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ABSTRACT 
 

Speech recognition rate degrades drastically in extreme noisy environments. Spectral subtraction is one of 
the representative noise reduction method, but it is vulnerable to non-stationary noise although it is quite 
effective for stationary noise. In this paper, we propose an adaptive spectral subtraction method to improve 
the speech recognition performance. The proposed method is to consistently update the noise component in 
non-speech regions and remove the corresponding component in following speech regions. To validate of the 
noise reduction performance, we conducted several experiments for each noise power level. Our approach 
achieved better performance compared to the conventional spectral subtraction approach.1 
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1. INTRODUCTION  

 
Recently, there has been an increased 

tendency to use applications such as personal 
assistant and smart home devices with speech 
recognition technology [1]. In particular, they are 
controlled by a user’s voice without directly moving, 
and are connected to devices based on speech 
recognition in home environments. However, there 
is a problem with respect to the significantly 
degraded speech recognition rate in very noisy 
environments such as with TVs and when there are 
conversations between people [2][3]. This may 
result in serious malfunctions in applications that 
recognize a user’s spoken voice. In this case, it is 
important to remove noise in the surrounding 
environment in advance to enable the accurate 
detection of voice. This improves the speech 
recognition performance when controlling devices 
that recognize commands spoken by a user. 

Such a technique is called noise reduction, 
and the removal of noise from contaminated signals 
is important to achieving advanced pre-processing of 
voice detection process to improve speech 
recognition performance. In general, the types of 
noise are classified as stationary and non-stationary. 
Stationary noise refers to noise that hardly changes 

                                                 
1  Corresponding author: Jeong-Sik Park 

over time, e.g., engine noise in a car. Non-stationary 
noise refers to noise that fluctuates with time, e.g. 
engine noise in a fighter plane and conversations 
between people. Several approaches to noise 
removal have been extensively studied for a long 
time. Stationary noise reduction methods include 
Spectral Subtraction [4], Wiener filter [5][6], 
minimum mean square error (MMSE) short-time 
spectral amplitude estimation [7][8], Kalman filter 
[9][10]. There are also Average Estimator Least 
Mean Square (AELMS) methods [11], of which the 
spectral subtraction technology is the most common 
and representative noise reduction method. 
However, this approach is vulnerable to non-
stationary noise in that noise remains in non-speech 
regions after subtracting the average noise spectrum 
from a noisy speech spectrum. In this paper, we 
propose an adaptive spectral subtraction technique to 
improve noise reduction performance. The proposed 
involves consistently updating noise components in 
non-speech regions. 

This paper is organized as follows. Section 
2 explains the conventional spectral subtraction 
method. Section 3 explains the proposed spectral 
subtraction approach. Experimental results are 
shown in Section 4, and the originality of the 
proposed approach is discussed in Section 5. This 
paper concludes in Section 6. 
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Figure 1: General procedure of the Conventional Spectral Subtraction

2. THE CONVENTIONAL SPECTRAL 
SUBTRACTION 

2.1 Spectral Subtraction 
The spectral subtraction technique 

assumes that the noise and speech are uncorrelated 
and additive in the time domain [12]. In this case, 
the power spectrum of the noisy speech signal is the 
sum of the noise and speech spectra. This method 
also assumes that noise characteristics change 
slowly relative to those of speech signals, so that the 
noise spectrum estimated for non-speech frames 
can be used to suppress noise components that 
contaminate the speech. 

 
𝑥(𝑡) = 𝑠(𝑡) + 𝑛(𝑡)   (1) 

 
Let 𝑥(𝑡) , 𝑠(𝑡)  and 𝑛(𝑡)  be the noisy 

speech signal, original clean speech signal, and 
additive noise signal, respectively. 

 
𝑋(𝜔) = 𝑆(𝜔) + 𝑁(𝜔)  (2) 

 
The power spectrum of the noisy speech 

signal (𝑋(𝜔)) is regarded as the sum of the noise 
and the speech spectra. 

 

𝑆(𝜔) =
|𝑋(𝜔)| − 𝑁(𝜔) , 𝑖𝑓 |𝑋(𝜔)| − 𝑁(𝜔)

0            , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(3) 

 
In spectral subtraction methods, the clean 

speech spectrum ( 𝑆(𝜔) ) can be estimated by 

subtracting the average noise spectrum ( 𝑁(𝜔) ) 
from the noisy speech spectrum (|𝑋(𝜔)|) [13]. 

Figure 1 shows the general procedure of 
the conventional spectral subtraction approach. To 
reduce the distortion of the noisy speech signal, the 
Hamming window is applied to each frame. Most of 
the frames are also calculated by performing the 
Fast Fourier Transform (FFT) to estimate the 
spectral component. The first consistent frames 
assume that noise regions are in signals, and they 
are then subtracted from every frame of the 
contaminated signals after estimating the average 
noise spectrum using their sum. After spectral 
subtraction, half-wave rectification is performed to 
remove negative spectral components. When 
signals are obtained in the spectral domain through 
such a series of processes, an enhanced signal in the 
time domain by applying the Inverse Fourier 
Transform (IFFT).  

 
 

 
Figure 2: Principles of the Conventional Spectral 

Subtraction Method 
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Figure 3: Procedure for the Proposed Spectral Subtraction

 
 
Figure 2 represents the principle of the conventional 
spectral subtraction method. The method estimates 
the average noise spectral energy from consecutive 
frames of starting point of input signals, assuming 
that the starting signals are pertinent to non-speech 
regions. The estimated spectral energy is subtracted 
for entire signal regions. As shown in this figure, 
the starting point of input signals (the red section) is 
assumed to be non-speech regions.  

 
2.2 Limitations of Spectral Subtraction 

The conventional method is vulnerable to 
non-stationary noise although it is quite effective 
for stationary noise. Therefore, there are two issues. 

First, residual noise remains in non-speech 
regions. Typical spectral subtraction depends on the 
magnitude of each frame in the spectral domain. 
The average noise spectrum calculated by the 
number of first consistent frames is fixed. When it 
is subtracted sequentially from the entire frame, the 
magnitude of the current frame may be relatively 
larger than that of the previous frame. That is, it is 
necessary to update the spectral components to 
solve this problem in the non-speech regions. 

The second problem is that because of the 
above problem. Because noise and speech signals 
are uncorrelated in the contaminated signal, the 
noise signal magnitudes that are added to the non-
speech and speech regions of the clean speech 
signal are not the same. For this reason, after 
spectral subtraction, noise reduction in the speech 
region may not be performed smoothly owing to the 
negative spectral components that are removed 
using half-wave rectification. 

 
Figure 4: Procedure for the Voice Activity Detection 

 
3.  ADAPTIVE SPECTRAL SUBTRACTION 

The spectral subtraction technique is the 
most common and representative noise reduction 
method. In this paper, we discussed two issues that 
affect conventional spectral subtraction. To solve 
these problems, we propose the adaptive spectral 
subtraction method, which involves subtracting 
noise components of several consecutive frames, 
which are calculated in non-speech regions from 
speech regions as well as continuously updating it 
by subtracting them from the non-speech regions. 

Figure 3 demonstrates the proposed 
spectral subtraction procedure. The input noisy 
speech signals are divided into fixed lengths, and 
Hamming windows are applied to each frame. Then, 
they are processed by FFT to obtain spectral 
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components. In addition, as represented in Figure 4, 
they are classified into speech or non-speech frames 
using voice activity detection, which compares the 
energy with a predetermined low frequency energy 
threshold. In the case of non-speech regions, it 
performs two functions. In the first case, it subtracts 
the noise spectrum components of the current frame 
from the spectral value of the next frame. In the 
second case, noise components of several 
consecutive non-speech frames are added, and the 
average noise spectrum is estimated. Then, spectral 
subtraction is performed for the contaminated 
signals and subtracted noise signals, respectively. 

 

 
Figure 5: Principles of the Proposed Method 

 
Figure 5 represents the principle of the 

proposed method. The red sections indicate non-
speech regions. The proposed method continuously 
detects non-speech regions and flexibly estimates 
the noise energy from the regions and the noise 
components estimated for each non-speech frame 
are subtracted in the following speech frames.  

The decision for the two regions can be 
expressed as follows. 

  

𝑃 = (𝑅𝑒 [𝑚] + 𝐼𝑚 [𝑚] )

𝐾/𝑑

𝑚=0

 

     𝑃 > 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → 𝑆𝑝𝑒𝑒𝑐ℎ 
𝑃 ≤ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → 𝑁𝑜𝑛 − 𝑆𝑝𝑒𝑒𝑐ℎ           (4) 

  
where 𝑃  is total spectral energy based on low 
frequency bandwidth. 𝑅𝑒 [𝑚]  and 𝐼𝑚 [𝑚]  are 
respectively the real and imaginary components of 
the 𝑚–th FFT point samples in the 𝑖–th frame. 𝑡, 
𝑡 − 1  denotes the current and previous frames, 
respectively. 𝐾 is the total number of FFT points. 𝑑 
means the range of low frequency regions. If the 
low frequency energy of a frame is higher than the 

threshold, it is classified as the speech region; 
otherwise, it is the non-speech region. 

As shown in Eq. (5), there is related to the 
proposed method in this study. If the spectral energy 
of a current frame for 𝑡 is smaller than that of the 
thresholds, the noise component of the previous 
frame 𝑡 − 1  is subtracted from the noise spectral 
components of the current frame, and can be 
expressed as follows. 

 
𝑅𝑒 , [𝑚] = |𝑅𝑒𝑡[𝑚]| − |𝑅𝑒𝑡−1 [𝑚]|

𝐼𝑚 , [𝑚] = |𝐼𝑚𝑡[𝑚]| − |𝐼𝑚𝑡−1[𝑚]|
 

 
      𝑃 ≤ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → 𝑁𝑜𝑛 − 𝑆𝑝𝑒𝑒𝑐ℎ  (5) 

 
where 𝑅𝑒 , [𝑚] and 𝐼𝑚 , [𝑚] are the noise spectral 
components, which are subtracted. 
  For the recently consecutive non-speech 
frames in the non-speech region, the average noise 
spectrum 𝑁(𝜔), can be obtained as follows. 

 

𝑁(𝜔) =
1

𝐿
(𝑅𝑒 [𝑚] + 𝐼𝑚 [𝑚] )

𝐾−1

𝑚=0

𝐿−1

𝑙=0

 

(6) 

 
where 𝐿 is the total number of fixed frames. 𝜔 is in 
terms of samples in spectral domain. As represented 
in Eq. (6), the average noise spectrum is estimated 
by adding up the spectral energy of recent 𝐿 frames 
and dividing by total number of frames in non-
speech region. 

For the contaminated signals, 𝑋 (𝜔)  can 
be obtained as follows, 

 

𝑋 (𝜔) = (𝑅𝑒 [𝑚] + 𝐼𝑚 [𝑚] )

𝐾−1

𝑚=0

 

(7) 

 
If the spectral energy of the current frame 

for 𝑡  is higher than that of the threshold, it is 
categorized as a speech region. 

The calculation of the spectral energy for a 
noise signal in the current non-speech region can be 
expressed as follows. 

 

𝑋 (𝜔) = 𝑅𝑒 , [𝑚] + 𝐼𝑚 , [𝑚]

𝐾−1

𝑚=0

 

 (8) 
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where 𝑋 (𝜔) is the spectral energy calculated with 
updated components after subtracting the noise 
spectral components of the previous frame from the 
current frame. 

To estimate the enhanced signals using 
𝑋 (𝜔), 𝑋 (𝜔) and 𝑁(𝜔), which are obtained from 
the above equation, 𝑆 , (𝜔)  can be calculated as 
follows. 

 

𝑆 , (𝜔) =

|𝑋 (𝜔)| − 𝑁(𝜔) ,     𝑃 > 𝜃

|𝑋 (𝜔)| − 𝑁(𝜔) ,     𝑃 ≤ 𝜃

               0          ,   𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    (9) 

 
where 𝜃  is the predetermined threshold. If the 
spectral energy of the current frame is higher than 
𝜃 , the noise spectral energy from contaminated 
signal is subtracted from updated noise signal. 

 
4. EXPERIMENTAL SETUP AND RESULTS 

In this section, we present experimental 
results for the performance of the adaptive spectral 
subtraction approach proposed in Section 3. 

 
4.1 Experimental Setup 

In this study, we conducted an offline test 
to evaluate noise reduction performance. The 
threshold value used in the VAD was empirically 
estimated to determine the predetermined threshold. 
An original speech signal is a clean signal without 
noise. In the experiment, we used four kinds of the 
noisy speech signals, and noise signals were non-
stationary vehicle noise at SNRs of 0, 5, 10, and 15 
dB. For each frame, the number of samples was 320, 
and the frame length was fixed at 20 ms. There were 
512 FFT points, and a Hamming window was 
applied to each frame to prevent signal distortion. 
The sampling frequency was set to 16 kHz. 

 
4.2 Experimental Results 

We compared the noise reduction 
performance using the signal waveforms with the 
spectrograms, and we investigated to determine the 
extent of the removal of noise between the 
conventional method and proposed method. To do 
this, we tested for each noise power level. We also 
used the low frequency energy based VAD to 
determine the speech and non-speech regions for 
the input noisy speech signal in this study.  

 
Figure 6: Distribution of low frequency energy at 0 dB
  

 
Figure 7: Distribution of low frequency energy at 5 dB 

 

 
Figure 8: Distribution of low frequency energy at 10 dB 

 

 
Figure 9: Distribution of low frequency energy at 15 dB 
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(a) 
Original 

Clean 
Speech 

 
 
 
 

(b) 
15 dB 

 
 
 
 

(c) 
10 dB 

 
 
 
 

(d) 
5 dB 

 
 
 
 

(e) 
0 dB 

 
Figure 10: Speech signal for words, “Come to manual three two,” which are spoken by a male speaker: The 

above pictures represent the noisy speech signals that were added for each noise power level. (a) Original Clean Speech; 
(b) Noisy Speech at 15 dB; (c) Noisy Speech at 10 dB; (d) Noisy Speech at 5 dB; (e) Noisy Speech at 0 dB 

 
Figures 6, 7, 8, and 9 show the distribution 

of the low frequency energy according to each value 
of noise power level. As shown in the figures, the 
lower the noise power, the greater is the magnitude 
of the spectral energy, and the smaller is the 
distance between speech region and non-speech 
region. In particular, as shown in the distribution at 

0 dB, the distance is very small compared to the 
others. This is not only difficult to find a threshold 
for determining two regions, but also result in the 
loss of the speech signal, which is subtracted from 
the noise energy by being categorized as a noise 
region. 
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Figure 11: Results of processing Noisy Speech (0dB) 

 

 
Figure 12: Results of processing Noisy Speech (5dB) 

 

Figure 13: Results of processing Noisy Speech (10dB) 

 

 
Figure 14: Results of processing Noisy Speech (15dB)  

 

 We investigated waveforms of noisy 
speech and de-noised speech signals for 
performance comparison. Figure 10 illustrates 
original clean speech and noise-contaminated 
speech signals. Figures 11, 12, 13, and 14 also 
represent signal results obtained for the 
conventional method and proposed adaptive 
spectral subtraction approach for contaminated 
signals. As shown in the figures, the first picture is 
the noisy speech signal for each noise power levels, 
and the second is the result of applying the 
conventional method. The third picture represents 
results for the proposed approach. As shown in the 
figures, we can observe that noise removal for the 
speech and non-speech region is remarkably 
performed through signals. Therefore, the proposed 
method shows superior noise reduction 
performance compared to the conventional method. 
However, from Figure 11, it can be seen that the 
speech signal is relatively small compared to other 
noise power levels. For this reason, as shown in 
Figure 6, the value of spectral energy distance 
between the speech region and the non-speech 
region is small, and the threshold value that 
determines the two regions is ambiguous. Therefore, 
it said that the noise signal of the non-speech region 
is reduced as much as possible, and the speech 
signal is also lost. 

Figures 15 represent spectrogram results 
for the conventional method and proposed adaptive 
spectral subtraction approach. As shown in the 
figures, pictures on the first line are the original 
noisy speech spectrograms for each noise power 
level. Second and third lines represent spectrograms 
of the signal applied to the conventional method and 
the proposed approach, respectively. When 
comparing each of method through the figures, we 
can observe that the spectrogram of the proposed 
method has a darker background color than the 
spectrogram of the conventional method. This 
indicates the extent of noise removal, and the 
proposed method shows better noise reduction 
performance compared to the conventional method.  

 
5. ORIGINALITY OF THIS WORK 

The proposed method has originality and 
advantage compared to the conventional method. 
The conventional method estimates the average 
noise spectral energy from consecutive frames of 
starting point of input signals, assuming that the 
starting signals are pertinent to non-speech regions.  
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 (a) 15 dB (b) 5 dB (c) 0 dB 
 
 
 
 
 

Original 
Noisy 

Speech 

 
 
 
 
 

De-noised 
Speech by 

Conventional 
Spectral 

Subtraction 

 
 
 
 

De-noised 
Speech by 
Adaptive 
Spectral 

Subtraction 
(proposed) 

 
Figure 15: Spectrograms for words, “Come to manual three two,” spoken by a male speaker: The above pictures 

represent results for the conventional and proposed method: (a) Noisy Speech at 15 dB; (b) Noisy Speech at 5 dB; (c) 
Noisy Speech at 0 dB.

The estimated spectral energy is subtracted 
for entire signal regions. This procedure may lead 
to incorrect noise reduction owing to incorrect noise 
estimation. In particular, the conventional method 
may be vulnerable to non-stationary noise signals in 
which noise characteristics frequently change.  

On the other hand, the proposed method 
continuously detects non-speech regions from input 
contaminated signals. The spectral energy 
estimated from each non-speech region is used to 
reduce noise components in the subsequent speech 
region. This procedure can efficiently handle the 
non-stationary noise signals by frequently updating 
noise components.  

Several experiments showed the efficiency 
of the proposed method compared to the 
conventional one. In overall noise levels, the 
proposed method significantly removed noise 
components while maintaining speech signals.  

 
6. CONCLUSION 

In this paper, we proposed an adaptive 
spectral subtraction method. The conventional 
spectral subtraction technique is vulnerable to non-
stationary noise although it is quite effective for 
stationary noise. However, there are problems in 
that residual noise remains in non-speech regions, 
and noise reduction in the speech regions may not 
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be correct. The proposed approach is to 
continuously update noise components of several 
consecutive frames and remove the components 
from speech regions. 

We verified the noise reduction 
performance by conducting several experiments 
using noisy speech signals. The proposed method 
achieved a better noise reduction performance 
compared to the conventional approach, and 
enhanced speech signals were obtained.  

 
7. FUTURE WORKS 

In general speech recognition environment, 
non-stationary noise signals contaminate speech 
signals more frequently than stationary noise. Many 
researchers have hereby proposed effective noise 
reduction approaches such as the spectral 
subtraction, Wiener filer, etc. The spectral 
subtraction has been widely used because it has low 
computational complexity and is easy to implement. 
Our proposed method demonstrated superior noise 
reduction performance compared to the 
conventional approach. Nevertheless, it is 
necessary to compare the performance to other 
noise reduction methods for further verification. In 
addition, instead of using predetermined threshold, 
to define the threshold used for VAD procedure 
automatically is required for handling severe noise 
signals such as musical noise. Finally, we will 
perform speech recognition experiments to validate 
if the proposed method operates well for speech 
recognition tasks. 
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