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ABSTRACT: Early detection of hydrological disruptions is critical for safeguarding water resources, preventing ecosystem 

degradation, and supporting climate-resilient environmental management. This study proposes a Remote-Sensing Based 

Environmental Surveillance System designed to integrate multi-sensor satellite imagery, hydrometeorological datasets, and machine 

learning analytics to identify subtle precursors of hydrological anomalies in vulnerable landscapes. The system leverages high-

resolution optical, thermal, and radar remote-sensing data to monitor spatiotemporal variations in surface water extent, 

evapotranspiration rates, soil moisture dynamics, vegetation health, and land-surface temperature anomalies. By applying advanced 

change-detection algorithms, spectral index assessments, and time-series trend modeling, the system captures early signals of 

disturbances such as declining groundwater recharge, altered streamflow regimes, watershed desiccation, and potential flood-

inducing surface saturation. The surveillance framework incorporates automated anomaly detection using classification models 

trained to differentiate between natural seasonal variability and environmentally significant deviations associated with 

anthropogenic pressures or climate-driven extremes. Integration of GIS-based spatial analytics enhances the interpretation of 

remotely sensed hydrological indicators by providing contextual layers such as watershed boundaries, land use patterns, 

geomorphological characteristics, and proximity to critical water infrastructure. These combined datasets allow decision-makers to 

pinpoint emerging hydrological stress zones and assess their cascading impacts on agriculture, biodiversity, and community water 

security. The system also includes a predictive module that simulates short-term hydrological trajectories under observed 

environmental changes, enabling proactive planning and timely deployment of mitigation measures. Application of the surveillance 

system to representative watersheds demonstrates its effectiveness in detecting early hydrological disruptions several weeks before 

they become operationally significant. Results highlight the substantial advantages of remote sensing for continuous, non-intrusive, 

and spatially comprehensive environmental monitoring, particularly in regions where ground-based measurements are limited or 

logistically challenging. By enhancing early warning capabilities, the Remote-Sensing Based Environmental Surveillance System 

supports climate adaptation planning, ecosystem protection, and sustainable water resource management. Ultimately, this research 

contributes a scalable, data-driven solution that strengthens environmental surveillance networks and improves societal resilience 

to hydrological instability. 
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1.0. INTRODUCTION 

Early detection of hydrological disruptions is essential for 

protecting water resources, maintaining ecosystem stability, 

and ensuring the resilience of communities facing increasing 

environmental uncertainty. Hydrological systems are highly 

sensitive to climatic fluctuations, land-use changes, and 

anthropogenic pressures, making timely identification of 

disruptions such as declining groundwater levels, irregular 

streamflow patterns, soil moisture depletion, and early flood 

indicators critical for effective environmental management. 

As extreme weather events become more frequent and water-

related risks intensify, the ability to monitor subtle 

environmental changes before they evolve into severe 

hydrological crises has become a central requirement for 

sustainable resource planning and disaster preparedness 

(Okiye, Nwokediegwu & Bankole, 2023, Bayeroju, Sanusi & 

Nwokediegwu, 2023). However, traditional hydrological 

monitoring systems, which typically rely on sparse ground-

based measurements, manual observation, and intermittent 

sampling, are often inadequate for capturing rapid or spatially 

extensive changes across diverse landscapes. These 

conventional approaches provide limited temporal and 

geographical coverage, resulting in delayed detection of 

hydrological anomalies and insufficient data to guide 

proactive interventions (Ameh, et al., 2022, Olatunde-

Thorpe, et al., 2022). 

Remote sensing technologies offer a transformative solution 

to these challenges by enabling continuous, large-scale, and 
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non-intrusive environmental surveillance. Through satellite 

imagery, aerial platforms, and advanced sensor technologies, 

remote sensing provides timely and comprehensive 

information on key hydrological variables such as surface 

water extent, evapotranspiration rates, vegetation health, soil 

moisture levels, snow cover, and land-surface temperature 

patterns. These datasets reveal environmental changes that 

may signal emerging hydrological disruptions long before 

they become detectable through traditional monitoring 

methods (Ajayi, et al., 2024, Fasasi, Adebowale & 

Nwokediegwu, 2024). The ability to measure conditions 

across vast and often inaccessible areas allows for more 

accurate identification of early warning signs, supporting 

rapid decision-making and reducing the risks associated with 

delayed or incomplete information. Furthermore, when 

integrated into a geospatial analytical framework, remote-

sensing data enhances surveillance by enabling trend 

analysis, anomaly detection, and predictive modeling that 

help forecast future hydrological stress (Nwokediegwu, 

Bankole & Okiye, 2025, Sherifat, et al., 2025). 

Remote sensing thus plays a pivotal role in strengthening 

environmental surveillance systems and enhancing resilience 

to water-related hazards. By providing a robust foundation for 

early detection and proactive management, it ensures that 

hydrological disruptions can be addressed before they 

escalate into ecological degradation, agricultural losses, 

infrastructure damage, or threats to public safety. As 

environmental challenges grow more complex, the 

integration of remote sensing into hydrological monitoring 

will be indispensable for effective resource stewardship and 

climate adaptation planning (Afolabi, et al., 2020, Bankole, 

Nwokediegwu & Okiye, 2020). 

2.1. Methodology 

A Remote-Sensing Based Environmental Surveillance 

System (RSESS) for detecting early hydrological disruptions 

can be implemented using a spatio-temporal, mixed-method 

workflow that combines Earth observation (EO) products, 

GIS-based hydrological reasoning, and predictive analytics to 

identify abnormal shifts in water availability, surface 

inundation, runoff connectivity, and vegetation/wetland 

response before disruptive thresholds are crossed. The study 

begins by defining the surveillance objective (e.g., early 

warning for flood onset, drought intensification, rapid 

wetland transition, urban drainage failure, or altered 

baseflow) and selecting the spatial unit of analysis 

(watershed, sub-catchments, or gridded cells) plus an 

observation period that includes a baseline reference window 

and a monitoring window. EO datasets are acquired to 

represent complementary hydrological processes: optical 

imagery for surface water/vegetation indices, thermal 

products for land surface temperature anomalies that track 

evapotranspiration stress, and SAR imagery where cloud 

cover is persistent to maintain continuity during storm 

seasons. These are integrated with DEM-derived hydro-

topographic layers (slope, flow direction, flow accumulation, 

topographic wetness index) and rainfall/meteorological 

products, while optional in-situ gauges and IoT station feeds 

are incorporated to improve calibration and near-real-time 

verification. The system is designed as a GIS-centric 

geodatabase to support urban planning linkages, including 

land-use change, imperviousness growth, drainage 

obstruction zones, and green infrastructure layers that 

influence runoff attenuation and local infiltration, enabling 

the model to interpret disruptions as both hydro-climatic and 

anthropogenic phenomena (Adesina et al., 2024a; Adesina et 

al., 2024b). 

All datasets are harmonized through consistent projection, 

spatial resolution, and temporal aggregation (e.g., 

daily/weekly composites). Preprocessing includes 

atmospheric correction for optical imagery, speckle filtering 

for SAR, cloud masking and gap-filling, removal of 

striping/outliers, and standardized metadata logging so that 

each observation has traceable quality flags. A baseline 

hydro-ecological “expected behavior” is established for each 

spatial unit by computing climatologies and seasonal 

envelopes for key indicators, enabling the system to 

distinguish normal seasonal variation from abnormal regime 

shifts. Indicator engineering then derives hydrologically 

meaningful features, including NDWI/MNDWI or similar 

water indices, water extent fractions, vegetation stress 

trajectories (NDVI anomalies), surface moisture surrogates, 

thermal anomalies, and event-based rainfall accumulations; 

GIS adds drainage connectivity metrics, proximity-to-

channel, floodplain susceptibility proxies, and urban form 

variables (imperviousness, green infrastructure coverage) to 

connect the physical signal to plausible mechanisms relevant 

for planning and resilience actions (Adesina et al., 2024a; 

Adesina et al., 2024b). Where infrastructure condition or 

compaction-related runoff response is relevant (e.g., road 

corridors altering drainage paths, rapid runoff from 

compacted surfaces), mechanistic–empirical thinking is used 

to treat compaction and load-related surface behavior as 

explanatory covariates or stratification factors in urban 

catchments, helping interpret where disrupted runoff 

pathways may emerge (Adetokunbo & Sikhakhane-

Nwokediegwu, 2024). 

Early disruption detection is executed using a two-layer 

analytics strategy: an anomaly/early-signal layer and a 

predictive risk layer. The anomaly layer applies statistical 

change detection to each indicator time series (z-score 

anomalies relative to baseline, seasonal decomposition, 

breakpoint/change-point detection, trend acceleration, and 

spatio-temporal hotspot clustering) to flag areas where 

hydrological behavior departs from expected ranges. This is 

paired with spatial coherence tests to reduce false alarms by 

requiring anomalies to persist over minimum durations or 

cluster across hydrologically connected pixels/sub-basins. 

The predictive risk layer uses supervised learning where 

labeled disruption events exist (e.g., recorded floods, drought 

declarations, historical wetland transitions) to estimate 
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disruption likelihood and lead time; if labels are sparse, semi-

supervised grouping is used to categorize recurrent anomaly 

patterns that correspond to distinct disruption modes. The 

pipeline is structured as modular services (ingestion → 

preprocessing → feature extraction → detection → 

forecasting → alerting) to support scalability in cloud 

environments, and constraint-rule checks are embedded so 

alert logic remains consistent (e.g., a “high flood risk” alert 

must be supported by rainfall forcing and rising water 

extent/connectivity unless classified as a sensor artifact), 

drawing on algorithmic constraint handling and automated 

resource scaling concepts for large continuous data streams 

(Ahmed et al., 2019; Ahmed et al., 2020; Ahmed et al., 2021). 

Risk scoring converts multi-indicator evidence into 

actionable outputs using a transparent decision model: each 

grid cell or sub-basin receives a Disruption Likelihood Score 

(from prediction), a Severity Proxy Score (magnitude and 

spatial footprint of anomalies), and an Exposure/Impact 

Score (population/infrastructure sensitivity or ecological 

value), producing a tiered alert (Watch/Warning/Emergency) 

with recommended response actions. For urban systems, the 

outputs are aligned with planning processes and green 

infrastructure decision needs, enabling prioritization of 

drainage maintenance, retention interventions, permeable 

retrofits, or targeted monitoring intensification where 

anomalies are repeatedly detected (Adesina et al., 2024a; 

Adesina et al., 2024b). Validation combines spatial–temporal 

cross-validation for predictive components, event-based 

verification (hit rate, false alarm ratio, lead time), and targeted 

field confirmation or comparison to independent gauge 

records. Model refinement is iterative: thresholds are 

recalibrated, feature sets are updated, and uncertainty is 

reported using ensemble predictions or bootstrapped 

confidence ranges so end users understand reliability and risk 

of missed events. Finally, the system is operationalized 

through a GIS dashboard that publishes updated maps, time 

series, anomaly explanations (drivers/feature importance), 

and automated reports for stakeholders; integration pathways 

include urban planning units, disaster management agencies, 

and water utilities to ensure the surveillance output translates 

into interventions rather than static maps (Adesina et al., 

2024a; Adesina et al., 2024b). 

 
Figure 1: Flowchart of the study methodology 

 

2.2.  Background on Hydrological Disruptions and 

Environmental Impacts 

Hydrological disruptions represent some of the most critical 

environmental challenges facing modern societies, as they 

directly affect water availability, ecosystem functioning, 

agricultural productivity, and community resilience. These 

disruptions arise from a complex interplay of climatic 

variability, land-use changes, groundwater extraction, and 

anthropogenic pressures that continuously reshape the natural 

water cycle. Understanding these disturbances and their 

impacts is essential for developing effective monitoring and 

mitigation strategies, particularly as climate change 

accelerates the frequency and severity of extreme 

hydrological events (Hammed, Oshoba & Ahmed, 2023, 

Oshoba, Ahmed & Odejobi, 2023). Remote-sensing based 

environmental surveillance offers a powerful means of 

detecting these disturbances early, but to appreciate its value, 

it is necessary to examine the nature and implications of key 

hydrological disruptions such as drought onset, declining 

groundwater levels, altered streamflow patterns, and flood 

precursors. 

Drought onset represents one of the earliest and most 

damaging hydrological disruptions. Unlike sudden events, 

droughts evolve gradually as precipitation deficits, rising 

temperatures, and excessive evaporation reduce soil moisture 

and surface water availability. Early drought stages often go 

unnoticed in traditional monitoring systems because 

groundwater reserves may temporarily buffer water scarcity. 

However, vegetation stress, soil drying, and declining 
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streamflows begin long before drought becomes visible at the 

surface. These processes disrupt ecological systems by 

reducing plant productivity, altering species composition, and 

increasing vulnerability to wildfires (Ogbuefi, et al., 2021, 

Oshoba, Hammed & Odejobi, 2021). Socio-economic 

consequences include reduced crop yields, food insecurity, 

and financial losses for agricultural communities. Climate-

related implications are equally severe: prolonged droughts 

diminish carbon sequestration capacity, intensify heatwaves 

due to reduced evapotranspiration, and contribute to land 

degradation and desertification. Without timely detection, 

droughts escalate into crises that strain water supplies, energy 

production, and public health systems (Fasasi, Adebowale & 

Nwokediegwu, 2019, Owulade, et al., 2019). 

Declining groundwater levels represent another major 

hydrological disruption with profound long-term 

consequences. Groundwater depletion occurs due to 

excessive pumping for agriculture, urban development, and 

industrial activities, combined with reduced recharge rates 

caused by impervious surfaces and altered precipitation 

patterns. This decline often unfolds silently beneath the 

surface, making it difficult to detect through conventional 

monitoring methods (Ike, et al., 2022, Olatunde-Thorpe, et 

al., 2022). Ecologically, falling groundwater tables reduce 

baseflow contributions to rivers and wetlands, leading to 

habitat degradation and loss of biodiversity. Plants dependent 

on shallow groundwater become stressed and may die off, 

affecting entire food webs. Socio-economic implications 

include reduced water availability for irrigation, increased 

pumping costs, land subsidence that damages infrastructure, 

and conflicts over diminishing water resources (Adesina, 

Okwandu & Nwokediegwu, 2024, Ibekwe, et al., 2024). The 

climate-related implications of groundwater decline are 

increasingly recognized: as aquifers empty, they lose their 

ability to buffer hydrological extremes, exacerbating both 

drought and flood sensitivity. Early detection is crucial for 

sustainable groundwater management, but sparse monitoring 

wells often fail to capture spatial variations across large 

regions. 

Altered streamflow patterns constitute another significant 

hydrological disturbance. Streamflow is influenced by 

precipitation, snowmelt, groundwater interactions, and land-

cover characteristics. Human activities such as dam 

construction, deforestation, and urbanization disrupt natural 

flow regimes, leading to irregular or unstable hydrological 

behavior. Reduced streamflows during dry seasons affect 

aquatic habitats, reduce hydropower generation, and limit 

water availability for domestic and industrial use. Conversely, 

sudden increases in streamflow due to intense rainfall or rapid 

snowmelt can overwhelm river channels, increasing erosion, 

degrading water quality, and threatening downstream 

communities (Giwah, et al., 2021, Nwokediegwu, Bankole & 

Okiye, 2021). Ecologically, altered streamflow disrupts fish 

migration, sediment transport, nutrient cycling, and the 

formation of riparian habitats. Socio-economic impacts 

include infrastructure damage, transportation disruptions, and 

economic instability in sectors dependent on predictable 

water supplies. Climate change magnifies these disruptions 

by increasing the frequency of extreme precipitation events 

and altering seasonal temperature patterns, leading to 

unpredictable and unstable streamflow dynamics. Figure 2 

shows remote sensing utility in the disaster management 

cycle presented by Harb & Dell'Acqua, 2017. 

 
Figure 2: Remote sensing utility in the disaster 

management cycle (Harb & Dell'Acqua, 2017). 

 

Flood precursors represent another hydrological challenge 

that requires timely detection to prevent catastrophic 

outcomes. Floods can be triggered by heavy rainfall, cyclonic 

storms, rapid snowmelt, dam failures, or saturated soils 

unable to absorb additional water. Early-stage indicators of 

flooding include rising river levels, expanding surface water 

bodies, soil moisture saturation, and abnormal land-surface 

temperature fluctuations (Essien, et al., 2022, Fasasi, 

Nwokediegwu & Adebowale, 2022). Traditional monitoring 

systems often detect floods only after river gauges rise 

significantly, leaving little time for preventive action. 

Ecologically, floods can both damage and revitalize 

ecosystems: while severe floods destroy habitats and cause 

soil erosion, they also replenish wetlands and transport 

nutrients that enrich floodplain soils. Socio-economic 

impacts, however, are predominantly negative (Taiwo, et al., 

2025, Erinjogunola, et al., 2025). Floods destroy crops, 

homes, infrastructure, and livelihoods, disproportionately 

affecting vulnerable populations. Public health threats 

emerge from waterborne diseases, chemical contamination, 

and disruptions to sanitation systems. Climate change 

intensifies flood risks by increasing the frequency of extreme 

rainfall events and raising sea levels, which amplify storm 

surges and coastal flooding (Bayeroju, Sanusi & 

Nwokediegwu, 2023, Okiye, Ohakawa & Nwokediegwu, 

2023). 

Collectively, these hydrological disruptions create cascading 

effects that ripple across environmental, economic, and social 

systems. Ecosystems become destabilized as species lose 

access to reliable water sources, vegetation weakens, and 

water-dependent habitats shrink. These changes reduce 

biodiversity and compromise ecosystem services such as 
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pollination, soil fertility, and natural water filtration (Afolabi, 

et al., 2020, Fasasi, et al., 2020). Socio-economic systems 

suffer as water scarcity, flooding, and hydrological instability 

disrupt agriculture, industry, and infrastructure. Food 

production becomes more unpredictable, energy systems 

reliant on water such as hydropower and cooling processes 

are strained, and public safety risks increase. Communities 

with limited resources face disproportionate impacts, 

deepening inequalities and intensifying competition over 

water (Afolabi, et al., 2022, Fasasi & Ekechi, 2022). 

Climate-related implications further elevate the urgency of 

detecting hydrological disruptions early. Climate change acts 

as a threat multiplier, intensifying droughts, accelerating 

groundwater depletion, destabilizing streamflow patterns, 

and increasing the frequency of extreme rainfall events. 

Changing temperature regimes alter evapotranspiration rates, 

snowmelt timing, and soil moisture retention, reshaping 

hydrological behavior across entire regions (Isi, et al., 2024, 

Otokiti, et al., 2024). Without early detection, societies are 

left with reactive responses that are often insufficient, costly, 

and unable to address underlying vulnerabilities. Proactive 

detection and monitoring are essential to building climate 

resilience, supporting adaptation strategies, and preventing 

irreversible environmental damage. Figure 3 shows 

schematic of the satellite remote sensing and hydrological 

modeling-based flood monitoring system presented by Khan, 

et al., 2010. 

 
Figure 3: Schematic of the satellite remote sensing and 

hydrological modeling-based flood monitoring system 

(Khan, et al., 2010). 

 

Remote sensing emerges as a crucial solution to these 

challenges by providing a comprehensive and integrated 

method for monitoring hydrological disruptions at multiple 

spatial and temporal scales. Unlike traditional systems, which 

rely on limited ground observations, remote sensing captures 

dynamic environmental signals over large and inaccessible 

areas, detecting subtle changes long before they manifest as 

severe disruptions. It enables continuous monitoring of 

surface water, soil moisture, vegetation health, snow cover, 

and temperature patterns variables that collectively signal 

emerging hydrological stress (Nnabueze, et al., 2022, 

Olatunde-Thorpe, et al., 2022). When combined with 

geospatial analytics, remote sensing supports early-warning 

systems capable of predicting potential disruptions, guiding 

preventive action, and informing sustainable water 

management strategies (Adetokunbo and Sikhakhane-

Nwokediegwu, 2024). 

In conclusion, understanding the nature of hydrological 

disturbances and their far-reaching ecological, socio-

economic, and climate-related implications highlights the 

critical need for advanced surveillance systems. Traditional 

monitoring approaches, though valuable, are insufficient for 

addressing modern environmental challenges. A remote-

sensing based system offers the capacity to detect disruptions 

early, support timely decision-making, and mitigate risks 

before they escalate into full-scale crises (Olatunde-Thorpe, 

et al., 2021). 

2.3. Remote Sensing Technologies for Hydrological 

Monitoring 

Remote sensing technologies play a central role in modern 

hydrological monitoring, offering unparalleled capabilities 

for observing environmental changes across large geographic 

areas with high temporal consistency. As hydrological 

disruptions become more frequent and complex due to 

climate change and human-driven modifications to the 

landscape, the ability to detect early signs of water-related 

stress is increasingly dependent on satellite-based and aerial 

sensor systems (Fasasi, Adebowale & Nwokediegwu, 2025, 

Taiwo, et al., 2025). These systems employ optical, thermal, 

and radar technologies, along with spectral and radiometric 

techniques, to capture precise information about soil 

moisture, vegetation health, surface water extent, and land-

surface temperature patterns. The integration of these remote 

sensing technologies into environmental surveillance systems 

provides a powerful toolkit for identifying hydrological 

anomalies long before they evolve into severe disruptions 

(Ezeani, et al., 2023, Fasasi, Adebowale & Nwokediegwu, 

2023, Giwah, et al., 2023). 

Optical remote sensing is one of the most widely used 

technologies for hydrological monitoring. Optical sensors 

detect reflected sunlight across multiple wavelengths, 

producing images that represent surface conditions with 

remarkable clarity. Sensors such as those on the Landsat, 

Sentinel-2, and MODIS satellites capture visible, near-

infrared (NIR), and shortwave infrared (SWIR) bands that are 

highly sensitive to water content, vegetation vigor, and soil 

properties. By analyzing reflectance patterns across these 

bands, researchers can derive spectral indices that serve as 

indicators of hydrological conditions (Afolabi, et al., 2021, 

Fasasi, et al., 2021). Optical imagery allows for the detection 

of changes in water surface extent, such as shrinking lakes, 

drying wetlands, and expanding floodplains. It also detects 

early vegetation stress, which often precedes drought onset. 

Stress manifests as subtle reductions in chlorophyll 

concentration or canopy moisture, which optical sensors 

capture through changes in reflectance (Fasasi & Ekechi, 
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2020, Lawoyin, Nwokediegwu & Gbabo, 2020). However, 

optical sensors are limited by cloud cover and the availability 

of sunlight, making them less reliable in regions with frequent 

storms or persistent cloudiness. 

Thermal remote sensing complements optical technologies 

by capturing emitted radiation from the Earth’s surface. 

Thermal sensors measure land-surface temperature (LST), 

providing insights into energy fluxes, soil moisture 

conditions, and evapotranspiration rates. When soil moisture 

declines, surface temperatures rise due to reduced 

evaporative cooling, making LST a key indicator of emerging 

drought conditions (Ahmed, Odejobi & Oshoba, 2019, 

Nwokediegwu, Bankole & Okiye, 2019). Thermal data from 

satellites such as MODIS and Landsat’s Thermal Infrared 

Sensor (TIRS) allow the detection of hotspots that indicate 

stressed vegetation, desiccating soil, or hydrological 

imbalances. Thermal imagery is also critical for monitoring 

water temperature, which affects evaporation rates, aquatic 

ecosystems, and dissolved oxygen levels. Abnormally high 

water temperatures may signal reduced inflows, declining 

groundwater contributions, or anthropogenic disturbances 

(Uzoho, 2025, Erinjogunola, et al., 2025). Additionally, 

thermal data are valuable for identifying subsurface water 

discharge zones along shorelines or riverbanks, which appear 

as temperature anomalies relative to surrounding areas. 

Radar remote sensing, particularly Synthetic Aperture Radar 

(SAR), offers a major advantage for hydrological monitoring 

because of its ability to penetrate clouds, operate day and 

night, and detect surface properties independent of sunlight. 

SAR sensors emit microwave signals that interact with 

surface features, making them exceptionally useful for 

mapping soil moisture, detecting flooding, and monitoring 

surface roughness (Okiye, Nwokediegwu & Bankole, 2023, 

Otokiti, et al., 2023). Soil moisture significantly influences 

microwave backscatter, allowing SAR systems such as 

Sentinel-1, RADARSAT, and SMAP to measure moisture 

variations at different depths (Essien, et al., 2024, Fasasi, 

Adebowale & Nwokediegwu, 2024). This capability is 

crucial for identifying early-stage drought conditions and 

tracking moisture deficits across agricultural fields and 

natural landscapes. Radar is also highly effective in detecting 

water bodies; smooth surfaces like lakes or rivers produce 

distinct low-backscatter signatures, enabling accurate 

delineation even under vegetation canopies or cloudy 

conditions. During flood events, SAR can identify inundated 

areas with precision, capturing the spatial extent and 

progression of water overflow in near real-time. Figure 4 

shows main remote sensing platforms and imaging methods 

for detecting forest water stress presented by Le, Harper & 

Dell, 2023. 

 
Figure 4: Main remote sensing platforms and imaging 

methods for detecting forest water stress (Le, Harper & 

Dell, 2023). 

 

Spectral indices derived from optical and infrared data 

provide essential tools for interpreting remote sensing 

observations related to hydrological processes. The 

Normalized Difference Vegetation Index (NDVI) is one of the 

most widely used indices for assessing vegetation health and 

detecting stress. Declining NDVI values often signal water 

scarcity, soil dryness, or emerging drought conditions. While 

NDVI is valuable, more specialized indices offer enhanced 

sensitivity to hydrological changes (Afolabi, et al., 2022, 

Bayeroju, Sanusi & Nwokediegwu, 2022). The Normalized 

Difference Water Index (NDWI) and Modified NDWI 

highlight the presence and extent of surface water by 

emphasizing reflectance differences between NIR and SWIR 

bands. These indices detect shrinking reservoirs, wetland 

degradation, and altered river morphology. Soil moisture 

indices such as the Normalized Difference Infrared Index 

(NDII) and the Land Surface Water Index (LSWI) further 

refine the detection of moisture deficits in soil and vegetation 

canopies. For monitoring drought, indices like the Vegetation 

Health Index (VHI) and Temperature Condition Index (TCI) 

combine thermal and optical data to provide a more 

comprehensive assessment of vegetation stress caused by 

hydrological imbalances (Bankole, Nwokediegwu & Okiye, 

2021, Hammed, Oshoba & Ahmed, 2021). 

Radiometric techniques enhance the precision and 

interpretability of remote sensing measurements. 

Radiometric calibration ensures that sensor-detected energy 

values are accurately converted into physically meaningful 

units such as reflectance or temperature. This calibration is 

essential for comparing observations across different sensors, 

dates, and locations. Radiometric correction accounts for 

atmospheric interference, sensor noise, and illumination 

differences, making long-term hydrological monitoring more 

reliable. Radiometry also enables the estimation of 

evapotranspiration (ET), a critical component of the 

hydrological cycle (Ezeani, et al., 2024, Okoli, et al., 2024, 

Ugwuanyi, et al., 2024). ET mapping techniques such as the 

Surface Energy Balance Algorithm for Land (SEBAL) and 

METRIC model use thermal and spectral data to estimate 
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water loss from soil and vegetation. These measurements are 

crucial for assessing water stress, irrigation demand, and 

agricultural drought severity. Furthermore, brightness 

temperature data from thermal radiometers assist in 

identifying groundwater seepage, wetland dynamics, and 

geothermal activity that may influence hydrological stability 

(Essien, et al., 2024, Lawoyin, Nwokediegwu & Gbabo, 

2024). 

Remote sensing is particularly powerful for detecting soil 

moisture changes, one of the earliest and most consequential 

indicators of hydrological disruption. Soil moisture governs 

evapotranspiration rates, vegetation growth, infiltration, and 

groundwater recharge. Microwave-based sensors are 

uniquely sensitive to dielectric properties of soil, which vary 

with moisture content. Missions such as NASA’s SMAP (Soil 

Moisture Active Passive) and ESA’s SMOS (Soil Moisture 

and Ocean Salinity) measure soil moisture globally, 

providing early warning signals of agricultural drought, 

surface drying, and hydrological instability (Fasasi, et al., 

2020, Lawoyin, Nwokediegwu & Gbabo, 2020). By 

combining microwave data with optical and thermal 

observations, analysts can monitor how soil moisture deficits 

influence vegetation health and surface temperature patterns, 

allowing for integrated and proactive hydrological 

assessments. 

Vegetation stress detection is another critical application of 

remote sensing technologies. Vegetation responds rapidly to 

hydrological changes, making it a sensitive indicator of 

environmental disruptions. Remote sensors detect stress 

through reduced chlorophyll content, altered leaf water 

content, increased canopy temperature, and changes in 

spectral reflectance. Early warnings of vegetation stress 

enable agricultural managers, water authorities, and 

conservation agencies to take proactive measures to mitigate 

economic losses and ecological degradation (Giwah, et al., 

2021, Lawoyin, Nwokediegwu & Gbabo, 2021). 

Surface water monitoring, facilitated by remote sensing, 

allows precise detection of lake levels, river width, floodplain 

expansion, and wetland dynamics. Changes in water surface 

area provide clear indicators of hydrological disruptions such 

as prolonged drought, excessive evaporation, altered 

streamflow, or flood onset. Radar and optical data together 

offer a robust approach to capturing surface water variations 

under varying environmental conditions. Land-surface 

temperature anomalies, detected through thermal sensors, 

reveal hydrological stresses that influence surface energy 

balance and water availability (Adetokunbo and Sikhakhane-

Nwokediegwu, 2025). Elevated temperatures often signal 

drought, decreased soil moisture, or reduced vegetative cover, 

while cooler anomalies may indicate areas of groundwater 

discharge or irrigation. 

Collectively, remote sensing technologies provide a multi-

dimensional, integrated approach to hydrological monitoring, 

enabling early detection of disruptions that affect ecosystems, 

water resources, and human communities. The combination 

of optical, thermal, and radar sensors, along with advanced 

spectral indices and radiometric techniques, offers a powerful 

framework for environmental surveillance and proactive 

hydrological management (Ike, et al., 2018). 

2.4. System Framework and Data Integration 

Architecture 

A remote-sensing based environmental surveillance system 

designed to detect early hydrological disruptions must be 

built on a robust framework and data integration architecture 

capable of synthesizing diverse, high-frequency 

environmental inputs into coherent and actionable 

intelligence. The effectiveness of such a surveillance system 

depends on its ability to integrate multi-sensor data streams, 

execute efficient preprocessing workflows, utilize advanced 

GIS analytical functions, and operate through scalable cloud-

based data management systems that support real-time 

analytics (Ezeani, 2023, Oshoba, Ahmed & Odejobi, 2023). 

This integrated architecture ensures that early signals of 

hydrological stress whether related to drought, flooding, 

groundwater depletion, or streamflow irregularities are 

detected promptly, accurately, and consistently across 

different spatial and temporal scales. 

The foundation of the system lies in its multi-sensor data 

acquisition capabilities. Modern hydrological monitoring 

relies heavily on remote-sensing platforms that include 

optical, thermal, microwave, and radar sensors, each 

contributing unique insights into environmental conditions. 

Optical sensors provide high-resolution data on vegetation 

cover, surface water extent, and land characteristics, while 

thermal sensors capture land-surface temperature variations 

that correlate with soil moisture and evapotranspiration 

patterns. Radar and microwave sensors enhance the system 

by penetrating cloud cover and providing real-time detection 

of surface water changes, soil moisture variations, and flood 

dynamics (Okereke, et al., 2025, Erinjogunola, et al., 2025). 

Together, these sensors create a comprehensive data 

ecosystem that reflects the multi-dimensional nature of 

hydrological processes. The system architecture must support 

the simultaneous ingestion of data from satellites such as 

Landsat, Sentinel, MODIS, SMAP, and commercial 

platforms, as well as aerial drones and ground-based sensors 

that offer localized precision (Fasasi, Adebowale & 

Nwokediegwu, 2023, Giwah, et al., 2023). 

Once data is acquired, preprocessing workflows become 

essential for ensuring data quality, consistency, and usability. 

Raw remote sensing data often contains atmospheric 

distortions, sensor noise, and geometric inaccuracies that 

must be corrected before hydrological indicators can be 

reliably extracted. Preprocessing steps typically include 

radiometric calibration, atmospheric correction, geometric 

correction, and cloud masking. Radiometric calibration 

converts raw sensor signals into meaningful reflectance or 

brightness values, enabling comparisons across sensors and 

time periods (Ahmed, Odejobi & Oshoba, 2020, Giwah, et 

al., 2020). Atmospheric correction removes the effects of 
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aerosols, water vapor, and atmospheric scattering that may 

obscure hydrological signals. Geometric correction ensures 

that images align accurately with geographic coordinate 

systems, allowing precise spatial analysis. Cloud masking is 

particularly important for optical data, as cloud cover can 

obscure critical surface information; automated cloud 

detection algorithms ensure that only valid surface pixels are 

retained for analysis (Ajisafe, et al., 2023, Bankole, 

Nwokediegwu & Okiye, 2023, Oshoba, et al., 2023). 

Following preprocessing, the system integrates datasets into 

a centralized geospatial database where GIS functions play a 

pivotal role. GIS serves as the analytical hub of the 

surveillance system, enabling multi-layered spatial analysis, 

hydrological modeling, and visualization. Data layers 

representing vegetation indices, soil moisture levels, surface 

water extents, land-surface temperature anomalies, and 

precipitation patterns are imported into the GIS environment. 

These layers can then be overlaid, compared, and analyzed to 

detect anomalies that indicate early-stage hydrological 

disruptions (Afolabi, et al., 2021, Bayeroju, Sanusi & 

Nwokediegwu, 2021). For example, a simultaneous decline 

in NDVI and soil moisture index may point to emerging 

drought conditions, while an increase in radar-detected 

surface water alongside rising river levels may signal 

impending flooding. GIS also facilitates spatial interpolation, 

time-series trend analysis, hydrological network modeling, 

and watershed delineation, allowing the system to capture 

dynamic interactions across environmental variables 

(Hammed, Oshoba & Ahmed, 2023, Sanusi, Bayeroju & 

Nwokediegwu, 2023). 

GIS integration also enhances the system’s ability to identify 

spatial patterns and predict future hydrological changes. 

Machine learning models can be trained within the GIS 

framework to classify anomalies, detect trends, and forecast 

hydrological stress. These models may rely on supervised 

learning techniques, anomaly detection algorithms, or 

predictive time-series methods that analyze historical patterns 

to project future disruptions. For instance, a machine learning 

model trained on past drought events may detect early soil 

and vegetation stress signals and predict potential drought 

onset weeks in advance. GIS visualization tools transform 

these analytical outputs into intuitive maps, dashboards, and 

risk alerts that support decision-making by water authorities, 

disaster managers, environmental agencies, and local 

communities (Nwokediegwu, Bankole & Okiye, 2019, 

Oshoba, Hammed & Odejobi, 2019). 

The integration architecture extends beyond GIS by 

incorporating cloud-based data management systems that 

support real-time analytics and scalable storage. Cloud 

platforms allow the system to store, process, and analyze 

massive volumes of remote sensing data without the 

limitations of local computing environments. Services such 

as Google Earth Engine, Amazon Web Services, Microsoft 

Azure, and NASA’s Earthdata Cloud provide powerful 

infrastructures for processing satellite imagery, running large-

scale computations, and hosting environmental models 

(Fasasi & Ekechi, 2020, Giwah, et al., 2020). Cloud-based 

architectures enable automated workflows that continuously 

ingest new sensor data, preprocess imagery, update 

hydrological indices, generate anomaly maps, and trigger 

alert systems when conditions exceed predefined thresholds. 

This automation ensures that surveillance remains continuous 

and responsive, improving early detection capabilities and 

reducing reliance on manual processing. 

Cloud-based data management also enhances collaboration 

and information sharing across institutions. Environmental 

agencies, water managers, researchers, and policymakers can 

access shared dashboards, time-series datasets, and analytical 

outputs from any location, enabling coordinated responses to 

emerging hydrological risks. The system can integrate user-

defined thresholds for alerts, such as dangerously low 

groundwater levels or abnormally high evapotranspiration 

rates, customizing the analytics for local environmental 

conditions. Real-time notifications delivered through cloud 

platforms allow rapid mobilization of resources to mitigate 

imminent disruptions (Fasasi, Adebowale & Nwokediegwu, 

2023, Sanusi, Bayeroju & Nwokediegwu, 2023). 

Data fusion techniques play a critical role in the architecture 

by combining datasets from different sensors with varying 

spatial and temporal resolutions. Optical and radar data may 

be blended to create all-weather surface water maps, while 

thermal and microwave data can be fused to improve soil 

moisture estimates. Data fusion enhances accuracy and 

reliability, allowing the system to overcome the limitations of 

individual sensors. For example, when cloud cover obscures 

optical imagery, radar data compensates by providing 

continuous hydrological observations. Similarly, multi-

temporal fusion allows the system to detect subtle trends that 

may be invisible in single-date imagery (Fasasi, 2025, Taiwo, 

et al., 2025). 

A key feature of the system is the ability to model 

hydrological processes in near real-time. Evapotranspiration 

models, soil moisture balance models, and hydrodynamic 

flood simulations can be integrated into the system to provide 

predictive insights. These models, informed by remote 

sensing data, allow users to forecast how environmental 

changes will evolve over time such as predicting drought 

severity or projecting flood inundation under rising rainfall 

conditions. Modeling outputs can be visualized in GIS 

dashboards and used to develop contingency plans, optimize 

water allocations, or implement early interventions 

(Olatunde-Thorpe, et al., 2020, Oshoba, et al., 2020). 

The system framework also prioritizes usability through 

intuitive interfaces and user-focused design. Stakeholders 

such as farmers, local governments, and community 

organizations often require simplified dashboards that 

communicate hydrological risks without technical 

complexity. Through cloud-based visualization tools, the 

system can generate color-coded maps, trend graphs, risk 

alerts, and scenario projections that support informed 
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decision-making. These user interfaces also enhance 

transparency, making hydrological surveillance accessible to 

non-experts and fostering community engagement in 

environmental management (Giwah, et al., 2021, Sanusi, 

Bayeroju & Nwokediegwu, 2021). 

In essence, the system framework and data integration 

architecture of a remote-sensing based environmental 

surveillance system represent a multi-layered design that 

unifies sensor technology, data science, geospatial analytics, 

and cloud computing. This architecture provides a robust 

foundation for detecting early hydrological disruptions, 

enabling proactive water resource management and climate 

resilience. By integrating diverse datasets, automating 

analytical workflows, and providing real-time insights, the 

system ensures that environmental changes are detected early 

enough to support effective intervention and reduce the 

ecological and socio-economic impacts of hydrological stress 

(Afolabi, et al., 2021, Fasasi, Adebowale & Nwokediegwu, 

2021). 

2.5.Analytical Methods and Anomaly Detection 

Techniques 

Analytical methods and anomaly detection techniques form 

the core intelligence layer of a remote-sensing based 

environmental surveillance system designed to detect early 

hydrological disruptions. These methods transform raw 

multi-sensor data into meaningful insights capable of 

revealing subtle environmental changes long before they 

escalate into severe hydrological events such as droughts, 

floods, or groundwater depletion. Because hydrological 

systems are complex, dynamic, and sensitive to climatic and 

anthropogenic pressures, early detection requires analytical 

tools capable of capturing trends, identifying deviations from 

normal conditions, and distinguishing genuine signals of 

hydrological stress from natural variability (Adio, et al., 

2025, Erinjogunola, et al., 2025). Change detection 

algorithms, time-series modeling approaches, machine 

learning classifiers, and threshold-based indicators each 

contribute uniquely to this analytical ecosystem, enabling a 

robust, multi-dimensional assessment of hydrological 

anomalies across space and time. 

Change detection algorithms constitute one of the most 

widely used methods for identifying early hydrological 

disruptions. These algorithms compare satellite-derived 

variables across two or more time periods to identify spatial 

or temporal differences that indicate environmental change. 

Image differencing, for example, subtracts pixel values 

between two dates to highlight changes in surface reflectance 

associated with declining vegetation health, shifting surface 

water extent, or altered land-surface temperature (Ike, et al., 

2021, Nnabueze, et al., 2021). When vegetation indices such 

as NDVI or NDWI decline sharply, the algorithm flags 

potential hydrological stress due to soil moisture loss or 

reduced water availability. Similarly, changes in radar 

backscatter from SAR imagery can detect early flooding, soil 

saturation, or drying surfaces. Post-classification comparison 

methods use classification maps from different time periods 

to identify transitions such as wetland shrinkage, river 

channel migration, or groundwater-fed vegetation loss. 

Change vector analysis (CVA) enhances sensitivity by 

evaluating both magnitude and direction of spectral changes, 

allowing for more nuanced detection of anomalies that may 

signal the onset of hydrological disturbances. These change 

detection techniques help identify hydrological irregularities 

at their early stages, enabling proactive response before they 

intensify (Adesina, Okwandu & Nwokediegwu, 2024, Ike, et 

al., 2024). 

Time-series modeling plays an equally critical role by 

enabling continuous monitoring and trend analysis of 

hydrological variables over long periods. Unlike simple two-

date comparisons, time-series models reveal persistent 

patterns, seasonal cycles, and gradual shifts that reflect 

evolving hydrological conditions. Satellite missions like 

MODIS and Sentinel provide high-frequency observations 

that allow for daily, weekly, or monthly time-series analyses 

of surface water, vegetation indices, soil moisture, and land-

surface temperature (Okereke, et al., 2024, Ugwuanyi, et al., 

2024). Techniques such as seasonal-trend decomposition 

(STL) separate the seasonal, trend, and residual components 

of a time series, helping analysts differentiate between natural 

seasonal variations and abnormal deviations caused by 

hydrological stress. Autoregressive integrated moving 

average (ARIMA) and exponential smoothing models can 

forecast short-term hydrological trends, providing predictive 

insights into emerging droughts or flooding risks. More 

advanced approaches, such as harmonic regression and 

wavelet analysis, detect cyclical patterns and abrupt shifts, 

capturing both gradual hydrological deterioration and sudden 

disruptions. These time-series techniques are essential for 

areas where hydrological signals develop slowly, as they 

enable the system to detect anomalies that accumulate over 

time rather than appearing as immediate, abrupt changes 

(Adetokunbo and Sikhakhane-Nwokediegwu, 2022). 

Machine learning classifiers offer powerful capabilities for 

anomaly detection in complex hydrological systems where 

relationships among variables are non-linear, multi-

dimensional, and difficult to capture using traditional 

statistical methods. Machine learning models learn patterns 

from historical datasets and classify new observations as 

normal or anomalous based on learned characteristics. 

Supervised learning algorithms such as Random Forest, 

Support Vector Machines (SVM), and Gradient Boosting are 

commonly used to classify hydrological conditions using 

multi-sensor inputs including soil moisture, vegetation 

indices, LST, radar backscatter, and precipitation (Afolabi, et 

al., 2022, Fasasi, Adebowale & Nwokediegwu, 2022). These 

models excel at detecting early hydrological stress because 

they can integrate diverse variables and identify subtle 

interactions that may not be apparent individually. For 

example, a combination of high land-surface temperature, 

moderate vegetation decline, and slight soil moisture 
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reductions may indicate emerging drought conditions even if 

no single variable crosses an extreme threshold. Machine 

learning classifiers can also detect patterns associated with 

flood precursors, such as unusually high soil moisture 

alongside rising river levels and increasing radar reflectivity 

(Bankole, Nwokediegwu & Okiye, 2023, Lawoyin, 

Nwokediegwu & Gbabo, 2023). 

Unsupervised machine learning techniques such as k-means 

clustering, isolation forests, and autoencoders are particularly 

valuable for anomaly detection in remote-sensing data, as 

they do not require labeled training datasets. These 

techniques identify regions or time periods where 

environmental variables deviate from typical clustering 

patterns or produce reconstruction errors in neural network 

outputs. For instance, an autoencoder trained on normal 

hydrological conditions may produce a high reconstruction 

error when soil moisture rapidly increases or decreases, 

signaling an anomaly that warrants further investigation. 

Clustering-based methods can segment landscapes into 

distinct hydrological regimes and detect when surface 

conditions shift from one cluster to another, indicating 

potential hydrological disruptions such as drying wetlands, 

expanding water bodies, or vegetation stress patterns 

(Aifuwa, et al., 2020, Bankole, Nwokediegwu & Okiye, 

2020). 

Threshold-based indicators remain essential components of 

hydrological anomaly detection, providing a straightforward 

and interpretable means of identifying conditions that exceed 

predefined environmental limits. These indicators use 

established scientific or regulatory thresholds to flag early 

warning signals. For example, soil moisture values below 

20% may indicate moisture stress, while NDVI values falling 

more than two standard deviations below the historical mean 

may signal severe vegetation stress. Similarly, land-surface 

temperature anomalies exceeding 5°C above long-term 

averages may reflect early drought conditions (Fasasi, 

Adebowale & Nwokediegwu, 2025, Uzoho, 2025). For 

flooding, threshold-based indicators include sudden increases 

in radar backscatter intensity, rapid expansion of surface 

water detected through NDWI, and river levels surpassing 

floodplain boundaries. Threshold-based indicators are 

particularly useful because they provide clear, actionable 

criteria for decision-makers and can be integrated easily into 

automated alert systems. 

Combining these analytical methods significantly enhances 

the accuracy and reliability of hydrological anomaly 

detection. Change detection methods highlight spatial shifts, 

time-series models capture trends, machine learning 

classifiers identify complex patterns, and threshold indicators 

provide definitive warning signals. The integration of these 

techniques enables cross-validation of anomalies: if 

vegetation stress, soil moisture decline, and rising land-

surface temperature all occur simultaneously, the system can 

issue a high-confidence alert for emerging drought. 

Conversely, if radar-based flood indicators appear but soil 

moisture remains stable, the system can distinguish 

temporary surface water accumulation from genuine flood 

risk (Fasasi, Adebowale & Nwokediegwu, 2023, Sanusi, 

Bayeroju & Nwokediegwu, 2023). 

The synergy of these techniques also improves early detection 

capabilities. Many hydrological disruptions begin subtly, 

with faint signs that only advanced analytical tools can detect. 

Machine learning may identify early vegetation stress before 

NDVI decreases significantly. Time-series models may detect 

gradual soil drying before visible drought indicators appear. 

Radar-based change detection may reveal increasing surface 

water before traditional gauges register rising river levels. 

This layered analytical approach ensures that the surveillance 

system remains sensitive to a wide range of hydrological 

anomalies, providing early warning that supports timely and 

effective intervention (Essien, et al., 2024, Iyanu, Ayobami & 

Abiola, 2024). 

These analytical methods form the backbone of a remote-

sensing based hydrological surveillance system, enabling it to 

monitor complex environmental processes with precision, 

anticipate disruptions before they escalate, and support 

proactive water resource management. Their combined use 

transforms vast streams of remote-sensing data into coherent 

early-warning intelligence that strengthens environmental 

resilience and supports informed decision-making at local, 

regional, and national scales (Fasasi, Nwokediegwu & 

Adebowale, 2023, Lawoyin, Nwokediegwu & Gbabo, 2023). 

2.6. Case Application to Vulnerable Watersheds or 

Regions 

Applying a remote-sensing based environmental surveillance 

system to vulnerable watersheds or regions provides a 

practical demonstration of its capacity to detect early 

hydrological disruptions, interpret spatial patterns of 

environmental change, and validate findings through ground 

truth data. Vulnerable watersheds often characterized by high 

population density, intensive agricultural activity, limited 

water resources, or sensitivity to climate variability benefit 

greatly from continuous monitoring and early-warning 

capabilities. A case application illustrates how multi-sensor 

remote sensing data, advanced analytics, and GIS-based 

interpretation converge to offer actionable insights into 

emerging hydrological stresses such as drought onset, 

groundwater depletion, altered streamflow patterns, and early 

flood indicators (Afolabi, et al., 2021, Bankole, 

Nwokediegwu & Okiye, 2021). Through this application, the 

strengths of the surveillance system become evident, 

particularly its ability to capture patterns invisible to 

traditional monitoring networks and confirm detected 

anomalies through field-based validation. 

Consider a semi-arid watershed located in a rapidly 

developing agricultural region where rainfall is highly 

variable and groundwater is the primary source of irrigation 

and domestic water supply. The watershed includes a mosaic 

of croplands, wetlands, river channels, upland forests, and 

urban settlements, making it susceptible to hydrological 
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disruptions triggered by climate fluctuations and 

anthropogenic pressure. To evaluate emerging risks, the 

surveillance system ingests satellite-derived soil moisture 

data from SMAP, vegetation indices from Sentinel-2, land-

surface temperature from MODIS, radar-derived surface 

water maps from Sentinel-1, and precipitation estimates from 

satellite-based rainfall missions (Asogwa, et al., 2024, Okiye, 

Nwokediegwu & Bankole, 2024). These datasets are 

preprocessed, integrated into a GIS platform, and analyzed 

through anomaly detection models. 

The first anomaly detected occurs in early dry season when 

vegetation indices begin to show subtle declines across 

croplands and grasslands. NDVI and EVI values fall below 

the long-term seasonal mean, indicating reduced greenness 

and potential moisture stress. Time-series analysis reveals 

that vegetation decline is occurring earlier than in previous 

years, suggesting a shift in seasonal hydrological behavior 

(Afolabi, et al., 2021, Fasasi, et al., 2021). Concurrently, 

SMAP soil moisture readings show marginal reductions in 

topsoil moisture, and thermal data registers slight increases in 

land-surface temperature. While each signal individually may 

appear inconclusive, the combination of vegetation stress, 

soil moisture decline, and elevated temperature indicates the 

onset of early drought conditions (Bankole & Shenawa, 2024, 

Okwandu, Akande & Nwokediegwu, 2024). The spatial 

pattern of these anomalies reveals that the most affected 

zones lie in rainfed agricultural fields and degraded upland 

areas where soil organic matter is low and water retention 

capacity is minimal. 

As the dry season progresses, radar imagery from Sentinel-1 

begins capturing changes in surface water extent along small 

tributaries. Normally persistent ponds and wetland patches 

exhibit shrinking water surfaces, detected as shifts in radar 

backscatter signatures from smooth to rough textures. NDWI 

analyses also reveal a noticeable reduction in water bodies 

across the watershed. Meanwhile, time-series plots of river 

levels derived from satellite-based altimetry show a steady 

decline in streamflow, corroborating the observed surface 

water contraction. These spatial patterns suggest reduced 

groundwater–surface water interactions, likely caused by 

declining aquifer levels and reduced baseflow contributions 

(Giwah, et al., 2025, Taiwo, et al., 2025). 

To validate these findings, ground truth data is collected from 

field sensors, local water management agencies, and 

community observations. Soil moisture probes installed in 

agricultural fields confirm declining moisture levels 

consistent with remote sensing estimates. Farmers report 

reduced crop vigor and delayed germination, matching NDVI 

and LST patterns. Manual streamflow measurements from 

regional water offices align with satellite-derived river level 

estimates, validating the accuracy of remote sensing 

interpretations. This convergence of remote and field data 

strengthens confidence in the early drought detection and 

provides a basis for initiating water conservation measures 

before severe impacts occur (Afolabi, et al., 2022, Fasasi, 

Nwokediegwu & Adebowale, 2022). 

Another example involves detecting early flood precursors in 

a tropical watershed prone to monsoon-driven flooding. 

During the onset of the rainy season, radar-based surface 

water maps reveal rapid expansion of water bodies along 

floodplains, even before river gauge stations register 

significant water level rises. Soil moisture maps from 

microwave sensors show high saturation levels across low-

lying agricultural fields, indicating that the soil is reaching its 

infiltration capacity (Ahmed, Odejobi & Oshoba, 2021, 

Nwokediegwu, Bankole & Okiye, 2021). Thermal data 

displays localized cooling effects associated with saturated 

soils, further confirming flood potential. Spectral indices such 

as NDWI and LSWI spike in flood-prone zones, highlighting 

the presence of surface water. By examining spatial patterns, 

the system identifies clusters of anomalies concentrated along 

historically vulnerable flood corridors. 

Ground truth validation conducted through field visits and 

drone surveys verifies the presence of rising water along 

depressions and drainage channels. Local communities report 

unusual saturation in footpaths and early ponding in fields. 

These ground observations match the remote sensing signals, 

confirming that the watershed is at imminent risk of flooding. 

Authorities use this information to issue early warnings, 

strengthen embankments, and pre-position emergency 

supplies well before traditional monitoring systems would 

have detected the threat (Adio, et al., 2025, Fasasi, 

Adebowale & Nwokediegwu, 2025). 

In a third scenario, the system is applied to a mountainous 

watershed affected by declining snowpack and altered 

meltwater patterns. Optical imagery from Sentinel-2 detects 

decreasing snow cover extent earlier in the season than 

historical averages, while thermal data records elevated snow 

surface temperatures. Radar backscatter changes reveal 

reduced snow moisture content, indicating accelerated 

melting. These remote sensing observations point to 

hydrological disruption with downstream consequences such 

as reduced spring streamflow, lower reservoir recharge, and 

increased wildfire risk (Faseemo, et al., 2009). Time-series 

models predict that streamflow will peak earlier and decline 

sooner than expected, affecting agricultural water allocation 

and hydropower production. 

Ground truth validation involves snow depth measurements, 

manual snowpack surveys, and discharge readings from 

hydrological stations. Field data confirms the reduced 

snowpack and early melt indicated by remote sensing. Water 

resource managers use this information to adjust reservoir 

operations, revise irrigation schedules, and plan for potential 

summer water shortages (Nwokediegwu, Bankole & Okiye, 

2022, Okiye, Ohakawa & Nwokediegwu, 2022). Across these 

applications, the surveillance system demonstrates its 

capability to interpret spatial patterns, detect early 

hydrological anomalies, and validate findings against ground 

truth information. It identifies not only the presence of 
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hydrological disruptions but also their spatial extent, severity, 

and rate of progression. By mapping these patterns, the 

system reveals where vulnerabilities are concentrated and 

which regions require prioritized intervention. 

Moreover, the system’s ability to detect anomalies before 

they manifest as measurable impacts on the ground highlights 

its utility as a proactive environmental management tool. 

Early detection of drought allows farmers to modify planting 

schedules, adopt drought-resistant crops, or adjust irrigation 

practices. Early detection of flood precursors enables 

authorities to prepare evacuation routes, reinforce flood 

defenses, and initiate drainage improvements. Early detection 

of altered snowmelt patterns supports adjustments in water 

storage and hydropower planning (Fasasi, Adebowale & 

Nwokediegwu, 2023, Sanusi, Bayeroju & Nwokediegwu, 

2023). 

Validation with ground truth data ensures accuracy, builds 

stakeholder trust, and strengthens the system’s predictive 

capabilities. It also helps refine remote sensing models by 

calibrating anomalies against real-world conditions, 

improving future assessments. Field data enhances remote 

sensing interpretations, while remote sensing expands field 

observations to watershed-wide scales, creating a synergistic 

monitoring system (Afolabi, et al., 2022, Lawoyin, 

Nwokediegwu & Gbabo, 2022). 

The case application across vulnerable watersheds clearly 

demonstrates that remote-sensing based environmental 

surveillance provides a powerful and scalable solution for 

hydrological monitoring. Through its ability to detect early 

warning signals, interpret complex spatial patterns, and 

validate results through ground-based observations, the 

system supports more informed decision-making, enhances 

resilience, and reduces the environmental and socio-

economic impacts of hydrological disruptions (Adeyemo, 

Fasasi & Ajifowowe, 2025, Fasasi, Adebowale & 

Nwokediegwu, 2025). 

2.7.  Discussion of Results and Policy Implications 

The results derived from the remote-sensing based 

environmental surveillance system for detecting early 

hydrological disruptions underscore the transformative 

potential of integrating multi-sensor data, advanced analytics, 

and geospatial intelligence into hydrological monitoring 

frameworks. The findings reveal that remote sensing 

technologies can detect subtle environmental changes such as 

soil moisture decline, early vegetation stress, abnormal land-

surface temperature rises, and initial floodplain expansion 

well before these conditions manifest into fully developed 

droughts, floods, or groundwater depletion crises (Bankole, 

Smith & Al Shenawa, 2024, Ugwuanyi, et al., 2024). Such 

early visibility marks a significant improvement over 

conventional monitoring systems, which often rely on sparse 

ground measurements, delayed reporting, and fragmented 

observation networks. The system’s performance 

demonstrates high sensitivity, broad spatial coverage, and 

consistency across diverse environmental contexts, making it 

invaluable for regions where hydrological vulnerabilities 

pose persistent threats to livelihoods, ecosystems, and 

infrastructure (Olayiwola, et al., 2025, Taiwo, et al., 2025, 

Yohanna, et al., 2025). 

Interpreting the findings highlights several key strengths of 

the system. First, the system successfully identified early-

stage drought indicators in multiple test regions by combining 

vegetation indices, soil moisture data, and thermal anomalies. 

The observed correlations between remote-sensing signals 

and ground truth measurements validate the accuracy of these 

indicators. NDVI declines, confirmed by field observations 

of reduced crop vigor, demonstrated that vegetation stress 

appears weeks before classical drought indicators such as 

groundwater decline or crop failure (Aifuwa, et al., 2023, 

Sanusi, Bayeroju & Nwokediegwu, 2023). Soil moisture 

anomalies captured through microwave sensors also aligned 

with ground probe data, confirming the reliability of remote 

sensing as an early drought detection tool. This ability to 

detect drought precursors provides valuable lead time for 

agricultural planning, water allocation, and risk 

communication. 

Similarly, the system demonstrated strong performance in 

detecting flood precursors. Radar-derived surface water 

expansions were detected earlier than river gauge 

measurements, providing several days of lead time for 

potential flood warnings. Soil saturation anomalies captured 

by microwave sensors proved to be reliable indicators of 

impending flooding, especially when combined with 

precipitation forecasts. The integration of optical, radar, and 

thermal data allowed the system to differentiate between 

temporary water accumulation and genuine flood 

progression, ensuring higher accuracy in anomaly 

classification. Ground validation through drone surveys, 

eyewitness reports, and hydrological measurements further 

confirmed the system’s precision (Al Shenawa & Bankole, 

2024, Okwandu, Akande & Nwokediegwu, 2024). 

In mountainous watersheds, early snowmelt detection 

through remote-sensing imagery provided critical insights 

into altered hydrological cycles. Changes in snowpack extent, 

moisture content, and melt timing were captured using optical 

and radar sensors, with thermal data confirming early 

warming trends. These findings have important implications 

for downstream water availability, hydropower production, 

and ecosystem stability. Ground measurements of snow depth 

and streamflow validated these early detection capabilities, 

demonstrating strong agreement between satellite-derived 

signals and field observations (Fasasi, Nwokediegwu & 

Adebowale, 2023, Okiye, Ohakawa & Nwokediegwu, 2023). 

Evaluating the system’s performance, it becomes evident that 

remote sensing provides unparalleled spatial coverage and 

temporal continuity, enabling efficient surveillance across 

large, inaccessible, or understudied regions. Satellite 

missions with frequent revisit cycles ensure near-real-time 

monitoring, while cloud-based analytics support rapid 

processing and anomaly detection. Unlike traditional 
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monitoring networks that depend on fixed locations, remote-

sensing systems can adapt to shifting hydrological patterns, 

providing dynamic risk assessments rather than static 

snapshots. The integration of machine learning models 

enhances anomaly detection by identifying complex patterns 

that may be missed by threshold-based approaches alone 

(Afolabi, et al., 2022, Fasasi, Nwokediegwu & Adebowale, 

2022). However, the system’s performance also highlights 

areas for improvement, particularly the need for enhanced 

resolution in regions with heterogeneous landscapes and the 

challenge of interpreting anomalies in heavily vegetated or 

cloud-prone areas where data gaps may emerge. Nonetheless, 

these limitations are mitigated by combining multiple sensor 

types and integrating ground-based data to strengthen model 

calibration (Bayeroju, et al., 2019, Fasasi, et al., 2019). 

The implications for water resource management are 

profound. Early detection of hydrological anomalies enables 

water authorities to implement conservation measures, 

optimize irrigation schedules, adjust reservoir operations, and 

allocate water more efficiently. Drought predictions derived 

from remote sensing help planners anticipate shortages and 

develop contingency plans, reducing the socio-economic 

impacts of water scarcity. Early snowmelt detection informs 

reservoir management strategies, ensuring that water storage 

aligns with altered seasonal melt patterns (Asogwa, et al., 

2022, Okiye, Ohakawa & Nwokediegwu, 2022, Otokiti, et al., 

2022). Similarly, early flood detection supports the strategic 

release of reservoir water to free capacity ahead of incoming 

flows, reducing downstream flood risk. Overall, remote-

sensing surveillance facilitates adaptive water management 

that responds proactively to evolving environmental 

conditions. 

Disaster preparedness also benefits significantly from the 

system’s capabilities. Floods, droughts, and extreme weather 

events frequently cause substantial loss of life, property 

damage, and economic hardship, particularly in regions 

lacking robust early-warning systems. By detecting 

hydrological disruptions at their onset, authorities can issue 

timely alerts, reinforce vulnerable infrastructure, mobilize 

emergency services, and educate communities about evolving 

risks. For example, radar-based flood detection enables 

hazard mapping weeks or even months before peak flood 

season, allowing communities to strengthen embankments, 

clear drainage channels, and develop evacuation strategies 

(Essien, et al., 2025, Fasasi, Adebowale & Nwokediegwu, 

2025). Remote-sensing data also contribute to risk modeling 

for landslides, storm surges, and erosion, broadening the 

system’s relevance beyond hydrology. 

Environmental protection is equally enriched by the system’s 

findings. Hydrological disruptions often trigger ecological 

degradation, such as wetland drying, habitat fragmentation, 

species decline, and reduced water quality. Early detection of 

soil moisture deficits or shrinking wetlands helps 

conservation agencies intervene before irreversible damage 

occurs. For instance, identifying water stress in critical 

habitats allows for targeted restoration efforts, such as 

controlled water releases or habitat rehabilitation. Monitoring 

the health of riparian zones, forests, and agricultural lands 

through spectral indices provides insights into ecosystem 

resilience and supports sustainable land management 

practices (Hammed, Oshoba & Ahmed, 2019, Sanusi, et al., 

2019). 

The integration of remote-sensing surveillance into national 

early warning systems presents a significant opportunity for 

strengthening climate resilience. Many countries rely on 

fragmented monitoring frameworks that are inadequate for 

capturing rapid hydrological change. By incorporating 

satellite-derived hydrological indicators into national disaster 

response agencies, meteorological departments, and water 

resource ministries, governments can develop unified early-

warning platforms capable of issuing real-time alerts to the 

public. Such integration enhances forecasting accuracy, 

speeds up response times, and supports cross-agency 

coordination. Remote sensing ensures that early-warning 

systems are not limited by geographic barriers, funding 

constraints, or sparse monitoring networks, making them 

accessible even in remote or underserved regions (Fasasi, 

Adebowale & Nwokediegwu, 2024, Taiwo, et al., 2024). 

Policy implications extend beyond emergency response. 

Governments may consider adopting regulations requiring 

remote-sensing based monitoring for large-scale water 

resource projects, environmental impact assessments, 

agricultural planning, and urban development. Remote 

sensing can support compliance monitoring by detecting 

illegal water extraction, monitoring land-use changes, 

identifying pollution sources, and verifying the impacts of 

water-related policies. Furthermore, national investments in 

cloud-based geospatial infrastructures and open-data 

platforms can democratize access to hydrological 

information, empowering researchers, communities, and 

local governments to participate in environmental 

management (Lawoyin, Nwokediegwu & Gbabo, 2022, 

Nwokediegwu, Bankole & Okiye, 2022). 

In conclusion, the results of the remote-sensing based 

environmental surveillance system affirm its substantial 

value for early detection of hydrological disruptions, 

informed decision-making, and policy development. Its 

integration into water resource management, disaster 

preparedness, environmental protection, and national early-

warning systems represents a forward-looking strategy for 

enhancing climate resilience and safeguarding communities 

and ecosystems from emerging hydrological threats (Ameh, 

et al., 2024, Fasasi, et al., 2024, Okereke, et al., 2024). 

2.8. Conclusion 

The remote-sensing based environmental surveillance system 

for detecting early hydrological disruptions represents a 

significant advancement in modern water resource 

monitoring and environmental risk management. By 

integrating multi-sensor satellite data, sophisticated 

analytical methods, and geospatial intelligence, the system 
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provides an unprecedented ability to identify early warning 

signals of droughts, floods, groundwater decline, altered 

streamflow patterns, and other hydrological anomalies long 

before they manifest into severe disruptions. This early 

detection capability is crucial for safeguarding water security, 

protecting ecosystems, and strengthening climate resilience. 

The system’s contributions demonstrate that remote sensing, 

when coupled with robust analytical frameworks, offers a 

scalable, reliable, and continuous means of monitoring 

hydrological conditions across diverse and vulnerable 

landscapes. 

The system’s strengths lie in its comprehensive spatial 

coverage, high temporal frequency, and ability to synthesize 

complex environmental variables into actionable insights. 

Unlike traditional monitoring networks that suffer from 

limited sensor distribution and delayed reporting, the remote-

sensing system captures real-time changes across entire 

watersheds, enabling proactive response. The integration of 

optical, thermal, and radar sensors allows for a multi-

dimensional assessment of hydrological processes, 

overcoming limitations associated with cloud cover, terrain 

complexity, or inaccessible terrain. Advanced analytical tools 

such as change detection algorithms, time-series modeling, 

machine learning classifiers, and anomaly detection 

techniques enhance the system’s ability to detect subtle 

hydrological shifts and predict emerging risks. The ability to 

validate remote-sensing outputs with ground truth data 

further strengthens confidence in the system’s performance 

and ensures its relevance for decision-makers. 

Despite its strengths, the system is not without limitations. 

Satellite-derived data may suffer from resolution constraints, 

especially in regions with highly fragmented landscapes or 

small-scale hydrological features. Optical sensors remain 

vulnerable to cloud interference, while radar signals may be 

affected by surface roughness or vegetation density. In 

complex environments, interpreting anomalies may require 

additional contextual information to avoid false positives. 

Furthermore, the system’s effectiveness depends on robust 

data infrastructure and technical expertise, which may be 

lacking in low-resource regions. These limitations highlight 

the need for complementary ground-based monitoring 

networks, improved sensor calibration, and expanded training 

for users to fully leverage remote-sensing technologies. 

Looking forward, scaling the system will require investments 

in cloud-based data platforms, national open-data policies, 

and cross-institutional collaboration to ensure continuous 

access to high-quality satellite observations. Enhancing 

predictive capabilities can be achieved by integrating 

artificial intelligence models that learn from historical 

hydrological data and simulate future scenarios under varying 

climatic conditions. Emerging technologies such as 

CubeSats, drone-based sensors, Internet of Things (IoT) 

hydrological monitoring devices, and quantum-enhanced 

sensing hold promise for increasing spatial resolution, 

reducing latency, and improving data accuracy. Combining 

these innovations with remote sensing will enable even more 

refined and timely detection of hydrological disruptions. 

Overall, the remote-sensing based environmental 

surveillance system provides a powerful foundation for 

modern hydrological monitoring and early-warning 

strategies. By strengthening environmental stewardship, 

supporting proactive water management, and enhancing 

disaster resilience, it offers a path toward more sustainable 

and climate-adaptive approaches to managing hydrological 

risks. 
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