
ABSTRACT

Reliable air-quality monitoring is fundamental to environmental sustainability, public-health surveillance,

climate resilience, and smart city governance. Among atmospheric pollutants, fine particulate matter with

an aerodynamic diameter of <2.5 µm (PM2.5) is particularly hazardous because prolonged exposure is

strongly associated with respiratory illness, cardiovascular disease, and premature mortality. Although

distributed low-cost environmental sensing systems have emerged as scalable alternatives to traditional

regulatory-grade monitoring stations, their operational reliability is frequently compromised by missing

observations, communication instability, calibration degradation, and long-term sensor drift. These issues

significantly affect data quality and may reduce the reliability of downstream predictive environmental

analytics.

This study presents a comprehensive analytical framework for evaluating missing-value behavior and sensor

drift within a large-scale PM2.5 microclimate sensing network. The analysis utilizes 897,085 environmental

observations collected from 12 distributed sensing devices between May 2022 and May 2026. The proposed

framework integrates device level and feature level missingness analysis, temporal missingness evaluation,

rolling statistical drift analysis, baseline deviation monitoring, Kolmogorov Smirnov distributional drift

testing, and z-score anomaly detection.

The findings reveal substantial heterogeneity in sensing reliability across devices and environmental

variables. Device-level analysis demonstrates severe acquisition instability in selected sensing nodes, while

feature level evaluation indicates that wind related variables exhibit the highest missingness behavior.

Sensor drift analysis further identifies significant long term deviations in PM2.5 sensing behavior, suggesting
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progressive calibration instability and operational degradation in multiple sensing devices. Statistical drift

testing confirms substantial distributional evolution across sensing periods.

The proposed framework contributes toward trustworthy environmental intelligence by establishing a

scalable methodology for evaluating sensing reliability in distributed smart city infrastructures. The findings

additionally emphasize the importance of continuous quality assurance, adaptive recalibration, and

automated drift monitoring for maintaining robust environmental sensing ecosystems.
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1. Introduction

1.1 Background and Environmental Significance

Air pollution has emerged as one of the most critical environmental and public-health challenges worldwide,

particularly in rapidly urbanizing regions characterized by increasing industrialization, transportation activity,

and population density. Among atmospheric pollutants, fine particulate matter with aerodynamic diameter

less than or equal to 2.5 micrometers (PM2.5) is especially hazardous because of its ability to penetrate deeply

into the respiratory tract and bloodstream, thereby contributing to respiratory disorders, cardiovascular

disease, neurological complications, and premature mortality.

The increasing severity of urban air pollution has intensified the need for reliable environmental monitoring

systems capable of continuously assessing atmospheric conditions across diverse urban microclimates.

Accurate PM2.5 monitoring is therefore essential for environmental management, public health policy, climate

resilience, urban planning, and intelligent smart-city governance.

1.2 Distributed Low-Cost Environmental Sensing Networks

Traditional air-quality monitoring infrastructures primarily rely on regulatory grade monitoring stations that

provide highly accurate environmental measurements. Despite their precision, these stations are expensive

to deploy and maintain, limiting their spatial density and reducing their ability to capture localized pollution

variability.

To overcome these limitations, distributed Low-Cost Air Quality Sensor Networks (LCAQSNs) have increasingly

been adopted within smart-city ecosystems. These sensing infrastructures utilize low-cost environmental

sensors capable of capturing fine-grained spatio-temporal variations in atmospheric pollution. Their

affordability, scalability, and deployment flexibility enable dense sensing architectures suitable for real-time

environmental intelligence.

Low-cost sensing systems are now widely integrated into urban environmental monitoring platforms for

PM2.5 estimation, meteorological analysis, environmental forecasting, intelligent transportation systems,
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and adaptive urban planning. Their growing integration with Internet of Things (IoT) infrastructures, cloud

platforms, edge analytics, and machine-learning systems has substantially expanded their role within intelligent

environmental monitoring ecosystems.

1.3 Reliability Challenges in Environmental Sensing

Despite their scalability and affordability, distributed environmental sensing systems frequently suffer from

operational instability. Real-world deployments are commonly affected by:

 missing observations,

 network communication interruptions,

 power instability,

 calibration degradation,

 atmospheric contamination,

 environmental stress exposure,

 hardware aging,

 and long-term sensor drift.

These issues can significantly reduce sensing reliability and compromise downstream analytical applications

such as environmental forecasting, pollution prediction, anomaly detection, exposure estimation, and

intelligent decision-support systems.

Missing observations reduce temporal continuity and may introduce statistical bias into predictive

environmental analytics. Similarly, sensor drift may progressively alter sensing behavior over time, leading

to inaccurate pollutant estimation and declining environmental intelligence reliability.

Consequently, robust missing-value analysis and drift-detection mechanisms are essential for maintaining

trustworthy environmental sensing infrastructures.

1.4 Research Gap

Although substantial research has investigated PM2.5 prediction, air quality estimation, and machine-learning-

driven environmental monitoring, comparatively limited attention has been devoted to the combined analysis

of missing-value behavior and long-term sensor drift within large scale distributed sensing infrastructures.

Existing studies frequently focus either on predictive modelling accuracy or on isolated calibration strategies,

while insufficiently addressing operational reliability, temporal instability, and sensor degradation in real-

world urban sensing environments. Furthermore, many environmental analytics studies evaluate sensor

accuracy using static calibration approaches without systematically investigating how sensing behavior evolves

over extended operational periods.
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Few studies integrate:

device-level missingness evaluation,

 feature-level missingness analysis,

 temporal sensing instability,

 rolling statistical drift monitoring,

distributional drift assessment,

and anomaly-based sensor reliability analysis

within a unified environmental sensing framework.

This study therefore addresses a significant research gap by developing a comprehensive analytical framework
for evaluating missing-value behavior and sensor drift in distributed PM2.5 microclimate sensing networks.

1.5 Objectives of the Study
The primary objective of this study is to evaluate the reliability and operational stability of distributed PM2.5
sensing infrastructures through integrated missing-value analysis and sensor drift assessment.

The study specifically aims to:

1. Analyze device-level and feature-level missing-value behavior.

2. Investigate temporal patterns of sensing instability.

3. Evaluate long-term PM2.5 sensor drift behavior.

4. Quantify distributional sensing drift using statistical testing.

5. Identify anomalous sensing behavior using z-score analysis.

6. Establish a scalable framework for environmental sensing quality assurance.

1.6 Contributions of the Study
The major contributions of this research include:

1. Development of an integrated analytical framework for simultaneous missing-value and sensor drift analysis
in distributed PM2.5 sensing systems.

2. Comprehensive reliability assessment of large-scale environmental monitoring devices operating in real-
world urban conditions.

3. Statistical characterization of long-term sensor degradation using baseline deviation, rolling mean analysis,
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and distributional drift evaluation.

4. Temporal analysis of environmental sensing instability within smart-city sensing ecosystems.

5. Establishment of a scalable quality-assurance methodology for trustworthy environmental intelligence

infrastructures.

2. Review of Earlier Studies

The rapid proliferation of low-cost microcontrollers, sensors, and actuators has further accelerated the

development of advanced digital and electronic sensing platforms [1] . These sensing systems are now easier

to configure and accessible to a broader community of users. They can monitor multiple environmental

parameters, including air quality, temperature, humidity, noise levels, solar radiation, and geolocation. Such

urban microclimate data are highly valuable for professionals including architects, environmental scientists,

and urban planners in understanding environmental dynamics and designing sustainable urban infrastructures

[2]. Similarly, the application of low-cost sensors combined with aerial remote sensing technologies has been

evaluated for methane monitoring, demonstrating their potential to improve spatiotemporal coverage while

also highlighting uncertainties associated with real-world deployment [3] . Furthermore, Nike Bebelaar [4]

proposed methods to assess and improve the data quality of low-cost air quality sensors measuring particulate

matter (PM), emphasizing the growing importance of sensor calibration and validation in practical deployments.

Recent advancements in air quality prediction research have focused on improving both forecasting accuracy

and spatial resolution. Existing air quality prediction methodologies can generally be categorized into two

major groups: physics-based model-driven approaches and data-driven techniques. Physics-based approaches

primarily utilize global or regional Chemical Transport Models (CTMs) to simulate pollutant emissions, aerosol

characteristics, atmospheric transport, and chemical transformations [5, 6] . These models provide detailed

representations of air pollution dynamics and effectively capture the spatiotemporal variability of PM2.5

concentrations. However, their performance is often constrained by uncertainties in model structures and

difficulties in accurately parameterizing aerosol emissions due to outdated or insufficient observational data

[7, 8, 9] . In addition, the high computational complexity of CTMs limits their scalability and real-time

applicability, particularly in regions with inadequate computational infrastructure or sparse observational

datasets.

To overcome these limitations, researchers have increasingly adopted statistical and machine learning

approaches that offer greater flexibility and computational efficiency [10] . Statistical models establish empirical

relationships between PM2.5 concentrations and influential variables such as meteorological conditions,

traffic emissions, industrial activities, and land-use characteristics. Unlike CTMs, these approaches do not

explicitly simulate physical atmospheric processes, making them computationally efficient and suitable for

large-scale deployment. Nevertheless, conventional statistical methods often rely on linear assumptions,

which limit their ability to capture the complex nonlinear interactions that govern atmospheric pollution

patterns [11]. These shortcomings have motivated the development of adaptive, data-driven predictive

frameworks capable of learning complex spatiotemporal dependencies from heterogeneous environmental

datasets.
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Advances in machine learning and deep learning have substantially improved real-time air quality monitoring

and environmental health risk prediction by enabling accurate analysis of spatiotemporal pollutant behaviour.

Ma et al. [12] employed machine learning techniques to analyse the spatiotemporal distribution of ozone

exposure in China, providing a robust framework for high-resolution health risk assessment. Song [13] developed

a space-time modelling approach for predicting PM2.5 inhalation volumes, emphasizing the importance of

personalized exposure estimation that considers dynamic human activities. In another study, Song et al. [14]

demonstrated predictive reconstruction methods for recovering air pollution maps from sparse sensor

observations. Similarly, Song and Stettler [15] proposed a multi-pollutant spatiotemporal learning network

capable of modelling complex interactions among pollutants across both spatial and temporal dimensions,

thereby improving comprehensive air quality estimation. Furthermore, Song, Han, and Stettler [16] integrated

mobile sensing with deep learning approaches to enhance real-time urban air pollution monitoring and localized

adaptive exposure estimation. Collectively, these studies establish a strong foundation for machine-learning-

driven air-quality monitoring and predictive environmental-health risk-mapping frameworks [17].

Machine learning applications have also been extended to indoor environmental monitoring. Ahn et al. [18]

utilized deep learning models and Internet of Things (IoT)-based sensor data to capture micro-environmental

variations that may influence long-term respiratory health outcomes. Gupta et al. [19] conducted comparative

analyses of commonly used machine learning models, including K-Nearest Neighbour (KNN), Support Vector

Machine (SVM), and Decision Tree algorithms, validating their effectiveness across multiple Indian cities and

Air Quality Index (AQI) thresholds. Likewise, Naz et al. [20] compared deep learning techniques with

conventional statistical models and concluded that recurrent neural networks (RNNs) and convolutional

neural networks (CNNs) achieved superior accuracy in short-term urban air pollution forecasting, particularly

when linked to trends in respiratory hospital admissions.

Several studies have further demonstrated the integration of heterogeneous sensing platforms and advanced

analytics for fine-grained pollution mapping. Xu et al. [21] developed a high-resolution PM2.5 pollution mapping

framework by integrating fixed monitoring stations with mobile sensing platforms. Using GPS-enabled vehicles

and unmanned aerial vehicle (UAV)-based sensing systems, their machine learning model identified

dynamically changing pollution hotspots in real time. Mahajan et al. [22] proposed a health-oriented framework

that combined clinical imaging with image-based AQI monitoring to predict the onset of lung disease associated

with prolonged exposure to air pollution. Kumar and Pande [23] developed predictive models for Indian

megacities by incorporating climate change and traffic-related variables to improve forecasting reliability.

Similarly, Thomas and Varma [24] demonstrated the effectiveness and adaptability of Random Forest and

Decision Tree algorithms in predicting urban air quality.

Despite the considerable progress achieved in air quality sensing and prediction, missing data remains a major

challenge in sensor-based environmental monitoring systems. Missing values may arise from sensor

malfunctions, communication failures, calibration issues, power interruptions, or environmental disturbances.

In data analysis, two primary strategies are commonly used to address missing data. The first strategy involves

ignoring or removing incomplete observations, while the second employs imputation techniques to estimate

missing values [25, 26]. [27] removed all missing entries from the dataset, arguing that the dataset size was

sufficiently large and that imputation would introduce unnecessary computational overhead. In contrast,

several studies have adopted imputation-based approaches [28] whereas others have explored advanced

machine learning-based imputation methods [29] .
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Beyond their impact on analytical accuracy, missing and imputed values can significantly influence data

visualization, interpretability, and decision-making quality. As highlighted by Song, H., and Eid, M.M., [30,

31], the visual representation of missing data plays a crucial role in exploratory analysis. Poor handling of mis-

sing information may distort user perception and reduce confidence in sensor-driven analytical systems. [32]

Therefore, the quality of imputation directly affects both the statistical validity of the dataset and the

interpretability of its visual representation. This makes robust missing data handling an essential component

of modern interactive air quality monitoring and sensor-based analytics platforms.

2.1 Research Motivation

Although prior research has substantially advanced environmental sensing and air quality analytics,

comparatively limited attention has been devoted to integrated reliability evaluation involving both missing-

value behavior and long-term sensor drift within large-scale PM2.5 sensing infrastructures.

This study therefore develops a comprehensive reliability-analysis framework capable of simultaneously

evaluating:

 sensing completeness,

 temporal instability,

 operational degradation,

 distributional drift,

 and anomalous sensing behavior

within distributed environmental monitoring ecosystems.

3. Dataset Description

The analysis utilizes a large-scale PM2.5 microclimate sensing dataset collected from distributed environmental

monitoring devices operating within an urban sensing environment. The dataset contains 897,085 observations

collected from 12 microclimate-sensing devices over a multi-year monitoring period from May 2022 to May

2026. Each sensing device continuously records atmospheric and environmental measurements associated

with air-quality monitoring and urban microclimate assessment.

The dataset includes multiple environmental attributes related to particulate matter concentration,

meteorological conditions, and wind behavior. Key sensing variables include PM2.5 and PM10 concentrations,

atmospheric pressure, air temperature, relative humidity, average wind speed, gust wind speed, and wind

direction. The temporal structure of the dataset supports longitudinal analysis of environmental behavior and

sensor reliability.

The multi-device architecture of the sensing network enables comparative evaluation of operational stability

across distributed environmental sensors. Such characteristics make the dataset particularly suitable for
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missing-value analysis, sensor reliability assessment, temporal anomaly detection, and drift monitoring.

3.1 Dataset Characteristics

Dataset Attribute

Total observations

Number of devices

Monitoring start time

Monitoring end time

Primary analytical variable

Value

897,085

1 2

2022-05-31 00:11:28 UTC

2026-05-07 05:17:06 UTC

PM2.5

Supporting environmental variables Temperature, humidity, pressure, wind metrics

The dataset structure supports both temporal and cross-device analytical evaluation, enabling a comprehensive

investigation of environmental-sensing stability and operational quality.

4. Methodology

The proposed analytical framework consists of two primary stages: missing value behavior analysis and sensor

drift detection. The methodology integrates statistical evaluation, temporal trend analysis, baseline deviation

monitoring, and distributional drift detection to comprehensively assess sensor reliability.

4.1 Missing-Value Behavior Analysis

Missing-value analysis evaluates the completeness and operational stability of environmental sensing devices.

The analytical process investigates missing observations at both the device and feature levels and additionally

examines temporal trends in missingness.

The missing-value percentage for each device is computed as:

This formulation enables normalized comparison of sensing reliability across devices with varying observation

counts.

The missingness analysis consists of three stages:

1. Device-level missing-value computation

2. Feature-level missing-value assessment
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3. Temporal missingness trend analysis

The device-level evaluation identifies sensors exhibiting persistent operational instability, while feature-level

analysis reveals sensing variables most susceptible to incomplete acquisition. Temporal analysis further enables

identification of intermittent outages and unstable sensing periods.

4.2 Sensor Drift Detection

Sensor drift detection evaluates whether sensor behavior changes progressively over time. Drift may arise

due to sensor aging, calibration degradation, atmospheric contamination, or prolonged environmental

exposure.

The proposed framework incorporates multiple complementary drift-detection strategies.

4.2.1 Rolling Mean Drift Analysis

Rolling statistical analysis is employed to evaluate gradual temporal variation in PM2.5 measurements. A

rolling mean window is applied to smooth short-term fluctuations and expose long-term behavioral trends.

The rolling mean is computed as:

where:

  denotes the rolling mean at time 

  represents PM2.5 observations

  denotes the rolling window size

This approach reveals gradual changes in sensor response behavior over time.

4.2.2 Baseline Deviation Drift Analysis

Baseline deviation analysis compares later measurements against an initial reference period. The first 200

PM2.5 observations are used as the baseline operational profile.

The drift score is computed as:

where:

  denotes the PM2.5 value at time 

  represents the mean baseline PM 2.5 concentration

Positive drift values indicate increasing sensor response, whereas negative drift values indicate declining
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represent cumulative distribution functions of two sensing periods

A low p-value indicates statistically significant distributional drift.

Z-score monitoring is additionally applied to identify extreme sensing deviations:

sensor sensitivity.

3.2.3 Statistical Drift Detection

Statistical drift evaluation is performed using the Kolmogorov Smirnov (KS) test and z-score anomaly analysis.

The Kolmogorov Smirnov statistic measures distributional divergence between early and later sensing periods:

where:



where:

  represents an observation

  denotes the mean PM2.5 value

  denotes the standard deviation

Observations with absolute z-score greater than three are treated as extreme drift anomalies.

5. Results and Analysis

5.1 Missing-Value Behavior by Device

The device-level missing-value analysis reveals substantial variability in sensing reliability across the

environmental monitoring network. Table 1 summarizes missingness statistics for all sensing devices.

The analysis demonstrates that missing-value behavior is highly device-dependent. ICTMicroclimate-01

exhibits the highest missingness percentage, exceeding 40%, indicating substantial operational instability or

prolonged sensing interruptions. Similarly, the aws5-0999 device displays considerable missingness behavior

with approximately 25% incomplete observations.

In contrast, several devices exhibit highly stable sensing behavior with negligible missing-value percentages

below 0.1%. Devices such as ICTMicroclimate-04, ICTMicroclimate-06, ICTMicroclimate-07, ICTMicroclimate-

08, and ICTMicroclimate-09 demonstrate strong operational consistency and reliable sensing acquisition.

The observed variability suggests heterogeneous sensing reliability across the environmental monitoring
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network. Persistent missingness may arise from communication instability, power interruptions, hardware

malfunction, environmental interference, or calibration failure

Device ID

ICTMicroclimate-01

aws5-0999

ICTMicroclimate-02

ICTMicroclimate-10

ICTMicroclimate-11

ICTMicroclimate-03

ICTMicroclimate-05

ICTMicroclimate-09

ICTMicroclimate-07

ICTMicroclimate-08

ICTMicroclimate-06

ICTMicroclimate-04

Total
Missing
Values

647,788

172,674

7 ,7 0 4

1,740

1,824

1,188

504

312

336

252

240

96

Total
Observations

132,893

57,552

94,821

42,729

49,522

109,065

73,126

65,596

73,852

71, 743

73,613

52,573

Missing
Percentage
(%)

40.621

25.003

0 .6 7 7

0.339

0.307

0.091

0.057

0.040

0.038

0.029

0.027

0.015

Table 1. Missingness Statistics by

Device

Figure 1. Missing-Value percentage by device
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5.2 Feature-Level Missingness Analysis

Feature-level analysis further reveals unequal missingness behavior across sensing variables.

Feature

MinimumWindSpeed

MaximumWindDirection

GustWindSpeed

MinimumWindDirection

PM10

Noise

PM25

RelativeHumidity

AverageWindSpeed

AirTemperature

AtmosphericPressure

AverageWindDirection

Missing
Count

134,079

134,079

134,079

134,069

73,263

73,263

73,263

15,713

15,713

15,713

15,713

15 ,7 11

Table 2. Missingness Statistics

by Feature

Missing
Percentage
(%)

14.946

14.946

14.946

14.945

8.167

8.167

8.167

1 .752

1.752

1.752

1.752

1 .7 5 1

Wind-related measurements exhibit the highest missingness, with incomplete acquisition approaching 15%.

Such behavior may indicate greater susceptibility of wind-monitoring components to environmental instability

or mechanical degradation.

PM2.5, PM10, and noise measurements exhibit approximately 8.17% missingness, indicating moderate

instability in the acquisition of core environmental sensing variables. In contrast, temperature, humidity,

atmospheric pressure, and average wind measurements demonstrate relatively stable acquisition

characteristics with missingness percentages below 2%.

The unequal distribution of missing observations indicates that missingness is not completely random. Instead,

missing-value behavior appears associated with specific sensing modalities and device-level operational

characteristics.
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5.3 Temporal Missingness Trends

Temporal missingness analysis reveals intermittent instability across the monitoring period. Daily missing-

value aggregation demonstrates periods of elevated acquisition failure interspersed with stable sensing intervals.

The temporal behavior suggests that environmental sensing reliability fluctuates dynamically over time rather

than remaining uniformly stable. Such intermittent instability may result from network communication outages,

temporary sensor malfunction, maintenance activities, environmental disruptions, or power-related

interruptions.

The temporal analysis additionally demonstrates the importance of continuous monitoring and proactive

maintenance in large-scale distributed sensing infrastructures.

Figure 2. Missingess heatmap by device and feature

5.4 Sensor Drift Analysis

Sensor drift analysis reveals substantial variability in long-term sensing stability across devices. Table 3

summarizes baseline drift behavior and statistical drift measurements.

The results indicate significant drift variability among sensing devices. ICTMicroclimate-05 exhibits the largest

absolute drift magnitude, with PM2.5 measurements decreasing substantially from an early baseline mean of

19.515 to a later mean of 2.300. Such behavior strongly suggests long-term calibration degradation or declining

sensor sensitivity.

Several additional devices, including ICTMicroclimate-03, ICTMicroclimate-06, and ICTMicroclimate-07,

also demonstrate substantial negative drift patterns, indicating progressive reduction in PM2.5 response

behavior over time.

Conversely, ICTMicroclimate-04 and ICTMicroclimate-09 exhibit positive drift behavior, suggesting increased

sensor response or calibration instability leading to elevated PM2.5 estimation over time.
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Table 3. Sensor Drift Summary

by Device

Device
ID

ICTMicroclimate-05

ICTMicroclimate-07

ICTMicroclimate-03

ICTMicroclimate-06

ICTMicroclimate-10

ICTMicroclimate-04

ICTMicroclimate-11

ICTMicroclimate-08

ICTMicroclimate-09

ICTMicroclimate-01

ICTMicroclimate-02

Baseline
Mean

19.515

9.420

11.140

8.455

6.270

3.120

3.615

3.545

0.675

1.665

2.930

Late
Mean

2.300

1.520

3.250

1.315

1.620

6.415

0.625

1.990

1.890

0.480

2.855

S i g n e d
Drift

-17.215

-7.900

-7.890

-7.140

-4.650

3.295

-2.990

-1.555

1.215

-1.185

-0.075

Absolute
Drift

17.21 5

7.900

7.890

7.140

4.650

3.295

2.990

1.555

1.215

1.185

0.075

K S
Statistic

0.086

0.053

0.190

0.050

0.065

0.055

0.038

0.031

0.195

0.053

0.032

Extreme
Z-Sc ore
Count

1,742

2,291

2,653

2,187

9 7 7

1,699

1,032

1,760

1,379

2,348

2,217

Figure 3. Temporal trend in
missingness
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The Kolmogorov Smirnov statistics further confirm statistically significant distributional divergence between

early and later sensing periods. Extremely low p-values across devices indicate that sensor distributions

evolve significantly over time.

The z-score analysis additionally identifies large numbers of extreme observations, indicating persistent

anomalous sensing behavior and operational instability.

Figure 4. Absolute PM2.5 drif by device

Figure 5. Rolling -mean drift profile for ICTMIcroclimate-05

Figure 6. Baseline deviation profile for ICTMicroclimate-05
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5.5 Interpretation of Drift Behavior

The observed drift characteristics likely arise from multiple environmental and operational factors, including:

 Sensor aging and material degradation

 Accumulated atmospheric contamination

 Environmental stress exposure

 Calibration instability

 Long-term operational wear

 Humidity and temperature sensitivity

 Communication and acquisition instability

The presence of strong drift behavior highlights the necessity of periodic recalibration and adaptive quality

assurance mechanisms within distributed environmental sensing systems.

6. Discussion

The integration of missing-value analysis and sensor drift detection provides a comprehensive framework for

evaluating the reliability of distributed PM2.5 sensing infrastructures. The results demonstrate that sensing

quality is highly heterogeneous across devices and environmental variables, emphasizing the need for robust

monitoring and maintenance strategies.

The substantial missingness observed in certain devices indicates that operational reliability cannot be as-

sumed to be uniform across low-cost sensing networks. Persistent missing observations  significantly

mayinfluence predictive environmental analytics by introducing biased estimation behavior and unstable

learning patterns. Consequently, missing-value management strategies such as interpolation, temporal impu-

tation, probabilistic reconstruction, and adaptive filtering become essential for maintaining analytical reli-

ability.

Similarly, the observed sensor drift patterns demonstrate that PM2.5 sensing behavior evolves dynamically

over time. Significant baseline deviations and distributional drift reveal that environmental sensing devices

are vulnerable to long-term operational degradation. Without appropriate recalibration mechanisms, drift

accumulation may compromise environmental intelligence systems and reduce trustworthiness of air-quality

estimation models.

The findings further highlight the importance of integrating automated quality assurance mechanisms into

smart-city environmental infrastructures. Continuous drift monitoring, adaptive recalibration pipelines, and

anomaly detection systems can substantially improve the robustness of large-scale urban sensing ecosystems.

The analytical framework additionally supports future research directions involving:

 Concept drift detection
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 Online adaptive recalibration

 Bayesian sensor reliability estimation

 Deep-learning-based anomaly detection

 Autoencoder reconstruction drift analysis

 Isolation Forest sensor anomaly detection

 Spatio-temporal sensing reliability assessment

 Explainable environmental AI systems

These directions may contribute toward the development of resilient, trustworthy, and scalable environmental

intelligence platforms.

7. Limitations of the Study

Despite the study’s analytical contributions, several limitations remain.

First, the analysis relies exclusively on distributed low-cost sensing devices without direct comparison against

regulatory grade reference monitoring stations.

Second, the study focuses primarily on statistical reliability analysis rather than real-time adaptive

recalibration.

Third, environmental variables such as seasonal climatic variation, humidity interactions, and atmospheric

contamination effects were not explicitly modelled within the drift-detection framework.

Finally, advanced deep-learning-based drift-correction methodologies were beyond the scope of the present

investigation.

Future studies should therefore investigate adaptive calibration systems, multimodal environmental

intelligence, and real-time drift-aware predictive modelling.

8. Conclusion

This study presented a comprehensive analytical investigation of missing value behavior and sensor drift

characteristics within a distributed PM2.5 microclimate sensing network.

The analysis demonstrated substantial variability in sensing reliability across devices and environmental

variables. Device-level and feature-level missingness evaluation identified severe acquisition instability in

selected sensing nodes and environmental modalities.
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Sensor drift analysis further revealed significant long-term operational instability across multiple PM2.5

sensing devices. Baseline deviation analysis, rolling statistical monitoring, Kolmogorov Smirnov distributional

testing, and z-score anomaly detection collectively confirmed substantial drift behavior within the sensing

infrastructure.

The findings emphasize the importance of:

 continuous quality assurance,

 adaptive recalibration,

 automated reliability monitoring,

 and intelligent drift-detection systems

for maintaining trustworthy environmental sensing ecosystems.

The proposed analytical framework contributes toward resilient smart-city environmental intelligence and

establishes a scalable foundation for future research involving explainable environmental AI, adaptive sensing

infrastructures, and intelligent air-quality monitoring systems.

9. Future Work

Future research may extend this work through:

 real-time adaptive recalibration systems,

 federated sensor reliability monitoring,

 drift-aware environmental AI architectures,

 graph-based spatio-temporal sensing analytics,

 reinforcement-learning-based recalibration,

 and explainable anomaly-detection systems.

The integration of deep representation learning, online concept-drift adaptation, and multimodal

environmental intelligence may further improve the robustness and reliability of future smart-city air-quality

monitoring infrastructures.
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