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Abstract
Timely and accurate monitoring of opioid overdose risks is critical for public health, 
particularly in underserved rural regions. Traditional surveillance systems often lack 
the spatial and temporal resolution needed to support proactive interventions. 
While socioeconomic indicators, such as the social vulnerability index and housing 
value, show moderate correlations with opioid-related outcomes, existing methods 
rarely incorporate high-resolution environmental data. Previous research relies 
largely on static census data and coarse geographic indicators, limiting its ability to 
detect localized risk patterns. Moreover, the connection between built-environment 
features and opioid overdose remains underexplored—especially in rural areas like 
Alabama’s Black Belt. To address this gap, we propose a multiscale spatio-temporal 
framework that integrates satellite imagery and machine learning to monitor opioid-
related emergency room (ER) visit rates. We collected 201,967 housing images from 
Black Belt counties and classified them using computer vision models, including 
ResNet and external attention transformers. To overcome limitations in labeled 
data, we developed four unsupervised pipelines combining k-means clustering 
with autoencoders, masked autoencoders, VGG16, and household-image ratios. Our 
results show that unsupervised embeddings outperform supervised classification 
in capturing signals associated with ER visits. Descriptive features, such as roof 
type, road layout, and environmental openness, significantly inform predictions. 
Although Black Belt counties report lower absolute ER visit rates, they show faster 
year-over-year growth. Our study demonstrates the potential of combining satellite 
imagery with multimodal artificial intelligence to improve rural health surveillance 
and supports the development of scalable, interpretable monitoring tools for early 
intervention and policy planning.

Keywords: Satellite imagery; Artificial intelligence; Monitoring framework; Deep learning; 
Social vulnerability; Opioid overdose

1. Introduction
The opioid epidemic has emerged as a major public health crisis in many countries, 
particularly in North America.1 In the United States, it has profoundly affected 
community well-being, with significant social, economic, and environmental 
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consequences. Rising opioid misuse has driven an 
escalating overdose crisis characterized by reduced quality 
of life, criminal justice involvement, loss of economic 
productivity, and overdose deaths. In 2017, the estimated 
cost of opioid use disorder and fatal overdoses reached 
USD 1.02 trillion,2 with opioids accounting for nearly 70% 
of all drug overdose deaths. Policymakers, community 
organizations, and local stakeholders face the urgent 
responsibility of addressing these challenges. Multiple 
funding agencies, non-governmental organizations, and 
local coalitions are working to implement harm-reduction 
strategies, especially in rural areas.3 Despite these efforts, 
opioid-related mortality continues to rise; from April 
2020 to April 2021 alone, more than 100,000 deaths were 
attributed to opioid overdose—a 28.5% increase from 
the previous year.4 Yet, timely and localized information 
remains limited, particularly at the county level. Developing 
effective monitoring systems to support harm reduction 
and guide place-based interventions is, therefore, crucial 
in combating the opioid crisis.

To examine environmental determinants of opioid 
overdose, we use social vulnerability as a reference. The 
social vulnerability index (SVI) measures a community’s 
capacity to withstand and recover from disasters or public 
health crises. At the local level, resilience shaped by 
socioeconomic and demographic factors plays a critical 
role in both research and policy. The SVI includes an 
overall score and four thematic dimension: socioeconomic 
status, household composition, race/ethnicity/language, 
and housing/transportation. These indices collectively 
reflect the community environment and are assessed for 
their correlation with opioid overdose patterns. Beyond 
the SVI, additional attributes—such as property values 
and satellite-derived housing features—provide valuable 
complementary measures for monitoring opioid risk.

Satellite data have gained increasing attention 
across diverse applications, including disaster response 
and environmental monitoring.5 Advances in high-
resolution imagery and the expansion of public data 
resources have made satellite data more accessible than 
ever. When combined with artificial intelligence (AI), 
remote sensing imagery can provide valuable insights 
through deep learning (DL)-based feature extraction. By 
integrating satellite imagery with complementary datasets 
such as property values, it becomes possible to uncover 
socioeconomic patterns and geographic features associated 
with opioid risk.

Prior studies have demonstrated the value of integrating 
social, geographic, and image-based data to monitor public 
health crises, particularly opioid overdoses. Early work 
combined county-level socioeconomic indicators with 

spatial statistics and data mining to capture spatio-temporal 
overdose patterns, such as a study in Virginia,6 while 
community-level virtual audits using Google Earth imagery 
in Kentucky7 showed that satellite-based observations can 
reveal rural environmental risk factors often missing from 
traditional datasets. Medical-data-driven approaches have 
further identified individual-level overdose risk factors 
to support clinical monitoring and counseling.1 Beyond 
opioid-specific research, satellite imagery and machine 
learning have been widely adopted to characterize social 
and health-related conditions. Prior studies demonstrated 
that computer vision models can infer poverty and 
socioeconomic vulnerability from satellite images8 and 
support cost-effective community sampling for public 
health surveillance, such as COVID-19 vaccine studies in 
rural Alabama.9 Advances in AI have strengthened these 
efforts, with convolutional neural network (CNN)-based 
architectures, such as ResNet and VGG16, becoming 
standard backbones for satellite image classification and 
feature extraction.10-14 While these classification-oriented 
models effectively capture global visual patterns, they lack 
explicit spatial localization. Image segmentation methods, 
particularly U-Net, address this limitation by preserving 
fine-grained spatial structure through encoder-decoder 
architectures with skip connections, making them more 
suitable for extracting meaningful built-environment 
features for social science applications. Autoencoder-based 
approaches further enable unsupervised feature learning 
from heterogeneous remote sensing data.15 Finally, 
previous studies integrated Google Earth and community 
data to inform opioid crisis mitigation using AI tools,16 
while recent work has emphasized the interpretability 
of visual features such as texture, shape, pixels, and 
frequency.17,18 A growing body of literature also highlights 
the importance of contextual and environmental factors 
in shaping health disparities. A  study leveraged satellite 
data to monitor large-scale environmental changes, such 
as land use, meteorological patterns, and air quality, across 
East Asian cities.19 Community-level social determinants 
and social vulnerability have been shown to be strongly 
associated with nonfatal overdose risk.20 Related research 
links environmental sustainability in healthcare systems 
to improved service quality and financial performance,21 
emphasizing the broader role of environmental 
stewardship in public health outcomes. Urban livability and 
sustainability frameworks further demonstrate how built-
environment indicators can inform resilient and healthy 
community planning.22-24 These studies collectively suggest 
that environmental conditions, healthcare operations, 
and community well-being are deeply interconnected and 
can be effectively assessed using integrated geospatial and 
AI-driven approaches.
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Building on prior research, our study integrated 
satellite imagery, the SVI, and geographic information 
to monitor opioid overdose patterns. First, we applied 
supervised learning methods to classify satellite imagery 
and examine correlations between the classified image 
categories and opioid overdose emergency room (ER) visit 
rates. We then extracted housing features from satellite 
images using computer vision approaches, including 
VGG16, autoencoders, and masked autoencoders, and 
generated feature clusters through unsupervised learning. 
By combining satellite-derived features, SVI data, and 
housing values, we gained a deeper understanding of 
factors associated with opioid overdose. We further 
illustrated the distribution of housing features using 
clustering algorithms, in which the extracted feature 
vectors corresponded to distinct satellite-based patterns. 
Since housing features remain stable over time, we 
leveraged these satellite-derived features to monitor ER 
visit rates and demonstrated their correlations with opioid-
related outcomes.

Our study examined Alabama, a state exhibiting 
elevated opioid-related risk. Alabama’s opioid overdose 
rate surpasses the national average,25 and it has historically 
maintained the highest opioid prescription rate 
nationwide.26 Prior research has shown that counties with 
higher prescription rates tend to experience greater opioid-
related mortality.27 While drug overdose was historically 
more prominent in urban areas, recent trends indicate a 
shift toward rural communities, where overdose deaths 
now surpass those in urban settings.7 Rural Alabama, in 
particular, has experienced sharper increases in overdose 
rates, along with widespread opioid misuse and adverse 
health outcomes.26 Contributing factors include limited 
resources—such as healthcare services, treatment and 
prevention programs, and available providers28,29—as well 
as sociodemographic vulnerabilities, including poverty, 
underinsurance, and a predominance of working-class 
residents.26 Despite these challenges, few studies have 
examined the spatial and temporal associations between 
socioeconomic conditions and opioid overdose rates. 
Our study addresses this gap by proposing a monitoring 
framework that can inform harm reduction strategies and 
guide future research to mitigate opioid-related harms.

We integrated high-resolution satellite imagery with 
geographic and social determinant data to monitor opioid 
overdose ER visit rates. This monitoring framework 
enabled a comprehensive analysis of ER visits by 
combining geographic representation, SVI measures, and 
features extracted from satellite imagery. Figure  1 shows 
the workflow of the opioid overdose monitoring system. 
We obtained the correlation values for ER visit rates, SVI, 

and housing value. We use calculated opioid overdose 
ER visit rates, SVI, and SVI themes to monitor the SVI 
of opioid overdose. We also used the calculated opioid 
overdose ER visit rates and extracted housing features 
to monitor the housing features of opioid overdose. We 
extracted visual features from the collected satellite dataset 
using DL techniques and then clustered them using 
clustering algorithms to create distinct feature clusters. 
Then we used the extracted percentage of visual feature 
clusters to correlate with the opioid overdose ER visit rates. 
The SVI was divided into four themes: socioeconomic 
status, housing/transportation, race/ethnicity/language, 
and household composition. To explore SVI themes, we 
considered property values and satellite images to analyze 
how SVI themes and housing features affected opioid 
overdose ER visit rates.

To our knowledge, no prior study has jointly incorporated 
geographic data, SVI, and satellite-derived features to 
examine and compare ER visit rates across counties 
and over time. Beyond opioid overdose, the proposed 
framework also has the potential to inform analyses 
of other health-related challenges, both emerging and 
ongoing. The contributions of this study are as follows:
•	 Propose a spatio-temporal monitoring framework 

that integrates opioid overdose ER visit data with 
geographic, social vulnerability, and housing-
based indicators to support county-level overdose 
surveillance across Alabama.

•	 Develop an innovative multi-dimensional data 
integration approach that combines spatial 
features, social vulnerability measures, and housing 
characteristics to identify key determinants of opioid 
overdose ER visit rates.

•	 Demonstrate the utility of the proposed framework 
by analyzing spatio-temporal variations in overdose 
ER visit rates from 2018 to 2021, revealing rural 
disparities, lower ER utilization in high-risk counties, 
and spatial patterns associated with changes in ER 
visit rates over time.

The organization of the remainder of this paper is as 
follows: the data and methods section introduces the 
datasets and AI techniques for this monitoring framework; 
the results section presents the analysis; the discussion 
section; and the concluding remarks and future work are 
described.

2. Data and methods
More than 50 national governments have established 
data-driven strategies for science and engineering policy 
interventions.30 According to a brief review of the unique 
features of rural risk environments that affect research 
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and policy planning,31 it is clear that local decision-
makers are unable to raise revenue to supplement 
necessary infrastructure, creating an underprivileged 
policy environment. Rural areas also lack evidence-based 
pharmacotherapy and scalable treatments for drug use 
disorder; all the findings of our study have important 
policy implications for addressing the opioid crisis in 
rural areas. To address these gaps, our study integrated 
four complementary data sources: SVI, Alabama Black 
Belt satellite images, property values, and opioid overdose 
ER visit rates. This study received an institutional review 
board (IRB) exemption on the grounds that all data were 
publicly available, no identifiable individual-level records 
were collected, and all analyses were performed at the 
aggregated county scale. As a result, the IRB determined 
that informed consent was not required.

The Centers for Disease Control and Prevention (CDC) 
publishes the SVI32 in geographic information system 
(GIS) format,33 providing county-  and zip code-level 
data for all 67 counties in Alabama. Social vulnerability 
reflects a community’s resilience in responding to public 
health crises, pandemics, or disasters.34 The CDC releases 
SVI data in GIS format every 2 years,34 offering a publicly 
available resource that enables researchers to capture 
geographic variation in rural areas and identify counties 
most in need of targeted interventions and policy support. 

The SVI consists of four thematic domains: socioeconomic 
status, household composition, race/ethnicity/language, 
and housing/transportation.34 Figure  2 illustrates these 
themes for Hale County, a rural county in Alabama. For 
example, lower SVI values for socioeconomic status 
represented stronger socioeconomic conditions, while 
higher values indicated greater vulnerability. In this study, 
we used the 2018 SVI data, which provided a complete set 
of theme values.

Satellite sensors provided synoptic data on a 
range of biophysical parameters and land-use/land-
cover information that can be used for environmental 
monitoring and mapping.35 To enable prospective 
monitoring of opioid overdose using geographic and 
satellite-derived features, we collected housing satellite 
imagery from Google Maps and other satellite databases,36 
focusing primarily on 17 counties in Alabama’s Black Belt 
region in 2018. Our goal is to evaluate whether satellite 
imagery can represent socioeconomic status and housing-
related geographic factors through spatial features. 
To this end, we calculated distributions of housing 
classifications and image-based features to assess their 
ability to validate our hypothesis. Using a custom Python 
crawler (Version 3.7, developed by authors using Google 
API, United States), we collected additional imagery with 
detailed features, including houses, roads, and yards, 

Figure 1. Workflow of the opioid overdose monitoring system
Abbreviations: ER: Emergency room; SVI: Social vulnerability index.
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resulting in a dataset of 201,967 housing images at a 
resolution of 768 × 768 pixels. Figure 3 shows the satellite 
data collection process. Figure  4 shows the number of 
households and satellite images. Since socioeconomic 
status strongly influences community health, housing and 
transportation characteristics serve as key environmental 
variables that may impact health outcomes. In rural areas, 
where traditional data sources are limited, satellite-based 
imagery provides a valuable means to analyze opioid 
overdose patterns and their association with underlying 
social and environmental factors.

Housing data retrieved from online sources has become 
an integral part of daily life. Zillow, for example, provided 
detailed property-level information that characterized 
houses through market transactions, including estimated 
prices. To illustrate the spatial distribution of housing across 
Alabama, we mapped properties in all 67 counties using 
latitude and longitude coordinates. There were 1,048,576 
property data points, each representing a household with 
an associated property value. Several properties appear 
as outliers, as they were not fully aligned with Alabama 
CoreLogic Property records.

The ER visits dataset included county-  and zip code-
level opioid overdose data for all 67 counties in Alabama. It 
contained records from 2018 to 2021 on individual opioid 
overdose ER visits, including patient zip code, age, gender, 
race, and county of residence. Gong and Wu16 conducted 
a descriptive analysis of these variables. The ER visit rate 
was defined as the number of opioid-related ER visits per 
100,000 population. Similarly, the opioid-related death 
rate was defined as the number of opioid-related deaths 
per 100,000 population. In some counties, death rates were 
reported as zero because health data are suppressed when 
there are fewer than 10 cases to protect confidentiality.

The state of Alabama consists of 67 counties and 645 
zip code areas, which served as the units of analysis in 
this study. We examined ER visit rates and opioid-related 
death rates across counties and zip codes and assessed 
spatial autocorrelation of ER visit rates in 2018. Spatial 
autocorrelation refers to the tendency of values in one 
location to be similar to or different from those in nearby 
areas.6 In our analysis, we considered neighborhood 
adjacency for Alabama zip codes. Positive spatial 
autocorrelation indicated that neighboring areas shared 
similar values, whereas negative spatial autocorrelation 
indicated that neighboring areas exhibited dissimilar 
values.

This study analyzed potential geographic factors of 
opioid overdose and examined how social vulnerability 
shaped overdose rates in 2018. We explored different SVI 
themes to assess how socioeconomic status and housing 
features influenced opioid overdose. We also calculated Figure 2. Four social vulnerability index themes of Hale County

Figure 3. Satellite data collection process
Abbreviation: API: Application Programming Interface.
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the spatial autocorrelation of opioid overdose rates 
across Alabama counties using neighborhood adjacency 
and ER visit data in 2018. For temporal analysis, we 
tracked changes in ER visit rates by incorporating social 
vulnerability measures and satellite-derived features, 
and identified associations among ER visits, SVI themes, 
and environmental characteristics. For spatial analysis, 
we examined ER visit rates across counties and evaluated 
their relationships with satellite features, property 
values, and both local and global indicators of spatial 
association.6

2.1. Social vulnerability monitoring

We obtained county-level SVI data for 2018 in Alabama’s 
Black Belt region to examine correlations between 
social vulnerability and opioid overdose ER visit rates. 
Among the SVI themes, socioeconomic status exhibited 
the strongest correlation with ER visit rates, followed 
by housing and transportation. These findings are 
consistent with prior research that highlighted a strong 
association between socioeconomic conditions and 
public health outcomes.6 By leveraging this approach, we 
assessed whether variations in social and environmental 
vulnerability are reflected in opioid-related health 
outcomes in rural Alabama counties.

2.2. Housing feature monitoring

2.2.1. Property value

We considered property value as a housing-related feature 
in analyzing opioid overdose. The raw data were obtained 
from CoreLogic Alabama Property Information, which 
provides official statistics on total assessed property 
values along with geographic coordinates (latitude and 
longitude). These data were aggregated from county and 
township government records across Alabama. We used 
the property dataset directly to examine the association 
between property values and opioid overdose ER visit rates.

2.2.2. Physical and neighborhood features

Supervised learning techniques require labeled data 
samples. To investigate the relationship between social 
vulnerability and opioid-related ER visit rates, we analyzed 
correlations between the SVI and satellite-derived housing 
imagery. In addition to housing structures, we included 
neighborhood-level features, such as road networks and 
greenery, when collecting satellite images. DL, a subset 
of machine learning, has proven effective at extracting 
meaningful features from satellite imagery,37 particularly 
with CNNs. To monitor opioid overdose ER visit rates 
in relation to social vulnerability, we applied machine 
learning algorithms to high-resolution satellite imagery, 
focusing on housing and neighborhood characteristics. 
Specifically, we implemented CNNs, ResNet-18, 
ResNet-50, and the external attention transformer 
network (EANet) for satellite image classification. All 
images were labeled and classified into four categories—
poor, common, good, and luxury—based on housing 
size, roof condition, yard characteristics, and road quality 
for training. The CNN models were trained on four 
classification tasks, with the input images appended, for 
100 epochs. The ResNet-18 and ResNet-50 were trained 
with the Adam optimizer11 and a mean squared error loss 
function. The ResNet-18 model is trained for 50 and 100 
epochs, and ResNet-50 is trained for 100, 200, and 400 
epochs. EANet was used as an image classification model. 
In the experiment, TensorFlow (Version 2.7, Google, 
United States) was used to train under this classification 
condition, observe the results, and validate the unlabeled 
data. We used an independent sample of the dataset 
for the prediction tasks, with 80% for training, 20% 
for testing, and an additional 20% subset for validation 
during model development.

2.2.3. Latent visual features

Unsupervised learning does not rely on labeled data; 
instead, it groups samples based on similarity.38 Because 
labeling satellite imagery is both costly and time-
consuming,39 clustering algorithms are often employed 
for image classification tasks.38 In our approach, we first 
extracted latent visual features from satellite images 
using models such as VGG16,40 autoencoders, masked 
autoencoders, and a segmentation housing ratio. Figure 5 
shows the architectures of three neural network types: 
UNET-AutoEncoder, Masked AutoEncoder, and VGG-
16. For VGG16, we removed the final classification layer 
to obtain a 4,096-dimensional feature vector. For both 
the Autoencoder and Masked Autoencoder, the encoder 
produced a 1,000-dimensional latent feature vector, 
representing the compressed visual information. These 
latent features, which captured high-level visual patterns 

Figure 4. The amount of data collected for 17 counties in the Alabama 
Black Belt
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rather than explicit categories, were clustered using 
the k-means algorithm. K-means initialized centroids 
with a fixed seed, assigned samples based on Euclidean 
distance, and iteratively updated centroid positions until 
convergence. We tested multiple cluster sizes (2, 3, 4, 5, 
and 6) and identified that four clusters provided the most 
distinct separation of housing image patterns.

2.3. Geographic information monitoring

Geographic information has attracted significant attention 
in spatial analysis,6 creating a growing demand for 
advanced techniques to analyze spatial data. In this study, 
we employed clustering, classification, and both local 
and global indicators of spatial association to monitor 
geographic patterns. With the increasing availability of 
large spatially referenced datasets and advances in data 
science, GISs enabled reliable monitoring and visualization 
of patterns across space and time.

2.3.1. Global indicator of spatial association

Global autocorrelation measures the overall spatial 
association within a dataset and is particularly important 
for analyzing large-scale patterns. We used Moran’s I index 
to evaluate global autocorrelation and assess its statistical 
significance. The value of Moran’s I ranged from −1 (strong 
negative spatial autocorrelation) to 0 (randomness) 
to +1 (strong positive spatial autocorrelation). Global 
autocorrelation also influenced local autocorrelation, 
except during outlier detection. A  positive Moran’s I 
indicated spatial similarity among neighboring areas, 
whereas a negative value indicated spatial dissimilarity. 
The spatial patterns revealed by the global autocorrelation 
index are shown in Section 3.

2.3.2. Local indicator of spatial association

Local indicators of spatial association (LISA)6 illustrate the 
distribution of each county’s Moran’s I index, providing 

Figure 5. The architectures of three types of neural networks, UNET-AutoEncoder, Masked AutoEncoder, and VGG-16
Abbreviations: Conv: Convolutional; ReLu: Rectified linear unit.
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a quantitative measure of local spatial effects. LISA also 
identifies spatial outliers, allowing us to interpret locations 
as potential hotspots or coldspots. For 2018, the analysis 
distinguished five groups, each highlighted with a different 
color. The classification of counties into low or high opioid 
ER visit rates was based on whether their values fell below 
or above the mean ER visit rate. Both local and global spatial 
autocorrelation analyses of Alabama’s opioid ER visit rates 
were conducted using the Python PySAL package.6

3. Results
Our results revealed discernible correlations between 
housing data and opioid overdose ER visit rates, 
highlighting their connection to broader public health 
outcomes. By integrating multiple SVI themes, satellite-
derived features, and property values, policymakers can 
effectively identify underlying factors associated with 
opioid overdose fatalities and ER visit patterns. We used 
a DL approach to extract satellite-derived features from 
satellite imagery in rural Alabama counties. The full 
satellite imagery dataset used for feature extraction is 
approximately 275 GB. Visualization of model-derived 
features indicated that the DL models captured information 
closely aligned with the variation in SVI and ER visits, 
including driveways and sidewalks, overgrown vegetation, 
yard conditions, and the size and appearance of houses and 
roofs. These predictions provided insights into key SVI 
themes—socioeconomic status, household composition, 
and housing/transportation—offering a cost-efficient and 
potentially real-time strategy for estimating SVI values 
and monitoring ER visit rates. Overall, the findings suggest 
that DL-based analysis of satellite imagery can reveal fine-
grained spatial patterns of social vulnerability and opioid-
related health outcomes at the community level.

3.1. Social vulnerability monitoring

Table  1 presents the correlations between social 
vulnerability and opioid overdose ER visit rates across 
years. The results show that the socioeconomic status 
theme (T1) was consistently and moderately negatively 

correlated with ER visit rates, with the strongest effect 
observed in 2020 (r = −0.61). This suggests that counties 
with greater socioeconomic vulnerability reported lower 
ER visit rates in that year. The household composition/
disability theme (T2) also showed negative correlations 
across all years, though the effects were weaker than those 
of T1. The minority/language theme (T3) was generally 
weakly associated with ER visit rates, except in 2020, when 
a stronger negative correlation (r = −0.58) was observed. In 
contrast, the housing/transportation theme (T4) showed 
unstable associations, with small positive correlations in 
2018 and 2021 but negative correlations in 2019 and 2020. 
Overall, these results indicate that the different dimensions 
of social vulnerability contribute unevenly to opioid 
overdose outcomes, and their relationships vary across 
time.

3.2. Feature monitoring

3.2.1. Property value

CoreLogic property value showed substantial variation 
across Alabama counties, reflecting differences in data 
collection practices and administrative records. Although 
relatively inexpensive, these data represented a valuable 
resource for monitoring when paired with scientific 
analysis. We found notable disparities in property values 
between counties, yet their influence on health-related 
outcomes remained uncertain. In several cases, significant 
differences in opioid overdose ER visit rates may partly 
reflect inconsistencies between property value records 
and satellite-derived measures. Even so, certain counties 
emerged as priority areas for targeted research and 
intervention.

We examined the potential of using property value as a 
proxy for estimating opioid overdose risk across geographic 
areas in the United States. In Alabama, property values 
may not directly capture overdose rates, but they provide 
a sound signal for monitoring county-level variation and 
temporal trends. Table  2 reports correlations between 
ER visit rates and county-level property values, with the 
strongest correlation achieving 0.6. Figure  6 illustrates 
the distribution of property values across four categories. 
For geographic monitoring, properties were grouped 
into four classes based on housing features and Zillow 
public data: (i) mobile properties (homes valued below 
USD 10,000),  (ii) ordinary properties (USD 10,000–USD 
200,000), (iii)  community properties, such as churches 
and Walmart Neighborhood Stores (USD 200,000–USD 
1 million), and (iv) government or large commercial 
property, including Walmart Supercenters (above USD 1 
million). This classification integrated value thresholds with 
representative land-use categories. Notably, correlations 

Table 1. Correlation of emergency room visits and social 
vulnerability

Social vulnerability SVI T1a T2b T3c T4d

2018 ER visit rate −0.01 −0.41 0.32 −0.03 0.15

2019 ER visit rate −0.50 −0.37 −0.15 −0.05 −0.43

2020 ER visit rate −0.61 −0.58 0.12 −0.58 −0.45

2021 ER visit rate −0.21 −0.26 −0.40 −0.02 0.11

Notes: aSocioeconomic; bHousehold composition/disability; cMinority/
language; dHousing/transportation.
Abbreviations: ER: Emergency room; SVI: Social vulnerability index.
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between ER visit rates and property values were stronger 
in the Black Belt region than at the statewide level.

3.2.2. Physical and neighborhood features

With advances in the accuracy and validity of remote 
sensing data, progress in measuring and addressing 
social vulnerability has accelerated. Our satellite-based 
machine learning approach provided a scalable method for 
estimating wealth and health conditions in rural areas. The 
results suggest that such measures could help identify areas 
with potential health-related problems and assess recovery 
potential across counties. As shown in Table 3, ResNet-18 
achieved significantly better classification performance 
compared to other models. Nonetheless, the model’s 
accuracy could be further improved with a larger set of 
county-level images to strengthen testing and validation.

3.2.3. Latent visual feature

To identify temporal patterns in ER visit rate changes 
across counties, we applied housing satellite image feature 
clustering9 to analyze the relationship between health 
outcomes and spatio-temporal factors. Socioeconomic 
status, widely recognized as strongly correlated with 
community health, serves as an important reference in this 
analysis. Housing satellite image features were extracted 
using VGG16, autoencoders, masked autoencoders,9 
and segmentation networks. The segmentation approach 
focused on calculating the percentage of housing area 
in each satellite image to examine associations between 
opioid overdose rates and proportions of housing 
features. Figure 7 illustrates satellite images and the visual 
processing by three types of neural networks. We found 
that UNET segmentation recognized housing features, 
and road features were highlighted using the Saliency Map 
with VGG16 feature extraction. All extracted features were 
clustered into four classes, as shown in Figure  8. After 
obtaining cluster counts, we used Pearson’s correlation 
coefficient to measure the strength of association between 

ER visit rates and cluster ratios. The strongest correlation 
was observed for features derived from the autoencoder 
model (r = −0.53), as shown in Table 4. Different models, 
AutoEncoder, Masked_AutoEncoder, and VGG16, were 
used to extract visual features from our collected satellite 
images. We then used a clustering algorithm to obtain four 
clusters of features extracted from satellite images. We also 
used segmentation to estimate the percentage of extracted 
housing features across the entire satellite dataset and 
analyzed the association between opioid overdose ER visit 

Table 2. Correlation of emergency room visits and property 
value over time

Property value class/ER visit rate 2018 2019 2020 2021

C1_bb 0.01 −0.08 −0.20 −0.16

C2_bb −0.34 0.31 0.20 0.28

C3_bb 0.04 −0.05 −0.01 −0.11

C4_bb −0.12 0.24 0.60 0.00

C1 −0.09 0.14 −0.03 0.03

C2 −0.03 −0.10 −0.08 −0.07

C3 −0.01 −0.12 −0.15 −0.16

C4 −0.02 0.05 0.04 −0.12

Notes: C1: Property value<10,000 USD; C2: 10,000 USD<property 
value<200,000 USD; C3: 200,000<property value<1 million USD; 
C4: Property value>1 million USD.
Abbreviation: ER: Emergency room.

Figure 6. Alabama property value distribution (in USD)

Table 3. Accuracy of different satellite imagery‑based 
artificial intelligence models

Artificial intelligence model Accuracy Val_accuracy

Convolutional neural network 0.6156 0.7234

ResNet‑18 0.9671 0.9331

ResNet‑50 0.6656 0.7708

External attention transformer 0.6189 0.6314

Abbreviation: Val_accuracy: Accuracy of another sample dataset.
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rates and the extracted housing feature percentage. Four 
different clusters’ percentages were then correlated with 

opioid overdose ER visit rates (2018–2021) with Pearson’s 
correlation coefficient. We found several moderate to 
strong correlations between opioid overdose ER visit rates 
and extracted visual feature clusters. The illustrated visual 
patterns in the physical environment were associated with 
higher/lower opioid overdose ER visit rates, and there 
were predictive environmental indicators from satellite 
imagery, which encoded social vulnerability and health 
outcomes. To further explore the data, we applied PacMap 
for dimensionality reduction and visualized the four 
clusters (Figure  9). Representative examples, including 
the centroid satellite images and the four closest images to 
each centroid, are presented in Figure 10.

3.3. Geographic information monitoring

We used the open-source Python library for exploratory 
spatial data analysis. Spatial autocorrelation measures 
captured the degree of similarity between neighboring 
areas, providing both global and LISA for Alabama.

3.3.1. Global indicator of spatial association

Moran’s I index results show limited similarity between 
counties and their neighbors in ER visit rates from 2018 
to 2021. Positive values of Moran’s I (2019 and 2021) 
indicated weak positive global autocorrelation, whereas 
negative values (2018 and 2020) indicated weak negative 

Table 4. Correlation of opioid overdose emergency room 
visits and clustering with four models over time

Models AutoEncoder Masked 
AutoEncoder

VGG16 Segment

2018_class_0 0.05 −0.01 −0.26 0.054

2018_class_1 −0.01 0.09 −0.01 −0.22

2018_class_2 0.01 0.15 0.09 0.14

2018_class_3 −0.03 −0.12 0.02 −0.25

2019_class_0 0.09 −0.48 0.16 0.17

2019_class_1 0.02 −0.10 −0.16 0.16

2019_class_2 −0.07 −0.44 −0.15 −0.19

2019_class_3 −0.05 0.3 0.23 0.12

2020_class_0 −0.53 0 0.13 0.43

2020_class_1 −0.28 −0.04 0.02 −0.18

2020_class_2 −0.18 −0.05 −0.17 −0.054

2020_class_3 0.52 0.05 0.13 −0.36

2021_class_0 −0.05 −0.14 0.09 −0.19

2021_class_1 0.24 0.02 −0.03 −0.25

2021_class_2 0 −0.28 0.02 0.26

2021_class_3 −0.06 0.1 −0.05 −0.2

Notes: Classes 0–3 represent four satellite image feature clusters 
obtained by applying K‑means clustering to image embeddings 
extracted using AutoEncoder.

Figure 7. An illustration of satellite images and the visual processing by 
three types of neural networks
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autocorrelation. The strongest association was observed in 
2018 (Moran’s I = −0.024). As shown in Table 5, the overall 
values across all 4  years were close to zero, suggesting 
uneven spatial patterns and large differences in ER visit 
rates between adjacent counties in Alabama.

3.3.2. Local indicator of spatial association

We applied LISA to precisely capture spatial variation, 
identifying specific areas that required targeted risk 

reduction. LISA provided two key advantages: it extended 
global measures to capture local variation and allowed 
for straightforward mapping of high-  and low-risk areas. 
From the third map in Figure 11, the 2018 LISA analysis 
identified five distinct groups, represented in the map 
with different colors: red (high-high), pink (high-low), 
blue (low-low), light blue (low-high), and gray (outliers). 
Hotspots (red) and coldspots (blue) were prominent, while 
outliers (gray) were not significantly represented compared 
to their neighbors. LISA thus provided an effective tool for 
visualizing and interpreting local spatial patterns, with the 
sum of all LISA values proportional to the global Moran’s I.6

Figure  11 shows that urban areas exhibited higher 
opioid-related death rates, while the LISA analysis of 
county-level ER visit rates highlighted several rural 
counties with significant spatial clustering of similar 
values. Given the global autocorrelation indicating a non-
homogeneous spatial pattern, rural areas tended to exhibit 
consistently higher ER visit rates compared to urban areas. 
Identified hotspots and coldspots—counties with similarly 
high or low ER visit rates—warrant closer attention for 
targeted intervention.

Table 5. Global Moran’s I index from 2018 to 2021

Year Moran’s I index

2018 −0.024

2019 0.018

2020 −0.004

2021 0.017

Figure 8. Black Belt county housing clustering
Notes: Classes 0–3 represent four satellite image feature clusters obtained by applying K-means clustering to image embeddings extracted using VGG16.

Figure 9. AutoEncoder clustering PaCMAP
Notes: Classes 0–3 represent four satellite image feature clusters obtained 
by applying K-means clustering to image embeddings extracted using 
AutoEncoder.
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Property values in both hotspot and coldspot counties 
changed over time. In 2018, most hotspot counties were 
concentrated in Class 0 and Class 1, while coldspot counties 
included properties in Class 0, Class 1, and Class 2.

4. Discussion
Our study provided a novel approach to integrate 
DL, statistical modeling, and geographic information 
to analyze spatio-temporal opioid overdose ER visit 
patterns in Alabama. There were three findings for 
this study: (i) ER visit rates varied significantly across 
Alabama counties, with urban counties (Jefferson, 
Mobile, and Madison) showing higher visit rates than 
numerous rural Black Belt counties (Sumter, Hale, Butler, 
and Crenshaw). Consistent with statewide trends, ER 
visit rates increased over time in both urban and rural 

regions, with pronounced spatial clustering: northern 
Alabama contained identifiable overdose hotspots, 
whereas southern and Black Belt counties represented 
coldspots. (ii) The variation of hotspot areas for ER 
visits over time is critical to address in healthcare and 
opioid control. This change correlated significantly with 
socioeconomic factors, housing features extracted from 
satellite images, and property value. (iii) Urban areas in 
Alabama showed a higher death rate than rural areas in 
Alabama, and rural counties had similar ER visit rates 
to urban areas. (iv) Moreover, opioid overdose ER visit 
rates were negatively related to the value of property. 
These provided policymakers and community workers 
with insights into the underlying factors for adaptation 
and adjustment. (v) In addition, geographic information 
provided valuable data for exploring health-related crises. 

Figure 10. An example of housing data points close to the cluster centroids learned by the AutoEncoder
Notes: Classes 0–3 represent four satellite image feature clusters obtained by applying K-means clustering to image embeddings extracted using AutoEncoder.
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Satellite-derived housing features revealed important 
patterns for analyzing opioid overdose behavior.

AI enabled these findings by providing scalable, 
automated extraction of built-environment features from 
satellite imagery. It captured environmental attributes, 
including housing density, land-use fragmentation, road 
connectivity, and indicators of structural disinvestment. 
By integrating these AI-derived features with temporal 
overdose data, the proposed framework provided a 
complete view of the physical and social conditions 
influencing opioid-related harm. The integration of 
DL with spatial statistics produced a multiscale spatio-
temporal monitoring system, revealing fine-grained 
risk variations within counties that are often treated as 
homogeneous in public health research. These capabilities 
make AI particularly valuable for rural settings, where 
data and ground observations are limited. The correlations 
between AI-extracted satellite image features and social 
vulnerability also strengthened from 2018 to 2020, 
suggesting that built-environment deterioration and social 
stressors became increasingly aligned with overdose risk 
during this period. Moreover, AI helped identify emerging 
hotspots earlier than traditional indicators, demonstrating 
its potential as an early-warning tool for public health 
surveillance. These findings reinforce that overdose risk 
is shaped not only by socioeconomic status but also by 
environmental and infrastructural vulnerability.

From a smart-city and smart-community perspective, 
AI-enabled satellite monitoring offers a scalable and 
cost-effective approach to measuring environmental 

conditions, detecting health-related risks, and supporting 
place-based decision-making. By adopting geospatial 
assessment principles similar to those used in livability 
and sustainability evaluations, rural regions can promote 
data-informed planning that strengthens both community 
resilience and public health outcomes. Ultimately, 
integrating environmental sustainability, livability 
principles, and AI-driven spatial analytics provides a 
pathway for policymakers and community leaders seeking 
equitable, context-sensitive strategies to mitigate opioid 
overdose risk and promote long-term community well-
being.

As future studies, the time range and study areas can 
be broadened to design the spatio-temporal variation 
monitoring. Incorporating near-real-time or real-time 
satellite and healthcare data streams could further support 
smart-city-style early-warning systems for opioid overdose 
and other health crises. There are also privacy and ethical 
concerns to address when integrating satellite images 
into DL techniques and opioid information. The ethical 
concerns of satellite imagery usage are components that 
cannot be ignored in our research. Two major concerns 
in satellite data involve personal and private data. One 
concern is that although data from Google Earth and 
Google Maps are public, some countries remain frustrated 
by their use and are worried about how their data will be 
analyzed.41 Another concern is that some malicious groups 
may use this satellite imagery to advance their intentions 
in certain areas and among local populations.41 Satellite 
imagery at lower resolutions usually helps anonymity, and 

Figure 11. 2018 death rate, death rate LISA, county-level ER visit rates, and zip code-level ER visit rates
Notes: Hotspots, shown in red, represent counties with high opioid ER visit rates surrounded by neighboring counties with similarly high rates. Coldspots, 
shown in blue, indicate counties with low ER visit rates surrounded by other low-rate counties. Counties with high ER visit rates surrounded by low-
rate neighbors are shown in pink (diamond), while those with low ER visit rates surrounded by high-rate neighbors are shown in light blue (doughnut). 
Potential outliers are displayed in gray, representing counties with no significant local autocorrelation.
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blurring satellite imagery with a distance threshold41 will 
reduce privacy information leakage. There are numerous 
ethical implications when we use satellite imagery, 
including medium-resolution images that remain blurred 
when zoomed in. This distance threshold for blurring at 
lower spatial resolutions helps maintain anonymity. And 
the dataset we collected is from a public data source. For 
future model development and research progress, privacy 
concerns are always an important factor we should consider, 
even if the data usage is for humanitarian purposes.41

5. Conclusion
This article proposed a DL–based spatiotemporal 
framework to enable a comprehensive understanding of 
opioid overdose risk in rural Alabama. This work made 
several important contributions. First, it introduced 
an opioid overdose monitoring framework that fuses 
satellite imagery with social vulnerability and geographic 
data, enabling potentially cost-effective and transferable 
surveillance across other regions. Second, it advanced 
the application of satellite imagery in public health using 
AI techniques and improved the interpretability of DL 
approaches for monitoring opioid overdose-related ER 
visits. Third, the framework demonstrated practical utility 
by uncovering rural disparities and temporal trends in 
overdose ER visit rates in Alabama from 2018 to 2021, 
providing insights into spatial patterns that can inform 
targeted harm-reduction strategies.

Our results indicated that DL-derived features from 
satellite imagery captured meaningful environmental 
signals associated with social vulnerability and opioid 
overdose ER visit rates. Unsupervised clustering of satellite-
based features provided interpretable representations of 
geographic conditions, offering insight into how relatively 
stable environmental attributes are associated with 
variations in opioid-related ER utilization over time.

For future work, we will extend this research by 
incorporating multi-temporal satellite imagery, expanding 
analyses to additional Alabama counties, and integrating 
complementary data sources such as United States 
Census data. Advances in multimodal and explainable AI 
may further enhance the interpretability and predictive 
capability of satellite-based public health monitoring.

In conclusion, this study demonstrated the integration 
of satellite imagery, social vulnerability, geographic data, 
and community-level data to support timely monitoring of 
opioid overdose risk. It provides a scalable and transferable 
foundation for rural health surveillance and offers a 
promising direction for leveraging AI-derived geospatial 
analytics to address opioid overdose and other health 
challenges in underserved communities.
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