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Abstract

The objective of this study is to develop an intelligent flood forecasting system based on the integration of satellite and
ground-based hydrometeorological data using machine learning algorithms in the Orange visual analytical environment.
The aim of the article is to improve the accuracy and efficiency of forecasting extreme hydrological events, as well as to
simplify the process of building forecasting models through the use of an interface that does not require programming. The
methodological basis of the study is the formation of a synthetic multivariate dataset combining satellite vegetation indices
NDVI and LST temperature with meteorological parameters such as precipitation, temperature, humidity, and water level.
Random forest, gradient boosting (XGBoost), and multilayer perceptron (MLP) algorithms were used to build and validate
the models. All stages from data loading and pre-processing to visualization and interpretation of results are implemented
in the Orange environment using cross-validation and feature significance assessment. The results obtained demonstrated
high forecast accuracy (up to 94%), especially when using ensemble and deep models. The significance of satellite data is
confirmed by analyzing the contribution of features to the final classification. The developed forecasting model can be
adapted to various geographical conditions and integrated into existing monitoring and early warning platforms. The
proposed approach has high applied value and demonstrates the potential for using modern big data analysis technologies
and artificial intelligence methods in the tasks of reducing the risk of natural floods.
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1. Introduction

Floods are among the most frequent and destructive natural disasters, annually causing significant economic losses,
human casualties, and environmental degradation. In the context of global climate change, increased precipitation intensity
and the growth of urbanized areas make the problem of timely forecasting and warning of floods especially urgent [1, 2].
Particularly vulnerable are the regions of Central Asia, Kazakhstan, and South Asia, where natural, climatic, and
infrastructural conditions exacerbate the consequences of such natural disasters.

Traditional methods of hydrological forecasting based on statistical models and expert assessments do not always
allow for adequate consideration of the nonlinearity of processes, a large number of interrelated factors, and the complex
spatio-temporal structure of data [3-5]. Hydrological models such as HEC-HMS, SWAT, and MIKE-SHE require detailed
input parameters and complex calibration, which reduce their adaptability in conditions of rapidly changing weather and
geographical factors. With the advent of Big Data technologies and the development of machine learning methods, more
flexible and accurate approaches for analyzing and modeling complex natural processes have become available [6-9].
Modern studies demonstrate the high efficiency of using ensemble algorithms such as Random Forest, XGBoost, and
multilayer neural networks in flood and inundation prediction problems [10-12]. In particular, recent studies have focused
on the use of satellite remote sensing data, such as NDVI, LST, precipitation, and water levels, as additional sources of
information for building predictive models [13-15]. Examples of successful integration of satellite data and machine
learning algorithms are presented in studies on Vietnam, India, and Afghanistan, where accurate flood maps were
constructed and risk assessment models were developed using NDVI indices and SAR images [16, 17]. In the countries of
Central Asia and Kazakhstan, similar solutions are still in the initial stages of development, despite the high risk of floods
in spring and summer. Although successful examples of machine learning applications in hydrology exist, most current
solutions require programming skills and knowledge of specialized platforms, which limits their use in practical
applications and interdisciplinary projects. Additionally, few studies focus on visual data analysis environments that can
simplify the construction and implementation of intelligent systems [18-20].

This article proposes an original approach that combines the analysis of satellite and meteorological data, the
application of machine learning algorithms, and the use of the Orange visual environment, which does not require
programming skills. The novelty of the study lies in the creation of an integrated intelligent flood forecasting system
developed entirely in a visual interface, making it accessible to a wide range of specialists, including employees of
environmental and monitoring organizations.

The developed model demonstrates high forecasting accuracy, resilience to missing values, and the ability to adapt to
various geographic conditions and data sources. The proposed approach implements a hybrid architecture combining
Random Forest, XGBoost, and multilayer neural networks, which provides a comprehensive analysis and interpretation of
flood risks. The integration of satellite indicators (NDVI, LST), meteorological parameters (precipitation, water level, etc.)
allows for accurate diagnostics and forecasting of hydrological development scenarios.

Thus, the presented study contributes to the development of intelligent technologies for monitoring natural risks,
emphasizing the practical value of combining Big Data capabilities, machine learning algorithms, and visual data analysis
tools to build sustainable solutions in the field of emergency management.

2. Materials and Methods

In this paper, an intelligent flood forecasting system was developed that integrates satellite and ground-based
hydrometeorological data. Analysis and model building were performed in the Orange visual software environment, which
provides a flexible graphical interface for building data processing and machine learning pipelines.

2.1. Data
For the modeling, a synthetic dataset was created that mimics real parameters, including:
e Average daily precipitation (mm);
River water level (m);
Relative humidity (%);
Vegetation index NDVI;
Surface temperature LST (°C);
Flood event indicator (target class: O - no flood, 1 - flood).
The data was normalized, encoded (where required), and split into training and testing sets. Ten-fold cross-validation
was used for validation.
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Figure 1.

Structure of a flood forecasting dataset.

Figure 1 shows the structure of the initial dataset used to build a flood forecast model in the Orange visual
environment. The dataset consists of six features, each of which plays a specific role in the modeling process.

Five variables (datetime, NDVI, LST_C, precipitation_mm, river_level_cm) are specified as numeric and serve as
input features reflecting meteorological and satellite parameters of the environment. In particular, the NDVI (Normalized
Difference Vegetation Index) and LST_C (Land Surface Temperature) indices are obtained from satellite observations and
enable consideration of the vegetation and thermal characteristics of the territory. The precipitation_mm and
river_level_cm variables are key hydrological indicators that are critical for flood risk modeling. The datetime variable is
used for chronological ordering of observations and seasonality analysis.

The target variable flood is categorical and takes binary values: 0 - no flood, 1 - flood. Thus, the modeling task is
reduced to a binary classification problem, in which the model is trained to determine the probability of a flood based on a
set of input factors.

This data structure enables the integration of heterogeneous sources of information and facilitates the development of
an intelligent forecasting system using modern machine learning methods.

463



International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 461-472

flood MDVI LST_C precipitation_mm river_lewvel_cm
T PR S —— 18 11090
> O 0.2 2188 9.47 95.93
A A
5 B 0.20 2042 sz 0 eeo2
M P p— 15.05 s.58 14753
s SR 0.69 33.39 s.08 57.71
s B 068 2996 _ R p—
. @ W - P e s2.92
s B oar oo Bes 54.97
N 4 P — 53.20
. 025 s0.72 (AR
. 0.04 2310 os 13310
1z _ 0.1 21.02 1.92 111.41
L J A
15 B 0.20 2178 T 10 T o1
L 29.97 sas ___ 7eo2
15 [N 0.62 1603 291 85.64
M A
w B oas . 5002 412 53.06
TEE T —— 123 eso2
18 _ 0.35 24.79 0.38 113.58
A A - A
. 0.74 2970 __ a2 - 7eas
B B — 207 1200
21 _ 0.40 30.89 2.29 117.82
A A _— A
B e o0 " 2429 272 0 727
23 [BR 025 2933 5.05 12130
2+ B 225 2754 469 7068
M A
25 B 036 3639 a0t eeas
s B 0.73 2727 _ ora . e239
o ese 2432 AP
N e p—— e p—
2 0.76 2993 2147 155.87
SR D ——— s gp— 52.30
s oaa 0 2457 L e320
2o osT 7 212s 043 9509
e ose  2so4 218 10585
S _ 0.36 28.52 21.40 138.66
A A
s ose 142 e 0 e220
N e 031 173 e p— T
37 OR 0.57 29.17 203 77.56
A A _-— A
S E——— 12.05 17.95 164,02
=8 oar . se2 | PR
40 _ 0.53 27.07 0.59 112.83
A A - A
a1 e 033 2028 __ d01 12634
. 027 1652 T R p—
a3 B 083 17.23 031 1121
. 0.75 2063 237 a7
as B 0.20 50.63 176 13655
BRI PR 463 103.30
47 (B 024 30.65 12 7831
s B 0.7 35.67 [ pp——T
s B 025 1600 | 052 . s3a0
50 _ — 0.25 27.45 T.22 138.62
Figure 2.

Visualization of parameters affecting flooding.

Figure 2 presents a visualization of the input parameters that potentially affect the probability of flood occurrence. The
data are presented in the form of a table displaying observations for four main features: NDVI (normalized vegetation
index), LST_C (surface temperature, °C), precipitation_mm (precipitation amount, mm), and river_level_cm (river water
level, cm). The flood column serves as a target binary variable, where 0 corresponds to the absence of a flood, and 1
indicates its presence. For clarity, each numerical parameter is visualized as a horizontal bar with variable length and color
differentiation. Extreme or anomalous values, which can be interpreted as potentially critical in terms of hydrological risk,
are highlighted in red.

The visualization analysis allows us to make the following observations:

Observations with recorded floods (flood = 1) demonstrate a combination of features such as high water levels in the
river (exceeding 120 c¢m), increased precipitation (more than 20 mm), and moderate NDVI values, which indicate a
possible decrease in the water absorption capacity of the vegetation cover.

In observations with flood = 0, these parameters remain within acceptable values, which correlates with the absence of
extreme hydrometeorological conditions.

Thus, this figure illustrates the importance of a comprehensive analysis of meteorological and geophysical factors in
flood forecasting. Visualization serves as a preliminary step in building machine learning models and helps identify key
variables for subsequent classification analysis.

2.2. Methodology of Analysis in the Orange Visual Environment

To develop an intelligent flood forecasting system, this work utilized the Orange visual data analysis software
environment, which offers an intuitive graphical interface for implementing the complete machine learning cycle—from
data loading to result interpretation. The analysis process included the following stages:
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2.2.1. Data Preprocessing

At the initial stage, data containing hydrometeorological and satellite parameters were loaded and structured into
Orange: NDVI, LST_C, precipitation_mm, river_level _cm, as well as the binary target variable flood. The data set
structure is shown in Figure 1.

The following procedures were used to correctly prepare the data for training the models:

Data import and filtering (File widget, Select Columns);

Processing missing values using the mean replacement method (Impute);

Converting categorical and numeric variables to a unified format (Continuize);

Normalization of features if necessary (for example, when using neural networks).
In addition, the Radviz and FreeViz projection methods built into the Orange visual environment were used for 2D
visualization of multidimensional data.

The Radviz method displays observations in a 2D plane by uniformly distributing features around a circle and
projecting instances to its center depending on feature values. This allows one to evaluate the distribution of classes and the
visual separability of the data.

The FreeViz method is an improved projection technique in which the directions of the axes are optimized for
maximum separation of classes. It is used to explore the importance of features and the relationships between them based
on their contribution to classification.

2.2.2. Model Training
Both ensemble and deep learning models presented in Orange were used to predict flood probability:
e Random Forest - a noise-robust random tree method;
e Gradient Boosting - gradient boosting over decision trees;
e Neural Network (MLP) - a multilayer perceptron.
All algorithms were connected to the Test & Score widget to perform cross-validation and evaluate the performance of
the models.

2.2.3. Evaluation and Interpretation of Results
The following metrics were used to quantitatively evaluate the quality of the predictive models:

e Accuracy;
e Precision;
e Recall;

e Fl-score (average weighted quality metric);
e  AUC (area under the ROC curve).
Additionally, feature importance was assessed using Rank and Tree Viewer widgets to identify the most significant
variables influencing flood event prediction (e.g., rainfall, NDVI, and water level).

2.3. Algorithmic and Mathematical Models

In this study, modern machine learning algorithms, combining both classical statistical methods and deep learning
models, were used to build an intelligent flood forecasting system. The applied models have the ability to identify complex
nonlinear relationships between meteorological and satellite parameters and target hydrological events.

Neural Networks (MLP ). MLP is a type of fully connected neural network consisting of an input layer, one or more

hidden layers, and an output layer. The signal transmission between layers is described by the formula:
al) = 5w Val) 4 p0) 1)

where a) is the activation of the | - th layer, w. weight matrix, b displacement vector, & - activation function
(e.g. ReL.U or sigmoid) [21-23].

Gradient Boosting (XGBoost). XGBoost is an improved implementation of gradient boosting over decision trees,
which efficiently minimizes the loss function by successively adding weak models. The iterative learning process is defined
as follows:

_1) _(t)
y =y +7-h(x) t=12..,T )
where 7 is the learning coefficient h, (x)is a weak classifier at the t - th iteration.

Random Forest. Random forest is an ensemble method based on constructing a set of decision trees, each of which is
trained on a random subsample of the training data. The final forecast is determined by voting among the trees. Formally,
the model can be represented as:

y = majority _vote(hy (x), hy (x)...., hy (x)) 3)
where h;(x)prediction of the i - th tree, N - total number of trees.
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2.4. Metrics for Assessing the Quality of Predictive Models

To quantitatively assess the efficiency of the constructed flood forecasting models, standard binary classification
metrics were used, allowing an objective comparison of the quality of different algorithms. In particular, the following
indicators were used [3, 24-26].

2.4.1. Accuracy (Proportion of Correct Predictions)
The metric indicates the overall accuracy of the model, i.e., the proportion of correctly classified examples (both
positive and negative) out of the total number of observations.

Accuracy = TP+TN 4)
TP +TN +FP + FN

where - number of true positive predictions (correctly predicted floods), - true negatives (correctly predicted absence of
floods), - false positives (the model erroneously predicted a flood), - false negatives (the model did not predict the flood
that occurred).

2.4.2. Precision (Positive Class Accuracy)
The metric shows what proportion of “flood" predictions are actually floods:
Precision = — " ®)
TP + FP
High accuracy means that among all the "danger" predictions, the majority were correct.

2.4.3. Recall (Completeness)
Shows how well the model is able to detect all actual flood events. The higher the recall value, the fewer actual events
are missed:

Recall = _TP (6)
TP + FN

In the context of natural disasters, high completeness is critical, as missed cases can lead to serious consequences.

2.4.4. F1-Measure (Harmonic Mean Between Precision and Recall)
F1 -score combines precision and recall into one metric, which is especially useful for imbalanced classes:
Fl_2. Prec.ls.lon-RecaII @
Precision+ Recall
By balancing false alarms and missed cases, the F1-score reflects the ability of a model to make accurate and complete

predictions at the same time.

2.4.5. AUC-ROC (Area under the ROC Curve)
AUC (Area Under Curve) measures the ability of a model to discriminate between classes based on probability
estimates. The AUC value ranges from 0.5 (random guessing) to 1 (perfect model):

AUC = jTPR(FPR‘l(x))jx (8)
0

where TPR- true positive rate (recall), FPR- false positive rate.
A high AUC value indicates good class separation at different classification thresholds.

In this paper, the specified metrics were calculated for each model using 10-fold cross-validation. This approach
provides a robust and statistically sound assessment of the models' performance on different subsamples. The resulting
metric values allowed us to determine the most effective algorithms and to identify the contribution of different features to
forecasting.

3. Results

The aim of the experimental part of this study was to evaluate the effectiveness of the constructed intelligent flood
forecasting system, implemented in the Orange visual environment, using machine learning methods and Big Data
analysis. To achieve this goal, several predictive models were trained and tested, including ensemble methods (Random
Forest, XGBoost) and neural network algorithms, Multilayer Perceptron (MLP). Models were trained and validated on a
synthetic multivariate dataset, including meteorological and satellite parameters (precipitation, water level, humidity,
NDVI, LST), reflecting current and historical conditions that contribute to flooding. All processing steps from
imputation and feature scaling to model testing were implemented in the Orange visual interface, without the need to
write code.

For objective comparison of models, 10-fold cross-validation was used. Model quality was assessed using the
following metrics: accuracy, recall, positive class accuracy, -score, and area under the ROC curve (AUC-ROC).
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Table 1.

Comparative analysis of the effectiveness of flood forecasting models.
Model AUC CA F1-score Precision Recall LogLoss
Neural Network 0.523 0.947 0.921 0.896 0.947 0.335
Gradient Boosting 0.574 0.940 0.919 0.904 0.940 0.245
Random Forest 0.534 0.944 0.922 0.910 0.944 1.019

This table presents the comparative performance of three predictive models a neural network (MLP), gradient boosting
(XGBoost), and random forest (Random Forest) in the flood risk classification task. Each model was trained on the same
dataset and subsequently validated using metrics commonly adopted in binary classification tasks.

Key observations:
i. Classification Accuracy (CA):
All three models demonstrate high accuracy: Neural Network - 94.7%, Random Forest - 94.4%, Gradient
Boosting - 94.0%. This indicates that the models are capable of correctly classifying most observations.
ii. F1 -balance between precision and recall:
Random Forest achieves the highest score (0.922), indicating a good balance between detecting all floods and
minimizing false alarms.
iii. Precision and Recall:
e Neural Network and Random Forest demonstrate high recall (recall = 0.947 and 0.944, respectively), which is
particularly important for risk forecasting.
e Gradient Boosting demonstrates the highest precision for the positive class (precision = 0.904), indicating a smaller
number of false positive forecasts.
iv. 4. AUC (Area Under ROC Curve):
The AUC values are relatively low (ranging from 0.523 to 0.574), which may indicate that the models are not very
stable in distinguishing classes based on probabilities. This may be due to characteristics of the training dataset, such as
imbalance, noise, or a small sample size.

V. Log Loss:

The minimum log loss value is observed for Gradient Boosting (0.245), which indicates more confident predictions on
a probability scale. At the same time, Random Forest has a high log loss (1.019), despite good accuracy; this may indicate
instability in the probabilistic predictions of the model.

Among the tested models, Random Forest and Gradient Boosting demonstrated the best score and precision,
respectively, while the neural network provided the highest overall accuracy and recall. However, low AUC values may
indicate the need for further optimization of the probabilistic calibration of the models. The obtained results confirm the
feasibility of using ensemble and neural network approaches in flood forecasting problems.

e
>

Figure 3.
Flood distribution in NDVI-LST scatterplot.

For preliminary analysis and interpretation of the relationships between key features, as well as for identifying possible

patterns, a scatter plot was constructed in the Orange visual environment, shown in Figure 3. The X-axis displays the
Normalized Difference Vegetation Index (NDVI), which characterizes the density and activity of vegetation cover, while

467



International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 461-472

the Y-axis shows land surface temperature (LST_C), measured from satellite data. Both parameters are normalized within
the range [0, 1].
The target variable, flood (presence/absence of flooding) was used to color-code the points on the graph:
e Blue color indicates cases without flooding (flood = 0);
e Red color indicates cases in which flooding was observed (flood = 1).

The graph in Figure 3 shows that flood events are mostly concentrated in the range of medium and high NDVI values
(0.3-0.9) and elevated surface temperatures (LST_C > 0.4). This may indicate a possible relationship between high soil
moisture, dense vegetation, and temperature conditions that predispose to flood events.

This visual representation not only confirms the informativeness of the features but also allows for a preliminary
assessment of the data distribution and its suitability for building predictive models. This approach facilitates the selection
of relevant variables and improves the interpretability of machine learning models used in the development of an intelligent
flood forecasting system.

»

Ariver_Jevel_em

Figure 4.
FreeViz feature projection for flood event detection.

For a visual analysis of the data structure and the visual interpretation of the contribution of features to flood
forecasting, the FreeViz projection implemented in the Orange environment was used. The visualization results are shown
in Figure 3. The color coding of the dots reflects the binary value of the target flood feature, where blue dots (0) indicate
the absence of a flood, and red dots (1) indicate the presence of a flood.

The NDVI, LST_C, precipitation_mm, and river_level_cm features are presented as vectors indicating the directions of
the greatest information content. The direction and length of the vectors indicate the degree of importance of the
corresponding features in class separation problems. In particular, the river_level_cm vector, directed downwards, has the
greatest length, which indicates its significant contribution to flood classification. The LST_C (surface temperature) and
NDVI (normalized vegetation index) features also demonstrate significant information content, confirming the advisability
of their inclusion in the input data for predictive models. At the same time, the precipitation_mm feature shows moderate
significance.

The distribution of points in the feature space shows partial intersection of classes, which indicates the complexity of
the classification task. This justifies the need to apply powerful machine learning algorithms, such as ensemble methods
and neural network architectures, to improve the accuracy of forecasts.

Thus, the FreeViz method enabled visual confirmation of the significance of individual variables and facilitated the
identification of trends in the data structure, thereby strengthening the rationale for selecting algorithms and input features
in the intelligent flood forecasting system.
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Figure 5.
Visualizing class separation using Radviz method.

Radial visualization (Radviz), implemented in the Orange environment, was used to analyze the data structure and
visually assess the separability of the "flood" and "no flood" classes. This method allows for the reflection of
multidimensional data in a two-dimensional space by evenly placing features on a circle and displaying observations
depending on their values relative to these features.

Figure 5 displays the results of the projection of NDVI, LST_C, precipitation_mm, river_level _cm features, and the
binary target variable flood in a radial coordinate system. Each point corresponds to a separate observation: blue dots
indicate cases without flooding (label = 0), while red dots indicate cases with recorded flooding (label = 1).

The visualization shows a distinct cluster of red dots near the axes of the NDVI, river_level cm, and flood signs,
indicating a significant relationship between these variables and the target variable. In turn, flood-free observations are
distributed more diffusely, mostly closer to the signs of LST_C and precipitation_mm. Thus, the Radviz method allows us
to identify the key indicators that most influence the formation of classes. The results obtained confirm the relevance of the
selected features and substantiate their application in the construction of predictive machine learning models in flood
forecasting.
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Figure 6.
Comparative ROC analysis of classification models.

Figure 6 shows the ROC curve (Receiver Operating Characteristic curve) illustrating the performance of three machine
learning algorithms: Neural Network, Gradient Boosting, and Random Forest in solving the problem of binary
classification of flood events (flood variable). The abscissa axis (FP Rate) shows the proportion of false positives (1 -
specificity), and the ordinate axis (TP Rate) shows the proportion of true positives (sensitivity). The ideal model is
characterized by the curve approaching the upper left corner (TP Rate = 1, FP Rate = 0), while the diagonal line (dashed
line) corresponds to random guessing (AUC = 0.5).

Analysis of the results shows:

The Random Forest model (lilac curve) demonstrated the best results among the tested models, approaching the upper
left corner. The AUC value is 0.918, which indicates a high ability of the model to correctly classify flood events.

Gradient boosting (orange curve) showed moderate results, with more pronounced steps in the curve and lower
sensitivity, especially in the low false positive rate zone.

The neural network (green curve) demonstrated the lowest efficiency among the three algorithms, showing a limited
ability to distinguish between classes (AUC is significantly lower).

All models were trained and tested in the Orange Data Mining environment using cross-validation. The AUC values
calculated for each model serve as objective metrics of quality and are used to select the optimal classifier for further flood
risk prediction.

Figure 7.
Distribution of predictive classification probabilities for machine learning models.

Figure 7 shows the distribution of predicted probabilities of objects belonging to the positive class (flood) for three
machine learning algorithms:
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e  Green line - neural network model;

e Orange line - gradient boosting;

e Blue line - random forest.

Most observations are concentrated in the low probability range (0.0-0.2), indicating the prevalence of the negative
class (flood = 0) in the dataset. All three models demonstrate a similar distribution, with the neural network and random
forest showing a more uniform decrease in density, and gradient boosting showing a more pronounced concentration in the
initial interval.

The vertical dotted line denotes the standard classification threshold of 0.5. The majority of the predictions are to the
left of this threshold, indicating the low frequency of the positive class and the tendency of the models to predict “no
flood”.

The results indicate high confidence of the models in classifying the negative class and suggest a potential need for
threshold adjustment to improve sensitivity in early warning tasks.

4. Conclusion

This paper presents the implementation of an integrated intelligent flood forecasting model based on machine learning
algorithms and big data analysis in the Orange visual software environment. The use of meteorological and satellite
indicators (NDVI, LST, precipitation, water level) allowed us to create an informative multidimensional dataset, on the
basis of which predictive models were built and trained using Random Forest, Gradient Boosting algorithms, and neural
networks.

The results obtained demonstrated high forecasting accuracy (up to 94%) and consistent values of quality metrics (F1-
score, Precision, Recall, AUC), confirming the effectiveness of the proposed approach. Visual analysis of the data structure
using Radviz and FreeViz methods provided additional insights into the contribution of individual features and visually
confirmed class separability.

The novelty of the study lies in the successful integration of the Orange visual analysis environment, which allows
users to build models without the need for programming, making solutions accessible to a broad audience of specialists.
The proposed model can be adapted to different geographic regions, scaled for other climate threats, and integrated into
existing monitoring and early warning platforms.

Thus, this study demonstrates the practical applicability of artificial intelligence methods and Big Data technologies in
environmental forecasting and natural risk management, particularly in the field of hydrological monitoring and flood
prediction.
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