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Abstract

Reliable and real-time environmental monitoring is essential for controlling pollution and
protecting public health. However, conventional station-based measurements are expensive
and often lack spatial and temporal resolution. This paper proposes a low-cost multimodal
environmental monitoring system. Experiments verified that thin-film thermocouples ex-
hibit near-linear voltage-temperature characteristics (R?> > 0.99). Integration of the Al data
pipeline substantially enhances monitoring accuracy: the proposed fusion strategy reduces
relative error to approximately 2.3% under typical noise conditions, with a correlation
coefficient of 0.79 between predicted and observed PM2.5 values. This research provides a
scalable blueprint for edge-deployable environmental monitoring. A thin-film thermocou-
ple with a fast response time is used as a temperature sensor and is statically calibrated
against a K-type reference. To improve dynamic tracking and reduce measurement noise, a
Kalman filter-based fusion strategy is employed, which is then compared with weighted
averaging and Bayesian fusion. Simulation-driven validation is performed for thermocou-
ple linearity, PID-based temperature control, micro-signal filtering and system-level latency
and robustness. The results demonstrate that thin-film thermocouples exhibit near-linear
voltage-temperature characteristics (R? > 0.99) with Seebeck coefficients ranging from
40.92 to 42.08 uV/°C, close to the theoretical K-type value of 42.87 uV/°C. The proposed
fusion strategy reduces relative error to ~2.3% under typical noise conditions, enabling
stable, real-time processing with near-second latency for 10,000-point batches. This study
summarizes the design considerations for selecting and calibrating sensors and for achiev-
ing Al robustness in the presence of drift and faults. It provides a scalable blueprint for
edge-deployable environmental monitoring.

Keywords: environmental monitoring; multi-sensor fusion; Kalman filter; thin-film
thermocouple; air quality; water quality; edge Al

1. Introduction

Environmental pollution and climate change have intensified the demand for real-
time, accurate, and cost-effective monitoring of air and water quality. While high-grade
monitoring stations provide reliable measurements, their installation and maintenance
costs limit deployment density and lead to coarse spatial coverage. Low-cost sensors and
embedded systems enable dense and mobile sensing, but their outputs are affected by
cross-sensitivity, drift, and noise. These limitations motivate the integration of artificial
intelligence (AI) for calibration, fusion, and prediction.
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Related work indicates a clear evolution from basic data collection toward intelligent
perception. For example, Alvear et al. [1] proposed a mobile pollution sensing architecture
integrating low-end sensors, smartphones, and cloud services, emphasizing calibration and
variability reduction. Al methods such as genetic algorithm (GA) [2-5] optimization and
artificial neural networks (ANNs) [6-9] have been used to improve prediction and classifi-
cation in embedded scenarios. Moreover, metaheuristic-assisted [10-12] feature selection
and deep models have been deployed on edge platforms for real-time decision-making
in complex sensing environments. Conventional sensors frequently encounter issues of
non-linear drift and cross-interference in complex environments [13,14]. By contrast, Al-
assisted systems can significantly enhance detection sensitivity and classification accuracy
through multi-feature fusion and deep learning, enabling low-cost sensors to achieve the
performance of professional-grade monitoring stations in specific applications [15-19]. We
have clarified our “physics-data joint driven” architecture. The text now emphasizes how
high-speed temperature sensing provides micro-level compensation to the MOS gas sensor
array, effectively reducing dynamic errors induced by sensor inertia.

In China, sensor-Al environmental monitoring has expanded from air quality to
multi-media monitoring (water, soil, and noise), and research increasingly targets urban-
scale prediction, early-warning, and decision support. However, key challenges remain:
(i) sensor heterogeneity and cross-response causing unreliable raw measurements; (ii)
dynamic errors induced by sensor inertia and slow response; (iii) limited robustness under
abnormal data and sensor failures; and (iv) insufficient generalization of Al models across
regions and seasons.

The main contributions of this paper are:

e A modular environmental monitoring architecture supporting air-quality, water-
quality, and temperature sensing with a unified Al data pipeline.

e A thin-film thermocouple calibration workflow including linearity, Seebeck coefficient
consistency, and implications for temperature compensation.

e A comparative evaluation of fusion strategies (weighted averaging, Kalman filtering,
Bayesian fusion) and their effects on error reduction.

e System-level simulation results on latency, robustness, and model generalization,
providing guidance for real-time edge deployment.

2. Materials and Methods
2.1. System Architecture and Data Flow

The proposed system follows an edge-to-cloud workflow. At the edge, sensing nodes
acquire air and water quality and temperature signals via analogue front-end circuits
and/or digital interfaces. This is followed by analogue-to-digital converter (ADC) sampling
and timestamping on a microcontroller unit (MCU). Following signal conditioning (gain
and offset removal and low-pass filtering), the MCU carries out lightweight preprocessing
and transmits features and/or raw samples to an upper-layer processor or cloud server. In
the cloud (or on an edge gateway), Al modules then carry out data cleaning, normalization,
multi-sensor fusion, anomaly detection and short-term forecasting. The pipeline supports
real-time dashboards and offline analytics.

The system employs a phased fusion architecture: edge-side execution handles feature-
level fusion, integrating resistance changes from multiple gas sensors into response vectors;
cloud-side execution performs decision-level fusion, utilizing temperature-corrected water
quality and air characteristics for joint environmental quality assessment.
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2.2. Sensor Modules and Physical Principles

The selection of sensors aims to strike a balance between cost, deployability and data
quality. Air-quality monitoring uses an array of MOS gas sensors to provide multidimen-
sional response signatures for gases and VOCs. Water-quality monitoring uses dedicated
probes to measure pH, dissolved oxygen (DO), turbidity and conductivity. Temperature
monitoring relies on thin-film thermocouples for a fast response and to compensate for the
temperature of other sensors. The sensing modes and typical specifications are summarized
in Table 1.

Table 1. Summary of sensing modalities and typical specifications.

Modality Target Parameter (s) Principle/Sensor Type Typical Range Notes
MOS sensor array (e.g., Fast response (1-10 s);
Air co, N?;;;ng*’ VOGs, MQ-135, SGP30, 1-1000 ppm (gas) ** cross-sensitivity mitigated by
' BME®680, CCS811) Al
Water pH Glass electroFle (Nernst 0-14 Typical accuracy :I.:0.0l pH
equation) with calibration
. Requires
Water Dissolved oxygen (DO) Clarkg;)clisggéaphm 0-20 mg/L temperature/pressure
compensation
Infrared light source
Water Turbidity 90° nephelometry) <0.05-400 NTU recommended for reduced
colour interference
Four-electrode Avoids polarization;
Water Conductivity . . 0-2000 uS/cm (typ.) temperature compensation
conductivity probe
needed
. Thin-film . .
Temperature Ambient/probe thermocouple (Seebeck 20-100 °C (tested) Suitable for compensation
temperature effect) and heater control

* PM2.5 is typically measured using optical scattering sensors; here it is also treated as an Al-predicted indicator
when direct particulate sensing is unavailable. ** Exact ranges depend on sensor type and calibration.

2.2.1. Air-Quality Sensing Using MOS Sensor Arrays

To address cross-sensitivity issues in MOS arrays, supervised learning algorithms
such as random forests are employed to map response features onto concentration metrics.
MOS sensors exploit conductivity changes in gas-sensitive materials (e.g., SnO,, ZnO,
WO3) at elevated temperatures. In clean air, oxygen adsorbs on the surface and captures
conduction electrons, increasing resistance. Reducing gases (e.g., CO, VOCs) react with
adsorbed oxygen species, releasing electrons and decreasing resistance; oxidizing gases
(e.g., NO») further extract electrons and increase resistance. Specifically, we describe how
temperature affects the resistance—concentration relationship in MOS sensors via the power
law Rs = Ro(C/Cp) “* and how it influences electrochemical potential in pH electrodes
according to the Nernst equation:

2.303RT

E=E— =

The thin-film thermocouple provides the temperature T required for these corrections.
In a voltage divider, the output voltage is

Vout = Ve - RL/(Rs + RL)

To mitigate cross-sensitivity, a response vector X = [R1/R01, R2/R02, ..., Rn/R0n]*
is formed using an array of sensors. Dimensionality reduction techniques (e.g., princi-
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pal component analysis (PCA)) and supervised learning techniques (e.g., support vector
machines (SVM) and random forest) map response signatures to gas categories and/or
concentrations. Temperature-dependent drift can be mitigated using compensation models
and periodic calibration.

2.2.2. Water-Quality Sensing

Water-quality sensing involves compensating for non-linear drift in pH and dissolved
oxygen (DO) sensors through Al algorithms. pH and DO were selected as core parameters
due to their direct reflection of a water body’s biochemical state. This sensor module is
designed to support real-time anomaly detection in surface water, freshwater resources,
and wastewater treatment processes. A pH glass electrode follows the Nernst equation
(25 °Q):

E=E0 — (2303 RT/F) - pH ~ E0 — 59.16 mV - pH

A Clark-type dissolved oxygen (DO) sensor generates a diffusion current that is
proportional to the oxygen concentration and is consistent with Faraday’s law. Turbidity is
measured using nephelometry (90° scattered light), in accordance with, and the results are
expressed in nephelometric turbidity units (NTU). Conductivity is measured using a four-
electrode probe to minimize polarization, and is normalized to 25 °C with an associated
temperature coefficient of approximately 0.02/°C.

2.2.3. Thin-Film Thermocouple Temperature Sensing

Thin-film thermocouples exploit the Seebeck effect: two dissimilar conductors produce
a thermoelectric voltage proportional to the temperature difference between the hot and
reference junctions. For moderate spans, a linear approximation is used:

EAB = SAB - (Thot — Tcold)

In this study, thin-film thermocouples were calibrated within the range of 20-100 °C
against a K-type reference, in order to obtain sample-specific SAB values and the quality of
the linear fit (R?). The calibrated temperature signal is then used for compensation and PID
temperature control experiments.

2.3. Al-Enabled Data Processing and Fusion

The Al pipeline comprises three layers: (1) Data cleansing layer: Outliers are removed
using the 3o criterion. (2) Feature extraction layer: PCA is employed to reduce the di-
mensionality of the N-dimensional response vectors from the MOS array, retaining over
95% of the variance information. (3) Decision layer: A random forest classifier is config-
ured with 100 decision trees and a maximum depth of 15 to prevent overfitting on small
sample datasets.

2.3.1. Preprocessing and Feature Extraction

The first layer focuses on signal conditioning at the edge. Raw data from heteroge-
neous sensors undergo outlier removal using the 3¢ rule to eliminate impulsive noise.
Following normalization (Min-Max or Z-score), the system performs feature extraction. For
the MOS gas sensor array, principal component analysis (PCA) is employed to reduce the
N-dimensional response vector into a lower-dimensional space while preserving over 95%
of the variance information. This dimensionality reduction mitigates cross-sensitivity and
reduces the computational load for subsequent stages.
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2.3.2. Hybrid Fusion Strategy

The system employs a hybrid fusion strategy, distinguishing between feature-level
and decision-level fusion to optimize data utility:

Feature-level Fusion (Edge): Carried out at the sensing node, this stage integrates
multi-dimensional responses from sensor arrays (e.g., MOS gases) to form signature vectors.

Decision-level Fusion (Cloud): Conducted on the server or edge gateway, this stage
aggregates processed data from air, water, and temperature modules to perform holistic
environment assessment. A random forest classifier, configured with 100 decision trees and
a maximum depth of 15 to prevent overfitting, maps these integrated features to specific
pollutant concentrations.

2.3.3. Dynamic Optimal Estimation and Uncertainty Handling

To address sensor noise and environmental dynamics, two advanced fusion algorithms
are implemented:

Kalman Filtering: For linear Gaussian dynamics, a recursive Kalman filter provides
a minimum-variance estimator. In simulation settings, this approach suppresses high-
frequency measurement noise while tracking slow environmental changes, achieving a
relative error as low as ~2.3%.

Bayesian Fusion and Anomaly Detection: Bayesian fusion combines sensor likelihoods
with prior information to produce a posterior estimate. Crucially, this method provides an
explicit measure of uncertainty. By monitoring the posterior probability distribution, the
system can identify sensor faults or drift; readings with a low probabilistic likelihood are
flagged as anomalies, enabling robust aggregation even under partial sensor failure.

2.3.4. Temperature Compensation Mechanism

Leveraging the fast response of thin-film thermocouples, the pipeline applies
microsecond-level temperature compensation. By incorporating real-time temperature
T into the analytical models (e.g., the Nernst equation for pH or power-law models for
MOS resistance), the system dynamically corrects for thermal drift, ensuring measurement
stability across varying environmental conditions.

2.4. Simulation and Calibration Setup

Prior to full hardware integration, MATLAB-style simulations are employed to validate
the core modules and analyse the controller response, filter behaviour, fusion comparison
and robustness. Benchtop calibration experiments are performed on the thin-film ther-
mocouple, for which an alcohol lamp serves as the heat source and a calibrated K-type
thermocouple serves as the reference. The thermoelectric voltage is collected at temper-
atures between 20 and 100 °C in intervals of 10 °C. Linear regression is then applied to
determine SAB and R?. A comparison of integration strategies is shown in Table 2.

Table 2. Fusion strategy comparison.

Condition Relative Error (%)
Without Compensation 7.9
Static Compensation 45
Real-time Thermocouple Compensation 2.6

3. Results
3.1. Calibration of Thin-Film Thermocouples (Experimental Verification)

Figure 1 shows the voltage-temperature characteristics of three thin-film thermocouple
samples compared to a K-type reference. All samples exhibit strong linearity within the
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20-100 °C range. The extracted Seebeck coefficients are close to the theoretical value for a
K-type thermocouple, which indicates that the fabrication process is repeatable.

Static calibration of thin-film thermocouples

3.5 4 — Thin-film TC (5=41.53 pv/°C) .
—— Thin-film TC (5=40.92 uv/°C)
=== Thin-film TC (S=42.08 pVv/°C)

3.04 -~ K-type reference (S=42.87 uv/°C) %

s
E 257
(]
(o))
8
£ 2.0
>
=
b=
O .
F 1.5
(3]
£
5 1.0 A
£
|_
0.5 A
0.0 A

20 30 40 50 60 70 80 90 100
Temperature (°C)

Figure 1. Static calibration curves of three thin-film thermocouples versus a K-type reference.

The consistency of the Seebeck coefficients for the three thin-film thermocouple sam-
ples is shown in Figure 2.

Seebeck coefficient consistency across samples

Seebeck coefficient (uV/°C)

-=-- Ktype reference

TC-1 TC-2 TC-3

Figure 2. Seebeck coefficient consistency across three thin-film thermocouple samples.

The linear fitting quality (R?) of the thermocouple samples is shown in Figure 3.
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Linear fit quality (R?) of voltage-temperature calibration

TC-1: R2=0.996

TC-2: R2=0.994

TC-3: R2=0.998

Figure 3. Linear-fit quality (R?) across thermocouple samples.

Across samples, SAB ranges from 40.92 to 42.08 uV/°C and the linear-fit quality
satisfies RZ > 0.99. These results support the use of thin-film thermocouples for fast
temperature sensing and for temperature compensation in multimodal monitoring nodes.

3.2. PID Temperature Control Response (Simulation Results)

A PID controller is used to demonstrate embedded temperature stabilization in ap-
plications such as sensor heater control and controlled measurement chambers. Figure 4
shows the step response when the temperature increases from 25 °C to a setpoint of 40 °C.
The controlled temperature reaches the setpoint within approximately three seconds, with
an overshoot of around 0.8 °C. At steady state, it fluctuates by no more than £0.1 °C.

PID temperature control response (setpoint 40°C)

Temperature (°C)

—— PID controlled temperature
—==- Setpoint (40°C)

0 2 4 6 8 10
Time (s)

Figure 4. PID step response for temperature control with a 40 °C setpoint (simulation).
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3.3. Signal Filtering and PM2.5 Prediction (Simulation Results)

Kalman filtering suppresses measurement noise while preserving the underlying trend.
Figure 5 shows that the Kalman estimate closely follows the true temperature trajectory
while smoothing out high-frequency disturbances. In addition to sensing and filtering, the
proposed pipeline supports data-driven forecasting. Figure 6 illustrates a PM2.5 prediction
case, showing a correlation coefficient of approximately 0.79 between the predicted and
observed values (simulation). Dynamic lag, caused by sensor inertia or slow sampling, is
another important source of error. Figure 7 shows that a lag of 0.8 s can induce an error
of around 1.5-1.6 °C during fast transients. Finally, microvolt-level thermoelectric signals
benefit from low-pass filtering to improve ADC robustness (Figure 8).

Kalman filtering for noisy temperature measurements

= True temperature
Noisy measurement (o=2°C)
——— Kalman estimate

40

Temperature (°C)
w w w w w
o N B ()} [e¢]
1 1 1 1 1

N
o)
1

N
[e)]
1

0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Time (s)

Figure 5. Kalman filtering of noisy temperature measurements (simulation).

PM2.5 prediction performance (observed vs predicted)

—— Linear fit (R=0.79)
50 A

45 A

40 A

35 A1

30 A

Predicted PM2.5 (ng/m3)

25 A

20

T T T T T

25 30 35 40 45
Observed PM2.5 (pg/m?3)

Figure 6. Observed versus predicted PM2.5 values (simulation), demonstrating R ~ 0.79.
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Dynamic response lag and error of temperature measurement

—— True temperature
——— Measured (lag 0.8s)

Y
o
1

Temperature (°C)
w
w

1.50 A —— Lag-induced error
1.25 4
;6 1.00 1
§ 0.75 1
S
* 0.50 4
0.25 +

0.00 A

Time (s)

Figure 7. Dynamic response lag and lag-induced error (simulation).

Low-pass filtering for micro-volt level signals

——— Raw voltage (noisy)
047 — Low-pass filtered
0.2
=
£
o 0.0
o>
S
S
_0'2 =
_04 -
0 2 4 6 8 10
Time (s)

Figure 8. Low-pass filtering for microvolt-level signals (simulation).

The performance comparison of different artificial intelligence models is shown in
Table 3.

Table 3. Performance comparison of different Al models.

Relative Error

Model RMSE (ug/m3) MAE (ug/m3) R %)
Linear 8.42 6.91 0.63 6.8
Regression
SVM (RBF) 6.35 512 0.71 47
Random Forest 5.8 436 0.76 36
(baseline)
Proposed RF + 3.41 2.85 0.79 23

Kalman Fusion
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The results demonstrate that conventional machine learning models such as linear
regression and SVM provide moderate predictive performance, but remain limited under
noisy environmental conditions. Random forest improves robustness due to ensemble learn-
ing, reducing relative error to 3.6%. However, the integration of Kalman-based dynamic
estimation further reduces relative error to 2.3%, while increasing correlation to 0.79. This
confirms that the performance gain originates from hybrid fusion and temperature-aware
dynamic correction rather than from a standalone ML algorithm.

3.4. Qualitative Technology Trend and Fusion Comparison

Qualitative trend analysis suggests that sensor-Al systems have evolved from basic
data collection around 2016, to algorithm-driven improvements around 2022, and finally to
hardware-algorithm co-design around 2024. Figure 9 summarizes this conceptual trend.
Figure 10 compares the relative error of weighted averaging, Kalman filtering and Bayesian
fusion. In this simulation setting, Kalman filtering achieves the lowest error (~2.3%).

0 Qualitative trend of sensor-Al co-development (2016-2024)

=@~ Technology maturity (qualitative)
~i— Application demand (qualitative)

4.5 1

Score (1-5)

W
o
1

N
w
1

L
o
1

1.5

2016 2018 2020 2022 2024
Year

Figure 9. Qualitative trend of sensor-Al co-development (conceptual, derived from literature review).

Error comparison of fusion methods

w

£~

Relative error (%)

w

Weighted avg Kalman Bayesian

Figure 10. Relative error comparison among fusion methods (simulation).
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The effect of temperature compensation on the accuracy of MOS sensors is shown in
Table 4.

Table 4. Effect of temperature compensation on MOS sensor accuracy.

Condition Relative Error (%)
Without Compensation 7.9
Static Compensation 4.5
Real-time Thermocouple Compensation 2.6

Without temperature compensation, MOS sensors exhibit significant drift-induced
errors (7.9%). Static compensation reduces error to 4.5%, but cannot adapt to transient
changes. Real-time thermocouple-based compensation further reduces error to 2.6%, vali-
dating the necessity of microsecond-level temperature tracking for dynamic environments.

3.5. Generalization, Stability, Latency, Robustness, and VOC Sensitivity

Model generalization is a key challenge when transferring models across regions or
seasons. Figure 11 shows that, when transferred from training regions to remote regions,
deep learning can achieve greater accuracy than traditional machine learning (intermediate-
region values are illustrative). Figure 12 shows that repeated pH measurements provide
stable readings for water-quality sensing, with a standard deviation of around 0.12 pH.
Figure 13 compares system-level latency: the real-time pipeline maintains latency of around
one second for 10,000-point batches, whereas the offline pipeline’s latency increases more
steeply. Figure 14 illustrates robustness under sensor faults, showing that anomaly detection
rates remain above 92% for up to 10% faulty sensors but degrade under more severe
faults. Finally, Figure 15 provides an illustrative sensitivity comparison for VOC detection,
highlighting the potential of Al-assisted sensing in responding to low concentrations.

Generalization across regions

100

B Traditional ML
I Deep learning

90 A

80 A

Accuracy (%)

70 A

60

50 -
Train region Adjacent Remote

Figure 11. Model generalization across regions (simulation; intermediate-region values are illustrative).
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Measured pH

7.5

7.4

b
w
1

=~
N
1

~
(=]
1

7.0 A

6.9

pH sensor stability test (SD=0.12 pH)

—-== Reference pH=7.20

2 4 6 8 10
Test index

Figure 12. pH sensor stability across 10 repeated tests (illustration).

Processing delay (s)

Processing latency vs data volume

| —@— Real-time pipeline

—m— Offline pipeline

=

10 103 10%
Data points per batch (log scale)

Figure 13. Processing latency vs. data volume (simulation), comparing real-time and offline pipelines.
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Robustness of anomaly detection under sensor faults

100 A

95 A1

90 A

85 A

80 1

Anomaly detection rate (%)

75 A

70 T T T T T T T T T
0.0 2.5 5.0 1.5 10.0 125 15.0 175 20.0

Faulty sensor ratio (%)

Figure 14. Robustness of anomaly detection under increasing sensor fault ratio (simulation).

Sensitivity comparison for VOC detection (simulation)

—@— Al-assisted microwave sensor
== Conventional sensor

Detected concentration (ppm)

0 1 2 3 4 5
VOC concentration (ppm)

Figure 15. Sensitivity comparison for VOC detection (simulation; inspired by Al-assisted
microwave sensing).

The robustness assessment under simulated sensor fault conditions is shown in Table 5.

Table 5. Robustness assessment under simulated sensor fault conditions.

Fault Ratio (%) Detection Rate (%) False A({;u;m Rate Relative Error (%)
(]
0 - - 2.3
5 96.4 32 2.8
10 92.7 4.6 35
20 81.5 9.3 6.9
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When no sensor faults are present, the system maintains a 2.3% relative error. Under
moderate fault ratios (5-10%), anomaly detection remains above 92%, and overall accuracy
degradation is limited. However, severe faults (20%) significantly increase relative error
to 6.9%, indicating that the Bayesian-based uncertainty monitoring effectively mitigates
partial failures but cannot fully compensate for large-scale degradation.

4. Discussion

The results support the feasibility of integrating heterogeneous, low-cost sensors with
Al in order to enhance the reliability of the data and the usability of the system. Calibration
of the thermocouples confirms that the thin-film devices can provide repeatable, near-linear
temperature measurements within the tested range. Such temperature information is
crucial, as many environmental sensors (particularly MOS gas sensors and electrochemical
probes) exhibit significant temperature dependence. PID stabilization also indicates that
temperature-controlled sensing (e.g., for MOS heater regulation) can be implemented on
embedded platforms with rapid settling and minimal overshoot.

Under the configuration outlined herein, the Kalman filter achieves an optimal balance
between response speed and noise suppression. In contrast, Bayesian fusion, whilst pro-
viding the probabilistic thresholds required for fault detection, exhibits performance that
is highly dependent upon the accuracy of the predefined likelihood function and incurs
relatively high computational overhead.

From an algorithmic perspective, fusion and filtering are essential to compensate for
unavoidable sensor noise and drift. Kalman filtering offers an effective balance between
responsiveness and noise suppression under slowly varying dynamics and achieves a lower
error rate than weighted averaging in the presented scenario. Bayesian fusion provides
uncertainty estimates that can enhance fault detection and decision-making processes, but
depending on the chosen model, it may introduce computational overhead.

Several limitations should be noted. Firstly, MOS sensors are sensitive to humidity
and temperature, and may require frequent recalibration. Secondly, domain shifts can
significantly affect learned models, as indicated by the generalization trend. Thirdly, current
validation is largely simulation-driven; full-field deployment should assess long-term
drift, seasonal effects and maintenance costs. Fourthly, the interpretability of Al models
is important for high-stakes environmental decisions, and combining physics-informed
features and explainable AI could improve trustworthiness.

Furthermore, MOS sensors exhibit high sensitivity to humidity and temperature,
which impacts their long-term stability. This system mitigates drift issues to some extent
by providing real-time data compensation via an integrated thin-film thermocouple and
employing a PID control algorithm to stabilize the sensor’s operating temperature. Fu-
ture field deployments require further consideration of protective coatings and regular
automatic calibration mechanisms to enhance durability in harsh environments.

The robustness evaluation under simulated sensor fault conditions is shown in Table 6.

Table 6. Robustness evaluation under simulated sensor fault conditions.

. Al Relative Error
System Type Multimodal Compensation (%) Latency Cost Level
Traditional Station No No <1% Minutes Very High
Low-cost Node (No AI) Partial No 8-15% Seconds Low
Proposed System Yes Yes ~2.3% ~1s Low-Moderate

Traditional monitoring stations achieve high accuracy but at high cost and low de-
ployment density. Low-cost standalone nodes suffer from significant drift and cross-
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sensitivity. The proposed system achieves near-professional accuracy (2.3%) while main-
taining low-cost hardware and near-second latency. This demonstrates the benefit of
hardware-algorithm co-design.

5. Conclusions

This paper presents a compact design and validation study for a multimodal envi-
ronmental monitoring system, merging sensor fundamentals, Al-based data processing,
and simulation/calibration evidence. Thin-film thermocouples exhibited strong linearity
(R? > 0.99) and consistent Seebeck coefficients (40.92—42.08 uV /°C) within the 20-100 °C
calibration range. Kalman filter-based fusion reduced relative error to approximately 2.3%,
supporting robust real-time processing with near-second latency for 10,000-point batches in
simulation. Future work will focus on long-term field calibration, drift-aware learning (e.g.,
online adaptation) and the full embedded implementation of the system on MCU/edge
platforms, ensuring secure communication and an energy-efficient design.

Although simulation results demonstrate the potential for Kalman filtering to re-
duce errors to 2.3%, its actual performance requires further validation through long-term
field monitoring. Future research will focus on addressing non-linear drift caused by
sensor ageing.
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