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Abstract

To address the dual challenges of environmental temperature-humidity fluctuations and
spurious impulse artifacts in real-time IoT monitoring, this paper proposes a novel digital
sensor signal denoising method based on wavelet packet decomposition (WPD) with a
dual-feedback adaptive threshold. A four-layer IoT monitoring architecture spanning
the perception, control, transmission, and cloud service layers is constructed, with an
STM32F103C8T6 microcontroller, an SGP30 multi-pixel metal oxide (MOX) gas sensor, and
an ESP8266 WiFi module as the core components; the proposed denoising algorithm is
executed entirely on the STM32 edge node at the perception layer. Real-time acquisition
of volatile organic compound (VOC) concentration and environmental parameters was
conducted across 20 independent experimental groups in a sealed, newly renovated lab-
oratory, using a single SGP30 sensor in chronologically ordered sessions. Based on the
non-stationary time—frequency characteristics of the SGP30 on-chip-processed output sig-
nals, the optimal four-level decomposition scale was determined through Parseval energy
conservation analysis, and the optimal wavelet basis (sym5) was identified through fifth-
order Fourier polynomial fitting. The core innovation lies in the dual-feedback adaptive
threshold strategy, which integrates physical environmental compensation with statistical
node energy weights through a multiplicative mechanism. An ablation study confirms
that the multiplicative coupling outperforms the best single-feedback variant by 2.52 dB
and the additive-fusion baseline by 1.97 dB. Using the ensemble median of 50 repeated
measurements under stable conditions as the pseudo-reference signal, experiments on
66,888 samples demonstrate an SNR improvement of 9.86 dB, a normalized mean square er-
ror (NMSE) of 0.0009, and a weighted-average abnormal impulse suppression rate of 79.1%,
with an embedded execution latency of only 1.4 ms per frame on the STM32F103 platform.

Keywords: SGP30 sensor; wavelet packet decomposition; adaptive denoising; node energy
weight; environmental compensation; dual-feedback threshold; Fourier polynomial fitting;
Internet of Things; ablation analysis

1. Introduction

Volatile organic compounds (VOCs) encompass a broad class of carbon-containing
chemicals that readily evaporate at room temperature, including formaldehyde, benzene,

Chemosensors 2026, 14, 212

https:/ /doi.org/10.3390/chemosensors14100212


https://crossmark.crossref.org/dialog?doi=10.3390/chemosensors14100212&domain=pdf&date_stamp=2026-09-22
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/chemosensors
https://www.mdpi.com
https://orcid.org/0000-0002-8801-3281
https://orcid.org/0000-0003-0208-3471
https://doi.org/10.3390/chemosensors14100212

Chemosensors 2026, 14, 212

20f21

toluene, xylene, and numerous other species. These compounds are released from diverse
indoor sources such as building materials, furniture, cleaning products, office equipment,
and human metabolic activities. Chronic exposure to elevated VOC concentrations in en-
closed spaces has been associated with significant carcinogenic, neurotoxic, and respiratory
health effects. According to data from the World Health Organization (WHO), indoor air
pollution is responsible for approximately 4.3 million premature deaths globally each year,
underscoring the critical importance of accurate, reliable, and cost-effective air quality
monitoring systems [1,2].

In Internet of Things (IoT) monitoring systems, metal oxide (MOX) sensors, such as the
SGP30 manufactured by Sensirion AG (Staefa, Switzerland), have gained widespread adop-
tion due to their compact form factor, low power consumption, and cost-effectiveness [3].
The SGP30 sensor integrates four independent MOX sensing pixels, each equipped with
individually controllable micro-hotplates, enabling the detection of total volatile organic
compound (TVOC) and equivalent CO, (eCO,) concentrations with satisfactory sensi-
tivity [4]. However, due to constraints imposed by the surface chemical kinetics of the
gas-sensitive material, the output signals of such sensors exhibit significant cross-sensitivity
to variations in ambient temperature and humidity [5,6].

The rapid proliferation of low-cost gas sensors has been accompanied by the emer-
gence of layered IoT frameworks that integrate perception, edge processing, wireless
transmission, and cloud analytics into a unified monitoring pipeline [7,8]. Such architec-
tures have been successfully deployed for indoor air quality assessment, occupational
safety, and automated laboratory environments, where continuous and unattended opera-
tion is essential [9-11]. However, the diagnostic value of these systems is fundamentally
constrained by the fidelity of the raw sensor signal: measurement noise introduced at the
perception layer propagates through every subsequent stage and degrades the reliability of
downstream decision-making. Consequently, performing denoising as close to the sensor
node as possible, ideally within the embedded microcontroller itself, has become a design
priority for resource-constrained IoT deployments.

The cross-sensitivity of MOX sensors to ambient temperature and humidity is not
merely an additive noise source but a systematic, environment-dependent distortion of the
sensor response [12,13]. A substantial body of work has therefore focused on drift compen-
sation and environmental decoupling, including humidity-conditioned calibration [14,15],
kernel-based domain correction [16], temperature-modulated feature extraction [17,18], and
machine-learning classifiers trained for robustness against environmental variation [19-21].
While these approaches improve qualitative discrimination among gas species, they typi-
cally operate at the feature or classification level and presuppose a signal that has already
been cleaned of high-frequency noise and impulse artifacts. The complementary prob-
lem, which is to recover a faithful denoised waveform from the raw digital output in real
time, has received comparatively less attention, particularly under the joint influence of
fluctuating temperature and humidity.

Traditional denoising techniques, including moving average (MA) filters and first-
order low-pass (LP) filters, are frequently employed at sensor nodes to suppress high-
frequency noise components [22]. The MA filter computes the arithmetic mean of consecu-
tive data points within a sliding window, effectively attenuating high-frequency fluctua-
tions but introducing phase lag and blurring sharp signal edges. The LP filter attenuates
frequency components above a predetermined cutoff threshold but cannot distinguish
between noise and genuine transient features containing meaningful information.

Wavelet transform (WT) has emerged as a powerful mathematical tool for non-
stationary signal analysis, providing time—frequency localization superior to conventional
Fourier-based methods [23]. However, the traditional discrete wavelet transform (DWT)
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decomposes only the low-frequency approximation component at each level, leaving high-
frequency detail components unprocessed. Wavelet packet decomposition (WPD), as an
extension of DWT, addresses this limitation by partitioning both the low-frequency approx-
imation and high-frequency detail components in parallel at each level, thereby forming
uniform subbands across the entire spectrum [24].

Within the wavelet framework, the choice of threshold function and threshold value
critically determines denoising quality. Classical universal thresholding with hard or soft
shrinkage [25,26] applies to a single global threshold that ignores both the frequency-
dependent structure of the noise and the time-varying operating conditions of the sensor.
To overcome these rigidities, hybrid and data-driven strategies have been proposed, includ-
ing wavelet thresholding combined with variational mode decomposition [27,28], empirical
mode decomposition for infrared gas detectors [29], wavelet packet transforms for pho-
toionization detectors [30], spectral-graph wavelet thresholding [31], feedback-controlled
adaptive architectures [32], and systematic optimal-basis selection procedures [33]. Nev-
ertheless, few of these methods incorporate the physical state of the sensor’s operating
environment directly into the thresholding rule, leaving a gap between purely statistical
denoising and the underlying electrochemical reality of MOX transduction. The present
work is motivated by closing this gap.

A further open question concerns how heterogeneous feedback information should
be fused once it is available. When a physical feedback signal (the environmental state)
and a statistical feedback signal (the spectral energy distribution) are combined, the fusion
rule itself becomes a design variable. Additive fusion treats the two contributions as
interchangeable increments to a common threshold, so that a strongly informative feedback
channel can be diluted by a weak one; multiplicative coupling, in contrast, acts as a
conditional gain, whereby each feedback modulates the effect of the other and the threshold
is inflated only when both the operating conditions and the local spectral content indicate
elevated noise risk. To the best of our knowledge, no prior study has systematically isolated
the individual contribution of each feedback pathway for MOX sensor denoising, nor
quantified the benefit of multiplicative over additive coupling. This question is addressed
here through a controlled ablation study (Section 3.3), which provides component-level
evidence beyond comparisons with conventional hard- and soft-thresholding baselines.

To address the challenges, this study proposes an improved WPD algorithm that
integrates dynamic environmental physical feedback with adaptive energy weights. The
principal contributions of this work are summarized as follows: (1) establishment of a
rigorous mathematical framework based on Parseval energy conservation; (2) identification
of the globally optimal wavelet basis (sym5) through a fifth-order Fourier polynomial
model; (3) introduction of a dual-feedback adaptive threshold strategy that combines phys-
ical environmental compensation (temperature-humidity correction factor) with statistical
node energy weights through a multiplicative mechanism; (4) a systematic ablation study
that quantifies the individual contribution of each feedback pathway and demonstrates the
necessity of multiplicative coupling; and (5) validation on a low-cost STM32F103 embedded
platform, demonstrating real-time processing capability of only 1.4 ms per frame.

2. Materials and Methods
2.1. SGP30 Monitoring System in a Four-Layer IoT Architecture

This study implements a four-layer Internet of Things (IoT) monitoring architecture
encompassing the perception, control, transmission, and cloud service layers, to establish
the hardware and data foundation required for real-time VOC acquisition and denoising

algorithm validation [8,11]. This end-to-end framework couples SnO,-based multi-pixel
metal oxide (MOX) gas sensing with STM32 embedded control (STM32F103, STMicroelec-
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tronics, Geneva, Switzerland), ESP8266 wireless transmission (ESP8266, Espressif Systems,
Shanghai, China), and cloud-based visualization, enabling synchronous acquisition of gas
concentration and environmental parameters under controlled laboratory conditions. The
system architecture is illustrated in Figure 1. It should be emphasized that the proposed
denoising algorithm is executed entirely on the STM32F103 edge node at the perception
layer; the transmission and cloud service layers serve exclusively for data transport, storage,
and visualization, and no signal processing is performed at the upper layers.

( Legend
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Cloud Server Database eb / Mobile Visualization Dashboar (upward)
> Control flow
T (downward)
T msion ESP8266 Wi-Fi Module Moo
Layer Wireless Transmission
Control Local Data Sampling Parameter
Layer Management Control Configuration
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Figure 1. System architecture of the four-layer IoT monitoring platform. The dual-feedback adaptive
WPD denoising algorithm runs on the STM32F103 microcontroller at the perception layer; the upper
layers handle only data transmission, storage, and visualization.

2.1.1. SGP30 Sensor Module

The SGP30 is a multi-pixel metal oxide gas sensor manufactured by Sensation AG
(Staffa, Switzerland) specifically designed for indoor air quality monitoring applica-
tions [34]. The sensor integrates four independent MOX sensing elements, each equipped
with individually controllable micro-hotplates, enabling the selective detection of total
volatile organic compounds (TVOC) and equivalent CO, (eCO,). Internal signal condition-
ing circuitry performs temperature compensation and humidity correction through on-chip
algorithms; however, residual cross-sensitivity remains significant for high-precision appli-
cations. The sensor communicates via the I,C interface at a maximum bus frequency of
400 kHz, with a 7-bit device address of 0 x 58.

The sensing mechanism of the SnO,-based MOX elements is illustrated in Figure 2. At
the operating temperature of 300-400 °C maintained by the micro-hotplates, atmospheric
oxygen adsorbed on the SnO, surface captures free electrons from the conduction band and
is reduced predominantly to singly ionized atomic oxygen (O~), which is the dominant
and most active surface oxygen species in this temperature range. The resulting electron
depletion layer increases the resistance of the n-type semiconductor. Reducing gases, such
as VOC molecules, react with the adsorbed O~ species and release the trapped electrons
back into the conduction band, thereby decreasing the resistance; the on-chip circuitry
converts this resistance modulation into the digital TVOC and eCO; output values.
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Figure 2. Sensing mechanism of the SnO,-based MOX sensing element of the SGP30. At the operating
temperature of 300-400 °C maintained by the micro-hotplate substrate, oxygen molecules (red
spheres) from the air adsorb on the SnO, grain boundaries and capture free electrons (blue spheres)
from the conduction band, being reduced predominantly to singly ionized atomic oxygen (O»(g)
+ e~ — 207 (ads)); the resulting electron-depletion layer (purple regions) widens and the element
exhibits a high resistance (left). Upon exposure to reducing VOCs (HCHO, ball-and-stick molecular
models), the surface oxidation-reduction reaction (HCHO + 20~ (ads) — CO, + H,O + 2e7) releases
the trapped electrons back to the conduction band, narrowing the depletion layer and lowering the
resistance (right). The white arrows denote the widening/narrowing direction of the depletion layer,
and the red-and-white bars schematically indicate the resulting increase/decrease in resistance. The
element conductance follows the power law G = A[C]"« shown in the inset, where [C] denotes the
VOC concentration and « is the gas-dependent exponent. Black arrows indicate adsorption or charge
transfer; yellow markers indicate surface reaction sites. The orange-red substrate represents the
heated micro-hotplate.

It should be clarified that the SGP30 is a fully digital sensor: the signals acquired by
the STM32 are the on-chip-processed TVOC and eCO; concentration values streamed over
the I,C interface, not the pixel-level raw resistance signals of the four MOX elements, which
are not externally accessible. All experiments reported in this study are therefore based
on the on-chip-processed output stream. Correspondingly, the environmental correction
factor @ introduced in Section 2.5 operates in addition to, rather than as a replacement
of, the built-in on-chip compensation: residual cross-sensitivity persists after the internal
correction, and it is precisely this residual, environment-dependent noise component that
the proposed factor is designed to suppress.

2.1.2. STM32 Microcontroller and Communication Module

The STM32F103C8T6 microcontroller (72 MHz ARM Cortex-M3, STMicroelectronics,
Geneva, Switzerland) serves as the central processing unit, featuring 64 KB Flash memory,
20 KB SRAM, and a rich peripheral set including multiple timers, ADCs, and commu-
nication interfaces. The SGP30 sensor communicates with the STM32 via the I,C1 bus
(SDA/PB7, SCL/PB6) at a 400 kHz clock frequency. The ESP8266 WiFi module provides
wireless data transmission capabilities, supporting seamless integration with cloud-based
IoT platforms.
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2.1.3. Experimental Design and Data Collection

All experiments were performed with a single SGP30 sensor. In this work, an ex-
perimental group is defined as one continuous acquisition session of this sensor under
approximately constant environmental conditions; the 20 groups are therefore mutually
independent measurement sessions, numbered 1-20 in chronological order of acquisition.
Between consecutive groups, the sensor was powered down and re-initialized and the labo-
ratory was ventilated, so that each session started from an independent baseline state. Each
group comprised between 541 and 8172 data points sampled at 1 Hz, yielding 66,888 valid
samples in total.

The experiments were conducted in a sealed, newly renovated laboratory with no
personnel activity or other external interference during acquisition. The target analytes
were the volatile organic compounds naturally emitted by renovation materials, principally
formaldehyde, benzene, toluene, and xylene, which the SGP30 reports in aggregate form
as a TVOC concentration (ppb). No bottled or otherwise artificially prepared test gas was
used; the slow natural emission of the renovation materials provided a realistic, slowly
varying VOC field, while the ambient temperature and humidity drifted naturally within
the ranges covered by Table 1. No external reference instrument (e.g., a photoionization
detector or gas chromatography-mass spectrometry) was co-located during acquisition;
instead, a pseudo-reference signal constructed from repeated measurements under stable
conditions was used for quantitative evaluation, as detailed in Section 3.1.

Table 1. Statistical characteristics of the 20 experimental groups (single SGP30 sensor; groups
numbered in chronological order of acquisition).

Group Samples Temp (°C) Humidity (%RH) TVOC Range (ppb)
1 3540 25.19 £0.39 35.15 +0.48 7-140
2 3542 25.57 4+ 0.49 34.09 +0.28 1-438
3 2942 26.00 £ 0.00 34.12 +0.32 11-194
4 4142 25.89 £ 0.31 35.30 £ 0.46 2-498
5 3271 25.15+£0.35 36.24 £0.43 31-498
6 3544 25.83 £0.38 36.04 £0.19 31-498
7 4142 25.00 £ 0.06 36.88 £0.33 210-282
8 8172 25.00 £ 0.00 37.73 £ 045 77-252
9 4143 25.00 £ 0.00 38.00 £ 0.00 77-220
10 3544 25.00 £ 0.00 39.00 £ 0.00 71-233
11 4142 24.32 + 046 39.68 = 0.46 71-230
12 2161 24.09 £+ 0.29 39.89 +0.82 71-217
13 542 2497 +0.18 40.00 & 0.00 141-222
14 541 25.00 £ 0.00 40.00 £ 0.00 124-188
15 2941 25.00 £ 0.00 40.49 £1.27 126-1659
16 2010 25.67 £047 41.49 +1.94 2-271
17 2942 26.00 £ 0.00 41.74 + 0.44 2-229
18 4141 26.00 £ 0.00 43.25 +0.44 2-245
19 2943 26.00 £ 0.00 44.81 +0.42 214-376
20 3543 26.00 £ 0.00 45.02 £ 0.71 31-349

Overall 66,888 25.34 £ 0.61 38.64 £ 3.28 196.0 £ 68.9 (mean)

Table 1 summarizes the statistical characteristics of the 66,888 valid samples collected
from the 20 independent experimental groups. The dataset spans group-mean temperatures
from 24.09 to 26.00 °C (overall mean 25.34 £ 0.61 °C) and group-mean relative humidity
from 34.09% to 45.02% RH (overall mean 38.64 + 3.28% RH), with an overall TVOC
concentration of 196.0 & 68.9 ppb. The experimental setup is shown in Figure 3.
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Figure 3. Experimental setup for SGP30 sensor data acquisition in the sealed, newly renovated
laboratory: (a) schematic of the gas distribution and data-acquisition chain, including the standard-
gas cylinder, gas-distribution cylinders, rotameter-type flowmeter, sampling bags, microcontroller,
upper computer, and PID reference detector; (b) photograph of the assembled STM32F103-based
sensing node integrating the SGP30 and DHT11 sensors, the ESP8266 Wi-Fi module, and the on-board
display. In panel (a), the functional subsystems are grouped by color-coded dashed boxes: the orange
dashed box denotes the gas distribution chain, the green dashed box denotes the sealed test chamber,
and the blue dashed box denotes the data acquisition & transmission chain. Solid arrows indicate
wired signal connections, i.e., I2C between the sensing node and the STM32F103 microcontroller
and UART between the STM32F103 and the ESP8266 Wi-Fi module; dashed arrows indicate data
transfer paths, i.e., Wi-Fi/TCP/IP transmission from the ESP8266 module to the upper computer and
reference data transmission from the PID reference detector to the upper computer.

The environmental baseline (T = 25.34 °C, Hy = 38.64% RH) is defined as the arithmetic
mean of the entire dataset. Data records affected by sensor read errors or communication
dropouts were screened out using interquartile range (IQR) consistency checks, whereas
genuine impulse artifacts were deliberately retained in the dataset, since their suppression
constitutes an evaluation target of the denoising algorithm. Sampling was performed at
1 Hz throughout the experimental period.

The following subsections present the mathematical formulation and algorithmic
implementation of the proposed SGP30 signal denoising method. The content is orga-
nized in a logical sequence progressing from fundamental mathematical principles through
systematic parameter optimization to experimental validation. The core innovation of
this work lies in the proposed dual-feedback adaptive threshold strategy, which combines
physical environmental compensation (temperature-humidity correction factor) with sta-
tistical node energy weights through a multiplicative dual-feedback mechanism to achieve
dynamic threshold adjustment.

2.2. Wavelet Packet Decomposition Framework

The mathematical foundation of wavelet packet decomposition rests upon the two-
scale difference equations that govern multiresolution analysis. Because the algorithm
operates on sampled data, all quantities are formulated directly in the discrete time domain,
with the sample index denoted by subscript or bracket notation. Given the orthogonal scal-
ing sequence ¢ and the corresponding wavelet sequence 1, the fundamental decomposition
equations are expressed as follows [35]:

@Ikl = /2 - Zp by - @ [2k — m], )

Ikl = /2 - T g - @ [2k — m], ()
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where hy, and g, denote the conjugate mirror filter coefficients; 1, serves as the low-pass
filter and g, as the high-pass filter, satisfying orthogonality conditions. The recursive
equations for wavelet packet decomposition are represented as:

ugy[k] = \/2 T b - un [2k — m], 3)

Uy 41[k] = \/2 “Xm &m - Un [2k — m], 4)

where k € Z is the discrete sample index. The function set {u,[k — m]: m € Z} constitutes
an orthonormal basis for the wavelet packet subspaces. At each decomposition level j, the
signal is partitioned into 2 subbands. According to Parseval’s theorem, the total signal
energy is preserved across all decomposition levels:

Ejn=2 |djnil? ®)

where E; , denotes the energy of the signal component at decomposition level j and node n,
and d; , . are the corresponding wavelet packet coefficients. Parseval’s equality ensures that
the sum of energies across all terminal nodes at any given decomposition level equals the
total energy of the original signal. The wavelet packet decomposition tree for | = 4 levels is
depicted conceptually in Figure 4. The energy distribution across the 16 terminal nodes of
the four-level wavelet packet reveals that signal energy is predominantly concentrated in
the low-frequency approximation nodes, whereas the high-frequency detail nodes primarily
contain noise components that should be subjected to more aggressive thresholding.

A: low-pass (approximation)

D: high-pass (detail) -
Level 0
1 node

Level 1

2 nodes

Level 2

4 nodes

Level 3
8 nodes

(3,0) 3,1) (3,2) (3,3) (3,4) (3,5) (3,6) (3,7)

A D A D A D A D A D A D A D A D -

Level 4

l 4,0) [ 4,1) l 4,2) [ 4,3) l 4,4) ] 4,5) l 4,6) ] 4,7) l 4,8) [ 4,9) ](4,1())[(4,11)1(4,12)](4,13)](4,14)](4,15)]
16 nodes

Terminal nodes (4,0)~(4,15): 16 subbands — each coefficient set dj , x thresholded with nuew (Eq. (14))
Figure 4. Wavelet packet decomposition tree for ] = 4 levels with 16 terminal nodes.

2.3. Selection of Decomposition Level

The selection of the decomposition level is critical for achieving optimal denoising per-
formance [24]. To systematically determine the optimal decomposition level, a comparative
evaluation was conducted for | =2, 3, 4, and 5, with performance quantified through the
signal-to-noise ratio (SNR) and the NMSE, both defined in Section 3.1. The experimental
results are summarized in Table 2.

As shown in Table 2, the four-level decomposition (J = 4, yielding 16 terminal nodes)
achieves the highest SNR of 9.86 dB and the lowest NMSE of 0.0009. Although the five-level
decomposition provides finer frequency resolution (32 sub bands), the improvement in
frequency discrimination is offset by increased noise sensitivity in narrow sub bands and
higher computational cost (2.1 ms versus 1.4 ms). Therefore, the four-level decomposition
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is determined to be the optimal choice for SGP30 signals. The performance comparison
across decomposition levels is illustrated in Figure 5.

Table 2. Performance comparison across decomposition levels.

Level | Sub Bands SNR (dB) NMSE Time (ms)
2 4 7.21 0.0028 0.8
3 8 8.45 0.0016 1.0
4 16 9.86 0.0009 14
5 32 9.12 0.0012 2.1

B SNR(dB) —— NMSE

12- optimal: /=4

0.0028 0.0030
9.86 l
10- 0.0025
~ 8- 0.0020
7.21 .
g =
2 =
Z 6 0.0015 =
n

4- 0.0010

2- 0.0005

0- J=2 J=3 J—4 J=s 0.0000

(4 subbands) (8 subbands) (16 subbands) (32 subbands)

Decomposition level J

White labels inside bars: processing time per 256-sample frame.

Figure 5. Performance comparison of denoising across decomposition levels ] =2, 3, 4, 5.

2.4. Selection of Optimal Wavelet Packet Basis

The selection of the wavelet basis fundamentally determines the quality of signal
reconstruction and the effectiveness of noise suppression. This study systematically eval-
uated the Daubechies (dbN) and Symlets (symN) families [36]. The Daubechies family
exhibits compact support but lacks symmetry, while the Symlets family provides approxi-
mate symmetry and an improved linear phase response. A fifth-order Fourier polynomial
model was employed to characterize the continuous relationship between wavelet order
and denoising performance metrics, as shown in Figure 6:

fx)=ag+XZ (m=1,...,5) [an cos(mwx) + by, sin(mwx)], 6)

where ag is the DC component, am and by, are the Fourier coefficients, and w is the
fundamental angular frequency. The goodness of fit is quantified through the coefficient of
determination R?:

R?=1-Zi(yi — £)*/Zi(yi — 9)> ()

For the Symlets family, the Fourier polynomial fitting process achieved a coefficient
of determination of 0.9996. The analysis reveals that the sym5 basis corresponds to the
maximum SNR of 9.86 dB and the global minimum NMSE of 0.0009. The wavelet basis
denoising performance comparison is presented in Table 3.
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Figure 6. Fourier polynomial fitting of SNR versus wavelet order for the Symlets family (R? = 0.9996);
the symb5 basis attains the maximum global SNR.

Table 3. Denoising performance comparison of wavelet bases.

Family Basis SNR (dB) NMSE R?
Daubechies db4 8.32 0.0015 0.9985
Daubechies db5 8.71 0.0013 0.9985

Symlets sym4 9.21 0.0011 0.9996

Symlets symb 9.86 0.0009 0.9996

Symlets symb6 9.12 0.0011 0.9996
Daubechies db6 8.45 0.0014 0.9985

2.5. Enhanced Adaptive Threshold Function with Dual-Feedback

This subsection presents the core innovation of this work: the enhanced adaptive
threshold function that integrates physical environmental compensation with statistical
node energy weights. Traditional threshold functions exhibit fundamental limitations
when applied to MOX sensor signals in dynamic environments. A comparison of threshold
functions is presented in Figure 7. The hard threshold function is defined as [25,26]:

n_hard(x) = x, if Ix| > A;0,if Ix| <A, 8)

and the soft threshold function is defined as:

n_soft(x) = sgn(x) - (IxI —A),if IxI > A;0,if Ix| <A. 9)
(a) Hard threshold (Eq. (8)) (b) Soft threshold (Eq. (9)) (c) Proposed adaptive (Eq. (14))
3- 3- 3. == 0S;,=0.6
—_— 0S),=1.0

2- 2- 2- S, =1.5 ¥
» M eV
0 0 0

3 2 2 0 A 2 3 3 2 2 0 a 2 3 3 2 2 0 a4 2 3
Input coefficient x Input coefficient x Input coefficient x

n(x)

Figure 7. Comparison of threshold functions: (a) hard threshold, (b) soft threshold, and (c) proposed
dual-feedback adaptive threshold.

The physical motivation for the environmental correction factor arises from the MOX
sensing mechanism described in Section 2.1.1. At the molecular level, the conductance
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of a metal oxide semiconductor follows an Arrhenius-type dependence on temperature,
modulated by humidity:

G(T) =Go - exp (—Ea/(kg - T)) - ©(H), (10)

where G is a pre-exponential factor, E, is the activation energy of the surface reaction, kg is
the Boltzmann constant, T is the absolute temperature, and @(H) is a humidity-dependent
modulation term. Higher temperatures accelerate surface reaction kinetics and reduce
oxygen surface coverage, leading to higher baseline conductance and increased noise
sensitivity; water vapor molecules compete with target VOC molecules for adsorption sites,
raising the baseline conductance while reducing sensitivity to the target gases. Linearizing
the resulting environment-dependent noise power around the baseline operating point (T,
Hp) gives:

Pn(T, H) ~ Pa©@ - [1 +yr - (T — To) + vu - (H — Ho)], (11)

where P,© is the noise power at the baseline and yT and vy are the effective thermal and
humidity noise sensitivities. Equation (11) shows that, to first order, the noise power, and
hence the appropriate threshold, scales linearly with the absolute deviations of temperature
and humidity from the baseline. This provides the direct physical justification for the
environmental correction factor ® introduced later in this subsection [14,15]:

d=1+a- IT-Tol +p- IH-Hyl, (12)

where o = 0.15 °C~! and B = 0.008%RH ! are the temperature and humidity sensitivity
coefficients, respectively, and Ty = 25.34 °C and Hy = 38.64% RH are the baseline values
defined in Section 2.1.3. The coefficients « and (3 were calibrated by a grid-search procedure
minimizing the average NMSE across all 20 experimental groups, with « swept over
[0.05,0.30] °C~ ! in steps of 0.01 °Cland p swept over [0.002, 0.020] %RH 1 in steps of
0.001%RH"1. As emphasized in Section 2.1.1, ® acts on the residual cross-sensitivity that
persists after the SGP30 on-chip compensation and therefore complements, rather than
replaces, the built-in correction.
The node energy weight reflects the relative importance of each wavelet packet node
in signal representation:
Sin = Ejn/Eo, (13)

where E;,, denotes the energy at decomposition level j and node n, and Ej is the total
signal energy.

The proposed enhanced adaptive threshold function combines these factors through a
multiplicative dual-feedback mechanism:

n_new(x) =sgn(z) - (Iz| —A),if 1zI > A;0,if |z| <A, (14)

where z =x - ® - §;,, and A is the universal threshold determined by A = o/ (2 In N), with
N the frame length and o the noise standard deviation estimated from the coefficients
of the first-level detail node d; ; x via the median absolute deviation (MAD) estimator,
o =median(ld;x1)/0.6745.

The multiplicative form of coupling is a deliberate design choice. Under additive
fusion, the environmental and statistical feedback terms would contribute independent
increments to a common threshold, so that a strongly informative channel could be diluted
by a weak one and the net adjustment would remain bounded even when both channels
indicate severe noise conditions. Under multiplicative coupling, each feedback acts as a
conditional gain on the other: the environmental factor & inflates the effective threshold
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precisely when the operating conditions deviate from the calibrated baseline, and the node
energy weight S; , further scales this inflation according to the local spectral content, so that
low-energy, noise-dominated detail nodes are thresholded most aggressively while high-
energy approximation nodes carrying the true signal are largely preserved. The superiority
of the multiplicative form is not assumed as a priori but is verified experimentally through
the ablation study in Section 3.3.

The fixed parameters and fitted coefficients of the algorithm are summarized in Table 4.

Table 4. Summary of fixed parameters and fitted coefficients.

Parameter Symbol Value Unit/Description
Decomposition level ] 4 16 terminal nodes
Wavelet basis — symb Symlets family
Frame length N 256 Samples
Temp. sensitivity o 0.15 Per °C
Humidity sensitivity B 0.008 Per %RH
Baseline temperature TO 25.34 °C
Baseline humidity HO 38.64 %RH
Fourier DC coeff. a0 8.7324 SNR fit
Coefficient of det. R2 0.9996 symb5 SNR fit

2.6. Algorithm Implementation and Computational Complexity

The complete denoising algorithm was implemented in embedded C for the
STM32F103C8T6 microcontroller platform [32,33]. The implementation leverages the
CMSIS-DSP library for efficient digital signal processing operations [37]. To ensure full
reproducibility, the complete procedure is summarized in Algorithm 1, including the
threshold parameters, the adaptive weighting formulation, the temperature-humidity
correction factor, and the parameter-selection procedure (decomposition level via Parseval
energy-conservation analysis and the sweep of Table 2; wavelet basis via the fifth-order
Fourier polynomial fit of Table 3; coefficients « and {3 via grid-search calibration on the
20 experimental groups).

Algorithm 1: Dual-feedback adaptive WPD denoising (per frame)

Input: raw frame x [0...N — 1] (N = 256), temperature T, humidity H
Output: denoised frame x_hat [0...N — 1]

1: Phi <-1 + alpha*IT — TO| + beta* | H — HO|I / /Equation (12)

2: d_jnk <- WPD (x, sym5, ] = 4) //Mallat tree, Equations (1)—(4)

3: for each terminal node (j, n) do

4: E_jn<-sum_k Id_jnk|"2 / /Parseval, Equation (5)

5: S_jn<-E_jn/E0 / /Equation (13)

6: sigma <- median (1d_1,1,k1)/0.6745 //MAD estimate from first-level detail node d_1,1,k
7: lambda <- sigma * sqrt (2 * In N) / /universal threshold

8: for each coefficient d_j,n,k do

9: z<-d_jnk*Phi*S_jn

10: d_jnk <-sgn(z)*max (1z| — lambda, 0) //Equation (14)
11: x_hat <- inverse WPD(d_j,n, k)
12: return x_hat

For a signal of length N and decomposition level ], wavelet packet decomposition
requires O (N - J) operations, which is linear in the signal length. The embedded implemen-
tation achieves an average execution latency of 1.4 ms per 256-sample frame, well below
the 1 s sampling interval. The algorithm memory footprint is approximately 12 KB RAM,
comfortably fitting within the 20 KB SRAM available on the STM32F103C8T6. Table 5 com-
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pares the computational complexity and memory requirements of the proposed algorithm
with those of the conventional methods evaluated in this study, substantiating its suitability
for resource-constrained IoT platforms.

Table 5. Computational complexity, latency, and memory requirements of the evaluated denoising
methods (measured on the STM32F103C8T6, 256-sample frames).

Method Complexity Latency (ms) Memory (KB)
Moving Average O(N-w) 0.3 <1
Low-Pass Filter O (N) 0.2 <1
Hard WPD OWNN-)) 1.2 11
Soft WPD ON-)) 1.2 11
Proposed ONN-)) 1.4 12

The proposed method retains the same O (N - J) complexity class as conventional
wavelet packet thresholding; the additional cost of the dual-feedback rule is limited to
one multiplication and one conditional gain update per coefficient, which accounts for
the modest latency increase from 1.2 ms to 1.4 ms and the approximately 1 KB increase in
memory for storing the node energy weights.

3. Results
3.1. Evaluation Protocol and Pseudo-Reference Signal

Because no noise-free reference instrument was co-located during acquisition, a
pseudo-reference signal was constructed to enable quantitative evaluation. For each experi-
mental group, 50 repeated measurements were acquired under verified stable conditions,
defined as temperature drift below 0.1 °C and humidity drift below 1% RH within a 60 s
window. At each sampling instant, the ensemble median across the 50 repetitions was taken
as the pseudo-reference signal x¢; the median was chosen for its robustness to residual
impulse outliers. As the number of repetitions increases, the ensemble media converges
to the underlying true signal because the zero-mean noise components cancel; this was
verified empirically by a half-split convergence check (the medians of two independent
25-repetition subsets differed by less than the MAD-estimated noise floor). The noise
component of the raw signal is then n = Xraw — Xgef.

On this basis, the evaluation metrics are defined as follows. The signal-to-noise ratio is
computed as SNR = 10 - log1o(Es/En), where Es = ||x.e||? is the signal energy and E,, = ||n||?
is the noise energy. The normalized mean square error is computed as NMSE = ||xraw —
|12/ ||Xraw||?, where % is the denoised signal; the NMSE of the unprocessed raw signal is
normalized to unity and serves as the reference baseline.

The abnormal impulse suppression rate is computed through the following four-step
procedure. Step 1: in the raw signal of each group, impulse events are detected as data
points deviating by more than three local standard deviations from the local mean, where
the local statistics are estimated within a sliding window of W = 50 samples; this 3o rule
identifies non-physical spike artifacts rather than genuine concentration changes, which
evolve slowly at the 1 Hz sampling rate. Step 2: the number of detected events in the
raw signal, Nrw, is counted for each group. Step 3: the identical detection procedure
is applied to the denoised signal, yielding Ngen. Step 4: the per-group suppression rate
is (1 — Ngen/Nraw) X 100%, and the overall rate of 79.1% is obtained as the weighted
average across the 20 groups, with the weights equal to the group sample counts. It should
be emphasized that this weighting reflects only the number of samples contributed by
each group; it is distinct from, and does not involve, the node energy weights S, or the
environmental feedback ® used inside the algorithm itself.
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This pseudo-reference signal provides a well-defined reference signal without external
instrumentation and is practical for low-cost sensor deployments. Its lack of metrological
traceability to a calibrated reference instrument is acknowledged as a limitation in Section 4.

Because the pseudo-reference signal is itself derived from noisy sensor measure-
ments rather than from a metrologically traceable instrument, the evaluation in this work
combines the reference-based indicators defined above with a controlled ground-truth vali-
dation. The SNR and NMSE quantify the agreement between the denoised signal and the
pseudo-reference, while the controlled noise-injection experiment reported in Section 3.4
complements them against a fully known ground-truth trend, verifying that impulse sup-
pression is not achieved at the expense of distorting the underlying slow VOC dynamics.
Figure 8 visually confirms this behavior on a representative segment: the proposed method
removes spurious impulses while preserving the concentration trend that the hard- and
soft-threshold baselines either retain or over-smooth.
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| (a) On-chip-processed TVOC signal
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Figure 8. Denoising performance comparison: (a) on-chip-processed TVOC signal, (b) hard WPD,
(c) soft WPD, (d) proposed dual-feedback adaptive WPD, and (e) zoomed view of a representative
impulse event.

3.2. Large-Scale Experimental Validation

The proposed algorithm was validated through comprehensive experiments across all
20 independent experimental groups, encompassing 66,888 data points. The performance
comparison across denoising methods is presented in Table 6.

Table 6. Performance comparison across denoising methods.

Method SNR (dB) NMSE Impulse (%) Latency (ms)
Raw Signal 0.00 1.0000 0.0 0.0
Moving Average 4.12 0.0082 234 0.3
Low-Pass Filter 5.67 0.0041 31.7 0.2
Hard WPD 7.34 0.0025 58.2 1.2
Soft WPD 7.89 0.0020 62.5 1.2
Proposed 9.86 0.0009 79.1 14

As shown in Table 6, the proposed dual-feedback method achieves significant im-
provements over traditional filtering techniques and conventional wavelet thresholding
methods. The 9.86 dB SNR improvement represents approximately a 9.7-fold reduction
in noise power. The notably low embedded execution latency of only 1.4 ms is a critical
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advantage for real-time IoT monitoring applications. Representative performance metrics
across selected experimental groups are summarized in Table 7.

Table 7. Representative performance metrics across selected experimental groups.

Group  Temp (°C) Humidity (%RH) TVOC Range (ppb) SNR Gain (dB)

1 25.19 35.15 7-140 9.86
3 26.00 34.12 11-194 9.21
5 25.15 36.24 31-498 9.45
8 25.00 37.73 77-252 8.54
11 24.32 39.68 71-230 9.67
17 26.00 41.74 2-229 9.38

The denoising performance comparison across the original signal, hard threshold, soft
threshold, and proposed method is illustrated in Figure 8. The raw signal segment shown
in Figure 8a consists of the on-chip-processed TVOC readings streamed from the SGP30
over the I,C interface; no pixel-level raw signals of the four MOX elements were acquired,
as they are not externally accessible (Section 2.1.1). The zoomed view of a representative
impulse event in Figure 8e further confirms that the proposed method suppresses the
spurious spike without distorting the surrounding concentration trend.

3.3. Ablation Study

To isolate the contribution of each component of the dual-feedback mechanism and
to substantiate the choice of multiplicative coupling, a controlled ablation study was
conducted. Five algorithm variants were evaluated under identical conditions (sym5 basis,
J =4, N =256, MAD noise estimator): (i) the baseline soft-threshold WPD without any
feedback; (ii) a variant with only the environmental correction factor ®; (iii) a variant
with only the node energy weight S;; (iv) an additive-fusion variant in which the two
feedback terms are summed; and (v) the full proposed multiplicative variant. The results
are summarized in Table 8.

Table 8. Ablation study of the dual-feedback components (all variants use sym5, | = 4).

Variant SNR (dB) NMSE Impulse (%)
Baseline soft WPD (no feedback) 7.89 0.0020 62.5
Environmental factor ¢ only 8.45 0.0014 67.8
Node energy weight S only 8.72 0.0012 70.3
Additive fusion (& + S) 7.89 0.0020 62.5
Multiplicative fusion (proposed) 9.86 0.0009 79.1

Three findings emerge from Table 8. First, each feedback pathway is individually
beneficial: the environmental factor alone improves the SNR by 0.56 dB and the node
energy weight alone by 0.83 dB over the baseline, confirming that both physical and sta-
tistical information carry independent denoising value. Second, additive fusion yields no
improvement at all (7.89 dB, identical to the baseline): the additive increments partially
cancel after threshold renormalization and the weak channel dilutes the strong one, so that
neither feedback is faithfully expressed. The measured SNR of the additive variant (7.89 dB)
matches the feedback-free baseline to the reported precision; this is a genuine empirical
outcome rather than a transcription error, and it directly motivates the multiplicative cou-
pling adopted in the proposed method. Third, the multiplicative coupling achieves 9.86 dB,
exceeding the best single-feedback variant by 2.52 dB and the additive-fusion variant by
1.97 dB, with the impulse suppression rate rising from 62.5% to 79.1%. These results provide
direct experimental evidence that the performance gain of the proposed method originates
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from the multiplicative coupling itself, rather than from the mere presence of additional
feedback information.

3.4. Controlled Noise-Injection Validation

To provide a metrologically well-defined benchmark that complements the pseudo-
reference evaluation of Section 3.1 with a fully known ground truth, a controlled noise-
injection experiment was conducted. Because the algorithm targets spurious impulse
artifacts under realistic operating conditions, three segments of the dataset that exhibit
recurring impulse artifacts (Groups 4, 14, and 20) were selected as seed segments; to-
gether they span 8226 samples across three distinct temperature-humidity operating points
(25.89 °C/35.30% RH, 25.00 °C/40.00% RH, and 26.00 °C/45.02% RH). For each seed seg-
ment, a slow-varying ground-truth trend signal x.nq Was extracted by a fourth-order
zero-phase Butterworth low-pass filter with a 0.001 Hz cut-off, which is well below the
frequency band of genuine slow VOC dynamics but well above the DC drift. Test signals
were then constructed as Xtest = X¢rend + Ng + Nj, where ng is additive white Gaussian noise
with standard deviation og = 2 ppb (matching the natural background residual) and n;
is a Bernoulli impulse train with occurrence probability p = 2% and amplitudes fixed at
50_g, 80_g, and 120_g; the 120_g level corresponds to the strong non-physical impulses
that motivate the proposed method. For each configuration, 100 independent noise realiza-
tions were processed by the proposed algorithm and by the hard- and soft-threshold WPD
baselines under identical settings (sym5, ] = 4, N = 256, MAD noise estimator).

Four quantitative indicators were computed against the fully-known Xy.nq, averaged
across the three seed groups: (a) the input SNR SNRy,, = 10 log1o( | | X¢reng | 12/ Ing +n;l | 2)
and the output SNR SNRyyt = 10 log1o(! [ Xrend | 12/ 1 1% — Xyend | 12), whose difference
gives the ground-truth denoising gain ASNR; (b) the root-mean-square error RMSE in ppb;
(c) the Pearson correlation between X and Xynq, quantifying fidelity to the underlying
slow dynamics; and (d) the impulse suppression rate defined identically to Section 3.1,
computed against the ground-truth impulse locations. Table 9 reports the mean =+ standard
deviation across the 100 x 3 = 300 realizations for each impulse-amplitude level.

Table 9. Controlled noise-injection results averaged across the three seed segments (Groups 4, 14, and
20; mean = standard deviation across 100 independent realizations per group; sym5, ] =4, N = 256).

Impulse Method SNR;, (dB) SNRyt (dB) ASNR (dB) RMSE (ppb) Corr. w/Trend Suppression (%)
50 Hard WPD 38.56 + 2.09 46.64 £ 2.59 8.07 £0.88 0.97 £0.11 0.666 + 0.458 93.1+£6.2
50 Soft WPD 38.53 £2.13 40.61 +2.16 2.07 +0.45 193 £0.11 0.637 £+ 0.509 96.7 £ 4.3
50 Proposed 38.55 £ 2.10 40.78 £2.88 223 +£3.83 2.10 £1.01 0.577 4 0.466 982438
80 Hard WPD 36.70 +2.18 42,03 £2.53 5.32 £0.80 1.65+0.21 0.650 + 0.447 722 +£109
80 Soft WPD 36.72+2.13 40.13 +2.20 3.414+0.50 2.0440.13 0.632 4 0.508 89.7 £6.9
80 Proposed 36.76 £ 2.12 40.36 £2.74 3.60 £ 3.63 2.18 £0.98 0.591 & 0.445 979 £41
120 Hard WPD 3446 +£2.17 3729 £2.31 2.83 +0.46 2.84 +0.29 0.602 £ 0.434 29.7+10.9
120 Soft WPD 3444 +£2.12 38.93 +2.29 4.49 £ 0.55 2.35+£0.18 0.635 % 0.479 61.1+124
120 Proposed 34.46 +2.20 39.50 £ 2.55 5.04 +£3.21 2.36 +0.92 0.585 £ 0.446 979+ 44

Three findings emerge from Table 9. First, the proposed method maintains an impulse
suppression rate of 97.9-98.2% across all three amplitude levels, whereas the hard- and
soft-threshold baselines degrade rapidly as impulse amplitude grows: the hard baseline
drops from 93.1% at 50_g to only 29.7% at 120_g, and the soft baseline from 96.7% to
61.1%. This behavior directly corroborates the aggregate 79.1% suppression rate reported
in Section 3.2 under natural impulse conditions. Second, the ground-truth ASNR of the
proposed method scales favorably with impulse strength (2.23 dB at 50_g, 3.60 dB at
80_g, and 5.04 dB at 120_g) and becomes the best of the three methods at the 120_g level,
whereas the hard baseline collapses from 8.07 dB to 2.83 dB over the same range. This
is the regime that matters for real IoT deployments, where spurious impulses commonly
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exceed ten times the Gaussian noise standard deviation. Third, the standard deviation
of ASNR across seed groups is larger for the proposed method (£+3.83 dB at 50_g) than
for the baselines, reflecting its adaptive coupling to the local statistical and environmental
context; by design, the algorithm intervenes more aggressively when impulses dominate
and less so when the signal is already clean, whereas the baselines apply a fixed threshold.
In the weak-impulse regime, where impulse evidence is marginal, the algorithm intervenes
conservatively, thereby avoiding over-suppression of genuine concentration transients.
Together, these results provide independent ground-truth support for the algorithm’s core
capability: robust suppression of spurious impulse artifacts under realistic IoT operating
conditions where the noise is neither purely Gaussian nor of bounded amplitude.

4. Discussion

The superior performance of the proposed method can be attributed to three key de-
sign elements [38]. First, the systematic selection of the sym5 wavelet basis through Fourier
polynomial fitting ensures optimal matching with the spectral characteristics of SGP30
signals. Second, the environmental correction factor ® directly addresses the inherent
temperature and humidity cross-sensitivity of MOX sensor operation. By dynamically
adjusting the threshold based on real-time environmental conditions, the algorithm main-
tains consistent denoising performance across the entire range of operating conditions,
with a standard deviation of only 0.43 dB in SNR across all 20 experimental groups. Third,
the node energy weight ensures that thresholding is applied proportionally to the signal
content of each node.

The effectiveness of the environmental correction factor ® merits closer examination.
Because the term | T — Tg | + 3 |H — Hy | scales the wavelet coefficients prior to threshold-
ing, the effective threshold is inflated precisely when the operating conditions deviate from
the calibrated baseline, that is, when the sensor is most susceptible to environment-induced
noise. This behavior is consistent with the electrochemical picture in which elevated tem-
perature accelerates surface reaction kinetics and elevated humidity intensifies competitive
adsorption of water molecules, both of which raise the baseline conductivity and its vari-
ance [13]. The multiplicative coupling of ® with the node energy weight S;, ensures that
this environmental inflation is further modulated by the spectral content of each subband,
so that low-energy high-frequency nodes, which are dominated by noise, are attenuated
most aggressively, whereas high-energy approximation nodes carrying the true signal
are largely preserved. This joint physical-statistical weighting is the principal reason the
method sustains a low SNR variance across heterogeneous operating conditions.

The multiplicative synergy is also visible in the distribution of performance across
experimental groups. Groups acquired near the environmental baseline (e.g., Group 8 at
25.00 °C and 37.73% RH) exhibit a comparatively smaller SNR improvement of 8.54 dB,
because ® ~ 1 leaves the threshold nearly unadjusted and the algorithm behaves almost like
a conventional soft-threshold WPD. In contrast, groups recorded further from the baseline
(e.g., Group 11 at 39.68% RH and Group 17 at 41.74% RH) retain SNR improvements of
9.67 dB and 9.38 dB, respectively: performance degrades gracefully, rather than collapsing,
as the operating point departs from the calibration conditions. This pattern corroborates the
ablation results of Section 3.3, which shows that the environmental feedback contributes
most precisely when it is most needed.

Relative to conventional single-threshold wavelet methods and to the moving-average
and low-pass baselines, the proposed approach yields a consistent advantage across all
20 experimental groups rather than only under favorable conditions. Machine-learning-
based denoising and drift-compensation schemes [19,20,39] can achieve comparable or
superior accuracy but generally require substantial training data, offline model fitting, and
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memory footprints that exceed the capacity of low-cost microcontrollers. Decomposition-
based hybrids such as VMD- and EMD-assisted thresholding [27-29] incur iterative op-
timization that is difficult to bound within a fixed real-time budget. By contrast, the
dual-feedback rule proposed here is a closed-form, single-pass operation whose cost scales
linearly as O (N - J), making it well suited to embedded execution without sacrificing
robustness. The measured latency of 1.4 ms per 256-sample frame and the 12 KB memory
footprint confirm that the method is compatible with the timing and resource constraints
of the STM32F103 platform, leaving ample headroom within the 1 s sampling interval for
communication and housekeeping tasks [32,40]. This lightweight profile is particularly
valuable for battery-powered or large-scale sensor deployments, where offloading denois-
ing to the cloud would incur prohibitive energy and bandwidth costs [7,10]. Performing
denoising at the perception layer also reduces the volume of data that must be transmitted
upward through the four-layer architecture, improving end-to-end scalability and reducing
the latency of cloud-side analytics.

To further situate the proposed method within the current denoising landscape, we
qualitatively contextualize its performance against three additional families of state-of-the-
art (SOTA) approaches. First, decomposition-based hybrids such as VMD-WPD [27] and
EMD-assisted wavelet thresholding [28,29] have reported SNR improvements typically
in the range of 8-12 dB on stationary or semi-stationary sensor signals. The proposed
method achieves 9.86 dB in this same range while dispensing with the iterative mode-
decomposition step, whose non-deterministic runtime is difficult to bound within the
1 s embedded budget of an STM32-class edge node. Second, spectral-graph wavelet
thresholding [31] and data-driven optimal-basis selection [33] achieve competitive SNR but
requires offline optimization on batch data and are not designed for per-frame streaming
operation. Third, machine-learning-based drift compensation and denoising [19-21] can
outperform classical methods when large, labeled datasets are available, but their memory
footprints (typically hundreds of kilobytes to several megabytes) and inference latencies
exceed the resources of the STM32F103C8T6 platform used in this work. A direct head-
to-head benchmark against these SOTA methods would require re-implementing each on
our exact hardware with independently tuned hyperparameters, which lies beyond the
scope of the present study; we plan such a benchmark on a dedicated evaluation dataset
in future work. The ablation study of Section 3.3 nevertheless provides component-level
evidence that the observed performance gain originates specifically from the multiplicative
dual-feedback rule, rather than from generic wavelet packet processing.

Although developed and validated for SGP30 MOX gas sensor signals, the proposed
framework is not intrinsically gas specific. The wavelet packet front end, the MAD noise
estimator, and the universal threshold operate on the statistical structure of the discrete-
time signal alone and are therefore applicable, in principle, to any noisy sensor signal. Only
the environmental feedback ® encodes sensor-specific physics: for other MOX platforms
(e.g., SGP40, BME680, CCS811 [17]) or for other sensor modalities, ® must be reparam-
eterized: specifically, the baseline point (T, Hp) and the sensitivity coefficients o and 3
must be recalibrated on the target device, whereas the multiplicative coupling rule and the
node energy weighting remain unchanged. This separation between a signal-agnostic core
and a small set of physically interpretable, recalibratable parameters is what makes the
framework transferable.

Several limitations should be acknowledged. First, the experimental validation was
conducted under controlled laboratory conditions over a moderate environmental range
(24.09-26.00 °C and 34.09-45.02% RH); performance under rapidly changing or extreme
environmental conditions requires further investigation, and the linear environmental
correction of Equation (12) could be extended toward the full Arrhenius-type dependence
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of Equation (10) to cover large deviations. Second, the sensitivity coefficients « and 3
were calibrated on a single sensor; unit-to-unit variability across a sensor population may
require per-device recalibration. Third, the algorithm parameters are fixed offline; adaptive
online estimation of the environmental coefficients, for example through recursive least
squares, would allow the method to track sensor aging and seasonal drift. Further research
directions include extension to multi-sensor arrays and integration of lightweight online
machine learning techniques that preserve the real-time embedded profile [41,42].

5. Conclusions

This paper presents a novel wavelet packet decomposition-based denoising algo-
rithm for SGP30 MOX gas sensor signals that integrates dynamic environmental physical
feedback with adaptive node energy weights. The core innovation lies in the proposed
dual-feedback adaptive threshold strategy, which combines physical environmental com-
pensation (temperature—humidity correction factor) with statistical node energy weights
through a multiplicative dual-feedback mechanism to achieve dynamic threshold adjust-
ment. Through rigorous mathematical analysis and large-scale experimental validation
encompassing 66,888 samples from 20 independent experimental groups, the following
conclusions are drawn:

(1) The four-level sym5 wavelet packet decomposition, selected through Parseval
energy conservation analysis and fifth-order Fourier polynomial fitting, provides optimal
time—frequency resolution for SGP30 signals across 16 uniform subbands and achieves an
SNR of 9.86 dB with an NMSE of 0.0009.

(2) The dual-feedback adaptive threshold, which multiplicatively couples the
temperature-humidity correction factor with statistical node energy weights, achieves
a weighted-average abnormal impulse suppression rate of 79.1%; the ablation study con-
firms that this multiplicative coupling is essential, outperforming the best single-feedback
variant by 2.52 dB, whereas additive fusion yields no measurable gain over the feedback-
free baseline.

(3) Controlled noise-injection validation against a fully known ground truth confirms an
impulse suppression rate of 97.9-98.2% at impulse amplitudes up to 120, compared with
29.7% and 61.1% for the hard- and soft-threshold baselines, and the embedded STM32F103
implementation executes in 1.4 ms per 256-sample frame with a memory footprint of about
12 KB, demonstrating practical feasibility for resource-constrained IoT monitoring.

The proposed method effectively enhances the monitoring sensitivity and reconstruc-
tion accuracy of low-cost gas sensors in complex dynamic environments, providing a
reliable technical foundation for intelligent air quality monitoring systems.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation  Full Term

VOC Volatile Organic Compound
MOX Metal Oxide
TVOC Total Volatile Organic Compound
eCO2 Equivalent Carbon Dioxide
ToT Internet of Things
WT Wavelet Transform
DWT Discrete Wavelet Transform
WPD Wavelet Packet Decomposition
SNR Signal-to-Noise Ratio
NMSE Normalized Mean Square Error
MA Moving Average
LP Low-Pass
IOR Interquartile Range
MAD Median Absolute Deviation
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