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Abstract

In order to incorporate long temporal-frequency structure for a-
coustic event detection, we have proposed a spectral patch based
learning and representation method. The learned spectral patch-
es were regarded as acoustic words which were further used in
sparse encoding for acoustic feature representation and model-
ing. In our previous study, during feature encoding stage, each
spectral patch was encoded independently. Considering that
spectral patches taken from a time sequence should keep similar
representations for neighboring patches after encoding, in this
study, we propose to enhance the temporal correlation of fea-
ture representation using a temporal max-smoothing algorith-
m. The max-smoothing tries to pick up the maximum response
in a local time window as the representative feature for detec-
tion task. We tested the new feature for automatic detection of
acoustic events which were selected from lecture audio data.
Experimental results showed that the temporal max-smoothing
significantly improved the performance.

Index Terms: Feature learning, matching pursuit, temporal
max-smoothing, acoustic event detection.

1. Introduction

In real acoustic environments, besides speech event, many oth-
er types of acoustic events exist. Detecting and locating their
temporal boundaries are important for many speech technolo-
gy applications. For example, in lecture speech, many acoustic
events, such as background music, laugh, and applause events
are recorded. For lecture speech transcription based on auto-
matic speech recognition (ASR) technique, acoustic event de-
tection (AED) and segmentation should be performed before
speech signals are inputted to ASR systems. In multimedia da-
ta, acoustic event logs can provide efficient index for multimedi-
a content analysis and retrieval applications [1, 2, 3]. Designing
an accurate acoustic event detection (AED) algorithm is impor-
tant in audio processing and applications.

In traditional modeling for AED, the frame by frame based
feature representation is directly mapped to their corresponding
categories via a classifier. For example, Mel frequency cepstral
coefficient (MFCC) feature is modeled with a Gaussian mix-
ture model (GMM) or support vector machine (SVM) model
[4, 5, 6]. The frame based feature only encodes statistics of au-
dio signals in a short time window (e.g., 10 or 20 ms) [3, 4, 5].
In modeling, this may cause model confusion since there exist
large overlaps of the statistic distributions of the feature. Con-
sidering the discriminative information of acoustic events is en-
coded in structured temporal-frequency patterns, we have pro-
posed a bag of spectral patch based feature learning algorithm
for AED [7]. The bag of spectral patches was learned from a
collection of temporal-frequency patches via a clustering algo-

rithm. The learned bag of spectral patches were regarded as a-
coustic words for feature encoding. In encoding, a sparse repre-
sentation was obtained based on the acoustic words either based
on a sparse coding algorithm or a triangle k-means encoding al-
gorithm [7, 8]. Based on the sparse representation, we trained a
support vector machine (SVM) classifier for AED.

In our previous study, in feature encoding stage, each spec-
tral patch was encoded independently based on the learned a-
coustic words without any consideration of the temporal cor-
relations between spectral patches. Spectral patches extracted
consecutively from a time series, their representations should
show strong temporal continuity since the neighboring spectral
patches have strong time correlation. Based on this considera-
tion, we need to take temporal smooth constraint (i.e., temporal
correlation) into consideration in feature encoding. In practi-
cal implementations, the temporal correlation can be regarded
as a temporal smoothing on the encoded features. However, in
sparse encoding, it is possible that a small variation in the spec-
tral patches may lead to a large difference in the encoded feature
space [9]. Directly applying a temporal smooth process on fea-
ture representation is not suitable. In order to make temporal
smoothing not sensitive to small variations, we propose to use
temporal max-smoothing on the sparse encoded features. The
max-smoothing tries to pick up the maximum response of the
encoding in a local time window, and ignore the small values in
doing the smooth filtering. By using this process, it is possible
to extract time-shift invariant feature which takes time correla-
tion of representations into consideration.

The paper is organized as follows. In section 2, the acous-
tic dictionary learning from spectral patches, and sparse feature
extraction based on the learned acoustic dictionary are first in-
troduced. Then a temporal max-smoothing is applied on the s-
parse feature representations. In section 3, the model algorithm
is briefly introduced. In section 4, AED experiments are carried
out to test the proposed algorithm. Conclusion and discussion
on future work is given in last section.

2. Feature extraction based on acoustic
dictionary learning

The feature extraction processing is showed in Fig. 1. As shown
in this figure, three steps are involved. The first step is to auto-
matically learn the acoustic dictionary from a large training data
set. The second step is to do sparse feature encoding for a given
acoustic signal based on the learned acoustic dictionary. The
third step is a temporal max-smoothing on the features as post
processing. In the following subsections, these three steps are
explained in details.
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Figure 1: Acoustic dictionary learning and feature extraction.

2.1. Acoustic dictionary learning from spectral patches

The purpose of this step is to learn typical spectral patches (as a-
coustic words) in an acoustic dictionary. Many dictionary learn-
ing algorithms have been proposed in image processing, for ex-
ample, generalized k-means based vector quantization algorith-
m [10], sparse coding based dictionary learning [11], matching
pursuit based learning (MP) [12]. As we have discussed in in-
troduction, invariant acoustic event pattern information is dis-
tributed in temporal-frequency structure, we learn the pattern
structure from spectral patches analogy to learning image patch
structure. The spectral patches are randomly extracted with a
time window from speech power spectrum (Mel frequency s-
caled spectrum). The extracted patch is reshaped to be a long
vector for acoustic dictionary learning. In addition, as shown in
image processing [13], pre-processing procedures of the input
vectors helped to make the learned dictionary with meaningful
structures (e.g., object edges, textures). These procedures in-
clude contrast normalization and whitening. Differently from
image processing for local brightness and contrast normaliza-
tion, the purpose of using contrast normalization is to remove
the large variations of the dynamic range caused by absolute
density among patches. After contrast normalization, a zero
phase component analysis (ZCA) is applied for input vector
whitening. The whitening is done as follows:
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where X. is zero centered vector of the contrast normalized
spectral patch vector (in our study, a mean and variance normal-
ization was applied), X is whitened spectral patch vector, A is a
whitening transform matrix, V and Z are the eigen vector and
eigenvalue matrix of the covariance matrix of X., respectively.
In Eq. 1, € is a constant which is used as a low-pass filtering to
remove noise effect (on small eigenvalues). The whitened vec-
tors are used in acoustic dictionary learning. For easy and fast
computation, the MP based dictionary learning was adopted in
this study as:
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where D is the acoustic dictionary with K elements as d; (col-
umn vector of D), 7 = 1,2, ..., K. s; is sparse coefficient vec-
tor for the i-th sample. Card (s;) = g denotes only ¢ hot ele-
ments as 1 in one coefficient vector. In our experiments, ¢ = 1
was used.

2.2. Feature encoding

The learned acoustic dictionary can be used in a bag-of-words
model based feature encoding framework which is popularly
used in computer vision [14]. In encoding for representation,
several encoding strategies have been proposed. For example,
histogram based encoding [15], sparse coding [11], and soft tri-
angle k-means encoding [13]. We have applied the later two
types of encoding methods in our previous studies [7, 8]. In ap-
proximation based encoding, any spectral patch can be regard-
ed as a linear approximation of the learned acoustic dictionary.
One of these techniques is the least absolute shrinkage and s-
election operator (lasso) based sparse coding. It is formulated
as:
s* = argmsin% % — Ds||5 + Als|}

. K
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where X is an whitened spectral patch, D is the learned acous-
tic dictionary, s is the sparse coding coefficient (with K acoustic
words in the learned dictionary), |.| is an operator to obtain the
absolute value of a variable. A is used to control the tradeof-
f between the approximation accuracy and sparsity. In Eq. 3,
the [, sparsity is defined as sum of the absolute values of the
vector elements. Another feature encoding algorithm is triangle
k-means encoding. It is a “soft” version of the “hard” encod-
ing (vector quantization) used in k-means clustering. The hard
encoding is defined as:
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0, otherwise,

where only one “hot” element gives value in a vector. This “hot”
value is the one which shows the highest similarity (defined as
minimum Euclidian distance) when comparing the input spec-
tral patch (whitened) with the acoustic words in the learned dic-
tionary. In order to encode much more information, the soft
version with explicit sparsity control was proposed [7, 13]. Itis
formulated as:

s; (%) = max {0, a * mean (dist (X, d)) — dist (%X,d;)}
dist (%,d) = % - d]3,

e o (5)
where dist (X, d) is defined as Euclidian distance between the
input spectral patch and acoustic words, mean(.) denotes an
average operator, « is sparsity control parameter. As shown in
[7, 13], with the triangle k-means encoding (via « controlling
the representation sparsity), comparable performance could be
obtained compared with many other sparse coding algorithms.

2.3. Temporal max-smoothing

In feature encoding as introduced in section 2.2, either sparse
coding or triangle k-means encoding, it can be regarded as a
mapping function which maps a spectral patch to a feature vec-
tor. This mapping however is not smooth [9]. A small variation
in the input spectral patch may lead to a large difference in the
encoded vectors. In addition, in feature encoding, each spectral
patch is encoded independently. In real applications, spectral
patches taken from neighboring time locations should be en-
coded into representations with strong time correlation. It is not
suitable to directly adding temporal smoothing on the encoded
feature vectors. In order to extract time-shift invariant feature
and remove large variations due to encoding methods, inspired
by max-pooling in image processing [16], we propose to use a
max-smoothing algorithm as a post processing on the encoded
feature vectors. The max-smoothing algorithm tries to assign a
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Figure 2: Temporal max-smoothing process.

feature coefficient in each time frame to the maximum response
value in a local time window as:
55 (Xe) = max {s; %)}
t_Tw'L'nSiStJFTwin (6)
i=12 ., K,

where T is the time window for extracting several consec-
utive spectral patches. Fig. 2 shows the effect of the max-
smooth processing. In this figure, the triangle k-means encod-
ing method is used in feature extraction, and one dimension fea-
ture corresponding to one acoustic word is shown (as vertical
axis). The max-smooth process was applied for two time win-
dows of sizes 15 and 40 frames (16 ms for each frame). From
this figure we can see that local maximum response was picked
up around a local time window as representation.

3. Support vector machine modeling

In this study, a linear support vector machine (SVM) was used
for acoustic event modeling. For training data pairs (s;, ;), with
© = 1,2,..., N, where [; is the label, and s; is the i-th feature
vector. Multi-class SVMs are built, and each SVM for each
acoustic event is constructed as one-against-all with parameter
w; (the j-th SVM) as [17]:
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where [ is a parameter for classifier regularization. The clas-
sification can be done by picking up the one which gives the
maximum value from all the SVMs as:

fé arg max w;‘vrs, (8)

je{1,2,....,M}

where M is the total event number.

4. Experiments

We carried out experiments on automatic detection of acoustic
events. Acoustic events were selected from audio data of TED
(technology, entertainment, and design) talks. From the TED
talks, besides speech, we selected other five types of acoustic
event data, i.e., applause, laugh, cough, music, and background
(noise) events. The acoustic segments of different events were
manually labeled and transcribed. The Mel frequency filter
band spectrum (40 filter bands) feature was used in acoustic
dictionary learning. The spectrum was extracted for each time
window with 16 ms frame length and 10 ms frame shift. In a-
coustic dictionary learning stage, 500,000 spectral patches were
randomly chosen from audio spectrum of 50 TED talks. In test-
ing, audio spectrum was selected from another 10 TED talk-
s. The whole system was configured as shown in Fig. 3. In
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Figure 3: Configuration of the acoustic event detection system.
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Figure 4: Acoustic dictionary learned from spectral patches
with the MP algorithm (a), and with the principal component
analysis algorithm (b).

this figure, the first step was feature extraction (with or without
temporal smoothing) based on a learned acoustic dictionary as
discussed in section 2.1. Then the feature was normalized for
SVM event modeling and classification. A hangover scheme is
applied to smooth the event detection decisions.

Performance evaluation metrics are related to false alarm
rate and hitting rate of event detection. For audio data, these
metrics can be frame based, event based or class-wise even-
t based evaluation [1, 3]. In this study, frame based evaluation
is used, i.e., frame based recall (Rec), precision (Pre) and F e-
valuation metrics were used [5]. In the following subsections,
several processing stages involved in the system are examined.

4.1. Acoustic dictionary learning

An example of the learned acoustic dictionary is shown in Fig.
4. For comparison, basis vectors based on principal component
analysis (PCA) of the whitened spectral patches is also shown
in this figure. In this figure, each rectangle box is one acous-
tic word with x-axis as time (each with 11 frames) and y-axis
as frequency (Mel frequency band index, each with 40 bands).
From this figure, we can see that the MP learned acoustic words
encoded much more meaningful structure of acoustic spectrum
than the PCA learned acoustic words, such as harmonics, time-
frequency transitions. We believe that these acoustic words are
representative time-frequency structures of acoustic events. In
addition, the MP algorithm can learn overcomplete dictionary
while the PCA can not learn a dictionary with large number of
basis vectors beyond the number of feature dimensions.

4.2. Feature encoding for AED

Many factors affect the AED performance, for example, spec-
tral patch size (PS), acoustic codeword size (CS) of the learned
dictionary. In order to examine the two encoding methods dis-
cussed in section 2.2, first we fix the PS and CS in learned dic-
tionary for AED experiments. The temporal smoothing is not
applied in this stage. Feature sparsity is controlled with varying
parameter \ in Eq. 3 for lasso sparse coding, and is controlled
by changing parameter « for triangle k-means encoding in Eq.
5. The results are shown in tables 1 and 2. From these two



Table 1: Performance of lasso sparse coding (PS=11, CS =128)
(%)

A 0.1 0.5 0.8 0.9 1 1.5
Rec | 75.53 | 82.85 | 84.06 | 83.98 | 83.94 | 82.73
Pre | 77.47 | 84.34 | 85.59 | 85.51 | 85.47 | 84.24

F | 76.31 | 83.51 | 84.74 | 84.66 | 84.62 | 83.40

Table 2: Performance of triangle k-means encoding (PS=11,
CS=128) (%)
o 0.9 0.95 1.0 1.05 1.1 1.5
Rec | 84.46 | 84.68 | 84.48 | 82.26 | 78.79 | 73.81
Pre | 85.95 | 86.92 | 86.72 | 84.00 | 80.49 | 75.47
F | 85.12 | 85.59 | 85.39 | 83.02 | 79.53 | 74.53

tables, we can see that feature sparsity should be kept in a cer-
tain range to obtain the best performance for these two encoding
methods (A = 0.8 for lasso sparse coding, and o = 0.95 for
triangle k-means encoding). In addition, we confirmed that the
triangle k-means encoding obtained comparable or even better
performance than the lasso sparse coding. Therefore, in the fol-
lowing experiments, the triangle k-means encoding method is
used.

4.3. Temporal smoothing on sparse features

In order to enhance temporal correlation in feature representa-
tions, we did experiments to examine a temporal smooth pro-
cessing on the feature vectors. We examine two temporal s-
moothing algorithms, one is temporal median smoothing, the
other is temporal max-smoothing. In the experiments, the trian-
gle k-means encoding with sparsity control parameter o = 0.95
was used.

4.3.1. Temporal median smoothing

A median filter was applied on each dimension of the feature
coefficient for temporal smoothing. The smoothed feature vec-
tors were used to train the SVM model for AED. The results
are shown in table 3. In this table, “FRMs” represents the num-
ber of frames of a time window used in median filtering. The
experiment condition is with PS =11, and CS =128. From this
table, we can see that simply adding temporal smoothing on the
sparse feature decreases the performance. This is due to the
sparse coding is not a smooth mapping.

4.3.2. Temporal max-smoothing

We did experiments using temporal max-smoothing for feature
process. The results are shown in table 4 for experiment with
the same condition as in section 4.3.1. From this table, we can
see that increasing the time window size for max smoothing
(“MaxWin”) in a certain range helps to improve the perfor-
mance. The best time window for max smoothing is around
20 frames for codeword size 128 (16 ms frame length).

In our previous study, we have showed that increasing the
spectral patch size in a certain range helped to improve the per-
formance [7]. The improvement was due to learning an acoustic
dictionary which could explore long temporal-frequency struc-

Table 3: Performance of temporal median filtering (PS =11, CS
=128) (%)

FRMs 1 5 10 15 20 25

Rec | 84.68 | 84.66 | 84.04 | 82.56 | 81.00 | 80.65

Pre 86.92 | 8691 | 86.24 | 84.73 | 83.15 | 82.79

F 85.59 | 85.58 | 84.93 | 83.44 | 81.87 | 81.52

Table 4: Performance of temporal max-smoothing (PS =11, CS

=128) (%)

MaxWin 1 5 10 15 20 25

Rec 84.68 | 85.09 | 85.20 | 85.69 | 85.97 | 85.33

Pre 86.92 | 87.36 | 87.47 | 87.96 | 88.25 | 87.60

F 85.59 | 86.02 | 86.12 | 86.61 | 86.90 | 86.25

Score values (%)
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Figure 5: Join effect of PS and temporal max-smoothing.

ture for representation. In this study, the improvement of tempo-
ral max-smoothing was caused by utilizing the strong temporal
correlation in feature encoding. We further conducted exper-
iments to examine the joint effect of the two factors (spectral
patch size and time window in max-smoothing). Two time win-
dows for max-smoothing 5 and 20 fames were tested with vari-
ation of PS to 3, 7, 11, 15, 19 frames. Code word size 1024
was used in order to examine their joint effect on large acoustic
dictionary based performance. The results are drawn in Fig. 5.
In this figure, the three evaluation metrics with different tem-
poral window size for max-smoothing are shown (labeled as
Rec_MaxWin#, Pre_ MaxWin#, F_MaxWin#). From this figure,
we can see that in small spectral PS cases, the improvemen-
t from increasing of the max-smoothing time window is large.
Increasing patch size can have similar effect as increasing time
window in max smoothing. But the effect is different. Putting
these two factors into consideration can further improve the per-
formance.

5. Conclusion and future work

In this paper, we first compared the lasso sparse coding with
a triangle k-means encoding algorithm, and confirmed that the
triangle k-means encoding could obtain comparable or better
results. Considering that strong temporal correlation exists in
spectral patches, we further added an temporal max smoothing
process to enhance the feature temporal correlation while reduc-
ing the variations due to the sparse encoding process. Experi-
ments showed that adding temporal max-smoothing improved
the performance, and could further improve the performance on
large spectral patch size based encoding.

Many deep feature learning algorithms have been proposed
for pattern classification [18, 19, 20]. For example, deep neural
network based feature learning. We try to use acoustic dictio-
nary learning concept for extracting features, and examine many
factors in AED. From our study, we found many factors which
are important for AED. We believe that if these factors are ex-
plicitly taken into consideration in deep learning architecture,
much more efficient feature learning algorithm can be designed
than using a fully black-box like deep neural network without
consideration of specific knowledge in AED task.



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

6. References

Giannoulisy, D., Benetosx, E., Stowelly, D., Rossignolz, M., La-
grangez, M., and Plumbley, M., “Detection and Classification of
Acoustic Scenes and Events: an IEEE AASP Challenge,” IEEE
workshop on applications of signal processing to audio and acous-
tics (WASPAA), 2013.

Heittola, T., Mesaros, A., Eronen, A., and Virtanen, T., “Context-
dependent sound event detection,” EURASIP Journal on audio,
speech, and music processing, vol. 1, pp. 1-13, 2013.

Zhuang, X., Zhou, X., Hasegawa-johnson, M. A., and Huang, T.
S., “Real-world acoustic event detection,” Pattern recognition let-
ters, vol. 31, no. 12, pp. 1543-1551, 2010.

Zieger, C., “An HMM based system for acoustic event detection,”
Multimodel technologies for perception of humans, pp. 338-344,
2008.

Temko, A., Nadeu, C., and Biel, J. L., “Acoustic Event Detection:
SVM-Based System and Evaluation Setup in CLEAR’07,” Multi-
model technologies for perception of humans, pp. 354-363, 2008.

Huang, Z., Cheng, Y., Li, K., Hautamaki, C., and Lee, C., “A
Blind Segmentation Approach to Acoustic Event Detection Based
on I-Vector,” in Proc. Interspeech, pp. 2282-2286, 2013.

Lu, X., Tsao, Y., Matsuda, S., and Hori, C., “Sparse representation
based on a bag of spectral exemplars for acoustic event detection,”
ICASSP, Italy, 2014.

Lu, X., Tsao, Y., Peng, S., and Hori, C., “Spectral Patch Based S-
parse Coding for Acoustic Event Detection,” ISCSLP, Singapore,
2014.

Wang, J., Yang, J., Yu, K., Lv, F, Huang, T., and Gong, Y.,
“Locality-constrained linear coding for image classification,” in
Proc. of CVPR, pp. 3360-3367, IEEE, 2010.

Aharon, M., Elad, M., and Bruckstein, A., “K-SVD: An Algo-
rithm for Designing Overcomplete Dictionaries for Sparse Rep-
resentation,” IEEE Transactions on Signal Processing, 54 (11):
4311-4322, 2006.

Mairal, J., Bach, F., Ponce, J., and Sapiro, G., “Online Learning
for Matrix Factorization and Sparse Coding,” Journal of Machine
Learning Research, volume 11, pp: 19-60, 2010.

Mallat, S. G., and Zhang, Z., “Matching Pursuits with Time-
Frequency Dictionaries,” IEEE Transactions on Signal Process-
ing, Vol. 41, No. 12, pp. 3397-3415, 1993.

Coates, A., Lee, H., and Ng, A. Y., “An analysis of single-layer
networks in unsupervised feature learning,” in Proc. the 14-th In-
ternational Conference on Al and Statistics, 215-223, 2011.

Csurka, G., Dance, C., Fan, L., Willamowski, J., and Bray, C.,
“Visual categorization with bags of keypoints,” Workshop on sta-
tistical learning in computer vision, ECCYV, pp.1-22, 2004.

Sivic, J., and Zisserman, A., “Video Google: A text retrieval ap-
proach to object matching in videos,” vol. 2, pp. 1470-1477, In
ICCV, 2003

Boureau, Y., Roux, N, Bach, E., Ponce, J., and LeCun, Y. “Ask the
locals: multi-way local pooling for image recognition,” In ICCV,
2011.

Fan, R. E., Chang, K. W., Hsieh, C. J., Wang, X. R., and Lin, C.
J., “LIBLINEAR: A library for large linear classification,” Journal
of machine learning research, vol. 9, pp. 1871-1874, 2008.

Bengio, Y., “Learning deep architectures for Al,” Foundations and
Trends in Machine Learning, 2(1): 1-127, 2009.

Hinton, G. E., and Salakhutdinov, R., “Reducing the Dimension-
ality of Data with Neural Networks,” Science, 313: 504-507,
2006.

Ranzato, M. A., Huang, F. J., Boureau, Y. L., and LeCun, Y., “Un-
supervised Learning of Invariant Feature Hierarchies with Appli-
cations to Object Recognition,” IEEE conference on Computer Vi-
sion and Pattern Recognition, 1-8, 2007.



