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ABSTRACT 

Economic and population growth have expanded agricultural land, and the sustainability 

of water and natural resources like forest preservation has become a concern for future 

development. Cambodia’s water resources depend on abundant freshwater from the Mekong 

River and Tonle Sap Great Lake. However, the northwestern part of the nation, the largest rice 

production area, has faced significant influence on water resources, leading to water scarcity, 

flooding, and droughts. Additionally, limited information is available to analyze these issues. 

This study aims to identify and predict the impacts of land use and climate change on water 

resources and examine problems and countermeasures for future agricultural water use. 

There are always concerns about water deficits in cultivating rice at the onset of the dry 

season. First, this study evaluated the irrigation water resources in the upper Sangker River 

basin for agricultural production. The study used the Soil and Water Assessment Tool (SWAT) 

model to estimate stream water volume, and its performance was assessed using statistical 

metrics. It was calibrated for the period from 2007 to 2013 and validated for the period from 

2014 to 2018. Flow rates in the main irrigation canals were also measured from June 2018 to 

October 2019 to evaluate the actual irrigation water supply by comparing supplied water 

volume and irrigation water demand. The SWAT model provided reliable river discharge 

estimates, as confirmed by statistical metrics (NSE = 0.69, RSR = 0.55). The results showed 

that water shortage rates exceeded 20% of the monthly water requirement between April and 

June, 2014 to 2017. The actual irrigation water supply during the study period showed rates of 

water shortage of 52% and 41% in the two main canals, respectively, at the headwork during 

the wet season months (September and October). The findings suggest the need for regular 

maintenance of water infrastructure to provide a sustainable water supply to paddy fields. 

After a meticulous evaluation of agricultural water use, this study utilized remote 

sensing and GIS modelling techniques for analyzing satellite data from 2014, 2018, and 2022. 

Integrating the cellular automata (CA)-Markov model and GIS tools allowed for predicting 

land use changes by 2030 considering policy intervention. The model's simulation, which 

compared actual and predicted land use in 2022 for accuracy assessment, revealed a stark 

contrast in outcomes with and without a land use policy. Without a policy, built-up areas will 

increase, and natural forest cover will decrease by 2030. However, with a policy, the model 
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predicted an increase in forest cover by 2030 despite some areas being allocated for industrial 

agriculture. These findings underscore the transformation in land cover in the upper Sangker 

River basin and reiterate the crucial role of forest conservation in preserving ecosystem 

services and water cycles. 

The final part of this study focused on evaluating the impact of land use and climate 

variability on water resources in the Upper Sangker River basin using the SWAT model. It 

projected changes in rainfall and temperature from the Coordinated Regional Climate 

Downscaling Experiment-Southeast Asia (CORDEX-SEA). The dynamic changes in land use 

within the watershed and the projected land use for 2030 were derived from the previous 

section. The study revealed that land use changes resulted in increasing trends in mean annual 

(30. 9%), wet season (39.7%), and dry season (9.8%) river discharge comparing the simulation 

period (1986–2001). However, the combined effects of land use and climate change scenarios 

for the projection period (2030–2045) indicated a significant shift in river discharge patterns 

between wet and dry seasons. The mean annual streamflow decreased from 30.9% to 5.7% 

and 3.2% for RCP4.5 and RCP8.5, respectively, comparing the simulation period. Seasonal 

analysis showed that average streamflow in the wet season continued to increase by 23.3% 

(RCP4.5) and 10.9% (RCP8.5) but decreased by -36.9% (RCP4.5) and -15.5% (RCP8.5) in the 

dry season. Furthermore, there is an expected slight increase in water yield and surface runoff, 

while evapotranspiration is likely to experience the most significant decrease in agricultural 

land for both climate scenarios (RCP4.5 and RCP8.5). The impact of climate change 

outweighs that of land use change. Reforestation efforts within land use development projects 

will minimize impacts on water resources. This study highlights the importance of 

reforestation in the upper catchment area to enhance basin water resources and mitigate flood 

risks. 

Overall, the results reveal essential factors affecting water resources in the Upper 

Sangker River Basin under climate change and land use change. Based on these results, this 

study suggests the need to promote water-efficient agricultural practices, cultivate climate-

resilient crops, and make significant investments in conserving and restoring natural resources. 
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1.1 Background of research 

The agricultural sector is vital to Cambodia's economy and food security as it 

promotes rural socio-economic development and equity. In 2021, it contributed 20.7% to 

the GDP and employed 31.2% of the total population (Sok et al., 2022). With 60.6% of the 

total population living in rural areas, agriculture is their primary source of food security 

(Sok et al., 2022). However, Cambodian agriculture is mainly rainfed and susceptible to 

climate-related risks (Monin, 2021). As Cambodia's economy grows, there is increasing 

stress on water and forest resources. The cultivation of energy crops and deforestation have 

reduced forest cover to 57% over the past decade. This has led to concerns about water 

scarcity for drinking, agriculture, industry, and energy, and has also heightened competition 

between sectors and upstream-downstream regions in river basins (TSC & JICA, 2014). In 

addition to the impact of climate change, deforestation and land-use changes in river basins 

contribute to droughts and floods (TSC & JICA, 2014). 

Cambodia is known for its abundant freshwater resources, with the Mekong River and 

Tonle Sap Great Lake being the main sources (Sithirith, 2017; Sagara, 2021). Despite 

contributing minimally to climate change, Cambodia is highly vulnerable to its impacts, 

such as floods and droughts, particularly drought (MoE, 2013; Monin, 2021). Cambodian 

farmers face seasonal challenges, dealing with droughts in the dry season and floods in the 

wet season due to heavy rains. Rainfall patterns have been changing, resulting in longer 

droughts, shorter rainy seasons, and occasional flash floods (MoE, 2013). Additionally, 

rainfall distribution and river discharges in Cambodia are highly seasonal and variable, 

following a natural pattern of wet and dry seasons (Sagara, 2021). Major environmental 

changes are expected to occur due to climate change in many regions worldwide (IPCC, 

2007), with the majority of these changes affecting the hydrological cycle. Drought and 

flood events are anticipated to become more frequent and intense (Sok et al., 2021). Hence, 

understanding hydrological changes and having information on water resources amidst 

changing land use and climate features is crucial for establishing mechanisms for present 

and future basin water management..  
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Insufficient water supply is becoming a growing concern in Cambodia and other parts 

of the world (Brika et al., 2018; Wheida and Verhoeven, 2007). Climate change, increasing 

population, rapid urbanization, and declining water quality have led to water scarcity being 

considered one of the most significant threats to society and a limitation for sustainable 

development (Chen et al., 2016). Irrigation plays a crucial role in agricultural production in 

most countries and has put significant pressure on water resources and river ecosystems due 

to the large amount of water used for irrigation. Additionally, rapid urbanization has led to a 

growing demand for urban water use, particularly domestic water consumption, creating 

tension in urban water supply and demand (Wu and Tan, 2012). Water scarcity can be 

broadly defined as a mismatch between the demand for fresh water and its availability, 

measured in physical terms. Water shortages can also occur even where infrastructure exists 

if water distribution is unequal (Jaeger et al., 2017). While much of the literature examining 

the impacts of climate change on water security focuses on quantifying physical water 

scarcity, it's important to note that this is just one aspect of the issue. 

Land use and land cover (LULC) change is considered to be a significant factor 

impacting the hydrological cycle (Elfert and Bormann, 2010; Chim et al., 2021). Major 

factors contributing to land use change include demographic changes, climatic variability, 

political actions (Elfert and Bormann, 2010), and socio-economic factors (Wang et al., 

2021; Handavu et al., 2019). The transformation of land use over time influences various 

components of the hydrologic budget such as evaporation, surface runoff, infiltration, and 

groundwater recharge (Ozturk et al., 2013; Lin et al., 2007). The conversion of vegetation 

cover impacts the annual water balance in a watershed by reducing annual 

evapotranspiration (ET) and increasing streamflow and base flow (Schilling et al., 2008). 

LULC modification directly affects ecosystems and their associated services, particularly 

water yield (Li et al., 2018). 

Climate change is a significant factor that is expected to impact the hydrological cycle, 

leading to substantial consequences for water availability (Hagemann et al., 2013). 

Observations of global warming have resulted in changes to regional water resources, 

affecting precipitation, temperature, and energy balance (IPCC, 2007a). All aspects of the 
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global water cycle have been altered due to climate change in recent decades (Douville et 

al., 2021), leading to millions of people experiencing hydrological conditions that were 

previously unfamiliar. According to the IPCC 6th Assessment Report, heavy precipitation 

has likely increased on a continental scale across North America, Europe, and Asia. 

Furthermore, the intensity of heavy precipitation has increased in many regions (high 

confidence), including much of North America, most of Europe, most of the Indian sub-

continent, parts of northern and southeastern Asia, much of southern South America, parts 

of southern Africa, and parts of central, northern, and western Australia (Dunn et al., 2020; 

Sun et al., 2020). Regarding evapotranspiration (ET), Douville et al. (2021) conclude with 

high confidence that global terrestrial annual ET has increased since the early 1980s, driven 

by both increasing atmospheric water demand and vegetation greening (medium 

confidence), and can be partly attributed to anthropogenic forcing (high confidence). 

Regional changes in ET depend on changes in both the climate and the properties of the 

land surface and ecosystems. Trends in annual streamflow have generally followed 

observed changes in regional rainfall and temperature since the 1950s (Jiménez Cisneros et 

al., 2014). Climate change has caused changes in local and regional streamflow in various 

parts of the world, but there is no clear signal in the global mean. Stream flows have shown 

decreasing trends between the 1950s and 2010s in parts of western and central Africa, 

eastern Asia, southern Europe, western North America, and eastern Australia, and 

increasing trends in northern Asia, northern Europe, and northern and eastern North 

America (Trang, 2016; Gudmundsson et al., 2017; Gudmundsson et al., 2019; Li et al., 

2020b; Masseroni et al., 2020). In tropical regions like Asia, the frequency and magnitude 

of extreme events are projected to change. It is important to understand the magnitude of 

these projected changes and assess their potential impact. Floods and droughts in Cambodia 

may be influenced by changing climate. 

Assessing the impact of climate and land use changes on water resources is best done 

through simulating the hydrological conditions expected under projected weather 

conditions in a specific area (Gosain et al., 2006). Hydrological models are commonly used 

for evaluating water resources, particularly for studying the effects of climate change 
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(Hagemann et al., 2013) and land use change. There is a wide array of hydrological models 

available to simulate streamflow and predict the impact of land management practices on 

water, sediment, and agricultural chemical yields. These models include empirical models 

(Artificial Neural Network), conceptual models (Hydrologiska Byrans Vattenavdelning - 

HBV, Topographic hydrologic model - TOPMODEL), and physically based models (Soil 

and Water Assessment Tool - SWAT, Systeme Hydrologique European - MIKE SHE, Areal 

Nonpoint Source Watershed Environment Response Simulation - ANSWERS). Physically 

based models like SWAT or MIKE SHE are capable of simulating streamflow under 

changing environmental conditions, such as climate change or land use and land cover 

changes (LULCC). However, these models require intensive data inputs due to their 

physically based approach. Conducting a hydrological modeling case study in Cambodia is 

challenging due to low data availability. SWAT, a spatially distributed hydrological model 

(Arnold et al., 1998; Gassman et al., 2007), is selected as it is the most widely used to 

simulate water resources under changing environmental conditions, such as climate change 

or land use and land cover changes (LULC) (Zhang et al., 2020; Bhatta et al., 2019; 

Narsimlu et al., 2013). Many researchers have conducted separate studies on the potential 

impact of LULC change on hydrology (Breuer et al., 2009; Lin et al., 2007; Boongaling et 

al., 2018) and future climate change on water resources (Hagemann et al., 2013; 

Hattermann et al., 2015; Vicuna and Dracup, 2007). However, most of these studies did not 

consider integrating both factors in their analysis. There are still very few studies that have 

analyzed the combined impacts of land use and climate changes on hydrology (Trang et al., 

2017; Li et al., 2009). Consequently, the combined effects of future forest cover conversion 

and trends under various climate change scenarios on water resources and runoff at the 

subbasin level remain unclear (Oeurng et al., 2019). Therefore, an integrated approach to 

hydrological modeling is necessary to quantify the contribution of individual land use 

change classes to a change in river discharge. 

The study is conducted in the Upper Sangker River basin in Battambang province, 

Cambodia. Although, there is a need to collect detailed studies to understand the available 

water resources and the impact assessment of climate variability in this basin. There is 
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relatively little information regarding the effects of climate change on hydrology in this 

catchment. Specifically, there is no study on the combined impacts of land use and climate 

changes on water resources in the Sangker River basin. Monichoth et al. (2014) applied the 

Hydro-Crop model to assess the possible impacts of climate change on rice production in 

the Sangker River basin. The entire catchment of the Sangker River was analyzed by 

Oeurng et al. (2019) using the SWAT model to examine the effect of climate change on 

river flow regime. These studies investigated water-related relationships within the Sangker 

River basin (Vanna et al., 2021) and the impact of climate variation on future hydrological 

alterations (Oeurng et al., 2019; Monichoth et al., 2014), but without considering the 

impacts of land use and land cover changes. To address this gap, we apply a semi-

distributed SWAT model to quantify the available water resources and to gain a better 

understanding of the hydrological processes in view of the combined influence of land use 

and climate change projections. 

1.2 Problem statement 

Water scarcity and flood events have been observed in the irrigation system. 

Recently, severe droughts and floods have occurred subsequently. However, little 

information is available to analyze these issues. 

1.3 Statement of purpose 

The purpose of this multicase study is to identify and predict the impacts of land use 

and climate change on water resources and examine problems and countermeasures for 

future agricultural water use. This will involve estimating irrigation needs, conducting 

hydrological modeling, and carrying out spatial analysis. To achieve these goals, we have 

outlined the following objectives: 

1) Develop a distributed hydrological model to simulate river discharge and assess the 

impact of environmental changes. 

2) Evaluate the water balance in an irrigation scheme in the upper Sangker River basin. 
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3) Identify and predict changes in land use and land cover (LULC) in the upper 

Sangker River basin. 

4) Assess the impacts of projected climate and land use changes on water resources. 

1.4 Research questions 

To shed light on the problem, the following research questions are addressed: 

1. Is the water supply sufficient to respond to the demands in an irrigation area? 

2. What is the effect of environmental changes on the river flow pattern? 

3.  What is the seasonal flow in the river leading to flooding risks and water 

scarcity? 

1.5 Structure of the thesis  

This thesis comprises seven chapters: 

1. Introduction and background information about water resources issues and the potential 

of the agricultural sector for Cambodia’s economy. 

2. Literature review of previous studies on irrigation water balance, climate change, land 

use change, hydrological modeling, and land use modeling. 

3. Description of the study area. 

4. Evaluation of water balance in an irrigation system in the study area and formulation of a 

hydrological model suitable for the study area. 

5. Prediction of future changes in land use and land cover (LULC) in the upper Sangker 

River basin to assess the integrated future land use change impact on streamflow and 

hydrologic water balance components. 

6. Assessment of the combined impacts of projected climate and land use changes on the 

hydrological cycle. 

7. General conclusions and recommendations. 
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2 Chapter 2 Literature review 

 This section provides a review of background literature related to climate and 

LULC change impacts on hydrology. The literature review is presented in six categories: 

the balance of irrigation supply and demand, LULC change, modeling of LULC change, 

climate change, combined LULC and climate change, and hydrological modeling. 
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2.1 The Studies of balance between irrigation water supply and demand 

Previous studies have utilized slightly different methods to analyze the equilibrium 

between water supply and the demand for irrigation water. However, their primary 

objective remains consistent: to identify the root cause of water deficits and/or assess the 

performance of on-farm irrigation water. When water shortages arise or significant changes 

are anticipated in the irrigation scheme, it is essential to conduct a comparison of irrigation 

needs with irrigation supply. The two most pivotal factors in irrigation planning, design, 

and operation are the availability of water supply and the water demand (Sakthivadivel et 

al., 1993). 

Hussain et al. (2011) estimated the water balance between supply and demand and 

projected future trends in various sectors of the economy in the Indus Basin. They 

conducted separate analyses to determine the balance between supply and demand in the 

agricultural, domestic, and industrial sectors. Their findings indicated that water scarcity 

was increasing, and they recommended that the government develop water management 

strategies. The results revealed that 274 billion cubic meters (BCM) was available for use, 

with 130 BCM being usable and 60 BCM lost in the system. The empirical results also 

showed that the gross water supply for agriculture was nearly 190 BCM, while its demand 

was 210 BCM, resulting in a shortfall of about 20 BCM. They emphasized the importance 

of increasing crop yield per unit of water by employing high-efficiency irrigation methods, 

particularly for high-value crops such as orchards and vegetables. 

The study by Shakir et al. (2010) found that there is an annual water shortage of 

more than 40% in the Upper Chenab Canal of Pakistan when comparing the actual water 

supply with crop water requirements. This shortage could be reduced slightly if the 

allocation of water supply could be ensured according to the Water Apportionment Accord 

1991. The water deficit occurs in August and is compensated for by pumping low-quality 

groundwater, which increases the secondary salinity of the area. The researchers also 

observed large gaps between supply and demand in August and September, while there was 
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an excess of water in May and June. They suggested that controlling this excessive water 

could help reduce the shortages in other months to some extent. 

In 2006, Ji et al. established a model to study the balance between water supply and 

demand in the middle reaches of the Heihe River basin in Northwest China. They used data 

from meteorology, hydrology, soil, planting, vegetation, and socio-economic development 

in the irrigation region. Their research found that the unified management of water 

resources in the basin had significant effects on regional hydrology. This included a 

decrease in water supply, an increase in groundwater extraction, and a steady decline in the 

groundwater level due to over-pumping and reduced recharges. As a result, the water 

supply was inadequate to meet the demands in the irrigation districts, leading to a water 

supply crisis in the Pingchuan irrigation district. Additionally, the study highlighted 

concerns about the sustainable development and utilization of water resources. 

In a study conducted by Masona et al. (2018), the water supply and demand for 

small-scale irrigation at the Fuve-Panganai irrigation scheme in Zimbabwe were evaluated. 

The researchers used the relative water supply (RWS) metric, which is the ratio of water 

supply to water demand for crops grown using specific cultural practices on the actual 

irrigated area. They interviewed a random selection of 38 farmers and compared the 

interview results with the RWS findings. The study revealed a stable water supply over five 

years, with a coefficient of variation of 0.2. An RWS of 1.6 indicated that the irrigation 

scheme received significantly more water than needed during the winter mid-irrigation 

period (May to July). Both the interview survey and the RWS ratio indicated that over 90 

percent of the farmers were satisfied with the irrigation management performance. 

However, the study also found that 37 percent of the farmers experienced water shortages 

due to delivery losses caused by damaged pipes and leaking water valves. 

To evaluate the actual supply of irrigation water and irrigation water demand for 

major crops, Ullah et al. (1998) compared water supply and demand for all the outlets of 

Pabbi minor of Warsak gravity canal in Pakistan. The results revealed that the actual water 

supply was insufficient to meet crop water demands at all the outlets in the study area. This 

inadequacy was due to the non-availability of a sufficient amount of water, leading to a 
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significant portion of the command areas at the outlets being left fallow. Factors such as 

high temperatures and low rainfall were identified as contributing to increased water 

demand. However, Iqbal (1995) obtained different results. His findings indicated that the 

supply exceeded crop demands at the head of a minor, but in the middle, the supply was 

less than demand due to a larger cultivable command area. Additionally, when the latter 

was small, the supply exceeded demand. 

It is important to ensure that all farmers in an irrigation system have a reliable water 

supply throughout the year. Proper distribution of water is crucial, and it's necessary to 

compare water supply and demand to achieve this. However, when it comes to the spatial 

distribution of operational parameters, simply calculating the balance between water supply 

and demand doesn't solve the regional problem of water resource utilization on a relatively 

large scale in an inland basin (Bormann et al., 1999). Furthermore, the water balance 

provides practitioners with a tool to evaluate source control and assess stream health based 

on runoff (Hussain et al., 2011). 

2.2 A case study of land use and land cover (LULC) change 

Numerous research studies have evaluated how changes in land use and land cover 

(LULC) affect the hydrology of watersheds. In particular, Boongaling et al. (2018), 

Daramola et al. (2022), and Garg et al. (2019) have demonstrated a significant correlation 

between LULC patterns and various hydrological processes, as well as the impact on soil 

erosion and sediment yield within watersheds. 

In 2013, Ozturk et al. developed a model to study how changes in land use affect the 

water system in Bartin Spring, a rural watershed in northwestern Turkey. They combined a 

land use dynamics model with a spatially distributed three-dimensional surface–subsurface 

hydrologic model. By running different land use and forest management scenarios through 

the model, they were able to simulate the water budget. The study found that the water 

budget is most affected by changes in precipitation and the conversion between forest and 

agricultural lands, and less affected by the type of forest stands. The results also 
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demonstrated that the combined model is a valuable tool for evaluating the impact of land 

use changes on the hydrological processes within the watershed. 

In 2018, Boongaling and colleagues utilized various physical, meteorological, and 

remotely sensed data to create a hydrological model of the Calumpang watershed in 

Batangas, Philippines. Their study aimed to establish a connection between landscape 

patterns and hydrologic processes. The results from their SWAT hydrological modeling 

revealed that land use and land cover (LULC) change led to a 5% increase in surface runoff, 

a 6% increase in sediment yield, and an 11% decrease in baseflow for the entire basin. 

Additionally, they found that degraded subbasins experienced a significant increase in 

streamflow (up to 31%) during stormy months and a reduction in baseflow (up to 26%) 

during dry months. On the other hand, improved sub-basins showed a decrease in 

stormflow (up to 4%) and an increase in baseflow (up to 5%) during dry months. Overall, 

their study demonstrated a strong relationship between land cover patterns and hydrologic 

processes. 

Nut et al. (2021) conducted a study to estimate soil loss resulting from land use and 

land cover (LULC) changes in the Sangker catchment, Cambodia. They used the Revised 

Universal Soil Loss Equation (RUSLE) model within a Geographic Information System 

(GIS) environment. The study found that the total soil loss in the periods of 2002 and 2015 

was 1.9 million tons per year and 4.5 million tons per year, respectively. Additionally, the 

research indicated that the highest soil loss values (ranging from 14.3 to 62.9 tons per 

hectare per year) were observed in the central, southwestern, and upland parts of the 

catchment. 

Nomano et al. (2018) conducted a study to assess the influence of Land Use and Land 

Cover (LULC) changes on sediment load in the Carapelle watershed, located in Southern 

Italy. The study employed a combination of satellite remote sensing, Geographic 

Information Systems (GIS), and hydrological modeling. The findings revealed that the high 

erosion rates observed in 2011 did not show significant variations in the S1 scenario. Under 

this scenario, numerous areas exhibited substantial soil erosion, exceeding 10 Mg ha−1 
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year−1, which poses a significant threat to soil fertility. The study emphasized the critical 

importance of modeling the potential impact of future land use changes on soil erosion. 

All these studies have revealed a robust correlation between land cover and river 

discharge, soil erosion, and sediment yield within watersheds. The transformation of land 

cover has been found to induce alterations in hydrology, with adverse implications for the 

ecological integrity of the river system and local communities (Baker and Miller, 2013). 

Furthermore, the absence of protective land cover has predominantly led to soil erosion and 

depletion. Given the variability of hydrological processes and sediment transport capacity 

across different land cover types, it is evident that sediment export to rivers and changes in 

river discharge are intricately linked to land use.  

2.3 Modeling of land use change 

Understanding land use change is important for studying the driving forces, ecological 

impacts, and environmental assessments. Researchers from various fields have developed 

numerous land use models. These models represent the complexity of the land use system. 

Commonly used models for estimating land use change include the Markov model, Cellular 

Automata, Artificial Neural Network (ANN), Cellular Automata-Markov model (CA-

Markov), Conversion of Land Use and its Effects at Small regional extent model (CLUE-S), 

Land Change Modeler (LCM), and Raster-Based Land Change Modeling Tool (GEOMOD) 

(Zhang et al., 2013; Lacono et al., 2015; Ahmad et al., 2023; Saputra and Lee, 2019; Subedi 

et al., 2013; Kucsicsa et al., 2019; Pontius et al., 2001). 

Islam et al. (2021) utilized the CLUE-S model to forecast changes in land use across 

the southeastern region of Bangladesh, integrating a non-spatial demand module and 

geospatially explicit distribution. Land cover data from 2010, 2015, and 2017 were 

employed as datasets. The simulated maps for 2015 and 2017 were found to be generally 

accurate compared to the actual land use, with error matrix and Kappa indices showing 

62.38% (0.6101) and 71.64% (0.7106) accuracy, respectively, confirming the success of the 

model simulation. According to their predictions, built-up areas would expand by 100%, 

65.3%, and 34.2%, respectively, compared to all other land-use types. The study also 
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concluded that the scientific information derived from the simulations demonstrated that 

the model approach is suitable for formulating relevant land use policies. 

Wu et al. (2006) used the Markov model to predict land use changes in Beijing, China. 

They analyzed land use dynamics using satellite remote sensing and geographic 

information systems (GIS). The study projected future land use over the next 20 years and 

compared the results of the Markov model with those of a regression model. The 

researchers found that the Markov chain model effectively described and projected land use 

and land cover changes, but it required restrictive assumptions. However, combining 

remote sensing and GIS technologies with the Markov and regression models was found to 

be useful for describing, analyzing, and predicting land use changes. 

Wang et al. (2021) utilized a CA-Markov model to simulate the spatiotemporal 

dynamics of land use and land cover changes in the city of Thimphu in Bhutan. Their study 

predicted future changes, indicating a considerable transformation in the landscape of 

Thimphu city over the study period, with the trend expected to continue until 2050. The 

results showed a significant 12.77% increase in the built-up area from 2002 (52.88%) to 

2018 (65.5%), along with a slight increase in the cover of bare ground. Conversely, there 

was a drastic decline in forest cover (15.25%) and agriculture (1.01%). The study suggests 

an urgent need to implement effective planning, particularly to protect existing forest and 

water resources from further degradation. 

In 2013, Subedi et al. used a hybrid approach called the CA-Markov model to forecast 

land use changes in the Saddle Creek Drainage Basin in Florida. When the model was 

evaluated, the comparison between actual and predicted land use showed a satisfactory 

level of prediction accuracy. The model projected a significant increase in urban areas 

(from 47.3% to 49.4%) and transportation facilities (from 3.7% to 5%) from 2006 to 2015. 

In contrast, agricultural areas are expected to decrease from 14.4% to 12.3% during the 

same period. 

Rashmi and Lele (2010) conducted a study to evaluate GEOMOD's ability to forecast 

future changes in forest cover and to analyze the spatiotemporal patterns of forest cover 
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change in the Kanakapura area and neighboring regions of the Western Ghats located in 

India. The results showed that GEOMOD accurately predicted the forest cover for the year 

2000, closely matching the actual data. Additionally, it projected a further 3% loss of forest 

cover by the year 2015. The study emphasized the advantage of GEOMOD in requiring 

minimal data and being able to predict changes using estimated cell numbers. 

Chim et al. (2019) utilized the LCM model to identify and forecast land use changes 

in the Upper Siem Reap River, Cambodia. They analyzed land use patterns, specifically 

annual deforestation from 1988 to 2018, and projected potential land use scenarios 40 and 

80 years into the future. Their findings revealed a significant decrease in forest cover at a 

rate of 1.22% over the past three decades. They also indicated a projected continuous 

increase in deforestation and a decrease in forest cover in the future (by the years 2058 and 

2098). Additionally, their study highlighted the impact of land use changes on the water 

supply for the Angkor temple complex (a World Heritage Site) and the surrounding 

population. 

The hybrid model known as the CA-Markov model has been selected for the current 

study to predict future land use and land cover changes up to the year 2030. This model is 

widely used by scholars to understand systematic landscape changes, meet land 

management needs, and predict the future impact of land use and land cover changes on the 

earth's system (Tadese et al., 2021; Hamad et al., 2018; Nouri et al., 2014). 

2.4 A case study of climate change 

The impact of climate change on hydrological systems, including temperature and 

precipitation patterns, has been documented over several decades. Extensive research has 

been conducted worldwide to study the effects of climate change on surface water, 

groundwater, and nutrients (Jiang et al., 2007; Swain et al., 2022; Chiew et al., 1995; 

Herawati, 2015; Raulino et al., 2021). 

In a study conducted by Mengistu et al. (2021), the impact of climate change on water 

resources in the Upper Blue Nile (Abay) River Basin in Ethiopia was assessed using a 

regional climate model (RCM), specifically the COSMO Climate Limited-area Model 
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(CCLM), coupled with the SWAT hydrological model. The findings from the climate 

change projection revealed a rise in mean annual temperature and a reduction in 

precipitation across most parts of the Basin. The SWAT Model simulations were established 

from 1981-2010 as the baseline and (2010–2039, 2040–2069, and 2070–2099) as the future 

climate scenarios. The study concluded that while surface runoff is expected to increase by 

up to 14%, this will not lead to an overall increase in the total water yield of the basin. In 

fact, the total water yield of the Basin is estimated to decrease by -1.7 to -6.5% and -10.7 to 

-22.7% for simulations forced by RCP4.5 and RCP8.5 scenarios, respectively. 

In a study conducted by Ashofteh et al. (2013), the researchers examined the effects of 

climate change on the inflow volume to a reservoir and downstream water demand in an 

East Azerbaijan river basin in Iran. They analyzed three climate change scenarios and 

utilized the HadCM3 model to project temperature and rainfall scenarios for the period 

2026–2039, based on the A2 emission scenario. Additionally, the researchers employed the 

IHACRES hydrological model. The study revealed that according to the HadCM3 model, 

temperatures are expected to increase by 0.5 to 2.7°C, while rainfall is projected to 

fluctuate by -36% to 76% compared to the base period. Monthly temperature and rainfall 

data for the future were used as input for the IHACRES model to simulate monthly runoff 

for the future. The results indicated a 0.7% decrease in the average long-term annual runoff 

volume relative to the base period. 

Luo et al. (2013) conducted a study to assess the effects of climate change on 

hydrology and water quality in the northern Coastal Ranges and western Sierra Nevada, 

California. They used the Soil and Water Assessment Tool (SWAT) model to simulate the 

impact of climate change on water supply and ecosystem stressors. The results of the study 

showed that an increase in the annual average air temperature led to a proportional increase 

in stream temperature. The researchers also discovered that reduced streamflow during the 

summer, coupled with higher projected air temperatures in summer compared to winter, 

would result in elevated stream temperatures during the summer months, creating 

unfavorable conditions for cold water fish species.  



22 

 

Andersen et al. (2006) conducted a study to evaluate the impact of climate change on 

hydrology and nutrient levels in the lowland Gjern River basin in Denmark. They utilized 

the ECHAM4/OPYC General Circulation Model (IPCC A2 scenario) dynamically 

downscaled by the Danish HIRHAM regional climate model (25 km grid) to predict 

climate change for two-time periods: 1961–1990 (control) and 2071–2100 (scenario). 

Statistical models were employed to incorporate the influence of altered hydrology on 

nutrient losses from land to surface waters. The findings from HIRHAM indicated a 

projected increase in mean annual precipitation of 47 mm (5%) and a rise in mean annual 

air temperature of 3.2 °C (43%). The mean annual runoff from the river basin was projected 

to increase by 27 mm (7.5%, p < 0.05) when comparing the scenario to the control. 

Regarding nutrients, the study revealed simulated mean annual changes in TN loads in a 

loamy and a sandy sub-catchment of + 2.3 kg N ha− 1 (8.5%) and + 1.6 kg N ha− 1 (6.9%), 

respectively. 

In a study conducted by Graham et al. (2007), the impacts of climate change on 

hydrology in northern Europe were evaluated using an ensemble of regional climate models 

and an offline hydrological model. The researchers utilized climate change scenarios from 

seven RCMs, two GCMs, two global emissions scenarios, and two RCMs of varying 

resolution. Two different approaches to transfer climate change from the RCMs to 

hydrological models were examined. The findings revealed an overall increase in river flow, 

earlier spring peak flows, and an augmented hydropower potential. While the two 

approaches to the hydrological impacts model yielded similar mean results, they exhibited 

considerably different seasonal dynamics. 

2.5 A case study of the combined impact of climate and land use change 

It is crucial to comprehend the combined impact of climate and land use change on 

water to develop sustainable water resource plans (Zhang et al., 2018) and management 

strategies (Kim et al., 2013). Li et al. (2009) conducted a study to analyze the effects of 

land use change and climate variability on hydrology in an agricultural catchment on the 

Loess Plateau of China. Using the SWAT model, they evaluated the impacts of land use 
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change and climate variability on surface hydrology, including runoff, soil water, and 

evapotranspiration. The results demonstrated that the SWAT model is an effective tool for 

assessing the influence of environmental changes on surface hydrology. Their findings 

revealed that both land use change and climate variability led to a decrease in runoff by 

9.6% and 95.8%, respectively, and a decrease in soil water content by 18.8% and 77.1%. 

Additionally, land use change resulted in an 8.0% increase in evapotranspiration, while 

climate variability caused a decrease of 103.0%. Furthermore, the study observed that 

overall climate variability had a more significant impact on surface hydrology compared to 

land use change. 

In a study conducted by Tu (2009), the combined effects of climate and land use 

change on streamflow and water quality in eastern Massachusetts, USA were investigated. 

Using a GIS-based ArcView Generalized Watershed Loading Function (AVGWLF) 

watershed simulation model, future changes in streamflow and nitrogen load were 

simulated under various climate and land use change scenarios in the watersheds of eastern 

Massachusetts. The findings revealed that the seasonal distributions of streamflow and 

nitrogen load are more significantly influenced by climate change and land development 

than the average annual amounts of streamflow and nitrogen load. 

In a study conducted by Kim et al. (2013), the researchers investigated the individual 

and combined effects of anticipated climate and land use/land cover (LULC) changes on 

stream flow in the Hoeya River Basin, South Korea. They constructed three scenarios 

(solely climate change, solely LULC change, and combined climate and LULC change) and 

utilized the Soil and Water Assessment Tool (SWAT) model to simulate the future period. 

The findings revealed that under the climate change scenario, streamflow increased in 

spring and winter but decreased in summer and autumn. Conversely, LULC change led to 

increased high flow during wet periods but decreased low flow in dry periods. Notably, the 

combined scenario produced results similar to the climate change scenario, albeit with more 

pronounced seasonal variations in streamflow. 

Trang et al. (2016) conducted an assessment of the influence of climate and land use 

changes on the hydrology and nutrient yield in the 3 basins (Sekong, Sesan, and Srepok 
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River basins) located in the southeastern part of the Mekong Basin. They utilized the SWAT 

model to comprehend the processes and outcomes of pollution (nutrient yield) as well as 

the hydrological patterns. Future scenarios for three periods: 2030s (2015–2039), 2060s 

(2045–2069), and 2090s (2075–2099) were created using an ensemble of five GCMs 

(General Circulation Model) simulations: HadGEM2-AO, CanESM2, IPSL-CM5A-LR, 

CNRM-CM5, and MPI-ESM-MR, driven by the climate projection for RCPs 

(Representative Concentration Pathways) RCP4.5 (medium emission) and RCP8.5 (high 

emission) scenarios, along with two land-use change scenarios. The findings from their 

study suggest that the region is likely to experience warmer and wetter conditions under 

both emission scenarios. It is predicted that discharge and nutrient yield will increase 

during the wet season and decrease during the dry season. Overall, the annual discharge and 

nutrient yield are projected to rise over the twenty-first century, indicating the susceptibility 

of the 3S River Basin to climate and land-use changes. 

López-Moreno et al. (2014) conducted a study on the influence of climate and land 

use changes on water availability and reservoir management in the Upper Aragón River, 

Spanish Pyrenees. They used the Regional Hydro-Ecologic Simulation System (RHESSys) 

to model streamflow. Regional climate models (RCMs) indicated a projected trend of 

warming and drying in the basin from 2021 to 2050, resulting in a 13.8% decrease in 

annual streamflow, particularly in late spring and summer. The combined effects of forest 

regeneration and climate change are anticipated to reduce annual streamflow by 29.6%, 

with significant decreases in all months except January and February, where the decline 

will be more moderate. The study highlighted the importance of further research and the 

adoption of water-saving technologies, practices, and a legal framework to safeguard the 

supply and quality of water resources. 

The findings of the above studies indicate that the combined influence of climate and 

land use changes have amplified the impact of land development and water resources. This 

compounded effect is expected to significantly affect riparian ecosystems due to alterations 

in river hydrology and geomorphological processes. Changes in land use, land cover, and 

climate regimes can exert substantial influence on the natural processes within a watershed 
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ecosystem, thereby carrying long-term implications for both economic and ecological 

processes. As a result, it is imperative to conduct a thorough assessment of the hydrologic 

responses to these changes in order to safeguard water resources and environmental quality. 

2.6 Hydrological modeling 

The interaction of climate, land use, and infrastructure, influenced by changing 

hydrological conditions, continues to present significant challenges to the hydrological 

research and water management communities (Peel and Bloschl, 2011). Hydrological 

modeling serves as a valuable tool for comprehending the Earth's environmental system 

and enhances decision-making in water resource planning, flood prediction, irrigation 

practices, groundwater development, and more (Pandi et al., 2021). Various hydrological 

models fall into the categories of empirical, conceptual, and physically based models, each 

offering suitable options for small and large-scale applications. 

In a study conducted by McMichael et al. (2006), the MIKE SHE model, a spatially 

distributed hydrological model, was utilized to estimate monthly streamflow in a semi-arid 

shrubland catchment in central California. The results from MIKE SHE simulations for 

seven leaf area index (LAI) input scenarios, including the baseline LAI sequence used 

during model calibration and testing, revealed that differences in predictive uncertainty 

between scenarios were generally less than ±10%. Additionally, Singh et al. (1999) also 

employed MIKE SHE to simulate the hydrological water balance of a small watershed in 

the western part of the Midnapore district of West Bengal, India. Their objective was to 

develop an irrigation plan, and the results demonstrated the necessity of supplemental 

irrigation for paddy cultivation to achieve its potential yield, despite frequent rainfall during 

the kharif season. This study showcased the practicality of employing a comprehensive 

hydrological modeling system for managing water resources for agricultural purposes 

within a watershed. 

In a study conducted by Muttiah et al. (2002), the SWAT model was employed to 

evaluate the impact of variability in soils and climate on the mean and variance of water 

balance components in six different watersheds in Texas. The research indicated that the 
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mean soil water storage (SW) exhibited high sensitivity to scale increase from 1:250,000 to 

1:240,000m, while the sensitivity of mean evapotranspiration (ET) remained relatively 

consistent.  

Similarly, Wang et al. (2009) utilized the SWAT model to assess the influence of human 

activities and climate change on the monthly water balance in the northern part of China. 

The findings revealed that human activities contributed to a 68.6% decrease in runoff in the 

Chao River basin, suggesting that human activities are the primary cause of declining 

streamflow. 

In another study, Ahn, Jeong, and Kim (2016) employed an integrated modeling framework, 

incorporating a water balance network model (MODSIM) and SWAT, to evaluate the threat 

of drought on agricultural water supplies in South Korea under climate change. The 

research demonstrated that the maximum shortage rate of agricultural water was projected 

to reach 38.2% by the 2040s. The intensified future drought levels were predominantly 

attributed to the increasingly concentrated rainfall distribution throughout the year under a 

monsoonal climate, as outlined in the IPCC climate scenarios. 

Furthermore, Perry (2014) applied the SWAT model to simulate runoff in a mountainous 

catchment in South Africa. The study highlighted the potential of the SWAT hydrological 

model for application in mountainous, semi-arid catchment areas and concluded that SWAT 

was capable of accurately simulating streamflow. 

Grillakis et al. (2010) utilized a conceptual model similar to HBV to assess its 

applicability for flash flood forecasting in the Sora river basin in Slovenia. Their study 

demonstrated the effectiveness of a simple conceptual rainfall-runoff model in capturing the 

internal dynamics of flash flood events and its potential for forecasting flash floods. The 

simulated results provided a comprehensive understanding of the model's performance in 

the case study basin simulations. The analysis of the Zelezniki subcatchment exhibited 

strong model performance in terms of peak discharge, watershed response time, and 

internal watershed dynamics. 
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In a separate study, Huang et al. (2019) employed the HBV model structure and calibration 

procedure to improve the simulation of potential evapotranspiration (EP) and discharges in 

mainland Norway. The EP results showed favorable agreement with the measured data. 

Overall, the HBV model demonstrated good performance in accurately reproducing daily 

discharge for most calibration catchments, with a median daily NSE of 0.68, PBIAS of -3%, 

KGE of 0.70, and monthly NSE of 0.80. This research highlighted the appropriateness of 

the model setup for climate and land use impact studies, indicating its potential to provide 

more reliable projections of changes in discharge and hydrological components in Norway. 

In a study conducted by Akhter (2017), artificial neural network (ANN) methodology 

was used to evaluate the impact of climate change on the river Jhelum basin in the State of 

Jammu & Kashmir, India. The model analyzed monthly temperature and precipitation data 

from 1979 to 2009 at four different meteorological stations - Srinagar, Pahalgam, Qazigund, 

and Gulmarg within the river Jhelum basin. The study then predicted the future average 

annual temperature and precipitation levels up to the year 2100. The results indicated that 

by the end of the 21st century, the mean annual temperature of the Jhelum river basin is 

projected to increase by 1.43°C under the A1B scenario, while total annual precipitation is 

expected to decrease substantially by 30.88%. Under the A2 scenario, the average annual 

temperature is forecasted to increase by 1.56°C, and total annual precipitation is predicted 

to decrease by 35.32%. 

In a study by Wang et al. (2016), the Hydrologic Engineering Center’s Hydrologic 

Modeling System (HEC-HMS) was utilized to simulate runoff in the semi-arid region of 

northwestern China, specifically in the Hailiutu watershed. The model was calibrated for 

the period of 1978-1992. The results indicated that the model consistently underestimated 

winter and spring hydrographs, as well as some summer flows. The continuous runoff 

model for the Hailiutu watershed inadequately represented runoff volume and peak runoff, 

including peak volume and time of peak. Consequently, due to the unsatisfactory 

calibration results, model validation could not be achieved. In a separate study, Skhakhfa 

and Ouerdachi (2016) examined the effectiveness of the HEC-HMS for flood estimation 

modeling in the El Berda watershed, located in the northeast of Algeria. The results 
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demonstrated that the HEC-HMS model exhibited the highest efficiency when calibrated 

with specific parameters based on objective functions (percent error in peaks). The model 

showed an 8.8 percent difference between observed and simulated discharges, with an R2 

value of 0.87 and a Nash-Sutcliffe efficiency value of 0.99. 

Xue et al. (2018) conducted a simulation of water movement in the Manas River 

Basin (MRB) using an enhanced semi-distributed Topographic hydrologic model 

(TOPMODEL) that incorporated a snowmelt model and a topographic index algorithm. The 

findings indicated that the improved TOPMODEL demonstrated acceptable performance, 

producing runoff simulations in the MRB that were comparable to observed data. However, 

uncertainties in the simulated results were attributed to various factors such as model 

parameters, structure, climate, and human influence. 

Numerous hydrological models serve as robust tools for examining hydrology and 

conducting impact assessments of environmental changes on surface water. However, these 

models are constrained by their high data requirements, particularly the physically based 

approaches such as HEC-HMS, SWAT, and MIKE SHE. 
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3 Chapter 3 Description of the study site 

This chapter depicts the location of the study area and the physical characteristics 

including climate, soil, and natural vegetation of the upper Sangker River basin. 

Furthermore, it also describes the water infrastructure that existed in the study area. 
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3.1 Location of study site 

The study was conducted in the Upper Sangker River basin (USRB), located in 

Battambang province in northwestern Cambodia, between the latitudes of 13.0957° North 

and the longitude of 103.2022° East. The basin covers a total drainage area of 3,062 km2 

(Figure 3-1). This transboundary river basin stretches across Battambang province, Pailin, 

and Pursat province, with the most upstream areas covering approximately 392 km2 and 

173 km2, respectively, and sharing a border with Thailand. The elevation in this area ranges 

from 13 to 1,400 meters above sea level. 

Sangker River is one of the main tributaries, representing the largest river basin in 

Battambang province with a distance of about 250 km. It travels through 6 districts and 27 

communes before draining into the Tonle Sap Great Lake. Some tributaries join the river on 

both sides of the riverbanks throughout its traverse from the upstream to the Tonle Sap 

Great Lake. 

 

 

 

 

 

 

 

 

 

 

Figure 3-1 Location map of the Upper Sangker River basin representing in red line. 
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3.2 Climate 

The region is governed by a tropical monsoon climate, characterized by two distinct 

seasons: dry and rainy (Sourn et al., 2021). The rainy season, brought by the southwest 

monsoon, lasts from May to October and is marked by heavy rain and high humidity. 

Following this, the dry season spans from November to April, with winds blowing from the 

northeast to the southwest. Approximately 80% of the annual rainfall occurs during the 

rainy season. There is a brief dry interval of 1-2 weeks between June and July due to high 

anti-cyclone circulation. Rainfall varies with altitude, with mean annual rainfall ranging 

from 695 mm around Tonle Sap Great Lake to 1787 mm in the mountainous areas. The 

mean annual temperatures range from 23°C for the minimum to 33°C for the maximum. 

The average annual humidity stands at 79%, with December being the most humid month 

on average and March the least humid. 

3.3 Land use and land cover 

In the upper catchment area, the land use and land cover comprise 53.13% natural 

forest, 44.41% agriculture, 2.03% built-up land, and 0.44% water bodies, based on the 2010 

Mekong River Commission (MRC) land use data (see Figure 3-2). The Phnom Samkos 

Wildlife Sanctuary and Samlot Multiple Use Area, which are protected areas (PAs) 

associated with the Sangker River system, are the primary sources of heavy rainfall 

collection. 

3.4 Soil characteristics 

According to the FAO-UNESCO Soil Map of the World, the catchment is 

predominantly characterized by Distric Nitosols in the upland area (middle part of the 

catchment), whereas the mountain regions are dominant by Orthic Acrisols. Gleyic 

Luvisols mainly cover the semi-upland area. 
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3.5 Irrigation scheme and infrastructure 

The Kang Hot irrigation project area is located in the middle of the Sangker River, 

approximately 47 km from Battambang city. It is the largest irrigation scheme in the study 

area, covering a total command area of 72,000 ha. Water is drawn from the Sangker River 

via the Kang Hot headworks and distributed to the paddy fields through the left and right 

main canals, covering irrigated areas of 11,200 ha and 42,000 ha respectively (Kodoma, 

2018) (Figure 3-3). The scheme was originally constructed during the Khmer Rouge regime, 

but it fell into disrepair, relying solely on rainfall for rice cultivation. However, the 

irrigation scheme was rehabilitated, and in 2013, the headworks were completely 

reconstructed within the river to store and increase water levels for agricultural purposes 

                  Figure 3-2 Map of land use in the upper Sangker river basin in 2010. 
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(Figure 3-4). This development significantly improved irrigation and drainage across five 

districts, including Banan, Moung Russey, Koh Kra’lor, Sangker district, and Battambang 

City.  

Upstream from the headworks, approximately 40 km along the river, there is a dam 

known as the "Battambang Multipurpose Dam," which was completed in June 2018. This 

dam was constructed to store water for agricultural and domestic use, prevent floods, 

generate electricity, and serve as a recreational area. The dam has a water storage capacity 

of about 193.43 million cubic meters and can irrigate an agricultural land area of 47,000 ha. 

 

 

 

 

 

 

                     Figure 3-3 Location map of Kang Hot irrigation scheme 
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                                          Figure 3-4 Kang Hot headwork site 

 

Figure 3-5 Battambang multipurpose dam site 
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4 Chapter 4 Evaluation of the water balance in the irrigation system. 
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4.1 Introduction 

Many river basins worldwide are facing perceived water shortages because of 

increasing demands for water from all sectors. In Cambodia, increasing water demands and 

competitiveness among sectors and between upstream and downstream of the river system 

are also becoming crucial, and the concern is that the country will face highly restricted 

water resources (Technical Service Center & JICA, 2014). Accordingly, the shortage of 

agricultural water is becoming a serious problem in the river basins, and the streamflows 

appear to be decreasing. Contributing 22% of gross domestic product collectively, 

agriculture, forestry, and fishing are essential to the growth of Cambodia’s economy, and of 

the 80% of Cambodian people who live in rural areas, 65% rely on those three sectors 

(USAID, 2019). The Royal Government of Cambodia continues to enhance the 

management of water resources, develop irrigation systems, and undertake repair and 

maintenance of the irrigation infrastructure where required. Furthermore, headwork and 

multipurpose dams have been constructed in the river basins to meet the increased demand 

for water and flood control. The Sangker River basin in northwest Cambodia is one of the 

largest agricultural production areas in the nation and faces similar water resource issues. 

An irrigation project has been implemented in this area, but improved management is 

required to solve the water deficit problems. 

The state-of-the-art method for estimating water deficiency is to analyze the balance 

between the water supply and the demand for irrigation water (IW). Masona et al. (2018) 

revealed a shortfall in IW use by applying the relative water supply (RWS), the ratio of 

water supply to water demand; an RWS of 1.6 showed that the targeted scheme received 

much more water than its IW demands. To assess water deficits in the Heibe River basin of 

China, Ji et al. (2006) established a model of the balance between water supply and demand 

based on meteorological, hydrological, land use, and socioeconomic data. They found that 

the water supply was insufficient to meet the water demands of the various irrigation 

districts, and indeed the Pingchuan irrigation district in China has already experienced a 

water supply crisis. By comparing the actual water supply with crop water requirements, 

Shakir et al. (2010) revealed an annual water shortage of more than 40% in the Upper 
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Chenab Canal of Pakistan. However, with regard to the spatial distribution of operational 

parameters, calculating the supply-and-demand balance of water resources does not resolve 

the regional problem of water-resource utilization on a relatively large scale in an inland 

basin (Bormann et al., 1999). Therefore, the present study considers the water balance of a 

regional scheme by incorporating a physically hydrologic-based model. 

In the present study, the Soil and Water Assessment Tool (SWAT) hydrological model 

is used because of its widespread use in predicting runoff and sediment yield (Arnold et al., 

1998). Herein, SWAT is used to estimate the streamflow at the headwork of the main canals. 

These streamflow data are then used to evaluate the deficit of water resources in the 

irrigation project area. The present results could help to identify the root of the water 

shortages that occur frequently not only in the irrigation project area but also across the 

river basin. 

This chapter aimed to define the available stream water in the irrigation project area 

and identify the extent to which the water supply of the system is in deficit and/or excess. 

The specific objectives are (i) to assess the surplus (excess) and deficiency of IW from the 

Sangker River at the Kang Hot headwork point and (ii) to evaluate the actual IW uses and 

the demand in the Kang Hot Irrigation Project area. 

4.2 Methods 

4.2.1 Study area 

The study area for this chapter is covered the Upper part of the Sangker River basin. 

See Chapter 3 section 3.1 for details. 

4.2.2 SWAT hydrological modeling 

4.2.2.1 SWAT description 

The SWAT model was used in this study to simulate streamflow for a specific time 

period. SWAT is a continuous-time model and is designed to predict the impact of 

management on water, sediment, and agricultural chemical yields in ungauged watersheds 

(Gassman et al., 2007). It operates on a daily time step and is efficient enough to run for 
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many years. The watershed is delineated using the Digital Elevation Model (DEM). The 

watershed in the SWAT model is divided into multiple subbasins, which are then further 

subdivided into hydrologic response units (HRUs) that consist of unique land use, 

management, topographical, and soil characteristics (Abbaspour et al., 2015). The water in 

each HRU in SWAT is stored in four storage volumes: snow, soil profile (0–2 m), shallow 

aquifer (typically 2–20 m), and deep aquifer. Surface runoff from daily rainfall is estimated 

using a modified Soil Conservation Service (SCS) curve number method, which estimates 

the amount of runoff based on local land use, soil type, and antecedent moisture condition 

(Abbaspour et al., 2007). Peak runoff predictions are based on a modification of the 

Rational Formula (Chow et al., 1988). Channel routing is simulated using the variable 

storage or Muskingum method. SWAT provides three methods to simulate potential 

evapotranspiration (PET) including: (1) Penman-Monteith requires solar radiation, air 

temperature, relative humidity, and wind speed, (2) Priestley-Taylor requires solar radiation, 

air temperature, and wind speed, (3) Hargreaves requires only air temperature. 

Groundwater is water in the saturated zone of the earth materials under pressure greater 

than atmospheric pressure (Neitsch et al., 2011). SWAT simulates shallow and deep 

aquifers in each subbasin.  

Water balance is the driving force behind all the processes in SWAT and the simulation 

of basin hydrology is separated into the land phase, which controls the amount of water, 

sediment, nutrient, and pesticide loadings to the main channel in each subbasin, and the in-

stream or routing phase, which is the movement of water, sediments, etc., through the 

channel network of the watershed to the outlet (Arnold et al., 2012). The hydrological cycle 

is climate driven and provides moisture and energy inputs, such as daily precipitation, 

maximum/minimum air temperature, solar radiation, wind speed, and relative humidity, that 

control the water balance (Arnold et al., 2012). 

4.2.2.2 SWAT data inputs 

The SWAT model requires inputting the basic data including a Digital Elevation Model 

(DEM), Soil, Land use/land cover, hydrological, and meteorological data to run.  
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Digital Elevation Model (DEM) 

The digital elevation model (DEM) was created using data from the ASTER GDEM 

globe map. This data was released jointly by the Ministry of Economy, Trade and Industry 

(METI) of Japan and the United States National Aeronautics and Space Administration 

(NASA). The GDEM v2 covers the Earth's land surfaces between 83° North and 83° South 

with a spatial resolution of about 30 meters, providing coverage for approximately 99% of 

Earth's land area. The DEM was utilized to outline the watershed boundary (see Figure 4-1) 

and sub-basins, and to digitize the stream network, as well as analyze the drainage patterns 

of the land surface terrain. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Soil  

          Figure 4-1 Map of elevation in the study area 
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The digital soil data used in the study was extracted from the FAO-UNESCO soil 

map of the world (DSMW). Knowledge about the soil profile is crucial for simulating the 

hydrological characteristics of the river basin. In the study area's basin, clay is the 

predominant soil type, and other areas are covered by clay loam located at higher and lower 

elevations (see Figure 4-2). Table 4-1 shows soil properties such as bulk density (Sol_BD), 

saturated hydraulic conductivity (Sol_K) soil hydrologic groups (HYDGRP) used in the 

SWAT modeling. 

Table 4-1 Soil characteristics used for the SWAT model. 

Soil name Texture Sol_BD Sol_K HYDGRP 

Fractions in the soil 

mass 

Clay Silk Sand 

Lg39-3ab-4408 Clay loam 1.1 20.48 C 31 28 41 

Nd65-3ab-4544 Clay 1.1 23.48 C 41 32 27 

Ao90-2-3c-4284 Clay loam 1.3 7.27 D 30 30 39 

 

 

 

 

 

 

 

 

 

 

 

 

 
                      Figure 4-2 Soil properties of the study area 



49 

 

Land Use and Land Cover 

The land use and land cover data were obtained from the Mekong River Commission 

in 2010 (Figure 3-2). The data was classified into nine types of land use: Built-up areas, 

Farmlands, Paddy fields, Evergreen Forest, Shrubland, Water, Grassland, Deciduous 

Forests, and Mixed Forests. In the river basin, farmland was the dominant land cover, 

accounting for 35% of land use. The upper part of the basin is predominantly covered with 

evergreen forest, comprising about 25% of the area. Paddy fields, the main crop in the 

study area, make up 15% of the land. All spatial datasets are projected using the WGS-1984 

UTM Zone 48 N in ArcGIS. 

Hydrological Data 

The daily observed river flow data of the Sangker River from 2007 to 2018 were 

obtained from the Ministry of Water Resources and Meteorology, where the gauging station 

is in Battambang City at the Samdach Techo Hun Sen Bridge (Figure 4-3). These data were 

used to perform SWAT model calibration, validation, and sensitivity analysis. 

 

 

 

 

 

 

 

 

 

 

             Figure 4-3 Location map of hydrological and meteorological stations 
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Meteorological Data 

In the Sangker River basin, four meteorological stations (Figure 4-3) have recorded 

daily rainfall, temperature, wind speed, relative humidity, and solar radiation data from 

2005 to 2018. This data was obtained from the Department of Meteorology, Ministry of 

Water Resources and Meteorology (MOWRAM). The SWAT model requires preprocessed 

daily meteorological data. To do this, the SWAT Weather Database was used to create 

WGEN (Weather Generator) statistics, which allows for the storage and processing of daily 

weather data for use with the SWAT model in this study. 

4.2.2.3 SWAT model setup and data processing 

In this study, we established the SWAT with the basin outlet at the Samdach Hun Sen 

Bridge as a gauging station in Battambang City (see Figure 4-3). We used 30-meter-

resolution DEM data (ASTER-GDEM 2) in the ArcSWAT2012 interface to delineate the 

watershed and sub-basins within the basin. The catchment area covers 3,062 km2, which 

represents 51% of the entire Sangker River basin (refer to Figure 3-1). We defined a sub-

basin as a drainage area with a threshold of 5,000 hectares, resulting in 26 sub-basins that 

were further subdivided into 123 hydrological response units based on slope, soil, and land 

use. These parameters were obtained from the FAO-UNESCO Soil Map and the Mekong 

River Commission (MRC). We then clipped and overlapped this data 100% onto the 

watershed of the study area. The land use, soil, and slope layers were reclassified and 

overlaid to correspond with the parameters in the SWAT database. The Hargreaves method 

was originally derived from eight years of cool season Alta fescue grass lysimeter data from 

Davis, California (Hargreaves, 1975), and was applied to simulate the potential 

evapotranspiration in the study area because this method requires only rainfall and 

temperature data. One total potential evapotranspiration is determined, actual evaporation 

must be calculated. SWAT first evaporates any rainfall intercepted by the plant canopy. 

Next, SWAT calculates the maximum amount of transpiration and the maximum amount of 

sublimation/soil evaporation using an approach like that of Richtie (1972). 

The available meteorological data of daily rainfall and temperature data at the four stations 
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obtained from the Ministry of Water Resources and Meteorology (MOWRAM) for 14 years 

(2007–2018) had to be preprocessed by the SWAT model. The streamflow data collected 

from MOWRAM at the Samdach Hun Sen Bridge between 2007 and 2018 will be used for 

model calibration (2007–2013) and validation (2013–2018). The first two years will serve 

as an equilibration period to set up initial conditions and will not be considered in the 

analysis, referred to as the 'Warm-up period'. 

4.2.2.4 Manual calibration 

It is crucial to carefully consider evapotranspiration, baseflow, and surface runoff when 

analyzing the SWAT output. The model's foundation lies in realistic hydrology. Manual 

calibration involved adjusting the most sensitive parameters, including the runoff curve 

number (CN2), the base flow recession constant (ALPHA_BF), and the soil evaporation 

compensation factor (ESCO), which impact surface runoff, groundwater, and 

evapotranspiration, respectively. 

Manual calibration requires comparing simulated and measured data, using expert 

judgment to determine necessary adjustments to variables, and evaluating the 

reasonableness of the results (Gassman et al., 2007). Additionally, the analyst's experience 

and hydrological knowledge play a crucial role in defining parameters to balance the 

hydrological cycle. Abbaspour et al. (2015) provided a useful guideline for SWAT model 

manual calibration by adjusting the most sensitive parameters. 

4.2.2.5 Model calibration and validation 

Prior to the calibration and validation process in the SWAT model, the most sensitive 

parameters for the study area were identified. Sensitivity analysis involves determining how 

changes in model inputs affect the model output (Arnold et al., 2012). In SWAT-CUP, two 

methods of sensitivity analysis are commonly used: (i) local, by changing one parameter 

value at a time, and (ii) global, by allowing all parameter values to vary. 

When many parameters are used in manual calibration, especially for complex hydrologic 

models, manual calibration can be labor-intensive, and automated calibration methods are 

preferred. Calibration involves better parameterizing a model to match local conditions. 
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This is done by comparing the predicted streamflow (output) for assumed conditions with 

observed stream water. 

Model validation is the process of showing that a specific model for a particular site can 

make sufficiently accurate simulations using the parameter values from the calibration 

period without any changes. 

In this study, the SUFI-2 algorithm in the SWAT-CUP software package was used for model 

calibration, validation, sensitivity, and uncertainty analysis (Abbaspour, 2011). The SWAT 

calibration of the Sangker River basin used 11 parameters (Table 4-2) after testing the 

sensitivity among 21 parameters using the one-at-a-time method in SWAT-CUP (Abbaspour, 

2015). The one-at-a-time analysis involved making a single change while keeping other 

parameters constant at some value. 

Table 4-2 Input parameters for SWAT calibration 

No Input Parameter Definition Range 

1 CN2.mgt Moisture condition II curve number -0.2 to 0.2 

2 CH_N2.rte Manning’s “n” value for the main channel 0 to 0.3 

3 CH_K2.rte Effective hydraulic conductivity in the main channel 0 to 500 

4 RCHRG_DP.gw Aquifer percolation coefficient 0 to 1 

5 GW_REVAP.gw Revap coefficient 0.02 to 0.2 

6 GWQMN.gw Threshold water level in shallow aquifer  0 to 5000 

7 GW_DELAY.gw Delay time for aquifer recharge  0 to 500 

8 SLSOIL.hru Hillslope length 0 to 150 

9 SOL_AWC.sol Available water capacity 0 to 1 

10 SOL_BD.sol Bulk density 0.9 to 2.5 

11 HRU_SLP.hru Average slope steepness 0 to 1 

 

The model was calibrated automatically with a monthly time step in SWAT-CUP. Four 

iterations were carried out for model calibration, with each iteration involving 1000 

simulations to determine the most sensitive parameters by making changes to the SWAT 

input parameters.  
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4.2.2.6 SWAT model evaluation 

In SUFI-2, the variability of input parameters is depicted as uniform distributions, 

representing the range of possible values. The uncertainty in model outputs is quantified by 

the 95% prediction uncertainty (referred to as 95PPU), calculated at the 2.5% and 97.5% 

levels of the cumulative distribution of output variables obtained through Latin hypercube 

sampling (Abbaspour, 2007). This approach allows for a thorough understanding of the 

potential variability in the model's predictions. The effectiveness of the calibration and 

validation was assessed using the "P-factor" and "R-factor" indices. The P-factor means the 

percentage of observations covered by the 95PPU, ranges from 0 to 1, with a value of 1 

indicating that the measured data is entirely within the model prediction uncertainty. For 

discharge, a P-factor greater than 0.7 or 0.75 is considered sufficient. The R-factor is the 

ratio of the average width of the prediction uncertainty band to the standard deviation of the 

measured variable, ranging between 0 and infinity. The R-factor of zero is a simulation that 

exactly corresponds to measured data. In each step of calibration, ten different objective 

functions in SUFI-2 allow the user to judge the performance of the model calibration and 

validation such as the coefficient of determination (R2), Nash-Sutcliff efficiency (NSE), and 

the root mean square error (RSR), and so on. In this study, during the calibration procedure, 

NSE, and RSR were set as the objective function to indicate how well the plot of observed 

versus simulated data fits. 

𝑅 − 𝑓𝑎𝑐𝑡𝑜𝑟 =
1

𝑛𝜎
∑ (𝑋𝑢 − 𝑋𝐿)

𝑛
𝑛=1                                                             (4.1) 

where n is the number of observations, 𝜎  is the standard deviation of the observed 

streamflow, with 𝑋𝑢 and 𝑋𝐿 representing the upper 97.5th and lower 2.5th percentile of the 

simulated 95PPU, respectively. 

The NSE is calculated, as shown in equation 4.2 (Nash and Sutcliffe, 1970): 
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where Qi
obs is the ith streamflow observation, Qi

sim is the i th simulated streamflow for the 

constituent being evaluated, Qmean is the mean of observed streamflow data, and n is the 

total number of observations. It has a range from -∞ to 1. A value of 1 signifies perfect 

quality, which is what practitioners aim for. Negative NSE values indicate inadequate model 

performance. In the context of optimization, the NSE is a quantity to be maximized. 

The RSR is computed as the ratio of the RMSE and the standard deviation of the observed 

data. It is computed as in equation 4.3: 
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No comprehensive guideline is available to evaluate the accuracy of simulated data 

compared to observed flow. Morisai et al. (2007) reviewed the previous studies and 

suggested a general performance rating for recommending statistics for the SWAT model 

shown in Table 4-3. 

Table 4-3 Performance ratings for recommending statistics for a monthly time step.   

Performance rating Nash-Sutcliffe efficiency RSR 

Very good 0.75 < NSE ≤ 1.0  0.0  < RSR ≤ 0.50 

Good 0.65 < NSE ≤ 0.75 0.50 < RSR ≤ 0.60 

Satisfactory 0.50 < NSE ≤ 0.65 0.60 < RSR ≤ 0.70 

Unsatisfactory             NSE ≤ 0.50            RSR > 0.70 

 

4.2.3 Canal discharge measurement 

Discharge refers to the volume of water moving down a canal or stream per unit of 

time, typically expressed in cubic meters per second. In this study, discharge measurements 

were carried out to estimate the actual water supply volume in both the right and left main 

canals. These measurements were conducted along the main water intake canals to the left 
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and right of the Sangker River near the headwork (refer to Figure 3-3 & Figure 3-4). The 

two main canals have a trapezoidal shape, as illustrated in Figure 4-4.  

The canal discharge measurements were calculated directly by measuring the flow velocity 

using the Current-Meter method (refer to Figure 4-5) over ten times the difference with the 

surveyed canal cross-sectional geometry. The velocity was measured using the Six-Tenths 

Depth Method, which involved measuring the velocity at 0.6 or 60% of the depth from the 

water surface. The canal cross-sectional geometry was measured using a measuring tape. 

These flow measurements were then used to establish the H-Q curve or rating curve (the 

relationship between streamflow and water depth) for each gaging station, following the 

procedure described in the reports of Kodoma (2015). 

 

 

 

 

 

 

 

 

 

 

The canal discharge was calculated using equation (4.4): 

𝑄 = 𝑉 × 𝐴                                                                                                 (4.4) 

where Q is the canal flow rate (m3.s-1), V is the velocity (m. s-1) obtained from Current 

meter records, and A is the cross-sectional area of the canal (m2). 

                            Figure 4-4 Cross section of the main canal 
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The rating curves for the right main canal and the left main canal, which illustrate the 

correlation between water level and discharge, are depicted in Figure 4-6 and Figure 4-7. 

The equations 4.5 and 4.6 provide a detailed representation of this relationship for the right 

and left main canals, respectively. 

𝑄 = 9.96(𝐻 − 0.121)2                                                     (4.5) 

𝑄 = 5.0176 (𝐻 + 0.062)2                                                (4.6) 

where Q is the canal flow rate (m.s-1), and H is the water level (m). 

 

Figure 4-5 Canal discharge measurement using the Current Meter at the Right and Left 

main canal. 
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To monitor the daily water level, HOBO U20L Water Level Loggers were placed 

inside the main canals to track the water surface elevation over time. Figure 4-8 and Figure 

4-9 illustrate the positioning of water level loggers at the Right main canal and the Left 

main canal, respectively. 
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                          Figure 4-6 H-Q curve at the right main canal 

Figure 4-7 H-Q curve at the left main canal 
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                     Figure 4-8 Installation of water level logger at the right main canal 

 

 

 

 

 

 

 

 

 

                 

Figure 4-9 Installation of water level logger at the left main canal 
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Daily and monthly discharge were determined by applying accuracy H-Q curves in 

equations 4.5 and 4.6 to the daily water level data obtained from the HOBO U20L Water 

Level Loggers. 

4.2.4 Calculation of irrigation water demands 

In an irrigation scheme, more than one kind of crop is grown at the same time and for a 

year. Thus, the calculation of irrigation water needs for a multiple cropping system is often 

applied. When the irrigation needs for a single cropping pattern have been computed, the 

irrigation needs for an entire scheme with more than one crop can be determined by adding 

up the irrigation requirement for each month (Brouwer et al., 1992). 

In the present study, the irrigation water demands were calculated mainly for rice-based 

farming in the Kang Hot Project area. The unit irrigation water requirement was estimated 

by five days time step using Equation 4.7 based on its cropping calendar (Table 4-4): 

IEERLpPRKcETIR o /)( −++=                                                              (4.7) 

where IR is the unit irrigation water requirement.  

ETo is the crop reference evapotranspiration,  

Kc is the crop coefficient  

PR is the percolation rate  

Lp is the land preparation requirement  

ER is the effective rainfall  

IE is the irrigation efficiency   

Crop reference evapotranspiration (ETo) 

ETo represents the evapotranspiration rate from a reference surface, not short of water. The 

reference surface is a hypothetical grass reference crop with an assumed crop height of 0.12 

m, a fixed surface resistance of 70 s.m-1, and an albedo of 0.23. The reference crop 

completely covers the soil, is kept short, well-watered, and is actively growing under 
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optimal agronomic conditions. ETo is estimated using the FAO Penman-Monteith equation, 

which is recommended can be defined as: 

)34.01(
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                                              (4.8) 

where ETo is reference evapotranspiration [mm.day-1] 

 Rn is net radiation at the crop surface [MJ m-2.day-1] 

 G is soil heat flux density [MJ m-2.day-1] 

 T is air temperature at 2 m height [oC] 

 2u is wind speed at 2 m height [m.s-1] 

 se is saturation vapor pressure [kPa] 

ae is actual vapor pressure [kPa] 

as ee − is saturation vapor pressure deficit [kPa] 

 is slope vapor pressure curve [kPa.oC-1] 

 is psychometric constant [kPa.oC-1] 

The ETo can be estimated through the calculation sheet in which some of the climatic 

parameters would be determined. The calculation procedure consists of the following steps: 

1. Derivation of some climatic parameters from the daily maximum (Tmax) and 

minimum (Tmin) air temperature, altitude (z), and mean wind speed (u2). 

2. Calculation of the vapor pressure deficit ( as ee − ); The saturation vapor pressure 

( se ) is derived from Tmax and Tmin, while the actual vapor pressure ( ae ) can be 

derived from the dewpoint temperature (Tdew), from maximum (RHmax) and 
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minimum (RHmin) relative humidity, from the maximum (RHmax), or from mean 

relative humidity (RHmean). 

3. Determination of the net radiation (Rn) as the difference between the net shortwave 

radiation (Rns) and the net longwave radiation (Rnl). In the calculation sheet, the 

effect of soil heat flux (G) is ignored for daily calculations as the magnitude of the 

flux, in this case, is relatively small. The net radiation, expressed in MJ m-2.day-1, is 

converted to mm.day-1 (equivalent evaporation) in the FAO Penman-Monteith 

equation by using 0.408 as the conversion factor within the equation. 

4. ETo is obtained by combining the results of the previous steps. 

The calculation procedures of all data required for the calculation of ETo employing the 

FAO Penman-Monteith equation were detailed in Chapter 3 of FAO, (1998). 

Table 4-4 Cropping calendar for rice farming at Kang Hot irrigation system 

Croppi

ng 

Pattern 

Area (ha) 

Jan Feb Mar Apr May Jun Jul 
Au

g 
Sep Oct 

No

v 

De

c 
Left 

canal 

Right 

canal 

CP-C 4,480 
16,80

0 

            

CP-B 6,832 
25,62

0 

            

CP-E1 1,120 4,200 
            

CP-E 

(-15) 
56 210 

            

CP-E 

(+15) 
56 210 

            

CP-E2 56 210 
            

 

where arrows representing the duration of rice cultivation and each abbreviation of 

cropping pattern stands for: 

- Cropping Pattern-C: early wet rice-direct sowing (105 days) 

- Cropping Pattern-B: wet season rice-transplanting (115 days) 

- Cropping Pattern-E: wet season rice -direct sowing (140 days) 

- Cropping pattern-E (-15 days): add wet season rice direct sowing (140 days) 

- Cropping pattern-(+15days): add wet season rice direct sowing (140 days) 
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- Cropping pattern-E2: dry season rice-direct sowing (90 days) 

Crop coefficient (Kc) 

As the crop develops the ground cover, crop height, and leaf area change. Due to 

differences in evapotranspiration during the various growth stages, the Kc for a given crop 

will vary over the growing period. The growing period can be divided into four distinct 

growth stages: initial, crop development, mid-season, and late-season (Figure 4-10). 

1. The initial stage: This is the period from sowing or transplanting until the crop 

covers about 10% of the ground. 

2. The crop development stage: This period starts at the end of the initial stage and 

lasts until the full ground cover has been reached (ground cover 70-80%); it does 

not necessarily mean that the crop is at its maximum height. 

3. The mid-season stage: This period starts at the end of the crop development stage 

and lasts until maturity; it includes flowering and grain-setting. 

4. The late-season stage: This period starts at the end of the mid-season stage and lasts 

until the last day of the harvest; it includes ripening. 

Given the unavailability of field measurement records, crop coefficient data from in FAO’s 

guideline, as outlined in trusted FAO Irrigation and Drainage Paper 56 (Allen et al., 1998) 

and tabulated in Table 4-5. serves as a reliable reference point. 

 

 

 

 

 

 

 

                Figure 4-10 Crop growth stages for different types of crops. 
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Table 4-5 Crop coefficient of paddy for use with FAO Penman-Monteith ETo 

Variety Initial Crop development Mid season Late season 

150 days 30 30 60 30 

Kc 1.05 1.15 1.20 0.90 

105 days 20 30 30 25 

Kc 1.05 1.15 1.20 0.90 

115 days 20 30 40 25 

Kc 1.05 1.15 1.20 0.90 

140 days 30 30 50 30 

Kc 1.05 1.15 1.20 0.90 

90 days 20 20 30 20 

Kc 1.05 1.15 1.20 0.90 

 

Percolation rate (PR) 

The amount of water lost due to percolation and seepage depends on the type of soil 

(Brouwer et al., 1992). In very heavy, well-puddled clay soils, the losses will be low, while 

in sandy soils, they will be high. When monitoring the water balance of flooded rice fields 

for irrigation system design and management, a constant seepage and percolation rate is 

often assumed (Bouman et al., 1994). The percolation and seepage losses typically range 

between 4 and 8 mm.day-1. 

In the absence of field measurement records, the percolation rate in this study area was 

obtained from the JICA Master Plan Study Team in 2007. The team used a dial gauge and 

open-ended-cylinder method in the study site. In this study area, a percolation rate of 3.5 

mm.day-1 was used to calculate the irrigation water requirement. 

Land preparation requirement (Lp) 

Preparing the land is crucial to ensure that the rice field is properly set for planting. 

A well-prepared field helps to manage weeds, recycle plant nutrients, and provide a soft soil 

mass for transplanting, as well as a suitable soil surface for direct seeding. When cultivating 
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a paddy rice crop, the water required is for preparing the rice nursery and the rice fields 

(Brouwer et al., 1992). The water volume needed for preparing the nursery begins one 

month before sowing, while the preparation of the rice fields begins about one, or 

sometimes two, months before the rice is transplanted. Typically, the fields are flooded, and 

a few days after flooding, the field is plowed. The land preparation necessary for paddy in 

this study was estimated based on assumptions derived from field surveys and interviews 

with the Agronomy Office of the Provincial Department of Agriculture (PDA) and the 

Provincial Department of Water Resources and Meteorology (PDWRAM). It was assumed 

that the amount of water required depends on the soil type, with sandy loam requiring 250 

mm, clay loam requiring 200 mm, and clay requiring 170 mm. 

Effective rainfall (ER) 

The portion of rainwater that is stored in the root zone and utilized by plants, known 

as effective rainfall (Brouwer et al., 1992), may be lost through deep percolation and run-

off during periods of high rainfall. Various methods for estimating effective rainfall for 

irrigation scheduling are employed in different countries, drawing on extensive practical 

knowledge and proven effectiveness within specific local conditions (Dastane, 1974). In 

this study, the 5-day effective rainfall for paddy fields was determined using empirical 

relationships developed in Japan (Dastane, 1974). 

Irrigation efficiency (IE)  

Irrigation efficiency is a parameter to evaluate the performance of irrigation water 

use from a water conservation perspective (Bos and Wolters, 1990). IE is distinguished into 

field application efficiency, tertiary unit efficiency, and overall efficiency. 

Irrigation efficiency refers to the conveyance efficiency of the distribution system. The 

JICA Master Plan Study Team in 2009 supposed that PDWRAM strictly managed the canal 

system and water supply for fields. The irrigation efficiency was assumed. In the present 

study, IE was collected from the Ministry of Water Resources and Meteorology 

(MOWRAM) and the JICA Master Plan Study Team in 2009, as detailed in Table 4-6 and 

Table 4-7. 
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Table 4-6 Irrigation efficiency for paddy field 

Item Water loss rate (%) Efficiency (%) Remarks 

Field application efficiency 0 100 Basin irrigation 

Tertiary unit 15 85 - 

Secondary canal 12 88 - 

Main Canal 12 88 - 

Overall efficiency - 66 - 

 

Table 4-7 Irrigation efficiency for upland crop 

Item Water loss rate (%) Efficiency (%) Remarks 

Field application efficiency 20 80 Furrow irrigation 

Tertiary unit 15 85 - 

Secondary canal 12 88 - 

Main Canal 12 88 - 

Overall efficiency - 53 - 

 

The irrigation water demand comes from the unit irrigation water requirement multiplied by 

the area to be irrigated, which gives a volume of IW needed per unit time. The IW demand 

is computed as  

 ID = IR × A,                                       (4.9) 

where ID is the IW requirement, and A is the area. 

The irrigation area for this calculation was described in Chapter 3 section 3.5. 

4.2.5 Methods of interpretation and analysis 

In the present study, the analysis of the deficit or surplus of irrigation water in the 

Kang Hot irrigation project area was divided into two sections. The first section analyzed 

the balance between available stream water and irrigation water demand. The next section 

compared irrigation water demand with the actual water supply. The irrigation water supply 
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and demand conditions were evaluated to determine whether there was an excess over 

demand or a deficit in supply. 

4.2.5.1 Analysis of balance between available stream water and water 

demands 

In the study area, the use of agricultural water relies on irrigation from the Sangker 

River, which flows down from the mountains. During the irrigation season, the area 

depends on the river's water supply in the absence of rainfall. The reliability of this supply 

is crucial for the success of the irrigation project. Therefore, after estimating the total 

irrigation water requirement, it is important to determine the river's flow and its reliability 

during the irrigation season (Brouwer et al., 1992). Consulting the hydrological service is 

necessary as it provides information on water resources and river discharge (Brouwer et al., 

1992). Hence, in this study, the estimation of river water resources involved the use of 

hydrological models such as the Soil and Water Assessment Tool (SWAT). 

This study also involved assessing the balance between the available streamflow at the 

Kang Hot Headwork and the irrigation water demands of the Kang Hot irrigation project 

area using a conventional equation: 

𝑄𝑠𝑑 = 𝑄𝑎𝑤 − 𝑄𝑑                                                  (4.10) 

 where Qsd is the surplus or deficit of water, Qaw is the available streamflow for possible 

water supply, Qaw is the irrigation water demand. 

The water balance was analyzed from 2014 to 2018 using the monthly available stream 

minus the irrigation water requirement. The available stream water quantity was estimated 

by using the SWAT model. Meanwhile, the irrigation water demand was calculated as 

described in section 4.2.4. The irrigation water demands were slightly changing both 

cropping patterns and irrigation areas.  

4.2.5.2 Comparing actual water supply and irrigation water demands 

The study evaluated the supply and demand of irrigation water by analyzing the extent 

to which the irrigation water supply meets the crop demand. This analysis was based on the 
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flow data from the main canals near the Kang Hot irrigation project area collected between 

June 2018 and October 2019. The comparison of actual irrigation water supply and demand 

at the gaging stations on the main canals is crucial for identifying any deficits or surpluses 

in the system. When the actual water supply exceeds the demand, there is a surplus, and 

vice versa (Ullah et al., 1998). Therefore, comparing the actual irrigation water supply and 

demand helps in determining if there is a deficit or surplus in the supply of water. This 

approach is essential for evaluating the irrigation water use in the project area. 

4.3 Results and Discussion 

4.3.1 SWAT calibration and validation 

In Figure 4-11, the results of observed and simulated streamflow at the Samdach Hun 

Sen Bridge gauging station in Battambang City (Figure 3-1) are presented on a monthly 

time scale during the calibration period from 2007 to 2013. The graphs demonstrate that the 

SWAT model accurately tracked the streamflow each month during the calibration period. 

This was supported by a statistical quantitative NSE of 0.58 and RSR of 0.64 (Moriasi et al., 

2007), indicating a satisfactory model calibration. In streamflow calibration, 46% of the 

observed data were bracketed by the 95PPU while the R-factor had a value of 0.61. The 

hydrograph of monthly simulation versus observed streamflow generally showed similar 

trends. In certain years, the predicted streamflow closely matched both low streamflow and 

peak flows in the river basin (2007, 2008, 2009, and 2013). Additionally, the observed flow 

data revealed that the timing of peak flows corresponded with the timing of maximum 

rainfall intensity. Scatter plots during the calibration period (Figure 4-12) displayed a nearly 

linear relationship between the observed and simulated streamflow, which can be attributed 

to rainfall distribution.  

In Figure 4-13, the observed and simulated streamflow at the Samdach Hun Sen Bridge 

gauging station in Battambang City (refer to Figure 3-1) is depicted on a monthly basis 

during the validation period from 2014 to 2018. The comparison of the monthly measured 

and simulated streamflow demonstrates accurate tracking of overall trends. In streamflow 

validation, 48% of the observed data were bracketed by the 95PPU while the R-factor had a 
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value of 0.75. The model effectively simulates both low river flow during the dry season 

and high river flow during the rainy season. Consistency between peak flows of observed 

and simulated flow over the years, in line with corresponding rainfall patterns, is evident. 

The model validation results indicate a strong agreement between observed and simulated 

flow output, supported by the NSE and RSR values presented in Table 4-8. Furthermore, 

the scatter plots during the validation period (Figure 4-14) reveal a stronger correlation 

between the observed and simulated streamflow. These findings emphasize the model's 

robust predictive capability, meeting the statistical model efficiency criteria recommended 

by Moriasi et al., (2007). 

The comparison between the observed and predicted streamflow of the SWAT model 

in the Sangker River basin performed satisfactorily. This discrepancy can be attributed to 

uncertainty in the predictions. The uncertainties in the model are a result of processes that 

are accounted for in the model but cannot be fully explained within the watershed 

(Abbaspour, 2007). This includes factors such as the outflow from the reservoirs of the 

Battambang multipurpose dam and water transfer for irrigation at the Kang Hot headwork. 

Besides model uncertainty, there exist additional uncertainties arising from inaccuracies in 

input variables, such as rainfall and temperature, particularly in cases where the number of 

available meteorological stations is limited. The collection of rainfall data plays a crucial 

role in the development of rainfall-runoff models. This data, however, can be subject to 

uncertainties, particularly in regions with limited available data (Beven, 2012). Despite 

these challenges, it can be concluded that the SWAT modeling in the Sangker River 

watershed performed acceptably during the calibration and validation periods, as 

demonstrated by the evaluation using statistical indicators such as NSE and RSR. 

Table 4-8 NSE and RSR values of SWAT modeling for a monthly time step at the gauging 

station 

Quantitative 

statistics 

Monthly calibration 

(2007-2013) 

Monthly validation 

(2014-2018) 

Model Evaluation 

Calibration Validation 

NSE 0.58 0.69 
Satisfactory Good 

RSR 0.64 0.55 
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          Figure 4-11 Monthly simulated and observed flow rate for model calibration period  

          at gauging station of Sangker River 

Figure 4-12 Scatter of monthly simulated and observed flow rate for model 

calibration. 
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Figure 4-14 Scatter of monthly simulated and observed flow rate for model 

validation period at gauging station of Sangker River 

Figure 4-13 Monthly simulated and observed flow rate for the model validation period  

at gauging station of Sangker River 
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4.3.2 Availability of stream water 

Due to the lack of streamflow data observation at the Kang Hot headwork point, the 

present study utilized the SWAT model to estimate the available stream water at that 

location. However, the SWAT model's simulation of the stream water varied between the 

observed and predicted output at the Samdach Hun Sen Bridge gauging station (refer to 

Figure 3-1). Based on the SWAT results at the gauging station, the available water resources 

at the Kang Hot Headwork for the years 2014–2018 could be estimated from the simulation 

results database. After the SWAT simulation, several output files are generated, including 

the summary output file (output.std), the HRU output file (output.hru), the subbasin output 

file (output.sub), and the main channel or reach output file (output.rch). The flow rate at the 

Kang Hot headwork could be obtained from the main channel output file in the SWAT 

Output database resulting from the SWAT simulation. The monthly streamflow data is 

located in the Flow_In column in the spreadsheet format of the "output.rch" file. 

Figure 4-15 illustrates the variation in river discharge at Kang Hot headworks from 

2014 to 2018, measured in millions of cubic meters per month (× 106 m3.month-1). The 

availability of water fluctuates significantly over the years and even from one year to the 

next. The peak flows were notably consistent with rainfall patterns. The streamflow 

fluctuated from 2014 to 2017, peaking at around 250 × 106 m3.month-1, and then doubled in 

2018 to approximately 500 × 106 m3.month-1. Low flow consistently occurred almost every 

year during the dry season in April. 
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4.3.3 Irrigation water demands 

The monthly irrigation water demand (in units of × 106 m3.month-1) for a full year of 

rice cultivation in the Kang Hot Project area was estimated from January to December 

using a simplified method described in equation 4.6 and based on the irrigated crop 

calendar outlined in section 4.2.4. It was assumed that the irrigation water demands did not 

undergo significant changes in the irrigation area and cropping patterns during the study 

period. 

Figure 4-16 and Figure 4-17 illustrate the irrigation water demand (× 106 m3.month-1) 

for the right and left main canals from January to December. The irrigation season in the 

project area spanned from April to late November, with the highest irrigation demand 

occurring in May, June, and September to November, reaching a maximum of 

approximately 60 × 106 m3.month-1 and 15 × 106 m3.month-1 for the right and left main 

canals, respectively. The monthly average water demand was around 35 × 106 m3∙month-1 
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Figure 4-15 Streamflow at the Kang Hot headwork. 
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and 10 × 106 m3.month-1 for the right and left main canals, respectively. Water demand 

sharply decreased from May  
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Figure 4-16 Irrigation water (IW) demand at the right main canal of Kang Hot project area 

              Figure 4-17 Irrigation water (IW) demand at the left main canal of Kang Hot project area 
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to July, with a two-fold difference in the right and left main canals, and then notably 

increased from July to September, remaining stable until November of that year. Water 

consumption between December and March was minimal due to a limited area being 

cultivated in the irrigation project area. 

4.3.4 Actual canal water supply 

The continuous canal discharge at the right and left main canals from June 2018 to 

October 2019 was estimated based on the equations of the H-Q curve, which represents the 

relationship between discharge and water level. Monthly average discharge was computed 

using equations 4.4 and 4.5 and observed near the headwork along the right and left main 

canals (see Figure 4-18 and Figure 4-19).  

In 2018, the average monthly maximum volume of irrigation water supply at the right 

main canal was approximately 57 × 106 m3.month-1 and decreased to 40 × 106 m3.month-1 in 

2019 (see Figure 4-18), occurring in June and August respectively. At the left main canal, 

the average monthly maximum supply volume was around 5 × 106 m3.month-1 in June 2018, 

increasing to 17 × 106 m3.month-1 in August 2019 (see Figure 4-19). This opposite trend 

was due to flood damage to the left main canal during the study period. During the field 

survey, we observed significant damage to the primary canal resulting from substantial 

discharge during the wet season. Consequently, this impairment led to a disruption in the 

water supply to the sub-canals and continued to the rice fields. 

The water supply volume decreased significantly from June 2018 to May 2019, 

reaching 0.2 × 106 m3.month-1. However, there was a sharp increase in the water supply on 

both the right and left main canals in 2019 from May to August, reaching 40 × 106 

m3.month-1 and 18 × 106 m3.month-1, respectively. The highest irrigation water supply was 

observed in August, mainly due to excess diversion at the headwork into the canal system 

caused by rainfall. Conversely, the minimum water supply was observed in April and May, 

attributed to high monthly evaporation demand, low stream water, and less rainfall, which 

coincided with the beginning of rice farming. This indicates a temporal and spatial variation 

in seasonal irrigation water supply volume. 
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                                Figure 4-19 Actual volume of water supply at the left main canal 

                                Figure 4-18 Actual volume of water supply at the right main canal 
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4.3.5 Analysis of balance between available stream water and IW demand 

To evaluate the excess and deficiency of irrigation water from the Sangker River at the 

Kang Hot headwork point, Figure 4-20 shows the monthly averages of available stream 

water and IW demand at the headwork, and Figure 4-21 shows the observed deficit rate for 

the 5-year study period (2014–2018). The results show that the availability of stream water 

varies over a year and from 1 year to the next. Regarding the irrigation area and cropping 

patterns in the Kang Hot Project area during this study period, they were supposed that the 

IW demands did not change much. If the water shortage was less than 10–20% of the 

monthly requirement, the production losses are not very serious (Brouwer et al., 1992). The 

water balance calculation in Figure 4-21 indicates that water deficit always occurred during 

the April–May dry season every year from 2014 to 2017, with shortage rates of 50–99% of 

monthly requirements. In the dry year of 2015, the area faced five months of subsequent 

water scarcity (with deficiency rates of 30–99%). The stream water was surplus each year 

in the July–November wet season. In 2018, heavy rainfall increased the streamflow volume 

meaning that the stream water could meet the IW demand in a given area for the whole year. 
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   Figure 4-20 Balance of available stream water and IW demand at the Kang Hot headwork. 
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4.3.6 Evaluation of Actual Irrigation Water Use 

The comparison between the actual volume of the canal discharge and the irrigation 

water demand is shown in Figure 4-22 and Figure 4-23 for the right and left main canals, 

respectively, as monthly averages from June 2018 to October 2019. Figure 4-24 shows the 

water shortage rate each month for both main canals. 

The results for the actual water supply and demand balance for the right main canal 

(Figure 4-22) show a maximum supplied water volume of around 57 × 106 m3.month-1 in 

2018, decreasing to 40 × 106 m3.month-1 in 2019. Meanwhile, the highest irrigation water 

demand was approximately 60 × 106 m3.month-1, corresponding to the extreme lack of 

water in 2019. As shown in Figure 4-24, large water shortages occurred in both 2018 (70–

78% from September to November) and 2019 (over 77% from April to June). In those two 

years, the water supply was always less than the water demand in September and October, 

with the shortage rate exceeding 50%. However, the irrigation water demands every July 

and August during this study period were met. Overall, we conclude that the right main 

canal can supply around 59% of the required monthly irrigation water. 
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     Figure 4-21 Monthly water deficit rate at Kang Hot headwork. 
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Figure 4-23 shows that the maximum supplied water volume by the left main canal was 

around 5 × 106 m3.month-1 in 2018, increasing to 17 × 106 m3.month-1 in 2019. Meanwhile, 

the maximum water demand was around 16 × 106 m3.month-1. Similar to the right main 
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     Figure 4-22 Actual irrigation water (IW) in the right main canal 
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canal, water was also scarce in September and October for those two years, with shortage 

rates of 56–74% (Figure 4-24). Figure 4-24 also shows that water deficiency occurred 

between June and November, with 50–78% in 2018 and over 80% from April to June 2019. 

By 2018, the water supply in July and August was inadequate, with a shortage rate of 

around 51%. However, compared to that in 2019, it increased to 7 × 106 m3.month-1 and 12 

× 106 m3.month-1, thereby meeting the water demands of those two months. The water 

volume of the left main canal can supply only 48% of the requirement. 

 

 

4.3.7 Cropping pattern (CP) 

In the irrigation project area, the predominant cropping patterns were direct sowing-

early wet season (CP-C), transplanting-wet season rice (CP-B), and direct sowing-wet 

season rice (CP-E). An analysis was conducted to address water deficiency by adjusting the 

existing cropping pattern in line with available irrigation water. CP-C, covering 40% of the 

irrigation area (21,280 ha) and cultivated from April to late July, was found to face water 

shortage issues during this period based on water balance analysis. Furthermore, the 

irrigation water requirement results indicated higher water consumption for CP-C compared 

to CP-B. CP-E also required a significant amount of water for growth. The distribution of 
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rice cultivation methods in their fields was adjusted. The proportion of direct sowing-early-

wet-season rice decreased from 40% to 10%, while the proportion of transplanting-wet-

season rice was raised from 60% to 80%. Additionally, the proportion of direct sowing-wet-

season rice increased from 10% to 20% of their total cultivated area (see Figure 4-25). The 

results of this analysis show that the water shortage rate was reduced from 20 to 100% 

between April and May (2014–2017), which is at the beginning of the irrigation season 

(Figure 4-26). 
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Figure 4-25 Adjustment of rice cropping patterns in percentage of physical area: current  

cropping patterns (a), and adjusted cropping patterns (b). 
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4.4 Conclusion 

The results of this study show that SWAT performed well in predicting the streamflow 

by providing good agreement between the observed and simulated monthly flow, which is 

based on the statistics of NSE = 0.58/RSR=0.64 and NSE = 0.69/RSR=0.55 in the 

calibration and validation periods, respectively. With such good performance, SWAT can be 

used to estimate the river discharge at the Kang Hot headwork point as needed. 

The balance between the available volume of stream water and the irrigation water 

demand at the Kang Hot headwork indicates that the water shortage rate was 50–99% of the 

monthly requirement, which occurred mainly from April to June between 2014 and 2017, 

and the excess water was in August–November. This excess water should be retained for 

utilization in the dry months. Fortunately, in 2018 the river flow was abundant due to heavy 

rainfall. Revising the current cropping-pattern calendar, the water deficits could be 

diminished from 20 to 100% of the monthly shortage rate in those shortfall months.     
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       Figure 4-26 Water balance at Kang Hot headwork after cropping patterns change. 
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The actual IW use during the study period was 52% and 41%, respectively, and there 

was a lack of water in the left and right main canals. Also, water deficits occurred in 

September and October in 2018 and 2019. 

The results of this study will be useful for policymakers and field technicians in 

irrigation planning, developing and managing the water resources in the river basin, and 

ensuring the sustainability of agricultural development. 

4.5 Recommendation 

The findings of this chapter indicate that nearly half of the irrigation project areas are 

experiencing water shortages, which may lead to significant challenges for water users in 

the community. To address this issue, the following optimal approaches are recommended: 

- Introduce new paddy rice varieties that are resilient to climate change, require less 

water, and have shorter growth cycles. Additionally, transitioning from traditional long-

duration rice varieties to medium-duration ones would be beneficial. 

- It is essential to consult with the hydrologist to obtain information on available 

water resources in the river. This information can be utilized for future irrigation planning 

and consideration. 

- Implement an effective water distribution plan for the irrigation system and 

introduce water-saving techniques. 

- Considering the importance of groundwater as an alternative water source, farmers 

can pump groundwater for irrigation when canal water is not available. 

- Enhance the functionality of the Farmer Water User Community (FWUC) by 

recruiting additional staff and providing them with the necessary training to ensure the 

efficient operation of such a large-scale irrigation system. 
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5.1 Introduction  

Land use/land cover has been considered the main factor in changing the hydrological 

cycle since it directly influences evapotranspiration and soil moisture contents (Gupta et al., 

2015). In this regard, significant land use changes in Battambang Province (Cambodia) 

have been recently reported. For example, previous research (Sourn et al., 2021) found a 

considerable increase in agricultural land, with a dramatic decrease in forest cover between 

1998 and 2018. These changes were driven by population growth, economic growth, 

landmine clearance projects, and social and economic land concessions (SLCs and ELCs, 

respectively). Based on the Cambodia Land Law of 2001 (Open Development Cambodia), 

the term SLC refers to the social purpose of allowing beneficiaries to build residential 

constructions and/or cultivate land belonging to the state for their subsistence. As for the 

term ELC, it refers to the economic purpose of allowing beneficiaries to clear the land for 

industrial and agricultural exploitation. 

Understanding land use change has become an increasing matter of interest and 

concern among landscape planners and environmentalists because it influences the global 

environment (Subedi et al., 2013). In fact, land use/land cover mapping derived from 

remotely sensed data has long been an area of focus for many researchers (Civco et al., 

2002; Araya and Cabral, 2010). Meanwhile, recent advancements in geographic 

information systems (GIS) and remote sensing tools/methods have enabled researchers to 

effectively model land use change (Araya and Cabral, 2010). 

In general, modeling land use dynamics is a complex process (Subedi et al., 2013), 

due to factors such as natural settings, society, economics, culture, politics, and legal 

aspects (Lambin, 1997). Various models for land use simulation and prediction have been 

used in GIS such as statistic, dynamic, and machine learning modeling (Aburas et al., 2019). 

Based on historical spatio-temporal data, the cellular automata (CA)-Markov module in 

IDIRISI software was first used in this study to simulate and predict future land use change, 

due to its widespread use by scholars to understand landscape change at the global level 

(Wang et al., 2021). It was also used to analyze the related effects and natural resource 
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management strategies (Brown et al., 2000). However, this model did not consider land use 

policies and socio-economic factors (Subedi et al., 2013).  

No previous study has attempted to simulate and predict the future change of 

landscape in this study area. Therefore, the present study in Chapter 5 aims to detect land 

use and land cover change and examine the SLCs, ELCs, and potential areas for forest 

communities according to the local government’s 2030 master plan (Open Development 

Cambodia). The primary objective is to integrate the CA-Markov model and GIS-based 

spatial analyst tools to enhance the predictive land-use change map. 

5.2 Materials and Methods  

5.2.1 Study area  

The study focused on the upper Sangker River basin, situated in Battambang Province 

(the largest agricultural area in Cambodia), with a total drainage area of 3,062 km2 (Figure 

3-1). The elevation ranges from 13 to 1,400 meters above sea level. Based on Mekong 

River Commission (MRC) land use data in 2010, 53.13% of land use within this basin was 

covered by forest, followed by agriculture at 44.41%, built-up land at 2.03%, and water 

bodies at 0.44%. More than one million people live in this province, with an annual 

population growth rate of 2.28% (Hagenlocher et al., 2016). Meanwhile, human activities 

have been affected in this watershed by landmine clearance, explosive remnants of war 

projects, and land concessions (Sourn et al., 2021). See Chapter 3, Sections 3.1 and 3.3 for 

more details. 

5.2.2 Image classification  

Image classification is the process of assigning pixels or the basic units of an image to 

classes (Perumal and Bhaskaran, 2010). Remote sensing in collaboration with geographic 

information systems (GIS) has been widely used for land use classification (Castelluccio et 

al., 2015; Moody and Mathur, 2004) and land development (Yeh and Li, 1999). 

Considering the subtle different categories for classifying imagery, two common 
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approaches such as unsupervised classification and supervised classification technique are 

presented.    

5.2.2.1 Field survey 

Field surveys were conducted to better understand the different types of land cover in 

the catchment area. Due to various field conditions, not all locations could be surveyed. 

Approximately 150 ground reference points were collected during the field surveys to 

verify the image with land use or land cover type.  

Based on the land use features from the Mekong River Commission (MRC) for the year 

2010, the land use and land cover inside the catchment area were classified into eight 

categories: evergreen forest, deciduous forest, shrublands, burned areas, farmlands, paddy 

rice, urban areas, and water bodies. The characteristics of each land cover type in the upper 

Sangker catchment were described using the land cover information catalog of the Lower 

Mekong Basin (Kityuttachai et al., 2016). The descriptions are as follows: 

1. Evergreen Forest: Dominated by broadleaved, evergreen tree species. 

2. Deciduous Forest: Characteristic of areas in the tropics affected by periodic drought, 

resulting in a largely deciduous forest canopy. 

3. Shrublands: Characterized by vegetation-dominated shrubs and bushes. 

4. Burned Area: Characterized by deposits of charcoal and ash, removal of vegetation, 

and alteration of vegetation structures due to slash-and-burn agriculture. 

5. Annual Crops: A broad variety of crops grown yearly, with different growth cycles 

and the possibility of crop rotation. 

6. Paddy Rice: Mainly rainfed and irrigated rice fields with three main growth stages: 

vegetative, and reproductive ripening phases. 

7. Urban Area: Characterized by high or low human population density and vast 

artificial structures, with highly sealed surfaces (e.g., buildings, houses). 
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8. Water Body: Any significant accumulation of surface water, including lakes, rivers, 

streams, reservoirs, and canals. 

5.2.2.2 Satellite imagery and input data 

Image classification for land use and land cover (LULC) change detection in the upper 

Sangker was analyzed using satellite imagery. Freely available Landsat 8 (Path 127–128, 

Row 51) images in 2014, 2018, and 2022 for the study area were acquired from the U.S. 

Geological Survey (https://earthexplorer.usgs.gov/). This freely available data has a ground 

resolution of 30 meters. Landsat imageries were downloaded for dry season selection 

because of a clear sky period in which the lowest and no cloud cover existed. The Landsat 

images were mosaicked and composited using Bands 1–7 and projected to Universal 

Transverse Mercator (UTM), with a datum of the World Geodetic System 84 (WGS84) in 

Cambodia zone 48N using ArcGIS. 

5.2.2.3 Image Classification Technique  

In this research, supervised classification was utilized due to the availability of data in 

the study area and our prior knowledge of it. The Maximum Likelihood algorithm was 

employed for this purpose. Maximum likelihood classification is a widely used supervised 

classification technique with satellite image data and was the first rigorous algorithm to be 

widely adopted (Otukei and Blaschke, 2010; Ahmand and Quegan, 2012; Taati et al., 2015). 

As per Eastman (2012), the supervised classification technique involves the following 

phases: 

- Creating a "training site" that represents the location of each identifiable cover type in 

the image. 

- Digitizing polygons around each training site and assigning a unique identifier to each 

cover type. 

- Analyzing the pixels within the training sites and creating spectral signatures for each 

cover type. 
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- Classifying the entire image by examining each pixel individually and comparing its 

signature with each of the known signatures. 

Given our prior knowledge of the Sangker River basin, the images were subjected to 

hard supervised classification using the popular maximum likelihood algorithm based on 

signature files (Rawat and Kumar, 2015). A signature was created by using the on-screen 

digitizing feature to generate 5–12 vector files of the training site for each class according 

to the user's knowledge. Based on the MRC land use in 2010 and satellite imagery, land 

cover was identified, while land use was aggregated into five main classes: forest cover, 

farmlands, paddy fields, water bodies, and built-up areas. 

5.2.2.4 Statistical Performance Evaluation  

Accuracy assessment is an integral part of any classification process. The most common 

way to assess the accuracy of a classified map is to create a set of random points from the 

ground truth data and compare that to the classified data in a confusion matrix. The 

confusion matrix provides the basis for both describing classification accuracy and 

characterizing errors, which may help refine the classification or estimates derived from it 

(Foody, 2002). 

1). Confusion matrix: involves producer accuracy, user accuracy, and overall 

accuracy (Jog and Dixit, 2016) and those defined as following: 

      - Producer accuracy: Any classification scheme can be checked for accuracy using 

producer accuracy. It represents the percentage of a correctly classified ground class. 

Users Accuracy =
Number of Correctly Classified Pixels in each Category

Total number of Classified Pixels in that Category (The Row Total)
× 100       (5.1) 

- User Accuracy: The performance of accuracy of classification results is represented 

by user accuracy. 

Producer Accuracy =
Number of Correctly Classified Pixels in each Category

Total number of Reference Pixels in that Category (The Column Total)
× 100      (5.2) 

- Overall accuracy: a measure of the overall behavior of the classifier is given by 

overall accuracy. It combines user and producer accuracy for a complete image. Overall 

accuracy represents the total percentage of correctly classified pixels. 
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Overall Accuracy =
Total Number of Correctly Classified Pixels (Diagonal)

Total Number of References Pixels
× 100           (5.3) 

2). Kappa statistics: Represented by the Kappa coefficient is measured of agreement 

or classified image accuracy, which ranges from zero to one. The statistical value 

confirms that classifier performance is good. Kappa coefficients can be defined as 

the equation below: 

Kappa Coefficient(T) =
(TS×TCS)−∑(Column Total×Row Total)

TS2−∑(Column Total×Row Total)
× 100                     (5.4) 

where TS represents the total sample and TCS represents the total corrected sample. 

In this study, stratified randoms of more than 500 points were created for each image 

using the Create Accuracy Assessment Points tool in ArcGIS. They were then manually 

checked and compared using existing land use, the Google Earth Engine, and field survey 

information as reference data. 

5.2.3  Projection of land use change  

Predicting the future LULC changes is crucial for hydrologists, environmentalists, and 

water policymakers to make appropriate decision policies for future development and 

sustainability (Sankarrao et al., 2021). 

5.2.3.1 Input data and processes  

To better understand of land use change analysis, land use was simply aggregated into 

five major classes: forest cover, farmlands, paddy fields, water bodies, and built-up areas 

(Table 5-1). Reclassified 2014, 2018, and 2022 images were imported as raster datasets. 

The datasets were converted to ASCII using geographic information system (GIS), then 

imported into IDIRISI software for land use simulation and prediction. First, land use 

simulations for 2022 and 2030 were performed with the CA-Markov model (Eastman, 

2012) by inputting suitability maps, transition areas, and a transition probability matrix, all 

computed from the Markov chain analysis of the 2014 and 2018 images. Second, the 2018 

image was set as the base map. Third, the VALIDATE module was used to assess the 

model’s validity, which was confirmed by the statistical Kappa Index of Agreement (KIA). 
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Fourth, the predicted land use in 2030 was generated using the projected transition 

probability matrix derived from simple powering of the base matrix (Takada et al., 2010). 

Finally, according to the presence of a future land use policy, another land use map was 

created by overlaying the development areas onto the predicted land use map in 2030. 

Table 5-1 Description of the simplified LULC classification 

No Simplified LULC classes Description 

1 Forest cover Forest and natural area 

2 Farmlands Agricultural area not included in paddy fields 

3 Built-up area Residential/commercial/industrial/public facilities 

4 Paddy fields Paddy rice fields 

5 Water bodies River, reservoir, lake, and small stream 

 

5.2.3.2 Suitability image s 

The concept of predictive land use suitability pertains to the suitability of a specific 

area for a particular land use (Eastman and Toledano, 2018). Typically, suitability images 

are created using multi-criteria evaluation, a widely used method for assessing and 

combining various "constraint and factor" criteria. Constraints are typically depicted as a 

Boolean image (0&1), while factors determine the degree of suitability for all geographical 

areas. In this analysis, water bodies and residential areas were supposed as the constraints 

to the development of farmland, forest cover, and paddy fields. Whereas, the built-up land 

was considered to be constrained by water bodies. In this research, the factors were 

developed empirically by analyzing the underlying dynamics of land use change between 

2014 and 2018. Furthermore, multiple factors, such as proximity to roads, water bodies, 

canals, and existing land use, were generated and standardized on a continuous scale from 0 

(least suitable) to 255 (most suitable) using a fuzzy module. The factors for each land use 

category were then combined using pairwise comparison in conjunction with the analytical 

hierarchy process (AHP) method within the weighted linear combination (WLC). In the 

AHP structure, the weight of each level amounts to 1 where such weights are the procedure 

of a pairwise comparison matrix developed by Saaty (1997) in the context of a decision-

making process. In this process, each factor is rated for its importance relative to every 

other factor using a 9-point reciprocal scale (i.e. if 7 represents substantially more 
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important, 1/7 would indicate substantially less important) (see Table 5-2). The criterion 

factor weight for the land use classes in the study area, such as forest cover, farmlands, 

built-up land, and paddy fields are presented in Table 5-3, Table 5-4,  

Table 5-5, and Table 5-6, respectively. 

Table 5-2 The 9-point rating scale for weight determination. 

1/9 1/7 1/5 1/3 1 3 5 7 9 
extremely very strongly moderately equally moderately strongly very extremely 

 

With WLC, factors are combined by applying a weight to each followed by a 

summation of the results to yield a suitability map defined as in equation 5.5 (Eastman, 

2012). 

𝑆 = ∑𝑤𝑖𝑥𝑖              (5.5) 

where 𝑆 = suitability, 𝑤𝑖= weight to factor i, 𝑥𝑖= criterion score to factor i. 

For further details on the Markov and CA-Markov models, please refer to the 

following references (Subedi et al., 2013; Wang et al., 2021; Eastman, 2012; Hamad et al., 

2018). The suitability and factor images utilized as input in the CA-Markov change 

prediction model are illustrated in Figure 5-1. 

Table 5-3 The pairwise comparison procedure for the derivation of factor weights for forest 

cover. 

 Existing forest cover Proximity to road DEM Slop gradient 

Existing forest cover 1    

Proximity to road 1/5 1   

DEM 1/7 2 1  

Slop gradient 1/9 1 1/2 1 

Factor Derived weight 

Forest cover 0.6900 

Proximity to road 0.0921 

DEM 0.1409 

Slop gradient 0.0771 
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Table 5-4 The pairwise comparison procedure for the derivation of factor weights for 

farmlands. 

 Proximity to road Existing farmland Proximity to water Slop gradient 

Proximity to road 1    

Existing farmland 9 1   

Proximity to water 2 1/9 1  

Slop gradient 2 1/7 2 1 

Factor Derived weight 

Proximity to road 0.0610 

Farmland 0.7233 

Proximity to water 0.0865 

Slop gradient 0.1291 

 

Table 5-5 The pairwise comparison procedure for the derivation of factor weights for the 

built-up land. 

 Residential area Proximity to road Slop gradient 

Residential area 1   

Proximity to road 1/7 1  

Slop gradient 1/9 1/3 1 

Factor Derived weight 

Residential area 0.7854 

Proximity to road 0.1488 

Slop gradient 0.0658 

 

Table 5-6 The pairwise comparison procedure for the derivation of factor weights for 

paddy fields. 

 Existing rice field Proximity to canal DEM Slop gradient 

Existing rice field 1    

Proximity to canal 1/3 1   

DEM 1/5 1/2 1  

Slop gradient 1/3 1/3 1/2 1 

Factor Derived weight 

Existing rice field 0.5290 

Proximity to canal 0.2355   

DEM 0.1341 

Slop gradient 0.1013 
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5.2.3.3 Markov chain analysis  

The Markov model is a convenient tool for simulating land use/land cover change 

when variations in the landscape are difficult to describe (Kumar et al., 2014). Specifically, 

it depicts land use/land cover change from one period to another and uses it to predict 

future changes. Markov chain analyzes a pair of land cover images and outputs a transition 

probability matrix and a transition areas matrix are presented in text files. The transition 

probability matrix records the probability that each land cover category will change to 

every other category. The transition area matrix records the number of pixels expected to 

change from each land cover type to each other over the specified number of time units. 

The expression of Markov chain analysis is represented as: S(t + 1) = 𝑃𝑖𝑗 × S(t) 

Where, S(t) is the system status at the time of t, S(t+1) stands for the system status at the 

time of t+1 (Wang et al., 2021, Tadese et al., 2021). Converting one state into another state 

of a system is called state transition. If P is transition probability, namely the probability of 

converting the current state to another state next time (Kumar et al., 2014), and can be 

defined as the expression below: 

       𝑃 = 𝑃𝑖𝑗 =

[
 
 
 
 
𝑃11 𝑃12 ⋯ 𝑃1𝑚

𝑃21 𝑃22 … 𝑃2𝑚

⋮ ⋮ ⋱ ⋮
⋮ ⋮ ⋱ ⋮

𝑃𝑚1 𝑃𝑚2 ⋯ 𝑃𝑚𝑚]
 
 
 
 

                                                                (5.6) 

where P represents the probability from state i to state j. 
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(a) 

 

(b) 

(c) (d) 

(e) 

Figure 5-1 The suitability images for the upper Sangker River basin: forest cover (a) 

, farmlands (b), paddy fields (c), water bodies (d), and built-up land (e). 

(d) 

(e) 
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The development of a transition probability matrix of land use change from time one to 

time two presents the nature of changes. It is still serving as the basis for projecting to a 

later period (Takada et al., 2010). Table 5-7 is the transition probability matrix which 

presents the probability of conversions of land use from one class to another for the 2014–

2018 study period. Table 5-8 is the transition area matrix representing the areal extent of 

change within each land use class from 2014 to 2018. 

Table 5-7 Transition probabilities matrix for years 2014 to 2018 

Land use classes Forest cover Farmlands Built-up land Paddy fields Water bodies 

  Forest cover 0.7435 0.2510 0.0005 0.0005 0.0045 

  Farmlands 0.1557 0.7503 0.0162 0.0549 0.0229 

  Built-up land 0.0014 0.2035 0.7666 0.0251 0.0034 

  Paddy fields 0.0225 0.2921 0.0003 0.6851 0.0000 

  Water bodies 0.0710 0.1909 0.0140 0.0019 0.7222 

 

Table 5-8 Transition area matrix for years 2014 to 2018 

Land use classes Forest cover Farmlands Built-up land Paddy fields Water bodies 

  Forest cover 983,902 332,170 635 720 5,912 

  Farmlands 281,587 1,357,053 29,344 99,221 41,385 

  Built-up land 55 7,800 29,378 961 130 

  Paddy fields 4,454 57,876 57 135,727 0 

  Water bodies 2,322 6,245 459 61 23,621 

 

5.2.3.4 CA-Markov model  

The CA-Markov model, as described by Eastman and Toledano in 2018, integrates 

cellular automata-Markov chain and multi-criteria/objective procedures for predicting land 

use/land cover. This model governs the temporal dynamics of different land covers through 

transition probability using the Markov chain. Space dynamics is controlled through local 

principles using the CA mechanism and according to the state of the vicinity and the 

transition probability of each land use (Azizi et al., 2016). The CA-Markov model allocates 

land based on the suitability of the land for end covers (along with a cellular automaton 

rule) to promote spatial contiguity (Eastman and Toledano, 2018). In addition, by using the 

Markov chain analysis outputs, especially the transition area file, the CA-Markov model 
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applies a contiguity filter to grow land use from one time to a later time. A contiguity filter 

of a kernel size of 5*5 pixels was applied based on suitability images to define 

neighborhoods of each cell of land use class. In this study, the filter used for analysis was: 

0 0 1 0 0
0 1 1 1 0
1 1 1 1 1
0 1 1 1 0
0 0 1 0 0

 

The filter is integral to the action of the CA component to downweight the suitability of 

pixels that are distant from existing instances of the land cover type under consideration 

(Surabuddin Mondal et al., 2013; Kumar et al., 2016). 

5.2.3.5 Evaluation of model performance  

An important stage in the development of any predictive change model is validation. 

VALIDATE module in IDIRISI, provides a comparative analysis based on the Kappa Index 

of Agreement. Kappa is essentially a statement of proportional accuracy, adjusted for 

chance agreement. Based on Pontius (2000), the Kappa indexes are defined as follows: 

 

Kstandard =  
𝑃𝑜−𝑀𝑄𝑁𝐿

1−𝑀𝑄𝑁𝐿
                                                                      (5.7) 

Kno =  
𝑃𝑜−𝑁𝑄𝑁𝐿

1−𝑁𝑄𝑁𝐿
                                                                       (5.8) 

Klocation =  
𝑃𝑜−𝑀𝑄𝑁𝐿

𝑀𝑄𝑃𝐿−𝑀𝑄𝑁𝐿
                                                                      (5.9) 

Kquantity =  
𝑃𝑜−𝑁𝑄𝑀𝐿

𝑃𝑄𝑀𝐿−𝑁𝑄𝑀𝐿
                                                                               (5.10) 

where 𝑃𝑜 is the observed proportion correct; 𝑀𝑄𝑁𝐿, 𝑁𝑄𝑁𝐿 and 𝑁𝑄𝑀𝐿 are the expected 

proportion due to changes; and 𝑀𝑄𝑃𝐿  and 𝑃𝑄𝑀𝐿  are the proportions correct when the 

classification is perfect. 
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5.3 Results and Discussion  

5.3.1 Classification Accuracy Assessment  

The three land cover maps from Landsat-8 imageries in 2014, 2018, and 2022 were 

generated using the Maximum likelihood algorithm (Figure 5-2, Figure 5-3, and Figure 

5-4). Maximum likelihood classification is a commonly used supervised classification 

technique with remote sensing image data (Richards and Richards, 2022). It was the first 

rigorous algorithm to be widely employed. The classified images of each land cover map 

were compared with reference data to assess accuracy. The significance of land cover and 

the ability to predict the effects of land cover change are hindered by the lack of accurate 

land cover data (Foody, 2002). Foody (2008) noted that the 85% target accuracy for image 

classification is often used without thorough consideration of its appropriateness, simply 

due to historical tradition. This target is sometimes stated without clear justification or 

supporting evidence from the literature. The accuracy of the images for the years 2014, 

2018, and 2022 was examined. The accuracy assessment of LULC (Land Use and Land 

Cover) maps, including overall accuracy and Kappa values, was conducted using the 

confusion matrix, and the Kappa coefficients were presented in Table 5-9. Overall, the 

accuracy values were high, with all values exceeding 95%, and the kappa coefficient 

ranged from 0.92 to 0.95. 

Table 5-9 Summary of the accuracy assessment value for image classification 

Year Overall accuracy Kappa coefficient 

LULC2022 95.06 0.92 

LULC2018 95.40 0.94 

LULC2014 96.00 0.95 

 

5.3.2 Land use and land cover analysis  

The land use/land cover (LU/LC) maps for 2014, 2018, and 2022 were derived from 

Lansat-8 satellite images and are presented in Figure 5-2, Figure 5-3, and Figure 5-4, 

respectively. This study focused on five land use classes: forest cover, farmlands, paddy 
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fields, built-up areas, and water bodies, to better understand the impact of land use change 

on hydrology, as discussed in Chapter 6. 

A comprehensive analysis of land use change from 2014 to 2018 revealed that forest 

cover and farmlands were the dominant land uses within the river basin. It was observed 

that forest cover and farmlands decreased by approximately 1.00% and 0.27%, accounting 

for around 3083 and 835 hectares, respectively. During this period, there was a notable 

increase of 0.6% in water bodies, equivalent to 1862 hectares, as depicted in Figure 5-3. 

This increase was attributed to the construction of a new dam, namely the Battambang 

multipurpose dam. Analyzing the land use and land cover change from 2018 to 2022, it was 

found that there was a significant decline of approximately 3.07% in forest cover, 

equivalent to 9413 hectares. This continued deforestation is primarily driven by factors, 

such as agricultural land expansion due to population growth, land concessions, and land- 

 

Figure 5-2 The classified land use in 2014 in the upper Sangker River basin. 
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Figure 5-3 The classified land use in 2018 in the upper Sangker River basin. 

 

Figure 5-4 The classified land use in 2022 in the upper Sangker river basin. 
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mine clearance projects. On the other hand, there was an increase of about 2.32% (7098 

hectares) in farmlands, despite the loss of forest cover. 

5.3.3 Assessment of CA-Markov model performance  

The study utilized land use data obtained from satellite imagery to characterize and 

forecast changes in land use and land cover. Specifically, two land use maps for the upper 

Sangker River basin in the years 2014 and 2018 were employed to create the 2022 land use 

map for the calibration of the CA-Markov model. Subsequently, the land use map generated 

by the CA-Markov model for 2022 underwent comparison with the observed 2022 land use 

map to ascertain the model's validity. Validation of the model is an essential pre-condition 

for research that predicts land use/land cover changes (Wang et al., 2021). Based on Figure 

5-5, the actual and predicted land uses in 2022 are mostly similar, except for the forest 

cover class, which can be attributed to the map accuracy during image classification. Also, 

the model seems to have overestimated the amount of forest cover. The VALIDATE tool 

calculates specialized Kappa measures that distinguish between quantity and location errors 

in two qualitative maps. A Kappa value of 1 indicates perfect agreement, while a value of 0 

indicates agreement equal to random chance. 

The statistics derived from the VALIDATE module in IDIRISI software show that the 

Kappas for no information (Kno = 0.9407), for location (Klocation = 0.9418), for quantity 

(Kquantity = 0.9418), and for standard (Kstandard = 0.9145) (Table 5-10). The value of all 

kappa indices was larger than 0.90. According to Wang et al (2021), thus, the model was 

deemed valid and reliable for land use change projection. 

Table 5-10 Kappa Index of Agreement to specify accurately quantity and location to predict 

land use map in 2022. 

Statistics Indices 

Kno 0.9407 

Klocation 0.9418 

Kquantity 0.9418 

Kstandard 0.9145 
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Figure 5-5 The comparison of the actual (a) and predicted (b) land use maps in 2022. 

(a) 

(b) 
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5.3.4 Prediction of future LULC of the upper Sangker river basin 

The results of land use prediction maps for 2030 in the upper Sangker River basin 

employing the CA-Markov model are shown in Figure 5-6a and Figure 5-6b. Specifically, 

the model scenario without a land use policy (see Figure 5-6a) predicted that the farmlands 

would cover 52.12% of the total area of the upper Sangker River basin, followed by forest 

cover (38.42%), paddy fields (6.69%), built-up land (1.82%), and water bodies (0.95%) 

(Table 5-11). Additionally, forest cover and farmlands are expected to decrease in the area 

by 2030, compared to the land use in 2022 (Table 5-11). However, this decrease will 

contribute to an increase in built-up land by 0.22%. It should be noted that the decline of 

forest cover in the study area has been observed over the past few decades. According to 

previous research (Sourn et al., 2021), deforestation was observed from 1998 to 2013. Up 

to 2018, forest cover was mostly stable in mountainous areas, especially naturally protected 

areas such as the Phnom Samkos Wildlife Sanctuary and the Samlot Multiple Use Area. 

The expansion of agricultural land in the upper Sangker River basin will most likely reach 

these protected areas, reflecting the minor decline in forest cover predicted by the model. 

With the land use development policy, the land use map in 2030 was achieved (see 

Figure 5-6b). If land use planning succeeds, then the positive impact on the natural forest 

cover in this basin can be seen in an increase in reforestation by 2030. In this case, our 

predicted land use shows that forest cover increases by 0.78%, and built-up land of high or 

low population density increases by 0.20% and 100%, respectively (Table 5-11). Moreover, 

forest cover is predicted to increase, even though some areas at most upstream parts of the 

river basin have been offered and allocated under ELCs. Nevertheless, the farmlands and 

paddy fields will decrease by 3.05% and 0.02%, respectively. Field surveys of current land 

use in mountain areas confirm that natural forests, even in protected areas, are being cut 

and burned to expand agricultural land. Therefore, it is predicted that deforestation will 

continue in the absence of effective land use policies. The land use policy here, however, is 

the planning of afforestation for forest communities by local governments. This policy is 

believed to help increase forest cover in the future.  
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Figure 5-6 The predicted land use in 2030: without land use development policy (a); with 

land use development policy (b). 

(a) 

(b) 
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Overall, these decreases and increases result from government policies on land 

allocation. For instance, land use changes from farmlands to built-up areas of low 

population density appear as a new land use class. In this case, the lands were allocated 

under SLCs. Meanwhile, the built-up area’s expansion is expected to increase, due to the 

increase in the number of new marriages and residential development plans. Furthermore, 

paddy fields will slightly decline, while water bodies will remain stable from 2018 to 2030. 

Table 5-11 Predicted land use in 2030 in the upper Sangker river basin  

 Without a land use policy With a land use policy 

Land use 

classes 

LU2022 Predicted LU 2030 Rate of 

changes 

Predicted LU 2030 Rate of 

changes 

Area (ha) Area 

(%) 

Area (ha) Area 

(%) 

(%) Area (ha) Area 

(%) 

(%) 

Forest 

cover 

118132.18 38.61 117678.13 38.42 −0.19 120619.33 39.39 0.78 

Farmlands 159732.80 52.18 159570.39 52.12 −0.06 150436.29 49.14 −3.05 

Built-up 

land (high 

density) 

4914.26 1.61 

 

5579.82 1.82 

 

0.22 

 

5538.65 

 

1.81 

 

0.20 

 

Built-up 

land (low 

density) 

     6386.96 2.09 100.00 

Paddy 

fields 

20360.63 6.65 20477.64 6.69 0.03 20311.63 6.63 −0.02 

Water 

bodies 

2922.47 0.95 2909.35 0.95 0.00 2922.47 0.95 0.00 

Total 306215.34 - 306215.34 - - 306215.34 - - 

 

Based on the guidelines from the Ministry of Land Management, Urban Planning, 

and Construction, 6,386 hectares (built-up land with low population density) of state land in 

the Samlot district of Battambang Province and its shared border with the Koh Krala 

district were converted into SLCs for the poor and for retired soldiers. Specifically, these 

individuals were legally authorized to occupy one hectare of land with one house. This 

project was implemented under the Battambang Provincial Administration. Conversely, 

according to the Sub-degree on Reclassification of State Permanent Forest Reserve and 

Granting of ELCs for agro-industry investment in 2009 (Open Development Cambodia), 

5,200 hectares of ELCs (see Figure 5-6b) in the Samlot district were converted from forest 



108 

 

for development purposes (e.g., rubber plantations). However, we found that this zoning 

area only experienced tree cutting. 

In this study, the objective influences on land use patterns under the local 

government’s land use development plan were successfully predicted by using the CA-

Markov model. This model was effective because the land use planning focused on built-up 

land with low population density and farmland zoning. However, there are still challenges 

in predicting land use change when considering human activities (e.g., commercial and/or 

urban development) and investments in land use development policies. 

5.4 Conclusion  

This study was the first attempt to predict future land use change and the effects of 

government land use planning in the upper Sangker River basin of Cambodia. The 

prediction of land use has become a critical issue due to the uncertainty of land use policies 

and the availability of suitable models. The spatio-temporal land use dynamics through the 

CA-Markov model confirmed that it is a valuable tool for simulating and predicting future 

changes in the landscape. However, the model does not account for unforeseen 

developments that significantly influence land use change, such as land concessions and 

forest communities. Integrating GIS modeling that accounts for socio-economic and policy 

factors could improve the accuracy of land use predictions. It is hoped that our results will 

not only be used to assess the impact of future land use changes on the hydrological 

environment but also be integrated with climate change prediction models to contribute to 

future water demand projections. 
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6 CHAPTER 6 Assessment of the impact of land use and climate change on 

water resources 
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6.1 Introduction  

The rapid economic growth of Cambodia (Michinaka et al., 2013) has led to the 

degradation of forest areas in many regions of the country for agricultural purposes since 

the civil war ended in 1998. This growth has been driven by factors, such as increasing 

food demand due to population growth, hydrological drought, and climate variability. 

Climate change (Estrela et al., 2012; Lu et al., 2019), drought events (Jacobsen et al., 2018; 

Cunha et al., 2019; Yang et al., 2012), and the conversion of forest cover to agricultural or 

other land uses (Breuer et al., 2006; Baker and Miller, 2013) have been the focus of 

numerous studies and documents due to their impact on natural environments and resources, 

particularly concerning food and water security (Godfray et al., 2010). The impacts of 

climate change, competition, increasing water demands for agriculture, and other purposes 

need to be considered when addressing the challenges related to agriculture and water 

resources. 

Battambang province, situated in the western part of Cambodia, is the largest 

agricultural area and the primary rice crop region in the nation, exerting significant pressure 

on water resources through irrigation, water supply, and crop productivity. Recent studies 

have shown that Battambang is more exposed to drought events than other provinces in the 

country (Abhishek et al., 2021) and faces water scarcity in the irrigation water supply in the 

Sangker River basin (Vanna et al., 2020). Additionally, the province has been affected by 

flood and drought due to climate variability between 1994 and 2018 (Sok et al., 2021; Heng 

et al., 2013). Land use and climate are significant factors influencing hydrological 

conditions (Li et al., 2009). With the province being designated as Cambodia’s fourth 

economic pole in 2023, focusing on the rice and fish corridor, new regulations by this 

policy are expected to further strain water resources and ecological systems. Therefore, 

understanding hydrological changes and having information on water resources under the 

changing land use and climate conditions are essential for establishing mechanisms for 

present and future water management. 
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Several methods have been developed to assess the hydrological effects of 

environmental changes. These methods include the paired catchment approach, time-trend 

analysis, and hydrological modeling (Li et al., 2009; Zhang et al., 2018). For more 

information about these methods, please refer to Zhang et al. (2018). 

Using a hydrological model is a common approach to accurately represent and calculate the 

hydrological processes within a watershed. The Soil and Water Assessment Tool (SWAT) is 

a widely used spatially distributed hydrological model (Arnold et al., 1998; Gassman et al., 

2007). It is commonly used to simulate water resources under changing environmental 

conditions, such as climate change or land use and land cover (LULC) changes (Zhang et 

al., 2020; Lin et al., 2015; Bhatta et al., 2019; Narsimlu et al., 2013). 

This study was conducted in the Upper Sangker River basin in Battambang province. 

While detailed studies are needed to understand the available water resources in this basin, 

there is relatively little information available regarding the effects of climate change on 

hydrology in this catchment. Monichoth et al. (2014) applied the Hydro-Crop model to 

assess the possible impacts of climate change on rice production in the Sangker River basin. 

Oeurng et al. (2019) analyzed the entire catchment of the Sangker River using a SWAT 

model to examine the climate change effect on the river flow regime. These studies 

investigated water-related relationships inside the Sangker River basin and the impact of 

climate variation on future hydrological alterations (Oeurng et al., 2019; Monichoth et al., 

2014), but without considering the impacts of land use and land cover changes. 

To address this gap, we applied a semi-distributed SWAT model to gain a better 

understanding of the hydrological processes, taking into account the combined influence of 

land use and climate change projections. The main objective of the present study is to 

explore the influence of interrelation between land cover changes and climate variability on 

water resources. Hence, the specific goals are:  

1) to formulate a distributed hydrological model suitable to simulate the effects of 

land use and climate change.  

2) to assess the combined impacts of projected climate and land use changes on water 
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resources and hydrologic water balance components.  

   3) to evaluate the influence of reforestation under land use planning projects, on 

catchment water resources.  

These objectives are accomplished by simulating the SWAT hydrological model in 

which the observed impacts of LULC from 2002 to 2030 were downloaded and predicted 

Landsat 8 dataset and land use change model, namely Cellular Automata Markov model 

(CA-Markov), then analyzed and incorporated them into the calibrated model. Besides, the 

SWAT model simulation in the baseline period (1986-2001) was then against the bias-

corrected  Global Climate Model-Regional Climate Model (GCM-RCM) of future climate 

data for the scenario period (2030-2045) for obtaining a better understanding of spatio-

temporal climate and land use change effects on hydrologic water balance components and 

river discharge. 

6.2 Methods  

6.2.1 Study area  

The study area in this chapter covers the upper part of the Sangker River basin. See 

Chapter 3, section 3.1, for detailed location site and biophysical characteristics of this basin. 

6.2.2 Input data  

Data scarcity posed a significant challenge for catchment hydrological modeling in 

Cambodia. Due to the long civil war, limited staffing, and a constrained budget, there was 

insufficient data available for hydrological model calibration and validation. This was 

particularly evident in the Sangker River basin, where there was a lack of hydro-

meteorological equipment and resources for operation and maintenance. The longest period 

for which Sangker River water level data was available spanned from 1997. The 

relationship equation between water level and river discharge (rating curve) was established 

in 2001 at the Battambang bridge gauging station, which covers an area of 3,062 km2. 

Monthly observed discharge data from 2007 to 2018 was used in the study. Although there 

are four meteorological stations in the study area, the Veal Bek Chan station (Figure 6-1), 
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operational since 1982, was specifically selected for bias correction of climate model data 

and climate impact analyses. It was assumed to represent the average spatial distribution of 

precipitation in the entire catchment area. As hydrological data for the Sek Sork multi-

purpose dam and Kang Hot headwork were not publicly available, the SWAT model was 

calibrated and validated before dam construction in 2018. Spatial data such as the digital 

elevation model (DEM), land use, and soil maps were also essential inputs for the SWAT 

modeling, as listed in Table 6-1. Climate data for the study was derived from the Southeast 

Asia Climate Downscaling/Coordinated Regional Climate Downscaling Experiment-

Southeast Asia (SEACLID/CORDEX-SEA) project (Tangang et al.,2020; Tangang et 

al.,2019). This data was used to assess the impact of future climate on hydrology. The 

CORDEX-SEA project was developed to enhance the understanding of climate change 

impact (Herrmann et al., 2020) and vulnerability at local and regional scales. Future climate 

projection using CORDEX-SEA had been previously conducted in countries such as 

Malaysia (Tan et al., 2019), Vietnam (Tuyet et al., 2019), Thailand (Tangang et al.,2019), 

and the Philippines (Magnaye et al., 2023). The climate model data used representative 

concentration pathways (RCP) scenarios and covered both historical (1951-2005) and 

future (2006-2099) scenarios, with a spatial resolution of 25 km. As the resolution of the 

climate model data was coarser than the typical catchment scale, downscaling and bias 

correction of the data were necessary (Teutschbein and Seibert., 2010; Trang et al., 2017). 

Land use and land cover (LULC) changes were also considered as influential factors in the 

hydrological analyses. LULC data from 2014 and 2018 were classified using Landsat 8, 

and future land use in 2030 was predicted using the CA-Markov model. The predicted land 

use map in 2030 was analyzed by integrating the provincial government's land use 

development plan. 

Table 6-1 SWAT input data 

Data set Source Scale 

Soil map FAO-UNESCO 30 m 

DEM ASTER GDEM 30 m 

Land use maps JICA 30 m 

Discharge MOWRAM 2007–2018 

Climate MOWRAM 1986–2018 
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 Figure 6-1 Location of Veal Back Chan weather station. 

6.2.3 Climate analysis  

6.2.3.1 Observed and climate model data  

Daily time series of observed rainfall and temperature for the Upper Sangker River 

basin were obtained from the Ministry of Water Resources and Meteorology, Cambodia 

(MOWRAM). Long-term observed records at Veal Back Chan station (Figure 6-1) from 

1986 to 2001 were used as a target dataset for the bias correction methods and as input into 

the baseline hydrological simulation for climate change impact studies. 

Table 6-2 Summary of GCM-RCM model data 

GCM RCM Emission scenario Historical Scenario 

CNRM-CM5 

(CNRM, France 

RCA4 (SMHI, 

Sweden) 

RCP4.5 

RCP8.5 

1986-2001 2030-2045 
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Daily rainfall and temperature data from one GCM-RCM model dataset in the 

CORDEX-SEA project, obtained from the Earth System Grid Federation (ESGF) 

(https://esgf-data.dkrz.de/search/cordex-dkrz/), were used to estimate the climate change 

signal cycle (Table 6-2). A total of 2 GCMs were selected and downscaled using 1 RCM 

with high resolution (25 km × 25 km) for two different emission scenarios, RCP4.5 and 

RCP8.5, based on the model output availability during the analysis period (Table 6-2). 

However, the HadGEM2-RCA4 model was excluded from the study due to its unrealistic 

representation of tropical monsoon climate. After data bias, this model shows heavy rainfall 

present in the dry season whereas low rainfall exhibits in the wet season months. The term 

of RCP8.5 corresponds to the pathway with the highest greenhouse gas emissions, while 

RCP4.5 describes a moderate mitigation pathway (Fix et al., 2018). 

6.2.3.2 Downscaling and bias correction  

The delta change approach was applied in this study at the station site (Figure 6-1) for 

the baseline/historical period 1986-2001 and the scenario period 2030-2045 due to its 

considering a robust method to generate climate scenarios (Bosshard et al., 2011; Graham 

et al., 2007). This method transfers the mean monthly change signal between GCM-RCM 

historical and GCM-RCM scenario periods to an observed time series (Eisner et al., 2012). 

The scenario daily precipitation and air temperature time series in the target weather station 

were given by: 

        𝑃𝐹𝑢𝑡
(𝑑)

= 𝑃𝑂𝑏𝑠
(𝑑)

×
𝑃̅𝐺𝐶𝑀−𝑅𝐶𝑀(𝑚)

𝑃̅𝐻𝑖𝑠𝑡𝑟𝑜𝑖𝑐𝑎𝑙(𝑚)
                                                                                       (6.1) 

        𝑇𝐹𝑢𝑡
(𝑑)

= 𝑇𝑂𝑏𝑠
(𝑑)

+ [  𝑇̅𝐺𝐶𝑀−𝑅𝐶𝑀(𝑚) − 𝑃̅𝐻𝑖𝑠𝑡𝑟𝑜𝑖𝑐𝑎𝑙(𝑚)]                                                    (6.2)  

where,  𝑃𝐹𝑢𝑡
(𝑑)

 and   𝑃𝑂𝑏𝑠
(𝑑)

  represent the future daily and observed precipitation time series 

used as inputs of the hydrological model, respectively. 𝑃̅𝐺𝐶𝑀−𝑅𝐶𝑀(𝑚)  and 𝑃̅𝐻𝑖𝑠𝑡𝑟𝑜𝑖𝑐𝑎𝑙(𝑚) 

are mean monthly GCM-RCM and its historical model output.   𝑇𝐹𝑢𝑡
(𝑑)

  and  𝑇𝑂𝑏𝑠
(𝑑)

  stands for 

the future daily and observed air temperature, respectively. Whereas  𝑇̅𝐺𝐶𝑀−𝑅𝐶𝑀(𝑚) and 

𝑃̅𝐻𝑖𝑠𝑡𝑟𝑜𝑖𝑐𝑎𝑙(𝑚)  are the mean monthly GCM-RCM and its historical model output, 

respectively. 
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6.2.4 Analyses of land use change  

The upper Sangker catchment has undergone significant changes since the end of the civil 

war in 1998 (Sourn et al., 2021). A land use map from 2002 was obtained directly from the 

Japan International Cooperation Agency (JICA) and was used to analyze the land use and 

land cover (LULC) transitions for this study. Additionally, historical land use maps in the 

upper Sangker River basin were classified using Landsat 8 dataset images from 2014, 2018, 

and 2022, obtained from the U.S. Geological Survey (https://earthexplorer.usgs.gov/). 

These datasets were then used in a supervised classification technique to accurately 

represent the land cover characteristics for simulation. The LULCs were classified into five 

categories: forest cover, farmlands, built-up lands, paddy fields, and water (Table 6-3). The 

changes in land cover in the upper Sangker River basin from 2002 to 2022 are shown in 

Figure 6-2. 

Table 6-3 Description of the LULC classification 

LULC Description 

Forest cover Forest and natural area 

Farmlands Agricultural area not included in paddy field 

Built-up lands Residential/commercial/public facilities 

Paddy fields Rice fields 

Water bodies River, reservoir, lake, and small stream 

 

To forecast the LULC map in 2030, we applied the CA-Markov model using land use 

maps in 2014, 2018, and 2022 as input for model simulation and projection. The CA-

Markov model combined Cellular- Automata, Markov chain, multi-criteria, and multi-

objective land allocation to predict land cover change over a specific time (Sang et al., 

2011). Human activities, including landmine clearance, economic land concession, and 

social land concession, were the main factors affected by the dynamic land use change 

(Sourn et al., 2021). For more details on LULC projection analyses in the upper Sangker 

River basin, refer to Chapter 5. Moreover, we also presented the projected land use in 2030, 

considering a combination of simulated land use and a land use development plan from the 

provincial government.  
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(a) (b) 

(c) (d) 

Figure 6-2 Land use and land cover classification for four time steps ranging from 2002 

(a) (JICA), 2014 (b), 2018 (c), and 2022 (d). 
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Table 6-4 Transition of LULC from 2002 to 2030 

LULC  Without a land use policy With a land use policy 

LU2002 Projected LU2030  Projected LU2030  

Area (ha) Area 

(%) 

Area (ha) Area 

(%) 

Rate 

of 

change 

(%) 

Area (ha) Area 

(%) 

Rate 

of 

change 

(%) 

Forest cover 266755.64 87.11 117678.1

3 

38.4

2 

-48.69 120619.3

3 

39.3

9 

0.78 

Farmlands 16717.57336 5.46 159570.3

9 

52.1

2 

46.66 150436.2

9 

49.1

4 

−3.05 

Built-up lands 

(high density) 

359.426692 0.12 5579.82 1.82 1.70 5538.65 1.81 0.2 

Built-up lands 

(low density) 

- - - - - 6386.96 2.09 100 

Paddy fields 21171.92484 6.91 20477.64 6.69 -0.22 20311.63 6.63 −0.02 

Water bodies 1208.777961 0.39 2909.35 0.95 0.56 2922.47 0.95 0 

Total 306215.34 - 306215.3

4 

- - 306215.3

4 

- - 

 

The land use maps for the year 2030 are depicted in Figure 6-3b and Figure 6-3c. A 

significant decline in natural forests from 2002 to 2030 has been observed and forecasted. 

The projected land use for 2030 indicates that farmlands will cover 52.12% of the total area 

of the upper Sangker River basin, followed by forest cover (38.42%), paddy fields (6.69%), 

built-up land (1.82%), and water bodies (0.95%) (refer to Table 6-4). Compared to 2002, it 

is expected that natural forests will decrease by 48.69% in 2030, occupying approximately 

38.42% of the total area of the upper Sangker River basin. Moreover, the future forest area 

in 2030 is anticipated to be similar to that of 2022. Over the dynamic period of land use 

change (2002-2030), the agricultural area, including farmland and rice fields, is projected to 

significantly increase from 12.37% to 46.44%. However, with the implementation of the 

land use development policy, the forest cover is expected to experience a modest increase 

of nearly 0.78% compared to the simulated land use map in 2030, based on historical land 

use change scenarios (Table 6-4). In this study, the land use and land cover change scenario 

was developed based on historical trends leading to the projection period. The land use map 
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for 2002 was used as the reference time, while the projected land use map for 2030 was 

considered for change impact analysis. 

 

Figure 6-3 Transitional land use from 2002 to 2030 in the upper Sangker river basin: land 

use in 2002 derived from JICA (a), projected land use in 2030 (b), and projected land use in 

2030 with integrated land use development projects.  

(b) (a) 

(c) 
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6.2.5 SWAT Hydrological Modeling  

6.2.5.1 The model-soil and water assessment tool (SWAT) 

The SWAT model description can be found in Chapter 4, section 4.2.2.1, which 

provides a detailed explanation of the hydrological cycle and water balance in SWAT. This 

section includes estimations for various hydrologic water balance components such as 

surface runoff, peak flow, base flow, channel routing, and evapotranspiration. For detailed 

SWAT model input data requirements, refer to section 4.2.2.2. 

6.2.5.2 SWAT model setup, calibration and calibration  

In this chapter, the SWAT model was used to simulate streamflow and hydrologic 

water balance in the basin. The SWAT model setup, calibration, and validation procedures 

were consistent with those described in Chapter 4, sections 4.2.2.3, 4.2.2.4, and 4.2.2.5. 

These sections detailed the model construction, the data input process, and the years over 

which the model was calibrated and validated. However, for Chapter 6, the model setup 

was recalibrated using data from only one rainfall station, the Veal Back Chan station 

(Figure 6-1) in Battambang City. This station was selected due to its extensive rainfall and 

temperature records, which were necessary for projecting future climate conditions through 

downscaling and bias correction. This was done to analyze the climate and create climate 

scenarios to study the effects of projected climate changes on hydrologic water balance and 

water resources. Additionally, updated land use maps were used to establish the hydrologic 

response units (HRUs). Different land use maps from 2002 (Figure 6-3a) and 2014 (Figure 

5-2) were employed in simulating streamflow. The 2002 land use map was used for model 

input during the calibration period, while the 2014 map was utilized to enhance model 

validation, reflecting significant changes in land use between 2002 and 2018. 

6.2.5.3 SWAT Model Performance Evaluation  

The statistical analysis using Nash-Sutcliff efficiency (NSE), the coefficient of 

determination (R2), and the percent bias (PBIAS) were selected to evaluate the performance 

of SWAT modeling.  
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𝑅2 =
∑ (𝑂𝑖−𝑂̅𝑖)

𝑛
𝑖=1 (𝑆𝑖−𝑆̅𝑖))

[∑ (𝑂𝑖−𝑂̅𝑖)
𝑛
𝑖=1

2
]0.5[∑ (𝑆𝑖−𝑆̅𝑖)

𝑛
𝑖=1

2
]0.5

                                                                        (6.3) 

𝑃𝐵𝐼𝐴𝑆 =
∑ (𝑂𝑖−𝑆𝑖)

𝑛
𝑖=1

∑ (𝑂𝑖)
𝑛
𝑖=1

                                                                                               (6.4) 

Where Oi and Si are the observed and simulated streamflow values; and 𝑂̅ and 𝑆̅ are the 

mean of observed and simulated streamflow values. 

The ranges of statistics for model evaluation were followed by Morisai et al. (2007). 

See Chapter 4 section 4.2.2.6 for detailed NSE equations and statistical ranges.  

6.2.6 Scenario simulation 

The study involved two scenarios to explore the impact of land use and climate 

changes on hydrological systems. Fundamental change scenarios were applied for land use 

and climate changes. The land use maps for 2002 and 2030 represented land use and land 

cover (LULC) patterns in the study area, serving as the reference or baseline scenario and 

future scenarios, respectively. Additionally, a future land use impact scenario, known as 

land use-2030+LUDP, integrated the land use development plan for 2030. Meteorological 

data, including rainfall and temperature from 1986 to 2001, were considered as the baseline, 

while the years 2030-2045 were treated as future climate scenarios. 

The downscaled climate scenarios in the study utilized GCM-RCM model outputs in 

CORDEX-SEA, incorporating two climate scenarios: RCP4.5 and RCP8.5. 

The projection of land use was simulated using the CA-Markov model, based on historical 

changes in land use patterns from 2014 to 2018, to predict LULC in 2030. 

The SWAT model was executed three times to examine the effects of environmental 

changes, such as LULC and climatic variability. 

Scenario 1 was designed to evaluate the impact of transitioning land use to the year 2030 on 

the hydrological cycle, without accounting for changing climate. 
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Scenario 2 was specifically developed to assess the influence of changing both land use and 

climate on water resources, as well as to investigate the impact of the land use development 

project (2030) on the hydrological system. 

6.3 Results  

6.3.1 SWAT calibration and validation   

The results of the SWAT model calibration and validation for simulating streamflow 

using the SUFI-2 calibration approach at the gauging station in Battambang City are 

depicted in Figure 6-4. The monthly hydrograph of observed and simulated streamflow 

generated by the SWAT model generally indicates a quite good agreement. The validity of 

this model is further substantiated by the statistical analysis presented in Table 6-5. 

According to Moriasi et al. (2007), the model's performance was deemed satisfactory for 

both calibration (NSE=0.63, PBIAS=20.8, R2=0.65) and validation (NSE=0.50, PBIAS=34.6, 

R2=0.57). Notably, during the calibration period, the peak flow was overestimated in 2009 

and 2012 but underestimated in 2013. Furthermore, the SWAT model underpredicted during 

the validation period for 2014-2015 and 2018. The limited number of meteorological 

stations and their uneven distribution within the watershed contributed to the model's 

overall satisfactory performance. 

Table 6-5 Summary of the statistical quantitative model performance analysis for the model 

calibration and validation. NES is the Nash-Sutcliff Efficient. 

Quantitative statistics 
Monthly calibration 

(2007-2013) 

Monthly validation  

(2014-2018) 

NSE 0.63 0.50 

PBIAS 20.8 34.6 

R2 0.65 0.57 

 

Table 6-6 presents the components of the hydrologic cycle and water budgets such as 

evapotranspiration (ET), rainfall, lateral flow, baseflow, surface water, and water yields for 

the entire simulation period (2007-2018), besides the river flow simulation. Based on the 

simulation, 68% of the rainfall drop was evaporated into the atmosphere, which is 
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Figure 6-4 Hydrograph of observed and simulated streamflow for the calibration (2007-

2013) and the validation (2014-2018) 

consistent with the publication of Neitsch et al. (2011). According to Dingman (1994), 

evapotranspiration exceeds runoff in most watersheds and on all continents except 

Antarctica. The hydrologic water balance ratios of each component (streamflow/rainfall, 

baseflow/total flow, surface runoff/total flow, ET/rainfall) were well examined by SWAT 

Check.  

Table 6-6 Components of the hydrologic water balances for the simulation period (2007-

2018). 

Hydrologic water balance (mm) 

Rainfall 1329.7 

Evapotranspiration 908.9 

Surface runoff 202.54 

Lateral flow 29.4 

Baseflow 215.33 

Water yield 418 
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6.3.2 Meteorological Data Analysis  

The primary objective of bias correction was to spatially downscale to point data 

(Maraun, 2016). The downscaling of GCM-RCM to represent climatology in the upper 

Sangker River basin was achieved through statistical downscaling. Figure 6-5 illustrates the 

distribution of historical rainfall (1986-2001) and raw simulated CNRM-CM5-RCA4 

rainfall (2030-2045) under 2 climate scenarios (RCP4.5 and RCP8.5), along with observed 

rainfall (1986-2001). The graph of historical rainfall from the climate model output 

(CNRM-CM5-RCA4) did not closely match the observed rainfall. Additionally, it 

highlighted the differences between the historical and raw simulated CNRM-CM5-RCA4 

rainfall, indicating potential signals of future rainfall change.  

The maximum and minimum temperatures in the study area exhibited similar rainfall 

change signals. Figure 6-6 and Figure 6-7 revealed significant bias between the historical 

and observed maximum and minimum temperatures of the climate model output. 

Furthermore, the observed minimum and maximum temperature curves were notably 

distinct. 

 

                               Figure 6-5 Rainfall quantiles (observed and raw data) 
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                                Figure 6-6 Max-temperature quantiles (OBS & Raw data) 

 

Figure 6-7 Min-temperature quantiles (OBS & Raw data) 
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6.3.2.1 Projected Changes in Rainfall  

The projected change of mean annual rainfall cycle in the catchment for the period 

of 2030-2045 will undergo a decrease from 1,328 to 1,227 and to 1,231, which accounts for 

about -7.63% and -7.28% for the RCP4.5 and RCP8.5 respectively, compared to the 

baseline 1986-2001 (Figure 6-8). Figure 6-8 clearly shows the seasonal rainfall pattern of 

future changes in mean monthly precipitation produced by CNRM-CM5-RCA4 compared 

to the observed baseline in the upper Sangker River basin. Rainy season (May-October) 

rainfall would generally decrease by 4.48% and 9.47% for the RCP4.5 and RCP8.5 

respectively. However, there are certain months within the rainy season, such as June, July, 

and August, where rainfall is projected to increase. In addition, there is a noticeable shift in 

the timing of peak rainfall, with projected peak rainfall in August as opposed to observed 

peak rainfall in October, indicating an earlier onset of climate change. The projected change 

in the dry season indicates a significant decrease of about 22% for the RCP4.5 scenario but 

a slight increase of 2.65% for the RCP8.5 scenario. 

6.3.2.2 Projected changes in temperature  

 The relationship between the observed maximum and minimum temperatures and 

their simulations in the upper Sangker River basin exhibited a strong correlation, consistent 

with the observed temperature trends (refer to Figure 6-9 and Figure 6-10). The data were 

averaged at the target station for the reference period 1986-2001 and the scenario period 

2030-2045. Figure 6-9 and Figure 6-10 indicate a general increase in air temperature across 

all months, both for maximum and minimum temperatures. It is projected that the 

maximum air temperature will likely rise by 0.97 and 1.16 degrees Celsius for RCP4.5 and 

RCP 8.5, respectively, by 2030-2045 compared to the average historical observations 

between 1986-2001 under intermediate and high emission scenarios. This temperature 

increase is expected to be most pronounced during the dry season months. Similarly, the 

minimal air temperature is predicted to increase by 1.08 and 1.22 degrees Celsius for the 

intermediate (RCP4.5) and high (RCP8.5) emission scenarios, respectively, for the 2030-

2045 period. The RCP8.5 emission scenario shows a higher magnitude of change compared 

to RCP4.5. 
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Figure 6-8 Seasonal variation of monthly rainfall represents rainfall distribution in the 

upper Sangker River basin between baseline (1986-2001) and future (2030-2045). 

 

Figure 6-9 Seasonal variation of maximum temperature: baseline (1986-2001) and future 

(2030-2045). 
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Figure 6-10 Seasonal variation of minimum temperature: baseline (1986-2001) and future 

(2030-2045). 

6.3.3 Hydrological impacts of land use change 

The impact of land-use changes on streamflow and hydrological cycle for model 

scenario 1 is illustrated in Figure 6-11 and Figure 6-12. The mean annual streamflow from 

the upper Sangker River basin under the baseline (1986-2001) is 33.35 m3.s-1. In Figure 

6‑13, it is evident that the overall annual streamflow at the outlet (gauging station) remains 

consistent across all land use (LU) scenario setups. However, the annual streamflow 

increases for both LU setups (LU2030 and LU203+LUDP). The average annual streamflow 

sees a 30.89% increase (see Figure 6-13), while the intervention of the land use 

development project results in a 30.49% increase. This trend of increased streamflow is 

observed in both wet and dry seasons, with the most significant change occurring in the wet 

season (May to October). The change to increasing streamflow in the dry season is 

relatively smaller, likely due to less rainfall during this period. The impact of reforestation 

on streamflow under land use development projects is shown in Figure 6-13. The data 

indicates that there is minimal change in streamflow as a result of reforestation. However, it 

consistently lags behind the expected impact based on historical changes in land cover. 

When forest cover is converted to agricultural land, there is an increase in river discharge. 

Therefore, the hydrological simulation shows that streamflow increases in both seasons, 
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suggesting a clear relationship between the hydrological system and changes in vegetation.

 

  Figure 6-11 Mean monthly streamflow at gauging station in Battambang city within the 

simulation period (1986-2001). 

Figure 6-12 compares the mean annual hydrologic water balance components 

between the land-use (LU) scenario in 2030 and the baseline LU2002. The figure illustrates 

the impact of land-use change on various hydrologic water balance components such as 

water yields, surface water, and evapotranspiration from 1986 to 2001 in the subbasins. It 

indicates an increase in surface runoff and water yield, predominantly in the farmland area 

in the middle part of the basin. Specifically, the middle part shows an increase in surface 

runoff from 0 to 176 mm per year and an increase in average total water yields from 40 to 

208 mm. Conversely, evapotranspiration in that area decreases across most subbasins. 

Changes in water yields and surface water are less noticeable, and most subbasins show a 

slight decreasing trend. Evapotranspiration varies considerably depending on the variation 

in soil and land cover characteristics across the basin. Evapotranspiration decreases from 

the middle to the northern area, which is mainly covered by farmlands. However, there is 

an increase in evapotranspiration in the forest area, which is characterized as a mountainous 

area. 
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Figure 6-12 Map of the spatial distribution of mean annual values of (a) water yield 

distribution, (b) surface water distribution, and (c) evapotranspiration for the subbasins 

within the simulation period (1986-2001) for the land use change to the year 2030. 
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Figure 6-13 Percentage change in streamflow within the simulation period (1986-2001) for 

the land use change to 2030. 

6.3.4 Hydrological impacts of combined land use and climate changes 

The combined impact of land use and climate changes on water resources is 

demonstrated in Figure 6-14 and Figure 6-15 by projecting rainfall and temperature data 

from the GCM-RCM output under RCP4.5 and RCP8.5 climate scenarios and land use map 

in 2030 was set as land use change scenario. The combined effects show the streamflow is 

higher from May to October and lower in the remaining months (Figure 6-14), consistent 

with the pattern of rainfall distribution in the catchment (Figure 6-8). The average annual 

streamflow is expected to increase by 5.65 % and 3.16% under the RCP4.5 and RCP8.5, 

respectively, for 2030-2045 compared to baseline 1986-2001 (Figure 6-16). Figure 6-14 

illustrates that climate change may have a significant potential impact on streamflow. 

Climate change has a huge impact on water resources, much more than land use change. 

Although there is uncertainty in projecting climate estimation, annual streamflow is 

expected to increase. The most extensive relative changes in streamflow occur in wet 

season months (e.g., June, July, and August). In the wet season, streamflow is likely to 

increase by 23.32% and 10.92 for RCP4.5 and RCP85, respectively. Conversely, average 

streamflow is remarkable, with a high decrease of 36.90% and 15.52% in the dry season for 
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both climate scenarios (Figure 6-16). Both land use change scenarios exhibit similar results 

on water resource impacts. The potential impact of integrated land cover and climate 

variation indicates a substantial increase in the wet season leading to floods caused by an 

increasing volume of upstream water, and drought risk occurs in the dry season. 

Figure 6-15 shows spatially explicit changes to the projected climate data (2030-

2045) of water yield (Figure 6-15a), surface runoff (Figure 6-15b), and evapotranspiration 

(Figure 6-15c) in the upper Sangker River basin. The annual average of water yield and 

surface runoff shows a generally increasing trend of 5.85% and 23.49% for RCP4.5, 

respectively, and of 3.27% and 22.87% for RCP8.5, respectively (Table 6-7). In contrast, 

evapotranspiration is likely to decrease by -16.04% and -14.81% in the annual average 

percentage change for RCP4.5 and RCP8.5 climate scenarios, respectively.  

In the middle part of the basin, which is mostly farmland, the water yield component has 

increased by more than 34 mm to 118 mm on average annually (Figure 6-15). In contrast, 

in the south and north, where the land use is dominated by forest area and paddy fields, the 

water yield has decreased by a range of -7 to -92 mm. The pattern of the overall surface 

runoff follows a similar trend to water yield, with a decreasing tendency in the south and 

north of the basin, reaching a low of -59 mm. However, surface runoff mostly tends to 

increase in the central basin, ranging from 11 to 117 mm, except for one subbasin 

characterized by a mountain area. Figure 6-15 illustrates a general decrease in 

evapotranspiration across various subbasins, with values ranging from -20 to -313 mm. The 

most significant reduction in evapotranspiration occurs in the central part of the basin, 

while the least pronounced decrease is observed in areas with mountainous terrain covered 

by forests and in the northern region dominated by mixed residential, farmland, and rice 

fields. 

Based on the results of the land use development project (LUC+LUDP) model 

simulation, it is evident that there is a minimal impact on water resources. The data reveals 

a slight decrease in surface runoff, water yield, and evapotranspiration compared to the 

LU2030 scenario (refer to Table 6-7). The implementation of reforestation has resulted in a 

reduction in surface runoff, thus aiding in the mitigation of flash floods in the subbasin. 
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However, Figure 6-17 demonstrates an increase in evapotranspiration within a specific 

subbasin where the forest communities under the land use policy are situated. 

 

Figure 6-14 Mean monthly streamflow at gauging station between baseline (1986-2001), 

and future (2030-2045) with climate scenario RCP4.5 and RCP8.5 and simulated using 

land use map in 2030. 

Table 6-7 Projected change of annual average water yield, surface runoff, and 

evapotranspiration between baseline (1986–2001) and future (2030–2045) based on 

RCP4.5 and RCP8.5 scenarios. Numbers in parentheses represent the changes in percentage. 

Hydrologic water balance 

components 

Change in mm (%) for 

combined land use and 

climate change 

Change in mm (%) for 

combined land use change 

integrated with LUDP and 

climate change 

 Baseline RCP4.5 RCP8.5 RCP4.5 RCP8.5 

Water yields 359.43 21.02  

(5.85) 

11.76  

(3.27) 

21.00  

(5.84) 

11.76 

 (3.27) 

Surface runoff 175.07 41.12  

(23.49) 

40.04  

(22.87) 

40.50  

(23.14) 

39.45  

(22.53) 

Evapotranspiration 926.12 -148.57  

(-16.04) 

-137.15  

(-14.81) 

-141.33 

 (-15.26) 

-129.92 

 (-14.03) 
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Figure 6-15 Map of the spatial distribution of mean annual values of (a) water yield 

distribution, (b) surface water distribution, and (c) evapotranspiration for the subbasins for 

the future (2030-2045) compared to baseline (1986-2001). The model run used LU2030 

and climate data for the period 2030 to 2045 with the RCP4.5 and RCP8.5 scenarios as 

input (Table 6-7). 
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Figure 6-16 The average change in streamflow in percentage at the basin outlet (gauging 

station) for the future (2030–2045) compared to the baseline (1986–2001). 

In the dry season, hydrologic water balance components - water yield, surface runoff, 

and evapotranspiration - are projected to decrease for all subbasins of the upper Sangker 

River basin under climate scenario RCP4.5 (Figure 6-18). For the most likely future climate 

(2030-2045) and changing landscape in 2030, water yield is projected to decline from -29 

mm to -54 mm across the basin. The greatest decrease is expected in the north and south of 

the basin. The pattern of surface runoff is similar, with a decrease ranging from -4 to -26 

mm from the upland to the mountain area. Similarly, evapotranspiration is predicted to 

decrease in every subbasin, with a range of -5 mm to -56 mm. The most likely change in 

evapotranspiration is expected in the upland area of the central basin.  

Nevertheless, the projected change in surface water during the dry season under climate 

scenario RCP8.5 is expected to lead to an increase of up to 24 mm in all subbasins (see 

Figure 6-19). This represents a predicted increase of 39.67% for the entire dry season (refer 

to Table 6-8). The changes in water yield and evapotranspiration associated with this 

climate scenario show a lesser impact (approximately 50%) when compared to RCP4.5. 
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Furthermore, evapotranspiration demonstrates an increasing trend of up to 11 mm in the 

mountain area (southern basin) and in the paddy field (northern basin). 

Table 6-8 Projected average change in dry season of water yield, surface runoff, and 

evapotranspiration between baseline (1986–2001) and future (2030–2045) based on 

RCP4.5 and RCP8.5 scenarios. Numbers in parentheses represent the changes in percentage. 

 Change in mm (%) for 

combined land use and 

climate change 

Change in mm (%) for 

combined land use change 

integrated with LUDP and 

climate change 

 Baseline RCP4.5 RCP8.5 RCP4.5 RCP8.5 

Water yields 106.17 -37.45  

(-35.27) 

-16.14  

(-15.20) 

-37.03 

(-37.88) 

-15.76 

 (-14.84) 

Surface runoff 33 -12.71  

(-38.51) 

13.09  

(39.67) 

-12.59  

(-38.16) 

13.18  

(39.95) 

Evapotranspiration 261.19 -27.75  

(-10.62) 

-11.78  

(-4.51) 

-27.39 

 (-10.48) 

-11.38 

 (-4.35) 
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Figure 6-17 Map of the spatial distribution of mean annual values of (a) water yield 

distribution, (b) surface water distribution, and (c) evapotranspiration for the subbasins for 

the future (2030-2045) compared to baseline (1986-2001). The model run used 

LU2030+LUDP, and climate data for the period 2030 to 2045 with the RCP4.5 and RCP8.5 

scenarios as input (Table 6-7). 
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Figure 6-18 Map of the spatial distribution of projected change in the dry season of (a) 

water yield distribution, (b) surface water distribution, and (c) evapotranspiration for the 

subbasins for future (2030-2045) based on RCP4.5 scenario compared baseline (1986-

2001), model run used LU2030. 
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Figure 6-19 Map of the spatial distribution of projected change in the dry season of (a) 

water yield distribution, (b) surface water distribution, and (c) evapotranspiration for the 

subbasins for future (2030-2045) based on RCP8.5 scenario compared baseline (1986-

2001), model run used LU2030. 
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6.4 Discussion  

6.4.1 Climatology bias  

It's important to understand the changes in precipitation extremes because they will 

have a significant impact on any assessment. This study used the delta change method 

based on GCM-RCM model output from CORDEX-SEA to downscale future climate 

statistically. The climate projections for the future (2030-2045) in the upper Sangker River 

basin are shown in Figure 6-8, Figure 6-9 and Figure 6-10, for rainfall, maximum, and 

minimum temperatures, respectively. The projected change in annual rainfall for the upper 

Sangker River basin by 2030-2045 indicates a decrease compared to the baseline 1986-

2001 for both climate scenarios (RCP4.5 and RCP8.5). Air temperature is expected to 

increase across the basin, with the greatest increase being more than 1℃. Global warming 

and climate change have significantly affected the biosphere (Aizebeokhai, 2009). The 

projected rainfall and air temperature representing climate for the upper Sangker River 

basin in Battambang province show a similar trend to the findings of the neighboring 

province, Siem Reap, from Chim et al. (2021). Chim's investigation showed that average 

annual precipitation is projected to decrease by 56%, 54%, and 61% according to the 

RCP2.6, RCP4.5, and RCP8.5 scenarios, respectively. Mean annual temperature is also 

expected to increase by 1.83℃, 2.38℃, and 3.21℃ from 2018 to 2100 for scenarios RCP 

2.6, RCP 4.5, and RCP 8.5, respectively. 

The bias correction method is widely used in climate impact modeling (Maraun, 

2016). Bias correction using the delta change method has shown consistency and good 

correlation with observed data after bias correction. Although it is considered a robust 

method (Bosshard et al., 2011; Graham et al., 2007), climate change signals are scaled and 

based solely on the observed data signal, resulting in uncertainty in the simulation of 

regional climate changes and the translation from the global climate model to the basin 

scale. Therefore, different downscaling techniques should be applied. Due to the limited 

model output of CORDEX-SEA at the time of our analysis, this study only applied one 

GCM-RCM output to simulate future climate change. This has a significant impact on 
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hydrological simulation, while most studies applied a mean ensemble of different GCMs 

(Trang et al., 2017; Shrestha et al., 2018). Applying the ensemble technique enables better 

estimation of certain results and can improve accuracy, as climate models describe 

climatological processes in different ways, and there can be significant variation. 

6.4.2 Assessment of land use and climate change on water resources 

The alteration of land use has a significant impact on streamflow dynamics and water 

balance budgets as illustrated in Figure 6-11 and Figure 6-12. The reduction in forest cover 

and expansion of agricultural land has led to an increase in mean annual and seasonal 

streamflow within the upper Sangker River basin. The extensive conversion of upstream 

evergreen forest in recent decades has notably altered the streamflow at the basin outlet. 

This change is attributed to an increase in surface runoff and water yield in agricultural land 

(farmland) due to reduced infiltration. This study aims to elucidate the influence of large 

basins, such as the upper Sangker River basin, on catchment hydrologic water balance over 

a spatio-temporal scale. 

 The analysis of individual land use changes indicates that the average annual 

streamflow is projected to increase by 30.89% (Figure 6-13). Similarly, river flow in both 

wet and dry seasons is expected to increase by 39.65% and 9.78%, respectively. The upland 

area covered by farmland has exhibited the most significant changes in surface runoff and 

water yield, with volumes increasing by 70 to 176 mm and 82 to 208 mm, respectively 

(Figure 6-12). Notably, upstream deforestation may contribute to exacerbated flood events 

downstream, particularly during wet seasons. This change is primarily attributed to 

deforestation activities, expansion of agricultural land, and economic land concessions. 

Urgent measures are necessary to conserve and protect the upstream forest, which serves as 

a primary source of rainfall. 

 The combined impact of climatic and land use changes may lead to the degradation of 

water resources in the upper Sangker catchment. When assessing the combined influence of 

land use and climate change, it is projected that the average annual streamflow will 

experience a modest increase of only 5.65% and 3.16% under the RCP4.5 and RCP8.5 
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scenarios, respectively (Figure 6-16). This underscores the notion that the impact of climate 

change surpasses that of land use change. The combined changes in land use and climate 

are expected to increase surface runoff and water yield for RCP4.5 and RCP8.5, 

respectively. However, decreased evapotranspiration will exhibit an opposing trend. The 

combined effects of climate variability and land use change are likely to result in increased 

river discharge, water yield, and surface runoff during the wet season while causing a 

decrease during the dry season. Consequently, severe flooding in the wet season and 

drought in the dry season may be anticipated. 

Our findings align with the research by Sok et al. (2021); however, they contradict the 

results presented by Oeurng et al. (2019). Oeurng et al. (2019) projected changes in river 

flow for the 2030s, 2060s, and 2090s using different GCMs, such as GISS-E2-R-CC, IPSL-

CM5-MR, and GFDL-CM3, to simulate climate change without considering changes in 

land use during each time horizon. This approach may have led to inconsistent results. 

Nevertheless, the changing trend of river flow in both the dry and wet seasons remains 

similar. The development of land use projects, particularly afforestation, is indicated to 

have a minimal impact on changes in water resources (Table 6-7 and Table 6-8). 

The evaluation of the impact of land use and climate change on streamflow and 

hydrological systems relies heavily on SWAT modeling. The reliability of hydrological 

models enhances confidence in projected climate change impacts and reduces uncertainty 

in the associated projections (Krysanova et al., 2018). Data scarcity poses a significant 

challenge for hydrological modeling in our study area due to constraints faced by the local 

government, including limited budget and staff. Owing to the limited number of rainfall 

stations, climate data analysis in this study was based on a single methodological station. 

The hydrograph (Figure 6-4) and the statistical quantitative analysis (Table 6-5) indicate 

satisfactory performance of the SWAT model during calibration and validation. However, 

peak flow during the calibration period was overestimated in 2009 and 2013 and 

underestimated in 2013. The availability of outflow data from the dam and headwork led to 

the exclusion of the SWAT simulation. The performance of the SWAT model could be 

attributed to the structure of the hydrological model and uncertainties in parameter 
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estimation (Jiang et al., 2007). Additionally, the uncertainty of the climate change signal is 

reflected in the extensive range of GCM-RCM model runs. Many studies have utilized a 

combination of global climate models and ensemble approaches to enhance the accuracy of 

climate projections. This approach allows for the cancellation of errors from different 

GCMs and the downweighing of poorly performing GCMs (Her et al., 2019; Christensen 

and Lettenmaier, 2007; Yira et al, 2017; Shrestha et al., 2018; Pierce et al., 2009). This 

study assessed the impact of future climate change on water resources using a single GCM-

RCM (Table 6-2) based on the availability of model output for the time analysis from 

CORDEX-SEA. However, as noted by Najafi et al. (2011), the uncertainty of hydrological 

models is considerably smaller than that of GCMs. 

 This study analyzed a subbasin scale to estimate future streamflow and hydrologic 

water balance components under the influence of land use and land cover change (LULC) 

and climate change. The findings reveal that the conversion of forest cover to agricultural 

land resulted in an increasing trend of river discharge, water yield, and surface runoff in 

scenarios of land use change. Average annual evapotranspiration is decreasing across the 

subbasin and is higher in farmland. However, with the combined impact of land use and 

climate change, the average annual discharge shows a reduction in flow regime, leading to 

the most significant increasing and decreasing trends in the wet and dry seasons, 

respectively. While the impact of climate change outweighs the effects of land use change, 

the contribution of land use development policies, particularly forest conservation, remains 

substantial.  

6.5 Conclusion  

The study aimed to evaluate the influence of land use and climate on water resources 

in the upper Sangker River basin. Despite the limited number of meteorological stations, 

the use of SWAT hydrological modeling has proven to be an effective method for assessing 

the impacts of environmental changes, such as climate change and land cover development. 

A GCM-RCM was employed for climate process simulation for the future (2030-2045), and 

future land use change in 2030 was projected using the CA-Markov model. The results 
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indicated a substantial impact of land use and climate change on streamflow, water yield, 

surface runoff, and evapotranspiration. The individual impact of land use demonstrated an 

increasing trend in average annual river flow, surface runoff, and water yield for all 

scenarios, while evapotranspiration exhibited the opposite trend. When considering the 

combined impact assessment of climate and land use change, the average annual 

streamflow showed a reduction. Furthermore, the shift from natural forest to agricultural 

land resulted in a decrease in water yield and surface runoff in the forested areas and paddy 

fields, with evapotranspiration showing an overall decreasing trend across all subbasins of 

the upper Sangker River basin. The combined impact resulted in increased river discharge 

in the wet season and decreased discharge in the dry season, which may lead to both flood 

events and severe drought.  

This study addresses a gap in previous research by assessing the combined effects of 

climate variability and land use changes in the upper Sangker River basin. It also identifies 

critical areas for maintaining the ecological system and supporting the socio-economy with 

respect to water resource benefits. The study underscores the importance of land use 

development under reforestation projects to help mitigate potential damages from these 

significant impacts. 

Further research is needed to identify flood-prone areas and support sustainable water 

resource management. The present hydrological simulation suggests that extensive 

conversion of forest cover to agricultural land over recent decades, combined with climate 

change, has had an impact on river discharge and hydrologic water balance components in 

the upper Sangker River basin. 
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7 CHAPTER 7 General conclusions and recommendations 

This chapter provides a summary of the findings, as well as the limitations of the 

study, followed by recommendations for further research. 
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7.1 Conclusions and Recommendations 

 The purpose of this multi-case study is to explore the key considerations in 

assessing water scarcity and determining the influence of environmental changes on the 

availability of water resources in the upper Sangker River basin. The conclusions from this 

study follow the research questions and the findings and therefore address three themes: (1) 

evaluation of the water balance in the irrigation system; (2) prediction of future land use 

changes; and (3) assessment of the impact of land use and climate change on water 

resources on the hydrological watershed. 

 Evaluation of the water balance in the irrigation system 

 Analysis of the river discharge and irrigation water (IW) demands from 2014 to 

2018 revealed fluctuations in water availability. Shortages of 50–99% of the monthly 

requirement were observed in the early wet season months (April to June), while excess 

water was noted in the late wet season months (August to November) between 2014 and 

2017. Furthermore, intense rainfall in 2018 led to sufficient water for irrigation supply. 

These findings underscore the impact of changing weather conditions and precipitation 

levels on water availability for irrigation, indicating a significant influence of climate 

patterns on river discharges. 

In addition to comparing river discharge and irrigation water demand, the study assessed 

actual IW supply and requirements. The results showed that 52% and 41% of actual IW 

experienced deficits for the left and right main canals, respectively, during wet season 

months (September and October). The study concluded that water shortages are influenced 

not only by seasonal variations but also by the quality and efficiency of irrigation systems. 

Field surveys revealed that damaged canals contributed to water losses, highlighting the 

importance of regular maintenance and management of water infrastructure for sustainable 

water supply to paddy fields. 
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Furthermore, hydrological modeling using the SWAT model demonstrated strong 

performance in simulating observed and predicted streamflow, as evidenced by statistical 

metrics of NSE = 0.58/RSR=0.64 and NSE = 0.69/RSR=0.55 during the calibration and 

validation periods, respectively.  

However, this research is subject to the limitation of the scope of the data collection. Due to 

time constraints, the canal discharge observation was conducted within several months. 

Future studies should further explore this topic in more depth to obtain a more 

comprehensive understanding of the efficiency and capability of irrigation water supply. 

Prediction the future land use changes 

The second objective of this study was to analyze the dynamic changes in land cover 

and predict future land use in the upper Sangker River basin. The findings revealed 

significant shifts in vegetation conversion following the economic recovery of the past two 

decades. These changes were predominantly attributed to factors such as population growth, 

economic development, land concession, and landmine clearance. The study also projected 

future land use in 2030 based on historical change dynamics and in combination with land 

use development projects. It was predicted that forests would continue to face deforestation, 

although the research also highlighted the positive impact of land use policies in increasing 

forest cover. 

The study acknowledged the complexity and challenges of predicting land use, 

particularly due to uncertainties in government policies and the intricacies of the model. 

While the CA-Markov model, coupled with remote sensing, demonstrated its effectiveness 

in trend projection, it was noted that socio-economic factors and unforeseen changes in 

government policy were not fully accounted for. To address this limitation, the study 

proposed integrating the model with GIS tools. 

Furthermore, the study suggests the potential for advancements in remote sensing and 

machine learning to enhance land use and cover forecasting. Ultimately, the study provides 

valuable insights for policymakers to better understand the factors influencing land use 

changes in agricultural watersheds. It stressed the importance of comprehending these 
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changes for effective land management and planning and recommended the implementation 

of forest conservation measures to safeguard ecosystem services and water cycles.  

Assessment of the impact of land use and climate change on water resources 

The final part of this study explored the complex interrelationships between 

changing land use patterns and climate change on the availability of water resources in the 

upper Sangker River basin. The first major finding was that isolated land use change led to 

increased mean annual and seasonal discharges, surface runoff, and water yield. However, 

it led to a decrease in evapotranspiration. This result indicated that the removal of forests 

caused a decrease in the amount of water returned to the atmosphere through 

evapotranspiration, leading to a change in rainfall patterns. The second major finding was 

that combined impacts of land cover change and climate variability reduced amounts of 

mean annual discharge but triggered to a large shift between the wet season and dry season. 

Moreover, surface runoff and water yield illustrated a decreasing trend in the forests and 

mixed residential, farmland, and paddy fields. A conclusion to be drawn from these findings 

is that climate change is more influential than land use change. A large change in river flow 

between the wet and dry seasons may lead to flooding events in the rainy season and severe 

drought in the dry season. The third major finding was that hydrological simulation using 

predicted land use integrated with land use development projects revealed a positive impact 

on available river flow and hydrological cycle. The importance of reforestation for 

hydrological and ecological systems was emphasized, along with the need for further 

research to identify flood and drought-prone areas for sustainable water resource 

management and development. 

The research acknowledged limitations due to the low availability of climate data, as 

the hydrological model was simulated using only one climate station. This limitation could 

introduce significant uncertainties in the model results. As the availability and quality of 

data improve, the hydrological model will become a valuable tool for river discharge 

estimation and water resource management, even in data-scarce environments. 
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Overall, the results reveal essential factors affecting water resources in the Upper 

Sangker River Basin under climate change and land use change. Based on these results, this 

study suggests the need to promote water-efficient agricultural practices, cultivate climate-

resilient crops, and make significant investments in conserving and restoring natural 

resources. 


