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ABSTRACT 22 

Electrical conductivity (EC) is a common and cheap water monitoring sensor, and in 23 

some way reflects the water body pollution level qualitatively. In this study, the 24 

domestic sewage characteristic analysis for decentralised treatment facilities in plain 25 

and mountainous rural areas, Eastern China, showed that influent TN/NH3-N/TP 26 

concentrations were strongly and linearly correlated with influent EC values. EC source 27 

apportionment indicated that although no single ion in rural domestic sewage 28 

dominated the EC value, EC was packed with vast amounts of information on pollutant 29 

content and colud be precisely predicted by support vector machine (SVM) regression 30 

model (R = 0.9520). According to field investigation and dilution simulation analysis, 31 

the mechanism of correlations between influent TN/NH3-N/TP concentrations and EC 32 

values was confirmed and attributed to dilutions by background water during pipeline 33 

transport. Particularly, although the dilution processes in plain and mountainous areas 34 

were similar and the dilution coefficients were speculated to both obey a Poisson 35 

distribution, the average dilution coefficient in plain area was 0.35 ± 0.16 with λ=4 36 

while that in mountainous area was 0.23± 0.15 with λ=2. Our results demonstrate that 37 

the EC sensor provides a cheap, rapid and reliable alternative pollutant monitoring 38 

method for decentralised treatment facilities in rural areas with mechanism clear. 39 

Keywords: rural domestic sewage; decentralised treatment facilities; water quality 40 

monitoring; electrical conductivity; correlation; modelling   41 
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1. Introduction 42 

Domestic sewage in rural areas is an important part of nonpoint source pollution; 43 

its direct discharge into surface waters without efficient treatment has caused declining 44 

water quality in aquatic environments and threatened the safety of drinking water in 45 

rural areas (Dubber and Gill 2017; Gu et al. 2016; Murphy et al. 2020; Nsenga 46 

Kumwimba et al. 2018; Sorensen et al. 2016). Treating decentralised domestic sewage 47 

is an increasing and difficult challenge in numerous developing countries (Lam et al. 48 

2015; Li et al. 2020). By the end of 2016, rural sewage treatment systems have covered 49 

22% of the villages in China, with an estimated total number of treatment facilities 50 

approximately more than 1 million, according to a report of Ministry of Housing and 51 

Urban-Rural Development of the People’s Republic of China (MOHURD). Only a 52 

small proportion of these facilities can be operated in appropriate conditions and 53 

discharge effluents that meet the standard (Yu et al. 2019). The lack of financial 54 

resources and the attendant lack of necessary operation and maintenance of these 55 

treatment facilities in rural areas are the main reasons (de Oliveira Cruz et al. 2019; 56 

Hong et al. 2019). However, developing countries are bound to face this common 57 

situation, and how to monitor water qualities of decentralised domestic sewage 58 

treatment facilities in economical and efficient ways and then provide comprehensive 59 

views, are crucial to ensure the facilities in effective operations (Lourenco et al. 2006).  60 

Conventional online wastewater quality monitoring instruments based on chemical 61 

tests are widely used in wastewater treatment plants (WWTPs), which performed with 62 
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varying degrees of inevitable delays, as well as high operating cost (Melendez-Pastor 63 

et al. 2013; Yang et al. 2015). Thus, these instruments may be unsuited for rural areas. 64 

Spectroscopic measurements have been proposed to monitor a wide range of water 65 

quality parameters, including conventional parameters (e.g. COD, and BOD5), in online 66 

and real-time modes (Carstea et al. 2016; Chen et al. 2019). These measurements have 67 

been proved to be innovative and effective for monitoring wastewater influent quality 68 

and providing online early warning for timely precautions (Lepot et al. 2016; Michael-69 

Kordatou et al. 2015). However, the measuring precision of these pollutants is limited. 70 

In addition, although the spectroscopic methods are cheaper than chemical methods, 71 

they are still expensive for rural areas in consideration of enormous number of facilities. 72 

In recent years, in order to further reduce water quality monitoring cost, indirect 73 

methods of concentration prediction of BOD, COD, TDS, NH3-N and TP in influent 74 

and effluent are increasingly investigated on the basis of various machine learning 75 

algorithms, such as k-nearest neighbours (KNN), artificial neural networks (ANN), 76 

self-organising map (SOM) and support vector machine (SVM) (Harrou et al. 2018; 77 

Lotfi et al. 2019; Shi et al. 2018; Zhang et al. 2008). In the aforementioned water quality 78 

monitoring strategies, difficult or expensive target water quality indices are replaced 79 

with low-cost ones as prediction model inputs (e.g. turbidity, conductivity, redox 80 

potential, pH, chloride and dissolved oxygen). However, the method has not been 81 

proven to be generally applicable in various decentralised domestic sewage treatment 82 

systems in which the monitoring parameters of these models may change with time 83 
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over a wide range. In addition, installing these regular wastewater indicators in one 84 

facility, such as in WWTP, remains unaffordable for rural areas.  85 

Electrical conductivity (EC), a cost-effective, rapid and durable water quality sensor 86 

(Naveedullah et al. 2016), has exhibited good correlations with pollutant removal 87 

behaviour in decentralised domestic sewage treatment facilities (Yu et al. 2019), which 88 

has been no similar research reported in municipal or industrial wastewater, to the best 89 

of our knowledge. EC contains a variety of pollutant information and may be used as 90 

an alternative parameter for influent and effluent comprehensive concentrations, 91 

although the related mechanism has not been illuminated.  92 

In this study, based on wastewater quality analysis of two typical regions of Eastern 93 

China, we calculated the source apportionment of EC and confirmed the intrinsic 94 

connection between EC value and pollutant concentrations. On this basis, we then 95 

proposed a dilution model to illustrate the mechanism of correlations amongst TN, 96 

NH3-N, TP and EC in influent and effluent of decentralised domestic sewage treatment 97 

facilities in rural areas, and summarized the key characteristics.  98 

2. Material and Methods 99 

2.1. Domestic sewage samples in rural areas 100 

A total of 308 domestic sewage samples (including influent and effluent) in rural 101 

areas used in this study were collected from 154 decentralised facilities that were 102 

distributed in plain (JX City and HZ City) and mountainous (SX City and JH City) 103 

areas of Eastern China. These facilities were with varying scales (1–5, 5–20 and >20 104 
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t/d) and unit processes (A/A/O, SBR, MBR, filter and CW). The influent samples were 105 

collected from the regulating pools of facilities. The effluent samples were collected 106 

from discharge outlets. The samples were transported in polyethylene bottles and stored 107 

and refrigerated at 4 °C before testing.  108 

2.2. Analytical methods 109 

All chemicals were purchased from Sinopharm Chemical Reagent Co., Ltd. and used 110 

as received without further purification. COD, TN, NH4
+-N, TP and suspended solid 111 

(SS) analysis of wastewater were performed in accordance with the American Public 112 

Health Association (APHA) Standard (A.P.H.A et al. 1998). In particular, TN included 113 

total Kjeldahl nitrogen, NO3-N and NO2-N. The preceding analyses were based on 114 

spectrophotometry and used the same ultraviolet-visible spectrophotometer (Precision 115 

Instruments, China). Inorganic ions (Na+, K+, Ca2+ and Cl−) in wastewater were 116 

analysed through cation chromatography (DIONEX ICS-90, USA). Water parameters 117 

on situ, including pH, temperature and EC of the wastewater samples, were determined 118 

using portable instruments (HM-30P and CM-31P, DKK, Japan).  119 

2.3. Source apportionment of electrical conductivity 120 

The EC in rural domestic sewage was mainly derived from inorganic ions, such as 121 

Na+, K+, Ca2+, Cl− and pollutants, which were usually in the forms of ions, such as TN 122 

(NH4
+-N, NO3

−, NO2
− and organic nitrogen), TP (H2PO4

−, HPO4
2− and organic 123 

phosphorus) and some other organics. Given that these ion concentrations in rural 124 

domestic sewage were extremely low, EC was proportional to the source ion 125 
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concentration with a specifically constant coefficient called molar conductivity at 126 

infinite dilution. In this study, the conductivity derived from Na+, K+, Ca2+, Cl−, TN 127 

and TP were calculated at 25 °C. The EC derived from TN and TP was calculated 128 

according to the concentration of ammonium and phosphate, respectively, which was 129 

the main nitrogen and phosphorus forms in influent and effluent, whereas the other 130 

organic/inorganic nitrogen and organic phosphorus forms were extremely few (Yu et 131 

al., 2019). Particularly, the EC derived from TP was calculated according to the 132 

concentration of H2PO4
− and 1/2HPO4

2− with a ratio of 1:1, which was the main forms 133 

of phosphate under a neutral condition. The molar conductivity at the infinite dilution 134 

of Na+, K+, 1/2Ca2+, Cl−, NH4
+, H2PO4

− and +1/2HPO4
2− at 25 °C were 50.15, 73.50, 135 

59.00, 76.34, 73.55, 32.00, and 57.20 S·cm2/mol, respectively (Schiffman et al. 1995; 136 

Tsurko et al. 1999).  137 

2.4. Rural domestic sewage dilution simulation 138 

The simulation of rural domestic sewage diluted by background water in plain and 139 

mountainous areas were both performed with Microsoft Excel. A total of 200 simulated 140 

rural domestic sewage samples were generated by the dilution model for each area. TP 141 

was selected as the model pollutant with initial concentration of 10 ± 3 mg/L and obey 142 

normal distributions. The corresponding electrical conductivities of rural domestic 143 

sewage in the two areas were both set at 2200 ± 200 μS/cm and followed normal 144 

distribution hypothesis. The pollutant concentration in the background water is much 145 

lower than that in initial sewage. In addition, the TP concentration in plain and 146 



 

8 

 

mountainous areas were randomly distributed in the range of 0.2–0.3 and 0.1–0.2 mg/L 147 

during dilution, respectively (Guo et al. 2018). The corresponding electrical 148 

conductivities of background water were set randomly from 150–400 and 30–60 μS/cm. 149 

No presupposed correlations were found between electrical conductivities and TP in 150 

original rural domestic sewage before dilution. In this study, dilution coefficient is 151 

defined as the ratio of original rural domestic sewage in the mixed rural domestic 152 

sewage after dilution by background water. The coefficient value could range from 0–153 

1.0. The coefficient value was set to 10 sections, in which each band has a width of 0.1. 154 

In addition, the frequency of dilution coefficients was simulated conforming to random, 155 

normal (Equation 1) and Poisson distributions (Equation 2). Here, y0 is set to 0, and λ 156 

is set to 2, 3 and 4. μ is fixed to 0.5, and σ is set to 0.1, 0.2 and 0.3. The specific dilution 157 

coefficient of one sample was randomly distributed in the specific coefficient section. 158 

Table 1 shows the distribution of samples in each coefficient section.  159 

𝑦 = 𝑦0 + λ𝑘𝑘! 𝑒−λ (𝑘 = 0, 1, 2, 3 ⋯ )                     (1) 160 

𝑦 = 𝑦0 + 1𝜎√2𝜋 𝑒−(𝑥−𝜇)22𝜎2                          (2) 161 

where y0 is offset, λ is mean and variance, μ is mean and σ is variance. 162 

2.5. SVM regression model 163 

In this research, an SVM regression model simulated by the LIBSVM tool was used 164 

to predict the conductivities of influent and effluent. Input of the model was a [308 × 7] 165 

matrix that was composed of 308 rows of water quantity data (TN, TP, Na+, K+, Ca2+ 166 

and Cl− concentrations), whereas output was a [308 × 1] matrix that was composed of 167 
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the corresponding EC values. A total of 278 rows were randomly selected to be the 168 

training set, whereas the remaining approximately 10% data (30 rows) were placed in 169 

a testing set. To make the domain of inputs and outputs uniform, each variable was 170 

mapped into a range [0, 1] by using the following equation: 171 𝑥𝑛 = (𝑥−𝑥𝑚𝑖𝑛)𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛                           (3) 172 

where x and xn are the original and normalised values of the input or output variables, 173 

respectively. xmin and xmax are the extreme values of variable x.  174 

The radial basis function (RBF) was selected as the kernel function of the SVM 175 

regression model, which mapped samples into a higher dimensional space nonlinearly. 176 

An RBF kernel has two dominating parameters, namely, penalty parameter c and kernel 177 

parameter g. In this study, the grid-search method was used to determine the optimal 178 

kernel parameters that were combined with a five−fold cross validation, although this 179 

method seemed straightforward and time consuming. The computational time required 180 

to find good parameters by using grid-search was not longer than that by using 181 

advanced methods given that only two parameters were observed (Fayed and Atiya 182 

2019). The range of the two parameters were [2−10, 210], with a same step of 0.5. 183 

The performance of the model in the training and test stages was measured using 184 

three indices, namely, mean absolute percent error (MAPE), root mean squared error 185 

(RMSE) and correlation coefficient (R), through Equations 4–6, respectively:  186 𝑀𝐴𝑃𝐸 = 1𝑛 ∑ |�̂�𝑖−𝑦𝑖𝑦𝑖 |𝑛𝑖=1 × 100%, 𝑖 = 1,2, …n          (4) 187 

𝑅𝑀𝑆𝐸 = √1𝑛 ∑ (𝑦𝑖 − �̂�𝑖)2𝑛𝑖=1                   (5) 188 
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𝑅 = √∑ (𝑦𝑖−�̅�𝑖)2−∑ (𝑦𝑖−�̂�𝑖)2𝑛𝑖=1𝑛𝑖=1 ∑ (𝑦𝑖−�̅�𝑖)2𝑛𝑖=1                  (6) 189 

where MAPE is the average of the sum of the absolute values of all relative errors, 190 

RMSE is mainly used to illustrate the degree of dispersion of the sample, R reflects the 191 

strong relationship between the predicted and the actual values, yi is the actual value for 192 

observation i, ŷi is the predicted value for observation i by the model, and n is the 193 

number of data.  194 

2.6. Statistical analysis 195 

All data were analysed using Microsoft Excel, Origin and SPSS. The least significant 196 

difference multiple range test was adopted to determine the statistical significance 197 

between pairs using SPSS with Spearman method. Normality test for the distribution 198 

of TN, NH4
+-N, TP, COD concentrations and EC values in influent of decentralised 199 

domestic sewage treatment facilities in rural areas used in this study was according to 200 

Shapiro–Wilk method. A p value of less than 0.01 indicates that the pairs show good 201 

statistical significance.  202 

3. Results and discussion 203 

3.1. Domestic sewage quality in plain and mountainous rural areas of Eastern 204 

China 205 

Water quality characteristics, including pollutant indices (TN, NH4
+-N, TP, COD and 206 

SS), common ions (Ca2+, K+, Na+ and Cl−), pH and EC in influents and effluents of 207 

decentralised domestic sewage treatment facilities from four cities in plain and 208 

mountainous rural areas of Eastern China, are measured and listed in Table 2. The 209 
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average values of influent TN, NH4
+-N, TP, COD, SS and EC were 37.7, 25.6, 3.2, 210 

104.2, 33.7 mg/L and 727.5 μS/cm, respectively. The corresponding effluent ones were 211 

28.5, 18.8, 2.5, 51.7 ,30.0 mg/L and 638.8 μS/cm, with generally low pollutant removal 212 

efficiencies. The ion concentrations before and after treatment were nearly invariable. 213 

On the other hand, obviously, the pollutant contributions either in influent or effluent 214 

of facilities in plain area were much higher than those in mountainous area. HZ 215 

possessed the highest concentrations of TN (64.3 ± 35.1/52.1 ± 39.1 mg/L), NH3-N 216 

(51.1 ± 34.0/45.2 ± 37.5 mg/L), TP (5.0 ± 3.1/4.1 ± 2.5 mg/L) and EC values (931.3 ± 217 

344.6/871.8 ± 349.3 μS/cm) either in influent/effluent, especially the COD 218 

concentrations (190.6 ± 120.2/104.3±87.6 mg/L). SX had the lowest ones among the 219 

four cities. Ammonia nitrogen was the main form of nitrogen in influent and effluent, 220 

except SX with nitrogen concentration much lower than average concentration. The 221 

rate of exceeding allowable discharge standard (RES) of JX, HZ, SX, JH and the 222 

average value were 57%, 68%, 32%, 20% and 48%, respectively. The general 223 

concentration ranges of TN, NH4
+-N, TP, PO4

3−-P, COD and SS in typical rural 224 

domestic sewage were 35–65, 30–60, 3–7, 3–7, 80–300 and 55–400 mg/L (Fu et al. 225 

2018; Zha et al. 2018). Evidently, the influent pollutant concentrations in Eastern China 226 

were closer to the lower bound, which could be attributed to the fact that the original 227 

rural domestic sewage were diluted by other water sources with varying levels in sewers, 228 

such as groundwater and agricultural irrigation water, based on the field investigation 229 

of sewage pipes operating state and previous research (Ntanganedzeni et al. 2018). 230 
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In addition, EC values exhibited positive and significant correlations with the 231 

concentrations of TN, NH3-N and TP in influents of decentralised domestic sewage 232 

treatment facilities both in plain and mountainous rural areas with the total R2/P value 233 

as 0.650/7.4373E-37, 0.646/3.6009E-37 and 0.599/7.9352E-33 as shown in Fig. 1(a, b 234 

and c). The influent COD (R2 = 0.173), with concentrations much higher than TN, NH3-235 

N and TP, possessed poor correlations with EC generally, except in HZ (R2 = 0.594), as 236 

shown in Fig. 1d. The influent TN, NH3-N, TP and COD concentrations of plain/ 237 

mountainous area all showed the characteristics of non-normality according to Shapiro–238 

Wilk test with P values of 6.0E-6/7.0E-6, 5.0E-6/2.4E-7, 2.0E-6/4.6E-7 and 4.3E-239 

10/9.9E-11, respectively. However, the influent EC values in plain area appeared to be 240 

normal distribution with a P values of 0.9280 for Shapiro–Wilk test, while that in 241 

mountainous area was non-normal distribution. The histograms of related frequency 242 

distribution are shown in Fig. S1. In particular, the frequency distributions of influent 243 

TN, NH3-N and TP concentrations in plain and mountainous areas were all concentrated 244 

in low concentration regions, and the latter was much closer to. The histograms of the 245 

frequency distribution of influent COD were a slightly different case, which was closer 246 

to low concentration regions than the aforementioned three pollutants both in plain and 247 

mountainous areas. Its lowest region even accounted for nearly half of the frequency in 248 

plain area. The frequency distribution of EC values in mountainous area was similar 249 

with other pollutants, while that in plain area was concentrated in middle concentration 250 

regions.  251 
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In effluents of decentralised domestic sewage treatment facilities, similar 252 

correlations amongst pollutants and EC were also established, but a litter weaker than 253 

those in influents as shown in Fig. 1(e, f and g). The correlations amongst TN, NH3-N, 254 

TP and EC in single city were generally better than those in areas. Interestingly, the 255 

effluent COD in Eastern China (R2 = 0.272), with concentrations much higher than TN, 256 

NH3-N and TP, possessed poor correlations with EC generally, as shown in Fig. 1h. 257 

However, HZ possessing the highest average concentrations of COD, showed a good 258 

correlation (R2 = 0.784) between COD and EC. It indicated that the mechanism of 259 

correlations between COD concentration and EC values might be different from that 260 

between TN/NH3-N/TP concentrations and EC values.  261 

3.2. Source apportionment of electrical conductivity 262 

The source apportionment of influent and effluent EC in Eastern China is carried out 263 

to find the dominating ion for EC value as well as the cause of correlation, and the result 264 

is shown in Fig. 2. TN and TP, the main pollutants exciting in ionic form in rural 265 

domestic sewage, had certain difference on the contributions to the EC value in each 266 

city. However, the ratios of EC deriving from TN and TP were not high and had only 267 

occupied 8–29% and 1–2% of the total value, respectively. The contributions from other 268 

common ions, such as Cl−, Na+, K+ and Ca2+ were a litter more than TN and TP. These 269 

contributions had accounted for a combined 27–49% of influent EC value in the four 270 

cities, in which no ion had a contribution beyond 20%. After the treatment by facilities, 271 

the ratio of EC value from TN and TP reduced slightly, whereas that from Cl−, Na+, K+ 272 
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and Ca2+ had slightly changed, which were consistent with the results shown in Table 273 

2. In addition, 33–49% of EC value had resulted from other undetected sources, with a 274 

slightly changed concentration during treatment.  275 

No single ion was able to dominate the EC value. In other words, the removal of TN, 276 

TP or any other pollutants in influent could not result in the decrease of EC value in 277 

effluent with similar ratios. Therefore, if the facilities possessed high removal rates of 278 

pollutants, no high correlations would be observed between TN/NH3-N/TP and EC in 279 

effluent. The rural sewage treatment facilities in four cities with TN/NH3-N/TP removal 280 

rates all beyond 50% were screened out, and the related numbers of JX, HZ, SX and JH 281 

were 7, 3, 6 and 4, respectively. In view of the small sample size HZ and JH had, the 282 

linear fit relations of TN/NH3-N/TP and EC in influent and effluent of decentralised 283 

domestic sewage treatment facilities were carried out only in JX and SX on behalf of 284 

plain and mountainous areas respectively. The results shown in Fig. S2 confirmed that 285 

poor correlations between TN/NH3-N/TP and EC in effluent would be obtained after 286 

removal of most pollutants from influent. Thus, these pervasively high correlations 287 

between TN/NH3-N/TP and EC in effluent reflected low pollutant removal rates of 288 

facilities in plain and mountainous areas. In other words, if the facilities were operated 289 

well and had high pollutant removal rates, the effluent EC would lose the ability to 290 

indicate the related pollutant concentrations. The correction between TN/NH3-N/TP 291 

and EC in effluent was resulted from universally ineffective treatment of facilities and 292 

pre-existing correction in influent that was remained unanswered. However, the 293 
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changing EC values before and after treatment were packed with abundant information 294 

on pollutant content and removal. 295 

3.3. SVM regression analysis 296 

Although TN, TP, Na+, K+, Ca2+ and Cl− were calculated to together account for 50-297 

60 % of the EC values of the related sewage in plain and mountainous areas, wether 298 

they could accurately predict the EC value remain to be unknown. Thus, Nonlinear 299 

regression estimations of EC values were studied by SVM model with six independent 300 

variables. A comparison between the predicted and observed EC values at the training 301 

and test stages are illustrated in Fig. 3. A tight cloud of data points around the diagonal 302 

line indicated the robustness of the proposed model. Moreover, the main statistical 303 

parameters of the developed SVM regression model are reported in the inserted Table. 304 

The MAPE, RMSE and R of the simulation results in training/testing stages were 305 

11.70%/12.54%, 93.61/139.96 and 0.9617/0.9520, respectively, indicating an excellent 306 

agreement between the prediction of developed model and the observed data values. 307 

Information about the concentrations of TN, TP, Na+, K+, Ca2+ and Cl− were rich enough 308 

to speculate the EC value. Thus, the SVM regression analysis was good evidence 309 

proving that EC values were packed with abundant information on pollutant content.  310 

3.4. Simulation analysis of correlation  311 

Rural households in the same region usually have similar lifestyle and diets, as a 312 

result, could generally generate similar total amount of pollutants and discharge rural 313 

sewage with similar pollutant concentrations. Thus, the original sewage was unlikely 314 
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to possess pollutant concentration distributions as wide as the influent of decentralised 315 

domestic sewage treatment facilities, or correlations between TN/NH3-N/TP and EC. 316 

The sewer reticulation systems that transported sewage from the source to the treatment 317 

facility were speculated to be the cause of the above phenomenon (Yu et al. 2019). The 318 

length of sewage pipes in rural area was usually limited, and the forms and 319 

concentrations of rural sewage pollutants (TN/NH3-N/TP) would change little in the 320 

pipes, except for COD. However, original rural sewage dilution caused by serious 321 

leakage of sewer reticulation systems after several years of operation was ubiquitous. 322 

To further explore origin of the significant correlations between pollutants and EC in 323 

influent of decentralised domestic sewage treatment facilities both in plain and 324 

mountainous rural areas, a rural domestic sewage dilution simulation analysis with 325 

particular attention to the area feature was conducted.  326 

The effect of distribution modes of dilution coefficient on correlations between the 327 

effluent concentrations of TP and EC values in plain and mountainous areas are shown 328 

in Fig. 4. The concentrations of TP and EC values showed good correlations, both plain 329 

and mountainous areas, when the distribution of dilution coefficients obeyed Poisson 330 

(λ = 2, 3, 4) and uniform models. The average dilution coefficients in plain 331 

/mountainous area were 0.21± 0.13/ 0.23± 0.15, 0.28± 0.14/ 0.27± 0.14, 0.35± 332 

0.16/0.36± 0.15 and 0.53± 0.25/ 0.53± 0.23. In addition, λ, the only parameter in 333 

Poisson model, did not seem to affect R2 significantly. When the distribution of dilution 334 

coefficients obeyed normal models with σ of 0.1, 0.2 and 0.3, the related average 335 
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dilution coefficients were approximately concentrated at 0.50. The parameter σ that 336 

represented dispersion degree of distribution made a big difference in R2. Specifically, 337 

the R2 in plain area improved from 0.1617 to 0.6489 with the increase in σ from 0.1 to 338 

0.3, indicating a transformation of correlation from poor to good. In other words, under 339 

normal distribution, a higher degree of dispersion resulted in better correlation between 340 

TP and EC.  341 

The simulated average TP concentrations of plain /mountainous area under Poisson 342 

(λ = 2, 3, 4), normal (µ=0.5, σ=0.3) and uniform models were 2.39 ± 1.49/2.52 ± 1.61, 343 

3.07 ± 1.66/2.97 ± 1.64, 3.83 ± 1.90/3.77 ± 1.85, 5.15 ± 3.06/4.92 ± 2.47 and 5.70 ± 344 

2.86/5.49 ± 2.72 mg/L, respectively. However, the average concentration of influent TP 345 

in plain and mountainous areas was 3.77 ± 2.76 mg/L and 2.28 ± 2.22 mg/L. Although 346 

the dilution coefficients of simulation models using normal and uniform distributions 347 

did possess satisfactory R2 values, the two models were not suitable to explain the 348 

correlation between concentrations of TP and EC values in influent of decentralised 349 

domestic sewage treatment facilities. The simulated average concentrations of TP 350 

deviated from the actual value was serious. As to Poisson distributions, λ = 4 seemed 351 

better suited to plain area and λ  = 2 seemed better suited to mountainous area, 352 

according to the comparison between simulated and actual average TP concentrations. 353 

Furthermore, as shown from Fig. S3, the histograms of frequency distribution of 354 

simulated TP concentrations in plain and mountainous areas both had depended on the 355 

distribution models of dilution coefficients. Only the distribution of dilution 356 
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coefficients using Poisson distribution with the λ = 4 for plain area and λ = 2 for 357 

mountainous area could not generate histograms of frequency distribution of simulated 358 

TP concentrations similar to Fig. S1c. In addition, the related frequency distribution of 359 

simulated EC values could match the actual ones (Fig. S1e and j). 360 

The reasons of correlations between TN/NH3-N/TP and EC could be explained well 361 

according to the above demonstration. However, given that COD was a coexistent 362 

pollutant with TN/NH3-N/TP in the rural domestic sewage, they were generated from 363 

rural household, discharged into pipe networks and then diluted in the pipes before 364 

reaching treatment facilities, simultaneously. The concentrations of COD in influents 365 

of decentralised domestic sewage treatment facilities should possess a similar positive 366 

correlation with EC values, which did not commonly occur in plain or mountainous 367 

rural areas, except HZ City. The COD concentration in HZ city was much higher than 368 

the other cities. Compared with other pollutants, especially TN and TP, COD in rural 369 

domestic sewage tends to be biodegradable and removed in aerobic and anaerobic 370 

environment (Nielsen et al. 1992; Seidl et al. 1998). Therefore, the decrease in COD 371 

concentration in rural domestic sewage was attributed to dilution by background water 372 

and degradation along the sewage transmission. However, the EC value of sewage was 373 

decreased mainly by dilution, which caused its non-synchronous change with COD 374 

concentration. As a result, when the COD concentration of original rural domestic 375 

sewage was not sufficiently high similar to that of HZ City, the concentrations of COD 376 

in influents of decentralised domestic sewage treatment facilities would not possess a 377 
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positive correlation with EC values similar to those in JX, SX and JH cities, especially 378 

with huge dilution.  379 

The above discussion showed that the rural domestic sewage dilution model could 380 

explain the reasons of correlations between TN/NH3-N/TP and EC in influent of 381 

decentralised domestic sewage treatment facilities. In addition, additional conclusion 382 

about the factors that would affect the strength of correlation could be carried out on 383 

the basis of the assumptions of the proposed model. Firstly, the better the focused 384 

concentrations of pollutants in the original rural domestic sewage, the better 385 

correlations would be observed. Secondly, the lower the concentrations of pollutants in 386 

background water (or the lower the pollutant concentration ratio of background water 387 

to original rural domestic sewage), the better correlations would be observed. Thirdly, 388 

the wider the distributions of dilution coefficients, the better correlations would be 389 

observed.  390 

4. Conclusion  391 

This study provided detailed analyses of the water quality characteristics of rural 392 

domestic sewage in both plain and mountainous areas, Eastern China. The average 393 

values of influent/effluent TN, NH4
+-N, TP, COD, SS and EC in the above areas were 394 

37.7/28.5 mg/L, 25.6/18.8 mg/L, 3.2/2.5 mg/L, 104.2/51.7 mg/L, 33.7/30.0 mg/L and 395 

727.5/638.8 μS/cm, respectively, with generally low pollutant removal efficiencies. EC 396 

source apportionment indicated that although no single ion in rural domestic sewage 397 

dominated the EC value, EC was packed with abundant information on pollutant 398 
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content and removal. In addition, the EC value was precisely predicted by SVM 399 

regression model (R = 0.9520), with the concentrations of TN, TP, Na+, K+, Ca2+ and 400 

Cl− in related wastewater as inputs. Influent TN/NH3-N/TP concentrations that strongly 401 

and linearly correlated with influent EC values were confirmed and simulated by a 402 

dilution model. The mechanism of correlations was attributed to the dilutions by 403 

background water, such as groundwater and agricultural irrigation water. Particularly, 404 

although the dilution processes in plain and mountainous areas were similar and the 405 

dilution coefficients were speculated to both obey a Poisson distribution, the average 406 

dilution coefficient in plain area was 0.35 ± 0.16 with λ=4 while that in mountainous 407 

area was 0.23± 0.15 with λ=2. The EC sensor can provide a cheap, rapid and reliable 408 

alternative pollutant monitoring method for decentralised treatment facilities in rural 409 

areas. 410 
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Figures

Figure 1

Correlations between EC values and TN/ NH3-N/ TP/ COD concentrations in in�uents (a-d) and e�uents
(e-h) of decentralised domestic sewage treatment facilities in plain and mountainous rural areas, Eastern
China (Inserted table presents the main statistical parameters of correlations)



Figure 2

Source apportionments of electrical conductivity in in�uent and e�uent of decentralised domestic
sewage treatment facilities in plain and mountainous rural areas, Eastern China



Figure 3

Predicted vs observed values at the training and test stages of electrical conductivity by SVM regression
model (Inserted table presents the main statistical parameters)



Figure 4

The effect of distribution modes on correlations between the in�uent concentrations of TP and EC values
in plain (a-g) and mountainous (h-n) rural areas.
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