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Abstract 17 

Better characterizing the spatio-temporal pattern of water quality would increase the ability 18 

to effectively manage water resources. This study applied the concept of temporal stability 19 

analysis (TSA) to explore the temporal characteristics of spatial variability in surface water 20 

quality. Monitoring data from 41 monitoring stations in Qiantang River, China for 2017-2019 21 

were used to assess four indicators: dissolved oxygen (DO), permanganate index (CODMn), 22 
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total phosphorus (TP), and ammonia nitrogen (NH3–N). A Spearman’s rank correlation for 23 

each pair of monitoring times demonstrated that the spatial pattern of water quality was 24 

maintained for a specific period of time. 25 

A temporal analysis of relative 26 

differences was applied to examine the temporal stability of the sampling sites. The mean 27 

concentrations, with acceptable errors, were estimated from the representative sites identified 28 

for the four water quality indicators. Different metrics were assessed to identify the 29 

temporally stable sites. The standard deviation of the relative difference (SDRD) and index of 30 

temporal stability (ITS) were found to be better for identifying the stable sites compared to 31 

the mean absolute bias error (MABE) and root mean square error (RMSE) in this study. A 32 

correlation analysis between the temporal stability indices and potential influencing factors 33 

showed that land use proportions (forest, built-up land, and agricultural land), and 34 

socio-economic indicators (gross domestic product [GDP] and population density) were 35 

closely associated with the temporal stability of water quality. The results showed evidence 36 

that the TSA method was feasible and effective in identifying the temporal stability of surface 37 

water quality and optimizing the water quality monitoring program. This study’s method and 38 

findings can help improve surface water quality monitoring strategies and water resource 39 

management. 40 

 41 

Keywords: water quality; temporal stability; water management; monitoring network; spatial 42 

pattern 43 

 44 
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1 Introduction 45 

Monitoring surface water quality is critical for regulating and managing water resources. 46 

The water monitoring network is important for evaluating, preserving, and remediating water 47 

quality (Ouyang, 2005). Recent significant advances in communication and sensor 48 

technology have greatly improved the ability to monitor surface water quality (Glasgow et al., 49 

2004), and the real-time remote monitoring network for surface water quality has become 50 

essential for water resource management (Nasirudin et al., 2011; Quinn et al., 2010; Storey et 51 

al., 2011). Unfortunately, many surface water quality monitoring networks have been 52 

developed without a deliberate design (Strobl and Robillard, 2008), which may lead to 53 

incorrect decisions and wasted resources. In addition, the installation, operation, and 54 

maintenance of monitoring networks are expensive and require considerable human labor 55 

(Storey et al., 2011). Properly designing monitoring systems is vital for monitoring water 56 

quality and managing water resources. 57 

There are many challenges in developing an effective water quality monitoring network, 58 

including selecting indicators, identifying representative monitoring sites, and determining 59 

adequate sampling frequencies (Behmel et al., 2016; Dixon et al., 1999; Strobl and Robillard, 60 

2008). High priority has been placed on researching approaches that decrease the number of 61 

observations, without significant information loss (Behmel et al., 2016; Ouyang, 2005). The 62 

ideal approach is to permanently monitor important water quality indicators at fixed stations 63 

representing the water quality levels in the area of interest with optimal and representative 64 

temporal frequencies (Strobl and Robillard, 2008). However, water quality usually varies 65 

significantly over time and space; this variability needs to be considered in designing a 66 
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monitoring program. Many researchers have reported that characterizing the spatio-temporal 67 

pattern of water quality can greatly advance our ability to regulate water quality (Gu et al., 68 

2015; Su et al., 2011). Temporally continuous monitoring data over a specific territory should 69 

be used to characterise the spatio-temporal patterns of water quality and to determine the 70 

important indicators, representative sampling sites, and adequate sampling frequencies. This 71 

knowledge helps designers improve strategies for monitoring surface water quality and 72 

corresponding water resource management policies. 73 

Many techniques have been developed to optimize water quality monitoring programs. 74 

Clustering methods have been widely used to explore the spatio-temporal patterns of water 75 

quality. These methods include the cluster analysis (CA) (Gu et al., 2015; Hussain et al., 76 

2008), genetic algorithm (GA) (Al-Zahrani and Moied, 2003; Icaga, 2005), and 77 

self-organizing map (SOM) (Kohonen, 1990; Zhou et al., 2016). Clustering approaches 78 

classify the monitoring stations or times based on similarities in water quality measures. 79 

Similar management policies can be applied to the monitoring sites in the same group. 80 

Alternatively, representative stations or specific times can be selected for each group to 81 

reduce the number of observations (Park et al., 2014). Principal component analysis (PCA) 82 

has been widely used to identify possible pollution sources and the contribution of these 83 

sources to the variability in water quality (Ouyang, 2005; Su et al., 2011). These methods can 84 

reveal either temporal or spatial patterns with respect to water quality, but cannot characterize 85 

the temporal characteristics of the spatial patterns. This is because they use only mean 86 

concentrations or one period of data to classify the monitoring sites/times or to identify the 87 

important water quality indicators. 88 
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The concept of temporal stability analysis (TSA) was proposed by Vachaud et al. (1985) to 89 

investigate the temporal characteristics of the spatial variability of soil water content. This 90 

method was proposed as a way to reduce the number of field observations, by selecting a few 91 

representative locations. Many studies have confirmed the usefulness of the time stability 92 

approach. The approach has been widely used to identify the most stable sampling sites for 93 

representing the mean soil moisture conditions in a specific area (Cosh et al., 2006; Dorigo et 94 

al., 2011; Martínez-Fernández and Ceballos, 2003; Neves et al., 2017; Sur et al., 2013; Zhang 95 

and Shao, 2013; Zhou et al., 2007). Many studies have used TSA to validate and calibrate the 96 

remote sensing of soil moisture (Colliander et al., 2017; Cosh et al., 2004; Cosh et al., 2008; 97 

Crow et al., 2012; Jackson et al., 2012; Peng et al., 2017; Wagner et al., 2008). Other studies 98 

have expanded the application of TSA method to explore the temporal stability of other 99 

observations. For example, Stocker et al. (2018) and Pachepsky et al. (2018) applied TSA to 100 

investigate the temporally stable patterns of Escherichia coli concentrations in water 101 

sediment. Ran et al. (2015) applied TSA to select optimal groundwater level monitoring 102 

locations to improve a groundwater monitoring network. Douaik et al. (2006) used TSA to 103 

assess the temporal characteristics of soil salinity spatial patterns to optimize a sampling 104 

strategy. These studies showed that the TSA method has promising potential for investigating 105 

the temporal stability of spatial pattern of variable field measurements, and for optimizing the 106 

observation scheme. 107 

This study applied TSA to surface water quality measurements to assess the 108 

spatio-temporal variabilities of the concentrations. The most representative sampling sites 109 

were selected to estimate mean concentrations across the study area. There were three 110 
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specific study objectives. The first was to characterize the temporal stability of the spatial 111 

pattern of four surface water quality indicators: dissolved oxygen (DO), permanganate index 112 

(CODMn), total phosphorus (TP), and ammonia nitrogen (NH3–N). The second objective was 113 

to identify the best temporally-stable water quality sampling sites to represent the areal mean 114 

for the study area. The third objective is to relate the influencing variables, such as land use 115 

indicators, GDP, and elevation, with the temporal stabilities of the water quality 116 

concentrations and identify the important variables influencing the temporal stabilities. 117 

 118 

2 Materials and methods 119 

2.1 Study area and water quality data 120 

The monitoring stations were distributed in Qiantang River and its tributaries in Zhejiang 121 

Province, one of the most rapidly developing regions in eastern China (Fig. 1). The Qiantang 122 

River is the largest river in Zhejiang, and plays an important role in socio-economic 123 

development. The main path of the Qiantang River is 668 km long, with a basin area of 124 

48,000 km2. This area accounts for 47% of the province area. The average annual total water 125 

storage capacity in the Qiantang River basin is 38.9 billion m3. The mountainous-hilly region 126 

accounts for 70.5% of the basin area; built-up land covers 7.5% of the area; arable land 127 

occupies approximately 17.1% of the area; and rivers and lakes make up approximately 4.8% 128 

of the area. According to the Zhejiang water resources bulletin in 2018, there is a lack of 129 

optimism about the overall water quality in Qiantang River. The upstream water quality was 130 

significantly better than downstream water quality; NH3–N, CODMn, and TP were the main 131 

pollution indicators. Fig. 1 shows the sampling site locations. 132 
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Monthly reports from September 2017 to August 2019 were collected from 41 monitoring 133 

stations along the Qiantang River and its tributaries. The data were collected from the 134 

automatic monitoring network of surface water quality in Zhejiang Province. Water quality 135 

measurements were collected using environmental quality standards for surface water in 136 

China (GB3838-2002) (EPB, 2002) and technical specifications for surface water and 137 

wastewater monitoring (Qi, 2006). No data were missed during the study period. The 138 

specified methods were as follows: DO, the membrane electrode method; CODMn, the acidic 139 

potassium permanganate method; TP, the spectrophotometric method; NH3–N, the 140 

spectrophotometric method with salicylic acid.  141 

 142 

 143 

Fig. 1 Location of the study area in China and spatial distribution of the monitoring sites. 144 

 145 

 146 

 147 
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2.2 Methods 148 

2.2.1 Temporal stability analysis (TSA) 149 

TSA was originally proposed as a method for analyzing the temporal variability of spatial 150 

distributions of measured soil water data (Vachaud et al., 1985). It has been widely applied in 151 

soil moisture studies. Two techniques were used to evaluate temporal stability: the 152 

Spearman's rank correlation test and a temporal analysis of relative difference. The 153 

nonparametric correlation test was used to investigate the stability of site ranks between 154 

different sampling times. This test can be expressed as: 155 𝑟𝑠 = 1 − 6 ∑ (𝑅𝑖𝑗−𝑅𝑖𝑗′)2𝑛𝑖=1𝑛(𝑛2−1)                            (1) 156 

In this expression, 𝑅𝑖𝑗 and 𝑅𝑖𝑗′ are the ranks of observed values at site 𝑖 at sampling times 157 𝑗 and 𝑗′. The variable 𝑛 is the number of sampling sites. An 𝑟𝑠 value of zero indicates that 158 

there is no temporal stability in the site ranks between two sampling times. An rs value close 159 

to one indicates that the site ranks persists over time; a value of one reflects absolute 160 

persistence. Correlation coefficients were calculated for each water quality indicator for all 161 

possible survey combinations. The mean coefficient values were calculated for each time lag 162 

to identify the time-associated drift in temporal stability. The time lag was defined as the 163 

interval between the sequence numbers between two sampling periods. For example, there is 164 

a time lag of one between September and October, and there is a time lag of three between 165 

September and December. The smallest time lag was one, and the largest time lag was 11. 166 

This reflected the total of 12 sampling periods in this study. 167 

Relative difference (RD) is used to calculate the metrics that examine the temporal stability 168 

of sampling locations. RD is calculated based on the differences between concurrent 169 
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individual measurements and spatial average values. RD is expressed as: 170 𝛿𝑖𝑗 = 𝑆𝑖𝑗−𝑆�̅�𝑆�̅�                                 (2) 171 

In this expression, 𝑆𝑖𝑗 is the observation at location 𝑖 at sampling time 𝑗. The variable �̅�𝑗 172 

is the average value at time 𝑗, and is calculated as: 173 𝑆�̅� =  1𝑛 ∑ 𝑆𝑖𝑗𝑛𝑖=1                               (3) 174 

The mean relative difference (MRD) and standard deviation of the relative difference 175 

(SDRD) were used to identify the temporal stability of sampling sites. The variables MRD (𝛿�̅�) 176 

and SDRD (𝜎(𝛿𝑖)) are defined as follows based on the relative difference:  177 𝛿�̅� = 1𝑚 ∑ 𝛿𝑖𝑗𝑚𝑗=1                               (4) 178 

𝜎(𝛿𝑖) = √(𝛿𝑖𝑗−�̅�𝑖)2𝑚−1                              (5) 179 

In this expression, 𝑚 is the number of surveys. Monitoring sites with MRD values close to 180 

zero can be used to represent the mean water quality concentrations across the study area. A 181 

lower SDRD value indicates better temporal stability. MRD and SDRD were used in 182 

combination to identify the representative monitoring locations for the spatially time-stable 183 

average measurements, with MRD near zero and with the lowest values of SDRD.  184 

Three indices, which combined MRD and SDRD, were applied to examine temporal 185 

stability. The index of temporal stability (ITS) was used to quantify the temporal stability of 186 

locations (Jacobs et al., 2004). The monitoring location with smallest ITS was identified as 187 

the most temporally stable site (Zhao et al., 2010). The mean absolute bias error (MABE) (Hu 188 

et al., 2010) and root mean square error (RMSE) (Gao et al., 2013) were applied as an offset 189 

to adjust the estimation errors. The sites with lower values of MABE or RMSE generally had 190 

higher temporal stability. The ITS at site 𝑖 is calculated as: 191 
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𝐼𝑇𝑆𝑖 = √𝛿�̅�2 + 𝜎(𝛿𝑖)2                           (6) 192 

The MABE is calculated using the following equation: 193 𝑀𝐴𝐵𝐸𝑖 = 1𝑚 ∑ |𝛿𝑖𝑗−�̅�𝑖1+�̅�𝑖 |𝑚𝑗=1                           (7) 194 

The RMSE of the predicted water quality concentrations is calculated as: 195 

𝑅𝑀𝑆𝐸𝑖 = √ 1𝑚 ∑ ( 𝑆𝑖𝑗1+�̅�𝑖 − 𝑆𝑖𝑗1+𝛿𝑖𝑗)2𝑚𝑗=1                      (8) 196 

 197 

2.2.2 Evaluation and validation 198 

A Pearson correlation analysis was used to evaluate the goodness-of-fit between 199 

measurement and predicted mean water quality concentrations with two metrics: correlation 200 

coefficient (r) and root mean square error (RMSE). To validate the representativeness of the 201 

selected monitoring sites, the data were split into two groups. The first group included data 202 

from September 2017 to August 2018, which were used for TSA and representative site 203 

identification. The second group included data from September 2018 to August 2019, which 204 

were used for validation. A Pearson correlation analysis was also used to investigate the 205 

relationships between the temporal stability indices and potential influencing factors. The 206 

Pearson correlation analysis was performed at p=0.01 and p=0.05 significance levels using a 207 

2-tailed test; testing was performed using the Statistical Product and Service Solutions (SPSS) 208 

software (version 20.0; SPSS Inc, Chicago, IL, USA). 209 

 210 

2.3 Influencing factors 211 

The spatio-temporal variability of surface water quality is driven by different 212 

environmental and socio-economic variables, including adjacent land use pattern, 213 
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topographic features, economic development condition, and meteorological factors (Gu et al., 214 

2014; Gu et al., 2015). To identify the important variables influencing the temporal stabilities, 215 

the study evaluated four land use indicators (forest, built-up land, agricultural land, and water 216 

proportions), two socio-economic indicators (GDP and population density), elevation, and 217 

precipitation. These indicators were correlated with the temporal stability indicators 218 

associated with water quality. The land use parameters were calculated using a digital land 219 

use map for 2018. Land use was classified into five categories: forest, built-up land, 220 

agricultural land, water, and other land use types (Fig. 2). A digital elevation model (DEM) 221 

(30 m) was used to delineate the sub-watershed boundaries in the Qiantang River watershed 222 

using ArcGIS 10.0 software (ESRI, Redlands, CA, USA). The sub-watershed layer was laid 223 

over the land use map to calculate the land use type proportions in the sub-watersheds, where 224 

the monitoring stations are located.  225 

Topographic features in the study area were represented by elevation, which significantly 226 

influences hydrological characteristics (Yu et al., 2016). Elevation was extracted from the 227 

DEM data in ArcGIS. For the socio-economic conditions, county-scale GDP and population 228 

density data were obtained from the Zhejiang Statistical Yearbook (2018). The GDP and 229 

population in the sub-watershed were calculated from the county-scale data, based on the 230 

areal proportions. Precipitation data were downloaded from the China Meteorological Data 231 

Sharing Service System. There are 7 meteorological monitoring stations within the study area. 232 

We applied the Kriging interpolation method to extend the precipitation values. The average 233 

values across the sub-watersheds were extracted for analysis. 234 

 235 
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 236 

Fig. 2 Land use in the Qiantang River basin in 2017. 237 

 238 

3 Results and discussion 239 

3.1 General statistical characteristics of the water quality 240 

Table 1 and Fig. 3 show statistics for water quality concentrations and annual , 241 

respectively. There were no monotonic temporal trends for the water quality indicators. The 242 

mean DO concentrations increased from September 2017 to February 2018. This was 243 

followed by a decrease, and then by relatively stable levels after May 2018. The mean NH3-N 244 

showed a similar trend over time as the average DO concentrations. The highest mean DO 245 

concentration and the lowest mean CODMn and TP values were in February 2018. As such, 246 
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this month may have experienced the best water quality conditions from September 2017 to 247 

August 2018. The variabilities of concentrations were large, as demonstrated by the high CVs 248 

(coefficients of variation, the last column in Table 1), which ranged from 28.44% to 76.95%. 249 

The DO had the lowest spatial variability, as indicated by the smallest CV. NH3-N had a 250 

larger CV compared to the other indicators, presenting the largest spatial variability. 251 

According to China’s surface water quality standards (GB3838-2002) (EPB, 2002), the mean 252 

DO value achieved the first grade of the standards, while CODMn, TP, and NH3-N reached the 253 

second grade. 254 

 255 

Table 1 Statistics for water quality concentrations between September 2017 and August 2019 256 

for 41 monitoring stations along the Qiantang River. 257 

Water quality 

indicators 

Minimum Maximum Mean S.D. CV (%) 

DO (mg/L) 1.64 13.95 7.84 2.23 28.44 

CODMn (mg/L) 0.90 5.50 2.89 1.03 35.57 

TP (mg/L) 0.005 0.252 0.099 0.057 57.45 

NH3-N (mg/L) 0.02 1.05 0.29 0.23 76.95 
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 258 

Fig. 3 Annual variations in (a) DO, (b) CODMn, (c) TP, and (d) NH3-N between September 259 

2017 and August 2018. 260 

 261 

3.2 Temporal stability analysis 262 

3.2.1 Spearman's rank correlation (rs) 263 

264 

265 

266 

267 

Escherichia coli 268 

concentrations in water sediment (Pachepsky et al., 2018; Stocker et al., 2018) groundwater 269 



15 

 

level (Ran et al., 2015), and soil salinity (Douaik et al., 2006)270 

271 

272 

273 

274 

275 

276 

277 

278 

279 

(Douaik et al., 2006; Ran et al., 2015; Stocker et al., 2018)280 

281 

282 

283 

284 

285 

286 
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287 

288 

 between September 2017 and August 2018 (a) 289 

DO, (b) CODMn, (c) TP, and (d) NH3-N290 

291 
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292 

293 

(a) DO, (b) CODMn, (c) TP, and (d) NH3-N. 294 

 295 

3.2.2 MRD and SDRD 296 

297 

298 

299 

300 

301 

302 

303 

304 

305 
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306 

307 

308 

Fig. 7 shows the relationships between the MRD and SDRD. MRD was significantly 309 

positively correlated with SDRD for CODMn, TP, and NH3-N (p < 0.01, Pearson test). In 310 

contrast, the MRD was not correlated with SDRD for DO. With respect to representing the 311 

mean water quality in the study area, the results indicated that the sampling sites with lower 312 

CODMn, TP, and NH3-N concentrations were more stable compared to sites with higher 313 

concentrations. 314 

315 

316 

317 

(a) DO, (b) CODMn, (c) TP, and (d) NH3-N.318 
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319 

320 

321 

 322 

Fig. 7 Relationships between the mean relative difference (MRD) and standard deviation of 323 

relative difference (SDRD) for (a) DO, (b) CODMn, (c) TP, and (d) NH3-N. 324 

 325 

3.3 Identification and validation of representative sampling sites 326 

To identify representative monitoring locations, it is important to define the criteria for 327 

selecting them. Several criteria have been proposed for different case studies to support the 328 

temporal stability analysis technique. For example, Vachaud et al. (1985) selected the 329 

location with the lowest SDRD value as the most temporally stable site. Grayson and Western 330 
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(1998) selected representative sampling stations based on the closeness of the relative 331 

difference to zero. Van and Wierenga (2001) considered locations as estimators of the mean 332 

soil moisture for a given network, by setting 5% as the threshold for the standard deviation at 333 

a small spatial scale (1 ha). In this study, the monitoring sites were distributed over a broad 334 

territory. This resulted in high temporal variation. We chose four indices to identify the 335 

representative monitoring sites based on the TSA method: SDRD, ITS, MABE, and RMSE. 336 

Table 2 shows the representative sites identified using SDRD, ITS, MABE, and RMSE for 337 

the four water quality indicators. The representative water quality concentrations were linked 338 

to the mean values of all sampling sites. A subset of the identified stations represented the 339 

sites with mean concentrations with acceptable errors. For DO, the results from the 340 

representative sites identified by the four indices were all significantly correlated with the 341 

mean concentration (p<0.01). Site 35 resulted in the best estimates of the mean value using 342 

SDRD. For CODMn, site 38 was identified using both SDRD and MABE, and site 39 was 343 

selected using RMSE. Site 38 and site 39 showed an equal correlation coefficient, and were 344 

both closely associated with the mean value (p<0.05). For TP and NH3-N, only the locations 345 

determined using ITS (site 40 for TP and site 8 for NH3-N) were effectively associated with 346 

the regional mean concentrations. This was because the SDRD values were closely related to 347 

the MRD values, and the locations with smallest SDRDs did not correspond to the sites with 348 

MRD values close to zero. The use of MABE and RMSE values resulted in the selection of 349 

the same sites (site 13 for DO, site 36 for TP, and site 39 for NH3-N) for all the water quality 350 

indicators except CODMn. According to the results, if the MRD and SDRD values are closely 351 

correlated, MABE and RMSE methods tend to produce the same representative locations as 352 
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SDRD. This was the case for the water quality indicators TP and NH3-N. However, these 353 

locations may not effectively represent the regional means. The identified locations differed 354 

for the four water quality indicators, indicating that these indicators are likely to show 355 

different characteristics with respect to temporal consistency. 356 

Fig. 8 shows the comparison of water quality concentrations between the total mean values 357 

and the concentrations of the four indicators at representative sites, using data from 358 

September 2018 to August 2019 for validation. The selected sites resulted in mean 359 

concentrations that had acceptable errors. Site 35, identified using SDRD for DO, produced 360 

the best estimates of the mean concentration. This was followed by site 40 for TP and site 8 361 

for NH3-N. The representative site for CODMn had the lowest correlation with the mean 362 

concentration. 363 

 364 

 365 

 366 

 367 

 368 

 369 

 370 

 371 

 372 
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Table 2 Pearson correlation coefficients and RMSEs for the mean concentrations and the 373 

concentrations at the single site identified by four temporal stability indices. 374 

Water quality indicator Method Representative site r RMSE 

DO SDRD 35* 0.986＂ 0.21 

 ITS 29 0.956＂ 0.36 

 MABE 13 0.765＂ 0.78 

 RMSE 13 0.765＂ 0.78 

CODMn SDRD 38* 0.669＇ 0.104 

 ITS 41 0.488 0.122 

 MABE 38 0.669＇ 0.104 

 RMSE 39 0.669＇ 0.104 

TP SDRD 36 0.458 0.029 

 ITS 40* 0.715＇ 0.0089 

 MABE 36 0.458 0.029 

 RMSE 36 0.458 0.029 

NH3-N SDRD 39 0.494 0.136 

 ITS 8* 0.722＇ 0.054 

 MABE 39 0.494 0.136 

 RMSE 39 0.494 0.136 

* Sites resulted in the best estimates of mean concentrations. 375 

＇p < 0.05 376 

＂p < 0.01 377 
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 378 

Fig. 8 Comparison of water quality concentrations between the total mean values and 379 

concentrations of representative sites for DO (site 35), CODMn (site 38), TP (site 40), and 380 

NH3-N (site 8), between September 2018 and August 2019. 381 

 382 

3.4 Influencing factors for temporal stability analysis 383 

A Pearson correlation analysis was used to assess the influence of different factors (land 384 

use, socio-economic status, topography, and precipitation) on the temporal stabilities of the 385 

water quality measures. Table 3 shows the correlations between MRD, SDRD, and ITS and 386 

the potential factors. SDRD and ITS were found to be better than MABE and RMSE for 387 

identifying representative sites in this study, so we excluded MABE and RMSE from the 388 

process of identifying the influencing factors. 389 
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Forest land use (%) was significantly positively correlated with the MRD of DO and was 390 

significantly negatively correlated with MRD values of CODMn, TP, and NH3-N. There were 391 

negative relationships between forest (%) and the SDRD values of TP and NH3-N. Built-up 392 

land (%) showed a significant negative correlation with the MRD value of DO. There were 393 

weak positive relationships with MRDs for CODMn and TP. There were significantly positive 394 

correlations with MRD and SDRD for NH3-N. Agricultural land (%) was negatively related 395 

to MRD and was positively related to ITS for DO. There were positive correlations with 396 

MRDs and SDRDs for CODMn, TP, and NH3-N. Water land use (%) was positively associated 397 

with the MRD of DO and was negatively related to ITS of CODMn.  398 

Many studies have reported a close relationship between land use and water quality (Bu et 399 

al., 2014; Lee et al., 2009; Meneses et al., 2015). Previous studies showed that construction 400 

land and cultivated land have a negative impact on surface water quality. In contrast, 401 

woodland has a positive influence on water quality. In this study, the land use proportions 402 

were closely related to temporal stability indices, which were generally consistent with the 403 

relationships between land use type proportions and water quality concentrations. Water 404 

quality tended to be more stable in the areas where there were higher proportions of forest 405 

land and lower proportions of built-up land and agricultural land. Forest land can stabilize the 406 

nearby water quality, because it significantly contributes to soil and water conservation and 407 

water purification (Gu et al., 2019). Built-up land and agricultural activities increase pollution 408 

risks for adjacent water and can increase water quality fluctuations. Water itself has the 409 

ability to purify itself, so it is reasonable for water to contribute to the stability of water 410 

quality. 411 
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GDP and population density are important socio-economic indicators, and are closely 412 

associated with human activities and surface water quality (Gu et al., 2014; Wu and Chen, 413 

2013). Table 3 shows that GDP and population density had important impacts on the temporal 414 

stability of water quality. This is indicated by the close relationships with the temporal 415 

stability indices. Regions with higher GDP and population density tended to have lower 416 

temporal stability in water quality concentrations. This may be due to the larger amount of 417 

pollutants generated by more developed and densely populated regions; these pollutants lead 418 

to greater variabilities in water quality. Topographic characteristics also impact the aquatic 419 

environment (Yu et al., 2016). Elevation was found to be related to the MRD and ITS values 420 

for DO, indicating that elevation weakly influenced the temporal stability of surface water 421 

quality. The DO concentration was relatively temporally stable in high-altitude areas, 422 

compared to low altitude areas. This is consistent with the relationship between elevation and 423 

water quality in Zhejiang Province (Gu et al., 2014; Gu et al., 2015). Meteorological factors, 424 

especially rainfall, contribute to variability in water quality (Min and Shibata, 2015). 425 

However, precipitation was not correlated with the temporal stability indices for the four 426 

indicators in this study. This may be because the difference in precipitation across the study 427 

area was not significant enough to influence the variability in water quality between different 428 

locations. The lack of correlation may also be because precipitation can have either positive 429 

or negative influence on the condition of receiving water bodies (Whitehead et al., 2009), 430 

leading to an indeterminate relationship between them. 431 

 432 

 433 
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Table 3 Pearson correlation coefficients between the temporal stability metrics and potential 434 

influencing factors. 435 

  Forest 

(%) 

Built-up 

(%) 

Agricultural 

land (%) 

Water 

(%) 

GDP Population 

density 

Elevation Precipitation 

DO MRD 0.529＂ -0.485＂ -0.372＇ 0.355＇ -0.464＂ -0.447＂ 0.354＇ -0.252 

SDRD 0.030 -0.072 0.022 -0.118 0.332＇ -0.032 -0.255 0.088 

ITS -0.292 0.095 0.322＇ 0.078 0.197 -0.034 -0.337＇ 0.166 

CODMn MRD -0.466＂ 0.400＇ 0.397＇ 0.115 0.355＇ 0.097 -0.276 0.252 

SDRD -0.255 0.019 0.334＇ 0.027 0.193 0.356＇ -0.072 0.241 

ITS 0.028 -0.141 0.122 -0.367＇ 0.329＇ -0.097 0.067 -0.054 

TP MRD -0.456＂ 0.359＇ 0.441＂ 0.020 0.076 -0.039 -0.168 -0.013 

SDRD -0.331＇ 0.184 0.392＇ -0.112 0.340＇ 0.349＇ -0.123 0.198 

ITS -0.019 -0.176 0.179 -0.236 -0.033 -0.151 -0.107 0.015 

NH3-N MRD -0.482＂ 0.514＂ 0.365＇ 0.121 0.339＇ 0.025 -0.298 0.070 

SDRD -0.505＂ 0.460＂ 0.379＇ 0.310 0.133 0.362＇ -0.258 0.199 

ITS -0.204 0.246 0.142 0.050 -0.089 -0.090 -0.058 -0.174 

＇p < 0.05 436 

＂p < 0.01 437 

 438 

3.5 Methodological prospects 439 

This study adopted a temporal stability analysis approach, combining a non-parametric 440 

correlation test and relative difference analysis. The goal was to characterize the temporal 441 
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stability of water quality indicators. The TSA method has considerable potential for 442 

investigating the spatio-temporal pattern of surface water quality, and to optimize the 443 

distribution of monitoring stations making up water quality monitoring networks. The results 444 

demonstrated the feasibility of the TSA method for characterizing the temporal stability of 445 

surface water quality. The findings can support water management, by providing knowledge 446 

to support the identification of representative monitoring sites. 447 

This approach was designed to support a soil moisture analysis; however, the approach 448 

also shows promise in being applied to other measurements (Douaik et al., 2006; Pachepsky 449 

et al., 2018; Ran et al., 2015; Stocker et al., 2018). Water quality experiences both temporal 450 

changes and spatial variations, and also temporal changes in the spatial pattern. The 451 

Spearman’s rank correlation of each pair of sampling time was assessed to examine the 452 

temporal persistence of site ranks, before applying the temporal analysis of relative 453 

differences. The rank correlation coefficient involves the analysis of temporal stability on a 454 

regional scale, i.e. the temporal similarity of water quality spatial patterns. In contrast, MRD 455 

and SDRD investigate temporal stability on a location scale, i.e. the deviation of individual 456 

sites associated with the regional mean. 457 

Studies focusing on optimizing water quality monitoring sites have generally applied 458 

clustering methods or dimensionality reduction approaches. To reduce the number of 459 

monitoring sites, all sites are clustered into groups based on similarities in water quality 460 

measures. Representative sites are then selected from each group (Gu et al., 2015; Hussain et 461 

al., 2008). To reduce the number of monitoring indicators, factor analysis/PCA is used to 462 

determine the contributions of different water quality indicators. The most important 463 
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indicators are identified to be focused on in future monitoring (Su et al., 2011). In contrast 464 

with these studies, this study evaluated the relative differences in the concentrations, instead 465 

of classifying the sampling sites into groups. This method was not developed to replace the 466 

previous approaches; rather, the new approach can play a complementary and assistive role.  467 

 468 

3.6 Implication for optimal field monitoring 469 

Based on the theory of temporal stability analysis, this study provides technical support for 470 

governmental agencies, so they can optimize water quality monitoring programs and improve 471 

water resource management. The temporally stable locations are potential monitoring sites 472 

that can be used to estimate mean water quality concentrations for the whole area. In many 473 

situations, average water quality levels are used to assess and understand water quality 474 

conditions in specific regions. Usually, the arithmetic means are calculated across all 475 

monitoring sites to represent the mean values. TSA results can inform innovative methods 476 

that adjust mean concentrations to be more logical and representative. For example, more 477 

temporally stable sites may be selected to calculate mean concentrations, instead of all 478 

monitoring sites. TSA results can be used to optimize the water quality monitoring network, 479 

by reducing the number of monitoring locations. The temporally stable sites may be better for 480 

reflecting regional water quality conditions over time. In addition, monitoring sites that yield 481 

measurements that are consistently higher or lower than the mean levels should be 482 

specifically controlled or protected. The TSA results can also be applied to guide the temporal 483 

frequencies of the sampling schedule. The pattern of water quality distribution may vary over 484 

seasons. If the main purpose is to monitor mean water quality dynamics, data collection can 485 
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be less frequent during the seasons with high temporal stability, compared with the frequency 486 

during the season with low temporal stability. 487 

The sites with low temporal stability should also be considered (Stocker et al., 2018). 488 

Understanding the causes of the large variability in water quality concentrations is important 489 

in informing the development of water quality regulations and for pollution control (Gu et al., 490 

2014). The temporally unstable locations may offer insights into the factors influencing the 491 

variability in water quality. These insights can help improve current management practices. 492 

For example, built-up land and agricultural land were identified as the major factors 493 

responsible for the temporal instability of water quality in the study area.  494 

Decreasing the number of monitoring stations, without significantly losing valuable 495 

information, benefits long-term water quality monitoring programs. This is particularly the 496 

case in large scale systems, which require many monitoring stations that are expensive to 497 

build and difficult to maintain (Storey et al., 2011). Study results indicate it is not necessary 498 

to monitor all time-stable sites, because water quality at these locations can be estimated by 499 

monitoring the temporally stable sites. For example, the DO concentration at site 29 was 500 

temporally stable, and was closely correlated with the DO concentration at site 35 (R2=0.914, 501 

p<0.01) (Fig. 9a). The DO concentrations at site 29 between September 2018 and August 502 

2019 were estimated from the observations at station 35. The estimated values effectively fit 503 

the measured concentrations at site 29 (R2=0.807, p<0.01) (Fig. 9b). In this study, most stable 504 

locations were distributed in the south. This indicated that fewer monitoring sites may be 505 

needed to assess water quality condition in this region, compared to the northern area. 506 
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 507 

Fig. 9 Predicting the DO concentrations at a temporally stable site from a monitored 508 

time-stable site. (a) The DO concentrations at site 29 were significantly correlated with 509 

concentrations at site 35 between September 2017 and August 2018. (b) The estimated DO 510 

concentrations at site 29 effectively fit the measured concentrations between September 2018 511 

and August 2019. 512 

 513 

4 Summary and conclusions 514 

This study investigated a series of spatio-temporal water quality patterns, using four 515 

specific indicators, and identified representative sampling sites in the Qiantang River in 516 

China. The temporal stability analysis approach, combining a non-parametric correlation test 517 

and relative difference analysis, was used to characterize temporal stability for the four 518 

indicators. The results indicated that the spatial pattern of water quality was strongly stable 519 

over time. The TP concentration was the most consistent over time among all four indicators.520 

521 

The 522 

SDRD measure was used to identify the most representative site for DO. The SDRD, MABE, 523 
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and RMSE measures were used to collectively select the representative locations for CODMn. 524 

The index of temporal stability (ITS) was used to identify the representative sites for TP and 525 

NH3-N.  526 

In this study, SDRD and ITS more efficiently identified representative monitoring sites 527 

compared with MABE and RMSE. The identified representative sites estimated the mean 528 

concentrations with acceptable errors. The temporal stability was driven by the amount of 529 

land use occupied by forest (%), built-up land (%), and agricultural land (%), and by GDP 530 

and population density. The spatial pattern of water quality was more temporally stable in the 531 

regions where there was more forest and less built-up land and agricultural land. Regions 532 

with higher GDP and population density tended to have lower temporal stabilities with 533 

respect to water quality. The study found that the TSA method is effective and promising for 534 

characterizing the variability in water quality. It also effectively identifies representative 535 

sampling sites for optimizing water quality monitoring networks. 536 
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Figures

Figure 1

Location of the study area in China and spatial distribution of the monitoring sites. Note: The
designations employed and the presentation of the material on this map do not imply the expression of
any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Figure 2

Land use in the Qiantang River basin in 2017. Note: The designations employed and the presentation of
the material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 3

Annual variations in (a) DO, (b) CODMn, (c) TP, and (d) NH3-N between September 2017 and August
2018.



Figure 4

Matrix of Spearman’s rank correlation coe�cients for the comparisons of water quality concentrations in
different months between September 2017 and August 2018: (a) DO, (b) CODMn, (c) TP, and (d) NH3-N.
All correlations are statistically signi�cant (p<0.01).



Figure 5

Mean Spearman’s rank correlation coe�cient corresponding to different time lags (months) for (a) DO, (b)
CODMn, (c) TP, and (d) NH3-N.



Figure 6

The mean relative difference (MRD) and standard deviation of relative difference (SDRD) of (a) DO, (b)
CODMn, (c) TP, and (d) NH3-N. The MRDs are ranked in ascending order; the associated SDRD values are
indicated by error bars. The numbers near the bars are the identi�cation numbers of the monitoring sites.



Figure 7

Relationships between the mean relative difference (MRD) and standard deviation of relative difference
(SDRD) for (a) DO, (b) CODMn, (c) TP, and (d) NH3-N.



Figure 8

Comparison of water quality concentrations between the total mean values and concentrations of
representative sites for DO (site 35), CODMn (site 38), TP (site 40), and NH3-N (site 8), between
September 2018 and August 2019.



Figure 9

Predicting the DO concentrations at a temporally stable site from a monitored time-stable site. (a) The DO
concentrations at site 29 were signi�cantly correlated with concentrations at site 35 between September
2017 and August 2018. (b) The estimated DO concentrations at site 29 effectively �t the measured
concentrations between September 2018 and August 2019.


