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Abstract
Flooding is one of the most devastating climate-induced hazards that has severe effects in Sub-Saharan Africa, resulting in significant human, economic, environmental, and losses. Climatic changes, and lack of effective early warning systems have resulted in an increase in the frequency of flood events in Zimbabwe, particularly in high rainfall areas like Chimanimani. This investigation introduces a semantic segmentation framework for the detection of flooding that is based on U-Nets and employs Sentinel-1 Synthetic Aperture Radar (SAR) imagery. The proposed model enhances flood mapping under cloud-cover conditions through the use of all-weather and day-night imaging capabilities of SAR data. Preprocessing procedures were implemented to enhance model generalization and mitigate class imbalance include speckle noise reduction, image normalization as well as binary mask generation, and data augmentation.  The model was evaluated and trained using benchmark flood datasets that included Sentinel-1 SAR imagery and correlating flood filters. The experimental results showed that the segmentation performance was exceptionally good, with an overall precision of 95%, precision of 1.00, recall of 0.92, and F1-score of 0.96 for flooded regions. Further, the intersection over Union (IoU) analysis confirmed the accurate delineation of floods at pixel level. The results demonstrate the practicality of deep learning-based SAR flood segmentation techniques for real-time disaster monitoring in Zimbabwe and provide a reliable and flexible system for future implementation with real-time meteorological data as well as national early warning mechanisms.
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Introduction
1.1 Introduce the Problem
Flooding is one of the most disturbing natural disasters on a global scale, which has resulted in substantial economic, environmental, and humanitarian losses year by year (Ntajal et al., 2017). The frequency and magnitude of flood events have been exacerbated, particularly in developing countries, climate variability, and other bad environmental practices (Ray et al., 2022). Over the past two decades, floods have impacted billions of individuals worldwide and continue to pose cause serious threats to agriculture, infrastructure, and food security, according to the World Meteorological Organization (Department of Environment, 2019; Sharma et al., 2020). The impacts of extreme hydrological events are further worsened in low- and middle-income countries by lack of emergency preparation systems and poor flood monitoring infrastructure (Ray et al., 2022).
Despite Sub-Saharan Africa minimal contribution to global greenhouse gas emissions, it is becoming more vulnerable to climate-induced disasters. Emergency response systems are being strained by recurring flood disasters in countries such as Mozambique, Nigeria, Sudan, and Zimbabwe (Umar & Gray, 2023). In recent years flooding has emerged as perennial environmental challenge in Zimbabwe as a result of cyclonic systems emerging from the Indian Ocean which result in extreme rainfall events (Munsaka et al., 2021). The country's susceptibility to hydrometeorological disasters was emphasized by the catastrophic consequences of Cyclone Idai, which hit the country in 2019 and led to considerable loss of life, and severe infrastructural destruction, with Chimanimani and Chipinge districts being the most affected (Dembedza et al., 2023; Munsaka et al., 2021).

In Zimbabwe, conventional flood monitoring methods are heavily rely on weather reports and delayed field reporting (Chanza et al., 2020). Institutions such as the Civil Protection Unit and Meteorological Services Department do have existing systems that are limited by technological capacity, lack of coverage, and prolonged dissemination of disaster information (Munsaka et al., 2021; Williamson et al., 2023). The effectiveness of emergency response operations is reduced by these constraints, which brings about the need of a scalable, automatic, and near-real-time flood detection model (Sharma et al., 2020).

Recently, environmental monitoring capabilities have been enhanced by developments in artificial intelligence and remote sensing. Synthetic Aperture Radar (SAR) imagery has become a viable alternative for flood detection due to its ability to function in all weather conditions (Das et al., 2025; Edwing et al., 2025). In contrast to optical imagery, SAR sensors are capable of acquiring high-resolution surface information during severe weather conditions through the penetration of cloud cover (Huang et al., 2024; Wu et al., 2019). The Sentinel-1 mission of the European Space Agency offers C-band SAR imagery that is readily available to continuously feed flood detection applications (Munawar et al., 2021; Thapa et al., 2022).

Deep learning techniques, such as CNN have shown potential semantic segmentation tasks and satellite image analysis (Pech-May et al., 2024). Architectures such as U-Net, SegNet, and DeepLabv3+ which are capable of learning intricate spatial features from remotely sensed imagery has enabled them to achieve high segmentation accuracy in flood mapping applications (Pech-May et al., 2024; Zhao et al., 2022). However, the majority of current research have been conducted outside of Africa, which restricts the applicability of these methods to Zimbabwean environments that exhibit significant differences in vegetation, and climate conditions.

Consequently, this research suggests the development of a semantic segmentation framework based on U-Nets for automated flood detection in Zimbabwe using Sentinel-1 SAR imagery. The study examines the feasibility of a U-Net-based CNN architecture in segmenting flooded areas under Zimbabwean environmental conditions, while also facilitating subsequent integration with real-time emergency monitoring systems.
1.2 Explore Importance of the Problem
In order to mitigate disaster-related losses and enhance emergency response coordination, it is important to implement flood monitoring and early warning systems. Recurring flood disasters in Zimbabwe continue to impact vulnerable communities, damage infrastructure, and also threaten food security. Many existing flood monitoring systems are still reliant on manual interpretation and delayed reporting mechanisms, which diminish their effectiveness during swiftly evolving disaster events such as the cyclone Idai which occurred in single night.

The significance of this research is to enhance automated flood mapping under all-weather conditions through the incorporation of SAR imagery and deep learning techniques. However, the effectiveness of conventional satellite monitoring methods during periods of disaster is hindered by visibility during extreme weather. These constraints are overcome by SAR-based methodologies, which facilitate continuous imaging regardless of lack of solar light (Gierszewska et al., 2026). Therefore, the integration of SAR imagery with semantic segmentation models provides a working solution for enhancing disaster detection and emergency response capabilities in flood-prone environments (R.B et al., 2023).

This study also addresses critical research gaps in the African flood monitoring domain. Several models were constructed using datasets from Asian, European, or North American environments, despite the fact that previous studies showed that strong flood segmentation efficiency using deep learning architectures such as U-Net and DeepLabv3+ (He et al., 2023; Zhao et al., 2025). The adoptation of SAR-based semantic segmentation frameworks to the environmental conditions of Zimbabwe has been the subject of limited research. The accuracy of model generalization and segmentation can be substantially impacted by variations in hydrological patterns (Ge et al., 2025). Consequently, it is imperative to conduct a localized evaluation in order to ascertain the effectiveness of flood mapping systems which rely on deep learning within Zimbabwe.

The potential contribution of this study to disaster preparedness, is its practical significance. The proposed framework has the potential to provide governmental institutions with more precise and timelier flood detection and enhance disaster preparedness. In addition, the research contributes to the expanding body of knowledge on the applications of artificial intelligence in environmental remote sensing and illustrates the potential of deep learning approaches to bolster climate resilience and disaster risk reduction strategies in developing countries.

The primary goal of this study is to create and assess a semantic segmentation framework based on U-Net for flood detection in Zimbabwe, utilizing Sentinel-1 SAR imagery. The study also aims to evaluate the feasibility of deep learning-based SAR segmentation in producing a precise pixel-level flood description that is appropriate for practical disaster monitoring applications.
1.3 Literature Review
Research in flood detection has been substantially improved following recent strides in artificial intelligence and remote sensing. The widespread adoption of SAR imagery in flood surveillance is due to its capacity to capture surface information in extreme weather conditions (Amit & Aoki, 2017; Homepage et al., 2022). (Raspini et al., 2018)  conducted research that illustrated the efficacy of Sentinel-1 SAR imagery in flood mapping during catastrophic weather events, where optical imagery was rendered unreliable by cloud obstruction.

The accuracy of flood detection tasks has been extensively enhanced by the incorporation of deep learning approaches (Miau & Hung, 2020a; Stateczny et al., 2023). Semantic segmentation approaches that make use of CNNs, including DeepLabv3+, SegNet, and U-Net, are frequently employed due to their ability to acquire structured spatial depictions from satellite imagery (Edwing et al., 2025; Miau & Hung, 2020b). U-Net, which was initially developed for biomedical image segmentation, proposed an encoder-decoder structure with skip connections that conserve spatial detail during the segmentation process (Pech-May et al., 2024; Zhao et al., 2022). This architecture has been effectively adapted for remote sensing applications.

A number of studies have reported robust segmentation performance when Sentinel-1 SAR imagery is combined with CNN-based architectures (Moghimi et al., 2024; Pally & Samadi, 2022). Zhao et al. (2022) illustrated that semantic segmentation techniques can be employed to obtain high flood detection accuracy in deep learning-based SAR segmentation approaches. In the same vein, (Windheuser et al., 2023)investigated multimodal deep learning frameworks that integrated SAR imagery with weather and hydrological datasets to enhance the predictive capabilities of flood monitoring.

While these studies shown encouraging outcomes, the majority of the current studies utilized datasets gathered from Asia, Europe, or North America (Ntajal et al., 2017). African flood-prone regions are relatively underrepresented in the research on deep learning-based flood detection (Umar & Gray, 2023). Kabenge et al. (2017) contended that fluctuations in plant cover and hydrological dynamics substantially affect the precision of flood mapping across different geographical areas. As a result, models developed with non-African datasets may show diminished generalization efficacy when utilized in Zimbabwean contexts.

Moreover, prior research predominantly focused on overall flood mapping efficacy rather than its eventual integration within disaster management frameworks(Pascaline et al., 2018; Ray et al., 2022). In Zimbabwe, flood monitoring systems are hindered by tardy reporting protocols and inadequate technology infrastructure (Munsaka et al., 2021). This study thus expands upon prior research by modifying deep learning-based SAR flood segmentation methods for flood-prone regions in Zimbabwe, while highlighting its practical importance for disaster monitoring.
1.4 Hypotheses and Research Design
This study utilizes a supervised deep learning methodology to create and assess a semantic segmentation framework for automated flood detection through the use of Sentinel-1 SAR images. The proposed system employs a U-Net-based CNN architecture due to pixel-level segmentation and maintenance of spatial data capability which is conducted via encoder-decoder skip links 

This study primarily investigates whether a U-Net-based semantic segmentation system can successfully detect flooded areas using Sentinel-1 SAR imagery under Zimbabwean climatic circumstances. The central hypothesis posits that the proposed U-Net framework can attain superior flood detection accuracy utilizing SAR imagery. 

The research design explicitly facilitates the evaluation of this hypothesis through supervised learning and quantitative performance assessment. Sentinel-1 SAR imagery and reference flood datasets are used to train and validate the proposed model. The encoder component derives hierarchical spatial patterns from SAR data, whilst the decoder reconstructs precise segmentation masks necessary for effective flood detection.

The evaluation of model performance employs established semantic segmentation metrics, such as Intersection over Union (IoU), Dice coefficient, precision, recall, and F1-score. These metrics offer quantitative evaluations of segmentation precision and facilitate the assessment of the framework's efficacy for operational flood monitoring and detection applications.

This study is grounded on the theoretical framework of deep learning semantic segmentation, specifically focusing on encoder-decoder convolutional neural network configurations for pixel-level image classification. The study effectively advances the creation of scalable flood intelligence systems that enhance emergency preparedness, emergency reaction coordination, and climate resilience efforts in Zimbabwe and comparable flood-prone developing areas.
The major contributions of this study are summarized as follows:
1. Development of a U-Net-based semantic segmentation framework for flood detection using Sentinel-1 SAR imagery.
2. Evaluation of pixel-level flood segmentation performance using standard semantic segmentation metrics.
3. Adaptation of SAR-based flood mapping techniques to Zimbabwean environmental conditions.
4. Provision of a scalable framework for future integration with real-time meteorological and disaster management systems.
1.5 Related Work
Recent research has shown the efficacy of deep learning methods for flood segmentation with SAR images. U-Net-based architectures have demonstrated superior efficacy in pixel-level flood detection because to its encoder-decoder framework and skip connections, which maintain spatial information throughout the segmentation process. Zhao et al. introduced an urban-aware U-Net architecture for extensive flood mapping utilizing multitemporal Sentinel-1 SAR data and interferometric coherence attributes. Their research exhibited high segmentation precision in urban flood contexts. Li et al. utilized active self-learning CNN frameworks for urban flood mapping with TerraSAR-X images, resulting in enhanced segmentation consistency.

Additional research has combined multimodal data sources, such as SAR images, optical imagery, and meteorological factors, to enhance the precision of flood detection. Hybrid deep learning frameworks that integrate CNNs with temporal models have been investigated for near-real-time flood prediction. Despite the positive outcomes of these investigations, significant limitations persist. Numerous models were developed using datasets from Europe and Asia, hence limiting their applicability to African locations with different environments and weather. Moreover, several current methodologies require substantial computational resources which may be inaccessible in developing nations.  This study mitigates these limitations by creating a Zimbabwe-centric U-Net flood segmentation framework utilizing Sentinel-1 SAR imagery and benchmark flood datasets appropriate for semantic segmentation research.
2.	Methodology
2.1 Research Design
A quantitative experimental research approach was employed to create and assess a U-Net-based semantic segmentation framework for automated flood detection with Sentinel-1 SAR imagery. A supervised deep learning methodology was utilized, employing labeled SAR pictures and their related flood masks to train the model for pixel-level categorization of flooded and non-flooded areas.

The research approach comprised dataset gathering, preprocessing, U-Net architecture deployment, model preparation, and quantitative evaluation. Training, validation, and testing datasets were preserved as distinct subsets to mitigate data leaking and guarantee impartial model evaluation. The evaluation of model performance was conducted using Intersection over Union (IoU), Dice coefficient, precision, recall, and F1-score.
2.2 Dataset Acquisition
The study utilized Sentinel-1 SAR imagery and corresponding binary flood masks obtained from publicly available benchmark flood datasets and Kaggle repositories. Sentinel-1 imagery was selected because SAR sensors operate independently of weather and light conditions, making them suitable for flood monitoring during extreme rainfall events. The dataset comprised paired SAR pictures and labeled segmentation masks indicating flooded and non-flooded areas. Duplicates samples and corrupted instances were omitted to enhance dataset consistency. The chosen final picture showed flood-prone conditions, including river and vegetated landscapes. The dataset was partitioned into training (70%), validation (15%), and testing (15%) subsets. The training set facilitated model learning, the validation set enabled hyperparameter assessment, and the testing set assessed ultimate performance evaluation.
2.3 Data Preprocessing
Data preprocessing was conducted to promote consistency, diminish variability in SAR images, and facilitate model convergence. The preprocessing pipeline comprised image normalization, scaling, binary mask generation, and data augmentation.
2.3.1 Image Normalization and Resizing
All SAR images were standardized to mitigate intensity fluctuations and enhance the numerical reliability during training. Images and their respective segmentation masks were scaled to consistent spatial dimensions suitable for the U-Net architecture. Binary masks were created to designate flooded areas as foreground pixels and non-flooded areas as background pixels.
2.3.2 Data Augmentation
Data augmentation methods were employed to enhance generalization and mitigate overfitting. The augmentation procedure comprised horizontal and vertical rotation, zooming, and movement operations. These modifications enhanced spatial variety while maintaining the characteristics of flood regions.
2.4 U-Net Architecture
The suggested system utilized a U-Net CNN model for semantic segmentation. U-Net was chosen for its efficiency in pixel-level segmentation and its ability to maintain intricate spatial details via encoder-decoder architecture and skip connections. The model architecture is in Figure 1 below:
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Figure 1: Model Architecture
The architecture was composed of a decoder network for spatial reconstruction and an encoder network for hierarchical feature extraction. Max-pooling operations, convolutional layers, sigmoid activation, batch normalization, and ReLU activation functions were implemented throughout the network to produce the segmentation map.
2.4.1 Encoder Network
The encoder structure extracted hierarchical spatial characteristics from the SAR picture using iterative convolution and max-pooling operations. The contracting pathway systematically diminished spatial dimensions while acquiring contextual cues related to flooding.
2.4.2 Decoder Network
Segmentation masks were rebuilt by the decoder network using convolution and up sampling techniques. This procedure produced flood forecasts at the pixel level and restored spatial resolution.
2.4.3 Skip Connections
High-resolution feature maps were moved from encoder layers to matching decoder layers through skip connections. During segmentation, the method enhanced flood-boundary localization while maintaining spatial details.
2.5 Model Training
The model was developed by supervised learning utilizing labeled Sentinel-1 SAR datasets. Training was conducted in a GPU-accelerated setting utilizing Python-based deep learning packages in the Kaggle cloud computing environment.
2.5.1 Training Configuration
The dataset was divided into training, validation, and testing subsets in a 70:15:15 ratio. During training, mini-batch learning was utilized, and augmented data were dynamically incorporated to enhance generalization. Validation monitoring was employed to mitigate overfitting and evaluate convergence stability.
2.5.2 Loss Function
The model was trained using the Binary Cross-Entropy (BCE) loss function, appropriate for binary classification tasks such as flood vs. non-flood segmentation:
		BCE Loss = ………………(1)
Where:
· N is the total number of pixels,
·  is the true label (1 for flood, 0 for no flood),
·   is the predicted probability of the pixel being flooded.
where  represented the ground truth label and   the predicted flood probability. This loss function penalized incorrect predictions and was particularly useful for the sparse target distribution common in flood segmentation tasks.
2.6 Performance Evaluation
Model performance was evaluated using standard semantic segmentation metrics computed on unseen testing data.
2.6.1 Intersection over Union (IoU)
IoU measured the overlap between predicted flood regions and ground-truth masks. Higher IoU values indicated more correct segmentation.
	IoU= ……………………………………………….(1)
2.6.2 Dice Coefficient
The Dice coefficient evaluated segmentation similarity between predicted and reference flood masks.
Dice =    ………………………………………………(2)
2.6.3 Precision, Recall, and F1-Score
Precision, recall, and F1-score were used to evaluate classification reliability and detection capability.
  		 Precision   = 	……………………………………………  (3)
Where:
· TP = True Positives (correctly predicted flood pixels)
· FP = False Positives (non-flood pixels incorrectly predicted as flood)
   		Recall = 	……………………………………………(4)
Where:
· TP = True Positives (correctly predicted flood pixels)
· FN = False Negatives (flood pixels missed by the model)
2.6.4   F1 Score  
	The F1 score offered an equitable assessment of the disparity between non-flooded and flooded regions. This statistic facilitated the evaluation of the algorithm's efficacy in reducing false positives and accurately identifying flood zones. The F1 score is computed as:
	F1 Score = 	………………………………………………. (5)
2.7 Experimental Environment
The experimental solution was executed using Python in the Kaggle cloud computing environment. TensorFlow and Keras facilitated model implementation and training, whereas NumPy, OpenCV, Matplotlib, and Scikit-learn assisted with preliminary processing, visualization, and evaluation activities. GPU acceleration was employed to enhance training efficiency and reduce the computational time during segmentation studies. Table 1 presents the experimental conditions for the model:
Table 1: Experimental Environment
	Parameter
	Value

	Model Architecture
	U-Net

	Input Size
	512 × 512

	Optimizer
	Adam

	Learning Rate
	0.001

	Batch Size
	4

	Epochs
	10

	Loss Function
	Binary Cross-Entropy

	Dataset Split
	70:15:15


3. Experimental Results
The experimental results achieved using the suggested U-Net semantic segmentation model for flood detection in Sentinel-1 SAR data are discussed in this section. The classification accuracy, segmentation overlap performance, convergence behavior and visual analysis of the anticipated flood regions also evaluated. Quantitative Results are supported by Classification Metrics, Confusion Matrix Analysis, and Pixel-Level Segmentation Evaluation

3.1 Segmentation Performance
The suggested model's classification performance was assessed by precision, recall, F1-score, and accuracy. The metrics were calculated on previously unexamined testing data to evaluate the framework's efficacy in differentiating between flooded and non-flooded areas. Table 2 displays the classification outcomes derived from the testing dataset.

Table 2. Classification Performance Results
	Class
	Precision
	Recall
	F1-score
	Support

	Not Flooded
	0.90
	1.00
	0.95
	9

	Flooded
	1.00
	0.92
	0.96
	12

	Accuracy
	
	
	0.95
	21



The proposed model attained an overall classification accuracy of 95%, demonstrating robust segmentation proficiency across several flood scenarios. The flooded class attained a precision score of 1.00, indicating that the model successfully reduced false-positive flood predictions. The recall value of 0.92 indicates that the majority of flooded areas were accurately recognized during segmentation. The balanced F1-scores achieved for both classes further illustrate the reliability and resilience of the architecture for flood detection applications utilizing SAR images.

4.2 Training and Validation Performance
Accuracy and loss curves produced during training and validation were used to assess the model's convergence behavior. These curves shed light on the model's capacity for generalization, convergence consistency, and learning stability. The U-Net model's training and validation results throughout training epochs are shown in Figure 2.
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Figure 2: Training and validation performance of the proposed U-Net model across training epochs
The training outcomes exhibited consistent convergence with gradually diminishing loss values over the optimization phase. The validation accuracy was continually elevated with negligible variations, signifying minimal overfitting and robust generalization performance.

4.3 Confusion Matrix Analysis
A confusion matrix analysis to enhance the assessment of classification reliability was conducted utilizing predictions derived from the testing dataset. The confusion matrix offers comprehensive understanding into true positives, true negatives, false positives, and false negatives. Figure 7 displays the confusion matrix derived from the segmentation experiments.
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Figure 3: Confusion matrix obtained from the segmentation experiments
The confusion matrix indicates that the model successfully distinguished between flooded and non-flooded areas. The majority of samples were accurately identified, with minimal misclassification noted in the testing results.

4.4 IoU and Pixel-Level Segmentation Performance
Intersection over Union (IoU) and Dice coefficient metrics were calculated to assess the consistency of spatial overlap between predicted segmentation outputs and ground-truth annotations. These metrics are extensively utilized in semantic segmentation because they offer a reliable evaluation of pixel-level overlap precision.

The obtained IoU and Dice coefficient results indicate a high level of spatial agreement between the predicted segmentation masks and the reference flood annotations.
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Figure 4: Pixel-wise Accuracy and IoU for flood masks.
4.5 Visual Segmentation Analysis
A visual interpretation was conducted to qualitatively assess the segmentation efficacy of the proposed framework. Predicted flood masks were evaluated against Sentinel-1 SAR data and accompanying ground-truth annotations to measure the efficacy of flood-boundary demarcation. Figure 5 displays exemplary segmentation results produced:
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Figure 5: Exemplary segmentation results produced
The visual study indicates that the framework precisely identified flooded areas under various weather circumstances.

4.   Discussion, and Conclusion
4.1 Discussion
This section examines implications of the experimental results and assesses the efficacy of the proposed U-Net architecture for flood detection with Sentinel-1 SAR images.

The experimental findings indicate that deep learning-driven semantic segmentation can efficiently facilitate automated flood mapping under all-weather circumstances. The elevated classification accuracy, and segmentation consistency validate the suitability of U-Net for flood-boundary detection in SAR imagery.

The utilization of Sentinel-1 SAR data clearly improved flood monitoring capabilities, as SAR sensors function normally in cloud cover and limited light conditions. This attribute is important for flood-prone regions in Zimbabwe, where optical remote sensing techniques frequently encounter limitations during severe weather conditions.

Besides the strong performance in segmentation, class imbalance persisted as a significant difficulty due to the substantially smaller spatial regions occupied by flooded pixels in comparison to background classes. While preprocessing and augmentation procedures enhanced model generalization, subsequent research may further increase sensitivity through sophisticated optimization methods such as focus loss or transformer-based segmentation frameworks.

5.2. Conclusion
This research introduced a U-Net-based semantic segmentation model for automatic flood detection utilizing Sentinel-1 SAR images. The suggested system exhibited strong segmentation performance, characterized by high classification accuracy and dependable overlap metrics. It also showed the correct flood and non-flooded boundaries extreme weather and light conditions.

The experimental results validated that deep learning-based SAR segmentation can proficiently facilitate automated flood monitoring and catastrophe management applications in Zimbabwe and comparable Sub-Saharan African contexts.

Future endeavors will concentrate on the integration of multimodal deep learning, the growth of region-specific SAR datasets, and the development of real-time flood forecasting systems to enhance predictive flood monitoring and early warning capabilities.
Additional Material
Dataset Availability
Sentinel-1 SAR imagery used in this study was obtained from the European Space Agency Copernicus Open Access Hub. Benchmark flood masks were derived from the Sen1Floods11 and SEN12-FLOOD datasets.
Code Availability
The implementation code, preprocessing scripts, and model training configurations used in this study are available through a public GitHub repository.
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