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ABSTRACT 
 

 

 

 

This thesis investigates the use of weather radar data for hydrological applications, 

specifically in rainfall estimation for flood forecasting, focusing on two major river 

basins in Selangor, Malaysia. Weather radar provides high-resolution rainfall estimates 

over large areas, addressing problems such as uneven rainfall distribution and limited 

rain gauge coverage. However, radar-based Quantitative Precipitation Estimation 

(QPE) is susceptible to errors caused by ground clutter, beam blockage, and signal 

attenuation. The research explores innovative techniques in radar QPE accuracy 

enhancement, including using artificial intelligence tools to classify rain types and 

improve the estimated rainfall values. Methodologies include the extraction of 

geometric characteristics from radar reflectivity images, including rain cell location, 

area, intensity, and orientation, which are then used for rainfall classification and 

machine learning applications. The K-Nearest Neighbor (KNN) algorithm is applied to 

classify radar-based rainfall into convective and stratiform categories. Despite some 

misclassifications due to overlapping feature characteristics, the KNN model achieves 

strong predictive performance with an Area Under the Curve (AUC) greater than 90%.  

In addition, an Artificial Neural Network (ANN) model is designed using the 

Levenberg-Marquardt algorithm and rain gauge data to improve the accuracy of radar-

based QPE. The performance of the ANN-enhanced QPE model is evaluated using Root 

Mean Square Error (RMSE) and correlation metrics, showing a significant reduction in 

RMSE from 11.40 mm/h to 4.76 mm/h, thus enhancing the precision of radar-based 

rainfall estimates. The improved radar QPE model is then applied as input to an 

integrated flood forecasting system, employing the HEC-HMS hydrological model, 

with a novelty of merging process of the gridded-based QPE as sub-basin rainfall. The 

integrated system is applied for flood simulation in the Klang and Langat River Basins, 

with calibration results demonstrating that rain gauge data and ANN-calibrated QPE 

produces the highest correlation followed by uncalibrated radar QPE. The integration 

of calibrated radar QPE with hydrological models presents a promising approach for 

improving flood forecasting and predicting extreme weather events such as flash floods. 

This research contributes to advancements in radar hydrology, hybrid machine learning 

techniques for feature extraction, enhanced rainfall estimation methods, and improved 

radar-based rainfall-runoff models for better flood forecasting and warning systems in 

river basins in Malaysia. 
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CHAPTER 1 

INTRODUCTION 

 

 

1.1  Research Background 

 

Flooding is one of the most frequent natural disasters in many countries around 

the world. Flooding occurs when water inundates normally dry places. In most cases, 

floods develop over the course of hours or even days, providing residents with sufficient 

time to either evacuate or prepare. There are also floods that occur suddenly and without 

warning, and these are typically referred to as flash floods. Flooding may occur due to 

natural factors such as intense monsoon rain, strong convective storms, and prolonged 

rainfall. Furthermore, human factors, such as urbanization, inadequate drainage 

systems, and deforestation, can also exacerbate the occurrence of floods (Zakaria et al., 

2017). Flooding is categorized into several specific types (Tahir, 2024). These 

categories include fluvial floods, which occur in rivers; pluvial floods, which occur in 

any location; and coastal floods, which occur on land along the coast. 

Malaysia is one of the countries commonly impacted by flooding due to its 

geographic location (Bukar et al., 2022). Malaysia experiences seasonal rainfall, with 

approximately 2440 mm of rain per year. However, some regions of the country receive 

different amounts of annual rainfall. This is due to seasonal variation in Malaysia, which 

is mainly influenced by the northeast monsoon and southwest monsoon (Tan, 2018). 

During the northeast monsoon, the eastern region in Peninsular Malaysia is affected by 

the massive floods due to the heavy and prolonged rainfall. The excessive amount of 

rainfall causes flooding, especially in riverine areas with low elevation. 

The worst flood incidence in Malaysia for the past 30 years occurred in 

December 2014. The northeast monsoon distributed heavy rainfall across a significant 

area of Peninsular Malaysia, particularly in the states of Kelantan and Terengganu. The 

continuous rain continued until January 2015, resulting in over 1,750 mm of rain in 

some places. This rainfall was six times more than the normally recorded in December 

(Tahir, 2024). Many people lost their homes and belongings, and at least 21 people died 

in Kelantan, with additional casualties reported in other states. The floods were 
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catastrophic, causing severe economic damage and affecting agriculture, businesses, 

and infrastructure. 

Another worst flood scenario in Selangor had occurred in December 2021, 

where Tropical Depression 29W took an unexpected turn and dumped unprecedented 

volumes of rainfall onto the west coast of Peninsular Malaysia. This phenomena forms 

when a low-pressure area is accompanied by thunderstorms that produce a circular wind 

flow with maximum sustained winds below 39mph. Figure 1.1 displays a case study of 

one badly affected area, that is Taman Sri Muda during the flood event whereby there 

was a sudden and rapid water level rise due to the unusually high volumes of water 

flowing downstream. Many of the victims had complaint of not being warned early 

enough on the coming flood disaster. The flood disaster had claimed roughly 50 

fatalities and displaced over 40,000 people, with total damages of approximately RM6.1 

billion. 

 

 

Figure 1.1 Flooding in Taman Sri Muda (Malaymail,2021) 

 

Flooding significantly impacts large populations and disrupts their daily 

routines. Despite several mitigation measures put in place by Malaysia’s government, 

the country has witnessed this natural disaster for a long time. It has experienced 

numerous flood events recorded as far back as the late 1926 (Majid et al., 2021). 

According to reports from Department of Irrigation and Drainage (DID), Malaysia’s 
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flood-prone areas cover about 30,000 km2, or about 9% of the country’s total land mass 

(Zakaria et al., 2017). Therefore, flood preparedness is critical to reducing damages and 

protecting lives from hazards. Accurate, dependable, and real-time rainfall 

measurement is essential in flood forecasting, management and mitigation. 

 

1.1.1 The National Flood Forecasting and Warning System 

 

Flood forecasting in Malaysia has advanced in recent years. The country has 

developed early warning systems, namely the National Flood Forecasting and Warning 

System (NaFFWS), which provides real-time data to the public through websites and 

mobile apps. The system integrates real-time and forecast data input, including rainfall 

observations, radar rainfall, river levels, and numerical weather prediction (NWP) 

model forecast into a central hydrological-hydraulic models to simulate river flows and 

flood levels. The system generates outputs in the form of flood forecasts and early 

warnings, delivered through dashboards, maps, and alert mechanisms to support timely 

decision-making and emergency response. NaFFWS performs well for larger river 

basins during the monsoon season, when rainfall is more widespread and predictable, 

allowing forecasts to extend up to several days ahead. The system also generates useful 

outputs such as predicted river levels, expected flood depth, and areas that may be 

affected. However, several challenges remain. Forecast accuracy can be reduced in 

areas with limited monitoring stations, and rainfall estimates from radar and NWP 

models still contribute to significant errors, especially during sudden and intense 

convective storms. Flash floods are particularly difficult to predict because they happen 

quickly in small catchments. The system also requires continuous calibration and high-

quality data to ensure that the hydrological models remain accurate (Wijayarathne et 

al., 2021). 

Overall, NaFFWS has strengthened Malaysia’s flood forecasting system, but 

further improvements in data coverage, rainfall accuracy, and model refinement are still 

needed to increase reliability across the country. Advanced integrated models using 

artificial intelligence (AI) and machine learning could enhance predictions, as current 

models often struggle with rapid weather changes common in tropical areas. Enhancing 

public awareness and preparedness is also vital for reducing flood impacts. By 
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addressing these issues, Malaysia can strengthen its flood resilience and better protect 

vulnerable communities (Sidek et al., 2021; Saad et al., 2024). 

 

1.1.2 Radar Rainfall 

 

The most critical data input for ensuring the reliability of NaFFWS is rainfall, 

obtained from rain gauges, weather radar, and numerical weather prediction (NWP) 

models (for longer forecasts).  Compared to rain gauges and NWP forecast, radar 

technology offers continuous observations over wider areas with high temporal 

resolution. Despite various limitations, weather radar remains a powerful tool for 

rainfall estimation. Its optimal range coverage is typically within 40–180 km from the 

radar, where measurements are most reliable. By complementing traditional rain-gauge 

networks, radar provides a more comprehensive and timely understanding of rainfall 

patterns, thereby significantly improving the accuracy and lead time of flood 

forecasting. (Sokol et al., 2021; Met Office, 2023).   

Radar emits pulses of electromagnetic waves that are reflected by precipitation, 

returning a signal to the radar surface. These reflectivity measurements, however, do 

not directly indicate rainfall amounts. To convert radar reflectivity (Z) into rainfall 

intensity (R), the Z-R relationship is applied. This relationship is typically expressed as 

a power law, 𝑍 = 𝑎𝑅𝑏, where 𝑎 and 𝑏 are coefficients that depend on rainfall type, 

geographic location, and meteorological conditions. Z is proportional to 𝐷6and R is 

proportional to 𝐷3, where D represents the diameter of raindrops within a sampled 

volume (Ma et al., 2022). One widely used formulation, 𝑍 = 200𝑅1.6, was derived by 

Marshall and Palmer (Mahyun et al., 2021). However, no single Z-R relationship can 

accurately represent all rainfall events due to the variations in raindrop size distribution 

(DSD) across space, time, and storm type (Tahir et al., 2019). Therefore, selecting and 

validating an appropriate Z-R parameterization against rain gauge measurements is 

essential to improve the accuracy of radar-based rainfall estimates. 

Radar rainfall data is particularly valuable for capturing convective rainfall, 

which exhibits significant spatial and temporal variability compared to rain gauge 

measurements (Sokol et al., 2021). Combining radar observations with rain gauge data 

and advanced models allows flood forecasting systems such as NaFFWS to generate 

more reliable predictions, enhancing public preparedness and reducing flood impacts.  
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1.2 Problem Statement 

 

Weather radar has tremendous potential in hydrological applications, including 

flood forecasting, due to its ability to provide high spatial and temporal resolution 

rainfall information over a large area. Additionally, it offers a unique chance to enhance 

the observation of extreme rainfall events that trigger floods, debris flow, and landslides 

in complex terrain, a phenomenon that the typical rain gauge network sometimes 

struggles to detect. However, the indirect estimation of rainfall using radar is associated 

with various sources of error such as ground clutter, partial beam occultation, beam 

blockage, and attenuation effects (Hong and Gourley, 2017; Tahir et al., 2022). In 

addition, studies show that radar still underestimates extreme rainfall distribution due 

to factors such as integrated pathway attenuation and wet-radome conditions during 

heavy rainfall (Falconi and Marzano, 2019).  

In the NaFFWS, weather radar–derived rainfall estimates (QPE) have provided 

essential high-resolution spatial inputs to hydrological and hydrodynamic models, 

complementing conventional rain-gauge observations. While existing bias-correction 

and gauge-radar calibration methods have improved radar rainfall performance, notable 

uncertainties remain due to range effects, terrain influences, and the nonlinear nature of 

convective rainfall processes. These limitations suggest that traditional correction 

approaches may be insufficient to fully represent the complex spatiotemporal 

relationships between radar observations and surface rainfall. Consequently, further 

studies employing data-driven techniques are warranted to better capture these 

nonlinearities, enhance radar rainfall accuracy, and ultimately strengthen the reliability 

of flood forecasting and early-warning outputs within NaFFWS.   

A study by Kirsch et al. (2019) found that the use of separate stratiform and 

convective Z-R relationships can reduce the rainfall estimation error between 30% and 

50%. Therefore, characterizing convective and stratiform rainfall from extracted 

features of radar reflectivity image, as well as optimally formulating Z-R relationships 

based on this classification, presents challenging and innovative tasks in this study. 

Furthermore, the development of AI-based radar QPE using the Artificial Neural 

Network (ANN) technique derived from the extracted radar image features will add 

novelty to this study. Traditional Z-R relationships and empirical methods often fail to 

capture the non-linear dynamics of rainfall, especially under conditions influenced by 

attenuation, varying drop size distributions, and spatial heterogeneity. ANN is 
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introduced to overcome these limitations by learning complex, non-linear mappings 

from radar reflectivity to rainfall rate, thereby providing improved accuracy across 

different rainfall regimes. The efficiency of this model will then be evaluated by 

coupling enhanced ANN-based radar QPE with the rainfall-runoff modelling to 

improve the flood forecasting and warning system (FFWS) of the country. 

 

 

1.3 Research Questions 

These are some of the questions that support the relevance of conducting this 

research: 

(1) How to classify between two distinct types of rainfall using extracted features of 

radar reflectivity images 

(2) Does the newly derived Z-R relationship based on classified images improve the 

rainfall estimates? 

(3) Can using Artificial Neural Networks (ANN) techniques improve the accuracy of 

radar rainfall estimation? 

(4) What is the accuracy of flood forecasting by using the integrated model? 

 

 

1.4       Research Objectives 

 

The goal of this study is to develop an artificial intelligence-based quantitative 

precipitation estimation model derived from the extracted features of real-time radar 

reflectivity imagery in tropical intense rainfall regions specifically Klang and Langat 

River basins. The enhanced radar rainfall estimation model provides potential input to 

a coupled hydro-meteorological flood forecasting system. Therefore, the following 

specific objectives have been identified to achieve the aim of this study: 

 

a) To classify between stratiform and convective rainfall types based on extracted 

features of radar reflectivity images using machine learning. 

b) To formulate a new optimum Z-R relationship based on classified images for 

enhanced rainfall estimation. 
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c) To develop an enhanced radar QPE model using extracted radar reflectivity image 

features within an Artificial Neural Network (ANN) framework. 

d) To implement a coupled framework integrating enhanced radar QPE with a 

hydrological rainfall–runoff model for flood forecasting applications. 

 

 

1.5 Significance of Research 

 

 Significant contributions of the research are listed below: 

 

a) Firstly, in terms of research impact, the findings will provide new knowledge or 

information on radar hydrology and feature extraction-machine learning techniques 

to academia and the public. Few studies have focused on feature extraction for 

rainfall estimations using radar reflectivity and machine learning algorithms, 

especially in the tropical monsoon zone. 

 

b) Additionally, other regions can apply this new method of calculating rainfall 

estimates, lowering the cost of rain gauge installation and maintenance while also 

providing the government and industry with comprehensive coverage of rainfall 

measurement. 

 

c) Advanced flood forecasting systems provide early warnings, allowing communities 

and authorities to prepare and take action, improving safety and reducing the impact 

of floods. These systems also raise public awareness about flood risks and the 

importance of preparedness. 

 

d) Furthermore, an accurate flood forecasting enhances community preparedness by 

improving flood resilience strategies, including infrastructure reinforcement and 

public education. It also aids in adapting to climate change, informs strategic 

planning, and ensures efficient resource allocation for flood mitigation and recovery 

efforts. 

 

e) Flood forecasting helps protect ecosystems by reducing flood damage to sensitive 

areas and provides economic benefits by minimizing losses to businesses, 
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agriculture, and local economies through improved preparedness and control 

measures 

 

 

1.6 Scope and Limitations  

 

This study investigates two techniques that utilize extracted radar image features 

to enhance radar-derived quantitative precipitation estimates (QPE): Z-R relationship 

optimization and an artificial neural network (ANN)-based correction of radar rainfall 

estimates. The ANN-enhanced radar QPE is subsequently applied to flood forecasting. 

It should be noted that coupling the Z-R-optimized radar QPE with the rainfall-runoff 

model is not part of the study scope. Two case study areas are selected, namely the 

Langat River Basin and the Klang River Basin. Additionally, this study utilizes hourly 

data from rain gauges, flow gauges, and radar reflectivity measurements provided by 

Malaysia’s Drainage and Irrigation Department (DID) and Meteorological Department 

(MMD) from November 2021 to August 2023, subject to data availability. The scope 

of study is grouped in four parts as shown in Figure 1.2. 

 

Part I : Feature extraction of radar images and machine learning classifier. 

 

a) Real-time radar reflectivity images were processed and analyzed by using 

Quantum Geographic Information System (QGIS). 

b) MATLAB software was used to extract features from radar reflectivity 

images.  

c) K-Nearest Neighbor (KNN) machine learning algorithm was chosen to 

classify two types of rainfall. 

 

Part II: Z-R relationships modification. 

a) The formulation of newly optimum Z-R relationship based on classified 

images were created. 

b) The new improved Z-R relationship was compared to the existing Marshall 

Palmer relationship, and the performance was validated through statistical 

measurement. 
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Part III: Artificial Intelligence (AI)-based radar QPE model. 

a) Artificial Neural Network (ANN) technique was used in the development of 

AI-based radar QPE model to enhance rainfall estimation. 

b) MATLAB software uses data from extracted features of radar images to train 

the ANN model. 

c) The performance of the ANN-based radar QPE was assessed through 

statistical verification. 

 

Part IV: Flood forecasting using ANN-based radar QPE integrated with HEC-HMS 

model. 

a) The Klang and Langat River basins catchment areas are modeled using a 

distributed rainfall-runoff system. 

b) The ANN-based radar QPE model is coupled with the HEC-HMS rainfall 

runoff model as a hydro-meteorological flood forecasting system. 

 

 

 

Figure 1.2 Improved Radar QPE Using Extracted Radar Reflectivity Image Features 

and Coupling ANN-Based Radar QPE with a Rainfall–Runoff Model 
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Since the performance of radar rainfall estimation depends on rain gauge 

measurements as observed data, it has been noted that some rain gauges installed at 

rainfall stations in the Klang and Langat River basins have failed to record any rainfall 

data. It is also found that there are missing data or gaps in the monthly datasets of hourly 

rainfall data. This issue can cause the rainfall station to be unreliable to be used for 

rainfall analysis. Among the possible reasons for this problem to occur are due to the 

lack of maintenance or inaccurate calibration of the equipment used to collect rainfall 

data. This problem can be a shortcoming for researchers where short data availability 

may affect the accuracy and reliability of rainfall analysis that will be done. 

 

 

1.7 Thesis Structure 

 

There are five chapters in the thesis. The first chapter comprises a broad 

introduction, problem statement, research questions, aims, and research importance. In 

addition, it describes the study’s scope and limitations and implies the research’s 

significance. 

 The second chapter provides basic information on weather radar, as well as a 

review of the literature on the application of radar rainfall and machine learning 

algorithms in previous research works. This chapter also explains the essential theories 

and concepts relevant to the subject. 

 Chapter 3 provides a full summary of the work completed to fulfil the study’s 

objectives. This chapter also includes information about data collection, materials used, 

approach, and conceptual procedures. 

 Chapter 4 presents the results obtained from this study. This chapter elucidates 

the development of the radar reflectivity feature extraction algorithm, the classification 

of convective and stratiform rainfall, and the development of the new optimal Z-R 

relationship. This chapter also discusses and elaborates results on comparison, 

verification, and validation of ANN radar rainfall estimation models. The following 

section explains the application of the model in a coupled enhanced radar QPE with the 

rainfall-runoff model for flood forecasting. 
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Chapter 5 concludes the thesis and recommends further improvement to the 

study. The conclusions will accurately reflect the overall objectives of this research, 

interpreting the results from both the derivation work and the rainfall-runoff modelling 

sections. 
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CHAPTER 2 

LITERATURE REVIEW 

 

 

2.1  Introduction 

This chapter reviews the literature relevant to this study. The chapter begins with 

a brief explanation of the basic meteorological process for rainfall classification. 

Next, a more in-depth explanation of weather radar technology is included since 

estimating rainfall with weather radar is the main topic of the study. The definition, 

workings, classifications, and measurements of weather radar are provided together 

with the appropriate citations. The chapter covers studies done by the other researchers 

and gives important background information on the subjects.  

The subsequent sections provide an overview of the feature extraction and 

classification of rainfall from real-time radar reflectivity images in tropical monsoonal 

region for enhanced radar rainfall estimates. The machine learning classifier used in this 

study is also discussed in this section, followed by the derivation of a new Z-R 

relationship for each rainfall category. In addition, the primary tool utilized in the model 

development for weather radar rainfall estimation, specifically the Artificial Neural 

Network (ANN), is also discussed. These sections include an analysis of the theoretical 

ideas and methodology of ANN, as well as a comprehensive assessment of the research 

conducted by others on the practical implementation of ANN in related domains.  

Lastly, the chapter reviews the available rainfall-runoff modelling, which can 

potentially be coupled with the ANN-based rainfall estimation model to enhance the 

flood forecasting system. These chapter includes the previous work related to this 

research. 

 

 

2.2 Rainfall Classification 

 

Rainfall in general may be characterised by convective and stratiform regimes 

(Houze 2004). Vertical air movements are essential for the formation of clouds and 

significantly influence the type and quantity of rain that a cloud can ultimately produce. 
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According to Houze (1997), the dynamics and microphysics of convective and 

stratiform components of cloud systems are significantly different. Convective clouds 

are characterized by intense and localized storms that involve strong uplift movements, 

as depicted in Figure 2.1. Rainfall particles in convective clouds develop at the base and 

are propelled upward by strong vertical air movements until they either fall out of the 

updraft cores or get too large to be swept away (Rulfová and Kyselý, 2013). On the 

other hand, the stratiform cloud is characterized by modest vertical air movements, a 

creation phase that can last for a few hours, and the beginning of the growth process 

occurring at the top of the cloud. This type of rain, which falls over a large area and 

lasts for a long time, is associated with horizontal growth, meaning that it affects a larger 

area but generally has a lower intensity.  

In addition,  Houze (1997) states that convective components are driven by 

massive updrafts (5–10 ms-1 or more), whereas stratiform portions are controlled by 

lighter mesoscale ascents (<3 ms-1). According to Alpers and Melsheimer (2004), 

stratiform rain lasts longer than convective rain but is typically far less powerful and 

too uniform in space. In summary, convective rain type is usually considered heavy and 

high intensity, while stratiform rain is usually considered less intense ( Shen et al., 2012; 

Sen Jaiswal et al., 2020). 

 

Figure 2.1  Convective versus Stratiform Rain (Zelman, 2019) 

Simpson et al. (1988) introduced the concept of a separation between convective 

and stratiform precipitation, followed by Houze (1997), who provided a detailed 

analysis of this concept. Since then, several academics have proposed algorithms based 
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on some parameters to separate rainfall into two components (Ulbrich and Lee, 2002; 

Bringi et al., 2003; Deo and Walsh, 2016). 

According to the Malaysian scenario, the Department of Drainage and Irrigation 

(DID) classifies rainfall based on its intensity, as shown in Table 2.1. Convective rain 

exceeding 60 mm within a typical 2 to 4-hour period may lead to flash floods. In 

contrast, monsoon rains often last longer and involve heavy bursts that occur 

intermittently. The intensity of these rains can sometimes exceed several hundred 

millimeters in a single day (DID, 2022). 

 

Table 2.1 

Rainfall Intensity Categorization  

Category Rainfall intensity (mm/h) 

Light 1-10 

Moderate 11-30 

Heavy 31-60 

Very Heavy >60 

(Source: DID, 2022) 

 

 

2.3 Rain gauge Network 

 

Rain gauge networks have historically been the primary method for measuring 

rainfall in Malaysia. Rain gauges come in various forms, including graduated cylinders, 

weighing gauges, tipping buckets, and basic buried pit collectors. A rain gauge is 

considered a ground-truth measurement of rainfall because it detects rain falling directly 

to the ground. When measuring rainfall at a specific location over a short period, this 

method is considered one of the most accurate (Wood et al., 2000). 

A rain gauge is essentially a set of cylindrical vessels placed in the open to 

collect rain. There is a correlation between the exposure conditions of the rain gauge 

and the amount of rainfall it collects. Standard guidelines have been established to 

ensure that rain gauges reliably represent the rainfall in the surrounding area. The device 

must have a horizontal catch surface, and the ground should be level when setting up 

the rain gauge (Vokoun and Moravec, 2022). The unit of measurement for rainfall is 

millimeters per hour. 
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Figure 2.2 illustrates a typical tipping bucket rain gauge in Malaysia. The gauge 

consists of an electric transmitter, a triangle bucket, and a collector. The gauge collects 

rainfall and then channels it to the tipping bucket. The collector will tip and empty itself 

if the water weight inside it increases by 0.2 mm. After each tip, the gauge records the 

water level and then releases it from its base. Each time the bucket tips, it forms an 

electrical contact and records an electronic signal (Lanza et al., 2022). 

 

 

Figure 2.2 Tipping Bucket Rain Gauge (InfoBanjir JPS Selangor, 2008) 

 

In recent years, the rain gauge has demonstrated good accuracy in monitoring 

rainfall, but several issues require improvement. Rain gauges are reliable for measuring 

rainfall at specific locations, but their spatial distribution is sparse in remote areas, 

particularly in mountainous terrain, leading to insufficient spatial resolution for accurate 

rainfall pattern mapping (Dhiram and Wang, 2016). Sene (2024) investigated how 

rainfall flows around the gauge during strong gusts, leading to inaccuracies. Besides 

that, poor maintenance can also cause mechanical errors in the rain gauge due to sand, 

insects, falling leaves, vegetation growing around the gauge, and other obstructions 

(Hwang et al., 2020). 

In addition, operational hydrology produces rainfall data through the spatial 

interpolation process and displays it as a spatial rainfall map. Point rainfall data is 

transformed into spatial rainfall data, enabling the determination of water availability 

in a watershed and the dissemination of early flood warning information to the public 

via a flood forecasting model or system. Typically, catchment or areal rainfall is used 
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to measure the spatial rainfall data (Salleh et al., 2019; Asmat et al., 2021). Rainfall data 

from multiple stations within a catchment area is used to compute the catchment 

rainfall. Therefore, the sufficiency and dependability of the rainfall data collected from 

each station in the station network have a major impact on the accuracy of the catchment 

rainfall. Additionally, the proper placement of the station to measure the amount of 

rainfall that reaches the ground determines the sufficiency and dependability of the 

rainfall data (Cheng et al., 2008; Urban and Strug, 2021; Jamaluddin et al., 2022). 

 

 

2.4 Weather Radar System 

 

2.4.1 Working principles of radar 

 

The term 'RADAR' is an acronym for 'Radio Detection and Ranging'. During 

World War II, this technology was used for military purposes. Scientists observed noise 

in the echoes returned during radar operations due to weather conditions like rain, snow, 

and sleet. Since then, scientists have continued to investigate and study weather radar 

(Sokol et al., 2021). The basic principle of radar is to emit electromagnetic signals, 

transmit pulses, and measure the reflected pulses. Four main components of a radar 

system are the transmitter (which emits electromagnetic radiation), the antenna (which 

concentrates the radiation and captures some of the backscattered radiation), the 

receiver (which collects the backscattered radiation and converts it to a low-frequency 

signal), and the display system (Collier, 2000). Figure 2.3 shows a diagram of the radar 

system. 

 

Figure 2.3 Radar System (Roshni, 2014) 
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2.4.2 Type of weather radar  

 

2.4.2.1 Conventional Radar 

 

Conventional radar is effective in measuring precipitation using reflectivity and 

echoes. Prior to the 1980s, precipitation was measured with conventional radars to 

analyze weather patterns. It can display the intensity of a storm, but only in relation to 

precipitation. Conventional radar is useful in predicting the intensity of precipitation, 

hook echoes, and bow echoes, which are indicators of tornadoes and thunderstorms. 

However, these conventional radars can misinterpret data by reflecting non-

precipitation signals, and severe storms may occur without a detectable signal, making 

conventional radar ineffective. Raghavan (2013) stated that while conventional radar is 

useful for tracking rainfall through reflectivity and echoes, it is not as precise as Doppler 

radar for detecting storms. 

 

2.4.2.2 Doppler Radar 

 

Doppler radar is an upgrade over conventional weather radar due to its ability to 

detect the slight frequency shift in the returning pulse (Brown, 2013). After the National 

Severe Storms Laboratory began experimenting with the Doppler effect on its radar in 

1964, it emerged as a vital tool for forecasting and storm preparation. Weather 

forecasters typically use it to determine the velocity, direction, and speed of objects 

such as precipitation drops. Additionally, a similar study by Brown et al. (2016), who 

identified the three fundamental variables of Doppler radar namely spectrum width, 

Doppler velocity, and radar reflectivity which further supports this conclusion.  

Doppler weather radar is a remote sensing device that can distinguish not only 

the type of particles, such as rain, snow, and hail, but also their intensity and motion. 

This radar also enables the identification of severe weather conditions. For instance, a 

tornado could be the cause if precipitation particles alternate between moving toward 

and away from the radar at close range (Cox and Ackerman, 2022).  

Weather radar emits microwave energy pulses that target objects, most 

commonly clouds. The radar measures the energy that bounces back from these objects, 

providing information about them, as illustrated in Figure 2.4. It can measure the size, 
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quantity, speed, and direction of rainfall within a radius of about 100 miles from its 

location. Variability in the radar energy reflected from the object indicates the potential 

for a large volume of precipitation. Ultimately, the transmitted signal is transformed 

into the rate of rainfall. 

 

 

Figure 2.4   Weather Radar Principle of Function (Binetti et al., 2022) 

 

Figure 2.5 illustrates the fundamental components of the Doppler radar system. 

The radar signal processor directs the transmitter, which produces microwave pulses, to 

the duplexer. The duplexer is a nonlinear microwave circuit that amplifies the signal 

and eliminates the microwave carrier frequency by sending the signal to the antenna 

and the backscattered signals to the receiver. The signal processor then digitizes and 

processes the output signal, controlling the transmitter’s timing, pulse width, and pulse 

repetition frequency (PRF). The user’s workstation and radar product generator receive 

the output data, as depicted in Figure 2.5, and create three-dimensional meteorological 

data sets. The operator must adjust the transmitter timing, the scan method, and, if 

necessary, the polarization settings based on the products of interest. The range, r, the 

distance between radar and target, is determined by the delay time, td , the signal needs 

to travel to and back from the target at c, the speed of light (Doviak and Zrnic, 2014): 

 

                                        𝑟 = 𝑡𝑑𝑐 ∕ 2                                                      (2.1) 
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The pulse length, τ, and the duration of the transmitted radiation determine the 

range resolution, ∆r = τc/2. An average pulse length is 1μs, which is equivalent to 300 

meters in space. Since a signal return must be received before the subsequent pulse is 

transmitted, the PRF determines the range rmax up to which measurements can be made 

with certainty (Skolnik, 2008). 

 

                                      𝑟𝑚𝑎𝑥 = 𝑡𝑑,𝑚𝑎𝑥 𝑐 2⁄ = 𝑐 ∕ 2(𝑃𝑅𝐹)                                    (2.2) 

 

The reflectivity, Z ,of a target is calculated from the received power PR. This power 

relies on radar technical features, propagation conditions, target distance, and 

reflectivity Z. The equation governing the power returned from the reflected power 

transmitted by radar and the reflectivity factor, Z , is given as (Doviak et al., 1994): 

 

                                                     𝑃𝑟 =
𝜋3𝑐

210 ln 2

𝑃𝑡𝐺
2𝜏𝜃2

𝜆2

|𝐾𝑤|2𝑍

𝑟2                                     (2.3) 

 

where; 

Pr   =  Average power returned  

Pt   =  Power transmitted 

G    = Antenna gain 

Kw = Refraction index factor  

θ     = Beam width 

τ     = Pulse length  

λ     = Wavelength  

r      = Range 

Z     = Reflectivity factor 
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Figure 2.5   Basic Component of A Doppler Radar System (Meischner,2005) 

 

 

2.4.2.3 Doppler Radar in Malaysia 

 

Every station in Malaysia is equipped with a Doppler radar due to its ability to 

detect rainfall intensity, which is measured in decibels (dBZ). Doppler radar can be 

classified into two types: single-polarimetric and dual-polarimetric radar. Single-

polarimetric or 'single-pol' radar transmits and receives a single polarization, usually in 

the same direction, resulting in a horizontal-horizontal (HH) or vertical-vertical (VV) 

configuration. Dual-polarimetric or 'dual-pol' radar transmits and receives pulses in both 
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horizontal and vertical orientations. This allows forecasters to obtain a better 

understanding of the size, shape, and range of targets by measuring them in both 

horizontal and vertical directions. 

Figure 2.6 shows that Malaysia operates 18 Doppler weather radars, including 

S-band, C-band, and X-band radars. Furthermore, Table 2.1 describes the 

characteristics of these radars in Malaysia. The S-band radar operates at a frequency of 

2–4 GHz and a wavelength of 8–15 cm, providing coverage over a radius of up to 300 

km and being useful for weather observation in all conditions. Meanwhile, C-band radar 

serves the same function as S-band radar but is limited to short-range weather 

observation and requires less power. This radar operates between 4 and 8 GHz, with a 

wavelength of 4 to 8 cm. On the other hand, X-band radar is more effective at detecting 

smaller particles, such as tiny water vapor and light precipitation. It has a limited range 

of up to 100 km and operates at a wavelength of 2.5–4 cm and a frequency of 8–12 

GHz. 

 

 

Figure 2.6  The Distribution of Radar Network in Malaysia (MET Malaysia, 2024) 
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Table 2.2  

Radar Characteristics in Malaysia  

(Source: MET Malaysia,2024) 

 

 

2.5 Quantitative Precipitation Estimation (QPE) 

QPE is a technique for estimating the amount of rainfall that has fallen at a 

specific point or over a large area. QPEs are essential in the development of 

meteorological, hydrological, and geological hazard alerts. Hydrological models that 

coupled with radar-derived quantitative precipitation estimations (QPEs) have become 

a competitive alternative to rain gauges in the modern era due to recent developments 

in radar equipment, data processing, and numerical modelling (Osman & Tahir, 2024).  

 

2.5.1 Radar Integrated Nowcasting System (RaINS) 

 

Developed by the Hong Kong Observatory and operationalized by MET 

Malaysia since August 2017, RaINS has become the primary tool for issuing 

thunderstorm warnings by MET Malaysia. RaINS is a nowcasting system that uses 

inputs from Numerical Weather Prediction (NWP) models, including maximum vertical 

dBZ, and observed radar data from 18 Malaysian Meteorological Department (MMD) 

radar stations. NWP forecasts future atmospheric conditions by solving partial 

differential equations, with ensembles generated from NWP models. The NWP model 

often struggles to accurately capture the initial precipitation distribution, while radar-

based nowcasting is more effective for predicting rainfall over shorter time scales. 

Type of 

Radar 

S-band  

(dual polarization) 

S-band C-band X-band 

(dual 

polarization) 

Frequency (MHz) 2705-2900 2801-2850 5602-5625 9375-9430 

Peak Power (kW) 640-850 525-660 250 150 

Pulse Length (µs) 0.5-2.0 0.8-2.0 0.8-1.8 0.5-2.0 

Pulse Repetition 

Frequency (Hz) 

250-1000 250-600 250-740 960-1000 

Antenna Diameter (m) 8.4 8.4 4.2 2.4 

Beam Width (º) 1 2 1.7 1 

Detection Range (km) 300 300 300 100 
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However, over longer time scales, NWP surpasses radar nowcasting due to better 

resolution of larger dynamical flows. To combine their strengths, the RaINS framework 

integrates the SWIRLS methodology with NWP. These models enhance flood forecast 

accuracy and reliability by linking meteorological and hydrological data (Trinh et al., 

2023; Ozkaya, A., 2023). 

 

2.5.2 RaINS Data Processing 

 

Radar data, in the form of Constant Plan Position Indicator (CAPPI) at 2 km in 

dBZ, is combined using inverse distance weighting (IDW). The NWP blending utilizes 

maximum vertical reflectivity from MMD-WRF-ARW forecasts, which are produced 

hourly for up to 137 hours. These forecasts use GFS 0.25° data as a boundary condition 

with three-way nesting (9 km, 3 km, and 1 km). Besides, the Yonsei University Scheme 

(YSU) is used for the planetary boundary. 

Furthermore, the blending process uses quantile mapping and phase correction 

to align the NWP image with the radar image before combining them to produce RaINS. 

The 1 km resolution NWP grid is merged with the 833 m radar grid through bilinear 

interpolation, resulting in a new grid with 833 m resolution. In addition, to optimize 

nowcast results, time-varying and hyperbolic tangent functions are applied, with their 

formulas provided in equations 2.4 and 2.5 (Seed et al., 2013; Hung et al., 2023): 

 

                           (t) = g × a ×
(β−α)

2
[1 + tanh(y(t − 9))]                          (2.4)                                                

 

            QPFRaINS = (1 − w(t))1 × RADAREXTRAPOLATION + w(t) × NWP          (2.5)  

 

RaINS data is stored in netCDF format and converted into HDF5 format, 

containing four variables: Latitudes, Longitudes, Time, and Zradar. NetCDF is used for 

array-oriented scientific data, while HDF5 is designed for storing and organizing large, 

complex datasets efficiently. Besides, Python scripts are used to read, manipulate, and 

extract radar data, converting it into human-readable values stored in CSV files. These 

reflectivity values are then plotted against latitude and longitude on a geo-referenced 

map of Malaysia using Panoply software. 
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2.6 Estimation of Rainfall Intensity (R) from Reflectivity Factor (Z)  

 

Weather radar indirectly estimates rainfall intensity (R) using the reflectivity 

factor, Z. The most common Z-R relationship is a power law expressed as Z=aRb where 

a and b are coefficients that depend on space and time. The relationship is based on the 

fact that the radar reflectivity factor, Z and the rain rate, R, are related through the 

raindrop size distribution (DSD) (Ma et al., 2022). Z is proportional to Di6 , where D is 

the diameters of individual raindrops in a sample volume, while R is proportional to 

Di3. The widely known Z-R relationship, Z=200R1.6 , was derived by Marshall & 

Palmer (Mahyun et al., 2021). However, no universal Z-R relationship truly represents 

all rainfall events, as the DSD has ambiguous characteristics and varies significantly in 

both space and time (Tahir et al., 2019).  

The radar equation already mentions the radar reflectivity factor, which is a 

meteorological parameter determined by the number and size of particles in a sample 

volume (Marshall and Palmer, 1948). Due to the huge range of magnitudes (from 0.001 

mm6/mm3 for fog, to 36 000 000 mm6/m3 for softball-sized hail), the radar reflectivity 

is convenient to express in decibels (dB) unit or dBZ as follows: 

 

                                       𝑑𝐵𝑍 = 10 𝑙𝑜𝑔10
𝑍

𝑚6∕𝑚3                                                      (2.6) 

 

where dBZ is the logarithmic radar reflectivity factor and Z is the linear radar 

reflectivity factor in mm6/mm3. The relationship between rain rate (R) in unit mm/h and 

radar reflectivity factor (Z) in unit m6/m3 is commonly described as empirical power-

law relationship (Atlas, 1964): 

  

                                                 𝑍 = 𝑎𝑅𝑏                                                                  (2.7) 

 

where a and b are empirically derived constants. In reality, the radar reflectivity 

is measured and used to calculate the rain rate, R, hence the equation mostly appropriate 

written as (Battan, 1973):   

 

                                                 𝑅 = 𝐴𝑍𝐵                                                                 (2.8) 
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where A and B are again empirical constants. Many values are possible for both 

a and b although b does not vary as much as a, as described in Table 2.3. In this study, 

the Marshall & Palmer Z-R equation is used because it is widely recognized as the 

standard reference for converting radar reflectivity into rainfall estimates. It provides 

stable performance for widespread and long-duration rainfall, which commonly occurs 

in Malaysia during the monsoon seasons. In addition, this equation is the default setting 

applied by the Met Malaysia and many operational weather radar systems, making it a 

practical and consistent choice for daily operations (Fulton et al., 1998; Peng et al., 

2022). 

 

Table 2.3 

Several Parameters a and b depend on the Type of Rainfall or Cloud 

Parameter a Parameter b Relationship Type of cloud 

200 1.6 Marshall Palmer Stratiform precipitation 

250 1.2 Rosenfeld Convective precipitation 

400 1.4 Laws and Parsons Stratiform precipitation 

300 1.5 Joss and Waldvogel Stratiform precipitation 

(Source: Ahmad et al., 2017) 

 

 

2.7 Radar Reflectivity Image  

 

Each pixel in a radar image represents the number of backscattered waves 

received from the surface of a specific object (Batool et al., 2020). An imaging radar 

functions similarly to a flash camera by recording the returned signal (radar echoes). 

Some imaging radar systems generate microwaves with wavelengths ranging from 1 cm 

to 1 meter, which are longer than the wavelengths used to detect rain and snow in 

weather radars. Imaging radar technology is useful for recording surface characteristics 

in any situation, whether day or night, and under various weather conditions, due to the 

longer wavelength’s ability to penetrate the atmosphere and clouds without causing 

disturbance (Smith, 2012). 

Radar images can provide details on the physical and biological characteristics 

of the surface terrain, as well as its shape. They have long been used in geological 

studies to identify structural features that are made visible by the terrain’s topography 

(Stepanian et al., 2014). Radar images use a color code to indicate the intensity of 
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precipitation in specific areas. It is important to note that radar images cannot determine 

the type of precipitation, but they can show the location and intensity of precipitation 

based on when the image is generated. Figure 2.7 shows that magenta represents 

stronger precipitation, whereas blue represents lighter precipitation. Since there is no 

snow in Malaysia, the blue color indicates light rain. 

 

Figure 2.7 Radar Image Display on the MMD Website (MET Malaysia, 2024) 

 

2.7.1 Reviews on Rainfall Classification using Radar Reflectivity Images 

 

Since the late 1940s, when weather radar first became available, the term 

'stratiform' has been used to describe precipitation as shown in radar data displays. 

Stratiform precipitation has a layered structure in vertical cross-sections of radar 

reflectivity because it is relatively homogeneous in the horizontal plane. It often 

displays a distinct layer of high reflectivity known as the 'bright band' (Battan, 1975; 

Houze, 2004). In contrast, convective rainfall appears on radar as 'cells,' as defined by 

Byers and Braham (1949). These cells are horizontally localized patches or cores of 

intense radar reflectivity. 

Radar meteorologists have developed a tradition of speaking of radar echoes as 

convective or stratiform, according to whether they form patterns of vertically oriented 

intense cores or horizontal layers (Rigo and Llasat , 2004; Karklinsky & Morin, 2006; 

Llasat et al., 2007; Barnolas et al., 2010; Djafri and Haddad, 2014; Peleg et al., 2018). 

The process for classifying precipitation as "convective" or "stratiform" involves three 

key steps called “texture algorithms”. First, a reflectivity threshold (typically between 

40 and 45 dBz) is applied to identify pixels with high confidence as "convective," based 
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on the fact that convective rain rates are generally more intense than stratiform rain 

(Llasat and Rigo, 2002). Second, a pixel not exceeding the "convective" threshold is 

labeled as "convective" if its reflectivity value significantly differs from the mean 

background reflectivity, accounting for gradients in convective precipitation areas. 

Lastly, if adjacent pixels are classified as "convective," the analyzed pixel is also 

considered "convective," even if it doesn't meet the previous criteria, to include pixels 

at the borders of convective systems. After applying these three requirements, any pixel 

not meeting one of them is classified as "stratiform". 

The classification of radar echoes into "convective" and "stratiform" types is a 

foundational concept in radar meteorology, with several studies proposing structured 

methods for this distinction. A commonly used approach involves a three-step texture 

algorithm based on reflectivity thresholds, background variability, and spatial 

continuity. While this method is widely accepted, its reliance on fixed reflectivity 

thresholds (typically 40–45 dBZ) may limit its applicability across diverse climatic and 

radar settings. The second step, which compares pixel reflectivity to the background 

field, enhances sensitivity to convective features but is influenced by the spatial scale 

used for background estimation. The inclusion of neighboring pixels as a classification 

factor helps maintain spatial coherence but may lead to the overextension of convective 

regions. 

Overall, while the algorithm is operationally effective, its binary classification 

may fail to capture the full spectrum of precipitation types, particularly mixed or 

transitional cases. Emerging approaches, such as probabilistic and machine learning 

models, are being explored to address these limitations and improve classification 

accuracy. 

 

 

2.8 Radar Limitations 

 

Radar observations provide a good spatial representation of precipitation, but 

they are burdened with a wide spectrum of errors from different sources, each 

characterized by specific properties and spatial and temporal structures. Weather radar 

estimates rainfall intensity (R) by measuring the power of electromagnetic pulses 

backscattered by raindrops, called reflectivity (Z). The variability in raindrop size 
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distribution and microphysical processes during rainfall formation contributes 

significantly to uncertainty and bias in rainfall estimates. According to Tahir et al. 

(2019), rainfall estimation worsens as the signal is attenuated with distance from the 

radar station. 

Weather radar data errors stem from hardware issues (such as electronics 

instability, antenna accuracy, and signal processing), radar beam geometry and scan 

strategy (including beam broadening and increasing distance from the radar due to 

Earth's curvature), and non-meteorological echoes (such as ground clutter, 

electromagnetic interference, measurement noise, and biological objects), all of which 

significantly affect precipitation estimation (Krajewski et al., 2011; Gauthreaux and 

Diehl, 2020: Kou et al., 2024). Additionally, some researchers have found that radar 

errors arise from beam blockage by terrain (e.g., mountains), signal attenuation by rain 

(especially heavy rain), and anomalous propagation due to atmospheric temperature 

gradients, which cause the radar beam to follow an unusual path, leading to return 

signals from greater distances (Bech et al., 2007; Gu et al., 2011; Lee and Kim, 2017). 

 

2.8.1 Reviews on Radar QPE Calibration Methods  

 

 High-quality weather radar data is crucial for hydrological applications. As 

mentioned in Section 2.8, radar measurements provide a good spatial representation of 

precipitation but are subject to several sources of error. Radar errors are difficult to 

diagnose and, as a result, challenging to completely eliminate. The development of more 

efficient quality control techniques has been driven by advancements in image 

processing and increased computational capabilities. Data from various measurement 

systems, particularly rain gauge networks, are used to enhance radar-based QPE by 

adjusting or combining multiple sources. To improve accuracy, radar data are adjusted 

based on rain gauge observations, which are assumed to provide more accurate point 

values (Mecklenburg et al., 2005; Bruen and O'Loughlin, 2014; Ali et al., 2021; Yousefi 

et al., 2023). While rain gauge observations are often considered ground truth data, their 

reliability and spatial representation are limited. Gauge adjustment largely depends on 

the distribution of the rain gauge network and real-time availability, which can be scarce 

and irregular, especially in complex terrain. 

 Table 2.4 shows the summary of the radar QPE calibration methods and 
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performance evaluations. The enhancement of radar QPE started with the adoption of 

alternative methods aimed at reducing the uncertainty in the Z–R relationship, which is 

the primary source of bias in radar rainfall estimates. Besides, space-based rainfall 

products serve as valuable tools for large-scale hydrogeological and climate studies, 

with satellite-based precipitation measurements regarded as a viable substitute for 

ground-based data (Karbalaee et al., 2017; Chen et al., 2019). However, challenges 

persist due to limitations in parametric retrieval algorithms, as well as gaps in temporal 

and spatial sampling, especially for light rainfall or extreme events. Additionally, 

machine learning approaches for QPE present a promising alternative for enhancing 

radar-based QPE due to their simplicity (Roslan et al., 2021; Zhang et al., 2021; Shin et 

al., 2021). Nevertheless, the time required for computations to develop QPE models can 

vary depending on the machine learning algorithm used and may need to be adjusted 

before implementation. It is strongly recommended that the accuracy of these methods 

be evaluated in polarimetric radar systems to better assess the effectiveness of machine 

learning algorithms in future rainfall retrieval applications. 

 Additionally, ground-based weather radar systems, specifically dual-

polarization radar systems, have demonstrated significant advantages in conducting 

high-resolution precipitation surveys over large areas in a very short time frame. Dual-

polarization systems have been installed in the National Weather Service Next 

Generation Radar network to improve quantitative precipitation estimation, 

hydrometeor classification, and other capabilities. Numerous studies advocate for the 

use of dual-polarization radar variables as direct inputs to rainfall estimation equations, 

not only to ensure a high degree of data quality (Simpson and Fox, 2018; Voormansik 

et al., 2020; Shin et al., 2021). However, the effectiveness of these methods can be 

reduced under certain conditions such as beam blockage, signal attenuation, or complex 

terrain, all of which may distort radar observations. Their performance may also vary 

with precipitation type, drop size distribution, and the presence of mixed-phase 

hydrometeors. While dual-polarization radar represents a significant advancement in 

meteorological observation, its full potential depends on the refinement of estimation 

techniques and continuous validation against ground-based measurements. Emerging 

approaches, including machine learning and adaptive correction methods, show 

promise in addressing current limitations and improving the reliability of precipitation 

estimates. 
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Table 2.4 

Radar QPE Calibration Methods (Osman & Tahir, 2024) 

Articles Optimization Approach Performance 

Measurement Method 

Country 

Giangrande et al. 

(2014) 

ZR variability Bias Correction, RMSE New York 

Boodoo et al. (2015) ZR variability RMSE, NMB, NSE, 

CORR 

Canada 

Bringi et al. (2011) ZR variability MAE, NASH, Bias 

Correction 

UK 

Ramli et al. (2011) Rainfall classification MAE, RMSE, Bias 

Correction 

Malaysia 

Tahir et al. (2014) Kalman Filtering CC Malaysia 

Yahya et al. (2012) Kalman Filtering CC, RMSE Malaysia 

Tahir et al. (2012) ZR variability MAE Malaysia 

Zhao and Su (2019) ZR variability SD, ERR, CC China 

Zhang et al. (2021) Deep learning algorithm 

QPENet 

CC, RMSE, NB, NE, 

Bias ratio 

China 

Handoyo et al. 2021 Kraemer approach RMSE Indonesia 

Song et al. (2021) Quantile matching 

method 

MAE, RMSE, CC China 

Shin et al. (2021) ML (regression tree and 

random forest)) 

RMSE, MAE, Bias 

Correction, CC, COE 

China 

Zhang et al. (2020) ZR variability MBR, CC, MAE USA 

Biswas et al. (2020) Parsivel Disdrometer data 

from two NOAA Physical 

Sciences Division (PSD) 

DSD Characteristics USA 

Chen et al. (2019) Bayesian approach, MFB 

and LB correction 

RMSE, MAE, CC USA 

Wolfensberger et al. 

(2021) 

Random forest algorithm RMSE, Bias Correction Switzerland 

Gou et al. (2018) Reflectivity Threshold 

(RT) and Storm Cell 

Identification and 

Tracking (SCIT) 

algorithms 

Bias Correction, MAE, 

CC, RMSE  

China 

Yang et al. (2017) Terrain-based weighted 

random forests (TWRF) 

method 

Bias Correction, RMSE, 

MAE, MB, CC  

China 
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Wardhana et al. (2017) Mean Field Bias 

Correction (MFB) and 

static adjustment 

RMSE Indonesia 

Yang et al. (2016) Rainfall Classification 

(Fuzzy Logic algorithm) 

Bias Correction, RAE, 

RMSE 

China 

Zhang et al. (2014) Radar, rain gauge, and an 

orographic precipitation 

(merging radar) 

RMSE USA 

Delrieu et al. (2014) Geostatistical technique Bias Correction, CC France 

Wang and 

Chandrasekar (2010) 

ZR variability Bias Correction, NSE USA 

Jang et al. (2012) “Sorting and moving 

average” (SMA) method 

RMSE, Bias Correction Korea 

Cifelli et al. (2011) Hydrometeor 

identification (HID) 

RMSE, NB, CC USA 

Zhang and Qi (2010) ZR variability RMSE USA 

He et al. (2013) Levenberg-Marquardt 

Algorithm (LMA) with 

Jacobian matrix updating 

RMSE  Denmark 

Ali et al. (2020) Mean Field Bias (MFB)  MAE, FAR Indonesia 

Voormansik et al. 

(2020) 

ZR variability NASH, RMSE, NMB, 

CC 

Estonia 

Montopoly et al. 

(2017) 

ZR variability CC, RMSE, NASH, NB Italy 

Hanchoowong et al. 

(2012) 

Kringing technique, 

geostatistical technique 

RMSE Thailand 

Wijayarathne et al. 

(2020) 

ZR variability CC, Bias Correction, 

RMSE 

Canada 

Rafieeinasab et al. 

(2015) 

Fisher estimation RMSE USA 

Wang et al. (2014) ZR variability MB, RMSE, CC USA 

Karbalaee et al. (2017) PERSIANN-CCS 

algorithm; satellite 

Bias Correction, CC, 

RMSE 

USA 

 
Probability Matching 

Method 

  

Wang et al. (2013) ZR variability Simulations using drop 

size distribution (DSD) 

and drop shape relation 

(DSR) observations 

Taiwan 

Calvetti et al. (2017) An algorithm, Spirec, CC, RMSE Brazil 
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used to blend rain gauges, 

radar mosaic data, 

satellite by using 

Poisson's equation 

Pauthier et al. (2018) Merging technique (radar 

and rain gauge data) based 

on Krigine with external 

drift (KED) 

NASH, RMSE France 

Shin et al. (2019) Random forest, stochastic 

gradient boosted model, 

extreme learning machine 

method 

RMSE Korea 

Gou et al. (2019) ZR variability MAE, RMSE, CC China 
    

Martinaitis et al. (2020) Multi radar multi sensor 

system (MRMS) 

MBR, ME, MAE, CC USA 

Chen et al. (2021) Integrate S- and C-Band 

Dual polarization radars 

RMSE Taiwan 

Husnoo et al. (2021) Real time adaptive 

algorithm uses a neural 

network 

CC, RMSE, Bias 

Correction 

UK 

SD: standard deviation; ERR: mean standard deviation; CORR: Pearson correlation coefficient; RMSE : root mean square error; 

MAE: mean absolute error; MBR: mean bias ratio; ME: mean error; CC: correlation coefficient; NASH: Nash Sutcliffe coefficient; 

MRE: mean relative error; NMB: normalized mean bias; FAR: false alarm ratio; NB: normalized bias; NSE: normalised standard 

error; RAE: relative absolute error; COE: coefficient of efficiency; NE: normalized absolute error 

 

 The previous sections describe in detail the radar characteristics, limitations, 

error and calibration techniques. The following section will review relevant research 

and provide the theoretical background on the primary tools applied in the study which 

are feature extraction technique, rainfall classification (convective vs. stratiform) using 

machine learning, optimization of Z-R relationship and Artificial Neural Networks 

(ANN). 

 

 

2.9 Feature extraction of rainfall characteristics from radar images 

 Feature extraction is the process of converting raw images into a simplified form 

to aid in decision-making, such as pattern detection, classification, or recognition. This 

technique is crucial as it enables machine learning models and other algorithms to 
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process data more effectively and accurately. By eliminating noise and removing 

redundant or irrelevant data, feature extraction allows machine learning programs to 

focus on the most important and relevant information. Feature extraction of radar image 

is initially performed by classifying rainfall characteristics using segmentation methods 

into two categories: stratiform and convective. On the other hand, weather radar data 

provide detailed insights into the spatial structures of rain fields, offering information 

that was previously unavailable from traditional rain gauge networks. This data is 

essential for enhancing our understanding of rainfall and hydrometeorological systems, 

as demonstrated in previous studies. 

 Research into rain cell characterization has evolved significantly, with studies 

contributing diverse methods and perspectives shaped by regional and climatic 

contexts. Féral et al. (2000) employed elliptical geometry to define rain cells, focusing 

on their orientation and axis dimensions. While this approach provided a simplified 

geometric interpretation, it may not fully capture the irregularity of natural convective 

structures. Theusner and Hauf (2004) extended this work by examining the spatial 

characteristics of convective rain cells in post-frontal environments over Germany, 

highlighting diurnal variations and introducing a temporal dynamic that earlier 

geometric models lacked. In a contrasting climate zone, Karklinsky and Morin (2006) 

introduced additional parameters such as central location, area, and integrated rainfall 

intensity, reflecting a more detailed and comprehensive approach. Their study 

emphasized that regional climatic conditions substantially influence rain cell behavior, 

challenging the comparability of findings across diverse settings. 

May and Ballinger (2007) addressed this variability by comparing convective 

cells across different seasonal regimes, showing that cell size, height, and duration vary 

between continental and oceanic conditions. This comparative approach provided 

valuable insights but also highlighted the complexity of defining universal convective 

characteristics. Capsoni et al. (2008) added to this complexity by demonstrating that the 

choice of rain intensity thresholds significantly influences rain cell statistics, raising 

concerns about methodological consistency across studies. Meanwhile, Barnolas et al. 

(2010) applied GIS tools to analyze rain cell geometry in the western Mediterranean, 

improving spatial accuracy and illustrating the advantages of modern geospatial 

techniques in rainfall analysis. 

In a more practical approach, Liu et al. (2016) reduced rainfall data into feature 
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matrices to support landslide risk modeling, categorizing rainfall into components such 

as evaporation, infiltration, and runoff. This shift from descriptive characterization to 

functional application reflects a growing interest in the practical implications of rainfall 

analysis. Although several alternative feature extraction techniques are cited in the 

literature, there remains a lack of comparative evaluations to guide best practices (Dixon 

and Wiener, 1993; Johnson et al., 1998; Bonelli and Marcacci, 2008; Peleg et al., 2018). 

Collectively, these studies reveal a progression from simple geometric models to more 

complex, context-specific, and application-oriented analyses. However, they also 

highlight persistent gaps in methodological standardization and cross-regional 

validation that future research should aim to address. 

  Conversely, this study explores the application of pixel-based analysis 

techniques to radar reflectivity images, particularly in the context of the tropical 

monsoon region, which has not been extensively investigated. The task of extracting 

features of convective and stratiform rainfall from radar reflectivity, especially when 

applied to the unique characteristics of the tropical region, is both challenging and 

novel. In addition, developing an optimal rainfall estimation model using machine 

learning techniques based on radar reflectivity data presents a significant opportunity 

for advancement. The extracted features from the radar images will serve as input for a 

machine learning classifier, which will be used to train an ANN model for enhanced 

radar-based QPE. 

 

 

2.10  Rainfall classification by using machine learning algorithm 

 

 Stratiform and convective rainfall are linked to distinct cloud physical 

processes, thermodynamic influences, vertical structures, and types of precipitation. 

Differentiating between convective and stratiform systems is valuable for 

meteorological research and weather forecasting. However, a clear boundary between 

these two types of precipitation does not exist. Several studies have advanced the 

classification of convective and stratiform precipitation using remote sensing data 

combined with machine learning techniques. Anagnostou (2004) introduced a neural 

network-based method for classifying reflectivity measurements from ground-based 

volume scanning radar, trained and validated using data from 18 Weather Surveillance 
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Radar (WSR88D) Doppler radar sites across the southern United States. While the 

approach demonstrated potential, it also revealed limitations in classification 

performance, with an overall 4 percent overestimation of stratiform and a 27 percent 

underestimation of convective rain areas. This underestimation of convective 

precipitation is particularly significant, as convective systems often drive localized 

hydrometeorological extremes and therefore require precise identification. 

In comparison, Islam et al. (2015) adopted a spectral approach using passive 

microwave satellite data. Their study applied machine learning algorithms to 

distinguish between stratiform and convective rain regimes using only calibrated 

brightness temperatures from the Tropical Rainfall Measuring Mission (TRMM) 

microwave imager. Although the method successfully identified rain types with good 

accuracy, its reliance solely on spectral parameters may limit its ability to capture the 

vertical structure of clouds and the microphysical processes essential for accurate 

classification, especially in convective environments. 

Lazri and Ameur (2018) expanded these efforts by applying a combination of 

support vector machines, artificial neural networks, and random forests to classify 

precipitation types using spectral features derived from SEVIRI satellite imagery. Their 

use of multiple algorithms improved classification performance by combining the 

strengths of different machine learning techniques. This multi-model approach is 

beneficial for operational applications that require broad spatial coverage and frequent 

updates. However, while the integration of several models can increase accuracy, it also 

introduces greater computational demands and complexity, which may pose challenges 

in real-time or resource-limited settings. 

 Yang et al. (2019) used the K-nearest neighbor (KNN) machine learning 

algorithm to classify precipitation types. The KNN method effectively identifies the 

location and extent of both stratiform and convective systems. These findings indicate 

that KNN can accurately classify nearly all stratiform precipitation and the majority of 

convective precipitation types, highlighting its strong potential for classifying 

precipitation types. The strength of KNN lies in its simplicity and intuitive proximity-

based classification. However, the algorithm’s sensitivity to the selection of 

hyperparameters, such as the number of neighbors and the choice of distance metric, 

introduces potential variability in performance. Moreover, its instance-based nature can 

lead to increased computational costs when applied to large datasets, and the method’s 
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effectiveness across diverse climatological conditions remains insufficiently tested. 

Foth et al. (2021) present two micro rain radar-based methods to differentiate 

between stratiform and convective precipitation. One method uses probability density 

functions (PDFs) combined with a confidence function, while the other employs an 

ANN for classification. Both methods produce similar results, but the ANN approach 

is more definitive, as it can also identify an inconclusive class, thereby enhancing the 

reliability of the stratiform and convective classifications. Nevertheless, the 

implementation of ANN models can be computationally intensive, and the training 

process typically requires extensive, well-labelled datasets to generalize effectively. 

The study would benefit from a more detailed analysis of model performance under 

varied precipitation intensities and types, especially in more complex convective 

scenarios. 

 Wang et al. (2021) developed and tested a precipitation separation method using 

a support vector machine (SVM) on a C-band polarimetric weather radar in Taiwan. 

The proposed method integrates input variables with the SVM, which was trained using 

typical stratiform and convective precipitation events. The results indicate that the 

SVM-based approach outperforms the traditional separation index method, highlighting 

the value of integrating multiple input features. Importantly, the study introduces a 

flexible prototype framework that accommodates additional variables, such as 

differential phase, to further enhance classification accuracy. This adaptability 

represents a practical advantage for real-time radar systems. However, the study's 

reliance on events from a single region limits its generalizability, and the robustness of 

the method across different radar systems or climatic zones is not fully addressed. 

 

2.10.1 K-Nearest Neighbor (KNN) Algorithm  

 

In this study, the K-nearest neighbor (KNN) algorithm is used to classify 

precipitation types, as a study by Yang et al. (2019) demonstrates its strong potential 

for such classification. Moreover, KNN algorithm saves training samples during the 

training phase and processes them upon receiving test samples (Sun and Huang, 2010). 

To ensure accurate classification, a larger, balanced set of training samples is required. 

Since stratiform precipitation typically covers a larger area than convective 

precipitation, there is often an imbalance in the number of grid points for each type. To 
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address this, the training samples are balanced by randomly selecting precipitation 

samples and reconstructing the set with a 1:1:1 ratio of stratiform, convective, and other 

types of precipitation (Taunk et al., 2019; Yang et al., 2019; Nasrullah et al., 2024). 

To classify a sample, the distance between the sample and all the training 

samples is first calculated. Afterward, the k nearest training samples with the smallest 

distances are selected. These k training samples have same influence factor, and the 

probability of classifying the sample as type j is determined as follows: 

 

                                                    𝑃𝑗 =
𝑁𝑗

𝑘
                                                                (2.9) 

 

where Pj represents the probability of the sample being classified as type j, and Nj is the 

number of training samples labeled as type j among the k-nearest neighbors. The 

classification result is type j when the Pj value is maximized. 

 

 

2.11 Z-R Relationship 

 

The Z-R relationship is essential for accurate quantitative precipitation 

estimation (QPE). The rain rate (R), derived from this relationship, plays a key role in 

many hydrological processes, including rainfall-runoff modeling, catchment capacity 

calculation, flood forecasting, agricultural irrigation, and other hydrological 

applications. Therefore, converting the radar reflectivity factor (Z) into rain rate is a 

vital step for improving precipitation estimates in radar-based hydrology systems. To 

achieve the highest accuracy in radar rainfall measurements, it is important to select the 

most appropriate Z-R equation. Numerous Z-R equations have been developed based 

on factors such as rainfall type (stratiform or convective), geographic location (high or 

low latitudes), and other meteorological conditions. The validity of these equations is 

typically evaluated by comparing radar estimates with rain gauge data. 

The Z-R relationship is based on the fact that the radar reflectivity factor (Z) and 

the rain rate (R) are both dependent on the raindrop size distribution (DSD) (Ma et al., 

2022). Specifically, Z is proportional to Di6 , where D represents the diameter of 

individual raindrops in a sample volume, while R is proportional to Di3. The most 

common Z-R relationship is a power law, typically expressed as: 
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                                             Z=aRb                                                           (2.10) 

 

where a and b are coefficients that depend on space and time. In the 1940s, Marshall 

and Palmer introduced an exponential model to characterize the DSD, which later 

became known as the M-P distribution. This model forms the basis for the classical Z-

R relationship, commonly expressed as Z = 200R1.6, where Z is the radar reflectivity 

factor and R is the rainfall rate. However, the parameters of the Z-R relationship are not 

constant and tend to vary depending on regional and climatic conditions. These 

variations are primarily due to differences in raindrop microphysics, such as raindrop 

size and concentration. Therefore, selecting suitable Z-R parameters is essential for 

enhancing the reliability of QPE (Ciach and Krajewski, 1999; Kato and Maki, 2009; 

Wei and Liu, 2022). 

Many researchers have developed methods to improve the Z-R relationship by 

classifying rainfall into distinct categories to address these limitations (Yabin et al., 

2015; Xie et al., 2020; Zeng et al., 2021; Lavanya and Kirankumar, 2021; Ghada et al., 

2022; Kovalchuk et al., 2023). A commonly used approach for enhancing QPE is the 

rainfall classification method, which utilizes radar echo characteristics to distinguish 

between rainfall types, such as convective and stratiform. Stratiform and convective 

rainfall, for instance, have distinct DSDs, with stratiform rain generally consisting of 

smaller and more uniform raindrops, while convective rain tends to include larger and 

more variable drops. This distinction in DSDs directly influences the radar reflectivity 

factor and its relationship to rainfall rate. As a result, applying a single, universal Z-R 

relationship across all rainfall types can lead to significant inaccuracies in precipitation 

estimation (Alfieri et al., 2010; Ramli, 2015; Tahir et al., 2019).  

Different Z-R relationships are therefore applied to each rainfall type, as these 

categories exhibit significantly different raindrop size and concentration characteristics 

(Chumchean et al., 2006; Zhang et al., 2008; Bangsawan et al., 2022). Consequently, 

using different Z-R relationships for each type of rainfall improves the accuracy of QPE, 

which in turn enhances the reliability of forecasts and practical applications. 

Furthermore, these relationships can be dynamically adjusted based on real-time radar 

observations, increasing their ability to capture rapid changes in precipitation intensity 

and storm development. 
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2.12 Artificial Neural Network (ANN) 

 

Machine learning techniques, including Artificial Neural Networks (ANN), 

decision trees (DT), random forests (RF), and other approaches, have proven highly 

effective in solving various forecasting problems, such as rainfall prediction. These 

methods identify relationships between independent and dependent variables using 

sample data, without relying on prior assumptions like linearity (Chen et al., 2019). In 

this study, ANNs are employed due to their ability to model non-linear relationships 

and extract patterns from complex atmospheric remote sensing data (Karbalaee et al., 

2017). ANNs are inspired by the structure of the human neuron-synaptic network. 

Recently, there has been growing interest in using machine learning and remote sensing 

data for Quantitative Precipitation Estimation (QPE) (Roslan et al., 2021; Zhang et al., 

2021;Li et al., 2023;Lu et al., 2023; Huangfu et al., 2024). 

ANN is a mathematical model made up of nodes and layers that can map 

complex nonlinear processes. The typical structure of an ANN includes an input layer, 

one or more hidden layers, and an output layer (Dewangan et al., 2023; Schmidgall et 

al., 2024). One of the most widely used types of neural network is the feedforward 

neural network, which consists of layers of parallel processing units known as neurons. 

The input layer receives the variables that influence the output, while the output layer 

represents the model’s predictions. Between these layers, there may be one or more 

hidden layers. Neurons in each layer are connected to neurons in the subsequent layer 

by weights, denoted as ‘w’, which are adjusted during training. The networks are 

organized and optimized through training methods, making it easier to develop specific 

applications (Zou et al., 2009). Figure 2.8 illustrates a three-layer neural network 

consisting of three neurons in input layer, three neurons in hidden layer and one neuron 

in output layer, with the interconnection weights between layers of neurons. 
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Figure 2.8  Architecture of A Three-Layer Neural Network 

 

2.12.1  ANNs Training Algorithm 

 

 In ANNs, training involves adjusting the network’s weights to reduce prediction 

errors. It is a process in which an ANN repeatedly processes a training set (input–output 

data pairs), adjusting the values of its weights based on a predefined algorithm to 

enhance its performance. This process generally includes two primary steps: forward 

propagation, where inputs pass through the network to produce outputs, and 

backpropagation, where the error is calculated and used to update the weights using an 

optimization algorithm. Some of the optimization algorithms used with 

backpropagation include Gradient Descent (GD), Stochastic Gradient Descent (SGD), 

Conjugate Gradient, Quasi-Newton methods, Momentum, and Levenberg-Marquardt 

(LM). In this study, the training algorithms employed are backpropagation and the 

Levenberg-Marquardt algorithm. 

 

2.12.1.1 Backpropagation Algorithm 

 

The Neural Networks package offers various training techniques, including the 

Back Propagation Neural Network (BPN), which is effective in estimating a wide range 

of functions. This technique outperforms numerical differentiation in efficiency 

(Buscema, 1998). The backpropagation algorithm was initially developed by Paul 

Werbos in 1974 and later independently rediscovered by Rumelhart and Parker ( 

Mehrotra et al., 1996) . Since then, it has become widely used as a learning algorithm 

in feedforward multilayer neural networks. 
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 The back-propagation algorithm provides a method for adjusting the weights, 

wij, in a feedforward network to learn a set of input-output training pairs. It is a 

supervised learning technique where the output error is propagated back through the 

network, modifying the connection weights to reduce the error between the network's 

output and the target output, as illustrated in Figure 2.9. 

 

 

Figure 2.9  Illustration of A Backpropagation ANN Algorithm 

 

Artificial neural networks have been widely studied for classification and 

optimization problems. Multilayer neural networks employ backpropagation as the 

training algorithm. In the backpropagation algorithm, the weights in the network are 

adjusted by moving in the negative direction of the gradient of the sum of squared errors 

with respect to the weight variables. Let the input be represented by vector x, the 

weights by vector w, the network output by o, and the desired output by vector od. The 

error vector is defined as e = o - od. The weights in a backpropagation neural network 

are then updated as follows: 

 

                                     𝑤𝑡−1 = 𝑤𝑡 − 𝜂
1

2

𝜕𝑒𝑡𝑒

𝜕𝑥
                                                          (2.11) 

 

 Here, η is referred to as the learning rate. To speed up the learning process, some 

studies recommend using a momentum parameter, μ (Haykin, 1999; Kevin and Paul, 

2005). With the momentum parameter, the weights are updated using the following rule: 

 

                                  𝑤𝑡−1 = 𝑤𝑡 − 𝜂
1

2

𝜕𝑒𝑡𝑒

𝜕𝑥
+ 𝜇(𝑤𝑡 − 𝑤𝑡−1)                                 (2.12) 

 The learning process can be improved to enhance the performance of the 

prediction system. Therefore, this study employs the Levenberg-Marquardt algorithm 

during the learning phase of BPN. 
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2.12.1.2 Levenberg-Marquardt algorithm 

 

The Levenberg-Marquardt (LM) algorithm is specifically designed to minimize 

sum-of-squares error functions (Aldrich, 2002; Gavin 2019). It is a modified version of 

the Gauss-Newton method (Haykin, 1999). In the Gauss-Newton method, the weights 

for neural network training are updated using the following rule: 

 

                         𝑤𝑛+1 = 𝑤(𝑛) − ( 𝐽(𝑛)𝑇𝐽(𝑛))
−1

𝐽(𝑛)𝑇𝑒(𝑛)                                 (2.13) 

 

In this context, J denotes the Jacobian matrix, defined as: 
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                                                 (2.14) 

 

The Levenberg-Marquardt adaptation to the Gauss-Newton method is: 

 

                                     𝑤𝑛+1 = 𝑤(𝑛) − ( 𝐽(𝑛)𝑇𝐽(𝑛) + 𝜇𝐼)−1𝐽(𝑛)𝑇𝑒(𝑛)                  (2.15) 

 

 As is commonly understood, the learning parameter, μ, represents the step size 

for adjusting the actual output towards the desired output. In the standard Levenberg-

Marquardt (LM) method, μ is a constant value. This parameter ensures that matrix 

inversion always yields a valid result. The value of μ is determined by evaluating the 

sum of squared errors. If the error decreases, μ is divided by a scalar θ; conversely, if 

the error increases, μ is multiplied by the scalar θ; 

 

                                             𝜃 = 0.01(𝑒𝑡𝑒)                                                           (2.16) 

 

 Since e is a 𝑘×1 matrix, 𝑒𝑇𝑒 is a 1× 1 scalar, making [𝐽𝑇𝐽 + 𝜇𝐼] invertible. As a 

result, when the actual output is far from the desired output, or when errors are large, 

the system converges to the desired output with larger steps. Conversely, when the error 

is small, the actual output approaches the desired output with more gradual steps. This 
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helps to significantly reduce error oscillation. 

 

2.12.2 Review on ANN-based Radar QPE in Rainfall Forecasting  

 

ANN models are universal approximators, making them well-suited for 

modeling the dynamic and nonlinear behavior of hydrological systems. For over 20 

years, ANNs have been increasingly used in river forecasting, which involves modeling 

streamflow and rainfall-runoff (Abrahart et al., 2012). ANNs are capable of handling 

qualitative, incomplete, and ambiguous data, and are recognized for their resilience and 

fault tolerance. When properly trained with historical data, ANN models are known to 

perform effectively in various hydrological applications. 

ANNs are commonly used to address problems involving nonlinear and 

complex relationships. This parallel computing system connects multiple artificial 

neurons to simulate the brain’s neural network (Nogales and Benalcázar, 2023). ANNs 

excel at learning and generalizing, enabling them to tackle problems that would be 

difficult or impossible to solve with traditional approximation methods. Additionally, 

ANNs provide an alternative approach to overcoming the limitations of physically 

based, conceptual, and numerical models (Santos et al., 2023). Beyond serving as 

powerful tools for accurate prediction and modeling of complex processes, ANNs can 

also offer valuable insights into the process being modeled by evaluating the model and 

understanding the learned relationships. Furthermore, ANN-based solutions often 

outperform other methods, such as conceptual and physically based models. 

Nevertheless, despite their strengths in predictive accuracy and adaptability, ANNs 

often lack transparency and require large amounts of high-quality data. Issues such as 

overfitting and high computational cost can also hinder their practicality. Therefore, 

while ANNs represent a valuable modeling tool, their limitations must be considered 

when selecting appropriate methods for real-world applications. 

Xiao and Chandrasekar (1997) developed a neural network technique to 

estimate ground-level precipitation using radar observations. They evaluated the 

effectiveness of the neural network method using data collected from various storms. 

At that time, neural networks were typically multilayer perceptron (MLP) networks, 

which took a considerable amount of time to train and were not ideal for long-term 

applications (spanning months to years). In a later study, a novel adaptive Radial Basis 
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Function (RBF) neural network was created to calculate rainfall from radar data based 

on horizontal reflectivity profiles. Alqudah et al. (2013) used radar reflectivity as input 

and rain gauge data as the target to assess the accuracy of rainfall estimates generated 

by RBF neural networks. However, while these studies show progress in model design 

and performance, they do not fully address persistent challenges such as model 

interpretability, generalization to new storm types, and data quality variability. More 

recent work should continue to build on these foundations by integrating hybrid 

modeling techniques and incorporating uncertainty analysis to improve both accuracy 

and reliability in operational settings. 

Shin et al. (2021) conducted a study to assess the feasibility of using stochastic 

gradient boosting (SGB), extreme learning machine (ELM), and random forest (RF) in 

QPE models. The results indicated that the machine learning (ML)-based QPE models 

outperformed traditional Z–R relationship-based models, particularly in cases of 

extreme rainfall. The successful implementation of RF-based models by Yang et al. 

(2017) and Wolfensberger et al. (2021), which minimized the need for extensive radar 

data pre-processing, further reinforces the operational potential of ML techniques. 

Furthermore, since neural networks are among the most popular and effective machine 

learning algorithms, many meteorologists have begun exploring their use to model the 

relationship between reflectivity (Z) and rainfall (R) (Mahdianpari et al., 2018; Mosavi 

et al., 2018; Yo et al., 2021). However, while the effectiveness of these models is 

promising, it is important to recognize that their performance often depends heavily on 

data quality, regional characteristics, and event-specific variability. 

 Generally, ANN models solve a problem by adjusting the weights according to 

the internal representation of relationships between variables. This adjustment occurs 

during the training process to minimize the error between the output of the artificial 

neural network and the actual data. Therefore, the aim of this study is to enhance rainfall 

estimation through an ANN model that integrates machine learning. Additionally, this 

study will make a novel contribution, as no established method currently exists for 

improving QPE through feature-based intensity characterization of radar images in 

Malaysia, especially considering the unique conditions of the tropical monsoon region. 
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2.13 Flood Modelling 

 

Flood modeling involves using mathematical and computational methods to 

simulate and predict the behaviour of floodwaters under different conditions. The main 

purpose of flood modeling is to assess flood risks, provide early warnings, and develop 

effective flood control strategies. These models can simulate the flow of water across 

land surfaces, estimate flood coverage, and evaluate the impact of various flood 

management techniques. Flood modeling typically considers various factors such as 

rainfall, river flow, topography, land use, and climate to predict flood behavior. 

There are several types of flood models available, each designed for different 

aspects of flood prediction and management. Some commonly used models include the 

Hydrologic Engineering Center Hydrologic Modeling System (HEC-HMS), 

Hydrologic Engineering Center River Analysis System (HEC-RAS), Storm Water 

Management Model (SWMM), FLOOD-FLUX, and RiverWare. In this study, HEC-

HMS was selected for flood modeling due to its ability to simulate hydrological 

processes comprehensively, its ease of use, flexibility, and low cost. The model’s 

compatibility with GIS, its support for various hydrological methods, and its proven 

success in real-world applications make it a reliable and popular choice for many flood 

modeling situations. 

 

2.13.1 Rainfall–runoff model: HEC-HMS Model  

 

Flooding is a frequent natural disaster in Malaysia, causing significant damage. 

An accurate flood forecasting system is crucial for improving preparedness, reducing 

property damage, saving lives, and supporting rescue efforts. One of the key strategies 

to lessen the impact of flood disaster is by flood modelling, which is especially 

beneficial in flood risk management and decision making (Azad et al., 2019). 

Researchers worldwide have developed numerous rainfall-runoff models to provide the 

most accurate predictions for rainfall-runoff processes. In this study, HEC-HMS model 

version 4.9 will be utilized. The HEC-HMS software, developed by the US Army Corps 

of Engineers, simulates precipitation and runoff processes within river basin systems, 

specifically designed to model the precipitation-runoff dynamics of dendritic watershed 

systems. 
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Various data sources are used in rainfall-runoff modeling, including soil type, 

digital elevation models (DEMs), and land use land cover (LULC) data (Ramly and 

Tahir, 2016; Sahu et al., 2023). The HEC-HMS model offers multiple infiltration loss 

parameterizations, but only the gridded curve number (CN) method allows for spatially 

distributed infiltration calculations (Chu and Steinman, 2009). Infiltration capacity is 

represented by a parameter known as the curve number (CN), which is derived from the 

Soil Conservation Service (SCS). 

The CN method is used to estimate storm runoff in an area based on factors such 

as land use, soil type, land cover, and hydrologic soil group (Mishra and Singh, 2013). 

Soil groups are categorized according to the soil's type and infiltrability. The infiltration 

loss method is based on empirical equations that divide rainfall into infiltration and 

runoff components. In this study, the Soil Moisture Accounting (SMA) loss method in 

HEC-HMS was combined with canopy and surface methodologies to model infiltration 

losses as shown in Figure 2.10. The canopy represents the presence of vegetation within 

a sub-basin and is primarily used for continuous simulations in HEC-HMS. All rainfall 

is trapped by the canopy until its storage capacity is reached. 

After passing through the canopy, excess precipitation reaches the soil surface. 

The surface method in HEC-HMS represents ground depressions where water collects 

once the soil’s pores are filled to its field capacity. Runoff occurs when the precipitation 

rate exceeds the soil’s infiltration rate and the storage in these depressions is depleted. 

The values for canopy and surface storage were determined through the analysis of land 

use and DEM maps. 

HEC-HMS is an advanced hydrologic modeling software that offers a good 

balance between moderate processing time and reasonable accuracy, in contrast to more 

complex hydrodynamic models. Rainfall-runoff models help improve our 

understanding of hydrological processes, from the atmosphere to surface water systems, 

by providing solutions through simulation. Due to the complexity of hydrologic 

systems, advanced methods are required to address key tasks in engineering hydrology. 

The primary goal of a rainfall-runoff model is to study these processes and integrate the 

necessary inputs to generate the desired outputs. It serves as an approximation of the 

actual system, using available tools to simulate measurable hydrologic processes. 
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Figure 2.10 HEC-HMS Model Structure (Wallner et al., 2012) 

 

2.13.2 Reviews on HEC-HMS Model Application  

 

The HEC-HMS has been widely adopted in hydrological research due to its 

conceptual framework, deterministic structure, and semi-distributed modeling 

approach. Its ability to simulate direct discharge from precipitation events has made it 

particularly valuable in flood modeling and watershed-scale analysis. Numerous 

international studies have demonstrated the model’s adaptability; however, a critical 

evaluation reveals both its strengths and limitations in practice. 

One of the primary strengths of HEC-HMS is its successful integration with 

other modeling tools and spatial analysis platforms. For example, Barbosa et al. (2019) 

applied HEC-HMS alongside HEC-RAS and Geographic Information Systems (GIS) to 

analyze the floodplains of the Zab Besar River in Turkey, reporting high correlation 

after calibration and validation. Similarly, Martin et al. (2012) combined HEC-HMS 

with HEC-GeoHMS and ArcMap to estimate surface runoff, showcasing the model’s 

compatibility with spatial datasets and tools. These studies highlight the model’s 

flexibility in diverse geographic contexts and its utility in generating accurate 

hydrological predictions when properly calibrated. 
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Nevertheless, several limitations emerge when analyzing these applications 

more critically. In regions where calibration data are scarce or of low quality, the 

model’s performance often deteriorates. This is evident in the work of El Afandi et al. 

(2013), who applied HEC-HMS to the Sampean Baru basin in Indonesia, yielding a 

negative Nash-Sutcliffe Efficiency (NSE) value of -0.2. Such a value indicates that the 

model performs worse than a simple average of observed flows, suggesting poor model 

fit. Similarly, in the Bantimurung sub-watershed study, despite integrating soil texture 

maps and GIS tools, only moderate R² and NSE values (0.595 and 0.456 respectively) 

were achieved reinforcing concerns about data limitations and the need for more 

rigorous calibration (Rizal et al., 2023). 

Further complexities arise in studies involving remote sensing data, especially 

in ungauged or data-scarce basins. Sapountzis et al. (2021) evaluated the effectiveness 

of satellite-based precipitation datasets such as GPM-IMERG in predicting flash flood 

events. While rain gauge-calibrated models provided more reliable outputs, 

uncalibrated satellite data failed to capture peak discharges accurately. Though 

regression-based extrapolation improved performance (R² > 0.65), this method 

introduces its own uncertainties and assumptions, which were not fully addressed in the 

reviewed studies. These findings underscore the necessity of combining ground-based 

observations with remote sensing to enhance model accuracy, particularly for flood risk 

assessments in ungauged catchments. 

Additionally, while studies such as Oleyiblo and Li (2010) report satisfactory 

results from HEC-HMS in Chinese basins, the review lacks critical engagement with 

the model’s internal assumptions, including those related to baseflow estimation, 

infiltration processes, and temporal resolution of rainfall inputs. These factors can 

significantly affect the model’s realism, especially in regions with complex 

hydrological responses or highly variable climatic conditions. 

Furthermore, several previous studies have highlighted the effectiveness of the 

HEC-HMS model for flood simulation. In a 2019 study, Ademe et al. (2020) used the 

HEC-HMS model to predict flooding in the Lake Tana basin watershed in Ethiopia, 

finding that the model successfully replicated flood events. In their assessment of 

drainage structure failure at the Akaki river crossing, Guduru et al. (2023) concluded 

that HEC-HMS accurately estimated design discharge. Additionally, Gunatilakhe et al. 

(2020) conducted an event-based streamflow simulation analysis of the Seethawaka 
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River in Sri Lanka. Their findings indicated that the model developed in their study 

effectively simulated peak discharges and the timing of their occurrence, supported by 

statistical parameters and graphical analysis. However, these studies often focus on 

model output without addressing underlying uncertainties, input data quality, or 

calibration methods. Moreover, the lack of comparison with alternative or data-driven 

models restricts a broader assessment of HEC-HMS’s relative strengths.  

Malaysia is a tropical country with high humidity and copious rainfall, 

amounting to an average of 2000–4000 mm annually. In certain years, the rainfall can 

exceed this range, particularly during extreme rainfall events that often lead to flooding 

in various regions during the monsoon seasons (Loi, 1996). Given this, it is essential to 

develop a policy for evaluating flood discharge. Runoff is heavily influenced by various 

factors, so selecting the most suitable model with minimal input data requirements, a 

straightforward structure, and realistic accuracy is crucial. In a study by Ramly and 

Tahir (2016), the HEC-HMS model was used, along with rain gauge and DEM data, to 

simulate the rainfall-runoff process in the upper Klang-Ampang River basin, a flood-

prone area near Malaysia’s capital. The results demonstrated a reasonable level of 

accuracy, as evidenced by a Nash-Sutcliffe coefficient of 0.86. Nevertheless, while the 

NSE suggests strong agreement between observed and simulated flows, the study lacks 

discussion on model limitations, calibration methods, or data sensitivity, which are 

essential for evaluating the model’s reliability in varied flood scenarios. 

Additionally, Adnan et al. (2014) highlighted the significant impact of land use 

changes on flood behavior in the River Kelantan catchment, noting increases in peak 

flow and runoff volume due to urban and agricultural expansion. Their findings 

underscore the importance of integrating land use planning with hydrological modeling 

to support flood mitigation, particularly in monsoon-prone regions like Malaysia. 

However, while the study identifies trends in runoff behavior, it does not quantify the 

modeling uncertainties or evaluate the hydrological model used, limiting its predictive 

application. 

In a more technical comparison, Sukairi et al. (2023) evaluated HEC-HMS 

against the RRI model in the Sungai Lebir basin. HEC-HMS consistently outperformed 

RRI in both calibration and validation stages, showing strong NSE values (e.g., 0.858 

and 0.821) and better streamflow accuracy. However, the extreme negative NSE value 

(-9.806) during one calibration phase raises concerns about parameter sensitivity and 
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model setup. Despite post-optimization improvements, this variability suggests a need 

for careful calibration and validation procedures when applying HEC-HMS. Notably, 

several studies have observed a tendency for HEC-HMS to underestimate peak flows, 

which poses a risk in flood-prone areas where accurate peak prediction is critical 

(Romali et al., 2018; Ramly et al., 2020; Azam et al., 2021). This systematic 

underestimation highlights a key limitation of the model and signals the importance of 

using supplementary validation methods or conservative design margins in flood 

assessments. 

In summary, while HEC-HMS has proven suitable for simulating streamflow in 

Malaysia, its application in flood analysis requires caution due to known tendencies to 

underpredict peak flows and the model’s sensitivity to calibration quality. Further 

comparative studies and model refinement are essential to ensure reliable flood 

forecasting under changing land use and climate conditions. 

 

 

2.14 Summary 

 

 Most previous studies have relied on gauged rainfall data or satellite imagery 

for rainfall estimates and forecasting, as shown in Table 2.5. While satellite-based 

precipitation estimation provides near-global coverage and long-term datasets, it has 

limitations in resolving small-scale convective structures and intense tropical rainfall. 

In contrast, radar-based rainfall classification offers high spatial and temporal resolution 

and is particularly effective for identifying convective rain cells, but its coverage is 

limited and susceptible to measurement errors. Nevertheless, there is limited research 

on using machine learning, particularly ANN and feature extraction, for rainfall 

estimation from radar reflectivity. The application of these techniques for detailed pixel-

based analysis of radar reflectivity images, especially under the unique conditions 

influenced by the tropical monsoon region, has not been explored. Extracting features 

of convective and stratiform rainfall from radar reflectivity, as well as optimally 

developing a rainfall estimation model using machine learning techniques based on 

radar reflectivity image data, presents both a challenging and novel task. 
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Table 2.5  

Summary of Literature Review 

References Findings/Methods 

Huang et al., (2019) There are notable differences in the rain cell development 

mechanisms and thermodynamic processes between 

convective and stratiform precipitation. 

Yuter and Houze, 

(1997) 

Convective rainfall is primarily driven by strong, narrow 

updrafts (5–10 ms-1 or higher), whereas stratiform rainfall 

is influenced by weaker mesoscale ascents (<3 ms-1). 

Kirsch et al., (2019) The use of stratiform and convective Z–R relationships 

reduce the estimation error between 30% and 50%. 

Penide et al., (2013) Less than 3% of stratiform rain rates are above the 

classical threshold of 10mm h-1 and 90% of all the 

stratiform points are associated with a rain rate below 

4.6mm h-1 

Jaiswal et al., (2020) Attempted to differentiate between convective and 

stratiform events based on parameters that have been 

obtained from Tropical Rainfall Measuring satellite 

(TRMM) data. 

Rigo and Llasat, (2004) A grid point in Z field is identified as the convective 

center if its value is larger than 40 dBZ or exceeds. 

Powell et al., (2016) Introduced a new approach that can identify shallow 

convection embedded within large stratiform regions, 

and those isolated shallow and weak convections. 

Yin et al., (2023) Estimating rainfall intensity using an image-based deep 

learning model. 

Orescanin et al., (2021) Developed one deep learning algorithm which adopts a 

Bayesian form of Residual Networks (ResNet) 

architectures to extract the information from PMW 

observations vectors and identify convective and 

stratiform structural rainfall type. 

Nielsen et al., (2024) Merging weather radar data and opportunistic rainfall 

sensor data to enhance rainfall estimates. 
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Choi and Kim (2020) Proposed rain-type classification from microwave 

satellite observations using deep neural network 

segmentation 

Seela et al., (2021); 

Chen et al., (2022); 

Teng et al., (2022); Wu 

et al., (2022) 

Studies have classified the precipitation into stratiform, 

convective and transition regions based on DSD 

characteristics retrieved from polarimetric radar which 

may obtain extra information about raindrops’ size, shape 

and orientation, through transmitting and receiving 

electromagnetic waves along the horizontal and vertical 

directions 

Cramer et al., (2017) 

 

Radial Basis Neural Network (RBNN) and Support 

Vector Regression (SVR) are among the two top machine 

learning techniques that produce good rainfall prediction 

results using data from around Europe and USA. 

Poornima and 

Pushpalatha, (2019); 

Aswin et al., (2018); 

Kumar et al., (2022); 

Caseri et al., (2022); 

Yao et al., (2020); Cao 

et al., (2022) 

Long Short-Term Memory (LSTM) is a variation of 

Recurrent Neural Network and has been applied to 

predict rainfall in India and worldwide with data from 

Global Precipitation Climatology Project (GPCP) and 

satellite data. 

Yin et al., (2023); 

Weesakul et al., (2018); 

Yang et al., (2019); Han 

et al., (2021); Wei and  

Hsieh, (2020); Yo et al., 

(2021); Mahdianpari et 

al., (2018); Li et al., 

(2023); Huangfu et al., 

(2024) 

Deep Convolutional Neural Network (DCNN) shown 

very good rainfall forecasting result in rainfall estimation 

from different country. 

Sehad et al., (2017) Implement novelty in SVM based technique to improve 

rainfall estimation over the Mediterranean region. 

Lu et al., (2023) Studied on QPE in the Tianshan mountains based on 
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machine learning. 

Karklinsky and Morin, 

(2006) 

Studied focuses on spatial features of convective rain 

cells in southern Israel where the climate ranges from 

Mediterranean to hyper-arid. 

Peleg and Morin, (2012) Extract the details about rain cell characteristics from 

high-resolution weather radar data and examines the 

spatiotemporal characteristics of convective rain cells 

over the eastern Mediterranean. 

Chen et al., (2019) Introduced an innovative machine learning framework 

for remote sensing precipitation estimation to produce 

rainfall estimation using satellite data. 

Mekonnen et al., (2023) Studied the accuracy of satellite and reanalysis rainfall 

estimates over Africa. 

Sadeghi et al., (2019) Applying convolutional neural networks (CNNs) 

together with the infrared (IR) and water vapor (WV) 

channels from geostationary satellites for estimating 

precipitation rate. 

Garba et al., (2024) Studied the performance evaluation of satellite-based 

rainfall estimation across climatic zones in Africa. 

Wang et al., (2021) Examines the capability of three statistical and machine 

learning methods to rainfall forecasting over the tropical 

pacific ocean using Global Precipitation Measurement 

(GPM) satellite radar. 

 

 Furthermore, the effectiveness of using the novel radar rainfall estimation 

technique in flood forecasting models has not yet been explored. Most previous studies 

applying the HEC-HMS model have relied on extensive rain gauge networks for time 

series data input (Ramly et al., 2022). However, studies comparing simulated flow 

outputs using both rain gauge and radar data are rare, particularly in Malaysia, despite 

several initiatives on radar QPE research (Wardah et al., 2011; Wardah et al., 2012). 

Moreover, the integration of gridded radar QPE data with the HEC-HMS model has not 

been widely explored. This research aims to address these gaps, focusing on evaluating 

these factors in the context of hydrologic analysis for Malaysia.  
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CHAPTER 3 

RESEARCH METHODOLOGY 

 

 

3.1 Introduction 

 

This chapter reviews the detailed methodology and procedures for the study, 

covering the background of the study area, data collection methods, and the overall 

methodology.  

Firstly, the chapter begins with the acquisition and processing of both weather 

radar and rain gauge data. The Malaysian Meteorological Department (MMD) provided 

the Radar Integrated Nowcasting System (RaINS) for weather radar data, while the 

Department of Drainage and Irrigation (DID) supplied the rain gauge datasets for 2021 

until 2023. The chapter also explains the derivation of feature extraction algorithms for 

radar reflectivity images, considering different types of rainfall. Following that, this 

chapter describes the methodology that employs a machine learning classifier to 

categorize convective and stratiform rainfall based on extracted features of radar 

reflectivity images. An optimization approach was implemented to develop new Z/R 

relationships based on the classified rainfall types. 

Next, the chapter describes the development of a radar-based QPE model using 

the artificial neural network (ANN) technique. The final part of the methodology 

focuses on applying the radar-based rainfall estimation technique in a flood forecasting 

system using HEC-HMS. Figure 3.1 concisely illustrates the overall methodology of 

the research. 

 

 

 

 

 

 

 



55 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Research Methodology 
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for texture and color 
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radar images and 

machine learning 

classifier. 

c) GIS processing for 
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of case study. 

 

Features Extraction. 

a) Segmentation of radar images for rain 

cell identification (more than 40 dBZ) by 

using region-growing segmentation 

algorithm. 

b) Rain cell feature extraction- 

texture/geometrical feature for example 

center location, area, major radius length, 
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maximum intensity and mean gridded 
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Classification of Convective-

Stratiform Rainfall using 

Machine Learning - Categories 

convective-stratiform rainfall 

from radar reflectivity extracted 

features by using K-Nearest 

Neighbor (KNN) algorithm. 

 

Integration of Enhanced Radar-based Flood Forecasting Model. 

a) Development of a rainfall runoff model for Klang and Langat River basins by 

using HEC-HMS.  

b) Radar QPE as input to rainfall runoff model.  

c) Validate the ANN-based radar QPE model by coupling it with a hydrological or 

flood model to test its performance and application. 

Optimization 
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(1) convective 
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3.2 Case Study Area 

 

Malaysia is located in Southeast Asia and has a humid tropical climate. It is 

situated near the equator, with latitudes ranging from 1° to 7° north and longitudes from 

99° to 120° east. Malaysia receives significant amounts of rainfall due to localized 

thunderstorms, as well as extremely high convective rainfall resulting from its maritime 

location.  

Malaysia experiences two monsoon seasons that affect rainfall patterns in 

Peninsular Malaysia: the Northeast Monsoon (NEM), from November to March, and 

the Southwest Monsoon (SWM), from May to September (Xiang, 2020). During the 

SWM, Peninsular Malaysia typically experiences drought, which is considered a dry 

phase. In contrast, the NEM is the primary period of intense rainfall on the east coast of 

Peninsular Malaysia, including Johor, Kelantan, Terengganu, and Pahang. However, 

the western part of Peninsular Malaysia encounters substantial rainfall during the 

intermonsoon season, which spans from April to October (Sang et al., 2015). As a result 

of convective precipitation with extreme intensity, urban areas may experience flash 

flooding. 

In addition, tropical cyclones can occasionally trigger flooding and landslides in 

Malaysia. A significant flood disaster occurred on December 17, 2021, when nearly 

every state in Peninsular Malaysia, as well as those on both the eastern and western 

coasts, experienced rainfall for four consecutive days. Selangor, the central state that 

includes Kuala Lumpur, was one of the most severely affected by the floods. The main 

reason for the drastic shifts in weather in the Klang Valley is the ongoing impact of 

global climate change. Typhoon Rai and Tropical Depression 29W intensified the 

effects of the monsoon, causing rainfall to extend further west than usual. This may 

have contributed to the 2021 flood disaster. 

The Langat and Klang River basins were selected as study locations due to the 

significant flood disaster that occurred in December 2021, as illustrated in Figure 3.2. 

This tragedy highlighted the importance of remaining vigilant and prepared for floods, 

especially as global climate change significantly impacts Malaysia’s weather patterns. 
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The Langat River valley is located in the southern and southeastern parts of Selangor, 

between latitudes 02°40′152″ N and 3°16′15″ N, and longitudes 101°19′20″ E to 

102°1′10″ E. The Langat River flows through an area of approximately 1,815 km2 and 

has multiple tributaries, the main ones being the Beranang, Lui, and Semenyih rivers. It 

is 78 km long and has a catchment area of 2350 km2. The average annual rainfall and 

evapotranspiration in this basin are 2145 and 1500 mm, respectively, indicating a 

tropical climate. Despite being one of Malaysia’s most significant catchments, the basin 

presents an advantageous case study for an integrated water resource policy system that 

involves various stakeholders and decision-makers, particularly concerning issues of 

flooding, water pollution, and water scarcity. 

On the other hand, the Klang River Basin lies between latitudes 2°55'N and 

3°25'N and longitudes 101°20'E and 101°50'E. It covers approximately one-third of 

Selangor State and has a catchment area of 1,288.4 km2 on the western coast of 

Peninsular Malaysia. The Klang River basin includes Kuala Lumpur, one of Malaysia’s 

most important cities, as well as the highly urbanized and industrialized towns of 

Petaling Jaya, Shah Alam, and Klang. This region has recently experienced significant 

expansion and growth. Periodic flooding has long been a serious impediment to 

efficient land use and living conditions in Klang. Approximately 14% of the Klang 

Valley’s administrative area (234,347 ha) is vulnerable to flooding (Kim Loi, 1996). 

The basin experiences roughly 1900-2600 mm of rainfall each year, with the majority 

falling during the NEM, the SWM, and the two inter-monsoon months (April and 

October). Consequently, whenever there is a prolonged period of heavy rainfall in the 

catchment area, there is a risk of flooding in the Klang River Basin (Sezer et al., 2011). 
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Figure 3.2 Langat and Klang River Basin Map   

 

 

3.3 Data Acquisition and Processing 

 

 This section outlines the methods used to acquire and process the secondary data 

for the study. Weather radar data were sourced from the Malaysian Meteorological 

Department (MMD), while hydrological data, including rainfall data from rain gauges 

and streamflow, were provided by the Department of Irrigation and Drainage (DID). 

Additional data, such as digital and topographical maps related to the catchment case 

study, were obtained from relevant websites. 

Several software tools and applications were utilized for data acquisition, processing, 

and analysis, such as Quantum Geographic Information System (QGIS), MATLAB, 

and HEC-HMS. The following sections describe in detail the radar data acquisition and 

processing. 

 

3.3.1 Weather Radar  

 

The nearest Doppler weather radar to the research region is located at Latitude 

3.120 °N and Longitude 101.55 °E, with an altitude of 32 m, near Subang Airport in 



59 
 

Selangor, as illustrated in Figure 3.3. The Subang Weather Radar employs an S-band 

radar with a maximum horizontal coverage of 300 kilometers. Initially, radar rainfall 

intensity could not be directly measured from the data. These raw datasets were 

obtained from the Malaysian Meteorological Department (MMD) at ten-minute 

interval.  The LINUX operating system transforms the raw data into a readable text 

format in a.txt file, converting the unit of radar reflectivity from decibels to millimeters 

per hour.  

The raw radar data are stored in a format known as Constant Altitude Plan 

Position Indicator (CAPPI). Since each CAPPI file represents a 10-minute scan, six files 

are required to generate one hour of radar-based rainfall data. The 10-minute interval 

radar data were converted to hourly rainfall in a few steps. First, radar reflectivity (Z) 

from each scan was converted to rainfall rate (R) (mm/h) using the Marshall & Palmer 

Z-R relationship (as adopted by the Met Malaysia). Next, the mean hourly radar rainfall 

is calculated by converting each 10-minute radar rainfall intensity (mm/h) into rainfall 

depth by multiplying it by 
10  

60
hour, summing the six 10-minute depths within the hour 

to obtain the hourly rainfall total, and, if required, expressing this total as the mean 

hourly rainfall intensity (mm/h), which is numerically equal to the hourly rainfall depth 

for a one-hour period. The final hourly rainfall data were checked for quality and, if 

needed, adjusted using rain gauge measurements. 

 

 

  Figure 3.3 Subang Doppler Radar (Tahir et al., 2022) 
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3.3.1.1 Radar Integrated Nowcasting System (RaINS) 

 

Radar composite products, referred to as the Radar Integrated Nowcasting 

System (RaINS), are produced by mathematically combining data from different radars 

stations. The products for Peninsular Malaysia are derived by interpolating data from 

18 radar stations across the Peninsula into a single grid using the inverse distance 

weighted (IDW) technique, as explained in Chapter 2. The maximum re-gridded 

reflectivity data from the 18 radar stations constitutes the final product, which is 

obtained from the weather radar system of the Malaysian Meteorological Department 

(MMD) (Yik et al., 2018). The radar reflectivity is converted to rain rate using the 

Marshall-Palmer equation and used as the rainfall input. 

The uncalibrated RaINS data used for this study were collected between 

December 2021 and August 2023. The selected data were screened for outliers and 

missing values. Outliers were identified when the rainfall values were too high, too low, 

or clearly unrealistic compared to nearby stations. These abnormal values were either 

corrected using data from nearby stations or removed if they could not be fixed. For 

missing values, small gaps were filled using interpolation or by referring to the nearest 

reliable station. If the missing periods were too long to estimate accurately, those parts 

of the data were excluded from the analysis. The chosen rainfall events represent a wide 

range of annual precipitation quantities, including an unprecedented flood disaster. 

RaINS data are provided in both Microsoft Excel and ASC file formats, with the ASC 

file representing radar rainfall images. The RaINS data in Excel format consist of radar 

rainfall that has been computed to the nearest pixels of the corresponding rain stations 

using Python (Tahir et al., 2022). These data are presented as hourly rainfall 

measurements, categorized by rainfall station numbers, before the selection of specific 

stations. As for the ASC file data, the real-time rainfall observations is shown in Figure 

3.4. The radar data in ASC format (Figure 3.5) are then processed using QGIS software 

to prepare the input needed for this analysis. 
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   Figure 3.4  Radar display 

 

 

Figure 3.5  File Extension in ASC format 

 

3.3.1.2 Radar Reflectivity Image Processing 

 

 The radar reflectivity image from MMD covers the entire area of Malaysia. 

Therefore, in this study, the first step is to extract the radar reflectivity image for the 
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specific regions of the Klang and Langat river basins using QGIS software, as shown in 

Figure 3.6.  

 

 

 

 

 
 

Figure 3.6   Radar Image Delineation for Klang and Langat River Basin 

 

 

 



63 
 

3.3.2 Rainfall and Streamflow Data 

 

The selection of rainfall stations was based on both the availability of rain gauge 

data and RaINS data, which were managed by the DID and MMD, respectively. This 

means that only rainfall stations with data available at the same temporal and spatial 

scale for both the rain gauges and RaINS radar were selected for this analysis. Rainfall 

data were collected from 38 rain gauge stations located in the Klang and Langat River 

Basins, and hydrological data, such as streamflow data, were obtained from the 

Hydrology Division of the DID. The rainfall stations used in this study are listed in 

Table 3.1 and illustrated in Figure 3.7. 

 

Table 3.1 

List of Rainfall Station for Klang and Langat River Basin  

No Station_Name Longitude Latitude 

1 Sg Ampang Kg Lembah Jaya 101.7909 3.148075 

2 Sg Damansara Batu 3 101.5539 3.075611 

3 Sg. Klang di Bandar Klang 101.4448 3.048056 

4 Bukit Antarabangsa 101.7727 3.183694 

5 Sg. Gombak di Batu 10 101.7267 3.267279 

6 Sg Damansara Kg Melayu Subang 101.5409 3.150055 

7 Sg. Penchala di Kg. Gandhi 101.6214 3.076444 

8 Kg. Rantau Panjang 101.4132 3.049139 

9 Kota Damansara 101.578 3.156392 

10 Puncak Antheneum 101.7658 3.182472 

11 Sg Penchala Jalan 222 101.6344 3.09652 

12 Ayer Hitam Puchong 101.5804 2.979611 

13 Sg Rasau Pulau Meranti 101.6394 2.969105 

14 IOI Puchong Jaya 101.6214 3.04275 

15 Sg. Klang di Puchong Drop 101.5974 3.019527 

16 Selayang Baru 101.6663 3.250222 

17 Sg. Batu di Batu Caves 101.6802 3.236266 

18 Taman Sentosa 101.4701 3.001619 

19 Taman Botani 101.4976 3.093046 

20 Sg. Kayu Ara di Taman Mayang 101.5964 3.112277 



64 
 

21 Sg. Klang di Taman Sri Muda 101.5345 3.037722 

22 Sg. Damansara di TTDI Jaya 101.5542 3.096944 

23 Sg. Langat di Batu 12 101.7978 3.093388 

24 Sg. Langat di Batu 15 101.8347 3.136888 

25 Sg. Langat di Bukit Changgang 101.6419 2.813472 

26 Sg. Langat di Dengkil 101.6814 2.855777 

27 Genting Peres 101.9232 3.14025 

28 Sg. Langat di Jenderam Hilir 101.7283 2.896966 

29 JPS Hulu Langat 101.7637 2.936064 

30 Sg. Langat di Pekan Kajang 101.7861 2.992694 

31 Sg. Balak di Kg. Baru Balakong 101.7488 3.027667 

32 Sg. Semenyih di Kg. Pasir 101.8661 3.013444 

33 Sg. Langat di TNB Pangsun 101.8759 3.209638 

34 Pekan Banting 101.5085 2.810653 

35 Empangan Semenyih 101.8806 3.07861 

36 Sg. Langat di JPS Sg. Manggis 101.5428 2.825278 

37 Sg. Semenyih di Rinching 101.8219 2.915194 

38 Ladang Bute 101.7473 2.75341 

 

 
Figure 3.7   Raingauge Station in Klang and Langat River Basin 
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3.4 Mean Areal Rainfall Estimation 

  

 Mean areal rainfall estimation is used to determine the average rainfall depth 

across a specific region. This is crucial for applications such as hydrological modeling, 

water resource management, flood forecasting, and climate studies, as it provides a 

more comprehensive representation of precipitation over a large area, rather than 

relying on data from a single point of rain gauge. Essentially, it helps researchers gain 

a better understanding of rainfall patterns and their impacts on a given area. 

 There are three primary methods used to calculate the average depth of rainfall 

over a specific catchment area for any given time period. These methods are arithmetic 

mean method, Thiessen polygon method, and isohyetal method. Each method offers a 

unique approach for estimating the average rainfall, considering factors such as spatial 

distribution, rainfall patterns, and the location of rainfall measurement stations. The 

arithmetic mean method assumes an equal weight for all stations, while the Thiessen 

polygon and isohyetal methods consider the spatial variability of rainfall by using 

geometric or contour-based techniques to better reflect local conditions.  

 The Thiessen polygon method was chosen in this study because it provides 

better accuracy compared to the arithmetic mean method and is simpler than the 

isohyetal method (Kumar et al., 2021). The Thiessen polygon method assumes that each 

precipitation gauge is assigned a different weight, unlike the arithmetic method where 

all gauges are treated equally. 

 

                                                    𝑃𝑎𝑣𝑔 = ∑ 𝑤𝑖𝑃𝑖
𝑚
𝑖=1                                                (3.1) 

 

where ∑ 𝑤𝑖 = 1.𝑚
𝑖=1  The Thiessen polygon method simplifies to the arithmetic mean 

method if 𝑤𝑖 = 
1

𝑚
 . In the Thiessen polygon method, 

                                                          𝑤𝑖 = 
𝐴𝑖

𝐴𝑇
                                                        (3.2) 

 

where; 

AT = Total basin or watershed area, 

Ai  = Area defined by Thiessen polygons, 



66 
 

 To determine Ai, start by joining the locations of adjacent stations with straight 

lines. Next, draw the perpendicular bisectors to these lines, as shown in Figure 3.8. 

Then, define the polygons that enclose each station and calculate the area of each 

polygon. 

 

Figure 3.8 Thiessen Polygon Method ( Olawoyin and Acheampong, 2017)  

 

 

3.5 Feature Extraction of Radar Images 

 

 Feature extraction is a critical step in machine learning and data analysis, where 

the goal is to identify and isolate the most relevant information from raw data. In the 

case of image files, this process involves converting the visual data into numerical 

features that can be processed by machine learning algorithms. By focusing only on the 

most significant features, feature extraction helps to reduce the complexity of the model, 

making it easier to interpret and faster to compute. This selection process also enhances 

the performance of machine learning algorithms by eliminating noise and irrelevant 

data. The extracted features are then used to build a more concise and informative 

dataset, which can be applied to a wide range of tasks, including classification, 

clustering, and prediction. MATLAB software is utilized in this process, with part of 

the script presented in Figure 3.9. In the context of this study, the results of the feature 

extraction from radar images will serve as the input for an ANN-based model, which 

will be used for rainfall classification, specifically distinguishing between stratiform 

and convective rainfall types. 
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Figure 3.9  MATLAB Script for Extracting Features from Radar Images 

 

3.5.1 Image Segmentation 

 

The identification of rain cells involves several steps, with convective rain cells 

being partially detected through the use of segmentation techniques. Each radar image, 

initially captured in polar coordinates, is transformed into a Cartesian grid where the 

resolution is set to 1.0 x 1.0 km² per pixel. This means each pixel in the radar image 

represents an area of 1 km × 1 km on the ground. This conversion enables the image to 

be segmented into distinct rain segments (clusters of pixels representing rain). The first 

step in this process is to convert the original radar image into a binary image, as shown 

in Figure 3.10. This binary representation highlights areas where rainfall intensity 

exceeds a predefined threshold, marking the locations of significant rainfall in two 

dimensions. The specific threshold used here is approximately 40 dBZ, which ensures  
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that only the convective portion of the rainfall, characterized by higher intensity, 

remains for further analysis. This threshold has been widely adopted in previous studies, 

such as those by Rigo and Llasat (2004), Karklinsky and Morin (2006), Kyznarová and 

Novak (2009), Barnolas et al. (2010), and Peleg et al. (2018), among others, to isolate 

the convective rain cells from stratiform rain and improve the accuracy of rain cell 

identification.  

Convective structures in radar images are identified based on their connectivity. 

To achieve this, the ‘four nearest neighbors’ algorithm is employed to define and 

configure the individual rain cells. According to this method, two convective pixels are 

considered part of the same convective structure if they are adjacent to each other either 

vertically (above or below), horizontally (to the right or left), or in the same plane. 

However, pixels that are diagonally adjacent are not considered connected, even if they 

share the same intensity or type. In this study, a total of 720 radar images were analyzed, 

resulting in the detection of 559 precipitation structures, 210 of which were identified 

as convective structures based on data availability. This approach allows for the 

effective isolation of convective rainfall areas, which are crucial for understanding the 

characteristics of rainfall in a given region (Féral et al., 2000; Barnolas et al., 2010). 

 Additionally, segments containing rain cells with an area smaller than 16 km² 

are excluded from further analysis. Since each pixel is 1 km2, a rain cell would need to 

cover at least 16 pixels to be included in the analysis. This threshold is chosen to 

eliminate very small cells, which are often linked to anomalous radar echoes or noise, 

and to focus on the more significant and reliable rain cells. Furthermore, if any isolated 

pixels, or 'spurs,' are detected within the segmented areas, they are assigned a null value 

to avoid skewing the results. Alternative methods for segmenting and identifying rain 

cells can be found in the broader literature, as mentioned in Chapter 2. An example of 

the segmentation process is shown in Figure 3.10(e), where the rain cell segments are 

clearly delineated by different colors, highlighting the areas successfully identified as 

rain cells. 

 

3.5.1.1 Accuracy assessment 

  

The performance of the results is evaluated by comparing the estimated areal 

rainfall with the data obtained from rain gauges, using the arithmetic average method 

(3.3). This approach involves calculating the mean rainfall values across all local 
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stations within the study area. This method is used in areas where rainfall is evenly 

distributed because it gives all stations equal weight regardless of their proximity or 

other variables.  

                                                          𝑃̅ =
1

𝑛
∑ 𝑃𝑖

𝑛
𝑖=1                                                          (3.3) 

where 𝑃̅ = average rainfall  

           P = rainfall value at individual station 

           i  = individual station 

           n = number of stations 

 

 
(a)                                               (b) 

 
                                         (c)                                               (d) 

 
(e) 

 

Figure 3.10   Description of the Segmentation Process, for the Event of 01 February 

2023 at 17:00 UTC: (a) Reflectivity Radar Data Map in Tiff Format, (b) Binary 

Image, (c) Region Filling to Remove Holes Found in the Image, (d)Images Opened to 

Remove Pixels Less than 40 dBZ, and (e) Number of Rain Cell Segments Captured. 
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3.5.2  Rain Cell Features 

  

 The next step is the feature extraction procedure for the rain cells, where various 

characteristics of each segment are derived. In this study, convective structures are 

represented using ellipses. In weather radar applications, elliptical representations are 

preferred for connective and spatial structures because they align with the circular radar 

scanning geometry and effectively convey the continuity of precipitation fields 

(Saltikoff et al., 2019) . For each segment, an ellipsoid is fitted to the data, and the major 

and minor axes are determined. The major axis represents the longest path, which is 

measured from the center of the segment, while the minor axis is oriented perpendicular 

to the major axis. This approach allows for a better understanding of the shape and 

orientation of the convective structures (Peleg et al., 2018). Additional features of each 

segment include the central location of the ellipsoid, the area (in km²), the lengths of 

the major and minor radius (in km), and the cell orientation, which is defined by the 

major radial angle in degrees relative to the west-east direction (with positive angles 

measured counterclockwise). Moreover, the maximum and mean gridded intensities (in 

mm/h) are also extracted. Each grid cell represents an areal rainfall intensity value 

(mm/h) derived from radar reflectivity using a Z-R relationship. Maximum and mean 

gridded rainfall intensities were derived at each time step by spatial aggregation of 

radar-derived rain rates over the storm domain, following the methodology of Peleg et 

al. (2018). These characteristics are visualized in Figure 3.11, providing a detailed 

representation of the rain cell features. 

 

Figure 3.11  Feature Extraction Process for A Single Radar Map 
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3.6 Classification of Convective-Stratiform Rainfall using Machine Learning 

 

3.6.1 K-Nearest Neighbor Method (KNN) 

  

 KNN is often described as a ‘lazy learner’ because it does not immediately learn 

from the training data. Instead, it stores the dataset and only performs computations 

when making predictions. Figure 3.12 illustrates the K-nearest neighbor model. KNN 

classifies a new data point by analyzing its nearest neighbors. The red diamonds 

represent Category 1, and the blue squares represent Category 2. The new data point 

looks at the closest neighbors (marked with circles). Since most of the nearby points are 

blue squares (Category 2), KNN assigns the new point to Category 2. 

 

 

Figure 3.12 An Illustration of K-Nearest Neighbor Model (Kartik, 2025) 

 

Classifying different precipitation types using KNN requires that the variables 

employed in the classification exhibit clear and significant differences between types. 

The next section describes the steps and procedure involved in the KNN method. 

 

3.6.1.1 Selection of features 

  

Radar reflectivity values constitute the first feature. Rainfall classification into 

different types based on radar reflectivity follows these criteria: (1) rainfall is 

categorized as stratiform when the radar reflectivity is below 40 dBZ, and (2) rainfall is 

classified as convective when the radar reflectivity exceeds 40 dBZ. These  
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classifications are supported by studies from Rigo and Llasat (2004), Karklinsky and 

Morin (2006), Barnolas (2010), Djafri and Haddad (2014), and Peleg et al. (2018). 

 Radar reflectivity, denoted as Z and measured in decibels (dBZ), is a crucial 

parameter that indicates the intensity of the returned radar signal from raindrops. This 

measurement is closely linked to the raindrop size distribution (DSD) within a specific 

radar sample volume. Furthermore, radar reflectivity can be inverted to estimate the rain 

rate (R), typically expressed in millimeters per hour (mm/h). The relationship between 

reflectivity and rain rate has been extensively studied and well-established in the 

literature (Fraile and Fernández-Raga, 2009; Roslan et al., 2021). 

 In this study, the reflectivity values in dBZ are converted into rainfall using the 

Marshall-Palmer equation, as applied by the Malaysian Meteorological Department 

(MMD). Reflectivity, denoted as Z, is expressed in dBZ. The decibel (dB) is a unit 

originally developed to represent power ratios, as shown in the following equation 

(Tahir et al., 2022): 

                                                   dB = 10 log[P1/P2]                                              (3.4) 

where P1 and P2 represent the two power levels being compared, and the log is to the 

base 10. 

Reflectivity can be mathematically represented as;  

                                      Z(dBZ) = 10 log [z/[1mm6/m3]]                                  (3.5) 

where z represents the backscattered power measured by the radar. Using Marshall-

Palmer equation adopted by the MMD;  

                                                z = 200 R 1.6                                                           (3.6)  

 Thus, to determine the rainfall intensity, R, at Z = 40 dBZ; 

                                             z = antilog (40/10)   

                                            R = (z/200) ^ (1/1.6)  

                                                = 11.53 mm/h 

 

Based on this, it can be concluded that rainfall with an intensity of R < 11.53 

mm/h is classified as stratiform rainfall, while rainfall with R ≥ 11.53 mm/h is classified 

as convective rainfall in context of radar reflectivity images.  
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 Additionally, Roslan et al. (2021) established three distinct rainfall intensity 

categories for monsoon rainfall in Malaysia, which are as follows: low rain (0.3 < R < 

3.2 mm/h), medium rain (3.2 ≤ R < 13 mm/h), and high rain (R ≥ 13 mm/h). These 

classifications are particularly relevant in the context of Malaysia’s climate. The mean 

gridded rainfall intensity, derived from the feature extraction of radar images,  

constitutes the second feature. Rainfall is then classified into two categories (stratiform 

and convective) based on the rainfall intensity thresholds mentioned earlier. This 

classification helps maintain the quality and accuracy of the reflectivity data. 

 

3.6.1.2 Training and Classification 

 In this study, two variables (radar reflectivity and mean gridded intensity) are 

utilized as classification features in the K-nearest neighbors (KNN) algorithm. These 

variables are incorporated into the KNN algorithm during the training process. First, an 

optimal value for k (the number of nearest neighbors) is selected to ensure accurate 

classification. Once the optimal k is determined, the feature values of the sample to be 

classified are input into the KNN algorithm. 

 Next, the standardized Euclidean distance between the sample and each training 

sample stored in the KNN model is computed. This distance calculation allows the 

algorithm to evaluate the similarity between the sample and its neighbors. The class that 

corresponds to the majority of the k nearest neighbors is then assigned as the predicted 

classification for the sample. For the training process, MATLAB is used to implement 

the KNN algorithm. A sample of the corresponding script, which outlines this process, 

is shown in Figure 3.13. 
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Figure 3.13  MATLAB Script for KNN Algorithm 

 

 

 

 

% Train a classifier 

% This code specifies all the classifier options and trains the classifier. 

classificationKNN = fitcknn(... 

    predictors, ... 

response, ... 

    'Distance', 'Euclidean', ... 

    'Exponent', [], ... 

    'NumNeighbors', 1, ... 

    'DistanceWeight', 'Equal', ... 

    'Standardize', true, ... 

    'ClassNames', categorical({'convective'; 'stratiform'})); 

  

% Create the result struct with predict function 

predictorExtractionFcn = @(t) t(:, predictorNames); 

knnPredictFcn = @(x) predict(classificationKNN, x); 

trainedClassifier.predictFcn = @(x) 

knnPredictFcn(predictorExtractionFcn(x)); 

  

% Add additional fields to the result struct 

trainedClassifier.RequiredVariables = {'CenterX', 'CenterY', 'Area', 

'MajorRadius', 'MinorRadius', 'Orientation', 'MaxIntensity', 

'MeanIntensity'}; 

trainedClassifier.ClassificationKNN = classificationKNN; 

trainedClassifier.About = 'This struct is a trained model exported from 

Classification Learner R2017b.'; 

trainedClassifier.HowToPredict = sprintf('To make predictions on a new 

table, T, use: \n  yfit = c.predictFcn(T) \nreplacing ''c'' with the name of 

the variable that is this struct, e.g. ''trainedModel''. \n \nThe table, T, 

must contain the variables returned by: \n  c.RequiredVariables \nVariable 

formats (e.g. matrix/vector, datatype) must match the original training 

data. \nAdditional variables are ignored. \n \nFor more information, see <a 

href="matlab:helpview(fullfile(docroot, ''stats'', ''stats.map''), 

''appclassification_exportmodeltoworkspace'')">How to predict using an 

exported model</a>.'); 

  

% Extract predictors and response 

% This code processes the data into the right shape for training the 

% model. 

inputTable = trainingData; 

predictorNames = {'CenterX', 'CenterY', 'Area', 'MajorRadius', 

'MinorRadius', 'Orientation', 'MaxIntensity', 'MeanIntensity'}; 

predictors = inputTable(:, predictorNames); 

response = inputTable.RainfallType; 

isCategoricalPredictor = [false, false, false, false, false, false, false, 

false]; 

  

% Perform cross-validation 

partitionedModel = crossval(trainedClassifier.ClassificationKNN, 'KFold', 

5); 

  

% Compute validation predictions 

[validationPredictions, validationScores] = kfoldPredict(partitionedModel); 

  

% Compute validation accuracy 

validationAccuracy = 1 - kfoldLoss(partitionedModel, 'LossFun', 

'ClassifError'); 
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3.7 Determination of Z-R relationship for Convective-Stratiform Rain Types 

 For each classified rain type, a new Z-R relationships is derived using a 

statistical method via Solver Analysis, where the error between radar data and rain 

gauge data is minimized. The simplex algorithm is applied in the optimization of 

selected rainfall data, which estimates the system parameters and identifies potential 

interactions. The smallest difference between radar and rain gauge data is achieved by 

employing the simplex algorithm. In this approach, the optimization of the Z-R 

relationship is carried out using Equation 3.7. First, both radar data and rain gauge data 

are categorized according to rainfall classifications (convective and stratiform). The 

rainfall rates are then converted into log Z (for radar data) and log Rg (for gauge data) 

as shown in Equation 3.8.  

                                                         
baRZ =                (3.7) 

                                             
RbaZ log*loglog +=

                       (3.8) 

                                                  b

aZ
R

loglog
log

−
=

            (3.9) 

                                                 )log(log RaingaugeRg =          (3.10) 

 To use the Solver Analysis method, the initial values of log a and coefficient b 

are assumed to be 1 before the optimization process begins. In this step, log R is 

calculated using the formula above, with log a set to 1 and b set to 1. Next, the error 

between log R and log Rg is computed by subtracting the values, followed by squaring 

the error, as shown in Equation 3.12. 

                                                  RRgError loglog −=            (3.11) 

                                                 ( )22 loglog RRgError −=                       (3.12) 

 

 Next, constraints are set for the values of log a and b based on previous research. 

According to studies by Chumchean (2004), the coefficients a and b, each have their 

own limitations. After considering the characteristics of these coefficients, it was 

determined that the suitable limitations for a and b are 2.7 and 1.9, respectively, which  
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align with the rainfall classes in Malaysia’s climate (Ramli et al., 2011). Several trials 

were conducted with the radar and gauge dataset for the selected case study. The results 

from these trials showed improved performance in terms of statistical measurements, 

including bias, mean error, and root mean square error. 

 In this method, Solver Analysis finds the optimal values for log a and b in the 

equation that minimizes the difference between log Rg and log R. The iteration 

continues until the objective function is met, which corresponds to the lowest sum of 

squared errors. Statistical measurements such as mean absolute error (MAE) and root 

mean square error (RMSE) are used to evaluate the performance of the improved Z-R 

relationship. 

  

                                (3.13) 

 

  

                              (3.14) 

  

where;  

n = number of samples 

Rg=Rain gauge data 

Rr= Radar data 

 

 

3.8 Development of ANN-based Radar QPE 

 

3.8.1 Data Processing 

  

 A novel approach in this study is an attempt to estimate mean areal rainfall from 

the features extracted from radar images using Artificial Neural Network (ANN). In this 

context, the feature extraction derived from radar images serves as the input layer for 

the subsequent ANN analysis, as mentioned in Section 3.5. The features are based on 

eight distinct characteristics of the radar images: the central location of the ellipsoid, 

the total area (in km²), the lengths of the major and minor axes (in km), the orientation 

of the radar cell, the maximum intensity, and the mean gridded intensities (measured in 

mm/h). 
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 To facilitate the ANN training process, a Microsoft Access Table (MAT) file is 

created in MATLAB, which holds the input data. This file is of size 210 by 8, where 

each row represents a different sample, and each of the eight columns corresponds to 

one of the aforementioned features. 

 In addition to the input data, the ANN model also requires target values for 

training, validation, and testing phases. These target values are stored in another MAT 

file, this one sized 210 by 1, where each entry contains the true rainfall value obtained 

from rain gauge measurements. The network will attempt to learn the relationship 

between the radar-based features and the corresponding rainfall measurements in order 

to predict future rainfall patterns accurately. 

 

3.8.2 Methods 

 

 The flow diagram for the ANN process is illustrated in Figure 3.14. Initially, the 

radar images are analyzed to extract relevant features of the rain cells, which are 

characterized by eight distinct attributes. Once the extraction process is completed, the 

resulting data is prepared for input into the network. Following this, the next critical 

step is to partition the data into three subsets: training, validation, and testing. This is a 

standard practice to ensure that the model is trained effectively, with 60% of the data 

used for training, 20% for validation, and the remaining 20% for testing. The division 

of the data ensures that the subsets are balanced and appropriately represent the full 

dataset, facilitating an unbiased evaluation of the model’s performance. The data 

division process is performed with attention to ensure that the subsets are of equal size, 

providing consistency and reliability during the training and evaluation stages. 

The next step in the process involves the development of a multilayer 

feedforward neural network using the feedforwardnet function. This network 

architecture consists of a single hidden layer. The number of neurons within the hidden 

layer plays a crucial role in determining the network’s responsiveness and its ability to 

capture patterns in the data. If the network has too few neurons, it may fail to adequately 

model the underlying relationships, leading to underfitting. On the other hand, an 

excessive number of neurons can cause the network to become overly complex, 

potentially resulting in overfitting, where the model performs well on training data but 

fails to generalize to new, unseen data. For this study, the network is configured with 6 
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neurons in the hidden layer, as depicted in Figure 3.15. The number of neurons in the 

output layer is determined by the size of the target vector, which corresponds to the 

number of desired output values the network needs to predict. 

 

 

Figure 3.14 ANN Process Flow 

 

 To achieve optimal performance, the network has undergone a manual 

optimization process. The Levenberg-Marquardt (LM) algorithm has been specifically 

selected for this optimization. Known for its efficiency, the LM algorithm is one of the 

fastest training methods available, though it typically demands more memory compared 

to other training algorithms. Despite its higher memory requirements, the LM algorithm 

was chosen because of its superior reliability in predicting the desired parameter, in this 

case, the rain rate. This is particularly beneficial when the initial value of the parameter 

is significantly different from the expected reflectivity value, as the LM method can still 

produce accurate predictions. Moreover, the Levenberg-Marquardt algorithm is 

particularly adept at handling inversion problems. In contrast to other algorithms, the 

LM method is able to process inversions more quickly, which significantly enhances its 

performance in scenarios that involve complex parameter estimation. These advantages 

make the LM algorithm a preferred choice for applications requiring quick and reliable 

parameter predictions, such as the one outlined in Roslan et al. (2021). 

Data Collection

(Radar Images)
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 Figure 3.15  ANN Architecture 

 

 The primary objective of the ANN model is to accurately estimate rainfall 

amounts based on a set of targeted data. This targeted data is derived from the mean 

areal rainfall rate values collected from raingauge observations provided by the DID, 

and it is calculated for each individual rain cell area. After the training phase is 

completed, the performance of the network is assessed to determine its effectiveness. If 

necessary, adjustments are made to improve the model’s performance. These 

adjustments may include refining the training process, altering the network architecture, 

or modifying the input data to enhance the network’s accuracy. The specific neural 

network structure employed for this model and part of the script are illustrated in Figure 

3.16 and Figure 3.17. 

 

Figure 3.16 Model Neural Network Architecture 
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Figure 3.17  MATLAB Script for ANN Analysis 

% Created 08-Dec-2023 09:32:19 

 

%   RainsInput - input data. 

%   RainsTarget - target data. 

  

x = RainsInput; 

t = RainsTarget; 

  

% Choose a Training Function 

% For a list of all training functions type: help nntrain 

% 'trainlm' is usually fastest. 

% 'trainbr' takes longer but may be better for challenging problems. 

% 'trainscg' uses less memory. Suitable in low memory situations. 

trainFcn = 'trainlm';  % Levenberg-Marquardt backpropagation. 

  

% Create a Fitting Network 

hiddenLayerSize = 6; 

net = fitnet(hiddenLayerSize,trainFcn); 

  

% Choose Input and Output Pre/Post-Processing Functions 

% For a list of all processing functions type: help nnprocess 

net.input.processFcns = {'removeconstantrows','mapminmax'}; 

net.output.processFcns = {'removeconstantrows','mapminmax'}; 

  

% Setup Division of Data for Training, Validation, Testing 

% For a list of all data division functions type: help nndivision 

net.divideFcn = 'dividerand';  % Divide data randomly 

net.divideMode = 'sample';  % Divide up every sample 

net.divideParam.trainRatio = 80/100; 

net.divideParam.valRatio = 10/100; 

net.divideParam.testRatio = 10/100; 

  

% Choose a Performance Function 

% For a list of all performance functions type: help nnperformance 

net.performFcn = 'mse';  % Mean Squared Error 

  

% Choose Plot Functions 

% For a list of all plot functions type: help nnplot 

net.plotFcns = {'plotperform','plottrainstate','ploterrhist', ... 

    'plotregression', 'plotfit'}; 

  

% Train the Network 

[net,tr] = train(net,x,t); 

  

% Test the Network 

y = net(x); 

e = gsubtract(t,y); 

performance = perform(net,t,y) 

  

% Recalculate Training, Validation and Test Performance 

trainTargets = t .* tr.trainMask{1}; 

valTargets = t .* tr.valMask{1}; 

testTargets = t .* tr.testMask{1}; 

trainPerformance = perform(net,trainTargets,y) 

valPerformance = perform(net,valTargets,y) 

testPerformance = perform(net,testTargets,y) 

  

% View the Network 

view(net) 

  

% Plots 

% Uncomment these lines to enable various plots. 

%figure, plotperform(tr) 

%figure, plottrainstate(tr) 

%figure, ploterrhist(e) 

%figure, plotregression(t,y) 

%figure, plotfit(net,x,t) 

  

% Deployment 

% Change the (false) values to (true) to enable the following code blocks. 

% See the help for each generation function for more information. 

if (false) 

    % Generate MATLAB function for neural network for application 

    % deployment in MATLAB scripts or with MATLAB Compiler and Builder 

    % tools, or simply to examine the calculations your trained neural 

    % network performs. 

    genFunction(net,'myNeuralNetworkFunction'); 

    y = myNeuralNetworkFunction(x); 

end 

if (false) 

    % Generate a matrix-only MATLAB function for neural network code 

    % generation with MATLAB Coder tools. 

    genFunction(net,'myNeuralNetworkFunction','MatrixOnly','yes'); 

    y = myNeuralNetworkFunction(x); 

end 

if (false) 

    % Generate a Simulink diagram for simulation or deployment with. 

    % Simulink Coder tools. 

    gensim(net); 

end 
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3.8.3 Model Validation 

  

 The performance of the ANN-Radar QPE model is evaluated using two key 

metrics for deterministic continuous variables: the root mean square error (RMSE) and 

the correlation coefficient (r). These metrics help assess the accuracy of the model’s 

predictions. The calculations for these metrics are provided in equations (3.4) and (3.5), 

where G represents gauge rainfall, R denotes radar rainfall, and i refers to the number 

of rainfall stations. 

                                                  𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝐺𝑖 − 𝑅𝑖)

2𝑛
𝑖=1                                  (3.15) 

 

                                                 𝑟 =
𝑛(∑𝑥𝑦)−(∑𝑥)(∑𝑦)

√[𝑛∑𝑥2−(∑𝑥)
2
][𝑛 ∑𝑦2−(∑𝑦)

2
]
                               (3.16) 

 

where, 𝐺𝑖 = 𝑥, 𝑅𝑖 = 𝑦. 

 

 

3.9 Application of ANN-based Radar QPE as Input to HEC-HMS Flood 

Forecasting Model 

 

 The research employs the HEC-HMS rainfall-runoff hydrological model to 

simulate flood forecasting with input from the radar QPE. The process of developing 

the hydro-meteorological flood forecasting model for the Klang and Langat River 

basins using the HEC-HMS model version 4.9 is shown in Figure 3.18. This process 

begins with the preparation and integration of the input data required for the HEC-HMS 

model. For this study, the input data are rainfall data from rain gauge, radar QPE and 

newly developed ANN-enhnaced radar QPE. This rainfall data is then fed into the 

hydrological or rainfall-runoff model. The model is crucial in providing accurate 

rainfall inputs, which are essential for simulating flood events and forecasting flood 

behaviour in the basin. 
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Figure 3.18   Hydro-Meteorological Flood Modeling Process Flow 

 

 

3.9.1 Data Processing 

 

This section presents a comprehensive approach for systematically collecting 

and organizing the data required for spatial hydrological modeling within the defined 

basin. In this study, both rain gauge data and radar QPE were integrated into the 

modeling process, with a focus on hourly precipitation data specifically for the Klang 

and Langat River basins. As shown in Figure 3.19, radar imagery corresponding to each 

subbasin within the basin is displayed. To compute the average rainfall for each 

subbasin, the study employs the Quantum Geographic Information System (QGIS) 

software to calculate the mean value of gridded pixel data for each respective subbasin. 

The study adopts the arithmetic mean analysis method for the rain gauge data 

(Equation 3.3), which involves computing the mean areal rainfall for each subbasin by 

averaging the rainfall measurements obtained from multiple rain gauge points 

distributed across the catchment area. This method ensures a comprehensive 

representation of the rainfall over the entire subbasin area.  
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 In addition, the study utilizes specialized tools to facilitate the modeling process, 

such as Arc Hydro and HEC Geo-HMS, both of which are extensions of Geographic 

Information Systems (GIS). These tools were employed to prepare and process the 

necessary spatial and temporal data required for the hydrological modeling. 

Furthermore, additional spatial datasets, such as land use and soil maps, were generated. 

The curve number grid, a key component for calculating runoff, was also derived based 

on these spatial datasets, providing essential input for hydrological simulations. 

 Finally, once all the necessary data were prepared, the basin model was imported 

into the Hydrologic Engineering Center’s Hydrologic Modeling System (HEC-HMS) 

software. This step enabled further analysis and simulation of hydrological processes, 

allowing for a deeper understanding of the basin's behavior under various rainfall 

conditions. 

 

 

Figure 3.19   Distributed Subbasin of Radar QPE  
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3.9.1.1 Digital Elevation Model (DEM) 

 

 A topographic map, as illustrated in Figure 3.20, represented by a Digital 

Elevation Model (DEM) with a resolution of 30 meters or less, is essential for accurately 

determining the elevation at each point within the study area. The DEM serves as a 

critical tool for the delineation of catchments and the creation of river cross-sections, 

enabling precise hydrological analysis. Traditionally, manually delineating a watershed 

area from a topographic map can be both labor-intensive and susceptible to errors, 

which can affect the overall accuracy of the analysis. To overcome these limitations, 

the basin model is developed using an automated extraction process powered by the 

DEM. This process involves executing several computational operations that streamline 

and enhance the accuracy of the watershed delineation, significantly reducing the 

potential for human error and saving time. 

 

 

Figure 3.20   Digital Elevation Model for the Klang and Langat River Basins 
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3.9.1.2 Soil Map 

 

 The soil map plays a crucial role in determining the hydrological properties of a 

catchment area and is essential for further defining the Curve Number (CN) value. It 

provides detailed information on the different soil types present within the basin, each 

corresponding to a specific area. These soil types are vital for understanding the 

catchment's ability to absorb and transmit water, which directly influences runoff 

calculations. The soil map can be sourced from the Digital Soil Map of the World 

(DSMW) website, which offers comprehensive global soil data. In this study, the soil 

map of the Klang and Langat River basins, as shown in Figure 3.21, are used to 

categorize and assess the various soil types across the region, enabling more accurate 

hydrological modeling and CN value determination. 

 

 

Figure 3.21   Hydrologic Soil Group (HSG) for the Klang and Langat River Basins 
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 The Soil Conservation Service (SCS) method employs a hydrological 

classification system to group soils based on their estimated infiltration potential. This 

classification categorizes soils into four distinct groups: A, B, C, and D. Group A 

represents soils with high infiltration rates, meaning they allow water to seep through 

rapidly; Group B consists of soils with moderate infiltration rates; Group C includes 

soils with slow infiltration rates; and Group D represents soils with extremely slow 

infiltration rates, which are less permeable and tend to generate more runoff. 

 Furthermore, the transition from general soil classification to the SCS 

hydrological classification takes soil texture into account. The texture is determined by 

the proportion of sand, clay, and loam in the soil composition, as this information is 

crucial for accurately assessing the soil’s ability to absorb water and, in turn, for 

determining the runoff coefficient. The specific information for these soil components 

is provided in Table 3.2. Based on the analysis of the soil map, it is evident that the 

dominant soil class in the Klang River basin is Class D, indicating that the majority of 

the soils have slow infiltration rates. As a result, these soils are more prone to higher 

runoff, which can impact water management and flood risk in the area. 

 

Table 3.2   

Soil Texture Classes 

 

 

 

 

 

 

3.9.1.3 Land Use Map 

 

 The land use map is a crucial tool for determining the Curve Number (CN) of a 

catchment, which is calculated in relation to the soil type of the area. This map can be 

obtained from the Land Use and Land Cover (LULC) website, which provides 

comprehensive data for countries worldwide. However, for this analysis, only the 

datasets corresponding to areas connected to the study region for the year 2021 were 

downloaded. To integrate this data into the study, the land use information was imported  

SNUM COUNTRY Texture Hydrological Group 

4284 MALAYSIA clay-loam D 

4324 MALAYSIA clay C 

4464 MALAYSIA sandy-clay-loam D 

4552 MALAYSIA loam D 
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as shapefiles into ArcGIS, ensuring that the entire study region was adequately covered. 

The land use distribution within the Klang and Langat River catchment is depicted in 

Figure 3.22. Additionally, Table 3.3 presents the land use class definitions for the Klang 

and Langat watershed, based on the ESRI classification system (ArcGIS, 2021). The 

table includes only the relevant class numbers and their corresponding class names to 

focus on the land use categories pertinent to the study area. 

 

Table 3.3  

 Land Use Classification 

Class Number Class Name 

1 water 

2 forest 

4 mangrove swamp 

5 crops 

7 built area 

8 bare ground 

10 cloud 

11 rangeland 

 

 

Figure 3.22  Land Use for the Klang and Langat River Basins 
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3.9.1.4 CN-Lookup Table 

 The lookup table is designed to contain CN values corresponding to different 

combinations of land use and soil group classifications. The purpose of this table is to 

provide a detailed reference for determining the CN value linked to each specific 

combination of land use and hydrological group. In this particular scenario, the SCS 

curve values derived from the literature will be used (Rosli, 2021). Table 3.4 shows a 

comprehensive summary of the CN lookup table, which has been constructed by 

integrating the different land use classes with their corresponding hydrological groups 

(HSG). This table serves as an essential tool for accurately assessing runoff potential 

based on the unique characteristics of each land use and soil type combination within 

the study area. 

 

Table 3.4    

Initial CN Values for Land Use and Hydrological Soils Group 
 

Land use                HSG 

A B C D 

Water 100 100 100 100 

Forest 25  55 70 77 

Rangeland 66 77 88 94 

Bare ground 72 82 88 90 

Built area 77 85 90 92 

Mangrove swamp 77 80 83 86 

Crops 65 75 82 85 

 

3.9.1.5 CN Grid 

  

 The HEC-GeoHMS tool, integrated within the ArcGIS software platform, is 

used to generate the Curve Number (CN) grid for the study area. This tool utilizes 

several key datasets, including the Digital Elevation Model (DEM) of the basin, the CN-

Lookup table, and the combined results of land use and soil type data. The final CN 

map for the Klang and Langat watershed are shown in Figure 3.23 and Figure 3.24. In  

this study, the Soil Conservation Service Curve Number (SCS-CN) method is selected 

as the loss approach for each sub-basin within the Klang and Langat watershed. This 



89 
 

method is used to estimate potential runoff following a rainfall event by considering the 

complex interactions between soil type, land use, and hydrologic soil conditions. 

 The antecedent moisture condition (AMC) is an important factor in this method, 

as it reflects the moisture levels in the soil before a rainfall event occurs. AMC 

represents different soil moisture conditions based on prior precipitation. AMC I is 

applied in cases where the basin has experienced minimal rainfall before the event, 

indicating dry soil conditions. AMC III, on the other hand, is used for basins that have 

received significant precipitation prior to the modeled event, resulting in saturated or 

near-saturated soil conditions. AMC II is considered the average or typical moisture 

condition and is most commonly used in modeling applications. Equations 3.17 and 

3.18 demonstrate how adjustment factors are applied to the CN values under AMC II 

conditions in order to adjust the CN values for conditions corresponding to AMC I and 

AMC III (Tranceto, 2015). 

                                               𝐴𝑀𝐶𝐼 =
4.2×𝐴𝑀𝐶𝐼𝐼

10−(0.058×𝐴𝑀𝐶𝐼𝐼)
                                         (3.17) 

 

                                               𝐴𝑀𝐶𝐼𝐼𝐼 =
23×𝐴𝑀𝐶𝐼𝐼

10+(0.13×𝐴𝑀𝐶𝐼𝐼)
                                        (3.18) 

 

 

Figure 3.23  CN Map of Klang River Basin 
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Figure 3.24  CN Map of Langat River Basin 

 

3.9.2 HEC- HMS Rainfall Runoff Modeling 

  

 The HEC-HMS model is highly regarded and widely used in hydrological 

research due to its ability to accurately simulate runoff for both short- and long-duration 

rainfall events. Its popularity is further attributed to its intuitive user interface, which 

makes it accessible for a wide range of users (Tassew et al., 2019; Daide et al., 2021). 

The model consists of several key components that work together to simulate 

hydrological processes. These include the basin model, which represents the catchment 

area (as illustrated in Figure 3.25 and Figure 3.26); the meteorological model, which 

processes weather data; control specifications, which manage simulation settings; and 

time series data inputs, which provide temporal data for rainfall, temperature, and other 

relevant variables ( Fleming, 2004). 
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 For the meteorological model, the input data consisted of observed rainfall and 

streamflow data. These data were essential for accurately modeling the hydrological 

response of the basin to precipitation events. In addition, the control requirements 

component governs the overall simulation parameters, including the start and end dates 

of the simulation period, as well as the time step used in the model’s calculations. For 

this study, the model was configured with a simulation period from December 18, 2021, 

to December 22, 2021, and a time step of one hour, allowing for a detailed analysis of 

the runoff response over that time frame. 

 In this study, the SCS-CN (Soil Conservation Service-Curve Number) loss 

method was employed to estimate the initial runoff resulting from a specific or designed 

rainfall event. This method calculates the accumulated rainfall excess, which is 

influenced by several key factors, including soil type, land use, cumulative 

precipitation, and antecedent moisture conditions. The antecedent moisture condition 

refers to the soil moisture present prior to the rainfall event, which significantly impacts 

the runoff response. The relationship between these factors and the calculated runoff is 

described in Equation 3.19, which provides the mathematical formulation for 

determining the rainfall excess based on these variables (Mishra and Singh, 2003). 

 

                                                   𝑃𝑒 =
(𝑃−𝐼𝑎)2

𝑃−𝐼𝑎+𝑆
                                                     (3.19)  

 

where Pe=accumulated precipitation excess at time t,  

           P =accumulated rainfall depth at time t,  

           Ia=the initial abstraction (0.2S),  

           S =potential maximum retention. 

 The maximum retention (S) is related to the characteristics of the watershed 

through the dimensionless Curve Number (CN), as shown in Equation 3.20. 

                                                         𝑆 = 25400 −
254×𝐶𝑁

𝐶𝑁
                                         (3.20)                 
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 The SCS-CN is a parameter used to represent the combined effects of the key 

characteristics of a catchment area. These characteristics include factors such as land 

use, soil type, and hydrological conditions, all of which influence runoff. For 

transforming excess precipitation into runoff, the SCS Unit Hydrograph model was 

chosen. This model is widely used to convert the excess rainfall into a hydrograph that 

represents the runoff response over time. In this approach, the primary input required is 

the lag time (Tlag), which refers to the time interval between the center of mass of the 

excess rainfall and the peak of the resulting runoff hydrograph. This lag time is 

determined by the concentration time (Tc), which is the time it takes for runoff from the 

entire catchment to reach the outlet. The relationship between lag time and 

concentration time is described in Equation 3.21, which mathematically defines how 

the catchment’s characteristics influence the timing of runoff peak. 

 

                                                             𝑇𝑙𝑎𝑔 = 0.6𝑇𝑐                                                     (3.21) 

where the variables Tlag and Tc represent time intervals measured in minutes. 

 

 The Muskingum method, introduced by McCarthy, has been selected as the 

routing technique for this study (Ismail et al., 2020). This approach allows for the 

calculation of the downstream outflow hydrograph of a river or channel by using the 

upstream inflow hydrograph as input. To apply the Muskingum method, two key 

parameters are required: the travel time of the flood wave (k) through the routing reach, 

and the dimensionless weighting factor (x), which represents the degree of attenuation 

of the flood wave as it moves downstream. The value of x indicates how the flood 

wave’s intensity diminishes as it flows through the channel.
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Figure 3.25   HEC-HMS Rainfall-Runoff Model for the Klang River Basin Catchment 
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Figure 3.26   HEC-HMS Rainfall-Runoff Model for the Langat River Basin Catchment 
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 Typically, to calibrate the Muskingum model and fine-tune its parameters, 

measured discharge hydrographs are utilized. These observed hydrographs provide real-

world data that allow for the adjustment of the routing parameters to more accurately 

reflect the dynamics of the channel’s flow. This calibration process is crucial for 

ensuring the reliability and accuracy of the model’s predictions for downstream flow 

behavior (Birkhead and James, 2002). 

 

3.9.2.1 Model Calibration  

  

 Both manual and automatic calibration techniques were utilized to fine-tune the 

parameters of the HEC-HMS model. In many hydrological modeling studies, sensitivity 

analysis is an essential step to identify the key variables that significantly influence 

model performance and determine the level of precision required for parameter 

calibration. For this study, the sensitivity factors were selected based on their effect on 

critical model outputs, such as peak discharge and total runoff volume, which are vital 

for accurately simulating flood events. 

 To optimize the calibration process, the model was evaluated using the Peak-

Weighted Root Mean Square Error (PWRMS) objective function. This method was 

chosen due to its simplicity and its ability to effectively measure the discrepancy 

between simulated and observed values, particularly in terms of peak discharge, which 

is crucial for flood analysis (Hawkins et al., 2008). During the calibration process, 

various watershed parameters such as the curve number (CN), lag time (Tlag), baseflow, 

and initial abstraction, were adjusted as needed to achieve the best possible match 

between the model’s predictions and the observed data. 

 

3.9.3 Model Validation 

 

 Next, the performance of the model, along with the selected loss and transform 

methods, was evaluated by comparing the observed streamflow data to the simulated 

values produced by the model. This comparison was conducted using several statistical 

evaluation metrics to quantify the model’s accuracy and reliability. The statistical 

criteria used include the coefficient of determination (R²), which measures the 

proportion of variance in the observed data explained by the model; the percent bias 

(PBIAS), which quantifies the average tendency of the model to overestimate or 
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underestimate streamflow; the Nash-Sutcliffe Efficiency (NSE), which evaluates how 

well the model’s predictions match the observed values; and the Root Mean Square 

Error to Standard Deviation Ratio (RSR), which provides an indication of the model’s 

overall prediction accuracy by comparing the magnitude of the error to the variability 

in the observed data. By utilizing these metrics, the study aims to assess the strengths 

and limitations of the model’s ability to simulate streamflow accurately under varying 

conditions. 

 

                            𝑅2 = [
1

𝑀
∑ [(𝑄𝑠)𝑘−𝑄𝑠̅̅ ̅][(𝑄𝑜)𝑘−𝑄𝑜̅̅ ̅̅ ]𝑀

𝑘=1

√
1

𝑀
∑ [(𝑄𝑠)𝑘−𝑄𝑠̅̅ ̅]2𝑀

𝑘=1 √
1

𝑀
∑ [(𝑄𝑜)𝑘−𝑄𝑜̅̅ ̅̅ ]2𝑀

𝑘=1

]2               (3.22) 

 

                              𝑃𝐵𝐼𝐴𝑆 =
∑ [(𝑄𝑜)𝑘−(𝑄𝑠)𝑘]𝑛

𝑘=1

∑ (𝑄𝑜)𝑘
𝑛
𝑘=1

 ×  100%                          (3.23) 

 

                                      𝑁𝑆𝐸 = 1 −
∑ [(𝑄𝑜)𝑘−(𝑄𝑠)𝑘]2𝑛

𝑘=1

∑ [(𝑄𝑜)𝑘−𝑄𝑜̅̅ ̅̅ ]2𝑛
𝑘=1

                                (3.24) 

 

                                              𝑅𝑆𝑅 =
√∑ [(𝑄𝑜)𝑘−(𝑄𝑠)𝑘]2𝑛

𝑘=1

√∑ [(𝑄𝑜)𝑘−𝑄𝑜̅̅ ̅̅ ]2𝑛
𝑘=1

                                  (3.25) 

 

where, (Qo)k, (Qs)k are the kth observed and simulated discharges respectively; 𝑄𝑜
̅̅̅̅  = 

mean observed discharge; n is the total number of reference data points. 
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3.10 Summary 

  

 This chapter outlines the methodology used in the study, including an overview 

of the study area, data collection methods, and the overall approach. It begins with the 

acquisition and processing of weather radar data from the Malaysia Meteorological 

Department (MMD) and rain gauge data from the Department of Drainage and 

Irrigation (DID) for the years 2021 to 2023. The chapter also discusses the development 

of feature extraction algorithms for radar reflectivity images, considering different 

rainfall types. Next, a machine learning classifier is employed to differentiate between 

convective and stratiform rainfall based on the extracted features. Subsequently,  an 

optimization approach is applied to create new Z/R relationships for the classified 

rainfall types. 

 Another novelty in the research methodology involves using an Artificial Neural 

Network (ANN) model to enhance the radar QPE rainfall estimation, with the extracted 

features serving as inputs. The final part of the methodology applies the distributed sub-

basin mean radar-based rainfall estimation in a flood forecasting system using HEC-

HMS software. Several statistical analyses, including R², correlation coefficient (r), 

RMSE, and NSE, are conducted in this study to assess the performance and accuracy 

of both the ANN-based radar QPE model and the HEC-HMS model. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

 

 

4.1 Introduction 

 

The chapter presents and discusses the research findings, encompassing results 

from the rainfall classification model using features extracted from the radar image, 

optimum Z-R relationship for each rain type, ANN-based radar QPE model 

development and its application to the HEC-HMS rainfall-runoff model. The chapter 

begins with the performance analysis of radar QPE as an alternative to gauged rainfall. 

The results include a correlation analysis to compare the accuracy between rain gauge 

data and the raw radar QPE.  

This chapter also discusses the derivation of pixel-based radar QPE images for 

the Klang and Langat River basins using QGIS software. The features of these radar 

images were extracted based on recorded rainfall events. Next, results from the optimal 

machine learning classifier for categorizing convective and stratiform rainfall based on 

the extracted features of radar reflectivity images are presented, followed by the results 

on the newly derived Z-R relationship for each rainfall category. Subsequently, the 

findings from the development of a novel radar QPE enhancement model based on an 

Artificial Neural Network (ANN) are presented. 

 Finally, the chapter describes the application of the ANN-enhanced radar QPE, 

as input to a rainfall-runoff model to simulate flood forecasting.  The integrated flood 

forecasting model was developed for the case study basin using HEC-HMS software. 

The results of the integrated model are presented and discussed in this chapter. 

 

 

4.2 Basin Mean Areal Rainfall Comparison  

 

This section demonstrates the mean areal rainfall estimation for the Klang River 

basin to compare the accuracy between radar QPE and rain gauge data. Rain gauge data 

measures rainfall at specific locations, and point rainfall data is transformed into spatial 
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rainfall data, providing a better representation of rainfall over the catchment by 

calculating the mean rainfall from multiple stations within the catchment area.  

On the other hand, weather radar has the capability to monitor rainfall over a 

much larger area, thereby offering significantly broader spatial coverage compared to 

traditional measurement methods. Moreover, weather radar provides detailed spatial 

data about various meteorological conditions with high temporal resolution, allowing 

for real-time observation of rainfall dynamics. However, one key limitation is that radar 

does not directly measure the actual rainfall amount. Instead, it captures the intensity of 

radar reflectivity, which represents the amount of energy reflected by precipitation 

particles. This data requires further processing and enhancement to accurately estimate 

rainfall amounts, as reflectivity alone does not directly correlate to the volume of 

precipitation. 

In this study, the mean areal rainfall was calculated using the Thiessen polygon 

method for the rainfall events from 17 December 2021 to 19 December 2021. In 

addition, a total of 17 rainfall stations were used to calculate the mean areal rainfall over 

the catchment. The Thiessen polygon method was chosen in this study as it provides 

better accuracy compared to the arithmetic mean method (Hasni et al., 2024). This 

method uses a graphical technique to calculate weights based on the relative areas of 

each measurement station within the Thiessen polygon network as shown in Figure 4.1. 

Areal rainfall estimation is obtained by aggregating the individual station weights and 

multiplying them by the corresponding rainfall amounts at each station as explained in 

Chapter 3. The area and station weights for the Thiessen polygon calculation were 

derived using QGIS analysis as shown in Table 4.1. 

 

Figure 4.1  Thiessen Polygon for Klang River Basin 
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Table 4.1 

Areal Rainfall Estimation using Thiessen Polygon 

 

 

 The results of comparing the uncalibrated radar QPE with rainfall measurements 

from rain gauges at the mean areal basin are presented in Figure 4.2. This comparison 

reveals that some of the uncalibrated radar data tend to underestimate the rainfall 

amounts. Possible reasons for this discrepancy could include errors in the radar 

reflectivity measurements, limitations in the radar’s ability to capture certain rainfall 

characteristics, or discrepancies due to the spatial and temporal differences between the 

two data sources. Nevertheless, despite these underestimations, radar data usually 

shows a strong correlation with rain gauges because both capture precipitation, and their 

overall patterns tend to match. The correlation analysis, as depicted in Figure 4.3, 

indicates a good correlation between the mean areal radar QPE data and the mean areal 

rainfall gauge measurements (r=0.8). The correlation indicates how accurately the radar 

detects rainfall events, though it may still miss certain details in specific areas or 

No Station Name Area (km2) Thiessen weight 

1 Batu 3 30.462 0.02 

2 Bandar Klang 98.825 0.08 

3 Bukit Antarabangsa 69.839 0.05 

4 Batu 10 204.689 0.16 

5 Kg Melayu Subang 45.265 0.03 

6 Kg. Rantau Panjang 39.832 0.03 

7 Kota Damansara 39.318 0.03 

8 Puncak Atheneum 107.524 0.08 

9 Sg Penchala  126.497 0.1 

10 Ayer Hitam Puchong 64.887 0.05 

11 Pulau Meranti 113.145 0.09 

12 IOI Puchong Jaya 69.683 0.05 

13 Puchong Drop 30.859 0.02 

14 Selayang Baru 108.874 0.08 

15 Taman Mayang 33.157 0.03 

16 Taman Sri Muda 79.713 0.06 

17 TTDI Jaya 34.675 0.03 



101 
 

situations. As a result, the radar data requires further enhancement to improve its 

accuracy. To address this, an Artificial Neural Network (ANN) analysis is employed. 

The ANN is used to refine the radar QPE by leveraging its ability to model complex, 

non-linear relationships between the radar reflectivity data and the actual rainfall 

amounts. This advanced machine learning technique helps correct the inherent 

inaccuracies in the radar measurements, providing more reliable and precise 

precipitation estimates. 

 
Figure 4.2  Uncalibrated Radar QPE versus Rain Gauge Measurements Comparison 

 

 
Figure 4.3  Scatter Diagram of the Correlation between Mean Areal Radar QPE and 

Mean Areal Rainfall Gauge Data 
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4.3 Rainfall Classification 

 

4.3.1 General Classification 

 

 The Department of Drainage and Irrigation (DID) has classified rainfall 

categories for Malaysian conditions based on their intensity, as shown in Table 4.2. 

Convective rainfall exceeding 60 mm within a typical time frame of 2 to 4 hours may 

lead to flash floods. 

 

Table 4.2 

Rainfall Intensity Categorization (One Hour) 

Category Light Moderate Heavy Very 

Heavy 

Rainfall intensity (mm/h) 1-10 11-30 31-60 >60 

(Source: DID, 2022) 

 

 

4.3.2 Rainfall Classification based on Radar Reflectivity Images 

 

 Radar imagery typically uses a color scale to represent the intensity of 

precipitation in different areas, as described in Chapter 2. Meteorologists specializing 

in radar analysis often categorize precipitation based on its structure into two types: 

convective or stratiform. These classifications are based on the vertical and horizontal 

arrangement of precipitation patterns observed in the radar data. Convective rainfall is 

associated with intense, vertically oriented precipitation cores, while stratiform rainfall 

is characterized by more widespread, horizontally layered patterns.  

 Rainfall classification based on radar reflectivity relies on specific thresholds. 

Precipitation is generally considered stratiform when reflectivity is below 40 dBZ, 

indicating lighter, steady rainfall, while convective rainfall occurs when reflectivity 

exceeds 40 dBZ, corresponding to heavier, more intense precipitation often associated 

with thunderstorms (Rigo and Llasat, 2004; Karklinsky and Morin, 2006; Barnolas, 

2010; Djafri and Haddad, 2014; Peleg et al., 2018). This classification system enables 

meteorologists to better understand rainfall intensity and dynamics, supporting weather 

forecasting and storm prediction. 

In tropical regions, radar reflectivity is particularly reliable for distinguishing 

convective and stratiform rainfall due to the frequent occurrence of intense convective 

storms. Convective rainfall is characterized by strong vertical motion and larger 
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raindrops, producing high reflectivity values, whereas stratiform rainfall typically 

shows weaker reflectivity signatures. Although the 40 dBZ threshold is commonly 

adopted, reflectivity in tropical environments can be influenced by monsoon conditions, 

storm organization, and microphysical processes, suggesting that regional calibration 

may enhance classification accuracy (Tokay and Short, 1996; Schumacher and Houze, 

2003). 

 

 

4.4 Radar Images Processing 

 

 The uncalibrated radar QPE map, stored as a raster file, was further processed 

using a Geographic Information System (GIS) application, as shown in Figure 4.4. The 

Langat and Klang River basins were chosen as the focal study areas due to the 

devastating flood disaster that occurred in December 2021. The data used in this study, 

which were derived from the uncalibrated RaINS system, span the period from 

December 2021 to August 2023. To ensure the quality of the data, the selected rainfall 

records were carefully screened to identify and remove any outliers or missing values. 

The chosen rainfall events encompass a broad spectrum of annual precipitation 

amounts, including those associated with the unprecedented flood disaster. 

 In total, 720 radar images were analyzed as part of this study. From these 

images, 559 precipitation structures were detected, with 210 of them identified as 

convective structures based on the available data. Figure 4.5 illustrates the radar image 

processing of several selected rainfall events, offering a visual representation of the 

analysis conducted. The remaining results are provided in the Appendix. 

 
Figure 4.4   The Radar Reflectivity Map Processed in QGIS Software 
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Figure 4.5 Radar Images for Selected Rainfall Events: (a) 23/08/22 at UTC 17:00, (b) 02/12/22 

at UTC 22:00, (c) 01/02/23 at UTC 16:00, (d) 01/02/23 at UTC 17:00, (e) 11/02/23 at UTC 

15:00, (f) 23/06/23 at UTC 15:00, (g) 24/06/23 at UTC 14:00, and (h) 24/06/23 at UTC 15:00 

(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 
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4.5 Feature Extraction of Radar Images 

 

4.5.1 Image segmentation 

 

 Image segmentation refers to the technique of dividing a digital image into 

distinct regions or segments, where each segment corresponds to a specific part of the 

image with similar characteristics. In the context of this study, the original radar QPE 

map is segmented to identify rain cells, where different regions are color-coded to 

represent distinct segments as shown in Figure 4.6. One of the simplest methods for 

performing image segmentation is image thresholding. This approach involves setting 

a specific threshold value based on the pixel intensity of the image, allowing for the 

separation of certain features from the background.  

 In this case, the threshold is set at approximately 40 dBZ, which ensures that 

only areas representing convective rainfall, characterized by higher radar reflectivity 

values, are considered. These regions correspond to intense precipitation, such as 

thunderstorms or heavy rainfall. Figure 3.10 in Chapter 3 provides a concise illustration 

of the segmentation process. The results of this segmentation are visually presented in 

Figure 4.7, where the different rain cells are clearly identified and distinguished from 

one another based on the defined threshold. The remaining data is included in the 

Appendix. 

 

 Figure 4.6 Different Rain Cells Color-Coded to Illustrate Distinct Segments 
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Figure 4.7 Image Segmentation of Selected Rainfall Events: (a) 23/08/22 at UTC 17:00,  

       (b) 02/12/22 at UTC 22:00, (c) 01/02/23 at UTC 16:00, (d) 01/02/23 at UTC 17:00, 

 (e) 11/02/23 at UTC 15:00, (f) 23/06/23 at UTC 15:00, (g) 24/06/23 at UTC 14:00, and   

                                                  (h) 24/06/23 at UTC 15:00. 

(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 
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4.5.2 Rain Cell Feature Extraction 

 

 The process of rain cell feature extraction involves deriving several features for 

each identified segment. Features are extracted from each fitted ellipse, including the 

center location (cell centroid), which represents the spatial position of the rain cell. The 

area of each cell is calculated in square kilometers to quantify its spatial extent. 

Additionally, the lengths of the major and minor axes are determined to describe the 

size and elongation of the cell. The orientation angle of the major axis is also computed, 

measured counterclockwise from the west-east direction, providing information on the 

alignment of the rain cell. 

Furthermore, rainfall intensity characteristics are extracted, including the 

maximum and mean rainfall intensities within each cell, expressed in millimeters per 

hour. Maximum intensity represents the highest rainfall rate detected within an 

individual rain cell.  It is derived by examining all radar pixels associated with the cell 

and identifying the maximum rainfall value among them, which reflects the peak 

intensity of the convective structure. In contrast, the mean gridded value represents the 

average rainfall intensity over a regular spatial grid covering the study area. This value 

is obtained by overlaying a fixed grid resolution on the radar image and averaging the 

rainfall values of all pixels within each grid cell. When a rain cell extends across 

multiple grid cells, its pixels contribute to the mean calculation of their respective grids. 

While maximum intensity captures localized extreme rainfall, the mean gridded value 

gives an average rainfall over an area, making it easier to compare different events and 

match with rain gauge data (Schleiss et al., 2020; Hydrologic Engineering Center, 2025) 

Table 4.3 presents the results of rain cell feature extraction based on the rainfall 

events shown in Figure 4.7, while the remaining results are provided in the Appendix. 

The extracted features represent the attributes of rain cell structures detected during 

several rainfall or flood events. The chosen events range from moderate to very heavy 

rainfall, as stated in Table 2.1 of Chapter 2.  

 Next, the extracted data acts as the necessary input for training an Artificial 

Neural Network (ANN) model to improve the accuracy and effectiveness of radar QPE. 

Furthermore, these features also serve as the required input for a machine learning-

based rainfall type classifier model. This classifier model will be capable of predicting 

different types of rainfall, such as convective and stratiform rain, based on the features 

derived from radar reflectivity maps. 
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Table 4.3 

Feature Extraction of Radar Images for the Selected Rainfall Event between 2021 and 

2023. 
Date _Time Cell Features 
 

Rain 

cell 

Center 

X 

Center 

Y 

Area, 

km2 

Major 

Radius, 

km 

Minor 

Radius, 

km 

Orientation, 

degree 

Max 

Intensity, 

mm/h 

Mean 

Gridded 

Value, 

mm/h 

230822_17:00 1 32.56 62.56 16 7.35 3.53 -53.37 15.56 9.32 
 

2 36.82 15.50 105 17.39 8.97 59.64 24.17 13.92 
 

3 56.89 29.94 53 13.31 5.33 -13.08 23.97 11.58 

021222_22:00 1 21.83 39.66 477 49.42 22.51 43.28 16.93 9.32 
 

2 50.95 61.92 128 26.24 8.09 -61.30 15.36 8.70 
 

3 63.13 64.81 16 5.31 4.55 77.04 10.81 8.12 

010223_16:00 1 16.28 49.07 29 10.11 4.40 85.19 15.40 8.95 
 

2 25.94 63.90 51 15.47 4.97 -76.28 17.10 9.62 
 

4 33.19 27.24 21 8.90 3.33 86.17 16.76 11.19 
 

5 39.68 47.82 28 12.23 3.77 -61.05 17.78 10.57 
 

6 48.70 62.19 69 14.93 7.33 -69.62 24.43 12.50 

010223_17:00 2 35.17 37.55 265 40.45 10.82 89.20 27.66 12.82 
 

3 52.66 64.05 305 29.67 19.00 59.39 45.72 17.26 
 

4 56.41 46.14 49 11.82 6.05 82.13 20.97 11.04 

110223_15:00 1 20.69 51.94 67 16.01 7.48 21.92 12.40 8.46 
 

2 34.48 15.61 23 8.27 4.91 63.15 11.70 8.75 
 

3 38.38 8.06 16 7.28 3.22 70.57 12.72 9.01 
 

4 52.08 29.16 100 22.61 6.75 39.44 19.76 11.45 
 

6 66.54 36.43 67 14.34 6.62 -79.41 26.62 14.40 

230623_15:00 1 17.16 32.81 37 10.02 4.95 66.68 25.97 14.28 
 

2 28.89 27.15 54 9.54 7.92 -11.00 21.80 11.39 
 

3 44.69 24.33 121 15.11 10.67 -64.63 31.38 16.60 
 

4 50.69 63.55 62 10.49 7.95 46.61 22.69 11.91 

240623_14:00 1 20.38 62.13 16 9.45 2.60 -24.59 13.33 9.24 
 

2 36.28 63.50 149 18.07 12.53 80.84 34.59 14.91 
 

3 44.82 55.35 17 6.80 3.63 76.59 27.12 13.07 
 

4 61.29 49.76 42 11.10 7.46 55.08 14.76 9.69 

240623_15:00 1 20.61 63.12 69 16.93 6.33 3.50 30.21 14.53 
 

2 34.00 54.69 32 8.22 5.62 -64.35 16.89 10.29 
 

3 36.90 34.90 20 5.85 4.57 -34.48 19.40 11.66 
 

4 38.17 70.09 23 7.22 4.58 44.05 24.19 11.62 
 

5 58.32 45.86 139 19.56 10.42 4.88 26.51 13.83 

 

 The accuracy of each rain segment is evaluated by comparing it with rain gauge 

data from the DID as shown in Figure 4.8. The mean gridded value and maximum 

intensity are compared with the mean areal rainfall from the ‘ground-truth’ rain gauges 

data, indicating the actual rainfall values (Militino et al., 2018). This demonstrates the 

strength of the relationship between gauge-measured rainfall and radar rainfall 
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estimates, as shown in Table 4.4. The strength of the relationship between gauge-

measured rainfall and radar rainfall estimates is observed through statistical agreement, 

indicated by a strong linear correspondence, high correlation coefficients, and reduced 

discrepancies between radar-derived and gauge-observed values. This consistency 

demonstrates the capability of the radar-based estimates to reliably represent the spatial 

and intensity characteristics of observed rainfall (Villarini and Krajewski, 2010). 

 

 

Figure 4.8 Rain Segment versus Areal Mean Gauge Value 

 

Figures 4.9 and 4.10 illustrate the correlation between the mean gridded value 

and maximum rainfall intensity in both radar QPE and rainfall gauge data. The results 

show a moderately strong positive relationship, with correlation values of 0.81 and 0.82, 

respectively. The analysis also indicates that some rain cell segments are not located 

near a rainfall station. For areas without a nearby station, the value is recorded as ‘not 

available’ (NA), which is one of the limitations due to insufficient data. Additionally, 

the observation reveals that in many cases, the radar rainfall estimates are 

underestimated compared to the gauged rainfall. 

 

ff 
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Figure 4.9  Radar-Gauge Comparison in Mean Intensity 

 

 

 

 

Figure 4.10 Radar-Gauge Comparison in Maximum Intensity 
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Table 4.4 

Comparison of Two Features with the Mean Areal Rainfall Gauges for Selected Rain 

Events between 2021 and 2023 

Maximum 

Intensity 

(mm/h) 

Mean 

Gridded 

Value 

(mm/h) 

Mean Areal 

Rainfall 

Gauge 

(mm/h) 

 Maximum 

Intensity 

(mm/h) 

Mean 

Gridded 

Value 

(mm/h) 

Mean Areal 

Rainfall 

Gauge 

(mm/h) 

20.86 11.31 33.9 25.29 2.77 3.68 

32.18 11.05 26.8 24.69 3.73 9.2 

26.64 11.39 20.7 22.32 2.93 8.74 

21.85 10.80 22.3 37.43 5.89 5.06 

24.17 13.92 19.7 19.00 2.58 8.07 

9.59 7.22 17 1.00 0.71 9.96 

22.06 10.55 28.9 4.23 1.68 16.33 

52.12 16.17 11.5 44.95 7.88 9.3 

31.97 13.72 16.8 14.00 2.42 8.5 

19.55 10.73 15.3 0.89 0.71 7.75 

22.38 11.61 11.3 3.74 0.97 9.74 

11.72 8.32 11.5 2.74 1.21 11 

21.61 10.40 23.3 19.98 4.91 6.3 

26.06 13.34 32.2 9.94 2.23 8.5 

27.69 11.96 20.38 21.80 11.39 9 

28.24 12.77 12.78 31.38 16.60 27 

14.26 9.38 28.43 13.33 9.24 15.3 

27.66 12.82 10.4 38.18 13.96 11.7 

20.97 11.04 12.5 36.36 16.47 25.7 

9.56 7.69 12.5 14.38 9.85 13.8 

11.70 8.75 6.5 22.05 11.12 17.30 

19.76 11.45 15.67 22.78 11.29 27.3 

26.62 14.40 10.75 16.73 9.94 9.5 

34.93 12.53 26.5 16.04 10.47 11.2 

21.91 10.22 12.25 9.61 7.60 5 

28.13 14.38 8.5 11.32 8.78 10.8 

36.40 13.86 24 31.01 12.18 9.25 

11.03 7.74 10.6 16.96 8.68 10 

24.92 11.07 8.8 25.66 12.29 8.5 

23.81 10.70 19.1 14.49 8.94 13.5 

21.91 2.80 19.405 20.85 9.56 5.75 

45.05 4.36 31.89 15.41 9.60 12.7 

5.98 1.21 6.25 24.66 13.60 6.5 

12.20 2.09 3.62 15.48 9.38 9.5 

3.07 1.28 3.25 38.85 15.49 14.1 

30.82 2.47 9.7 18.23 9.94 8 

14.21 2.10 11.3 19.70 9.81 44.5 

6.76 2.10 5 12.09 8.57 16 

25.28 5.14 4 13.16 9.61 20.9 

13.32 1.61 4.14 23.28 10.54 16.8 

11.95 3.17 5.67 23.83 11.98 10.8 

22.67 4.91 9.33 14.00 9.56 10 
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4.6 Classification of Rainfall using K-Nearest Neighbor Algorithm 
 

 Figure 4.11 illustrates a scatter plot showing the relationship between mean 

intensity and maximum intensity of radar rainfall. In this plot, the blue points represent 

convective rainfall, while the red points indicate stratiform rainfall. The plot 

demonstrates that the K-Nearest Neighbor (KNN) algorithm effectively classifies the 

rainfall based on the selected features, as the majority of data points are correctly 

categorized into their respective classes. Nevertheless, it is important to note that there 

are a few instances where the algorithm misclassifies certain points. These 

misclassifications suggest that while the KNN method is largely successful in 

distinguishing between convective and stratiform rainfall, there may be some overlap 

or ambiguity in the feature space that leads to occasional errors in classification. 

 

 

Figure 4.11 Mean Intensity versus Maximum Intensity 

 

 A confusion matrix is a graphical representation used to evaluate the 

performance of a classification model by comparing its predicted labels to the true labels 

of the dataset. This matrix helps in analyzing how well the model has learned from the 

training data and provides insight into the types of errors the model may be making. As 

shown in Table 4.5, the confusion matrix consists of four key components: true positives 

(TP), true negatives (TN), false positives (FP), and false negatives (FN). These values 
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indicate the accuracy of the model’s predictions, with TP representing correctly 

predicted positive cases, TN for correctly predicted negative cases, FP for incorrectly 

predicted positive cases, and FN for incorrectly predicted negative cases. The results of 

the confusion matrix for this model are depicted in Figure 4.12, where the counts are as 

follows: 55 true positives (TP), 143 true negatives (TN), 2 false positives (FP), and 2 

false negatives (FN). These values provide a clear summary of the model’s prediction 

performance, allowing for a deeper understanding of its strengths and weaknesses. 

 

Table 4.5 

Confusion Matrix Summary (Susmaga, 2004) 

Category Description 

True Positives (TP) It represents the count of true positive cases, where the 

model correctly predicts a positive label 

True Negatives (TN) It represents the count of true negative cases, where the 

model correctly predicts a negative label. 

False Positives (FP) It represents the count of false positive cases, where the 

model incorrectly predicts a positive label for a negative 

case. 

False Negatives (FN) It represents the count of false negative cases, where the 

model incorrectly predicts a negative label for a positive 

case. 

 

  In addition, accuracy of the confusion matrix is one of the most commonly used 

metrics for assessing the performance of a classification model. As defined in Equation 

4.1, accuracy represents the proportion of correctly classified instances out of the total 

number of instances. In simpler terms, it measures how frequently the model makes 

correct predictions overall.  

 

                                        𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
                                               (4.1) 

       =
55+143

55+2+143+2
     

   = 0.98                           
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Figure 4.12  The Confusion Matrix of Rainfall Classification 

 

 Figure 4.13 illustrates that a higher value of the Area Under the Curve (AUC) 

indicates a better-performing classifier. The AUC score of the model is more than 90%, 

which is considered an excellent result. The more the Receiver Operating Characteristic 

(ROC) curve of a model moves toward the (0.0, 1.0) point (representing the ideal 

classifier) the better the model’s ability to predict correctly across all classification 

thresholds (Flach, 2019). This highlights the model’s overall predictive strength, with a 

curve closer to the top-left corner indicating superior performance. 

TP FN 

FP TN 
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Figure 4.13 Graph of ROC Curve 

 

 

4.7 Optimization of Z-R Relationship  

 

 Currently, the Subang Doppler radar uses the traditional Marshall-Palmer 

equation (Z=200R1.6) to convert reflectivity into rainfall rate in millimetres per hour . A 

comparison with rain gauge observations shows that some of the radar data is 

underestimated (Figure 4.2). Therefore, it is essential to implement a new Z-R 

relationship to improve accuracy. An optimization approach has been applied to 

establish new Z-R relationships for stratiform rainfall (<40 dBZ) and convective rainfall 

(>40 dBZ). The classification is essential for assessing rainfall rates in terms of error 

measurement. 

 The new Z-R relationships were determined using a statistical method called 

Solver Optimization Analysis, which reduced the error between radar data and gauge 

data. Currently, the Malaysian Meteorological Department (MMD) uses the Z-R 

equation derived from the Marshall-Palmer relationship, where Z=200R1.6. The newly 
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determined Z-R relationship for the Klang and Langat River Basins is shown in Table 

4.6 below. 

 The new Z-R relationship, Z=158R1.9, was modified through solver analysis. 

The results revealed a reduction in measurement error and an improvement in hourly 

rainfall data accuracy, with a 44% difference between new Z-R and gauge data as shown 

in Figure 4.14. Meanwhile, the best Z-R relationship achieved from optimization work 

for convective rainfall with an intensity greater than 40dBZ is Z=40R1.9. Compared to 

rain gauge data, the results obtained with this new Z-R were much better than those 

using Z=200R1.6. The new Z-R equation improved the results, reducing the discrepancy 

between the gauge data and the new Z-R to 34% as illustrated in Figure 4.15. 

 

Table 4.6 

New Z-R Relationships for Klang and Langat River Basin 

Rainfall Classification Current Z/R equation Newly modified Z/R equation 

Stratiform Z=200R1.6 

Z=200R1.6 

Z= 158R1.9 

Convective Z= 40R1.9 

 

 

Figure 4.14 Comparison of Z-R Relationships for Stratiform Rainfall 
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Figure 4.15 Comparison of Z-R Relationships for Convective Rainfall 

 

4.7.1 Validation of New Z-R Relationships 

 

 Table 4.7 shows the statistical measurements of error for stratiform and 

convective rainfall categories. From the table, it is evident that stratiform rainfall 

exhibits a smaller reduction in error compared to convective rainfall. Applying the new 

Z-R relationships reduces the MAE for stratiform rainfall from 2.26 to 2.16, and for 

convective rainfall, the MAE decreases from 8.92 to 7.09. The RMSE values also 

decrease for both stratiform and convective rainfall, from 3.11 to 2.93 and from 11.25 

to 8.24, respectively. These lower RMSE values suggest that the new Z-R relationships 

lead to more accurate predictions and provide a better fit to the data. 

 

Table 4.7 

Statistical Measurement for Different Z/R Relationships 

Category  Z/R MAE RMSE 

Stratiform Z=200R1.6 2.26 3.11 

Z=158R1.9 2.16 2.93 

Convective Z=200R1.6 8.92 11.25 

Z=40R1.9 7.09 8.24 
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4.8 Development of ANN-based Radar QPE  

  

 Radar data often encounters limitations and discrepancies because of differences 

in spatial and temporal resolution, which can affect the accuracy of rainfall 

measurements. These discrepancies arise when radar observations and other data 

sources, such as ground-based measurements, are not perfectly aligned in terms of 

location and time. As a result, the radar data may not fully capture certain rainfall 

characteristics, leading to inaccuracies. To address these challenges, an Artificial Neural 

Network (ANN) analysis is applied. The ANN helps refine the radar data by learning 

complex patterns in the data, effectively enhancing its accuracy and providing more 

reliable rainfall estimates. 

 

Table 4.8 

Input and Output Variables to the ANN Model 

Input Output 

Center X  

 

 

Radar rain rate (mm/h) 

Center Y 

Area (km2) 

Major Radius (km) 

Minor Radius (km) 

Orientation (degree) 

Maximum Intensity (mm/h) 

Mean Gridded Value (mm/h) 

 

 The ANN model is structured to enhance radar QPE, with rain cell features 

extracted from radar images acting as inputs as shown in Table 4.8. These features pass 

through an input layer and a hidden layer, which performs computations using a 

feedforward neural network approach. During training, the ANN adjusts the weights 

and biases between neurons to optimize its performance, resulting in more accurate 

hourly rainfall estimates. These adjustments fine-tune the network’s ability to predict 

rainfall by learning complex relationships between the input data and the output. Once 

the network is built and trained, its performance is rigorously tested and validated using 

various evaluation metrics to ensure its reliability and accuracy in making predictions 

such as mean squared error (MSE). The performance is determined through a 
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performance plot, which displays the value of the performance function against the 

iteration number. This plot includes the training, validation, and test performances. As 

shown in Figure 4.16, the plot illustrates the errors for training, validation, and test sets. 

The best validation performance occurred at iteration 10, and the network at this 

iteration is returned. 

 

 

Figure 4.16 Performance Plot of ANN Model 

 

 Figure 4.17 presents an error histogram that illustrates the distribution of 

network errors. The histogram distinguishes between different datasets: the training data 

is represented by blue bars, the validation data by green bars, and the testing data by red 

bars. As shown in the figure, the majority of significant errors are concentrated around 

zero, indicating that the model is generally performing well with small errors. This is a 

positive sign, as it suggests that the network’s predictions are mostly accurate. 

Furthermore, it can be observed that the instances of larger errors decrease sharply as 

the error values move away from zero at both ends of the error range. 

 The Levenberg-Marquardt (LM) algorithm was selected as the training method 

to achieve optimal performance in the ANN model. Although it requires more memory 

compared to other algorithms, it is highly efficient and reliable, particularly for 
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predicting rain rates (Roslan et al., 2021; Suprajitno, 2022). The LM algorithm is 

especially effective when initial parameter values are far from the expected reflectivity, 

as it can still make accurate predictions, and it is well-suited for handling inversion 

problems, processing them more quickly than other methods in complex parameter 

estimation scenarios. During training, LM minimizes the error between predicted and 

observed rainfall by combining the fast convergence of the Gauss–Newton method with 

the stability of gradient descent, dynamically adjusting step sizes to efficiently reduce 

the mean squared error. It was chosen over standard gradient descent and Bayesian 

regularization because it converges faster, handles the nonlinear relationships in 

rainfall-runoff and QPE correction effectively, and provides a good balance between 

training speed and predictive accuracy (Aghelpour et al., 2022). 

 

 

Figure 4.17 Error Histogram of Network Distribution  

 

 Figure 4.18 presents a scatter plot that illustrates the relationship between the 

model’s predicted radar QPE and the observed rainfall. In an ideal scenario, the data 

points should align along a 45-degree line, where the predicted values exactly match 

the observed rainfall values. The plot demonstrates a relatively strong fit for each 

dataset, with the overall result yielding an R value of 0.9. This high correlation 
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coefficient indicates a strong relationship between the model’s predicted values and the 

observed data, suggesting that the model’s predictions are generally accurate.  

 While ANNs can enhance radar-based rainfall estimates, they have several 

limitations, including the risk of overfitting, strong dependence on high-quality data, 

limited generalization across regions or time periods, and low interpretability, as well 

as high computational demands for real-time applications. Nevertheless, there is room 

for improvement, as the network can be retrained to refine its predictions further. There 

are several strategies that can be implemented to improve the ANN model’s accuracy 

(Laskar and Majumder, 2015; Abdolrasol et al., 2021). First, before each training 

session, the network should be reset with newly initialized weights and biases to ensure 

that the model starts from a fresh state, preventing any bias from previous training runs. 

Second, the number of hidden neurons in the network can be gradually increased. This 

allows the model to capture more complex patterns and improve its ability to generalize. 

Furthermore, the size of the training dataset should be expanded incrementally. By 

providing the model with more diverse training examples, it can learn more robust 

representations of the data. Similarly, the number of input features may also be 

increased over time to incorporate more relevant information that could enhance the 

model’s predictive power. Furthermore, periodically adjusting or modifying the training 

algorithm (such as changing the learning rate or the optimization technique) also can 

help the network converge more efficiently, leading to better performance. 

 

Figure 4.18  Scatter Plot Showing Correlation between Observed Rainfall and  

ANN Based-Radar QPE 
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 4.8.1 Model Validation 

 

 The effectiveness of the ANN-enhanced Radar QPE model was evaluated 

through the root mean square error (RMSE) and the correlation coefficient (r). An 

RMSE approaching zero indicates that the predicted rainfall values are very close to the 

observed data, reflecting high accuracy, while a high correlation demonstrates that the 

model effectively captures the temporal and spatial patterns of rainfall. Together, low 

RMSE and high correlation indicate that the ANN-based radar QPE correction is both 

precise and consistent, making it reliable for hydrological and flood forecasting 

applications (Legates and McCabe, 1999). 

As presented in Table 4.9, the results show a significant improvement in the 

model’s performance, with RMSE reducing from 11.40 mm/h to 4.76 mm/h after 

applying the ANN. This reduction represents a substantial improvement in predictive 

accuracy, indicating that the corrected rainfall estimates are much closer to observed 

values. RMSE is widely used in hydrological model evaluation to quantify the average 

discrepancy between simulated and observed data, with values closer to zero reflecting 

better model fidelity and reduced error in forcing inputs, such as rainfall, for runoff 

simulations (Razeghi et al., 2026). In rainfall-runoff modeling and flood forecasting, 

more accurate rainfall input directly improves discharge and hydrograph predictions 

because hydrological models are highly sensitive to precipitation intensity. This leads 

to better calibration, enhanced reliability of peak discharge estimates, and more 

trustworthy operational forecasts. Improved RMSE also typically correlates with higher 

confidence in model performance across calibration and validation periods, which is 

essential for water resource management and decision-making (Sharma and Sharma, 

2025). 

This indicates that the ANN significantly enhanced the accuracy of the radar-

based precipitation estimates. In addition to the RMSE analysis, the relationship 

between radar QPE and rainfall measurements from gauges was further explored 

through scatter plots illustrating the correlation coefficient both before and after the 

ANN implementation, as shown in Figure 4.19 and Figure 4.20. In addition, Figure 4.21 

presents a plot comparing the rainfall gauge data to the ANN-enhanced radar QPE, with 

the 95% confidence interval. Overall, the use of ANN in hourly radar rainfall estimation 

yielded highly satisfactory results, with the correlation coefficient (r) ranging from 0.55 

to 0.92. This wide range of correlation values demonstrates a strong positive 
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relationship between the ANN-enhanced Radar QPE estimates and the rain gauge data, 

showcasing the ANN model’s ability to significantly refine the radar-based precipitation 

estimates and improve their alignment with observed rainfall data. 

 

Table 4.9 

Performance Measurement of ANN-Radar QPE 

 Radar QPE ANN-Radar QPE 

RMSE 11.40 4.76 

Correlation coefficient, r 0.55 0.92 

 

  Further analysis in Table 4.10 reveals a reduction in the standard deviation after 

applying the ANN model, dropping from 11 to 9. A lower standard deviation which 

closer to 1 or below suggests that the data points are more tightly grouped around the 

mean, indicating reduced variability and greater consistency in the model’s predictions.  

Figure 4.22 also highlights that the mean value of the radar QPE after the ANN 

application is lower compared to the pre-ANN mean, further supporting the model’s 

refinement in estimating rainfall rates. A lower MSE is indicative of better model 

performance, with zero MSE indicating perfect accuracy, as there would be no 

difference between the predictions and the observed data (Das et al., 2004). 

 

Table 4.10 

Descriptive Statistics of Radar QPE Model 

Radar intensity   

 N Mean 

Std. 

Deviation Std. Error 

95% Confidence Interval 

for Mean 

Minimum Maximum Lower Bound Upper Bound 

Before ANN 202 7.1594 11.05345 .77772 5.6258 8.6929 .02 72.48 

After ANN 202 6.7378 9.38099 .66004 5.4363 8.0393 -1.51 64.97 

Total 404 6.9486 10.24083 .50950 5.9470 7.9502 -1.51 72.48 
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Figure 4.19  Correlation between Observed Rainfall and Radar QPE 

 

 

 
Figure 4.20  Correlation between Observed Rainfall and ANN-Enhanced Radar QPE 
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Figure 4.21 Raingauge Data Plotted against the ANN-Enhanced Radar QPE 

 

 

 

 
Figure 4.22  Interval Plot Before versus After ANN Application 
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4.9 Rainfall Runoff Model Development using HEC-HMS Model 

 

 In the development of an enhanced radar-based flood forecasting model, the 

HEC-HMS model was selected due to its simplicity and suitability, as outlined in 

Chapter 2. The rainfall-runoff model was successfully executed and optimized for the 

simulation period from December 18, 2021, to December 22, 2021, using an hourly 

time interval. Notably, during this period, a significant flood event occurred within the 

Klang and Langat River basins, providing a relevant case for the model’s testing and 

validation. The basin characteristics were incorporated into the HEC-HMS model, and 

the pre-processing steps for the basin model were thoroughly discussed in Section 3.9 

of the methodology. The subsequent sections of this study will present the simulation 

results, which are based on various rainfall inputs, including data from rain gauge, radar 

QPE, and the newly developed ANN-based radar QPE, offering a comprehensive 

evaluation of model performance. 

 

4.9.1 Watershed Parameter 

 

 HEC-HMS is a lumped-parameter hydrological model that simulates the 

behavior of a watershed as a single unit, both for input and output. In a lumped model, 

the entire watershed is treated as one aggregated entity, where physical and hydrological 

processes such as rainfall, runoff, and infiltration are averaged across the entire area. 

Table 4.11 and Table 4.12 presents the different watershed factors utilized in the 

calibration of the model. For instance, there is notable spatial variation in the Curve 

Number (CN) values across the watershed. The weighted average of the CN values 

ranges from 80.0 to 91.6, reflecting the variability in land use, soil type, and 

hydrological conditions within different areas of the watershed. In addition, Subbasin-

16 stands out as having the steepest basin slope within the watershed, with a gradient 

of 29.4%. Furthermore, Figure 4.23 and Figure 4.24 illustrates the results of the sub-

basin schematic diagram generated during the HEC-HMS modeling process, providing 

a visual representation of the watershed’s spatial layout and the distribution of 

hydrological parameters. 
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Figure 4.23   HEC-HMS Sub-basins Map for Klang River Basin 

 

Figure 4.24   HEC-HMS Sub-basins Map for Langat River Basin 
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Table 4.11 

 Watershed Parameters Generated by HEC-GeoHMS for Klang River Basin 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

Table 4.12 

 Watershed Parameters Generated by HEC-GeoHMS for Langat River Basin 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

Sub-basin Area (km2) Lag Time 

(min) 

Basin Slope (%) CN 

Subbasin-1 77.8 115.0 13.2 91.2 

Subbasin-10 34.6 94.7 14.6 88.8 

Subbasin-11 97.0 146.6 17.7 87.9 

Subbasin-12 51.3 129.2 6.7 90.2 

Subbasin-13 70.9 156.0 11.8 88.6 

Subbasin-15 35.5 222.7 7.8 90.5 

Subbasin-16 127.9 115.5 29.4 88.3 

Subbasin-2 72.4 203.2 10.5 81.8 

Subbasin-23 60.5 224.0 9.0 90.5 

Subbasin-27 103.4 93.7 13.2 91.6 

Subbasin-5 25.2 83.6 13.2 87.7 

Subbasin-6 82.8 136.4 12.9 90.1 

Subbasin-7 124.2 173.5 26.9 82.6 

Subbasin-8 116.3 148.1 28.9 80.0 

Subbasin-9 67.9 108.9 16.5 87.9 

Sub-basin Area (km2) Lag Time 

(min) 

Basin Slope (%) CN 

Subbasin-1 177.9 116.5 38.8 61.7 

Subbasin-9 387.2 32.5 28.4 96.9 

Subbasin-8 109.7 107.0 12.0 94.4 

Subbasin-2 74.3 160.1 31.1 79.9 

Subbasin-10 66.9 147.8 8.9 63.5 

Subbasin-4 147.6 200.8 21.4 76.8 

Subbasin-11 90.2 238.6 4.4 87.5 

Subbasin-23 49.9 260.7 4.2 70.3 

Subbasin-7 110.8 121.9 34.2 77.0 

Subbasin-3 227.8 96.1 34.0 86.7 

Subbasin-6 164.8 155.8 11.5 80.4 

Subbasin-27 151.3 87.9 14.7 68.0 

Subbasin-5 108.0 94.8 13.5 91.4 

Subbasin-13 73.0 116.5 38.8 75.5 



129 
 

4.9.2 Rain Gauge Data Input 

 

 Figure 4.25 presents a hydrograph comparing runoff simulations based on rain 

gauge data. The blue line represents the observed streamflow recorded at the Rantau 

Panjang and Dengkil stations, while the red line illustrates the streamflow simulated by 

the model. The comparison indicates that the rainfall–runoff model successfully 

captures the general pattern of the observed streamflow, as the simulated flow closely 

follows the overall trends of the measured data. 

However, Figure 4.26 shows the results of a test simulation in which the 

simulated peak flow for the Klang River Basin is 905.2 m³/s, which is significantly 

lower than the observed peak flow of 1286.4 m³/s. The errors in the total runoff volume 

and peak flow are 37.5% and 29.6%, respectively, as shown in Table 4.13. 

Similarly, for the Langat River Basin, the simulated peak flow is 480.6 m³/s, 

compared to the observed peak flow of 643.2 m³/s. The corresponding errors are 35.7% 

for the total runoff volume and 25.3% for the peak flow, as presented in Table 4.14. 

These discrepancies indicate a relatively high deviation between the simulated and 

observed results, highlighting the need for further model refinement. Therefore, a 

calibration (optimization) and validation procedure was applied to improve the model’s 

accuracy. This process, described in the following subsection, aims to fine-tune the 

model parameters to reduce errors and enhance agreement between simulated and 

observed streamflow. 
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(a) 

 
(b) 

 
 

Figure 4.25   HEC-HMS Simulation Results using Rain Gauge Data; (a) Klang River 

Basin, (b) Langat River Basin 
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(a) 

 
(b) 

 
Figure 4.26   Summary of the Simulation Results; (a) Klang River Basin, (b) Langat 

River Basin 

 

 

4.9.3 Radar QPE Input 

  

 Figure 4.27 illustrates a hydrograph comparing runoff simulations generated 

using radar QPE as the input data. The model successfully replicates the general shape 

of the hydrograph, indicating that the simulated flow closely follows the observed 

runoff pattern. Figure 4.28 presents the results of a test simulation, where the simulated 

peak flow for the Klang River Basin is 981.1 m³/s, which is notably lower than the 

observed peak flow of 1286.4 m³/s. The errors in the total runoff volume and peak flow 

are 22.8% and 23.7%, respectively. 

For the Langat River Basin, the simulated peak flow is 338.9 m³/s, compared to 

the observed peak flow of 643.2 m³/s. The corresponding errors are 59.7% for the total 

runoff volume and 47.3% for the peak flow. These relatively high error values indicate 

a significant discrepancy between the simulated and observed results, suggesting that 

the current model configuration does not adequately represent the hydrological response 

of the basins. Therefore, a calibration process is necessary to improve model 

performance.  

 

 



132 
 

(a) 

 
(b) 

 
Figure 4.27  HEC-HMS Simulation Results using Radar QPE; (a) Klang River Basin, 

(b) Langat River Basin 
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(a) 

 
(b) 

 
Figure 4.28  Summary of the Simulation Results; (a) Klang River Basin, (b) Langat 

River Basin 

 

 

4.9.4 ANN-based Radar QPE Input 

  

 Figure 4.29 presents a hydrograph comparing runoff simulations obtained using 

the ANN-based radar QPE. The model effectively reproduces the streamflow, showing 

good agreement with the observed hydrograph patterns. Figure 4.30, however, presents 

the results of a test simulation in which the simulated peak flow for the Klang River 

Basin is 1049.7 m³/s, which is lower than the observed peak flow of 1286.4 m³/s. The 

model errors for total runoff volume and peak flow are 21.7% and 18.4%, respectively, 

as reported in Table 4.13. 

For the Langat River Basin, the simulated peak flow is 1031.7 m³/s, exceeding 

the observed peak flow of 643.2 m³/s. The corresponding errors are 28.1% for total 

runoff volume and 60.4% for peak flow as shown in Table 4.14. These discrepancies 

indicate that, despite improvements introduced by the ANN-based radar QPE, the model 

still requires calibration to further reduce errors and improve agreement between 

simulated and observed streamflow. 
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(a) 

 

(b) 

 

Figure 4.29 HEC-HMS Simulation Results using ANN-based Radar QPE; (a) Klang 

River Basin, (b) Langat River Basin 
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(a) 

 

(b) 

 

Figure 4.30 Summary of the Simulation Results; (a) Klang River Basin, (b) Langat 

River Basin 
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Table 4.13  

Simulated and Observed Peak Discharges, Total Volume, and their Evaluation Criteria before Calibration for Klang River basin 

RE: relative error; R2 : correlation coefficient; NSE: Sutcliffe Efficiency; PBIAS: percent bias; RSR: Root mean square error-standard deviation ratio 

 

Table 4.14  

Simulated and Observed Peak Discharges, Total Volume, and their Evaluation Criteria before Calibration for Langat River basin 

RE: relative error; R2 : correlation coefficient; NSE: Sutcliffe Efficiency; PBIAS: percent bias; RSR: Root mean square error-standard deviation ratio 

 

 

 
Total volume (mm) Peak discharge (m3/s) 𝑅2 NSE PBIAS (%) RSR 

 
Simulated Observed RE Simulated Observed RE 

    

Rain gauge 130.5 208.9 -37.5 905.2 1286.4 -29.6 0.3 -0.6 -37.5 1.3 

Radar QPE 161.3 208.9 -22.8 981.1 1286.4 -23.7 0.2 -0.3 -22.7 1.2 

ANN-Radar QPE 163.5 208.9 -21.7 1049.7 1286.4 -18.4 0.2 -0.3 -21.7 1.2 

 
Total volume (mm) Peak discharge (m3/s) 𝑅2 NSE PBIAS (%) RSR 

 
Simulated Observed RE Simulated Observed RE 

    

Rain gauge 59.7 92.8 -35.7 480.6 643.2 -25.3 0.5 0.6 -35.7 0.6 

Radar QPE 37.37 92.8 -59.7 338.9 643.2 -47.3 0.4 -0.2 -59.7 1.1 

ANN-Radar QPE 118.9 92.8 28.1 1031.7 643.2 60.4 0.5 0.4 28.1 0.8 
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4.9.5 Model Calibration (Optimization)  

  

 A sensitivity analysis was performed to identify the most influential parameters 

affecting model accuracy. The sensitivity analysis indicates that, while the flood travel 

time (k) exhibits minimal sensitivity, lag time (Tlag) and Curve Number (CN) exert 

strong control over model accuracy by regulating runoff timing and runoff volume, 

respectively. Small variations in Tlag significantly affect peak timing errors, whereas 

changes in CN directly influence effective rainfall, leading to substantial errors in peak 

discharge and total runoff volume. To refine the model’s accuracy, the values of these 

parameters were adjusted within a range of +10% to -10%. This modification 

considered acceptable according to the guidelines established by Sardoii et al. (2012). 

 Figures 4.31, 4.32, and 4.33 illustrate the hydrographs comparing the runoff 

simulations using rain gauge data, radar QPE, and ANN-based radar QPE after model 

calibration for the Klang River basin. The shape of the hydrograph was accurately 

reproduced in the model output, with both the overall shape and peak time closely 

matching the observed data. In Figure 4.31, the runoff simulation using rain gauge data 

shows that the computed volume was 216.3 mm, which is very close to the observed 

volume of 216.0 mm. Additionally, the observed peak discharge on December 19, 2021, 

was approximately 1286.4 m³/s, while the computed peak discharge was about 1313.7 

m³/s, resulting in an acceptable percent error of 2.1%. 

 Additionally, the computed volume discharged by radar QPE (218.2 mm) is 

slightly higher than the observed volume (216.0 mm), as shown in Figure 4.32. The 

simulation result indicates that the computed peak discharge (1284.2 m³/s) on December 

19, 2021, was slightly underestimated compared to the observed peak discharge (1286.4 

m³/s), resulting in a percent error of 0.2%. On the other hand, Figure 4.33 illustrates the 

runoff simulation using ANN-based radar QPE. The results show that the computed 

volume was 216.2 mm, which is closed to the observed volume of 216.0 mm. In 

addition, the observed peak discharge on December 19, 2021, was approximately 

1286.4 m³/s, while the computed peak discharge was about 1304.0 m³/s, resulting in an 

accepted percent error of 1.4%.  
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Figure 4.31 Simulated and Observed Hydrograph using Rain Gauge Data after 

Calibration for Klang River Basin 
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Figure 4.32  Simulated and Observed Hydrograph using Radar QPE after Calibration 

for Klang River Basin 
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Figure 4.33  Simulated and Observed Hydrograph using ANN-Radar QPE after 

Calibration for Klang River Basin 
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Figures 4.34, 4.35, and 4.36 illustrate the hydrographs comparing runoff 

simulations using rain gauge data, radar QPE, and ANN-based radar QPE after model 

calibration for the Langat River Basin. The model accurately reproduced the 

hydrograph shape, with both the overall pattern and peak timing closely matching the 

observed data. As shown in Figure 4.34, the runoff simulation using rain gauge data 

produced a computed runoff volume of 81.3 mm, which is slightly lower than the 

observed volume of 92.8 mm. The observed peak discharge on 18 December 2021 was 

the same as the computed peak discharge, at approximately 643.2 m³/s, resulting in a 

0% error. 

Figure 4.35 shows the runoff simulation using radar QPE, where the computed 

runoff volume was 81.1 mm, lower than the observed volume of 92.8 mm. The 

computed peak discharge of 730.4 m³/s on 19 December 2021 was slightly 

overestimated compared to the observed peak discharge of 643.2 m³/s, resulting in a 

percentage error of 13.5%. In contrast, Figure 4.36 presents the runoff simulation using 

ANN-based radar QPE. The computed runoff volume was 87.7 mm, which is close to 

the observed volume of 92.8 mm, corresponding to a percentage error of 5.5%. The 

computed peak discharge on 18 December 2021 was approximately 746.9 m³/s, slightly 

higher than the observed peak discharge of 643.2 m³/s. 

Overall, the simulated hydrographs demonstrate that the HEC-HMS model 

effectively captures peak discharge behaviour by accounting for the spatial variability 

of meteorological parameters in distributed-mode simulations. 
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Figure 4.34 Simulated and Observed Hydrograph using Rain Gauge Data after 

Calibration for Langat River Basin 
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Figure 4.35  Simulated and Observed Hydrograph using Radar QPE after Calibration 

for Langat River Basin 
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Figure 4.36  Simulated and Observed Hydrograph using ANN-Radar QPE after 

Calibration for Langat River Basin 
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Table 4.15 

Simulated and Observed Peak Discharges, Total Volume, and their Evaluation Criteria after Calibration for Klang River Basin 

RE: relative error; R2 : correlation coefficient; NSE: Sutcliffe Efficiency; PBIAS: percent bias; RSR: Root mean square error-standard deviation ratio 

 

Table 4.16 

Simulated and Observed Peak Discharges, Total Volume, and their Evaluation Criteria after Calibration for Langat River Basin 

RE: relative error; R2 : correlation coefficient; NSE: Sutcliffe Efficiency; PBIAS: percent bias; RSR: Root mean square error-standard deviation ratio 

 

 
Total volume (mm) Peak discharge (m3/s) 𝑅2 NSE PBIAS (%) RSR 

 
Simulated Observed RE Simulated Observed RE 

    

Rain gauge 216.3 216.0 0.1 1313.7 1286.4 2.1 0.8 0.7 0.1 0.6 

Radar QPE 218.2 216.0 1.0 1284.2 1286.4 -0.2 0.6 0.5 1.0 0.7 

ANN-Radar QPE 216.2 216.0 0.1 1304.0 1286.4 1.4 0.8 0.6 0.1 0.6 

 
Total volume (mm) Peak discharge (m3/s) 𝑅2 NSE PBIAS (%) RSR 

 
Simulated Observed RE Simulated Observed RE 

    

Rain gauge 81.3 92.8 -12.5 643.2 643.2 0 0.9 0.9 -12.5 0.3 

Radar QPE 81.1 92.8 -12.6 730.4 643.2 13.5 0.8 0.8 -12.6 0.5 

ANN-Radar QPE 87.7 92.8 -5.5 746.9 643.2 16.1 0.9 0.9 -5.5 0.4 
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 As shown in Table 4.15, after the optimization process, the relative error (RE) 

for rainfall estimation using rain gauge data in the Klang River basin decreased 

significantly, reaching 2.1% for peak flow and 0.1% for total runoff volume. For radar 

QPE, the RE was reduced to 0.2% for peak flow and 1.0% for total volume. Similarly, 

the ANN-based radar QPE method achieved RE values of 1.8% for peak flow and 0.1% 

for total volume, indicating substantial improvements in accuracy. Table 4.16 presents 

the optimization results for the Langat River basin. The RE for rain gauge data 

decreased to 12.5% for total runoff volume, while the RE for peak flow was reduced to 

0%. For radar QPE, the RE improved to 13.5% for peak flow and 12.6% for total 

volume. Likewise, the ANN-based radar QPE method showed reduced RE values of 

16.1% for peak flow and 5.5% for total volume. Overall, these improvements 

demonstrate the effectiveness of the optimization process in reducing discrepancies 

between observed and simulated values. According to Rizal et al. (2023), the obtained 

RE values are considered highly satisfactory, as they fall within the generally acceptable 

range of less than 20%. 

 The results indicate a strong correlation between the measured and predicted 

peak flow rates during the calibration period for rainfall estimated using rain gauge data 

and the ANN-based radar QPE (R² = 0.8) in the Klang River basin, compared to the 

radar QPE, which shows a lower correlation (R² = 0.6). For the Langat River basin, a 

strong correlation is also observed between the measured and predicted peak flow rates 

for rainfall estimated using rain gauge data and the ANN-based radar QPE (R² = 0.9) 

during the calibration period, compared to the radar QPE (R² = 0.8). According to Zou 

et al. (2003), correlation coefficients greater than 0.8 are classified as strong 

correlations. 

In addition, the comparison between simulated and observed values based on 

the Nash–Sutcliffe Efficiency (NSE) criterion indicates reliable model performance. 

The Klang River basin model performed satisfactorily, with NSE values of 0.7 for rain 

gauge estimation, 0.6 for the ANN-based radar QPE, and 0.5 for radar QPE. In contrast, 

the Langat River basin model showed good to very good performance, with NSE values 

of 0.9 for rain gauge estimation, 0.9 for the ANN-based radar QPE, and 0.8 for radar 

QPE. The higher NSE values for the Langat River basin suggest that the model was 

better able to reproduce observed flows in this basin, possibly due to more consistent 

rainfall patterns, better data coverage, or simpler hydrological responses compared to 

the Klang River basin (Jaffar et al., 2024). According to Moriasi et al. (2007), model 
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simulations with NSE values greater than 0.5 are considered satisfactory, values above 

0.65 are considered good, and values exceeding 0.75 are regarded as very good. An 

NSE value of 1 indicates a perfect model prediction, with no difference between 

observed and simulated values.  

Furthermore, the performance of simulation results for rain gauge rainfall 

estimation and ANN-based radar QPE models was better than that of the radar QPE 

model when evaluated using the ratio of the standard deviation of observations to the 

root mean square error (RSR) value. For the Klang River basin, the RSR values were 

0.6 for rain gauge estimation, 0.6 for ANN-based radar QPE, and 0.7 for radar QPE. 

Similarly, for the Langat River basin, the RSR values were 0.3 for rain gauge estimation, 

0.4 for ANN-based radar QPE, and 0.5 for radar QPE, indicating that the ANN-based 

model consistently provided more accurate simulations in both basins. The RSR value 

of 0.6 obtained in this study suggests that the models can be considered suitable if the 

RSR is below 0.7, as suggested by Bárdossy and Pegram (2017). In general, a decrease 

in RSR values indicates an improvement in the model’s ability to replicate the 

hydrological characteristics of the basin.  

Consequently, the rain gauge data exhibited strong simulation performance for 

the Klang River basin, as evidenced by four statistical assessment criteria: NSE = 0.7, 

R² = 0.8, PBIAS = 0.1, and RSR = 0.6, all indicating a good fit between estimated and 

observed values. Similarly, the ANN-enhanced radar QPE model also showed 

promising results, with NSE = 0.6, R² = 0.8, PBIAS = 0.1, and RSR = 0.6, demonstrating 

that the model predictions were dependable and consistent with observations. For the 

Langat River basin, the rain gauge data performed even better, with NSE = 0.9, R² = 

0.9, PBIAS = 0.0, and RSR = 0.3. The ANN-based radar QPE model also achieved 

strong performance, with NSE = 0.9, R² = 0.9, PBIAS = 0.1, and RSR = 0.3.  

The rain gauge data exhibited strong simulation performance for both the Klang 

and Langat River basins, with NSE, R², PBIAS, and RSR values indicating good to very 

good fits. Likewise, the ANN-based radar QPE models achieved comparable 

performance, with values closely matching those of the rain gauge data. This 

demonstrates that ANN-enhanced radar QPE can serve as a reliable alternative to 

traditional rain gauge measurements, particularly in regions where gauge coverage is 

limited. Overall, the results highlight the model’s accuracy and reliability, reinforcing 

their usefulness for hydrological forecasting. 
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4.10 Summary 

 

 The radar QPE performance was assessed, revealing that some uncalibrated 

radar data tend to underestimate rainfall amounts. However, a strong correlation (r = 

0.8) was found between radar QPE data and rain gauge measurements, indicating that 

despite the underestimation, both data sources generally align in capturing precipitation 

patterns. Next, feature extraction from radar images was performed to identify some of  

rainfall attributes, such as intensity, size, shape, and orientation. The extracted features 

were used to train a K-Nearest Neighbor (KNN) model, which achieved over 90% 

accuracy in rainfall classification. However, some misclassifications occurred in a few 

instances. Subsequently, the optimization of the Z/R relationship based on rainfall 

classification shows that the RMSE values for both rainfall types decreased, indicating 

a better fit and more accurate predictions.   

 An Artificial Neural Network (ANN) model was developed to improve radar 

QPE accuracy. The model showed promising results, with the RMSE approaching zero 

and a strong correlation between radar QPE and ANN-based radar QPE. The findings 

indicate significant improvement, with the ANN-enhanced radar QPE showing a 

positive relationship to rain gauge data and providing more accurate rainfall estimation.

 To complete the analysis, the ANN-based radar QPE was integrated into a 

rainfall-runoff model within the HEC-HMS system for a case study of the Klang and 

Langat River basins. Statistical analysis revealed that the ANN-enhanced radar QPE, 

along with rain gauge data, provided more accurate streamflow predictions compared 

to the uncalibrated radar QPE with NSE>=0.6. 
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CHAPTER 5 

CONCLUSION AND RECOMMENDATIONS 

 

 

5.1 Introduction 

 

 This chapter presents the conclusion of the study by summarizing key findings 

and demonstrating how the research objectives have been met. It also outlines 

recommendations for future improvements and offers guidance for further research in 

the field. 

 

5.1.1 Research Motivation 

  

 Accurate rainfall estimates play a crucial role in hydrological modeling, flood 

forecasting, and effective water resources management. Weather radar-based 

Quantitative Precipitation Estimation (QPE) systems offer wide spatial coverage, which 

is particularly valuable in areas with limited ground-based monitoring infrastructure. 

However, these systems often fall short in terms of accuracy, especially during extreme 

rainfall events as presented in Chapter 2. In contrast, rain gauges provide direct and 

highly accurate point-based rainfall measurements, serving as a reliable source of 

ground truth. The observed gap between radar and gauge data highlights the need for 

improved methodologies. This has led to the motivation behind this study which is to 

explore the use of advanced machine learning techniques, particularly Artificial Neural 

Network (ANN) in order to improve the accuracy of radar-based rainfall estimates. 

 

 

5.2 Conclusion 

 

 Extracting convective and stratiform rainfall features from radar reflectivity and 

optimally developing a rainfall estimation model using machine learning techniques, 

remains both a challenging and novel task. This study aimed to enhance radar QPE and 

improve flood forecasting accuracy in the Klang and Langat River basins by integrating 

machine learning techniques and hydrological modeling. Objective 1 was achieved 
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through the successful classification of rainfall types (stratiform and convective) using 

radar reflectivity images and the K-Nearest Neighbor (KNN) algorithm, which 

demonstrated high classification accuracy. Objective 2 was achieved by developing 

optimized Z–R relationships using Solver analysis to address the underestimation in 

radar QPE, resulting in reduced errors when validated against rain gauge measurements. 

Objective 3 was achieved by training an ANN model using 1,680 rain cell features 

(8×210) to enhance radar QPE rainfall estimation, which showed improved accuracy 

and a strong correlation with observed rainfall. The enhanced QPE was integrated into 

the HEC-HMS hydrological model, which simulated rainfall-runoff responses using 

three types of input: rain gauge data, uncalibrated radar QPE, and ANN-based radar 

QPE. Objective 4 was achieved, as the simulation results demonstrated that the ANN-

based radar QPE produced more accurate streamflow predictions, particularly in terms 

of peak flow and total runoff volume. These findings supported the potential use of 

ANN-based radar QPE as a reliable input for flood forecasting systems and as an early 

warning tool to aid decision-making in emergency response operations. 

 

5.2.1 New Model Development and Accuracy 

 

 This research developed and evaluated two key models to enhance the accuracy 

of radar-based QPE for hydrological applications. A KNN algorithm was employed to 

classify rainfall into convective and stratiform types using geometric features extracted 

from radar reflectivity data, such as rain cell location, area, intensity, and orientation. 

The KNN model achieved strong classification performance with an Area Under the 

Curve (AUC) exceeding 90%, despite some overlap in feature characteristics. To further 

improve rainfall estimation, an ANN model was trained using the Levenberg-Marquardt 

algorithm with rain gauge observations, significantly reducing the Root Mean Square 

Error (RMSE) from 11.40 mm/h to 4.76 mm/h. 

 

5.2.2 Model Application and Certainty 

 

The newly developed models were applied within an integrated flood 

forecasting framework to assess their practical utility and reliability. The enhanced 

ANN-radar QPE was incorporated into the HEC-HMS hydrological model using a 

novel approach that assigned gridded rainfall estimates to sub-basins within the Klang 
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River Basin. This allowed for more spatially representative runoff simulations 

compared to traditional rain gauge-based inputs. The integrated system showed strong 

performance during calibration, with the ANN-radar QPE yielding the highest 

correlation with observed discharge (R² = 0.8), significantly outperforming uncalibrated 

radar QPE (R² = 0.6). This demonstrates the improved certainty in flood predictions 

when using machine learning-enhanced radar data. Generally, the application of the 

hybrid model framework provides a more accurate and dependable tool for flood 

forecasting, offering valuable support for early warning systems and disaster risk 

reduction in flood-prone regions. 

 

 

5.2.3 Summary 

 

The objective of this study was to classify rainfall types, improve the accuracy 

of radar-based rainfall estimation, and enhance flood forecasting by integrating 

advanced machine learning techniques and hydrological modeling. This objective has 

been successfully met through a series of methodical approaches. The use of KNN 

algorithm for rainfall type classification yielded an overall accuracy of over 90%, 

demonstrating effective differentiation between convective and stratiform rainfall based 

on radar-derived features. Additionally, the development of optimized Z-R 

relationships significantly reduced the discrepancies between radar and rain gauge 

measurements, particularly lowering MAE and RMSE values for both rainfall types. 

Further enhancement was achieved through the application of an ANN, which 

improved radar QPE accuracy, evidenced by a strong correlation with rain gauge data 

and minimal RMSE. In addition, the incorporation of the ANN-based radar QPE into 

the HEC-HMS rainfall-runoff model led to more accurate simulations of streamflow, 

especially when compared to observed data. This integrated system has shown its 

potential as a reliable hydrological forecasting tool, suitable for early flood warning and 

decision-making support for emergency response. 

In summary, the combined use of classification algorithms, optimization 

techniques, and ANN modeling has led to notable advancements in rainfall estimation 

and flood prediction, thereby fulfilling the study’s objective. 

 

 



152 
 

5.3 Recommendation 

 

i) In future studies, expanding the dataset to include a wider variety of radar 

images from diverse geographical areas and different weather conditions could 

significantly enhance the model’s robustness. Incorporating radar data from 

different river basins would enable the model to adapt more effectively to 

various environmental conditions. 

ii) The inclusion of additional rainfall stations would further enhance the accuracy 

of rainfall estimation. With a larger network of stations, the spatial coverage of 

rainfall measurements would expand, offering a more comprehensive view of 

the precipitation patterns across a wider area. The integration of data from 

multiple stations would help to identify regional variations and improve the 

overall reliability of forecasts by reducing the uncertainty that can arise from 

relying on data from a limited number of stations. 

iii) It is recommended that future applications incorporate an optimized Z–R 

relationship derived from classified rainfall into ANN modelling, as this 

approach better captures the variability of radar-derived rainfall intensities. 

iv) The use of deep learning techniques, especially convolutional neural networks 

(CNNs), can enhance the model’s ability to automatically detect complex 

patterns in radar images. CNNs excel at identifying spatial features like shape, 

texture, and orientation of precipitation structures, leading to more accurate 

rainfall type classifications. By learning directly from raw radar data, CNNs 

eliminate the need for manual feature extraction, enabling the model to adapt to 

different conditions without predefined input. 

v) Integrating additional meteorological data, such as satellite imagery and surface 

weather observations, can enhance the model’s accuracy. Satellite imagery 

provides insights into large-scale weather patterns, while surface data like 

temperature, humidity, and wind helps refine the model’s understanding of local 

environmental factors. Combining these with radar information offers a more 

comprehensive view, leading to improved forecasting and more reliable 

predictions. 
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APPENDIX A 
Mean Areal Rainfall Comparison between Radar QPE and Raingauge Data 

 

No Station_Name Longitude Latitude Thiessen Weight 

1 Pulau Meranti 101.6394 2.969105 0.09 

2 Puchong Drop 101.5974 3.019527 0.02 

3 Ayer Hitam Puchong 101.5804 2.979611 0.05 

4 Bandar Klang 101.4448 3.048056 0.08 

5 Taman Sri Muda 101.5345 3.037722 0.06 

6 Batu 3 101.5539 3.075611 0.02 

7 Ioi Puchong Jaya 101.6214 3.04275 0.05 

8 Taman Mayang 101.5964 3.112277 0.03 

9 Ttdi Jaya 101.5542 3.096944 0.03 

10 Kota Damansara 101.578 3.156392 0.03 

11 Sg Penchala Jln 222 101.6344 3.09652 0.1 

12 Kg Melayu Subang 101.5409 3.150055 0.03 

13 Puncak Atheneum 101.7658 3.182472 0.08 

14 Selayang Baru 101.6663 3.250222 0.08 

15 Kg. Rantau Panjang 101.4132 3.049139 0.03 

16 Batu 10 101.7267 3.267279 0.16 

17 Bukit Antarabangsa 101.7727 3.183694 0.05 

 

Date & Time Mean Radar Mean Gauge 

2021-12-17 00:00 0.204 0.08 

2021-12-17 01:00 0.267 0.135 

2021-12-17 02:00 0.142 0.145 

2021-12-17 03:00 0.042 0 

2021-12-17 04:00 0.034 0.015 

2021-12-17 05:00 0.404 0.135 

2021-12-17 06:00 0.648 0.04 

2021-12-17 07:00 0.757 0.55 

2021-12-17 08:00 0.617 0.48 

2021-12-17 09:00 0.579 0.175 

2021-12-17 10:00 0.498 0.31 

2021-12-17 11:00 0.669 0.385 

2021-12-17 12:00 1.332 2.13 

2021-12-17 13:00 1.104 2.705 

2021-12-17 14:00 0.382 0.58 

2021-12-17 15:00 0.261 0.405 

2021-12-17 16:00 0.302 0.36 

2021-12-17 17:00 0.427 0.835 

2021-12-17 18:00 0.746 2.525 

2021-12-17 21:00 1.958 4.68 

2021-12-17 23:00 1.02 4.605 

2021-12-18 00:00 1.417 4.875 

2021-12-18 01:00 2.422 0 
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2021-12-18 02:00 1.906 0 

2021-12-18 03:00 1.676 0 

2021-12-18 04:00 1.604 0 

2021-12-18 05:00 1.597 0 

2021-12-18 06:00 0.502 0 

2021-12-18 07:00 0.115 0.215 

2021-12-18 08:00 0.181 2.12 

2021-12-18 09:00 0.179 0.915 

2021-12-18 10:00 0.561 4.745 

2021-12-18 14:00 3.605 0 

2021-12-18 16:00 1.487 5.265 

2021-12-18 17:00 2.072 4.04 

2021-12-18 18:00 2.221 0 

2021-12-18 21:00 3.925 0 

2021-12-18 22:00 3.141 2.275 

2021-12-18 23:00 3.197 5.48 
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APPENDIX B 

Radar Images Processing 
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APPENDIX C 
Feature Extraction of Radar Images 
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Date Time 

Cell Features/ Input training 

Mean Rainfall data,mm / 

Output training Center X Center Y Area,km2 

Major 

Radius,km 

Minor 

Radius,km 

Orientation, 

degree Max Intensity, mm 

Mean gridded 

intensity,mm 

200822 17:00 23.81 42.22 100.00 17.59 8.02 20.45 20.86 11.31 33.9 

  
30.62 63.43 60.00 19.85 4.87 69.37 33.97 10.11 1.5 

  
42.59 46.59 191.00 26.78 15.60 77.92 34.76 11.98 8.2 

 
18:00 39.04 62.12 296.00 34.36 17.52 41.16 32.18 11.05 26.8 

  
47.64 30.48 468.00 32.64 28.84 -76.33 26.64 11.39 20.7 

 
19:00 58.13 30.55 358.00 36.84 14.18 57.81 21.85 10.80 22.3 

  
49.84 54.05 56.00 11.34 7.17 -6.74 13.31 8.66 4.2 

230822 17:00 32.56 62.56 16.00 7.35 3.53 -53.37 15.56 9.32 3.5 

  
36.82 15.50 105.00 17.39 8.97 59.64 24.17 13.92 19.7 

  
56.89 29.94 53.00 13.31 5.33 -13.08 23.97 11.58 2.8 

 
18:00 38.22 17.72 18.00 7.03 4.23 16.92 9.59 7.22 17 

  
55.53 29.05 177.00 26.25 11.08 -2.22 22.06 10.55 28.9 

080922 21:00 43.50 24.51 141.00 23.06 10.72 7.79 52.12 16.17 11.5 

 
22:00 42.52 31.72 197.00 36.08 10.09 -33.93 31.97 13.72 16.8 

  
56.32 24.53 95.00 17.17 7.62 -24.22 19.55 10.73 15.3 

 
23:00 36.95 32.23 86.00 11.46 10.38 -26.55 25.26 12.98 4.3 

131122 20:00 46.70 54.33 87.00 12.37 10.38 78.90 22.38 11.61 11.3 

 
21:00 41.21 61.67 24.00 7.77 4.82 -41.59 11.72 8.32 11.5 

171122 0:00 27.29 42.03 63.00 11.47 7.99 -86.68 8.05 7.05 62.8 

  
48.69 54.70 746.00 41.57 26.22 31.60 21.61 10.40 23.3 

 
1:00 54.22 59.46 585.00 36.51 21.52 -83.16 26.06 13.34 32.2 
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3:00 26.36 72.47 205.00 19.83 14.05 -28.23 19.96 11.78 28.3 

  
38.54 63.01 173.00 16.59 14.07 -77.35 13.66 8.19 6.3 

  
65.77 58.69 26.00 8.73 4.35 -72.89 7.58 6.89 2 

 
4:00 39.61 63.76 666.00 49.27 18.78 29.95 18.02 9.41 7.9 

  
65.25 42.29 56.00 12.71 8.64 -76.08 18.67 9.46 9.5 

021222 22:00 21.83 39.66 477.00 49.42 22.51 43.28 16.93 9.32 9.2 

  
50.95 61.92 128.00 26.24 8.09 -61.30 15.36 8.70 2.5 

  
63.13 64.81 16.00 5.31 4.55 77.04 10.81 8.12 9.3 

 
23:00 42.73 35.95 44.00 10.39 9.90 -5.19 11.20 7.51 8.5 

  
46.33 55.17 36.00 10.96 6.69 -7.88 8.12 7.03 4.8 

  
66.69 49.69 26.00 7.34 5.19 -58.55 12.47 8.93 2 

  
68.79 37.74 19.00 8.69 3.46 85.39 24.86 13.66 3 

170123 1:00 29.51 65.56 381.00 34.23 18.23 -38.90 27.69 11.96 20.38 

  
30.90 33.55 226.00 20.78 14.37 78.94 28.24 12.77 12.78 

  
54.56 74.58 43.00 9.31 6.43 -11.61 22.04 11.01 4 

 
2:00 18.57 62.66 529.00 37.93 19.21 -35.70 44.51 19.03 41 

  
28.07 33.43 75.00 14.33 7.46 -12.72 14.26 9.38 28.43 

010223 16:00 16.28 49.07 29.00 10.11 4.40 85.19 15.40 8.95 9 

  
25.94 63.90 51.00 15.47 4.97 -76.28 17.10 9.62 6.5 

  
33.19 27.24 21.00 8.90 3.33 86.17 16.76 11.19 5.5 

  
39.68 47.82 28.00 12.23 3.77 -61.05 17.78 10.57 7.5 

  
48.70 62.19 69.00 14.93 7.33 -69.62 24.43 12.50 7.5 

 
17:00 35.17 37.55 265.00 40.45 10.82 89.20 27.66 12.82 10.4 

  
52.66 64.05 305.00 29.67 19.00 59.39 45.72 17.26 5.13 
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56.41 46.14 49.00 11.82 6.05 82.13 20.97 11.04 12.5 

110223 4:00 41.94 57.59 17.00 8.61 6.07 14.20 9.56 7.69 12.5 

  
60.30 61.15 54.00 12.05 6.91 64.59 19.94 10.90 4 

 
15:00 20.69 51.94 67.00 16.01 7.48 21.92 12.40 8.46 2.25 

  
34.48 15.61 23.00 8.27 4.91 63.15 11.70 8.75 6.5 

  
38.38 8.06 16.00 7.28 3.22 70.57 12.72 9.01 5.5 

  
52.08 29.16 100.00 22.61 6.75 39.44 19.76 11.45 15.67 

  
66.54 36.43 67.00 14.34 6.62 -79.41 26.62 14.40 10.75 

 
16:00 35.26 23.25 267.00 35.38 15.36 15.60 34.93 12.53 26.5 

  
50.13 37.44 82.00 13.67 9.31 2.22 21.91 10.22 12.25 

180223 19:00 50.92 23.12 76.00 14.10 7.56 69.24 28.13 14.38 8.5 

  
66.41 29.94 17.00 6.35 3.77 -52.14 19.65 12.47 0.5 

 
20:00 57.44 29.35 276.00 26.12 14.54 -15.58 36.40 13.86 24 

 
21:00 52.51 45.49 39.00 9.04 6.17 13.88 11.03 7.74 10.6 

190223 17:00 34.70 24.27 321.00 37.23 14.88 78.72 24.92 11.07 8.8 

 
18:00 43.04 54.07 611.00 45.60 18.70 -59.98 82.60 19.93 17.9 

 
19:00 50.22 62.65 396.00 39.59 18.01 45.15 23.81 10.70 19.1 

230623 15:00 17.16 32.81 37.00 10.02 4.95 66.68 25.97 14.28 22 

  
28.89 27.15 54.00 9.54 7.92 -11.00 21.80 11.39 9 

  
44.69 24.33 121.00 15.11 10.67 -64.63 31.38 16.60 27 

  
50.69 63.55 62.00 10.49 7.95 46.61 22.69 11.91 5.5 

240623 14:00 20.38 62.13 16.00 9.45 2.60 -24.59 13.33 9.24 15.3 

  
36.28 63.50 149.00 18.07 12.53 80.84 34.59 14.91 14 

  
44.82 55.35 17.00 6.80 3.63 76.59 27.12 13.07 1 



197 
 

  
61.29 49.76 42.00 11.10 7.46 55.08 14.76 9.69 3.3 

 
15:00 20.61 63.12 69.00 16.93 6.33 3.50 30.21 14.53 23 

  
34.00 54.69 32.00 8.22 5.62 -64.35 16.89 10.29 12.3 

  
36.90 34.90 20.00 5.85 4.57 -34.48 19.40 11.66 6.5 

  
38.17 70.09 23.00 7.22 4.58 44.05 24.19 11.62 2 

  
58.32 45.86 139.00 19.56 10.42 4.88 26.51 13.83 8.33 

260623 15:00 58.63 36.78 360.00 25.06 20.33 37.11 38.18 13.96 11.7 

270623 18:00 47.13 26.24 46.00 9.81 6.26 -83.09 36.36 16.47 25.7 

 
19:00 47.95 27.76 21.00 5.90 5.56 -81.29 14.38 9.85 13.8 

  
52.98 34.05 43.00 10.82 6.32 79.26 26.18 11.85 1.25 

10723 1:00 20.56 62.29 333.00 30.81 15.69 -15.18 22.05 11.12 17.30 

 
2:00 29.92 54.59 601.00 59.53 18.07 23.40 22.78 11.29 27.3 

 
3:00 13.18 63.44 119.00 20.78 7.87 -23.72 16.73 9.94 9.5 

  
46.54 46.89 153.00 18.47 11.05 34.78 16.04 10.47 11.2 

  
63.00 40.59 39.00 8.92 7.58 -33.82 9.61 7.60 5 

  
62.70 22.04 27.00 12.87 3.89 88.03 10.56 7.51 2.5 

120723 17:00 18.60 28.88 25.00 6.74 5.18 67.67 11.32 8.78 10.8 

  
37.18 23.44 131.00 14.23 13.61 -9.04 31.01 12.18 9.25 

 
18:00 58.88 45.52 48.00 12.05 6.32 4.72 19.67 11.27 0.5 

140723 5:00 38.38 54.80 76.00 14.43 8.72 36.40 16.96 8.68 10 

 
6:00 43.67 42.75 484.00 59.62 14.95 25.13 25.66 12.29 8.5 

 
7:00 60.58 26.58 96.00 16.80 8.88 25.25 14.49 8.94 13.5 

230723 10:00 48.78 61.57 206.00 39.09 9.06 45.50 20.85 9.56 5.75 

030823 8:00 43.05 65.91 75.00 15.25 8.57 -47.41 15.41 9.60 12.7 
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58.03 43.50 129.00 19.18 8.94 -43.13 24.66 13.60 6.5 

  
54.80 65.82 49.00 10.15 6.90 18.80 15.48 9.38 9.5 

080823 16:00 29.61 29.30 294.00 34.58 12.95 43.89 38.85 15.49 14.1 

 
17:00 37.56 26.58 455.00 45.85 22.25 47.55 27.68 11.56 21.1 

 
18:00 38.21 31.69 58.00 16.72 4.82 40.32 18.23 9.94 8 

100823 6:00 14.10 54.37 194.00 20.54 13.03 -6.18 26.09 12.12 12.5 

 
7:00 17.22 55.03 60.00 12.97 8.19 -73.79 13.25 9.20 5 

  
24.98 47.06 54.00 11.60 7.71 76.92 19.70 9.81 44.5 

  
32.90 52.78 40.00 10.41 5.67 42.80 14.33 9.33 4.5 

  
34.88 72.00 16.00 7.49 3.52 15.12 12.09 8.57 16 

  
52.62 75.27 26.00 7.21 5.03 -43.00 23.52 13.16 2 

 
8:00 21.32 64.74 34.00 9.32 5.45 -8.07 13.16 9.61 20.9 

  
38.73 67.15 182.00 23.80 13.56 -45.00 23.28 10.54 16.8 

 
9:00 67.45 54.89 97.00 12.64 10.04 53.43 26.34 13.65 2.5 

140823 6:00 23.71 29.19 125.00 20.38 10.35 18.13 23.83 11.98 10.8 

  
32.72 17.44 25.00 8.43 4.41 -75.89 20.41 10.86 3 

 
7:00 51.94 10.88 16.00 5.95 3.73 35.23 14.00 9.56 10 
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