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Abstract— Radio-frequency-based chemical sensors are a
promising approach for noninvasive, low-cost identification of
substances across a wide range of applications, including medi-
cal and biological contexts. However, their practical deployment
is often limited by high costs or long acquisition times required
to collect high-resolution spectral features, which adversely
affect energy consumption, responsiveness, and the ability to
capture fast-evolving chemical phenomena in healthcare appli-
cations. In this work, we address this limitation by proposing
an acquisition-aware classification framework that exploits the
intrinsic sequential structure of tree-based learning algorithms.

Building on a previously introduced wireless chemical-
sensing platform based on spectral analysis, we investigate
the combined use of feature selection and decision-tree-based
inference to reduce both data acquisition and inference costs.
The proposed approach models the sensing process as a query-
driven system in which radio-frequency features are acquired
conditionally as a classification tree is traversed. As a result, the
number of acquired features required for inference is bounded
by the depth of the tree rather than by the dimensionality of
the full feature space.

On a preliminary dataset spanning 3-6 GHz (1000 candidate
features) and multiple substances, our results indicate that
accurate classification can be achieved with a small subset of
features, yielding a substantial reduction of expected acquisi-
tion/inference time in balanced operating conditions (> 30%),
with further gains when class priors are available. Furthermore,
the proposed inference strategy allows additional savings when
prior knowledge about class occurrence probabilities is avail-
able. These findings highlight the potential of acquisition-aware,
tree-based models as an effective solution for real-world radio-
frequency chemical sensing systems operating under strict time
and energy constraints.

I. INTRODUCTION

Smart sensing systems empowered by machine learning
are increasingly adopted in domains requiring adaptability
and robustness to variability, including healthcare and bi-
ology [1]. In this context, chemical sensors are essential
tools for substance identification across applications ranging
from environmental monitoring to medical and biological
analysis [2]. Nevertheless, many current solutions remain
constrained by high costs, limited flexibility, poor scalability
across multiple substances, and the necessity for complex
or invasive setups. These limitations drive ongoing research
toward precise, trainable, low-cost, and noninvasive detection
platforms.
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Healthcare is shifting toward decentralized, patient-centric
paradigms, where screening and monitoring increasingly
occur outside centralized laboratories. This trend necessitates
rapid, low-power tools for analyzing biological fluids (e.g.,
saliva, sweat, urine) in point-of-care and home-care settings.
Saliva is particularly advantageous due to its accessibility
and its ability to reflect both physiological and pathological
conditions [3]. The widespread adoption of rapid tests during
the COVID-19 pandemic further demonstrated the value of
convenient, low-cost, and accurate screening solutions [4].
In these contexts, system performance is constrained not
only by classification accuracy but also by latency, energy
consumption, and usability.

A wireless Radio-Frequency (RF) chemical-sensing plat-
form utilizing a microstrip sensor coupled with a Software-
Defined Radio (SDR) was recently introduced [5], demon-
strating promising multi-class discrimination by correlating
frequency-domain responses with the properties of tested
substances. However, several challenges related to real-world
deployment persist, with the feature-acquisition phase as
the primary bottleneck. High-resolution scans over wide
frequency ranges result in longer measurement times, which
negatively affect system responsiveness and energy consump-
tion and limit the ability to capture rapidly evolving chemical
phenomena [6]. This limitation is especially pronounced for
unstable substances and biological samples, whose properties
may change during acquisition.

In this paper, we address these limitations via an
acquisition-aware analytical and algorithmic model that re-
duces both acquisition time and inference complexity. We
combine embedded feature selection with decision tree clas-
sification to enable accurate identification without acquiring
or evaluating the full RF feature set. By exploiting the struc-
ture of decision trees, inference can be performed using only
a small subset of features, with acquisition cost bounded by
tree depth, thereby permitting efficient and adaptive sensing
strategies. Beyond reducing identification time, the proposed
methodology provides practical indications for dataset ex-
pansion and, more broadly, for guiding sensor design.

Our main contributions are summarized as follows:

o Acquisition-aware RF/SDR formulation. We model
feature acquisition as a cost-dominant component and
cast decision-tree inference as a sequential process
whose reached tree depth bounds required measure-
ments.

¢ Query-driven sensing pipeline. We implement a tree-
guided strategy where only the features along the visited
decision path are acquired, enabling early decisions



when sufficient information is available.

« Feature selection and validation. On an SDR dataset
with 14 substances in the 3-6 GHz band (1000 can-
didate features, 80-20 split), we show that accurate
classification can be achieved using a small feature
subset (on the order of 10), with a substantial reduction
in expected acquisition/inference time under balanced
conditions and further savings when class priors are
available.

II. RELATED WORK
A. Feature Selection in Spectral and RF-Based Sensing

Feature selection is a fundamental step in designing ma-
chine learning pipelines for chemical sensing systems, partic-
ularly when dealing with high-dimensional spectral or radio-
frequency measurements [7]. In many sensing applications,
a large number of features are acquired to capture subtle
variations in the physical response of the system under test.
However, the relevance of these features is often highly
heterogeneous, and a significant portion may be redundant
or weakly informative for classification.

This observation motivates a multi-level analysis in which
feature selection is performed at different downsampling
resolutions of the same dataset. At each resolution level,
the relevance of individual features may change, leading to
different optimal subsets. Classical dimensionality reduction
techniques, such as Principal Component Analysis (PCA),
Autoencoders, or alternative feature extraction techniques
specific to frequency-domain data [8], cannot be employed,
as they usually require the full feature vector.

Other feature selection strategies can be broadly catego-
rized into filter, wrapper, and embedded methods [9]. Filter
methods rely on statistical criteria such as variance, entropy,
mutual information, or correlation measures, offering low
computational cost but limited interaction with the final clas-
sifier. Wrapper methods evaluate feature subsets by repeat-
edly training and testing a classifier, often achieving better
performance at the cost of high computational complexity
and poor scalability.

In acquisition-constrained sensing systems, however, the
effectiveness of feature selection is inseparable from the in-
ference mechanism itself. This consideration naturally shifts
attention to embedded feature selection approaches, in which
the selection process is intrinsically tied to the classification
algorithm.

B. Embedded Feature Selection and Acquisition-Aware In-
ference

Embedded feature selection methods integrate feature-
relevance assessment directly into model training, optimizing
feature use alongside classification performance. Tree-based
learning algorithms are among the most prominent examples
of this paradigm. In decision trees, features are selected
at each split based on criteria such as information gain or
impurity reduction, resulting in a hierarchical structure where
only a subset of features is evaluated along each inference
path. This property is particularly advantageous in sensing

systems where feature acquisition is costly [10]. Unlike
conventional classifiers that require the complete feature
vector at inference time, decision trees enable conditional
and sequential feature acquisition. The number of features
required to reach a decision is bounded by the tree’s depth,
which directly translates into a bound on acquisition time.
Moreover, the selected features retain their physical meaning,
allowing a direct association between decision logic and
specific frequency regions.

Even if ensemble methods based on decision trees, such as
Random Forests, Extremely Randomized Trees, and Gradi-
ent boosting, further improve robustness and generalization
(by combining multiple trees’ inference), at inference time,
different trees may require different features, potentially
increasing the total number of acquired features [10], [11].

A more explicit formulation of the acquisition problem is
provided by cost-sensitive decision trees [12], where each
feature is associated with an acquisition cost. This approach
is suitable for applications in which each feature has a
different acquisition cost.

Rule-based learners share conceptual similarities with de-
cision trees, as each rule typically involves a small number
of features and can be evaluated sequentially, with early-
exit conditions. While offering high interpretability and ac-
quisition efficiency, these methods often struggle to match
the performance of tree-based algorithms on complex, high-
dimensional datasets [13].

Finally, approaches such as classifier cascades [14] and
reinforcement-learning-based acquisition policies [15] can
combine sequential inference with explicit class-priority
assignment. However, they introduce substantial additional
complexity: cascade architectures require independent train-
ing and threshold calibration for each binary stage, while
reinforcement-learning formulations demand significantly
larger datasets to reliably estimate an optimal acquisition
policy — a condition that is not met by the preliminary
dataset considered in this work.

In summary, while numerous machine learning approaches
have been proposed for chemical sensing, only a limited sub-
set explicitly supports partial, conditional, and acquisition-
aware feature usage at inference time. Given that feature
acquisition time is the dominant operational cost in the radio-
frequency chemical sensor considered, embedded feature
selection methods based on tree-based models provide a
particularly suitable foundation for efficient and scalable
real-world deployments.

III. METHODOLOGY

The objective of the proposed methodology is to reduce
both data acquisition time and inference complexity by
exploiting the intrinsic sequential structure of tree-based
classifiers. In this section, we first formalize the relation-
ship between decision-tree inference and conditional feature
acquisition, and then describe the sensing system as a query-
driven process controlled by the classifier.



A. Sequential Feature Access in Decision Trees

A decision tree classifier performs inference by traversing
a path from the root node to a leaf node, where each internal
node evaluates a decision rule based on a single feature. Let
d € NT denote the depth of a given leaf, defined as the
number of decision nodes encountered along the path from
the root to that leaf. Since each decision node requires the
evaluation of exactly one feature, the number of features
required to classify a sample associated with that leaf is
upper bounded by d.

Formally, let F = {fi, fo,..., far} be the full set of
available features, with M > 1, and let P, C F be the
subset of features evaluated along the path leading to leaf
¢ € NT. Then:

|Pe| < do¢

where dy is the depth of leaf ¢. Since d; is typically much
smaller than M, especially when shallow or regularized trees
are employed, this property enables classification without
requiring the acquisition of the full feature vector.

This behavior contrasts sharply with conventional classi-
fiers, such as distance- or kernel-based models, which require
all features to be available before inference. In the considered
sensing scenario, where acquiring each feature incurs a non-
negligible time cost, this distinction becomes critical.

B. Sensor as a Query-Driven Acquisition System

Based on the above observation, the sensing system can
be interpreted as a query-driven process in which the de-
cision tree dynamically controls feature acquisition during
inference. Rather than acquiring all radio-frequency features
upfront, the sensor operates sequentially, acquiring only the
features requested by the classifier at each traversal step.

Specifically, starting from the root node of the tree, the
system acquires the feature associated with the current deci-
sion node, evaluates the corresponding test, and selects the
next branch accordingly. Each decision not only refines the
path toward a final classification, but also implicitly defines
a subset of candidate classes consistent with the observed
measurement, while excluding all classes associated with the
opposite branch of the tree. As a consequence, even inter-
mediate decisions provide partial but meaningful information
about the substance under analysis.

In several monitoring, control, or surveillance scenarios,
this progressive exclusion of classes may already be suffi-
cient to trigger an action or raise an alert, without requiring
the inference process to reach a final leaf node. In such
cases, the system can intentionally terminate the acquisition
early, further reducing sensing time and energy consumption.
This process is repeated until a leaf node is reached, or
until the available partial classification information is deemed
sufficient for the application at hand. As a result, the total
acquisition time for a given sample is proportional to the
depth of the traversed path rather than to the dimensionality
of the full feature space.

Let t,.4 denote the time required by the sensing electronics
to acquire a single feature. The total acquisition time for
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Fig. 1. Conceptual representation of the proposed query-driven sensing
system. The decision tree sequentially selects which radio-frequency fea-
tures to acquire, and classification is performed once a leaf node is reached.

classifying a sample associated with leaf ¢ can then be
expressed as:

TZ = "PZ| . tacq
which satisfies:
TZ < dﬁ . tacq

This formulation highlights how the inference process
directly determines the sensing effort, enabling adaptive
acquisition strategies that depend on the structure of the
trained classifier.

C. System Overview and Conceptual Architecture

Figure 1 illustrates the conceptual architecture of the
proposed sensing and inference pipeline. The decision tree
serves as a controller, sequentially querying the sensing
hardware for specific radio-frequency features. Each acquired
feature is immediately evaluated to determine the next acqui-
sition step until a classification decision is reached.

This tight coupling between inference logic and feature
acquisition enables substantial reductions in both sensing
time and energy consumption while preserving classification
accuracy. Moreover, since the selected features retain their
physical meaning, the resulting decision paths provide insight
into the most informative frequency regions for substance
discrimination.

The described methodology serves as the basis for the sub-
sequent analysis, in which feature selection and classification
performance are evaluated across different downsampling
levels of the acquired radio-frequency data.

IV. EXPERIMENTAL RESULTS
A. Dataset Description

The dataset used in this work was acquired following the
measurement procedure described in [5]. The dataset consists
of measurements of simple chemical solutions, as listed in
Table 1.

To minimize temporal variability in the dataset, only
solutions exhibiting long-term chemical stability were con-
sidered, thereby excluding reactive species, acidic media, and
supersaturated or gas-evolving systems For each substance,
multiple acquisitions were performed to account for mea-
surement variability.



1d. Substance Quantity

sub 1  Empty (no container) -

sub 2 Empty container -

sub 3 Distilled Water 0.5 ml
sub 4  Distilled Water 2.0 ml
sub 5  Distilled Water 1.5 ml
sub 6  Distilled Water 1.0 ml
sub 7  Distilled Water + Salt 0.8% 2.0 ml
sub 8  Distilled Water + Salt 1.6% 2.0 ml
sub 9  Distilled Water + Salt 2.4% 2.0 ml
sub 10  Distilled Water + Sugar 0.8% 2.0 ml
sub 11  Distilled Water + Sugar 1.6% 2.0 ml
sub 12 Distilled Water + Sugar 2.4% 2.0 ml
sub 13 Vinegar 2.0 ml
sub 14  Corn Oil 2.0 ml

TABLE 1
CHEMICAL SOLUTION CLASSES IN VARIABLE QUANTITIES AND
CONCENTRATIONS.

Each acquisition is represented by a vector of 1000 radio-
frequency features, corresponding to the sensor’s excitation
over the frequency range from 3 GHz to 6 GHz with a
uniform frequency step of 3 MHz. The complete dataset
has been organized into CSV format and processed within a
Python-based analysis environment.

B. Feature Selection and Spectral Analysis

The first step of the analysis focused on identifying
the most informative features within the high-dimensional
frequency-domain representation. To this end, an embedded
feature selection method based on XGBoost was employed
to provide qualitative information on the relative importance
of each feature in the classification task.

Given the very dense character of the original dataset, sev-
eral downsampling configurations were evaluated to assess
whether reducing the number of acquired features would
significantly change the distribution of informative content
across the frequency spectrum. Specifically, the dataset was
progressively downsampled by simply discarding samples at
a given frequency step, while preserving the same overall
frequency span.

Figures 2 and 3 show the distribution of relevant features
across the frequency band for different downsampling levels,
as identified respectively by CART-based and XGBoost-
based analyses. The XGBoost results indicate that informa-
tive content tends to maintain consistent frequency localiza-
tion across multiple downsampling factors. Only when the
information content is severely degraded by excessive feature
removal the relevance distribution shift significantly among
the remaining features. In the CART-based one instead, the
downsampling action significantly affects feature importance,
probably due to the XGboost capability to produce more
generalizable models. This behavior suggests the presence
of specific frequency regions that are particularly descriptive
for substance discrimination within the proposed dataset,
supporting the feasibility of targeted frequency acquisition
strategies.
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Fig. 2. Distribution of relevant features across the frequency spectrum
identified using CART-based analysis at different downsampling levels.
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Fig. 3. Distribution of relevant features across the frequency spectrum iden-
tified using XGBoost embedded feature selection at different downsampling
levels.

C. Tree-Based Inference and Acquisition Efficiency

Based on the XGBoost feature selection analysis, the
top 10 most informative features were selected to train a
classification tree. Figure 5 depicts the resulting decision tree.

The trained tree achieves 98.18% accuracy and 98.21%
Fl-score with a maximum depth of 8. In the worst case,
inference requires acquisition of at most 8 - 4.4, Where t,4
is the time to acquire a single feature. However, due to the
sequential and conditional nature of decision-tree inference,
the average number of features acquired can be significantly
lower, as discussed in the previous section.

The effective inference time depends on the balance of
the test dataset. In a fully balanced scenario, despite mi-
nor variations due to the specific structure learned during
training, simulation results show an average reduction in
inference time of approximately 40% compared to full-
feature acquisition. For generalization, the method was also
validated on an additional chemical dataset presented in [2].

D. Impact of Tree Depth and Downsampling

A further analysis was conducted to investigate the impact
of two key parameters on classification performance and
inference efficiency: the downsampling factor and the maxi-
mum depth of the decision tree. The maximum depth param-
eter directly limits the worst-case inference time, while the
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Fig. 4. Classification performance (accuracy and Fl-score) as a function of downsampling factor and maximum tree depth.
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Fig. 5. Decision tree trained on the top 10 selected features. Note that the feature corresponding to Freq. 4.803 appears 4 times.

downsampling factor controls the density of the frequency-
domain representation.

Figure 4 reports the evolution of classification performance
metrics, including accuracy and Fl-score, as a function of
both the downsampling factor and the maximum tree depth.
The results highlight a clear trade-off between acquisition
efficiency and classification performance.

This analysis is useful for identifying, within the proposed

methodology, the optimal trade-off between the number of
features supplied to the classifier and the maximum inference
time, without significantly sacrificing performance. In the
considered experimental setting, it is observed that a small
subset of approximately 10 features is sufficient to correctly
classify (98% acc.) all 14 substances in an 80-20 training/test
split, while maintaining a substantially reduced acquisition
and inference time.



V. CONCLUSIONS AND FUTURE WORK

This work investigated the operational constraints of
a radio-frequency chemical sensing technology based on
software-defined radio measurements, with a specific fo-
cus on scenarios where feature acquisition time dominates
the end-to-end latency and energy budget. Building on the
sensing principles and preliminary discriminability evidence
reported in the previous work [5], we target two practical
objectives: (i) reducing the number of RF features that must
be acquired to reach a reliable decision, and (ii) identifying
frequency regions that maximize information content while
avoiding redundant measurements.

On a preliminary dataset comprising 14 substances (de-
noted as subl, ..., subl4), 20 repetitions per substance,
and 1000 candidate RF features per acquisition, an em-
bedded feature selection stage based on XGBoost provided
qualitative evidence that only a small subset of features
drives separability. Using the top-ranked features, we then
implemented a CART decision policy that supports sequen-
tial inference: at run time, the sensor acquires only the
features along the visited decision path, so the number of
acquired features is upper-bounded by the reached depth.
Under balanced operating conditions, this strategy yields a
substantial reduction in expected acquisition/inference time
(e.g.,> 30% in our preliminary tests, with larger gains
when class priors are available and the decision policy can
prioritize more likely substances).

From a healthcare perspective, the main value of the
proposed framework is that it turns an RF/SDR chemical
sensor into a time- and energy-aware decision system, align-
ing substance identification with point-of-care and home-
care constraints. Concretely, we (i) identified that separability
is driven by a small subset of spectral features, enabling
targeted frequency regions of interest, and (if) implemented a
tree-based, query-driven inference strategy in which features
are acquired only along the visited decision path, bounding
the required acquisitions by the tree depth rather than by
the full feature dimensionality. On our preliminary dataset
(14 substances, 3-6 GHz band, 1000 candidate features),
this yields a substantial reduction in expected acquisi-
tion/inference time under balanced conditions (on the order
of tens of percent) while maintaining accurate classification,
thereby supporting time-critical sensing of biological or
otherwise time-evolving samples.

Future work will address the current limitations of not
considering class priority or of not ensuring faster infer-
ence for specific classes. This will be explored using the
Cascades approach or by integrating sequential models with
reinforcement learning. Expanding the dataset in size and
diversity will enable a more refined selection of frequency
ranges and targeted excitation of high-information carrier
frequencies. Additionally, future studies will explicitly ad-
dress time-evolving samples, such as biological or highly
reactive substances, where prolonged acquisition windows
may degrade label consistency and insufficient temporal
sampling may impair classifier generalizability. The results

achieved, specifically the identified frequency bands and the
spacing between spectral features, will play a key role in
guiding decisions about expanding the dataset to include
additional liquids and in informing the design of new, smaller
Sensors.
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