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DESIGN OF URBAN SLUDGE EMISSION REDUCTION
OPTIMISATION STRATEGY BASED ON FUZZY NEURAL
NETWORK

Abstract: Urban sewage sludge treatment is important faiaseble utilisation and virtuous cycle of fresherat
resources. However, with the improvement of sewdigeharge standards, ensuring stable operatiorewge
sludge treatment plants is becoming an urgent pnoltb be solved in the sewage treatment industig paper
proposes a FNN control framework based on differgatking conditions to optimise the whole process o
municipal sewage sludge treatment and discharge frfElmework first divides the working conditionscarding
to the weather, forming a separate feature andaut vector together with the typical indicatorsotiier sewage
treatment plants. Then the FNN is used to completecontrol and optimisation of various indicat@shieving
the dual objectives of reducing energy consumpdiod optimising water quality. Finally, the modekésted for
the tracking index of sewage flow. The results dest@te that the FNN control method used has sogmifly
lower MAE than the single method in the two inderégnergy consumption and water quality evaluatidms
provides new ideas for the optimisation of urbanagge sludge treatment process in the future. Qyénal paper
effectively highlights the importance of urban sgealudge treatment and presents a well-designéd deidtrol
framework for optimising the treatment process. ifiddally, the paper could benefit from further let@ation on
the significance of the results obtained, and sstigyes for future research in this area.
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I ntroduction

Water resources are the source of human life aadfdhndation of scientific and
technological progress and sustainable developmihuman society. In the process of
sewage treatment by activated sludge method, #@ioa tank needs to be aerated and the
reaction liquid needs to be continuously stirret the air is added to the reaction tank to
provide the oxygen required for microbial biochemhiceaction. In the whole sewage
treatment process, the consumption of electricgghaccounts for about 70 % of the total
operation cost of the sewage treatment plant [1With the increase of the number of
effluent indicators and the improvement of requieats, urban sewage treatment plants
need to continuously increase the amount of aeragixtend the aeration time, and increase
the sludge return flow to ensure that the efflugurlity meets the standard. High energy
consumption has become the bottleneck restrictivgy development of urban sewage
treatment industry, and also poses a serious cigaléo the national energy and resource
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security. Therefore, to ensure the sustainable ldprent of the sewage treatment

industry, the key is to further tap the energy sgvpotential of the sewage treatment

process and implement optimal control. The sewaggrhent process involves dozens of
microbial populations and hundreds of biochemicahction processes, with many
processes, large time lag, strong uncertainty ahdraharacteristics. It is a system with
complex detection, difficult modelling and unstableeration. It is a difficult problem in
the current control field to ensure that its sewdigeharge meets the standard and stable

operation [3].

An important feature of the urban sewage treatnpeotess is that there are many
operating procedures and conditions, the sewagitygaad inflow fluctuate significantly,
and the model is difficult to establish. Therefdle sewage treatment process is a system
with complex detection, difficult modelling, andstable operation [4]. The research on its
optimal control method and the design of the opticastrol system are difficult problems
in the current control field. Another important figee of urban sewage treatment process is
that the process data is rich in information, ty&em is relatively closed, and the degree of
intelligentisation is relatively low [5]. Accordingp the historical data of urban sewage
treatment plants, combined with the historical Wweatand other conditions, this paper will
optimise the inflow of sewage treatment and thee@se of relevant links, so as to achieve
the objectives of energy emission reduction andewgtiality optimisation. The specific
contributions of this paper are as follows:

1. Divide the working conditions according to thecather data to form the sewage
discharge characteristics under typical workingditions.

2. The Mean Absolute Error (MAE) analysis of enempnsumption index and water
purification index under different working conditi® is completed by using fuzzy
neural network (FNN), which proves the superioafyhe method proposed.

3. Inthe actual test, the control index of sewfl@e was tracked, and the results showed
that this method was better than other control oethwhich provided a new idea for
sewage purification and management in the future.

Related works of sewage treatment process contr ol

The urban sewage treatment process contains compteMinear biochemical
reactions, and the influent water quality is aféecby seasonal, environmental and other
factors, with serious uncertainty. Its optimal ¢ohis facing great challenges [6]. In the
early stage of the development of the sewage texatindustry, the sewage treatment plant
mainly used traditional control methods to conth@ sewage treatment process, including
proportional integral (Pl) and proportional integceerivative (PID) control [7]. For the
control of dissolved oxygen (DO) concentration éwage treatment process, Han et al. [8]
designed a PI control method based on fuzzy reagamiechanism. This control method
adaptively adjusts the parameters of the Pl cdefralealises the tracking control of DO
concentration, and can effectively improve the mmnticcuracy of sewage treatment
process. To improve the nitrogen removal efficien€gewage treatment, Samsudin et al.
[9] proposed a PI control method based on adaptiteractive algorithm theory. This
control method adaptively adjusts the parameter$lotontroller during the nitrogen
removal process of activated sludge sewage treatraéfactively improving the effluent
quality. The control effect of Pl controller andDPtontroller is largely affected by the
parameter setting. Scholars have studied the p#&eanself-adjusting strategy for the
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stability of the controller [10], the control laggiblem and the control performance problem
[11]. Ye et al. [12] proposed an adaptive PID cohinethod, which uses fuzzy set theory
to dynamically adjust the parameters of PID cofgroleffectively improving the control
accuracy of DO concentration. The sewage treatmeraess has nonlinear characteristics,
and the treatment process is not easy to quantisking it difficult to significantly
improve the control accuracy of Pl controller adD Bontroller [13].

The combination of artificial neural network metsoand human cognitive methods
provides a superior solution for addressing thedssf sewage sludge discharge. Currently,
research is focused on optimising the purificationd discharge of sewage sludge under
different working conditions, as well as achievitgal optimisation of energy and water
purification effectiveness. To this end, this papélises FNN to leverage the nonlinear
characteristics of neural networks and the cogmitidvantages of fuzzy methods, in order
to enhance the overall optimisation performanctefmodel.

Establishment of optimisation model for sewage emission reduction

Theworking condition division

For the optimisation of municipal sewage sludgession reduction, it is of great
significance to adjust the water purification ahd flow of each part in real time according
to the weather conditions, and make full use of thi@water scouring and purification
functions for the overall optimisation of emissie@uauction.

The data of three typical operating conditions,nguday, rainy day and rainstorm
weather, are used to describe in detail the infldlemv, soluble and insoluble component
concentrations under the three typical operatingditions. The characteristics of different
weather are shown in Table 1 [14].

Table 1
The working condition under different condition
Weather Characteristic
Sunny There is no interference from any external envirental changes, the sewage treatment system

operates stably, and the biochemical
Normal reaction process

In rainy days, the inflow flow and pollutant contetion are generally less at night than in the

Rainy day daytime, and at weekends
Less regular than the middle of the week

In rainstorm, the inflow flow and pollutant conceatton still follow the rule that night is less

than day, and weekend is less than week. Howeweinfluent flow increased sharply, and th

concentration of soluble components decreasedfisigmily on the day of rain, and returned t

normal after rain

day

1]

Rainstorm

Due to the lag of the weather, in addition to tlessification of the weather conditions
according to the relevant weather conditions, therall situation of the weather within
a few days has also been taken into account whédirigithe model. During the data
training, the data of the previous week and the neek under different conditions, a total
of 14 days, are used as input to complete theimigaigind optimisation of the model.

Fuzzy control theory

In daily life, we usually do not distinguish traotans by strict standards, but use
some vague and abstract adjectives. These deeosptiithout clear boundaries can be
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translated into vague language in specific wayg. [lbthe control process, method that
uses a series of rules to define the range ofbl@saand describe the properties of variables
is called fuzzy control. Compared with digital eegsion, data expressed in fuzzy language
can contain more information and convey richer enntFuzzy control divides variables
into different "domains". By comparing the relatstip between different variable
domains, appropriate output values are formed tatrobthe system in a timely and
efficient manner.

Fuzzification is to transform the input quantitythvclear boundary into fuzzy quantity
that can be input in the fuzzy inference machineoeding to the corresponding
membership function. Generally speaking, accordimgdifferent actual requirements,
different systems with different accuracy requiratsecan have different domain division.
The membership function mainly includes three typssmely, triangular membership
function, Gaussian membership function and tragkanembership function.

Optimisation of sewage discharge based on fuzzy neural network

For the algorithm of fuzzy neural network, it is img to use BP neural network to
train the variable parameters of the control systend then select the optimal parameter
value. The parameter training is mainly based aadignt descent algorithm, including
forward propagation and back propagation. The fodwaropagation is to send the input
data to the output layer after the output of thdtirtayer neural network is processed by
fuzzy processing and other multiple processes, faraly get the actual output value.
The reverse propagation process is to modify arionige each parameter variable value
layer by layer according to the error between thet expected and the real
The transmission process of each layer of forwaapggation has been introduced. Next,
we will mainly analyse the process of reverse pgagian. The first consideration is the
selection of error function. Generally, square eisoused to judge the deviation between
the actual value and the set value. Suppose there groups of data, and the input of the
j-th neuron of a layer is;(n), output value ig;(n), according to the weight valig; (n)
can be obtained by weighted cumulative summatiagach neuron in the front layer:

k
x(n) = )" WiCm)y () ®
1

whereWj;(n) represents the weight between ittneuron and the currepheuron; common
activation functions include sigmod function, etc.:

yi(m) = fi(x(n)) 2
According to the selection of error function, thretual output of thg-th neuron in the
output layer and the expected output valy@). The difference can be obtained as:

ej(n) = dj (m) — Vi (n) 3
When there aren neurons in the output layer, the total squarerésro
1
E(m) => Z ef(n) (4)
jEM

In order to be accurate, the error of each samgpéel®to be averaged. When the total
number of samples I8, the objective function can be obtained:
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In this paper, it is mainly considered that theuinptate of the water treatment plant
mainly includes the following eight components: age flow, component flow, component
volume, component concentration, influent componenncentration, influent flow,
internal return flow and sludge discharge. In thedei training, the average of every
14 days is used as a model calculation cycle tm fan input vector. At the same time, the
model is trained according to the historical détaeather conditions, and the FNN is used
to optimise the sewage sludge treatment effect.obieeall process is shown in Figure 1.

_______________ | Fuzzy rule ‘ Index evaluation
| 2 L

|
Influent component
Sunny day : | Sewage flow | concentration |
|

|
| | Componentflowl | Influent flow | |

Rainy day

: |Componemvolum+ ||nterna| returnfbwl |

|
Rainstorm |
| Componem | Sludge dischargel
| ion |
- |

concentrai

Fig. 1. Framework for the sewage purification pescesing the fuzzy neural network

Experiment result and analysis

Modél training comparison and the index evaluation

In the experiment process, the model is trainecars¢ply according to the eight
components and weather data described in previeetfos to complete the establishment
of the model. In the selection of data, we seletiteddata of the past three years for model
training. In the training, we selected the data@fen days before and after the data of the
day, that is, half a month, as the input to congptee model training, so the dimension of
each input vector in the model is 120, and themtitipe weather data as a separate vector.
In this paper, to evaluate the model performance,select the model data optimised by
experts, that is, fine-tuned model data, as theclreark for data comparison. To better
illustrate the optimisation results under the twalicators, this paper has carried out
different methods, and the results are shown iméhx subsection.

The control result compar ed with the traditional methods

In evaluation process, we selected the MAE indehxickvis widely used in machine
learning, as the evaluation index. The specificuation method is shown in equation:
n

1
MAE == | (8, —p)l + -+ (@ —p,) ©)
k=1
where a;, a,, ... a, indicates actualvalue, p;, p», ... P, indicates predictedalue.

The prediction accuracy of the model can be wellected by calculating the mean
absolute error between the predicted value andithgal value. The prediction results of
different methods are shown in Tables 2 and 3.
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Table 2
The MAE for different methods without weather input
Evaluation
Models Energy consumption [-] Water quality assessment [-]
NN 6.487 7.864
Fuzzy 5.792 5.498
PID 9.479 10.672
Fuzzy NN 3.975 3.993
Table 3
The MAE for different methods with weather input
Evaluation
Models Energy consumption [-] Water quality assessment [-]
NN 5.769 6.754
Fuzzy 5.287 4.967
PID 7.865 8.763
Fuzzy NN 3.357 3.187

Table 2 shows the result of directly inputting 8iahles into the model, that is, the
weather conditions are not inputted as a kind passte data. It is not difficult to see from
the comparison between Table 2 and Table 3 thattbdel training with weather as
a single feature in the framework proposed cantlygr@aprove the training accuracy of the
model, that is, MAE can be effectively reduced athbindicators. From Table 3 alone, it
can be found that the MAE of the FNN framework megd are significantly better than
the NN and fuzzy control methods alone, and fatebdghan the traditional PID control
methods. Therefore, taking weather conditions asaciteristics and combining with Fuzzy
NN can effectively improve the efficiency of sewagkidge treatment process, reduce
energy consumption and ensure that water qualigtsribe standard.

Discussion

Urban sewage sludge discharge involves a variefiaaibrs, such as policy, weather
and the working conditions of the water purificatiplant, which will affect the sewage
sludge discharge results. Therefore, it is necgstaroptimise the water purification
process according to the working conditions. Thapgy divides the working conditions
according to the weather conditions in the regammpletes the data induction and feature
classification, and then carries out model traindmgording to the characteristics of the
traditional water purification process, thus imgngythe control ability and accuracy of
the model [16]. The FNN algorithm is used to reslise optimisation of sewage sludge
discharge process. The fuzzy rules set by expantsbe fully used for model training.
The network has good fault-tolerance and stabilityaddition to its stable performance in
MAE, it performs well in a scalar tracking proces#ich provides a new idea for the
future sewage sludge discharge optimisation.

The optimisation of sewage sludge discharge throbbiN algorithm can reduce
energy consumption to achieve green developmenh@iasis of ensuring water quality,
but more policy guidance and measure optimisatienneeded to achieve pollution-free
development. First of all, for urban domestic sesyagduce the total amount of pollution
discharge in a large area and treat it accordinthacsource of sewage to avoid secondary
pollution [17]. Secondly, with the development adw energy technologies, we should
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adjust the energy structure and make full use lafr smergy, wind energy and tidal energy
to ensure green emissions. Finally, complete thgadging of industrial structure, eliminate

backward productivity, and provide correspondingnpensation and upgrading and

transformation schemes for the factories with e@dremissions and low output, so as to
achieve the reduction of emissions [18].

Conclusion

This paper studies the optimisation of the currerian sewage sludge treatment
strategy, and proposes a FNN optimisation contmalméwork that integrates the
characteristics of weather conditions. The framéwettracts weather conditions as input
features based on historical data, and integratedi@ators such as sewage flow, which are
common in sewage treatment process, to achievaidellof data features. Then the FNN
method is used to optimise the drainage processhénMAE comparison of energy
consumption and water quality, the result is sigaiftly better than the control result of
a single method. Although this paper has achiewadesresearch results in the process of
optimal scheduling of sewage sludge discharge, tduthe data collection capacity, this
paper only divides the working conditions into threveather conditions, and fails to
complete the analysis of other external factorseréfore, expanding the data range and
optimising the characteristics of the model areftiwais of the next step.

Acknowledgements

This work was supported by:

1. Research and Engineering Demonstration on Integjyrdchnology of Municipal
Sludge Low Carbon Treatment (H20220011), MinistfyHousing and Urban-Rural
Development of the People’s Republic of China (MQRD).

2. Study on Carbon Emission Effect of Sludge Core fimeat Process in Large and
Medium-sized Urban Wastewater Treatment Plants 327121100), Science and
Technology Commission of Shanghai Municipality.

3. Carbon Emission Reduction Technology of sludge stige treatment in Urban
Wastewater Treatment Plants (21YJKF-21), Shangbastuction Group Co., Ltd.

References

[1] Wu CH, Tsai SB, Liu W, Shao XF, Xia YK, Wactalw®!. Green environment and sustainable development:
methods and applications. Ecol Chem Eng S. 2024)287-70. DOI: 10.2478/eces-2021-0030.

[2] Liu W, Tsai SB, Wu CH, Shao X, Wactawek M. Corpte environmental management and sustainable
operation: theory and application. Ecol Chem Eng022;29(3):283-5. DOI: 10.2478/eces-2022-0020.

[3] Obotey Ezugbe E, Rathilal S. Membrane technielogn wastewater treatment: a review. Membranes.
2020;10(5):89. DOI: 10.3390/membranes10050089.

[4] Crini G, Lichtfouse E. Advantages and disadeges of techniques used for wastewater treatmentrda
Chem Lett. 2019;17:145-55. DOI: 10.1007/s10311-07185-9.

[5] Chai WS, Cheun JY, Kumar PS. A review on corieral and novel materials towards heavy metal
adsorption in wastewater treatment application. Jeaf®r Prod. 2021;296:126589. DOI:
10.1016/j.jclepro.2021.126589.

[6] Van DR, Benedetti L, De JJ. Performance evadmabf a smart buffer control at a wastewater tresatt
plant. Water Res. 2017;125:180-90. DOI: 10.10164res.2017.08.042.

[7]1 Vilanova R, Katebi R, Alfaro V. Multi-loop Pldsed control strategies for the activated sludgegss.
IEEE Conf Emerging Technol Factory Automation, Maih, Spain. 2009:1-8. DOI:
10.1109/etfa.2009.5347062.



25C

You-Fei Zhou, Wei-Jie Hu, Jun Sheng, Juan-Juan AmauWei-Guo Zou

(8]
(9]
[10]

[11]

[12]

[13]
[14]
[15]

[16]

[17]

[18]

Han Y, Brdys MA, Piotrowski R. Nonlinear Pl dpal for dissolved oxygen tracking at wastewater
treatment plant. IFAC Proc Volumes. 2008;41(2):1398. DOI: 10.3182/20080706-5-kr-1001.02301.
Samsudin SI, Rahmat MF, Wahab NA. Improvemédragtivated sludge process using enhanced nonlinear
P1 controller. Arabian J Sci Eng. 2014;39(8):658-B0I: 10.1007/s13369-014-1285-2.

Liu X, Yu W. Research of dissolved oxygen cenitation control strategy based on the fuzzy tseling
PID parameter. IEEE Conf Control Decision, Chonggin China. 2017;5928-32. DOI:
10.1109/ccdc.2017.7978229.

Wahab NA, Katebi R, Balderud J. Multivariab®dD control design for activated sludge processh wit
nitrification and denitrification. Biochem Eng D@9;45(3):239-48. DOI: 10.1016/j.bej.2009.04.016.

Ye HT, Li ZQ, Luo WG. Dissolved oxygen controf the activated sludge wastewater treatment gsce
using adaptive fuzzy PID control. Conf Control, axi; China. 2013;7510-3. DOI:
10.1016/j.compchemeng.2011.09.011.

Kroll S, Dirckx G, Donckels BMR. Modelling reéime control of WWTP influent flow under data scity.
Water Sci Technol. 2016;73(7):1637-43. DOI: 10.2068.2015.64.1.

Hernandez-del-Olmo F, Gaudioso E, Duro N. MaeHearning weather soft-sensor for advanced obofr
wastewater treatment plants. Sensors. 2019;19@29:3OI: 10.3390/s19143139.

Nguyen AT, Taniguchi T, Eciolaza LI. Fuzzy ¢mi systems: Past, present and future. IEEE Coatput
Intelligence Magaz. 2019;14(1):56-68. DOI: 10.11\0G1.2018.2881644.

Wang CH, Kim J, Malgras V, Na J, Lin JJ, Youel al. Metal-organic frameworks and their derived
materials: emerging catalysts for a sulfate radibaked advanced oxidation process in water puiificat
Small. 2019;15(16):1900744. DOI: 10.1002/smil.200B54.

Cheng PP, Jin Q, Jiang H, Hua M, Ye Z. Efiidg assessment of rural domestic sewage treatraeiitiés

by a slacked-based DEA model. J Cleaner Prod. 262€:22111. DOI: 10.1016/j.jclepro.2020.122111.
Wu HP, Gao XF, Wu M, Zhu Y, Xiong RW, Ye Shd efficiency and risk to groundwater of constrdcte
wetland system for domestic sewage treatment-A catgdy in Xiantao, China. J Cleaner Prod.
2020;277:123384. DOI: 10.1016/j.jclepro.2020.123384



