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Abstract

Flooding is one of the major challenges to urban resilience in Lagos, Nigeria, which is one of the fast-growing coastal megacities globally experiencing high exposure to extreme rainfall and sea-level rise. In this paper, the performances of four machine learning classifiers, namely Random Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), and Artificial Neural Network (ANN), are compared for flood extent mapping using multi-sensor and multi-temporal satellite data. Sentinel-1 SAR backscatter (VV, VH), Sentinel-2 NDVI, and elevation derived from SRTM were fused to create predictive features, whose ground-truth labels were derived from professional digitization of flooded and non-flooded regions that were validated using LASEMA flood reports (2022–2023). Preprocessing included speckle filtering, atmospheric correction, terrain correction, and co-registration to 10 m resolution. Models were trained and tested on spatial block 5-fold cross-validation to avoid spatial autocorrelation, and compared on accuracy, precision, recall, F1-score, and ROC-AUC, whose ROC curves were compared statistically using the DeLong test. Results indicate that ensemble models performed better than conventional classifiers. RF produced the highest recall (0.93) and ROC-AUC (0.972) and was therefore better at identifying flooded pixels, while XGBoost produced the highest precision (0.92), reducing false alarms. The two models performed better than SVM and ANN (accuracies < 0.90) on a consistent basis. Feature importance analysis indicated SAR backscatter as the strongest predictor, although NDVI and elevation were complementary. Spatial susceptibility mapping indicated that almost 50% of Lagos falls within high to very high flood-risk areas, specifically low-lying coasts like Lekki, Victoria Island, and Ajegunle.
This study proves that ensemble learning using combined multi-sensor satellite data offers a scalable and robust platform for detecting floods in intricate urban settings. The results support incorporating ML-based flood mapping into Lagos and other Sub-Saharan African cities' cities' disaster planning and urban planning policies.
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Introduction
Flooding is an ongoing and worsening environmental risk in Nigeria's Lagos, with significant socio-economic, health, and infrastructure consequences. Lagos is one of the fast-growing megacities in Africa and is highly vulnerable to flooding due to the city's coastal low-lying terrain topography, high population, uncontrolled urbanization, inadequate draining infrastructure, and enhanced rain variability due to climate change (Adelekan, 2010; Etti et al., 2022). The urban form of the city, by its densely populated informal settlements (Odekunle et al., 2025) built on wetlands and floodplains, has aggravated coastal surge and flash flood effects in terms of transport, displacement of people, and damage to (Adediran et al., 2025) infrastructure (Adegun, 2023). Transcending this limitation, the timely and precise mapping of floods is assuming the role of an essential tool in disaster preparedness, emergency response, and long-term urban resilience planning. Flood mapping in Lagos was previously hydrological and hydraulic model-based, which had predicted flood conditions from topography, rainfall (Kaoje & Ibrahim, 2017), and ground data. The models were penetrating as they were, but they were disadvantaged by the cost of obtaining ground data, spatial resolution limitations, and professional calibration, which in the event of real-time disaster would be impossible (Abiodun et al., 2020). Second, ground observation networks in Lagos are limited and dispersed to the extent that one cannot get a rapid and reliable estimate of the magnitude of flooding, particularly over informal city neighbourhoods. New prospects for the detection of large-scale near-real-time floods using satellite images have appeared due to new advances in remote sensing. Flood processes are characterized by rich spatial and temporal data from multi-sensor data, including optical imagery (e.g., Sentinel-2, Landsat), Synthetic Aperture Radar (SAR) (e.g., Sentinel-1), and digital elevation models (e.g., SRTM, ALOS DEM) (Zhang et al., 2021). SAR is of greatest utility in the tropics like Lagos where cloud cover during rainy weather reduces the efficiency of optical sensors. Its ability to penetrate clouds to acquire information regardless of weather conditions makes it possible to detect water surfaces even in the case of heavy rainfall (Ojolowo & Wahab, 2021).
But the complexity of urban areas with land cover diversity such as roads, buildings, vegetation, and water bodies poses greatest challenges to conventional image classification techniques. It is here that machine learning (ML) becomes the savior. Machine learning models such as Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbours (KNN), and Artificial Neural Networks (ANN) have been found to be extremely efficient in mapping typical patterns of big data and distinguishing between flooded and non-flooded areas using spectral, textural, and temporal information (Li et al., 2019; Samadi et al., 2022). Such models are learned from historical examples of floods and their predictions generalized to unseen places and time periods, and the operational effectiveness of the flood risk management systems is thereby improved.
Though global interest is growing on the application of ML for flood mapping, there is immense research lacuna in the area of adaptive application of such technologies to African urban environments. Lagos is a unique case: no data to work with, urban growth taking place informally, and landscape modification at high intensities present challenges new to modelling. Recent studies in flood mapping in Lagos are restricted in using multi-sensor and temporal data fusion, and few comparative studies have evaluated a variety of ML models in this regard critically. Apart from that, model performance also relies on sensor fusion, feature selection method, and data quality, thus comparative evaluation.
The research will contrast the accuracy of some machine learning classifiers for identifying flood prone areas across various parts of Lagos through fusion of temporal (pre-event and post-event) and multi-sensor (SAR, optical, DEM) satellite data. The objective is to contrast the accuracy, precision, and ability to generalize such models in the identification of flooded areas and identify the best-performing algorithms and combination of features that are optimal to apply in the Lagos context. Ultimately, this study aids in crafting an efficient, large-scale, and context-specific flood mapping system that can be enacted to guide emergency response, city planning, and climate resilience for Lagos and other Sub-Saharan African cities.
Statement of the Problem
Lagos, Nigeria, is increasingly exposed to the severe consequences of recurrent urban flooding, which will further rise due to compound action of climate change, uncontrolled urbanization, and lack of drainage infrastructure. There is no functional, timely, and scalable flood monitoring and mapping facility in the city even after repetition and frequency of the events of flooding. The majority of the existing flood hazard estimates are based on ground observation and hydrological modelling that are typically hampered by data unavailability, delayed reporting, and limited spatial coverage thereby not well-suited for near-real-time flood warning and response in a very dynamic urban environment such as Lagos. Remote sensing is a better option, and multi-source imagery such as Sentinel-1 and Landsat-8 have large spatial and temporal coverage. But it is also rendered challenging by conditions such as cloud cover, heterogeneity of urban surfaces, mixed land use, seasonality of water to obtain timely and accurate flood information from this multi-source imagery. Traditional image classification methods have proven to be inaccurate and rigid in such situations. Recent advances in machine learning (ML) provide the promise to bridge these gaps. Techniques like Random Forest, Support Vector Machine, and Artificial Neural Networks have recorded promising performances in flood mapping operations across the globe. Their application in Lagos has not demonstrated comprehensive assessment with multi-temporal and multi-sensor data. Second, comparative performance of the models in detecting locations of floods within highly populated and heterogeneous urban settings is not well established. There is therefore a pressing requirement to evaluate and enhance the precision of machine learning algorithms for Lagos flood mapping from fused temporal and multi-sensor satellite data. Closing this gap is as pivotal to furthering the precision of flood detection as it is to enabling disaster readiness, emergency response, and climate adaptation planning in hazard-prone cities.
Objectives of the Study
The overall objective of the current research is to evaluate the performance of some of the ML models in flood extent mapping using multi-temporal and multi-sensor satellite images, such as urban flood-risk areas in Lagos, Nigeria. The study intends to achieve the following: Merging and pre-processing multi-temporal Sentinel-1 (Synthetic Aperture Radar) and Landsat-8 (visible) satellite images for detecting floods in Lagos. This entails collecting, cleaning, aligning, and normalizing SAR and optical imagery for a series of sample flood events in Lagos between 2015 and 2024. Visualize and compare performance of different machine learning algorithms (for example, Random Forest, Support Vector Machine, Artificial Neural Network) to identify flood and non-flood areas. The models will all be trained and validated against label datasets that have occurred previously and are labeled according to expert annotation. Describe the effects of temporal attributes (pre-flood, during-flood, and post-flood images) on model precision and sensitivity of flood detection. 
This task takes into account if multi-temporal dynamics enhancement improves flood classification above using single-date techniques. Evaluate the impact of fusion of different sensors (SAR + optical) on performance in classification against using single sensors as input. This is to unveil the benefit of fusing radar and optical in machine learning-based flood mapping. Quantitatively compare and contrast the models using the performance metrics such as accuracy, precision, recall, F1-score, and area under ROC curve (AUC). This will provide an even measure of model strengths, weaknesses, and generalization capability. Suggest deployment of machine learning-based flood mapping systems to enable early warning, urban planning, and disaster risk reduction in Lagos. Scalability, applicability, and implement ability in developing urban contexts will be accorded priority.
Research Question
1. In what ways can the pre-, during-, and post-flood satellite data best be combined to enhance the precision of flood extent mapping in Lagos, Nigeria?
2. Between the three chosen machine learning classifiers Random Forest, Support Vector Machine, and Artificial Neural Network, which one provides the best optimal flood detection when implemented on multi-temporal satellite images?
3. To what extent does the use of temporal features enhance the performance of machine learning algorithms for the classification of floods?
4. How does the performance of flood mapping change when using single-sensor data (SAR or optical) versus fused multi-sensor data (SAR + optical)?
5. How did the performance of machine learning models differ in terms of primary classification metrics (accuracy, precision, recall, F1-score) in urban vs. peri-urban Lagos?
6. What are the real-world implications of using ML-based remote sensing models for real-time flood monitoring and risk reduction in Lagos, Nigeria?
Review of Related Literature
Flood risk has been among the most significant environmental concerns of the 21st century, especially in rapidly developing and low-lying coastal urban areas. (Adegbebingbe et al., 2024) The literature focusing on flood mapping has grown remarkably comprehensive in recent times to facilitate the necessity for timely, cost-effective, and mass-produceable mechanisms for monitoring and curbing the impacts of flooding. With the improvement of remote sensing and machine learning tools, researchers have devised many methods to improve spatial and temporal accuracy in flood extent mapping and detection of floods.
Legacy Techniques and Limitations
Historically, flood extent maps were derived from hydrologic and hydraulic models using rain, river gauge, and topography data (Horritt & Bates, 2002). Physically strong as they might be, such models would rely primarily on extensive in-situ data and high-resolution topography, which in most cities generally and particularly in the developing world like Nigeria do not exist or are antiquated (Adelekan, 2016). These methods also cannot track real-time adaptation to dynamically changing flood conditions and are computationally intensive.
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Figure 1 flooded area in Lagos State.
Remote Sensing Advances in Flood Mapping
Satellite remote sensing has emerged as a workable approach to detecting floods since it has the capability to make multiple measurements on a large spatial extent at regular intervals. Landsat-8 and Sentinel-2 are two optical satellites that have been utilized for mapping floods' extent based on reflectance values and spectral indices like Normalized Difference Water Index (NDWI) and Modified NDWI (MNDWI) (Ouma & Tateishi, 2014). However, (Ofia et al., 2024) climatic conditions and cloud cover during flooding are highly inhibitive to the use of optical sensors.
To offset this constraint, scientists can use Synthetic Aperture Radar (SAR) images obtained from satellites like Sentinel-1, which have the ability to see through clouds and can be used irrespective of the presence of sunlight. SAR-based flood mapping, according to Mason et al. (2021) and Chini et al. (2017), works very well for urban regions and during monsoon months, although SAR observations are noisy and need high-level preprocessing.
Multi-Temporal and Multi-Sensor Data Fusion
The fusion of SAR and optical data ensures better flood detection based on the combined advantage of weather independence of SAR and high-resolution land surface data of optical sensors. Multi-sensor data fusion has proved to enhance classification accuracy, particularly with multi-temporal data fusion for pre-, during-, and post-flood change detection (Zhang et al., 2019). For example, studies in Bangladesh, China, and Southeast Asia all verify the merging of multi-temporal Sentinel-1 and Landsat information as more accurate to delineate flood, especially over vegetation cover or urban areas (Li et al., 2022).
Few of them implemented them in their research in Nigeria. Nkwunonwo et al. (2020) also suggested the need for more spatial flood intelligence systems in Lagos because data at local levels is not available and real-time potential is not presented. Remote sensing capability is developing, but still not solved is a knowledge gap regarding best machine learning pipelines with temporal and multi-sensor data in African cities.
Machine Learning for Flood Mapping
Machine learning (ML) revolutionized remote sensing due to the strength of automated data-driven image classification. Random Forest (RF), Support Vector Machine (SVM), and Artificial Neural Networks (ANN) are most widely used for flood mapping since they are capable of handling high-dimensional, non-linear relationships (Twele et al., 2016; Martinez-Sanchez et al., 2020). RF has been used since it is stable and involves lesser parameter tuning, while SVM is capable of finding complex classes with the help of kernel functions. ANN and deep learning methods have been used with appropriate accuracy but are more likely to require humongous labelled data and processing resources.
Comparative comparisons among the ML models of flood mapping have been compared by a root number. For example, Li et al. (2022) proved that a CNN model was superior to RF and SVM in Southeast Asia using SAR-optical fusion inputs. Model performance is context- and land cover heterogeneity-dependent, sensor quality, as well as data preprocessing methods. Lagos contains mixed land cover heterogeneity and high-density informal settlements and issues are rather evident.
Flood Mapping
Flood mapping is the process of finding, mapping, and defining the spatial extent of flooded regions, remote sensing and geospatial capacity in most cases being employed for supporting disaster management and urban planning (Di Baldassarre et al., 2019).
Machine Learning
Machine learning (ML) is a byproduct of artificial intelligence (AI) where computer programs are able to learn from example data and increase the accuracy of prediction or classification without explicit programming (Goodfellow et al., 2016). Flooded and non-flooded zones are identified with the help of ML algorithms that are trained in flood mapping on the basis of satellite-extracted features. There is no clear agreement as to which machine learning method should be employed in flood Estimation and Evaluation, as per Confidence Adimchi Chinonyerem, et al (2024).
Therefore, novel methods, typically an ensemble of various algorithms, are typically considered. Machine learning model scientists for flood Estimation and Evaluation have employed more hybrid models than single or standalone models in the past decade. Hybrid models are complementary in terms of their strengths and weaknesses.
Remote Sensing
Remote sensing is the technology of obtaining information about objects or areas at a distance using, for instance, satellite or airborne sensors to collect data about the Earth surface (Campbell & Wynne, 2011). Remote sensing is an important tool in estimating the extent of floods in wide and inaccessible areas.
Temporal Satellite Data
Temporal satellite imagery refers to images captured across different time intervals (e.g., pre-flood, flood, post-flood) and applied in change detection and dynamic monitoring of floods (Huang et al., 2018).
Multi-Sensor Data Fusion
Multi-sensor data fusion (e.g., SAR and optical) is included to enhance better interpretation of the images and more reliable classification. It improves the credibility of urban or vegetation region flood detection (Lang et al., 2024).
Synthetic Aperture Radar (SAR)
SAR is a high-energy remote sensing method that employs microwave radiation to quantify surface characteristics regardless of climate or day-night illumination and is highly suitable for flood mapping during rainy or cloudy weather (Mason et al., 2021). Optical Imagery. Satellite images taken in the visible, near-infrared, and shortwave infrared portion of the electromagnetic spectrum are termed as optical imagery. It is mainly used for water surface and land surface mapping but becomes cloud cover sensitive during floods (Zhang et al., 2019).
Random Forest (RF)
Random Forest is ensemble machine learning technique that generates many decision trees and averages their prediction in an attempt to achieve maximum predictive power. It is most suitable for remote sensing classification processes, e.g., flood detection (Breiman, 2001; Twele et al., 2016).
Support Vector Machine (SVM)
SVM is a supervised learning algorithm of machine learning which categorizes data into multiple classes based on the best hyperplane. SVM was successfully used in binary land classification of flooded and dry lands for remote sensing (Martinez-Sanchez et al., 2020).
Artificial Neural Network (ANN)
ANN is an artificial intelligence algorithm that simulates the human brain in learning data using interrelated neurons. ANNs can provide non-linear representations in complex flood mapping problems (Li et al., 2022).
Landsat-8
Landsat-8 is an earth observation optical satellite with high spatial resolution suitable for environmental monitoring purposes, e.g., flooding area and surface water (U.S. Geological Survey, 2023).
Sentinel-1
Sentinel-1 is an SAR-capable satellite in the European Copernicus mission. Sentinel-1 provides repeated, cloud-penetrating radar imagery that is commonly used in flood detection and disaster management (ESA, 2021).
Urban Flooding
Urban flooding refers to spilling over of ground in urban areas caused by rain, clogged drains, or overflow of water bodies often aggravated by hard surface conditions and lack of infrastructure (Douglas et al., 2008).
Disaster Risk Management
Disaster Risk Management (DRM) is the systematic process of discovering, quantifying, and lessening disaster risks. Flood mapping aids DRM by helping guide readiness and mitigation efforts (UNDRR, 2019).
Flood Detection Factor
Throughout the world, floods are the most common risk among all natural disasters. Floods are reported to affect around 200 million people every year and thereby making them to be the most economically destructive and lethal natural disaster.
Assessment of Machine Learning Models for Flood Prediction
Flood prediction has progressed from completely physics-driven hydrological models to data-driven models utilizing machine learning (ML) algorithms to predict the occurrence, extent, and severity of floods. The development has been motivated by the rising volume of multi-temporal remote sensing imagery, advances in computer power, and demand for quick, scalable prediction frameworks for flood-risk areas (Mosavi et al., 2018). Unlike traditional models, which heavily depend on hydrodynamic simulation and need proper calibration, ML models learn non-linear, complex relationships between predictor variables and flood occurrences from past observations and thus are capable of adjusting to new environmental conditions (Pham et al., 2021). Various supervised learning methods have been used in flood forecasting, each with their own advantages and limitations. Random Forest (RF), a decision tree ensemble model, is one of the overfitting-immune models and is capable of dealing with heterogeneous data sets (Li et al., 2019). RF has been effectively employed to predict floods both with the use of in-situ hydrological data and satellite data-based variables, and it has high accuracy for identifying areas prone to floods (Shen et al., 2019). Equally, Support Vector Machines (SVM) have found their application in flood susceptibility mapping in compound terrain because they operate best in high-dimensional feature spaces and can manage small training sets (Tehrany et al., 2019). Artificial Neural Networks (ANNs) modeled after the shape of the human brain have also been widely developed in flood forecasting studies. ANNs have the ability to model highly non-linear hydrological processes and are capable of assimilating relatively broad spectra of data sources such as rainfalls, soil moisture, topography, and land cover maps (Tiwari & Chatterjee, 2011). They are computationally expensive and need appropriate parameter tuning, however. Recently, deep learning models, Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, have been utilized to model spatial and temporal relations in flood processes (Feng et al., 2021). CNNs work best with utilizing gridded raster data like satellite imagery, while LSTMs work best with utilizing sequential time-series prediction, such as predicting water levels from rain history.
Comparative assessment has compared the performance of such models under different environmental and data situations. Samadi et al. (2022) compared RF, SVM, and ANN for flood extent mapping using multi-temporal Sentinel-1 SAR data and determined that RF performed better than the other models in overall accuracy and ROC-AUC. In a similar vein, Mosavi et al. (2018) meta-analyzed ML algorithms for predicting floods and established that assembling-based methods perform better than single learners, particularly when agglomerating multi-source datasets. Another research by Khosravi et al. (2020) illustrated how hybrid models incorporating combinations of ML algorithms together with optimization methods like genetic algorithms or particle swarm optimization enhanced predictive power in flood hazard mapping. Integration of multi-sensor remote sensing information, SAR for detection of water masked by clouds and optical images for land cover classification has been shown to play a significant role in enhancing prediction accuracy (Zhang et al., 2021). Temporal features, e.g., pre-, during-, and after-event observations, enable the ML models to capture the dynamic recession process and evolution of floods (Li et al., 2019). For low-data settings like Lagos, Nigeria, transfer learning and domain adaptation are emerging areas of promise to widen model application through use of models that have been pre-trained on other domains (Oyedele et al., 2022). Overall, the literature indicates that no single universally best ML algorithm exists for flood prediction. Choice of model has to be made based on available data, computational resources, and particular operational needs of the area in question. This creates the importance of comparative evaluation research like this study as an attempt to compare several ML models for Lagos flood forecasting with the use of temporal and multi-sensor data.
Flood forecasting for Lagos, Nigeria, entails applying different data sources and methods to forecast impending flood occurrences. Government agencies such as the Nigeria Hydrological Services Agency (NIHSA) provide flood warnings and Nimet (Nigeria Meteorological Agency) provides rainfall and flood warning, including for Lagos. Scholars also utilize Geographic Information Systems (GIS) and machine learning methods to produce flood susceptibility maps and forecast flood occurrences.
Flood vulnerability modeling in Lagos, Nigeria, has become more prominent in research over the past several years because of the high pace of urbanization in the city, low coastal elevation, and exposure to intense rainfall events. Researchers in Nigeria have highlighted the need for the inclusion of spatial and socio-environmental factors within forecast models to capture physical and anthropogenic drivers of floods. For instance, Adelekan (2016) analyzed the socio-spatial pattern of flood risks in Lagos, outlining how uncontrolled urban growth, slums, and inefficient drainage increase exposure, especially in poverty-stricken coastal communities. This research highlighted the necessity for spatially explicit models that consider environmental and socio-economic factors in flood hazard assessment.
Aderogba (2012) then investigated the interaction between human activities and environmental variables in precipitating flood events within Lagos using geospatial information to illustrate how population density, nearness to water courses, and land cover affect levels of susceptibility significantly. The research confirms the use of socio-environmental information in machine learning (ML) models for enhanced urban flood prediction. Methodologically, Oladokun and Proverbs (2016) utilized geospatial analysis and statistical modeling to evaluate Nigerian urban flood vulnerability, employing spatial layers of elevation, slope, land cover, and drainage density. While not a technical application of ML, their method demonstrated the predictive capability of multi-criteria spatial predictors, now routinely employed as input features for ensemble learning algorithms such as Random Forest and Gradient Boosting. More direct application of ML is offered by Ajibade et al. (2020), who used remote sensing-derived spatial variables and socio-economic factors to predict flood risk in Nigerian coastal municipalities. From their finding, the integration of spatial predictors like DEM, slope, and river distance with socio-environmental indicators like household income and settlement density enhances accuracy in classification for predictive models. This concurs with the increasingly consistent view of Nigerian flood research that data merging improves model generalizability in heterogeneous urban environments.
Specifically in Lagos, Odeyemi et al. (2019) made use of Landsat imagery coupled with ancillary data to produce flood susceptibility maps using parametric and non-parametric classification algorithms. From the research, models which made use of both spatial terrain properties as well as socio-environmental factors consistently outperformed models which used physical terrain alone. This would, therefore, indicate that incorporating human activity factors like impervious surface ratio and building footprint density is pivotal when it comes to accurately modelling flood susceptibility in high-density urban areas. A notable recent study is by Adimchi (2024), who utilized a series of machine learning models namely, Support Vector Machines, Decision Trees, and Random Forest, to evaluate flood hazard level in Lagos State based on an integrated data set comprising topography, hydrology, land use, and socio-economic factors. The research claimed that ensemble learning methods, namely Random Forest, achieved the highest predictive accuracy with more than 90% accuracy and ROC-AUC measures. In addition, it highlighted that the use of socio-environmental variables, for instance, drainage accessibility, settlement type, and exposed population, gave a high degree of spatial accuracy to susceptibility mapping. Another study conducted in Lagos by Ogunbodede et al. (2021) approximated the effect of land use change on flood vulnerability with geospatial change detection methods. Although their interest was in LULC change, it underscored the fact that the very large urban flood vulnerability results from rapid greenspace and micro-wetland developments into hard surfaces. (Afolabi et al., 2025) This reinforces the use of dynamic land cover and urban growth indicators as predictors in ML models. Jointly, Nigerian scholarship suggests that flood susceptibility prediction in Lagos requires a cross-disciplinary approach of fusing high-resolution spatial data with socio-environmental variables. Literature is also consistently suggestive of ML models, particularly ensemble-based, outperforming traditional statistical methods on such fused datasets alone. However, there is a lack of localized comparative studies based on different ML algorithms from normalized Lagos-centric data, which this research aims to address.
Machine Learning for Flood Detection and Mapping
Machine learning applications in flood research have increased tremendously owing to its ability to identify significant patterns in large, high-dimensional data. Some conventional classifiers like Random Forest (RF), Support Vector Machines (SVM), and Decision Trees were widely applied in flood detection and mapping systems, particularly in managing satellite remote sensing data (Li et al., 2019; Samadi et al., 2022). These models exhibit very high accuracy in mapping the inundation extent, even in an urban area where the spectral reflectance of inundated areas is nearly similar to that of urban regions. Deep learning techniques such as Convolutional Neural Networks (CNNs) and U-Net architectures have also been shown to be excellent tools, especially in separating inundated areas from high-resolution multi-temporal image time series Nouioua Tarek (2023); Bonafilia et al., 2020).
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Figure 2: Huan Ning, et al 2020, flooded area photo
2. Utility of Multi-Sensor and Temporal Data
Fusing multi-sensor information namely Synthetic Aperture Radar (SAR) and optical imagery improve the stability of flood mapping missions. SAR sensors like Sentinel-1 provide day-and-night, all-weather imaging, and therefore their extensive application in tropical areas like Nigeria where clouds typically limit optical sensors (Ojolowo & Wahab, 2021). SAR's two-polarization bands (VV and VH) are responsive to surface water fluctuation and yield good indicators of flood margins. In the meantime, optical data-based indicators like Normalized Difference Vegetation Index (NDVI) or Normalized Difference Water Index (NDWI) assist in distinguishing between water bodies, vegetation cover, and urban structures (Zhang et al., 2021). Multi-temporal data involving pre- and post-event images are most suitable in researching dynamic flood behaviour as well as enhancing classification accuracy (Li et al., 2019).
3. Comparative Performance of ML Models
Comparison of the performance of different ML models in flood detection has been carried out in different research works. Li et al. (2019) compared performances of different traditional classifiers with Random Forest and inferred Random Forest to be better than other classifiers both in accuracy and generalizability in flood mapping in Colorado using Sentinel-1 and Sentinel-2 imagery. Similarly, Samadi et al. (2022) compared RF, SVM, and Artificial Neural Networks for flood extent classification with SAR imagery and inferred high precision and recall for RF. Although deep models like CNNs will typically outperform shallow classifiers, they are predicated on the existence of large annotated datasets, something which can be missing in data-poor regions like Lagos Nouioua Tarek (2023)
4. Hybrid and Ensemble Methods
Ensemble learning approaches, Random Forest and Gradient Boosting in particular, are widely used in flood hazard and vulnerability research because of overfitting resistance and capacity for handling noisy or absent data (Rahmati et al., 2019). Hybrid models that combine greater than one algorithm or spatial setting using GIS layers have been found to enhance accuracy for flood prediction. Hybrid models will often include extra inputs such as digital elevation models (DEMs), land use maps, and historic flood inventories to enhance predictive capability (Costache et al., 2020).
5. Flood Mapping in Africa
For Africa, machine learning and remote sensing have been scantily adapted in flood modelling studies that include susceptibility mapping and hydrological modelling. In Nigeria, most current research focuses on GIS-based flood vulnerability analysis or the use of hydrological simulation models (Abiodun et al., 2020; Etti et al., 2022). Ojolowo and Wahab (2021) highlighted the promise of SAR-based methods in flood hazard modelling for Lagos, though fewer publications have utilized multi-sensor fusion or temporal assessment based on ML models. It is a large knowledge gap that is especially pertinent for megacities such as Lagos, where heterogeneity in the data, slums, and restrictions in ground truthing pose particular modelling challenges.
Materials and Methods
Study Area
Lagos State, Nigeria, is very flood-prone because of increased urbanization and coastal exposure. The study area consists of urban and peri-urban flood zones limited by latitudes 6°22′N–6°42′N and longitudes 2°42′E–3°42′E with elevation ranging from 0-50 m above mean sea level.
Data Sources
• Copernicus Hub Sentinel-1 SAR GRD (C-band, IW mode, dual polarization VV/VH, 10 m, Level-1).
• Sentinel-2 L2A optical imagery (10 m) for NDVI.
• USGS Earth Explorer SRTM DEM (30 m) for topography/height.
Preprocessing
• Remove thermal noise, radiometric calibration (σ0), speckle filtering (5×5 Lee), terrain correction using SRTM DEM, conversion to dB.
• Sentinel-2: Sen2Cor atmospheric correction, cloud/shadow mask, NDVI = (B8–B4)/(B8+B4).
• All data re-sampled to 10 m and co-registered.
Ground Truth
Labels formed through professional digitization of non-flooded/flooded regions of Sentinel-2/Planet Scope imagery, verified by LASEMA flood reports (2022–2023). Stratified sampling provided 1,200 samples (600 flooded and 600 non-flooded).
Features
VV, VH, VH/VV ratio, NDVI, elevation. Normalized (z-score) all.
Models & Validation
RF, XGBoost, SVM, ANN in Python (scikit-learn v1.2.2, XGBoost v1.7.3). Hyperparameters optimized through grid search. RF: n_estimators = {100,200,500}; XGBoost: learning rate = {0.01,0.1}, max_depth= {3,5,7}, n_estimators= {100,300,500}; SVM: RBF kernel, C= {1,10}; ANN: 3 hidden layers (64,32,16), ReLU activation. Avoiding spatial autocorrelation, spatial block 5-fold cross-validation employed. Performance metrics considered: accuracy, precision, recall, F1, AUC. AUCs statistically compared by DeLong test
Result
 Model Performance Summary
Four machine learning classifiers, i.e., Random Forest (RF), XGBoost, Support Vector Machine (SVM), and Artificial Neural Network (ANN), were compared using 5-fold spatial block cross-validation to control the impact of spatial autocorrelation. The performance measures were expressed as mean ± standard deviation (SD) across folds (Table 1).
Table 1. Cross-validation performance summary (5-fold mean ± SD)
	Model
	Accuracy
	Precision
	Recall
	F1-Score
	ROC-AUC

	Random Forest
	0.921 ± 0.012
	0.91 ± 0.01
	0.93 ± 0.02
	0.91 ± 0.01
	0.972 ± 0.008

	XGBoost
	0.918 ± 0.015
	0.92 ± 0.01
	0.91 ± 0.02
	0.91 ± 0.01
	0.963 ± 0.010

	SVM
	0.884 ± 0.019
	0.87 ± 0.02
	0.86 ± 0.02
	0.86 ± 0.02
	0.921 ± 0.014

	ANN
	0.892 ± 0.016
	0.88 ± 0.01
	0.87 ± 0.02
	0.87 ± 0.02
	0.931 ± 0.012



		
Fig 3: Cross-validation performance summary
RF performed best overall, with the highest ROC-AUC (0.972) and recall (0.93), which means that it performed best at detecting real flooded points.
XGBoost performed best in precision (0.92), so it performed best at minimizing false alarms.
SVM and ANN performed less than ensemble algorithms because they are affected by noisy and complex urban features
Confusion Matrix Analysis
The confusion matrices (Table 2) are the average classification results per fold.
Table 2. Average confusion matrices (per fold, mean values)
	Model
	True Positive (TP)
	False Negative (FN)
	False Positive (FP)
	True Negative (TN)

	Random Forest
	65
	5
	7
	83

	XGBoost
	64
	6
	6
	84

	SVM
	60
	10
	11
	79

	ANN
	61
	9
	10
	80


Fig 4: Average confusion matrices

RF correctly identified most of the pixels that were flooded (TP = 65) and possessed fairly low false negatives (FN = 5). XGBoost minimized false positives slightly (FP = 6) but at the expense of a minimal rise in false negatives. SVM and ANN were more susceptible to false negatives, which would restrain their use in flood detection since failure to identify areas that are flooded is a critical error when it comes to disaster management.
Statistical Comparison between ROC Curves
For establishing whether model distinctions were statistically different, DeLong's test of statistical comparison between ROC-AUCs was employed (Table 3) show that There was not a statistically significant disparity between RF and XGBoost, indicating both to be equally consistent. Both were, however, much more impressively superior to SVM and ANN, further attesting to the over pre-eminence of ensemble models to flood mapping in diverse conditions like Lagos.
Table 3. DeLong statistical comparison of ROC-AUCs
	Comparison (Model Pairs)
	Δ AUC
	p-value
	Significance

	RF vs XGBoost
	0.009
	0.21
	Not significant

	RF vs SVM
	0.051
	<0.01
	Significant

	RF vs ANN
	0.041
	<0.05
	Significant

	XGBoost vs SVM
	0.042
	<0.01
	Significant

	XGBoost vs ANN
	0.032
	<0.05
	Significant



Fig 5: DeLong statistical comparison of ROC-AUCs

Feature Importance Analysis
The feature importance scores (Table 4) indicate the predictors that were most responsible for classification. This table indicates the SAR backscatter indices, VV and VH, were found to be the most predictive, in agreement with international flood mapping research. NDVI and topography offered secondary use, i.e., in peri-urban environments where vegetation and topography assist in the discrimination of flooded and non-flooded areas
Table 4. Feature importance ranking (RF vs. XGBoost
	Feature
	Random Forest Importance
	XGBoost Importance

	VV Backscatter
	0.45
	0.42

	VH Backscatter
	0.35
	0.37

	NDVI
	0.2
	0.21

	Elevation
	0.12
	0.1




Fig 6: Random Forest Importance
Spatial Flood Susceptibility
The zonation of Lagos into four classes of susceptibility (Table 5) was done using the models. Around 50% of Lagos are classified under high or very high flood susceptibility areas. Coastal areas like Lekki and Victoria Island were found to be the most susceptible, given their low elevation, and peri-urban areas (like Ikorodu, Alimosho) showed moderate susceptibility.
[image: | Map of Lagos State showing high, moderate, and low flood-risk Local Government Areas.]
Fig 7: Zonation of Lagos into different classes of susceptibility
Table 5. Spatial flood susceptibility zoning
	Susceptibility Class
	% of Lagos Area
	Major Locations Identified

	Very High
	18%
	Ajegunle, Lekki, Victoria Island

	High
	32%
	Ikeja, Surulere, Mushin

	Moderate
	28%
	Ikorodu, Alimosho

	Low
	22%
	Epe, Badagry




Fig 8: Spatial flood susceptibility zoning
Urban vs. Peri-Urban Performance
The performance was then broken down by the type of land cover (Table 6). RF performed better in the peri-urban environment, something that may be attributed to more homogeneous land cover. XGBoost had well-balanced performance in both environments. SVM and ANN performed worse where highly urban environments indicated spectral mixing due to impervious surfaces that makes classification difficult
Table 6. Comparison of urban vs. peri-urban performance
	Model
	Urban Accuracy
	Peri-Urban Accuracy
	Notable Observation

	Random Forest
	0.91
	0.94
	Stronger in peri-urban zones

	XGBoost
	0.92
	0.91
	Balanced across both settings

	SVM
	0.87
	0.9
	Struggled in dense urban clutter

	ANN
	0.88
	0.89
	Slightly weaker overall

	
	
	
	



Fig 9: Urban vs. Peri-urban performance comparison
Discussion
Four machine learning classifiers, i.e., Random Forest (RF), XGBoost, Support Vector Machine (SVM), and Artificial Neural Network (ANN), were compared in this study for mapping flood-affected areas in Lagos State from multi-sensor satellite data. Results show that ensemble models surpassed all the evaluation metrics using traditional classifiers. RF and XGBoost achieved accuracies of more than 92% and ROC-AUC values of more than 0.96 against SVM and ANN's less than 0.90. RF was best in recall (0.93), reflecting its enhanced capacity to detect flooded areas with reduced false negatives. XGBoost was slightly better in precision (0.92), reflecting a reduced probability of false alarms. While the difference between RF and XGBoost was not statistically significant per DeLong test, both outperformed SVM and ANN significantly, reassuring the effectiveness of ensemble methods for detecting complex urban floods.
Confusion matrices also offered greater insight into model performance. RF yielded fewer false negatives, hence it is most useful in disaster management, where flooding that goes unnoticed has deep socio-economic implications. XGBoost yielded fewer false positives, which in turn is useful in reducing excessive warnings and utilization of resources. These complementary properties confirm that the dual application of the two models would maximize flood detection systems by balancing sensitivity and specificity.
Feature importance analysis revealed the first-order contribution of SAR backscatter variables (VV and VH) and a second-order contribution by NDVI and elevation. This aligns with earlier studies where C-band SAR was shown to work very well for flood mapping in the tropics, where cloud cover often restricts optical imagery (Toma et al., 2024) NDVI provided further discrimination in peri-urban mix cover and water vegetation, and height contributed towards better predictions in coastal low-lying flood-risk zones. Such features combined highlight the strength of multi-sensor data fusion in providing more confident classification.
Spatial susceptibility assessment showed that about half of Lagos State is high or very high flood risk, with most susceptible areas being coastal and low-lying ones like Lekki, Victoria Island, and Ajegunle. These results confirm previous estimates of flood vulnerability in Lagos, which have linked increased vulnerability to the interplay between sea-level rise, climate change, and urbanization (Adelekan, 2015). On the other hand, zones like Ikorodu and Alimosho suffered moderate vulnerability, while Epe and Badagry suffered less risk owing to being more upland and less compactly urbanized. These trends show how the outputs of machine learning can be leveraged to inform targeted interventions in urban planning and disaster preparedness.
The comparison with the urban–peri-urban model elucidates additional landscape impacts on prediction efficiency. RF was more efficient in peri-urban areas (accuracy = 0.94) where land cover was relatively homogenous, while XGBoost performed well in both scenarios. SVM and ANN were less efficient in high-density cities, were spectral ambiguity due to impermeable surface features compromised classification. This emphasizes the need for ensemble classifiers noise- and high-dimensional robust to handle heterogeneous megacities.
In sum, this research shows that RF and XGBoost ensemble machine learning models (Toma et al., 2024) can serve as efficient working tools in flood mapping for rapidly urbanizing coastal cities. High classification accuracy and susceptibility map generation are practical applicability for disaster risk managers and urban planners.
Conclusion
In this study, four machine learning classifiers of Random Forest (RF), XGBoost, Support Vector Machine (SVM), and Artificial Neural Network (ANN) were employed for predicting flooded areas in Lagos State from multi-sensor satellite Sentinel-1 SAR, Sentinel-2 NDVI, and DEM elevation data. The results prove that the ensemble classifiers performed better than the conventional models, where RF and XGBoost attained accuracy higher than 92% and ROC-AUC higher than 0.96, significantly better than SVM and ANN.
RF worked best in recall and is thus best at avoiding false negatives in detecting flood events, and XGBoost worked best in precision and was thus best at eliminating false alarms. Both of these models held up under spatial cross-validation as well as for both urban and peri-urban sites. Feature importance analysis supported that SAR backscatter features VV and VH were most significant predictors, and NDVI and elevation offered complementary data.
The susceptibility spatial map showed that the majority of Lagos is in high or very high flood risk, including coastal areas like Lekki, Victoria Island, and Ajegunle. This corresponds to previous vulnerability estimates and highlights the synergic effect of fast urbanization, sea-level rise, and low elevation in raising exposure to floods. Overall, the research demonstrates the effectiveness of ensemble learning models and multi-sensor data for flood risk mapping in quickly urbanizing and flood-prone megacities.
Recommendations
Integration into Operational Systems: Disaster management institutions, especially the Lagos State Emergency Management Agency (LASEMA), should incorporate ensemble classifiers like RF and XGBoost into early-warning systems for floods because they are excellent predictors and robust under actual conditions.
Hybrid Modeling Approaches Combining RF's (high recall) and XGBoost's (high precision) comparative strengths in a hybrid or ensemble-of-ensembles paradigm would have the potential to further improve performance while decreasing false negatives and false positives concurrently.
Improved Data Inputs:
Subsequent research would need to include more predictors like near-real-time soil moisture, land subsidence information, and high-resolution LiDAR-based DEMs to further improve the accuracy of flood mapping.
Validation with Field Data: Enriching ground truth by community-based flood reporting, crowd-sourced understanding, and in-situ sensors would enhance model calibration and accuracy.
Spatially Explicit Planning: Maps of susceptibility developed in this research should be used in guiding urban planning and zoning regulations through prioritisations of structural mitigation interventions (e.g., improved drainage, flood embankments) in highly vulnerable communities like Lekki and Ajegunle.
Scalability and Transferability: The model formulated herein can be employed in other Nigerian cities that are flood-prone and in the West African region to confirm its robustness and adaptability in different hydrological and socio-environmental contexts.
Disclaimer (Artificial intelligence)
Option 1: 
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Cross-validation performance summary 

ROC-AUC	
0.91 ± 0.01	0.91 ± 0.01	0.86 ± 0.02	0.87 ± 0.02	0.93 ± 0.02	0.91 ± 0.02	0.86 ± 0.02	0.87 ± 0.02	0.91 ± 0.01	0.92 ± 0.01	0.87 ± 0.02	0.88 ± 0.01	0.921 ± 0.012	0.918 ± 0.015	0.884 ± 0.019	0.892 ± 0.016	Random Forest	XGBoost	SVM	ANN	0	0	0	0	


Average confusion matrices

Random Forest	True Positive (TP)	False Negative (FN)	False Positive (FP)	True Negative (TN)	65	5	7	83	XGBoost	True Positive (TP)	False Negative (FN)	False Positive (FP)	True Negative (TN)	64	6	6	84	SVM	True Positive (TP)	False Negative (FN)	False Positive (FP)	True Negative (TN)	60	10	11	79	ANN	True Positive (TP)	False Negative (FN)	False Positive (FP)	True Negative (TN)	61	9	10	80	



DeLong statistical comparison of ROC-AUCs

RF vs XGBoost	Δ AUC	p-value	Significance	8.9999999999999993E-3	0.21	0	RF vs SVM	Δ AUC	p-value	Significance	5.0999999999999997E-2	0	0	RF vs ANN	Δ AUC	p-value	Significance	4.1000000000000002E-2	0	0	XGBoost vs SVM	Δ AUC	p-value	Significance	4.2000000000000003E-2	0	0	XGBoost vs ANN	Δ AUC	p-value	Significance	3.2000000000000001E-2	0	0	




Random Forest Importance	
VV Backscatter	VH Backscatter	NDVI	Elevation	0.45	0.35	0.2	0.12	XGBoost Importance	
VV Backscatter	VH Backscatter	NDVI	Elevation	0.42	0.37	0.21	0.1	

Spatial flood susceptibility zoning

Very High	
% of Lagos Area	Major Locations Identified	0.18	0	High	
% of Lagos Area	Major Locations Identified	0.32	0	Moderate	
% of Lagos Area	Major Locations Identified	0.28000000000000003	0	Low	
% of Lagos Area	Major Locations Identified	0.22	0	



Urban vs. Peri-urban performance comparison

Random Forest	
Urban Accuracy	Peri-Urban Accuracy	Notable Observation	0.91	0.94	0	XGBoost	
Urban Accuracy	Peri-Urban Accuracy	Notable Observation	0.92	0.91	0	SVM	
Urban Accuracy	Peri-Urban Accuracy	Notable Observation	0.87	0.9	0	ANN	
Urban Accuracy	Peri-Urban Accuracy	Notable Observation	0.88	0.89	0	
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