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Smarter Sensors Through Machine Learning: Historical
Insights and Emerging Trends across Sensor Technologies

Kichul Lee, Osman Gul, Yeongjae Kwon, Jaeseok Jeong, Seokjoo Cho, Jihyeon Ahn,
Jehee Yu, Cheolmin Kim, Donho Lee, Hyeonseok Han, Byeongju Lee, Jungrak Choi,
Ji-Hwan Ha, Yongrok Jeong, Kyungnam Kang, Ali Javey,* Junseong Ahn,* and Inkyu Park*

In the evolving landscape of the Internet of Things (IoT), the deployment of
sensors is surging, along with increasing demands for higher performance.
However, improving sensor capabilities solely through hardware
advancements, such as material and structural design, faces inherent
limitations. Common sensing materials, including semiconducting metal
oxides, graphene, conductive polymers, elastomers, and noble metals, suffer
from issues such as poor selectivity, slow response time, and low resolution,
which hinder their practical applications. To address these challenges, recent
efforts focus on leveraging machine learning (ML) for sensor signal
processing, enhancing performance beyond conventional hardware-based
approaches. This review explores the role of ML in advancing next-generation
physical and chemical sensors. It examines how ML-driven signal processing
enhances key sensor attributes, such as selectivity, response time, spatial
resolution, stability, power consumption, and analysis process. Additionally,
widely adopted ML techniques are systematically categorized based on their
targeted performance improvements, and promising strategies to overcome
existing bottlenecks are discussed. The review also highlights potential
applications of ML-enhanced sensors, providing insights into their
commercialization prospects. By presenting a structured analysis and future
outlook, this paper aims to support the continued integration of ML into
sensor technology and inspire further research in this rapidly evolving field.
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1. Introduction

As society transitions into the era of the
Internet of Things (IoT), the demand for
sensors has surged, not only in quan-
tity but also in complexity and perfor-
mance requirements.[1–6] These sensors
must function reliably in diverse and
challenging environments, supporting ap-
plications such as augmented and vir-
tual reality (AR/VR) systems, smart facto-
ries, personalized healthcare, and precision
agriculture.[7–19] To meet these evolving de-
mands, researchers are focusing on devel-
oping soft, compact, and multifunctional
sensors that surpass the capabilities of con-
ventional sensor technologies.[20–47] How-
ever, improving sensor performance solely
through hardware advancements, such as
novel material development and structural
optimization, has fundamental limitations.
Intrinsic shortcomings of widely used sens-
ing materials further hinder sensor per-
formance. For instance, chemical sensors,
particularly those based on chemiresistive
mechanisms, generally suffer from low
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Figure 1. Overview of ML-assisted sensor systems that enhance key performance metrics and enable next-generation applications. a) ML-based op-
timization improves sensor selectivity, response time, spatial resolution, and energy efficiency. b) Wearable sensors for real-time motion monitoring
and AR/VR interfaces through localized, accurate sensing. c) Health monitoring via gas and biomarker detection for early disease diagnosis. d) Smart
farming applications using gas sensing from plants to identify specific types of stress and support timely adaptive responses.

selectivity and are sometimes limited by slower response
times compared to physical sensors (e.g., strain, pressure,
tactile, and shear stress sensing),[48–50] elastomer-based physical
sensors suffer from low spatial resolution due to fabrication
challenges,[51] and plasmonic-based optical/biological sensors
require long analysis times due to manual peak detection.[52]

These constraints present critical obstacles to the practical
deployment of next-generation sensors.
To overcome these challenges, advancing software-driven ap-

proaches alongside hardware improvements is essential. Recent
trends indicate that machine learning (ML) is emerging as a pow-
erful tool for sensor signal processing, effectively addressing the
inherent limitations of conventional sensors.[53] While ML tech-
niques were initially explored primarily in vision-based sensors,
their applications have rapidly expanded to physical and chemi-
cal sensors in recent years.[54] Traditional ML methods such as
support vector machines (SVMs), k-nearest neighbors (KNN),
and principal component analysis (PCA) perform well for simple
classification or dimensionality reduction tasks. However, the re-
cent adoption of deep neural networks (DNNs), a subset of ML,
has marked a turning point, as DNNs can learn hierarchical fea-
tures and nonlinear relationships directly from raw data with-
out manual feature engineering.[55] This fundamental difference
enables significantly enhanced performance in complex sensing
scenarios.
For example, in chemical sensing, ML, particularly DNN,

has been employed to enhance selectivity and response

time by accurately identifying analytes and predicting their
concentrations.[56–58] In physical sensors, ML models have con-
tributed to enhancing spatial resolution, while in spectroscopic
sensing, DNN have significantly reduced analysis times by au-
tomatically classifying major peaks in Surface-Enhanced Raman
Scattering (SERS) spectroscopy, enabling real-time detection.[59]

These advancements illustrate that ML not only addresses funda-
mental limitations of traditional sensors but also broadens their
application scope.
Ongoing research continues to explore the integration of ML

with advanced sensors and the development of ML-optimized
sensor hardware. However, most existing reviews have primar-
ily focused on system-level device-to-device communication or
vision sensors for automotive applications.[60,61] There remains
a lack of comprehensive reviews that systematically examine ML
algorithms aimed at enhancing key performance metrics, partic-
ularly for widely used physical and chemical sensors.
This review aims to bridge this gap by providing a struc-

tured analysis of ML-driven advancements in next-generation
multimodal sensors, as shown in Figure 1. In Section 2, a
brief overview of the ML algorithms commonly used in sen-
sor systems is provided. Section 3 explores how ML-based sig-
nal processing improves key sensor attributes, including selectiv-
ity, response time, spatial resolution, stability (drift), power con-
sumption, and analysis process. Each subsection categorizes ML
techniques based on their targeted performance improvements
and highlights promising strategies for overcoming remaining
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Table 1. Summary of representative ML techniques used to enhance sensor performance across key indices, including selectivity, response time, spa-
tial resolution, and power efficiency. For each index, commonly used ML algorithms, sensor types, electrical output signal characteristics, and typical
application areas are presented.

Sensor performance indices ML algorithms Types of sensors Applications Refs.

Selectivity SVM, LDA, RF, PCA, KNN,
CNN, RNN, Transformer

Chemiresistive, electrochemical, NDIR,
PID, cataluminescence, colorimetric,

SPR-based, fluorescence and
FET-based sensors

Discrimination of bio/organic molecules,
cells, and illicit drugs. Food and water

safety monitoring and disease diagnosis.

[56,69,71,77,138,142]

Response time CNN, RNN Chemical and bio sensor Detection of biochemical substances. [70,78]

Spatial resolution CNN, SVM, ANN, KNN EIT Letter recognition. [101]

Stability (drift) CNN, LSTM, RNN, Chemical sensor and fiber optic
gyroscope

Correction of drift phenomenon in sensor
signal.

[102]

Power consumption SNN Image and gas sensors Mobilization of sensor requiring data
compression and communication with

low power consumption.

[124]

Automated analysis ANN, Transformer SERS SERS spectral data analysis. [59,68,125]

challenges, as shown in Figure 1a. Section 4 discusses the
real-world applications of ML-enhanced sensors, including hu-
manmotionmonitoring, early-stage disease diagnosis, and plant
stress detection for smart farming, as illustrated in Figure 1b–d.
To support practical implementation, Tables 1 and 2 provide an
organized overview of ML applications in next-generation sens-
ing platforms. Table 1 classifies representativeML approaches ac-
cording to sensor performance indices, commonly used sensor
types, output characteristics, and application domains. Table 2
presents a deeper analysis of specific sensor applications, high-
lighting detailed ML structures, preprocessing strategies, hy-
perparameter tuning, and resulting performance metrics. Sec-
tion 5 presents a critical discussion on current limitations of ML-
integrated sensors and explores future research directions for
further advancements. Finally, Section 6 provides concluding re-
marks on the role of ML in revolutionizing sensor technologies.

2. Brief Overview of ML Algorithms in Sensor
Applications

With the increasing integration of ML into sensor systems, the
terms artificial intelligence (AI), ML, and DNN are often used
interchangeably. Before delving into the core of this review, we
clarify these terms. AI broadly refers to computer systems that
mimic human decision-making and reasoning, including rule-
based systems where actions are triggered by predefined condi-
tions (e.g., turning on the air conditioner if the temperature ex-
ceeds a certain threshold). ML is a subset of AI that learns de-
cision rules directly from data, without explicit programming of
those decision rules. DNN is a further subfield of ML that uses
artificial neural networks (ANN) with typically more than three
hidden layers.[62,63]

In sensor data analysis, MLmay operate directly on sensor out-
puts, apply preprocessing for feature extraction, or leverage fea-
ture learning to automatically capture informative patterns from
raw data. Model selection is guided by the characteristics of the
data and the intended task, such as regression, classification, or
clustering. The complexity of the model is adjusted to fit the size
and quality of the dataset.

When working with limited datasets, overfitting becomes a
critical concern. To address this issue, several strategies are com-
monly applied. Cross-validation partitions the dataset into multi-
ple training and validation folds, and the averaged results across
folds yield a more reliable measure of generalization. Data aug-
mentation is used when large datasets are hard to obtain. It en-
larges the dataset with controlled variations (e.g., rotation, noise,
scaling), helping the model learn robust patterns without extra
raw data. Early stopping mitigates overfitting by monitoring val-
idation performance and halting training once it ceases to im-
prove. The model parameters corresponding to the best valida-
tion score are then retained.
These procedures are closely linked to the intrinsic properties

of sensor data. Understanding this relationship provides a solid
foundation for designing robust ML-enhanced sensor applica-
tions. This section focuses exclusively on ML- and DNN-based
algorithms applied to sensor applications, with a particular em-
phasis on physical and chemical sensors. It also provides general
guidelines on which models are suitable depending on the data
characteristics. A timeline of howML has been applied in sensor-
related fields is clearly summarized in Figure 2 for intuitive
understanding.
From a methodological perspective, ML approaches can be

broadly categorized into three types: supervised, unsupervised,
and reinforcement learning. Supervised learning, which utilizes
labeled data, is widely applied to sensor tasks such as selec-
tive classification of different analytes and regression-based pre-
diction of their concentrations. Unsupervised learning extracts
meaningful patterns from unlabeled data and is mainly used for
preprocessing or anomaly detection (e.g., PCA, clustering). Re-
inforcement learning relies on reward-based feedback to guide
decisions, but it is less common in the types of sensors covered
here.
In the early stages of ML in sensing (1990s to early 2010s),

simple models such as PCA, SVM, KNN, and decision tree mod-
els were widely used. PCA, as an unsupervised method, was em-
ployed for dimensionality reduction and visualization.[64,65] SVM,
KNN, and decision trees are supervised learning methods and
were used for classification or regression tasks.[66–68] These mod-
els are easy to implement and work well with simple datasets;
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Figure 2. Timeline-style schematic illustrating the progression from traditional ML algorithms (PCA, SVM, KNN, decision tree) to CNN, RNN/LSTM,
and Transformer-based models. Key advantages and limitations at each stage are highlighted to explain the shift toward more advanced and scalable
approaches.

therefore, they are still widely used. However, they require man-
ual feature engineering, where relevant features must be ex-
tracted from raw sensor data prior to training. They also struggle
with nonlinear sensor behavior, where the output does not scale
linearly with the input, and with high-dimensional, time-series
data from sensor arrays.
As sensing tasks became more complex, with larger sensor ar-

rays and greater data volume, DNN emerged as a solution to not
only model nonlinear responses but also show potential to find
spatiotemporal dependencies within the data volume. Since the
mid-2010s, convolutional neural networks (CNNs) have become
particularly useful, as they preserve local structure in both spa-
tial and temporal domains. Unlike traditional models that flatten
inputs, CNNs extract features from raw sensor signals by pre-
serving the local correlations between adjacent data points. This
allows CNNs to effectively analyze temporal changes in gas sen-
sors and spatial stress distributions in physical sensors.[69,70]

When sensor data includes long sequences, temporal model-
ing becomes essential. Recurrent neural networks (RNNs) and
their improved variant, long short-term memory (LSTM), are

suited for such tasks due to their ability to retain and update
past information. These learning models have been used to track
dynamic gas concentration changes or interpret temporal tactile
patterns. RNNs and LSTMs, which retain temporal information,
have a better temporal receptive field compared to CNNs in han-
dling dynamic sensor data.
Since ≈2020, Transformer architectures have drawn attention

in the sensing field.[71,72] These models use attention mecha-
nisms to identify and correlate the most relevant parts of the
input sequence, learning long-range dependencies for accurate
classification/regression. They are particularly well-suited for
processing sequential, high-dimensional, and time-dependent
sensor data, such as peak-to-peak correlation in spectral data.
However, optimizing parameters such as the number of lay-

ers and nodes remains largely empirical, as solid theoretical
guidelines are lacking. Models must be sized to match task
complexity: undersized models risk underfitting, while over-
sized models may overfit when training data are limited. To im-
prove generalization, strategies such as cross-validation, dropout,
data augmentation, and early stopping with a validation set are

Adv. Funct. Mater. 2025, e19859 e19859 (6 of 28) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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commonly employed. While unsupervised learning is also ac-
tively explored, this review primarily focuses on supervised ap-
plications of CNNs, RNNs, and Transformers in sensor applica-
tions.

3. Enhancing Sensor Parameters Using ML

As sensor technology advances for IoT, mobile, and wearable ap-
plications, improving key performance indices such as selectiv-
ity, response time, spatial resolution, power consumption, and
analysis time has become crucial. However, hardware-based im-
provements alone face limitations due to material constraints
and fabrication challenges. To address these issues, ML has
emerged as a powerful tool for sensor signal processing, en-
abling software-driven enhancements that optimize sensor per-
formance. This chapter reviews recent ML-driven advancements
in sensor technology, categorizing improvements across major
performance parameters. Each section examines the limitations
of conventional sensors,ML-based enhancements, and case stud-
ies demonstrating successful applications. Additionally, hybrid
approaches combining multiple ML techniques are discussed to
highlight emerging trends. Through this structured analysis, this
chapter provides insights into the current state and future poten-
tial of ML-integrated sensors.

3.1. Selectivity

Selectivity refers to the ability to distinguish target analytes (e.g.,
gas, liquid, ion) from other substances or conditions in the mea-
surement environment. This chapter focuses on applying ML in
chemical and biosensors, where nonlinear data make ML par-
ticularly effective for enhancing selectivity. Selectivity is partic-
ularly important when processing complex mixtures or identify-
ing harmful substances amidst benign ones.[73–75] However, re-
lying solely on the magnitude of signals generated by different
analytes can lead to overlapping signals depending on their con-
centrations, posing a significant challenge to address (Figure 3a).
ANN, particularly those used in supervised learning with true la-
bels and corresponding training data, are widely employed due to
their ability to learn complex, nonlinear relationships between in-
puts and outputs. This capability, enabled by activation functions
and multi-layer architectures, makes ANN particularly effective
for enhancing selectivity in chemical sensing applications. More-
over, achieving high selectivity often involves using sensor arrays
with distinct response patterns, which ML algorithms can ana-
lyze to classify analytes and conditions more effectively.
Hwang et al. addressed this by developing a multiplexed

DNA-functionalized graphene (MDFG) gas sensor array inte-
grated with ML for non-invasive disease diagnosis via exhaled
breath analysis (Figure 3b).[69] Human breath comprises com-
plex gases under high humidity, demanding robust sensors.
Graphene was chosen for its room-temperature operation, while
single-stranded DNA (ssDNA) was used to functionalize its sur-
face, enhancing sensitivity and selectivity through specific gas in-
teractions. TheMDFG array included seven channels: three func-
tionalized with single ssDNA sequences (A6, T6, G6), three with
combinations (A6T6, A6G6, T6G6), and one pristine graphene

channel serving as a control. This configuration enabled the de-
tection of gases such as NH3, NO, NO2, and H2S, as well as
their mixtures at varying ratios. To minimize noise, the Boruta
algorithm—a random forest (RF)-based wrapper method that re-
moves irrelevant variables by comparing their importance to that
of shadow features, which are randomized copies of the origi-
nal variables—was used for feature selection, followed by classi-
fication using SVM, which achieved over 98% recognition rates
under low and high humidity. A 1D CNN further improved per-
formance, achieving 100% accuracy across all tested conditions,
including mixed gas compositions. However, their classification
framework relied on supervised learning, treating each gas mix-
ture ratio as a distinct label based on predefined categories. This
approach limits the model’s ability to generalize to untrained gas
mixture ratios, as it lacks regression capabilities for estimating
concentrations. In Chapter 3.5, advanced dual-task ML models
that combine gas type classification with regression-based con-
centration predictionswill be discussed to address this limitation.
Colorimetric sensors, which use dyes to indicate analytes

through visible color changes, are commonly applied in food
safety but face challenges such as interference from volatile or-
ganic compounds (VOCs) and limited selectivity. Zhang et al. en-
hanced selectivity by integrating ML with an agar-based colori-
metric sensor array (Figure 3c).[76] Their system utilized 16 dyes
grouped into amphoteric solvent-changing dyes, pH indicators,
metal ion-containing dyes, and pathogen-specific reactive dyes.
These dyes were embedded into agar gel microdots, chosen for
their stability, high surface area for rapid VOC diffusion, and re-
sistance to humidity-induced distortions. Analyte-induced color
changes were captured via a smartphone camera and digitized
into 48 RGB chromaticity values (16 dye spots × 3 RGB). These
color patterns were then classified using PCA and linear discrim-
inant analysis (LDA). Additionally, ANN model was employed,
achieving a precision of 0.86, a recall of 0.83, and an F1-score of
0.91 when distinguishing four pathogens. Here, precision is de-
fined as the number of true positive predictions divided by the
total number of positive predictions (true positives + false pos-
itives), indicating the accuracy of positive predictions. Recall is
the number of true positives divided by the total number of ac-
tual positives (true positives + false negatives), measuring how
well the model detects all actual positive cases. To jointly evalu-
ate the performance of precision and recall, the F1-score, defined
as the harmonic mean of the two (F1 = 2 × (Precision × Recall) /
(Precision + Recall)), can be used, where a value closer to 1 indi-
cates better overall performance. The system demonstrated real-
world efficacy by testing eggshells inoculated with Staphylococcus
aureus and Listeria monocytogenes, achieving over 80% accuracy
despite the presence of interfering compounds. This highlights
its potential for real-world applications in food safetymonitoring.
Surface plasmon resonance imaging (SPRi) is a label-free

sensing technique that measures refractive index changes near
sensor surfaces with high spatial resolution. It generates 2D in-
tensity maps of time-dependent changes in reflected light, serv-
ing as ML input for analyte classification. However, detecting
small molecules like purines is challenging due to their mini-
mal refractive index changes. Jobst et al. addressed this using a
semi-selective receptor array composed of graphene oxide (GO)
and reduced graphene oxide (rGO) to classify purines, includ-
ing adenine, caffeine, oxipurinol, and uric acid (Figure 3d).[77]
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Figure 3. Improving sensor selectivity with ML. a) Challenges in sensor selectivity due to overlapping signals, addressed by combining ML with sensor
arrays. b) MDFG gas sensor array using ssDNA functionalization detects individual gases and mixtures accurately under varying humidity conditions,
reproduced under the terms of the CC-BY-4.0 license,[69] Copyright 2023, The Authors. c) Agar-based colorimetric sensor array with selective dyes for
food safety applications, where ML analyzes color patterns to classify pathogens, reproduced with permission,[76] Copyright 2023, The Royal Society of
Chemistry. d) SPRi with GO/rGO receptor arrays tailored for purine classification. CNN processed intensity maps to detect similar molecules with high
accuracy, reproduced with permission,[77] Copyright 2023, American Chemical Society.
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GO and rGO facilitated weak interactions such as 𝜋-stacking
and hydrogen bonding. By fine-tuning GO/rGO ratios, unique
response patterns were created for each purine. The RF model
achieved an accuracy of below 50%, whereas the CNN achieved
a validation accuracy of 85% and a test accuracy of 78%. The
results confirmed that SPRi combined with ML enables the de-
tection and classification of structurally similar small molecules
by generating specific responses through high-affinity recep-
tors. This approach demonstrates potential applications in en-
vironmental monitoring, biomedical diagnostics, and industrial
safety.
These examples demonstrate the effectiveness of integrating

ML with sensor technologies to significantly enhance selectiv-
ity. In particular, they highlight the ability to selectively identify
target substances even in complex environments where overlap-
ping signals or similar responses occur. Notably, increasing the
number of sensors can broaden the range of distinguishable an-
alytes and improve accuracy, but excessive use may cause higher
power consumption, larger device size, and overfitting, reduc-
ing generalizability. Recent studies also show that novel driving
methods, such as pulsed operation, can retain information while
using fewer sensors, thereby improving efficiency.[41,58] Further-
more, while this chapter primarily focused on chemical sensors,
ongoing research continues to explore the application of ML to
sensor systems, paving the way for multi-modal selective sensing
capable of handling mixed stimuli or inputs in diverse scenarios.
Improvements in selectivity has already enabled real-world appli-
cations in areas such as healthcare, food monitoring, and smart
farming, as discussed in greater detail in Chapter 4.2.

3.2. Response Time

The definition of response time varies slightly across fields, but
in the context of sensors, it is generally quantified as the T90 time.
This represents the duration required for a sensor’s response to
reach 90% of its saturation level after applying a step function in-
put. The T10 time is referred to as the recovery time, defined as
the time required for the response to decrease to 10% when the
external stimulus is removed. The definition of these terms dif-
fers slightly from other fields, such as control engineering, where
rising and falling times are typically defined as transitions be-
tween 10% and 90%, or vice versa. Slow response times in sen-
sors hinder the immediate collection of accurate data. This is par-
ticularly problematic for sensors designed for multimodal data
collection, as low temporal resolution increases the risk of inter-
ference between different types of information. In the left graph
of Figure 4a, the gray curve represents the response of a sensor
with a large response time. Based on the current data, it is chal-
lenging to predict where the future response (orange line) will be
saturated. However, by training an ML model on the time-series
data of the sensor’s transient response, it becomes possible to
quickly predict the saturation point of the sensor within a short
time, as shown by the blue curve in the right graph of Figure 4a.
Speed compensation can sometimes be achieved using regres-
sion techniques based on specific equations, but such methods
are limited when the sensor’s response cannot be easilymodeled.
In contrast, applying ML to the sensor’s time-series data enables
the rapid extraction of desired information, even from sensors

with unknown or complex characteristics that are theoretically
difficult to model.[78–84]

Specifically, chemical sensors used in electronic nose (e-nose)
systems and biosensors for analyzing biological substances of-
ten suffer from slow response times. In such scenarios, an ANN
with a few layers and tens to hundreds of nodes can be used to
improve response speeds. CNNs are highly suitable for analyzing
patterned data, time-series data, or 2D images. RNNs are also ad-
vantageous for analyzing long time-series data. Therefore, under-
standing how sensor’s response characteristics are reflected in
the data and accordingly designing proper neural network mod-
els with a sufficient number of layers and nodes is crucial.
For example, Orbe et al. developed a low-power multi-gas sen-

sor array to accurately detect flammable and toxic gases, employ-
ing a CNN algorithm to quickly classify and measure the con-
centration of each gas, as described in Figure 4b.[70] Specifically,
four types of sensors were integrated into a MEMS platform con-
sisting of bridge-type microheaters. The array was designed us-
ing three different mechanisms, chemiresistive, catalytic com-
bustion, and calorimetric sensing, with nanostructuredmaterials
(ZnO, CuO, and Pt black) integrated onto the microheater sen-
sors, as shown in Figure 4b-i. Although the response and recov-
ery times for the four gas sensors were not explicitly stated, the
response time of the metal oxide gas sensors was estimated to be
several 100 s (Figure 4b-ii). The transient responses of the four
sensors over 5 s were fed into the CNN for real-time classification
and regression of five different gases (H2, NO2, ethanol, CO, and
NH3) (Figure 4b-iii). As a result, it was possible to rapidly predict
the gas concentration within 10 s from the onset of the sensor re-
sponse, even before signal saturation occurred. In this case, the
concentration prediction error was 14% in mean absolute error
(MAE) (Figure 4b-iv).
In Figure 4c, Zhang et al. improved the accuracy and response

speed of a biosensor for detectingmicroRNA by classifying its re-
sponse using an RNN and an ANN.[78,85] Specifically, a cantilever-
type biosensor functionalized with DNA that changes its reso-
nant frequency was developed to detect let-7a miRNA at concen-
trations ranging from 1 nm to 100 fm, as shown in Figure 4c-i.
The time required for the response of the sensor to reach satu-
ration varied from 40 to 80 min, depending on the experimen-
tal conditions (Figure 4c-ii). This study enabled the prediction of
concentrations using only the response of the initial 10 min be-
fore saturation by using a combination of RNN and ANN with
a time window of 20 points from the sensor response. The 20-
point time-series data were sequentially processed by the RNN.
Finally, the output of the final hidden layer was transferred to
a fully-connected layer to predict the concentration and type of
target RNA (Figure 4c-iii). The classifier developed in this study
enabled the quantification of analyte concentration and incorrect
results with an average prediction accuracy, precision, and recall
of 98.5%, significantly reducing the data acquisition time to 5–20
min (Figure 4c-iv).
Martvall et al. developed a self-attention-based ensemble

model, termed the Long Short-Term Transformer Ensem-
ble Model for Accelerated Sensing (LEMAS), to improve the
response time of plasmonic hydrogen sensors that lever-
age changes in the localized surface plasmon resonance of
palladium-based nanostructures.[79] Conventional plasmonic hy-
drogen sensors typically rely on equilibrium peak-centroid
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Figure 4. Improving the response time of sensors with ML. a) Challenges in signal identification due to slow sensor response, addressed by combining
ML with time-series output data of sensors. b) The CNN algorithm was applied to improve the speed of CuO and ZnO gas sensors to detect 4 ppm
NO2, utilizing the transient response of the sensor output, reproduced with permission,[70] Copyright 2023, Wiley-VCH GmbH. c) RNN and ANN were
applied to rapidly extract information from the delayed response of an mRNA sensor detecting let-7a, reproduced with permission,[78] Copyright 2023,
Elsevier B.V. All rights reserved.
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analysis, which limits both their response speed and sensitiv-
ity. In this study, the spectral data from the sensor were di-
vided into long-term and short-term sequences, each processed
through the LEMAS. The long-term self-attention branch cap-
tures global spectral trends, while the short-term branch focuses
on recent fluctuations. LEMAS comprises an ensemble of 10 in-
dependently trained long short-term Transformermodels, whose
outputs are averaged to predict the hydrogen concentration. The
model’s sensing performance was evaluated under leakage sce-
narios across various hydrogen concentrations. Notably, for H2
concentrations below 0.1 vol.%, LEMAS achieved a response
time, T90 of 1.6–3.6 s, representing a 20—40-fold improvement
compared to the 50–85 s of conventional single-centroid analysis.
As in the previous cases, ML can be effectively employed to

significantly enhance the sensor response time. This is primarily
accomplished by utilizing the sensor output as time-series data
in CNN or RNN, either to optimize regression algorithms or to
classify the magnitude of the response. However, during the su-
pervised learning process, training is typically limited to discrete
label values due to the constraints imposed by experimental con-
ditions. Consequently, when the algorithm is applied to input
data obtained under conditions not included in the training set,
it becomes necessary to demonstrate whether accurate interpola-
tion or extrapolation is feasible for target values which is absent
from the training data. Future research is therefore expected to
focus on developing algorithms capable of consistently mapping
sensor output to a continuous output domain, thereby improving
generalizability and robustness across a broader range of sensing
conditions.

3.3. Spatial Resolution

Resolution, defined as the smallest detectable change in a mea-
sured parameter, is a fundamental performancemetric that deter-
mines a sensor’s ability to precisely distinguish between closely
spaced values. Resolution contributes to the overall measure-
ment fidelity by enabling finer discrimination of signal changes.
Therefore, it is an essential parameter when evaluating the per-
formance of sensors in applications that require high granular-
ity. Spatial resolution is particularly important in tactile, thermal,
and vision sensors. However, since thermal and vision sensors
have already been the focus of numerous studies, this work will
primarily concentrate on tactile sensors.[86–93] Consequently, we
examine tactile-based sensors and their advancements in spatial
resolution through the integration of ML techniques, addressing
challenges specific to wearable technologies.
For tactile sensors, spatial resolution takes on a unique im-

portance as it determines the sensor’s ability to localize contact
points and differentiate force variations across its surface. This
capability is essential for advanced applications such as robotics,
prosthetics, and wearable technologies, where precise touch and
force mapping are required. However, achieving high spatial res-
olution in tactile sensors presents unique challenges, including
fabrication complexity, material constraints, and signal inaccura-
cies caused by nonlinearity and noise. To overcome these chal-
lenges, researchers are increasingly leveraging ML, which has
proven to be a transformative approach for enhancing spatial res-
olution (Figure 5a).[94–96] In tactile sensors, ML algorithms are

pivotal in interpreting complex datasets to extract high-resolution
information, addressing the limitations of traditional hardware
upgrades. By leveraging ML, it becomes possible to enhance spa-
tial resolution and accuracy without increasing sensor density or
complexity. As tactile sensors generate serial data streams, sim-
pler models such as 1D-CNNs and RNNs are often used. Com-
pared to more complex architectures, these networks are easier
to implement and train while still excelling at capturing the tem-
poral and spatial patterns crucial for highly accurate signal clas-
sification and reconstruction. This balance of simplicity and per-
formance makes them particularly valuable for applications re-
quiring precise, real-time tactile feedback.
Recent studies also demonstrate that structural and material

innovations complement ML in advancing spatial resolution. For
example, an octopus-inspired adaptive sensor compressed mul-
tidimensional touch data into concise signals for accurate mul-
titouch localization,[97] an alterable robotic skin enabled recon-
figurable unit density for tunable resolution,[98] and a location–
pressure fusion sensor reached sub-400 μmresolution for precise
intention recognition.[99]

Electrical Impedance Tomography (EIT) is an imaging tech-
nique that reconstructs internal conductivity distributions based
on surface electrical measurements. In the field of tactile sens-
ing, EIT-based sensors have gained prominence for their abil-
ity to reduce wiring complexity while enhancing spatial resolu-
tion. In Figure 5b, Minakawa et al. introduced a hybrid approach
to enhance the spatial resolution of EIT by combining the iter-
ative Gauss–Newton algorithm with a 1D-CNN.[94] The Gauss–
Newton algorithm, a classical approach for solving nonlinear
least squares problems, ensures stable mathematical conver-
gence but suffers from reduced accuracy when resolving small-
scale features. By integrating it with a 1D 1D-CNN, the hybrid
method improves spatial resolution significantly. Quantitatively,
this integration reduces normalized size error (NSE) by more
than 27% and normalized positional error (NPE) by ≈29% com-
pared to the 1D-CNN alone when the object-to-background size
ratio is below 8.0 × 10−3. Compared to the conventional Gauss–
Newton method, the hybrid approach reduces size error by over
68% across various object sizes, enabling more precise detection
of small anomalies. As shown in Figure 5c, Pesce et al. addressed
spatial resolution and scalability issues in pressure sensors us-
ing electrical resistance tomography (ERT) with a foam mat sen-
sor (FMS).[100] By dividing the 60 × 60 mm2 sensor surface into
a 3 × 3 grid, they achieved a functional spatial resolution of 20
× 20 mm2 per zone using only 16 electrodes and an opposing
current injection scheme. Unlike conventional ERT approaches
that require complex inverse image reconstruction, their ML-
based classification approach, using algorithms such as SVM and
KNN, enabled direct localization of pressure inputs. The system
achieved classification accuracies of 87.5% for single-touch and
83.7% for dual-touch scenarios, demonstrating robust zone-level
resolution without the computational overhead of tomographic
imaging. While sub-zone resolution was not reported, the ability
to discriminate between nine distinct zones in real-time high-
lights a practical enhancement in resolution and scalability for
large-area tactile sensing applications. As presented in Figure 5d,
Zhang et al. adopted a biologically inspired approach, simplify-
ing sensor architecture while enhancing resolution.[101] By apply-
ing quadratic discriminant analysis, they classified signals from
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Figure 5. Spatial resolution enhancement throughML. a) Schematic illustration of the spatial resolution enhancement process by ML. b) Resolution im-
provement of EIT, reproduced under the terms of the CC-BY-4.0 license,[94] Copyright 2024, The Authors. c) Resolution improvement of ERT, reproduced
under the terms of the CC-BY-4.0 license,[100] Copyright 2023, The Authors. d) Resolution improvement of flexible large-area tactile sensor, reproduced
with permission,[101] Copyright 2024, American Chemical Society.
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only 8 electrodes with 97.5% accuracy across 32 distinct spatial re-
gions. This strategy effectively decouples spatial resolution from
the number of physical sensing units, enabling high-resolution
perception through data-driven processing.
Although numerous attempts have beenmade to enhance spa-

tial resolution, ML techniques often require extensive datasets
for training, which may not adequately capture real-world condi-
tions. Data acquisition for high-dimensional, multi-contact sce-
narios remains labor-intensive and susceptible to errors arising
from variations in experimental setups. ML-based approaches
heavily depend on signal preprocessing and filtering to miti-
gate noise and artifacts, yet insufficient preprocessing can de-
grade model performance, particularly in dynamic or noisy en-
vironments. Additionally, the fabrication of high-density sensor
arrays integrated with ML algorithms presents challenges re-
lated to scalability and cost-effectiveness. Advanced materials,
such as carbon nanotubes and graphene, demand precise pro-
cessing techniques, and ensuring uniform performance across
large sensor areas is particularly challenging. Despite these ob-
stacles, ML integration has demonstrated remarkable potential
in improving spatial resolution and enhancing the performance
of tactile sensors. Addressing limitations in hardware complex-
ity, computational efficiency, and data requirements is essential
for widespread implementation in applications such as robotics,
prosthetics, and wearable technologies. Future efforts should pri-
oritize the development of simplified sensor architectures, the
optimization ofML algorithms for real-time processing, and scal-
able fabrication methods to overcome existing barriers and fur-
ther advance this field.

3.4. Stability (Drift)

Drift is a phenomenon where a sensor’s output fluctuates over
time or due to environmental changes, independent of the actual
stimulus, and can be attributed to factors such as temperature,
humidity, and long-term use. This drift degrades the sensor’s
precision and repeatability, causing serious problems in applica-
tions that demand high reliability. Figure 6a intuitively illustrates
the problem of a sensor’s real-time output deviating from the ex-
pected value due to drift, and the solution where an ML model
corrects this drift component to stabilize the output. Recently,
there have been active efforts to utilizeML techniques to compen-
sate for drift andmaintain long-term sensor performance.[102–112]

Badawi et al. proposed a temporal CNN (TCN) architecture
based on the Hadamard transform (HT), a generalized discrete
Fourier transform in binary matrices, to compensate for sensi-
tivity drift in chemical sensors.[102] In this study, the network
was designed with a residual architecture that takes the sen-
sor’s time-series signal as input and combines dilation-based
causal convolution with a HT block (Figure 6b-i). By applying
soft-thresholding in the HT domain, high-frequency noise is re-
moved, enabling smooth drift estimation (Figure 6b-ii). The pro-
posed TCN was validated using both pre-collected chemical sen-
sor data and experimental data from a commercial MQ-137 am-
monia sensor, demonstrating its ability to stably estimate and
remove drift from actual measurements (Figure 6b-iii). Further-
more, a comparative experiment substituting the HT with the
Discrete Cosine Transform (DCT) showed that the Hadamard-

based model achieved a 27% lower mean squared error (MSE)
overall, indicating its superior drift compensation performance.
In another approach, Mao et al. proposed an ML model based

on an LSTM-RNN to compensate for temperature drift in a
fiber optic gyroscope (FOG)-based inertial measurement unit
(Figure 6c-i).[103] While FOG sensors offer a simple structure
and high accuracy, their output is sensitive to temperature vari-
ations, which causes drift errors attributable to the Shupe effect
(Figure 6c-ii). To address these complex nonlinear characteristics,
the researchers used a real-time extraction method for the tem-
perature change rate based on a moving average, which served
as an input signal for the processing algorithm (Figure 6c-iii).
The performance of the proposed LSTM-RNN model was veri-
fied through simulations using field test data from a tempera-
ture range of −20–50 °C. The evaluation, based onMAE and root
mean squared error (RMSE), showed that the LSTM-RNNmodel
achieved at least 21.9% superior compensation accuracy and sta-
bility compared to other models such as an ANN, decision tree,
and Online-SVM regression (Figure 6c-iv).
Kwon et al. proposed a novel compensation technique for sen-

sor drift in e-noses, applying the concept of prompt-based learn-
ing as an alternative to conventional fine-tuning.[108] Thismethod
generates a “calibration feature vector” containing drift informa-
tion and concatenates it with the original sensor signal as input
to a concentration prediction model. This feature vector is gener-
ated by a calibration feature encoder based on a masked autoen-
coder, which learns drift patterns by being trained to reconstruct
original data from a randomly masked input. This prompt-based
approach allows the model to exhibit robust performance against
long-term drift changes with only a single training session, with-
out the need for continuous retraining on new data. Experiments
on a publicly available 3-year e-nose dataset, accessible online
for research purposes, demonstrated that the proposed method
achieved almost 10 times lower RMSE than other comparative
models, including a fine-tuned model, thus proving its superior
performance.
As demonstrated, applying ML techniques to various sensor

platforms has shown significant achievements in improving the
long-term reliability and precision of sensors. Models like LSTM-
RNN and temporal CNNs effectively compensate for diverse sen-
sor drift phenomena, and it is noteworthy that TCN-based ap-
proaches using dilation can be highly effective for time-series
data. However, two challenges can be raised regarding this ML
approach. First, since sensor drift arises from various sources,
including external factors like temperature and humidity, as well
as internal factors like sensor contamination and degradation, it
remains questionable whetherML can effectively compensate for
drift from unknown causes. Second, training these algorithms
requires data, and the nature of drift necessitates long-term data
collection. Therefore, future research will likely evolve from sim-
ple drift compensation toward distinguishing between various
causes of drift or even predicting drift before it significantly im-
pacts the performance of sensors.

3.5. Power Consumption and Automated Analysis

To this point, many studies have been introduced that fo-
cus on calibrating the output signal of the sensors. Some
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Figure 6. ML-Based Approaches for Sensor Drift Compensation. a) Schematic illustration of stability enhancement process byML. b) ML-based baseline
estimation for signal drift in a chemical sensor based on TCN and HT, reproduced with permission,[102] Copyright 2021, IEEE. c) Drift of the FOG sensor
with temperature change compensated by the LSTM-RNN, reproduced under the terms of the CC-BY-4.0 license,[103] Copyright 2021, The Authors.
Mathematical Problems in Engineering, published by Wiley-VCH GmbH.

studies have also been conducted to improve other sensor
performances, such as accuracy,[113,114] hysteresis,[115–117] and
signal-to-noise ratio.[118–120] However, in addition to sensor signal
compensation, indirect factors also could be significant issues,
such as size, cost, power efficiency, and data analysis method.
This chapter aims to present ML-based case studies that ad-

dress two critical indirect factors: reducing power consumption
and automating data analysis. The issue of power consumption
is particularly critical in environments where sensors operate
on batteries or where a continuous power supply is challeng-
ing. Traditional Von Neumann computing architectures are de-
signed to read data from sensors and process it through central

Adv. Funct. Mater. 2025, e19859 e19859 (14 of 28) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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processing units (CPUs) or analog-to-digital converters (ADCs),
which consume significant energy. In contrast, neural network
architectures, which mimic the biological nervous system for in-
formation processing, can thus be free from the constraints of
von Neumann structures. In particular, to circumvent the exces-
sive power and computational costs inherent in Von Neumann
architectures, neuromorphic in-sensor computing devices that
integrate memory and processing capabilities directly into the
sensor have been actively investigated.[121–123]

Figure 7a illustrates the study by Han et al., which demon-
strates the development of a neuromorphic e-nose by combin-
ing a semiconductor metal oxide (SMO) gas sensor with a single
transistor neuron (1T-neuron).[124] As shown in Figure 7a-i, the
system utilizes the SMO gas sensor as an olfactory receptor and
processes the detected signals into spike forms through the tran-
sistor, eliminating the need for additional transducers or CPUs
for signal processing. SnO2 and WO3 sensors detect resistance
changes in response to NH3 and other gases, which are converted
into spike signals via the transistor (Figure 7a-ii,iii). Figure 7a-iv
demonstrates how the spiking neural network (SNN) processes
these signals to classify gases, such as NH3, CO, acetone, and
NO2. Figure 7a-v includes a confusion matrix that visually rep-
resents the SNN’s high classification performance, achieving an
accuracy of 98.25% in gas detection. By implementing neural
network computations directly in hardware, this approach suc-
cessfully performed tasks like distinguishing between Shiraz and
Merlot wines while reducing power consumption to as low as
350 nW. This research highlights the potential of neuromorphic
computing to reduce power consumption and hardware costs in
signal processing, while significantly enhancing the energy effi-
ciency of IoT applications.
Reducing analysis time for processing sensor data is a crit-

ical factor in real-time applications utilizing sensors. Recently,
SERS has gained attention as an effective method for the rapid
detection of microorganisms, such as bacteria. However, several
challenges must be addressed to miniaturize and mobilize SERS
analysis. One of the most significant issues is the processing of
SERS spectral data. In SERS measurements, bacterial signals of-
ten overlap with solvent signals or coincide with spectral peaks
from cell wall proteins, making clear differentiation difficult. Tra-
ditionally, statisticalmethods such as PCAhave been employed to
address this issue, but these approaches are labor-intensive and
difficult to automate. The time required for data analysis can be
significantly reduced by employing ML techniques to directly an-
alyze the spectral signals.[59,68,125]

In Figure 7b, Rho et al. demonstrate the development of
a novel DNN model, dual-branch wide-kernel network (Dual-
WKNet), applied to the analysis of SERS spectra.[125] Using SERS
sensors, spectral data for E. coli and S. epidermidis were collected
in various environments, including water, artificial urine, milk,
and nutrient broth (Figure 7b-i,ii). As shown in the figure, the
peaks generated by individual bacteria are difficult to distinguish
due to interference from the surrounding media, requiring addi-
tional processing. This study effectively addressed this challenge
by leveraging anML algorithm that combines residual blocks and
self-attention mechanisms, allowing the model to learn critical
features from Raman spectra efficiently and achieve high clas-
sification performance (up to 98% accuracy) even with limited
training data (Figure 7b-iii,iv). Notably, the proposed DualWKNet

was able to accurately separate bacterial signals from overlapping
media signals without relying on statistical methods like PCA,
significantly reducing the time and effort for data analysis. Fur-
thermore, this approach eliminated the need for sample prepro-
cessing, enhancing its practicality across various application en-
vironments.
Beyond merely calibrating sensor outputs, the integration of

ML with sensor systems offers the potential to significantly re-
duce power consumption, as demonstrated in previous exam-
ples, and to enable the deployment of novel sensor technolo-
gies. However, despite these advantages, ML-based approaches
face several challenges. First, embedding synaptic weights di-
rectly into hardware in neuromorphic systems limits flexibility
in weight adjustment compared to software-based approaches,
hindering effective adaptation to long-term sensor degradation
and signal drift. This limitation is especially critical, as the fixed
nature of analog weights may require physical hardware mod-
ifications for any recalibration, ultimately leading to increased
system maintenance costs. Second, most current applications of
ML are optimized for specific scenarios, making performance
susceptible to degradation when sensor specifications or envi-
ronmental conditions vary. Addressing these limitations requires
collecting training data under diverse conditions and increasing
the depth ofmodel layers and the number of nodes.However, this
approach significantly raises data collection costs and complexity.
As we move into the IoT era, it is crucial to explore innovative ap-
proaches to efficiently process and integrate the vast amounts of
data generated by diverse sensors. With the continued advance-
ment of ML technologies, it is expected that new applications will
emerge, not only complementing the functionality of sensors but
also fundamentally transforming how they operate.

3.6. Simultaneous Enhancement of Multiple Sensor Performance
Metrics

In the previous sections, we discussed how ML has been used
to enhance individual sensor parameters. However, the ultimate
goal of integrating ML into sensor technologies is to simultane-
ously improve multiple metrics, leading to holistic performance
gains. This section introduces examples addressing the persis-
tent challenges of low selectivity and slow response speed in gas
sensors, as well as cases in physical sensors where improvements
in spatial resolution have been achieved in parallel with in-sensor
computing to enhance practical applicability.
K. Lee developed a CNN-based e-nose system capable of simul-

taneously classifying gas species and predicting gas concentra-
tions, including previously untrained levels (Figure 8a-i).[126] This
approach contrasts with the system shown in Figure 3b, which
could only classify mixed gases at predefined ratios. The system
used two μLED gas sensors with different sensing materials, and
the collected time-series response data were preprocessed using
a sliding time window to generate 2D input matrices for CNN
training. Classification labels ranged from 0 (normal air) to 4 (tar-
get gases), while regression labels were normalized by the max-
imum concentration to reduce training bias. To improve model
generalization, artificial deviations of ±10% were added to the
original responses as a form of data augmentation. This strategy
is particularly useful in sensor systems where data collection is
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Figure 7. ML-Driven approaches to enhance power efficiency and enable automated analysis in practical sensor applications. a) E- nose system that uti-
lizes neuromorphic computing to program neural networks into hardware, reducing power consumption by replacing ADCs and processors, reproduced
under the terms of the CC-BY-4.0 license,[124] Copyright 2022, The Authors. Advanced Science published by Wiley-VCH GmbH b) Analysis algorithm
that reduces analysis time to identify bacteria species by analyzing SERS signals instead of humans, reproduced with permission,[125] Copyright 2022,
Elsevier B.V. All rights reserved.
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Figure 8. Simultaneous enhancement of multiple sensor performance metrics. a) Dual-task e-nose system using two sensors for simultaneous classi-
fication (99.32% accuracy) and regression (13.82% MAE), with interpolation and extrapolation of untrained ethanol concentrations, reproduced with
permission,[126] Copyright 2023, American Chemical Society. b) Single μLED sensor with pseudo-random illumination and spectrogram-based CNN, en-
abling accurate identification of gases and mixtures with reduced prediction time and power consumption, reproduced under the terms of the CC-BY-4.0
license,[58] Copyright 2023, The Author(s).

time-consuming, though it requires sufficient sensor-to-sensor
uniformity and reproducibility. The model achieved 99.3%
classification accuracy across five gas classes and an MAE of
13.8% for concentration regression. Despite being trained only
on 10, 30, 50, and 100 ppm ethanol concentrations, the model
successfully predicted untrained concentrations at 20 and 75
ppm (interpolation) and 200 ppm (extrapolation), as shown in
Figure 8a-ii. This was possible not because the model treated
each gas mixture as a separate class label, as introduced in Sec-
tion 3.1, but because it used a regression-based approach capa-
ble of estimating continuous concentration values. This result
demonstrates that the integration of ML enabled simultaneous
enhancement of selectivity and a broadened sensing range be-
yond the trained concentration levels.
Using the same μLED gas sensor platform, Cho et al. fur-

ther advanced the system by achieving high selectivity for mixed
gas detection using only a single sensor (Figure 8b).[58] The
μLED was operated with a randomly varying illumination pat-

tern, enabling each gas to leave a distinct footprint in the signal
and thereby yielding high-dimensional sensor responses. These
signals were then converted into spectrograms using the fast
Fourier transform (FFT), which captured unique frequency com-
ponents for each gas. These spectrograms were used as input
data for CNN training, allowing accurate classification of gases in
mixtures, even distinguishing between chemically similar ones
like methanol and ethanol. Beyond enhancing selectivity under
mixed conditions, collecting ML training data via unique sensor
operation techniques and utilizing it through optimized data pro-
cessing can further enable reductions in system size and power
consumption. Additionally, in both case studies of μLED gas sen-
sors, ML played a key role in accelerating response time. Pho-
toactivated gas sensors operate at room temperature, so their re-
sponse is slower than heating-based sensors, typically taking≈10
min for full response and recovery. In this context, CNN models
reduced the response time to within 1 min by leveraging early-
stage transient signals.
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In the field of physical and haptic sensors, there are cases
where ML has been used to enhance spatial resolution, which
has been simultaneously achieved through in-sensor comput-
ing as introduced in Section 3.5. To achieve high practicality
and integration into daily life, it is essential to consider comput-
ing power and develop platforms where sensing and computa-
tion are tightly integrated. Such simultaneous enhancements in
the physical sensor domain hold promise for future applications
in human–computer interaction and password security.[127,128]

These examples illustrate how ML can simultaneously enhance
multiple sensor parameters, including selectivity, sensing range,
energy and size efficiency, and response time, without modifying
the sensor hardware. As sensor systems attempt to improve an in-
creasing number of parameters simultaneously, computational
cost and algorithmic complexity will inevitably rise. Therefore, it
is crucial to carefully consider the intrinsic properties of the sen-
sor signal data as well as the underlying sensingmechanism, and
to select an appropriate ML model that aligns with these char-
acteristics. Without this alignment, improving one metric may
come at the expense of others, making it difficult to achieve bal-
anced overall performance.

4. Applications of ML-Enhanced Sensors

ML has revolutionized the functionality and scope of sensors
by enabling real-time, adaptive, and precise data processing.
ML-enhanced sensors now play an indispensable role in vari-
ous industries, addressing limitations in traditional sensor tech-
nologies, such as low accuracy, environmental interference, and
high costs. This chapter delves into key applications of ML-
integrated sensors across diverse domains, demonstrating how
advancements in ML algorithms and sensor technologies syn-
ergize to unlock groundbreaking possibilities. The chapter be-
gins by exploring human motion monitoring, highlighting its
transformative impact on healthcare, virtual reality, and human–
machine interfaces. Subsequent sections focus on innovative ap-
plications in environmental sensing, including e-nose systems
for disease diagnosis and food monitoring. These applications
exemplify the power of ML algorithm in amplifying sensor ca-
pabilities, enabling scalability, and paving the way for future
innovations.

4.1. Human Motion Monitoring

The convergence of ML and sensor technology has significantly
advanced human motion monitoring, enabling real-time analy-
sis and adaptive response mechanisms in various applications
such as healthcare, rehabilitation, and interactive digital envi-
ronments. Among the diverse sensor technologies, soft sen-
sors stand out for their remarkable adaptability in capturing
complex motion data, while simultaneously providing enhanced
user comfort during operation. Building on these advantages,
ML algorithms are applied to effectively analyze and interpret
the data obtained from soft sensors. Common ML methods
utilized in motion monitoring include CNN for pattern recog-
nition, LSTM networks for time-series motion tracking, and
SVMs for classification tasks. Additionally, multilayer percep-

trons (MLPs) and PCA play essential roles in feature extraction
and dimensionality reduction. These techniques collectively en-
able high-accuracy motion detection, real-time adaptation, and
scalable solutions across multiple fields. Recent breakthroughs
in ML-powered motion monitoring include smart gloves for
sign language recognition, soft sensor arrays for multimodal
sensing, and haptic-feedback rings for immersive interactions.
These innovations have enhanced the ability to track, analyze,
and respond to human motion in real-time, making them in-
dispensable for assistive technologies, AR/VR gaming, indus-
trial automation, and rehabilitation monitoring. By integrat-
ing ML-driven predictive analytics and models, these sensor
systems offer personalized feedback, gesture recognition, and
interactive control, significantly expanding their usability and
impact.
Sign language recognition has significantly benefited from

ML-powered sensor systems. A notable example is a tri-
boelectric smart glove that employs DNN models (CNNs
and LSTMs) to recognize 50 words and 20 sentences with
an accuracy of 91.3% and 95%, respectively (Figure 9a).[129]

Additionally, the system enables real-time bidirectional com-
munication in VR environments by converting gestures into
comprehensible text and audio. This breakthrough enhances
accessibility for speech and hearing-impaired individuals,
making ML-enhanced sensors a crucial tool in assistive
technology.
ML-powered wearable sensors have revolutionized gesture-

based interactions in AR/VR environments and gaming.[130–133]

Data gloves equipped with multiwalled carbon nanotube
(MWCNT) sensors use hybrid CNN-LSTM models to achieve
97.5% accuracy in real-time gesture recognition, with an av-
erage processing time of 2.173 ms (Figure 9b).[134] These sys-
tems improve user experience in gaming and smart interfaces by
enabling gesture-based control, robotic dexterity enhancement,
and real-time interactions in virtual environments. On the other
hand, bioinspired soft sensor arrays (BOSSA) integrate MLmod-
els (MLPs and SVMs) to enhance multimodal sensing, achieving
98.9% accuracy in user recognition and 98.6% accuracy in object
identification (Figure 9c).[135]

Beyond these developments, next-generation intelligent sen-
sor platforms have been reported that embed sensing and com-
puting within the device architecture itself, reducing data redun-
dancy and enhancing adaptability. Huang et al. introduced an in-
device topological encoding interface that achieves one-channel
multimodal fusion of touch and strain, enabling robotic arm
control with >99% recognition accuracy.[128] Lin et al. demon-
strated a programmable event-driven haptic interface with a gra-
dient pyramid metasurface that improves sensitivity by 350%
and supports real-time adaptive gesture recognition in AR/VR
environments.[127] In a further development, Lin et al. proposed
a bioinspired haptic interface modeled after the electric eel (Bio-
EE). The design combines dielectrically modified polymers with
optimized microstructures to decouple proximity and touch sig-
nals, extending detection up to 7 cm while maintaining high spa-
tial resolution (500 μm).[136] These breakthroughs significantly
expand the scope of ML-powered wearable systems for motion
monitoring by enabling context-aware, proximity-enhanced, and
self-adaptive sensing capabilities.
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Figure 9. ML-enhanced Sensors for human motion monitoring. a) A triboelectric smart glove integrated with ML algorithms capable of reconstructing
unseen sentences, enabling sign language translation and facilitating real-time communication in virtual reality environments, reproduced under the
terms of the CC-BY-4.0 license,[129] Copyright 2021, The Author(s). b) A low-cost data glove employing a deep-learning hybrid CNN-LSTM model for
gesture-based controls in smart vehicles, improving robotic dexterity, and supporting immersive interactions in virtual and augmented reality systems,
reproduced under the terms of the CC-BY-4.0 license,[134] Copyright 2022 The Authors. Advanced Intelligent Systems, published by Wiley-VCH GmbH.
c) Bioinspired triboelectric soft sensor arrays utilizing MLP for applications in industrial automation, smart home management, and rehabilitation
monitoring, reproduced under the terms of the CC-BY-4.0 license,[135] Copyright 2022, American Chemical Society. d) Augmented Tactile-Perception
and Haptic-Feedback Ring incorporating triboelectric and pyroelectric sensors for gesture recognition and temperature sensing, designed for use in
metaverse applications, robotic systems, and rehabilitation therapies, reproduced under the terms of the CC-BY-4.0 license,[137] Copyright 2022, The
Author(s).
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4.2. Haptic Feedback

ML-driven haptic feedback systems significantly improve inter-
active experiences in virtual environments, robotic control, and
medical training. A notable example is the Augmented Tactile-
Perception and Haptic-Feedback Ring, which integrates tribo-
electric and pyroelectric sensors for real-time gesture recogni-
tion, tactile sensing, and temperature feedback (Figure 9d).[137]

These compact, flexible devices use ML-based control to deliver
vibro- and thermo-haptic responses, making themwell-suited for
metaverse applications, surgical simulations, and remote robotic
operations.
The integration of ML with advanced sensor technology, es-

pecially soft sensors, has revolutionized human motion moni-
toring by enabling real-time, highly accurate analysis and adap-
tive response mechanisms. Notable innovations, including tribo-
electric smart gloves for sign language recognition, data gloves
for AR/VR gesture control, and BOSSA for multimodal sensing,
have demonstrated exceptional performance in accuracy. More-
over, ML-driven haptic feedback systems, such as the Augmented
Tactile-Perception and Haptic-Feedback Ring, illustrate the po-
tential for immersive and interactive experiences in virtual en-
vironments, medical training, and remote operations. However,
significant challenges persist, including improving the scalabil-
ity and generalizability of MLmodels to accurately recognize ges-
tures across diverse populations and contexts. Further advance-
ments in sensor miniaturization, ensuring sustained sensitivity
and reliability under various environmental conditions, are cru-
cial for broadening wearable device applicability and user accep-
tance. Finally, developing adaptive recalibration and personalized
learning algorithms, will substantially increase the practicality,
reliability, and user-centric effectiveness of ML-powered motion
monitoring solutions.

4.3. Chemical Sensing for Disease Diagnosis

Integration of ML with environmental sensors, such as gas and
electrochemical (pH, H2O2, ion) sensors, have shown promising
results for advanced applications like industrial emission moni-
toring, disease diagnosis, detect illegal drugs, food spoilage mon-
itoring, and plant stress monitoring.[138] Human breath contains
a mixture of gases that can indicate health status, while food re-
leases distinct aromas and VOC gases as it transitions from fresh
to spoiled states. Similarly, plants emit substances in response
to stress conditions, such as water deficiency, salinity, H2O2, or
pH changes. These emissions are often present in trace amounts,
highly complex, and composed of numerousmixed components.
By integrating ML, it becomes possible to identify these complex
patterns and significantly enhance the system’s overall robust-
ness and accuracy.
GeNose C19 is a non-invasive e-nose system designed for

rapid COVID-19 screening through exhaled breath analysis
(Figure 10a).[139] The system employs high-efficiency-particulate-
air (HEPA) filters and 10 metal oxide semiconductor sensors
to detect VOCs and classify positive and negative cases. Breath
samples from 83 participants (43 COVID-19-positive, 40 nega-
tive) were collected in medical-grade bags to minimize contam-
ination, with each sample analyzed 10 times for reliability. Data

preprocessing included baseline normalization and feature ex-
traction (e.g., maximum, median, standard deviation), resulting
in 40 features per sample. Four ML models (LDA, SVM, MLP,
and DNN) were tested, with DNN achieving the best perfor-
mance: 95.5% sensitivity, 95.7% specificity, and an area under
the curve (AUC) of 96.87%, thanks to optimized hyperparameters
and 10-fold cross-validation. GeNose C19 enables fast (≈3 min),
non-invasive, and cost-effective COVID-19 diagnostics, address-
ing limitations of reverse transcription-quantitative polymerase
chain reaction. Future studies aim to validate the system with
larger cohorts, identify key VOC biomarkers, and explore appli-
cations in other respiratory diseases, showcasing its scalability as
a diagnostic tool.

4.4. Food Safety and Smart Farming

The Biomimetic Olfactory Chip (BOC) system integrates a
high-density nanotube sensor array for VOC detection through
chemiresistive sensing (Figure 10b).[140] Depending on the de-
sign, each BOC chip incorporates between 100 and 10 000 indi-
vidual PdO/SnO2 nanotube sensors. A multi-component inter-
facial layer was deposited on the PdO/SnO2 layer using a spe-
cialized sputtering process. Owing to the 2D spatial gradient in
the deposition of multiple metal oxides, each sensor in the ar-
ray was coated with a distinct MCI composition. This straightfor-
ward approach enables the fabrication of a heterogeneous sensor
array composed of different sensing materials, thereby enhanc-
ing selectivity and discrimination. The BOC system has been em-
ployed for single-gas discrimination of eight gases with differ-
ent concentrations and humidity levels. It has also been applied
to gas mixture deconvolution, analyzing four gases (ethanol,
toluene, formaldehyde, and carbon monoxide) across 96 differ-
ent mixtures. In addition, the system was used for food fresh-
ness monitoring, where VOC emissions from a sliced orange
stored for nine days were analyzed. Initially, d-limonene was the
dominant VOC, but as spoilage progressed, ethanol emissions
increased. The system’s chemiresistive sensors captured these
changes through normalized 10 × 10 heatmaps. For ML analysis,
a CNNwas applied to classify gas response patterns by leveraging
spatial features from the sensor array, and an SVM with a linear
kernel was used to define decision boundaries. To further inves-
tigate odor distribution, t-distributed stochastic neighbor embed-
ding (t-SNE) was used to reduce the 100D Euclidean distance into
a 2D space. For single-gas discrimination, the optimized model
reached a prediction accuracy of 99.04%. The authors also noted
that while adding more sensors increases model accuracy and
reliability, the improvements plateau beyond a certain threshold.
They further pointed out that greater numbers and diversity of
pixels can introduce data redundancy and demandmore complex
signal readout devices. Overall, this study highlights the potential
of e-nose technology based on large-scale monolithic sensor ar-
rays for real-time, non-invasive food quality assessment, and sug-
gests that coupling such arrays with ML could pave the way for
next-generation olfactory systems with enhanced selectivity and
discrimination.
The Time-Resolved Electrochemical Technology for Plant Root

Environment in Situ Chemical Sensing (TETRIS) system is a
multi-sensor electrochemical platform designed to continuously
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Figure 10. ML-enhanced environmental sensing for healthcare, food safety, and smart farming. a) ML-driven e-nose system for non-invasive COVID-19
screening through exhaled breath analysis, reproduced under the terms of the CC-BY-4.0 license,[139] Copyright 2022, The Author(s). b) VOC-based food
spoilage monitoring, detecting ethanol emissions to assess freshness over time, reproduced with permission,[141] Copyright 2024, The Author(s), under
exclusive license to Springer Nature Limited. c) Electrochemical sensor platform for real-time plant stress monitoring, analyzing key chemical markers in
smart farming applications, reproduced under the terms of the CC-BY-4.0 license,[140] Copyright 2024, The American Association for the Advancement
of Science.
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monitor key chemical parameters in plant roots under stress con-
ditions (Figure 10c).[141] It employs screen-printed electrochem-
ical sensors to detect ion concentrations (K+, Na+, Ca2+, NH4+,
Mg2+), pH fluctuations, and reactive oxygen species (H2O2) in
real-time—key indicators of plant physiological status under en-
vironmental stressors such as salinity, nutrient imbalance, or ox-
idative damage. To quantify plant-specific ion uptake dynamics,
the authors introduced kuptake, a parameter reflecting how ion
concentration in the root environment changes over time. This
value was normalized by kcontrol, a baseline uptake rate measured
without plants, to correct for side effects like evaporation. A su-
pervised ML framework based on XGBoost (gradient boosting–
based decision tree algorithm) was employed to classify the nor-
malized ion uptake ratio (kuptake/kcontrol), using time-resolved elec-
trochemical data and physicochemical properties of the ions (e.g.,
relative mass, charge state, and biological relevance to plants) as
input features. The target variable was categorized into multiple
levels, ranging from a binary classification (uptake vs no uptake)
tomore detailed 3–6 rangemodels. The predicted categories were
compared against experimentally measured values using confu-
sion matrices, and the two-range model achieved a high F1 score
of 0.949. This approach enabled the quantitative interpretation
of ion transport behavior associated with plant stress responses
and demonstrated the potential of integrating ML with sensor
data for precision agriculture, optimized nutrient management,
and early stress detection.
By combining ML with advanced sensors, we can now mon-

itor gases and biomarkers from humans, animals, and plants,
enabling applications in healthcare, food safety, and smart farm-
ing. Living organisms have complex metabolic processes, con-
stantly producing and releasing various substances, making se-
lectivity essential for accurate detection. Beyond merely classify-
ing conditions as normal or abnormal, many applications require
identifying the cause of abnormalities, highlighting the need
for high diagnostic accuracy. To be practical, fast analysis time
and low-power characteristics are also key for real-time monitor-
ing. As sensor technology improves and more data is collected,
stronger andmore efficientMLmodels can be developed,making
non-invasive, quick, and real-time biological monitoring increas-
ingly feasible. These advancements will open new possibilities
for smarter, faster, and more precise sensing solutions.

5. Challenges and Perspectives

While sensors integratedwithML are advancing significantly and
are increasingly deployed across diverse applications, they still
encounter substantial challenges that need resolution to propel
further advancements in next-generation physical and chemical
sensor technologies. Addressing these challenges is imperative
as it opens up substantial potential for the evolution of sensor
capabilities.
First, the substantial data requirement for training and vali-

dation remains a major challenge. Most ML models require ex-
tensive datasets, yet real-world data collection is often limited,
as many studies are conducted in controlled laboratory settings
where large-scale data generation is impractical. This limitation
hinders the development of robust ML models that can gener-
alize across different environments. To mitigate this issue, tech-
niques such as data augmentation, transfer learning, and syn-

thetic data generation can enhance model robustness and simu-
late real-world variability.
Second, the inherent limitations of sensor hardware often act

as bottlenecks inML applications. In particular, flexible andwear-
able sensors frequently suffer from durability and reliability is-
sues, which directly impact ML model stability. Additionally, en-
suring reproducibility across different sensors is critical for the
effective deployment of ML models. Even if a model is trained
on a well-curated dataset, it cannot be reliably applied to new
sensors unless their outputs remain consistent. This variability
arises from differences in fabrication processes, material prop-
erties, and environmental conditions, which can lead to perfor-
mance discrepancies. To address these challenges, it is essential
to develop high-performance sensor platforms with improved re-
producibility and reliability, enabled by advances in materials sci-
ence and nanotechnology. In parallel, inevitable variability that
may still arise during fabrication can be mitigated through algo-
rithmic approaches such as noise reduction, self-calibration, and
error correction, to build more robust and reliable ML models.
Third, ML has fundamental limitations in interpreting phys-

ical phenomena. Unlike physics-based models, which are
grounded in well-established theoretical principles, data-driven
ML models function as black-box systems that rely solely on data
patterns and statistical correlations. As a result, they struggle
to adapt to untrained scenarios, for example, when sensor con-
figurations are modified due to material changes, structural ad-
justments, or environmental variations. This makes ML-based
sensor models vulnerable to performance degradation in un-
predictable conditions, restricting their adaptability. Overcoming
this challenge requires hybrid approaches that combine ML with
physics-informedmodels, enabling self-adaptive learning frame-
works that adjust dynamically to sensor modifications.
Fourth, high computational complexity remains a major con-

straint, particularly for low-power IoT and wearable devices.
Many ML techniques, especially DNN models, require signif-
icant computational resources, making real-time applications
challenging. To address this issue, optimizedML algorithmswith
reduced complexity should be developed through model quanti-
zation and knowledge distillation. Additionally, edge computing
offers a promising solution by enabling on-device data process-
ing, minimizing latency, and energy consumption. The develop-
ment of dedicated ML hardware (e.g., neuromorphic chips, ML
accelerators for sensors) could further enhance computational ef-
ficiency without compromising performance.
Fifth, a major challenge in the current research environment

is the disjointed application of ML algorithms, where individual
studies frequently employ arbitrary ML techniques. This method
fails to provide a cohesive integration of ML technologies that are
specifically tailored to meet the unique demands of each sensor
type (such as strain sensors, gas sensors, biosensors) and their re-
spective performance indices (such as selectivity, response time,
reliability). Consequently, there is a crucial demand for a more
structured strategy that systematically aligns ML algorithms with
the specific types of sensors and their intended performance ob-
jectives through a comprehensive literature review like the goal
of this Review Article.
Sixth, integrating ML at the system level, beyond just sen-

sor data processing, can yield more effective solutions. In-
stead of treating ML as an isolated tool for processing sensor
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signals, a neural network-based system approach that includes
actuators, information processing, andmulti-sensor fusion could
significantly enhance overall system efficiency. Future research
should explore multi-sensor ML architectures that optimize
entire sensing-actuation pipelines, leading to more intelligent
and adaptive sensor networks.
Seventh, other sensor parameters beyond those discussed

in this Review remain underexplored. While calibration, stan-
dardization, stability against environmental variations, and
multimodal signal integration are equally critical indices
for practical applications, systematic ML studies directly tar-
geting these aspects are still limited. Expanding ML ap-
proaches to address such parameters could establish a more
comprehensive framework for sensor performance enhance-
ment. Future efforts should therefore prioritize extending
ML methodologies to these underrepresented indices, ulti-
mately ensuring greater reliability and applicability in real-world
environments.
Eighth, broader ethical, sustainability, and societal consider-

ations must also be addressed. Current ML-driven sensor re-
search often overlooks issues beyond technical performance,
including limited transparency in data disclosure and model
reproducibility, which raises ethical concerns regarding trust
and accountability. Sustainability concerns, from the environ-
mental costs of sensor production to the energy demands of
ML training, are still largely overlooked. Economic and so-
cietal aspects are equally important, as the transition from
laboratory prototypes to large-scale deployment must consider
cost, accessibility, and potential inequities in real-world adop-
tion. Furthermore, commercialization and scalability pose chal-
lenges in aligning cutting-edge ML methods with regulatory
standards and public acceptance. Future research should there-
fore integrate ethical responsibility, sustainable design, economic
feasibility, and societal impacts into the development of ML-
enhanced sensors, ensuring that technological advances trans-
late into trustworthy, equitable, and environmentally responsible
applications.
In conclusion, while ML presents significant opportunities

for enhancing next-generation sensors, addressing challenges
related to data availability, sensor hardware reliability, compu-
tational efficiency, and standardization is essential. Especially,
while ML offers powerful solutions to problems that were pre-
viously difficult or impossible to solve, it is not always the per-
fect answer. In engineering, a deep understanding of the physical
mechanism may not be essential for practical problem-solving.
However, for tasks that require scientific reasoning and inter-
pretability, relying too much on data-driven ML approaches with-
out clear explanations can introduce bias into the learning pro-
cess. For example, building a highly accurate model from low-
quality data, such as noisy signals or very limited samples, may
learn unintended biases introduced during preprocessing or la-
beling, rather than true patterns. This can result in overfitting
and misleading conclusions. Therefore, it is advisable to apply
ML only after the sensor hardware achieves a certain level of
consistent performance. Also, the design of the ML algorithm
should be based on a clear understanding of the goal. Using
overly complex models without a specific need can waste com-
putational resources and time without improving results. There-
fore, overcoming ML’s inherent limitations in understanding

physical phenomena and moving toward system-level ML in-
tegration will be crucial for long-term advancements. A mul-
tidisciplinary approach—spanning ML, sensor technology, ma-
terials science, and embedded computing—is required to fully
unlock ML’s potential in revolutionizing physical and chemi-
cal sensors. Additionally, strengthening collaborations between
academia and industry can further support this effort by facilitat-
ing access to broader datasets and standardized manufacturing
protocols, ultimately enhancing the scalability and generalizabil-
ity of ML-integrated sensors. By addressing these challenges, the
field can move toward more reliable, efficient, and scalable ML-
integrated sensor technologies, paving the way for widespread
real-world adoption.

6. Conclusion

In this review, we comprehensively examined the transforma-
tive impact of ML on next-generation physical and chemical
sensors. By addressing fundamental limitations in traditional
sensors, ML has enabled groundbreaking advancements across
various domains. Through the integration of ML algorithms
with novel sensor technologies, significant improvements have
been achieved in optimizing critical performance indices, includ-
ing selectivity, response time, spatial resolution, stability (drift),
power consumption, and analysis process. The applications of
ML-enhanced sensors span diverse fields, such as healthcare, en-
vironmental monitoring, and smart farming. Notable examples
include human motion monitoring systems that leverage ML for
real-time gesture recognition and rehabilitation tracking, as well
as e-nose systems that facilitate early disease detection and food
safety assessments.
Despite these advancements, several challenges remain. The

development of robust MLmodels requires extensive and diverse
datasets, which are often difficult to obtain outside controlled lab-
oratory settings. Furthermore, the integration of ML with flexi-
ble and wearable sensors necessitates improvements in sensor
fabrication reliability and computational efficiency. Additionally,
ML’s inherent limitations in interpreting physical phenomena
pose challenges when adapting to untrained scenarios or mod-
ified sensor architectures. Beyond these, other sensor parame-
ters such as calibration, standardization, stability against environ-
mental variations, andmultimodal signal integration remain un-
derexplored, highlighting the need for systematicMLmethodolo-
gies to directly address them. Furthermore, ethical, sustainabil-
ity, and societal considerations, including transparency in data
disclosure, energy demands of ML training, economic feasibil-
ity, and equitable large-scale deployment, must also be integrated
into future sensor research. Addressing these issues requires
a multidisciplinary approach, combining expertise in ML, ma-
terials science, sensor engineering, and embedded computing.
Future research should focus on developing adaptive ML algo-
rithms capable of processing diverse sensor data in real-time,
optimizing energy consumption, and ensuring cost-effective
scalability.
In conclusion, the fusion ofML and sensor technologiesmarks

a paradigm shift in the development of intelligent sensing sys-
tems. Continued innovation in this field holds the potential to
address critical global challenges, from personalized healthcare
to sustainable environmental monitoring. By bridging the gap
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between hardware limitations and computational advancements,
ML-enhanced sensors are poised to play a pivotal role in shaping
the future of sensor technology and its applications in daily life.
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