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Abstract

In this paper, the noise-robustness of a recently
proposed fast Fourier transform (FFT)-based auditory
spectrum (FFT-AS) is further evaluated through
speech/music/noise classification experiments wherein
mismatched test cases are considered. The features
obtained from the FFT-AS show more robust perform-
ance as compared to the conventional mel-frequency
cepstral coefficient (MFCC) features. To further ex-
plore the FFT-AS from a perspective of practical audio
classification, an audio classification algorithm using
features derived from the FFT-AS is implemented on
the floating-point DSP platform TMS320C6713.
Through various optimization approaches, a signifi-
cant reduction in the computational complexity is
achieved wherein the implemented system demon-
strates the ability to classify among speech, music and
noise under the constraint of real-time processing.

1. Introduction

In a previous work [1], we have proposed an algo-
rithmic implementation to calculate a fast Fourier trans-
form (FFT)-based auditory spectrum (FFT-AS) moti-
vated from the study of the noise-suppression property
of an early auditory (EA) model which outputs an audi-
tory spectrum [2].

The noise-robustness of the proposed FFT-AS was
evaluated and confirmed through audio classification
experiments wherein clean speech and music clips
were involved in the training whereas noisy speech and
music clips were used for the testing. It is of interest to
further evaluate this robustness, or the ability to handle
the mismatch between the SNR values of the training
and testing samples, from other perspectives, as spe-
cifically to train the algorithm with noisy samples
while testing with clean samples.
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As discussed in [1], besides the robustness to noise,
the potential of the proposed FFT-AS lies in its low
computational complexity as compared to the original
auditory spectrum in [2]. It is therefore of interest to
conduct further research on the computational com-
plexity of the FFT-AS when implemented for real-time
operations on a DSP platform.

In this paper, the noise-robustness of the FFT-AS
proposed in [1] is further evaluated through
speech/music/noise classification experiments. Results
from mismatched tests confirm the superior robustness
of the features derived from the FFT-AS as compared
to the conventional mel-frequency cepstral coefficient
(MFCC) features. In addition, using the discrete cosine
transform (DCT)-based features obtained from the
FFT-AS, a classification algorithm is implemented on
the floating-point DSP platform TMS320C6713 [3].
Through a set of optimization approaches, a significant
reduction in the computational complexity is achieved.

The paper is organized as follows. Section 2 briefly
reviews the classification algorithms and the associated
feature sets. The classification performance is analyzed
in Section 3. Section 4 discusses the DSP implementa-
tion and optimization of a classification algorithm.

2. Audio classification algorithm

2.1. FFT-based auditory spectrum

Fig. 1 shows the structure of the implementation
proposed in [1] to calculate the FFT-AS wherein the
main operations include the calculation of a short-time
power spectrum, power spectrum selection using char-
acteristic frequency values of the cochlear filters of the
original EA model, and spectral self-normalization
through a pair of fast and slow running averages.
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Fig. 1. The FFT-based implementation in [1].

2.2. Audio features

Both frame-level and clip-level features are calcu-
lated. Four sets of frame-level features are listed below:
« The 13-dimensional conventional MFCC features.

« The 13-dimentsional DCT-based feature sets calcu-
lated by applying DCT to both the original auditory
spectrum and the FFT-based auditory spectrum.

« The 10-dimensional spectral features calculated
using the proposed FFT-AS (see [1] for a descrip-
tion of the specific features).

The corresponding clip-level features are the statistical

mean and variance values of these frame-level features

calculated over a time window of one second. The clip-
level features are used for the training and testing of
the classification algorithm.

2.3. Classification

Recent years have seen an increasing interest in the
use of support vector machine (SVM) algorithms in
audio classification applications, and excellent per-
formance with SVM has been reported. In this work,
we use the SVMS™VT algorithm [4] for classification.
For the purpose of performance comparison, the deci-
sion tree learning algorithm C4.5 [5] is also used.

3. Performance analysis

The total length of the audio samples is 12000 sec-
onds, including clean speech, clean music and noise.
The sampling rate is 16 kHz. These samples are di-
vided equally into two parts for training and testing.
Noisy samples are also digitally generated by adding
noise segments to clean speech/music segments based
on the long-term average energy measurement. Below,
a training or testing data set with a specific SNR value,
e.g. 15-dB set, refers to a data set consisting of noisy
speech and noisy music (both with SNR = 15 dB), and
noise. Audio classification experiments are conducted
under both matched and mismatched situations, which
refer to a match and mismatch between the SNR values
of the training and testing sets, respectively. Results
from matched tests may reveal the interclass discrimin-
ability while those from mismatched ones may indicate
the noise-robustness which is the main focus of our
research.

2730

3.1. Training with clean data set

The error rates of three-class (i.e., speech, music
and noise) classification are presented in Table. 1,
where MFCC, DCT1, DCT2, and SPEC represent the
conventional MFCC features, the DCT-based features
obtained from the original auditory spectrum [2], the
DCT-based features obtained from the FFT-AS [1],
and the spectral features obtained from the FFT-AS,
respectively. In Table 1, error rates presented under the
category “Match (clean)” refers to the results of the
matched test case, i.e., with clean set as the testing set,
whereas those under “Mismatch” refer to the error rates
of two mismatched tests, i.e., testing with 10-dB and 5-
dB data sets.

Despite an excellent performance in the matched
test case, the robustness of the MFCC features under
mismatched tests is relatively poor. On the other hand,
three sets of auditory-based features (i.e. DCT1, DCT2
and SPEC) are more robust in mismatched test cases as
compared to the MFCC features. The DCT2 feature set
yields the best average performance in the mismatched
tests. As for the classification, in most cases, SVM out-
performs C4.5. In addition, the DCT2 feature set
slightly outperforms the DCT1 feature set. As dis-
cussed in [1], besides the robustness to noise, the po-
tential of the FFT-AS lies in its low computational
complexity compared to the original auditory spectrum.

Table 1. Error classification rates with clean set as the
training data (%)

SVM C4.5

Match Mismatch Match Mismatch

(clean) | 10dB | 5dB | (clean) | 10dB | 5dB

MFCC 1.9 41.8 | 50.3 2.8 40.7 | 474

DCT1 33 134 | 29.8 6.2 182 | 325

DCT2 2.2 11.1 | 273 4.8 106 | 254

SPEC 32 109 | 29.7 3.6 16.1 | 33.0

3.2. Distribution of features

Fig. 2 shows distributions of clip-level MFCC and
DCT?2 features. To simplify the analysis, we only use
the first and the third components of each feature set to
plot two-dimensional distributions. For the MFCC fea-
tures, when the background noise level is increased to
SNR = 15 dB, a relatively large change in the distribu-
tion can be seen (see Figs. 2(a) and 2(b)). Compara-
tively, under the same change of the SNR, the DCT2
features exhibit a relatively small change in the distri-
bution (see Figs. 2(d) and 2(e)). The results in Fig. 2
may justify the robustness of the DCT2 features as
compared to the MFCC features to some extent.
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Fig. 2. Distributions of MFCC and DCT2 features of speech clips. For all figures, horizontal and vertical axes refer
to the first and the third components of the feature vector respectively. (a) MFCC (clean). (b) MFCC (15 dB). (c)
MFCC (10 dB). (d) DCT2 (clean). (¢) DCT2 (15 dB). (f) DCT2 (10 dB).

For MFCC features, as the background noise level
is increased, e.g., from SNR = 15 dB to 10 dB, the
change in the distribution becomes smaller (see Figs.
2(b) and 2(c)). Therefore, if a noisy set (e.g., the 15-dB
data set) is used for the training instead of the clean set,
we may expect an improved performance in the mis-
matched test cases, e.g., using the 10-dB data set. Be-
low, the robustness of the features is further investi-
gated in mismatched tests wherein the 15-dB data set is
used for the training.

3.3. Training with 15-dB data set

The error rates of the speech/music/noise classifica-
tion are given in Table. 2, wherein “Match (15dB)”
and “Mismatch” refer to the error rates from the 15-dB
testing set, and the error rates from two mismatched
testing sets (i.e., SNR =10 and 5 dB), respectively.

In the matched test case (i.e. SNR = 15 dB), MFCC
features with SVM again show the best discriminability
with an error rate of 2.1%, whereas DCT2 and SPEC
features with SVM perform best in the two mismatched
test cases. Compared to the performance given in Table
1, the robustness of the MFCC feature set is improved,
which is consistent with the discussion in Section 3.2.
Overall, the robustness of the three auditory-based fea-

ture sets (i.e. DCT1, DCT2 and SPEC) in mismatched
test cases is still better than that of the MFCC features,
though the performance gap between the auditory-
based and the conventional MFCC feature sets be-
comes smaller as compared to the results in Table 1.

Table 2. Error classification rates with 15-dB set as the
training data (%)

SVM C4.5
Match Mismatch Match Mismatch
(15dB) | 10dB | 5dB | (15dB) | 10dB | 5dB
MFCC 2.1 15.0 | 32.6 5.6 14.8 | 30.6
DCT1 3.8 6.9 | 21.7 6.4 10.5 | 26.7
DCT2 34 5.5 | 182 5.8 85| 19.7
SPEC 34 64| 17.6 4.0 8.1 | 22.1

3.4 Asymmetric performance

For conventional MFCC features, when training
with the clean set, the error rates (with SVM) of the
testing using the clean and 15-dB data sets are 1.9%
and 32.0%, respectively. When training with the 15-dB
data set, the corresponding error rates of the testing are
3.7% and 2.1%. For such a pair of symmetric mis-
matched tests (i.e. training with the clean set while test-
ing with the 15-dB set, and vice versa), we have ob-
served an asymmetric pattern in the error rates (i.e.
32% vs. 3.7%). However, for DCT2 features, the cor-
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responding error rates of such a pair of symmetric
mismatched tests are 4.2% and 3.3%. Thus, the per-
formance gap with the DCT2 features is less significant
than that with the MFCC features, pointing to the supe-
rior robustness of the DCT?2 features.

4. Implementation on TMS320C6713 DSK

Besides the robustness to noise, the potential of the
proposed FFT-AS lies in its low complexity as com-
pared to the original auditory spectrum. To further ex-
plore this from a practical perspective, a
speech/music/noise classification algorithm is imple-
mented and optimized using the floating-point
TMS320C6713 DSP Starter Kit (DSK) from Texas
Instruments (TI) [3]. C6713 DSK is a low-cost full
featured development platform which characterizes a
225 MHz 32-bit floating-point C6713 digital signal
processor (DSP) and an AIC23 stereo codec. C6713
DSK is supported by TI's real-time eXpressDSP soft-
ware and development tools [6].

4.1. Initial implementation

The DSP implementation is conducted in two steps:
the initial implementation and the optimization. To
reduce the requirements on the memory units of the
DSP target, the algorithm is designed to work on a
frame basis (i.e. 10 ms). Accordingly, the classification
algorithm is organized into two parts, namely: the
frame-based processing and the clip-based processing,
which are shown in Fig. 3. For an input signal frame of
10 ms, the frame-based processing outputs a set of
frame-level DCT2 features. The clip-level processing is
triggered as soon as all signal frames in a clip (i.e. 1 s)
have been processed. The C code contains a conven-
tional main function and a function named classify. The
processing modules shown in Fig. 3 are implemented
in the function classify which is used as an interrupt
service routine (ISR). Function main is effectively act-
ing as the initial processing of the implementation.

Pre- Powe Power Self- bet-
e Window FFT wer Spectrum - Based

Processing Spectrum . Normalization .
Selection Features

Frame-Level
Feature Set

(a)
Energy Update Clip-Level Classification
and Normalization Features using C4.5
Frame-Level .
Feature Sets Audio Class
(b)

Fig. 3. Processing modules of the proposed C6713
DSK-based implementation. (a) Frame-based process-
ing. (b) Clip-based processing.
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Two host channels provided by C6713 DSK are
used to transfer data [7]: the input channel is employed
for the classification algorithm to access audio samples
on the PC, whereas the output channel is used to send
the classification decisions back to the host PC. When-
ever a full signal frame is available in the input channel
and a frame of free space is available in the output
channel, a software interrupt is posted and the ISR
classify is called to process a signal frame. This way, a
block input/output-based classification system is im-
plemented. A Matlab algorithm is also developed to
monitor the execution of the code as it runs on the DSP
target by displaying the output classification decisions.

The maximum computational complexity (MCC)
and the average computational complexity (ACC) are
defined below to measure the relative performance:

MCC = MaxCount/ Reference
ACC = AveCount/ Reference

where MaxCount and AveCount refer to, respectively:
the maximum and the average runtime in ms (or in-
struction cycles) taken for the processing of a signal
frame of 10 ms, and Reference is 10 ms (or 2.25 x 10°
for instruction cycles). To meet the constraint of real-
time processing, the MCC value of the classification
algorithm (i.e. function classify) should be less than
one. With the C6713 DSP/BIOS real-time analysis tool
and APIs [7], we are able to instrument the target by
capturing and uploading the real-time information that
drives the code composer studio visual analysis tools
[6]. Specifically, the information such as the instruction
cycles or the runtime used for the execution of the code
is reported in the Statistics View window.

At the stage of initial implementation, the main fo-
cus is placed on the functional correctness of the code.
The correctness of the initial implementation is verified
using various audio samples. The MCC and ACC val-
ues of the classification algorithm are 1.4830 and
1.4048 respectively. It is found that the calculation of
the DCT-based features, the calculation of the FFT,
and the spectral self-normalization are the three most
computationally intensive modules (see Fig. 3). The
initial implementation does not follow the real-time
constraint. Optimizations are further applied.

4.2 Optimization

4.2.1. Compiler optimization. The TMS320C6x com-
piler cl6x performs various optimizations to improve
the execution speed and to reduce the code size [8]. As
the first step of optimization, file-level and program-
level optimization options provided by cl6x are applied,
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leading to reductions of 32% and 31%, respectively, in
the MCC and ACC values for the function classify.

4.2.2. Coefficient tables. The heavy computational
load of the DCT module comes in a large part from the
calculation of the cosine coefficients. We can tabulate
these coefficients instead of calculating them in real
time. As such, the module is re-organized into two sub-
modules, wherein the first one calculates the cosine
coefficients while the second one calculates the DCT-
based features using the cosine coefficients prepared by
the first sub-module. The first sub-module is placed in
the function main and acts as the initial processing of
the algorithm. The computational complexity is deter-
mined only by the second sub-module which remains
in the function classify. A reduction of 98% is thus

achieved in MCC and ACC values for the DCT module.

4.2.3. C67x DSP library. The optimized FFT function
DSPF _sp_cfftr2_dit from TI's C67x optimized DSP
library [9] is used to replace the FFT algorithm in the
initial implementation (a radix-2 decimation in time
algorithm). Meanwhile, to bit-reverse the output from
the function DSPF_sp_cfftr2_dit as required, the opti-
mized function DSPF_sp_bitrev_cplx is also used. The
computation of the relevant coefficients which are re-
quired by these two optimized functions is included in
the initial processing part in the function main. The
computational complexity is now determined by these
two optimized functions. The reduction in the MCC
and ACC values for the FFT module is about 96%.

4.2.4. C67x FastRTS library. To conduct optimiza-
tion for the division and square-root operations in the
spectral self-normalization module, we now change to
use the C67x's assembly-optimized division and
square-root subroutines, which are provided by the
C67x fast run-time-support (FastRTS) library [10]. The
MCC and ACC values for the self-normalization mod-
ule are decreased by 78% and 79% respectively.

4.3 Experimental results

After applying the optimization approaches dis-
cussed in Section 4.2, a significant reduction in the
computational complexity has been achieved for the
proposed initial implementation. The reduction in the
computational complexity is given in Table 4, where
Classify, DCT, FFT and Self-Norm represent the func-
tion classify, the DCT module, the FFT module, and
the self-normalization module, respectively. In Table 4,
results are given in MCC/ACC pairs. From Table 4, the
MCC of the optimized implementation is only 0.053,

indicating that the algorithm only consumes 5.3% of
the computational power of the C6713 DSK.

Table 4. Complexity information (MCC/ACC val-
ues) after applying optimizations

Before After Reduction
(%)
Classify 1.483/1.405 | 0.053/0.037 | 96.4/97.4
DCT 0.623/0.617 | 0.006/0.006 | 99.0/99.0
FFT 0.728/0.719 | 0.017/0.017 | 97.7/97.6
Self-Norm | 0.038/0.038 | 0.008/0.007 | 78.9/81.6

5. Conclusions

In this paper, we have further evaluated the noise-
robustness of the FFT-AS [1]. Audio classification
results from mismatched tests confirmed the noise-
robustness of the features calculated from the FFT-AS
as compared to the conventional MFCCs. In addition,
an audio classification algorithm was implemented on a
floating-point DSP platform using the DCT-based fea-
tures obtained from the FFT-AS. Through various op-
timization approaches, a significant reduction in the
computational complexity has been achieved.
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