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Introduction
Scope and Purpose of the Course

Water and wastewater treatment works are an essential infrastructure system which has been challenged by
increasing populations, aging infrastructure, more stringent regulation and the impacts of climate change.
Integrating Al technologies is a solution to these challenges and will help organizations improve operational
efficiency, lower costs and comply with environmental regulations.

The course covers theoretical and practical aspects of application of Al in water and wastewater treatment
plants. Through this subtheme, the participants will gain understanding of how guidance provided by machine
learning algorithms, predictive analytics and intelligent control systems can optimise treatment processes,
monitoring capabilities and overall facility performance.

Figure 1. A conventional water treatment control room compared with a modern Al-enabled
control center.
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Module 1: Introduction to Al in Water Treatment

1.1 The Evolution of Water Treatment Technology

Water treatment technology has evolved significantly from simple sand filtration and chlorination to more
complex multi-barrier treatment. The use of digital technologies began in 1980s when computerized
monitoring systems were used followed up with SCADA (Supervisory Control And Data Acquisition)
systems in 1990s, and now maost recently, artificial intelligence and machine learning technologies.

Advances in water treatment facility design and construction have improved capability to handle invasive
species. The world’s massive data is combined with the increased computational power and enhanced Al
algorithms to optimize processes intelligently and predict operations. According to industry studies, water
utilities that adopted Al technologies report operational efficiency gains of 15-25% and reductions of 20-30%
in energy consumption.

Evolution of Water Treatment Technology

1800s: 1908: Chlorination 1980s: SCADA Systems 2020s: Al
Manual Operations Computerization Supervisiory Control Integration
Slow sand filters, human Disinfection introduced, Basic process control, of Data Acquisation, Al-powered optimization,
labor, basic fitration germ-free water data logging remote monitoring predictive mainenance,

autonnous control

Innovation—> Efficiency—> Intelligence

Figure 2. Evolution of water treatment technology from manual operations to Al integration.
1.2 Fundamental A1 Concepts for Water Treatment

Artificial intelligence refers to ways of making computers do things that, at the moment, human minds are
able to do. Three key types of Al are relevant in water treatment applications, namely; Supervised Learning,
Unsupervised Learning and Reinforcement Learning.

Algorithms for supervised learning study historical data in order to help predict future conditions. Supervised
learning models can be employed to predict effluent quality based on effluent characteristics, forecast
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equipment failures based on operational data from the plant and optimize chemical dosing strategies based on
the performance history of wastewater treatment processes. Supervised machine learning techniques include
the neural network, random forest and support vector machine.

Unsupervised learning is used on data with no pre-defined outcomes. As a result, it is popular for anomaly
detection and process optimization. Unusual operating conditions can be identified, malfunctions can be
diagnosed, and hidden relationships can be discovered from these algorithms. Water treatment applications
make frequent use of unsupervised learning techniques like clustering algorithms, principal component
analysis, and autoencoder networks.

Reinforcement learning enables systems to learn optimal control strategies through trial and error interactions
with the environment. This approach is particularly powerful for dynamic process control where traditional
control algorithms may struggle with complex, non-linear relationships. Reinforcement learning has shown
promise in optimizing aeration control, chemical dosing sequences, and energy management strategies.

1.3 Current State of Al Adoption in Water Industry

The water industry is starting to adopt Al technologies at an accelerated rate, though it is still early compared
to other sectors. According to the Water Research Foundation (2023) “presently 34% of water utilities employ
some form of artificial intelligence (Al) or machine learning technology, with a further 42% planning
implementation within three years.” Main reasons behind Al adoption include enhancing operational
efficiency, improving regulatory compliance as well as reducing cost pressures.

The most popular applications in use predict the failure of critical systems, forecast water quality and optimize
energy consumption. Many sophisticated missile defense systems are in various stages of operationalization
and regional implementation; this missile defense system is fully operational.

Limited technical know-how, worries over system reliability, safety concerns and regulatory uncertainty are
among the barriers to adoption. Successful pilot projects and vendor partnerships aiding utilities overcome
these challenges while also building their own internal capabilities to implement and manage artificial
intelligence.

Al Adoption in the
Water Industry

Figure 3. Al adoption in the water industry.
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Module 2: AI-Enhanced Water Quality Monitoring
2.1 Real-Time Sensor Networks and Data Integration

Contemporary water treatment facilities utilize large-scale sensor networks that continuously monitor
essential parameters such as Ph, turbidity, chlorine residuals, dissolved oxygen, temperature, and
nutrients. By collating data from diverse sources and identifying correlations, Al systems enhance these
monitoring activities and offer real-time insights that facilitate process adjustments.

Frame the sensor fusion term to represent the process whereby various sensor signals are combined to
continually produce reliable environmental descriptors. Models are trained to mitigate sensor drift, detect the
need for calibration and failure of the sensor before compromising operations. The capabilities of edge
computing means that sensor data can be processed in real-time at its origin, reducing latency and bandwidth
demands.

Wireless sensor networks embedded with artificial intelligence allow for monitoring of temporary
installations and remote locations. These systems modulate their sampling frequency according to the process
conditions and maximize battery life through intelligent power management. They also use mesh networking
protocols to stay connected in the event of disconnection from the Wireless Body Area Network (WBAN).

Figure 4. Al-connected sensor network across a water treatment facility.
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2.2 Anomaly Detection and Alert Systems

Water quality data findings from anomaly detection systems reviewed multiple days by timu at bse. These
systems establish a baseline of what the normal operations were based on past data. By doing so, they can
detect any changing trends or outliers against these baselines and thereby catch process upsets, equipment
faults, or contamination events before they become major problems.

Machine learning algorithms have made sophisticated anomaly detection possible using statistical process
control techniques. The multivariate analysis takes into account the relationship between multiple parameters
or variables at the same time. This will allow us to detect complex operational issues that may not be produced
or captured through single-parameter monitoring. Detecting abnormalities via time series analysis that finds
temporal patterns and periodic variations in data helps enhance detection accuracy and reduce false positives.

DEP, an abbreviation for “Development Estimate of Participative Project,” is a temporary estimate of cost. A
machine learning algorithm classifies anomalies by type and urgency, providing operators with useable
information and recommended responses. With the mobile communication systems integration, important
alerts will reach the right personnel anytime and anywhere.

2.3 Predictive Water Quality Modeling

Intelligently designed predictive modelling employs an artificial intelligence algorithm to estimate the
treatment performance of wastewater plants and effluent quality based on existing conditions and operational
conditions. By using these models changes can be made to the process in advance to ensure that it stays
compliant with regulations as well as being efficient from a treatment point of view. Neural networks and
ensemble methods are good at modeling complex non-linear relationships in treatment processes.

Predict the characteristics of incoming water based on meteorological, seasonal, and upstream conditions
using influent forecasting. With this information, treatment facilities can adjust chemical inventories,
operational strategies, and prepare for varying conditions in the influent and changing raw water quality.

Models that predict disinfection byproducts assist the facility in optimizing its chlorination process to
minimize the formation of THMs and HAAs while providing adequate disinfection. The potential for
byproduct formation can be predicted using these models by looking at factors like pH, temperature,
concentrations of organic precursors and the contact time.
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Module 3: Predictive Maintenance and Asset Management

3.1 Equipment Health Monitoring Systems
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Figure 5. Al-based condition monitoring of a pump assembly.

Al-powered equipment health monitoring transforms traditional reactive maintenance approaches into
proactive strategies that optimize asset performance and extend equipment lifecycles. Vibration analysis,
thermal monitoring, and electrical signature analysis provide continuous assessment of critical equipment
including pumps, blowers, motors, and treatment units.

Machine learning algorithms analyze equipment performance data to establish baseline operating conditions
and detect early signs of degradation. Pattern recognition techniques identify subtle changes in vibration
signatures, temperature profiles, and power consumption that indicate developing problems before they result
in equipment failure. These early warning systems enable maintenance teams to schedule repairs during
planned outages, minimizing operational disruptions.

Condition-based monitoring systems continuously assess equipment health using multiple sensor inputs and
Al analysis algorithms. Integration with computerized maintenance management systems (CMMS) enables
automatic work order generation, parts inventory management, and maintenance scheduling optimization
based on equipment condition rather than predetermined time intervals.
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Figure 6. Predictive maintenance monitoring of pumps and equipment across a treatment plant.

3.2 Failure Prediction and Risk Assessment

Predictive failure analysis refers to a technique that uses historic records of maintenance, operational data, and
equipment specifications to examine potential failures and resulting risk factors. The Al algorithms find the
typical patterns in failure modes, correlate operational conditions with equipment degradation, and predict
remaining useful life (RUL) of critical assets.

Models for equipment failure probability distributions (survival analysis) assist stakeholders in scheduling
maintenance more effectively based on risks and cost. By using factors such as age of the equipment, its usage,
environmental conditions and historical performance, the models predict failure with confidence.

Frameworks that assess risks forecast failures and look at their consequences to prioritize maintenance
activities. Equipment that is critical to the operation and likely to fail, gets priority service. Alternate assets can
run with a limited service. Dynamic risk assessment adjusts priorities according to changing conditions for
efficient allocation of resources.
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Figure 7. Al-powered predictive risk assessment matrix with predicted failure windows.

3.3 Maintenance Optimization Strategies

The development of a comprehensive maintenance and operation strategy that minimizes total cost of
ownership through Al. The multi-objective optimization algorithms will balance conflicting priorities such as
maintenance costs and equipment reliability, spare parts inventory and operational risks, to optimize
maintenance duration and maintenance and spare parts by the equipment.

The scheduling of predictive maintenance algorithms relies on the condition of the equipment, prediction of
failure, availability of resource and operational requirements. Maintenance strategies for groups coordinate
activities over several assets to limit operational disruptions and lower mobilization costs for maintenance
crews.

Demand forecasting models are used in spare parts optimization to maintain optimal inventory levels while
minimizing carrying cost. Al algorithms examine failure modes, lead times, and criticality levels to optimize
the stock level of each component type. Partnering with suppliers ensures timely delivery of non-critical items,
while still holding sufficient emergency stock for critical items.
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Module 4: Process Optimization and Control
4.1 Intelligent Chemical Dosing Systems

The application of artificial intelligence in chemical dosing systems is set to optimize the addition of different
chemicals that include — coagulant, disinfectant, pH adjustment chemical, and even more, which will ensure
efficient treatment with low consumption of chemicals while incurring low cost. Machine learning algorithms
examine the relationships between influent water quality and chemical dosages and their impacts on treatment
performance to develop dynamic dosing strategies.

Coagulation optimization algorithms utilize constitutive relations that relate turbidity, particle-size
distributions, and zeta potential measurements to find optimal dosages of a coagulant. Real-time adjustment
facilities address changes in influent quality while at the same time ensuring consistent treatment and reducing
chemical waste. Intelligent algorithms will differentiate between seasonal and short-term variations and
respond accordingly as per the type of condition.

Systems of disinfection control balance pathogen-inactivation requirements with byproduct-forming
concerns. The process of predicting chlorine demand involves the use of Al-based model. Furthermore, the
model works on water quality parameters. Also, the specification is to  ptimize dosing strategies after
predicting chlorine demand. Another specification is to ensure maintaining adequate CT (concentration times
time) values in conjunction with preventing THM and HAA formulation. The alternative disinfectants UV,
ozone, and chloramine are coordinated with multi-barrier optimization algorithms.
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Figure 8. Al-controlled chemical dosage optimization in a treatment plant control room.
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4.2 Biological Treatment Process Control

Al control processes that optimize the microbial community for efficient nutrient removal in biological
wastewater treatment processes. Activated sludge processes, membrane bioreactors, and biological nutrient
removal systems operate under precise control of dissolved oxygen, hydraulic retention time, and food-to-
microorganism ratios.

Algorithms for aeration control help optimize the concentration of dissolved oxygen along the different phases
of biological treatment. These processes can vary the energy consumption according to the treatment
efficiency requirements. Al models can predict oxygen demand based on the organic loading, temperature,
and mixed liquor of the wastewater. These predictions can adjust operation to blowers and air distribution to
meet production DO levels while minimizing energy cost.

Optimizing sludge age ensures the population of microorganisms is optimal for the desired treatment objective
like BOD removal, nitrification, denitrification and phosphorus removal. Microbial community dynamics,
treatment performance data and environmental conditions are used by algorithms to identify optimal wasting
rates and return activated sludge ratios.

Figure 9. Al optimization of a biological treatment basin.
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4.3 Membrane Filtration Optimization

Membrane filtration systems such as microfiltartion, ultrafiltration, nanofiltration and reverse osmosis are
optimized by Al to maximize water production while reducing membrane fouling and energy use. Predictive
algorithms analyze transmembrane pressure, permeate flow rates, and water quality data to optimize filtration
cycles and cleaning schedules.

Fouling prediction models help identify early signs of membrane damage and optimize cleaning protocols for
membrane restoration. Through the usage of machine learning algorithms, one can distinguish various fouling
mechanisms which are colloidal, organic, biological, and inorganic fouling and their derivatives. As a result,
it opens up the door for targeted cleaning protocols that maximize cleaning efficiency while minimizing the
damage to membranes.

The optimization of operating pressure saves energy while producing a higher permeate flows. The Al uses
the feed water quality and temperature, as well as the membrane condition, to change the pressure set point in
order to optimize overall system performance. It enables proactive control of high-pressure pumps for
optimum energy use using variable frequency drives.

11
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Module 5: Energy Management and Efficiency
5.1 Pump System Optimization

Pumps with their high energy consumption need to be monitored continuously. It is estimated that pumps
account for 60-80% of total energy use in water and wastewater treatment plants. Thus, optimizing pumps is
one of the key applications of energy management systems (EMS) based on artificial intelligence. The
patterns of the system demand as well as the performance curves and the efficiency characteristics of pumps
are analysed using machine learning algorithm so that optimally pump scheduling and operating points at
which pumps operate.

Variable frequency drive (VFD) optimization is a method of controlling energy consumption and maximising
the performance of a pump (or fan) by using the real-time demand to adjust the pump speed. The goal is to
produce the required flow and pressure with the least consumption of energy. Artificial intelligence (Al)-
powered algorithms take into account a host of variables such as the system head curves, pump efficiency
maps and electricity price, among others, to identify the optimal operating strategies throughout the hourly
and seasonal demand cycles.

The algorithms used for the scheduling of a parallel pump optimize the number and the combination of pumps
that work so as to meet the demand of the system while minimum energy consumption is done in total. The
machine learning models predict which combination of pumps requires switching and automatically performs
switching operations if demand condition changes. This enables load shifting during peak pricing periods by
integrating with the management of storage tanks.

5.2 Aeration System Control

The use of aeration systems consumes the most amount of energy in biological sewage treatment which
accounts for 45% to 75% of the energy consumption of the plant. Al-controlled aeration systems improve air
quality and reduce energy and equipment costs using predictive modelling to determine blower operation and
air distribution strategies.

Optimized algorithms for dissolved oxygen meet biological treatment and energy efficiency objectives.
Machine learning models forecast the oxygen required by wastewater treatment processes. Predictions are on
influent loading rates, temperature, mixed liquor characteristics, treatment objectives. This allows aeration
rates to be adjusted in time before DO levels drop below ranges.

Blower optimization systems ensure energy-efficient delivery of required airflow rates while regulating
multiple blowers. By examining the blower performance map, system pressure characteristics, and electricity
pricing, a decision is made on the best blower combination and optimum speed of operation. Through
automated load balancing, excessive cycling is prevented while adequate redundancy is ensured.

12
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5.3 Renewable Energy Integration

Sophisticated Energy Management Algorithms for Coordination of Water Treatment with Variable
Generation Renewable Energy Sources — Solar Photovoltaic, Wind and Biogas Systems will enable the
application of integration of renewable energy sources. Al applications manage flows of energy in order to
maximize renewable energy use and ensure reliable treatment.

Forecasting solar energy entails employing models that predict a photovoltaic system’s generation based on
meteorological forecasts, seasonality, and system performance characteristics. Algorithms that use machine
learning ensure that energy-intensive operations take place only during times when most energy is generated
through solar energy. This reduces the dependence on the grid and maximizes the benefits of investment in
renewable energy when it comes to economics.

Battery energy storage systems with artificial intelligence control could be utilized for energy arbitrage, peak
shaving and backup power.

Chargers are being developed for electric vehicles that optimize the charging and discharging of battery
energy storage systems. This optimization considers electricity prices, renewable generation forecast,
requirements of treatment processes, etc.

13
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Module 6: Advanced Treatment Technologies
6.1 Al in Membrane Bioreactors

MBR systems incorporate biological treatment and membrane filtration, resulting in treated effluent, which
can be reused. Al optimization improves MBR performance by enabling more intelligent biological process
control, membrane operation refinement, and fouling prevention strategies for enhanced efficiency and
reduced costs.

For MBRs, it is important to optimize biological processes by controlling the MLSS, food to microorganism
ratio, and retention time. The optimal wasting schedules will be predicted using machine learning algorithms
to maintain ideal biological conditions and improve nutrient removal efficiency and membrane fouling rates.

Membrane fouling management features predictive algorithms that enable appropriate cleaning cycles in
membrane systems. Al systems check the trends of back pressure, flux, and quality of water to optimize the
cleaning frequency and method. Making use of webs cleaning systems allows a low intervention fouling
management solution.

6.2 Advanced Oxidation Process Control

UV/H202, ozone/H202, and photocatalytic oxidation are advanced oxidation processes (AOP) to remove
relatively persistent organic compounds, pharmaceuticals, and endocrine disrupting chemicals. The Al
control systems used optimize effects of oxidant dosing, contact time and energy consumption to achieve
target contaminant removal with the lowest possible overall treatment costs.

The intensity of a lamp, the rate of flow of water, and the cleaning cycles for the lamps are adjusted by
optimizer algorithms of UV systems so that the required UV doses for disinfecting and contaminating
destroying are maintained.

The prediction of lamp aging, fouling rates, and maintenance requirements with the help of ML algorithms
optimizes efficient schedules and achieves consistent performance of the treatment.

Ozone generation systems and dosing control are designed for optimal ozone production rates and dissolution
efficiency and contact time for optimal treatment effectiveness with minimum energy consumption. Al
algorithms take into account water temperature, pH, alkalinity and organic content to determine optimum
ozone dosages for achieving specific treatment objective.

6.3 Nutrient Recovery and Resource Optimization

Extracting valuable resources from wastewater gives water treatment plants an opportunity to earn significant
revenue and lessen environmental impacts. Al systems enhance processes for recovering phosphorus through
precipitation, nitrogen recovery, biogas production, and other processes for maximum yield and economics.

14
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Al algorithms for optimized struvite precipitation control of phosphorus recovery systems pH, magnesium
dosing, and mixing intensity. The machine learning models estimate the optimal operations based on influent
phosphorus concentration, temperature, competing ion concentrations to give maximum yield and purity of
struvite.

Optimization of anaerobic digestion smartly controls the organic loading rates and temperature, pH and
mixing regimes of the process to enhance biogas production. Al can forecast biogas yield potential using the
characteristics of wastes and optimize feeding strategies to maximize methane production while ensuring
stable operation.

15
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Module 7: Implementation and Integration
7.1 Data Infrastructure and Requirements

The successful implementation of Al in water treatment facilities will need a good data environment that
allows proper data collection, storage, processing and analysis. Every year, up-to terabytes of operational
information comes from sensors, analyzers, equipment monitoring systems, and laboratories that must be
managed to enable the use of Al in water treatment facilities.

Implementing data quality management systems can ensure that the information used for Al modelling and
operationalisation is accurate, complete and consistent. The use of automated data validation algorithms
identifies failures of sensors, communications or unexpected field values that can damage the performance of
the model. Machine learning applications use data after passing them to preprocessing pipelines to standardize
format and deal with missing values.

Infrastructures for deploying Al applications can be made available at the user’s requirements on the cloud.
Hybrid cloud architectures enhance the delivery of local processing requirements merged with centralized
analytics. On the one hand, centralized analytics and high-level ML model development is achieved. On the
other hand, low-latency control operations are guaranteed by processing close to the source.

7.2 Cybersecurity and Risk Management

Water treatment facilities are critical infrastructures that require comprehensive cybersecurity protections to
prevent disruption of essential services. The implementation of Al systems makes the cybersecurity landscape
more complex as they have an expansive attack surface and require massive connectivity of data. In addition,
there are vulnerabilities present which are part of the system’s learning algorithms and the data pipelines.

Plans to segment networks will isolate supervisory control and data acquisition systems from company or
enterprise networks and external connectivity while allowing necessary data flows for artificial-intelligence-
based applications. Operational Technology (OT) network protection against cyber threats is achieved
through the use of industrial firewalls, intrusion detection systems and more.

Security considerations for Al include protecting against model poisoning, adversarial inputs and data privacy.
Unauthorized access and manipulation of Al models and training data will be prevented through encrypted
communication and robust access control system. Regular assessments and penetration tests of security
confirm its effectiveness.

7.3 Cost-Benefit Analysis and ROI Assessment

Cost-benefit analysis should be performed for Al implementation projects to justify investments and select
technologies. The primary benefits will be energy cost savings, chemical optimization savings, maintenance
cost savings and productivity improvement. Regulatory compliance improvements, risk reduction, enhanced
operational flexibility are indirect benefits.

16
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Hardware infrastructure, software licensing, system integration, training, and ongoing maintenance expenses
comprise implementation costs. Utilities can adopt phased implementation approaches for cost management,
building internal capabilities, and demonstrating efficiency before extending Al applications.

Calculations of benefits will incorporate energy-chemical savings as well as qualitative benefits such as
improved reliability and regulatory compliance and operational knowledge used. Al implementations take
from 18 months to 4 years to pay back depending on application range and facility characteristics.

17
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Module 8: Real-World Applications and Case Studies

The earlier chapters laid out the concepts, algorithms, and practical considerations behind artificial intelligence
in water and wastewater treatment. This chapter shows what those ideas look like once they leave the
whiteboard. All three case studies below come from plants and utilities that are running today, and each one
reports results that were actually measured rather than projected. They were chosen to cover different corners
of the sector: energy and process control at a wastewater plant, chemical dosing at a drinking water plant, and
real-time control of a sewer network that feeds a treatment works. \Where a case draws on a technique covered
earlier, the relevant chapter is noted so the link back to the theory stays clear.

8.1 Case Study 1: AI-Optimized Aeration at the Cuxhaven Wastewater Treatment Plant,
Germany

The Cuxhaven Wastewater Treatment Plant on Germany’s North Sea coast serves a population equivalent of
about 400,000 and is run by EWE WASSER GmbH. Aeration was the obvious place to look for savings. As
Chapter 5 noted, blowers and aerators usually draw more electricity than any other process at an activated
sludge plant, often more than half of the total. Yet Cuxhaven ran its aeration on manual control with no real
optimization strategy, and it had no online instruments measuring the carbon, nitrogen, and phosphorus loads
coming into the plant.

Working with Xylem, the utility added a machine learming layer that pulls data straight from the plant’s
existing SCADA system, the sort of integration described in Chapter 7. Models of the carbon, nitrogen, and
phosphorus removal processes were trained on historical operating records to build a real-time digital twin of
the plant. With no influent load sensors to draw on, the team built several virtual sensors that infer the
incoming loads from other measurements. The system then worked out the best dissolved oxygen set points
for the aerators across five parallel treatment trains, matching air supply to the actual oxygen demand instead
of holding fixed targets. It went live in August 2017.

The payoff was a 30 percent cut in aeration energy, about 1.1 million kilowatt-hours a year, which is roughly
what 64 average homes use in that time by U.S. EPA figures. Much of the saving came from smoothing out
the energy spikes that manual operation had been causing. The utility tracked its progress with a number most
plants never bother to calculate, the energy needed to remove one kilogram of pollutant load. Effluent stayed
inside its regulatory limits the whole way through.

What makes Cuxhaven a useful teaching example is the way it combines two threads from earlier in the
course: process control from Chapter 4 and energy management from Chapter 5, both running on a digital
twin built from instruments the plant already owned (Chapter 7). It also lands a practical point. Virtual sensors
let a plant optimize even when it cannot measure everything directly, which is a common situation at older
facilities.

18
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8.2 Case Study 2: Machine-Learning Coagulant Dosing in Drinking Water Treatment

Coagulation and flocculation sit at the heart of conventional drinking water treatment, and the coagulant dose
drives both water quality and chemical cost. For decades operators have set that dose with the jar test, a manual
bench procedure that is slow and a poor match for raw water that can change by the hour. When the dose lags
behind the source water, the plant either wastes chemicals or lets turbidity slip through. Chapter 4 singled out
exactly this kind of shifting, non-linear control problem as a natural fit for Al.

One full-scale study shows the approach clearly. The researchers built a deep learning model, pairing a one-
dimensional convolutional network with a gated recurrent unit, to predict the right coagulant dose straight
from continuous raw water measurements. They trained it on five years of minute-by-minute data, enough
for the model to pick up both seasonal trends and short bursts of change that a periodic jar test would miss. In
daily use it behaves like the predictive water quality tool from Chapter 2, telling operators, or a downstream
controller, the dose needed to hit a settled water turbidity target.

The model trimmed coagulant use by about 22 percent while keeping treated water within target, saving on
the order of 21 million Korean won a year at that plant. Other utilities have reported gains in the same band,
usually somewhere between 10 and 22 percent, and several have added interpretability tools such as SHAP
analysis so operators can see which raw water parameters are pushing each recommendation. That
transparency matters more than it first appears, because a dosing model the operators do not trust tends not to
get used.

This case carries predictive water quality modeling (Chapter 2) and intelligent chemical dosing (Chapter 4)
over to the drinking water side. Its broader lesson is one that surfaces again and again in this field: when it
comes to treatment decisions, being able to explain a model is often worth as much as squeezing out the last
point of accuracy.

8.3 Case Study 3: Real-Time Smart-Sewer Control in South Bend, Indiana, USA

South Bend, Indiana, like hundreds of older American cities, runs a combined sewer that carries sewage and
stormwater in the same pipes. Heavy rain or snowmelt used to push flows past the capacity of the interceptor
and the treatment plant, sending one to two billion gallons of untreated combined sewage into the St. Joseph
River every year. A 2012 federal consent decree left the city facing an estimated $700 million in new capital
work, closer to $1 billion once financing was counted, mostly tunnels and storage tanks to hold back the
overflows.

The city took a different route. Instead of pouring concrete, it wired the network with roughly 150 to 165
depth, flow, and rainfall sensors reporting every five minutes, then layered a real-time decision support system
on top, essentially the sensor network and event detection ideas from Chapter 2 at city scale. The control
algorithms watch where spare capacity exists and work automated valves, gates, and movable weirs to shift
flow out of lines that are filling up and into lines that are not, turning the pipe network itself into distributed
storage. The technology grew out of research at the University of Notre Dame, was commercialized through
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a spin-out called EmNet, and was later bought by Xylem. Operators can override it at any time, in keeping
with the human-in-the-loop thinking from Chapter 7.

The numbers tell the story. Overflow volumes dropped from more than two billion gallons in 2008 to about
431 million by 2016, close to an 80 percent reduction, which keeps roughly a billion gallons of sewage out of
the river each year and has cut in-river E. coli by more than half. Because the city was wringing more out of
pipes already in the ground, it could rewrite its long-term control plan and avoid something like $400 to $500
million in capital spending while still meeting its environmental goals, on top of about $1.5 million a year in
lower operating and maintenance costs. The same sensor feed also flags blockages before they back up into
basements.

South Bend is one of the best-documented Al projects anywhere in the water sector, and it makes the cost-
benefit argument from Chapter 7 about as plainly as a project can. Optimizing infrastructure that already
exists, with real-time data and control algorithms, can match what new construction would have delivered at
a fraction of the price. The controlled assets sit in the collection system, but the treatment plant is the quiet
beneficiary, spared from hydraulic overload when the weather turns.

8.4 Common Success Factors

A few patterns run through all three projects. None of them threw out existing equipment; each added
intelligence on top of the SCADA systems, sensors, and controls already in place, which kept both cost and
risk down. All three leaned on usable data, and where the data was not there, as with Cuxhaven’s missing
influent sensors, the teams found ways to estimate it. Each project also fixed on a concrete metric, whether
specific aeration energy, coagulant per unit treated, or overflow volume, so the benefit could be measured and
defended rather than just asserted. Operators stayed in the loop, and where the models could be made
interpretable they were, which is what earned the trust needed to actually run them. And in every case the
result was real savings in energy, chemicals, or capital, won without giving up regulatory compliance. That
last pairing is what makes the business case in the end, and it points straight back to the cost-benefit framework
from Chapter 7.
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