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Abstract
Monitoring crop growth, soil conditions, and hydrological dynamics are imperative for sustainable agriculture and reduced
environmental impacts. This interdisciplinary study integrates remote sensing, digital soil mapping, and hydrological data to
elucidate intricate connections between these factors in the state of Ohio, USA. Advanced spatiotemporal analysis techniques
were applied to key datasets, including the MODIS sensor satellite imagery, USDA crop data, soil datasets, Aster GDEM, and
USGS stream gauge measurements. Vegetation indices derived fromMODIS characterized crop-specific phenology and pro-
ductivity patterns. Exploratory spatial data analysis show relationships of vegetation dynamics and soil properties, uncovering
links between plant vigor, edaphic fertility, and nutrient distributions. Correlation analysis quantified these relationships and
their seasonal evolution. Examination of stream gauge data revealed insights into spatiotemporal relationships of nutrient pol-
lution and stream discharge. By synthesizing diverse geospatial data through cutting-edge data analytics, this work illuminated
complex interactions between crop health, soil nutrients, and water quality in Ohio. The methodology and findings provide
actionable perspectives to inform sustainable agricultural management and environmental policy. This study demonstrates
the significant potential of open geospatial resources when integrated using a robust spatiotemporal framework. Integrating
additional measurements and high-resolution data sources through advanced analytics and interactive visualizations could
strengthen these insights.
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Introduction

The increasing availability of spatial data from diverse
sources, including satellite imagery and sensors, has pro-
vided the academic community with unprecedented oppor-
tunities to gain valuable insights into the environment, make
informed decisions, mitigate nutrient loss, and promote envi-
ronmental safety through hazard prevention. Spatial data
have found diverse applications, such as in weather Ahmad
andZeeshan (2022); Peng et al. (2016), soilmineralsDemattê
et al. (2018); Palmer et al. (2021), monitoring floods Fisher
et al. (2016), preventing fire hazards Navarro et al. (2017),
informing population decisions Azar et al. (2013), water,
building, land cover, and information management Yaman
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et al. (2021). These examples highlight the wealth of infor-
mation that holds extensive potential for monitoring and
analyzing agricultural environments.

In recent years, researchers have used geospatial tech-
niques using satellite imagery to monitor vegetation growth
Jackson et al. (2004). The widely employed Normalized Dif-
ference Vegetation Index (NDVI), derived from data sources
such as MODIS, Landsat, or Sentinel Rouse et al. (1974a,
b); Waring et al. (2006), has been instrumental. Aside from
NDVI metrics, Leaf Area Index (LAI) has been used in
canopies and transpiration Fang and Liang (2014); Chen
(2018), and Soil Adjusted Vegetation Index (SAVI) has been
used to minimize the influences of soil on canopy Huete
(1988). Through examining the spectral reflectance of vege-
tation,NDVI provides a valuable indicator of plant health and
vigor Huang et al. (2021); DeFries and Townshend (1994);
Pettorelli et al. (2005). Other indices include EnhancedVege-
tation Index (EVI) Jiang et al. (2008), NormalizedDifference
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Water Index (NDWI) Gao (1996), Green Normalized Dif-
ference Vegetation Index (GNDVI) Shaver et al. (2006),
Chlorophyll Index (CI) Shibayama and Akiyama (1986);
Shrestha et al. (2012), and Water Index (WI) Peñuelas et al.
(1997). Most of these indices have NDVI as the baseline.

While progress has been made in crop monitoring using
satellite data from the NDVI, challenges persist in relat-
ing vegetation patterns to key soil factors impacting plant
growth and vigor. Most of these challenges hinge on inte-
grating diverse multi-modal data. Digital soil mapping and
analysis of soil surveys have been valuable for understanding
soil nutrients, texture, fertility, and more Subburayalu et al.
(2014); Arshad et al. (1997);Mallah et al. (2022). In addition,
hydrological data such as stream-flowmeasurements enables
the characterization of water quality issues such as agricul-
tural runoff and nutrient pollution Michalak et al. (2013);
Smith et al. (2015). In particular, the flow of excess contam-
inants, including nitrate and nitrite, into water streams has
contributed to serious environmental and health problems
Schlossberg (2017); Sinha et al. (2017).

In addition, increased flowof nitrate and nitrate intowater-
ways has encouraged eutrophication, a depletion of oxygen
in water, leading to the suffocation of marine life Singh
et al. (2022). High concentrations of nitrate and nitrite found
in drinking water have caused methemoglobinemia (“blue
baby syndrome”) in infants Manassaram et al. (2010); Coff-
man et al. (2021). Because of its impact on the health and
well-being of people and the environment, it is of interest to
determine how to model and predict the behavior of nitrate
and nitrite, besides other contaminants, in watersheds.

Many features can affect the presence of nitrate and nitrite
in watersheds, such as soil characteristics and nutrients, agri-
cultural practices, and discharge Dubrovsky and Hamilton
(2010). Discharge, or stream-flow, is defined as the speed a
volume of water has as it crosses a specific reference point.
Linking water contamination spatiotemporally to land man-
agement practices can inform conservation efforts.

Integrating data on crops, soils, and water can provide
a holistic perspective not attainable through isolated data
sources. A spatiotemporal approach leveraging these inter-
connected domains has immense potential for novel and
interdisciplinary insights into complex agricultural and envi-
ronmental systems Chen et al. (2004); Wang et al. (2003).
However, significant challenges persist in effectively track-
ing crop health over time, capturing spatial variability within
fields, and linking vegetation dynamics to key soil factors
that impact plant growth, yield, and vigor. While signif-
icant progress has been made in crop monitoring using
geospatial data, challenges persist in effectively integrat-
ing diverse data sources of varying spatial and temporal
resolution and conducting Exploratory Spatial Data Anal-
ysis (ESDA) simultaneously in space and time Hamdi et al.
(2022).

The integration and correlation of multi-modal data from
different sources and databases are crucial for understanding
the intricate relationships between these features. However,
platforms that offer comprehensive data management often
lack capabilities for flexible exploratory analysis.

Although platforms like IBM’s Physical Analytics Inte-
grated Data Repository and Services (PAIRS) Lu et al.
(2016); Lu and Hamann (2021); Klein et al. (2015) offer
comprehensive data management and analytic capabilities,
challenges remain in effectively integrating and correlat-
ing diverse data and conducting ESDA. While IBM offers
curated data spanning multiple petabytes, effectively har-
nessing its potential for exploratory analysis remains a
complex task. To address the ongoing challenges in data inte-
gration and ESDA, we leveraged the capabilities of the IBM
Environmental Intelligence Suite (EIS). EIS is a suite of tools
and services built on IBM PAIRS, tailored for environmental
monitoring and analysis.

Our aim is to integrate data frommultiple sources in differ-
ent formats with different spatial and temporal resolutions,
including MODIS satellite imagery MODIS (2019), USDA
crop planting data United States Department of Agriculture
(2019), soil databases (SSURGO and WoSIS) Staff (2019);
Batjes et al. (2019), Aster GDEM elevation data Tachikawa
et al. (2011a, b), and USGS stream-flow measurements Sur-
vey (2019), to conduct a comprehensive analysis of crop
growth, health, and water/nutrient flow in Ohio during 2019.

Effective cropmonitoring through integratingdata sources
can support improved yield forecasting, targeted field-
specific interventions, and optimized inputs to manage plant
growth. In addition, a greater understanding of water and
nutrient behavior can aid in reducing the effects of pollution
from contributing factors, such as agricultural land use.

Ohio was selected as a baseline state and region of inter-
est for this analysis given its significance in the Center
for Advancing Sustainable and Distributed Fertilizer Pro-
duction (CASFER), a National Science Foundation (NSF)
Engineering Research Center (ERC) Botte et al. (2023); Ai
et al. (2023). This state has major importance and serves
as a baseline location where CASFER technologies will be
implemented and validated for creating a nitrogen-circular
economy. This study aimed to leverage the wealth of data
and expertise in this state before extending the analysis to
other states across the United States.

Advanced analyses are needed to fully harness the wealth
of insights that can be derived from integrating multi-
modal geospatial data. By integrating data spanning satellite
imagery, soil surveys, land use, and hydrological data,
researchers can gain a multifaceted understanding of agri-
cultural ecosystems.

Most prior work has focused on analyzing one data type in
isolation. An integrated spatiotemporal analysis approach could
capture intricate connections between crop health, edaphic
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factors, and water dynamics. One of the key challenges in
geospatial analysis is thestorageandscalabilityof largeamounts
of data. With the Common Research Analytics and Data
Lifecycle Environment (CRADLE), we can overcome this
challenge. CRADLE, our Distributed andHigh-Performance
Computer (D/HPC) integrated Hadoop Cluster Hu et al.
(2013); Khalilnejad et al. (2020), provides the infrastruc-
ture to handle and analyze big geospatial data effectively
and efficiently. By leveraging the capabilities of CRADLE,
we successfully downloaded and ingested a vast amount
and variety of geospatial data from IBM EIS and other
sources, ensuring efficient storage and processing. With this
infrastructure, we aimed to explore the correlations between
vegetation patterns, soil properties, and nutrient distribution.

In this study, we show the potential for leveraging
open geospatial data and exploratory analysis techniques to
achieve a more holistic perspective on agricultural and envi-
ronmental management Lnenicka and Nikiforova (2021);
Coughlan (2020). Our primary aim is to integrate multi-
modal data from multiple sources in different formats with
different spatial and temporal resolutions, including satel-
lite imagery, soil databases, elevation data, and stream-flow
measurements, to conduct a comprehensive analysis of crop
growth, health, and water/nutrient flow in Ohio during 2019.
By doing so, we seek to improve crop monitoring, enhance
yield forecasting, target field-specific interventions, and opti-
mize inputs tomanage plant growth effectively.We shed light
on the current state of geospatiotemporal analysis in agricul-
ture, emphasize the significance of integrated approaches,

and contribute to ongoing efforts to promote sustainable
agricultural practices and environmental management. This
research will explore data science methodologies, present
comprehensive analysis findings, and discuss the implica-
tions derived from our study, providing valuable insights into
the field of agricultural and environmental science.

The advanced spatiotemporal analysis techniques provide
unique holistic insights into agricultural and environmen-
tal systems not attainable from isolated data sources. The
computational framework leverages high-performance com-
puting capabilities to handle massive datasets efficiently.
The approach links crop growth dynamics, soil properties,
and nutrient transport in streams at broad geospatiotemporal
scales.

The following sections of this paper will provide an
in-depth exploration of the data science methodologies
employed, present the analysis findings comprehensively,
and discuss the implications derived from our study.

While this manuscript focuses on presenting the method-
ology and results for Ohio, supplementary results for Texas
and Florida were analyzed using the same framework and are
provided in the Appendices for reference.

Datasets

Soil and Crop Datasets

Figure1 shows the data used in this work as obtained from
IBM EIS. These data encompass a diverse range of spatial

Fig. 1 Overview of the key data
used in this research, including
MODIS Aqua satellite imagery,
soil data, and USDA crop data
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and temporal resolutions, which include daily MODIS Aqua
250m resolution imagery, USDA historical crop planting
data at 30m resolution, and soil databases such as SSURGO
andWoSIS. Both soil data have a spatial resolution of 250m.
All these data were collected for the year 2019.

• MODIS Aqua 250m Resolution Imagery
The MODIS Aqua data comprises remotely sensed
imagery captured by the Moderate Resolution Imaging
Spectroradiometer (MODIS) instrument aboard theAqua
satellite. The data were collected at a spatial resolution of
250m and provide daily observations. For this research,
we used the red and near-infrared (NIR) bands for the
analysis.

• USDA Historical Crop Planting Data (30m Resolution)
The USDA historical crop planting dataset provides
detailed information on crop types and their spatial dis-
tribution across the study area. The data has a finer spatial
resolution of 30m.

• Soil Databases (SSURGO and WoSIS) at 250m Resolu-
tion
The soil databases used in our study include the Soil Sur-
vey Geographic Database (SSURGO) and the World
Soil Information Service (WoSIS). These databases pro-
vide comprehensive information about soil properties and
characteristics. Both SSURGO and WoSIS have a spatial
resolution of 250m, matching the resolution of the
MODIS Aqua imagery. WoSIS provides data on soil pH,
soil nitrogen, organic carbon, and soil types, while SSUR-
GOoffers data onwater-holding capacity and soil texture.
These soil properties are crucial for understanding the soil’s
composition and suitability for various applications.

As shown in Fig. 1, by combining the MODIS Aqua
imagery, USDA historical crop planting data, and the soil
databases (SSURGO and WoSIS), we can gain insights into
the dynamic interplay between agricultural practices, soil
conditions, and environmental factors within the study area.

Water and Elevation Datasets

To evaluate hydrologic properties and how their behav-
ior varies across space and time, three different data sets
were considered. The data collected include Global Digi-
tal Elevation Model (GDEM Version 3) data collected from
the Advanced Spaceborne Thermal Emission and Reflec-
tion Radiometer (ASTER) METI and NASA (2019), the
United States Geological Survey National Water Informa-
tion System (USGS NWIS) Survey (2019) stream flow data,
and nutrient information got from The Water Quality Portal
(WQP) Survey et al. (2019).

• ASTER GDEM

The ASTER GDEM dataset provides elevation informa-
tion obtained from the Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) instru-
ment aboard Terra, a NASA satellite. These data contain
elevation information for over 99%of the Earth’s surface,
with each GeoTIFF image covering 1 x 1 degree (111km
x 111km) surface area. The spatial resolution is 30m and
there are about 12,967,201 pixels or estimated elevation
values per GeoTIFF. In this study, Version 3 was used,
which contains data collected in 2019.

• USGS NWIS
The USGS NWIS data contains in situ stream water
gauge measurements. Over 22,000 features were mea-
sured. For this study, nitrate and nitrite concentrations
and discharges were analyzed. Data was collected every
15min for 2019.

• WQP
The WQP provides nutrient content information from
stream water gauges collected by the EPA and USGS.
The datawas collected daily for 2019. In situ, water gauge
measurements, both on water characteristics such as dis-
charge and nutrient content (e.g., nitrates and nitrites),
provide important information on the state of water qual-
ity at a time. This, in combinationwith elevation data, can
provide insights into the behavior of these water features
in relation to the location of river networks over time.

In the following sections, we will discuss the data prepro-
cessing steps, integration techniques, and analytical methods
employed to extract valuable information and derive mean-
ingful conclusions from these data.

Methodology

This research was divided into two distinct sections, each
focusing on different aspects of geospatial analysis. The first
section was dedicated to the analysis of soil-related factors,
including soil properties and crop growth, while the second
section centered on the analysis of water-related factors.

Crop and Soil

In this study, we conducted a geospatial analysis of soil
properties and crop growth patterns to gain insights into the
relationships between soil attributes, vegetation dynamics,
and nutrient distribution. The methodology involved the fol-
lowing steps:

Data Acquisition and Integration

We acquired geospatial data relevant to land and crop anal-
ysis from IBM EIS, including MODIS satellite imagery,
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USDA crop planting data, and soil databases (SSURGO and
WoSIS). The datawere downloaded as zip files, with each file
containing layered GeoTIFFs Ritter and Ruth (1997); OGC
(2023). To ensure compatibility and consistency across vari-
ous sources, theseGeoTIFFswere subjected to preprocessing
steps, including unzipping, stacking, masking, cropping, and
resampling. The data were integrated by aligning spatial and
temporal dimensions, addressing inconsistencies, and stan-
dardizing coordinate systems.

To integrate the multi-modal data analyzed in this work,
including the MODIS, soil, and crop data layers, resampling
and aggregation techniques were used to align the data spa-
tially and statistically. For instance, the 250m resolution of
the soil data and MODIS imagery were upscaled to the 30m
resolution of the crop plantingmaps. This integration process
helped ensure the data layers matched spatially for coherent
analysis while preserving the fundamental integrity of the
data patterns. As is typical of such up-scaling and aggrega-
tion approaches, the integrated data maintained the overall
statistical distributions and relationships critical for the cor-
relation analysis while aligning spatially across sources.

Geospatial Analysis of Soil and Crop Parameters

To analyze soil properties, we leveraged IBM Environmen-
tal Intelligent Suite to retrieve publicly available national soil
databases and extract relevant parameters, including soil clas-
sification, organic matter content, pH, and nitrogen levels.

For vegetation dynamics, we used the Normalized Dif-
ference Vegetation Index (NDVI) derived from the MODIS
Aqua satellite data. The NDVI quantifies vegetation health
and vigor by contrasting red and near-infrared reflectance

using the following equation:

NDVI = NIR− Red

NIR+ Red
(1)

NIR is the near-infrared reflectance, and Red is the visible
red reflectance. NDVI values range from -1 to 1, but noise
and cloud contamination are removed by scaling to −0.2
to 1 Zhu et al. (2013). The NDVI time series enabled the
characterization of vegetation phenology. Spatial analysis of
NDVI patterns was conducted in relation to soil parameters
in order to examine correlations between crop growth, soil
nutrients, and related factors across the study area.

Acquisition ofWater Data

Streamwater features were collected and extracted from
three different sources. Elevation information used to calcu-
late slope and stream networks was obtained from ASTER
GDEM as satellite imagery provided as a grid of pixels. In
situ water gauge measurements were collected from USGS
NWIS, measuring over 22,000 parameters, including dis-
charge, temperature, pH, etc., every 15min.

Lastly, nutrient content information from water gauges
was obtained from the Water Quality Portal (WQP), which
serves as a portal to access data collected from the Environ-
mental Protection Agency (EPA), and USGS. Water gauge
data was collected in tabular form.

Geospatial Analysis ofWater Parameters

FromASTERGDEMdata, hydrographic features and stream
networks can be extracted. A Python package, pysheds, was

Fig. 2 Step 1: Pipeline to
extract stream networks from
digital elevation model data
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Fig. 3 Step 2: Pipeline to
extract stream networks from
digital elevation model data

used to implement the pipeline used for extracting stream
networks Bartos (2023). This pipeline involves, first, deter-
mining the direction of water flow on land based on elevation
using the D8 algorithm Jones (2023). This algorithm deter-
mines the steepest descent for each cell based on the elevation
difference between the current cell and its neighboring cells.
Once the direction of flow is determined, cell accumulation
can be calculated. Cell accumulation allows one to see how
many cellswill accumulate or flow into a particular cell based
on flow direction. This allows one to see where the streams,
rivers, lakes, and oceans are located, as these are areas where
water will accumulate or flow. From here, stream networks

(or D8 channels) can be extracted, allowing one to see both
the shape and location of these streams or bodies of water.

For this analysis, digital elevation model GeoTIFFs cov-
ering the region of Ohio were selected. The area outside of
Ohio was masked, and stream networks were extracted fol-
lowing themethodology, as seen in the steps shown in Figs. 2,
3, 4, 5, 6, and 7. The pipeline to extract stream networks from
GDEMs can be applied to new versions of GDEMs, allowing
the model to update as new information is obtained.

Besides elevation, in situ water gauges offer detailed spa-
tial and temporal insights into the behavior of water features.
Spatial and temporal analyses were conducted to understand

Fig. 4 Step 3: Pipeline to
extract stream networks from
digital elevation model data
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Fig. 5 Step 4: Pipeline to
extract stream networks from
digital elevation model data

Fig. 6 Step 5: Pipeline to
extract stream networks from
digital elevation model data
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Fig. 7 Result: Pipeline to
extract stream networks from
digital elevation model data

the behavior of nutrient and water flow in streams over vari-
ous time periods.

ImprovedMethodology

The methodology presented here improves on data integra-
tion approaches. It uses the powerful capabilities of the R
programming language R Core Team (2023) and specialized
geospatial analysis packages, specifically the terra and
raster packages Hijmans et al. (2023a, b), to efficiently
process and analyze satellite imagery and soil data. The raw
images were obtained from the IBM EIS as GeoTIFF lay-
ers embedded in zip files representing distinct data. For a
given data, each individual GeoTIFF layer corresponds to a
distinct point in time. As an example, the daily MODIS red
band data contains 365 layers for the year 2019, with each
layer representing measurements for a single day.

By leveraging R and these geospatial tools, the multivari-
ate spatiotemporal satellite and soil data were analyzed to
draw insightful conclusions. While the terra and raster
packages offer similar functionalities for raster analysis, in
this context, they are used complementarily. Specifically, the
terra library is employed for the efficient processing of
multi-temporal satellite data series, including reading, crop-
ping, masking, and stacking. On the other hand, the raster
library is used for conducting geospatial multi-layer correla-
tion analysis across both the soil and satellite raster images.
The integrated use of both packages allows for streamlined
data processing through terra along with customized anal-
ysis workflows via raster.

In the spatial correlation analysis, we employed the
cor Local() function from the raster package. This function

determines correlations for each pixel between two raster
layers. While Pearson, Kendall, and Spearman correlation
coefficients are all viable choices based on data distribu-
tion, we opted for the Pearson coefficient for this study.
We used the Pearson correlation coefficient for this analysis
because the data was normally distributed and a linear rela-
tionship exists between the variables. Pearson is appropriate
when these assumptions hold, as it assesses the linear depen-
dence between two continuous variables. It was preferable
to the Spearman or Kendall correlations, which are non-
parametric measures not requiring normally distributed data.
Using Pearson allowed us to quantify the strength and direc-
tion of the linear relationship between the soil and satellite
raster layers.

Additionally, the magick package was used to create
GIFs for better data visualization Ooms [aut and cre (2023).

Figure8 presents a visual representation of the key steps
involved in integrating and analyzing crop and soil data spa-
tially and temporarily.
Temporal and Spatial Integration The data have been syn-
chronized based on their temporal and spatial dimensions to
facilitate a comprehensive through-time analysis. By sequen-
tially overlaying the data based on their distinct features,
this study provides a uniform assessment of non-stationary
attributes.

Cloud and Noise Removal To enhance the reliability of the
data, a “clamp” process is applied to mitigate the impact of
cloud cover and other potential noise effects present in the
satellite imagery.

Iterative Analysis The methodology adopts an iterative
approach, analyzing data layer by layer to extract crucial
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Fig. 8 Schematic Overview of
the methodology for integrating
and analyzing satellite imagery
and soil data across space and
time using R packages

information from each piece of data while ensuring the over-
all completeness of the study.

Integration with Additional Data Emphasizing a holistic
approach, the geospatial data is seamlessly integrated with
other relevant data. This integration involves employing
resampling and masking procedures to ensure spatial align-
ment and coherent correlation analysis.

Correlation Analysis The methodology conducts spatial and
temporal correlation analysis to explore the intricate rela-
tionships between soil properties, crop growth patterns, and
nutrient distribution. Established indices like the Normalized
Difference Vegetation Index (NDVI) are used to assess veg-
etation dynamics and their connection to soil attributes.

Robustness The study employs distributed andHigh-Perfor-
manceComputing (HPC) to store and analyze large amountsof
data, ensuring efficiency and reliability in the computational
process. Specifically, the added parallel processing capability
facilitates working with data-intensive time series analysis.

LimitationsWhile the raster or terra package enables
efficient analysis of geospatial data, some limitations exist
when working with extensive raster time series, as with the
daily MODIS NDVI data. Conducting computations on the
full 365 daily NDVI layers requires substantial memory to
store and analyze the data. Even with HPC resources, mem-

ory constraints may necessitate subsetting or aggregating the
data for certain processing steps.Additionally, processing the
massive time series is computationally intensive, often taking
hours to run certain workflows. Visualizing and exploring the
outputs also poseschallengesbecauseof the largefile sizes. This
highlights the computational and visualization challenges of
big data analysis using R packages on a local computer.

The improved methodology establishes a clear and rigor-
ous framework for conducting geospatiotemporal analysis,
integrating advanced tools and approaches to derive valu-
able insights from satellite and soil data. The transparency
and attention to detail in the methodology contribute to the
credibility and reproducibility of the research outcomes.

Work Flow

The researchworkflow, as depicted in Fig. 9, guided the entire
process from data query and downloads to the final results
for the soil-related data. The initial steps involved query-
ing and downloading geospatial data from IBM EIS to our
D/HPC CRADLE, encompassing data for Ohio during the
year 2019. The subsequent steps included data preprocess-
ing, vegetation classification, and crop healthiness mapping
using the calculated NDVI. Correlation analysis with soil
properties was also conducted. The final outputs comprise
GIFs that provide valuable insights into vegetation patterns,
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Fig. 9 Detailed workflow depicting the pipeline from initial data query and download to generating final results

crop healthiness, and correlations with soil attributes across
the studied region and during time periods.

For the water analysis, the initial steps involved querying
tabular and raster data from USGS, WQP, and NASA/METI
to be stored in CRADLE D/HPC. Subsequent steps included
data preprocessing and extracting features of interest, includ-
ing stream networks, discharge, and nitrate and nitrite
information. Nitrate and nitrite information was classified
into levels to better understand its effect on the environment.
Plots were created to help further understand the behavior of
discharge nitrate and nitrite.

Results

Vegetation Classification

Figures10, 11, 12, and 13 display seasonal NDVI maps for
Ohio, selected from 365 dailyNDVImaps generated in 2019.
The maps showcase the seasonal variations in vegetation
greenness across the state, with each map showing winter,
spring, summer, and fall. The seasonal NDVI maps reveal a
distinct shift in vegetation density between seasons.
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Fig. 10 Winter: Seasonal vegetation density classification map based on MODIS NDVI analysis for Ohio in 2019

Fig. 11 Spring: Seasonal vegetation density classification map based on MODIS NDVI analysis for Ohio in 2019
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Fig. 12 Summer: Seasonal vegetation density classification map based on MODIS NDVI analysis for Ohio in 2019

Fig. 13 Fall: Seasonal vegetation density classification map based on MODIS NDVI analysis for Ohio in 2019
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Fig. 14 Winter: Crop-specific monitoring of corn growth in Ohio during 2019 using MODIS NDVI time series data

CropMonitoring

Figures14, 15, 16, 17, 18, 19, 20, 21, and 22 demonstrate
the ability of MODIS NDVI time series data to distinguish

the seasonal growth patterns of corn and soybeans in Ohio.
The NDVI maps shown for each crop are selected from 365
daily NDVImaps generated in 2019, with onemap displayed

Fig. 15 Spring: Crop-specific monitoring of corn growth in Ohio during 2019 using MODIS NDVI time series data
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Fig. 16 Summer: Crop-specific monitoring of corn growth in Ohio during 2019 using MODIS NDVI time series data

Fig. 17 Fall: Crop-specific monitoring of corn growth in Ohio during 2019 using MODIS NDVI time series data
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Fig. 18 Winter: Crop-specific monitoring of soybean growth in Ohio during 2019 using MODIS NDVI time series data

Fig. 19 Spring: Crop-specific monitoring of soybean growth in Ohio during 2019 using MODIS NDVI time series data
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Fig. 20 Summer: Crop-specific monitoring of soybean growth in Ohio during 2019 using MODIS NDVI time series data

Fig. 21 Fall: Crop-specific monitoring of soybean growth in Ohio during 2019 using MODIS NDVI time series data
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Fig. 22 Average seasonal
growth profiles of corn and
soybean in Ohio during 2019
derived from MODIS NDVI

per season. The profiles reveal similar growth trajectories for
corn and soybeans, peaking in the summer.

Soil Analysis

• Soil Types

Figures23, 24, 25, and 26 verify higher silt/clay soil con-
tent in northwest Ohio compared to predominantly sandy
fractions in other parts of the state, as revealed by the soil
type classification maps.

• Soil Physical Properties

Fig. 23 Sand proportion in
Ohio at 0–200cm depth
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Fig. 24 Silt proportion in Ohio
at 0–200cm depth

Fig. 25 Clay proportion in Ohio
at 0–200cm depth
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Fig. 26 Maximum occurrence
of sand, silt, or clay in Ohio at
0–200cm depth

The maps in Figs. 27 and 28 showcase the soil physical
properties of water holding capacity and texture in Ohio.
Lower moisture storage is evident in the northwestern
region, while moderate capacity is seen elsewhere. Soil
texture appears finer towards Lake Erie and coarser in
southern Ohio.

• Soil Chemical Properties
Figures29, 31, and 30 show the maps of soil pH, organic
carbon, and nitrogen levels in Ohio, revealing distinct
spatial patterns. Soil pH is higher in northwestern Ohio
and lower in the southeast. Organic carbon content is ele-
vated in eastern Ohio. Soil nitrogen distributions match
vegetation density, with higher levels in northwestern
Ohio near Lake Erie and the Maumee watershed.

Spatial Correlation

• Temporal Correlation
In Figs. 32 and 33, the spatiotemporal correlation maps
between soil nitrogen and crop NDVI are presented, with
one map selected per crop from 365 daily NDVI cor-
relation maps generated in 2019. The maps showcase
positive relationships between soil nitrogen content and
crop health and greenness for corn and soybeans in Ohio.

• One Time-Stamp Correlation
In Figs. 34 and 35, spatial correlation maps illustrate the
relationships between soil nitrogen and factors, including

organic carbon and pH levels in Ohio at a single point in
time. The organic carbon correlation analysis shows the
expected positive association with soil nitrogen content,
while the pH correlation is negative.

Water Feature Analysis

Figures36, 37, 38, 39, 40, 41, 42, and 43 display the seasonal
variation of different water features in Ohio in 2019. More
specifically, nitrate, nitrite, and discharge were analyzed in
relation to the stream networks extracted from the digital
elevation model discussed in Section 2.2.

Concentrations of nitrate and nitrite were grouped into
four categories: less than 4mg/L representing the baseline
amount of nitrate and nitrite expected in water (normal),
4–7mg/L representing above-normal concentrations (high),
7–10mg/L representing concentrations approaching toxic
levels and may need close monitoring (warning), and greater
than 10mg/L representing toxic levels of nitrate and nitrite
that can lead to health problems (toxic). A numerical sum-
mary of the nitrate and nitrite concentrations by season can
be seen in Tables 1, 2, 3, and 4. Toxic levels of nitrate and
nitrite were seen in winter, spring, and fall, with the most
sites in the toxic range present in the fall in the lower west.
Fall also had the highest concentrations of nitrate and nitrite
at 22.99 mg/L (Table 4).
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Fig. 27 Soil water holding
capacity in Ohio at 0–150cm
depth

Fig. 28 Soil texture in Ohio at
0–100cm depth
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Fig. 29 Soil pH in Ohio at
0–200cm depth

Fig. 30 Soil organic carbon
content in Ohio at 0–200cm
depth
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Fig. 31 Soil nitrogen content in
Ohio at 0–200cm depth

Fig. 32 Correlation of Soybeans
NDVI with soil nitrogen in Ohio
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Fig. 33 Correlation of Corn
NDVI with soil nitrogen in Ohio

Fig. 34 Spatial correlation of
soil organic carbon to soil
nitrogen content in Ohio
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Fig. 35 Spatial correlation of
coil pH to soil nitrogen content
in Ohio

Fig. 36 Winter: Seasonal
variation of nitrate and nitrite
across Ohio in 2019
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Fig. 37 Spring: Seasonal
variation of nitrate and nitrite
across Ohio in 2019

Fig. 38 Summer: Seasonal
variation of nitrate and nitrite
across Ohio in 2019

Fig. 39 Fall: Seasonal variation
of nitrate and nitrite across Ohio
in 2019
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Fig. 40 Winter: Seasonal
variation of discharge across
Ohio in 2019

Fig. 41 Spring: Seasonal
variation of discharge across
Ohio in 2019

Fig. 42 Summer: Seasonal
variation of discharge across
Ohio in 2019
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Fig. 43 Fall: Seasonal variation
of discharge across Ohio in 2019

Fig. 44 Average discharge per
day for Ohio in 2019, trend line
displayed in blue

Fig. 45 Average nitrate and
nitrite per day for Ohio in 2019,
trend line displayed in green
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Table 1 Summary of nitrate and nitrite concentrations in Winter 2019

Level Minimum Mean Maximum n

Toxic (> 10 mg/L) 12.100 12.100 12.100 1

Warning (> 7 mg/L) 7.920 8.019 8.069 3

High (< 7 mg/L) 4.134 4.134 4.134 5

Normal (< 4 mg/L) 0.512 1.922 3.262 21

Table 2 Summary of nitrate and nitrite concentrations in Spring 2019

Level Minimum Mean Maximum n

Toxic (> 10 mg/L) 13.500 13.500 13.500 1

Warning (> 7 mg/L) 7.539 8.506 9.743 9

High (< 7 mg/L) 4.112 5.052 6.320 20

Normal (< 4 mg/L) 0.954 2.306 3.646 80

Table 3 Summary of nitrate and nitrite concentrations in Summer 2019

Level Minimum Mean Maximum n

Toxic (> 10 mg/L) n/a n/a n/a 0

Warning (> 7 mg/L) n/a n/a n/a 0

High (< 7 mg/L) 4.183 4.758 5.496 43

Normal (< 4 mg/L) 0.823 2.603 3.965 145

Table 4 Summary of nitrate and nitrite concentrations in Fall 2019

Level Minimum Mean Maximum n

Toxic (> 10 mg/L) 11.280 13.710 22.990 14

Warning (> 7 mg/L) 7.920 8.019 8.069 3

High (< 7 mg/L) 4.574 4.835 5.850 28

Normal (< 4 mg/L) 0.512 1.922 3.762 132

Table 5 Summary of discharge per season in Ohio 2019

Season Minimum Mean Maximum n

Winter 0 1307.170 20992.170 177

Spring 0.001 797.720 12086.871 177

Summer 0.001 797.522 12086.871 177

Fall 0 189.114 3176.768 117

Figures36, 37, 38, 39, 40, 41, 42, and 43 also display dis-
charge per season. Visually and based on Table 5, winter had
the highest discharge, while fall had the lowest amount of dis-
charge on average. Between winter, summer, and fall, the
locations with the greatest discharge were in relatively the
same locations, such as the southwestern and northeastern
parts of Ohio.

Discharge had a bimodal distribution early in the year, with
the highest peak occurring in February and the second peak
occurring in May, according to Fig. 44, while nitrate and
nitrite concentrationswere stable during that period (Fig. 45).
Nitrate and nitrite concentrations peaked later in the year,
around late October, while discharge was stable during this
time.

Discussion

Interpretation of Vegetation Classification Results

The vegetation classification results in Figs. 10, 11, 12, and 13
provide an informative baseline characterization of sea-
sonal variations in vegetation density across Ohio in 2019
using MODIS NDVI. As noted by Huang et al. (2021),
NDVI iswidelyused to examinevegetationpatterns and dynam-
ics across large regions. Aligning with previous studies
DeFries and Townshend (1994); Pettorelli et al. (2005), our
results showNDVI’s capability to capture phenological shifts
corresponding to the state’s seasonal weather and tempera-
ture patterns.

The lowerwinterNDVI values inOhio likely reflect colder
temperatures inhibiting plant growth, consistent with prior
work showing sparser canopy cover in temperate regions dur-
ing cold periods Chen et al. (2004); Jenkins et al. (2007).
Overall, these baseline vegetation maps validate the use
of MODIS NDVI time series for delineating regional and
seasonal distinctions in vegetation density and phenology,
consistent with previous studies DeFries and Townshend
(1994); Dragoni and Rahman (2012). The results establish an
informative foundation for future crop monitoring, climate
change, or land cover change analysis across these major
agricultural states.

Implications of CropMonitoring Results

Thecrop-specific temporalmonitoring results inSect. 4.2 and
Figs. 14, 15, 16, 17, 18, 19, 20, 21, and 22 provide valuable
insights into the growth profiles and phenological patterns of
key crops in Ohio during 2019. The distinct seasonal NDVI
signatures exhibited by corn and soybean in Ohio (Figs. 14,
15, 16, 17, 18, 19, 20, and 21) demonstrate MODIS data’s
potential for capturing crop-specific growth stages and phe-
nology, an essential application as noted by prior research

123



Journal of Geovisualization and Spatial Analysis              (2024) 8:9 Page 29 of 40     9 

Dragoni et al. (2011); Lu and Zhuang (2010). Corn displayed
vigorous NDVI growth from June through September, align-
ing with its typical summer cultivation period Suyker and
Verma (2012).

Soybeans also showed more moderate NDVI increases
during June-September, corresponding to their growth cycle
Setiyono et al. (2007); Bradley et al. (2007). Studies have
validated the use of MODIS NDVI for monitoring corn and
soybean development across the Midwest, including Ohio
Sakamoto et al. (2010); Zhong et al. (2016); Wardlow et al.
(2007). The higher winter crop NDVI in northern Ohio likely
reflects the concentrated summer growing period enabled
by a shorter temperate season, while the warmer climate in
southernOhio allows for a longer cultivation period and sum-
mer crop planting Hatfield et al. (2014). Regional variations
in climate and growing season length underpin these geo-
graphic crop patterns within the state.

In conclusion, the white regions evident in the crop moni-
toring maps show locations where those particular crops are
not grown, aligning with known regional agricultural distri-
butions. The crop monitoring results across Ohio underscore
MODISNDVIdata’s capability to capture regional variations
in crop phenology and development patterns Ko et al. (2009);
Piccinni et al. (2009); Abedinpour (2015). The distinct tem-
poral signatures enable differentiation between crops within
a state based on their geography-specific growing seasons
and climate suitability.

These findings highlight the potential of MODIS time
series for scalable vegetationmonitoring and classification in
agricultural regions. Applications could aid crop type map-
ping, growth stage modeling, and yield prediction at state
and national scales to support food security assessments.
However, validation with higher-resolution data would be
required to translate these methods to field-level precision
agriculture.

Significance of Soil Analysis Findings

• Soil Types
The soil type classification maps depicted in Figs. 23,
24, 25, and 26 validate and further explain the estab-
lished patterns of soil texture variations throughout Ohio
Subburayalu et al. (2014). Northwestern Ohio, with its
pronounced silt and clay content, has fine-textured soils
that trace back to their origins as glacial lacustrine
deposits Conrey (1941); Easterly (1964).
Conversely, sandy soils dominate a significant portion of
the state, a reflection of the coarser alluvial, glaciofluvial,
and loess (a type of very fine-grain, windblown sediment)
parent materials present in these regions. Prior work has
mapped such geographic distinctions in soil texture at
the state scale using digital soil data. Previous studies

have delineated these distinctions in soil texture at the
state’s scale using digital soil data Arshad et al. (1997);
Mallah et al. (2022) and have underscored the pivotal
role of soil composition in agricultural land management
Lindbo et al. (2012). These maps provide an updated
baseline understanding of soil textural patterns relevant
to crop planning and other applications.

• Soil Physical Properties
The reduced water retention observed in sections of
northwestern Ohio, as illustrated in Figs. 27 and 28, is
because of the presence of coarser sandy soils. These
soils are associated with the glacial beach ridge deposits
found along Lake Erie Conrey (1941); Easterly (1964).
Research shows that coarse-textured soils tend to have
reducedmoisture retention capabilities Subburayalu et al.
(2014). Concurrently, the higher surface soil texture in
this area is associated with a greater silt-clay content.
This composition provides structural stability and fer-
tility, which are crucial for agricultural practices Arshad
et al. (1997); Extension (2023); Saxton andRawls (2006).
However, themedium-textured soils acrossmuch ofOhio
provide favorable physical conditions for crop cultiva-
tion, as underscored by the state’s ranking amongnational
leaders in corn and soybean production USDA (2022).

• Soil Chemical Properties
The observed geographic patterns in key soil chemi-
cal properties, including nitrogen, organic carbon, and
pH (Figs. 29, 30, and 31) agree with documented spa-
tial distributions attributed to environmental factors.
Soil nitrogen levels often correspond to fertilizer inputs
and land management, with croplands showing elevated
concentrations Jarecki and Lal (2005). Soil organic car-
bon relates to vegetation, parent material, and climate
Jung and Lal (2011). Regional soil pH is influenced by
native vegetation, drainage, and other soil-forming fac-
tors Beery and Wilding (1971).
Notably, northwestern Ohio exhibits high soil nitrogen
content that implicates multiple interconnected factors.
The intensive corn and soybean agriculture provides
abundant nitrogen inputs, while flat topography and
prevalent tile drainage facilitate nitrogen transport from
fieldsMichalak et al. (2013); Smith et al. (2015). Coarser
sandy soils with lower organic matter offer reduced natu-
ral nitrogen retention Heathwaite et al. (2000); Moham-
madpour and Grady (2023). Freeze-thaw cycles may
speed up nitrogen release and nitrate leaching Fouli et al.
(2013). Climate patterns driving Lake Erie’s hypoxia
relate to soil nitrogen accumulation Bosch et al. (2013).
The heightened levels of nitrogen observed in the
Maumee River watershed hold a critical implication.
They hint at the presence of significant nitrogen reser-
voirs that possess the potential to bemobilized, ultimately
finding their way into the intricate network of rivers and,
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ultimately, into Lake Erie Scavia et al. (2014). The rele-
vance of this observation gains clarity when considering
two crucial aspects of soil composition and behavior.
First, the indication of lower organic carbon content car-
ries the implication of diminished capacity for nutrient
retention. In this context, it implies that soils with lower
organic carbon content are less effective at holding onto
essential elements like nitrogen, thus facilitating their
movement through the landscape. Second, the interac-
tions delineated within soil pH relationships elucidate
another dimension: the potential for nitrogen volatiliza-
tion losses Malhi and Nyborg (1991). This signifies that
variations in soil pH can trigger the release of nitro-
gen compounds into the air, a process that subsequently
contributes to the departure of nitrogen from the soil
ecosystem. Unveiling this nexus provides a crucial link
between soil dynamics and the larger ecological context,
particularly in relation to Lake Erie.
The amalgamation of heightened nitrogen concentra-
tions diminished retention capacity due to lower organic
carbon, and the potential for nitrogen loss through
volatilization points to a pathway through which the ele-
vated nitrogen in the Maumee River watershed could
impact Lake Erie’s ecosystem Ai et al. (2023). Relating
the soil data to hydrologic pathways could help quantify
nitrogenfluxes fromvulnerablefields intoLakeErie.This
could inform conservation practices targeting key areas.

In summary, these soil chemical maps establish an infor-
mative baseline understanding of nutrient status and envi-
ronmental impacts. They offer insights into spatial factors
influencing nitrogen availability and transport risks.

Discussion of Spatial Correlation Results

The spatial correlation analysis in Sect. 4.4 offers valuable
insights into the relationships between soil factors and crop
growth by harnessing the multi-source integrated geospa-
tial data. The spatiotemporal cropNDVI-nitrogen correlation
maps reveal positive Pearson correlation coefficients rang-
ing from 0.3 to 0.8, showing locations where higher NDVI
is associated with higher soil nitrogen content. The organic
carbon-nitrogen correlation analysis shows strong positive
coefficients between 0.6 and 0.9, reflecting the link between
soil organic matter and nitrogen supply. Meanwhile, the pH-
nitrogen correlation exhibits negative coefficients from−0.5
to −0.8, corresponding to reduced nitrogen availability in
acidic soils.

The correlation analysis provides valuable insights into
the complex relationships between soil fertility, crop growth,
and associated water quality impacts. The crop-nitrogen cor-
relations suggest field-specific interventions could optimize

plant nutrition based on soil nitrogen content mapped across
space and time. For instance, variable-rate nitrogen fertil-
izer applications could target areas with lower soil nitrogen
availability within fields to promote vigorous crop growth.

Temporal Correlation Analysis

The spatiotemporal crop NDVI-nitrogen correlation maps
(Figs. 32 and 33), provide valuable insights into the evolution
of soil nitrogen-crop relationships over the growing season.
The positive correlation values show locations where higher
NDVI is associated with higher soil nitrogen content, repre-
senting a positive relationship between crop greenness and
soil fertility. Meanwhile, negative values correspond to areas
where higher NDVI coincides with lower soil nitrogen con-
tent, indicative of an inverse relationship between the two
layers.

The correlation coefficients denote the strength of these
relationships, with values closer to -1 or 1 representing
stronger correlations. As documented in prior studies, ade-
quate soil nitrogen availability promotes vegetation growth
and crop yields Johnson andRaun (2003). The positive corre-
lations observed across the season validate this fundamental
connection between soil nitrogen stores and crop vigor. How-
ever, the strength of the correlations varied over time,with the
highest correlations evident during the peak summermonths.
This aligns with the crop growth stages, as corn and soybeans
have the greatest nitrogen requirements later in the season
when rapid biomass accumulation occurs Tremblay et al.
(2012); Russell (1973); Shahandeh et al. (2005). Capturing
this temporal variability provides nuanced insights into the
nonlinear, dynamic nature of crop-soil nitrogen linkages over
the cropping cycle.

One Time-Stamp Correlation Analysis

The spatial correlationmaps at a single point in time (Figs. 34
and 35) further explain relationships among key soil prop-
erties. As expected, soil organic carbon exhibited a strong
positive correlation with total nitrogen, as soil organic mat-
ter contains nitrogen that is mineralized into plant-available
forms throughmicrobial decomposition Liptzin et al. (2022).

Notably, higher soil carbon in easternOhio (Fig. 30), likely
increased organic nitrogen reserves that slowly mineralize to
support crop productivity Wang et al. (2017). This aligns
with the positive carbon-nitrogen correlation, suggesting a
stable soil nitrogen supply in high-carbon areas. In con-
trast, the negative pH-nitrogen correlation corresponds to
chemical losses in acidic soils. Lower pH in northwestern
Ohio (Fig. 29), promotes nitrogen leaching and volatiliza-
tion, reducing availability Russell (1973); Ding et al. (2014).
This suggests manure pH change could optimize nitrogen
retention in acidic soils Guo et al. (2016). This implies
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greater nitrogen loss risks that could impact downstream
water quality. Adjusting manure pH could optimize reten-
tion in sensitive areas.

Meanwhile, the soil carbon-nitrogen links showmanure or
compost additions to low-carbon soils could improve organic
nitrogen retention and prevent losses. The soil pH patterns
underscore the need for better management of acidic soils
to reduce nitrogen leaching and volatilization losses. Relat-
ing these findings to hydrologic pathways could help model
downstream nitrogen delivery and prioritize conservation
efforts in critical source areas.

Overall, these spatial relationships provide a nuanced
biogeochemical-carbon perspective that could inform agri-
cultural best practices. The integrated methodology could be
applied to additional regions to model soil-crop interactions
and forecast water quality outcomes under various climate
and land management scenarios. This systems-level under-
standing will become increasingly valuable for tackling the
complex sustainability challenges associated with food pro-
duction.

Discussion ofWater Feature Analysis

Figures36, 37, 38, 39, 40, 41, 42, and 43 show the spatial rela-
tionship of nitrate and nitrite and discharge in 2019 across
four seasons in Ohio. The highest concentrations of nitrate
and nitrite were seen in the fall, with 7% of the gauges report-
ing toxic levels (>10mg/L) coming from southwest Ohio.
Prime farmlands are in the west of Ohio. The watershed
draining into the river can carry water from these farmlands
and also the urban area adjacent to the Great Miami River.
Given this, the observed increase in nitrate and nitrite could
be because of sewage and fertilizer, the two main causes of
the increase in nitrate and nitrite levels in water Service et al.
(1997); Dubrovsky and Hamilton (2010).

Plant growth during the spring and summer months
involves increased uptake of nutrients, which are later
released back into the environment once plants reach the end
of their life cycle. In addition, water runoff from the post-
harvested field may also contribute to an increase in nitrate
and nitrite levels Gale et al. (2006). Wastewater treatment
plants (WWTP) can contribute to higher nutrient concentra-
tions Zouboulis and Tolkou (2015).

A preliminary investigation into the surroundings of some
gauges that reported toxic and non-toxic levels of nitrate and
nitrite shows toxic gauges are almost always near WWTPs.
A more systematic investigation is required to quantify their
contribution to nitrate andnitrite concentrations.Lastly, some
gauges displaying high nitrate and nitrite concentrations are
along the same river, showing that a specific watershed in the
southwest may need closer inspection.

Discharge was found to increase in the winter, spring, and
summer months, with the highest values found in the winter.

This could be attributed to snowmelt and precipitation during
these months Van Metre et al. (2016). It is also noted that
the discharge was higher in some sites irrespective of the
seasons (Figs. 36, 37, 38, 39, 40, 41, 42, and 43). This could
be attributed to the presence of dams Liu et al. (2014).

Figures44 and 45 highlight the relationship between dis-
charge andnitrate andnitrite during 2019.Anotable pattern is
present where lower discharge corresponds to higher nitrate
and nitrite concentrations. This is a known behavior reflect-
ing the settlement of nutrients due to lower flow rates in
streams.

The spatiotemporal patterns within and between nitrate
and nitrite and discharge reflect potential avenues to explore
how other additional features, such as agricultural land use
and soil types, can be integrated to further understand the
behavior of nutrient flow.

Conclusion

This research shows the significant potential of leveraging
publicly available geospatial data through an integrated spa-
tiotemporal analysis framework. Synthesizing multi-source
satellite, crop, soil, and hydrological measurements revealed
intricate connections between agricultural productivity, soil
fertility dynamics, and nutrient loss risks. The multi-faceted
perspective attained via advanced data fusion and analytic
techniques provided actionable insights to guide sustainable
agricultural management practices and environmental policy
decisions. Quantifying complex relationships through corre-
lation analysis offered valuable perspectives.

While moderate-resolution data sufficiently character-
izes regional crop growth and soil patterns, high-resolution
data could enable field-scale monitoring and personalized
interventions. Expanding the geographic scope across more
agriculturally significant areas would provide broader con-
textual insights. Incorporating longer-term records alongside
weather, climate, management, and socioeconomic data
would further inform the analysis of seasonal variabil-
ity and drivers. Transitioning such integrated platforms
into operational use for stakeholders would multiply their
impact. Enhanced computing capabilities, along with inter-
active data visualization and modeling tools, could empower
dynamic exploratory analysis. Machine learning methods
could extract deeper insights from multiplying data streams.

This work makes key contributions through the novel
integration of multi-modal geospatial data and advanced
spatiotemporal techniques. The methodology provides a
foundation to guide sustainable agricultural practices and
environmental monitoring. If transitioned into predictive
modeling and tools for stakeholders, the approach could sup-
port critical decision-making. The framework offers a unique
holistic perspective by linking crop, soil, and water dynam-
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ics using advance spatiotemporal integration approach and
Distributed High-Performance Computing.

As data availability and analytical capabilities continue
advancing, such holistic approaches will become increas-
ingly vital for ensuring productivity, sustainability, and
resilience for agricultural systems.
Supplementary Information The GIFs resulting from our
analysis and simulations are available for viewing. These
GIFs visually depict the multi-scale geospatial analysis con-
ducted for monitoring crop growth, land use/ vegetation
classification, and correlations for 2019 in Ohio, Texas, and
Florida Akanbi et al. (2023).

Appendices A, B, C, and D

This analysis was also conducted for Texas and Florida using
the same methodology and data sources described for Ohio.
The same analytical techniques were applied to characterize
regional crop patterns and phenology in these major agricul-
tural states based on MODIS NDVI time series data. These
appendices provide the key results for vegetation classifica-
tion and cropmonitoring in Texas and Florida to complement
the primary Ohio findings.

The supplementary results for these additional states are
presented here for reference.

Appendix A: Texas Vegetation Classification

Fig. 46 Winter: Seasonal vegetation density classification map for
Texas in 2019 based on MODIS NDVI analysis

Fig. 47 Spring: Seasonal vegetation density classification map for
Texas in 2019 based on MODIS NDVI analysis

Fig. 48 Summer: Seasonal vegetation density classification map for
Texas in 2019 based on MODIS NDVI analysis

Fig. 49 Fall: Seasonal vegetation density classification map for Texas
in 2019 based on MODIS NDVI analysis
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Appendix B: Texas CropMonitoring

Fig. 50 Winter: Crop-specific monitoring of corn growth in Texas dur-
ing 2019 using MODIS NDVI time series data

Fig. 51 Spring: Crop-specific monitoring of corn growth in Texas dur-
ing 2019 using MODIS NDVI time series data

Fig. 52 Summer: Crop-specific monitoring of corn growth in Texas
during 2019 using MODIS NDVI time series data

Fig. 53 Fall: Crop-specific monitoring of corn growth in Texas during
2019 using MODIS NDVI time series data

Fig. 54 Winter: Crop-specific monitoring of cotton growth in Texas
during 2019 using MODIS NDVI time series data

Fig. 55 Spring: Crop-specific monitoring of cotton growth in Texas
during 2019 using MODIS NDVI time series data
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Fig. 56 Summer: Crop-specific monitoring of cotton growth in Texas
during 2019 using MODIS NDVI time series data

Fig. 57 Fall: Crop-specificmonitoring of cotton growth in Texas during
2019 using MODIS NDVI time series data

Fig. 58 Average seasonal growth profiles of cotton and corn in Texas
during 2019 derived from MODIS NDVI

Appendix C: Florida Vegetation Classification

Fig. 59 Winter: Seasonal vegetation density classification map for
Florida in 2019 based on MODIS NDVI analysis

Fig. 60 Spring: Seasonal vegetation density classification map for
Florida in 2019 based on MODIS NDVI analysis

Fig. 61 Summer: Seasonal vegetation density classification map for
Florida in 2019 based on MODIS NDVI analysis
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Fig. 62 Fall: Seasonal vegetation density classification map for Florida
in 2019 based on MODIS NDVI analysis

Appendix D: Florida CropMonitoring

Fig. 63 Winter: Crop-specific monitoring of sugarcane growth in
Florida during 2019 using MODIS NDVI time series data

Fig. 64 Spring: Crop-specific monitoring of sugarcane growth in
Florida during 2019 using MODIS NDVI time series data

Fig. 65 Summer: Crop-specific monitoring of sugarcane growth in
Florida during 2019 using MODIS NDVI time series data

Fig. 66 Fall: Crop-specific monitoring of sugarcane growth in Florida
during 2019 using MODIS NDVI time series data

Fig. 67 Winter: Crop-specific monitoring of orange growth in Florida
during 2019 using MODIS NDVI time series data
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Fig. 68 Spring: Crop-specific monitoring of orange growth in Florida
during 2019 using MODIS NDVI time series data

Fig. 69 Summer: Crop-specificmonitoring of orange growth in Florida
during 2019 using MODIS NDVI time series data

Fig. 70 Fall: Crop-specific monitoring of orange growth in Florida
during 2019 using MODIS NDVI time series data

Fig. 71 Average seasonal growth profiles of sugarcane and oranges in
Florida during 2019 derived from MODIS NDVI
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