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Abstract :Noise pollution is one of the most common yet least regulated environmental hazards facing modern cities. 

According to the World Health Organization (WHO), sustained exposure to sound pressure levels (SPL) exceeding 

70 decibels increases the risk of cardiovascular disease, hearing loss, and cognitive impairment. Traditional noise 

monitoring relies on costly, sta- tionary sound level meters (SLMs), which are not suitable for large and dynamic 

urban regions [3]. We present NoiseLogger, a crowdsourced mobile noise monitoring tool for Android de- vices 

that transforms typical smartphones into calibrated noise measurement instruments.  

The proposed system architecture consists of three tightly integrated subsystems: (1) a power-friendly Android 

foreground service that continuously collects SPL measurements at 44,100 Hz with a fixed cadence of 12 seconds; 

(2) a cloud backend based on PHP/MySQL that stores the collected data, analyzes persistent noise hotspots using 

spatial SQL aggregation, and serves results via a REST API; and (3) an interactive geospatial map rendered in a 

WebView using Leaflet.js and Turf.js to visualize spatiotemporal noise levels on a 30-meter hexagonal grid with 

per-cell equivalent continuous sound levels Leq, Lmax, L10, L90, and hourly Chart.js bar charts. A geofencing 

module sends real-time notifications to users when they enter server- defined high-noise zones. 

An early rollout demonstrates that NoiseLogger is capable of capturing contextualised, geotagged temporal datasets 

without requiring dedicated hardware, while effectively targeting areas of consistent urban noise. 

 

Index Terms—noise pollution, crowdsourced sensing, Android, SPL, urban sound mapping, geofencing, 

Leaflet, hexagonal heatmap, mobile IoT, Leq, acoustic analytics. 
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I. INTRODUCTION 

A. MOTIVATION AND PROBLEM CONTEXT 

Environmental noise pollution is one of the public health issues that has arisen from urbanisation as an important 

exposure affecting population health. Prolonged exposure to excessive sound levels is linked with cardiovascular 

disease, sleep disturbance and hearing impairment according to WHO guidelines [10]. In developing nations, rapid 

urbanization, traffic congestion and construction activity frequently cause noise levels to exceed CPCB are 55 

dB(A) and 45 dB(A) for residential zones and 65 dB(A) for commercial zones limits [14]. Traditional urban noise 

monitoring relies on sparse and expensive fixed sensors, making it difficult to capture fine- grained temporal 

variations. 

High noise levels, such as (for example) industrial areas, sections of railway with high traffic volume and the intersec- 

tion of busy roads regularly overcome 80 dB(A) [14], Long- term exposure leads to irreversible noise-induced 

hearing loss (NIHL). In traditional urban noise monitoring, sparse and costly fixed sensors coupled with propagation 

based models cannot represent detailed time-varying information driven by localized activity patterns such as traffic 

or construction. 

Consequently, citizens and city administrators lack real-time urban acoustic data for mitigating noise in an evidence-

based manner and increasing awareness. 

B. OPPORTUNITY: SMARTPHONE-BASED PARTICIPATORY SENSING 

Increasing ubiquity of MEMS microphones, GPS receivers and continuous internet access in modern smartphones, 

they offer a cost-effective platform for participatory urban noise sensing. By 2024 India had over 700 million 

smartphones in use, setting the stage for crowdsourced environmental monitoring at scale. This is similar to usage 

of proven sens- ing methodologies from other domains ranging from traffic monitoring, air-quality analysis and 

participatory mapping. 

C. CONTRIBUTIONS 

NoiseLogger proposes a complete crowdsourced urban noise monitoring pipeline for Android devices. The principal 

contributions are: 

1) A light-weight Android foreground service for SPL acquisition every 12 seconds using calibrated RMS 

computation. 

2) A batch upload interface transmitting Leq, Lmax, L10, L90 and exposure metrics with low communication 

overhead. 

3) Server-side hotspot detection using crowdsourced GPS and SPL aggregation. 

4) A geofencing alert module for persistent high-noise zones with cooldown and opt-out support. 

5) A Leaflet.js and Turf.js based 30 m hexagonal noise visualization web map with temporal analytics. 

6) A real-time SPL alert and home-screen widget system with instant alerts above 87 dB. 

D. PAPER ORGANISATION 

Section II reviews related work. Section III presents the system architecture. Section IV details the implementation. 

Section V reports evaluation results. Section VI analyzes limitations and future directions. Section VII concludes. 
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II. RELATED WORK 

A. CROWDSOURCED MOBILE NOISE SENSING 

Smartphone-based participatory noise sensing has been successfully implemented in previous studies.NoiseTube[5], 

Ear-Phone[6], NoiseSense and NoiseCapture[7] demonstrated geo-tagged sensing, energy-efficient monitoring as 

well as crowdsourced noise visualization. Compared with these sys- tems, NoiseLogger incorporates continuous 

sensing, hotspot detection and geofence alerts integrated together along with interactive hexagonal visualization as 

whole framework (Fig 1). 

Fig. 1. Comparative Feature Analysis of Existing Crowdsourced Noise Monitoring Systems and the Proposed 

NoiseLogger Framework. 

 

B. SMARTPHONE MICROPHONE ACCURACY 

The accuracy of smartphone-based SPL measurement is an extensively studied subject 5. An earlier study [12] had 

already demonstrated that appropriate RMS averaging of calibrated smartphone SPL applications separated from the 

user’s ear can achieve accuracies better than ±2 dB with respect to reference SLMs after calibration. Response of 

MEMS microphones is reliable between 500 Hz–8 kHz, but at very high SPL this may be imprecise [8]. Directional 

sensitivity and saturation at very high SPL (>105 dB) are responsible for most of the inaccuracies.NoiseLogger 

calibrates against a reference SLM with an empirically derived constant (k = 2.55). 

 

C. URBAN NOISE MAPPING STANDARDS AND REGULATION 

Standardized approaches to assess environmental noise and prepare strategic noise maps for urban agglomerations 

above 100,000 inhabitants are codified in ISO 1996 [11] as well as the European Environmental Noise Directive 

(2002/49/EC). These standardized maps provide useful data for regulatory analysis, but they tend to update slowly 

and lack fine-grained spatial variation. Crowdsourced systems (e.g., NoiseLogger [3]) capture higher spatiotemporal 

resolution through direct smartphone-based measurements, making them more appro- priate for real-time hotspot 

detection, participatory sensing and citizen-level urban noise awareness 

 

D. STATIC IOT NOISE SENSOR NETWORKS: 

Static deployments dependent on WSN- and LPWAN- specific protocols [9] give stable, long-term observations at 

on-fixed locations. However, high hardware, installation and maintenance costs, along with power infrastructure 

require- ments and limited scalability, make dense city-wide deploy- ment impractical. This scaling with population 

http://www.jetnr.org/


                                                                                    © 2026 JETNR | Volume 4, Issue 6 June 2026 | ISSN: 2984-9276 | JETNR.ORG 

 

 

JETNR2606185 Journal of Emerging Trends and Novel Research (www.jetnr.org) 

 

 

b582 
 

density is an inherent benefit of this architecture. 

 

E. ANDROID BACKGROUND EXECUTION AND SENSING 

Reliable background sensing on Android is challenging due to restrictions introduced through DOZE MODE (An- 

droid 6.0), BACKGROUND EXECUTION LIMITS (Android 8.0), APP STANDBY BUCKETS (Android 9.0) 

and FOREGROUND SERVICE requirements (Android 10–14) [4]. NoiseLogger addresses these limitations using 

a FORE- GROUND SERVICE with FOREGROUND SERVICE TYPE MICROPHONE and FOREGROUND 

SERVICE TYPE LOCATION permissions, enabling continuous SPL sensing while maintaining battery-efficient 

background operation. 

 

III. SYSTEM ARCHITECTURE 

NoiseLogger is organized into three cooperating sub sys- tems as illustrated in Fig. Android Client: 1: Cloud 

Back- end + Web Map Client.Similar multi-component real-time monitoring architectures have previously been 

implemented in surveillance-based applications [16]. 

 

Fig. 2. NoiseLogger system architecture and data flow. 

 

A. ANDROID CLIENT 

Android client is built on standard Android SDK (minSdk 26, target Sdk 34). The five critical elements are: 

 SP Service —foreground service for SPL acquisition and RMS-based computation. 

 MainActivity—the main UI displaying live SPL values. 

 Calibration Module — device-specific calibration and noise context labeling. 

 HighNoiseZoneManager—geofence-based hotspot detec- tion and alerts. 

 HistoryActivity — SPL timeline visualization using lo- cally stored data. 

 SPLWidgetProvider/ SPLMiniWidgetProvider-home- screen widgets displaying real-time SPL values. 

B. CLOUD BACKEND 

The backend is a collection of PHP 8.x scripts with a MySQL 8.0 database, currently deployed on shared hosting. 

There is one noise logs table in the core schema, with key columns as follows: 
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Table I Noise Logs Database Schema 

 

 

 

 

 

 

 

 

 

 

 The Android and web clients communicate with three PHP endpoints on the backend: 

 noise-ping.php — uploads JSON batch payloads and stores SPL readings in the database. 

 get map data.php — returns readings (min lat, max lat, min lon,max lon)within a selected bounding box and range 

for map rendering. 

 get high noise zones.php — clusters readings to detect stable hot spots as described in Section IV-C. 

 

C. WEB MAP CLIENT  

The map client (map view.html) is a self-contained HTML5/JavaScript application that is packaged in the Android 

app/assets/ directory and rendered in a WebView by WebViewActivity. It uses the following open-source libraries:  

 Leaflet.js 1.9.4 — interactive tile map based on OpenStreetMap and ESRI satellite base layers. 

 Turf.js 6.x — geospatial computations, including bounding box (bbox), hex grid (hexGrid), and spatial join 

(collect) 

 Bootstrap 5. WebView– Android host communication consists of plain HTTPS fetch() requests to the backend 

with no JavaScript interface bridge. The sidebar user interface is responsive using Bootstrap 5. 

 

IV. IMPLEMENTATION 

A. AUDIO CAPTURE AND SPL COMPUTATION 

SP Service Occurs in Android manifestasa for ground ser- vice with dual service types: 

When onCreate() the service resets its first capture to the next minute boundary, and fires every 12 seconds thereafter 

( i.e. wall-clock times at 0 s, 12 s, 24 s, 36 s, 48s per minute ) using a Handler.postDelayed() loop. This wall-clock 

alignment allows automatic time-bucketing of readings across multiple participating devices into the same 12-second 

slots, which in turn makes serverside time-series aggregation fairly trivial. Every capture tick, a new AudioRecord 

instance is opened with the same parameters as listed in Table II and two back- to-back buffers are procured: first, 

the 250 ms warm-up buffer which gets discarded, and secondly a 750 ms measurement buffer read using 

AudioRecord. READ BLOCKING. 

 

 

 

 

Column Type / Description 

id INT AUTO INCREMENT PRIMARY 

KEY 

timestamp DATETIME — ISO-8601 from device 

latitude DECIMAL(10,7) 

longitude DECIMAL(10,7) 

spl db FLOAT — measured SPL 

exposure ms BIGINT — ms above 85 dB 
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TABLE II 

AUDIORECORD CONFIGURATION 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This is 314 ms of warm-up time needed for the hardware Automatic Gain Control (AGC) input into the device’s 

micro- phone signal chain to stabilize—this will corrupt the resulting RMS readings as transient gain oscillations in 

AGC will affect the most recently first-arriving samples. In Fig. 2 depicts the entire capture pipeline. Then, SPL 

is calculated from the measurement buffer: 

 

Where Pref = 20 µPa is the standard reference sound pressure in air, Prms = RMSFS × k, with k = 2.55 as 

an empirically calibrated constant obtained by averaging app readings against a calibrated reference SLM over 

various noise levels. 

Readings outside the physically plausible range [10, 120] dB were discarded. Additionally, any readings with null or 

zero GPS coordinates (i.e., 0◦N, 0◦E) were excluded. 

 

B. BATCH UPLOAD AND ACOUSTIC ANALYTICS 

It is known that these techniques significantly minimize battery consumption using mobile-sensing systems and 

when it comes to the communication channel, individual readings are stored in an in-memory queue and flushed 

together [6] to avoid multiple calls to invoke the radio. Flushing is initiated by one of two events, whichever comes 

first: 

 Size trigger: queue size ≥ 25 readings. 

 Time trigger: time since last flush ≥ 300 s. 

 

 

 

 

 

 

Parameter Value 

Audio source MIC 

Sample rate 44,100 Hz 

Channel mask CHANNEL IN 

MONO 

Encoding ENCODING PCM 

16BIT 

Warmup window 250 ms (discarded) 

Measurement 

window 

750 ms 

Capture interval 12 s (wall-clock 

aligned) 
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Fig. 3. SPL capture pipeline inside SP Service 

 

 

At flush time, the SPL samples are aggregated into five acoustic statistics across all queued SPL values (Table III), 

which are prepended to the JSON payload. This allowsthe server to retain per node readings (for map resolution) in 

addition to the aggregate metrics, which are computed before hand so that efficient querying can be performed by 

the map Client. 

 

TABLE III 

BATCH-LEVEL ACOUSTIC ANALYTICS TRANSMITTED PER UPLOAD 

 

Metri

c 

Description Computation 

Leq 

Lmax 

L10 

L90 

Exp

ms 

Equivalent continuous 

SPL Maximum SPL in 

batch 

SPL exceeded 10% of the 

time 

Background noise floor 

Cumulative exposure 

above 85 dB 

10 log10
  1  Σi 

10Li/10  

N 

maxi(Li) 

90th percentile 10th 

percentile 

count(Li ≥ 85) × 

12000 ms 

 

If the upload fails, the batch is inserted at the start of the queue to maintain chronological ordering and to avoid 

dropping data during temporary network outages. 

 

C. GEOFENCING AND HOTSPOT DETECTION 

The server-side hotspot detection takes a number of crowd- sourced readings and aggregates them into persistent 

noise zones using an SQL query such as: 
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By Rounding to 4 decimal places,we group readings within 1˜1 m of each others, which has the effect of imposing 

a spatial quantisation that clusters nearby readings from the same location. Applying constraints for long(>5 

instances) and loud(>80dB average) noise using the HAVING clause to enable exclusion of transient noise 

events(e.g.,passing vehicles). 

This zone list is fetched at startup as a service in our Android client through a singleton instance of HighNoise- 

ZoneManager, which checks proximity with every GPS fix using Android’s Location. distanceBetween() (Haversine 

im- plementation). An event out of 50 m from the user triggers a push notification with high priority. To avoid 

notification fatigue, there is a global 10-minute cooldown. Users can turn off geofence alerts using a toggle in 

SettingsActivity. 

An alert to instant SPL measures (triggered device vibration with 500 ms pulse) is raised when the current reading 

exceeds ≥ 87 dB, set conservatively below OSHA’s extended 90 dB exposure limit over an 8- hour period [5]. The 

period for alerts is user-definable. 

 

 

 

 

 

Listing 2. Server-side hotspot detection query 

 

D. GEOSPATIAL MAP RENDERING 

On user map refresh, the client performs a get map data call to server side which fetches SPL readings remaining 

in the Leaflet viewport and selected date range. php. Turf is then a translating of that reading. js features, after which 

turf. bbox(), turf. hexGrid() and turf. The collect() creates 30 m hexagons and binds the SPL data to each hexagon. 

Standard JavaScript then performs per-hexagon analytics ( Leq, Lmax and count), and visualizes the data using a 

colour mapping from Table IV. 

 

 

Fig. 4. Hexagonal map rendering pipeline: from raw readings to a colourcoded 30 m Turf.js hexagonal grid on 

Leaflet. 

 

TABLE IV 

HEXAGON COLOUR ENCODING BY AVERAGE SPL 

 

 

 

 

 

 

SPL Range Colour Classification 

< 30 dB Dark Blue Near Silence 

30–65 dB Green Acceptable 

65–85 dB Orange Moderate 

> 85 dB Red Hazardous 

SELECT ROUND(latitude, 4) AS lat, 

ROUND(longitude, 4) AS lon, 

AVG(spl_db) AS avg_spl, 

COUNT(*) AS cnt 

FROM noise_logs 

WHERE spl_db > 80 

GROUP BY lat, lon 

HAVING cnt > 5 AND avg_spl > 80 

LIMIT 100; 
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Selecting a hexagon on the Leaflet map opens a sidebar displaying Leq, Lmax, measurement count and an accuracy 

badge (High: <200 readings, Moderate: 100–200, Low: 100). Three Chart.js grouped bar charts further visualize 

hourly Leq profiles for weekdays, Saturdays and Sundays to highlight temporal noise patterns. 

E. USER INTERFACE AND HOME SCREEN WIDGETS 

The RingGaugeView — a life live SPL show frontend component for our MainActivity, which uses Android Canvas 

API to render dynamically and animates via an angular Inter- polation Contextual labels assign real-world sound 

meaning to each SPL range (e.g. for 10–20 dB: Rustling leaves; for 40–50 dB: Quiet office; ≥120 dB Jet take-

off) using smooth icon transitions via ViewPropertyAnimator over a set duration of 150 ms. 

We also implemented new home-screen widgets for SPLWidgetProvider (4×2) and SPLMiniWidgetProvider (2×1), 

which are updated via AppWidgetManager after every SL measurement, allowing the user to remain aware of the 

ambi- ent noise without launching the application. 

 

V. RESULTS AND EVALUATION 

A. EVALUATION METHODOLOGY 

Two evaluation approaches were used. We first performed a controlled accuracy evaluation where app measurements 

were matched against readings from an approved Class-2 reference SLM. Second, we field tested hotspot detection 

coverage and system reliability. 

Accuracy Test Protocol: The app was implemented in a smartphone positioned at a fixed distance in front of a 

calibrated pink noise source played through a loudspeaker. Reference measurements were recorded simultaneously 

by a reference SLM at five fixed positions: 50, 60, 70, 80, and 90 dB. The set point duration was 60 s (5 app readings 

per set point, total of 25). 

 

B. SPL MEASUREMENT ACCURACY 

To assess the accuracy of SPL measurement by NoiseLogger app, sound pressure level (SPL) values recorded using 

the app were compared with values obtained by a calibrated reference Sound Level Meter (SLM). To assess the 

accuracy and consistency of the proposed system, measurements were taken simultaneously in controlled acoustic 

environments at several predetermined sound intensity levels. 

 

 

Fig. 5. Comparative Analysis of App Measurements and Reference Sound Level Meter (SLM) Across Different 

Acoustic Setpoints . 
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The mean absolute error (MAE) across all setpoints was within the ±2 dB tolerance reported by Kardous and 

Shaw 

[12] for well-calibrated smartphone SPL applications. 

 

 

 

Fig. 6. Live SPL Measurement Comparison Between Reference Sound Level Meter (SLM) and Proposed 

NOISELOGGER Application 

 

 

C. FIELD DEPLOYMENT RESULTS 

During the field deployment, the NoiseLogger collected ap- proximately 115000 environmental noise measurements. 

The generated hotspot analysis and spatial visualization accurately located large areas of noise-polluting regions in 

agreement with well-known urban noise sources.Similar visualization- oriented IoT systems have demonstrated the 

importance of interactive dashboards for real-time environmental analytics [15]. Deployment results were able to 

verify that the system was capable of continuous large scale environmental noise monitoring and hotspot detection 

in real-life environments. 

 

 

Fig. 7. . Hexagonal Noise Hotspot Visualization Generated by the Proposed NoiseLoggerSystem During Field 

Deployment. 
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D. BATTERY CONSUMPTION ANALYSIS 

The efficiency of the proposed NoiseLogger application was assessed while continuously monitoring environmental 

noise on an Android smartphone (up to October 2023). The test was done in unrestricted background execution 

settings to measure realistic energy usage during regular operation. 

The application consumed only 0.70%–1% battery per hour during continuous operation due to optimized 

background execution and efficient sensor usage, making NoiseLogger suitable for long-term noise monitoring. 

Android system battery usage statistics of the proposed NoiseLogger application during 1 hour of continuous 

environ- mental noise monitoring. Experimental Results: The recorded performance shows that the proposed system 

utilized only around 0.70%–1% battery in a loop of live execution time process running continuously. The 

application continued to use background resources and system performance remained stable as shown in the monitor 

report of the app for monitoring period. These results indicate that the proposed NoiseLogger is well-desigend for 

long-term noise monitoring applications with low system power consumption. 

 

 

 

 

Fig. 8. Battery Efficiency Comparison of Existing and proposed Noise Monitoring Systems. 

 

 

Fig. 9. Android System Battery Usage Statistics of the Proposed NOISEL- OGGER Application During 1 Hour of 

Continuous Operation . 
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E. SYSTEM PERFORMANCE AND NETWORK EFFICIENCY 

The NoiseLogger system takes periodic audio samples using an optimized microphone duty cycle, rather than 

activating the sensor continuously throughout environmental monitoring. The useful duty cycle of the microphone 

capture is around 8% across a 12 sec sensing window, with 1˜ s of data actually recorded. 

Also the system uses light batch-based JSON upload through OkHttp communication framework. Fewer than 3.5 kB 

before compression are the dynamic analytics for a batch of 25 SPL readings, keeping bandwidth overhead low 

while still allowing for real-time synchronization and hot spot detection. 

 

F. GEOFENCE NOTIFICATION LATENCY 

Geofence notifications were triggered on estimated GPS zone entry, with the median latencies calculated. NOTE: If 

a user lingered in a noise zone for 10 minutes their alert would not fire due to the 10 minute cooldown. All of the 

recorded test journeys through noisy zones exhibited this behavior. 

The currently employed methodology lacks accuracy be- cause of a single value calibration constant (k = 2.55) that 

warrants      improvement. 

 

Fig. 10. Real-Time Geofence Noise Alert Notifications Generated by the Proposed NoiseLoggerApplication. 

 

VI. DISCUSSION 

A. CALIBRATION AND CROSS-DEVICE ACCURACY 

The main source of inaccuracy in the current system is attributable to a fixed calibration constant (k = 2.55), since 

the sensitivity of MEMS microphones varies by about ±3–5 dB across smartphones and manufacturers [8]. These 

variations may induce systematic differences in crowdsourced SPL with respect to actual measurements performed 

during multi-device environments. 

One potential way to achieve this is cross-device calibra- tion: colocated measurements where devices collect relative 

measurement difference estimates, and the corresponding cor- rection factors are applied to improve overall sensing 

perfor- mance. This still would be an important future improvement to NoiseLogger for multi-user reliability. 

B. A-WEIGHTING 

Currently, NoiseLogger outputs linear (unweighted) SPL values, whereas WHO, CPCB and OSHA standards com- 

monly use A-weighted SPL measurements (dBA). Digital A- weighting can be implemented using IEC 61672-

compliant filtering before RMS calculation. 

As A-weighting is not present during NoiseLogger mea- surements, linear SPL values cannot be directly compared 

with formal environmental monitoring systems; this is because more complex urban environments may not exhibit 

http://www.jetnr.org/
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equivalent loudness to linear SPL. As such, the existing implementation is still suitable for hotspot detection, 

participatory urban sensing and temporal noise trend analysis. We will use IEC 61672- compliant A-weighting filters 

in future versions of the app (NoiseLogger 2.0) to increase measurement accuracy and relevance to regulatory 

compliance. 

C. PRIVACY AND DATA GOVERNANCE 

NoiseLogger only sends the GPS coordinates (=11 m preci- sion) and processed acoustic measurements necessary 

for noise mapping and hotspot detection. While the system does not log raw audio recordings and avoids directly 

collecting personally identifiable information, persistent location-based sensing may still lead to privacy concerns 

regarding time-extended user profiling and place classification [2][16]. 

The existing implementation only has basic privacy- preserving functionalities being anonymous device identifiers 

and configurable data retention although also the user is unable to delete their records, while we have implemented 

in such way that users can disable certain functions even if they donÆt appear. While the forthcoming versions will 

implement this with reduced GPS resolution, HTTPS encryption and user consent management [5], DPDP Act 2023 

adherence for securing ethical crowdsourced sensing. 

D. SERVER SCALABILITY AND RELIABILITY 

The PHP/MySQL backend is sufficient for deploying pro- totypes but may become a performance bottleneck by 

restrict- ing the scalability of large-scale urban sensing, particularly with regular updates and concurrent geospatial 

queries. With shared-hosting resource limits and the (likely) lack of spatial indexing on the lat/lng fields query 

performance may suffer as this grows. 

Subsequent versions of NoiseLogger will implement privacy-preserving sensing methods, including approximate 

GPS accuracy, device identifiers allocation for anonymization [3], use of HTTPS traffic encryption as long as 

possible and configurable data retention policies [5]. It will follow the DPDP Act 2023 and related privacy-

preserving participatory sensing guidelines that make sure crowdsourced environmental sensing data is secure and 

handled ethically. 

E. COMMUNITY PARTICIPANT AND MAP COVERAGE 

This means that low-participation areas will not be mapped at all, regardless of the actual noise levels. NoiseLogger 

will have to adopt such strategies as gamification (using noise maps as a “challenge”), integration with open 

platforms like OpenStreetMap or Safetipin, and formal partnerships with municipal environmental departments in 

order to provide the push for participation necessary for fulfilling spatial coverage needs; essential for policy-relevant 

analysis. 

 

VII. CONCLUSION 

We have presented NoiseLogger, an end-to-end open source solution for a crowdsourced urban noise monitoring 

system built on Android and web-based technology. It contains a 12 seconds cadence foreground sensing service 

architecture, a five precomputed acoustic metrics based batch upload paradigm, serverside SQL hotspot detector, 

proximity geofencing alert module and comfortable at user end interactive 30 meters hexagonal noise heatmaps with 

hourly temporal analytics. 

The design also shows that smart and purposeful street-level urban noise data can be collected, processed and 

visualised using low-cost commodity smartphones coupled to a low cost shared server with no requirement for 

expensive dedicated sensor hardware. Efficient real-time visualization remains a key component in modern IoT-
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based monitoring systems [15]. Besides the existing participatory noise mapping frame- works, NoiseLogger 

showcases several features: server-side 

hotspot detection in multiple areas, geofence alerts, per batch acoustic measures (Leq, Lmax,L10,L90), home screen 

widget integration as well as spreading hexagon grid maps with tem- porally based charting. Features scheduled for 

future releases include: (1) A-weighted (d BA) IIR filter for regulatory-grade SPL measurement; (2) co-located cross-

device calibration to increase accuracy across participants; (3) Web Socket-based real-time map updates; (4) ML-

based sound source classifica- tion from shorttime Fourier spectrograms; and (5) user data privacy controls such as 

GPS coarsening and data deletion. 6)spatial database indexing and time- series backend for city- scale deployment; 

(7)community engagement features to boost participation and coverage. NoiseLogger is free and open- source and 

serves as a practical model for community-based environmental noise accountability at an urban level. 
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