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Urban flooding remains a recurrent challenge in lowland cities, driven by both 

hydrometeorological conditions and anthropogenic factors. This study proposes a GeoAI-

based convolutional neural network (CNN) framework for urban flood potential mapping 

by integrating multi-source geospatial data, including CHIRPS rainfall information and 

Sentinel-2-derived waste accumulation indicators. The proposed approach incorporates 

spatial preprocessing, grid-based sampling, and temporal augmentation to construct a 

comprehensive spatiotemporal dataset covering the period from 2019 to 2025. A two-

dimensional CNN model is developed to capture the spatial interactions between rainfall 

intensity and waste distribution. Experimental results demonstrate that the proposed 

framework achieves an overall accuracy of 0.73, with an F1-score of 0.73 for flooded areas 

and 0.69 for non-flooded areas. The model exhibits stable performance, with a mean F1-

score of 0.7080 and an average AUC of 0.7469 under five-fold cross-validation. The 

generated flood potential maps indicate that areas characterized by high rainfall and 

concentrated waste accumulation are more susceptible to flooding. The findings highlight 

the importance of integrating anthropogenic factors into GeoAI-based flood modeling and 

provide a practical framework for data-driven urban flood monitoring and early warning 

systems. 

Keywords: 

GeoAI, convolutional neural network, flood 

potential mapping, CHIRPS rainfall data, 

Sentinel-2 imagery, waste accumulation 

1. INTRODUCTION

Flooding is one of the most frequent hydrometeorological 

disasters in many regions of Indonesia, including Palembang 

City. This phenomenon is triggered by a combination of 

natural factors and human activities, such as extreme rainfall, 

increased river discharge, river narrowing due to 

sedimentation, drainage damage, and the accumulation of 

waste along river basins [1]. As a lowland city with an 

extensive river network particularly the Musi River and its 21 

tributaries Palembang has a high level of flood vulnerability 

[2]. Data from the Meteorology, Climatology, and Geophysics 

Agency  indicate that rainfall in South Sumatra can reach 200–

400 mm during the peak of the rainy season, which is above 

the average for other urban areas [3]. 

In addition to hydrological factors, one of the significant 

causes of flooding in Palembang is the accumulation of solid 

waste [4-10]. According to reports from the Environmental 

and Forestry Agency and the Sumatra VIII River Basin 

Authority, Palembang City generates approximately 1,200 

tons of waste per day, and nearly 50% of the waste polluting 

the rivers originates from household sources. This 

accumulation reduces the water flow capacity, contributes to 

sedimentation, and clogs drainage channels and rivers, thereby 

exacerbating flooding events, especially during periods of 

high rainfall intensity [11-15]. 

The Palembang City Government, through the Public 

Works and Spatial Planning Agency, has implemented various 

flood mitigation measures, including river normalization, 

construction of drainage outlets, installation of water level 

monitoring boards (peil scales), establishment of river-care 

communities, and regulation of illegal buildings along 

riverbanks. However, these efforts have not yet been able to 

sustainably address flood problems [16, 17]. One of the main 

constraints is the limitation of flood monitoring systems that 

are still manual, non-integrated, non real-time, and have not 

yet utilized artificial intelligence technologies for predictive 

analysis [18]. 

Along with the advancement of digital technology, 

developments in geospatial technology and artificial 

intelligence have opened new opportunities for faster and 

more accurate flood mapping, monitoring, and prediction. The 

Geospatial Artificial Intelligence (GeoAI) approach, which 

integrates geospatial data with machine learning and deep 

learning algorithms, enables efficient processing of large-scale 

spatial data [19]. Through platforms such as Google Earth 

Engine (GEE), various data sources including daily rainfall 

data (CHIRPS), Sentinel-2 satellite imagery, multispectral 

indices (NDVI, MNDWI, NDBI), and geomorphological 

information can be comprehensively analyzed [20]. 
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In the context of flood modeling, Convolutional Neural 

Networks (CNNs) have been widely applied due to their 

ability to extract spatial patterns from satellite imagery, such 

as inundated areas, land cover changes, and rainfall 

distribution [21]. Numerous previous studies have 

demonstrated that CNNs are effective for flood mapping and 

detection using remote sensing and hydrometeorological data. 

However, most of these studies primarily focus on 

hydrological factors and physical land surface characteristics, 

while anthropogenic factors particularly waste accumulation 

have not been explicitly integrated as input variables in flood 

prediction models [22]. 

On the other hand, several studies have addressed waste 

detection and mapping using satellite imagery and deep 

learning approaches. Nevertheless, these studies are generally 

conducted independently and are not directly linked to flood 

risk analysis. Consequently, waste data are still treated as 

separate information rather than as a critical component in 

GeoAI-based flood prediction systems, especially in urban 

areas with drainage systems that are highly susceptible to 

blockage, such as Palembang City.  

Based on this research gap, this study proposes a GeoAI-

based approach using a Convolutional Neural Network (CNN) 

by integrating rainfall data and waste accumulation data as 

multi-channel inputs. This integration aims to capture the 

spatial relationships between hydrological and anthropogenic 

factors in influencing urban flood potential. The utilization of 

Google Earth Engine enables efficient and consistent 

processing of multi-source data across broad spatial and 

temporal scales.  

Therefore, this study not only aims to improve the accuracy 

of real-time and integrated flood monitoring and prediction but 

also contributes novelty by incorporating waste accumulation 

data as a key variable in GeoAI-based flood potential 

modeling. This approach is expected to support faster and 

more informed decision-making by local governments and to 

enhance the effectiveness of flood mitigation and early 

warning systems in Palembang City and other urban areas in 

Indonesia. 

2. METHODOLOGY

The research methodology is structured to illustrate the 

workflow starting from data collection, the design of the 

2DCNN model architecture, up to the evaluation stage and the 

generated outputs. The methodological diagram in Figure 1 

presents the relationships among the main components of the 

literature study, data collection, model architecture design, 

evaluation measurement, and output. Each stage is 

interconnected systematically to produce an accurate flood 

potential prediction model that can be utilized for risk mapping 

in Palembang City. 

Figure 1 illustrates the sequence of the research process, 

which begins with the collection of theoretical foundations and 

data as the primary inputs. The processed data are then utilized 

in the design of a wo-dimensional Convolutional Neural 

Network (2D CNN) model consisting of several convolutional 

layers to generate the required feature representations. The 

developed model is subsequently evaluated using various 

performance metrics to ensure its accuracy. The final output 

of all these stages is a spatial mapping of regional conditions, 

including the classification of Flooded Area Map (Class 1) and 

Non Flooded Area Map (Class 0). 

Figure 1. Research method 

3. LITERATURE STUDY REVIEW

The literature study review in this research includes the 

mapping of the research taxonomy, an examination of 

previous studies, relevant analytical models, and the 

theoretical framework underlying the development of the 2D 

CNN–based flood prediction model. The research taxonomy 

positions this study within the domain of geospatial deep 

learning, which integrates CHIRPS rainfall data, Sentinel-2 

imagery, and waste accumulation indicators as key variables 

in flood risk analysis. The literature review shows that the use 

of CNN and GeoAI has been widely applied for flood 

detection and satellite image classification; however, the 

integration of waste accumulation as a crucial factor in urban 

contexts remains very limited, representing a significant 

research gap. The Voss and Xmina models are used as 

theoretical references to explain the spatial relationships 

among variables and the mechanisms of multidimensional 

feature extraction, serving as the foundation for designing the 

CNN input–output architecture. Overall, the theoretical 

framework of this study is constructed based on the concepts 

of flooding and its triggering factors, GeoAI theory, grid-

based spatial representation, and the operational principles of 

2D CNNs, thereby providing a strong methodological 

foundation for building a flood potential classification model 

in urban environments.  

4. DATA COLLECTION

The data collection stage was carried out to obtain all the 

data required for the 2D CNN modeling process used to 

monitor flood potential in Palembang City. This process 

consists of four main steps: data sources, data preprocessing, 

data augmentation, and dataset splitting. The workflow has 

been aligned with the research diagram employed in this study. 

4.1 Data sources 

The data collection stage was conducted to obtain all the 
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information required for the 2D CNN modeling process used 

to monitor flood potential in Palembang City. This stage 

consists of four main components: data acquisition, data 

preprocessing, data augmentation, and dataset splitting. Each 

component is systematically aligned with the research 

workflow outlined in the methodological framework of this 

study. 

 

4.1.1 Rainfall (CHIRPS – GEE) 

Rainfall data were obtained through the GEE platform using 

the CHIRPS dataset (Climate Hazards Group InfraRed 

Precipitation with Station Data). 

The characteristics of the CHIRPS data are as follows: 

• Spatial resolution: approximately 5 km 

• Temporal resolution: daily 

• Data unit: millimeters (mm) 

• Time coverage: 6 years 

• Extracted specifically for the Palembang City area 

This rainfall data is used as one of the key variables in 

determining flood occurrences, as illustrated in the rainfall 

data figure. 

 

 
 

Figure 2. Rainfall for the period 2019 to 2025 

 

Figure 2 presents a visualization of the CHIRPS–GEE 

rainfall data for the period 2020 to 2025 within the study area. 

Each map illustrates rainfall intensity using a color gradient, 

where red indicates high rainfall, green represents moderate 

rainfall, yellow signifies low rainfall, and blue denotes dry or 

rainless conditions. The visualization shows clear variations in 

rainfall intensity across the years, with certain years 

experiencing significantly higher rainfall while others are 

dominated by drier conditions. This information is essential 

for analyzing climatological trends, understanding the 

dynamics of the rainy and dry seasons, and examining how 

year-to-year changes in rainfall intensity may influence flood 

occurrences in the region. 

 

4.1.2 Waste accumulation data (Sentinel-2 MSI) 

Waste accumulation data were extracted from Sentinel-2 

satellite imagery using a combination of RGB bands and 

infrared bands. The identification of waste was conducted 

through: 

• Band 4, 3, 2 (True Color) 

• Band NIR dan SWIR 

• Supporting spectral indices such as NDVI, NDWI, 

and MNDWI 

• Visual detection of flooded or polluted areas that 

indicate waste accumulation 

Sentinel-2 imagery was selected because it provides a 10-

meter spatial resolution, allowing detailed visualization of 

surface conditions in urban areas. Figure 3 presents the waste 

accumulation map. 

 

 
 

Figure 3. Waste accumulation for the period 2019 to 2025 

 

Figure 3 presents the spatial conditions of the study area, 

emphasizing waste accumulation patterns from 2019 to 2025. 

Red-colored features represent rivers and watershed networks 

that function as the primary water flow pathways. Black areas 

denote the spatial distribution of identified waste deposits, 

including those located within inundated zones. The 

visualization clearly demonstrates a strong spatial association 

between river networks and the concentration of waste 

accumulation in adjacent areas. Meanwhile, Figure 4 below 

presents the spatial distribution of urban waste accumulation 

across the study area over six consecutive observation periods, 

ranging from 2019/2020 to 2024/2025. 

 

 
 

Figure 4. Weste data period 2019/2020 to 2024/2025 

 

Figure 4 presents the spatial distribution of accumulated 

urban waste within the study area across six consecutive 

observation periods, spanning from 2019/2020 to 2024/2025. 

The blue points on each map represent locations of waste 

accumulation identified through geospatial data processing 

and satellite imagery analysis, thereby illustrating the temporal 

and spatial dynamics of waste distribution over time.The 

observed distribution patterns indicate a clear tendency for 

waste accumulation to concentrate in residential areas and 

along river corridors, which potentially reduces flow capacity 

and impairs urban drainage systems. This visualization 

provides an essential basis for understanding the role of 

anthropogenic factors in increasing urban flood vulnerability 

and supports further analysis of the relationships among waste 

accumulation, environmental conditions, and flood potential 

in surrounding areas. 

The quantitative amount of waste derived from Figure 4 is 

summarized in Table 1. 
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Tabel 1. Waste accumulation for the period 2019 to 2025 

 
No. Year Waste Amount (Tons) 

1 2019 359,970,216 

2 2020 402,944,043 

3 2021 294,076,651 

4 2022 223,393,678 

5 2023 245,877,945 

6 2024 177,739,349 

7 2025 245,493,169 

 

Table 1 presents the annual waste accumulation from 2019 

to 2025, which shows significant fluctuations over the years. 

The volume of waste increased from 359,970,216 tons in 2019 

to its highest peak of 402,944,043 tons in 2020, followed by a 

sharp decline in 2021 and 2022, reaching 223,393,678 tons. 

Subsequently, the amount rose again in 2023, then decreased 

to its lowest point of 177,739,349 tons in 2024, before 

increasing once more to 245,493,169 tons in 2025. These 

fluctuations reflect the dynamics of waste production, 

influenced by various factors such as changes in community 

activities, environmental conditions, and the presence of 

surface water pooling and river flow patterns that affect the 

movement and accumulation of waste in certain areas. 

 

4.2 Data augmentation 

 

Data augmentation in this study was conducted to address 

the limited number of samples derived from annual datasets 

and to enhance the representation of spatial and temporal 

variability within the study area. The augmentation was not 

performed through synthetic image manipulation, but rather 

through increasing temporal resolution and applying grid-

based spatial sampling while preserving the physical 

characteristics of the original data. 

Temporal resolution enhancement was achieved by 

generating monthly composites from the multi-source datasets 

used in this study. Daily CHIRPS rainfall data were 

aggregated into monthly mean values for each spatial grid. 

Meanwhile, Sentinel-2 imagery was processed into monthly 

composites using median values to minimize the effects of 

clouds, shadows, and atmospheric disturbances. Indicators of 

waste accumulation were extracted on a monthly basis based 

on changes in spectral characteristics within river corridors 

and surrounding areas, enabling a more detailed observation 

of waste accumulation dynamics over time. Using this 

approach, data from the period 2019–2025 yielded a total of 

72 monthly observation periods. 

In addition to temporal enhancement, data augmentation 

was also performed through grid-based spatial sampling. The 

administrative area of Palembang City was divided into 10 × 

10 pixel grids, with each grid treated as an individual spatial 

sampling unit for each monthly period. Consequently, each 

month generated 100 spatial samples representing local 

rainfall conditions and waste accumulation. Through the 

combination of monthly compositing and spatial grid 

partitioning, the total number of samples used in this study 

reached 7.200 providing sufficient data variability for the 2D 

CNN model to learn the spatiotemporal relationships among 

rainfall, waste accumulation, and flood potential. 

 

4.3 Data splitting 

 

The augmented dataset was subsequently divided into 

training and testing datasets using a train–test split scheme 

with a proportion of 80% for training data and 20% for testing 

data. This partitioning was performed after all data had 

undergone preprocessing stages, including clipping based on 

the administrative boundaries of Palembang City, construction 

of 10 × 10 spatial grids, extraction of rainfall and waste 

accumulation features, and value normalization using the 

MinMaxScaler method. 

The data splitting was conducted randomly while 

preserving the representation of spatial and temporal 

variability. As a result, both the training and testing datasets 

encompass conditions of high, moderate, and low rainfall, as 

well as varying levels of waste accumulation across the study 

area. With this approach, the testing dataset serves as a 

representation of real-world conditions that were not 

previously observed by the model during the training process. 

This data partitioning scheme enables an objective 

evaluation of the 2D CNN model’s performance in terms of its 

generalization capability for detecting flood potential based on 

multi-temporal geospatial data. The evaluation results 

subsequently provide the basis for assessing the effectiveness 

of integrating CHIRPS rainfall data and Sentinel-2-derived 

waste accumulation information within a GeoAI-based flood 

monitoring system. 

 

 

5. 2D CONVOLUTIONAL NEURAL NETWORK (2D 

CNN) ARCHITECTURE 

 

The 2D Convolutional Neural Network (2D-CNN) 

architecture used in this study was designed to learn spatial 

patterns from 10 × 10 grid data with two input channels, 

namely rainfall and waste accumulation. The model consists 

of several main layers, including convolutional layers, 

activation layers (ReLU), max-pooling layers, dense layers, 

and dropout, which collectively function to extract features, 

reduce dimensionality, and perform the final classification of 

flood potential. Figure 4 presents the overall structure of the 

model. 

 

 
 

Figure 5. Architecture 2D CNN 
Note: CNN = Convolutional Neural Network. 

 

Figure 5 illustrates the 2D Convolutional Neural Network 

(2D-CNN) architecture used in this study. The model receives 

an input tensor of size 10 × 10 × 2, which is then processed 

through a convolutional layer consisting of 32 filters with a 

size of 3 × 3, producing an output of 10 × 10 × 32. After the 

ReLU activation and max-pooling operations, the feature map 

is reduced to 5 × 5 × 32 before being flattened into an 800-

element vector. This vector is then passed through fully 

connected layers with 256 and 100 neurons, respectively, and 

subsequently reshaped back into a grid representation through 

a reshaping step and a final dense layer that generates an 

output of 10 × 10 × 1. The final dimensional transformation 

follows the sequence: (10 × 10 input → convolution → 

pooling → flatten (800) → dense → reshape → output 10 × 
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10 × 1), where each cell value in the output grid represents the 

classified flood potential. 

 

 

6. DETERMINING THE ACCURACY AND LOSS 

GRAPHS 

 

At this stage, the performance of the 2D CNN model was 

evaluated by observing the progression of training accuracy 

and validation accuracy over 50 epochs. The accuracy graph 

is used to assess the stability of the learning process, the 

model’s generalization ability to unseen data, and to detect 

indications of overfitting or underfitting. By monitoring the 

accuracy trends of both curves, it is possible to determine 

whether the model successfully learns relevant patterns from 

the normalized rainfall and waste accumulation data. 

The accuracy graph in Figure 6 shows a consistent 

improvement in the model’s performance throughout the 

training process. At the beginning of the epochs, the training 

accuracy starts at approximately 0.51 and gradually increases, 

reaching 0.67 by the 50th epoch. This upward trend indicates 

that the model is able to effectively extract important features 

from the two input data channels, namely the rainfall channel 

(CHIRPS) and the waste accumulation channel (Sentinel-2). 

Meanwhile, the validation accuracy, which initially started 

at around 0.56, also shows a continuous improvement, 

reaching approximately 0.675. It can be observed that the 

validation accuracy curve tends to be slightly higher than the 

training accuracy curve across most epochs. This phenomenon 

indicates that the model does not experience overfitting, as its 

performance on unseen data remains equal to or better than its 

performance on the training data. This condition may be 

attributed to the relatively small dataset size, where the 

samples in the validation set exhibit simpler or more easily 

learnable distribution patterns for the model. 

Overall, the graph demonstrates that the 2D CNN model 

successfully learns spatial representations from the two types 

of geospatial data in a stable manner, with a consistent upward 

trend in accuracy and without extreme fluctuations. Thus, the 

model is considered to generalize well to the validation data, 

although its performance can still be further improved through 

architectural optimization, additional data expansion, or 

adjustments to training parameters. 

In Figure 6, the graph shows a progressive increase in both 

training and validation accuracy over 50 epochs. The training 

accuracy rises from approximately 0.51 to 0.67, while the 

validation accuracy increases from 0.56 to 0.675. The 

validation curve, which consistently remains higher than the 

training curve, indicates that the model is able to generalize 

well without any significant signs of overfitting. In contrast, 

the model loss graph provides insight into how the error values 

decrease throughout the training process. 

In Figure 7, this loss graph illustrates the decrease in 

training and validation loss values over 50 epochs. At the 

beginning of training, the loss values were around 0.69, 

indicating that the model’s initial performance was still close 

to random prediction. As the epochs progressed, both loss 

curves consistently and steadily declined without sharp 

fluctuations or irregular trends. The parallel downward pattern 

between the training loss and validation loss indicates that the 

learning process was effective and that no signs of overfitting 

were present, as the validation loss remained slightly lower 

than the training loss across most epochs. By the 50th epoch, 

the training loss decreased to approximately 0.60, while the 

validation loss reached around 0.595, demonstrating that the 

model is capable of generalizing well to unseen data. Overall, 

the graph confirms that the 2D CNN model learned stably and 

efficiently from the rainfall and waste accumulation data used 

in this study. The results of the confusion matrix generated by 

the 2D CNN model can be seen in Figure 8. 

 

 
 

Figure 6. Accuracy Graph of the 2D CNN 
Note: CNN = Convolutional Neural Network. 

 

 
 

Figure 7. Loss Graph of the 2D CNN 
Note: CNN = Convolutional Neural Network. 

 

Based on Figure 8, the 2DCNN confusion matrix 

demonstrates a fairly good classification performance in 

distinguishing between flooded and non-flooded areas. The 

True Positive value (995) and True Negative value (659) 

indicate that the majority of areas were correctly predicted by 

the model. However, there are still misclassifications, 

including False Positives (491), which are non-flooded areas 

incorrectly predicted as flooded, and False Negatives (255), 

which are flooded areas that were not detected by the model. 

This condition suggests that the model is more sensitive in 

detecting flood occurrences, resulting in a relatively high 

475



 

number of false alarms, yet it remains capable of identifying 

flood events with a dominant success rate. Overall, the 

confusion matrix shows that the model performs well, 

although improvements are still needed to enhance the 

accuracy of non-flood predictions. 

 

 
 

Figure 8. Confusion Martrix 2DCNN 
Note: CNN = Convolutional Neural Network. 

 

 

7. EVALUATION 

 

Evaluation and performance measurement are essential 

stages in the development of a flood detection model, as they 

aim to assess the model’s ability to accurately distinguish 

between flooded and non-flooded areas. In this study, the 

model’s performance was evaluated using precision, recall, 

and F1-score metrics, which provide a comprehensive 

overview of prediction accuracy, the model’s sensitivity in 

detecting flood events, and the balance between the two. The 

evaluation values presented in the table reflect the model’s 

performance in classifying the two main classes Not Flooded 

and Flooded where the testing results yield the overall 

accuracy of the model. 

 

Table 2. Evaluation 2D CNN 

 
Class Precision Recall F1-score 

Not Flooded 0.72 0.69 0.69 

Flooded 0.69 0.80 0.73 

Accuracy   0.73 

Macro Avg 0.76 0.71 0.70 

Weighted Avg 0.73 0.71 0.73 

 

Table 2, which presents the evaluation of the 2DCNN 

model, shows the model’s performance in recognizing two 

classes: Not Flooded and Flooded. For the Not Flooded class, 

the model achieved a precision of 0.72 and a recall of 0.69, 

indicating that the model performs fairly well in predicting 

areas that are truly not flooded, although some 

misclassifications still occur in capturing all non-flooded 

samples. Meanwhile, the Flooded class obtained a precision of 

0.69 and a higher recall of 0.80, meaning that the model is 

more sensitive in detecting flood events and is able to correctly 

identify most of the flooded samples, despite still producing 

some incorrect flood predictions. The F1-score values for both 

classes, 0.69 and 0.73 respectively, demonstrate a reasonable 

balance between precision and the model’s ability to detect 

actual samples. Overall, the model achieved an accuracy of 

0.73, indicating a reasonably good classification performance 

on the test dataset. The consistent macro average and weighted 

average values (with F1-scores of 0.70 and 0.73) further 

indicate that the model performs stably on an imbalanced 

dataset, which aligns with the confusion matrix results 

showing that the model tends to be more accurate in detecting 

flooded areas than non-flooded areas. 

 

7.1 ROC curve and AUC analysis 

 

To complement the evaluation based on discrete metrics, 

this study employs Receiver Operating Characteristic (ROC) 

analysis and Area Under the Curve (AUC) to assess the 

discriminative capability of the CNN model across different 

decision threshold values. 

 

 
 

Figure 9 Receiver Operating Characteristic (ROC) 

 

Based on the ROC curve shown in Figure 9, the ROC curve 

consistently lies above the diagonal line representing random 

classification. This indicates that the model has a strong ability 

to distinguish between flooded and non-flooded classes based 

on the predicted output probabilities. An AUC value of 0.742 

indicates that the model exhibits moderate to good 

discriminative performance. This value implies a 74.2% 

probability that the model assigns a higher prediction score to 

flooded areas than to non-flooded areas under random 

selection. Therefore the ROC-AUC analysis reinforces the 

results obtained from accuracy- and F1-score-based 

evaluations and demonstrates that the 2D CNN model 

performs stably across different decision threshold scenarios. 

 

7.2 ROC curve and AUC analysis 

 

To evaluate the stability and generalization capability of the 

model under different data partitioning scenarios, this study 

applies a 5-fold K-Fold Cross-Validation approach. In each 

fold, the 2D CNN model is retrained using different data 

subsets and evaluated using the F1-score and AUC metrics, as 

presented in Table 3. 
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Table 3. Evaluation results based on 5-fold cross-validation 

 
Metode Evaluasi Metric Mean Value 

5-Fold Cross Validation F1-score 0.7080 

5-Fold Cross Validation AUC 0.7469 
Note: AUC = Area Under the Curve. 

 

The cross-validation results indicate that the average F1-

score is 0.7080, while the average AUC reaches 0.7469. These 

values are relatively consistent with the evaluation results 

obtained from the single test dataset, indicating that the model 

does not suffer from overfitting and exhibits good 

generalization capability across spatial and temporal data 

variations. Therefore, the application of K-Fold Cross-

Validation provides additional validation that the developed 

2D CNN model demonstrates stable performance and is 

suitable for use as part of a GeoAI-based flood potential 

monitoring system. 

 

8. VISUALIZATION OF FLOODED AND NON-

FLOODED POINTS 

 

This visualization presents the distribution of flooded and 

non-flooded points based on the processed data of rainfall 

intensity, waste accumulation, and affected area within the 

study region. The visualization provides a comprehensive 

understanding of the spatial distribution of flood events and 

the underlying environmental conditions. By displaying 

flooded and non-flooded points separately, the figure helps 

identify distribution patterns, concentrations of vulnerable 

areas, and possible relationships between high rainfall, waste 

accumulation, and changes in inundation extent. This visual 

narrative plays an important role in supporting further analysis 

related to the characteristics of the area and the contributing 

factors that influence the occurrence of flooding. 

 

 
 

Figure 10. Visualization of flooded and non-flooded locations 

 

Figure 10 presents a visualization of flooded and non-

flooded point locations based on environmental data, which 

include a total rainfall of 65,000 mm, total waste accumulation 

of 26,700 kg/m², a total flooded area of 5,600 m², and a non-

flooded area of 4,400 m². In the map, red symbols represent 

points that experienced flooding (class 1), while green 

symbols indicate points that were not flooded (class 0). This 

visualization is used to observe the spatial distribution of flood 

events and the patterns of their spread in relation to the 

environmental parameters being analyzed. It provides an 

initial understanding of the regional conditions and the level 

of flood vulnerability based on the available data. 

 

 

9. CONCLUSIONS 

 

This study proposed and implemented a GeoAI-based flood 

potential monitoring framework for Palembang City by 

integrating CHIRPS rainfall data and Sentinel-2–derived 

waste accumulation information using a 2D CNN. The 

integration of hydrological and anthropogenic factors 

represents a novel contribution, as waste accumulation is 

explicitly incorporated as a key variable influencing urban 

flood potential, particularly in lowland cities with dense river 

and drainage networks. 

The data processing workflow, which combined grid-based 

spatial sampling and temporal augmentation through monthly 

compositing, successfully increased the representativeness of 

spatial and temporal variability from 2019 to 2025. This 

approach generated 7,200 spatiotemporal samples, enabling 

the CNN model to effectively learn complex spatial–temporal 

relationships between rainfall intensity, waste accumulation, 

and flood occurrence while preserving the physical 

characteristics of the original data. 

Model evaluation results demonstrate that the proposed 2D 

CNN achieved a satisfactory performance, with an overall 

accuracy of 0.73. The flooded class obtained a higher recall 

(0.80), indicating strong sensitivity in detecting flood events, 

while the F1-score values for both flooded (0.73) and non-

flooded (0.69) classes reflect a balanced classification 

capability. The ROC–AUC analysis yielded an AUC value of 

0.742, confirming moderate to good discriminative 

performance across varying decision thresholds. Furthermore, 

the 5-fold cross-validation results, with a mean F1-score of 

0.7080 and mean AUC of 0.7469, indicate that the model is 

stable, does not suffer from overfitting, and generalizes well 

across different spatial and temporal data partitions. 
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Spatial flood potential mapping reveals that areas 

experiencing high rainfall combined with concentrated waste 

accumulation along river corridors and residential zones 

exhibit higher flood susceptibility. These findings emphasize 

the significant role of waste accumulation as an anthropogenic 

factor that exacerbates urban flooding by reducing drainage 

and river flow capacity. 

In conclusion, the integration of rainfall and waste 

accumulation data within a GeoAI-based CNN framework 

provides an effective and scalable approach for urban flood 

potential monitoring. The proposed model offers practical 

support for early warning systems, urban drainage 

management, and data-driven flood mitigation strategies. This 

framework can be adapted and extended to other flood-prone 

urban areas with similar environmental and socio-spatial 

characteristics, contributing to more resilient and intelligent 

urban flood management systems 
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