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Abstract

Resistive gas sensors have attracted significant attention due to their simple architecture,
low cost, and ease of integration, with widespread applications in environmental monitor-
ing, industrial safety, and healthcare diagnostics. This review provides a comprehensive
overview of recent advances in resistive gas sensors, focusing on their fundamental work-
ing mechanisms, sensing material design, device architecture optimization, and intelligent
system integration. These sensors primarily operate based on changes in electrical resis-
tance induced by interactions between gas molecules and sensing materials, including
physical adsorption, charge transfer, and surface redox reactions. In terms of materials,
metal oxide semiconductors, conductive polymers, carbon-based nanomaterials, and their
composites have demonstrated enhanced sensitivity and selectivity through strategies such
as doping, surface functionalization, and heterojunction engineering, while also enabling
reduced operating temperatures. Device-level innovations—such as microheater integra-
tion, self-heated nanowires, and multi-sensor arrays—have further improved response
speed and energy efficiency. Moreover, the incorporation of artificial intelligence (AI) and
Internet of Things (IoT) technologies has significantly advanced signal processing, pattern
recognition, and long-term operational stability. Machine learning (ML) algorithms have
enabled intelligent design of novel sensing materials, optimized multi-gas identification,
and enhanced data reliability in complex environments. These synergistic developments
are driving resistive gas sensors toward low-power, highly integrated, and multifunctional
platforms, particularly in emerging applications such as wearable electronics, breath di-
agnostics, and smart city infrastructure. This review concludes with a perspective on
future research directions, emphasizing the importance of improving material stability,
interference resistance, standardized fabrication, and intelligent system integration for
large-scale practical deployment.

Keywords: resistive gas sensor; metal oxide; smart sensing; machine learning; material
design; device optimization; environmental monitoring

1. Introduction
In recent years, environmental pollution has become increasingly severe, industrial

safety accidents occur frequently, and public awareness of health monitoring continues to
rise. These factors have created an urgent demand for gas-sensing technologies [1–5]. Gas
sensors, capable of real-time monitoring of concentration changes in various target gases
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in the air, are widely applied in fields such as air quality monitoring, industrial process
safety control, and medical diagnosis [6–10]. Monitoring atmospheric pollutants—such
as CO, NOx, SO2, and volatile organic compounds (VOCs)—through sensor networks is
crucial for air pollution early warning, mitigation, and public health protection [11–13]. In
industrial settings, early detection of flammable and toxic gas leaks helps prevent explo-
sions, poisoning, and other accidents [14]. In healthcare, non-invasive disease screening
and early diagnosis through the analysis of characteristic VOCs in human exhaled breath
have emerged as a promising direction for sensing technologies, although widespread
clinical implementation remains a future goal [15,16].

Currently, mainstream gas detection methods rely on high-precision analytical in-
struments, such as optical sensing, gas chromatography (GC), and mass spectrometry
(MS) [17–20]. These technologies offer high sensitivity and selectivity and are widely used
for precise gas composition analysis [21–24]. However, such equipment is typically bulky,
expensive, and operationally complex, requiring professional maintenance [25,26]. These
limitations hinder their suitability for real-time on-site monitoring and large-scale deploy-
ment, particularly in applications such as environmental field monitoring and portable
safety warning systems.

In contrast to complex instruments, resistive gas sensors have emerged as an attractive
alternative due to their low cost and simple structure. Resistive gas sensors operate
on the principle that the electrical resistance of a sensing material undergoes significant
changes upon exposure to target gases, converting gas concentration into easily measurable
electrical signals [27]. Their device structure is typically straightforward: a sensing unit can
be constructed by integrating electrodes onto an inert substrate and coating it with a thin
film of sensing material, accompanied by relatively simple readout circuitry [28]. Compared
with optical sensors requiring complex optical components and electrochemical sensors
with liquid electrolyte handling constraints [29], this architecture enables miniaturization
potential and scalable manufacturing. Owing to their highly simplified working principle
and structure, resistive sensors offer numerous advantages, including low manufacturing
cost, compact size, low power consumption, and ease of operation [5,30,31]. Additionally,
they can be easily integrated with signal-processing circuits via microelectronic fabrication
processes and mass-produced as multi-sensor arrays for simultaneous detection of multiple
gases. Due to these advantages, resistive gas sensors have garnered significant attention in
recent years and are regarded as a key technology for achieving low-cost and intelligent
gas sensing in environmental monitoring and portable gas detection [32].

Despite their promise, resistive sensors exhibit fundamental limitations: baseline drift
requires more frequent calibration than electrochemical sensors with solid-state references,
while their selectivity underperforms surface-enhanced optical sensing methods [29]. Prac-
tical challenges include high power consumption, demanding temperature requirements
for optimal performance, poor selectivity leading to cross-interference, signal drift requir-
ing frequent calibration, as well as humidity interference, slow response times, and high
detection limits [33–36]. Recent research has made significant progress in material, struc-
tural, and algorithmic optimizations. In terms of materials, nanostructured metal oxides
(e.g., nanowires and porous particles), doped semiconductors, metal–organic frameworks
(MOFs), and other novel sensing materials have improved sensitivity and selectivity while
reducing operating temperatures [37,38]. In device design, core–shell heterostructures,
MEMS microheaters, and other innovations have enhanced gas reaction efficiency and
reduced power consumption. Furthermore, sensor arrays combined with machine learning
(e.g., electronic nose technology) have improved gas recognition capabilities, while intel-
ligent algorithms effectively compensate for signal drift and environmental interference.
These synergistic advancements have significantly enhanced the overall performance of sen-
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sors, making them viable for practical applications in environmental monitoring, industrial
safety, and healthcare. Moving forward, further improvements in material stability, power
consumption reduction, and anti-interference capabilities remain key research points.

Given these advancements and challenges, this review focuses on “resistive gas sen-
sors”, systematically summarizing recent progress, existing issues, and future directions
in the field. To ensure a focused and representative overview of recent advances, we
primarily selected high-impact original research articles and authoritative reviews pub-
lished within the last 7 years, emphasizing significant breakthroughs relevant to the key
research areas covered in this review. The article highlights the current state of research
on resistive gas sensors in terms of sensing material design, device structure optimization,
signal processing, and integration with artificial intelligence, analyzing their respective
advantages and limitations (Figure 1). The structure of this review is as follows: Section 2
introduces the composition and design strategies of sensing materials for resistive gas
sensors; Section 3 discusses optimization methods for sensor device structures and novel
sensing mechanisms; Section 4 summarizes advances in signal-processing techniques and
artificial intelligence for gas sensing; and Section 5 provides an outlook on future trends
and challenges for resistive gas sensors.

Figure 1. AI-driven resistive gas sensors: evolutionary pathways from materials to signal processing.
Reprinted with permission from Ref. [39]. Copyright 2018, American Chemical Society. Reprinted
with permission from Ref. [40]. Copyright 2023, Feng Niu et al. Reprinted with permission from
Ref. [41]. Copyright 2022, the Authors.

2. Fundamentals of Resistive Gas Sensors
2.1. Working Principle

Resistive gas sensors (also known as chemiresistive sensors) detect gases by measuring
changes in electrical resistance caused by interactions between sensitive materials and gas
molecules. When target gases diffuse into the sensing layer, gas molecules first adsorb onto
the material surface and interact with active sites, altering the charge carrier concentration
or mobility of the material and thereby inducing measurable changes in conductivity
(or resistance). This resistance variation is processed by signal transduction circuits to
achieve quantitative gas detection. In essence, the working principle relies on the reversible
modulation of the electrical properties of sensitive materials, where gas concentration
information is reflected through changes in electrical signals.

The interaction mechanisms between gas molecules and sensitive materials primarily
include physical adsorption, surface redox reactions (chemical adsorption), and charge
transfer effects. Physical adsorption relies on van der Waals’ forces between gas molecules
and the material surface, typically without a chemical bond formation, exhibiting reversible
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characteristics. Such interactions have a minor influence on resistance, and their sensing
mechanisms are often associated with physical deformation of the material, such as swelling
in polymeric materials or changes in the dielectric properties of porous materials [42].
In contrast, chemical adsorption and surface redox reactions involve stronger chemical
bonding or electron transfer processes. Taking metal oxide semiconductor (MOS) sensors
as an example: in air, oxygen molecules (O2) adsorbed onto the material surface capture
conduction band electrons to form chemisorbed oxygen species (O2− or O−), creating an
electron depletion layer on the surface [43]. In the presence of reducing gases (e.g., CO
or H2), these gases react with adsorbed oxygen and release trapped electrons back into
the conduction band, leading to increased carrier concentration and decreased resistance
in n-type MOS (e.g., SnO2, ZnO). For p-type MOS (e.g., NiO and CuO), reducing gases
consume hole carriers, resulting in increased resistance. This surface oxygen adsorption–
reaction mechanism constitutes the core working principle of traditional MOS gas sensors.
The corresponding working principle is illustrated in Figure 2, where Figure 2a shows the
electron depletion layer formation and modulation in n-type MOS, and Figure 2b depicts
the hole accumulation layer behavior in p-type MOS during interaction with reducing
gases [44].

 
Figure 2. Schematic illustration of the working principle of oxide semiconductor gas sensors:
(a) N-type semiconductors in air and reducing gas environments; (b) p-type semiconductors.
Reprinted with permission from Ref. [44]. Copyright 2023, Elsevier.

In certain systems, gas molecules directly react with sensitive materials, causing
abrupt resistance changes. For instance, H2S reacts with ZnO at room temperature to form
conductive ZnS, drastically reducing sensor resistance and enabling high sensitivity to
H2S [45]. Beyond adsorption and redox processes, charge transfer effects play a critical role
in low-dimensional nanomaterials (e.g., graphene, carbon nanotubes, and transition metal
dichalcogenides) and organic semiconductor sensors. In such mechanisms, gas molecules
act as electron donors (e.g., NH3) or acceptors (e.g., NO2), exchanging electrons with the
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material and producing a chemical doping-like effect [46]. For example, NO2 adsorp-
tion withdraws electrons from graphene, reducing carrier concentration and increasing
resistance, whereas NH3 adsorption donates electrons, enhancing conductivity [47]. Addi-
tionally, in composite materials, gas adsorption may influence overall resistance by altering
interparticle conductive pathways (e.g., contact resistance changes) [48]. Researchers sum-
marize the most commonly cited mechanisms for sensor performance enhancement [49].
These diverse sensing mechanisms enable resistive gas sensors to achieve high selectivity
and sensitivity for various gas detection applications.

2.2. Classification

Resistive gas sensors can be classified in various ways according to different dimen-
sions. Common classification methods include categorization by sensitive material type,
output signal form, and device structure form. Below is a brief introduction to each
classification method and its characteristics.

2.2.1. Classification by Sensitive Material Type

The performance of resistive gas sensors highly depends on the physicochemical
properties of sensitive materials. According to the type of sensitive material, resistive
sensors can be divided into four major categories: semiconductor type, composite type,
organic type, and carbon-based material type. These different material types exhibit
significant differences in gas-sensing mechanisms and operational characteristics.

Semiconductor sensors can be further classified into n-type and p-type based on their
carrier type; n-type semiconductors, such as SnO2, ZnO, and Fe2O3, regulate resistance
through electron depletion layers formed by surface oxygen adsorption. Reducing gases
(e.g., H2 and CH4) decrease their resistance, while oxidizing gases (e.g., NO2 and O3)
increase resistance. The response values for strong reducing gases can reach 102–104, while
for gases like CO2 the response values are only around 1–2. The specific response value
is related to many factors, including gas type, concentration, and operating temperature.
However, they require operation at 200–400 ◦C [50]. p-type semiconductors (e.g., NiO,
Co3O4, and CuO) are dominated by hole conduction, showing opposite response patterns
to n-type semiconductors and exhibiting higher selectivity for oxidizing gases. For example,
NiO-based sensors can achieve a response value of 15.7 to 10 ppm NO2 at 300 ◦C [51].

To optimize performance, researchers construct n–n, p–p, or n–p heterojunctions (e.g.,
SnO2/Co3O4 or CuO/ZnO) to regulate band structures. The space charge regions formed
at heterointerfaces can reduce activation energy (from 1.2 eV to 0.8 eV), improving response
speed by 30–50% [49]. For instance, the MXene/TiO2 composite system shows a response
of 247% to 100 ppm NH3, which is nearly 8 times higher than pure TiO2 [52].

Additionally, organic materials such as polyaniline and polypyrrole achieve room-
temperature detection by changing doping levels through redox reactions. PANI-based
sensors show a response time of 12 s to 1 ppm NH3, but their humidity sensitivity
(∆R/R0 > 20% at 70%RH) needs to be suppressed through PVDF composite modifica-
tion [53]. Carbon-based materials like graphene and carbon nanotubes are also suitable
for room-temperature detection due to their ultra-high carrier mobility (>10,000 cm2/V·s)
and specific surface area (2630 m2/g) [54]. Functionalized CNTs show a response of 35%
to 50 ppm NO2 but require Au nanoparticle decoration to shorten recovery time. Recent
studies show that graphene/cobalt phthalocyanine hybrid materials can significantly im-
prove acetone selectivity, with a selectivity coefficient reaching 8.7, providing new ideas for
designing high-performance gas sensors [55]. Table 1 provides a comparative overview
of the gas-sensing performance of different material types under various conditions. It
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highlights the diversity in sensing capabilities and the influence of material properties on
sensor performance.

Table 1. Gas-sensing performance of representative materials for resistive sensors.

Type Materials Analyte Gas/
Concentration (ppm) T (◦C) Response τres/τrec (s) Refs.

n-type SnO2 CO2/1000 400 1.14 - [56]
ZnO CO2/400 350 2.86 75/108 [57]

p-type NiO NO2/10 300 15.7 - [51]
CuO CO2/100 RT 1.04 10/6 [58]

organic PANI-based NH3/1 RT - 12/- [53]

carbon-based
graphene CO2/100 RT 1.26 8/10 [59]

CNT CO2/500 RT 1.09 33/46 [54]

In summary, while semiconductor materials offer high sensitivity and well-established
fabrication, they typically require elevated operating temperatures. Organic and carbon-
based materials enable room-temperature operation but often face challenges with humidity
interference and long-term stability. Composite materials, leveraging synergistic effects,
show promise in addressing these limitations and enhancing overall performance. Fu-
ture research should further explore material interface engineering and microstructure
regulation to address key issues such as selectivity and stability.

2.2.2. Classification by Device Structure Form

As shown in Figure 3, resistive gas sensors can be divided into two typical technical
forms according to hardware architecture [60]. Single-element sensors use a single sensitive
component (e.g., metal oxide semiconductor) to construct an independent sensing unit,
featuring compact structure and high sensitivity, but being susceptible to cross-sensitivity.
Array sensor systems integrate 4–8 sensing elements with differentiated responses (e.g.,
SnO2/ZnO heterojunctions or temperature gradient configurations), and combined with
algorithms such as PCA or CNN, can achieve multi-component gas identification with accu-
racy reaching 94.7%. However, their performance depends on strict component calibration
and periodic calibration [61].

Figure 3. Classification of gas sensor architectures. Reprinted with permission from Ref. [60].
Copyright 2012, MDPI.

Multimodal smart sensors utilize MEMS technology to achieve three-dimensional inte-
gration of resistive sensing units with auxiliary modules such as temperature, humidity, and
optical sensing, significantly enhancing detection performance [62]. For instance, breath
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analysis systems integrating gas-sensitive arrays and humidity compensation modules
reduce acetone detection error from 22.3% to 8.7% [51]. Intelligent microsystems employ
multi-parameter fusion algorithms, such as the D-S evidence theory, improving formalde-
hyde recognition specificity to 89.2% [63]. However, such sensors still face challenges,
including signal synchronization delays and the need for further power consumption
optimization. Overall, single-element sensors provide simplicity and high sensitivity for
single-target detection but suffer from cross-sensitivity. Array sensors, through diversi-
fied sensing elements and pattern recognition, enable multi-gas discrimination at the cost
of increased complexity and calibration needs. Multimodal smart sensors represent the
most advanced form, integrating complementary sensing modalities and intelligence for
enhanced accuracy and functionality in complex environments, albeit with higher system
complexity and power consumption.

Currently, gas sensors are evolving toward system-on-chip (SoC) integration, adaptive
calibration (AIoT), and multi-physics coupling (e.g., resistive-photoelectric synergy). How-
ever, key technologies such as standardized manufacturing and edge computing algorithms
still require breakthroughs [64]. The development of third-generation smart sensors will
focus more on environmental adaptability, low-power design, and multimodal data fusion
to meet the demand for high-precision gas detection in complex scenarios.

2.3. Performance Evaluation of Sensors

Comprehensive performance assessment of resistive gas sensors requires the estab-
lishment of a multi-dimensional indicator system, encompassing core parameters such as
sensitivity, selectivity, dynamic response characteristics, long-term reliability, and detec-
tion capability. These indicators are interrelated yet mutually constraining, collectively
determining the sensor’s applicability in practical scenarios.

2.3.1. Sensitivity

Sensitivity typically describes the response intensity of a sensor to target gases, quan-
titatively defined as the change in output signal per unit gas concentration. For resistive
sensors, sensitivity is experimentally expressed as the relative change in resistance between
target gas exposure and clean reference gas conditions. Sensitivity reflects the sensor’s
“signal amplification” capability for given gas concentrations; higher sensitivity indicates
significant resistance changes even at low gas concentrations. Multiple strategies in ma-
terial science and device design are employed to achieve high sensitivity. For instance,
nanostructured materials with high specific surface area provide more active sites for gas
interaction, generating greater resistance changes. Incorporating catalysts such as noble
metal nanoparticles can reduce activation energy for target gas reactions, thereby amplify-
ing response signals [40]. Additionally, operating temperature selection affects sensitivity,
where elevated temperatures generally enhance gas–surface reaction rates, but excessive
temperatures may reduce surface adsorption, necessitating experimental optimization to
identify the optimal value [25]. Sensitivity testing typically involves measuring response
curves across a series of known gas concentrations, with quantification based on slope or
response amplitude at specific concentrations. Notably, sensitivity often exhibits nonlinear
attenuation with increasing concentration, thus requiring explicit specification of applicable
concentration ranges during evaluation.

2.3.2. Selectivity

Selectivity refers to a gas sensor’s ability to distinguish target gases while suppressing
interference from other gases. Ideally, sensors should exhibit high sensitivity to target
gases with minimal response to interfering species. Selectivity is evaluated by comparing
response amplitudes across different gases, where higher ratios between target and interfer-



Chemosensors 2025, 13, 224 8 of 29

ing gas responses indicate better selectivity. Enhancing selectivity remains a key challenge
in gas sensor research.

Current approaches include: (1) chemical modification and catalytic selection, in-
corporating catalysts or adsorption films that preferentially react with target gases [65];
(2) operational condition modulation, such as temperature cycling operation (TCO) that
exploits differential gas responses across temperatures combined with pattern recognition
algorithms [25]; and (3) signal pattern recognition using sensor arrays to obtain multi-
dimensional response data analyzed through machine learning for gas mixture identifica-
tion [66]. Practical testing validates selectivity by exposing sensors to various interfering
gases and recording responses. High-performance gas sensors require both high sensitivity
and selectivity to ensure that outputs exclusively reflect target gas concentrations without
background interference.

Recent advances in gas sensor technology have introduced novel materials and struc-
tures to enhance selectivity. For example, Zhang et al. explored the use of metal oxide
semiconductors with unique crystal structures and morphologies, such as SnO2-based sen-
sors doped with specific elements and structured into hierarchical nanostructures, which
showed improved selectivity for CO2 [67]. These structural modifications not only increase
the surface area for gas adsorption but also create specific active sites that favor reactions
with target gases.

Another promising approach is the development of core–shell nanostructures, as
demonstrated by Xie et al., who synthesized In2O3@Co3O4 core–shell nanofibers via coax-
ial electrospinning. These nanofibers exhibited excellent selectivity for triethylamine (TEA)
due to their unique core–shell architecture and p–n heterojunction, which provided ad-
ditional active sites and facilitated electron transfer, enabling effective distinction of TEA
from other similar gases [68].

Chojer et al. highlighted the potential of sensor arrays combined with pattern recogni-
tion algorithms in improving selectivity. By analyzing the multi-dimensional response data
from an array of sensors with varying selectivities using machine learning techniques, it is
possible to identify and quantify individual gases within complex mixtures, even in the
presence of interfering species. This strategy moves beyond the limitations of single-sensor
models and offers a more robust solution to the selectivity challenge [69].

Environmental factors, such as humidity and temperature, can significantly impact
sensor selectivity. Zhang et al. noted that high humidity could lead to false responses in
some metal oxide gas sensors due to water molecule adsorption on the sensor surface. To
address this, researchers have investigated surface modification and the use of hydrophobic
materials to reduce humidity interference and enhance selectivity [67].

In summary, while significant progress has been made in improving the selectivity
of resistive gas sensors, ongoing research is necessary to explore innovative material
designs, optimize sensor array configurations, and advance data analysis techniques. These
efforts aim to achieve higher levels of selectivity in gas-sensing applications, ensuring
that sensor outputs accurately reflect target gas concentrations without interference from
background gases.

2.3.3. Response and Recovery Time

Response time is defined as the duration required for sensor resistance to reach 90%
of its final change upon target gas exposure, while recovery time represents the period
needed for resistance to return to 90% of its initial state after gas removal. Response
time reflects detection speed, whereas recovery time indicates signal clearance capability.
Rapid response and recovery are critical for real-time monitoring applications, such as
safety alerts where fast response enables early leak detection and quick recovery prepares
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sensors for subsequent measurements. Four primary factors influence response/recovery
kinetics according to the gas diffusion and reaction kinetics theory: (1) pore structure
and specific surface area of sensing materials determine gas molecule transport rates to
active sites, with nanoporous structures typically accelerating response [70]; (2) reaction
activation energy, where catalysts or elevated temperatures enhance surface reaction rates
to shorten response times [71]; (3) gas concentration effects, where higher concentrations
may accelerate response times but cause strong adsorption that delays recovery [72];
and (4) temperature and humidity impacts molecular motion and reaction rates, though
excessive temperatures may reduce material activity.

Standard testing employs gas switching experiments: sudden gas introduction records
resistance changes to calculate 90% stabilization time as response time, while subsequent
air switching measures 90% resistance recovery as recovery time. High-performance
sensors typically exhibit response/recovery times ranging from seconds to tens of seconds,
depending on materials and gas species.

3. Key Technological Advancements
3.1. Material Design

In material design, representative modification strategies for enhancing gas-sensing
performance include doping, surface functionalization, composite material design, and
heterojunction construction. Doping involves introducing trace impurity elements or com-
pounds into sensitive materials to modulate their band structure and surface chemical
properties [73]. For example, incorporating noble metal catalysts (e.g., Pt, Pd, and Au)
into n-type metal oxides can promote oxygen molecule adsorption and dissociation. Liu
et al. demonstrated the preparation of Au-decorated SnO2 nanobelts with different wt% Co
doping via chemical vapor deposition (CVD). The study showed that the 1.5 wt% Co-doped
Au-Co-SnO2 sensor exhibited optimal gas-sensing performance for 1-butanol, with the
highest response increasing from 41 to 793, which is nearly a 20-fold enhancement. The
optimal operating temperature was reduced from 340 ◦C to 280 ◦C. This performance
enhancement is primarily attributed to the increased surface-active sites caused by oxygen
vacancies formed by doping, which promotes additional oxygen adsorption and dissocia-
tion, thus improving the overall sensitivity of the sensor [74]. Additionally, doping-induced
Fermi level shifts or Schottky barrier effects amplify resistance changes triggered by gas
adsorption [43]. As shown in Figure 4a, Zou et al. demonstrated that doping Al, Ga, or Zr
into In2O3 shifts the Fermi level upward, enhancing electron donation and formaldehyde
response, while doping Ti, Mo, Sn, or V lowers the Fermi level and deteriorates sensing
performance [39].

Surface functionalization enhances gas molecule recognition by chemically modifying
the sensitive material surface with specific functional groups or promoters.

A compelling example is the work by Wang et al. [75], who synthesized hol-
low MoS2/C nanomaterials and decorated them with Au nanoparticles (NPs). Their
Au@MoS2/C sensor demonstrated a significantly enhanced response of 240.5 to 50 ppm tri-
ethylamine (TEA) at 160 ◦C compared with MoS2/C alone, along with accelerated response
and recovery times (reduced from 80 s/500 s to 13 s/198 s).

To elucidate the underlying mechanisms responsible for this performance enhancement,
Wang et al. proposed the following dual role for the Au NPs (as depicted in Figure 4b,c [75]):

(i) Au NPs increased the thickness of the electron depletion layer on the MoS2/C surface
(Figure 4b), thereby enhancing the adsorption capacity for oxygen molecules and
providing more active sites for the TEA sensing reaction. This mechanism is crucial
for achieving a high response magnitude.
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(ii) Concurrently, the Au NPs formed Schottky contacts with MoS2 (Figure 4c), facilitating
an efficient electron transfer at the interface. This accelerated charge transfer kinetics
directly contributes to the observed reduction in response and recovery times [75].

 
Figure 4. Material design strategies for resistive gas sensors: (a) Schematic diagram of metal
heteroatom-doped In2O3 and the corresponding Fermi level. Reprinted with permission from
Ref. [39]. Copyright 2018, American Chemical Society. (b) Electron depletion layer in air and TEA
before and after Au loading and (c) the energy band structures of Au and MoS2. Reprinted with
permission from Ref. [75]. Copyright 2024, Elsevier. (d) Normalized electric field maps on MoS2,
AM-30, and AM-50; (e) schematic diagram of electron transfer paths of AM-50 under light excitation;
(f) schematic illustration of the NO2-sensing mechanism of the white-light-assisted AM-50 gas sensor.
Reprinted with permission from Ref. [76]. Copyright 2023, Elsevier. (g) Schematic illustration of the
sensing mechanism of the CeO2/MoS2 composite. Reprinted with permission from Ref. [77]. Copy-
right 2024, Elsevier. (h) Schematic illustration of the gas-sensing mechanism for the nanocomposite.
Reprinted with permission from Ref. [78]. Copyright 2024, Elsevier. (i) Gas-sensing mechanism and
energy band structure of the CaFe2O4/ZnFe2O4 composite. Reprinted with permission from Ref. [79].
Copyright 2021, Elsevier.

Beyond this specific case, surface functionalization strategies include plasma oxidation
of graphene to introduce polar groups for adsorbing polar gases [80], grafting specific
molecules onto carbon nanotubes for selective recognition [81], and loading ultrathin
catalyst layers as molecular sieves to block interferents while targeting specific gases.

Heterojunction construction is one of the cutting-edge strategies for enhancing semi-
conductor gas-sensing performance. Heterojunctions typically involve the intimate contact
of two semiconductor materials with different band structures, including n–n, p–p, and
p–n types. At the heterojunction interface, the difference in Fermi levels between the
two materials generates a space charge region. Target gas adsorption modulates this
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interfacial potential, superimposing an additional response beyond that of individual
components and often producing more pronounced resistance changes than single ma-
terials. Combining p-type and n-type semiconductor oxides not only complements their
gas recognition advantages but also stabilizes conductivity through the interfacial charge
redistribution [72]. Consequently, composite sensing materials with heterojunctions typi-
cally exhibit higher sensitivity. Moreover, the unique interfacial interaction mechanisms
can improve selectivity toward specific gases. For instance, CaFe2O4/ZnFe2O4 p–n het-
erojunction composites with a porous walnut-like structure have demonstrated excellent
sensing performance for toxic isoprene gas, achieving a high response (S = 19.50 to 30 ppm),
low operating temperature (200 ◦C), rapid response–recovery times (~72–35 s), and an
ultra-low detection limit of 0.12 ppb. These superior properties are attributed to enhanced
electron–hole separation, reduced charge transfer resistance, high oxygen vacancy content,
large BET surface area, narrowed band gap, and effective heterojunction formation, high-
lighting the significant advantages of heterostructure engineering in gas sensor design [79].
Synergistic effects at the interface may also lower the operating temperature and accelerate
response/recovery kinetics due to faster charge transfer across the heterojunction. Hu et al.
constructed an Au@MoS2 core–shell nanostructure as an example of the heterojunction
strategy [76]. This structure utilizes the localized surface plasmon resonance (LSPR) effect
of gold nanoparticles to significantly enhance the light absorption efficiency of MoS2 un-
der visible light assistance. As shown in Figure 4d–f, the Au@MoS2 core–shell structure
forms unique electron transfer pathways at the heterojunction interface, including plasmon-
induced hot electron transfer, plasmon-mediated interfacial charge transfer transitions, and
plasmon-activated carrier generation. These mechanisms not only increase the number of
photo-generated carriers but also promote the adsorption and reaction of NO2 molecules on
the surface of MoS2. Consequently, this heterojunction gas sensor demonstrates exceptional
overall performance in detecting NO2 under indoor white light illumination, including a
ppb-level detection limit (25 ppb), significantly enhanced sensitivity (response increased
more than 8 times), full recoverability (with recovery rates reaching 98%), excellent selectiv-
ity, and robust stability, which fully embodies the advantages of the heterojunction strategy
in enhancing gas sensitivity. The edge-enriched CeO2/MoS2 heterostructure (Figure 4g)
developed by Zhang et al. [77]. significantly enhances NO2 sensing. The sensing response
to 5 ppm NO2 is 1033% and 450% higher than that of pure CeO2 and MoS2, respectively. It
also achieves a low detection limit of 1 ppm, a high recovery rate of over 90%, and excellent
long-term stability and selectivity at room temperature. These improvements are mainly
due to the synergistic effects of the heterojunction, including strong adsorption, abundant
adsorption sites, and a coupled interface. First-principle calculations show that CeO2 has
a more negative binding energy for NO2 than MoS2, indicating CeO2 acts as the main
adsorption center while MoS2 provides the conductive path. As MoS2’s Fermi level is closer
to the vacuum level, electrons transfer from MoS2 to CeO2 at the interface. This forms an
electron accumulation layer on CeO2, promoting electron exchange between NO2 and the
sensor and enhancing the NO2 sensing response.

Composite material design combines materials with different properties (via physical
mixing or in situ growth) to form novel sensing media with synergistic enhancement
effects. For example, composites of metal oxide nanoparticles with graphene or carbon
nanotubes leverage the high conductivity of carbon materials and the abundant active sites
of metal oxides [82]. Organic–inorganic composites, such as conductive polymers mixed
with metal oxides or nanocarbon materials, improve mechanical strength, conductivity, and
gas diffusion properties [53]. Liao et al. developed 1D hierarchical core–shell MOS@WO3

nanocomposites where TiO2@WO3 sensors demonstrated a response value of 23.6 to ace-
tone, a detection limit of 10 ppb, and rapid response–recovery times of 12.0 s and 35.5 s
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(Figure 4h) [78]. This performance enhancement is attributed to TiO2’s high specific surface
area and active sites, combined with WO3’s high catalytic activity and stability, optimizing
gas adsorption and charge transfer. Guo et al. fabricated CaFe2O4/ZnFe2O4 composites,
achieving a high isoprene response (19.50), and a 6.3× and 2.9× improvement over pure
CaFe2O4 and ZnFe2O4, with a detection limit of 0.12 ppb (Figure 4i) [79]. This strategy
combines p-type CaFe2O4 and n-type ZnFe2O4, leveraging their different conductivity
types for efficient charge transfer and enhanced sensor response and stability. These exam-
ples demonstrate that combining different materials can enhance gas sensor performance
through complementary properties.

In summary, the flexible application of these material modification strategies can
significantly enhance sensor sensitivity, selectivity, and stability. Researchers can select or
combine these methods based on application requirements to develop high-performance
resistive gas sensors.

3.2. Device Structure Design

In addition to the material itself, the structural parameters of gas-sensitive devices
also have a significant impact on performance. By optimizing the geometric structure and
integration methods of sensors, key metrics such as gas diffusion conditions, response
speed, and device power consumption can be improved.

3.2.1. Thickness Control of Sensitive Films

The thickness of the sensitive film directly affects the diffusion depth of gas molecules
and the reactive volume within the material. Thinner films facilitate gas interaction through-
out the entire material, allowing more charge carriers to participate in surface reactions,
thereby enhancing sensitivity. In semiconductor metal oxide sensors, when the film thick-
ness is comparable to the Debye length, the space–charge region formed by gas adsorption
nearly penetrates the entire film, resulting in significant resistance changes and maximum
sensitivity enhancement. Recent studies on the WS2-ZnO p–n heterojunction nanosheet-
based gas sensors demonstrate this principle: by depositing ZnO layers of different thick-
nesses (10–50 nm) on WS2 nanosheets using atomic layer deposition (ALD), researchers
found that sensors with 10 nm ZnO layers exhibited optimal responses to reducing gases
(e.g., NH3) at 150 ◦C, where WS2 dominated the gas-sensing process through an enhanced
interfacial charge transfer (Figure 5a). Conversely, at 300 ◦C, sensors with 30 nm ZnO layers
showed superior performance, indicating the predominant role of ZnO in high-temperature
sensing environments [83]. Conversely, excessively thick films hinder gas penetration into
deeper layers, limiting reactions to the surface and leaving internal sensitive material
underutilized. This not only fails to improve sensitivity but also significantly delays the
response time due to prolonged diffusion paths. Studies indicate that nanoscale thin-film
sensing materials exhibit an optimal thickness that balances sensitivity and response time,
beyond which device performance degrades [84]. These findings demonstrate that the opti-
mal thickness of sensitive films requires co-optimization with operating temperature and
material properties. Additionally, film thickness influences sensor noise levels and stability,
necessitating precise deposition techniques such as spraying, spin-coating, sputtering, or
atomic layer deposition to ensure consistency and reliability across devices.

3.2.2. Electrode Spacing Design

Recent studies further demonstrate the synergistic effects of electrode spacing and
interdigitated electrodes optimization. An In2O3-based resistive gas sensor achieved
ultrasensitive H2S detection by tuning interdigitated electrode spacing (Sf) and finger
number (Nf) [85]. When Sf decreased from 100 µm to 2 µm (corresponding to Nf increasing
from 2 to 30), the detection limit improved dramatically from 8380 ppb to 6.42 ppb. This
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enhancement stems from two mechanisms: (1) smaller Sf shortens carrier transport paths
in the sensing layer, increasing the contribution of contact resistance (RC) to gas response
from 17% to 68% and (2) the parallel electric field distribution in interdigitated structures
suppresses current crowding effects, reducing normalized low-frequency noise (LFN) by
two orders of magnitude compared to conventional parallel electrodes. The optimized
sensor exhibits a 300-fold improvement in the signal-to-noise ratio (SNR) while maintaining
sub-milliwatt power consumption, highlighting the capability of electrode geometry to
co-regulate sensitivity, noise, and energy efficiency.

Another representative case involves an ammonia gas sensor based on a cross-linked
ZnO nanorod (NR) configuration [86]. The study systematically investigated the impact
of interdigitated electrode spacing (d) on NH3 sensing performance (Figure 5b). As the
electrode spacing (d) decreased from 50 µm to 2 µm, a remarkable transition in ZnO NR
growth patterns was observed; at larger spacing (50 µm), the nanorods exhibited highly
ordered alignment (well-aligned ZnO NRs), with their regular architecture clearly visible
in the foreground region of Figure 5b. When the spacing was reduced to 2 µm, spatial
confinement during growth induced the formation of densely cross-linked networks, as
demonstrated in the background region of Figure 5b. This electrode spacing-driven struc-
tural evolution directly enhanced the ammonia response (S)—sensors with 2 µm spacing
achieved a maximum response value of 81.6 upon exposure to 1000 ppm NH3/air at 573 K,
coupled with a detection limit as low as 10 ppm. The performance enhancement primarily
stems from the multiplicative effect of potential barrier contact points (point-to-point) in
cross-linked architectures, while the comparative analysis in Figure 5b explicitly reveals
the governing role of electrode spacing in modulating the microstructural morphology of
sensing materials. It was demonstrated that reducing electrode spacing not only optimizes
charge transport pathways through geometric confinement but also intensifies surface
interactions between gas molecules and active materials, thereby improving synergistically
both sensitivity and response kinetics.

The geometric arrangement of sensor electrodes significantly impacts sensing perfor-
mance by influencing the electric field distribution and conductive pathways in sensitive
material. In the interdigitated electrode structure commonly used in resistive gas sensors,
the electrode spacing determines the distance the sensitive film must bridge. Excessive
spacing requires thicker, more uniform films or long one-dimensional nanostructures to
establish conductive pathways between electrodes, increasing fabrication complexity and
baseline resistance. Smaller electrode spacing, however, enables conduction with less
material, effectively reducing baseline resistance [87]. In single-nanowire/nanotube-based
gas sensors, electrode spacing directly determines nanowire length and resistance. Larger
spacing increases nanowire length, allowing self-heating under bias to reach reaction tem-
peratures without external heating, significantly reducing power consumption. Studies
show that increasing electrode spacing to tens of micrometers enables self-heated In2O3

nanowire sensors to achieve milliwatt-level power consumption while maintaining sensi-
tive detection of target gases [88]. Thus, electrode design must balance sensitive material
coverage and power consumption, optimizing spacing to maximize sensor performance.
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Figure 5. Device structure design strategies for resistive gas sensors. (a) Schematically illustrates the
thickness-dependent sensing mechanisms of WS2-ZnO heterojunctions, where the charge transfer
processes between WS2 nanosheets and ZnO layers (10 nm vs. >10 nm) dictate their acetone detec-
tion performance under different operating conditions. Reprinted with permission from Ref. [83].
Copyright 2024, Elsevier. (b) Structural transition of ZnO nanorod assemblies and current pathway
modulation driven by reduced interdigitated electrode spacing. Adapted with permission from
Ref. [86]. Copyright 2015, Elsevier. (c–f) Integrated microheater designs on different substrates.
Reprinted with permission from Ref. [40]. Copyright 2023, Feng Niu et al.

3.2.3. Sensor Array Integration

To expand the detection range and reliability, multi-element sensor arrays are often
employed to construct gas detection systems. Multiple sensing units with different sen-
sitive materials or operating parameters can be integrated on a single substrate to form
a matrix array, enabling simultaneous detection of multiple gases. Such arrays provide
composite response signals for complex gas mixtures, improving identification accuracy
through combined analysis [89]. Array design must consider unit layout and spacing to
ensure full exposure to the test atmosphere without cross-interference. Highly integrated
electronic nose systems may incorporate dozens of gas sensors on a single chip, achieving
miniaturization and high-throughput detection via microfabrication. Integration also re-
quires careful connection and packaging design to minimize parasitic effects and external
interference on channel consistency. Additionally, arrays often include reference elements
or auxiliary sensors for calibration and compensation, enhancing overall system accuracy
and stability.

3.2.4. Integrated Microheater Design

For gas-sensitive materials requiring high-temperature operation, integrated micro-
heaters are essential. Optimized microheaters provide uniform, controllable heating with
minimal power consumption. Suspended membrane structures with low thermal capacity
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and excellent thermal isolation enable rapid heating to target temperatures, significantly
accelerating sensor startup and recovery. Well-designed heater resistor shapes ensure
uniform heating of sensitive films, avoiding localized hot or cold spots to improve sig-
nal stability and repeatability. Integrated microheaters also enable flexible operation at
varying temperatures, such as programmed heating or cyclic temperature modulation,
to obtain characteristic responses for different gases [90]. In recent years, the synergistic
design of flexible substrates and low-power microheaters has further propelled the devel-
opment of wearable gas sensors. As illustrated in Figure 5c–e, contrary to conventional
rigid architectures (e.g., ceramic tubes or MEMS substrates) that suffer from high thermal
inertia (>15 mW) and fracture risks under bending, the p-Si/SiO2 fiber-based platform
developed by Niu et al. achieves sub-5 mW operation through integrated Joule heating and
PDMS-encapsulated Co-ZnO nanorod arrays (Figure 5f), demonstrating a 16% response to
1000 ppm CH4 with 10,000-cycle bend durability [40]. The PDMS encapsulation synergizes
with the microheater to enhance thermal isolation, reducing power consumption while
protecting the sensing material (Co-ZnO nanorod arrays) from mechanical and environ-
mental degradation. Experimental results show a 16% response to 1000 ppm CH4 at 50 ◦C
operating temperature, with a power consumption of 3.2 mW/mm and response/recovery
times of 350 s and 106 s, respectively. Remarkably, the sensor maintains stable perfor-
mance under 10,000 bending cycles and high humidity (>85% RH), validating its suitability
for practical wearable scenarios. This case study highlights that integrating microheater
substrate materials (e.g., flexible fibers) with low-heat-capacity composite structures can
significantly improve thermal management efficiency while balancing mechanical flexibil-
ity and environmental robustness. Overall, advanced integrated microheater designs are
driving gas sensors toward low power consumption, rapid response, and high integration.
Innovations in materials (e.g., low-heat-capacity suspended membranes) and fabrication
techniques (e.g., flexible substrate compatibility) enable efficient thermal management
at reduced energy budgets, alongside accelerated response times and enhanced device
compactness. These advancements lay the technical foundation for practical applications
of portable and wearable gas sensors, particularly in environmental monitoring, medical
diagnostics, and industrial safety.

3.3. Signal Processing

High-performance gas sensors rely not only on improvements in materials and struc-
tures but also require effective signal-processing and self-calibration technologies to main-
tain reliable and stable outputs in complex environments. Resistive gas-sensing elements
often encounter issues such as baseline drift, sensitivity attenuation, and interference from
temperature and humidity fluctuations during prolonged operation. To address these
challenges, a series of signal-processing methods have been developed to enhance sensor
reliability, stability, and repeatability.

3.3.1. Multivariate Response Pattern Decoding

The composite signals generated by sensor arrays (Section 3.2.3) require advanced
decoding algorithms to extract gas-specific features. By combining responses from mul-
tiple sensors into patterns, the type and concentration of gases can be identified through
analysis. For example, the spatial distribution of sensing units in the array can be mapped
to the dimensionality of response patterns, enabling PCA to separate overlapping gas
signatures [41]. This multivariate pattern decoding improves the selectivity and reliability
of gas detection, enabling accurate identification of target gases even in the presence of
interference based on comprehensive response profiles.
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3.3.2. Response Drift Compensation

Gas sensors often exhibit baseline and sensitivity drift over prolonged operation. To
ensure accurate readings, drift compensation is necessary. Common methods include
periodic recalibration of the zero point in clean air and real-time algorithmic subtraction
of drift components [91]. For example, a reference sensor unaffected by the target gas
can be used, or drift models based on historical data can be established to correct current
signals. These measures ensure that the sensor output remains consistent with the initial
calibration state even after long-term operation, significantly improving long-term stability
and result comparability.

3.3.3. Baseline Normalization and Dynamic Calibration

Baseline normalization standardizes sensor responses relative to their zero-point refer-
ence, eliminating baseline variations between different sensors or measurement cycles and
reducing errors caused by baseline drift. Dynamic calibration involves periodic adjustment
of sensor outputs during operation to maintain alignment with standard values. Common
practices include periodic recalibration using standard gases of known concentrations
or resetting the zero point using purified air [92]. Through baseline normalization and
dynamic calibration, even during prolonged continuous operation and under varying
environmental conditions, sensor outputs can be corrected to accurate and trustworthy
levels, greatly enhancing measurement reliability and traceability.

In conclusion, significant progress has been made in resistive gas sensors through inno-
vations in material design (e.g., catalytic functionalization and heterojunction engineering),
device structure optimization (e.g., thin films and electrode spacing), and intelligent signal
processing, these advancements inherently involve trade-offs between key performance
metrics. The pursuit of high sensitivity often adversely affects selectivity. Achieving both
high sensitivity and selectivity typically requires elevated operating temperatures, present-
ing a fundamental conflict with the critical need for low power consumption. Furthermore,
structural designs aimed at accelerating response may compromise long-term stability.
Addressing these fundamental constraints requires future research focused on the strategic
co-design of materials, device architectures, and algorithms. This integrated approach is
essential to effectively balance the competing demands of sensitivity, selectivity, response
kinetics, stability, and power efficiency for diverse application scenarios.

4. AI Integration and Intelligent Evolution
With the continuous development and iteration of the Internet of Things (IoT), smart

appliances, and machine learning software, resistive gas sensors have gradually become
crucial electronic components, integrating communication technologies and artificial intelli-
gence to serve people’s work and daily lives [1]. Over the past two decades, machine learn-
ing has provided robust support for developing novel materials for resistive gas sensors,
with numerous advanced materials being designed through both supervised and unsuper-
vised learning paradigms [93]. Intelligent resistive gas sensors have increasingly emerged
as efficient tools in fields such as healthcare, precision analysis, and safety monitoring [94].
In the healthcare sector, smart resistive gas sensors have achieved flexibility, functioning as
wearable devices for personal health monitoring and activity tracking. Furthermore, they
are progressively being integrated into telemedicine through IoT-enabled medical equip-
ment. In precision analysis, gas sensors are not only utilized in pharmaceutical research but
also in clinical applications such as dental care. In the field of safety monitoring, resistive
gas sensors are employed in remote gas leakage early-warning systems [95] and industrial
safety alarms [96], providing reliable safeguards for industrial production.



Chemosensors 2025, 13, 224 17 of 29

4.1. Machine Learning-Assisted Design of Novel Material Compositions

The foundation of intelligent gas sensors lies in advanced material design. Ma-
chine learning has revolutionized this process by enabling predictive modeling and high-
throughput screening of sensing materials, which in turn enhances the performance of
downstream AI-driven systems. This subsection focuses on material-level selectivity en-
hancements achieved through machine learning-assisted material design (e.g., surface
modification and heterojunction engineering). Machine learning (ML) primarily serves to
analyze and extract patterns from vast datasets, enabling accurate predictions and judg-
ments for subsequent interactions. It consists of five key components: data acquisition,
data preprocessing, feature engineering, model training/algorithm selection, and model
evaluation/interpretation. Figure 6 illustrates the operational framework of ML [97]. In
the development of resistive gas sensor materials, ML has been employed not only to
predict critical gas-sensitive mechanistic parameters, such as adsorption energy, bandgap,
dielectric constant, and thermal conductivity [98–100], but also to accelerate the discovery
and structural design of novel sensing materials [101].

 

Figure 6. Workflow of the machine learning process. Reprinted with permission from Ref. [97].
Copyright 2024, Wiley-VCH GmbH.

Machine learning enables researchers to predict the parameters of gas-sensitive mate-
rials more rapidly and at a lower cost, thereby reducing excessive research expenditures
and shortening development cycles. Zhang et al. developed a machine learning framework
to systematically investigate the adsorption properties of boron-doped graphene [98], with
a focus on the distribution and concentration of dopants and their effects on CO adsorp-
tion. Using random forest, gradient boosting regression tree, and neural network models,
the study achieved rapid prediction of CO adsorption energies for various boron-doped
graphene structures, elucidating structure–property relationships. This approach signifi-
cantly enhanced the R&D efficiency of two-dimensional gas-sensitive nanomaterials while
circumventing the high computational costs associated with traditional DFT calculations.
Wang et al. employed feature selection methods to train three machine learning models to
predict the bandgaps of solid-state gas-sensitive materials [99]. Cross-validation demon-
strated a prediction accuracy of 96%, with a root-mean-square error (RMSE) of only 0.28 eV,
highlighting the model’s exceptional bandgap prediction capability. Machine learning
has also been successfully applied to predict the properties of various polymer systems,
including high-throughput prediction of single-chain polymer conductivity [83] and precise
evaluation of the macroscopic thermal conductivity of carbon nanotube-reinforced polymer
composites (CNT-PCs) [73].

Machine learning further facilitates the efficient screening of novel materials and
prediction of unknown structures, providing robust support for chemiresistive gas sensor
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development. Wang et al. utilized four tree-based machine learning models to screen
over 8000 materials, identifying 13 novel NO2-sensitive electrode candidates [102]. These
materials exhibited response signals exceeding 50 mV to 100 ppm NO2, with selectivity
coefficients below 40%. This work broke the conventional requirement that AxByOz-type
sensing electrodes must contain metal elements, pioneering the development of a nonmetal-
lic BPO4-based NO2-sensitive material. The high-throughput screening method yielded
sensors with excellent response–recovery characteristics, where the response magnitude
followed a logarithmic linear relationship with gas concentration as shown in Figure 7. The
optimized materials from ML-assisted design provide enhanced sensing properties (e.g.,
selectivity and sensitivity), which necessitate intelligent algorithms to decode complex
response patterns in real-world applications.

 

Figure 7. Comparative sensitivity analysis of gas sensors. (a) ABM-type and (b) BNUM-type sensors.
Reprinted with permission from Ref. [103]. Copyright 2021, American Chemical Society.

However, the enhanced sensitivity of nanostructured materials also amplifies their
susceptibility to environmental fluctuations (e.g., humidity and temperature) and non-ideal
response nonlinearities. To reliably decode such complex sensing signals and achieve robust
gas identification under real-world conditions, intelligent signal-processing algorithms
become indispensable.

4.2. Intelligent Recognition and Signal Processing

This subsection addresses selectivity improvements at the algorithmic recognition level
via intelligent signal-processing techniques. Machine learning has been extensively applied
to optimize the performance parameters of resistive gas sensors, including selectivity,
response/recovery time, stability, sensitivity, and accuracy. In environments with mixed
gas compositions, improving identification accuracy while reducing false alarm rates
remains a significant challenge. Kurtishaj Hamzaj et al. [80] developed a multi-gas detection
system using a single ZnO gas sensor integrated with machine learning algorithms (Naive
Bayes (NB), Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest
(RF)). This system achieved selective detection of NH3, CO2, and H2S gases at operating
temperatures of 250–350 ◦C with an impressive identification accuracy of 99.8%. Further
advancing this field, Krivetskiy’s research [103] demonstrated that combining B-spline
curves with Artificial Neural Networks (ANN) significantly enhances the selectivity of
thermally modulated MOS gas sensors. The team also established an open dataset and
achieved precise detection of CO in the 2.2–20 ppm range by integrating machine learning
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with Singular Spectrum Analysis (SSA) preprocessing [103]. These studies collectively
highlight the substantial potential of machine learning in improving the selectivity of metal
oxide gas sensors. Stability and operational lifespan during prolonged use are also critical
factors influencing the practical application of these sensors. In environments containing
hazardous gases, sensor sensitivity becomes particularly crucial. Machine learning has
proven effective in enhancing the detection sensitivity of chemiresistive gas sensors for
trace gas concentrations. Iwata et al. optimized a TiO2 nanotube (NT) gas sensor using
a neural network regression model [104], improving the detection precision for CO and
O2 concentrations from 0.02% to 0.001%, thereby enabling highly sensitive detection of
trace gases.

4.3. Intelligent Sensor System

As a bridge integrating material optimization and signal recognition, this subsection ex-
plores system-level solutions for multi-gas detection. Environmental gas monitoring is crucial
for human health and safety. However, traditional chemiresistive gas sensors face limitations
in practical applications due to their single-gas selectivity. Currently, researchers primarily
employ multi-sensor arrays to achieve mixed gas detection. However, simply increasing the
number and types of sensors leads to higher system costs, greater data processing complexity,
and reduced reliability. To address these challenges, machine learning-based optimization
methods for gas sensor arrays have emerged. These methods utilize intelligent algorithms to
select the optimal sensor combination [105], significantly improving gas identification and
detection performance while reducing hardware requirements.

Currently, intelligent resistive gas sensor arrays integrated with artificial intelligence
systems have achieved significant breakthroughs in olfactory systems, biomedical appli-
cations, and other fields. The Fan team recently developed a bionic olfactory chip (BOC)
system [106], whose core is a high-density monolithic 3D PdO/SnO2 sensor array with
100–10,000 sensors integrated on a single chip, enabling odor recognition by simulating the
pixel diversity of biological olfactory receptors. The system is equipped with peripheral
signal readout circuits to precisely detect resistance changes in each pixel. Experimental
results demonstrated that the CNN-based model achieved 99.04% accuracy in gas identifi-
cation and concentration prediction, distinguishing eight odors at varying concentrations.
Using t-SNE and support vector algorithms, the system successfully resolved 24 mixed
odors, as shown in Figure 8a–c. In practical applications, it accurately identified complex
odors such as oranges and red wine as shown in Figure 8d–g, showcasing excellent pattern
recognition capabilities and promising application prospects. Zhang et al. developed a
portable POCT platform integrating a cross-reactive MXene-based sensor array [107]. By
optimizing the MXene framework (MF) sensing layer through metal ion doping, sequence
modulation, and ligand engineering, they successfully obtained characteristic response
profiles for 13 urinary VOCs. Results indicated that the SVM algorithm achieved 91.7% ac-
curacy in discriminating between healthy and diseased samples, effectively distinguishing
conditions such as diabetic complications and liver injury, with performance significantly
surpassing other machine learning algorithms. This platform provides a novel strategy for
non-invasive disease diagnosis.
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Figure 8. Bio-inspired olfactory system integrated into a quadrupedal mobile robot. (a–c) The chip’s
cross-reactive sensitivity combined with AI algorithms enables the identification of 24 distinct odor
components in mixed samples. (d–g) The olfactory chip operates in tandem with visual sensors
mounted on the robotic dog. Reprinted with permission from Ref. [106]. Copyright 2024, the
Author(s), under exclusive license to Springer Nature Limited.

5. Application of Resistive Gas Sensors
Currently, resistive gas sensors have been widely employed across various societal

domains, playing a crucial role. In environmental monitoring and industrial safety, this
technology enables intelligent production and early-warning safety functions. In healthcare
monitoring and smart wearable devices, it provides real-time data acquisition and scientific
diagnostic support, demonstrating significant application value.

5.1. Environmental and Air Pollution Monitoring

Resistive sensors can assess air quality by detecting harmful gases and particulate
pollutants, thereby providing critical data to improve living and working environments.
For instance, formaldehyde (HCHO), a major indoor pollutant, is conventionally detected
using portable sensors based on metal/metal oxide catalysts [108]. However, these devices
often suffer from insufficient long-term stability due to the CO poisoning of gas-sensitive
materials. To address this challenge, Guo et al. developed an electrochemical sensor with a
Cr-Pd catalyst, as shown in Figure 9, which enables selective detection of 72 ppb HCHO
within 200 s via an efficient electro-oxidation process [109].
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Figure 9. Ultrathin Cr-Pdene layer for formaldehyde monitoring. Reprinted with permission from
Ref. [109]. Copyright 2021, Wiley.

5.2. Industrial Safety and VOCs Detection

In industrial settings such as petrochemical and rubber manufacturing facilities, the
detection of volatile aromatic hydrocarbons (VAHs)—typical occupational carcinogens—poses
significant challenges. Although conventional metal oxide semiconductor (MOS) sensors
are capable of detecting VAHs, they suffer from limitations including poor selectivity and
susceptibility to interference from highly reactive gases such as ethanol and formaldehyde.
To address these issues, Lee et al. developed a CeO2/Rh-SnO2 bilayer sensor array [110].
Their study revealed that the CeO2 overlayer effectively suppresses interference from highly
reactive gases through selective catalytic oxidation while maintaining high sensitivity toward
VAHs. This design significantly enhances the discrimination capability between aromatic and
non-aromatic gases.

Additionally, two-dimensional transition metal dichalcogenides (TMDs) have emerged
as promising candidates for toxic gas detection due to their atomic-scale thickness, tun-
able bandgaps, and high surface-to-volume ratios. For instance, WS2/TiO2 quantum dot
hybrids exhibit a high NH3 response (∆R/Ra = 56.69% at 500 ppm) with rapid recovery
(seconds scale) at room temperature, leveraging interfacial charge transfer and depletion
layer modulation [111]. Similarly, SnS2/SnO2 hierarchical heterojunctions demonstrate en-
hanced NO2 sensing (51.1% response to 1 ppm at 100 ◦C) and selectivity through synergistic
geometric/electronic effects and S–Sn–O chemical bridges [112]. These TMD hybrids over-
come traditional MOS limitations by enabling low-temperature operation and minimizing
interference via tailored heterojunction engineering.

For VOCs detection, recent studies [113,114] have employed SnO2 hollow spheres as
sensing materials with machine learning optimization. Among various machine learning
models, the random forest algorithm demonstrated superior performance, achieving accurate
identification of all target VOCs. As shown in Figure 10a, 16-fold cross-validation results
confirmed the model’s effectiveness in addressing gas selectivity challenges. Figure 10b
further illustrates the prediction performance for specific VOCs, with prediction errors of
9.98% for formaldehyde, 7.24% for acetone, 6.66% for toluene, and 4.65% for methanol.
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Figure 10. (a) Comparative classification accuracy of four machine learning techniques. (b) Quantita-
tive concentration prediction for each VOC. Adapted with permission from Ref. [114]. Copyright
2022, Elsevier.

5.3. Healthcare and Breath Analysis

In modern healthcare, there is a growing interest in utilizing bedside testing systems
to assess patients’ respiration and bodily fluids, enabling non-invasive, low-cost, and rapid
medical diagnostics. However, this approach struggles to detect weak signals from early-
stage diseases, and screening based on a single biomarker is unreliable for disease diagnosis.
Therefore, developing multifunctional sensors capable of synchronous multi-dimensional
monitoring of biological signals is crucial. Inspired by synaptic structures, Zhou et al. de-
signed a biomimetic sensing layer composed of ZIF-L@Ti3CNTx composite material [115],
where zeolitic imidazolate framework (ZIF) flower-like particles were in situ grown on
Ti3CNTx nanosheets, as shown in Figure 11. Based on this architecture, they further devel-
oped a wearable medical monitoring platform. This platform integrates non-overlapping
gas-strain dual-mode sensing technology, efficiently monitoring dimethylamine (DMA)
biomarkers in the exhaled breath of Parkinson’s disease patients and motor dysfunction-
related tremors, demonstrating excellent dual-mode detection performance. Meanwhile,
Jin’s team fabricated an NH3 sensor array for halitosis diagnosis [97]. These research-stage
sensing technologies demonstrate the potential to provide novel non-invasive screening
tools for oral diseases in the future.

Figure 11. Flexible dual-mode gas and strain sensor for point-of-care health monitoring in Parkinson’s
disease. Reprinted with permission from Ref. [115]. Copyright 2023, the Authors. Advanced Science
published by Wiley-VCH GmbH.

5.4. Smart Cities and Wearable Systems

With the advancement of Internet of Things (IoT) technology, gas sensor detection
systems have been widely applied in remote urban air quality monitoring and real-time
environmental detection via personal wearable devices, forming a comprehensive air
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quality monitoring network. Wireless sensor networks (WSNs) can significantly enhance
the spatio-temporal resolution of gas detection, enabling real-time monitoring in specialized
environments [116]. Fan et al. developed a self-powered integrated nano-gas sensor
(SINGOR) based on a three-dimensional Pd/SnO2 thin film [117], which, combined with a
PCA-SVM algorithm, enables precise identification of gases such as H2 and formaldehyde
within a 0–85% humidity range. By constructing a wireless sensor network, this system
achieves accurate localization of gas leaks in household environments. Dou et al. designed
a dual-mode sensing chip based on an aggregation-induced emission (AIE) probe [118], as
illustrated in Figure 12. This chip employs an aggregation–disaggregation mechanism to
achieve colorimetric-fluorescent dual-response detection of dichloropropanol (DCP) vapor,
with a detection limit as low as 1.7 ppb, and has been successfully integrated into wearable
devices for continuous two-week monitoring. This addresses the challenge of traditional
sensors being prone to passivation or false positives due to interference from atmospheric
components such as aromatic compounds and esters.

Figure 12. Schematic diagram and logic discrimination plot of a portable sensing platform for dual-
mode recognition of the nerve agent simulant dichloropropanol vapor. Reprinted with permission
from Ref. [118]. Copyright 2024, Wiley.

6. Conclusions and Perspectives
Resistive gas sensors have undergone substantial advancements in recent decades, driven

by innovations in both core material development and artificial intelligence-integrated ap-
plications. These improvements have profoundly enhanced daily life and societal safety
operations. The evolution of gas-sensitive materials—the fundamental component of resistive
gas sensors—has been pivotal in addressing increasingly complex detection requirements
across diverse fields. Research has expanded from traditional metal oxides such as SnO2

and ZnO to carbon-based materials including graphene and carbon nanotubes, as well as
conductive polymers like polyaniline and polypyrrole. Advanced material engineering strate-
gies, such as nano-structuring techniques to create porous films and nanowires, along with
modification through noble metal or rare-earth element doping, have significantly increased
specific surface area and gas adsorption activity. Composite material systems, particularly
metal oxide/graphene heterojunctions, have further optimized detection accuracy and re-
sponse kinetics. Despite these advances, critical challenges remain in long-term stability and
interference resistance. Future progress may leverage emerging biomimetic approaches such
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as molecularly imprinted polymers alongside novel two-dimensional materials like MXenes
to achieve next-generation performance enhancements.

However, the following key challenges persist for real-world deployment:

(1) High Power Consumption: Elevated operating temperatures (200–400 ◦C) for metal
oxide sensors increase energy demands and limit integration in portable systems.

(2) Humidity Cross-Sensitivity: Water vapor adsorption alters baseline resistance by
>20% at 70%RH, obscuring target gas signals in humid environments.

(3) Drift-Induced Calibration Burden: Long-term material degradation causes signal drift,
necessitating frequent recalibration that disrupts continuous monitoring.

(4) Fabrication Inconsistency: Nanomaterial synthesis variations yield >30% performance
deviation in sensor arrays, hindering mass production.

To address these, we propose the following:

(1) Hybrid Material Systems: We emphasize room-temperature operable heterojunctions
to eliminate microheaters while maintaining ppb-level sensitivity.

(2) Embedded AI Compensation: We recommend integrating machine learning algo-
rithms into sensor nodes for real-time humidity/drift correction.

(3) Structural Optimization and Standardization: We advocate MEMS-based batch fabri-
cation with optimized geometries to enhance response speed and batch consistency.

(4) Multimodal Sensing Fusion: We highlight the coupling of resistive units with comple-
mentary transducers to decouple overlapping gas responses. In practical applications,
resistive-type gas sensors have demonstrated wide-ranging utility across multiple
domains, including environmental monitoring of hazardous gases such as VOCs and
NOx, healthcare diagnostics, intelligent residential systems, and precision agriculture.
To enhance selectivity and interference resistance, sensor arrays coupled with machine
learning algorithms have been developed to achieve precise identification of mixed
gases. The integration of edge computing and embedded artificial intelligence has
further advanced real-time monitoring capabilities, facilitating their incorporation
into IoT ecosystems. Looking ahead, the convergence of self-smart resistive gas sen-
sors with low-power chip technology is expected to expand their utility in wearable
devices and industrial safety applications.

Moving forward, resistive gas sensors will continue evolving toward greater intel-
ligence and integration, emerging as an interdisciplinary field that combines materials
science, embedded computing, wireless sensor networks, and IoT technologies. The stan-
dardization of manufacturing processes and optimization of long-term reliability will be
pivotal for industrial-scale production, ultimately accelerating the commercialization of
these sensors across broader application scenarios.

Based on current research trends, future efforts may focus on:

(1) Adaptive Sensing Systems: We suggest exploring lightweight algorithms for on-
device learning to autonomously calibrate drift and humidity interference, potentially
reducing maintenance costs.

(2) Hybrid Sensing Platforms: We propose combining resistive units with low-cost op-
tical/electrochemical modules to improve cross-validation capability for complex
gas mixtures.

(3) Energy Harvesting Integration: We recommend investigating micro-energy harvesters
(e.g., solar/motion) to alleviate power constraints in wearable applications.

(4) Accessible Manufacturing: We encourage developing inkjet printing or roll-to-roll
processes for low-cost sensor array fabrication.

These directions could help overcome existing limitations while promoting wider
adoption in community health monitoring and smart home applications.
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