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Abstract

In this paper, we describe an implementation of an
intonational quality assessment system for foreign language
learning using a handheld portable device. The Viterbi
algorithm is employed to conduct the forced alignments that
indicate the boundary of each phonemes and a pitch detector is
used to extract the intonational features. The tonal pitch type
of the segmented syllables is classified and the tendency of the
pitch movement is measured. Then, the score of the spoken
sentence is generated based on this information. We have
implemented this system on an ARM7 RISC processor based
system. For real time operation, we applied fixed-point
arithmetic to the signal processing kernels and rearranged the
algorithm flow of the system. As a result, the system runs in
real time on a 60MHz CPU clock frequency.

1. Introduction

In recent years, there have been many researches on the
computer-aided language learning (CALL). Although many
researchers have tried to evaluate the foreign language
pronunciation, most of them did not try to assess the
intonational quality [1] [2]. The intonation of speech is
important for the natural speaking in some languages, such as
English and Chinese. But many Koreans and Japanese too,
experience difficulties in speaking English with correct
intonation because Korean language does not have noticeable
intonational features. This is one of the reasons that their
speaking is not natural.

In the previous research, we developed the intonation
quality assessment system in a PC to aid the foreign students
whose mother tongue has no intonational features [3]. The
PC based system employed a fairly simple phoneme boundary
classification method, which is based on LPCC and context-
independent HMM, and suffered from a relatively high, 28%,
segmentation error.

In this paper, we developed an improved intonational
quality assessment system, and implemented it on a handheld
device based on ARM7 32-bit RISC embedded processor.
This handheld device was developed for kids [4]. In order to
reduce the segmentation error, we adopted the Viterbi
algorithm for the phoneme segmentation that is widely used
for automatic speech recognition. The MFCC and context-
dependent HMM  were employed. For real-time
implementation we applied fixed-point arithmetic to the
signal processing algorithms in the system because the CPU
does not have a floating-point unit (FPU). And we tried to
fully exploit the computing power in order to reduce the delay
of scoring. We implemented feature extraction, forward path
of the Viterbi decoding and pitch extraction in real-time
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Figure 1: The block diagram of the overall system.

fashion. By employing a simple pre-classification method
that is based on the energy of the current frame, we can
reduce unnecessary computations for pitch extraction in the
unvoiced or silent region.

As a result, it is possible to implement the intonational
quality assessment system that runs real-time on the handheld
device that has 60MHz ARM7TDMI CPU.

2. System Overview

Figure 1 shows the block diagram of the overall system. First,
the system produces the reference pronunciation of the given
text to practice or test. Next, the utterance input to the system
is used to extract acoustic features. Then, the extracted
features are used at the several subsequent processing steps
such as the Viterbi decoding, speech segmentation and pitch
extractor. Finally, it assesses the score of the sentence uttered
by the user based on the results of the above. It also shows the
reference intonation for the users to compare it with their own
intonation. There are two major processes to obtain the
intonational features. The first one is the phoneme
segmentation and the second is the pitch extraction.

2.1 Phoneme segmentation

We applied the Viterbi algorithm that is employed in the
decoding phase of speech recognition [5]. When the speech
signal is recorded, the system extracts acoustic features of the
input speech. And the system performs the Viterbi decoding
to find best alignment between input speech and the state
sequence of the reference phoneme HMMs. The procedure is
composed of forward computation of each frame and



backtracking. Although the algorithm seems complex, it
requires around 10MIPS of computation when optimized,
thus it can be employed in a real-time implementation using a
32-bit CPU.

We used 39-dimensional parameters as for the acoustic
features that are composed of 13 MFCC coefficients, where
the 13-th coefficient represents the log energy sum, and the
delta and the acceleration of each coefficient. The sampling
rate of input speech is 16 kHz and the parameters are
computed every 10ms with 30ms speech window. The
phoneme models used in the Viterbi decoding are context-
dependent HMM, and three states constitute a single phoneme
model. The models were trained with TIMIT corpus, and
parameter tying was applied in the training phase [6]. The
total number of Gaussian mixtures in the trained models was
about 4000.

2.2 Pitch extraction

The proposed system uses the pitch contour movement as the
intonational feature that was also used in the previous
research [3]. In order to extract the pitch contour, we
employed the open-loop pitch extractor adopted in the G.729
annex A CS-ACELP system [7]. The system does not require
a half step accuracy pitch detector because it only uses the
tendency of pitch contour movement as the intonational
feature. The pitch extractor was implemented with fixed point
arithmetic and sufficiently optimized that we could employ it
directly to our system. After obtaining the pitch values of a
syllable, a median smoothing filter is applied to rectify some
possible errors like pitch period doubling and halving.

2.3 Intonation assessment

The intonational quality assessment system produces the score
of a spoken sentence. It evaluates an intonation of speech in
two levels, sentence level and syllable level. In the sentence
level, we used the tendency of pitch contour movement as the
criterion of intonation score. The tonal contour type used in
the syllable level is the same as the previous research [3].

The scoring method was slightly changed from the
previous research. When we score the intonational quality,
we introduced a weight of each syllables. There are some
syllables pronounced carefully in the sentence but there also
exist syllables which are usually pronounced carelessly and
even omitted. The latter case often causes the phone
segmentation error which results in wrong representative
pitch value. To reduce the effect of these syllables, we
assigned different weights to the syllables in a sentence
during the construction of reference database. The other
procedures of the scoring are the same as the previous
research [3].

3 Real-time Implementation

The real-time constraints are important in portable systems
because of the lack of powerful CPUs’ and low-power
operation. The signal processing algorithms in this system
need to be implemented in fixed-point arithmetic and several
complex functions like logarithm should be converted to
some simple alternate procedures [8].

In addition, we reduced the response delay by computing
the pitch of the frame before the phoneme segmentation
process ends.
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Figure2: The block diagram of MFCC computation

3.1 Fixed-point implementation

In the proposed system, the MFCC feature extraction and the
log-likelihood computation in the Viterbi decoding require
fixed-point implementation. The open-loop pitch extractor
also requires fixed-point arithmetic, but we do not focus on
the pitch detector because we adopt it from the G.729 annex
A CS-ACELP system.

Figure 2 shows the block diagram of the MFCC
computation. Many signal processing kernels like FFT, IDCT
constitute the MFCC feature extraction.

We implemented 16 bit fixed point FFT. This results in
about 62dB of SNR for speech signal, while the 32 bit
implementation would yield about 130dB. It does not degrade
the performance of speech recognizer which uses this MFCC
routine as the feature extraction [9]. Besides, it runs much,
about 50%, faster than the 32 bit full precision
implementation. The main reason of speed-up is that the
ARM7 processor has a 32 x 8 multiplier.

The computation of logarithm was substituted by the table
lookup. We made five pre-computed log tables. Note that this
device has a DRAM. Each log table has the same number of
components but they have different cover ranges. Due to the
shape of logarithm function, the table that takes a large input
has a larger cover range. The table index corresponding to a
given input can be computed by subtraction and shifting. The
total size of five log tables used in our system is 10 KB.

The computation of cosine in the IDCT routine was also
implemented by the table lookup. The total table size for the
IDCT is about 500 byte.

3.2 Real-time considerations

The system computes the 13 MFCC coefficients every 10ms
and it can record the input speech using direct memory access
(DMA). Thus, we can simply compute the MFCC coefficients
of the frame while the system records the next frame. In this
case, the deadline of the MFCC computation becomes 10ms.
However, if we only compute the MFCC coefficients during
the record time we will waste much time because the MFCC
computation takes less than 10ms

Although we can compute the MFCC in real-time, the
delta and acceleration of the coefficients cannot be acquired
directly in this way because it depends on previous and future
coefficients. The delta computation of MFCC coefficients is
given by (1)

N N
d, = Lk =60 2K n

where N represents the delta window size.

In our system, we set the delta window size 2 so that the
MFCC coefficients of the previous two frames and the next
two frames are used to compute delta coefficients. In other
words, the MFCC coefficients of current frame affect the delta
computation of the previous two frames and the next two
frames. For example, after the MFCC coefficients of N-th
frame are computed, they contribute to the delta coefficients
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Figure 3: The circular buffer for the feature extractor
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of neighbor frames N-1, N-2, N+1, N+2, and the delta
coefficients of N-2 frame have complete value because MFCC
coefficients of future frames do not affects its value. In the
same way the acceleration coefficients of N-4 frame are
completed. This method was implemented in our system using
circular buffer that is shown in Fig. 3. We only have to
manage 7 buffers instead of storing the coefficients of all the
frames in non real-time case. When the MFCC coefficients of
N frame are computed, the feature parameters of N-4 frame
can be used for likelihood computation in the Viterbi
decoding phase.

In the Viterbi decoding, a back tracking process is used to
find the best path which has maximum likelihood. This
process must be done after all the frames are processed
because it requires the selected path of states in each frame.
This procedure cannot be performed in real-time but it does
not matter since the time delay owing to the backtracking is
very small.

In the previous system, we used the phoneme boundary to
select the frame sequence from which we extract pitch. Then
we computed pitch value of the selected frame sequence and
obtained the representative pitch value of the syllables using a
median filter. In this case the pitch extraction starts after the
speech input ends, and the computational overhead of pitch
extraction causes a considerable delay.

If we compute the pitch value for every frame, we can
acquire the representative pitch value of a syllable by simply
applying a median filter to the pre-computed pitch value of
the frames which belongs to the syllable. In this way we can
reduce the delay of the system because only the median
filtering is applied after the speech input ends. However, this
method produces unnecessary pitch computations for the
frames of consonant and silence region that are not used in
the later process. Thus we used a method to predict whether
the frame belongs to the vowel region or not and computed
the pitch value only for the frames predicted to belong to the
vowel.

Our prediction method is very simple. We exploited the
13-th MFCC coefficient that represents the sum of log energy
of the filter banks as a criterion. It can easily be exploited to
predict whether the frame belongs to vowel because the vowel
generally has a larger energy value when compared to that of
the consonant or silence. However, the prediction method is
too coarse that there exist some frames which belong to the
syllable but we do not pre-compute. The missing frames
should be recomputed when the phoneme segmentation is
completed. We set the threshold of the predictor to minimize
the missing frames in spite of the increase of the pre-
computed frames. In this way, we could reduce the
unnecessary computation.
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Figure 4: The flow graph of the modified system

Fig. 4 shows the modified flow graph of the system. The
maximum execution time for processing one frame occurs
when the predictor decides to extract pitch from the frame. To
be implemented in real-time, it should be smaller than 10ms.

4 Performance Evaluation

We tested our system on 14 sentences, spoken by 10 speakers.
Table 1 shows the reliability of the phoneme segmentation
results. We classified the results into three cases. The good
case represents that all the phonemes are located without any
severe errors. The moderate case means one severe or several
slight errors occurred but they almost do not affect the
assessment process. In the poor case, several phoneme
segmentation errors that result in wrong representative pitch
value occurred. In this system, we applied 39-dimensional
MFCC feature and context-dependent HMM instead of LPCC
and the context-independent HMM applied in the previous
research. As a result, this system performs better than the
previous research.

For the verification of real-time implementation, we
employed the ARM Instruction Simulator supplied with the
ARM Developer Suite [10]. Table 2 shows the number of
instructions for processing one frame. As shown in Table 2,
the kernel of our algorithm requires 30MIPS system at least to
be executed in 10ms. With the help of cache in our system,
this system runs real-time on 60MHz clock frequency.

We also verified the performance of the prediction
method applied to select the frames which should be pre-
computed. We counted the number of frames from which we
actually extract pitch by pre-computing or post-computing on
the missing frames. Then, we compare it with the number of
frames needed to obtain the representative pitch value of the
syllables.

In our experiment, we extracted pitch value for the 53%
of the total frames but we used the 52% of the computed
frames to obtain the representative pitch values. The 92% of
the used frames are pre-computed.



Figure 5: The picture of the implemented system

Table I: The reliability of the phoneme segmentation

Good Moderate Poor

Percentage (%) 84 12 4

Table 2: The number of instructions used for processing

one frame
Instruction Percentage
Feature Extraction 112341 37%
Viterbi Forward 80954 27%
Pitch Extraction 107045 36%
Total 300340 100%

We can further reduce the unnecessary computation if we
adopt more elegant prediction method. However, the
complicated prediction method is not appropriate because the
prediction process resides in the main kernel of the algorithm
that has a deadline due to the real-time constraint. Moreover,
the main reason of the unnecessary computation is that we set
the prediction threshold to reduce the post-computation as
much as possible.

5 Concluding Remarks

In this paper, we developed an improved intonational quality
assessment system using the Viterbi algorithm for the
phoneme segmentation, and implemented it on a handheld
device based on ARM7 32-bit RISC embedded processor.
The system assesses the intonational quality with the tendency
of pitch movement and the tonal type of the syllables. For a
real-time implementation, we applied the fixed point
arithmetic for the signal processing algorithms. It has been
shown that the implemented system is quite useful in
practicing correct intonation for foreign language learning.
Since the system has many common features with an
automatic speech recognizer, we are planning to expand the
system to evaluate the pronunciation as well as the intonation.
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