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Abstract
The deployment of water reuse in a safe scenario in terms of environmental and health impacts, introduces the need for WWTPs to release effluents fulfilling quality criteria set by law, that must be timely and accurately monitored. This poses the challenge of overcoming as much as possible laboratory-based control and move to a real time monitoring approach. Indeed, while a wide variety of sensors is already available for parameters like pH, dissolved oxygen, temperature, conductivity, suspended solids, and metals, the analytical control of microbiological pollutants and of Contaminants of Emerging Concern (CECs), and related transformation products, is still mostly performed at laboratory scale and in many cases requires sophisticated and expensive instrumentation. On the other hand, the current impressive growth of advanced soft-sensing techniques and the Internet of Things (IoT), coupled with machine learning (ML) and artificial intelligence (AI), allows to foresee an upcoming possible transition from the laboratory-based approach to the real time one.  
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[bookmark: _heading=h.gjdgxs]Introduction
To face and mitigate the water scarcity problem, reuse of treated wastewater effluent (reclaimed water) for crop irrigation is one of the best alternatives to the exploitation of fresh waters. However, treated effluent of wastewater treatment plants (WWTPs) can contain water-borne pathogenic microorganisms and organic micropollutants, also classified as contaminants of emerging concerns (CECs), representing a great concern for the water reuse deployment [1,2]. To overcome these issues, urban WWTPs, might include, in addition to primary and secondary treatments, a tertiary treatment for the removal of nutrients and for disinfection, and also a quaternary treatment recently defined by the  European Commission as “additional treatment to urban wastewater in order to eliminate the broadest possible spectrum of micropollutants” [3].
Even if there is no a single regulation that establishes at a global level the quality parameters and limit values to be respected, individual states provide regulations for the quality of WWTP effluents necessary for their reuse, with particular emphasis concerning reuse in agriculture [4,5]. Recently, 70 worldwide regulations concerning water reuse in agriculture have been reviewed, evidencing large discrepancies when compared with each other and insufficiency regarding some potentially dangerous pollutants such as CECs. Moreover, some of the most important water quality parameters, i.e. the pathogens, are only included in a small group among the investigated regulations and guidelines ([6] and references therein).
In order to guarantee the fulfillment of quality parameters by WWTPs effluents, to fill legislative gaps and gain knowledge, and to ensure safe water reuse relying on high quality treated wastewater, strict control in term of performance over the entire WWTPs is of paramount relevance. 
Indeed, analytical control is a key aspect in: i) assessing effectiveness and efficiency of wastewater treatment technologies, ii) classifying different type of waters (and their possible use and reuse), iii) understanding fate of substances (transformation products, plant uptake, soil partitioning….) present in WWTPs effluents, iv) deploying a one-health approach in water management.
When considering analytical control performed in WWTPs, two relevant challenges are: 1) the development of analytical techniques able to give fast response and to provide reliable data, allowing fast intervention on the process, to guarantee continuous efficacy in spite of variability of water composition entering the treatment plant; 2) the availability of instrumentation cheap and easy to be managed and maintained.
The state-of-the-art wastewater quality characterization and measurement technologies have been recently reviewed in the light of a comparison between traditional laboratory based technique and innovative real-time (RT) solutions, operated by means of sensors and coupled with advanced chemometric models, machine learning (ML) and artificial intelligence (AI) [7,8].  Moreover, considering that more than 80,000 individual chemicals are estimated to be present in municipal wastewater effluents [9], monitoring approaches suitable to assess the capability of conventional and advanced treatment systems to remove different contaminants are urgently needed. The solution represented by the identification and continuous monitoring of all the substances present in wastewater effluents cannot be considered sustainable, also taking into account that high number of compounds are present at very low concentration levels (Trace Organic Chemicals, TOrCs) and many substances undergo transformation products (TPs) with potentially unknown structure. The need of identify analytical parameters, easy to be monitored and directly related with the process efficacy and efficiency has been reviewed and the approach adopting surrogate methods and indicators has been discussed [10]. At the same time, the development of sensors and easy to use devices allowing timing control of process parameters, further boosts the transition from costly and time-consuming laboratory analyses to in situ data acquisition [11–13].
The present Chapter mainly deals with a detailed exams of the analytical approaches for the microbiological quality assessment of treated wastewater and for the determination of CECs, being the key analytical issues to be faced to guarantee in a WWTP the proper functioning of tertiary and quaternary treatment, respectively. The topic will be afforded considering traditional laboratory based as well as real-time solutions. 


[bookmark: _heading=h.l6l5y2wvfcx9]Microbiological parameters 
[bookmark: _heading=h.qhq8fwh42jd8]Microbiological requirements to be achieved by WWTPs are dictated by the destination of treated water.  The most commonly adopted reuse practice for treated wastewater is for crop irrigation, and the parameters required for wastewater reuse in agriculture depend on the current legislation of each country [14].
The adequacy of disinfection treatment performed in a WWTP has to be carefully checked, since insufficient treatment can represent a significant source of microbiological risk to human health and aquatic ecosystems [15,16].
Many pathogens are commonly detected in the most WWTPs effluents, including bacteria, Helminth eggs, and protozoa. For these reasons, specific and reliable tools for monitoring microbiological parameters in WWTPs are required [17]. Various techniques are used to determine the presence of pathogenic microorganisms in both influent and effluent wastewater, as they can cause severe illnesses for humans and even death [18].
The parameters commonly monitored in treated wastewater include [16]:
· Total fecal coliforms are especially indicative of water quality, among the bacteria that can be found are E. coli and Enterococci, whose bacterial size ranges between 0.7-1.5 μm and are one of the main causative factors of waterborne diseases such as gastroenteritis, dysentery, diarrhea and viral hepatitis [19–21].
· Five days Biological Oxygen Demand (BOD5) is the amount of oxygen required to oxidize organic materials which can be biologically degraded, usually expressed in milligrams of O2 per litre [22]. High BOD5 values can cause eutrophication as a consequence of the excessive presence of biodegradable compounds that lead to the depletion of available oxygen, affecting aquatic ecosystems causing mass mortality and aggravating water pollution by increasing the generation of microorganisms [23].
· Helminths are large macro-parasites or parasitic worms ranging from 20 to 80 μm in size, mainly found in sewage, sludge, manure, and soil. Helminth eggs are considered one of the most common infection risks caused by sewage due to their persistence in the environment. They can cause significant health problems such as helminthiasis, which is difficult to detect in infected patients [24].
·  Protozoa are unicellular eukaryotic organisms present in activated sludge in quantities on the order of 3-20×106 cells/L that can interact directly or indirectly with bacterial populations. These parasites can cause infections such as diarrhea as well as asymptomatic infections in humans [25]. Their transmissible stages of these parasites are in the form of cysts and eggs, which are very resistant to environmental changes and disinfectants, making them difficult to eliminate. They can easily spread in the environment, where they can remain viable for long periods, posing a potential health risk [26].

2.1 Detection of microbiological contaminants in WWTPs
Microbial indicators are commonly used in WWTPs to assess water quality by identifying the presence and level of microbiological contamination. Total coliforms (Figure 1) are widely measured using culture methods, including counting colonies forming units (CFU) and multiple-tube fermentation (MTF) methods [27].
[image: ]
Figure 1. Diagrams showing different groups of Coliform bacteria in water. Adapted from [28].
 
For determining total fecal coliforms with CFU methods, membrane filtration (generally 0.45 microns) is commonly used for bacterial sampling over 100 mL of water sample; membranes are then incubated in plates at 44.5 °C for 24 h using selective culture media to grow fecal coliforms. The number of CFU is obtained by plate counting and the results of the analysis are expressed in colony-forming units per mL [27,29].
The multiple-tube fermentation (MTF) method estimates the most probable number (MPN) of coliforms present in a water sample by performing serial dilutions of the original sample in a series of tubes containing a selective culture medium for fecal bacteria and incubating them for 24 to 48 h at 37 °C. This determination consists of two phases, the presumptive phase, and the confirmatory phase. In the presumptive phase, the tubes are incubated with sodium lauryl sulphate broth culture medium. After incubation, tubes where gas development can be observed are considered positive. Subsequently, for positive tubes, confirmatory tests for the presence of total fecal coliforms are usually performed by inoculating an aliquot in a selective medium broth with bile bright green lactose and incubating again for 24 to 48 h at 37 °C, determining from the positive tubes the number of total fecal coliform MPN/100 ml of sample reporting the minimum value expressed in tables corresponding to the number of tubes used. At the same time, for the detection of coliform bacteria and E. coli, the presumptive test positive tubes are used and cultured in EC broth culture medium for 24 to 48 h at 44.5 °C, determining from the positive tubes the number of fecal coliform MPN/100 ml of sample reporting the minimum value expressed in tables corresponding to the number of tubes used; from positive tubes, the presence of E. coli can be determined by culture on agar plates is performed to express the number of microorganisms subsequently present per 100 ml of water sample [30].
The difference between these two methods is that the bacterial estimated by CFU method allow direct colony counting on the surface of a plate, while in the MTF-derived MPN estimates statistical probability of a number of microorganisms in the sample [31,32].
Helminth eggs are one of the microorganisms that must be removed from water to ensure its safe reuse and discharge to the environment. There are diverse methods for their identification; one of them is the agar plate culture technique according to which, water samples are incubated in agar plates and the growth and movement of helminth larvae around the plate (that leaves characteristic traces on the surface of the agar) are identified by optical microscopy every 24 h for up to 72 h. Another method is by flotation with zinc sulphate, which involves precipitation of the water sample followed by centrifugation and recovery of the supernatant to separate and concentrate the eggs from the residues. Identification and quantification of helminth eggs is again performed by optical microscopy and the number of eggs per liter of sample is reported [33,34].
Protozoa are also one of the most prevalent microorganisms in wastewater; they are eliminated through the faces of infected humans and animals in environmentally resistant forms, thus reaching wastewater systems. Among the most common are Cryptosporidium spp. and Giardia intestinalis [35]. Traditional detection and quantification methods, such as microscopy and staining techniques are commonly used for their detection in contaminated water samples [36].
BOD5 is the measurement of the biological oxygen demand over five days, it is used to estimate the biodegradable fraction of organic matter in water and measures the organic contamination of water expressed as mg O2/L [37]. The test only measures the approximate amount of oxygen needed (absorbed or consumed) by the wastewater when exposed to air or oxygen over five days [23].
This is done by preparing various dilutions of the water sample to be analyzed, then using bottles for incubation with a capacity of 250 to 300 mL; the incubation of the bottles with the water samples is done in darkness at 20 °C, adding a nutrient solution for microorganisms (microorganisms either found in the water sample or inoculated), containing ammonium chloride and sodium and potassium phosphates, at pH 7. Subsequently, every 24 h for five days, samples are read together with the control by respirometric methods (Figure 2) that automatically follow the evolution of the BOD by means of pressure changes, the sensor measures the difference between the initial and final pressure to determine the dissolved oxygen in mg/L. The microorganisms act by inhaling oxygen and in turn emit CO2, initially there is no change in pressure inside the bottle, because this change is mole to mole (1 mole of oxygen occupies a volume of  22.4 L as does 1 mole of CO2 under normal conditions), the NaOH tablets used in the neck of the bottle used for the determination of BOD (Figure 2), capture the CO2 transforming it into sodium carbonate and water, when CO2 is lost automatically there is a decrease in pressure, which is directly proportional to the consumption of oxygen [38]. The BOD test is considered an ineffective and inefficient control method for the monitoring of the wastewater treatment process due to the long response time and the difficulty of consistently obtaining accurate measurements [23].
[image: ]
Figure 2. Schematic representation of BOD measurement by the manometric method taken from [23].
Currently, many culture-dependent methods are used to identify microorganisms. Still, they are often insufficient for the visible growth of all bacteria present, so detection methods with minimal infrastructure, cost-effectiveness, and high sensitivity are required [39].
Culture-independent methods for analyzing microorganisms can also be mentioned: flow cytometry (FCM) is a powerful technique for enumerating bacteria in water samples that allows differentiation by the physiological state of microorganisms through activity measurements [39].
Presently, more efficient methods are being developed for example for BOD measurement, such as biosensors and oxygen optode (optical probe) based on a chemical indicator that interacts with oxygen and causes a decrease in the fluorescence emission of a fluorophore that is proportional to the dissolved oxygen in the sample [23].
There are also molecular methods for detecting microorganisms in wastewater, which allow a more preventive estimation of the risks associated with reuse based on the expression and function of genes specific to each species by Polymerase Chain Reaction (PCR) or Loop-Mediated isothermal Amplification (LAMP); however, the cost generated is high due to the use of reagents and equipment, so currently low-cost portable devices are being developed to facilitate the method and reduce the time to obtain results for the detection of fecal and E. coli indicator bacteria in water, these methods are based mainly on the color change at first sight of the sample that are produced by an isothermal amplification reaction mediated by PCR loop obtaining results in 30 min which allows a rapid and in situ monitoring of microorganisms in water [40,41].
A critical review of the literature regarding the latest analytical methods to analyze pathogen contamination of water resources was performed by Canciu et al [42], focusing on two bacteria strictly related to the health of the population, that are Pseudomonas aeruginosa and E. coli. A summary of the main advantages and disadvantages of different methods that have been applied to the analysis of these bacteria is presented in Table 1.
Table 1. Comparative table presenting advantages, disadvantages, and other characteristics of methods for P. aeruginosa and E. coli determination. Adapted from [42].
	Detection Method
	Type of Method
	Advantages
	Disadvantages
	Analysis Duration
	Estimated Cost *
	On-Site Testing

	Microbiological culturing
	Conventional
	High sensitivity, accuracy, can provide diagnosis of acute infections
	Intensive labor, lengthy analysis, requires sterile laboratory conditions
	Several days (48–72 h)
	Low
	No

	ELISA
	Conventional
	High specificity and sensitivity
	Requires enrichment for quantification, expensive plate reader
	>8 h
	High
	No

	
	Paper-based
	Lightweight, disposable, biodegradable, chemically compatible, low LOD
	
	175 min/sample
	Low
	Yes

	PCR
	Conventional
	High specificity and sensitivity
	Requires sterile laboratory conditions, costly reagents, and highly trained personnel; false negatives due to sample cross-contamination; inhibition of amplification reaction by matrix sample compounds; challenges in differentiating viable from nonviable cells
	1–4 h
	High
	No

	MS
	MALDI-TOF
	High sensitivity, rapid, robust, high throughput
	Lower resolution spectrometer, incompatibility with tandem analysis, lack of sufficient reference spectra
	Several hours
	High
	No

	
	SPR sensors
	High-sensitivity, rapid, label-free, real-time analysis with reproducible results
	Chance of false results due to fluctuations in refractive index with the temperature or composition of the sample, Nonspecific interactions from nontarget or structurally similar molecules to the sensor surface
	<30 min
	High
	No

	Optical
	SERS sensors
	High sensitivity and high spectra resolution, the possibility of multiplexed detection, Label-free SERS also helps in the differentiation of viable and nonviable bacterial cells
	Limited usage of label-based SERS for in situ and high-throughput recognition of pathogens because of increased requirements of reactant volumes, preparation steps, and analytical time
	10 min–2 h
	High
	No

	
	CL sensors
	Easy device handling, flexibility, specificity, sensitivity, rapidity, wide dynamic range, relatively simple equipment (no sophisticated optics with excitation source required), low instrumentation costs
	Requirement of chemiluminescent labels
	A few minutes to a few hours
	Low
	Yes

	Electrochemistry
	
	Simplicity, specificity, low detection limit, ease of use, real-time measurement, multitarget testing and automation, portability, miniaturization, rapid detection
	
	A few minutes to a few hours
	Low
	Yes

	
	Paper-based sensors
	Low cost, single-use, portable, environmentally friendly
	
	
	Low
	Yes


Note: * The cost was estimated based on required equipment and reagents.
Very recently, thanks to the development of machine learning algorithms, also peculiar cases of water treatment were considered, where high sampling and analysis is not achievable with traditional analytical approach, to perform microbial water quality assessment.  For instance, Membrane Bio- Reactor (MBR) including chlorine disinfection (MBR+Cl2) is an already well tested and robust train of technologies for wastewater treatment, in theory not easily subject to treatment disruptions. However, even in case of a single day of bad functioning a risk to human health can occur. Quantitative microbial risk assessment can be used to calculate treatment log removal targets (LRTs) for pathogens for reuse applications. The monitoring frequencies required to prevent a significant increase in risk as a function of the LRT, determined by means of a stochastic models, resulted in values as low as 1 s, not affordable with manual sampling and laboratory-based analytical methods, making therefore indispensable the online monitoring of the microbial water quality [43]. Soft sensors (software-based models) have been developed and tested to generate an alert if microbial water quality targets for maximum bacterial regrowth and minimum virus removal are not met; to build such models the signals coming from an array of non expensive sensors, including free chlorine, oxidation–reduction potential, pH, turbidity, conductivity and T have been used in combination with machine learning algorithms. Table 2 summarizes the links between the properties measured by the sensors installed and the microbial water quality.
 Table 2. Specifications and expected links to microbial water quality of the sensors installed. Adapted from [43].
	Measurement
	Sensor specification
	Measurement principle
	Mechanistic relationship with the microbial water quality

	Conductivity
	Condumax CLS21D
	Electric current carried by charged ions
	Information on changes in the water composition

	Free chlorine (FC)
	Digital free chlorine sensor Memosens CCS51D
	Closed, membrane-covered measuring cell; reduction of free chlorine at the cathode
	Direct measurement of free chlorine concentration

	Oxidation-reduction potential (ORP)
	Ceragel CPS72D
	Ceramic diaphragm double chamber and double gel reference- platinum ring
	Measurement of the oxidative capacity of all chlorine species

	pH
	Orbisint CPS11D
	Gel compact electrode with PTFE ring diaphragm
	Information on speciation and thus disinfection potential of free chlorine

	Temperature
	Orbisint CPS11D
	Change in electrical resistance
	Information on speciation and efficacy of chlorine; influence on regrowth of bacteria

	Turbidity
	Turbimax CUS52D
	Nephelometric turbidity sensor (90° scattering) according to ISO7027
	Turbidity can be linked to bacteria concentrations



Microbial water quality was evaluated upon spiking the water with the bacteriophage MS2, used as an indicator of the removal of enteric viruses in the treated water. 
The obtained results showed that the monitoring models are well-suited for early warning systems, but need to be trained for each specific application, being highly dependent from the type of water analysed.

3.	CECs monitoring
Undertake a CECs analysis means to dealing with a huge number of compounds belonging to many categories: pharmaceuticals, artificial sweeteners, perfluorinated compounds, UN filters of sunscreens, brominated flame retardants, benzotriazoles, hormones, disinfection by-products, musk fragrances, etc., together with their transformation products (TPs) generated by natural processes or during water treatment, since it has been recognized that, where sewage collects the wastewater, the main source of CECs is represented by the effluent of WWTPs. 
In the last decade great advances took place in the determination of CECs at laboratory level in ultrapure water as well as in the effluents of WWTPs, solving the issues due to the features of many CECs (high polarity, low stability) and to the matrix effects. These successful results have been possible thanks to the impressive improvement of available analytical tools, both in term of devices for sample pre-treatments and in terms of powerful instrumentations, above all High-Resolution Mass Spectrometry.
3.1 Sample treatment
Agüera and Lambropoulou extensively reviewed the main analytical methodologies applied to identify and quantify CECs and their TPs in wastewater, presenting new developments in sample preparation and determination [44]. First of all, they made an excursus over sample preparation approaches, starting from liquid-liquid extraction, suitable for non-polar compounds and moving to the presently mostly applied solid phase extraction (SPE) that can be applied in a wider compound polarity range, thanks to the progress made in the development of stationary phase able to retain polar and ionic compounds. Due to the very low concentration of CECs in wastewater, their enrichment is indeed a critical step. A further progress compared to classical SPE is its online automation yielding smaller sample and organic solvents volumes consumption [45]; furthermore, robotic systems working in parallel mode have been developed [46].
[bookmark: _GoBack]Other sorptive methods make use of solid phase micro-extraction (SPME) or stir-bar sorptive extraction (SBSE), both solvent-free and easy to perform and being fully automated. As an alternative to extraction procedure, is gaining attention the direct injection technique, based on the injection of filtrated, diluted or centrifuged samples directly into the analytical instrumentation [47,48].
3.2 CECs determination  
Both liquid and gas chromatography coupled with mass spectrometry analyzers have been demonstrated as powerful complementary analytical techniques for CECs determination, being GC the elective approach for volatile or semi volatile compound and LC more suitable for polar, low volatile substances. 
The choice of a specific technique is determined by the nature of the analytes (from low polar up to ionic ones) and by the aim of the analysis. Three main objectives can be envisaged: 1) analysis of target compounds, 2) screening methods for the analysis of target and non-target compounds, 3) identification of unknown TPs.
Mass analyzers progressive improvement and widespread use represents a crucial turning point in term of analytical specificity and selectivity. In particular, the tandem mass spectrometry with Triple Quadrupole (QqQ) or Hybrid Triple Quadrupole-Linear Ion Trap mass spectrometer (QqLIT) have shown the capability to provide accurate quantification of target pollutants with excellent sensitivity, selectively and efficiency [49,50]. The performances of tandem mass spectrometry can be further enhanced when high resolution MS (HRMS) able to perform accurate-mass measurements, i.e. time-of-flight (TOF), Orbitrap or Fourier-transform ion-cyclotron resonance (FT-ICR), are employed [51]. Actually, a successful approach for the identification of suspected and non-target screening is represented by the coupling of full-scan HRMS with MS/MS [52]. Employing HRMS instruments has also been demonstrated to be a suitable approach to elucidate the structure of unknown transformation products [53,54].
Recently a broad and comprehensive overview of the potential of different types of mass analyzers has been proposed, with particular focus on the analysis of pharmaceutical compounds and their TPs formed during degradation treatments aimed to their elimination from different matrices including surface waters ([55] and references therein).
At the present time GC/LC-HRMS can be considered the gold standard for CECs determination.
Nonetheless, the above-mentioned analytical techniques suffer relative high costs, are time demanding and require highly skilled operators, while the control of proper functioning of quaternary treatment implemented in a WWTP for CECs abatement need fast and reliable response. 
At this purpose sophisticated approaches like the one above presented can be reserved to a limited number of selected samples. On the contrary, for the continuous control of the wastewater treatment functioning the use of indicator compounds together with the deployment of surrogate methods has been explored and proposed as a possible alternative [8,10,56–59].
An indicator compound can be defined as an individual chemical that can be taken as representative of a larger class of compounds and used to measure the effectiveness of a wastewater treatment process. A good indicator must feature frequent detection before treatment and a not-negligible concentration after treatment in order to guarantee the possibility to calculate the degree of attenuation. Park et al. [58] studied the removal of Trace Organic Compounds (TrOCs) during the ozonation of water exiting a secondary treatment in a WWTP. They used second-order kinetic equations to calculate comparative kinetics of the attenuation of 20 TrOCs based on the reduction of meprobamate as an indicator that resulted suitable to predict the TrOCs removal structural similarities among them. The analyses to obtain the data necessary for validating the model were obtained by means of HPLC-MS-MS. 
Merel et al. [56] characterized the efficacy of UV and UV/H2O2 processes to remove TrOCs from the effluent of a secondary wastewater in a WWTP. A comprehensive screening of unknown organic contaminants was performed by means of an offline solid-phase extraction followed by HPLC-TOF. The interpretation of total ion chromatograms (TIC) required the use of a deconvolution algorithm that allowed the isolation of 16,778 potential compounds from 18 chromatograms. A further statistical “cleaning” reduced the data-set to 11,804 compounds; the samples were successively compared with a heatmap, where the shift in color helps to asses the fate of each contaminant upon the treatment. Based on the similar color shift, the compounds revealed the presence of different compounds that are attenuated, resilient, or formed (including intermediates) by the treatment. In each cluster suitable indicator compounds could represent the larger amount of chemical possible (e.g. lamotrigine was revealed as a suitable indicator for 1644 other chemicals).
A surrogate method instead is a quantifiable parameter which can serve as a performance measure of treatment processes that relates to the removal of specific contaminants. Among surrogate parameters are gaining momentum fluorescence excitation emission matrices (EEMs) coupled to PARAFAC data decomposition [60–62].


4.        Parallel factor analysis (PARAFAC)
[bookmark: _heading=h.m7fjf485in2z]4.1      Introduction
The presence of dissolved organic matter (DOM) in water is a key parameter to be considered when evaluating treatment technologies efficiency. DOM is defined as the mixture of complex macromolecules coming from the decomposition and excretion from algae, plants and animals. Regarding drinking- or waste-water treatment plants (DWTP and WWTP, respectively), the presence of DOM affects the current discharge standards as well as it also presents significant challenges, such as microorganism proliferation, membrane fouling and hazardous disinfection byproducts (DBPs) formation upon chlorination are strictly related to the presence of DOM. Therefore, these facilities must know very well the types and amounts of DOM within their treatment lines [63,64].
The composition of DOM depends on countless factors, resulting in a wide range of sizes, charge and hydrophobicity. There is a consensus, however, on common fractions normally constituting DOM in natural water, being humic and fulvic acids, proteins, carbohydrates, and other aromatic or aliphatic organic compounds the most representative families of compounds forming the DOM [65].
It is mostly due to the complexity of DOM as a whole that, up to date, its characterization is still challenging. Most useful techniques including size-exclusion chromatography to isolate the different types of DOM, and FTIR, NMR and/or mass spectrometry for its molecular characterization [66]. Though, none of the mentioned techniques could be useful in terms of the frequent (or even continuous) DOM monitoring that a WWTP require. For this reason, mostly employed methods for water quality analysis are spectroscopic measurements (e.g., measurement of the absorbance at 254 nm), total organic carbon, and fluorescence spectroscopy, which are complementary between them, economic and easy to use [67].
Fluorescence spectroscopy, due to its high sensitivity, good selectivity, and non-destructive nature, is frequently employed for DOM characterization in water and wastewater treatment systems [68]. Three dimensional plots, known as excitation-emission-matrix (EEM), can offer outstanding information about the fluorescent organic matter present in a water sample. Basically, to obtain an EEM, the sample is excited with multiple excitation wavelengths, measuring the corresponding emission spectra at each excitation wavelength. Therefore, the analysis of an EEM allows the visualization of fluorophores within a mixture. Noteworthy, the interpretation of an EEM can be challenging. Up to date, several multivariate analysis methods, such as principal component analysis, artificial neural networks or parallel factor analysis (PARAFAC) have been developed to decipher the complex information in EEM, being the latter the most applied one [69].
PARAFAC mathematically decomposes complex fluorescence spectra into individual fluorescent components (this is, identifying the individual fingerprint of a fluorophore that is overlapped with the analogous of another compound), allowing their quantitative and qualitative analysis [70,71]. A set of EEM can be analysed with PARAFAC employing several toolboxes, although the “drEEM toolbox”, developed by the group Kathleen Murphy and co-workers [72], is one of the most used ones. 
Determining the right number of components is not trivial: the user is the one giving the tentative number of components that might be in a dataset, the latter plausibly being better explained by a lower or higher number of factors than the chosen one. Therefore, one of the weakest points of PARAFAC is currently selecting the proper number of components, as it is frequently more challenging and subjective rather than precise and unequivocal. To help solving this issue, some strategies were developed, as the core consistency diagnostic (CORCONDIA) or split half analysis  [73].
In Figure 3, a schematic example demonstrating how PARAFAC is applied to deconvolute the corresponding fluorescence fingerprint of the different analytes present in a dataset is shown. The example is based on the degradation of 5 fluoroquinolones (antibiotics considered emerging contaminants) by an advanced oxidation process. In the example, the chosen model consists of seven components, where only 4 components fitted the fingerprint of the original pollutants (named FQ1+FQ2, FQ3, FQ4 and FQ5). As a conclusion, one fluoroquinolone has an identical fingerprint to another one (explaining 4 components devoted to the original pollutants instead of 5) and the other three must fit the fingerprints of interferences, as it is the case of humic acid substances (named as HA-L in the Figure) or other pollutants (named as POL), and the third one fitting the fingerprint of generated by-products (named as BP) emitting in that region. HA-L and POL were therefore originally present in the wastewater, but their standards are not available. Noteworthy, due to the second order advantage, PARAFAC is able of identifying them, allowing the user to measure their fluorescence changes.
Each of the aforementioned 7 components has a score value in the respective EEM, this one being proportional to the fluorescence intensity of the fluorophore. Therefore, the concentration of each analyte (the 5 fluoroquinolones in our example) can be calibrated in an EEM-PARAFAC model by confronting it against the respective score values. Noteworthy, the formed by-products might have an identical fingerprint to that of the original compound or other analyte, increasing the scores on time instead of the expected decrease of fluorescence signal [74]. Finally, since fluorescence intensity is dependent on its quantum yield, when comparing the scores from different compounds, if one has higher score values than the other component, it does not necessarily mean that it is present in a higher concentration. Furthermore, buffer use is always suggested in order to standardize the working pH conditions, which can strongly affect the fluorescence of compounds with acid-base equilibria.
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Figure 3. PARAFAC used for fluorescent signal deconvolution for an EEM dataset. A model of 7 components and their scores from each of the dataset’s samples (time intervals) is the final result. Adapted from [74].
[bookmark: _heading=h.w1x18qkhdc4n]4.2      PARAFAC model generation
Before running PARAFAC modelling the user must detect all the weaknesses that shall not be considered or corrected. A summary of the steps required to perform a PARAFAC model is shown in Figure 4. 
As part of the data preparation, the issues to take into account are:
a)      Correct systematic biases. This considers the errors associated with the imperfections in the equipment, lamp’s wear, and inner filter effect. The first one (e.g. issues such as those related to light efficiency transmission changes through the monochromators) are corrected by multiplying the EEM by a correction matrix, something that most commercial fluorescence spectrometers do automatically. Secondly, the lamp’s power reduction is easily solved standardizing each EEM with quinine emission signal or water Raman scatter peak at 350 nm [75]. Finally, to correct the inner filter effect, absorbance spectra from each sample must be measured and introduced into the dataset. The absorbance spectra must be measured considering the excitation and emission respective ranges. For example, if the EEM were measured in the range 250 ‒ 400 nm excitation axis and 300 ‒ 600 nm emission axis, then the absorbance from each sample must be taken from 250 to 600 nm.
b)      Correct light scattering. Interferences due to the light scattering (Raman and Rayleigh). Since primary Rayleigh usually not overlaps with the regions where there are fluorescence signals, is eliminated with missing values. The secondary Rayleigh as well as both Raman bands, on the contrary, often overlap with fluorescence signals, therefore data interpolation is usually employed. Noteworthy, when correcting by data interpolation, fluorescence signals from the analyte could suffer from broadening or even eliminated, causing mistakes by the time of modelling. A balance between using interpolation wavelength ranges and excision must always be considered for the last ones [76].
c)      EEM normalization. EEM are normalized by their total signal to give the same leverage to every analyte (or interference) present in the dataset, allowing the PARAFAC algorithm to focus on the fingerprint of each fluorophore, avoiding modelling mistakes due to low fluorescence signal intensity.
Once the aforementioned steps are finished, a first exploratory model can be carried out. For this, the user must select the numbers of plausible components the dataset is suspected to contain (e.g., 3, 4 or 5). Within this preliminary modelling, outliers can appear as well as pre-processing lacks become evident. If detected, one must go back to the pre-processing state, therefore, reverse the normalization, and afterwards correct the possible model weaknesses (e.g., eliminate outliers from the dataset as they might have noise/signal ratio). Once the dataset and EEM were improved, one can perform again the exploration modelling. This loop will be repeated until obtaining a convincing model that accomplish: i) the components fits with the fingerprints of the analytes and/or interferences, ii) the residual error between the modelled EEM and the measured ones is low and randomly distributed, and iii) there are no PARAFAC components with more than one emission maximum or any other chemical inconsistency. Once we have obtained the exploratory model, this one can be refined by performing a more restrictive PARAFAC run.
As previously mentioned, selecting the right PARAFAC model is not trivial; there are two main criteria that might help: CORCONDIA and the split-half analysis. The former is based on the idea that a model is only appropriate if, when adding additional components, they do not considerably improve the fit. The second, as the name indicates, tests the fitting of the chosen PARAFAC model with a new dataset formed by the split of the original one. 
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Figure 4. EEM-PARAFAC modelling steps diagram. Based on [76].
4.3      EEM-PARAFAC applications
EEM-PARAFAC has been applied for DOM characterization and monitoring in natural and engineered water systems for almost 20 years due to its intrinsic second order advantage, giving the possibility of making analytical determinations in the presence of non-modelled interferents and to identify the analyte of interest [77,78]. Researchers have reported its usefulness in several types of water matrices, allowing to compare different water treatments efficiencies, such as reverse osmosis, ozonation or chlorination [79–81].
Nevertheless, the use of EEM-PARAFAC for DOM monitoring on DWTP and WWTP is still infrequent. Instead, the DOM control by fluorescence is performed by exciting at a single wavelength (typically 254 nm) and analyzing the resulting fluorescence at a specific range of emission wavelengths, normally presenting results as fluorescence indexes [80]. Although useful, evidently, a single excitation spectrum cannot provide the same amount of information than a three-dimensional one as an EEM. Fortunately, due to the constant advancements on fluorescence spectrometers (as the incorporation of multiple single wavelength LED as excitation source instead of typical Xe lamp and monochromator [82]) will allow the development of economic equipment for instantaneous acquisition of EEM, allowing a true on-line monitoring instead of sampling and measuring on conventional fluorescence spectrometers, where the complete acquisition of an EEM might take between 10 or 40 min depending on the instrument.
Figure 5 shows the emission regions of the different classes of DOM most frequently found: tyrosine-like, tryptophan-like, and humic/fulvic acid-like. The latter, being the one with the highest molecular size and greater content on conjugated double bonds, when oxidized, typically exhibits blue-shifts (change of fluorescence fingerprint to shorter excitation and emission wavelengths) of its emission maximum, indicating an increase of the HOMO – LUMO difference. This explains the increase of tryptophane-like scores (λexc < 250 nm; λem ≈ 350 nm) while observing a decay for humic acid-like ones (λexc ≈ 250 nm; λem ≈ 450 nm) [83,84].
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Figure 5. (a) The EEM maxima of PARAFAC components identified from DWTP and WWTP: tyrosine-like (Ty), tryptophan-like (Try), protein/amino acid-like (Pro), microbial humic/fulvic acid-like (MH/FA), terrestrial humic/humic acid-like (TH/HA), humic-like (H); others: undefined/special components. (b–e) Typical fluorescence fingerprints of tyrosine-like, tryptophan-like, microbial humic-like, and terrestrial humic-like components, respectively. Figure reprinted with permission of Springer Nature, reference [85]. 
Several authors reported that some PARAFAC components scores were correlated with biological oxygen demand (BOD), chemical oxygen demand (COD) [86], chlorinated DBP [87], or even concentration of emerging contaminants (e.g. pharmaceuticals, hormones, pesticides) [88,89]. From these findings, the latter is truly useful, as predictions can be made just from fluorescence spectroscopy measurements on the degradation of emerging contaminants, thus avoiding expensive and time-consuming LC/MS-MS analysis. For the same reasons, screening methods as EEM-PARAFAC are becoming useful to study, at laboratory scale, chemical reactions between fluorescent compounds, allowing the extraction of high amount of information about their reaction mechanism (e.g. formation of by-products and plausible molecular structure) by employing an equipment that is present in almost every water quality laboratory around the world [74,90].
Regarding these less explored situations where to apply EEM-PARAFAC (reviewed on a recent work [73]) the measurement/monitoring of fluorescent emerging contaminants in real scenarios (e.g., secondary effluent of a WWTP) is still very limited. One must bear in mind that only some emerging contaminants decay by fluorescence with a considerable quantum yield and exhibiting maximum excitation wavelengths >250 nm (Xe lamps, the most employed ones in conventional fluorescence spectrometers, have negligible emission below 250 nm). Furthermore, due to the low concentrations of these pollutants (typically 10 – 100 ng L-1 range) and the significative presence of DOM (whose intense fluorescence signal obscure the negligible one coming from the contaminants), the idea of tracking the concentration of emerging contaminants by fluorescence spectroscopy without a preconcentration method is practically impossible.
In spite of the above mentioned difficulties, recently, the group of Murphy and co-workers employed a prior PARAFAC model to eliminate background signals of DOM and measure the concentration of some emerging contaminants (ciprofloxacin, naproxen, and zolpidem) within a WWTP [91]. Therefore, instead of employing the algorithm to deconvolute the signals coming from interferences (as mentioned in the previous sections), here, the approach was using the wide known information about DOM fingerprints to eliminate them previously and later deconvolute that corresponding to the three pollutants. The additional advantage from this is that large datasets are not required, being even possible to measure the emerging contaminants in dataset containing even one EEM. The authors stated that, with this method, the three pollutants were easily measured by EEM-PARAFAC with detection limits of few μg L-1. Emphasizing the significance of a cost-effective "screening" methodology for the semi-quantitative analysis of certain fluorescent emerging contaminants in real wastewater is an important development, as it can offer an economical alternative for understanding the behavior of other pollutants (not necessarily fluorescent) possessing comparable molecular structures and/or similar ecotoxicity.
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5. Transitioning from laboratory-based to real time measurements

Most of the present chapter is devoted to the discussion of the analytical approaches that can be adopted for the monitoring of i) microbiological quality of a reclaimed water and ii) CECs and related transformation products. 
These are indeed relevant aspects to be considered in the water reuse scenario that implies, as stated before, the presence in the WWTP of tertiary and quaternary treatment stages. 
From the WWTPs manager perspective, being capable to guarantee a thorough control of the processes is highly demanding in terms of parameters to be monitored, number of samples to be taken, availability of sophisticated instrumentation, time, cost, skilled operators.
The possibility of moving from a laboratory-based to a real time measurement is already available for many parameters that are included in regulations related to the quality of effluents from WWTPs, due to the availability of several analytical devices for online and inline measurements [7]. The following step should include the real time measurements of microbiological parameters, CECs and related TPs. This in not straightforward even if the impressive growth of advanced soft-sensing techniques and the Internet of Things (IoT), coupled with machine learning (ML) and artificial intelligence (AI), allows to foresee an upcoming possible transition from the laboratory-based approach to the real time one.  
A possible approach to speed up progress in this direction is to shed light on already available tools and disseminate information on their successful applications. For instance, recent publications investigated the potential use of biosensors [92] and fluorescence spectroscopy [93] in wastewater monitoring, methods for wastewater control and use of  big data, and statistical process control to deal with peculiar characteristics in wastewater treatment [94]. For this last purpose, regression models for biological process variables prediction and development of multiple sensor-driven models have been reported in the literature [95]. Moreover, the leveraging of real-time sensing of wastewater chemistry for process monitoring and control has been recently reviewed [96]. Although extremely promising, these innovative approaches represent just a first step toward transitioning from lab-scale analyses to real-time, in situ, and cost-effective monitoring of microbiological parameters and trace elements, enabling more efficient and responsive water treatment processes.
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