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Abstract 

Background noise is a significant factor influencing the 

performance of speech perception. Previous studies showed that 

the temporal fine structure (TFS) plays an important role in 

speech perception, and that frequency amplitude modulation 

encoding (FAME) is a successful approach to enhance the TFS 

information for cochlear implant (CI) recipients. Following the 

success of FAME for CI recipients, this study aims to evaluate 

the speech perception performance of FAME for normal 

hearing (NH) listeners in noisy conditions. Experimental results 

from the present study confirm that FAME provides better 

speech perception performance and lower listening effort for 

NH listeners. In particular, FAME improved Mandarin 

disyllabic words recognition by as much as 16.7 percentage 

points and the ease of listening by 1.6 (MOS scale). This 

demonstrates that the FAME strategy is promising for 

improving speech recognition performance for NH listeners in 

noisy environment.  

 

Index Terms: speech perception, frequency amplitude 

modulation encoding (FAME), noise reduction. 

 

1. Introduction 

Speech perception is typically good under quiet listening 

conditions for normal hearing (NH) listeners. However, many 

common environmental factors such as noise negatively affect 

speech understanding [2], especially for older adults [3]. Noise 

is present in an acoustic environment and it masks the speech 

signal by obscuring the less intense portions of the signal (e.g., 

consonant parts) [4]. The result is a reduction in the redundancy 

of acoustic and linguistic cues in speech, and this effect 

increases as the signal-to-noise ratio (SNR) decreases.  

Unsupervised noise reduction (NR) is a common approach 

to assist human hearing under noisy conditions. Successful 

techniques include the log minimum mean squared error 

(logMMSE) [5], Karhunen-Loéve transform (KLT) [6, 7], and 

generalized maximum a posteriori spectral amplitude (GMAPA) 

[8] methods. Advances have also been made to develop NR 

algorithms that suppress noise without introducing much 

distortion to the speech signal [9]. The evaluation criterion of 

most of the NR approaches is SNR improvement of speech 

distortion; however, these have been shown to improve 

primarily the subjective quality of speech rather than speech 

intelligibility [10, 11]. Speech quality is highly subjective in 

nature and can be easily improved by suppressing the 

background noise. On the other hand, intelligibility is related to 

the content of the spoken words and can be improved only by 

suppressing the background noise without damaging the speech 

signal. Designing such an unsupervised NR approach to 

improve intelligibility in noisy conditions has been extremely 

challenging, because of unreliable estimates of background 

noise signal from the corrupted noisy speech. Therefore, 

existing unsupervised NR approaches can improve speech 

quality but not speech intelligibility [12].   

It has been found that the temporal fine structure (TFS) [13, 

14] information of speech plays an important role for speech 

perception under noisy conditions [13, 15], especially for 

hearing impaired peoples. Nie et al. [1] proposed a frequency 

amplitude modulation encoding (FAME) strategy to 
evaluate the potential contribution of TFS information to speech 

recognition in noisy conditions via acoustic simulations of 

cochlear implants (CI) recipients (detail of the FAME 

technology can be found in section 2). The results showed that, 

for sentence recognition in the presence of a competing voice, 

noisy speech processed by FAME can improve performance as 

much as 71 percentage points for CI recipients. This implies a 

potentially large benefit of providing (or emphasizing) TFS 

information for the performance of speech perception for NH 

listeners. Following the study of [1] assessing the contribution 

of FAME for speech understanding in noise for CI recipients, 

the present work further examined the effect of the FAME 

strategy on speech perception for NH people in noisy conditions.  

The remainder of the paper is organized into five sections. 

The following section reviews the FAME strategy. The 

remaining sections will focus on the experiment design, and 

results and discussion. Finally, our findings are summarized in 

Section 5. 

 

2. Frequency amplitude modulation 

encoding (FAME) 

The FAME strategy [1] was proposed in 2005 to encode both 

amplitude and frequency modulations in order to improve CI 

performance in noisy conditions. It transforms the fast-varying 

TFS into slowly varying frequency modulation (FM) signals 

that are applied to the carrier in each band. Fig. 1 shows the 

structure of the FAME strategy, which contains an analysis part 

and a synthesis part. First, the speech signal is divided into K 

bands by a bank of bandpass filters (bands 1 to K). The 

amplitude modulation (AM) and frequency modulation (FM) 

signals are extracted in separate pathways in each band.  

Fig. 2(a) shows extraction of AM in the K-th subband. The 

AM is extracted by full-wave rectification of the output of the 

bandpass filter, followed by a low-pass filter (LPF 1) to obtain 

a slowly varying amplitude modulation signal AMK AM. The 

purpose of LPF 1 is to control the maximal AM rate preserved 

in the AM signal. Finally, delay compensation is introduced to 

synchronize the amplitude and frequency modulation pathways.  

 



 
Fig. 2. Block diagram for extracting (a) AM and (b) FM in the 

FAME strategy. [1] 

 

    Fig. 2(b) shows the FM extraction pathway. First, the output 

K-th band, 𝑥𝐾(𝑡), is subjected to a quadrature oscillator with the 

center frequency (𝑓𝑐𝐾). This operation is equivalent to shifting 

the spectrum of 𝑥(𝐾)  from 𝑓𝑐𝐾  to zero and 2 𝑓𝑐𝐾  in the 

frequency domain. Next, the slowly varying frequency 

components (i.e., a and b) are extracted by low-pass filters (LPF 

2 and LPF 2’). Note that the cutoff frequencies of LPF 2 and 

LPF 2’ determine FM depth and bandwidth. These slowly 

varying frequency components can be divided into two parts: 

in-phase and out-of-phase signals. The in-phase signal can be 

filtered out by the low-pass filter LPF2 to produce: 

 

a =
1

2
𝑚(𝑡)𝑐𝑜𝑠𝜑(𝑡). (1) 

 

Similarly, the out-of-phase signal can be filtered out by the low-

pass filter LPF2’ to produce: 

 

b = −
1

2
𝑚(𝑡)𝑠𝑖𝑛𝜑(𝑡) =

1

2
𝑚(𝑡)𝑐𝑜𝑠[𝜑(𝑡) + 𝜋 2⁄ ]. 

 
(2) 

Dividing the out-of-phase signal (2) by the in-phase signal (1) 

will produce: 

 
𝑏

𝑎
= − tan𝜑(𝑡) 

𝜑(𝑡) = tan−1 (−
𝑏

𝑎
). 

(3) 

 

Finally, the instantaneous frequency can be obtained: 

 

FM =
1

2𝜋
∙
𝑑𝜑(𝑡)

𝑑𝑡
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𝑑 tan−1(−
𝑏

𝑎
)

2𝜋𝑑𝑡
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𝑏(𝑑𝑎 𝑑𝑡⁄ )−𝑎(𝑑𝑏 𝑑𝑡⁄ )
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(4) 

     

In discrete implementation, differentiation in (4) can be 

substituted by calculating the difference in time (∆) to obtain 

the slowly varying frequency modulation: 

 

FM =
𝑏∆𝑎−𝑎∆𝑏

2𝜋(𝑎2+𝑏2)×𝑇𝑠
. (5) 

 

Where 𝑇𝑠  represents the sampling period. In addition, an 

additional amplitude calculation, Eq. (6), is used as a threshold 

device to remove erroneous frequency modulation produced by 

low-level noise owing to the differential process in FM 

extraction. Finally, a low-pass filter (LPF 3) is used to produce 

the desired slowly varying FM signals. Note that the cutoff 

frequency of LPF 3 determines the FM rate. More detailed 

information on FAME can found in [1]. 

 

Noise FM removal=[(𝑎2 + 𝑏2)1 2⁄ ]. (6) 

 

3. Experiments 

3.1. Subjects and materials 

Twelve (18–22 yrs., 6 female) NH native-Mandarin speakers 

participated in the listening experiment. Mandarin disyllabic 

words lists from [16] and the Taiwan Mandarin version of 

Hearing in Noise Test (TMHINT) lists from [17] were used as 

the testing materials to test the speech intelligibility and 

listening effort [18]. All sentences were pronounced by the 

Hidden Markov Models (HMM)-based Speech Synthesis 

System [19], and recorded at a sampling rate of 16 kHz. Train 

noise was used as the masker signal to corrupt test sentences at 

three signal-to-noise ratio (SNR) levels of -5, 0, and 5 dB, which 

were chosen to avoid the ceiling/floor effects. 

 

3.2. Procedure 

The parameters of K, LPF1, LPF2, LPF2’, and LPF3 in FAME 

were set to 16, 500 Hz, 200 Hz, 200 Hz, and 400 Hz, 

respectively. We conducted two sets of experiments, namely 
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Fig. 1. Structure of the FAME strategy [1]. 
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objective and subject listening evaluations. For the objective 

listening test, we adopted the confusion disyllabic word lists 

[20], and automatically selected a set based on a genetic 

algorithm [16]. It is a closed set (i.e., multiple choice question) 

speech intelligibility testing approach. Each subject participated 

in a total of six [= 2 signal processed approaches × 3 SNR levels 

× 1 masker] testing conditions. Each condition contained 15 

disyllabic words. The order of the six conditions was 

randomized across subjects, and none of the 15 disyllabic words 

were repeated across testing conditions. Subjects were 

requested to choose the answer based on what they heard, and 

allowed to repeat the stimuli twice.  

    In the subjective listening tests, we adopted a questionnaire 

[21] to investigate the listening effort between original and 

FAME approaches. The questions for the effort ratings were 

“How much effort was required for you to identify the 

components of the sentence?” There were three SNR levels (-5, 

0, and 5 dB) were used. Each subject participated in a total of 

six [= 2 signal processed approaches × 3 SNR levels × 1 masker] 

testing conditions. Each condition contained 10 sentences (10 

words). Each subject was asked to score these statements for 

each of the noisy signals using a mean opinion score (MOS) 

comparison. The MOS rating is the most widely used measure 

for subjective quality tests in which the subjects rate the test 

speech scale from 5 (no effort) to 1 (extremely high effort).  

 

4. Results 

4.1. Spectrogram analyses 

A spectrogram shows the spectral representations of a time-

varying signal and is often used to analyze frequency and level 

properties of speech signals [22]. Figure 3 illustrates four sub-

figures, showing the spectrograms of: (a) clean speech; (b) clean 

speech processed by FAME, denoted as clean_FAME; (c) clean 

speech corrupted by train noise (SNR level = 0 dB); and (d) 

clean_FAME speech corrupted by train noise (SNR level = 0 

dB). The sentence used in Fig. 3 was synthesized by a HMM-

based speech synthesis system [19] in Mandarin, saying “There 

is a calligraphy competition in this semester”.  From the 

example of Fig. 3 (c), we can note that the speech information 

of high frequency parts (i.e., 3 kHz to 8 kHz) will be affected 

by the background noise. In other words, the high frequency 

information of speech will not be easy to hear for the subjects. 

Therefore, a lot of consonant information (high frequency parts) 

will be lost, thus decreasing the performance of speech 

perception, especially for Mandarin listening [23]. Compared 

with the clean speech in Fig. 3, the clean_FAME speech 

provided a sturdier high frequency speech signal. From Fig. 3 

(d), it can be noted that the FAME strategy not only maintains 

the speech information of the low frequency parts, but also 

further emphasizes high frequency speech signals. Therefore, it 

can help subjects to hear consonant information of Mandarin 

well in noisy conditions to improve the performance of speech 

intelligibility.  

 

4.2. Listening test 

4.2.1. Speech intelligibility 

The average scores of speech intelligibility between original 

and FAME-processed speech at three different SNR levels are 

shown in Fig. 4. The average speech perception scores for 

{original and FAME} are {65.0% and 81.7%} at -5 dB, {73.3% 

and 84.5%} at 0 dB, and {84.4% and 88.3%} at 5 dB, 

respectively. To verify the improvement, we conducted a paired 

sample t-test. Original vs. FAME resulted in a p-value < 0.001, 

denoting significant improvement. The results confirm the 

 

Fig. 3. Spectrograms of (a) clean speech, (b) clean_FAME speech, (c) clean speech corrupted by train noise (SNR level= 0 dB), 

and (d) clean_FAME speech corrupted by train noise (SNR level= 0 dB). The sentence was a synthesis by the Hidden Markov 

Models (HMM)-based speech synthesis system in Mandarin, saying “There is a calligraphy competition in this semester”. 
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effectiveness of FAME in improving the intelligibility of 

enhanced speech. 

  

 
Fig. 4 Average scores of speech perception scores at different 

SNR levels between original and FAME processed 

 

4.2.2. Listening effort 

Listening effort [18] is used to quantify the cognitive resources 

necessary for speech understanding in noisy conditions [24]. 

That is, increased listening effort means more brainpower is 

needed to recognize and understand speech. In this study, the 

subjects rated listening effort on a five-point rating scale that 

ranged from no effort to extremely high effort. A higher score 

indicates that the processed approach was preferred. The 

subjects gave ratings for the two processing conditions (i.e., 

original and FAME signal processed approach) at the -5, 0, and 

5 dB SNR levels, thus six different conditions. The order of the 

six test conditions was randomized across subjects. Each test 

condition contained 10 sentences.  

    Fig. 5 shows the average listening effort (MOS rating) of 12 

subjects for all test conditions. The average listening effort 

scores for {original and FAME} were {1.41 and 3.01} at -5 dB, 

{2.28 and 3.73} at 0 dB, and {3.14 and 4.08} at 5 dB, 

respectively. The paired sample t tests confirm that listening 

effort scores are significantly different (p < 0.001) between 

original and FAME processing.  

 

 
Fig. 5 Average results of listening effort over 12 subjects for 

different input SNRs between original and FAME processed. 

5. Conclusions 

Following the study of [1]  assessing the contribution of the 

FAME strategy for speech understanding of CI recipients in 

noisy conditions, the present work further examined its effect 

for NH listeners. The FAME strategy can enhance and 

centralize the TFS information, especially for consonants (i.e., 

high frequency sounds), to improve the performance of speech 

perception. Fig. 3 showed an example where the FAME strategy 

could provide stronger consonant energy than original speech 

for NH listeners. In other words, the FAME technique can 

strengthen the high frequency part of speech, such that it is not 

easily affected by noise. The consonant information is one of 

the key factors for speech intelligibility in Mandarin. The 

results of listening tests showed that FAME provided higher 

intelligibility and lower listening effort for NH listeners. These 

results demonstrate that the FAME strategy is a highly 

promising technique to enhance speech understanding in noisy 

conditions for NH listeners. 
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