

  energies-15-06113




energies-15-06113







Energies 2022, 15(17), 6113; doi:10.3390/en15176113




Article



Fine-Tuning the Aeration Control for Energy-Efficient Operation in a Small Sewage Treatment Plant by Applying Biokinetic Modeling



Tamás Karches[image: Orcid]





Faculty of Water Science, University of Public Service, 6500 Baja, Hungary







Academic Editors: José Carlos Magalhães Pires and Giorgio Vilardi



Received: 20 July 2022 / Accepted: 19 August 2022 / Published: 23 August 2022



Abstract

:

Wastewater treatment is an energy-intensive process for treating liquid-phase pollutants in urban settlements. The aerobic processes of the biological treatment involve a significant air demand. An optimal control strategy could be used to minimize the amount of excess air entering the system due to safety factors applied in the design procedures. A plant-wide mechanistic modeling approach including an activated sludge model and one-dimensional settler model was proposed as an effective tool for predicting the actual air demand and for selecting the optimal aeration strategy. In this study, a sewage treatment plant receiving strong influent flow was investigated. At the sludge ages of 14–18 days, the plant was capable of achieving a 90% organic matter reduction and 85% nutrient reduction. By applying a constant dissolved oxygen concentration of 1.5 mg/L, the air demand decreased by 25%, which could be further increased by 10% if the cascade ammonium control approach was applied at peak periods. The dependence of the aeration energy demand on the temperature and dissolved oxygen was formulated, meaning the operators could select the optimal setpoint and minimize the energy consumption while the effluent quality requirements were met.
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1. Introduction


Wastewater treatments remove pollutants from the liquid medium that are harmful to the environment by applying mechanical, chemical, and biological processes. The use of intensive technologies accelerates the degradation processes occurring in the environment, resulting in a smaller footprint and higher volume of treatment, but requiring an external energy input, which significantly increases the operating costs. A key element of sustainable urban water management is to strive for energy minimization, which basically refers to reducing the energy demand or recovering energy via technological processes [1]. The efficiency of the wastewater treatment processes should be considered in relation to the energy used; however, an increase in energy efficiency should not be at the expense of the pollutant removal efficiency [2]. The trade-off between the energy use and treatment efficiency can be achieved by means of a life cycle assessment [3]. Performance indicators have to be introduced to quantify the energy efficiency; some examples are mentioned by Di Fraia et al. (2018), e.g., the overall energy consumption compared to the volume of treated wastewater or to the amount of degraded organic matter measured via the chemical oxygen demand (COD) [4].



The energy consumption can be direct (e.g., blower, pump energy demand) or indirect (e.g., energy used on production of chemicals used), and the offset is the energy produced during the treatment [5]. Energy-neutral plants could be achieved via the utilization of wastewater as an energy resource [6], but to date there are still many challenges to constructing self-sufficient sewage treatment plants (STPs), particularly in developing countries [7]. Kollman et al. (2017) went further and proposed that STPs could provide local available renewable sources of energy for public energy distribution grids to meet external consumption demands [8]. In most cases, however, it is a significant step forward to reduce the energy used, especially in small-capacity plants where the unit cost of the treatment is higher. The present research is also concerned with the energy-efficiency-based operation optimization of small-capacity STPs, for which there are several attempts in the literature.



A comparative study of more than 100 STPs confirmed that the operating costs and energy consumption increase as the plant size decreases. The difference in energy consumption between small and large plants is mainly due to the type of sludge stabilization process [9]. This finding is supported by a study of STPs in Slovakia, which examined 51 large- and 17 small-capacity treatment plants. The average energy consumption of the large plants was 0.485 kWh/m3, while the average energy consumption of the small plants was 0.915 kWh/m3 [10].



When large amounts of storage are available, load-shifting can be an effective means of meeting the backup energy demands. The peak loads can be stored and the energy consumption of the mechanical equipment can be minimized via the intermittent operation of the pumps. However, the use of a storage tank can increase the capital and operating expenditures [11]. For example, if advanced treatment processes are targeted, the cumulative energy demands for the activated carbon used as an adsorbent can significantly exceed the energy demands of the STP [12].



Figure 1 summarizes the energy reduction possibilities in STPs. One direction is recovery through anaerobic digestion or other heat-generating waste products [13]. Not all of the digesters operate at full capacity all the time, meaning the implementation of flexible co-substrate dosages could enhance the efficiency, but it could also deteriorate the side-stream quality of the sludge [14]. The digestion process can decrease the cumulative energy demands by 13–26% [15]; however, the potential for thermal energy is much higher than for chemical energy [16].



The optimization of the air demands can be achieved in several ways, as Figure 1 shows: (i) by reducing the overall biological oxygen demand; (ii) by improving the factors affecting oxygen delivery; or (iii) by manipulating the air supply in time and space.



The aeration of aerobic reactors enhances the oxidation process, but also affects the sedimentation characteristics of the flocs [17] and the hydrodynamics [18]. This implies that in addition to the biological air demands, the air volume required for the reactor mixing and suspension of flocs must also be provided in activated sludge systems and the operation of such reactors cannot be based solely on the stoichiometric ratios.



Compared to conventional nitrification–denitrification processes (e.g., the Sharon–Anammox process [19]), shorter conversion pathways could be used to reduce the total biological oxygen demands. The oxygen transport between the gas and liquid phases can be described by the so-called alpha factor, which represents the difference in oxygen diffusion between the effluent and the clean water. This parameter is often treated as a constant within the reactor, but its value depends on the local conditions (e.g., suspended solids, volatile fatty acids, COD), meaning its evolution along the reactor must be modeled dynamically [20] and complemented by oxygen-off-gas calculations [21]. The efficiency of the oxygen transfer also depends on a number of other factors, such as the density and locations of the diffusers and the residence time of the air bubbles.



The calculation of the actual oxygen demands for use during operation is quite complex and requires numerical methods. Biokinetic modeling for wastewater treatments is a predictive tool used to forecast the treatment efficiency under various conditions. A calibrated model can ensure that the numerical results are in good accordance with the full-scale plant data. The mathematical models developed for activated sludge (ASM—activated sludge model) are numerous, but these differ only in the number of processes and variables to be considered [22,23,24]. In wastewater treatment, control strategies are designed to provide the energy or chemicals needed for the treatment in a way that avoids the over- or under-use of energy resources. The control system is based on the collection of data on the current state of the system. The control logic calculates and minimizes the error between the actual state and the setpoint. In aeration control, the most common process is the control of the DO (dissolved oxygen concentration), since the DO can be easily measured using sensors and gives the status of the reactor’s oxygenation. The control of the DO with a variable-frequency drive (VFD) can reduce the electrical energy consumption during aeration by two-thirds [25] compared to a preset constant airflow, which can satisfy the peak aeration demands. Increasing the DO beyond a certain value does not provide any added benefit, meaning the excess air becomes redundant. In an activated system, this value is around 2.0–2.5 mg/L, while in biofilm systems it is 5–6 mg/L. The explanation for the increased DO in the attached growth system is that the solute is transported between the liquid and solid phases [26].



The ammonium-based feedback control approach detects the concentration of ammonium in the aerobic zone and controls the airflow via a VFD [27], or when used in cascade control provides feedback to the DO setpoint, which then controls the airflow. The feed-forward volume control approach is more effective in dealing with the NH4-N peak inflow than feedback control, which may be slower to respond in such a situation [28]. In wastewater aeration, ON/OFF control can be used to switch between aerobic, anoxic, and anaerobic conditions within the basin, which is important to control the activity levels of certain microorganisms and the degradation processes. When the nitrate concentration reaches a certain value, the aeration can be switched off and denitrification could develop [29], ensuring the high rate of nitrogen removal, since the gaseous end-product is released from the liquid phase. Pulse and intermittent aeration is a subtype of ON/OFF aeration control where predetermined time intervals are responsible for the oxygen supply, which can also control the partial nitrification [30].



Several aeration control strategies have been outlined, the choice of which should be made on the basis of the treatment plant, the characteristics of the raw effluent, and the process parameters. The site-specific decisions are made by the operators, mainly on a trial-and-error basis. The objective of this study is to investigate the possible aeration control strategies in small-capacity sewage treatment plants receiving high and uneven loads. The aim is to select and fine-tune the most energy-efficient aeration strategy. In order to achieve the research goal, a small wastewater treatment plant is selected and the potential for energy reduction is calculated by applying numerical models. The specialty of the study is the strong incoming unequalized wastewater coming to a small site, which has not been in focus of other mainstream research studies.




2. Materials and Methods


2.1. Site Layout


The selected site situated in the center region of the Great Plain, Hungary, has an average capacity of 4700 m3/d and receives a peak hourly flow of 1.8, resulting in a hourly maximum flow of 353 m3/h without equalization capacity. The plant is capable of biological nutrient removal, consisting of a mechanical treatment with screening, grit removal, and a primary treatment, followed by an activated sludge system using a modified Ludzack–Ettinger (MLE) reactor layout [31]. The volume of the biological reactor is 2500 m3, of which 40% is the anoxic zone and 60% is the aerobic zone. There is internal recirculation from the aerobic zone to the anoxic zone to transfer soluble nitrate for denitrification. The flow rate is three times the influent flow rate. The biological basin is followed by the final clarifier, from which most of the settled sludge is returned to the anoxic zone at a sludge flow rate equal to the influent flow. This recirculation maintains the required biomass concentration of 3.0–4.5 g/L in the basin. The wasted sludge from the secondary clarifier controls the desired SRT and the flow is transferred to the sludge treatment area, which consists of sludge thickening and dewatering. The nutrient-rich reject water is recirculated upstream of the primary clarifier.



The process units of the virtualized plant and the fluid flows connecting them are shown in Figure 2. The activated sludge reactor consisted of 4 compartments and the first reactor received the primary effluent. Figure 2 does not show the internal recirculation area, but it existed between reactor compartment Nr. 4 and reactor compartment Nr. 1. In line with the research objective, this plant configuration included the elements necessary to study the aeration efficiency, and 12″ fine bubble disc diffusers were installed at 4.8 m depth of the biological basin with a diffuser density of 0.23. The pre-mechanical treatment only slightly altered the components under investigation and could have, therefore, been omitted from the layout. In contrast, the sludge flow calculation needed to be taken into account due to the recycled leachate. The primary clarifier had a surface area of 120 m2 and the secondary clarifier had a surface area of 200 m2, while both clarifiers had a depth of 4.0 m. The solid capture of the gravity thickener was 0.9 and that of the mechanical dewatering 0.95, which meant that 10% and 5% of the solids, respectively, were not separated and returned to the head of the waterline.




2.2. Model Concept


The ASM2D biokinetic model was selected in this paper, since it describes biological phosphorous removal with simultaneous nitrification–denitrification in activated sludge systems [32]. It included heterotrophic, nitrifying, and phosphate-accumulating biomasses and processes involving hydrolysis, biomass growth, and decay, as well as phosphorous accumulation. Basically, the zero-dimensional convective and non-diffusive transport equation were extended with kinetic terms [33] and solved for all model components as follows:


  V   d C   d t   = Q  (   C  i n   − C  )  + r  



(1)




where: V is the reactor volume (m3); C is the concentration of the process variable (g/m3); Q is the influent flow rate (m3/s); Cin is the concentration of the process variable entering the reactor (g/m3); r is the reaction rate (g/s).



This form of equation assumes that the wastewater component entering the reactor is perfectly mixed with the matter in the reactor. The longitudinal variation within the reactor can, therefore, be accounted for by several reactors connected in series. This is referred to as the tank-in-series model. Equation (1) was solved for all process variables introduced in ASM2D.



The transport equation for the DO was extended with the oxygen transfer between the gas and liquid phases as follows [33]:


  V   d D O   d t   = Q  (  D  O  i n   − D O  )  +  K L  a  (  D  O  s a t   − D O  )  V + r  



(2)




where: DO is the concentration of dissolved oxygen (g/m3); DOsat is the DO saturation concentration in field conditions; KLa is the oxygen mass transfer coefficient in field conditions (1/s).



The reaction rate in Equation (2) refers to the biomass respiration rate and the oxygen required for substrate oxidation.



The correction factors for the temperature, diffuser fouling, and effluent characteristics were introduced to calculate the oxygen mass transfer. The alpha factor (α) is the ratio of the oxygen diffusion measured in the effluent to that measured in the clean water. The alpha correlates with the particulate matter in the incoming wastewater. Taking into account the trade-off between numerical accuracy and simulation speed, the Runge–Kutta–Fehlberg 2 numerical scheme was used [34]. The GPS-X 7.0 simulation environment published by Hydromantis was applied for the calculations.



In the first step of the simulation process, the plant units and their interconnections with the wastewater treatment plant were represented virtually. The next step was to determine the fractionation of the raw wastewater from the measured data [35]. Then, the calibration of the model parameters was performed, which was a systematic, multi-step process. Several guidelines and protocols have been published [36,37,38], and in this research the widely accepted plant-wide IWA Good Modeling Practice Unified Protocol [39] was followed. The sequence for fine-tuning the model parameters involved the (i) hydrodynamics (the determination of the number of fully mixed zones), (ii) sludge retention time (SRT), sludge production, (iii) sludge settling characteristics, (iv) aeration, and (v) biokinetics. The sedimentation in the clarifiers was modeled using the double-exponential sedimentation model developed by Takács (1992), a one-dimensional approach that separates the hindered and flocculent sedimentation zones [40]. The simulation setups are summarized in Table 1.




2.3. Data Reconciliation and Processing


Data on the raw and treated wastewater quality were collected twice a week for a year. The components measured were the COD, biological oxygen demand (BOD5), total suspended solids (TSS), ammonium nitrogen (NH4-N), total nitrogen (TN), total phosphorus (TP), and alkalinity. Outliers were removed as part of the sanity check and the plausibility of the data was tested by generating BOD5/COD and NH4-N/TN ratios. After the measured data were reconciled, the model input data were generated using a wastewater characterization procedure [35]. The COD-based fractionation resulted in the estimation of soluble (readily biodegradable, inert) and particulate (slowly biodegradable, inert) fractions by fine-tuning the fraction ratios to match the measured BOD5 and TSS values. The flow discharge and temperature sensor data were analyzed, and after a sanity check, daily average data series were generated, followed by an analysis of the daily flow fluctuations; the hourly peak values were determined and compared with the daily average flow values.




2.4. Simulation Scenarios


Dynamic runs were performed with the calibrated model, which took into account the daily fluctuations of the wastewater arriving at the STP. The following aeration control strategies were simulated:




	
No control: A constant airflow was set to cover the air demand during the peak periods;



	
DO control: A constant DO was set to cover the air demand during the peak periods;



	
Cascade control: The DO setpoint was adjusted based on the incoming ammonium load, which manipulates the blower via the VFD. The DO adjustment sequence was the simulation output.








The air demand and associated energy demand were compared in each case. A sensitivity analysis was performed on the alpha factor, which captures the effects of changes in effluent quality on the aeration. Since the air demand is highly dependent on the wastewater temperature, three temperatures were considered in each case, representing the average effluent temperatures for the winter (12 °C), spring or autumn (18 °C), and summer (24 °C) periods. From the air demand, the power delivered by the blowers was calculated using the adiabatic compression equation [41]. The power output at each time step was divided by the total efficiency of the plant, then the cumulative daily energy consumption was calculated and normalized by the volume of treated effluent. This resulted in a ratio that could be easily compared with different calculation scenarios and was independent of the size of the STP.





3. Results and Discussion


3.1. Plant Performance Results


3.1.1. Field Data Analysis


An analysis of the measured wastewater quality showed that due to the reduced household water consumption, the raw influent water was more concentrated than the world average; a typical value for the COD in untreated wastewater is 430 mg/L, whereas the TN is 40 mg/L and TP is 7 mg/L [33]. High variability was observed for both the organic matter indicators (COD, BOD5) and nutrients. The alkalinity was also high (200 mg/L is the world average [33]) due to the high ion concentration in the aquifers and was assumed to be sufficient for nitrification. Table 2 shows site-specific data for the influent and effluent, confirming that the full-scale plant is capable of efficient organic matter removal, full nitrification, and enhanced biological phosphorus removal. The average treatment efficiency values were calculated from the averaged measured effluent and influent data and demonstrated that the STP investigated here has high treatment efficiency rates of more than 90% for organic removal and around 85% for nutrient removal.



The plant process parameters collected from the field showed that the concentrations of mixed-liquor-suspended solid (MLSS) in the biological reactor were 4.2 g/L in winter and 3.6 g/L in summer. The associated SRT values were 18 d and 14 d, respectively, allowing for complete nitrification and sufficient denitrification in the reactor. The wasted sludge flow rates varied between 78 and 112 m3/d, with a dry solids content range of 0.62–0.8%. The sludge volume index values ranged from 128 to 145 mL/g, indicating good settling properties.




3.1.2. Model Calibration and Verification


Firstly, the influent raw wastewater fractionation was carried out and then steady-state simulations were performed to match the measured field data to the numerical results. A summary of the calibrated parameters is shown in Table 3.



The results of the calibration showed that 43% of the COD was a soluble fraction, 57% was a particulate fraction, 3% of the total COD was an inert soluble fraction, and 15% was an inert particulate fraction, which is in line with the literature data for municipal wastewater [33]. The relatively high biodegradability of the organic components was in favor of the biological treatment stage. The majority of the particulate fraction could be removed via sedimentation and there was no need to use coagulants to precipitate the soluble fraction, since its concentration was low (3% of the total COD).



Regarding the calibration of the biokinetic parameters, two main groups of microorganisms (heterotrophic and autotrophic) were selected. The heterotrophic biomass yield and ammonia oxidizer yield were adjusted to obtain a good agreement between the measured and modeled treated effluent quality. The results can be seen in Table 3; all parameters reflect how much biomass could be built from the incoming substrate. As the result of the fine-tuning of the process performance parameters, the volumetric organic loading rate and the F/M (food-to-microorganism) ratio indicated optimal microorganism activity and that the system was not under- nor uploaded [33].



Table 4 shows the simulated effluent values, which correlated well with the full plant size data. The variation in the influent was also observed via the fluctuations in effluent quality. The parameters responsible for the organic content of the wastewater (COD, BOD5, TSS) showed a high rate of treatment, with the removal of the COD being slightly overpredicted, whereas the removal rates for the BOD5 and TSS were underpredicted. This could be the improved by fine-tuning the sedimentation model. The goodness of the TSS prediction is a function of the influent flow, influent load, influent fractionation, and sedimentation. The removal of nitrogen depends on a number of factors (e.g., the anoxic/oxic volume ratio, DO, readily biodegradable fraction of the COD, internal recirculation), but as Table 4 reveals, the simulation captured the processes occurring in the full-scale plant, since the calculated influent values showed full nitrification and an appropriate rate of denitrification. The phosphorous removal efficiency was around 80%, which could be further enhanced via the addition of chemicals. No alkalinity measurements were made in the effluent, but the model predictions confirmed that this was sufficient for full nitrification, since there was remaining alkalinity. In summary, the calculated and measured values were in good agreement and the model was verified using the full-scale plant data.





3.2. Aeration Control Energy Efficiency Results


3.2.1. Energy Demand at Constant Air Flow


The sewage treatment plant’s operation has to meet the effluent quality requirements all times; therefore, we assumed the highest possible incoming load and the worst possible oxygen transport rate. Evidently, this caused the overuse of energy compared to during normal operation, where the plant has real-time responses to the actual circumstances. The investigative dynamic simulations were performed by applying one-hour time steps. After each time step, the incoming load was updated. As a baseline for a comparison of the effectiveness of the control strategies, a constant airflow was set at the summer temperature and with an alpha value of 0.4. This resulted in an energy demand of 0.42 kWh per cubic meter of treated effluent. The standard air flow per diffuser varied from 43.2 to 63.4 m3/d throughout the course of a day.




3.2.2. Energy Demand at a Constant DO Level


Applying the DO control as outlined in Section 2 required a constant DO setpoint of 1.5 mg/L. The dissolved oxygen control approach meets the oxygen demand of the higher load coming into the plant by feeding more air into the system during the critical load periods. However, it also means that less energy is required during periods with low wastewater discharges. The model runs were performed at three temperatures and the alpha values ranged from 0.4 to 0.65. The relative aeration demand is depicted in Figure 3a.



It can be seen that higher effluent temperatures clearly hinder the oxygen dissolution, requiring more air to be introduced into the system, while the lower alpha values also imply higher relative energy demands. It could be concluded that the effect of the temperature is less pronounced at higher alpha values. With the DO control, the specific energy demand for aeration would be 0.32 kWh/m3 at the critical alpha of 0.4. The DO control could handle the varying wastewater quality levels, since the blower releases more air if the oxygen diffusion deteriorates. With an average temperature of 12 °C and assuming an average alpha of 0.55, the specific energy demand is only 0.23 kWh/m3, whereas it is further decreased to 0.19 kWh/m3 when assuming an alpha of 0.65.




3.2.3. Energy Demand when Applying Cascade Control


If the DO setpoint is not constant within a day then a greater reduction in energy demands is achievable. The change in the DO setpoint could depend on the ammonium load arriving at the plant. The control logic was as follows: DO = 2.0 mg/L was set if the plant received 1.3 times the average load, otherwise DO = 1.0 mg/L was set. Thus, the aeration demand was only elevated around the peak periods of a day. For the cascade control, a sensitivity test for the temperature and alpha factor was also performed, the results of which are shown in Figure 3b. It was also found that the role of the temperature was significant in the lower alpha range. Compared to the DO control, about 6–16% less energy was required.



In summary, the DO control resulted in more significant air demand savings compared to the constant airflow in terms of the daily average air flow, which was between 28 and 34%, which could be further increased by about 10% with the ammonium control. A similar result was obtained by Revollar et al. (2020), whereby the aeration energy demand per treated wastewater volume decreased from 0.204 kWh/m3 to 0.184 kWh/m3 when the simple DO control was changed to a cascade control approach by applying an ammonium setpoint of 1.0 mg/L [42]. Rieger et al. (2021) studied three Swiss plants and calculated energy savings of 30% for the different aeration control strategies using dynamic numerical simulations, but it was pointed out that this figure could be lower in reality, as the operation of the control strategy also consumes energy [43]. Pre-controlled ammonium control with a higher oxygen dosing rate is recommended1–2 h before the start of the load [44].




3.2.4. Sensitivity Analysis of the DO Setpoint


A sensitivity analysis was carried out regarding the DO setpoint. In the calculations the DO setpoints varied between 1.5 and 3.0 mg/L and the liquid temperatures were 12 °C, 18 °C, and 24 °C. The specific energy requirements were calculated in each scenario and the results are summarized in Figure 4. It can be seen that the difference in aeration demands was larger at temperatures between 12 °C and 18 °C than between 18 °C and 24 °C. This could be explained by the kinetics of the microbiological degradability and the associated oxygen uptake, since the biomass growth and substrate consumption increased with the increasing temperature. It can also be observed that there was no substantial improvement in the treated effluent quality with a higher DO setpoint (ammonium effluent during peak load hours decreases from 1.9 mg/L to 1.2 mg/L with an increase from DO = 1.5 mg/L to DO = 3.0 mg/L), but the energy demand increased by 20–25%. However, the nitrification during peak load hours is partial and unstable in the tested plant if DO setpoint is less than 1.5 mg/L.



The relative aeration demand has a relationship with the DO and temperature. The dependence on the DO could be approximated via linear regression (R2 = 0.997). The relative aeration demand is not linearly dependent on the temperature, and the second-degree polynomial fit gives acceptable results (R2 = 0.991). If the DO and temperature dependence are combined, the following regression could be built, which is formulated in Equation (3) as follows:


  E =  (  − 9 ·   10   − 5    T 2  + 0.0043 T − 0.0058  )  D O + 1.35 ·   10   − 4    T 2  − 0.00475 T + 0.218  



(3)




where E is the relative aeration demand, which is the energy required for the oxygenation of one cubic meter of wastewater (kWh/m3)



Equation (3) is a site-specific formula that is valid over the DO range of 1.5–3.0 mg/L and temperature range of 12–24 °C. Equation (3) was determined via numerical calculations and could be used as a hands-on tool by the operator for the estimation of the DO manipulation cost. Chen et al. (2022) went further and elaborated a tool to determine the optimal DO setpoint. The authors used the DO and wastewater discharge as the control variables; the substrate, biomass, and effluent concentrations were the state variables; and the minimum energy consumption was the objective function. With this mathematical model, the optimal DO could be determined and 20% of the energy savings were achieved [45], consistent with the results of this study.



The limitation of this study was that the standard oxygen transfer efficiency was a constant value of 0.3 and was not correlated with the alpha factor, which may have led to uncertainties in the plant-wide modeling of the aeration system described by Leu et al. [46].



Ideal mixing conditions were assumed, but computational fluid dynamics can provide a closer picture of the actual flow pattern and associated mixing conditions induced by aeration [47]. The conventional method of calibrating the sedimentation parameters was used, but the more advanced technique described by Ngo et al. (2021) can provide a mechanistic account of flocculent sedimentation [48]. The control strategies were tested through trial and error using a mechanistic model. An advanced mechanistic–soft computing hybrid tool could be proposed for adaptive dissolved oxygen control in the future [49].






4. Conclusions


The energy-efficient operation of wastewater treatment plants requires real-time and adaptive responses to constantly changing influent load conditions. Small-capacity STPs in particular are subject to diurnal fluctuations. Different aeration strategies could be used to reduce the daily air consumption. Plant-wide numerical tools such as biokinetic and transport modeling approaches could be used to predict the plant’s performance and to fine-tune the parameters for the aeration process, proving them to be effective tools to reach the research objectives. The main findings of the study were the following:




	
The strong incoming wastewater with a high diurnal peak factor could be treated effectively (>90% organic removal, >85% nutrient removal) at high sludge ages (SRT = 14–18 d);



	
The calibrated and verified biokinetic model could predict the plant performance effectively;



	
The DO control approach with a constant setpoint could reduce the air demand by 24–25% compared to fixed air flow systems;



	
The cascade control approach applying a feed-forward ammonium loop at peak periods could result in an additional 10% savings;



	
The oxygen diffusion factor significantly affects the aeration energy demand. The typical range of alpha factor values varies from 0.4 to 0.65 in activated sludge systems, resulting in an approximately 60% aeration energy demand difference between the two borders of the range;



	
For the dependence of the relative energy demand on the temperature and DO, a site-specific function was established, which could be utilized in decision-making related to the plant’s operation.
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Figure 1. Energy efficiency improvement possibilities in STPs. 
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Figure 2. Layout of the sewage treatment plant. 
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Figure 3. Relative aeration demand as a function of the alpha (a) DO control and (b) cascade control. 






Figure 3. Relative aeration demand as a function of the alpha (a) DO control and (b) cascade control.



[image: Energies 15 06113 g003]







[image: Energies 15 06113 g004 550] 





Figure 4. Relative aeration demands at various DO setpoints. 
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Table 1. The applied plant-wide modeling approach.
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	Simulation Setup
	





	Biokinetic model
	ASM2D [32]



	Influent fractionation model
	COD fractions [35]



	Hydrodynamic model
	Tank-in-series



	Sedimentation model
	1D double exponential [40]



	Aeration model
	DO control, cascade control



	Numerical model
	Runge–Kutta–Fehlberg 2 [34]



	Simulation environment
	GPS-X 7.0



	Simulation Protocol
	IWA Good Modeling Practice Unified Protocol [39]
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Table 2. Measured raw influent and treated effluent data in mg/L. The averages are in brackets and the treatment efficiency is shown as a percentage.
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	Measured Influent
	Measured Effluent
	Average Removal Efficiency





	COD
	560–970 (776)
	35–68 (44)
	94%



	BOD5
	265–465 (352)
	5–19 (7)
	98%



	TSS
	162–386 (294)
	6–18 (9)
	97%



	NH4-N
	49–97 (70)
	0.1–3.5 (1.4)
	98%



	TN
	64–121 (94)
	6.0–18.2 (13.1)
	86%



	TP
	6.9–14.1 (13.4)
	0.7–3.6 (2.2)
	84%



	Alkalinity
	395–420 (401)
	n.d. 1
	-







1 No data available.
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Table 3. Calibration parameters.






Table 3. Calibration parameters.





	
Calibration Parameter Group

	
Parameter Name

	
Value/Proportion






	
Raw influent fractions

	
soluble inert COD

	
3%




	
particulate inert COD

	
15%




	
readily biodegradable COD

	
44%




	
particulate biodegradable COD

	
42%




	
ammonium to TN

	
65%




	
ortho-phosphate to TP

	
76%




	
Biokinetic parameters

	
heterotrophic yield [gCOD/gCOD]

	
0.76




	
ammonia oxidizing yield [gCOD/gN)

	
0.16




	
Process performance parameters

	
volumetric organic loading rate [kgBOD5/m3]

	
0.55




	
F/M ratio [kgBOD5/kg MLVSS.d]

	
0.2
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Table 4. Modeled treated effluent data in mg/L, the averages are in brackets and treatment efficiency as a percentage.
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	Modeled Effluent
	Average Modeled Removal Efficiency
	Modeled and Measured Treatment Difference





	COD
	32–46 (39)
	95%
	1%



	BOD5
	9–14 (12)
	97%
	1%



	TSS
	8–13 (10)
	97%
	<1%



	NH4-N
	0–4.2 (1.0)
	99%
	1%



	TN
	9.4–15.2 (11.3)
	88%
	2%



	TP
	1.9–3.2 (2.5)
	81%
	3%



	Alkalinity
	210–270 (245)
	39%
	-
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