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Abstract 
 
Flood susceptibility mapping (FSM) is a crucial component of flood management strategies; however, traditional statistical and 
machine learning methods for FSM are limited in their predictive capabilities. FSM approaches typically use static inputs, relying 
solely on geospatial factors, and typically overlook the spatiotemporal aspects (antecedent conditions) that trigger flood events. This 
study addresses this gap by developing a hybrid model that combines static geospatial features with dynamic temporal meteorological 
data, which is often excluded in FSM. The proposed hybrid model consists of two branches: (1) a 2D Convolutional Neural Network 
(CNN) to extract the features from geospatial inputs (i.e., slope and surficial geology) and (2) a Convolutional Long Short-Term 
Memory (ConvLSTM2D) network to learn the temporal antecedent conditions from Daymet precipitation, temperature, and snow-
water equivalent. This model was trained and tested in the Saint John River basin, New Brunswick, Canada — a region that has 
experienced significant historical flooding. Three hyperparameters were investigated: temporal sequence length (1–4-month 
timesteps), resampling ratio (0.1-0.7), and positive class weight (1.5 or 2.0). The optimal model (F1 = 0.89) was achieved with a 3-
month timestep, a 0.2 resampling ratio, and a 1.5 positive class weight, capturing the full snowmelt-to-rain spring cycle and 
outperforming models with 1-, 2-, or 4-month timesteps. The proposed 2D CNN-ConvLSTM2D architecture is effective in 
simultaneously learning the static geospatial features and temporal meteorological sequences, highlighting the importance of seasonal 
antecedent conditions in FSM. 
 
 

1. Introduction 

Worldwide, floods are the most destructive (Kundzewicz et al., 
2014) and costly natural hazard, particularly in Canada, in terms 
of direct damage to infrastructure (Canada, 2022). Expanding 
urban development and rising temperatures due to climate change 
have made extreme weather events more frequent and intense, 
increasing flood susceptibility and worsening consequences 
(Badillo-Rivera et al., 2025; Tellman et al., 2021). This increased 
cascading hazard necessitates accurate spatial and flood 
mitigation tools such as flood susceptibility mapping (FSM) for 
planners, policymakers and emergency services (Mosavi et al., 
2018). 
 
FSM is traditionally performed using statistical models (such as 
the Frequency Ratio and Logistic Regression) and standard 
Machine Learning Algorithms (such as Random Forest (RF) and 
SVM) (Khalid and Khan, 2024). These methods are well-
established and highly effective (Khosravi et al., 2019) at 
modelling the relationships between static geospatial inputs (such 
as slope and land cover) and flood probability (LeCun et al., 
2015; Tehrany et al., 2014). However, traditional FSM 
approaches are static, treating all inputs as fixed in time. 
Therefore, antecedent conditions, which may be dry or wet 
(resulting from weeks of heavy rainfall), may be overlooked. The 
inability to capture temporal dynamics is a significant weakness, 
as floods are inherently time-dependent events. 
 
Although traditional ML methods, such as RF, Extreme Gradient 
Boosting (XGBoost), and Artificial Neural Networks (ANNs), 
have achieved high performance, they overlook spatial 
relationships among geographic locations (Wang et al., 2025). 
Preprocessing techniques for these models often require spatial 
interpolation to account for dependencies; therefore, the resulting 
flood susceptibility models may exhibit poor generalizability (a 
flood or non-flood location may appear identical) (Wang et al., 

2025). These limitations can be addressed by deep learning 
models, such as Convolutional Neural Networks (CNN), which 
can process raw spatial data and thereby capture feature 
dependencies (LeCun et al., 2015; Wang et al., 2025). CNN can 
process original raw data directly without requiring feature 
engineering (Wang et al., 2020; Zhao et al., 2020). CNNs extract 
features and automatically learn complex spatial relationships 
from grid-based raster data, making them highly appropriate for 
FSM (Wang et al., 2020). CNNs in FSM analyzes pixels and 
predicts the probability of a flood at that pixel. In the context of 
CNN learning, each pixel contains multiple bands, with each 
band as a flood conditioning factor (such as slope) (Wang et al., 
2020). CNNs have recently been used in flood susceptibility 
modelling with the use of static inputs (DEM, slope, etc.), 
showing greater performance over traditional modelling (Wang 
et al., 2025, 2020; Zhao et al., 2020); however, this superiority is 
dependent on the CNN’s architecture and hyperparameters, and 
they are still limited in handling temporal features.  
 
Deep learning models that analyze temporal patterns, such as 
Recurrent Neural Networks (RNNs), specifically Long Short-
Term Memory (LSTM) networks, are widely used for modelling 
time-series data, as they can capture temporal dependencies. 
LSTM models have been utilized in flow forecasting, with inputs 
that include time-series data such as rainfall and temperature 
from gauge stations (Fang et al., 2021; Kratzert et al., 2019; 
Snieder and Khan, 2025). LSTM models excel at capturing 
temporal patterns; however, they lack the spatial awareness 
necessary for FSM.  
 
Current FSM approaches often overlook integrating both the 
spatial and temporal aspects of flooding. This study tackles this 
gap by proposing a hybrid spatiotemporal deep learning model. 
Seasonal meteorological data are typically not included in flood 
susceptibility mapping (FSM) but have been shown to improve 
flood probability predictions (Dunbar et al., 2025; McGrath and 
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Gohl, 2022). The inclusion of seasonal meteorological data 
introduces a temporal aspect to the typically static FSM input 
dataset, capturing spatiotemporal dynamics of freshet flooding 
where the timing of snowmelt and spring saturation are critical 
determinants of flooding onset. 
 
CNN-LSTM modelling has been used widely in spatiotemporal 
applications, including flood forecasting, traffic prediction, and 
landslide susceptibility (Fang et al., 2020; Khorram and Jehbez, 
2023; Zhao et al., 2021). Since meteorological data are typically 
not used in FSM, CNN-LSTM have also yet to be applied to 
FSM. This project aims to utilize a hybrid CNN-ConvLSTM 
model for integrating meteorological data into flood 
susceptibility mapping. The 2D CNN branch will extract the 
spatial features from the static inputs, while the ConvLSTM2D 
branch will analyze a sequence of 2D rasters (meteorological 
inputs). This allows the model to learn the spatiotemporal 
patterns of meteorological data (Shi et al., 2015). When feature 
vectors from both branches are concatenated, the model can learn 
how the complex relationship between a specific sequence of 
weather and the particular landscape results in a flood. 
 
The primary aim of this research is to develop and evaluate the 
dual-branch spatiotemporal FSM model. Specifically, a hybrid 
2D CNN and ConvLSTM2D is implemented, incorporating both 
geospatial data (in the 2D CNN branch) and seasonal 
meteorological data (in the ConvLSTM2D branch) to ultimately 
observe seasonal trends in flood susceptibility. Additionally, the 
impact of three hyperparameters is investigated: the temporal 
sequence length, data class imbalance (by resampling), and 
positive class weighting (or cost-sensitive learning). This 
approach aims to address two challenges in flood prediction 
modelling: defining the optimal spatiotemporal window for the 
model and identifying the most effective strategy to overcome the 
inherent class imbalance in flood datasets. The model is 
evaluated using four metrics (AUC, F1 Score, Precision, and 
Recall), with 95% confidence intervals from bootstrap analysis.  
 
This research focuses on the St. John’s River in New Brunswick, 
Canada. The paper is organized as follows: Section 2 describes 
the study area, data preparation, model architecture, and 
experimental design. Section 3 presents the results of the 
hyperparameter tuning and the performance of the final model. 
Finally, Section 4 discusses the research limitations and outlines 
future research directions. 
 

2. Methods 

2.1 Study Area 

The study area comprises the lower Saint John River basin in 
New Brunswick, Canada, with the nine Canadian National Hydro 
Network (NHN) work units depicted in Figure 1 covering 
approximately 28,446 km2. This area has experienced significant 
historical flooding with contributors from heavy rainfall and 
rapid spring snowmelt. 
 
2.2 Data Collection  

The data collected, along with their sources, that are used in this 
research are shown in Table 1. Meteorological inputs were 
obtained from the NASA Daymet portal, which consists of daily 
minimum and maximum temperatures, total precipitation, snow 
water equivalent, and vapour pressure. The static geospatial 
inputs were derived from the Canadian Medium Resolution 
Digital Elevation Model (MRDEM). The spatial reference 
parameters are shown in Table 2. 

 
The NAD 1983 UTM Zone 19N is the standard for the highest 
accuracy and lowest projection distortion for the study area 
(Canada, 2009). Since the original DEM has a 30-metre 
resolution, the derived features from the DEM were also assigned 
a 30-m resolution, resulting in dimensions of 9,533 x 8956 pixels, 
from which 32x32 patches were extracted. 
 

 
 

Figure 1: Study area showing nine of the Canadian NHN work 
units/ basins clipped by the New Brunswick 
provincial boundary. 

 
Features with lower resolution, such as NDVI and Daymet 
meteorological data, were resampled to 30 m. Land use/land 
cover and surficial geology vectors were converted to raster 
format and then resampled. This step was critical for preparing 
the data for the CNN modelling since the fully connected dense 
layer in the model architecture requires a flattened 1D vector and 
thus a uniform input dimension. The model architecture is 
explained further in Section 2.4. 
 
Data Source 
Min/ Max Temperature, Total 
Precipitation, Mean Vapour 
Pressure, Snow Water 
Equivalent (SWE) 

NASA EarthData portal 
(Earth Science Data Systems, 
2025; Thornton et al., 2021) 

DEM, HAND, Euclidean 
Distance to Rivers (EUC), 
Slope, Aspect, Topographic 
Position Index (TPI), Terrain 
Ruggedness Index (TRI) 

MRDEM (Canada, 2025a) 
Derived from MRDEM using 

Whitebox Tools (Lindsay, 
2016). 

Land Use / Land Cover 2020 
(LULC)  

North American Land 
Change Monitoring System 

(Pasos, 2024) 
Surficial Geology Government of Canada 

Surficial Geology Map (N. R. 
Canada, 2024) 

Normalized Difference 
Vegetation Index (NDVI)  

Government of Canada NDVI 
(Canada, 2024) 

Flood & Non-Flood 
Inventory Data 

Government of Canada Flood 
Archive (Canada, 2025b) 

 
Table 1: List of data used and their sources 
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2.3 Input Data 

The input used includes both static and dynamic inputs. Static 
inputs are the properties of the study area that are assumed to 
remain relatively consistent over time. Dynamic inputs change 
over time. The combination of static and dynamic inputs 
necessitates the use of a model that understands the static patterns 
and the changing inputs.  

 
Spatial Reference Parameter Value 
Datum NAD 1983 CSRS 
Projected Coordinate System NAD 1983 / UTM Zone 19N 

(EPSG: 2960) 
Cell Size 30 m* 

 
Table 2: Spatial reference parameters used. *NDVI and Daymet 

meteorological 1 km resolution data were reprojected 
and resampled using a bilinear technique to create a 
30 m grid to match the other raster data 

 
2.3.1 Static Inputs consist of continuous and categorical 
inputs that are often used in flood susceptibility mapping (Khalid 
and Khan, 2024). Static continuous inputs are shown in Figure 2. 
 
The categorical inputs, land use/ land cover and surficial geology, 
were one-hot encoded before model training. For areas that were 
missing categorical data (surficial geology), these areas were 
assigned a value of 0.0, indicating that they did not belong to any 
class. 
 
Aspect, slope, EUC, HAND, TPI, and TRI were derived from the 
MRDEM using Whitebox Tools. Aspect describes the compass 
direction that the slope is facing, determining the exposure to 
hydro-geological processes (solar radiation, wind). Slope 
represents the steepness of the land surface, which influences the 
velocity and potential for surface runoff. The Euclidean distance 
to rivers (EUC) is the shortest possible path between a location 
and the river. Fluvial floods will inevitably inundate areas closer 
to the river first; therefore, proximity to the river is typically 
associated with higher flood susceptibility. The height above 
nearest drainage (HAND) describes the DEM in terms of the 
drainage network. Finally, the topographic position index (TPI) 
and terrain ruggedness index (TRI) were also derived to quantify 
the texture and shape of the landscape. TPI values range from -1 
to 1, where negative TPI values indicate areas that are lower on 
average compared to their surroundings (i.e., stream channels and 
valleys). Positive TPI values are areas that are higher on average 
than their surroundings, which is typically associated with lower 
flood susceptibility. The Terrain Ruggedness Index (TRI) 
describes the roughness of the terrain, quantifying the elevation 
change at a given location. Low TRI values represent flat areas, 
while high TRI values are areas that have many elevation 
changes. The NDVI data are available for Julian weeks 15 to 41 
(growing season) per year. 
 
2.3.2 Dynamic Inputs; Meteorological inputs, shown in 
Figure 3, are not typically included in flood susceptibility 
mapping. Few studies have included precipitation in FSM 
(Khalid and Khan, 2024; McGrath and Gohl, 2022). For areas 
with missing data, rasterio inverse distance weighting was used 
to interpolate missing values. Meteorological data from the a 
sequence of four 30-day (monthly) timesteps antecedent to each 
flood event were used and aggregated into 30-day (monthly) 
intervals. NDVI data from a four-week window immediately 
preceding each flood event was used.  
 

 
 
Figure 2: Static geospatial inputs (30-m resolution): aspect, 

DEM, EUC, HAND, land cover, surficial geology, 
slope, TPI, TRI, and NDVI (May 2005) 

 
Flood Inventory; The flood inventory was obtained from the 
Canadian Flood Archive, where flood extent polygons were 
generated by Natural Resources Canada (NRCan) in response to 
major flood events, utilizing satellite imagery for emergency 
response (Canada, 2025c). The flood extent polygons were 
rasterized, creating binary target maps for model training and 
validation. Floods from the St John in New Brunswick were 
included from 2005 to 2019. Flood events that occurred over 
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multiple days were merged to obtain the maximum flood event, 
resulting in 15 distinct flood events. All flood events occurred in 
either April or May. The May 2008 flood event is shown in 
Figure 4.  
 

 

 
 
Figure 3: Subset of Daymet precipitation, minimum/maximum 

temperature, snow water equivalent and vapour 
pressure. All Daymet data were resampled to 30-m 
resolution. 

 
2.4 Model Development 

The model architecture is shown in Figure 5, which was adapted 
from Khorram & Jehbez (2023). The CNN-LSTM model was 
created using the Keras/ TensorFlow package and Python version 
3.11.13. The geospatial and meteorological data were handled 
separately in the model's dual branches.  
 
The CNN branch (left) handled the geospatial inputs, including 
NDVI. Although processed within the static branch as a single 
temporal snapshot per sample, the NDVI data were matched to 
the specific flood year to account for the annual variations in 
vegetation density. The geospatial raster inputs were processed 
through the Conv2D layer, resulting in an input tensor of (32, 32, 
N); this corresponds to the 32x32 spatial patch dimensions and 
the geospatial feature channels that includes the topographic 
inputs, one-hot encoded surficial geology and land cover 
categories, and NDVI. A 3x3 kernel was applied to each 32x32 
patch, ultimately creating 32 feature maps. The dimensions of the 
32 feature maps are reduced by max pooling while retaining the 
most important information. A 25% dropout was applied, 
temporarily deactivating 25% of the cells at random within each 
feature map to prevent the model from relying too heavily on a 
single feature. This was followed by a second Conv2D layer, 

which used a 3x3 kernel to detect more complex patterns, 
producing 64 feature maps. Max pooling and a 25% dropout were 
used again before flattening the feature maps to a single 1D 
spatial feature vector. Because the static branch represents one 
temporal snapshot, the geospatial inputs are processed through 
the Conv2D layers only once per patch. The static branch is then 
concatenated with the spatiotemporal vector generated by the 
ConvLSTM2D branch. 
 

 
 

Figure 4: May 2008 flood event 
 

The ConvLSTM branch (right) processes the daily Daymet 
meteorological data, which consists of five variables: 
precipitation, maximum temperature, minimum temperature, 
snow water equivalent, and vapour pressure. To capture seasonal 
trends, the daily Daymet values were aggregated into antecedent 
30-day (monthly) values, where precipitation was calculated as a 
total sum, while the remaining four variables were averaged. For 
each iteration, a total of 44,800 patches were extracted across the 
15 flood events (with a 70/15/15 training/validation/testing split).  
 

 
Figure 5: CNN-ConvLSTM2D model architecture 

 

CNN

LSTM

Geospatial Inputs
(Continuous & Categorical)

Conv2D + MaxPooling

Dropout

Conv2D + MaxPooling

Dropout

Flatten

Geospatial Inputs
Feature Vector (1D)

Concatenated Feature Vectors

Meteorological Inputs

ConvLSTM2D

Dropout

Flatten

Meteorological Inputs
Feature Vector (1D)

Fully Connected Dense Layer

Dropout

Output Prediction
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Four timesteps (t-1, t-2, t-3, and t-4) were tested for the LSTM, 
resulting in an input tensor of (t, 32, 32, 5) per sample; this 
represents the number of time steps, the 32x32 spatial patch 
dimensions, and the five meteorological features. The 
meteorological inputs were processed by the ConvLSTM2D 
layer, which generated 32 feature maps. A 50% dropout was used 
before flattening into a 1D feature vector. Following the 
independent feature extraction in both branches, the geospatial 
vector from the CNN and the meteorological 1D feature vector 
from the ConvLSTM were concatenated in a late fusion stage. 
This integrated feature set was then fed into the fully connected 
dense layer. A final 50% dropout rate was used before predicting 
flood susceptibility between 0 and 1 using the sigmoid activation 
function. 
 
Two parameters (positive class weighting and balance ratio) were 
investigated to handle the class imbalance inherent in flood data. 
Given that the flood class is in a significant minority compared 
to the non-flood class, flood prediction models will be biased 
towards the non-flood class, resulting in lower performance on 
rare but critical flood events (Diallo et al., 2025; Khosravi et al., 
2019). To overcome this bias, this study investigates and 
optimizes two strategies for addressing class imbalance: data 
resampling (using a balance ratio) and cost-sensitive learning 
(utilizing a positive class weight). 
 
The balance ratio parameter controls the percentage of flooded 
areas (or data composition) that the model sees during training. 
A balance ratio of 0.10 represents a training batch that contains 
10% flooded patches and 90% non-flooded patches. Balance 
ratios between 0.10 to 0.60 were investigated. The positive class 
weighting parameter controls the degree to which the model is 
penalized for incorrect predictions during training. A class 
weight of 2.0 means that the loss from a mistake on a flood patch 
is multiplied by 2.0. Positive class weights of 1.5 and 2.0 were 
investigated. This parameter indicates that missing flood patches 
are more critical than missing non-flood patches.  
 

Parameter Value 
Package Keras/ TensorFlow 2.0 
Training/ Validation 
/Test split 70/15/15 (sequential) 

Learning rate 1e-4 
Optimizer Adam 
Patch size 32 x 32 
Batch size 16 (the number of patches model sees 

before updating weights) 
Epochs 100 
Steps per epoch 500 
Early stopping 5 (based on validation auc_roc) 
Activation function  ReLu (Conv2D and ConvLSTM2D) 

Sigmoid (output) 
Flood threshold Optimal threshold found from the 

highest F1 score 
Positive class 
weighting 1.5, 2.0 

Balance ratios 0.10, 0.20, 0.30, 0.40, 0.50, 0.60, 
0.70 

Temporal depths 
(months) 1, 2, 3, 4 

 
Table 3: Model architecture and hyperparameters used for the 

hybrid CNN-ConvLSTM.  
 
A third hyperparameter investigated is the temporal window, for 
the ConvLSTM2D branch, which defines the number of 

antecedent 30-day averages of the meteorological rasters 
(precipitation, minimum and maximum temperature, snow-water 
equivalent, and vapour pressure). For instance, a flood event in 
April, ts = 3 would create input sequences 30 days before March, 
February and January, starting from the day before the flood 
event. The other model parameters are outlined in Table 3. 
 
2.5 Model Evaluation 

To evaluate the model’s classification capabilities, the following 
metrics were calculated: F1 score, recall, precision, and AUC-
ROC. Recall describes the model’s ability to find a flood. A high 
recall is a model that has few false negatives (missed floods). 
Precision describes the model’s reliability. A model with high 
precision has a low rate of false positives. There is often a trade-
off between recall and precision, which the F1 score can describe. 
A high F1 score results from having a high recall and precision. 
AUC-ROC is the area under the receiver operating characteristic 
curve and describes the model’s ability to differentiate between a 
flood and a dry area. An AUC of 1 is a perfect model, while an 
AUC of 0.5 is a model that does not perform better than random 
guessing. To obtain the highest F1 score, the optimal flood 
threshold was found. The final metrics were then calculated using 
this optimal threshold. Additionally, bootstrap analysis was 
performed during testing to obtain 95% confidence intervals for 
each metric. 
 

3. Results 

The performance results across three parameters—timestep (ts), 
balance ratio (br), and positive class weight (cw)—are displayed 
in Figure 6. 
 
The F1 score is the harmonic mean of recall and precision, and 
yields high scores when a high number of true positives is 
achieved (correct prediction of the floods), making it particularly 
suitable for imbalanced datasets (Diallo et al., 2025). The highest 
performing model belongs to the group that had the previous 
three months of meteorological data (t = 3). Models with 
timesteps = 1 and 2 perform well, with their peak at 0.88. Four 
timesteps show a clear decline in model performance. The single 
best-performing model is the t = 3, bw = 0.2, and cw = 1.5 model, 
with an optimal F1 score range of 0.87 to 0.91. The lowest 
performance is achieved with a balance ratio of 0.1, where the 
model is trained on a dataset containing only 10% flood patches. 
No clear pattern is observed across the three parameters for the 
F1 score.  
 
The recall and precision results highlight the trade-off between 
the two metrics. Like the F1 score, no clear pattern is observable 
across the three parameters. In the t–4 models, a class weight of 
2.0 resulted in higher performance; however, this is not the case 
for the other timesteps. The performance neither decreases nor 
increases with undersampling or oversampling. In the t = 3, bw = 
0.2, and cw = 1.5 model, the F1 score was the highest due to the 
significant gain in precision. 
 
The AUC-ROC decreases slightly but consistently as the balance 
ratio increases (except for t = 2, br = 0.1, which had the highest 
AUC-ROC). Across all three parameters, all models exhibited 
high AUC-ROC values (ranging from above 0.95 to as high as 
0.99) and demonstrated a strong ability to distinguish between 
flood and non-flood patches. Unlike the F1 score, where the 
performance peaked at t = 3, the highest AUC is with t = 1, 
however, the differences between the timesteps are slight. For 
AUC-ROC, the performances across the class weighting are 
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generally in agreement, suggesting the models were not sensitive 
to the class weights in terms of AUC.  
 
Figure 7 compares the flood susceptibility output (top) with the 
observed flood extent from April 2019 (bottom). The observed 
flood extent for April 2019 clearly follows the St. John River 
along the main river body and its many tributaries. The predicted 
flood susceptibility map displays the range of susceptibility 
values between 0 and 1, generated by the best-performing model 
with parameters ts = 3, cw = 1.5, and br = 0.2 (F1 score = 0.89, 
recall = 0.86, precision = 0.92, AUC = 0.99). The optimal 
threshold for this model is 0.36, where a score of 0.36 or higher 
predicts a flood. A score of 0.36 or lower indicates a low 
probability of flooding and is depicted in white. 
 

 
Figure 6: Model performance using the optimal threshold with 

95% confidence intervals by metrics: F1, Recall, 
Precision, and AUC ROC. 

 

The highly susceptible areas align almost exactly with the 
observed flood extent, showing the model has successfully 
learned the appropriate relationship between floods and their 
triggers for this study area. The full extent of the flood was 
slightly underpredicted (as can be seen visually and inferred from 
recall = 0.86). The missed regions, specifically in the 
southwestern part of the study area, include permanent water 
bodies, such as Oromocto Lake. The observed flood extent, 
generated from emergency-response satellite imagery, may not 
differentiate between permanent water bodies and temporary 
floodwaters. The trained model assigned these under-predicted 
areas as having low flood susceptibility, demonstrating its ability 
to distinguish between floodplains and existing water bodies.  
 

4. Discussion 

To generate a continuous flood susceptibility map for visual 
evaluation (Figure 7), a sliding window strategy was used. The 
best performing model predicts a single susceptibility value for 
each 32x32 patch, which is assigned to the patch’s centre pixel. 
As the sliding window moves across the study area pixel by pixel, 
the final flood susceptibility map retains the original 30 m spatial 
resolution. The highest performance (F1 Score = 0.89) was 
achieved with a model using a 3-month timestep, a 0.2 balance 
ratio and a 1.5 positive class weight. This finding indicates that 
model performance is dependent not only on architecture but also 
on temporal depth and the method to handle class imbalance 
(resampling and cost-sensitive learning). 
 
The F1 scores peaked at timesteps = 3, with lower performance 
at ts = 1, 2, and 4. The previous month or two (ts = 1 and 2) were 
likely insufficient in predicting floods. For the April Spring flood 
in New Brunswick, the model performed best when trained on 
the preceding three months, specifically on the snowpack 
accumulation (swe) in January and February, before the spring 
snowmelt (tmax) and rainfall (prcp) in March. The addition of the 
preceding fourth month may have introduced noise to the model; 
meteorological data from December may not be as important to 
an April flood. The higher performance in the 3-month timestep 
confirms the importance of seasonal consideration for flood 
susceptibility mapping in this region. This result was expected 
due to the typical hydrological timeline of a spring freshet, where 
snow accumulates in winter, followed by melting as temperatures 
rise and precipitation events occur in spring. 
 
The two options for positive class weighting (penalty for missed 
floods) resulted in roughly similar precision and recall. The 
difference in weight may not have been large enough to cause 
significant differences in model performance. The F1 score 
results show that a resampling ratio of 0.1 is insufficient. An 
increase in performance is observed with cw = 0.2, and 
interestingly, it drops again at cw = 0.3. Higher balance ratios 
(oversampling) are not necessarily better either. This is 
particularly the case for AUC, where AUC values drop as 
resampling ratios increase. There appears to be a sweet spot at a 
balance ratio of 0.2, where a data composition with fewer flood 
instances (which represents reality) is more beneficial for model 
learning, which is advantageous for an imbalanced problem such 
as flood mapping. 
 
Overall, the high F1 scores and AUC from the group of models 
show that the hybrid dual-branch model is effective in predicting 
floods. The 2D CNN branch successfully extracted the static 
geospatial relationships where water can flow, while the 
ConvLSTM2D branch successfully extracted the spatiotemporal 
aspects, learning when the water is likely to flow. Even with a 
low balance ratio (fewer instances of flood patches), the model 
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was able to predict the correct location of the flood as seen in 
Figure 7. The high performance of the hybrid architecture 
highlights the necessity of both branches. While a formal ablation 
study was not conducted, a previous 1D feature selection study 
has demonstrated that meteorological drivers alone are 
insufficient for accurate flood susceptibility modelling without 
the geospatial inputs.  
 

 
Figure 7: Flood susceptibility map (top) for the April 2019 versus 

the actual flooded areas (bottom) 
 

5. Conclusion 

A hybrid 2D CNN-ConvLSTM2D model was developed for 
flood susceptibility modelling, showing that the combined use of 
static geospatial features with dynamic meteorological data is an 
effective approach for flood susceptibility mapping. The model 
performance is sensitive to spatiotemporal hyperparameters. The 
optimal model was obtained using a 3-month temporal window, 
a 0.2 resampling ratio, and a 1.5 positive class weight, resulting 
in an F1 score of 0.89. The spatiotemporal approach captures the 
time-dependent relationship between antecedent conditions and 
the physical landscape. This approach moves beyond traditional 

static flood mapping, contributing to more accurate and dynamic 
flood management. 
 
5.1 Limitations 

This research contains multiple limitations. The model combines 
low-resolution temporal data (1 km) with higher-resolution static 
data (30 m). The lower-resolution data were resampled to match 
the highest-resolution data, which is required for CNN 
modelling. The hybrid CNN-ConvLSTM2D is a complex model; 
the performance gain should be evaluated to determine whether 
it is significant enough relative to a simpler model, such as 
Random Forest, to justify the substantial preprocessing and 
training time. This study trained and tested the models at a single 
location, which is subject to a single hydrological narrative 
characterized by spring snowmelt floods. The models in this 
study may not perform as well in regions dominated by different 
hydrological mechanisms.  
 
5.2 Future Work 

Future work will include testing the model’s spatial 
generalizability and evaluating it in a different location. The 
temporal generalizability will also be tested. All the flood events 
in this study occurred in the spring. The same model may not 
accurately predict a flood in the autumn due to different 
hydrological conditions. Previous work trained a standard 
XGBoost model with both static geospatial and temporal 
meteorological inputs. The performance of this XGBoost model 
will be compared with that of the hybrid CNN-ConvLSTM2D 
model to assess whether the performance gain is sufficient to 
warrant using  a more complex model. Other model architectures, 
such as a fully connected convolutional network (U-Net) and 
Transformers, also show high potential for spatiotemporal FSM 
and should be explored. Additionally, the incorporation of 
climate change impacts will be analyzed by using climate 
projections to create future flood susceptibility projections. 
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