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17 Abstract: Reliable water use simulation is essential for sustainable water resource planning, especially
18  under intensifying pressures from climate change, population growth, and socio-economic transitions. While
19  previous studies have extensively explored water availability as supply side modeling across multiple spatial
20  scales for its spatial heterogeneity, the water demand side remains relatively underdeveloped—often
21  constrained by fixed spatial scales and coarse statistical data that assume spatial homogeneity. This mismatch
22 between supply side and demand side limits the ability of existing models to accurately represent spatial
23 heterogeneity in water use and brings uncertainty into water resource allocation strategies. To address this
24 mismatch, we propose a novel multi-scale water use simulation framework by integrating cellular automata
25  (CA) model with Generalized Likelihood Uncertainty Estimation (GLUE). The CA model captures the spatial
26  heterogeneity of water use through the grid-based update rules. Two update rules are adopted—probability
27  rule (i.e., capturing stochastic transitions via distribution fitting) and linear rule (i.e., modeling neighborhood-
28  weighted evolution). To evaluate the impacts of spatial scale on water use heterogeneity, simulations are
29  conducted at three spatial scales: 1 km, appropriate scale, and prefecture scale across 341 prefectures in China.
30 Results show that both the update rule and spatial scale significantly affect spatial heterogeneity and
31  uncertainty of water use. The probability rule can capture the broader variability but results in higher Root
32 Mean Squared Error (RMSE) and Relative Error (RE) while the linear rule brings more stable performance
33 with lower errors. While the 1 km scale increases uncertainty due to sensitivity to local fluctuations, and the
34  prefecture scale suppresses spatial details, the appropriate scale offers the best trade-off between stability and
35  spatial heterogeneity. The uncertainty quantified by GLUE, expresses as confidence intervals, varies across
36  prefectures and spatial scales. Overall, the proposed framework offers a flexible tool for multi-scale water use
37  simulation and highlights the critical role of spatial heterogeneity, thereby supporting adaptive water resource

38  planning and management.



https://doi.org/10.5194/egusphere-2025-2734
Preprint. Discussion started: 27 June 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

39 Key words: demand-side water modeling; spatial scale; water resources management; water scarcity

40  assessment



https://doi.org/10.5194/egusphere-2025-2734
Preprint. Discussion started: 27 June 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

41 1 Introduction

42 Water scarcity has become one of the most pressing global challenges, exacerbated by climate change,
43 population growth, and unsustainable water use practices (Avargani et al. 2022, Huang et al. 2021, Kaewmai
44  etal. 2019, Rosa et al. 2020). Nearly 2.3 billion people is living in regions facing water scarcity (Brunner et
45  al. 2019, Dolan et al. 2021, Mekonnen and Hoekstra 2016). In this context, accurate and timely assessments
46  of water scarcity are essential for effective water management, resource allocation, and policy-making
47  (Avargani et al. 2022, Cao et al. 2018). A scientifically rigorous water scarcity assessment requires a
48  comprehensive understanding of both available water resources and water use (Brunner et al. 2019, Ji et al.
49 2025, Sun et al. 2022). However, these two components are often represented at incompatible spatial scales,
50  resulting in mismatches that complicate accurate evaluation and integrated water resources planning (Almino
51  and Rufino 2021, Kang et al. 2017).

52 In the past few decades, significant advancements in hydrological modeling, satellite remote sensing,
53  and reanalysis datasets have enabled researchers to simulate surface and ground available water resources
54  across various temporal and spatial scales—from daily basin-scale runoff forecasts to long-term continental
55  water balance projections (Horta et al. 2024, Su et al. 2024, Yang et al. 2021, Zhang and Long 2021). These
56  advancements have laid the foundation for widely used tools such as SWAT, VIC, H08, and PCR-GLOBWB,
57  which help water managers better understand available water resources under different spatial-temporal scales
58  (Hersbach et al. 2020, Kovacevic et al. 2020, Noori and Kalin 2016, Sunkara and Singh 2022). Though there
59  has been water use simulation progress, it still faces significant challenges and has yet to achieve the same
60  spatial level of sophistication as the simulation of available water resources. The primary limitations of water
61  use simulation lies in the available spatial scales of water use data (Hou et al. 2024, Zhang et al. 2023). Much

62  ofthe existing researches rely on a coarse, aggregated dataset such as national statistics, sectoral usage reports,

4
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63  or administrative boundaries (e.g., counties, provinces) (Carvalho et al. 2021, Wu et al. 2022, Zhang et al.
64  2023). These datasets inherently assume uniform water use within each administrative unit, and often overlook
65  the spatial heterogeneity of water use. This oversimplification limits the ability of water use simulations to
66  capture spatial variation, particularly in regions with pronounced heterogeneity (Brunner et al. 2019, Su et al.
67  2024).

68 Simulating water use at a grid scale provides a promising solution to address the spatial scale mismatch,
69  allowing for a more accurate representation of water use dynamics and capturing regional variations (Su et al.
70 2024, Wu and Lu 2021). A grid-based approach allows for a more accurate representation of water use
71  dynamics by capturing fine-scale spatial heterogeneity, which administrative survey data often overlook.
72 Zhang et al. (2023) integrated the Iterative Input Selection algorithm with Convolutional Neural Networks to
73  simulate annual irrigation water use, producing high-resolution grid maps with a spatial resolution of 1 km for
74  mainland China. Hou et al. (2024) developed a monthly dataset on industrial water withdrawals, incorporating
75  spatial resolutions of 0.1° and 0.25° by utilizing enterprise data, product yields, and water use statistics. These
76  studies have demonstrated that the downscaled water use data from administrative level to grid scale can catch
77  amore detailed and region-specific representation of water use patterns, thereby improving their applicability
78  in water resource management and water scarcity assessment. However, these studies still rely on a fixed
79  spatial grid scale, limiting their ability to capture the full spatial heterogeneity of water use. The effects of
80  spatial resolution on the representation of water use heterogeneity remain insufficiently explored. In particular,
81  finer scales (such as 1 km grids) can capture localized variations in water use, coarser scales (such as regional
82  or administrative boundaries) tend to smooth over spatial differences, potentially obscuring critical patterns
83  (Luo et al. 2020, Sun et al. 2022). Therefore, simulating water use across multiple spatial scales is essential

84  for capturing the full spectrum of spatial heterogeneity. By incorporating the results at different spatial scales,
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85  this simulation can account for the fine-scale dynamics of water use in urban, agricultural, and industrial areas
86  more effectively, offering a comprehensive understanding of water use patterns and improving the accuracy
87  of water scarcity assessments (Su et al. 2024, Sunkara and Singh 2022).

88 Since the spatial scale of water use simulation depends on the spatial scale of the input data (Horta et

89  al. 2024, Sharifi et al. 2021, Zhang et al. 2023), achieving multi-scale water use simulation requires a model

90 that can flexibly handle different input spatial scales. Such a model should be adaptable to varying spatial

91  resolutions and ensure accurate simulation of water use, whether the focus is on fine-scale urban areas,

92  intermediate regional levels, or broader national assessments. The cellular automata (CA) model, with its grid-

93  based structure, offers a suitable framework for spatially explicit modeling across multiple scales by adjusting

94 Dboth the spatial resolution of input data and the design of updating rules (Al-Shaar et al. 2022, Sapino et al.

95 2023, Tariq et al. 2023, Wang et al. 2020). The CA model can thus be employed to support multi-scale water

96  use simulation. And as uncertainties are inherently associated with the selection of spatial scales and update

97  rules (Yin et al. 2020, Zhang and Long 2021), it is critical to quantify and address these uncertainties to ensure

98 the reliability of simulation outcomes.

99 The aim of this research is to develop a multi-scale water use simulation framework that specifically
100  addresses the impact of spatial scale on the spatial heterogeneity of water use. The framework is mainly
101  composed of the CA model for simulating water use dynamics across various spatial scales and an uncertainty
102 analysis technique for quantifying the uncertainties of the simulation. The proposed framework will not only
103 facilitate a deeper understanding of the influences of spatial scale on water use heterogeneity in diverse regions,
104  but also improves the accuracy of water scarcity assessments and supports more effective resource
105  management. Ultimately, the proposed framework contributes to advancing sustainable water governance in

106  areas facing pronounced water stress.
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2. Methodology
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To develop a multi-scale water use simulation model, the dynamic spatial scale simulation capabilities

of the CA model should be firstly leveraged. The particularly advantage of CA model is modeling complex

global dynamics through simple local interactions and transition rules (Al-Shaar et al. 2022, Liu et al. 2021,

Tariq et al. 2023). Moreover, the grid-based structure of the CA model allows it to flexibly accommodate

various spatial resolutions, making it well-suited for modeling water use at multiple spatial scales (Sapino et

al. 2023, Wang et al. 2020). In this framework, water use grid maps at different spatial scales are first prepared

as inputs to the CA model. Each grid is treated as an individual cell in the CA model, with the water use

amount at each cell representing its state. Based on the neighborhood configuration and the initial baseline

year water use data, water use values for future years are simulated using predefined update rules for each cell

at multiple spatial scales. The procedure of our proposed CA model for multi-scale water use simulation is

depicted in Figure 1.
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Figure 1. Procedure of the multi-scale water use simulation

To capture the spatial heterogeneity of water use dynamics at different scales, the Coefficient of Variation
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122 (CV) (Abdi 2010) and Moran's I spatial autocorrelation index (Tiefelsdorf et al. 1995) are employed here. The
123 CV measures the relative variability of water use across regions, with higher values indicating greater spatial
124 heterogeneity. Moran's I assesses the degree of spatial autocorrelation, identifying whether similar values are
125  spatially clustered (positive values) or dispersed (negative values). These two indices are applied to evaluate
126  the spatial heterogeneity of water use grid maps at different spatial scales (i.e., 1 km, appropriate scale, and
127  prefecture scale), and figure out the influences of the spatial variations on water use dynamics and uncertainty
128  in the simulation results.

129 To quantify the uncertainties of water use simulation for providing a more robust foundation for water
130  scarcity assessment and policy-making (He et al. 2018, Knox et al. 2018, Sharifi et al. 2021), the Generalized
131  Likelihood Uncertainty Estimation (GLUE) method is adopted here. GLUE provides a probabilistic
132 framework for model evaluation by exploring a wide range of parameter sets and assigning likelihoods to each
133 based on their performance. This approach effectively addresses model equifinality—where multiple
134 parameter combinations yield similar outputs—and is particularly well-suited for complex, non-linear models

135 such as cellular automata (Liu et al. 2015, Yin et al. 2020).

136 2.1 Water Use Grid Maps generating

137 The spatial scale of water use simulation is determined by the spatial scale of the input data, so water use
138  grid maps at different spatial scales should be prepared as input to the simulation model. To obtain the water
139 use grid maps, several steps should be done to convert the water use data at administrative survey scale into
140  the varying spatially explicit scales. First, the water use data at administrative survey scale is processed and
141  downscaled to grid-based formats by the iterative input selection (Galelli and Castelletti 2013) and
142 Convolutional Neural Networks (CNN) algorithms. The iterative input selection algorithm is used to select

143 the most relevant variables for water use, while the CNN model captures the relationships between input
8
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144 variables and water use (Zhang et al. 2023). Next, the appropriate spatial scale for water use simulation is
145  identified using an end-to-end deep learning-based spatial scale adaptive selection model (Liu et al. 2022,
146 Zhang et al. 2025). Finally, water use grid maps are obtained at small spatial scale (e.g., 1km), and then the

147  appropriate spatial scale and prefecture scale.

148 2.2 Cellular automata model for water use simulation

149 The CA model, grounded in complexity theory, is widely used in land use and urban growth modeling.
150 It provides a robust platform for simulating spatial phenomena governed by local interactions and transition
151  rules (Sapino et al. 2023, Tariq et al. 2023). Each cell in a CA model represents a discrete spatial unit that
152 updates its state over time based on predefined rules and the states of its neighboring cells. It’s decentralized,
153  bottom-up modeling structure enables the simulation of complex global behaviors emerging from simple local
154  dynamics (Al-Shaar et al. 2022, Wang et al. 2020). This model often employs two distinct update rules to
155  simulate water use over time: the probability rule and the linear rule. Both rules account for spatial interactions
156  between neighboring cells and allow for the simulation of water use at multi-scale, capturing the heterogeneity
157  of water use across different geographical regions. By applying both rules independently, the effectiveness of

158  update rules in simulating water use at multi-scale is assessed.

159  2.2.1 Probability rule in CA

160 The probability rule in the CA model is designed to capture the stochastic nature of water use transitions.
161  The state of each grid cell (i.e., representing the amount of water use) is divided into k distinct intervals using
162  equal-frequency categorization according to its historical data. This categorization ensures that the intervals
163  reflect the variations in water use over time. For each interval, the most suitable statistical distribution is

164  selected using the Akaike Information Criterion (AIC). The distribution is chosen from a set of candidate

9
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165  distributions, including normal, lognormal, exponential, gamma, and uniform.

166 Once the most appropriate distribution is found for each interval, a state transition matrix is created based
167  on the transition of states from one year to the next. The transition matrix indicates the probabilities of a grid
168  cell's state transitioning to another state (i.e., another interval) in the following year. Using these transition
169  probabilities, the model predicts which interval each grid cell's state will fall into at the next time step. A
170  random sample is then drawn from the corresponding distribution of the predicted interval, providing a
171  predicted water use value for the next time step. This approach introduces variability, reflecting the inherent
172 randomness and uncertainty in future water use patterns.

173 In the probability rule, the calibrated parameter is the number of state intervals and is denoted as k. The
174 value of k directly affects the granularity of the state categorization and the accuracy of the state transition
175  matrix. A larger & increases the resolution of the state representation and captures the finer variations in water
176  use, but a larger £ can also lead to overfitting. And a smaller k oversimplifies the demand pattern. To calibrate
177  the parameter £, the historical and observed water use data is divided into a calibration and a validation sets.
178  And the performances of the model with different & values is then evaluated by the Root Mean Squared Error
179  (RMSFE) and Relative Error (RE) metrics. The optimal & can be calibrated by the minimums of the RMSE and

180  RE in the validation period, ensuring a balance between model accuracy and generalizability.

181  2.2.2 Linear rule in CA

182 The linear rule in CA updates the water use of each cell according to the weighted average of its current
183  state and the states of its neighboring cells. The linear rule assumes that the water use at a given grid cell is
184  influenced by both its own previous state and the water use of adjacent cells. The linear rule is expressed as

185  the Equation (1).

10
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186 W+ =aW () + F3 oW 0) (1)

187  where W(t+1) is the predicted water use of the central cell at time #+1, W(?) is the current water use of the
188  central cell at time #, Wi(z+1) represents the water use at the it neighboring cell (i=1,2,...,8) attime ¢, o, is
189  the weight that is assigned to the i neighboring cell, & and f are coefficients that control the relative influence
190  of the central cell’s own water use and the neighboring cells' water use.

191 To accurately capture the influences of neighboring cells, the weight @, for each neighboring cell is
192 determined by an inverse distance weighting scheme with an exponential decay and is expressed as the

193 Equation (2).

194 ®=— 2

195  where d; is the Euclidean distance between the central cell and the i neighboring cell, p is an adjustable
196  exponent that controls the rate of decay in the influence of neighboring cells.

197 To determine the parameters a, 5, and p, the observed period is also divided into a calibration period and
198  a validation period. After the model runs with different parameter combinations, and their performances are
199  assessed in terms of RMSE and RE, the optimal parameter set will be picked out by the minimum of the

200  performance metrics in the validation period.

201 2.3 Generalized Likelihood Uncertainty Estimation for water use simulation

202 Generalized Likelihood Uncertainty (GLUE) is a probabilistic approach that evaluates a model’s
203  performance by considering a wide range of plausible parameter sets and quantifying the likelihood of each
204  setin its ability to reproduce observed data (Chen et al. 2011, Sharifi et al. 2021, Taormina et al. 2016). Unlike
205  traditional deterministic calibration methods, GLUE acknowledges the inherent equifinality in environmental

206  modeling that also is the possibility of the acceptable results from the multiple parameters set. The GLUE is
1
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207  incorporated into the CA model to assess the uncertainty in water use simulations.

208 The GLUE is applied in both the probability rule and the linear rule of the CA model to evaluate the
209  uncertainty of water use simulations. There are six steps. (1) Parameter Selection: the number of state intervals
210 £ for the probability rule, and the self-influence coefficient a, the neighboring influence coefficient S, and the
211  distance decay exponent p for the linear rule; (2) Parameter Sampling: a large number of parameter sets are
212 generated by the uniform sampling within specified ranges for each parameter; (3) Model Simulation: the CA
213 model is executed by each parameter set to simulate water use for the target period; (4) Likelihood Estimation:
214 RMSE and RE values are calculated for each simulation to evaluate how well the simulated results match the
215  observed data; (5) Behavioral Parameter Identification: behavioral parameter sets can yield acceptable
216  likelihood values according to the thresholds that is determined by the calibration data; (6) Uncertainty
217  Quantification: from the range of outputs from the behavioral parameter sets, a prediction interval is

218  constructed quantify the uncertainty associated with the water use projections.

219 2.4 Spatial Heterogeneity of water use

220 To comprehensively understand the variability and spatial relationships of water use patterns across
221  different spatial scales, Coefficient of Variation (CV) (Abdi 2010) and Moran’s I (Tiefelsdorf et al. 1995) are
222 used to analyze the spatial heterogeneity of water use. CV is defined as the ratio of the standard deviation to
223  the mean of water use values at each spatial scale, offering a normalized measure of dispersion. It is a primary
224 indicator used to quantify variability in water use across grid cells (Canchola et al. 2017). A higher CV value
225  indicates greater spatial variation in water use, while a lower CV suggests more uniform water use patterns
226  across the region. Once the CV for each grid cell is calculated, the extent of water use spatial heterogeneity is
227  assessed, and areas with high variability are identified as more susceptible to water stress and fluctuations in

228  demand (Botta-Dukat 2023, Liu et al. 2020).
12
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229 Moran's I can reflect the spatial autocorrelation by measuring the degree to which one grid cell’s water
230  use is similar to that of neighboring grid cells. Moran’s I provides an overall measure of spatial dependence,
231  where a positive Moran’s I indicates a clustering of similar water use values (either high or low) in neighboring
232 grid cells, while a negative Moran’s I suggests a dispersed pattern. A value close to zero indicates a random
233 spatial pattern with no significant clustering (Gedamu et al. 2024, Shortridge 2007). By calculating Moran’s
234 T across different spatial scales, we are able to detect whether water use patterns exhibit spatial clustering or
235  they are more randomly distributed. Moran’s I can therefore help us understand the regional patterns of water
236  use and identify areas that require targeted management interventions (Fu et al. 2024, Yamada 2024).

237 Both the CV and Moran’s I provide a robust framework to analyze spatial heterogeneity in water use.
238  The CV provides a measure of variability, while Moran’s I reveals the extent of spatial correlation in water

239  use. They offer a more comprehensive understanding of the spatial dynamics across different regions.
240 3 Study area and datasets

241 3.1 Study Area

242 Situated on the northwestern shore of the Pacific Ocean, China boasts vast territory, a large population,
243 and diverse climate conditions (Ji et al. 2025, Sun et al. 2022). Over the years, the volume of water use in
244 China has surged significantly rising from 3305 km?® in 1965 to 5925 km?® in 2024 (Ji et al. 2025). Owing to
245  the country's varied climate conditions and pronounced spatiotemporal heterogeneity of water resources, water
246  scarcity has become a recurrent challenge, exacerbated by the looming threats of climate change and rapid
247  socio-economic development (Hou et al. 2024, Wang et al. 2021). Notably, China is expected to experience
248  greater impacts from climate change than the global average (Kang et al. 2017, Sun et al. 2022, Yan et al.
249 2019). Therefore, conducting a multi-scale water use simulation study in China is particularly meaningful due

13
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250  to the country’s complex water resource challenges, amplified by regional disparities, climate change, and
251  rapid socio-economic development. China comprises 31 provincial-level administrative divisions, including
252  provinces, autonomous regions, and municipalities. As outlined in the study by Zhou et al. (2020), the

253  administrative divisions are categorized at the prefecture level, totaling 341 prefectures (Figure. 2).
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N
40° N
30° N
— Rivers
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oy High : 8848
B Low:-154
0 355 710 1,420 2,130
——
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254
255 Figure. 2 Prefectures and major rivers in study area

256 3.2 Datasets and Preprocessing

257 To obtain water use grid maps, the observed datasets related to irrigation water use, domestic water use,
258  and industrial water use were collected. The observed datasets are composed of the annual water use statistical
259  survey data at the administrative scale, soil moisture data derived from hydrological models, socio-economic
260  data like GDP (Gross Domestic Product) and population, meteorological data from point observations, and
261  satellite remote sensing data including the normalized difference vegetation index (ND V1) and night light data.

262 Various spatial interpolation and downscaling methods are employed to transform the datasets into

14
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263  different spatial scales. To simulate water use at different spatial scales, we transform the spatial scale of the
264  dataset to 1km, appropriate spatial scale (Zhang, et al., 2025) and prefecture scale. The details of the transform
265  methods can be found in the reference of Zhang et al. (2023). Nighttime light remote sensing data is also
266  combined with the land use information to perform upscaling or downscaling at spatial scales (Ye et al.

267  2021).All the adopted datasets and their corresponding preprocessing methods are listed in Table 1.

15
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4. Results
4.1 Water use simulation by CA model
4.1.1 Water use simulation from the probability rule CA model

As the AIC can balance the model fitness and complexity by penalizing the number of parameters to
prevent overfitting, it has been widely applied in probability distributions selection. Here, the AIC is employed
to determine the most suitable probability distributions for water use grids across various prefectures. And the
optimal probability distributions of water use grid at three different scales (i.e., 1km scale, appropriate spatial

scale and prefecture scale) are identified as illustrated in Figure 3.
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Figure. 3 Probability distribution types of water use at three spatial scales: (a) 1km scale; (b) appropriate

spatial scale; (c) prefecture scale
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287 The optimal probability distributions of water use grid maps across three spatial scales (i.e., 1 km scale,
288  appropriate spatial scale, and prefecture scale) were identified and shown in Figure 3. The distribution types
289  of water use reflect the underlying dynamics of water use at various scales. At the 1 km scale (as shown in
290  Figure 3 (a)), most areas show a predominance of normal and log-normal distributions (i.e., in green and light
291  yellow), indicating more stable and symmetric water use patterns. Water use in these areas are consistent with
292  relatively socio-economic and climatic conditions, where are less fluctuated. However, the water use
293  distributions are more frequently exponential or gamma (i.e., in light orange and brown) in areas with rapidly
294  urbanization or industrialization in the central and eastern parts of China. And thus, water use are higher
295  variability and stochasticity. The distribution types of water use at the appropriate spatial scale (as shown in
296  Figure 3(b)) are similar with those at 1 km scale as shown in Figure 3 (a). More exponential and gamma
297  distributions can be found in the significant agricultural activity areas at the appropriate spatial scale due to
298  the irregular water use patterns driven by seasonal fluctuations and economic activities. When the spatial scale
299  isup from 1 km to the appropriate ones, more nuanced understanding of water use dynamics can capture the
300 impacts of local factors such as crop irrigation and industrial processes. Although the exponential distribution
301  are found to be one of the prevalent types in regions with irregular or rapidly changing water use patterns at
302  the prefecture scale as shown in Figure 3 (c), uniform and gamma distributions have appeared more frequently
303  at this bigger prefecture scale. The transition to coarser spatial resolution leads to reduced spatial variability
304  in water use, and the heterogeneity of water use is potentially oversimplified.

305 Based on the historical water use record from 1998 to 2013, a transition matrix at a grid cell can be
306  determined to represent the probability of transition from the current state to its following time. According to
307  the transition matrixes for each grid cell, the interval for the next state can be predicted. A random sample is

308 then drawn from the predicted interval to obtain the predicted water use value for the following year. To
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309  generate the simulated water use, the probability rule is applied at three different spatial scales (i.e., 1 km,

310  appropriate scale, and prefecture scale), and their results are shown as Figure 4.
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Figure. 4 Water use simulation results from the probability rule at three different scales: (a) 1km scale; (b)
appropriate spatial scale; (c) prefecture scale
Water use simulation maps from 1998 to 2013 through the probability rule, has clearly highlight the
spatial and temporal heterogenic at different spatial scales. The maps reveal the local increases in water use at

the 1 km scale (as shown in Figure 4 (a)), particularly in major metropolitan areas in eastern and central parts
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322  of China. These increases can be found across the whole time of the selected series driven by the population
323  growth, industrial expansion, and urbanization. The results at the appropriate spatial scale (as shown in Figure
324 4 (b)) are different from those at the 1 km scale, their local variations become more homogeneous and
325  stationary. It demonstrates that the model can capture the macro-level variations across different geographical
326  areas. The water use trends are further found to be flatter with less spatial heterogeneity at the prefecture scale
327  (Figure 4 (c)). The local variations of water use cannot be reflected at the prefecture scale due to the coarser
328  spatial resolution. Areas with stable water use, such as the northern provinces, show a more uniform
329  distribution of water use, indicating that coarser resolution tend to mask these local variations.

330 The water use results at the three different spatial scales from probability rule show that the probability
331 rule CA model can effectively capture the spatial heterogeneity in water use. The incorporation of transition
332  probabilities and statistical distributions helps account for the temporal water use variations. However, water
333 uses in the areas with experiencing rapid changes show great fluctuations and spatial fragmentation, and they
334  are hard to be simulated by the probability rule. As the linear rule CA model can provide a more stable

335  alternative in rapid change areas, it can be implemented in water use simulation, too.

336 4.1.2 Water use simulation from linear rule CA model

337 There are three parameters to be calibrated in the linear rule CA model: the self-influence coefficient a,
338  the neighboring influence coefficient B, and the spatial decay exponent p. The dataset from 1998-2009 is for
339  calibrating the model while the dataset from 2010-2013 is for its validation. And RMSE and RE are taken as
340  the performance evaluation metrics. After minimizing the RMSE and RE metrics, the three optimal parameter

341  values of the model at the three different scales are illustrated in Figure 5.
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Figure 5. Optimal parameters of the linear rule CA model and the model performances at: (a) lkm scale; (b)

appropriate spatial scale; (c) prefecture scale

According to the results as shown in Figure 5, the calibrated parameters are varied with scales and the
performances of the models are acceptable. The spatial heterogeneity of the parameters «, 8, and p tend to
reflect local water use patterns. There is a balance between a and f in the areas with lower RMSE and RE
values from the results at 1 km scale as shown in Figure 5(a). And both self-dependence and spatial diffusion
jointly govern stable and reliable simulations. But at the appropriate spatial scale (Figure 5 (b)), the parameter
values show their deviations from those of the 1 km scale, and @ and 8 values become more regionally specific.
As f plays a more dominant role in every prefecture, and higher RMSE and RE values are found. So only
heavily spatial diffusion may fail to capture the complexities of local water use dynamics. These areas often
experience a more varied water use. At the prefecture scale (Figure 5 (c)), the parameters are more likely to
be dominated by o, especially in regions with large-scale infrastructure or agricultural variations. Their
simulation errors are higher because the spatial variations are more difficult to be captured at this prefecture

coarser resolutions. And the influence of  tends to be lower at this scale.
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362 After calibrating the parameters for the linear rule of CA model, the water use grid maps for the period

363  1998-2013 are obtained and their simulated water use maps from 1998 to 2013 are also illustrated in Figure

364 6 at three scales (i.e., lkm scale, appropriate spatial scale and prefecture scale).
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Figure 6. Water use simulation results from the linear rule at three different scales: (a) 1km scale; (b)

appropriate spatial scale; (c) prefecture scale
The simulated water use maps of the linear rule from 1998 to 2013 are shown in Figure 6, and they exhibit
clear spatial dynamics at different spatial scales. At the 1 km scale (Figure 6 (a)), the maps reveal the fine-

scale variations in water use, highlighting their localized hotspots of high-water use, particularly in
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376  economically developed urban centers such as the Yangtze River Delta, the Pearl River Delta, and the Beijing—
377  Tianjin—Hebei region. There are upward trends, which aligns with the patterns of population growth, industrial
378  expansion, and urbanization. From the results at the appropriate spatial scale as shown in Figure 6 (b), the
379  localized variations in water use are captured with more clarity and precision. The appropriate scale provides
380 a balanced representation that captures both the fine-scale dynamics and broader regional trends. At the
381  prefecture scale (Figure 6 (c)), the water use patterns become more smoothed. This bigger resolution limits
382  the model's ability to capture the dynamics even though the general upward trend in water use in urbanized
383  regions is still observable. The localized fluctuations or abrupt changes driven by specific local policies or
384  external factors are not fully represented at these bigger scales.

385 The simulation results across three different spatial scales can also indicate the impacts of scale on
386  perceived water use. Finer-resolution maps reveal localized hotspots of high water use that can be averaged
387  out in coarser resolution. It demonstrates that the CA model’s flexibility and further confirms the importance

388  of multi-scale analysis in understanding water use.

389 4.2 Uncertainty estimation of water use simulation from GLUE

390 To further assess the reliability and robustness of the water use simulations from the CA model, the
391  uncertainty is quantified by GLUE. According to the calibrated parameters for the probability and linear rules,
392  the uncertainty ranges of the model outputs across different spatial scales are obtained through GLUE. To
393  figure out both the accuracy of simulations and the confidence levels of model predictions from the parameter
394  uncertainties, ensembles of the parameters combination were generated by the uniform sampling as the
395  description in Section 2.3. Corresponding results from the CA model were obtained and their performances
396  are quantified by RMSE and RE metrics. If the RMSE and RE metrics are acceptable according to their pre-

397  defined thresholds, the maximum and minimum of the simulation results from the CA model are taken as their
29
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398  uncertainty range. These uncertainties across the three spatial scales are shown in Figure 7 from the probability
399 rule and in Figure 8 from the linear rule at the 95% confidence level (i.e., pre-defined threshold). These
400  uncertainties are from the parameter variabilities. A wider range of the uncertainties indicates lower stable and
401  reliable simulation results, while narrower ones suggest stable and reliable simulation results. The spatial
402  variation of uncertainty ranges can also reveal the significant regional differences of the simulations at

403  different spatial resolutions.
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410  Figure 7. The uncertainty ranges of water use simulations at the 95% confidence level at three spatial scales

411 from the probability rule at: (a) 1km scale; (b) appropriate spatial scale; (c) prefecture scale
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418  Figure 8. The uncertainty ranges of water use simulations at the 95% confidence level at three spatial scales

419 based on linear rule at: (a) 1km scale; (b) appropriate spatial scale; (c) prefecture scale

420 There are distinct regional patterns of simulation uncertainty from the spatial distribution of the

421  uncertainty ranges at the 95% confidence level. Larger uncertainty ranges (i.e., 0.75-2.0¥10°m?) are

422 predominantly found in western and southwestern prefectures, such as Xinjiang, Qinghai, Gansu, and

423 Chongqing, where data scarcity and complex local dynamics likely contribute to higher model uncertainty. In

424  contrast, most eastern and northeastern regions, including Beijing, Jiangsu, Shandong, and Liaoning, exhibit

425  relatively narrow uncertainty ranges (i.e., 0-0.5%10°m?), indicating more stable historical water use behavior

426  and better alignment with CA model assumptions.

427 The model for the higher spatial resolutions has been found to be more sensitive to the local variations,

428  and its uncertainty can be amplified in heterogeneous land use or socio-economic condition areas. For instance,

429  large uncertainty ranges can be found in the densely populated urban centers or the regions undergoing rapid
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430  industrialization at the 1 km scale as shown in Figure 7 (a) and Figure 8 (a). But small uncertainty ranges can
431  be found in the same areas from the coarser-scale simulations due to the averaging of the localized fluctuations
432 as seen in Figure 7 (c) and Figure 8 (c) at the prefecture scale. However, the small uncertainty ranges are
433 obtained at the cost of masking the sub-regional dynamics. There should be trade-off between capturing detail
434  and maintaining stability. Thus, it is important to select an appropriate spatial scale for the specific planning
435  or policy purposes.

436 The larger uncertainty ranges are more common from the probability rule than those from the linear rule,
437  particularly in regions with complex or highly variable water use patterns. This is largely attributed to the
438  probability rule itself, because there are randomness in both state transitions and value sampling in fitting
439  distributions. Although the probability rule can help the model to capture non-linear dynamics and abrupt
440  changes, it brings higher uncertainty into outputs. In contrast, the linear rule generally brings less uncertainty,
441  reflecting the deterministic structure of its update mechanism in the model. The amount of water use in each
442  cell is predicted by the weighted influences from itself and neighboring cells. In regions with relatively stable
443  and spatially smooth development patterns, such as the eastern and northeastern parts of China, the linear rule
444 is more effective. However, the linear rule’s assumption of gradual spatial continuity fails to capture abrupt
445  local changes in the rapidly changing or the weak spatial correlation water use areas—such as Fujian,
446  Chongqing, and some parts of Guizhou and Sichuan. And the linear rule potentially leads to an
447  underestimation of uncertainty.

448 To further examine the temporal dynamics and regional differences in model uncertainty, Daqing,
449  Chonggqing, Fuzhou, Kashgar, Ningbo, and Bayannur are selected as six representative prefectures according
450  to their geographic locations, socio-economic conditions, and water use behaviors. The time series of 95%

451  uncertainty ranges from 1998 to 2013 for each representative prefecture is obtained from the results of the
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452  probability and linear update rules at different spatial scales, illustrated as Figure 9.
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Figure 9. Time series of 95% uncertainty ranges from 1998 to 2013 for each representative prefecture from
both the probability and linear update rules at different spatial scales: (a) 1km scale; (b) appropriate spatial
scale; (c) prefecture scale
There is distinct the patterns across the selected prefectures as shown in Figure 9. The results from the
probability rule have been found to be consistently wider uncertainty intervals than that from the linear rule,
particularly in prefectures with more unstable water use conditions. For instance, Kashgar and Bayannur that
are located in arid and less-developed western regions exhibit larger and more variable uncertainty intervals
from the probability rule. And they are results of the combined effects of high inter-annual variability and
limited input data. In contrast, Ningbo and Daqing that are located in the more stable water use trends and
better data coverage areas have been found to show relatively narrow and consistent uncertainty from both
two rules. It is also interesting to find that the moderate uncertainty levels with obvious differences between

the two rules have been in Chongqing and Fuzhou with too many transitional urban areas. As the rapid
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471  urbanization and economic shifts bring the localized instability, the probability rule can capture the shifts
472 whereas the linear rule can only underestimate uncertainty during periods of structural change due to its lower
473  sensitivity.

474 Beside the temporal and rule-based variability, the spatial scale size also plays a crucial role in shaping
475  simulation uncertainty. With the spatial resolution of the model increases, the simulation uncertainty tends to
476 increase, especially in regions with high spatial heterogeneity, such as arid or rapidly developing areas. The
477  finer resolutions can effectively capture the localized variations in water use, there are higher levels of
478  uncertainty due to the increased sensitivity to local fluctuations. In contrast, the results at coarser resolutions
479  tend to be smoothed these local variations, there will be narrower uncertainty but potentially overlooking the
480  sub-regional dynamics.

481 The uncertainty results have highlighted the importance of the spatial and temporal variations for
482  evaluating the simulation model performance and uncertainty. The results of the representative six prefectures
483  suggest that there is no one single update rule can outperform the others. Instead, the most appropriate rule

484  depends on the local water use dynamics and the purpose of the water use simulation.
485 5 Discussion
486 5.1 Impacts of Update Rules on Water Use Simulation

487 To assess the performance of different update rules, we upscaled the simulation results at the three scales
488  to the provincial administrative level and obtained the RMSE and RE metrics from both the probability and
489  linear update rules. There are notable differences of the results from the two update rules as summarized in
490  Table 2.

491
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492 Table 2. Model performance at the provincial administrative level from different update rules
RMSE (billion m®) RE (%)
Provinces
Linear rule Probability rule Linear rule Probability rule

Beijing 0.03 0.05 +12 +19
Tianjin 0.02 0.02 -11 -17
Shanghai 0.02 0.04 -13 25
Chongqing 0.04 0.07 +16 +17
Anhui 0.12 0.17 +23 +32
Fujian 0.17 0.21 -23 +37
Gansu 0.35 0.43 +27 +29
Guangdong 0.26 0.36 +21 +32
Guizhou 0.31 0.40 -26 -34
Hainan 0.11 0.21 -12 +19
Heilongjiang 0.42 0.37 -27 +24
Hunan 0.21 0.11 -16 +10
Jilin 0.36 0.43 +28 +25
Jiangsu 0.12 0.17 -12 -26
Jiangxi 0.22 0.26 +24 -31
Inner Mongolia 0.19 0.29 -23 -35
Qinghai 0.31 0.41 +43 +36
Ningxia 0.11 0.20 -31 -41
Shandong 0.21 0.36 +29 -36
Shanxi 0.42 0.61 +31 +42
Shannxi 0.27 0.43 -32 -39
Sichuan 0.39 0.41 +31 +46
Xizang 0.56 0.61 -62 -79
Xinjiang 0.68 0.72 +69 +83
Yunnan 0.25 0.34 -37 -47
Zhejiang 0.21 0.29 +18 +12
Guangxi 0.34 0.42 -32 -39
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Hubei 0.29 0.39 +27 +26
Liaoning 0.35 0.41 +33 +48
493 The results from the linear rule have been found to performance better than that from the probability rule

494  in terms of its lower RMSE and RE values. The differences between the results from the two update rules are
495  based on their update mechanisms. The design distribution-based state transitions are stochasticity in the
496  probability rule. It can capture uncertainty in terms of the abrupt or nonlinear changes in water use while it
497  can also bring the potential divergences from the observed trends, especially when data are sparse or when
498  local variability is high. As a result, several higher RMSE and RE values had been found, particularly those
499  characterized by complex topography or heterogeneous socio-economic development patterns. In contrast, the
500 linear rule employs a deterministic update process based on local spatial averages, which tends to smooth out
501  their fluctuations and enhance stability. In other words, the heterogeneous socio-economic development
502  patterns have inherently been smoothed for reducing the local-level variability by the linear rule at the
503  provincial scale. The differences of their performance from the two rules are particularly noticeable in inland

504  orin less urbanized provinces, where the probability rule’s flexibility amplifies the uncertainties.

505 5.2 Impact of Spatial Scales on Water Use Simulation

506 To investigate how spatial resolution influences the accuracy of the water use simulation, their
507  performances at the three spatial scales (i.e., 1 km scale, appropriate intermediate scale, and prefecture scale)
508 are evaluated and are aggregated to the provincial level to ensure comparability across scales. Their results
509  are summarized in Table 3 and indicate their notable differences in simulating accuracy depending on its
510  spatial scales.

511

512
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513 Table 3. Model performance at the provincial administrative level at different spatial scales
RMSE (billion m®) RE (%)
Provinces ) Prefecture ) Prefecture
1 kmscale  Appropriate scale scale 1 kmscale  Appropriate scale scale
Beijing 0.04 0.03 0.05 +22 +12 +19
Tianjin 0.04 0.02 0.06 +26 -11 -17
Shanghai 0.03 0.02 0.04 -23 -13 -25
Chongging 0.06 0.04 0.07 26 +16 427
Anhui 0.17 0.12 0.19 +35 +23 +32
Fujian 0.23 0.17 0.21 -31 -23 +37
Gansu 0.41 0.35 0.43 +31 +27 +29
Guangdong 0.31 0.26 0.36 -29 +21 +32
Guizhou 0.36 0.31 0.40 +31 -26 -34
Hainan 0.19 0.11 0.21 +16 -12 +19
Heilongjiang 0.49 0.42 0.47 +31 =27 +34
Hunan 0.26 0.21 0.31 -19 -16 +20
Jilin 0.42 0.36 0.43 -31 +28 +35
Jiangsu 0.19 0.12 0.17 -21 -12 -26
Jiangxi 0.31 0.22 0.36 -26 +24 -31
Inner
Mongolia 0.26 0.19 0.29 -31 -23 -35
Qinghai 0.40 0.31 0.41 +52 +43 +56
Ningxia 0.21 0.11 0.30 -39 -31 -41
Shandong 0.29 0.21 0.36 -32 +29 -36
Shanxi 0.53 0.42 0.61 +36 +31 +42
Shannxi 0.34 0.27 0.43 -36 -32 -39
Sichuan 0.42 0.39 0.41 +41 +31 +46
Xizang 0.67 0.56 0.61 -74 -62 -79
Xinjiang 0.79 0.68 0.72 +72 +69 +83
Yunnan 0.31 0.25 0.34 -49 -37 -47
Zhejiang 0.24 0.21 0.29 +23 +18 +32
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Guangxi 0.39 0.34 0.42 -36 -32 -39
Hubei 0.35 0.29 0.39 +31 +27 +36
Liaoning 0.37 0.35 0.41 +42 +33 +48
514 The relatively lower accuracy of the 1 km scale simulations is attributed to the increased sensitivity to

515  local heterogeneity. At the 1km scale, small errors from the input variables or local noise can accumulate and
516  amplify to larger discrepancies. Although the results fromlkmscale take more spatial detail to reflect the
517  variations in water use, it also brings the uncertainty, especially in the regions with the fragmented data or the
518  high socio-economic diversity. The simulation results from the prefecture level tend to oversimplify the spatial
519  variation. Generally, the results from the coarse resolution have smoothed the intra-regional differences in
520  water use patterns, and resulted in under or over-predictions at the provincial administrative level. The reduced
521  spatial granularity leads to reduction in uncertainty of simulation but can mask the disparities that are critical
522 to policy implementation and resource allocation.

523 The results from the appropriate scale can balance the spatial sensitivity and model stability. It is fine
524  enough to capture meaningful spatial heterogeneity, and it is yet coarse enough to mitigate excessive noise
525  and data sparsity effects. The most reliable simulating water use should be based on this scale. And it should
526  be noted that that it is crucial for improving simulation reliability to select an appropriate spatial resolution

527  that aligns with both the model structure and the scale of decision-making.

528 5.3 Spatial Heterogeneity of Water Use Grid Maps

529 To understand the variation of the spatial heterogeneity of water use, the Coefficient of Variation (CV)
530  and Moran's I were used to quantify the degree of variability and spatial autocorrelation of water use across at
531  three different spatial scales across the study area.

532 The highest CV values have been found in the results of water use simulation at the 1 km scale among
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533  the three scales. There are the most significant regional differences at the 1 km scale. As Moran's I can reveal
534  the positive autocorrelation that suggests the clustering of high or low water use. The results of Moran's |
535  analysis at the 1 km scale show that there is a strong pattern of spatial dependence in urban areas, particularly
536  in regions with intense agricultural or industrial water use.

537 Different from the results from the 1 km scale, the results from the appropriate scale show the decreasing
538  water use heterogeneity with lower CV values. As more local variations are captured by the smaller scale grid,
539  the bigger named appropriate scale here can balance the capturing regional heterogeneity and the reducing
540  excessive spatial details for water us simulation. And there are also positive autocorrelations with Moran's I
541  values at the appropriate scale even with less degree of clustering.

542 It is no doubt that the lowest spatial heterogeneity of water use simulation have been found with the
543  lowest CV values at the prefecture scale. The regional variations of water use data at larger spatial scales are
544  often smoothed out. The moderate positive autocorrelation of Moran's I values indicate that while there is still
545  spatial dependence, it is less distinct compared to finer scales.

546 It is suggested that the spatial scale of the water use simulation significantly impacts the representation
547  of spatial heterogeneity. The results from 1 km scale can capture the most detailed variability, while the
548  appropriate scale provides a more balanced view of spatial heterogeneity, and the prefecture scale tends to

549  generalize water use patterns, reducing the granularity of spatial differences.

550 6 Conclusion

551 A multi-scale water use simulation framework has been proposed through integrating a CA model with
552 GLUE to address spatial heterogeneity and uncertainty in this study. Both probability rule and linear rule
553  across three spatial scales (i.e., 1 km, appropriate scale, and prefecture scale) have been applied over 341

554  prefectures in China as a case study. The impacts of model structure and spatial scale on the spatial
42
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555  heterogeneity and uncertainty have been figured out.

556 It is interesting to find that the probability rule effectively captures stochastic variations and abrupt
557  transitions in water use but brings larger uncertainty due to its random sampling nature. And the linear rule
558  brings more stable and accurate simulations, particularly in regions with smoother water use patterns. The
559  local noise and uncertainty tend to be amplified in the results of the water use simulation at the 1km scale ,
560  while the essential spatial heterogeneity tend to be oversimplified and suppressed in the results at the
561  prefecture scale The most reliable simulation are found from the appropriate scale due its trade-off between
562  capturing spatial heterogeneity and maintaining model stability.

563 Future improvements for the water use simulation should involve the adaptive update rules that respond
564  to external drivers such as policy shifts or climate shocks, and extend the simulation to finer temporal scales
565  (e.g., seasonal or monthly) for improved short-term decision making. More uncertainty quantification methods,
566  such as Bayesian inference or Markov Chain Monte Carlo, are recommended to enhance performance in high-
567  dimensional settings. Overall, our study can contribute to the water use simulation at a multi-scale and with
568  uncertainty-aware. Our proposed framework will be helpful for the integrated water management,
569 infrastructure planning, and environmental policy under changing socio-economic and climatic conditions.

570
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