ol odlaiawl b (sw)Hd (slgT  Salivis 3L

Siwyaa sld gy 9 Si900 sl Yo bk

oHac SBaSub 3 ise ilegis

¥ losiw 0,0 odam « | * alosiw (e s Loy @il
Ol Ol S el aio oKl ( Sy owdigee 5Kl T2
lrl il oodl ol3T olKitils ol s (S pole il 0uSiails ¢ Sibjy owidiges 09,5 ©

ouuS>

4 35 05 b ladl g oad 29398 CS Gy pé O jgody HhS UK 10 Sledlbl 45 aad o Gl (6,iS sl iulosT 5 nlgd
Slal ol Lilobe <y iRy ol 5o Liwly (2l 53 S wlidjl 1) HLiS palie & ygoar sl jo6 o OSB! 5 15
oupeli Fgo Sl ly (2195 ol ol oud &1yl (g (slyzmo 3 SleMbly (g pglin (wlidl 35 35 505 » (v (o
Al S 4y g oud bl (F g canlio s sl dcgemme S (o)l (b HLES JUSw (gl sl joliie (py Wigd o0
20T Ghigel Bgmds 9 Juo HLis b 30 (Flymadi (F g0 s s wlegd Bio jgliinds s wiload 031 5ij90] Guns (cmac
S wz oS0l HLSle G 5l pgs Tab 53 g Wllue (mae ASGD S 3l Jsl gub 50wl ol planil alise b ke
Ol Y 50 (AL JUaST SQ 5l j paww Tk 50 Cowl sl ooliinl (g s pSlh Olegd hS pd silwplme ol
awlgdl wlegd Jals gly Guoe Hloodle all 5 (oo JLsle SO 5l o5k Tib 50 9 69939 il lp Al
bl il s 9 cawl ouds plil "l 8" oyl g, LaS plfolaa.:g.o.?u 89y Lbd;.llnﬂ Alio cpl 5o ccawl ool colisw!
Sl ol Blesy LY g5y b gl omae A o Al b5g0] Jio o1yt ol ol (3,155 I5T (ol il gl @ yq0a
@ olegld GVl gkl 5 eolitul cpuizzen sl Cawdds o yd YIIVE iy 3051 (Bols g9y ;s b ol gl (owliis3b

ol 0018 SRS oy VY g o[FY o/ OA o/ ¥ Gl yob a1y 19T bt )b las o

(b5 el GVl gl (bl jb Gans (5750 (g0 s AL gl (ol s gulS HS5lg

Persian Phone Recognition Using Acoustic Landmarks
and Neural Network-based variability
compensation methods
Shaghayegh Reza!, Seyyed Ali Seyyedsalehi2” Seyyede Zohre Seyyedsalehi?

12 Bjomedical Engineering Faculty, Amirkabir University of Technology, Tehran, Iran.

3 Department of Biomedical Engineering, Faculty of Health, Tehran Medical sciences,
Islamic Azad, University, Tehran, Iran

[ Downloaded from jsdp.rcisp.ac.ir on 2026-07-01 ]

Abstract

Speech recognition is a subfield of artificial intelligence that develops technologies to convert speech
utterance into transcription. So far, various methods such as hidden Markov models and artificial
neural networks have been used to develop speech recognition systems. In most of these systems, the
speech signal frames are processed uniformly, while the information is not evenly distributed in all of
them. Auditory experiments have also shown that the human brain pays more attention to information-
rich areas. By focusing on these areas instead of uniform processing, the brain can more robustly
recognize speech in intrinsic and environmental speech variations such as speaker and noise. In
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contrast, the performance of most speech recognition systems degrades dramatically in these conditions.
Therefore, to boost speech recognition systems' robustness, some researchers have focused on
developing speech recognition systems by modeling these informative parts of the speech signal named
landmarks. Similarly, in this article, we implemented a landmark-based system to obtain a robust
Persian speech recognition system inspired by human brain perception. We also conducted neural
networks-based variation compensation methods to boost its performance.

In this article, acoustic landmarks are classified into two categories of events and states with the
following definitions. Events are defined as areas of the speech signal in which the spectral
characteristics change drastically while their length does not change a lot. The transition areas between
some adjacent pairs of phones (phones' borders) are primarily selected as events. States are also defined
as areas of the speech signal that spectral characteristics do not change significantly. Here the nuclei of
phones are considered as the states. Previous research, linguistic sources, and implementation results
have been used to determine the Persian language's appropriate landmarks. Finally, a set of 313
landmarks was selected and used in our acoustic landmarks-based phone recognition system .

The neural network structure used to recognize acoustic landmarks is a feed-forward fully connected
structure with ReLU function in its hidden layers and a linear function in its final layer. The number of
layers and neurons of this structure has been determined experimentally. The best structure is
composed of 5 fully connected layers with 1000 neurons per layer. In this study, instead of considering
313 neurons to express each of the 313 landmarks, a heuristic labeling method is used to reduce the
number of output neurons and utilize the shared information between the landmarks. The landmark
recognition model slides on the speech feature sequence in the test phase to produce the output
landmark sequence. Finally, to convert the obtained landmark sequence to a phone sequence, three rule-
based post-processing steps are performed .

Variabilities are among the essential quality degradation sources in speech recognition; therefore, we
proposed two approaches to reduce them and boost phone recognition quality in our landmark-based
system. To this aim, we have utilized the nonlinear filtering characteristic of neural networks by
implementing four neural network schemes. In scheme 1, a feed-forward neural network is first trained
to map training landmarks to their corresponding well-recognized samples. Then this structure can act
as a nonlinear filter before the landmark recognition block. In scheme 2, a unified structure is
simultaneously trained to learn landmark labels and the filtering part. In both of these schemes, we used
a recursive loop to increase the chance of attractor manipulation in the structures. In scheme 3, a
recursive loop is added to one hidden layer. This loop acts as an input variability simulator and forces
the network to recognize the input data and its variations correctly. Finally, in scheme four, a deep
attractor neural network-based structure is proposed to shape the structure’s hidden layer components
so that it can compensate for variabilities.

The experiments are implemented on a Persian database named Farsdat, and the results are reported
using phone error rate (PER) criteria. From every 25-millisecond speech frame, an acoustic feature
called LHCB is extracted and combined with delta and delta-delta features of that frame. Every frame's
features are concatenated with fourteen adjacent frames and are finally fed to our neural network-based
landmark extraction model. The best-trained model obtained the PER of 21.74% on test data. Using
scheme one to four, we achieved an absolute PER decrease by 0.39, 0.58, 0.43 and 1.30 percent,
respectively. Comparing our landmark-based system's performance with other Persian phone
recognition systems shows that this method could perform efficiently as a Persian phone recognition
system .

In our future works, we intend to compare our acoustic-based phone recognition system's performance
with conventional methods such as CTC in noisy conditions. Besides, it seems that acoustic landmarks
can be used to create an alignment of the input speech sequence and the output transcription. Therefore,
we will present a combination of CTC-based methods and acoustic landmarks to utilize acoustic
landmarks' complementary information. This information might boost the performance and speed of
CTC-based speech recognition methods, particularly in low resource languages.

Keywords: Phone Recognition, Acoustic Landmarks, Deep Learning, Robust Recognition, Nonlinear
Filtering.
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(Figure-2): An example of acoustic landmarks in a speech
signal segment [22].
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Algorithm-1: Decision making method of
each frame’s landmark type.

o f max(ON) = max(SN) & max(SN) > thrl
Then:  ‘s’: the frame is a state

e else if max(ON) = max{EN} & max(El) &
max(E2)>thr2
Then: ‘¢’: the frame is an event

o else: ‘n’: the frame is not a landmark
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(Figure-5): Output neurons representing
acoustic landmarks.
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(Figure-6): Neural network model for acoustic
landmark recognition.
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Algorithm-2: Acoustic landmarks’ information combination
method to transform a landmark
sequence to a phone sequence.

o if L(i-1)="s’ & (P(i)=P(i-1) or P(i-1)=""")

______ or
: i e if L(i+1)=s’ & P(i)=P(i+1)
E state pf or > P(i)
: i| e if L(i-1)="e’ & (P(i)=P2(i-1) or P2(i-1)="")
or

o if L(i+1)="e’ & P(i)=P1(i+1)

o if L(i-1)="s’ & (P1(i)=P(i-1) or P(i-1)=""")
or 10
o if L(i-1) = e’ & ( P1())=P2(i-1) or P2(i-1)=""")

o if L(i+1)=’s" & P2(i)=P(i+1) _
or H» P2(i)
e if L(itl)="e’ & P2(i)=PI1(i+1)
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(Figure-9): Scheme 2- Learning landmark labels and
landmark variability compensation in a unified model.
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(Figure-8): Scheme 1- Landmark variabilty compensation
method using a DAN structure.
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(Figure-9): Structure of the recurrent neural network with
the recurrent connection to the hidden layer [17].

DANN Lslow jl colaiw! o,k z,b -0-Y-F

Sl Ol gloaY gadlge (B3 JSS sl2

olegd gilwol e

3lpgs g Cendt Sleg ilwpl e slag,b 5
E55 shlo gladises GoloGgm sy aie slogals
o ool s owliil LB g o slaaiges 4
3 e ai lo s ls b ol S 4 jsboles
Sl 5l ool ol Uy (g5wiy) s slog b Jlasl
29 Nebow gl (Goo slagasls Wlidsl
() s AL LS (o0 (6t 293 9 S slagb
Se sloaly Gldsl As oS cl )3 b,
Ty oS ol 5 35 p90 5 et Slagyb o
Sl g oudins 5l A Fo laaS Lo
ool sl p)laz b o oadiol JSie 88, gl e
(DANN) 33l Gros cas oAl 1 snip s
el oo oolizl

&llos s [¥V] )5 lau DANN slaas—s
5 Gssmel o 5 50 jskiie oy b sletiy SaLS
sl et 2lil Ol &Y Sl eadzl Sl laadse
ol (il 05 b oe (6 S lagie oainsS e S0l
D9t ge 4185 i o (BansS Qi s bagie
4y L g el O3l aulas E0ls alols s

OBOuss Wa ez 3l 2 5l (690 5 (S

OF ool F 5yl 1P+ Jlu

Srasley

©Oygmods 90 Tk )3 (St (nl @8, Sl WSS e
O3Sk g Soe el (bl (lejes
o sss g bl (Sge aSlh e peite sladiges
IS )0 0ghon dinr w2 b (ooliBil 5 bl
o=l i jebay cowloads cols isled )b )l
Crblé sloml (gl (iS5 Jlasl I Gl 5 b

2,5 ool Jue Htale yo Sl

39 S 3l JLait 31 oolii! o gus & yb —B-F-¥
Olegd Gilmwpla ¢l olany slaay
S99
9 S gy IS o (V- S o 25k 50
3 S oollae (Sgo slaatlh (resd 4 3l oo
S glei Y wix b S o (iS5l Jlail 5k ol
a8 il coge Jlasl cpl o Slee g 095 oo Jloc!
Ol eolaiwl g s o (699,5 Dlegl 4y Cunglie
Sgdie LSols oo Slay ol [Y8] o lasl sVl
i g ol L osnl (s 0 3leiidn (63959
0ols Sgrgy LS 5l adgs B> sl VY] jo ol B0
P93 il rass (slp 990y @ 5 [V 0] o g 0

28, )5 gy

4 — — — —

NENENE NN

F 9o SUeas i oz
OYlail 3l eolasw! — g 3lwyl e ¥z b 1(Ve- JS)
69959 Wlegd Gilwpl e sln pledy gy Ho (iS5
(Figure-10): Scheme 3- Using recurrent

connections in hidden layers to compensate input
variabilities.

S Al Sy e a5l Jlast ppl o ySles g
Juail ol i (aled LV ST 0 ol 40V
Jlail ol ccwl oads ools iulad ool 5L & jg0ay
S an ]y sanaib 65k galine @dly o iS5k
62959 &3l g omainb el 6 S0l (el
S (oo oo
o DY 5o (e85l Jlasl cnl s 8926 L3>
YLl ol pded (goguds 4 dzgi bl 0l oold


http://dx.doi.org/10.61186/jsdp.19.4.173
https://jsdp.rcisp.ac.ir/article-1-1172-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-07-01 ]

[ DOI: 10.61186/jsdp.19.4.173]

6‘)—.’ (hi*) w/JGL«.«.A LM.Q) S U”L“‘ ‘_gLQA_éJ;,c
S8 eolail 0590 le oY sloadlie oo G

25 5

W g gilwesly -F

ol —#-)
6,kaS Bols llde ol o oolazwl 5,50 BEols
oot Yo F Glls ols cpl .l "o, 8" )8
Slader S ouinsS ;o Canl Dglite Aoz YA
Gle Glls SBUI o ke ddz g0y 1) Sz oy
D] e iloalgs o) S0ty g Sg—o
DV alce ooyl g dnwgs o ije—l ol elsacgozms
Gozod LSl ol .ar Wl ¥e g0 YYF o ga
dod ;0 S yde ez 90 5l jf 4 aS Sl ouds Sl

sl anslas 6,50 alie S (Bas S

N
o=l 5o o )as Bl sl easzl el sl S

ools olas [Y] jo .ol LHCB? b sla S5 callie
—ae seaSb 4 (sl lp b Shy cnl 45 ol
@S R0 Joone sla Shs 5l solass an Cons
W-USCo o Lo Sy o=l glpel 890 0)ls (55

ol 00 00l UL.M.:

€ J;f__' 9 fod Olgf dalza o kb 53l Jlea! s
olig o) i b e 5 Kk
fg-_ Iy

L¥I LHCB gl 5l gy 1 (1¥- i)
(Figure-13): LHCB extraction method [3].
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(Figure-12): Scheme 4- Shaping hidden layers
components to compensate variabilities.
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