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 

Abstract— The implementation of methods for waste water 

quality prediction, in the treatment systems, is a great tool. 

These provide valuable information for decision-making. In the 

present research, we propose the application of time series with 

the criteria of moving average with different conditions, as well 

as the exponential smoothing. The above with the purpose of 

predicting the Biochemical Oxygen Demand in the effluent of a 

treatment system. The indicated criteria were applied and the 

measurements were carried out in 17 months in the system's 

effluent. The obtained results show that the smoothing with 

moving average of order 2 resulted in the best prognosis: 79 

mg/L., and the minimum error were obtained. 

 

Index Terms— moving median, exponential smoothing, time 

series, operating organisms, biochemical oxygen demand. 

I. INTRODUCTION 

  A time series is a sequence of observations of a variable 

taken at several instants of time. The literature indicates that 

the time series includes four theoretical components: trend, 

seasonal variations, cyclical variations and residual 

variations. The trend lines are used to observe the meaning of 

the data analyzed, in addition to carrying out the prediction. 

The seasonal variations refer to oscillations that are generated 

in the series with a time equal to or less than 12 months; while 

the cyclical variations are variations that are generated in a 

period greater than one year: repetition of the behavior of the 

series, ie cycles. Residual variations relate to fluctuations 

showing a series, but without a definite trend (Pérez, 2002). 

Scientific papers have been published for the prediction of 

costs and quality of treated wastewater, for example, Zhu et al 

(1998) applied simulation model to predict expenditure in the 

effluent treatment system with time series and neural 

networks; Kusiak et al. (2012) published the results of their 

research: prediction of treated wastewater quality, for which 

they were supported in time series and data mining. Then 

Verma et al. (2013) conducted a study in order to predict the 

concentration of suspended solids, used time series and data 

mining. Other many published studies for predicting the 

quality of wastewater using neural networks, some are: Mjalli  

et al. (2007); Atasoy et al. (2013); Pai et al. (2011). The 

studies indicated above have contributed to different criteria 

in the prediction of pollutants in wastewater treatment 

systems.  
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The objective of the present study was to calculate the 

forecasting of the concentration of biochemical oxygen 

demand in mg/L at the effluent of a wastewater treatment 

plant from stabilization ponds.  

The contribution of the study is the prediction of organic 

matter from wastewater with time series by applying the 

criteria of moving average analysis. In the literature review 

were not found research jobs with the previously mentioned 

application.  

According to the Comisión Nacional del Agua y el Instituto 

Mexicano de Tecnología del Agua (CNA and IMTA) the 

Biochemical Oxygen Demand (BOD) or organic matter, 

refers to the dissolved oxygen in the wastewater required by 

living organisms, in order to carry out the decomposition of 

organic matter. This parameter is used for both the design of 

treatment systems, to mediate the quality of treated 

wastewater (CNA and IMTA, 2000).   

 

II. METHODOLOGY 

According to Perez (2012) smoothing by the moving average 

is used to reduce fluctuations in a time series, the indicated in 

order to obtain an adequate line, free of seasonal variations 

and thus determine a correct prediction. If you have a time 

series where t = 1, 2, ...T. For example for a moving average 

of order 5 we have: 

 

          (1) 

 

   

 

One of the disadvantages of this method is the loss of initial 

and final data of the series, so that as the order number grows 

the amount of data is reduced: if there are no previous 

reference values. 

Exponential smoothing: the method consists of a 

self-correction where the forecasts are adjusted in the 

opposite direction to the previous errors. This method is used 

both to smooth time series to carry out forecasts (Suárez, 

2011). 

 

               (2) 

 

Where: 

 =   Forecast for any future period 

 =   Smoothing constant, which is assigned a value 

             between 0  and 1 

  =   Actual value for the period 

  =   Forecast made previously for the time period 
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The measurements belong to a stabilization lagoon treatment 

system located in northern Mexico. Then the concentration 

data of  BOD5  mg/L., per month at the outlet of the processing 

system: 96.8, 86, 57.9, 88.6, 86.4, 77, 53, 82, 71, 61, 97, 71, 

80; 95, 111, 76 and 81. It is important to indicate that all these 

values are below the maximum allowed limit that indicates the 

regulation. According to Mexican Official Standard 

NOM-001-SEMARNAT-1996 (DOF 1997). The monthly 

average concentration of BOD5 for agricultural irrigation is 

150 mg/L. 

 

III. RESULTS AND DISCUSSION 

 

Table 1 shows the results of the three analyzes 

Table 1. Results of the three time series analyzes with Excel 

Moving average of 

orden 2 

Moving average of 

orden 3 

Exponential 

Smoothing 

Forecast 
Typical 

error 
Forecast 

Typical 

error 
Forecast 

Typical 

error 

#N/A #N/A #N/A #N/A #N/A #N/A 

91 #N/A #N/A #N/A 97 #N/A 

72 11 80 #N/A 91 #N/A 

73 15 78 #N/A 75 #N/A 

88 11 78 15 82 22 

82 3 84 9 84 21 

65 9 72 13 81 9 

68 13 71 13 67 17 

77 11 69 13 74 19 

66 5 71 9 73 18 

79 13 76 13 67 11 

84 16 76 14 82 19 

76 10 83 12 76 20 

88 6 82 8 78 19 

103 8 95 12 87 12 

94 14 94 16 99 17 

79 13 89 15 87 22 

 157  162  225 

 

The numbers appearing in green in Table 1 are the forecasts 

for the 18th month; while the yellow ones refer to the sum of 

the errors. According to table 1 the analysis with the moving 

average of order 2 was the best prognostics: 79 mg/L BOD5 

followed by analysis of exponential smoothing with a 

difference of 8 mg/L., organic matter. The 10.12 %. Finally 

the analysis of moving average of order 3. The difference was 

of 10 mg/L representing 12.65% approximately. Nonetheless, 

the three analyzes perfectly comply with the permitted 

concentration limits for the discharge of wastewater to the 

receiving bodies: 79, 89 and 87 mg/L. Moving average of 

order 2 and 3 as well as exponential smoothing respectively. 

Similarly the sum of the lowest error was studying the moving 

average of order 2. According to Suárez (2011) the error is an 

indicator of forecast accuracy. Figures 1, 2 and 3 show the 

time series with the criteria of the moving average of order 2 

and 3 as well as the exponential smoothing. 
 

 

Figure 1. Forecast of wastewater quality with moving 

average of order 2. 

 

In the analysis of the series with order 3 that is indicated in 

figure 2, it is observed with smaller fluctuations than that of 

order 2. Nevertheless, the forecast was lower in the series with 

order 2 as well as the sum of the errors.  

 

 

Figure 2. Residual water quality forecast with moving 

average of order 3. 

 

Figure 3. Residual water quality forecast with exponential 

smoothing 
     

Although in the present study only one month of forecast in 

the concentration of the organic matter was considered, it is 

prudent to take into account this result, since it will serve as 

the basis to make decisions in both the influent and the 

effluent of the treatment system. For example control the level 

of concentration of BOD5 in the influent: This is possible 

through a program of verification of industrial processes that 

generate organic matter (EPA, 1987; CNA; and IMTA, 2000, 

UNAM, 2010; Cortes, et., 2009; Martínez et al., 2010). About 

the effluent carefully review the operation of the treatment 

system. In the present case, the forecast, as already indicated, 

was below that mentioned by the regulation. For this reason it 

will not be necessary to carry out any emergent program, 

reason why the costs of operation will not be increased. 

Nevertheless, it is advisable to monitor the organic matter 

constantly. 
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IV. CONCLUSION 

The prognosis of the organic matter was carried out in the 

effluent of the stabilization lagoon system. 

 

The analysis criteria and the statistical tool used are simple 

and easy to execute, so that they can be performed by 

technicians of the operating agencies of drinking water in the 

operation of wastewater treatment systems. 
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