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Abstract. Floods are among the most destructive natural disasters, and they are extremely difficult 

to model. Over the last two decades, machine learning (ML) methods have made significant 

contributions to the advancement of prediction systems that provide better performance and cost-

effective solutions by mimicking the complex mathematical expressions of physical flood processes. 

Because of the numerous benefits and potential of ML, its popularity has skyrocketed. Researchers 

hope to discover more accurate and efficient prediction models by introducing novel ML methods 

and hybridising existing ones. The main focus of this paper is to show the state of the art of 

hybridising ML models in flood prediction. The most effective strategies for improving ML methods 

are hybridization, data decomposition, algorithm ensemble, and model optimization. 

 

1. Introduction 
Extreme weather occurrences have become more common in many regions of the world, possibly as a result 

of a shift in the climatic scenario [1]. Identification of natural catastrophes in earlier stage like floods, can 

considerably aid us in limiting the degree of damage caused by these events. This leads to requirement for 

efficient flood management system, effective and accurate forecasting system is one of the most important 

elements of any flood management programme. Machine learning is a problem-solving strategy based on 

bionics that replicates the operation of the human brain, it is often composed of a sequence of mathematical 

operations and transformations carried out by computer programmes linked to current electronic processors. 

It has the potential of becoming a system that is economical and dependable in flood prediction. 
 

2. ML Methods in Flood Prediction 
Historical flood event records, as well as cumulative data in real time from variety of sensors as well as rain 

gauges over varied intervals, are frequently utilised to create the ML prediction model. The dataset's 

conventional sources are usually rainfall as well as water level, which are monitored with rain gauges on 

land or by more recent remote sensing methods using satellites technology, multi sensor systems, and or 

using radars [2].  
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2.1 Short Term and Long-Term Flood Forecasting Methods 

 

Figure 1. Machine Learning prediction methods [3]. 

ML has demonstrated considerable success in developing models that identifies patten in fields ranging 

from computer vision to recognising speech, understanding text and game Artificial Intelligence or AI [4 - 

7]. Aside from these classical or traditional fields, ML, particularly deep learning, is becoming increasingly 

relevant and successful in engineering as well as sciences [5 – 7]. These success stories are founded on the 

data-driven nature of the approach to learning deriving from a massive number of cases. A recent review 

synthesises this into a new paradigm of theory-guided data science, emphasising the need of scientific 

consistency in machine learning [8]. 

There is even a survey regarding the incorporation of knowledge into support vector machines [9]. The 

combination of symbolic and connectionist AI appears to be becoming more accessible. We allude to a 

recent assessment on graph neural networks and a research approach defined as relational inductive bias 

[10] in this regard. In this study machine learning with hybrid models are reviewed. There are two types of 

methods for flood prediction approach, short-term and long-term. Short-term flood forecasts are regarded 

as major research or study issue, especially within densely populated zone, in order to provide early 

warnings to residents and therefore limit damage [11]. Furthermore, short-term forecasts assist significantly 

towards water resource management sector.  

In spite of recent advancements in terms of numbers, weather prediction or Numerical Weather Prediction 

(NWP) models, artificial intelligence (AI) and ML, short-term forecasting is still a difficult endeavour [12 

-18]. Building hybrid ML approaches to increase prediction quality with regards to accuracy, generalisation, 

longer lead time, uncertainty, computing costs, and speed is becoming increasingly popular. There are 

several hybrid approaches, with more well-known models like ANFIS, which is Adaptive Network based 
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Fuzzy Inference model as well as adaptive neuro fuzzy inference model and WNN or Wavelet Neural 

Network model, along with other new algorithms. 

Long-term flood forecasting is critical towards enhancing knowledge and managing water resource 

capability across prolonged time periods, ranging from weekly, monthly to yearly forecasts [18]. Many 

noteworthy ML approaches, such as ANFIS, SVR or Support Vector Regression model, SVM also known 

as Support Vector Machine model, ANN which is Artificial Neural Network model, bootstrap–ANN and 

WNN [18 - 22], have been employed for long lead-time predictions with promising results in the previous 

decades. Recently, the results of several ML approaches for long-term flood forecasts were placed in 

comparison with a number of publications [21 - 23]. However, it is still unclear whether machine learning 

algorithm performs the best in long-term flood prediction. A single statistical or machine learning technique 

is used for classification in an individual approach. Because they incorporate the complimentary advantages 

of more than one learning approach and overcome the weaknesses of individual techniques, hybrid and 

ensemble models are efficient and resilient. Stand-alone hybrid models, transformational hybrid models, 

strongly linked hybrid models, and completely coupled hybrid models are all possible [24].
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3. Discussion and Recommendation 
Current status of ML models in regard to flood prediction is still quite young and in its infancy. The purpose 

of this study is to present a high-level overview of hybrid machine learning system or framework used in 

flood prediction. The suggested hybrid models have an advantage over standard models in that some can 

forecast constantly without losing accuracy due to its uniquely built model structure. Though there are 

limitations, such as, calibration of the models requires comprehensive flood data at localities where it 

sometimes may be difficult to collect. However, with a growing emphasis for data that are crowdsourced 

and publicly available gathering as well as citizen research, a more complete flood record data will become 

more widely available in the future. Despite the promising outcomes of adopting machine learning 

approaches that have already been published, there has been substantial study and testing for future 

enhancement and advancement, four key trends for increasing prediction quality were documented. 

Hybridization, whether through the combination of either two or more ML techniques, the combination of 

a ML methods with more traditional approaches, with or without soft computing. Data decomposition 

techniques are used for the goal of increasing dataset quality greatly contributed to boosting prediction 

accuracy. The usage of an ensemble of techniques, which significantly enhanced the generalisation capacity 

of the models and reduced prediction uncertainty. The final method was to increase the quality of machine 

learning algorithms by using optimiser algorithms. 

 

4. Conclusion 
Certainly, the growth of these unique ML approaches is heavily reliant on the effective use of soft 

computing techniques in the construction of fresh learning algorithms and soft computing approaches are 

key contributors to constructing future hybrid ML systems. These approaches listed in this paper are only 

but some of the available options for hybridised machine learning system. There are still plenty more though 

there may have been some reviews and comparison done for hydrological and Neural Network hybrid 

models, others are still not that well documented or reviewed. This may be another opportunity for future 

study. 
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