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Abstract
A great number of communities in Africa are threatened by flood disasters. While mapping the spatial extent of flooding is necessary for emergency response as well as for adaptation decisions, accurately mapping the extent of these floods across regions requires a significant amount of training data, usually obtained via field surveys. Field surveys can be time-consuming, costly and impractical in inaccessible terrain. This necessitates the application of automatic algorithms for flood detection. Therefore, it is important to assess the effectiveness of the current automated techniques to guarantee their precision. This study employed the RF method to delineate flood extent as a basis for the validation of automatic flood detection algorithms using Sentinel-1 data within the Google Earth Engine (GEE) platform. RF's overall accuracy was 99% while Otsu's automatic flood detection algorithms were 76%. The validation results highlight how combining machine learning techniques with SAR data might improve flood monitoring and aid in disaster management efforts. 



1. Introduction
Globally, there is a collective effort to tackle environmental challenges to promote sustainable living. In Nigeria, for example, conservation policy aims to maintain a high-quality environment to promote good health and well-being. It also aims to conserve and responsibly utilise natural resources for the benefit of current and future generations. The policy supports the development of detailed land suitability/capability inventories, comprehensive land classifications, assessments of current land use practices, water damage prevention through flood control, identification of causes and extent of damage, and the creation of a regulatory framework for sustainable land use (NESREA, 2017). However, Mashi et al. (2019) emphasized that Nigeria's emergency management legislation is weak in providing necessary action plans, highlighting that effective legislation and action plans should cover prevention, mitigation, preparedness, response, resilience, and recovery comprehensively. Flooding is a serious disaster that requires urgent attention to safeguard food security.
One of the key approaches to addressing this issue is tracking the magnitude or extent of the event. This is a crucial step in quantifying its impact on land use. Remote sensing techniques are also quite viable for flood detection and easily accessible and transferable to climate change research partly due to the advancement in Earth observation coupled with the proliferation of satellite missions (Jones et al., 2023). For example, machine learning techniques such as decision trees, K-means clustering, K-nearest neighbour (kNN), Support vector machines (SVN), neural networks and random forests (RF) have become widely used for land use land cover (LULC) and flood and non-flood classifications. RF has shown promise in many previous studies (Balzter et al., 2015; Ibrahim, 2023; Zare & Schumann, 2021). 
Billah et al. (Billah et al., 2023) perform land use mapping to assess rapid flood damage using Sentinel-1 and Sentinel-2 data by comparing random forest (RF) maximum likelihood classification methods. Another recent study by Ganjirad and Delavar (2023) provides a comparative analysis of RF and support vector machines (SVN) to estimate flood risk in Louisiana (United States) by integrating spectral indices (e.g., Modified Normalized Difference Water Index (MNDWI) and topographical features. results show that RF has a low mean absolute (MAE) error (0.04) compared to SVN (0.09). Loukika et al. (Loukika et al., 2021) classified LULC in a river basin by comparing SVM, RF, and CART based on Landsat and Sentinel-2 data. The results indicate that RF outperformed both classification methods, achieving accuracy rates of 94.85% and 95.8% compared to SVM's 90.88% and 93.8% and CART's 82.88% and 86.4% for Landsat and Sentinel-2, respectively. Ren et al. (Ren et al., 2024) evaluated flood susceptibility using RF, XGBoost, SVM, and ANN. The findings indicate that RF achieved the highest accuracy, 0.87. XGBoost followed closely at 0.84, outperforming both ANN (0.83) and SVM (0.82). The RF approach is highly robust because of its numerous advantages over other machine learning (Maxwell et al., 2018).
Flooding is becoming more frequent and unpredictable due to uncertainty in climate extremes (Cred, 2020; Tellman et al., 2021), upsetting established crop cycles and putting yields at risk (Raza et al., 2019) and further worsening, food security, and subsistence and livelihoods of local communities (FAO, 2018). 
Remote sensing approaches for mapping the spatial extent of flood events are highly viable, but the need for extensive training data over large areas through field campaigns is quite costly. At the same time, the advantages provided by the Google Earth Engine cloud computing platform present a viable option for mapping land use and land cover (LULC). This study aims to validate one of the most widely used automatic flood detection algorithms using Sentinel-1 Synthetic Aperture Radar (SAR) data within the Google Earth Engine (GEE) platform.
2. Material and method
2.1 Study area
The study area is located in Argungu, Kebbi State, in north-western Nigeria. This region is known for the cultivation of rice, as well as other cereals and vegetable crops, with a large portion of the population engaged in rice farming during both the rainy and dry seasons. However, annual flood events significantly impact rice production, making it challenging for farmers to sustain their livelihoods. Mapping the spatial extent of these floods is a crucial step in addressing this issue.
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Figure 1: the study area based on a high-resolution true-color imagery 
2.2 Sentinel-1 data
Sentinel-1 data, which is provided by the European Space Agency's Copernicus Programme, is a dual-polarization C-band Synthetic Aperture Radar (SAR) data. In this study, publicly available Sentinel-1 data on Google Earth Engine (GEE) will be utilized. The data is available in both single polarization (VV) and dual polarization (VV and VH). Figure 2 indicates the Sentinel-1 backscatter in VV polarization.
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Figure 2: Sentinel-1 backscatter (VV) polarization
2.3 Method
2.3.1 RF classification 
For the Random Forest (RF) classification, training areas were carefully selected based on high-resolution imagery, and 100 decision trees were chosen for the classification process. The classification was performed within the Google Earth Engine (GEE) platform, leveraging its cloud computing capabilities to efficiently analyze the large spatial datasets 
2.3.2 Automatic water detection method using Otsu algorithm.
The Otsu algorithm is commonly used for automatic image thresholding, which is useful for detecting water in remote sensing images. This method finds the threshold value that minimizes intra-class variance (or, equivalently, maximizes inter-class variance) between two classes. The method usually converts the image to grayscale, calculates the histogram of the grayscale image and estimates probabilities. Based on these scenarios, it computes the mean pixel values for the two classes (Cao et al., 2019; Sang et al., 2024; Xu et al., 2011).
2.3.3 Validation
To validate the Sentinel-I data, RF classification of flooded and non-flooded areas was used. 500 pixels were extracted from the Sentinel-1 RF classified image and their coincidence pixels were extracted from the Sentinel-1 Otsu automatic flood algorithm for validation. This method was tested for its reliability by computing producers, consumers, and overall accuracy.
3. Results
3.1 Sentinel-1 flood classification based on RF
Figure 3 indicates results derived using the RF classification method for flood detection. The findings show spatial patterns that allow flooded and non-flooded areas to be identified. Areas affected by floods are shown in cyan, denoting locations where water has accumulated or remained as a result of flooding incidents. Lower backscatter values in the SAR data, which normally indicate surfaces covered in water, may be indicative of these places. However, the places that are not inundated are indicated in green, indicating that during the observation time, these areas were either dry or unaffected by the flood. The variable importance of the RF shows that VV polarization is more important to the model (Figure 3).
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Figure 3: Sentinel-1 RF classification showing flooded and non-flooded sites and the variable importance based on feature selection
3.2 Sentinel-1 flood classification based on Otsu
Similarly, Figure 4 which was derived using Otsu’s algorithm shows spatial patterns that allow flooded and non-flooded areas to be identified. Areas affected by floods are shown in cyan, denoting locations where water has accumulated or remained as a result of flooding incidents. Lower backscatter values in the SAR data, which normally indicate surfaces covered in water, may be indicative of these places. However, the places that are not inundated are indicated in green, indicating that during the observation time, these areas were either dry or unaffected by the flood. 
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Figure 4: Sentinel-1 automatic water detection-based Otsu algorithm showing flooded and non-flooded sites 
3.3 Accuracy assessment
Table 1 presents the accuracy assessments and validation results for the Sentinel-1-based RF classification, alongside the validation of Otsu’s water detection algorithm. The RF classification showed excellent performance, with both the user’s and producer’s accuracy for the flooded and non-flooded classes reaching 99%, and an overall accuracy of 99%. In comparison, the validation of Otsu’s water detection algorithm, based on the RF results, was slightly lower. The user’s and producer’s accuracy for Otsu’s method were 74% and 78%, respectively, with an overall accuracy of 76%.
Table 1: Accuracy assessment/validation of flooded/non-flooded classifications
	Accuracy metric
	RF Sentinel-1
	Otsu’s Sentinel-1

	Users
	0.99
	0.74

	Producers
	0.99
	0.78

	Overall
	0.99
	0.76


4 Discussion
The results of this study demonstrate the effectiveness of using Sentinel-1 data and the RF method for flood detection within the GEE platform. The RF-based classification of flooded and non-flooded areas demonstrated high accuracy, with both user and producer accuracy reaching 99% and overall accuracy of 99% (Table 1). These results underline the robustness of the RF method in distinguishing flooded and non-flooded areas and make it a highly reliable tool for flood detection (Table 1 and Figure 3). In a recent study, by Shilengwe et al. (2023) who assessed flood damage using radar and optical sensors in GEE indicated that their flood extent delineation based on RF achieved an overall accuracy of 95%
The Otsu-based floodplain classification algorithm provided lower accuracy in comparison. The user and producer accuracy for the Otsu method was 74% and 78% respectively, with an overall accuracy of 76% (Table 1). Although the Otsu method can still be useful, its relatively lower performance compared to the RF approach suggests that it is suitable for large-scale or complex flood detection tasks (Figure 4 and Table 1). Our results corroborate the findings of Vanama et al. (2020) who mapped large flood areas using the GEE4FLOOD framework in India. Their results indicate promising accuracy with 82% overall accuracy and 78.5% accuracy for flood class alone compared to the ground truth data. However, it is recommended that further studies should compare different automatic detection algorithms (e.g., K-means and the unsupervised Gaussian Mixture Model) to assess their applicability.
It is evident from the spatial patterns of flooded and non-flooded areas are distinct from one another. The flood extent is reflected in these spatial patterns, emphasizing the significance of using algorithms such as RF for precise flood mapping. 
5. Conclusion
This study employed the RF method to delineate flood extent as a basis for the validation of automatic flood detection algorithms using Sentinel-1 data within the GEE platform. RF's overall accuracy was 99% while Otsu's automatic flood detection algorithms were 76%. The validation results highlight how combining machine learning techniques with SAR data might improve flood monitoring and aid in disaster management efforts.
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