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Abstract. Hearing with both ears, in other words 

binaural hearing, allows human to localize sound sources 

in a space. Models of binaural hearing often simulate 

functions of lateral and medial superior olives (LSO and 

MSO), but their outputs cannot be in most cases directly 

mapped to certain azimuths in space. 

In this paper we present an azimuth classification 

algorithm, which utilizes both binaural models (LSO and 

MSO) for preprocessing of a sound signal. From their 

outputs features are extracted for machine learning 

algorithms: K-Nearest Neighbors and Artificial Neural 

Network. The algorithm is trained and tested on speech 

samples from ITU-T Rec. P501 and NOIZEUS corpora. 

The success of the K-NN and ANN classifiers is discussed. 

Both machine learning algorithms give a similar 

classification error in static and dynamic hearing 

scenarios. The error is comparable to human 

psychoacoustical data. 
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1. Introduction 

Sound localization as a process of determining the 

sound source position in a space is an important ability of 

human hearing. Humans utilize both ears while localizing 

the sound source, the term binaural hearing is used in 

reference to this ability. 

Binaural hearing on the horizontal plane is primarily 

associated with two binaural cues: the time difference of 

the signal coming to the right and left ear called the 

interaural time difference (ITD), and the level difference 

of the signal coming to the ears called the interaural level 

difference (ILD) [1].  

Information from the right and left ears is processed 

in the human brain stem in the superior olivary complex 

(SOC). In the SOC two nuclei successfully decode 

binaural information: the lateral superior olive (LSO) and 

the medial superior olive (MSO). While LSO decodes 

intensity differences, MSO successfully decodes the time 

differences in the incoming binaural signal [2].   

Both ITD and ILD change according to the position 

and spectral characteristics of the sound source. This 

relationship is unique for each person and is fully 

described by his head-related transfer function (HRTF) 

[1]. 

Based on the so-called Duplex theory [3] ITD is used 

in the localization of signals with frequencies under 

approximately 1.5 kHz, and ILD is applied at the 

localization of signals with higher frequencies. Although 

there exists evidence that ILD is also utilized in the 

localization at low frequencies and ITD can be detected 

from envelopes of high frequencies [2]. 

In our previous paper [4], we investigated the 

possible use of a K-Nearest Neighbors (K-NN) classifier 

as a cognitive block in the binaural auditory model for 

horizontal plane localization. The binaural model was 

composed of medial and lateral superior olives models 

[5,6,7], which outputs were used as features for the K-NN 

classifier. The localization predictions based on features 

from MSO and LSO were analyzed separately.  

In this paper we propose a method which utilizes 

both MSO and LSO model features to localize sound 

source on the frontal horizontal plane. We examine the 

possible use of the K-NN and Artificial Neural Network 

(ANN) classifiers as cognitive devices for the localization 

task. The performance of both cognitive devices is 

evaluated on the HRTF positioned sound stimuli from 

ITU-T Rec. P.501 and NOIZEUS speech corpora. The 

classification error for both static and dynamic (moving) 

sound sources is provided. The results imply better 

performance in front of the artificial listener than on the 

lateral sides, which agrees with psychoacoustical data [1].   
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Fig. 1. The block diagram of the implemented algorithm. 

2. Classification Algorithm 

The structure of the proposed algorithm is depicted 

in Fig. 1. The binaural signal is first preprocessed by 

binaural auditory models (LSO and MSO). The output of 

these models corresponds to perceived lateralization 

function i.e. localization within the listener's head. There 

are multiple lateralization functions each for a specific 

band with a central frequency fc. Root-Mean Square 

(RMS) is calculated in each band and is used as the 

feature for the classification.  

We use two supervised machine learning approaches 

for the classification: K-Nearest Neighbors (K-NN) and 

Artificial Neural Network (ANN). Both approaches are 

used separately.   

The K-NN classifier works by measuring distances 

between the training set and the unknown test signal. The 

test signal’s class is determined as the class of the most 

common element in the group of the K measured minimal 

distances [8]. More detailed description is in the previous 

paper [4]. 

The ANN algorithm [9] somehow mimics the 

activity of the human brain and the neurons’ function. 

ANN typically has multiple layers and the signal is 

propagated from the front of the network to the back. The 

connections of the neurons from the different layers are 

characterized by weights. A common supervised learning 

principle is the backwards error propagation of weight 

adjustments. At first the input training set is forward 

propagated through the network. Then the output of the 

network is compared to the target value and the error is 

calculated. After that the weights are modified for the 

error reduction due to the backward propagation of the 

error. The learning process is finished when the error is 

minimal. ANN signal classification is started when the 

weights are adjusted. 

The predicted azimuth of a sound source ( ) is 

obtained by combining classification results from the LSO 

model ( LSO ) and from the MSO model ( MSO ): 
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The limit of 20 degrees is based on the results of our 

previous experiment [4], where the LSO model provided 

more reliable classification results.  

3. Methods 

Sound localization as proposed in this paper is done 

for the static sound source and for the dynamic sound 

source. 

The classification classes are the azimuths of an 

incoming sound θ (-90° – 90°) with steps equal to 5 

degrees, whereas -90° corresponds to a signal next to the 

left ear, 0° to a signal in front of the listener and 90° next 

to the right ear. 

3.1 Stimuli 

For experimental purposes speech corpora from the 

NOIZEUS [10] and ITU-T Rec. P.501 [11] are used. From 

these corpora 64 one-second long speech signals with the 

sampling frequency 44.1 kHz are generated. According to 

the recommendation [12] the generated database is split 

into training and testing sets in the ratio 2/3 and 1/3, 

respectively.  

3.2 Training 

The training set generation is the same for the static 

and dynamic sound sources.  

The speech signal from the training set is filtered by 

the head-related transfer function (HRTF) from the ARI 

database [13]. The HRTF corresponds to certain azimuths 

in the range θ  (-90° – 90°). The filtered signal is then 

processed by binaural auditory models (LSO and MSO). 

The RMS features are extracted from the acquired 

signal. The obtained training set is composed of 48 
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patterns for each azimuth and is created individually for 

the LSO and MSO models. 

3.3 Testing 

A. Experiment I - Static Sound Source 

The testing set is generated in a similar way as the 

training set. 

In the K-NN classification the values of the received 

features from the testing set are compared with the values 

of the features from the training set. Based on the 

experiment the classifier’s parameter K is set to K=3.  

ANN uses the same training and testing sets, as       

K-NN. It is important to choose the appropriate network 

architecture. The network in this paper consists of 27 

input neurons and 37 output neurons and it has two hidden 

layers with 30 and 33 neurons, respectively. The network 

architecture is defined based on the so-called geometric 

pyramid rule [14].  

B. Experiment II - Dynamic Sound Source 

The testing signal is linearly moved signal from -90° 

to 90°. This signal is generated with the help of the 

binaural auditory model and HRTF function too. This 

moving signal is a 37-second long signal, where each 

second of the signal corresponds to a different azimuth 

from the range. 

In the classification, the moving signal is uniformly 

segmented on 37 segments which correspond to the 

number of the classes of the azimuths. The segment length 

is set as the length of the training signal, which equals one 

second. Every segment is processed separately. This 

means that the classification of each segment follows the 

scheme of the static sound source localization. 

4. Results 

The results of both experiments are depicted in     

Fig. 2 - Fig. 4. The mean values and standard deviations 

are calculated from all stimuli within the test group in all 

cases. 

A. Experiment I - Static Sound Source 

The outputs of the static sound source localization 

utilizing the K-NN classifier and ANN are illustrated in 

Fig. 2 and Fig. 3, respectively. 

The red points show the classification results. In the 

optimal case, all these points should lie on the blue line. 

 
Fig. 2. The classification error dependency on the reference 

azimuth utilizing the K-NN classifier with K=3 for the static 
sound source. 

 
Fig. 3. The classification error dependency on the reference 

azimuth utilizing ANN with two hidden layers for the static sound 

source. 

B. Experiment II – Dynamic Sound Source 

The graphs for the dynamic sound source 

localization are depicted in Fig. 4 and Fig. 5. 

In this case the moving signals are classified. These 

generated moving signals have the linear time-varying 

azimuth from the range. Each one-second segment 

corresponds to one azimuth.  

Optimally the red points, as the classification results, 

should be on the blue line too. 
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Fig. 4. The classification error dependency on the reference 

azimuth utilizing the K-NN classifier with K=3 for the dynamic 
sound source. 

 
Fig. 5. The classification error dependency on the reference 

azimuth utilizing ANN with two hidden layers for the dynamic 

sound source. 

5. Conclusion and Future Work 

This paper presents the static and dynamic sound 

source localization algorithm utilizing the K-NN and 

ANN classifiers. RMS values of binaural auditory models 

(LSO and MSO) are used as features. The output of the 

implemented algorithm is the classification error 

dependency on a reference azimuth. 

In comparison K-NN is more computationally 

demanding than ANN. The classification accuracy is 

similar for both classifiers.  

The average azimuthal error across testing set for 

both K-NN and ANN can be observed in Tab.1. 

                  Error 

Classifier 
0° 5° 10° >10° 

K-NN 55 % 38 % 7 % 0 % 

ANN 65 % 32 % 3 % 0 % 

Tab. 1 The average azimuthal error across the testing set for the K-NN 

and ANN classifiers. 

Generally, the classification is more successful in the 

detection of azimuths around the zero angle and decays 

reaching the higher azimuths, which corresponds to the 

human psychoacoustical data [1].  

An obvious choice for future work is to optimize the 

algorithm for the localization of the different common and 

uncommon sounds. Further improvement may involve the 

sound localization on the vertical plane. 
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