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Abstract

:

Austria’s water utilities are facing new challenges due to advancing climate change. In recent years, changes in water demand have been observed. Water demand forecast models are required to assess these changes and react to them in a sustainable way. In this study, an existing modeling approach was extended with new climate indices. The multiple linear regression model was applied to different study sites. The model was trained with a training dataset and validated with a test dataset. The performance of the model was assessed using common parameters, such as the mean absolute percentage error. In a further step, the modeling approach was applied to climate projections to estimate the change in water demand for three different representative concentration pathways (RCPs). The change in water demand due to population growth was then considered and combined with the change due to climate change. RCP2.6 shows an average 14% increase in water demand for the period 2051–2070, with climate change (average increase of 0.7%) playing a negligible role. For RCP4.5, an increase of 16% is predicted, while the highest increase of 19% is observed in RCP8.5. Population growth is responsible for most of the increase.
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1. Introduction


Several factors, such as population growth, urbanization, wealth, and climate change, are influencing water demand in urban areas. [1,2,3,4]. The relationship between these influencing parameters and the change in water demand has been investigated in several studies. For example, Dimkić [1] determined the influence of temperature on water consumption for two large cities in Serbia. The research showed that temperature plays a significant role in influencing water demand. In a further study [5], the effects of climate variables on household water demand in three geographically distributed cities in Ethiopia were investigated. The authors discovered a significant correlation between the examined climate parameters and water consumption. A study in Austria [6] showed a correlation between water demand, temperature, and dry periods. It was found that the daily water demand also increases as the temperatures increase. In addition, the results showed that peak water demand occurs with rising temperatures.



Based on these findings, appropriate forecast models are required for long-term predictions so that utilities can react to these changes in a sustainable manner. Multiple studies on water demand forecast models can be found in the literature [7]. However, the majority of the studies focus on optimizing system operation and not on long-term forecasts [8]. Different modeling approaches can be used for water demand forecasts, for example, multiple linear regression (MLR) [9,10], artificial neural networks (ANN) [11,12], or support vector regression (SVR) [13].



Bakker et al. [14] found that weather data can improve water demand forecasting. Donevska and Panov [15] employed multi-regression models to demonstrate how climate change affects water demand. In this regard, they analyzed the relationship between water supply data, precipitation, and temperature.



A study [16] was carried out to demonstrate the impact of climate change on water demand in Naples. The goal was to establish a connection between water demand and weather using coupled general circulation models. Atmospheric and oceanic processes were simulated using the models. Furthermore, random forest models (RF) were used to show the relationship between water demand and weather. The research showed that water demand may increase by 9–10% when maximum temperatures occur. Additionally, it was discovered that social characteristics (employment and level of education) have an influence on water demand.



Ashoori, Dzombak, and Small [3] used multiple linear regression models to investigate the influence of various factors, such as climate, demographics, and water price, on water demand. It was found that price and population had the greatest influence. Furthermore, temperature and precipitation turned out to be very significant. A daily demand model based on the stepwise regression approach was derived for the city of Toronto [8]. It was found that when the temperature increases by 1 degree, the peak water demand in summer will increase by 1.8% and the average water demand by 2%.



In a study in Montreal [17], a clustering analysis was performed that categorized water consumption into basic and seasonal consumption. The authors found that baseline water consumption is influenced by weekends but is independent of climate change, and seasonal water demand is dependent on the air temperature and total precipitation. Furthermore, in this study, linear Bayesian regression was applied, and climate projections were included for prediction. The results show a trend toward increasing seasonal water consumption.



Vonk et al. [13] used an SVR model to predict daily water demand for the year 2050 based on meteorological parameters and variations in vacation absence/presence (tourism). This information was then coupled with an extreme value model. The study considered various climate change scenarios and they also considered vacation scenarios. The authors found that the peak water demand increases by 6.5% and the average water demand only increases by 0.8% by 2050.



In a previous study [10] by the authors, a general MLR model was derived that considers climate indices. In this study, the results of the MLR modeling approach were compared with the results of other modeling approaches, which were SVR, RF, and ANN. We found that the general MLR modeling approach provided equivalent results to the other modeling approaches. Climate projections based on the representative concentration pathway (RCP) were considered. The water demand for the RCP8.5 was predicted, and we found that the peak water demand will increase in Austria during the summer months. In this study, other RCPs and demographic trends were not considered.



Water demand forecast models for long-term forecasts that consider both changes due to climate change and socio-demographic developments are needed. They are the basis for robust and sustainable decisions to maintain future water supply.



Therefore, in this study, the modeling approach from the previous study [10] was expanded. The aim is to obtain a model that can be applied to other inflow measurements without great effort. The initial studies have shown that the peak water demand due to drought conditions only decreases after larger amounts or durations of precipitation. Based on these findings, new climate indices were derived and used for the present study. These are e.g., dry hot days or maximum air temperature. Additionally, demographic change was considered. The aim of this work is to estimate future peak water demand based on climate change and demographic development. In the first step, the relationship between water demand and climate indices is determined. A suitable regression model is then derived, which can be applied to climate projections. Three available climate change scenarios RCP2.6, RCP4.5, and RCP8.5 are used for the water demand prediction to show how water demand can develop based on the different scenarios. In a further step, population change is included and a possible total change in future water demand is determined.



This work has the following structure. In the materials section, we describe the study sites and the used data. Next, we provide an overview of the workflow and modeling approach in the method section. The performance evaluation of the regression model and the discussion of the water demand prediction results are presented in the results section. In the final section, we present our conclusions.




2. Materials


2.1. Study Site


Four study sites in Austria were considered, which have a warm temperate climate and fully humid and warm summers.



The Austrian water utilities maintain records of their daily water demand, which is depicted through the daily inflow into the system or specific zones. In this study, we assume that water losses are small and remain consistent throughout the measured period. There is hardly any tourist activity in any of the zones and this aspect is, therefore, neglected.



The inflow into the zone was measured for all zones and is available at a daily resolution (m3/d). Multi-year water demand records were available for all the zones. For Zone 1 and Zone 3, 10 years were available in each case and 8 years were available for zones 2 and 4. The water demand records were provided to us by the responsible water utilities.



Zone 1 and Zone 2 are large districts with a large proportion of single-family households and multi-family households and a small proportion of commercial and industrial properties. There is insufficient data available on the water demand of industry and commerce. Zone 3 and Zone 4, on the other hand, are small zones with predominantly single-family households and multi-family households. Different zones were used in this study than in the previous study [10]. There are currently no restrictions on pools and garden irrigation in Austria. Therefore, on hot and dry days in particular, the water demand can increase due to the irrigation of private gardens. Therefore, water demand records and historical weather records form an important basis for this work.



Historical weather records are available for the study sites, which can be downloaded via the Geosphere Austria Data Hub [18]. These historical weather records include the mean, maximum, and minimum temperature, the amount of precipitation, and the type of precipitation. Punctual weather records from the nearest weather station were selected for each study site.



In previous research [10], it was found that peak demand occurs in the months of April to September, so, in this study, the observation period was also limited to these months.




2.2. Climate Indices


During the Fifth Assessment Report by the Intergovernmental Panel on Climate Change (IPCC) [19], the concept of representative concentration pathways (RCPs) emerged. In this context, “representative” indicates that each RCP signifies a distinct route within a broad range of scenarios. Each scenario is capable of determining distinct features of radiative forcing. The term “pathway” clarifies that the achievement of the result depends on both the long-term concentration level and the trajectory over time, with different scenarios mapped, including RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5 [19,20].



Climate projections for Austria are available for three scenarios: RCP2.6, RCP4.5, and RCP8.5. These projections [21,22] were derived as part of the ÖKS 15 study [23] and can be downloaded from the CCCA Data platform [24]. These projections represent the RCPs and were derived by combining global and regional climate models [23]. The ÖKS 15 study [23] used regional climate models, which were developed as part of the EURO-CORDEX (www.euro-cordex.net; accessed on 20 December 2023) [25]. In the ÖKS 15 study [23], 27 different climate indices are defined, which are temperature, radiation, or precipitation-based. For this study, we used precipitation and temperature-based indices.



In the first study, the significant climate indices were derived at that time. These are listed and described in Table 1.



As we found in the last study there is still room for improvement in the climate indices, we carried out further analysis to analyze the relationship between temperature, drought, and water demand. The analysis revealed that the water demand increases with rising temperatures in conjunction with dry periods. Figure 1 shows the correlation between the water demand and mean temperature for Zone 1 as an example. It can be seen the water demand increases when the mean temperature rises, and the dry periods last for several days. The increase in water demand at higher temperatures may be due to increased garden irrigation and showering more often on hot days. The decrease in the water demand (more than 10 dry days and mean temperature between 15 and 20 °C) can be explained by the lack of data for more than 10 dry days and an average temperature between 15 and 20 degrees. Therefore, this bar is not representative. We have also found that the water demand only decreases with larger amounts of precipitation or precipitation of more than 1 mm on more than two consecutive days.



Based on these findings, we have expanded the existing climate indices. In particular, the dry period was reconsidered. A new dry period was, therefore, introduced to reflect these findings. The dry period is only interrupted if it rains on two consecutive days. Additionally, the maximum air temperature is also considered. Table 2 shows the new climate indices.





3. Methods


In this study, the modeling approach from the previous study [10] was expanded. In contrast to the previous study, where only RCP8.5 was used, we now consider one mitigation scenario (RCP2.6), one medium stabilization scenario (RCP4.5), and one very high baseline emission scenario (RCP8.5). The three different RCPs were used to illustrate the different effects of climate change on water demand. Furthermore, as mentioned above, additional climate indices and population change were considered in the model-building process. Figure 2 shows the approach and workflow used in the research presented here. The first step is data preparation. This involves processing the water demand measurements, historical weather records, and climate projections. This is followed by a three-part modeling process. A multiple linear regression model is derived, and its model performance is assessed. Next, the MLR model is used with the prepared climate projections to estimate the impact of climate change on water demand. In the final step, the change in water demand due to population change is also considered.



The individual steps of the modeling process are described in more detail below.



3.1. Data Preparation


The modeling process is preceded by intensive data preparation. Data preparation forms an important basis here, as it can influence the model performance and the results. For the study sites, several years of water demand records were available. Since the goal is to predict changes in the peak water demand, only water demand records where there were no system changes, such as merging two zones into one, during the recording period were used.



In the first step, an outlier removal was carried out to remove implausible peak and minimum demand values. The boxplot.stats [27] function in R (version 4.2.2) was used for outlier detection. All the outliers were removed, and linear interpolation was used to fill the gaps as there were only short gaps in all the zones. As population development has a major influence on the change in water demand, this trend was excluded from the measurement data. For this purpose, the increase in the water demand caused by the population increase was deducted from the measured data. The population trend is available for the individual years for each zone [28,29,30]. The population forecast is based on fertility, mortality, internal migration, external migration, and population status, such as age, gender, and origin. Cluster analyses were carried out, allowing regional types to be summarized. [31] Furthermore, the main variant of the current population forecast from STATISTIK AUSTRIA [32] was also taken into account. The multi-regional forecasting program SIKURS (Statistical information system for small-scale allocation and projection of a regional population structure) of the German KOSIS network was used for the calculation. [31] Since the population forecast is only available until 2050, the simple assumption was made that the population change will continue at the same rate until 2070.



Historical weather records were used in the model-building process. By using historical weather records, the correlation between climate indices and peak water demand can be analyzed. All the above-mentioned climate indices can be derived from the available weather records. This was performed to illustrate the correlation between climate indices and daily water demand and, subsequently, to estimate the change in water demand based on the change in climate indices. The data was prepared in the same way as in the previous study, and a detailed description can be found in the latter [10].




3.2. Model Building


As the MLR model proved to be suitable for water demand prediction [10], the existing modeling approach was extended in the present study.



The multiple linear regression aims to identify the relationship between a set of independent (X) and dependent variables (Y). The following equation represents the multiple linear regression [9].


  Y = f   X   =   β   0   +   β   1     X   1   +   β   2     X   2   + … +   β   n     X   n   +  ϵ   



(1)







Here,     β   0     is the intercept.     β   n     are the regression parameters for   n   independent variables, and   ϵ   represents the error term. In these models, the parameters     β   0    ,     β   1    , …,     β   n     have a linear relationship, meaning each parameter is multiplied by a variable   X  . These multiplication terms are added together to form the regression function [9].



In this step, the water demand records and the historical weather records were combined and a correlation analysis was performed to identify the variables to include in the model. The dataset was split into a training and a test dataset. To derive the significant climate indices (Section 2.2), general variables (days of the week and months), and combinations of variables, a stepwise forward variable selection [33] was performed during the modeling process. The days of the week were categorized from 1–7. Monday was used as the starting number; Sunday and public holidays were categorized in the same way. All the variables and combinations of variables were included in the model in the first step for the stepwise forward variable selection [33]. The Chi-square test was used to derive the significance (expressed by the p-value) for each variable and all the combinations. All the variables and combinations whose p-value was less than 0.1 were used to create an MLR model. The new p-values were then calculated and all the variables with a value greater than 0.1 were removed from the model. The goal was to derive a model that contained only variables and their combinations with a p-value < 0.1. This step was repeated until all the p-values were less than 0.1.



This step was carried out for each individual zone. Then, the individual models were compared with each other to derive all the variables that occurred in all the models. The final MRL model was created based on these variables.




3.3. Model Performance


In the second step, the model accuracy of the final model was checked. For this purpose, common measures of model accuracy were used, such as the mean absolute percentage error (MAPE) and the Pearson correlation (r). The following equations show the two measures [7]:


  M A P E =   100   N     ∑  t = 1   N          Y   t   −     Y  ^    t       Y   t          



(2)






  r =   N (  ∑    Y   t       Y  ^    t   ) − (  ∑    Y   t     ) (  ∑      Y  ^    t     )        N  ∑    Y   t   2     −   (  ∑    Y   t     )   2       N  ∑      Y  ^    t   2     −   (  ∑      Y  ^    t     )   2         
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The measurement and the forecast value for   N   time steps at time   t   are represented by     Y   t    , and       Y   t    ^   .     Y   t   −     Y  ^    t     is the forecast error. MAPE is most suitable for comparing the model performance across different study sites as it is not influenced by the water capacity of the system [7]. Secondly, whether the peak demand was taken with sufficient accuracy was also assessed.




3.4. Long-Term Water Demand Estimation Considering Climate Change and Demographic Development


In the previous paper, the nearest grid box of the climate projections was selected for the supply system. In this study, the supply area was cut out of the climate projections, and all the grid boxes that lie within this boundary were summarized and the mean value was determined. When using climate projections, a long period must be selected to cover climate fluctuations. Therefore, a period of 20–30 years should be selected [23].



In this step, the MLR model was applied to the climate projections. There were 8 projections available for the RCP2.6 and 16 projections each for the RCP4.5 and RCP8.5. For this prediction, it is assumed that the water distribution system remains approximately the same for the periods under consideration. The water demand was determined for a reference period and two forecast periods.



In the final step, the change in the water demand caused by the population growth was considered. The population forecasts from [31] were used for this. This small-scale population forecast is available for Austria at the district level. In order to calculate the change in the water demand due to the population change, the percentage change in the water demand was calculated for each study site on the basis of the annual population change and the average water demand per person per day. Finally, we combined the change resulting from population growth with the change due to climate change.





4. Results and Discussion


4.1. Model Building


First, an individual MLR model was derived for each zone. The time series was split into a training and test dataset for all the zones. Two-thirds of the time series was used to build and train the model and one-third of the time series was used to validate the model. The climate indices and the variables day of the week and the month were included in the modeling process. The significant variables and their combinations were determined using the stepwise forward variable selection process described in Section 3.2. The individual models were then compared to each other, and the variables that occurred in all the models were derived and a general MLR model was created. In all the study sites, the minimum temperature had no significant effect on the water demand. Some of the additional climate indices, such as dry hot days and dry heat waves, also showed no significance. However, the mean and maximum temperatures proved to be significant. Furthermore, the combination of the maximum temperature and month as well as the dry periods were kept in the model. Additionally, dry summer days showed significance in all the study sites. Hence, of the additional climate indices, the dry periods, the maximum temperature, and the dry summer days proved to be significant for water demand prediction. In the last study, heat waves could not be taken into account as no heat waves occurred during the short observation period. In this study, heat waves occurred in all the zones except Zone 2 during the observation period, so this climate index was taken into account. The individual variables used in the MLR model are listed below:
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The variable importance was then evaluated for each zone and is shown in Figure 3. The color distribution represents the importance of the individual variables per zone. A brighter box indicates a higher importance of the variable in the zone. In Zone 2, the heat wave box (hw_sum_days) is white. This is because no heat waves occurred in this zone during the observation period.




4.2. Model Performance


The model accuracy was quantified using the metrics presented in Section 3.3. Since the previous paper found that the MLR model provides equivalent model results to common model approaches, a comparison between different model approaches is neglected in this paper. The results of the model accuracy tests for the training dataset are shown in Table 3. Good model accuracy was obtained for all the zones. The MAPE ranged from 4 and 9% for all the zones. Zone 1 had the best results. A satisfactory correlation was achieved for all the zones.



After the models were trained, the daily water demand was predicted using the test dataset. As with the training dataset, the model accuracy was determined. Table 4 shows the results of the model accuracy tests for the test dataset. The model also achieved good model accuracy here, but this was slightly worse than for the training dataset. The MAPE was between 5 and 11%. Zone 1 achieved very good results, with a MAPE of around 5%. The correlation was somewhat lower compared to the training dataset. Nevertheless, the results are satisfactory, with minor variations in the MAPE between the training and test datasets.



Whether the peak demand could be predicted with sufficient accuracy was also examined. Figure 4 shows the comparison between the measured data and the predicted water demand. The model reproduced the peaks for the training data well. For the test data, the model underestimated the peaks a little bit. Furthermore, the measured mean water demand was compared with the predicted mean water demand. The model slightly underestimates the water demand.



It can be clearly seen that good results were generated for all the zones. Furthermore, the influence of the climate indices on the model quality plays an important role when comparing the results with those of the previous study.




4.3. Long-Term Water Demand Estimation Considering Climate Change and Demographic Development


A reference period of 2001–2020 and two future periods, 2031–2050 and 2051–2070, were, therefore, selected for the projection. The three scenarios, RCP2.6, RCP4.5, and RCP8.5, were available for the prediction. The MLR model was used to predict the water demand for each individual climate projection. This resulted in a range of possible future water demands per zone. The water demand was predicted for the reference period and the future period and then compared to determine the change in the water demand. The change in the water demand was calculated as a percentage. Furthermore, the change in the water demand due to the changing population in the individual zones was included. An increase in the population was expected for all the zones. The development of the population was taken from the small-scale population forecast [31]. For this calculation, it was assumed that the average consumption per person and day remained approximately the same. The change in the water demand resulting from the population increase was combined with the change due to climate change.



Figure 5 shows the possible ranges of the future peak water demand due to climate change and demographic development. It is evident that the peak water demand varies with each climate change scenario. For the period 2031–2050, the change in the peak water demand does not yet fluctuate greatly due to the individual climate change scenarios. For all the zones, there is not much difference between the individual scenarios for this period. This may be due to the short distance between the reference period and the future period.



Additionally, a bar plot (Figure 6) was created to show the influence of climate change and population development more clearly. In the following figure, the change in the peak water demand due to climate change is shown in purple, and the change due to population development is shown in yellow. It is very clear that population development is the most significant factor in all the study sites. However, it should be noted that these results may be different for other study sites in Austria. An average change of around 8% may occur for RCP2.6 during the period 2031–2050. A possible average change of 9% is predicted for RCP4.5 and 9% for RCP8.5. Looking at the second period, 2051–2070, the results scatter more clearly between the individual scenarios. Here, it is easy to see that the water demand for the worst-case scenario, RCP8.5, can increase most significantly by 19%. For RCP4.5 the mean increase is 16%, and for RCP2.6, it is 14%.



From the results presented above, it can be deduced that the demand for water in the selected study sites in Austria will increase due to advancing climate change and population development. However, there is a difference between the individual climate change scenarios. Population development accounts for the most significant part of the change, but this can vary in other areas of Austria.





5. Conclusions


The aim of this study was to estimate the change in the peak water demand caused by climate change and demographic development. For this purpose, an MLR model was derived based on climate indices and variables, such as days of the week and the month. The model should be designed so that it can be easily applied to other zonal inflow data. The temperature-based indices, such as maximum temperature and summer days, were found to be particularly significant. We also found that the minimum temperature has no significance compared to the water demand. The model accuracy was assessed for the training and test datasets using common model quality parameters, such as the MAPE. Satisfactory results were obtained for all the selected zones. The MLR model slightly underestimated the water demand. This can be attributed to the fact that the increasing dry and hot periods are not yet adequately represented in the available data.



The MLR model was then applied to climate indices available from climate projections for the RCP2.6, RCP4.5, and RCP8.5. The peak water demand was predicted for a reference period, 2001–2020, as well as for two future periods, 2031–2050 and 2051–2070. The change in the peak water demand due to population growth was then calculated and combined with the previous change. An increase in the population is expected for all the study sites. For the first period, the results do not yet vary much between the different RCPs, which is in line with climate change assessments. For the second period, RCP2.6 predicts an average increase in the peak water demand of about 14%. However, only around 0.7% of this is due to climate change. For RCP4.5, 16% was predicted for the same period due to climate change and population growth for the study sites. On average, about 2.5% can be attributed to climate change. For RCP8.5, the predicted mean increase was 19% (around 6% due to climate change). It was found that for these study sites, the majority of the increase was due to population growth. However, in other parts of Austria, the results may be different due to different climatic conditions and population changes. Almost no increase in the water demand due to climate change was forecasted for RCP2.6, which underlines the importance of climate action [34]. To reduce the future increase in the water demand due to climate change, climate change adaptation measures should be further promoted. In particular, meeting the Sustainable Development Goals [35] should be a top priority to minimize the impact of climate change.



To improve the prediction, a scenario analysis of the individual study sites is recommended, in which different climate change scenarios and population developments are combined. Additionally, understanding the variations in the water demand among different consumer types at the building level would be valuable for estimating the impact of diverse urban development scenarios on water demand in the future. This may be important for future urban development to determine which neighborhoods will have the highest water demand based on the type of development. Furthermore, it is assumed that an analysis of the actual irrigation demand of private gardens and the exact water demand used for pool fillings would make the evaluations more accurate.
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Figure 1. Change in water demand depending on dry days and mean temperature. 
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Figure 2. Model building workflow. The first step is data preparation. The modeling process is divided into three steps. The first is model building, the second is model performance assessment, and the final step is long-term peak water demand estimation. 
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Figure 3. Variable importance MLR model for each zone. The color gradations represent the variable importance of the MLR model. The brighter the box the more important the variable is. 
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Figure 4. Example of the comparison of the measured water demand (thick purple line) and the predicted water demand (thin green line) for the training dataset (left) and for the test data (right) for Zone 1 and one year. 
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Figure 5. Increase in peak water demand due to climate change and demographic development. The percentage change in peak water demand between the reference period and future periods is shown. 
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Figure 6. Average change in peak water demand due to climate change and demographic development. The change due to climate change is the purple part and the yellow part shows the change due to demographic development. 
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Table 1. Significant climate indices adapted from [23,26].






Table 1. Significant climate indices adapted from [23,26].





	Climate Indices
	Abbreviation
	Description





	Air temperature (°C)
	tm
	Mean temperature [23]



	Hot days (days)
	su30
	Days with a maximum temperature of more than 30.0 °C [23]



	Summer days (days)
	su25
	Days with a maximum temperature of more than 25.0 °C [23,26]



	Heat waves (days)
	hw_sum_days
	A period of at least three days with a daily maximum temperature of more than 30.0 °C and a daily minimum temperature of at least 18.0 °C [23]



	Consecutive dry days (days)
	cdd_sum_days
	An episode lasting at least five days with a precipitation amount of less than 1 mm [23,26]



	Consecutive wet days (days)
	cwd_sum_days
	An episode lasting at least three days with a precipitation amount of at least 1 mm [23,26]










 





Table 2. New climate indices.






Table 2. New climate indices.





	Climate Indices
	Abbreviation
	Description





	Maximum air temperature (°C)
	tmax
	Maximum temperature



	Minimum air temperature (°C)
	tmin
	Minimum temperature



	Dry hot days (days)
	dsu30
	Days with a maximum temperature of more than 30.0 °C and a precipitation amount of less than 1 mm



	Dry summer days (days)
	dsu25
	Days with a maximum temperature of more than 25.0 °C and a precipitation amount of less than 1 mm



	Dry heat waves (days)
	dhw
	A period of at least three days with a daily maximum temperature of more than 30.0 °C and a daily minimum temperature of less than 18.0 °C and a precipitation amount of less than 1 mm



	Dry period (days)
	de
	An episode that is only interrupted if there is more than 1 mm of precipitation on three consecutive days.










 





Table 3. Model accuracy for the training data set for all zones.






Table 3. Model accuracy for the training data set for all zones.





	Zone
	MAPE (%)
	r (-)





	Zone 1
	4.4
	0.78



	Zone 2
	8.1
	0.69



	Zone 3
	8.9
	0.62



	Zone 4
	9.0
	0.71










 





Table 4. Model accuracy for the test dataset for all zones.






Table 4. Model accuracy for the test dataset for all zones.





	Zone
	MAPE (%)
	r (-)





	Zone 1
	4.7
	0.78



	Zone 2
	8.9
	0.69



	Zone 3
	8.9
	0.54



	Zone 4
	10.6
	0.52
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