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Traffic noise is a widespread environmental problem in modern cities. Traditional traffic noise
modeling is limited to small-scale coverage by high sensor costs and complex simulation
parameter settings. GeoAl-based methods (incorporating remote sensing and street view) can
effectively address scalability challenges. However, those methods use RGB imagery and lack
physical observation approaches (e.g., LIDAR), which often leads to insufficient characterization
of complex urban environments (e.g., three-dimensional buildings, pavement materials, vegeta-
tion absorption). This study proposes a cross-city noise exposure framework via the AlphaEarth
Foundation (AEF) model. Pre-trained on 3 billion multimodal observations (including SAR, and
meteorology), AEF mitigates the reliance on extensive ground-truth datasets through capturing
complex coupling between morphology, 3D structures, and acoustic characteristics. Our research
findings demonstrate that: (1) The model achieves a coefficient of determination (Rz) greater than
0.84 for noise estimation. (2) The traffic noise exposure transfer computations across multiple
global cities reveal exposure inequalities.

1. Introduction

Noise pollution ranks as the third most significant pollution source affecting human society, following air and water pollution. As a
widespread yet underestimated environmental health hazard in high-density cities, it poses substantial risks to public health. The
World Health Organization (WHO) has identified noise pollution as a significant threat to human health and well-being. Previous
studies have confirmed direct links between noise exposure and cardiovascular diseases (Miinzel et al., 2018, 2021), cognitive decline
in children (Clark et al., 2012; Thompson et al., 2022; Welch et al., 2023), deteriorating mental health conditions and sleep disorders
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(Dzhambov & Lercher, 2019; Hahad et al., 2025).

With accelerating global urbanization, an estimated 68% of the world's population will reside in cities by 2050 (Zhang et al., 2021).
The spatial extent and intensity of noise pollution are expanding, particularly in rapidly growing megacities in the Global South, where
regulatory frameworks and monitoring infrastructure remain inadequate (Li et al., 2022). Noise pollution encompasses multiple
categories, among which traffic noise represents one of the most impactful sources. Traffic noise pollution in high-density cities is
influenced by factors such as jobs-housing imbalance, transport system design, and variations in the adoption of sound-insulating
materials. This creates considerable health impacts on the human population. Estimating the urban soundscape accurately is essen-
tial for assessing exposure levels and inequality, particularly for protecting vulnerable populations such as children, older adults, and
those with pre-existing health conditions (Tang and Li, 2024; Wang et al., 2022, 2024). However, comprehensive traffic noise mapping
at the urban scale remains a substantial practical challenge (Wei et al., 2016; Yang et al., 2020).

Existing research has primarily relied on three methodological frameworks, each presenting fundamental limitations. The first
approach employs simulation models based on physical factors. This method requires extensive data support for traffic noise simu-
lation, including multi-source data such as traffic flow information, road surface characteristics, and road hierarchies. Consequently,
accurate estimations need difficult data pre-processing procedures (Kang et al., 2016; Bello et al., 2019; Korpilo et al., 2024). For a 10-
square-kilometer urban area, data acquisition costs typically exceed tens of thousands of US dollars, while computational complexity
constrains scalability to city-wide applications. The second approach utilizes dense sensor networks (Li et al., 2025). Although this
method requires minimal data pre-processing, it demands thousands of monitoring stations, incurring substantial annual costs for
equipment maintenance and data management (Wei et al., 2016; Wang et al., 2025). This approach, covering only selected critical
zones and generating significant spatial coverage gaps, proves financially infeasible for most municipalities (Leach et al., 2024; Song
et al., 2024). Furthermore, both of the mentioned methods suffer from severe data justice issues. Noise exposure assessments remain
concentrated in affluent cities of the Global North, while 90% of urban population growth occurs in Asia and Africa, where envi-
ronmental monitoring is sparse or absent (Hammer et al., 2014; Casey et al., 2017). This geographic disparity in data availability limits
the development of noise reduction strategies in the communities also affected by other environmental health risks.

The third approach employs Land Use Regression (LUR) models. This statistical method uses regression frameworks to estimate
noise levels based on factors such as land use types, road traffic density, and building height (Wang et al., 2024; Kumar et al., 2025).
However, LUR models consider relatively limited factors and cannot capture nonlinear physical interactions (e.g., sound reflections
from terrain and sound absorption by vegetation). They exhibit poor transferability across cities and require extensive local calibration
datasets (Zhang et al., 2022).

The advancement of geospatial artificial intelligence (GeoAlI) and machine learning methods (Janowicz et al., 2020; Lan and Cai,
2021; Liu and Biljecki, 2022; Yin et al., 2020), as well as multi-source geospatial big data provide new pathways for understanding and
modeling urban noise. Widely available remote sensing imagery (Chen et al., 2025; Zhao et al., 2026), street view imagery (Huang
et al., 2024; Zhuang et al., 2024), and noise complaint data (Zhang et al., 2024) offer some new solutions. Compared to the three
introduced approaches, methods based on geotagged images (Street View Image or Aerial Image) can better balance spatial coverage
and modeling accuracy (Zhang et al., 2026; Zhang and Kwan, 2025), demonstrating substantial practical application potential.
Nevertheless, these emerging methods still face limitations. The image data employed typically contains only visible RGB bands,
constraining the model’s understanding of the physical mechanisms underlying noise generation (Lu et al., 2025).

Accurate urban noise modeling is fundamentally a multi-physical factors (or multiphysics) coupling problem involving complex
processes such as source characteristics (e.g., vehicle traffic speed) (Lan and Cai, 2021), sound wave propagation (e.g., canyon effects
produced by high-density skyscrapers) (Yuan et al., 2019; Benocci et al., 2020), environmental absorption, and meteorological con-
ditions. It is not merely a visual pattern recognition task. While existing RGB image-based vision foundation models (e.g., vision
transformers model pretrained on remote sensing imagery) (Siméoni et al., 2025) can capture visual features such as building
morphology and road layouts in noise modeling tasks, they cannot directly perceive the critical physical processes of acoustic
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Fig. 1. Diagram illustrating the noise estimation research gap. This reveals the limitations of traditional remote sensing vision algorithms, where
RGB visual information alone is insufficient for complex physical noise modeling tasks.
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propagation mentioned above (Fig. 1).

The emergence of geospatial foundation models (GeoFMs) represents a paradigm shift in Earth observation analysis, providing
novel capabilities for addressing environmental modeling challenges with sparse data sources (Mai et al., 2024; Janowicz et al., 2025).
Unlike traditional deep learning models trained on task-specific labeled datasets or solely optical imagery, GeoFMs leverage self-
supervised pretraining on massive multi-modal earth observation data. And it could easily be generalized to other tasks (such as
land use classification, land surface temperature estimation, cropland and greenspace identification) (Zhang et al., 2023) based on
zero-shot or few-shot learning. The newly released Google AlphaEarth Foundation (AEF) Model (Brown et al., 2025) was pretrained on
3 billion observations encompassing nine sensor modalities (Sentinel-2 multispectral, Sentinel-1 SAR, LiDAR, MODIS, ERA5 meteo-
rological reanalysis, etc.) and one unstructured text source (Wikipedia), effectively capturing the physical coupling processes between
human society and the urban built environment (Lian et al., 2026).

Through implicitly encoding these cross-modal dependencies, the geographic contrastive learning pretraining process maximizes
information similarity between co-located sensor observations (Huang et al., 2024; Qin et al., 2025). GeoFMs such as AlphaEarth could
generate a 64-dimensional embedding vector for each 10x10-meter grid cell on the Earth’s surface. This vector could transform Earth
observation (EO) knowledge into a quantifiable “semantic space,” enabling cross-regional comparisons (across cities or even countries)
based on minimal local validation data and facilitating transfer learning to unseen cities. This capability cannot be achieved by vision
foundation models (e.g., DINO) (Siméoni et al., 2025) that rely solely on RGB imagery and lack domain-specific prior physical
knowledge.

Urban traffic noise arises from diverse factors. The multi-modal, multiphysics-driven AEF integrates sensor data from Sentinel-2
multispectral, SAR, LiDAR, and ERA5 meteorological sources, which could help us establish implicit mapping relationships be-
tween sensor observations and acoustic environments, respectively. The AEF could capture the street canyon sound reflections from
SAR texture, vegetation effects from multispectral data, and atmospheric conditions from weather observations. Unlike RGB-based
visual models that learn location-specific patterns, this approach encodes generalizable physical principles governing sound propa-
gation. These Multiphysics-based rules enable robust cross-city transfer through few-shot learning.

In summary, this study advances Sustainable Development Goal 11 (Sustainable Cities and Communities) by providing scalable
tools for noise pollution assessment in data-limited environments. By reducing sensor deployment costs, this approach enables city-
wide traffic noise mapping previously infeasible in the Global South. The few-shot transfer learning paradigm is generalizable to
other urban environmental health challenges where sparse ground-truth data constrain traditional modeling methods (e.g., air quality,
urban heat islands, flooding).

2. Methodology

To achieve accurate regression of noise levels, the entire model adopts a fine-tuning paradigm of “pre-trained backbone + trainable
head.” We construct a lightweight task-specific prediction head on top of the pre-trained geospatial foundation model as shown in
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Fig. 2. Schematic diagram of the research framework. This study adopts a two-stage approach: Stage 1 leverages the geospatial foundation model to
extract physics-informed embeddings, while Stage 2 applies a task-specific regression head for downstream road traffic noise exposure prediction.
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Fig. 2. This head was designed to map the general, high-dimensional geospatial features extracted by the foundation model to the
target noise values efficiently. The foundation model serves as a frozen feature extractor, and its output provides us with a feature
vector rich in information from multiple physical observation factors. During the training phase, we keep the parameters of the
foundation model fixed and update only the parameters of the task-specific head.

This paradigm allows us to fully leverage the powerful generalized representations learned by the foundation model from massive
multimodal data, treating them as transferable geographic prior knowledge. By optimizing a small number of parameters in the head,
we significantly improve training efficiency and effectively prevent potential overfitting on limited ground-truth data. Acting as a
dedicated regression adapter, this head enables the same foundation model to be flexibly and cost-effectively adapted to the specific
downstream task of urban traffic noise prediction.

2.1. Noise exposure dataset and research areas

Google AlphaEarth Foundation Model has demonstrated strong performance in multiple geoscience-related classification and
regression tasks. Yet, its application in social computing, particularly in noise modeling, has not been widely deployed. One key
limitation is the lack of large-scale, high-quality noise observation data. While massive Earth observation data are continuously
collected globally, high-quality noise labels remain scarce, given the substantial effort required for physical measurements and ob-
servations. We use the traffic noise exposure map constructed for Hong Kong by Chan et al. (2023) based on the Road Traffic Noise
Assessment Method for Hong Kong (RONOSS-HK) as our training dataset. Released in August 2023, this dataset is a high-resolution
road traffic noise map at a 4-meter grid scale and was constructed for simulating Hong Kong’s traffic noise for 2020. The reliability
and accuracy of the RONOSS-HK dataset have been validated against extensive field measurements and modeled using the Road Traffic
Noise Assessment Method for Hong Kong, demonstrating high spatial fidelity and strong agreement with measured traffic noise levels
across diverse urban locations (Chan et al., 2023). Summary statistics indicate that the dataset captures realistic temporal and spatial
variations of traffic noise, supporting its use as a robust training dataset for AlphaEarth-based modeling. The dataset, representing Lig
values at a 4-meter grid resolution, was obtained from the Hong Kong Government Geoportal (https://portal.csdi.gov.hk/geoportal/
#metadatalnfoPanel), which provides standardized access to official environmental and geospatial data, ensuring reproducibility and
transparency for research applications. The dataset represents noise levels as Ljg (1 hour) in dBA, which indicates the noise level
exceeded 10% of the time during one-hour traffic peak periods. This is because traffic noise fluctuates (high when vehicles pass, low
during idle periods), and L;( represents the occurrence frequency of higher noise levels, better reflecting the impact of peak noise
compared to the average value Leq. L;1¢ is traditionally used to evaluate traffic noise in Commonwealth countries and regions. As
shown in Fig. 3, our study area’s traffic noise distribution is primarily concentrated along both sides of roads, with decibel values
ranging from O to 97 dBA.

Google AlphaEarth Foundations is an embedding field model containing 64-dimensional vector representations of Earth’s surface
in a grid format, with a minimum grid size of 10 meters x 10 meters, encompassing global annual embedding field layers from 2017 to
2024 as analyzable datasets. These embeddings were accessed and extracted via the Google Earth Engine (GEE) platform, which
standardizes the retrieval of multi-source Earth observation data and ensures reproducibility and scalability for research applications.
To achieve temporal matching, we used the 2020 embedding field layer that corresponds to the same time period as the noise dataset.
The embeddings integrate information from multiple sensor modalities, including Sentinel-2 multispectral, Sentinel-1 SAR, LiDAR,
and ERA5 meteorology, providing rich spatial and temporal context for each grid cell. It provides highly generalizable geospatial
representations by fusing spatial, temporal, and measurement contexts from multiple sources, enabling accurate and efficient gen-
eration of mapping and monitoring systems from local to global scales. The 64-dimensional vector serves as a comprehensive rep-
resentation of multiple features of a given parcel, implicitly containing rich information for downstream tasks. Comparable to many
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Fig. 3. Study area and research data.
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previous single-purpose models, foundation models require minimal fine-tuning and only very limited (task-specific) training data
(Huang et al., 2023; Janowicz et al., 2025).

2.2. Traffic noise prediction model architecture

We model point-level urban noise exposure as a supervised regression problem. For each location p, a geospatial foundation model
provides a 64-dimensional embedding vector x, € R%* derived from the geospatial context. This geospatial foundation model provides
10-meter x 10-meter grid cells covering every inch of the Earth’s surface, employing self-supervised learning algorithms including
contrastive learning and masked prediction techniques. The model takes multi-source Earth observation data as input and outputs
high-dimensional vector representations that encapsulate the region's characteristics. These learned representation vectors
(AlphaEarth Foundations satellite embeddings), pre-trained on multi-source Earth observation data including optical, SAR, and land
cover imagery, encode rich geospatial context and have demonstrated high accuracy in tasks such as population prediction and air
quality forecasting (Alvarez et al., 2025). Our predictor fo( - ) maps X, to a continuous noise exposure estimate ¥, € R (in dBA).

In this research, we employed the Multi-Layer Perceptron-based specific task head to help us predict the distribution of traffic noise.
The network is a multilayer perceptron with residual refinement and channel attention. First, an entry layer projects the input
embedding into a higher-dimensional feature space using a fully connected layer 64 —512, followed by Batch Normalization and a
non-linear activation (e.g., ReLU/SiLU). Feature refinement is then performed by two consecutive Residual-SE blocks at a width of 512.
Each Residual-SE block consists of two 512 —512 linear transformations with Batch Normalization and activation (after the first
transformation), combined with an identity skip connection. The Residual-SE blocks are designed to facilitate gradient flow, reduce
training instability, and allow the network to learn complex nonlinear feature interactions, enhancing the model's ability to capture
subtle patterns in geospatial embeddings, following the design of SE-ResNet (Hu et al., 2018). To adaptively recalibrate feature
channels, we incorporate a Squeeze-and-Excitation (SE) module within each block: a bottleneck gating network 512 -32—512
produces channel-wise weights via a sigmoid function, which are applied multiplicatively to the block features before residual
addition. This design encourages the model to emphasize noise-relevant components of the learned geospatial representation while
maintaining stable optimization through residual learning.

After the 512-width stage, the representation is compressed via a linear projection 512 —256. Two additional Residual-SE blocks
are applied at width 256, using an SE bottleneck 256 —16 —256. The features are then further projected to 128 dimensions
(256 —128) and mapped to the final scalar prediction using a linear regression head (128 —1). This architecture contains 1,607,690
trainable parameters. The model is trained end-to-end to minimize a regression loss between ¥, and the observed noise exposure y,,.

We use the mean squared error (MSE), defined as MSE =1%"i = 17(y; — ?1)2, as the loss function, following standard practice in
urban noise prediction (Wei et al., 2016). Several hyperparameters associated with the prediction head, including the learning rate,
batch size, and hidden dimension, were determined based on empirical experience and preliminary experiments to ensure stable
convergence and effective learning. It enabled direct prediction of point-level noise exposure from foundation-model embeddings.

2.3. Spatial concentration and inequality assessment of traffic noise exposure

Given that our method can generate high-resolution traffic noise grids, it enables us to quantify the differential noise burden across
different social groups and urban residents from an environmental justice perspective, aligning with the specific requirements of the
United Nations Sustainable Development Goal 11 (Sustainable Cities and Communities) regarding “reducing adverse environmental
impacts in cities.” This study employs the 2020 high-resolution population density gridded product from the WorldPop project. This
dataset integrates multi-source remote sensing imagery, land use types, nighttime light data, and census statistics, utilizing machine
learning methods such as random forests to disaggregate national or administrative-level census data to the grid scale. Compared to
traditional administrative-level statistical data, it can more finely characterize the spatial heterogeneity of microscale population
distribution within cities. This allows us to calculate population-weighted exposure indicators rather than traditional “area-centric”
metrics. Additionally, since we are modeling road traffic noise, we utilize OpenStreetMap road network data for extraction. To sys-
tematically characterize the distance-decay features of road traffic noise impacts and their differential effects on residential pop-
ulations at various distances, we constructed multi-scale road buffer zones based on road centerline vectors (buffer distances: 50 m,
100 m, 150 m, 200 m, 250 m, 300 m, etc.). These buffer zone vectors serve both as spatial analysis units for zonal statistics and as sub-
region masks to define noise impact zones at different distance scales, supporting subsequent distance-stratified comparative analysis
of exposure inequality.

To comprehensively reveal the inequality in the spatial distribution of road traffic noise burden in urban spaces, we introduce the
Noise Burden Concentration Gini Coefficient as a core evaluation indicator. This metric quantifies the geographic concentration of the
coupled “population x noise” burden from a spatial dimension, effectively identifying spatial hotspots of noise impacts and providing a
quantitative basis for prioritizing spatial interventions in urban noise governance. We employ the Gini Coefficient as the measurement
indicator, which characterizes the concentration or dispersion of resource allocation through the Lorenz Curve.

Specifically, for the i-th grid cell (both Google AlphaEarth data and WorldPop data exist in grid format), we denote the noise
exposure as L; (in dBA; this study adopts Ljg as the noise exposure indicator, representing the noise level exceeded 10% of the time,
which better reflects the impact of high-noise events on residents) and the population as P; (in persons). We define the Population-

N
Weighted Exposure (PWE) indicator: PWE = M, where N is the total number of valid grid cells. This indicator eliminates the
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neglect of spatial population density distribution inherent in traditional area-based averages through population weighting, providing
a more realistic reflection of actual noise exposure levels experienced by urban resident populations. Furthermore, considering that
environmental justice research requires simultaneous attention to the coupled effects of exposure intensity and the scale of affected
populations, we introduce the concept of Noise Burden, defined as the product of population and noise exposure: B; = P; x L;, with
units denoted as person-dB. This indicator comprehensively reflects the dual information of “how many people” and “how much noise
they bear” in a specific area, effectively identifying dual hotspot areas of “high population density + high noise exposure.” Based on
this, we calculate the total noise burden at the city or study area scale: By, = ZfilBi = ZiIPiLi, which represents the absolute
magnitude of overall noise impact across the entire city, where N is the total number of valid grid cells.

To calculate the distributional inequality of road traffic noise burden in urban space, we first compute the noise burden B; = P; x L;
for all N valid grid cells, then sort these grid cells in ascending order by noise burden value B;. It generated the ordered sequence By,
B(2), -, B(x), Where By represents the noise burden value of the k-th grid cell after sorting.

Subsequently, we construct the Lorenz curve coordinates. We define the cumulative grid cell proportion x’k as the horizontal
coordinate of the Lorenz curve: Xk =Xk =1,2,---)N. This coordinate represents the proportion of the first k grid cells (after sorting)
relative to the total number of cells, with a range of [0, 1]. We define the cumulative noise burden proportion y'k as the vertical

. P i=1%B(i . . . . .
coordinate of the Lorenz curve: yk = %,k =1,2,---N. This coordinate represents the proportion of the cumulative noise burden

of the first k grid cells (after sorting) relative to the total burden, also with a range of [0, 1]. Connecting the point set forms the Lorenz
curve, which starts at (0, 0) and ends at (1, 1).

In Step 3, we calculate the area under the Lorenz curve. Using the Trapezoidal Rule for numerical integration, we calculate the area
A’ between the Lorenz curve and the horizontal axis:A’ = Y3_;1(xk —xk —1)(y'’k+yk —1), where x; = 0 and y;, = 0. In the ideal case
of perfect equal distribution (i.e., all grid cells have exactly the same noise burden), the Lorenz curve coincides with the diagonal line
y =X, and the area under the curve A’ = 0.5.

Finally, we calculate the Noise Burden Concentration Gini Coefficient: G = 1 —2A’". When the noise burden is perfectly equally
distributed, A’ = 0.5 and G = 0; when the noise burden is completely concentrated in a single grid cell, A" ~ 0 and G ~ 1. Therefore,
the theoretical range of G is [0, 1], with higher values indicating greater spatial concentration of noise burden.

The key characteristic of this metric lies in its use of spatial unit proportion (rather than population proportion) as the horizontal
coordinate and noise burden value (rather than pure noise exposure value) as the sorting criterion. It makes this indicator more
sensitive to dual hotspot areas with “high population density and high noise exposure.” Specifically, when this value is high, it in-
dicates that urban noise burden exhibits significant spatial clustering characteristics, meaning that a small number of areas (such as
high-density residential areas along arterial roads) bear the vast majority of the noise burden. These areas often represent concentrated
manifestations of environmental injustice and should become priority target areas for noise reduction policies and health intervention
measures. Conversely, if this value is low, it indicates that the noise burden is relatively dispersed in space and the burden borne by
different areas is relatively balanced. In this case, comprehensive city-wide noise control strategies may be needed rather than targeted
interventions focused on specific hotspots (i.e., identifying “where is affected”).

3. Results
3.1. Foundation model for noise prediction and performance evaluation

We extracted Google AlphaEarth Foundation Model data grids for the Hong Kong region corresponding to the temporal period
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(2020) of the noise dataset, establishing spatial linkages between the foundation model embeddings and noise grids. The multimodal
embeddings enable the model to capture physical processes, including sound reflection, attenuation through vegetation, and mete-
orological effects, without explicitly modeling the physics. We employed 5-fold cross-validation on the Hong Kong dataset to evaluate
model robustness and generalization. Rz, RMSE, and MAE were calculated for each fold. This process yielded a total of 1,603,200
training samples with a label mean of 57.86 + 9.15 dBA. The dataset was partitioned into a training set (70%, 1,122,240 samples), a
validation set (15%, 240,480 samples), and a test set (15%, 240,480 samples) to ensure robust model evaluation and prevent
overfitting.

Fig. 4 illustrates the density distribution and spatial distribution patterns of noise labels across the study area. The samples are
uniformly distributed throughout the study area, encompassing diverse noise exposure scenarios including metropolitan core areas,
suburban residential zones, and countryside environments. This comprehensive spatial coverage ensures that the model learns
generalizable patterns across varying urban morphologies and traffic conditions. The label distribution exhibits a roughly normal
distribution centered around the mean.

We constructed a specialized Noise Exposure Estimation Network as described in the method Section to capture complex nonlinear
relationships between geospatial embeddings and noise levels. The model was trained for 150 epochs using the Adam optimizer with
an initial learning rate of 0.001. We employed a batch size of 512 to balance computational efficiency and gradient stability. To
enhance model robustness, we applied several data augmentation strategies during training. Random spatial perturbations were
introduced by slightly shifting grid cell locations to account for spatial uncertainty in foundation model embeddings. Additionally, we
incorporated dropout (rate = 0.3) in the fully connected layers and employed L2 regularization (weight decay = le-4) to improve
generalization.

As shown in Table 1, the model demonstrates consistent and robust performance across training, validation, and test sets, indicating
strong generalization capability without significant overfitting. The model achieves R? values exceeding 0.84 across all three sets, with
the test set R? of 0.8451 demonstrating that the model explains over 84% of the spatial variance in urban noise levels. The Root Mean
Square Error (RMSE) values range from 5.73 to 6.15 dBA. The Mean Absolute Error (MAE) remains below 3 dBA across all sets (2.67-
2.92 dBA), which is well within the acceptable range for urban noise mapping applications, as measurement uncertainties in field noise
monitoring typically range from 2-5 dBA (Wei et al., 2016).

Fig. 5 presents scatter plots comparing true values and predicted values for the training, validation, and test sets, along with the
spatial distribution of Mean Absolute Error (MAE). The strong linear correlation between predicted and observed noise levels across all
datasets confirms the model’s ability to capture the underlying physical relationships between urban built environment characteristics
(encoded in the foundation model embeddings) and acoustic exposure.

Within the study area (Hong Kong), the model successfully explains over 80% of spatial noise variance with MAE below 3 dBA,
meeting the requirements for practical urban noise modeling applications. The spatial distribution of prediction errors reveals that
higher MAE values are primarily concentrated in transitional zones between high-traffic arterial roads and low-noise residential areas,
where sharp noise gradients challenge model interpolation. Error analysis by noise level categories shows that the model performs best
in the moderate noise range (55-75 dBA), where the majority of urban areas fall, with slightly degraded performance in extremely quiet
(<45 dBA) and extremely noisy (>85 dBA) regions due to limited training samples in these extremes. This suggests that future im-
provements could benefit from stratified sampling or synthetic data augmentation techniques to enhance the representation of tail
distribution scenarios.

3.2. Cross-city transfer and generalization assessment

Although the model has demonstrated high usability in the Hong Kong region, its reusability in other cities remains uncertain. To
evaluate cross-domain generalization capability, we first selected Shenzhen. The city with a similar spatial morphology and regional
context to Hong Kong, as the transfer learning experimental scenario. We input AlphaEarth TIFF data from Shenzhen's metropolitan
area into the Hong Kong-trained model for zero-shot inference (without any retraining or parameter updates), outputting traffic noise
exposure predictions for spatial points within the study region. As shown in Fig. 6, the transfer results exhibit strong spatial plausi-
bility. The predicted high values are primarily distributed along both sides of roads (we only take the prediction value along with the
road into consideration), while lower predicted values are concentrated in green spaces and other non-impervious surfaces and non-
hardened road areas, indicating that the model can effectively characterize noise exposure conditions in neighboring regions.
Simultaneously, the frequency distribution of decibel values is mainly concentrated around 50 dBA and 70 dBA, with a mean value of
approximately 61.66 dBA.

Furthermore, we conducted extrapolation tests across a broader range of geographic locations and city types, including inland cities
in China such as Wuhan and Chengdu, as well as several cities in other countries (e.g., Paris, London, Toronto, Tokyo, and Boston).

Table 1

Model Performance Metrics Across Different Dataset Splits.
Metrics Training Set Validation Set Test Set
Loss 2.26 2.49 2.50
R? 0.87 0.85 0.85
MAE dBA 2.67 291 2.92
RMSE dBA 5.73 6.12 6.15
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Fig. 5. Scatter plots of true vs. predicted noise values and spatial distribution of MAE across training, validation, and test sets.

Taking Wuhan as an example (Fig. 7), the predicted value distribution exhibits an overall unimodal characteristic (focused around 60
dBA), but the spatial continuity of high-noise bands near roads is relatively weak, and the high-value corridors formed along roads
(shown in red) are less visually distinct compared to the Shenzhen case. This suggests that the model may experience cross-domain
degradation in cities with greater geographic distance and more pronounced differences in urban morphology and acoustic condi-
tions, necessitating subsequent few-shot calibration or stronger domain adaptation strategies to further enhance robustness.

Fig. 8 presents two typical high-noise exposure areas. Through comparative observations of street-view and remote sensing im-
agery, we identified several key factors: (1) multi-level sound sources generated by transportation infrastructure such as elevated
viaducts; (2) differential acoustic absorption by varying land cover types; (3) sound wave reflections caused by reflective building
facades such as glass curtain walls; (4) acoustic canyon effects formed by the three-dimensional built environment. The spatial su-
perposition of these elements renders traditional noise models based on simplified assumptions inadequate, highlighting the necessity
of employing deep learning to capture complex nonlinear relationships.

3.3. Cross-city traffic noise exposure and inequality assessment

To overcome the limitations of traditional area-based average exposure indicators that neglect the spatial heterogeneity of pop-
ulation distribution, this study employs Population-Weighted Mean Exposure (L) as a comprehensive indicator reflecting the actual
exposure levels experienced by “ordinary residents.” This metric calculates the weighted average of noise exposure values across grid
cells according to their population counts, providing a more realistic characterization of the average noise levels borne by urban

N
resident populations. The calculation formula is: L,, = %:NIP;)L‘.
=171

We computed this metric for nine cities: Berlin, Paris, London, Toronto, Houston, Chengdu, Tokyo, Boston, and Shenzhen in Fig. 9.
We constructed buffer zones at different distances from OSM roads to calculate noise exposure conditions. Taking the 150-meter buffer
zone as an example, different cities exhibit significant differentiation patterns. Berlin’s L, is 72.6 dBA, Paris 67.9 dBA, London 74.4
dBA, Toronto 73.1 dBA, Houston 59.4 dBA, Chengdu 43.6 dBA, Tokyo 66.7 dBA, Boston 76.2 dBA, and Shenzhen 69.1 dBA. These
values not only reflect the average noise levels actually borne by residents in each city but also reveal the deep connections among
urban traffic patterns, built environment characteristics, and noise exposure.

From the absolute numerical distribution of L, the sample cities can be divided into four tiers: Very low exposure cities (L,,< 50
dBA) include only Chengdu (43.6 dBA), with this anomalously low value potentially related to the sampling area containing extensive
park green spaces and low-traffic residential zones; Low exposure cities (50 < L,, < 65 dBA) include Houston (59.4 dBA), whose low
exposure level is closely related to North American low-density, wide-road urban morphology; Moderate exposure cities (65 < L,, < 73
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Fig. 6. Road traffic noise prediction results and decibel value frequency distribution for Shenzhen (adjacent to Hong Kong).

dBA) include Tokyo (66.7 dBA), Paris (67.9dBA) and Shenzhen (69.1 dBA), reflecting a balance between high-density development
and modernized traffic management; High exposure cities (L,, > 73 dBA) include Berlin,Toronto, London, and Boston, with these cities'
L, values exceeding WHO-recommended daytime noise guideline values by approximately 20 dB.

Using the same 150-meter buffer zone as an example, the Noise Burden Concentration Gini Coefficient (G) shows significant
differences across cities in Fig. 10. Berlin's G is 0.209, Paris 0.3006, London 0.406, Toronto 0.409, Houston 0.467, Chengdu 0.169,
Tokyo 0.288, Boston 0.571, and Shenzhen 0.428. Notably, the sampling areas in this study are all metropolitan core areas of respective
cities with similar spatial coverage, meaning that the above G value differences primarily reflect essential differences in the internal
distribution patterns of noise burden within cities.

From the numerical distribution of G, sample cities can be divided into three tiers: Low concentration cities (G < 0.3) include
Chengdu (0.169), Berlin (0.209), and Tokyo (0.288), indicating that noise burden in these cities exhibits relatively homogeneous
spatial distribution; Moderate concentration cities (0.3 < G < 0.45) include London (0.406), Paris (0.3006), Toronto (0.409), and
Shenzhen (0.428), where noise burden begins to show some degree of spatial concentration tendency; High concentration cities (G >
0.45) include Houston (0.467) and Boston (0.571), indicating that noise burden is highly concentrated in a small number of grid cells,
representing significant environmental injustice issues.

Of particular concern is Boston (Fig. 11), which has both a high L,, of 76.2 dBA and the highest noise burden concentration (G =
0.571). This dual characteristic of “high exposure + high concentration” indicates that Boston not only suffers from severe overall
noise problems but also exhibits extremely unbalanced noise burden concentrated in a few areas. The differences in these distribution
patterns reflect the deep coupling relationships among urban morphology, traffic network structure, and population distribution
patterns, providing quantitative evidence for understanding urban environmental justice issues and offering a scientific basis for
formulating differentiated, targeted noise governance strategies.
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Fig. 8. Urban traffic noise modeling faces complex and diverse spatial scenarios.
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4. Conclusion

Foundation models represent large-scale, highly generalizable AI systems pretrained on massive datasets that can be readily
adapted to diverse downstream tasks across domain boundaries. They can be easily fine-tuned for numerous downstream applications
or even directly applied to novel tasks through few-shot or zero-shot learning paradigms. Geospatial foundation models have
demonstrated excellent performance in standardized remote sensing tasks such as land cover classification and crop yield prediction
(Brown et al., 2025), while their application in complex urban environment modeling remains largely unexplored. Existing research
has primarily focused on biophysical variables with direct spectral signatures (e.g., vegetation indices, land surface temperature),
whereas noise pollution exhibits stronger socioeconomic correlations with human activities. Leveraging geospatial foundation models
for urban environmental health research, particularly for complex coupled problems like noise, represents an entirely new frontier.
Unlike vegetation greenness (which can be directly measured through the NDVI), noise is an emergent property of coupled urban
systems, requiring integration of human activity patterns (traffic), built environment geometry (buildings), and natural attenuation
features (vegetation, topography). Sufficient information cannot be obtained solely from RGB visual features, necessitating multi-
modal physical observations.

This study advances multiphysics-based few-shot noise modeling by applying geospatial foundation models to the characterization
of the urban acoustic environment. Moreover, it also validates the effectiveness of geospatial foundation models in environmental
exposure applications. Through cross-city transfer learning spanning three continents with diverse urban structures and systematic
inequality assessment, we identified disproportionate spatial distribution patterns of noise exposure across different cities, providing
valuable insights for urban planning and noise mitigation strategies. Our framework demonstrates several key contributions:

First, we combined foundation model embeddings with task-specific heads to achieve noise prediction accuracy with R? > 0.84.
This means we can leverage geospatial foundation models to address the critical data scarcity challenge in the Global South, where
90% of urban population growth occurs but environmental monitoring infrastructure remains inadequate. This paradigm enables city-
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wide noise mapping previously infeasible due to the prohibitive costs of sensor deployment or physics-based simulation. Second, zero-
shot transfer experiments across nine global cities (Berlin, Paris, London, Toronto, Houston, Chengdu, Tokyo, Boston, Shenzhen)
revealed spatially plausible noise predictions without local calibration. Near-distance transfers (Hong Kong — Shenzhen) exhibited
strong spatial coherence, while far-distance applications showed performance degradation in cities with substantially different urban
structures. It also highlighted the necessity of local data fine-tuning and the characteristic differences in acoustic environments across
different cities. Third, population-weighted exposure analysis (L,) and Gini coefficient assessment (G) provided a systematic quan-
tification of noise burden inequality. We identified a spectrum ranging from relatively equitable cities (Chengdu: G=0.169, L,,=43.6
dBA) to severely inequitable contexts (Boston: G=0.571, L, =76.2 dBA). It demonstrated how the coupled “high exposure + high
concentration” pattern in certain cities reflects deep structural inequities in transportation planning and residential segregation.

Despite these advances, there are still several limitations in this research. First, ground-truth validation data are currently available
only for Hong Kong, limiting our ability to rigorously quantify cross-city prediction accuracy. While spatial plausibility checks and
physical reasoning support the transferred predictions, differences in urban characteristics across cities (such as building density,
urban morphology, or traffic patterns) still limit the model's generalizability. Future work should explore few-shot calibration stra-
tegies that leverage limited local noise measurements (e.g., 100-500 samples per city) to adapt the pre-trained model.
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