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NEURAL-BASED LOSSY COMPRESSION OF NOISY AUDIO SIGNALS
AND THEIR DCT-BASED POST-FILTERING

A recently proposed method of lossy compression of one-dimensional audio signals is con-
sidered with application to musical and speech signals corrupted by additive white Gaussian
noise. It is shown that excellent compression ratios exceeding 100 are obtained. Properties of
decompressed signals and introduced distortions depend on input signal-to-noise ratio (SNR).
For medium ratios, lossy compression is able to partly suppress noise, whilst, for low input sig-
nal-to-noise ratios, noise is left. Then, it can be suppressed after decompression by a filter based
on discrete cosine transform able to provide improvement by up to 10 dB. Spectral analysis of
distortions is carried out and it is demonstrated that the largest distortions are observed for low
frequencies.
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Introduction

Many multimedia and telecommunication applications deal with compression, transferring, and
processing of one-dimensional (1-D) signals such as music and speech [1], [2]. Although there exist
several transform based methods for audio compression [3], [4], @ new generation of audio comp-
ression methods based on trained neural networks is under interest nowadays [2], [5], [6] demonstra-
ting impressive results.

In most considered cases, it is supposed that audio signals to be compressed have high quality.
Meanwhile, signals subject to compression and further transferring can be imperfect, e.g., degraded
by noise [7], [8]. Therefore, several questions arise: 1) what happens to noisy audio signals if they
are compressed in a lossy manner by modern neural-based methods? 2) is it worth denoising such
signals after transferring and decompression? 3) what is efficiency of such post-filtering?

Problem statement

In this paper, we focus on neural-based technique of lossy compression proposed and considered
in [5]. The TSAC codec [9], built using this technology with an additional Transformer model, signi-
fycantly outperforms many existing audio compression methods in terms of its parameters. Our first
goal is to analyze compression ratio (CR) values for signals corrupted by noise of different level (for
a wide set of input SNRs) and to study distortions introduced into compressed signals.

Another goal of this paper deals with noise suppression after decompression. As known, lossy
compression might have specific noise filtering effect [10], [11]. Then, noise can be partly removed
and, besides, its statistics can change. This can lead to problems in finding an appropriate filter for
further noise removal and setting its parameters. Therefore, the second goal is to determine is it
possible to get certain improvement of decompressed signal by post-filtering, when post-filtering use
is expedient and what can be its efficiency.

Current approaches to audio compression and filtering
The orthogonal-based methods of audio data lossy compression employ transform coefficient
quantization with quite many coefficients assigning zero values after quantization with further use of
this property by exploiting run-length encoding or other lossless compression techniques [1], [12].
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They are able produce CR considerably larger than lossless compression techniques by the expense
of compressed signal quality where the general tendency is that a larger CR (a smaller bitrate) is asso-
ciated with worse quality. Then, CR should be restricted to provide appropriate quality.

Recently, neural audio codecs have appeared as alternatives to conventional codecs [5], [6] and
they are based on the creation of audio autoregressive generative models [13], [14]. In particular, in
[5, 9], the authors combine recent advances in high-fidelity audio generation and vector quantization
with improved adversarial and reconstruction losses. This allows obtaining CR about 100 and larger
while keeping high quality of compressed audio of different types. An obvious advantage of this app-
roach is that the authors offer aforementioned open-source code and already trained model weights
that allows additional testing and studying the properties of this codec.

For audio contaminated by noise, its removal, if necessary, can be carried out before compression
and after decompression. Note that numerous denoising techniques have been developed so far [15],
[16]. There are methods based on Kalman filtering [7], wavelets [15], LMS adaptive filtering [16],
discrete cosine transform (DCT) [17], and convolutional neural networks [18]. Below, we concentrate
on considering DCT-based techniques keeping in mind their computational efficiency [19] and ability
to adapt to noise characteristics assuming that they are either known in advance or accurately pre-
estimated [20].

General signal/noise model and preliminary analysis of compression characteristics
We consider conventional model of a signal contaminated by noise as:

S @) =SO+n@, i=1.,1, (1)

where {S(i), i=1,...,1} is the noise-free signal, i denotes the sample index, I is the total number of
registered samples, {n(i), i=1,...,1} denotes the zero mean additive white Gaussian noise (AWGN)
with variance o2.

If lossy compression is applied, one can be interested in two kinds of metrics for the case of
noisy signal/image compression. A metric can be measured between original noisy and compressed
data as well as between compressed and noise-free (true) data if one deals with simulations where
noise is artificially added to noise-free signal and then lossy compression follows. Below, we concent-
rate on the latter type of metrics since it is desired to have a decompressed signal as close to the noise-
free one as possible [11].

In our experiments, we used three musical fragments corresponding to classical (file W1), pop
(file W2) and rock (file W3) music from a set of files for conducting public multiformat listening test
[9]. The sampling frequency is equal to 44.1 kHz and the fragment duration is 5 s for all three fragme-
nts. Noise has been generated in such a manner that five fixed input SNR equal to 0, 5, 10, 15, and
20 dB have been provided. All compression and decoding experiments with the codec were performed
using the Transform model (the -f parameter was disabled) and setting the -q parameter equal to 9 to
obtain the maximum compression ratio (minimum bit rate). The obtained CR values defined as the
ratio of the file sizes before and after compression are given in table 1.

Table 1
CR values for three test signals corrupted by AWGN of different intensity
Test musical Input SNR, dB
fragment 0 5 10 15 20 No noise
Classical 129.0 137.2 148.1 154.8 158.8 155.6
Pop 111.0 114.4 116.4 118.4 119.9 120.3
Rock 119.9 125.4 129.3 130.9 130.2 124.8

The following tendencies and observations can be mentioned. First, all CR values are larger than
100, i.e. they are very high. Second, CR for classical music is slightly larger than for pop and rock
musical fragments. Third, CR values for clean signals are about the same as for input SNR equal to
20 dB where there is the tendency of CR increasing for input SNR growing from 0 to 20 dB.

Availability of {S(i), i=1,...,I}, {Sn(i), i=1,...,I}, and compressed {Sc(i), i=1,...,1} signals as well as
an opportunity to determine Fourier spectra for realizations of {n(i), i=1,...,1} and {nc(i)= Sc(i)-S(i),
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i=1,...,1} denoted as Fn(f) and Fc(f) (f is frequency where the maximal frequency equals to 22.05 kHz),
respectively, allows analyzing noise suppression and introduced distortions (in aggregate) in spectral
domain. Consider now the plots:

AF(f) = 10logo(I1F (O] = [F(HD (2)

Such a plot for input SNR equal to 20 dB is shown in fig. 1. A small noise reduction takes place
for frequencies from 5000 Hz to 21000 Hz. A larger reduction takes place for f>21 000 Hz. Mean-
while, due to introduced distortions, AF(f) are mainly smaller than zero for f<5000 Hz. If input SNR
is smaller, the situation changes. An example of AF(f) for input SNR equal to 0 dB for the same mu-
sical fragment is given in fig. 2. Some noise suppression takes place for f from about 1000 Hz till
17000 Hz and, especially, for f>21 kHz. However, there are distortions for f<1 kHz.

Noise reduction, SNR = 20 dB, file: W1 Noise reduction, SNR = 0 dB, file: W1
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Fig. 1. AF(f) for input SNR equal to 20 dB for the Fig. 2. AF(f) for input SNR equal to 0 dB for
classical music fragment the classical music fragment

Noise reduction, SNR = 10 dB, file: W3

6 The general tendency that AF(f) increases if
‘ f grows take place for other test signals (see data
? in fig. 3). However, the distortions in low frequ-
’ encies are larger than for classical music. Thus, it
B is possible to state that distortions introduced by
) the codec [9] act in a specific way for noisy sig-
’ nals leading to certain noise suppression for hig-
) her frequencies and deterioration of signal con-
tent for low frequencies.

dB

0 05 1‘ s 2 It is also possible to control powers of the
Fresuene e o noise {n(i), i=1,...,1} and {nc(i), i=1,...,1} denoted
Fig. 3. AF(f) for input SNR equal to 10 dB for the as Pn and Pq, respectively. Let us calculate
rock music fragment AP=10log10(Pn —Pd), dB. The obtained data are
given in table 2.
Table 2
AP values for three test signals corrupted by AWGN of different intensity
Test musical Input SNR, dB
fragment 0 5 10 15 20

Classical 0.79 0.47 -0.39 -2.03 -4.97

Pop 0.63 -0.64 -3.03 -6.45 -10.1

Rock 0.31 -1.14 -3.97 -7.01 -12.7

Analysis shows that even some improvement is possible for low input SNR (the positive effect
of denoising is larger than the negative effect of introduced distortions) but for larger input SNR the
introduced distortions prevail, especially for rock musical fragment.
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Efficiency analysis for post-filtering

Let us briefly recall the main principles of DCT-based denoising. It is carried out using fixed
size blocks where, to provide high computational efficiency, the block size is usually set equal to po-
wer of two. This can be 16, 32, or 64 allowing to benefit from algorithms of fast DCT. Denoising, for
each I-th block, consists of the following three stages: 1) direct DCT is carried out for block with
obtaining DCT coefficients {Di(k), k=1,...,N} where N here is the block size; 2) thresholding is then
applied resulting in obtaining the modified coefficients {Di r(k), k=1,...,N} (see details below); 3)
inverse DCT is performed for {Diwr(k), k=1,...,N} producing signal values Sti(m=L,...,1+N-1) for all
samples belonging to the considered block. The main idea of this scheme is that the DCT coefficients
having large absolute values correspond to signal components, whilst other DCT coefficients relate
to noise. The thresholding operation removes or reduces the non-informative spectral components.

Two approaches to thresholding are considered by us. The hard thresholding is defined as:

(D), fDE[>T .
Dy i (K) = {o, Do < 7K = 2N (3)

and the combined thresholding is performed as:
Dy(K), if [Dy(K)| > T

Dine(K) =4 D,3(k k= 2,..N, (4)
Hthr ng ), if DK< T

where T is the threshold. It is usually proportional to ¢ - T = Bo, where B is the proportionality factor
set by a user or optimized in some way, for example about 2.6 for hard thresholding and around 4.5
for the combined thresholding.

Noise suppression efficiency depends on several factors, namely, the block size N, signal comp-
lexity, input SNR, used threshold, block overlapping, and correctness of assumption concerning noise
properties [11], [17]. Below we consider the case of fully overlapping blocks. This means that, for
neighboring blocks, | values differ by 1 and N-1 samples are the same. This mode of DCT based filte-
ring provides the best efficiency of noise suppression but requires more computations. However, it is
anyway fast enough. It is worth recalling here that each signal sample has filtered values coming from
different positions (N positions for most samples) of blocks that contain this sample. Then, the filtered
values are averaged.

Other known properties of the DCT-based filtering are the following. First, the denoising is more
efficient for smaller input SNR where denoising efficiency can be characterized in different ways. In
particular, it is possible to use improvement of SNR defined as:

2
ISNR = 101010 (=) = SNRout = SNRin (5)
Here, MSE denotes the mean square error al ilter output, whilst SNR,,, and SNR;,,, are out-

put and input SNRs, respectively. Second, denoising using hard and combined thresholding produce
approximately the same efficiency under condition that the corresponding optimal 3 values are app-
lied. A larger B leads to better noise suppression by the expense of worse preservation of signal details.
Just this fact explains the existence of optimal . Third, in previous experiments [17], N=64 has resul-
ted in slightly better outcomes than the use of N=32 or N=16. This is the reason why we applied N=64
in our experiments in this paper. Fourth, if noise is not AWGN, the assumption that it is AWGN leads
to less efficient filtering compared to the case of AWGN for the same variance. It is possible to adapt
thresholding to the noise spectrum and make the thresholds frequency dependent but, for this purpose,
one has to know the noise spectrum a priori or to estimate it from signal+noise mixture at hand. This
complicates processing. Because of this, in our experiments here, we have applied the DCT-based
filters with thresholds determined by formulas (3) or (4).

Let us present some results obtained for post-filtering applied after decompression. fig. 4 shows
dependences of ISNR on  for DCT-based filtering with hard and combined thresholding to the test
classical music fragment after compression and filtering for five values of input SNR. As seen, ISNR
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can be positive for input SNR equal to 0, 5, and 10 dB, but it is negative for input SNR equal to 15
and 20 dB. Similar dependences are presented in fig. 5 for the pop music fragment. In this case,
improvement is observed only for input SNRs equal to 0 and 5 dB. This is not surprising since AP
values in this case are smaller than for classical music fragment (see data in table 2).

The results for hard and combined thresholding are approximately the same for given signal frag-
ment and input SNR and under condition of optimal  setting. Concerning optimal f, it has the tende-

ncy to decrease if input SNR becomes smaller.
ISNR after codec for file W1
(SNR: red=0dB, green=5dB, blue=10dB, black=15dB, cyan=20dB)
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Fig. 4. Dependence of ISNR on p for processing decompressed classical fragment
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Fig. 5. Dependence of ISNR on p for processing decompressed pop fragment
Conclusions
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This paper studies the performance characteristics of the modern neural-based lossy audio comp-
ression method applied to signals corrupted by AWGN. The research is focused on analyzing the
compression ratio, the nature of introduced distortions, and the efficiency of DCT-based post-filtering
for residual noise suppression.

The key findings are as follows:

The neural-based codec demonstrates exceptional robustness, achieving very high compression
ratios (CR > 100) across all tested input SNRs. While the presence of intense noise slightly degrades
the CR, the compression remains highly effective, confirming the method's suitability for imperfect
signal conditions.

The codec exhibits a frequency-dependent effect on noise. For signals with medium to high
SNRs (e.g., 20 dB), it provides partial noise suppression, primarily in the high-frequency range (above
5 kHz). However, for signals with low SNRs (e.g., 0 dB), the codec introduces significant distortions
in the low-frequency range, which can deteriorate the perceived quality, while still providing some
noise suppression at higher frequencies.

The application of DCT-based post-filtering after decompression proved to be a highly effective
strategy for low-SNR scenarios. For signals with input SNRs between 0 and 10 dB, post-filtering can
significantly improve the output signal quality, yielding a noise reduction of up to 8-10 dB. This con-
firms that a hybrid approach, combining the high compression efficiency of neural codecs with the
targeted denoising capabilities of classical transform-based methods, is a viable and powerful solution
for processing noisy audio signals.

Future work will focus on optimizing the post-filtering parameters based on the specific distor-
tion characteristics introduced by the neural codec and exploring adaptive filtering techniques that
take into account noise properties.

Bnecox aBTOpiB

[Terpo BPUCIH - anami3 mxepen Ta Ol JiTepaTypu; po3poOka Ta pearizallisi mporpaMHOro
3a0e3neueHHs 1Ji MPOBEACHHS €KCIEPUMEHTIB; MPOBEJCHHS €KCIEpUMEHTIB Ta 30ip, oOpolka Ta
Bi3yanizalis oTpuMaHux pe3yibraTiB; Bonmogumup JIYKIH — konnentyanmizamis AOCHIKEHHS Ta
IIOCTAHOBKA 3aJ1a4l; HAyKOBE KEPIBHUIITBO Ta 3arajibHa METOJOJIOTIS AOCIIPKEHHS; KpUTUYHE pefa-
I'yBaHHs Ta HAYKOBA peaKilis PyKOIHUCY.

JexJjiapanisi Npo IITYYHUH iHTEJIeKT
ABTOp HE BUKOPHUCTOBYBAB IITYYHUH 1HTEJIEKT MIPU CTBOPEHHI MaTepialiB CTaTTI.

Kondguikr inTepecin

ABTOp 3asBJIsI€ TIPO BiACYTHICTH KOH(MIIKTY IHTEPECIB Ta MIATBEPAXKYE, 1110 IiJ] YaC MiITOTOBKH
i€l poOOTH HE ICHYBAJIO )KOJHUX KOMEPIiHHUX, (piHAHCOBUX UM 1HIIMX B3a€EMOBITHOCHH, SIKI MOTJIN
0 OyTH pO3IliHEHI 5K TaKi, [0 3[aTHI BIUIMHYTH Ha PE3yJIbTaTH AOCHIHKEHHS a00 iX iHTeprpeTarito.
Pob6oTa BHKOHaHa BIJMOBIAHO O MPUHIMUIIB aKaJeMIYHOI T0OPOYECHOCTI, €ETUYHUX HOPM IpOBe-
JIEHHST HAYKOBHX JIOCIPKEHb Ta BUMOT PEAAKIIIMHOI IMOTITHKH 100 3armo0iraHds KOH(IIIKTY 1HTe-
peciB.
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_ 11. B. Bpucin, B. B. Jlykin
HEMPOMEPEKEBE CTUCHEHHSI 3 BTPATAMU 3AIIYMJIEHUX AYAIOCUTHAJIIB
TA IX HOCTO®IJIBTPALIA HA OCHOBI JAKII

Poszenanymo newooaeno sanpononosanuiul Hetipomepedxcesuii xkodexk TSAC ona cmucHenHs
ayoiocuecHanie iz empamamu, KU 3aCmMoco8y8asCs 00 My3UUHUX MA MOBHUX CUSHATIB, CNONEOPEHUX
aoumugHum oinum eaycoeum wiymom (ABI'ILl). Ocnosnumu yinamu 6yau. 1) Ananiz 3anexcnocmi koe-
Qiyienma cmucuennsn (KC) 6i0 6xionoeo eionowenns cuenan/wym (BCIL); 2) Busuenns npupoou
CNOMBOPEeHb, WO BHOCAMbCA Kooekom, 3) Oyinka doyinbHoCmi ma epekxmusHoCmi 3acmocy8aHHs
nocm-ginempayii Ha 0CHO8I OUCKPEMHO20 KOCUHYCHO20 nepemeopenns ([[KII) ona npuoywenns 3a-
JUUWKOBO20 WYMY 8 0eKOO0B8AHUX CUcHaNax. ExcnepumenmanbHo 6CMaHo81eHO, Wo KOOeK MA€E BUCOKY
pobacmuicmou: KC nepesuwye 100 ona eécix pisnie exionozo wiymy. Ilpu ybomy cnocmepicaemuvcs
menoenyis 0o 30invuenns KC iz 3pocmannsm BCLL 6i0 0 0o 20 0b. Ananiz noxazas, wo Kooek mae
YACMOMHO-3ANeJHCHUL 8NAUE HA wiyM. Onsi cueHanis 3 eucokum BCIII (15-20 0b) cnocmepicacmubcs
yacmroee NPUOYULeHHs WYMy V UCOKouacmomuiti ooaracmi (uwe 5 kl'y), ane npu ybomy HOCAMbCA
CNOMBOpeHHs Ha HU3bKUX yacmomax. /{nsa cuenanis 3 Husekum BCLLI (0 0b) cnomeopenHs Ha HU3bKUX
yacmomax cmarms OilbUL BUPAdICEHUMU, Npome eheKm UYMO3a2TYULeHHsl HA 8UCOKUX 4acmomax
30epicacmobcs. 3acmocysanusa nocm@inempayii Ha ocnosi J{KII nicis dekomnpecii 8usa8unocs euco-
KoegexmueHo cmpamezicto came 015 CUIbHO 3auiymienux cuenanis. /s exionux BCIII 6 diana3zoni
0-10 ob 60anocsa docsemu 3HAUHO2O NONINUIEHHS AKOCMI (RO3UMUBHI 3HAYEHHS MEMPUKU NOLinuie-
nusa BCLL), 3 makcumanvruum suepauwem 0o 8-10 05 npu onmumanvromy ubopi nopo2oozo koegi-
yieuma . ¥ motui sce yac, onsa cuenanie 3 sucokum BCILI nocm-ghinempayis HedoyinvHa, ocKinbKu
CNOMBOPEHHSA, U0 BHOCAMbCA CAMUM Qinbmpom, nepegaxcaroms egexm uiymosaziyuienus. llpoge-
0eHe 00CNIONHCEeHHsL NIOMBEPONCYE, WO 2IOPUOHUL NIOXIO, WO NOEOHYE BUCOKY epheKmuUsHiCmb CIuc-
HeHHsl CYUACHUX HelpoMepedcesux KOOeKi8 3 KIaCUYHUMU MemoOamu WyMO3d2ilyUeHH s, € NOmYic-
HUM [ NePCNeKMUBHUM DIiUeHHAM O 00poOKU 3auiymMieHux ayoiocucnanie. Posensnymuti Kooek
30amHUll eexmusHo CMUCKAmuy HAgims CUIbHO CHOMBOPeHi O0aHi, a nooanviia Qitempayis Ha
ocnosi J[KII 0o36015€ 3Hauno noainuumu aKicmes 6i0HOBIEH020 CUSHATY 8 YMOBAX HU3LKO2O BIOHO-
WIEeHHS CUSHAT/WLYM.

KuarouoBi ciioBa: aymiocursai, miyMm, CTUCHEHHs i3 BTpaTamu, ¢inbrparis Ha ocHosi JIKII,
CTIIOTBOPEHHS.
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