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A B S T R A C T   

A child suffering from specific language impairment (SLI) or developmental dysphasia (DD) has delayed speech 
and disordered language development with no apparent reason. Unlike existing methods that use only acoustic 
features for screening, a new approach is proposed where the texture present in the pathological speech signal is 
captured by local binary patterns (LBP) from the joint time-frequency representation. The LBP extracts the latent 
information present in the temporal domain which is generally not captured by the standard audio features. 
Experiments were performed on a database having 4214 utterances from 44 healthy and 54 SLI subjects. 
Experimental results indicate that with the proposed system the classification accuracy rate of the system has 
been improved up to 13.1% if the LBP features are fused along with the traditional features with a highest 
average accuracy rate of 97.36% when a 5-fold cross validation is done.   

1. Introduction 

For children the oral communication is the easiest and most efficient 
way to communicate with their parents, guardian, and friends. Almost 
5% to 7% [1] of the children in kindergarten are reported with specific 
language impairment (SLI) [2], [3]. SLI (or DD in Czech language [4]) is 
a language learning disability that results in the delayed speech or 
sometimes disordered speech without any relevant reason. Children 
with SLI do not have a rich vocabulary. They have problems in making 
meaningful sentences with correct word order, difficult to learn new 
words and do grammatical mistakes very often while speaking [5], [6]. 
It is also a known fact that boys are more affected by SLI than girls [7]. 

The disorder may occur in spoken language or in speech reception 
that means SLI could be expressive or receptive. The SLI is present 
generally in the absence of other impairments such as defects of hearing, 
emotional or social problems and brain trauma [8], [9]. The exact cause 
of SLI is still unknown, but there is a strong genetic link to the evolution 
of the disorder. 

The ideal time for diagnosing SLI is from 3 to 4 years [10] of age 
because speech development takes place from 2 years of age to pre-
school age [5]. A speech and language pathologist (SLP) performs 
several tests such as picture pointing, interaction between child and 
puppets/toys, story-telling, clinical evaluation of language 

fundamentals (CELP), grammar and phonology (GAP) screening, and 
provide scores on the basis of child’s response. The SLPs looks for the 
vowel orientation in the formant space called as vowel triangle to 
initially screen the speech disorders from healthy speech [11]. A healthy 
utterance has a perfect triangular shape of vowels in frequency space 
while a SLI utterance will have distorted shape of vowel space. After this 
initial screening, the glides, consonants [12] and syllables are analyzed 
to understand the severity of SLI. Hence, in the proposed work, the 
classification is done using vowels, consonants and 1-,2-, and 3-syllable 
isolated words. 

The standard clinical methods available for diagnosing SLI in chil-
dren are comprehensive in nature and dependent on the scores given by 
SLP. While diagnosing, a child’s behaviour/speech shows variation if the 
test is conducted at home or at clinic in front of parents or in the absence 
of parents [9,13]. 

Many cases have been reported with misdiagnosis of SLI in children. 
Specially, in countries such as USA, Canada, Australia and UK where lots 
of immigrants come every year, the immigrant children learning English 
as their second language makes language mistakes similar to the chil-
dren with SLI and misdiagnosed [6], [14], [15]. Hence, there is a need of 
a computer-aided system that minimize the human intervention and 
robust to the examination conditions. Such a method would be objective 
in nature, and likely to provide more accurate and stable results. 
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The proposed work is one of the first works in which a rigorous 
analysis of audio textures from pathological utterances has been done to 
screen SLI in young children. The textural information present in the 
pathological utterances is captured by LBP which is extracted from joint 
time-frequency representation. Acoustic features like MFCC, LPC, en-
velope modulation spectra (EMS) [16] etc. are also extracted for analysis 
and classification. This local pattern [17] tracks the latent information 
which is normally ignored by the acoustic features. The EMS features 
trace the slow amplitude modulations in the speech signals. It also de-
termines the distribution of the energy through the signal. EMS is widely 
used to analyse the pathological speech [18]. 

The main contribution of the proposed work lies in the fact that the 
LBP features describe the joint time-frequency representation texture, 
and extracts the relevant local features which characterize the speech 
dynamics. By adding these LBP features the classification accuracy is 
boosted up by a significant number. Second main contribution of the 
paper is the age wise analysis of the SLI speech where the classification 
of SLI and healthy speech is done on the basis of different vocabulary 
sets. Because, SLI is a developing disorder, it becomes important to 
analyze SLI speech according to the various age groups. Another 
contribution of the paper is the classification done for various vocabu-
lary sets. By understanding the vowels, consonants and syllables spoken 
by a person, the intelligibility of the speech could be estimated by SLPs. 

This proposed computer based method minimizes the role of a 
speech and language pathologist, and hence reduces the variance in 
scores. Another contribution of the proposed system is the robustness 
test to environmental conditions, and checking independence of the 
system to gender and speaker variations. 

Some preliminary work has been done in this area by several re-
searchers. In [19], authors have employed MFCCs, PCA and 
self-organizing maps to diagnose SLI. But the study has been done on 
vowel space only and reported the correlation between healthy and 
patients. In [20] only the analysis of SLI speech is done using traditional 
acoustic features such as formants, perceptual linear predictors and 
dynamic time wrapping features. In [21] the EMS features are taken into 
account, but the analysis is done on the isolated words and the accuracy 
rate of 89% is achieved. In [20], an additional clinical method is dis-
cussed that work on real-time speech and an accuracy rate of 94% is 
reported in this work. The parameters like number of pauses, articula-
tion rate, duration of words etc. is calculated to rate severity of speech. 
The clinical methods used are generic and no age-wise analysis has been 
done. Hence, there is a scope for improvement in this area, and more 
work can be done to automate the screening of SLI. 

The rest of the paper is organized as follows: Section 2 gives an 
overview of the database and some preliminary work. Section 3 explains 
the methodology adopted. Section 4 covers the experimental results. 
Section 5 discusses the advantages and short comings of the proposed 
method. The last section provides conclusions of this work, and some 
directions for future work. 

2. Database used 

The audio clips from Laboratory of Artificial Neural Network Ap-
plications (LANNA) database is used in this research [22], [23]. The 
recordings of all the children (healthy and SLI) was recorded in the 
speech therapist’s office in standard recording conditions with no 
background noise. All the recordings were standardized in terms of 
equipment and pre-processing. The database is recorded by lapel 
microphone SHURE with a sampling frequency of 44.1 kHz and with 16 
bit resolution in mono mode. The utterances in the database was sug-
gested by clinical psychologists and speech therapists from Motol Uni-
versity Hospital. During pre-processing, the unwanted sound utterances 
of the therapist and staff have been omitted by using the Cool Edit Pro 2 
software. The audio clips are recorded from 6 to 12 years Czech speaking 
children. The LANNA database has 4214 utterances in total from 44 
healthy subject and 54 SLI speakers. There are 1892 utterances of 

healthy speech and 2322 utterances of SLI speech. The database is un-
balanced in terms of number of speakers and number of utterances. 
Table 1 shows the utterances in the database used in this research. 
Table 2 describes the details of the speaker in each age group. The 
database could be downloaded from the webpage: http://www.hdl. 
handle.net/11372/LRT-1597. 

3. Methodology 

The methodology adopted in this paper is explained by a flow chart 
in Fig. 1. The audio clips from the database are pre-processed by con-
verting the stereo channel audio to mono channel. Before feature 
extraction, the original audio clips are linearly normalized with respect 
to their peak amplitude values such that the range of the signal ampli-
tude lies between 0 and 1. Then the acoustic features, EMS features, and 
LBP textural features are extracted from the pre-processed audio clip. 
The LBP features are extracted from the spectrogram of the audio signal 
using a radius of 3 and L2 normalization. Acoustic features such as 
MFCCs, LPCs [24], skewness, kurtosis, integrated loudness and formants 
are extracted from the audio clip. The EMS features from the original 
audio, and from the octave filtered audio are extracted. EMS features 
include peak amplitude, peak frequency, energy of signal from 0 to 4 Hz, 
4 to 10 Hz, 3 to 6 Hz, ratio of energy of signal from 0 to 4 Hz to energy of 
signal from 4 to 10 Hz [16], [25]. The above-mentioned acoustic, EMS, 
and LBP features are combined to form a single feature set. After this the 
feature selection and ranking is done by assigning p-value to each 
feature which is calculated by ANOVA test. The selected features are 
used for training and testing various classifiers for screening of SLI in 
children. Algorithms 1, and 2 describe the feature extraction process in 
detail. 

Local Binary Pattern Features: The local binary pattern features 
are image textural features [26], [27] and are generally used in com-
puter vision applications such as face recognition, but in the proposed 
work these features are used to screen if a speaker is suffering from SLI. 
The LBP measures the local spatial features and gray scale contrast [28] 
present in the spectrogram. Algorithm 1 explains the extraction process 
of LBP in detail. The basic version of LBP is called as uniform pattern 
LBP. In uniform patterns, the binary number is replaced by the number 
of transitions occurring between 0 and 1, and vice versa. A local binary 
pattern is called as uniform if at most 2 transitions are there when the bit 
pattern is traversed circularly, e.g. a binary number ‘00000000’ has 
0 transitions and uniform in nature, ‘00110010’ has 3 transitions and 
non-uniform LBP. There are a total 58 uniform patterns available in LBP 
[29]. Rest of the patterns present are non-uniform in nature. All the 
non-uniform patterns are concatenated together to form a single pattern. 
When these 58 uniform patterns are combined with one non-uniform 
pattern, it gives a 59-dimensional LBP feature vector [28]. The LBPs 
extracted from the spectrogram is in the form of cells and these cells are 
combined to form a feature vector. Before using this feature vector for 
classification, we employ L2 normalization on the feature vector to 
normalize its Euclidean norm to one. The L2 normalization makes the 
feature vector invariant to rotation of spectrogram patterns. For a given 
vector L = [L1,L2…LN], the L2 norm is defined as: 

Table 1 
LANNA database description [22,23].  

S. 
No 

Description Size of 
class 

Utterances 

1 Vowels 5 “a”,“e”,“i”,“o”,“u” 
2 Consonants 10 “m”, “b”, “t”, “d”, “k”, “g”, “h”, “ch” 
3 1-syllable 

word 
9 “pe”, “la”, “vla”, “pro”, “be”, “nos”, “ber”, 

“krk”, “prst” 
4 2-syllable 

word 
5 “kolo”, “pivo”, “sokol”, “papir”, “trdlo” 

5 3-syllable 
word 

4 “dědeček”, ”pohádka”, ”pokémon”,”květina”  
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‖ L‖2 =

̅̅̅̅̅̅̅̅̅̅̅̅̅

∑N

i=1
L2

i

√
√
√
√ (1) 

The main advantage of using L2 normalized LBP is that it is rotation 
invariant, and hence extracts the robust patterns from spectrogram and 
it is computationally simple. If the sequence of audio or frames are 
changed, the LBP gives the same feature set. This makes LBP robust to 
rotations. We have limited our experiments to 8 sampling points and 
radius of 3 because it has been observed by Ojala et al. [28] in their 
studies that almost 94% of all the patterns could be captured by using (8, 
3) neighbourhood. 

Algorithm 1. Pseudocode for Extracting Local Binary Patterns  

Input: Spectrogram as texture image, no. of neighbours P, no. of scales K, radius 
of each scale R0,R1...RK− 1   

Output: 1× 59-dimentional LBP(P,R)x (new) feature vector   
1: for each pixel x in the image (except for corner pixels) do   
2:   for each neighbour points yk

p(p = 0, 1, ...P − 1, k = 0, 1, ...K − 1) do   

3:    compute local difference: Dp = yk
p − x   

4:    yk
p = 1; if Dp > 0   

5:    yk
p = 0; if Dp < 0   

6:    compute the decimal equivalent:Deqp ⟵ yk
p × 2p   

7:    LBP(P,R)x ⟵SUM(Deqp )

8:   end for  
9:  perform L2 normalization using Eq. (1): LBP(P,R)x (new) = LBP(P,R)x

/ ‖

LBP(P,R)x ‖

10: end for  
11: return 1× 59-dimensional LBP(P,R)x (new) feature vector    

Acoustic features: According to the proposed system, some acoustic 
features are extracted from the utterances. In this research work, the 
acoustic features of interest are: Mel frequency cepstral coefficients 
(MFCCs), linear predictive coefficients (LPC), kurtosis, skewness, inte-
grated loudness, and formants. The MFCCs is a well known audio feature 
that mimics the human auditory system and is highly used in speech 
recognition applications [18]. The LPC is predictive feature and it is one 
of the most accurate methods to estimate the parameters of speech. The 
formants characterizes the production mechanisms of a sound. For 
speech recognition and pathological speech applications, the first three 
formants are sufficient. Skewness and kurtosis are third and fourth order 
statistical parameters. Except skewness, kurtosis and integrated loud-
ness all other features are frame level features. 

Envelope modulation spectra features: The EMS features consists 
of spectra of the slow-rate amplitude modulations up to 10 Hz. The EMS 
is the 48-dimensional feature vector generated from the original audio 
and 7 octave bands. Algorithm 2 describes the steps involved in 
extracting EMS features from an audio clip. The main advantage of EMS 
is that it requires no segmentation, no linguistic assumptions, and no 
additional procedure for silence detection [25]. Hence, it is best suitable 
for analyzing the rhythm of a speech signal. It consists of spectra of slow 
rate amplitude modulations of the full signal, and 7 octave bands 
ranging in center frequency from 125 Hz to 8000 Hz. This allows one to 
examine the rhythmic patterns that are due to vowel, voiced speech, 
bursts and fricatives, and so forth. Up to 10 Hz amplitude modulations 
are calculated. The 6 EMS features extracted are [16], [25]: 

i) Peak frequency in spectrum 0–10 Hz: It is the frequency cor-
responding to the spectral peak with the maximum magnitude in 
the spectrum 0–10 Hz.  

ii) Peak amplitude in spectrum 0–10 Hz: It is the absolute 
amplitude of the spectral peak described above, and is seen as a 
measure of rhythm. 

iii) Energy in 3–6 Hz: This is the normalized energy in 3–6 Hz re-
gion. This region corresponds to the period from 167 to 333 ms 
which captures majority of syllable duration in normal speech. 
This feature provides an indicator about speech intelligibility.  

iv) Energy below 4 Hz: It is the normalized energy in spectrum 
0–4 Hz. Humans are most sensitive around 4 Hz of modulation, 

Table 2 
Speaker details in each age group.  

Age group Speaker ID Gender 

A1 H26-H30, P8-P24 5 (1M, 4F), 17 (11M, 6F) 
A2 H31-H37, P25-P35 7 (2M, 5F), 11 (8M, 3F) 
A3 H38-H44, P36-P49 7 (1M, 6F), 14 (7M, 7F) 
A4 H45-H61, P50-P56 17 (7M, 10F), 7 (4M, 3F) 
A5 H62-H69, P57-P61 8 (4M, 4F), 5 (4M, 1F)  

H=Healthy, P=SLI speaker M=Male, F=Female  

Fig. 1. Methodology adopted for SLI screening.  
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this peak sensitivity corresponds to the duration of 250 ms which 
is quite close to common syllable rate for speech [19].  

v) Energy 4–10 Hz: It is the normalized energy value between 4 Hz 
and 10 Hz of the spectrum. This region focused on super 
segmental variations in the rhythm.  

vi) Ratio of energy: It is the ratio of energy below and above 4 Hz. 
The energy below 4 Hz is uncorrelated with the energy above 
4 Hz band, hence these bands are considered as separate vari-
ables. Their ratio also acts like a variable and hence can be used as 
a vital feature.  

Algorithm 2. Pseudocode for Extracting EMS features  

Input: Original audio signal x.   
Output: 1× 48-dimensional EMS feature vector [16]   
1: Design a i-band octave filter h, i = 1,2…7.   
2: for all i do   
3:  find octave band filtered signal: xfi⟵h⊛x.   
4:  find analytic signal A using Hilbert transform H: A⟵xfi + j H[xfi].   
5:  generate envelope ei using a butterworth LPF: ei⟵hLPF⊛|A|.   
6:  find power spectrum PSi of ei using DFT: PSi⟵DFT[ei].   
7:  find 6 energy features from PSi.   
8: return 1× 48-dimensional EMS feature vector    

The features related to the energy of signal in a particular frequency 
range are obtained from the power spectrum PSi generated as explained 
in Algorithm 2. For instance the average energy between 3 and 6 Hz is 
obtained by employing following steps: 

1. Select the PSi components (extracted from Algorithm 2) for fre-
quency (fi) between 3 and 6 Hz from Eq. (2): 

PSi3− 6 = PSi(3 ≤ fi ≤ 6) (2)    

2. Find energy Es of the vector PSi3− 6 by taking the square of the L2 norm 
of PSi3− 6 as defined in Eq. (1)  

3. Calculate the average energy in band 3-6 Hz from Eq. (3): 

AverageEnergy3− 6 =
Es

Lengthof PSi3− 6

(3)   

Feature selection or ranking: After amalgamation of the LBP [28], 
acoustic, and EMS features, a single feature set is generated. Now after 
this, ANOVA test is employed on each feature of healthy and SLI speech. 
The corresponding p-value is calculated that helps to choose statistically 
significant features. For training and testing of the classifiers, and to 
make the system optimum, the features with p-value less than or equal to 
0.05 are chosen. Based on the p-value, only LBP and EMS features are 
selected. On the other hand, the acoustic features have higher p-value 
and hence not selected for training and testing. Table 3provides more 
information about the p-values and features selected. After the feature 
selection process, the 59-dimensional LBP and 48-dimensional EMS 
features are concatenated together to form a 107-dimensional single 
feature vector. This step is done to construct a single feature vector for 
each audio utterance. 

3.1. Pattern classification and evaluation metrics 

To analyze the discriminatory power of the classifier, it is trained and 
tested by a single feature set generated by selecting most discriminatory 
features. To screen SLI in children, classifiers such as support vector 
machines (SVMs), k-NN, weighted k-NN, and decision trees are imple-
mented. To understand more about the system’s performance, a few 
additional parameters are calculated from the confusion matrix 

obtained. Fig. 1 shows the list of classifiers we have used to screen the 
SLI speech from healthy speech. Table 3 below gives the configuration 
details of the classifiers used. 

For instance, let’s take the confusion matrix for vowels from age 
group A5 by using the ensemble boosted trees classifier. Fig. 2 shows the 
confusion matrix. 

From this confusion matrix following data/observations could be 
taken:  

1. True Negative (TN) = 25  
2. False Positive (FP) = 0  
3. False Negative (FN) = 1  
4. True Positive (TP) = 39 

To understand more about the classifier’s performance, some of the 
standard evaluation parameters are calculated below: 

AccuracyRate =
TN + TP

TN + TP + FN + FP
= 0.9840 (4)  

Error rate =
FN + FP

TN + TP + FN + FP
= 0.015 (5)  

Sensitivity or Recall =
TP

FN + TP
= 0.975 (6)  

Specificity =
TN

TN + FP
= 1 (7)  

Precision =
TP

FP + TP
= 1 (8)  

F1Score =
2 × Precision × Recall

Precision + Recall
= 0.9873 (9) 

Table 3 
Classifiers used and their configuration.  

Classifier Configuration 

Linear SVMs Kernel function = linear, Kernel scale = automatic, 
Multiclass = one v/s one 

Coarse gaussian SVMs Kernel function = Gaussian, Kernel scale = 8.9, 
Multiclass = one v/s one 

Median gaussian SVMs Kernel function = Gaussian, Kernel scale = 2.2, 
Multiclass = one v/s one 

Complex trees Max. no. of splits = 20, Split criterion = Gini diversity 
index 

Ensemble boosted trees Ensemble method = Adaboost, Learner type = Decision 
tree, Max. no. of splits = 20,Number of learners = 30 

Coarse K-NN No. of neighbours = 100, Distance = Euclidean, Distance 
weight = Equal 

Weighted K-NN No. of neighbours = 10, Distance = Euclidean, Distance 
weight = Squared inverse 

Ensemble subspace 
discrimination 

Ensemble method = Subspace, Learner = Discriminant, 
No. Of learners = 30, Subspace dimension = 3  

Fig. 2. A sample confusion matrix (vowel from A5).  
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The Mathew correlation coefficient (MCC) is measured in binary 
classification and regarded as a balanced measure even when the class 
size of two classes is not same. Its value lies between +1 to − 1. +1 
shows good system performance and − 1 shows the worst system per-
formance. We get 0.9691 value of MCC. 

Encouraging results are given by the proposed system, and all the 
above mentioned parameters confirms the good performance of the 
system. 

For this same confusion matrix, the receiver operating characteristic 
(ROC) curve for vowels from age group A5 has been generated by using 
ensemble boosted trees classifier, which is shown in Fig. 3. This figure 
illustrates the true positive rate with respect to the false positive rate. 
The ROC curve passes through the upper left corner of the graph and 
very close to the unity that indicates the good discrimination between 
the two classes. The experiments show that an average accuracy rate of 
97.36% with standard deviation of 1.24% is obtained when vowels from 
age group A5 is analyzed using ensemble boosted trees. 

4. Experimental results 

The audio features presented in Fig. 1 are extracted from the healthy 
and SLI utterances. The textural features and EMS features are extracted 
as per algorithm 1 and 2. To make the system computationally more 
efficient, the most discriminatory features are selected for training and 
testing. For feature selection, p-values are obtained by applying ANOVA 
on feature sets. p-value (< 0.05) shows the statistically significant fea-
tures and hence the features with p-value < 0.05 are selected. Table 4 
shows the list of features selected using p-values. There is no doubt that 
MFCCs, LPCs and formants are very good features for speech recognition 
applications, but here for pathological speech analysis LBP and EMS 
features are proven to be more discriminatory in comparison to the 
standard audio features. The selected features are: Local binary patterns 
and 6 EMS features are extracted from all utterances from age groups A1 
to A5. 

The experiments were performed on the basis of the age group of the 
speakers (A1 to A5) and with different vocabulary sets. We have 
considered vocabulary sets as: vowels, consonants, 1-, 2-, and 3-syllable 
words. Each age group has both male and female speakers, which makes 
the proposed system gender and speaker independent. During experi-
ments 5-fold cross validation has been done because of two main rea-
sons: one, the dataset is limited in size and 5-fold cross validation 
estimates the model’s performance satisfactorily. Two, there is not much 
improvement in the accuracy rate when we increase the value of number 
of folds, rather it increases the computational complexity of the system. 
Hence, all the results are done with 5-folds cross validation. 

The analysis is done in such a fashion where the effect of LBPs is 
analyzed, and the accuracy rate of the system is compared with and 
without LBP. Fig. 4 (a)-(d) show the comparison of increase in classifi-
cation accuracy rate for the age groups A1, A2, A3, and A4. The bar 
graph for A5 is not shown because for this age group there is very slight 

or no increase in accuracy after adding LBPs to the feature set. 
From the graphs it could be concluded that the highest increase in 

the accuracy rate i.e. 13.1% is observed for vowels in age group A2. In 
addition to this, there is a significant increase in classification accuracy 
for consonants in age groups A1, A3 and A4. It can be concluded that 
LBP increases the performance to some extent in one type of phoneme in 
3 out of 4 age groups and to a larger extent in a single age group in a 
different type of phoneme. The mean and standard deviation is shown 
by the dotted line on each graph. These statistical parameters are the 
overall mean and standard deviation for all vocabulary and for all 
classifiers. For instance, the mean accuracy rate for age group A1 is 
97.3%. 

Table 5 shows the classification results obtained for all age groups 
and for various vocabulary sets. It can be stated from the above 
mentioned results that the proposed system is able to classify correctly 
healthy and SLI speech for at least 97.36% times. In few cases the ac-
curacy touched even 100%. The table also describes the mean accuracy 
rate with standard deviation. 

It is observed from the results that the proposed system performs 
very well in comparison to the existing methods. The closest references 
to the proposed method are [4], [21] and [30] where the highest ac-
curacy reported is 96.94%. In [21] the author has used the EMS features 
and statistical features. The proposed method gives a better accuracy 
than [21] and [4] and very close to [23]. During experiments we 
observed an average accuracy rate of 97.36% with standard deviation of 
1.24%. 

5. Discussion 

We presented a rigorous analysis and classification of the SLI present 
in young children. This work explores the capacity of audio textures to 
capture the latent information present in a pathological speech which is 
generally ignored by acoustic features. Audio textures have been 
explored by researchers in past in applications such as audio scene 
analysis, audio synthesis etc. But this is one of the first works which 
explores the audio textures from a pathological speech. The textures are 
captured from spectrogram which is a time-frequency representation. 
Fig. 4 shows that there is an increase in the performance up to some 
extent. The accuracy rate is boosted from 1.2% in vowels of A1 to 13% in 
vowels of A2. There is also a significant increase in consonant’s accuracy 
in A1, A3 and A4. In the same way, some or more increase is observed in 
accuracy rate with 1,2,3-syllable words. The experiments show that the 
vowels show the significant amount of rise in accuracy rate specially in 
age groups A1 and A2. It is a well known fact that if a person is suffering 
from any kind of speech disorder, the vowel space/triangle get distorted 
[12]. Hence, the features extracted from healthy and SLI vowel utter-
ances are highly discriminatory in nature and provides high accuracy 
rate when fed to a machine learning system. 

Another highlight of this work is the detailed analysis of healthy and 
SLI speech with respect to the different set of vocabulary and on Fig. 3. A sample ROC of vowels from A5.  

Table 4 
Selected features using p-value.  

Features p-Value Features selected 

Energy 0–4 Hz 0.0001 Yes 
Peak amplitude 0.001 Yes 
Local binary Pattern 0.0030 Yes 
Ratio (0–4 Hz/ 4–10 Hz) 0.0035 Yes 
Energy 4–10 Hz 0.0056 Yes 
Peak frequency 0.0059 Yes 
Energy 3–6 Hz 0.0115 Yes 
Kurtosis 0.1047 No 
Integrated Loudness 0.6689 No 
Formants 0.7628 No 
MFCCs 0.7628 No 
Skewness 0.8682 No 
LPCs 0.8967 No  
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different age groups of the children. The SLI is a developmental disorder 
that means, it develops with age. Speech of a child is fully developed by 
5 years of age [5]. Unfortunately if a child is suffering from SLI, the 
disorder will be growing by age and will be present in adulthood too. 
Hence, it is important to analyze and classify SLI according to age. We 

have divided the LANNA database into 5 age groups: A1 to A5, where 
children are ranging from age 76.5 ± 6.5 months to 125 ± 5.5 months. 
Table 5 indicates the best classifier for each sub-set of the data. The table 
shows the mean accuracy rate and standard deviation for all sub-sets 
(shown in parenthesis). SLPs use vowel triangle analysis as the basic 

Fig. 4. Accuracy rate comparison of the system with and without LBP.  

Table 5 
Mean accuracy rate for different age groups and different vocabulary sets. Standard deviation is shown in parenthesis (age is in months)  

Age Group Vowels Consonants 1-Syllable 2-Syllable 3-Syllable 

A1 91.23%  96.76%  89.84%  94.55%  90.28%  
(76.5 ± 6.5) (6.17) (1.24) (6.66) (1.85) (7.72)  

Ensemble subspace 
discrimination 

Ensemble subspace 
discrimination 

Weighted K-NN Complex trees Ensemble subspace 
discrimination  

A2 83.51%  80.67%  79.21%  77.76%  85.44%  
(89.5 ± 5.5) (5.19) (9.93) (10.29) (10.24) (14.56)  

Ensemble boosted trees Ensemble boosted trees Ensemble boosted 
trees 

Ensemble boosted 
trees 

Ensemble boosted trees  

A3 92.37%  88.15%  86.43%  86.43%  86.95%  
(101.5 ± 5.5) (4.59) (10.00) (10.67) (2.88) (5.21)  

Ensemble boosted trees Weighted K-NN Ensemble boosted 
trees 

Weighted K-NN Complex Trees  

A4 92.16%  90.85%  94.15%  91.24%  91.5%  
(113.5 ± 5.5) (4.24) (5.15) (1.85) (5.56) (7.70)  

Complex trees Median Gaussian SVM Linear SVM Ensemble boosted 
trees 

Median Gaussian SVM  

A5 97.36% 91.9%  91.3%  93.5%  96.23%  
(125.5 ± 5.5) (1.24) (7.7) (6.5) (4) (2.77)  

Ensemble boosted trees Median Gaussian SVM Ensemble boosted 
trees 

Coarse K-NN Median Gaussian SVM  
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screening tool for a speech disorders. If a vowel space is not perfect, then 
SLPs looks for more specific errors in the speech by analyzing conso-
nants, glides and isolated words before starting the speech therapy. 
Hence, in this work we divided our database into various vocabulary sets 
and perform classification on it. During experiments, it has been 
observed that speakers from the age group A5 are classified with the 
highest mean accuracy rate of 97.36%. A high accuracy rate achieved by 
the models demonstrates that machine learning approach can be effec-
tively employed to screen a pathological speech. 

The results obtained are quite encouraging and open new avenues 
where textural features are utilized for pathological speech screening 
and analysis. The results are better than the state-of-the-art available for 
SLI diagnosis. In [4], only acoustic features are extracted for SLI diag-
nosis and an accuracy rate of 95.35% has been reported for vowels only. 
In [19], authors have extracted the most popular MFCCs from audio 
frames and then perform PCA for dimension reduction. The principal 
components are fed into self-organizing maps to diagnose SLI. The 
research was limited to vowels only. In [20], clinical tools are used to 
diagnose SLI and an accuracy rate of 94% has been reported on real time 
speech. Authors in [21] have performed two experiments, one where 
EMS features are employed and accuracy rate of 89% has been reported. 
Another, where band pass filters and standard deviation is used and 
accuracy rate of 84% is achieved. In [30], authors have used a software 
opensmile to extract acoustic features and accuracy rate of 96.94% has 
been reported for vowels only. Whereas the proposed method provides a 
highest mean accuracy rate of 97.36% and have considered all vocab-
ularies for analysis. 

The results are promising but still there is a scope for improvement. It 
could be noticed from Fig. 4 that by adding LBP to the system, the ac-
curacy rate has been boosted up significantly in vowels and consonants 
only. There has been a slight improvement in accuracy rate of complex 
words such as 3-syllable words. This could be improved by imple-
menting some other variant LBP such as multi-block LBP or modified 
LBP that is capable of capturing the textural information present in the 
audio clip in a much better way. In future work, we will experiment with 
other variants of LBP and more detailed analysis on pathological voice 
could be done. Also, the database could be extended to more complex 
words and sentences. Hence, there is a huge scope of extending this 
research work. 

6. Conclusion and future work 

In this paper, a new set of audio textural features based on joint time 
and frequency representation has been proposed for screening of SLI in 
children. As SLI is a developmental learning disability, the analyses have 
been done on the children with different age groups. The local binary 
pattern features extracts textural information present in pathological 
speech and improves the accuracy rate upto 13.1% than by using the 
standard audio features alone. The system takes advantage of extracting 
features that provides latent information. The age-wise analysis is done 
on various vocabulary sets and it is observed that the proposed system 
delivers high level of average accuracy rate upto 97.36% which is better 
than the state-of-the-art results. 

In the future, this work can be applied for the screening of SLI from 
long-term speech and an extended vocabulary. A much detailed work 
based on speaker centered analysis could be done in future. The pro-
posed system can be tested for other languages as well. The work can be 
expanded by developing machine learning methods to label the severity 
level of SLI in children. 
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