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A B S T R A C T

Air quality monitoring using low-cost sensors has become increasingly important, yet their measurements
are often inaccurate. Traditional adjustment methods face limitations in both applicability and explainability.
This paper presents an explainable artificial intelligence approach for rule reduction in adaptive neuro-
fuzzy inference systems, to improve the interpretability and efficiency of fuzzy models for fine particulate
matter (PM2.5) measurement adjustment. We introduce two novel algorithms, the Binary Activation Method
and the Weighted Activation Method, to assess and eliminate redundant rules while maintaining predictive
performance, validating the approaches in multiple geographic locations. On average, rule pruning results
in an increase in MAE of 0.2 on the training set and 0.1 on the test set. The simplified models retain
strong correlation, with Pearson’s correlation coefficients ranging from 0.73 to 0.96 in the test set. These
results support the development of reliable and interpretable artificial intelligence systems for environmental
monitoring.
Software and data availability

Name of the software: ANFIS_PM_adjustment: AQDR - v1.1.0
Developers: Martina Casari, Piotr A. Kowalski
Contact information: martina.casari@unimore.it
First-year available: 2025
Software required: MATLAB
Programming language: MATLAB
Cost: free
Software availability and open data: Martina Casari et al. (2024).

Program size: less than 200 kB
License: CC BY 4.0
Data required for the local installation and use of software is ac-

cessed through the cloud.

1. Introduction

Air quality monitoring increasingly relies on dense networks of low-
cost sensors, which enable high spatial resolution and participatory
science but exhibit significant limitations in accuracy and reliability.
Issues such as calibration drift, meteorological sensitivity, and sensor-
to-sensor variability lead to biased and inconsistent measurements,

✩ This article is part of a Special issue entitled: ‘Air quality modelling’ published in Environmental Modelling and Software.
∗ Corresponding author.
E-mail addresses: pkowal@agh.edu.pl (P.A. Kowalski), martina.casari@unimore.it (M. Casari), laura.po@unimore.it (L. Po).

making raw outputs unsuitable for decision-making without appropri-
ate adjustment (Castelli et al., 2020; Guo et al., 2022). Addressing
these challenges requires models that are not only accurate but also
interpretable, so that corrections to raw data can be trusted in sensitive
domains like public health and environmental policy. In this study, we
explicitly address this challenge by investigating how explainable AI
techniques can be applied to adaptive neuro-fuzzy inference systems
(ANFIS) models in order to improve the calibration and adjustment of
air pollution measurements.

Fuzzy logic, and in particular ANFIS, provide a promising frame-
work for this task. ANFIS integrates the learning ability of neural
networks with the interpretability of fuzzy inference, allowing non-
linear relationships to be captured while maintaining a rule-based
structure (Jang, 1993b). This makes it particularly suitable for sensor
calibration tasks, where robustness and transparency are equally im-
portant. However, automatically trained ANFIS models often produce
large rule bases that reduce interpretability and increase computational
costs.

Explainable Artificial Intelligence (XAI) techniques offer a way to
overcome these issues by guiding model simplification and enhanc-
ing transparency. Methods such as rule pruning, feature attribution,
https://doi.org/10.1016/j.envsoft.2025.106734
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and interpretability-driven optimisation have been applied in fields
ncluding medicine, environmental modelling, and safety-critical sys-

tems (Arrieta et al., 2020; Holzinger et al., 2017). Building on these
pproaches, we explore how XAI can be integrated with ANFIS to
mprove model compactness and interpretability in the context of air
ollution measurement adjustment.

In this paper, we focus specifically on a real-world case study:
pplying XAI methods to support rule reduction in ANFIS trained

on multi-location air pollution datasets. Unlike studies that rely on
synthetic or benchmark data, we demonstrate how explainability can
directly improve the reliability and deployment readiness of models
used for air quality monitoring.

AI-based approaches to air pollution modelling have been widely
nvestigated, from regression and machine learning methods to deep
earning architectures (Castelli et al., 2020; Guo et al., 2022; Wang

et al., 2022). In this landscape, hybrid neuro-fuzzy methods provide
a valuable balance between predictive performance and interpretabil-
ty. For example, Casari et al. (2024b) demonstrated the effectiveness

of ANFIS for calibrating low-cost PM2.5 sensors, comparing different
rule-generation strategies and benchmark machine learning techniques.

Interpretability has also emerged as a key focus in environmental
modelling. Studies have applied techniques such as SHAP and LIME to
dentify the importance of meteorological features in air pollution pre-
iction, showing, for instance, the critical role of humidity in shaping
ensor responses (Casari et al., 2024a; Casari and Po, 2024c). These

works highlight the value of explainability but typically stop short of
addressing model simplification. Our study extends this line of research
by introducing XAI-based rule reduction methods for ANFIS, explicitly
targeting the interpretability–complexity trade-off in environmental
applications.

Beyond these contributions, Concas et al. (2021) provided a broad
urvey of low-cost air quality monitoring, identifying calibration drift
nd environmental variability as persistent challenges for sensor relia-

bility. Alhasa et al. (2018) further validated ANFIS for the calibration
f electrochemical ozone sensors, showing that hybrid fuzzy-neural
odels consistently outperform linear and standard machine learning

pproaches when meteorological covariates are incorporated.
From a broader engineering perspective, systematic reviews in

Bressane et al. (2024) and Korkidis and Dounis (2023) demonstrate
that fuzzy-ML models consistently outperform traditional methods in
cenarios marked by uncertainty, highlighting their transparent and
nterpretable nature in environmental engineering applications.

In the realm of XAI for fuzzy systems and neuro-fuzzy models,
Talpur et al. (2023) provide a systematic survey of deep neuro-fuzzy
ystem architectures, optimisation methods, and future directions, un-
erscoring the role of hybrid neuro-fuzzy systems in bridging perfor-
ance and explainability. Islam et al. (2019) proposes fuzzy integral
eural networks (ChIMP/iChIMP) to enable explainable fusion in deep
earning, with applications in remote sensing, illustrating how fuzzy
ggregation can support interpretability in sensor-based domains.

Kusy et al. addressed the explainability of air pollution prediction
odels by applying machine learning techniques combined with XAI
ethods such as SHAP and LIME (Kusy et al., 2022). Their work
ighlights how interpretability tools can uncover the influence of mete-
rological and environmental variables on model predictions, demon-
trating the practical role of XAI in increasing trust in data-driven air
uality forecasting.

There is growing interest in advanced calibration paradigms such as
meta-learning. Authors in Yadav et al. (2022) introduced a few-shot cal-
ibration method for 𝑃 𝑀2.5 sensors using model-agnostic meta-learning
(MAML), enabling sensor calibration with minimal co-deployment with
reference monitors.

The motivation of this study is twofold. First, we tackle the chal-
lenge of calibrating low-cost sensors by using ANFIS, which naturally
combines expert knowledge with data-driven learning. Second, we
2 
demonstrate how XAI techniques can improve interpretability by en-
abling principled rule reduction, ensuring that models remain compact,
accurate, and transparent. Importantly, the focus of this paper is not
n developing a generic framework for XAI in neuro-fuzzy systems,
ut on showing how such techniques can be concretely applied to
he domain of air quality monitoring as a real-world case study. This
ombination directly addresses the practical requirements of environ-
ental monitoring, where both predictive reliability and explainability

re essential.
This work introduces two entirely novel algorithms for interpreting

he relative importance of individual rules within ANFIS. Unlike con-
entional pruning approaches that rely on heuristic metrics or global
odel sensitivity, the proposed methods evaluate the contribution of

each rule to the model’s inference process in a context-sensitive and
explainable manner. By grounding the analysis in real-world envi-
ronmental data, we show that XAI-driven rule reduction can yield
compact ANFIS models that retain high calibration performance while
significantly improving interpretability.

This behaviour is highly desirable in practical applications, es-
pecially in resource-constrained environments. The ability to reduce
computational costs, memory requirements, and energy consumption—
while maintaining near-original model quality—makes the proposed
approach an attractive solution for real-time or embedded deploy-
ment of neuro-fuzzy systems. The proposed rule importance evaluation
mechanisms also contribute to the broader field of explainable AI,
offering insights into internal model functioning that support informed
decisions about model optimisation and trustworthiness.

The paper is structured as follows. Section 2 describes the ANFIS
rchitecture and the proposed Binary and Weighted Activation Methods

for rule importance evaluation. Section 3 presents experimental valida-
tion using real-world datasets, showing how rule reduction enhances
interpretability with minimal accuracy loss. Conclusions and future
directions are summarised in Section 4.

2. Modelling approach and fuzzy logic explainable techniques

Fuzzy logic (FL) provides a well-established mathematical frame-
work for reasoning under conditions of uncertainty, vagueness, and
imprecision (Zadeh et al., 1996; Zadeh, 1978). Unlike classical binary
ogic, which constrains statements to truth values of either 0 or 1, FL

allows for intermediate degrees of truth expressed through membership
functions. This property makes fuzzy systems particularly suited to
modelling real-world phenomena in which linguistic variables such as
low, medium, and high cannot be crisply defined. A fuzzy inference sys-
tem (FIS) thus offers a structured mechanism for capturing human-like
reasoning in a way that remains interpretable to domain experts.

Since its inception, fuzzy logic has been applied successfully in
diverse fields, including process control, image analysis, artificial in-
telligence, and information systems, where ambiguous or noisy data
must be interpreted. Recent advances have also extended its theo-
retical foundations: algebraic contributions on fuzzy classical two-
absorbing secondary sub-modules (Hanoon and Ibrahim, 2024), fuzzy
soc-small two-absorbing modules (Hanoon et al., 2024), and optimi-
sation with metaheuristic algorithms in fuzzy environments (Sutikno,
2023) illustrate the breadth of current research directions.

A standard fuzzy inference system can be described in terms of
five interconnected components: fuzzification, a knowledge base, an
inference engine, aggregation, and defuzzification. In the fuzzification
stage, crisp numerical inputs are mapped to fuzzy sets through mem-
bership functions (MF). Given a domain of input values 𝑋 and a specific
observation 𝑥 ∈ 𝑋, a fuzzy set 𝐴 can be defined as:

𝐴 = {(𝑥,MF(𝑥)) ∣ 𝑥 ∈ 𝑋},

where MF(𝑥) is a membership degree between 0 and 1 indicating the
xtent to which the observation belongs to a category. For instance,

a temperature of 25 ◦C might simultaneously belong to the categories
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Table 1
Commonly used defuzzification methods in fuzzy inference systems.

Method Definition Advantages/Limitations

Centroid (Centre of Gravity) 𝑥∗ =
∫ 𝑥 𝜇(𝑥) 𝑑 𝑥
∫ 𝜇(𝑥) 𝑑 𝑥 Most widely used; provides smooth and balanced

outputs. Computationally more demanding due to
integration.

Bisector of area Finds 𝑥∗ that divides the fuzzy set area
into two equal parts

Simple conceptually; less sensitive to extreme values.
May produce discontinuous outputs in asymmetric
sets.

Mean of Maxima (MOM) 𝑥∗ = 1
𝑛

𝑛
∑

𝑖=1
𝑥𝑖, where 𝑥𝑖 are points with

maximal membership degree

Very efficient; easy to implement. However, ignores
the overall shape of the membership function.

Smallest/Largest of maxima Chooses the smallest (SOM) or largest
(LOM) 𝑥𝑖 with maximal membership

Extremely simple; but highly sensitive to noise and
not representative of the fuzzy set as a whole.
f

m
a

p
d
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warm (0.8) and hot (0.3). Membership functions are typically chosen in
triangular, trapezoidal, Gaussian, or sigmoid forms, depending on the
problem domain.

The knowledge base encodes expert knowledge in the form of IF-
-THEN rules. Each rule combines antecedents (conditions on the input
ariables) and consequents (system responses). Logical operators are
mplemented using Zadeh’s fuzzy operators:

NOT 𝑥 = 1 − MF(𝑥), 𝑥 AND 𝑦 = min(MF(𝑥),MF(𝑦)),
𝑥 OR 𝑦 = max(MF(𝑥),MF(𝑦)).

Although the number of possible rules can grow rapidly with the
dimensionality of the input space, in practice the complexity is more
strongly influenced by the granularity of the membership functions
rather than the absolute number of rules (Gegov et al., 2017).

The inference engine evaluates the rules using the fuzzified input
ariables and produces fuzzy conclusions. Rules can be weighted to
djust their relative influence on the output. The results are aggregated
nto a single fuzzy output set, which represents the system response.
inally, the defuzzification stage converts this fuzzy set back into a crisp
alue suitable for practical interpretation. Among several methods,
he centroid technique, which computes the centre of mass of the
utput fuzzy set, is the most widely adopted. A concise comparison of
ommonly used defuzzification strategies, including centroid, bisector,
nd mean of maxima, and their respective characteristics, is presented
n Table 1.

This modelling approach not only accommodates imprecise and
ncertain data but also produces interpretable structures in the form of
ules and membership functions. As such, fuzzy inference systems offer

a natural foundation for developing explainable techniques in hybrid
architectures such as the adaptive neuro-fuzzy inference system, which
integrates fuzzy reasoning with neural network learning.

ANFIS, originally proposed by Jang and Sun in 1994 (Jang, 1993a),
represents a powerful framework for modelling nonlinear, uncertain,
r imprecise data by integrating fuzzy inference with neural network
earning. This hybrid structure enhances transparency while adapting
o data-driven patterns, enabling the modelling of complex nonlinear

relationships with both accuracy and interpretability (Sayyaadi, 2021;
Chanal et al., 2022).

In practice, ANFIS begins with the construction of a fuzzy infer-
nce system based on initial membership functions and rule struc-
ures. Through supervised training, commonly using a hybrid learning
lgorithm that combines backpropagation with least-squares estima-
ion (Karaboga and Kaya, 2019), the system iteratively adjusts both

the membership functions and the rule parameters to minimise error
and better fit the observed data. A key feature of this architecture is
that, even after optimisation, the fuzzy rules remain accessible and
nderstandable, thus preserving interpretability, a property of critical
mportance in high-stakes applications where model outputs must be

erified and certified. a

3 
ANFIS can be viewed from two complementary perspectives: either
as a fuzzy inference system enriched with neural network learning
capabilities, or as a neural network that embeds linguistic information
contributed by domain experts. This dual interpretation underscores
the framework’s versatility. Fig. 1 presents the canonical five-layer
feedforward ANFIS architecture, while Fig. 2 illustrates the membership
unctions at the fuzzification stage.

The operation of ANFIS can be formalised as follows. In the first
layer, fuzzification is performed by adaptive nodes equipped with

embership functions. For instance, bell-shaped functions are defined
s

𝜇𝐴𝑖
(𝑥) = 1

1 + |

|

|

|

𝑥−𝑐𝑖
𝑎𝑖

|

|

|

|

2𝑏𝑖
,

where {𝑎𝑖, 𝑏𝑖, 𝑐𝑖} are premise parameters to be tuned during training. In
the second layer, the firing strength of each fuzzy rule is computed as
the product of the corresponding membership degrees, i.e.

𝑤𝑖 = 𝜇𝐴1
(𝑥) × 𝜇𝐵1

(𝑦),

which is equivalent to a fuzzy logical AND. The third layer normalises
these firing strengths across all rules:

𝑤𝑖 =
𝑤𝑖

∑𝑁
𝑗=1 𝑤𝑗

.

In the fourth layer, each rule contributes a linear function of the inputs
weighted by its normalised firing strength:

𝑓𝑖 = 𝑤𝑖(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖),

where {𝑝𝑖, 𝑞𝑖, 𝑟𝑖} are consequent parameters updated during learning.
Finally, in the fifth layer, all rule outputs are aggregated into the system
output:

𝑓 =
𝑁
∑

𝑖=1
𝑤𝑖𝑓𝑖.

This layered representation illustrates how ANFIS retains the trans-
arency of fuzzy inference while enhancing flexibility through data-
riven training. It thus occupies a unique position among neuro-fuzzy
ystems, combining interpretability with predictive accuracy.

While ANFIS provides both accuracy and interpretability, automat-
cally generated models often become too complex due to an excessive

number of rules. To address this, we introduce two novel explainability-
driven rule reduction strategies, presented in the following section.

2.1. Fuzzy rule usage analysis

To assess the contribution of individual fuzzy rules during model
raining, two complementary approaches were used to evaluate their
ctivation frequency: a Baseline Activation Method (BAM) and aWeighted
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Fig. 1. The canonical ANFIS architecture consisting of five computational layers.
Fig. 2. Membership functions at the fuzzification layer for a two-input system.
Activation Method (WAM). Both techniques aim to quantify the par-
ticipation of each rule in the inference process, informing subsequent
decisions about rule pruning and system simplification.

Let 𝛼(𝑖)𝑟 denote the activation level of rule 𝑟 for the 𝑖th training
sample. A rule is considered active for a sample if 𝛼(𝑖)𝑟 > 0. The
evaluation process is structured into four main steps:

1. Rule Evaluation: For each input sample, the activation level
𝛼(𝑖)𝑟 of every fuzzy rule is computed. This involves evaluating
the membership degrees of each antecedent and taking their
minimum to determine the rule activation.

2. Activation Counting: Rules with non-zero activation are con-
sidered active and contribute to the usage statistics.

3. Frequency Computation: After processing the entire dataset,
usage counters are normalised by the total number of training
samples to obtain relative activation frequencies.

4. Rule Pruning: applies a common iterative procedure (detailed
in Section 2.1.3) that progressively removes the least used rules,
regardless of whether BAM or WAM is used for the frequency
computation.

In the following sections, detailed examinations of the BAM (Sec-
tion 2.1.1) and WAM (Section 2.1.2) approaches are provided, along
with the iterative procedure used to progressively remove rules and
evaluate their impact on model performance, which is described as a
common component in Section 2.1.3.

2.1.1. Binary Activation Method
In the Binary Activation Method, each rule is treated equally once

activated, regardless of its actual activation strength. This method
simply counts how many times each rule is triggered across the dataset.
This method is useful when interpretability and simplicity are priori-
tised over a nuanced understanding of rule strength.
4 
If the rule 𝑟 is active for the sample 𝑖, i.e., 𝛼(𝑖)𝑟 > 0, its counter is
incremented as:

UsageCounter𝑟 ← UsageCounter𝑟 + 1. (1)

After all 𝑁 samples have been processed, the relative frequency of
rule activation is given by:

𝑓 (𝑑)
𝑟 =

UsageCounter𝑟
𝑁

. (2)

The straightforward approach to rule reduction involves iteratively
removing the least frequently activated rules based on their usage
counts; in this way, the system can be simplified with minimal ex-
pected loss in performance. The resulting value 𝑓𝑟 corresponds to the
list that, when sorted, is used for rule pruning (as represented by
ruleUsageCounter in line 1 of Algorithm 1).

Its main advantage lies in its ease of implementation. However,
the method also presents limitations, as it implicitly assumes that
rules activated infrequently are unimportant, an assumption that may
not hold in cases where rarely triggered rules play a crucial role in
exceptional but meaningful scenarios.

To represent the BAM for the entire analysis over each dataset, the
BAM was independently normalised using min–max scaling for each
dataset. Let 𝑓 (𝑑)

𝑟 denote the binary activation count of a rule 𝑟 in the
dataset 𝑑, and let 𝑓 (𝑑)

min and 𝑓 (𝑑)
max denote the minimum and maximum

rule counts in that dataset, respectively. The min–max normalisation is
defined as:

𝑓 (𝑑)
𝑟 =

𝑓 (𝑑)
𝑟 − 𝑓 (𝑑)

min

𝑓 (𝑑)
max − 𝑓 (𝑑)

min

, (3)

where 𝑓 (𝑑)
𝑟 is the normalised activation frequency of the rule 𝑟 in the

dataset 𝑑.



P.A. Kowalski et al.

o

𝑓

f

M
a
e
e

s

c
e
a
m
c
m

g
B
t
p
m
o

i

a
c
p

b
d
m
v

Environmental Modelling and Software 195 (2026) 106734 
After computing 𝑓 (𝑑)
𝑟 for all datasets, the final value for each rule is

btained by averaging the normalised frequencies in all 𝐷 datasets:

𝑟̄ =
1
𝐷

𝐷
∑

𝑑=1
𝑓 (𝑑)
𝑟 . (4)

This process yields a dataset-agnostic representation of rule usage,
acilitating fair comparison and further analysis.

2.1.2. Weighted Activation Method
In the second, more refined approach, the Weighted Activation

ethod, the actual activation strength of each rule was accumulated
cross the dataset. Instead of incrementing by one, the counter for
ach rule was increased by its activation value. This provides a better
stimate of how strongly each rule contributes to the model’s output.

Formally, if 𝛼(𝑖)𝑟 > 0, then:

UsageCounter𝑟 ← UsageCounter𝑟 + 𝛼(𝑖)𝑟 . (5)

This method emphasises the influence of highly activated rules and
results in a normalised usage profile that reflects both frequency and
trength of activations:

𝑓 (𝑑)
𝑟 =

∑𝑁
𝑖=1 𝛼

(𝑖)
𝑟

𝑁
. (6)

As for BAM, the resulting value 𝑓 (𝑑)
𝑟 corresponds to the list that

is sorted during the pruning procedure (i.e., ruleUsageCounter in
line 1 of Algorithm 1).

This weighted approach addresses the key limitation of the binary
ount method. While both techniques yield useful insights into rule rel-
vance, the binary method may disproportionately highlight rules that
re frequently activated with low intensity. In contrast, the weighted
ethod provides a more nuanced perspective by emphasising rules that

onsistently exhibit strong activations, offering a better foundation for
odel refinement and pruning.

2.1.3. Rule pruning procedure
The pruning procedure described here is applied identically re-

ardless of whether the rule usage statistics are obtained through
AM or WAM. In both cases, fuzzy rules are ordered according to
heir activation statistics, and the least frequently activated rules are
rogressively removed. At each iteration, the model is re-evaluated to
onitor changes in performance. The main steps of the procedure are

utlined in Algorithm 1. To provide a deeper understanding, each step
of the algorithm is detailed below:

1. Sorting the Rules: (Line 1 of Algorithm 1) The fuzzy rules are
first ranked based on their activation frequency. Rules that are
triggered more frequently are considered more important. This
ranking is obtained by sorting the ruleUsageCounter array
in descending order:

2. Initialisation: (Prior to the Loop in Algorithm 1) Arrays or
variables are prepared to track model performance metrics dur-
ing each iteration, including the Pearson Correlation Coefficient
(PCC), Mean Absolute Error (MAE), and Root Mean Square Error
(RMSE) for both training and test datasets.

3. Iterative Rule Pruning and Model Tuning: (Loop in Algorithm
1) The algorithm iteratively reduces the rule base, retrains the
system, and evaluates performance as follows:

• Rule Subset Selection: (Lines 2–3 of Algorithm 1) In each
iteration 𝑘 ∈ {1,… , 𝑁− 1}, where 𝑁 is the total number of
rules, the top 𝑁−𝑘 most frequently used rules are retained:

• FIS Reduction: (Block 4 of Algorithm 1) A new reduced
FIS is created by keeping only the rules and output mem-
bership functions associated with the selected indices:
5 
Algorithm 1: Reduced Model Tuning
// Sorting the Rules

1 sortedFrequencies, sortedIndices ←

sort(ruleUsageCounter, descending)
// Iterative Rule Pruning and Model Tuning

2 for iter ← 1 to numRules - 1 do
// Rule Subset Selection

3 selectedRulesIdx ← sortedIndices[1 : end - iter +
1]
// FIS Reduction

4 reducedFIS ← copy of outputFIS
5 reducedFIS[Rules] ←

outputFIS.Rules[selectedRulesIdx]
6 reducedFIS.Output.MembershipFunctions ← output-

FIS.Output.MembershipFunctions[selectedRulesIdx]
// ANFIS-Based Tuning

7 opt ← create tuning options with method "anfis"
8 in, out, rule ← get tunable settings from reducedFIS
9 retrainedFIS ← tune reducedFIS using [in; out], x, y,

and opt
// Model Evaluation

10 resultTrain ← evaluate retrainedFIS using
completeTrainTable and currentCombination

• ANFIS-Based Tuning: (Block 5 of Algorithm 1) The re-
duced FIS is then retrained using ANFIS to fine-tune the
system parameters (input and output membership func-
tions). This step compensates for the removed rules by
reoptimizing the FIS:

• Model Evaluation: (Line 6 of Algorithm 1) The retrained
FIS is evaluated on the training dataset to measure its
performance:

4. Performance Tracking: (Throughout Algorithm 1) At each it-
eration, performance metrics are recorded to monitor how the
gradual reduction in rule base size affects predictive accuracy.
This allows for identifying a balance between system complexity
and performance, enabling the selection of an optimally reduced
model.

This process enables a gradual simplification of the fuzzy model,
dentifying the minimal rule set that retains acceptable performance. It

is especially useful for reducing computational complexity and improv-
ing interpretability without significantly degrading predictive quality.

3. Numerical verification of proposed XAI procedures

3.1. Datasets

The datasets used in this study were acquired from multiple sources,
including three Italian datasets obtained through a collaborative effort
with Regional Agencies for Environmental Protection (ARPA) and low-
cost sensors (LCS) supplied bysupplied by Wiseair SRL (Wiseair, 2024),
 Milan-based startup focused on data-driven solutions for optimising
ommuting patterns and generating measurable impacts on workplace
roductivity. In these deployments, SPS30 sensors (Sensirion, 2023)

were co-located with ARPA reference stations (RS) across three ur-
an environments: Reggio Emilia, Trento, and Aosta. The raw sensor
ata were recorded at a temporal resolution of 15 min, while the RS
easurements were sampled every hour. To increase geographical di-

ersity, open-source datasets from Calgary (Canada) (Si et al., 2020; Si,
2019) and Lima (Peru) (Villanueva et al., 2023) were also incorporated,
selected due to the availability of aligned and co-located LCS and RS.
The simultaneous availability of data from both co-located RS and LCS
is essential, as it allows for the calibration and adjustment of low-cost
sensor readings. The RS data serve as a reliable benchmark, enabling
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Table 2
Dataset dimensions and temporal coverage.

City Train samples Test samples Total Date range

Aosta 4534 1530 6064 2024-02–2024-06
Reggio Emilia 3440 1147 4587 2024-09–2024-12
Trento 1586 532 2118 2024-11–2025-02
Lima 3201 1078 4279 2021-11–2022-01
Calgary 2268 758 3026 2018-12–2019-04

the development of models that improve the accuracy and reliability of
CS measurements.

Data preprocessing. To ensure consistency across locations, both LCS
nd RS data were temporally aligned and resampled to an hourly
esolution. As shown in Table 2, which reports sample sizes and tem-

poral coverage for each dataset, a monthly stratified 75/25 train-test
split was applied. This approach systematically allocated 25% of each
month’s observations to the test set, ensuring seasonal representative-
ness.

Table 2 summarises the number of training and test samples, along
ith the total sample size and temporal coverage for each location.

The preprocessing pipeline included the following key steps:

• Missing data imputation: Gaps in the time series were filled
using linear interpolation

• Data quality control: Measurements exceeding physically plau-
sible thresholds were discarded

• Feature selection: The input of the model is created by including:

– Low-cost sensor PM2.5 measurements
– Meteorological parameters (relative humidity, temperature,

pressure)

• Target variable: PM2.5 concentrations from RSs
• Standardisation: All features were standardised after the train-

test split.

Fig. 3 presents one-month excerpts of PM2.5 sensor data collected
rom three representative locations: Aosta, Trento, and Calgary. Each
ubplot compares measurements from two types of sensors: LCS in blue
nd RS in black.

• Aosta (Fig. 3(a)): February 2024 data exhibit multiple peaks in
PM2.5 concentration, reaching 50–60 μg/m3. LCS and RS mea-
surements follow similar temporal trends, although LCS readings
are consistently slightly higher during peaks.

• Trento (Fig. 3(b)): Data from November to December 2024 show
greater variability, with LCS occasionally recording values above
150 μg/m3. Although general trends are aligned, LCS readings
tend to overestimate during high-pollution episodes.

• Calgary (Fig. 3(c)): In December 2018 – January 2019, PM2.5
levels remained relatively low (mostly under 20 μg/m3), with
only a few episodic peaks. During such peaks, the discrepancy
between LCS and RS measurements becomes more pronounced,
indicating increased sensor sensitivity under elevated pollution
conditions.

This illustration provides a broader overview of the available data,
ighlighting how location significantly influences PM2.5 levels even
hen using the same low-cost sensor model. In particular, it contrasts
osta and Trento, where the same sensor (SPS30) was deployed but
nder different environmental conditions, resulting in notably different

PM2.5 patterns. Moreover, it shows that Aosta and Calgary, despite
using different low-cost sensors (SPS30 and PMS5003, respectively),
exhibit similar PM2.5 concentration ranges, suggesting that location
lays a prominent role along with the sensor type in determining the

observed values.
 n

6 
3.2. Results and discussion

This section reports the results of fuzzy rule pruning experiments,
conducted using the two proposed strategies to evaluate the usage of
rules. The goal is to investigate to what extent each method enables rule
reduction while maintaining the predictive performance of the FIS.

3.2.1. Binary Activation Method Results
This section reports the results obtained using the BAM, as exposed

n Section 2.1.1, where rules are evaluated solely based on how fre-
uently they are triggered, regardless of the strength of their activation.
he focus is on how performance metrics, such as Mean Absolute
rror and the Pearson correlation coefficient, evolve as less frequently
ctivated rules are iteratively removed from the system.

Fig. 4 presents a heatmap of 48 fuzzy rules, each defined by linguis-
tic labels for the variables pm2p5_x, relative_humidity, tem-
perature, and pressure, along with their corresponding mean
Activation Count Normalised (ACN), ranging from 0 to 1. The first
column of the table represents the unique identifier assigned to each
rule. Each row corresponds to a fuzzy rule defined by a conjunction
i.e., logical AND) of conditions on the input features, which form
he rule’s antecedent. The consequent of each rule, representing the
redicted value of pm2p5_y (i.e., the 𝑃 𝑀2.5 concentration measured
y the reference sensor), is not shown, as it is not informative for
nterpretability. The figure also reports the mean ACN value for each
ule, computed using the Binary Activation Method, reflecting the
elative importance or frequency of activation of each rule across the
ataset.

The ACN is computed to enable a fair comparison of rule usage
requencies across multiple datasets (e.g., Aosta, Trento, etc.), following
he procedure detailed in Section 2.1.1 and formalised in Eqs. (1)

and (2).
Rules exhibiting high activation values (ACN > 0.75) are predomi-

antly associated with low pm2p5_x levels in combination with high
r very high relative_humidity, where the temperature level
s equally distributed. For instance, Rule 13 (LOW, HIGH, LOW, HIGH)
nd Rule 17 (LOW, VERY HIGH, LOW, HIGH) achieve ACN values of
.835 and 0.800, respectively. These configurations suggest that under
onditions of low particulate concentration, elevated humidity, and
ressure significantly contribute to rule activation.

Conversely, rules with low activation values (ACN < 0.1) are typi-
ally linked to low or high pm2p5_x values combined with very low
elative_humidity, regardless of temperature and pressure. Rules
4 to 27 (e.g., HIGH, VERY LOW, LOW, LOW) demonstrate minimal
ctivation (ACN ≈ 0), suggesting these environmental states are either
are or considered non-significant by the system.

Medium activation values (ACN between 0.3 and 0.7) are com-
only found in rules involving LOW, MEDIUM or SATURATED humidity

evels, indicating moderately relevant conditions. Notably, the role of
emperature is less decisive, as both low and high values appear
cross the activation spectrum, suggesting a more nuanced influence
n the rule base. In contrast, high pressure is frequently linked to
ules with elevated ACN values compared to low pressure, whereas low
ressure is more typical of rules with lower activations.

Overall, the rule activation pattern highlights the importance of
relative_humidity and pressure in shaping the system’s in-
terpretation of environmental conditions, particularly in conjunction
with low pm2p5_x levels. These insights may support the design
of more targeted monitoring strategies or adaptive decision-making
mechanisms in air quality or ambient sensing applications.

While Fig. 4 provides a numerical summary of normalised average
activations across datasets, Fig. 5 shows a visual representation of rule
ctivations per dataset.

The plot reveals two distinct macro areas where rules are predomi-
antly active across the datasets, with variations in their importance.
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Fig. 3. One-month excerpts of sensor data for three selected locations: Aosta, Trento, and Calgary.
For example, Calgary and Trento activate distinct sets of rules, while
Aosta shows a broader distribution of active rules compared to the
others. Trento and Reggio display similar activation patterns in the
initial phase, though Reggio shows a lower activation count in the
second macro area. The middle and upper sections of the plot indicate
that certain scenarios are less frequently observed or activated. These
rules are primarily the ones pruned by the system without significantly
impacting overall performance.

These activation patterns, highlighted by the black line representing
the mean, align with the global average values shown in Fig. 4, as also
reflected by its colour scale.

Fig. 6 illustrates the progression of the MAE during the rule pruning
process for both the training and test datasets. The MAE is computed
separately for each dataset (i.e., for each location) at every pruning
7 
step; the final plot summarises this information by reporting the av-
erage MAE across all locations, along with the range of variation.
The close overlap between the two curves indicates consistent model
behaviour across data splits. The solid lines represent the average
MAE across all locations, while the shaded areas denote the range
of variation observed for each dataset. The MAE remains unchanged
in the initial pruning iterations, suggesting that removing the least
frequently activated rules does not degrade performance. However,
beyond a certain point, further pruning leads to a noticeable increase in
MAE, indicating that rules with substantive predictive value are being
removed, thereby affecting the system’s accuracy.

3.2.2. Weighted Activation Method Results
This section presents the results of the rule pruning process driven

by the WAM, see Section 2.1.2 for details. Unlike the binary strategy,
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Fig. 4. Fuzzy inference rules based on pm2.5_x (low-cost sensors), relative humidity, temperature, and pressure. Each rule is accompanied by its corresponding
mean activation value normalised, indicating its relevance across datasets.
Fig. 5. Normalised activation frequency of the rules in each dataset compared to the activation count normalised (ACN) by location (per rule).
this approach considers the intensity of the activation of each rule,
providing a more nuanced basis for pruning. The evaluation again
focuses on the evolution of key performance metrics as rules with lower
cumulative activation are progressively excluded.

As shown in Fig. 7, adopting a more refined rule evaluation strategy
helps the model maintain stronger performance during the initial stages
of pruning. In comparison to Fig. 6, the MAE in Fig. 7 remains lower
8 
and more stable across a greater number of pruning iterations. This in-
dicates that WAM is more effective in preserving model accuracy during
rule reduction. As a result, this approach supports the construction of
a more compact FIS, allowing a larger number of rules to be removed
without significantly compromising performance.

While this trend is visually evident in the figure, where performance
remains stable over successive pruning steps, it is further substantiated
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Fig. 6. MAE variation as a function of the number of reduced rules across locations, based on BAM.
Fig. 7. MAE variation as a function of the number of reduced rules across locations, based on WAM.
by the results in Table 3. To assess the effect of rule pruning on model
performance, the table compares outcomes obtained using the complete
rule set with those from a reduced configuration, in which pruning
was halted just before a notable decline in accuracy. This quantitative
comparison reinforces the observation that conservative pruning can
achieve model simplification with minimal performance loss. For Aosta,
Trento, and Calgary, the pruned system retains only the most relevant
rules, as identified by WAM. Despite substantial reductions in rule
count, in some cases removing more than half of the original rules,
the models maintain comparable performance in terms of PCC, MAE,
and RMSE. For example, in Aosta, the system with only 21 rules still
achieves a PCC above 0.87 on the test set and shows only marginal
differences in error metrics compared to the full 48-rule configuration.
A similar trend is observed in Calgary, where the reduced configuration
(29 rules) yields PCC values of 0.9686 and 0.9579 for training and
test sets, respectively, only slightly lower than with the full rule set,
and well above 0.95. This supports the idea that the pruning strategy
effectively identifies and preserves high-value rules. Notably, removing
just one additional rule at this stage causes a sharp increase in MAE and
RMSE, demonstrating the importance of selecting an optimal pruning
threshold.

In contrast, the datasets from Reggio Emilia and Trento show
greater sensitivity to rule reduction. Although simplified models con-
tinue to perform well on training data, they exhibit larger performance
drops when tested on new data, though the increase in MAE never
exceeds 1 unit. This pattern indicates that some datasets contain fewer
redundant rules, making aggressive pruning more challenging and
9 
potentially harmful to model performance. However, even under these
conditions, the models maintain strong predictive capabilities, demon-
strating the robustness and effectiveness of the proposed approach.
The results for Lima indicate that even with a reduction to just 18
rules, the model retains strong predictive power, with improved test set
PCC and reduced MAE compared to the full configuration, suggesting
that pruning may also act as a regularisation mechanism, improving
generalisation.

Fig. 8 presents a two-week excerpt of PM2.5 data for the selected
cities. The blue line represents the LCS measurements, the black line
corresponds to the RS, while the red and green lines indicate the
predictions from the original (non-reduced) and reduced FIS, respec-
tively, with the latter based on the configurations in Table 3. In all
cases, both the full and reduced FIS models closely follow the RS
data. In Aosta, the reduced system shows negligible deviation from
the original, indicating that rule pruning does not significantly impact
performance. In Trento, the reduced FIS appears to better handle peak
smoothing, as some overestimated spikes seen in the full model are
mitigated. After rule reduction, the predicted 𝑃 𝑀2.5 values align more
closely with the reference station measurements, indicating improved
accuracy in capturing peak behaviour. In contrast, in Calgary, a slight
underestimation is observed in the reduced system, where predicted
values tend to be lower than the ground truth during certain peaks,
suggesting a minor loss of information due to pruning.

To assess the stability of WAM during the rule reduction process,
Fig. 9 presents the PCC for each location, plotted for both the training
set (solid line with dots) and the test set (dotted line with crosses).
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Fig. 8. Two-week comparison of sensor data from three locations (Aosta, Trento, Calgary) showing: original LCS and RS measurements, full fuzzy model
predictions, and predictions using only the most active rules before performance drop.
Since the Pearson coefficient eventually drops to zero for all locations,
only the first 20 iterations are shown for clarity. Notably, for Trento,
the metric reaches zero before this threshold. This is linked to the one
more iteration, equals to one less rules, dropping performance a lot.

The plot illustrates the method’s ability to preserve model per-
formance during pruning. In some cases, such as Reggio Emilia, an
increasing gap between training and testing curves indicates a de-
cline in generalisation. Conversely, in locations like Aosta and Lima,
test performance improves throughout the pruning process, suggesting
enhanced generalisation by removing rarely activated rules. Calgary
exhibits consistently stable behaviour, while Trento shows a gradual
decline in performance, albeit with an initial improvement peaking
at iteration 8. This is because one additional iteration, corresponding
10 
to the removal of just one more rule, leads to a significant drop in
performance.

3.2.3. BAM and WAM comparison
The experimental evaluation demonstrates that the proposed Ex-

plainable AI strategies, particularly WAM, enable significant pruning
of fuzzy rules without compromising model accuracy. This capability
is crucial for air quality monitoring applications, where interpretable,
lightweight models are preferred for real-time and resource-constrained
environments. The predictions of the reduced models align well with
those of the full models in all cities and, in some cases, exhibit improved
robustness during peak events (as shown in Fig. 8). This highlights the
practical benefits of pruning for deployment-ready models that preserve
interpretability and reliability while reducing computational overhead.
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Fig. 9. Pearson correlation coefficient across different locations for both training and testing sets during the rule reduction process.
Table 3
Performance comparison of FISs using all rules versus a reduced rule set, just
before a significant drop in predictive accuracy.

Configuration Split PCC MAE RMSE

Aosta

All Rules (48) Train 0.9223 1.6736 2.6114
Test 0.8696 2.0413 3.2580

Reduced (21 Rules) Train 0.9106 1.7864 2.7935
Test 0.8779 1.9954 3.1432

Reggio Emilia

All Rules (48) Train 0.8436 5.4748 7.6765
Test 0.7503 6.1145 9.7517

Reduced (27 Rules) Train 0.8381 5.6002 7.7980
Test 0.7263 6.3621 10.257

Trento

All Rules (48) Train 0.8750 3.5950 4.8806
Test 0.8057 4.5680 6.5460

Reduced (31 Rules) Train 0.8110 4.2068 5.8977
Test 0.7597 4.9832 6.7890

Calgary

All Rules (48) Train 0.9757 0.8969 1.2455
Test 0.9644 0.9763 1.3801

Reduced (29 Rules) Train 0.9686 1.0344 1.4142
Test 0.9579 1.0988 1.4988

Lima

All Rules (48) Train 0.8855 2.8203 4.1711
Test 0.8237 3.3935 5.1643

Reduced (18 Rules) Train 0.8674 2.9891 4.4676
Test 0.8417 3.2463 4.8197

One key finding is that WAM consistently outperforms BAM, both
in terms of preserving predictive accuracy and ensuring stability during
pruning. By incorporating the strength of rule activations, WAM offers a
more nuanced view of rule relevance, avoiding the premature elimina-
tion of rules that may be rarely triggered but highly informative when
activated. This leads to a smoother degradation curve (as observed
in Fig. 7) and extends the number of pruning iterations in which the
performance remains stable.

The impact of pruning varies between locations, reflecting differ-
ences in data characteristics and environmental conditions. For ex-
ample, Aosta and Calgary exhibit high tolerance to rule reduction,
maintaining strong correlation and low error even with over 40% fewer
rules. In contrast, Reggio Emilia and Trento show greater sensitivity
to pruning, possibly due to higher noise levels or lower redundancy
in their input distributions. Lima presents an interesting case where
pruning not only reduces model complexity but also slightly improves
11 
generalisation, suggesting that removing noisy or inconsistent rules can
have a regularising effect.

WAM-based pruning can maintain high correlation levels in both
training and test sets across locations, at least up to an optimal thresh-
old (as shown in Fig. 9). The sudden drops observed after excessive
pruning iterations further justify the need for early stopping based on
performance monitoring.

Comparison with existing XAI methodologies. XAI techniques, introduced
in Section 1, are increasingly used to explain models that predict air
pollutant concentrations. Among these, SHAP and LIME are the most
common, especially for PM2.5 prediction using models like Random
Forest and LightGBM (Sunder et al., 2023; Aman et al., 2025; Bekkar
et al., 2024; Chakraborty et al., 2024). SHAP is popular due to its solid
theoretical background, ability to give both global and local insights,
and efficient performance with tree-based models. LIME is often used
with SHAP to help identify the key features affecting predictions.

In contrast, FIS are naturally interpretable by design. Each rule
clearly defines a combination of input conditions, and the frequency
at which a rule is activated provides a straightforward measure of its
importance. This removes the need for additional explanation tools.
However, fuzzy systems do not typically reveal the extent to which each
feature contributes to a prediction or explain individual cases in detail;
in our case, we tried to address this limitation through our design.

As noted in Cao et al. (2024), fuzzy rules are among the most widely
used explanation techniques in sequence-related tasks, especially in
healthcare. They offer strong interpretability and are easy to follow,
but they are closely tied to the specific model structure, which limits
their flexibility. In contrast, SHAP works with any model, but is harder
to interpret and requires more computing resources. Heatmaps sit in
the middle, depending on how they are applied.

Fuzzy systems are especially good at showing the reasoning process
using IF–THEN rules, which helps make the logic clear. They also
deal well with uncertainty and vague data, making them suitable for
applications where human understanding is important.

Combining fuzzy systems with XAI tools like SHAP could be a
useful strategy. It would bring together the understandable structure
of fuzzy rules with the detailed insights from SHAP, helping to check
rule coverage and uncover more complex patterns.

Overall, fuzzy systems continue to be among the most interpretable
methods, especially when clarity and simplicity are a priority.

3.2.4. Complexity of proposed algorithms
Both the BAM and WAM exhibit the same time complexity. In both

cases, the overall computational cost is determined primarily by the
product of the number of input samples and the number of fuzzy rules.
The latter is a fixed characteristic of the examined FIS. Among the var-
ious steps involved, the most computationally demanding component
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is the sorting sub-procedure, which is necessary for ordering the rules
based on their usage statistics. For many standard sorting algorithms,
this step has a time complexity of 𝑂(𝑛2), but more efficient algorithms
such as QuickSort can reduce this to 𝑂(𝑛 log2 𝑛).

To better illustrate the real-world impact of reducing computational
omplexity from 𝑂(𝑛2) to 𝑂(𝑛 log2 𝑛), it is helpful to consider tasks that
re both fundamental to computer science and central to contemporary
I. Two such examples are sorting large datasets, a classic computa-

ional problem, and the attention mechanism (Niu et al., 2021), which
is used extensively in Large Language Models (Naveed et al., 2023)
LLMs), such as GPT and BERT (Topal et al., 2021).

Consider an input size of 𝑛 = 16,384, which is representative of
real-world scenarios such as sorting high-volume logs or processing
long textual sequences in transformer-based models. For algorithms
with 𝑂(𝑛2) complexity, such as bubble sort or standard dense attention,
the number of required operations grows to approximately 268 million
(𝑛2 = 214 ⋅ 214 = 228). In contrast, methods that achieve 𝑂(𝑛 log2 𝑛) com-
plexity, such as optimised sorting routines or recent efficient attention
implementations (e.g., Flash Attention or kernel-based variants) require
only about 3.6 million operations (𝑛 log2 𝑛 ≈ 16,384 ⋅ 142 ≈ 3.2 × 106).
This corresponds to a reduction of more than 98% in the number of
operations.

Empirical results further underscore this difference. On an NVIDIA
100 GPU, the execution time for an 𝑂(𝑛2) algorithm at this input

size is approximately 350 ms per run. In contrast, the 𝑂(𝑛 log2 𝑛) al-
ternative completes the same task in roughly 25 ms, yielding a 14-fold
speedup. This gain becomes even more pronounced as input sizes grow,
highlighting the scalability advantage of the improved complexity.

Therefore, while the base operations scale linearly with the size
f the dataset and the number of rules, the sorting step introduces
 nonlinear overhead that should be considered when applying the
rocedure to systems with a large number of rules. Nevertheless, with
he computational capabilities of modern hardware, sorting even sev-
ral thousand elements can be performed efficiently and within a
elatively short time frame, making it a minor concern in most practical
pplications.

Such reductions in computational cost are not merely theoreti-
cal. They enable the practical deployment of large-scale models and
ata processing systems, especially in latency-sensitive or resource-

constrained environments. As demands for model size and sequence
length continue to rise, the benefits of more efficient algorithms become
increasingly critical.

4. Conclusions

The consistent performance observed with the proposed method
nderscores the effectiveness of rule pruning, particularly when guided

by the Weighted Activation Method, in preserving high adjustment
accuracy while significantly reducing model complexity. This reduction
leads to a more compact and computationally efficient system, with
minimal loss in predictive performance, even across diverse geographic
locations.

This study introduces and validates two Explainable AI techniques
or fuzzy rule pruning in adaptive neuro-fuzzy inference systems, ap-
lied to the task of 𝑃 𝑀2.5 measurement adjustment from low-cost
ensors: Binary Activation Method and Weighted Activation Method.

Among the two, WAM proves to be the more effective strategy,
enabling the construction of compact, interpretable, and computation-
ally efficient models while maintaining high predictive accuracy. The
roposed pruning procedure demonstrates that up to 40%–60% of
ules can be safely removed in certain cases without significant loss of

performance. In some scenarios, pruning even improves generalisation,
acting as a form of regularisation.

The method’s robustness across diverse geographic locations and
atasets supports its applicability in real-world environmental moni-
oring, particularly where transparency, low latency, and adaptability
 t

12 
are critical. By promoting semantic clarity and reducing complexity,
this approach contributes to the growing demand for trustworthy and
explainable AI systems in high-impact domains.

Fig. 5 illustrates how different cities exhibit varying rule activation
patterns, reflecting local data characteristics, yet shared activation
regions suggest some generalisable structure across locations.

The pruning strategy effectively reduces the number of fuzzy rules,
simplifying the model without sacrificing generalisability. As shown
in Fig. 9, performance remains comparable to the full model, with
MAE deviations remaining below 0.5 points. In Lima, pruning improves
model performance, as detailed in Table 3.

Among the two rule evaluation strategies considered, WAM con-
istently outperforms the Binary Activation Method, providing more
table behaviour during pruning and better accuracy in the early re-
uction stages. This is visible comparing Figs. 6 and 7, where WAM
aintains superior robustness. These characteristics make WAM a more

eliable and interpretable technique for guiding rule reduction in an
adaptive neuro-fuzzy inference system.

Given its low computational cost, high explainability, and demon-
trated stability, WAM represents a valuable tool for environmental
onitoring and data-driven decision-making.

Future work will explore combining data from multiple locations
uring training to provide more information for improving the output

adjustment at individual locations. By incorporating data that yields
similar rule rankings, this approach can augment the amount of training
data available, particularly benefiting the performance of low-cost sen-
sors with limited local data. This direction also opens the opportunity to
assess the generalisation capability of the ANFIS method by including
data from locations not involved in the co-location process but sharing
similar environmental contexts. Ultimately, this could reduce the time
required for co-locating low-cost sensors near reference stations.
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