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Abstract- The majority of farmers in developing countries are unable to reach farming informgy d
knowledge, and so they often rely on rudimentary methods. To enhance the agricultut and
productivity, one must ensure the flow of information to farmers; that is to bridge an agri 1 info
channel to farmers effectively. In this work, we move on to build an agricultural IVR systdfg wit\a mission
of providing agricultural info services to the farmers. However, since the underlying t Jues resort to
statistical approaches, a large amount of training material is demanded to reach a Mable level of
performance, especially on a new applied domain. Unfortunately, the required develop such
corpora is both costly and time consuming, and large scale acquisition campai ht not be feasible.
Under these restricted circumstances, subspace Gaussian mixture models an T, er synthesis are the
keys to build ASR and TTS components of an IVR system. Experimental results co{ffm the hypothesis with

3.43% winning over conventional methods in an application of agricultur‘a@sbn.
I. Introduction \

The telephone — whether landline or mobile — is often the hand ser-friendliest access device. As a
result, people can increase access to their business services an lications by existing speech-enabling
applications [1]. With the support achieved from spoken, lqngyage processing (SLP) techniques, these
applications can be promoted into a new type of humane ction: interactive voice response (IVR) [1].
Users can interact with an IVR system (technically oice server”) as if it were a conversational
partner.

However, telephone-based interactions pose seve’&esearch challenges [2]. For example, telephone speech
is often hard to recognize and understand the reduced channel bandwidth and the presence of noise.
In addition, voice-based interaction reliesgnWnly the human auditory channel to receive the information,
and thus potentially increases the co@ load. Furthermore, real-time performance is necessary, since
prolonged delay over the phone e e annoying to users and render the system unusable.

Voice Server has been insensyaely researched for a long time. In 1997, Victor Zue et al [2] had begun to
develop JUPITER, a conver, interface that allows users to access and receive on-line weather forecast
information for over 5 @worldwide over the phone. In addition, IBM [1] has successfully developed an
enterprise speech s@ , named IBM WebSphere Voice Server, which provides voice-enabled

applications to gi customers, employees and suppliers more flexible access to information and

services. In Vie urrent services provided by the contact centers are mostly under-run by manpower
or through protocol. In 2010, R&D group from AlLab has proposed a Vietnamese spoken dialog
system fo nquiry of stock information over the phone with the best accurate rate of 87.3% [3].

Howev e%System was just built to process only stock ticker symbols and users were not required to
spe rally. Since then there was no application of voice server in the Vietnamese industries, and its

is still on hung,

O
Qeanwhile, in developing countries, nearly 1.5 billion people live without electricity [13] and 752 million are
iterate [14] - two constraints that make accessing information challenging. To exacerbate this problem,
the majority of these people live in rural areas [13], which are often hard to reach because of inadequate
roads. Information about farming techniques is particularly important because agriculture is a major source
of livelihood for most rural people though they often rely on rudimentary methods [15]. To enhance the
agricultural life, one must ensure the flow of information to farmers; that is to bridge an agricultural info
channel to farmers effectively. Putting on this mission, we have the statement of agricultural extension [16].
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Conventional approaches for agricultural extension, like extension workers and infomediaries, serve their
roles well. But the current trend of ICT services is rising and proven to be more efficient [15]. As SLP
technologies advance, the IVR systems are greatly enhanced, allowing for natural speaking style, domain
adaptability, and robust speech recognition [g]. Thus, taking the ripe fruit, we brought our IVR framework
to provide an automated information channel for agricultural extension - that is, an automatic call-center
answering questions on farming techniques. Figure 1 illustrates a typical dialog session between a farmer
and the system. With the agriculture domain, its ASR engine needs to be rebuilt in order to maintai
sustainable recognition performance. This involves in collecting corpora for the applied domain a
adjusting the models. However, after all the hard tasks, recognition accuracy only satisfies a feasibl Veb
errors remain quite high. The problem originates from the amount of training/adapting data avail%
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Insufficient data would definitel ﬁthe degradation of ASR performance. In popular languages like
English and Mandarin, there gxis e amount of speech corpus resources for system development. But
for many dialectical varia nd languages such as Malay or Vietnamese, this is not the case.
Unfortunately, the requi rt to develop speech corpora is both costly and time consuming.
Furthermore, large sc sition campaigns are simply not feasible. These languages are referred to by
the term “under-reso anguages” [7]. Amongst state-of-the-art techniques, Subspace Gaussian Mixture

Model [u] has p be effective against under-resourced circumstances. Thus we resort to its
mechanism for g the IVR system’s ASR component, targeting on agricultural extension service. This
paper focu ning the work of [g], altering its ASR and TTS engines to comply with the under-
resourced Wion. Section II presents the system architecture and its components, while Section III gives

experim§Nl Tesults. Finally, Section IV concludes the paper.
O II. The IVR System and its Components

is section describes the Agricultural IVR system. It is responsible for answering incoming calls of a
pecific agricultural query. Figure 2 illustrates the four main modules composing the system: an Asterisk
PBX Server, a speech recognizer, a speech synthesizer, and a dialog manager. The Asterisk server manages
telephone signal transmissions between users and the system over PSTN network, while dialog manager
executes the tasks of query and processing information. Both the speech recognizer and synthesizer operate
as a communication layer by dealing with speech-to-text conversions and vice versa. Incoming queries will
then be interpreted and responded appropriately.
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Each of the following subsection will describe the system’s components and their underlying technologies.
A. Asterisk

Asterisk is a free software implementation for telephone private branch exchange that transforms a
computer into a communication server and can be used as a telephony engine and application toolkit. It is

also a framework that allows selection and removal of particular modules, allowing us to create a cus@rQ
telephony system [4]. Asterisk’s well-thought-out architecture gives flexibility for creating custom modu

that extend our phone system, or even serve as drop-in replacements for the default modules. risk
flexibility allows it to be deployed as PBX, VoIP, IVR as well as Voice Mail system [5]. A PBX is A%m
which allows one telephone to make connection with other telephone and telephone services. % y, it
can interoperate with almost all-standards-based telephony equipment using comparatj ely{e ensive
hardware which makes it easier to connect with traditional telephony network as well %us computer
networks. This way, Asterisk PBX server can be added with a couple of new functg@iNMes. The new
functionalities can be added by writing dial plan scripts in some Asterisk's own extegi anguages or by
including custom loadable modules written in C or by implementing the Asteris ay Interface (AGI)
programs using any programming language like Perl, python, shell scripts, et® d6J® Figure 3 depicts the

Asterisk architecture. Q .
-

The heart of any Asterisk system is the PBX core. It is the essential & nt that takes care of bridging
®

calls. The core also takes care of other items like codec translator, s er and [/O manager, application,
and other modules.

B. Speech Rec%er,

To cope with the problem of limited training data, S act Gaussian Mixture Model (SGMM) acoustic
modeling techniques [1] are used. In contrast to the pproaches that deploy a set of universal phones
to cover multiple languages, the approach of SG ses distinct phone sets but shares a large amount of
parameters across languages. In SGMM, HMM-st™s’ feature distributions are Gaussian Mixture Models
(GMMs) with a common structure, const to lie in a subspace of the total parameter space. The
parameters that define this subspace can &g sMyred across languages/domains. Formally defined, the feature
distribution of a HMM-state j is given 1@

&KP(X|J.):ZI:WJ¢N(X;IUJ¢>ZL') )
i > i1

(@nd N(x; i, ) is the Gaussian function. This might look a little similar to the
conventional GMM, gver, the difference lies in the way of representing mixtures. An intuitive
illustration for bo Otels can be seen in Figure 4. For SGMM, a particular state j is associated with a
vector v; whic ines the means and weights as follows:

Q\ My =My, (2) W= IeXp Wi, G)
Ji
$ > expwyv,

i=1

where x is the feature ™

e M; and w; are shared across all state distributions. In addition, the covariance matrices }; are globally
ared as well. Together, M;, w; and ; form the set of globally shared parameters, as opposed to the state-
specific vectors v;.
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Figure 4. HMM structures. Figure 5. SGMM with s atQs.

To achieve a balance between the amount of shared and state-specific parameter tion of a “sub-
state” [1] was introduced. Instead of just one state-vector, the feature distri S%br a state can be
represented by a mixture of M vectors, each with its own weight c. Figure 5 giv learer picture on this
notion. In this case, the feature distribution of a state j is given by:

0\‘ ’ ¢
p()”j):Z]ijZijiN(X;/ujmi’Zi) &

m=1

My =My, (5)

Utilizing SGMM, one can deal with the problem o jted training data for under-resourced condition.
Indeed, the set of globally shared parameters {N i} can be trained on out-of-domain data, while the
state-specific vectors {v;} can be trained on a limite®amount of in-domain data. In the experiments for this
paper, broadcast news and agricultural tel are selected as the targets for well-resourced and under-
resourced domain respectively (i.e., the [Mga®east news corpus serves as the out-of-domain data and the

agricultural telephony corpus serves @ ~domain data).
{ C. Speech Synthesizer

advantage of naturalng elligibility, but suffers from the oversize database (i.e., more than 4 GB/40h
duration) and therefoy®Ng®™of portability and dialect variations. In cases of under-resourced conditions,
5 ech are unaffordable, let alone 40h/4GB. Building a corpus-based TTS engine

Corpus
Text analysis
HMM set
- Vocoder synthesis /\\ /_\ A
Start ) State 1 < End
"

: —
Training phase i Synthesis phase

Figure 6. HMM-based speech synthesis. Figure 7. Keyword spotting FSM.

The original work [9] emgl OS’s corpus-based version [8] to power its TTS engine. This has the

Acoustic
Models

Complying with the condition, we adapt the TTS core to parametric synthesis - the HMM-based synthesis
[12] which has the advantages of lightweight storage and smooth prosody. Figure 6 gives an outline view on
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the TTS flow. Required data can be as low as 45 minutes of speech and highly natural voice could be
achieved at ~2 hour level. Sample speech for training the models was collected from three candidate
speakers of Saigon, Hue, and Hanoi dialects, providing 3 different voices for user options - the first
Vietnamese TTS system to be capable of.

D. Dialog Manager

Acting as the brain of an IVR system, dialog manager controls the calling sessions. A preset communicat¥
script is enforced on each session. It starts with a welcome message and waits for user response. Users v;&
ask an agricultural question in a very natural sense. The dialog manager is bound to find out and spe (6.3
an appropriate answer. Users could also choose to ask another question from this step until is

confirmed. K

In contrast to voice commands by keywords, our system provides a flexible means for vo unication
by natural language interaction. One can ask a question as they would do to a person, ing something
such as "What is borer?” or "How can I fight locust?" or simply "The ravage of bore e dialog manager
will fetch back the appropriate answer. To achieve this goal, a keyword spotting ism is proposed to
pick out important terms from a complete sentence. Let A be the set of agricultufe# keywords and B stand

for the set of grammar terms. The finite state machine (FSM) depicted ® 7 is used to render the
keyword spotting functionality. In this sequence, agricultural ter lways required for queries
while grammar terms (B) are optional and can be disposed of. If the % tate is not reached, a null query
will be assumed.
III. Experimengs @
.

This Section focuses on the evaluations of the ASR engi online trial, and runtime response. All of

them are conducted on the dataset described below.

A.

TARG L Speech Corpora
Coy& Duration | #Speakers
‘ S’ N
27 hours 18
AgriculrdNTelephony (AT) | 7.2 hours 62
A J

We first collect the agricul telephony speech corpus from 62 speakers of Mekong Delta which

ts

represent for the farmer cts. Total duration is roughly 7.2 hours with a vocabulary size of 103 words
(including keywords,a r terms and confirmation words) several of which are listed in Table II. Next,
we compile it toge the VOH corpus to evaluate the recognizer. Both corpora are converted to an
identical forma KHz, 16 bits, mono. They are further parameterized into 12-dimensional MFCC,
energy, plu a and acceleration (39 length front-end parameters).
Q TABLEIL Lexicon Samples
$ bac mau | chiu | chdu | cubn
O la chdy | vang | ing | gibng
nhiém | khudn | lam | dong | ngap
trang | sau | d6m | vong | than
cho w ok toi hay
sai ding | roi | vang | khong
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The corpora (shown in Table I) are then divided into subsets for training and testing 2 target ASR engines
(i.e., the baseline and SGMM systems). Table III summarizes the training and test sets devised for

experiments.
TABLE IIL Training and Test sets
Training Test
hours corpora hours | Corpora i Q
Baseline | 6.2 | 6.2h Agriculture (AT) 1 1th AT \
SGMM 33.2 27h VOH + 6.2h AT 1 1th AT

Language models (trigrams) for the recognizers are built by interpolating individual mo els&% from
the Web text corpus and the training data’s transcriptions.

B. Transcription Evaluation

TABLE IV. Transcription performances %

Baseline | SGMM .
%WAR | 90.26% | 93.04% ‘\\Q
In this experiment, the recognizers are evaluated on the task of sMe¢edh transcription. Performances are

reported for two different systems: baseline and SGMM. The base ecognizers are based on conventional
3-state left-to-right HMM triphone models, with 18 Gauss§ ns per state. The SGMM system’s shared

. . * . .
parameters are estimated using data from both VOH , while the state-specific parameters are
trained on AT data only. An SGMM configuration wi shared Gaussian components (I = 400), 40-
dimensional state-vectors and 12 sub-states per state

Table IV summarizes the performances of the nizers. Using SGMM, an absolute improvement of
2.78% WAR over the baseline is achieved. Tlgesults confirm the benefit of SGMM in taking advantage of
resources in other domains whenever onl aMl amount of training data is available.

IVR Online Trial
For online trials, the whole I s% was deployed in a real data center which connected to a telephone
network. Users use their mo hone to dial the system number and interact with our voice server. We
ask 30 volunteers each to calling attempts separately. That means users don’t need to get used to
the system and they Q) to speak whatever they want in terms of agricultural query. Each calling
session is processed @ h ASR engines (i.e., baseline and SGMM) simultaneously. Results, in accuracy
rates, can be seen {§ gure 8.

As expecte @M gains the upper hand over the baseline, but subdued to its own transcription

perform r losing utterance constraints in online trials, the score decreased approximately 2.62%
when go red to transcription tests. However, the average WAR of 90.42% in the online trial indicates
that: oposed system could be an effective call center for agricultural extension services.

QO D. Runtime response

s an agricultural extension service, its response time is crucial. In order to be deployed, response timing
must be real-time equivalent or even better. This experiment measures the running time for each
communication session, including both ASR and TTS computations. The same 30 volunteers who
participated in the online trials are asked to communicate with the server using random utterances.
Processing durations are logged and an average response time of 2.349 seconds can be derived. Figure 9
plots the timing performances of the first 5o loops.
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IV. Conclusion

run low on corpora, SGMM-based ASR and HMM-based TTS techniques ways there for us.
Experimental results did confirm the hypothesis.
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