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ABSTRACT:  

Background: Water consumption (WC) data is critical for 
managing water crises in water-scarce countries, especially in 
those countries that are lagging behind technical advancement for 
collecting accurate WC data at the household level. There is a lack 
of methods for estimating WC.  
Method: Here, we introduce a simplified method for estimating WC 
data based on regression analysis of satellite Land Surface 
Temperature (LST) data for the Khan-Younis Governorate, Gaza 
Strip, for the year 2017. We demonstrate the potential for using 
WC-LST models with and without low-resolution population data 
to estimate residential WC for two spatial resolutions: Landsat 
TIR moderate resolution (100 m), and MODIS TIR low resolution 
(1000 m). Residential WC data is measured based on readings 
from water meters of 28,000 individual houses.  
Results: The method performs better without the low-spatial 
resolution population data. The use of similar spatial resolution 
data or higher to Landsat 8 TIR (100 m) is a prerequisite for 
robust WC estimation. Although the method can easily be 
modified and applied in areas where no estimated water 
consumption data is available, using the regression equation 
might result in a poor result due to the use of different water 
supply sources as demonstrated for the periphery of Khan Younis 
city. 
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Introduction 

Water is a valuable resource and plays an important role in economic and social development (Bai et 

al., 2014). Analyzing and forecasting urban water demand is a complex, yet vital task (House-Peters 

and Chang, 2011), and water consumption (WC) data is of great importance for improving water 

management and development. Urbanization increases the stress in water supply and distribution, 

due to increasing water consumption. However, increased water use is also caused by the effects of 

urban heat islands (UHI), whereby land surface temperatures (LST) in urban areas are raised in 

comparison with surrounding rural areas. The spatial variation in the UHI effect is caused by the 

amount of warming and cooling of urban surface during respectively day and night, and is thus 

related to variations in land cover, building materials and heights, street geometry, and spacing 

between buildings, and other natural and manmade factors (Unger. 2004; Eliasson. 2000). UHI's have 

resulted in changes in the microclimate (Oke. 2006; Souch and Grimmond., 2006; Arnfield. 2003) and 

increased WC per capita, especially in summertime (Haashemi et a1., 2016; Essa et al., 2020; 

Alavipanah et al., 2016; Balling and Gober, 2007; Mazzanti et al., 2006). This is of increasing 

importance due to climate change impacts on water availability at the local and regional scale (Essa 

et al., 2020; Ellis et al., 2007). Climate change exposes municipalities to an intensified risk of summer 

water stress (Cineros et al., 2014; Breyer et al., 2012), which may increase water demand and reduce 

seasonal water supply. 

Research on residential WC and its relationship with climate change has distinguished two types of 

WC: base and seasonal (Praskievicz and Chang, 2009). Base WC is assumed to reflect indoor WC 

associated with cooking, health, and sanitation, varying with respect to household size and 

technology but not with price or climate. Seasonal WC is assumed to represent outdoor WC associated 

with landscape amenities, such as swimming pools, water features, and irrigated vegetation. 

Residential WC may have, over time, become more responsive to climate variation, even as overall WC 

has declined (Gutzler and Nims, 2005). Climate variables such as seasonality and temperature affect 

WC, in that WC will be higher in the summer as warmer and drier weather is associated with greater 

levels of WC per capita (Essa et al., 2020; Alavipanah et al., 2016; Stoker and Rothfeder, 2014; 



 

Abrams, 2011). 

Research on UHIs has identified two types of UHIs (Yao et a1., 2018); the first type is the air UHI 

(AUHI), which is measured by in-situ meteorological stations. It shows many limitations for 

estimating the UHIs including: (1) it has a poor spatial resolution to characterize the city-scale 

(Weng. 2009; Tran et al., 2006); (2) often there is insufficient data from less densely populated 

locations for characterization (Fung et al., 2009; Jinyoung et al., 2008), and; (3) required data are not 

accessible for all users (Wang et al., 2015). The second type of UHI is the surface UHI (SUHI), which 

typically uses remotely sensed data. These are cost-effective and less time consuming than in-situ 

data measurements since remote sensing data provide a synoptic view of the spatial distribution of 

LST (Weng. 2009). Because of the comparatively high spatial resolution and open and easy access, 

researchers increasingly focus on SUHIs. Thermal satellite sensors are frequently used for the 

analysis of SUHI (Weng. 2009), with a variety of resolutions. For example, MODIS-LST (1 km 

resolution) is commonly used due to its high temporal resolution (four times per day by two 

satellites) (Yao et al., 2018; Bounoua et a1., 2015; Zhou et al., 2014; Peng et al., 2012). Mid-resolution 

satellite observations e.g., Landsat 8/Landsat ETM/Landsat TM (with 100 m, 60 m, and 30 m 

resolution respectively) are frequently used to calculate LST and used in many SUHI studies (Essa et 

al., 2013; Essa et al., 2012). 

Modeling urban WC is generally based on many controlling indicators such as; demographic 

variables as population (Long et a1., 2019; Moore et al., 2015) and household size, with higher 

population density typically expected to have a higher total WC as households with more people use 

more appliances than smaller households (Essa et al., 2020; Stoker and Rothfeder, 2014; Wentz and 

Gober, 2007). The functional relationship between WC and controlling factors has been found 

suitable for building models for estimating WC data in urban areas, and it helps in adding a mix of 

basic and tailored information for estimating WC data (Polebitski and Palmer, 2010). Panel-data, e.g., 

price and revenue, are used to study WC (Martins and Fortunato, 2007; Mazzanti et al., 2006). 

However, lack of data typically prevents analysis at the household level, as data often do not exist or 

are scattered between government agencies, water companies, and other actors (Dimitrios et al., 



 

2015; House-Peters and Chang, 2011a; House- Peters and Chang, 2011b; Vlachos and Braga, 2001). 

The paucity of readily available demographic, economic, and water consumption data at the 

household level has limited the application of disaggregated water demand models (Polebitski and 

Palmer, 2010) in many regions. Therefore, there is a need for a new approach to WC modeling that 

is applicable to data-scarce environments (Dimitrios et a1., 2015). 

Spatial data such as remotely sensed data (e.g., SUHI) possesses efficiency and potential for modeling 

urban WC. Several studies used spatial regression analysis for estimating WC. WC has been found 

positively correlated with SUHI (Essa et al., 2020; Alavipanah et al., 2016; Guhathakurta and Gober, 

2004) and with population density (Romano et al., 2014; Lee et al., 2010; Statzu and Strazzera, 2009). 

Bai et al. (2014) developed a multi-scale relevance vector regression (MSRVR) for forecasting urban 

daily WC models based on the built environment, climate, and demographics to annual water use (Bai 

et al., 2014). Other examples are regression models used for urban land-use types, which are related to 

the built environment, climate, and demographics and annual water use (Stoker and Rothfeder, 2014). 

Wentz and Gober (2007) provide a geographically weighted regression (GWR) and ordinary least 

squares regression (OLS) between water consumption and household size, the presence of a pool, 

landscaping practices, and lot size (Wentz and Gober, 2007). 

The key contribution of this research is to demonstrate a method for estimating the WC using remote 

sensed observation data, which is freely available for the scientific communities. This study will focus 

on the Khan-Younis Governorate (Figure 1) in the Gaza Strip. We utilize WC data from 28,000 household 

water meters and LST imagery from Landsat 8 (100 m resolution) and MODIS (1000 m resolution) for 

the study area. The LST-WC relationship was evaluated using statistical models incorporating climate 

and demographic data of the center and the periphery sub-regions of the study area. These were 

separated by necessity, as WC data by household are only available for the center of the Governorate. 

Using the LST-WC relationship, defined for the center of the Governorate, we estimate the seasonal WC 

for the periphery using both satellite sensors. Given the general increase in water use during summer 

months (Stoker and Rothfeder, 2014; Kenney et al., 2008) and hence importance to water management, 

only the summer season is considered in this analysis. 



 

Method 

Study Area 

Fifteen of the 20 countries in the world with the lowest internal renewable freshwater supply (below 

the water stress threshold of 1,000 m3) are Arab countries (International Fund for Agriculutral 

Development. 2020). West Bank and Gaza Strip are amongst the most seriously affected as well as 

Kuwait, United Arab Emirates, Qatar, Yemen, Saudi Arabia, Bahrain, Libya, and Jordan (Al-Weshah et 

-p

available per person per year (International Atomic Energy Agency Fact Sheet. 2003). The Gaza Strip 

is an arid region located close to the Sinai and Negev deserts. The area is prone to drought and as 

such, municipalities are increasingly apprehensive about the sustainability of their water resources. 

In recent decades, the Gaza Strip has suffered from unsecured water and energy supplies. The water 

consumption for domestic purposes was 88.3 liter/capita/day in Gaza Strip for 2017 (The Palestinian 

Central Bureau of Statistics (PCBS) and the Palestinian Water Authority (PWA), 2019), which is one 

of the lowest rates in the world. Problems of critical water shortages are compounded by severe fuel 

shortages, limiting water pumping, and hence choking supply. 

Khan Younis is a city in the southern part of the Gaza Strip. The city exhibits large variations in its 

physical environment and climate, with the Mediterranean Sea to the West and rural areas to the East. 

According to the Palestinian Central Bureau of Statistics (PCBS. 2019), Khan-Younis had a population 

of 267,294 in 2007 and 351,934 in 2016 with an area size 54 km2 (Figure 1). The City is located 32 

km south of Gaza City, 20 km north of the Egyptian border and the Sinai Peninsula, and about 4 km 

-arid climate with maximum temperatures of 

30°C in summer and 10°C in winter, with an annual rainfall of approximately 300 mm (Jabal et al., 

2015). The city's built-up area covers about 17.57 km2, while the agricultural lands extend over an 

area of 63 km2 (Al Hallaq and Elaish, 2012). 

Khan Younis Governorate has twenty neighborhoods. In this study, Khan-Younis municipality was 

selected because it collects household WC data, with readings of all water meters (28,000 houses) 



 

continuously entered into a database. Khan-Younis is the second-largest city in the Gaza Strip in terms 

of population and area after Gaza City and is known for its rapid urbanization and high population 

density (6500 persons/ km2).  

 

Figure 1. Study area indicating the regional and local position of Khan-Younis Governorate and its 

twenty neighborhoods. 

Data collection 

MODIS Satellite Data: The MODIS sensor is aboard the Terra satellite, launched in December 1999. It 

has a passing time over the Equator at approximately 10:30 and 22:30 and acquires data in 36 spectral 

bands. Three different LST products from MODIS were used in this study: MOD11_A2, MOD11A1 and 

M0D11A2. More details about the datasets and access can be found at 

(https://lpdaac.usgs.gov/data_access) and (Wan. 2008). MODIS/Terra LST products were re-projected 

from sinusoidal to geographic WGS84 using the HDF-EOS (Hierarchical Data Format-Earth Observing 

System) to GeoTIFF Conversion Tool (HEG) (NASA 2020) and then re-projected to 

WGS84 UTM Zone 36N prior to analysis. 24 MODIS/Terra LST images were collected for the four 

seasons of 2017. The scene characteristics of these MODIS LST images are listed in Figure 2. The method 



 

for calculating LST has been discussed extensively in Essa et al. (2013). MODIS images had better 

availability than Landsat 8 for the study area for 2017, though it was challenging to find good images 

for spring and winter, due to cloud cover. 

 

Figure 2. Scene characteristics of LST imagery products; 1) MODIS/Terra LST at 1000 m and 2) 
Landsat 8 LST at 100 m resolution, with 99% of the value range. The characteristics include; product 

type, min, max, mean, and range of temperature, season, and acquisition dates. 

Images used in this study have been abbreviated by image type and date for easy identification, e.g., 

Landsat 8 TIR images become "L8", MODIS LST products: MOD11_A2 (5 minutes), MOD11A1 (1 day), 

and MOD11A2 (7 days), were named in short as "5 M", "1 D", and "7 D" respectively. Image date format 

is also abbreviated as dd/mm/yyyy, e.g., a Landsat 8 image dated 07 August 2017 is abbreviated to "L8 

07/08/2017", etc. This is also applied to MODIS images, e.g., MODIS 5 min LST product dated 06 August 

2017 is abbreviated as "5 M 06/08/2017". 

Landsat 8 TIR satellite data: The Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) 

are onboard Landsat 8, which was launched in February 2013. Landsat satellites image the entire Earth 

every 16 days in an 8-day offset and collect up to 740 scenes per day. The OLI offers several 

enhancements from previous Landsat instruments, including the addition of two new spectral bands: a 

deep blue visible channel (Band 1) and a new infrared channel (Band 9). Two thermal infrared bands 



 

(TIRS), capture data at 100 m resolution. They are geo-registered and delivered with a 30 m spatial 

resolution. The land cover and land surface characteristics data for this study were calculated using the 

surface reflectance algorithm (L8SR) for Landsat 8. The TIRS data were then used to extract daytime 

LST. The Landsat 8 data are available for download from the EarthExplorer "USGS" website 

(https://earthexplorer.usgs.gov). The method for retrieving LST has been discussed in Essa et al. (2013; 

2012). The scene characteristics of Landsat 8 LST images are listed in Figure 2. In this study, it was 

challenging to collect the Landsat 8 TIR sensor in winter and spring, due to the cloud cover and because 

not the full study area is covered. The seasonal variation in LST using Landsat 8 TIR images is not 

reflecting the overall seasonal LST change, e.g., the spring image shows to have a higher LST values than 

the summer season (Figure 2), this was not was not shown to occur in MODIS images. 

Residential water use data: Since 2017 the Khan-Younis Municipality is collecting water consumption 

data from water meters inside 28,000 houses (Figure 3A). The data is instantly transferred to a spatial 

database. The Khan Younis Governorate study area includes 20 neighborhoods, those within the central 

part of the city depend on Palestinian Water Authority (PWA) water network (inside the big red circle 

in Figure 3A). The peripheral neighborhoods are served by private water wells (small red circles in 

Figure 3B), for which consumption data are not available. There were 1049 private wells in 2014, 

mostly located in coastal (Mawasi area  west of the center) and rural areas (north, south, east of the 

City center). These private wells represent a crucial problem for the management of water resources 

within the Gaza Strip, because the water authority has no control of them and is not able to record water 

consumption. 



 

 

Figure 3. Residential water use distribution within Khan Younis Governorate, map (A) represents the 
public Palestinian Water Authority (PWA) water network (black crosses), map (B) distribution of 

private water wells (black crosses) (adapted from Essa et al., 2020). 

All available water meter data (City center) are monthly and seasonally aggregated in this research and 

then mapped in a GIS environment. Data are then rasterized using the nearest neighbor resampling 

technique to match both Landsat 8 and MODIS pixels size respectively. It is particularly challenging to 

separate between base and seasonal WC types in the Gaza Strip due to variations in water availability 

caused by a shortage of energy resources (Essa et al., 2020). Reliability of energy supply is a major issue 

within Palestine, particularly for Gaza Strip, with daily electricity cuts of up to 18h for the majority of 

Gaza's population and 88.5% of Gaza businesses lacking reliable power (Office of the Quartet. 2016). 

We hypothesize that the seasonal WC is a function of climate and demographic variables and suggest 

planning strategies to promote water management in urban areas. The results will guide the practice of 

governorate planning and the design of the built environment with respect to WC at the pixel level 

across all seasons. 

Population data: Census block water use analysis provides detailed information on the sensitivity of 

local water use in relation to temperature variation, which could prove valuable to developing a viable 



 

municipal climate change adaptation strategy for water distribution companies (Breyer et al., 2012). 

We used the census data from the Palestinian Central Bureau of Statistics for the year 2017 (PCBS. 

2019). Population count data for all neighborhoods were converted into raster maps at medium 

resolution (MR) (100 m) and low resolution (LR) (1000 m). 

LST ancillary data: Maximum temperature (Max Temp) data is collected from the Ofakim weather 

station (Climate-data.org. 2019). Minimum temperatures have been found to be more affected by 

urbanization compared to maximum temperature (Mitchell. 1961). Therefore, we used maximum 

temperatures for our analysis, which are hereafter referred to simply as temperature. The Ofakim 

weather station was used because it is located closest to the study area. 

Simplified Method for Estimating WC: Based upon a selection of climate variables, statistical models, as 

ordinary least squares regression, generalized least squares, two and three-stage least squares, and 

logit, to relate WC to LST have been published (Worthington and Hoffman, 2008). In this study, two 

regression models are developed including WC- - ater Consumption 

Per Capita (Essa et al., 2020). Based on the available data 2nd order polynomial models are evaluated 

for the city center. The models are compared by evaluating the estimated and the observed water 

consumption maps (Fig. 4). 

 

WCLST is the modelled water consumption based on land surface temperature data (LST). 

WCWCPC+LST is the modelled water consumption based on population data for each neighborhood 

block and land surface temperature data, a and b are regression coefficients. We use a 95 percent 

confidence interval (p < 0.05) to determine if the regressions are statistically significant. The goodness-

of-fit R2 provides information on the correlation between WC and WCPC and the coincident observed 



 

LST images. 

 

Figure 4. Flowchart showing the methodology for estimating the water consumption within the City's 
Center and periphery based on data availability. The flowchart includes the procedure of regression 
analysis and the spatial correlation. 

Results  and Discussion 

WC  In situ LST Relationship 

Monthly WC and Max Tern p Relationship: 

The total monthly WC of the 28,000 metered houses was compared with the monthly averages of 

the maximum temperatures (Max Temp) from the Ofakim weather station. Figure 5 demonstrates 

that there is no simple relationship between WC and temperature. For example, during the hot 

months (June and July), the average WC is lower than in much cooler months, such as April, October 

and November. It is possible that this is partly a result of lack of water supply caused by energy 

shortages. 



 

 

Figure 5. Average monthly residential water consumption vs. maximum temperature in Khan 
Younis (Adapted from Essa et al. (2020)) 

Regression analysis using the R2 and adjusted R2 shows that the statistical correlation between LST 

vs. Max Temps are not fully explained by using the polynomial linear relationship or even the 

exponential non-linear relationship with low R2 values (R2 = 0.30, and Adjusted R2 = 0.23) 

respectively, due to the fact that the relationship is not taking into account the availability of 

electricity. The Gaza Strip is experiencing severe fuel shortages, especially in hot months, which 

affect water pumping (Coastal Municipalities Water Utility. 2017) and hence result in lowered water 

consumption. 

Seasonal WC and In situ Max Temp Relationship: 

The total seasonal WC is calculated and compared with the average seasonal in situ maximum 

temperature. Figure 6 shows that LST per season better reflects the WC. In contrast to the monthly 

statistics, polynomial linear and exponential non-linear relationships using seasonal data 

demonstrate close similarity (R2 = 0.91). The data aggregation using the seasonal averages 



 

overcomes the lack of energy shortage data, and successfully reflects the differentiation of WC with 

the seasons. As the seasonal correlations are much higher than the monthly, our methodology will 

be most appropriate using seasonal aggregated data. Moreover, it will be very difficult to obtain a 

monthly remote sensed LST time series for the study area. 

Although WC data collection has been successful, there has been a problem in restricting human 

normal WC due to the lack of energy, which is a problem for most poor countries. Lack of energy 

resources should be taken into consideration when similar studies are conducted in areas where 

energy poverty is present. In this study, the problem was solved by using the seasonal aggregated 

water consumption data instead of monthly data. However, by integrating models for household 

energy consumption behavior related to water consumption, a higher spatio-temporal resolution 

can be also applied. 

WC  LST (Satellite Sensors) Relationship 

Seasonal WC Rate of Change per degree Celsius: 

The seasonal differences of both average LST and WC were computed by calculating the difference 

for each successive season. The change of WC per °C is computed in liter per capita (L/Cap) (Fig. 7). 

From winter to spring, both Landsat 8 LST imagery and MODIS products show to have similar 

estimated results. Per 1°C increase in temperature Landsat, MODIS 7 Days, MODIS 5 min and MODIS 

1 Day, indicate an increase in WC of respectively 7.8, 9.7, 9.5, and 10 L/Cap. 



 

 

Figure 6. Average seasonal residential water consumption vs. in situ maximum temperatures 

From spring to summer, the calculated WC per °C is negative based on Landsat 8 LST imageries. This 

results from LST images in spring having a higher LST than in summer especially during hot events. 

Such circumstances result in a negative LST change (Essa et a1., 2020). However, we know that the 

negative change in WC/°C is due to external factors (water supply/water availability) rather than the 

relationship between water consumption and temperature. MODIS products (1 Day + 7 Days) show 

similar estimated results ( 57 L/Cap). However, MODIS product (5 min) shows to have less 

underestimated results of about 29 L/Cap, due to the fact that the first two MODIS products provide 

average values of 2 to 5 MODIS 5 min images, which are close to the mean LST value. However, the 

MODIS 5 min product is based on one image, which may be affected by weather conditions, and 

provides often a biased result. From summer to autumn and from autumn to winter, Landsat 8 LST 

image shows lowest (-19.5 L/Cap) and the highest (-15 L/Cap) estimated results respectively, due to 

the higher resolution of Landsat providing likely a closer to actual value. For comparison, MODIS 

products (1 Day + 7 Days) show to have estimated values close to the Landsat 8 values. However, 

MODIS 5 min product shows to have a higher bias than Landsat 8, due to previous mentioned reason. 



 

 

Figure 7. The seasonal average change of WC per °C per capita based on Landsat and MODIS 

LST. 

WC vs. LS T (Landsat 8) Statistical Correlation: 

Regression analysis was undertaken based on Landsat 8 TIR (Figure 8) for the city center (Figure 3A  

the red circle). Two regression models are investigated in relationship with the coincident LST values 

including; 1) WC vs LST; and 2) WCPC vs LST and population. The models show higher correlations (R2) 

for autumn and summer (R° - 0.30) than spring and winter (R2<0.10) due to the higher value range of 

LST and WC data in those seasons and the complete area covered by the Landsat 8 sensor in contrast to 

spring and winter. It is also noticeable that WCPC shows a slightly higher correlation than WC in all 

seasons when using Landsat 8 LST images, which means that the WCPC regression is successful in 

estimating WC at a 100 m resolution, by integrating population data, which minimizes the data outliers 

better than only using LST data. Overall, the WCPC model shows to be better correlated than using the 

WC model, as would be expected. Moreover, summer and autumn (LST range - 6.5°C and 6°C 

respectively  Figure 2) shows a higher correlation than spring and winter (LST range - 7.5°C and 3°C 

respectively), this may be due to improved water availability and less extreme values of LST in those 

seasons. However, spring (LST range 7.5°C) is expected to show a higher correlation but has a lower 

correlation, due to the fact that the image covers only the city center, which shows a higher LST value 



 

range. Overall, the correlation between WC and LST for the city center is low (R2 < 0.4) due to the data 

outliers. Future research should improve this relationship by using uniform pixel selection in the 

regression analysis, based on only selecting 25% of the WC pixels with the lowest coefficient of variance 

(CV), instead of using all pixels (100%). CV shows to be useful to increase the correlation between the 

spectral indices and the land surface temperature (Kustas et al., 2003; Essa et al., 2012). 

WC and WCP C vs. MOD IS LS T Images (1000 m): 

Figure 8 shows the WC-MODIS LST relationship for the city center. Unlike Landsat 8 (100 m), all of 

MODIS products show for winter, summer and spring a higher correlation for WC than for WCPC, which 

means that WC is more successful in estimating WC at 1000 m resolution than WCPC. WC's data range 

decreases the outliers better than WCPC. However, in the autumn season, it yielded mixed results of 

 correlation when using WC-

yielded higher correlation when using WCPC-LST model. The same mixed results of correlation are 

systematically shown in other MODIS LST types (1 Day and 5 min). Overall, the WC-LST model shows 

to have higher correlations than the WCPC-LST model. Moreover, in spring and summer the correlations 

(LST range - 12°C and 10°C respectively, Figure 2) are higher than autumn and winter (LST range 5°C 

and 4°C respectively), this may be due to improved water availability and less extreme values of LST in 

those seasons. Weather conditions with an increased range of values of LST increases the correlation, 

as is also shown when using MODIS LST products in spring. 

Overall, it has been expected that the WCPC-LST model correlates better than using the WC-LST. 

However, it is noticeable that the WCPC shows generally a lower correlation than the WC in all seasons 

for MODIS (1000 m), because of the aggregated 1 km resolution population data, which introduces a 

mixed pixels problem (urban and non-urban pixels). Moreover, when using the Landsat 8 LST images, 

WCPC shows a little higher correlation than WC. The enhanced correlation results from disaggregating 

population data uniformly from the kilometer scale to 100 m resolution. Additional evaluation is made 

also for the WC models based on the estimated WC products. 



 

 

Figure 8. Correlation coefficients (R2) using a 2 ^ order polynomial statistical fitting model for the 
relationship between water consumption, WC vs LST and WCPC vs LST and population data 

respectively. LST is represented by the land surface temperature of both Landsat 8 (100 m) and MODIS 
(1000 m) sensors (all LST product types and technical characteristics and abbreviations are described 

in Figure 2). The regression is only applied to data from the city center for all seasons. 

Estimating WC (1 00 m and 1000 m): 

The statistical models (Equation. 1 and Equation. 2) for the city center are used to estimate WC in 

the city center. Summer Landsat 8 and MODIS LST images are used in the regression models as there 

is reasonable good correlation for the two models; LST-WC and LST-WCPC (Figure 8). A spatial 

correlation analysis provides the correlations (R2) between the estimated and observed water 

consumption for the city center (Figure 9). The WC estimation performs significantly better using 

WC-LST model than the WCPC-LST model at the scale of the Landsat image (100 m) as shown in the 

images dated in 07/08/2017 and 08/09/2017 with R2 - 0.25 and 0.39 respectively. This shows that 

the input enhanced correlation of the WCPC-LST model in Figure 8 was minor because of the uniform 

disaggregation of population data. The WCPC-LST model shows no correlation for both Landsat 8 

time-series images (R° < 0.02); due to the resolution differences of the input data, the WC data are 

at 100 m, while the population data are at the neighborhood-scale (kilometers). Population data at 

100 m resolution should be considered in other applications to enhance the correlation. For the 

MODIS LST product types (1000 m), Figure 9 shows a significant improvement of WC estimation 



 

using the WC-LST model compared to the WCPC-LST model, however, for using MODIS 5 min LST 

product dated 06/08/2017, the WCPC-LST model shows a slightly higher correlation (R2- 0.19) than 

the WC-LST model (R2 - 0.13); due to local climatic conditions. 

Comparing both results; regression analysis (Figure 8) and the spatial correlation analysis (Figure 

9), the used factors in the model equations including population and land surface temperature result 

in generally slight enhancement of the spatial correlation. However, Figure 8 shows higher 

correlation because more data outliers in water consumption data are present in the regression 

models. Figure 9 has lower data outliers as the data are calculated outcomes of the models. 

 

Figure 9. Spatial correlation analysis of estimated vs observed water consumption for the city center for WC-
LST and WCPC-LST models for both Landsat 8 and three types of MODIS products. 

The RMSE error for estimating WC for both models show to be lower for all MODIS LST products 

(1000 m) than for the Landsat 8 LST (100 m) (Figure 10). Due to resolution upscaling, the estimation 

error at 1000 m resolution decreases by smoothing the errors. It is also clear that the RMSE error 

was slightly higher for the WCPC-LST model than the WC-LST model. For Landsat products, the RMSE 

of the WC-LST model is shown to be higher for dates 07/08/2017 and 08/09/2017 (RMSE  1800 and 

1000 respectively) than the RMSE error for WCPC-LST model (RMSE - 900 and 750 respectively). 

This is because adding population data minimizes RMSE although it has a lower resolution 



 

(aggregated at the neighborhood level) than the Landsat images. 

To illustrate the model's robustness four scatter plots with estimated WC (Figure 11a, b) and WCPC 

(Figure 11a', b') verses observed WC are created. The scatter plots of Figure 11a and 11b show high 

departures from observations, especially in the upper part of the scatter plots, resulting in low 

correlations as indicated in Figure 9. This is due to the fact that population census data (Equation. 2) is 

registered at a low spatial resolution. At the neighborhood scale, low and high populated areas are 

mixed in the same pixel; this causes an overestimation of WC values. Future studies should take into 

consideration to integrate data at the household scale level closer to 100 m when using Landsat sensors 

or to higher resolutions. This is also expected for all other spatial data that might be used to enhance 

the regression model accuracy, the data has to be at least at a similar resolution to the thermal sensor's 

resolution. 

 

Figure 10. RMSE error between the estimated and observed water consumption estimated with the 
WC-LST and WCPC-LST models for Landsat 8 and three types of MODIS products. 



 

 
Figure 11. Scatterplots of the city center's estimated vs observed water consumption using the linear 
regression model. Two regression are used to estimate WC; 1) WC - LST regression (a and b), 2) WCPC 

 LST (a' and b'), using the two time-series Landsat 8 dates at 100 m resolution. 

Scatterplots of WC estimations are also illustrated for the MODIS LST product types (1000 m) (Figure 

12). Scatterplot using MODIS LST 1 Day 07/08/2017 image with WC-LST model (Figure 12a) shows a 

reduced departure from observations (R2 0.36) and a normal range (= 0 to 200 m3). However, using the 

same image with the WCPC-LST model (Figures 12a') shows no correlation (R2 -0.0006). MODIS LST 1 

D 08/08/2017 image shows a lower R2 with the WC-LST model (R' - 0.22) and value range (= 50 to 200 

m3), but shows no correlation with the WCPC-LST model. The scatter plots using MODIS LST 5 Min 

05/08/2017 image with the WC-LST model (Figure 12c) shows successful estimation of WC, by reduced 

departure from observations (R2 -0.4) and a normal value range (- 0 to 200 m3). However, using the 

WCPC-LST model (Figure 12c') shows low correlation (R2 0.08). MODIS LST 5 Min 06/08/2017 image 

(Figure 12d) shows less successful estimation of WC with the WC-LST model (R2-0.12) than with the 

WCPC-LST model (Figure 12d') with higher correlation (R2 0.2). The scatter plots using MODIS LST 7 

Days 13/08/2017 image with the WC-LST model (Figure 12e) shows a correlation of R2 0.08 with a 

value range of 60 to 180 m3, however using the same image with WCPC-LST model (Figures 12e') shows 



 

practically no correlation (R2 - 0.004). MODIS LST 7 Days 21/08/2017 image (Figure 12f) shows a 

successful estimation of WC with the WC-LST model (R2 - 0.37), but a less successful estimation of WC 

with the WCPC-LST model (Figure 12a) with R2 (= 0.2) and a normal value range (= 0 to 80 m3). 

 
Figure 12. Scatterplots of the city center's estimated water consumption vs observed. Two 

regressions are used to estimate WC; 1) WC -  
- series of MODIS of three product types, at 1000 m resolution. 



 

To illustrate the visual performance of the WC estimation models, input data were normalized (0 to 

100), and shown in Figure 13 at 100 m resolution. Figure 13a shows the water consumption 

distribution map, which shows a similar pattern as the population concentration map (Figure 13b). 

Figures 13(c, d) are two time-series observed Landsat 8 LST (bandl0) products for the acquisition dates 

(07/08/2017 and 08/09/2017) with a maximum temperature of 41°C and 37 °C and value ranges of 

8°C and 6°C respectively. The two images show the heat distribution maps in Khan Younis city center. 

Hot pockets are clearly occurring at the edges of the city center, while in the central part the surface 

temperatures are lower. Here, urban areas are interspersed with bare and sandy soil and non-cultivated 

parcels that have similar thermal characteristics to many building materials, this is not surprising 

(Dewan and Corner, 2014). Moreover, the densely built-up areas were found to be cooler than the less 

urbanized areas, because buildings shades lowered the temperature compared to urban periphery. This 

phenomenon is commonly shown in areas with hot and dry climates, where Urban Cool Islands (UCI) 

are common. These urban areas can be described as a cool oasis in a desert environment, which is out 

of the scope of this article and will be discussed in another work. For a similar climate as this study area, 

Rasul et al. (2015) showed that in Erbil, Iraqi Kurdistan densely built-up areas, such as central districts 

of the city had lower LST, acting as cool islands, compared to the non-urbanized areas around the city, 

such as the open spaces and new low-density housing developments on the outskirts of the city, which 

experienced higher LST. 

Figures 13(e, f) are the estimated WC using the WC-LST model applied using Landsat LST L8 

07/08/2017 and LST L8 08/09/2017 respectively. Figures 13(g, h) are the estimated WC using the 

WCPC-LST model applied using Landsat LST L8 07/08/2017 and LST L8 08/09/2017 respectively. 

Estimated WC based on the WC-LST model (Figure 13e,f) has similar patterns as the Landsat LST 

images, this is expected as the temperature is an essential part of the input model estimation, 

however, integrating additional factors for characterizing WC-LST will be discussed in future 

research. In contrast to the WC-LST model, the estimated WC based on the WCPC-LST model 

(Figures 13g, h) diverged significantly from the spatial distribution patterns compared to that of the 

original observed water consumption maps in Figure 13c, d. The model underestimated water 

consumption in the central part of the city center, due to the low population density and lower 



 

temperature values. 

 

Figure 13. Normalized maps used for visual comparison for the city center of the study area including, 
(a) observed water consumption-WC; (b) population distribution at the neighbourhood level  2017; 

(c, d) two time- series observed Landsat 8 LST (bandl 0) products for the acquisition dates 
(07/08/2017 and 08/09/2017) respectively; (e and g) estimated WC using WC-LST relationship 

based on the Landsat LST dated (L8 07/08/2017) and (L8 08/09/2017) respectively; and (g and h) 
estimated WC using WCPC-LST relationship based on the dated Landsat LST dated (L8 07/08/2017) 

and (L8 08/09/2017) respectively, at 100 m resolution. 

Similar to Figure 13, Figure 14 illustrates the visual performance of the WC estimation models for 

the city's periphery. Figure 14a shows the water consumption distribution map of a small number 

of the household water meter ( 580), those data are not used in the statistical models (Eq. 1 and 

2) but are used for validating the estimated model values. Figure 14a is not simulating the other 

data type patterns, because of its smaller number of data points and its lower normalized value. 

Figure 14b is the population pattern that is uniformly disaggregated to 100 m from the 

neighborhood-scale (kilometers). Figures 14(c, d) are observed Landsat 8 LST (bandl0) products 

within the city's periphery for the acquisition dates (07/08/2017 and 08/09/2017). The heat 



 

distribution maps for the two images show higher maximum temperatures than the same images 

within the city's center ( 53°C and 45°C) and also higher value ranges (13.5°C and 10.5°C) 

respectively, which is also clearly seen in the darker patterns of Figures 14(c, d) than the patterns 

in Figures 13(c, d) respectively. Hotter and more connected pockets of heat are clearly 

dominating most of the city periphery. Here, urban areas are seen as the brighter color 

representing the values of cooler pixels with bare and sandy soil and non-cultivated parcels. 

Figures 14(e, f) are the estimated WC using the WC-LST model with Landsat LST L8 07/08/2017 

and LST L8 08/09/2017 respectively. Figures 14(g, h) are the estimated WC using the WCPC-

LST model with Landsat LST L8 07/08/2017 and LST L8 08/09/2017 respectively. Both statistical 

models (Equation. 1 and 2) show similar performance for the city periphery (Figure 14e- h) to the 

estimated WC within the city's center (Figures 13e-h). 

The WC-LST model (Figure 14e,f) has similar patterns as the Landsat LST images, as it is 

expected because the temperature is an essential part of the input model estimation. However, 

the WCPC-LST model (Figures 14g, h) is significantly influenced by the spatial distribution patterns 

of the population, which is also expected because the population is an essential part of the input 

WCPC-LST model. Original full cover water consumption datasets were not available in the city's 

periphery for evaluating the performance of the models; however, a number of household water 

meters ( 580) as indicated in Figure (14) are used for validating the models' performance using 

scatterplot analysis in Figure (15).  

Four scatter plots of the estimated water consumption using the WC model (Figure 15a, b) and WCPC 

correlations, this is due to the fact that houses in this coastal part of the city periphery including; Mawasi 

1 and Mawasi 2 (Figure 1) are the least populated area based on census data (Figure 14 b). Moreover, 

houses are using water from wells (Figure 3.B) instead of municipal piped water, hence water 

consumption is underestimating the model values. 

 

 



 

 

 

Figure 14. Normalized maps used for visual comparison of the city periphery including, (a) observed 
water consumption-WC; (b) population distribution at the neighbourhood level  2017; (c, d) two 
time-series observed Landsat 8 LST (bandl 0) products for the acquisition dates (07/08/2017 and 

08/09/2017) respectively; (e and g) estimated WC using WC-LST relationship based on the Landsat 
LST dated (L8 07/08/2017) and (L8 08/09/2017) respectively; and (g and h) estimated WC using 
WCPC-LST relationship based on the Landsat LST dated (L8 07/08/2017) and (L8 08/09/2017) 

respectively, at 100 m resolution 

To conclude, as the satellite LST data is an essential input for WC modeling, LST calculation is directly 

related to the thermal properties of LULC thermal properties. In this study, Gaza Strip urban areas are 

interspersed with bare and sandy soil and non-cultivated parcels that have similar or higher heat 

capacity than the impervious surfaces. Integrating additional factors for characterizing LULC is 

important for future research and will enhance the modeling of WC-LST regression analysis. Integrating 

satellite spectral indices (impervious index, soil index, water index, etc.) might be a good option for 

enhancing the WC-LST regression analysis. Moreover, additional indicators of WC may be integrated to 

study it in multilinear regression analysis such as; building heights, population per household, socio- 

economic/socio-demographic data, etc. Urban local climatic zones like the urban blocks or pixels size 

at both MR and LR resolution may be useful for offsetting the increased WC of future population growth 



 

and may prove to be a tool to achieve water sustainability. Future prediction of spatio-temporal changes 

of WC based on climate change parameters might benefit from e.g., estimated LST change using different 

future prediction methodologies e.g., Markov Chain and Cellular Automata. 

 

Figure 15. Scatterplots of the city periphery's estimated vs observed water consumption using the 
linear regression model. Two regressions are used to estimate WC; 1) WC - LST regression (a and b), 

2) WCPC  LST (a' and b'), using two Landsat 8 dates at 100 m resolution. 

Conclusions 

This study comprises a unique investigation into the spatial relationship between WC and LST, 

especially within the city center to estimate the missing values of WC in the peripheral areas. The freely 

available satellite thermal imagery for both parts (city and peripherals) across fine to medium spatio- 

temporal scales were found useful for advancing research methods based on shared parameters for 

regression analysis e.g., WC-LST to innovate research and applications that are using input data of 

estimated water consumption. 

The paper has tested two important applications; the first is to predict the seasonal water consumption, 

where LST shows a plausible correlation with WC in Khan Younis Governorate that can be used to 

estimate spatial pattern of WC per capita. While the second application estimates missing WC data. The 

WC-LST models in the city center is found to be a useful base for estimating WC for all parts of the city. 



 

Although the correlation with values from water meters in the periphery of the city is low due to the 

different sources of water supply (more use of boreholes) and data outliers, both applications have 

shown a simple but robust methodology with the assistance of remotely sensed LST data, this is 

critically important in areas with no in-situ temperature data. 

The study provides a useful methodology and tool for urban water resource managers to forecast water 

consumption at the spatial scales of MR (100 m) and LR (1000 m) based on satellite TIR sensors e.g. to 

calculate the change of WC per °C. We anticipate WC-LST models will help scientists and planners to 

understand the influence of the urban heat island on WC for promoting water conservation. Urban 

water managers can use such tools to establish proactive seasonal water resource management plans 

under the increasing pressure of climate change to forecast WC at multiple spatial scales. With respect 

to the statistical WC estimation per capita, the WC estimation per spatial unit (100 m or 1000 m) 

contributes to strengthening local and regional studies of equitable spatial water distribution, where 

other spatial climatic and geographic factors might be needed to justify WC equity and facilitate 

designing policies of water sector projects. 

The thermal imagery used for calculating the change of WC per °C should be representing the average 

temperature for that day of the year. When, monthly or daily based analysis is required, the 

parameterization of LST image values is important, due to the fact that satellite images are representing 

a certain moment that might be different from the mean day or date value. Reference in-situ climate 

data in urban areas for normalizing LST imageries can be achieved based on using consistent daily or 

monthly data such as local weather station data e.g., Max Temp or modeled standard weather data (daily 

or monthly). This may lead to an improved calculation and a higher spatio-temporal resolution of WC 

estimation, which is beyond this paper's research objective. 

Data with a low spatial resolution (> 1km) or uniformly disaggregated to 100 m resolution (e.g. 

population) did not improve the WCPC-LST model to enhance WC estimation. This is due to the fact that 

the population data is sampled at the census neighborhood level, which is at too low resolution for the 

pixel level, causing a low correlation. WC-LST proved to perform better at L8\LST resolution (100 m) 

without using the provided population data. 



 

Although the simplified method for estimating WC described in this application is in a primary stage, it 

sets an analytical framework for additional advancements in future studies. We expect differences 

according to the city structure, wealth, water resources availability, and spatial and temporal data 

availability. The method can be replicated easily to other urban areas for estimating WC, which may 

lead to more research investigation and advancement, especially in the developing world, where water 

consumption data within the non-central part of the city is commonly unavailable. Additional validation 

of this application in other urban areas, which has richer and varied water consumption databases 

might be useful. 
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