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ABSTRACT 

A novel auditory nerve model is described here which 
simulates the three types of auditory nerves existing in 
the auditory system. The inspiration of the model is the 
absence of the simulation of the different types of 
auditory nerves in current auditory models. Based on the 
previous work, three sub-models replace the prevailing 
single auditory nerve discharge model in the common 
peripheral auditory models. Three auditory features were 
extracted and applied in speech recognition experiments. 
The results show that three models have different 
noise-resistant properties and the model with large 
dynamic range is exceptionally robust in speech 
recognition. 

   1. INTRODUCTION 

A number models of auditory nerve activity have been 
developed either from the physiological perspective 
[1~4] or from the view of computationally modeling 
human auditory perception [5]. The former models 
usually use an acoustic stimulus as input, and a pattern 
of “events” as output. The latter models have no 
complicated physiological simulation such as a function 
relating acoustic stimulation to the release of transmitter 
substance from hair cells into the synaptic cleft, or a 
characterization of the response of the auditory fiber to 
the presence of this transmitter to the cleft. Such models 
usually use speech signal as input and auditory 
spectrogram as output. Normally, such models are more 
suitable to be the front-end of ASR (automatic speech 
recognition) for its computational effectiveness.  

Regrettably, most models only use a single model to 
simulate the limited response range (most nerves’ 
dynamic range is between 20-50dB) and non-linear 
response property of the auditory nerve to stimulus. 
Such simulation is only authentic to a typical group of 
auditory nerves. In fact, according to spontaneous 
discharge rate, the auditory nerves can be classified as 
three types [6]: About 61% of all the auditory nerves 
belong to the first type, which has small dynamic range, 
high spontaneous discharge rate (18-250 spikes/sec.), 
and low threshold. The second has large dynamic range, 
low spontaneous discharge rate (<0.5 spikes/sec.), and 
high threshold. This type of auditory nerves takes about 
16% of the total number. The rest has the spontaneous 
discharge rate between the other two types of auditory 
nerves, which is between 0.5-18spikes/sec.  

This article presented a computationally simple AN 
(auditory nerve) model that simulates the three types of 
auditory nerves mentioned above. The work of this 
paper is not to present a brand new model, but focuses 
on one aspect of the audition not included in current 
representation. The model uses Seneff’s model [4] as the 
basis, but introducing a coefficient. The coefficient can 
be set to different values to simulate the different types 
of auditory nerves. The model is very simple to be 
implemented in practice. The three AN modules are 
integrated into a simple peripheral auditory model and 
three kind of auditory features is extracted. In the 
speaker-dependent isolated word recognition experiment 
based on TI46, the large dynamic ranged AN model is 
very noise-resistant and has a flat recognition rate curve 



to different SNR; the small dynamic range AN model is 
noise sensitive but has very good performance when 
speech is clean.  

The remainder of this paper is organized as follows. 
Section 2 is the description of the model. Section 3 is the 
experiment and discussion. Section 4 is the conclusion. 

2. MODEL 

The response of the inner hair cell and auditory nerve to 
a stimulus is half-rectified, non-linear and has a limited 
range. Moreover, different auditory nerves with different 
spontaneous discharge rate have different 
stimulus-response “curve”. In Meddis’ model [1], after 
speech signal passing through outer and middle ear, 
being filtered by BM (basilar membrane) filter bank, the 
hair cell is displaced and the transmitter leaks into the 
synaptic cleft. The cleft transmitter then triggers 
auditory nerve and a spike process begins. Because the 
final discharge rate monotonically increases with the 
input speech signal intensity, such process can be greatly 
simplified if it is used as the front-end of ASR. To 
investigate the effects of saturation non-linearity, we use 
an adjustable compression coefficient. It is implemented 
as follows: 
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Where f is the center frequency of a specific channel, k 
is an adjustable normalized coefficient, input is equal to 
the instantaneous amplitude of the acoustic stimulation, 
which is the half-rectified after being filtered by BM 
filter, output is equal to the level of cleft transmitter. By 
adjusting the value of k, we can change the saturation 
property, thus simulate the auditory nerves with different 
discharge rate. The k can be ranged from 0 to 50 but 
should be divided by the maximum value of the input. 
By assigning 1, 6, 40 to k, the auditory nerve with large, 
middle and small dynamic range can be modeled 
respectively. 

3. EXPERIMENT RESULTS AND DISCUSSION 

To conduct computer simulation and speech recognition, 
the new AN model is integrated to the existing 
computational auditory models and three features are 
extracted as shown in figure 1. In this paper, a very 
simple peripheral auditory model is constructed, which 
can be divided into three parts: the first part is to 
simulate basilar membrane’s frequency selectivity and 
the half-rectification property of the inner hair cell. In 
this part, the gammatone filter bank [7] is used. The 
number of channels is 32, which ranges from 100 Hz to 
5000 Hz, and implemented in time domain by four 
second-order IIR filters. In this part, half-rectification is 
also simulated which is an important property of the 
motility of the inner hair cell. The second part is to 

simulate the discharge of the different types of auditory 
nerves. In this part, the three types of AN are simulated 
by assigning three different values to k as shown in 
equation (1). The third part is to get the auditory 
spectrogram. In this part, The output of each AN model 
is then short-term integrated as shown in equation (2): 
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where n represents the nth frame M is the frame 
length w i is the window function of integration Sn

i k is the output of forward masking model k 
represents the kth channel. The short-term integrating 
window length is 20ms. Finally DCT is used to ease the 
following recognition task. 
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Fig.2. The auditory spectrogram of two auditory nerves, 
the speech used are “zero”, spoken in English by a 
female speaker. (a1), (a2), (a3) are the output of the 
AN models with low, middle and high spontaneous 
discharge rate respectively; (b1), (b2), (b3) are the 
output of the AN models with low, middle and high 
spontaneous discharge rate respectively, to the same 
speech but added by 0dB white Guassian noise  

3.2 Speech recognition experiments 

The speech database used in the experiments was the ten 
isolated digits of standard speech database TI46. The 
speech signal is 16 bits quantified and sampled by 
12500Hz. In the experiments, the utterances of each 
word and a specific speaker from training set was used 
for training, and a template is obtained form ten training 
utterance. The recognition experiments were performed 
under the conditions of different SNR (signal to noise 
ratio). A zero-mean white Gaussian noise, automatically 
produced by program, was added to the test utterance at 
each specified SNR. The SNR is defined as equation (3), 
where PS PN  represent the average power of speech 
signal and noise respectively. 

)(log10 10 NS PPSNR =                    (3) 

To compare the different performance of each kind of 
auditory nerve, we simulate the discharge of three types 
of auditory nerve. The short-term average firing-rate is 
obtained, and 16-order DCT is performed. The classifier 
used here is DTW. The speech recognition is 
speaker-dependent, isolated-word recognition, and the 
final recognition result is the average of all the 16 
speakers and the ten words. Moreover, the recognition 
result of 16-order MFCC (Mel cepstrum) is also 
obtained as the benchmark. The recognition results is 
shown in table 1 and figure 3.    

From the recognition results, recognition rate curves 
with different slope are shown. The AN model with 
large dynamic range (low spontaneous discharge rate) 
has a distinguished flat curve within a range of 6% from 
clean to 0dB. The model with small dynamic range 
(high spontaneous discharge rate) has a steep 
recognition rate curve that ranges from 99% to 31%. 
The model with middle dynamic range, on the other 
hand, is the tradeoff of the other two curves. Moreover, 
all the three models are far more noise-resistant than 
MFCC. 

 
SNR 

AN model 
with large 
dynamic 

range 

AN model 
with middle 

dynamic 
range 

AN model 
with small 
dynamic 

range 

 
MFCC 

clean 90.91% 95.35% 99.14% 99.80% 
30dB 90.87% 95.28% 99.10% 98.27% 
20dB 90.83% 95.00% 98.08% 84.66% 
10dB 89.69% 92.99% 85.31% 30.81% 
5dB 88.08% 88.98% 58.21% 19.48% 
0dB 84.31% 80.07% 31.77% 14.68% 

Table 1. Recognition results 
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Fig.3. Comparison of the speech recognition results of 

three AN models 

The cause of such result can be easily explained from 
figure 2. Under noisy condition the auditory 
spectrogram of AN model with large dynamic range 
suppresses the noise influence greatly while the AN 
model with small dynamic range is heavily polluted. But 
when the environment is good, the auditory spectrogram 
of AN model with small dynamic range reflects more 



detailed information and results in better performance.  

4. CONCLUSION 

This article presented a novel auditory nerve model that 
simulates the three kinds of auditory nerves in the 
auditory system. New auditory features are extracted 
based on this model. The significance of this work is its 
focuses on one aspect of the audition not included in the 
current representation. Exceptionally noise-resistant 
property of the large dynamic range AN model is found 
in speech recognition experiment. An attractive attribute 
of this model is its simple implementation but more 
exact simulation of the auditory mechanism. 
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