based 
laughter detection, the classification of the facial expression is 
performed by a linear discrimination function trained by the 
perceptron learning. As for audio based laughter detection, 
the GMM based laughter detector is used MFCC and Delta-
MFCC to detect the laughter sound. Cia [14] developed the 
laughter detector by training Hidden Markov Models (HMM) 
with Mel Frequency Cepstral Coefficients (MFCCs) and 
perceptual features such as short-time energy and zero 
crossing rate. Cui [15] states that speech and non-speech can 
be discriminated by tracking the pitch for voiced speech in 
the clean condition. Meyer [16] stated that in contrast to 
speech, non-speech audio of laughter consists of less F0 
variance and rich harmonic structure. 

 In general, speech and non-speech sounds are different. 
Speech sound has mixed harmonic and non-harmonic but 
laughter has rich harmonic. We investigate features in order 
to automatically discriminate presegmented laughter 
segments from presegmented speech segments. Finally, we 
attempt to model the repetitive sounds in laughter by 
employing pitch and harmonic scale based subband filters. 

The rest of the paper is organized as follows. In section 2, 
we discuss our experimental data. In section 3, we discuss the 
detailed of the proposed features to detect the laughter. In 
section 4, we describe the experimental set-up and result. 
Finally, we conclude our study in section 5. 

2. Data
We employed manual transcription on the ICSI multi-party 
meeting recorder corpus for speech and laughter classification. 
A corpus of data from natural meetings was occurred at the 
International Computer Science Institute (ICSI) in Berkeley, 
California over the last three years. Most of the meetings in 
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the corpus were regularly scheduled weekly group meetings 
at the conference room of ICSI [17]. 

Two types of meetings are used for our experiments. The 
first 26 ICSI ‘BMR’ (Berkeley’s Meeting Recorder) are 
utilized for training and the last 3 ICSI BMR and 4 ICSI BED 
(Berkeley’s Even Deeper Understanding) are used for testing. 
The 26 ‘BMR’ training sets (BMR001, BMR002, BMR003, 
BMR005, BMR006, BMR007, BMR008, BMR009, BMR010, 
BMR011, BMR012, BMR013, BMR014, BMR015, BMR016, 
BMR018, BMR019, BMR020, BMR021, BMR022, BMR023, 
BMR024, BMR025, BMR026, BMR027, BMR028) contain 
sixteen  participants (fourteen male and two female) and the 3 
‘BMR’ test sets (BMR029, BMR030 and BMR031) consist of 
ten participants (eight male and two female). The 4 ‘BED’ 
test sets (BED013, BED014, BED016 and BED017) include 
eight participants (six male and two female). The participants 
are non-native speakers of English. Because of close-talk 
recording, we can explore a better signal uttered by one single 
speaker and we chose close-talk recordings from head-
mounted microphones.

When we observed some of the annotated laughter and 
speech segments in the ICSI corpus, some of the annotated 
laughter co-occurred with speech and sometimes the laughter 
and speech were not audible. Thus, we decided to listen to all 
the annotated laughter segments and speech segments. The 
total duration of the pure laughter and speech for the training 
and test meeting are shown in Table 1. The duration of each 
segments of the Test ‘BMR’ and Test ‘BED’ are at least 1.5s. 
The mean duration of the laughter events and speech events 
are approximately 2 s.   

Table 1. Duration in minutes of Laughter and Speech Data 
used in research 

Training
26 ICSI 
‘BMR’
meeting

Test  3 
ICSI

‘BMR’
meeting

Test 4 
ICSI

‘BED’
meeting

Speech 
segments

69 min 7 min 12 min 

Laughter
segments

49 min 7 min 7 min 

3. Acoustic Features 
The sound spectra revealed the distinct signature of laughter. 
A laugh is characterized by a series of short vowel-like notes 
that are repeated at regular intervals. The explosively voiced 
blasts of a laugh have a strong harmonic structure, with each 
harmonic being a multiple of a low fundamental frequency 
[18].  

Bachorowski and Owren [2] revealed that laughter has 
perceptibly salient vocal pitch. Laughter provides less pitch 
variation and higher harmonics than speech. Laughter has 
higher pitch level than speech [19]. Haga, Honda and Shirai 
[21] illustrates that an increased pitch in average and distinct 
intrasegmental pitch pattern as well as spectral envelope with 
broad bandwidths are significant features to characterize the 
laughter.

Figure 1: A bank of pitch and harmonic frequency based 
cascaded subband filters (80 Hz~8 kHz). 

Figure 2: Variation of pitch and harmonic patterns between 
two consecutive frames of (a) speech and (b) laughter. 

Figure 3: Pitch variation between two consecutive frames 
and cascaded subband filtering: (a),(b) frame 1 and frame 2 

for speech signal (c),(d) frame 1 and frame 2 for laughter 
signal. For each figure, the upper panel illustrates the signal. 
The middle panel shows cascaded subband filters. The lower 
panel demonstrates the position of the pitch by locating the 

local maxima.

The cascaded subband filter [20] is employed to detect the 
pitch and harmonic frequency. The filter has two layers. The 
first layer has 26 overlapped rectangular filters and the second 
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layer has 5 non-overlapped rectangular filters shown in 
Figure 1.  Not only each bandwidth of the subband filters in 
the first layer but also the bandwidths of 5 subband filters in 
the second layer are increased. As cascaded filters contain 
subbands for pitch and harmonic frequency ranges in the first 
layer, these subband work together to capture pitch and 
harmonic variation of the signal. The pitch bandwidth of the 
first layer spans from 80 Hz to 300 Hz. The centered 
frequency and bandwidth of the 26 overlapped filters of the 
first band are showed in Table 2. The entire band spans 80Hz 
~ 8 kHz. The sampling frequency of the signal is 16 kHz.  

The second layer has 5 non-overlapped rectangular filters 
of equal bandwidths for each rectangular subband in the first 
layer as shown in Figure 1. There are 130 (26 * 5) subbands 
in the second layers. 

Variation of Pitch and harmonic pattern can discriminate 
the harmonicity signal of the speech and laughter. Qiu et. Al. 
[18] stated that the fundamental frequency of speech changes 
with time and gender. Two consecutive frames of the laughter 
signal shown in Figure 2(a) have stable pitch and harmonic 
pattern but two consecutive frames of the speech signal 
demonstrated in Figure 2(b) have pitch and harmonic 
variation as demonstrated in Figure 2.

Figure 3. (a) ~ (d) demonstrates how pitch variation is 
captured in the output of cascaded subband filters for frame 1 
and frame 2. For each figure, the signal in the upper panel 
pass through the cascaded filters shown in the middle panel 
and the output of the second layer of the cascaded filters 
compute the local maxima to capture the position of the pitch 
shown in the lower panel. In Figure 3 (c), (d), the local 
maxima of the laughter in frame 1 and frame2 can be found 
more stable than that of speech in frame 1 and frame2.

Table 2. Center frequencies and bandwidths of the subbands 
in the first layer 

Number of 
Subband

Center
Frequency (Hz) 

Bandwidth (Hz) 

1 (pitch) 190 220
2 (1st harmonic) 380 440
3 (2nd harmonic) 570 660
4 (3rd harmonic) 760 880
5 (4th harmonic) 950 1100
6 (5th harmonic) 1140 1320
7 (6th harmonic) 1330 1540
8 (7th harmonic) 1520 1760
9 (8th harmonic) 1710 1980

10 (9th harmonic) 1900 2200
11 (10th harmonic) 2090 2420
12 (11th harmonic) 2280 2640
13 (12th harmonic) 2470 2860
14 (13th harmonic) 2660 3080
15 (14th harmonic) 2850 3300
16 (15th harmonic) 3040 3520
17 (16th harmonic) 3230 3740
18 (17th harmonic) 3420 3960
19 (18th harmonic) 3610 4180
20 (19th harmonic) 3800 4400
21 (20th harmonic) 3990 4620
22 (21st harmonic) 4180 4840
23 (22nd harmonic) 4370 5060
24 (23rd harmonic) 4560 5280
25 (24th harmonic) 4750 5500
26 (25th harmonic) 4940 5720

4. Experiments and Discussion 
The experiments are carried out with short annotated 

segmented speech and laughter. We first divide a signal into 
frames of 20ms with 13ms overlapping and apply Hamming 
window to each frame to minimize signal discontinuities at 
the end of each frame. Each audio frame is passed through 
cascaded subband filters for pitch and harmonic content 
analysis to derive log energy of each band. A total of 130 
Pitch and Harmonic Frequency Scale based spectral 
coefficients (PHFS) are obtained from the cascaded filter 
output of each audio frame.  Then, Discrete Cosine Transform 
(DCT) is employed to get the log energies of 9 coefficients. 
The feature coefficients with delta parameters from two 
neighboring frames are augmented to detain temporal 
information.

The test pre-segmented wave files are divided into 20ms 
segments and each segment is classified as laughter and 
speech class using the continuous density Hidden Markov 
Models with four states and two Gaussian mixtures per state 
for all HMM models in our experiments. We train Hidden 
Markov Models for each of the annotated speech and laughter 
segments to get speech model and laughter model. The model 
with the highest log-likelihood score classifies either laughter 
segments or speech segments. 

We conduct experiments to compare the speech and 
laughter detection for three features in Table. 3. Pitch and 
Harmonic Frequency Scale (PHFS) with an average error rate 
of 0.84% and 3.64% on ‘BMR’ test set and ‘BED’ test set 
respectively, outperform all other features. It is observed that 
PHFS feature capture the laughter and speech characteristics 
well by 3.48% and 2.74% (80.5% and 76.5% relative) error 
reduction over MFCC and LPCC (Linear Prediction Cepstral 
Coefficient) on ‘BMR’ test set as well as 2.65% and 3.44% 
(42.1% and 48.6% relative) error reduction over MFCC and 
LPCC on ‘BED’ test set. 

Table 3. Average error rate (ER %) of speech and 
laughter detection 

BMR BED
PHFS 0.84 3.64
MFCC 4.32 6.29
LPCC 3.58 7.08

5. Conclusions
The goal of the work described in this paper is exploring 

the new feature in order to automatically differentiate 
presegmented laughter segments from presegmented speech 
segments to enable emotion classification. We have proposed 
Pitch and Harmonic Frequency Scale (PHFS) provide a 
discriminative feature for either speech or laughter events in 
meetings. We conclude that PHFS feature is effective that 
help improve speech/laughter classification performance. 
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