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Abstract 6 

Fluorescence spectroscopy can provide high-level chemical characterization and quantification that is 7 

suitable for the use in on-line process monitoring and control. However, the high-dimensionality of 8 

excitation-emission matrices and superposition of underlying signals is a major challenge to 9 

implementation. Herein the use of Convolutional Neural Networks (CNNs) is investigated to interpret 10 

fluorescence spectra and predict the formation of disinfection by-products during drinking water 11 

treatment. Using deep CNNs, mean absolute prediction error on a test set of data for total 12 

trihalomethanes, total haloacetic acids, and the major individual species were all < 6 µg/L and represent 13 

a significant difference improved by 39% - 62% compared to dense neural networks. Heat maps that 14 

identify spectral areas of importance for prediction showed unique humic-like and protein-like regions for 15 

individual disinfection by-product species that can be used to validate models and provide insight into 16 

precursor characteristics. The use of fluorescence spectroscopy coupled with deep CNNs shows promise 17 

to be used for rapid estimation of DBP formation potentials without the need of extensive data pre-18 

processing or dimensionality reduction. Knowledge of DBP formation potentials in near real-time can 19 

enable tighter treatment controls and management efforts to minimize the exposure of the public to 20 

DBPs.   21 

Keywords: disinfection by-products; fluorescence spectroscopy; neural networks; machine learning; 22 

water quality; natural organic matter 23 

1 Introduction 24 

The use of fluorescence spectra for improved water quality monitoring1 and as a process analytical 25 

technology for bioprocesses, food, and pharmaceutical production, has become increasingly popular.2,3  26 

Fluorescence signatures are highly dependent on molecular structure, size, and environmental conditions, 27 

and therefore can be used to provide insight into chemical composition and properties.4 The sensitivity 28 

and specificity of fluorescence analysis, coupled with the potential real-time monitoring capabilities, 29 

fluorescence has applicability to a wide variety of process control applications.5 30 

One promising application is the improved prediction and control of disinfection by-product (DBP) 31 

formation from drinking water treatment with chlorine. Chlorination is the most common disinfectant 32 

used worldwide. However, when chlorine reacts with natural organic matter (NOM), present in all natural 33 

water sources, various by-products of health concern are formed.6 Although many unique DBP species 34 

can be formed with varying public health risk, only specific groupings are commonly monitored and 35 

regulated in drinking water, including trihalomethanes (THMs) and haloacetic acids (HAAs). The 36 

monitoring frequency of regulated DBPs is generally low, with sampling only required once every 3 37 

months for water systems in the United States and Canada.7  38 

Significant attention has been paid to developing models that can predict DBP formation in order to 39 

improve knowledge of expected concentrations and inform water treatment operations of potential 40 

issues on a more frequent basis.8–12 Since DBPs are formed from the reaction of chlorine and NOM, models 41 

must incorporate a measure of NOM. However, NOM is a chemically diverse grouping of organic 42 
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molecules whose characteristics are dependent on the surrounding environment. As such, the breadth of 43 

potential NOM characteristics and the spatial and temporal variability results in significant challenges in 44 

identifying an optimal measure that can capture this complexity and reactivity with chlorine.13 45 

Fluorescence spectroscopy has considerable potential for the prediction and monitoring of DBP precursor 46 

material. Many NOM compounds fluoresce and fluorescence measures can capture some chemical 47 

characteristics of NOM.14 Previously, fluorescence has been used with success to predict or identify 48 

correlations with regulated DBPs,15–17 as well as unregulated or by-products of emerging concern such as 49 

chloral hydrate18 and haloacetonitriles.19,20 50 

A common challenge to implementing fluorescence as a monitoring tool is the high-dimensionality 51 

and superposition of the resulting emissions. When utilizing fluorescence spectra collected at iterated 52 

excitation/emission wavelengths, a dimensionality reduction approach is often used to simplify excitation-53 

emission matrices (EEMs).14  By identifying a few underlying components that explain most of the variance 54 

in the data, the hypothesis is that noise is reduced, and subsequent modelling using a reduced 55 

dimensionality improves prediction. A basic simplification or dimensionality reduction approach would be 56 

to select peaks or regions in the fluorescence spectra where regional integration or peak fluorescence can 57 

be determined.  While this type of expert guided approach has been used extensively in the past, 58 

discarding the majority of collected data neglects the richness of information contained.  For complex 59 

systems such as those that include identifying natural organic matter (NOM) in water, organic 60 

fluorophores with similar chemical structures are not easily distinguished in the spectra.  The use of 61 

principal component analysis (PCA) or parallel factors analysis (PARAFAC) has revealed underlying signals 62 

resembling fluorophores, which can be tied to spectral regions from which chemical properties can be 63 

inferred.14,21,22  These analysis approaches are often limited to linear dimensionality reduction, so non-64 

linear features such as Rayleigh or Raman scattering need to be removed from the spectra.23  65 

Furthermore, potential impacts of environmental conditions such as pH or temperature,4 or possible 66 

charge-transfer interactions24 may invalidate the assumption of a linear relationship between fluorophore 67 

concentrations and fluorescence intensity. Inner filter effects are also prevalent, where incident excitation 68 

light and emitted fluorescence is quenched by other chromophores present in the sample, result in a non-69 

linear intensity response.25 Constraints imposed by the method can be helpful when derived from prior 70 

knowledge of the system, such as non-negativity of fluorescence emissions, reducing bias and possibly 71 

resulting in a more accurate depiction of underlying structures.  However, these same constraints may 72 

limit the overall accuracy of reconstruction based on  the condensed representation.26 73 

It may be advantageous to directly use all data collected in fluorescence EEMs to limit potential errors 74 

introduced from dimensionality reduction. However, for water quality analysis, there have been limited 75 

studies that explore the use of full fluorescence EEMs without dimensionality reduction. Non-linear 76 

regression using high-dimensional inputs can be accomplished using neural networks. More recent work 77 

with Convolutional Neural Networks (CNNs or ConvNets) has shown this type of network structure is well 78 

suited to interpreting images or other tasks datasets with local groups of values that are highly 79 

correlated.27 Instead of training weighted connections between every individual node, CNNs train spatial 80 

filters or kernels to identify small recurring features in the input space. The use of filters allows for 81 

parameter sharing, where trained weights are used throughout the input space and are not tied to specific 82 

input nodes, giving rise to spatial invariance of features.28 Furthermore, CNNs typically employ pooling 83 

layers where outputs in specific locations are merged with nearby outputs, creating invariance to small 84 

distortions in the input and reducing the dimensionality of the representation.27,28 CNNs have been 85 

successfully applied in chemometric applications such as interpreting Raman and mid-infrared spectra for 86 

identifying Escherichia coli and meats,29 pharmaceuticals in tablets with near infrared spectra,30 87 

categorizing wines using infrared spectra,31 and classification of manganese valence.32 However, there has 88 

been no use of CNNs for interpreting 2D fluorescence spectra, and previous implementations have 89 

focused on 1D infrared or Raman spectra. Furthermore, the use of CNNs for fluorescence analysis of water 90 
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quality has not been explored. It is hypothesized that the strengths of CNNs for processing and 91 

interpreting spatially dependent data will be well suited for 2D fluorescence spectra where local groups 92 

of values are highly correlated.  93 

This paper investigates the use of deep NNs and CNNs to interpret fluorescence spectra for the 94 

prediction of DBP formation potential. The two major groups of regulated DBPs are assessed, THMs and 95 

HAAs including the individual species that made up these groups in the samples analysed 96 

(trichloromethane, bromodichloromethane, trichloroacetic acid, and dichloroacetic acid). A method to 97 

interpret the CNN results is also used to identify fluorescence regions that are most likely associated with 98 

high DBP formation potentials.    99 

2 Results 100 

A dataset of DBP formation potentials and associated fluorescence EEM measurements were used to 101 

assess the capabilities of deep NNs and CNNs for water quality analysis. Water samples analyzed were 102 

from a pilot-scale treatment plant receiving river water. Samples were taken throughout a treatment train 103 

consisting of several unit processes including coagulation, flocculation, sedimentation, ozonation, 104 

advanced oxidation (peroxide and ozone), and filtration through anthracite or activated carbon. As such, 105 

the samples analyzed had a wide range of NOM concentrations and characteristics. Dissolved organic 106 

carbon varied from 2.6 to 6.3 mg L-1, and specific ultraviolet absorbance varied from 0.75 to 2.53 L mg-1 107 

m-1 over all samples. DBP formation potentials were determined by maintaining a free chlorine residual 108 

of 1.5 mg/L for 24 hours. Although all four chlorinated or brominated THM and nine HAA species could be 109 

detected, only trichloromethane (TCM), bromodichloromethane (BDCM), trichloroacetic acid (TCAA), and 110 

dichloroacetic acid (DCAA) were consistently identified at concentrations above detection limits.   111 

2.1 Dense Networks 112 

An iterative optimization approach was used to understand the impact of NN structure on overall 113 

performance. While many aspects of network structure can be optimized, the focus was on the number 114 

of layers (i.e. depth). A dense network was trained with an increasing number of layers to identify the 115 

degree to which network depth can improve prediction accuracy on a test set. Figure 1 shows the total 116 

THM and HAA predictions results given the number of layers in a dense NN. The error bars in Figure 1 117 

represent the standard deviation of 8 repeated random initializations of the network. A network with 0 118 

hidden layers is simply the input values (dimensions = 6,336) connected to 1 output node. When the 119 

number of layers was increased, each layer's nodes were set to half of the previous layer. For example, 120 

with two hidden layers, hidden layer 1 would have 3,168 nodes, and layer 2 would have 1,584 nodes.  121 

As observed in Figure 1, increasing the number of hidden layers beyond one in a dense NN did not 122 

improve network performance in predicting both total THMs and HAAs. Total THM mean absolute error 123 

was at a minimum with one hidden layer (MAE: 12.26 ± 0.34 µg/L) and total HAA error was also at a 124 

minimum with one hidden layer (MAE: 10.04 ± 0.33 µg/L). Similar results were observed for individual 125 

species (Table 2). While adding additional layers eventually reduced test set error, this came at the cost 126 

of increased variability between random network initializations. For example, the coefficient of variation 127 

(CV) increased from 3.3% for a one-layer dense network to predict total HAAs to 8.4% for 6 layers. 128 

Increased variability in performance could be due to the increased number of learnable parameters and 129 

the relatively small sample size used in this study. The structure chosen, where each layer contained half 130 

the nodes of the previous layer, resulted in 15,870,977 trainable parameters with one hidden layer. 131 

However, it should be noted that a dense network with one hidden layer of 10 nodes (56,361 trainable 132 

parameters) resulted in a decrease in prediction accuracy (1 layer, 10 nodes: total THM MAE 13.54 ± 0.47 133 

µg/L; total HAA MAE 12.62 ± 3.00 µg/L). The lack of improvement of dense NNs beyond one hidden layer 134 
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is expected given the small data size and demonstrates that deep dense networks are unlikely to provide 135 

advantages in modelling small water quality datasets.  136 

   137 
Figure 1 Mean absolute error (MAE) of prediction for a test set (n = 28) of a) THM concentrations and b) 138 

HAA concentrations using a dense neural network structure. Error bars represent the standard deviation 139 

of MAE over 8 random initializations of the network weights. 140 

2.2 Convolutional Networks  141 

In contrast to dense NNs, prediction accuracy was minimized with increasing CNN network depth (Figure 142 

2). Network depth was investigated by increasing the number of convolutional layers and the number of 143 

layer sets (convolution followed by max pooling). Convolutional layers provide learned filters or kernels 144 

that identify small features in the spectrum, while max pooling layers decrease dimensionality and pool 145 

redundant features.27,28 Including 5 hidden convolutional layers without pooling layers was found to 146 

optimize prediction accuracy (Figure 2a). Increasing the number of layer sets also significantly improved 147 

performance (Figure 2b). A further decrease in error of 19.3% for total THMs and 28.9% for total HAAs 148 

was observed when increasing both the number of convolutional layers between max pooling layers and 149 

increasing the number of max pooling layers (Figure 2c; Table 2). 150 

It was also of interest to investigate the role of the size of receptive fields for each filter and the 151 

number of filters included in each convolutional layer. The receptive field size identifies the number of 152 

adjacent data points to be considered by each filter. Previous work in chemometrics has shown relatively 153 

large receptive fields to work well31 and could identify features that span over large areas of the spectra, 154 

however, expanding the filter size increases the number of trainable parameters. Alternatively, by 155 

including convolutional layers in sequence, the receptive field's effective size is expanded, minimizing the 156 

number of trainable parameters and including additional layers of non-linearity.33 As such, the results 157 

suggest that larger receptive fields could improve CNN performance. However, increasing the receptive 158 

field size beyond (3, 3) for individual layers did not improve performance (Figure 2e), and expanding 159 

receptive fields may be best accomplished by stacking convolutional layers in sequence. It is also of note 160 

that increasing the number of trained filters improved performance up to 36, after which no further 161 

changes were observed (Figure 2d). 162 

An example of the learned filters are shown in Figure 3. CNNs create hierarchical representations of 163 

data showing how specific irrelevant spectral features are discarded and specific areas of the spectra 164 

needed to predict DBP concentrations are magnified.29 The initial filter layer identifies large and smooth 165 

and broad features in the spectra. After pooling, feature maps become more coarse and more distinct 166 

patterns between filters can be discerned, highlighting specific areas of the spectra. In the last layer of 167 

feature maps, many filters highlight one constant emission level over several excitation bands (left to 168 

right). 169 
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  171 

 172 
Figure 2 Impact of CNN structure and depth on MAE of test set predictions. a) varies the number of 173 

convolutional layers without any max pooling layers, b) varies the number of layer sets with 1 174 

convolutional layer followed by max pooling, c) varies the number of convolutional layers between max 175 

pooling layers (4 max pooling layers in total), d) varies the number of convolutional filters for 1 176 

convolutional layer without max pooling, e) varies the size of the receptive field for 1 convolutional layer 177 

without max pooling.  178 

 179 

4.0

5.0

6.0

7.0

8.0

9.0

10.0

11.0

12.0

13.0

14.0

0 2 4 6 8

M
e

a
n

 a
b

so
lu

te
 e

rr
o

r

Number of Conv layers (no MaxPooling)

4.0

5.0

6.0

7.0

8.0

9.0

10.0

11.0

12.0

13.0

14.0

0 1 2 3 4 5

M
e

a
n

 a
b

so
lu

te
 e

rr
o

r

Number of layer sets (Conv + MaxPooling)

3.0

4.0

5.0

6.0

7.0

8.0

0 2 4 6

M
e

a
n

 a
b

so
lu

te
 e

rr
o

r

# Conv layers between MaxPooling

3.0

5.0

7.0

9.0

11.0

13.0

15.0

17.0

19.0

0 12 24 36 48 60

M
e

a
n

 a
b

so
lu

te
 e

rr
o

r

Number of convolutional filters

4.0

5.0

6.0

7.0

8.0

9.0

10.0

11.0

12.0

13.0

14.0

0 5 10 15 20 25 30 35

M
e

a
n

 a
b

so
lu

te
 e

rr
o

r

Size of filter (x, x)

total THMs total HAAs

a) b) 

c) d) 

e) 



6 

 

              180 

            181 
Figure 3 Feature maps of convolutional filters (24) from 4 convolutional layers chosen between max 182 

pooling layers. a) first convolutional layer, b) after the first max pooling, c) after the second max pooling, 183 

d) after the third max pooling.  All max pooling was carried out over a (2,2) window.  184 

 185 

The comparison of dense and CNN structures shows a marked performance improvement using a 186 

convolutional approach (Figure 2 and Table 2). Compared to the optimized dense systems, a network with 187 

one single convolutional layer improved prediction accuracy by 54.6% for total THMs (MAE reduced by 188 

6.69 µg/L) and 55.9% for total HAAs (MAE reduced by 5.61 µg/L) (Table 2). Improvements were also 189 

significant for individual species (39.1% - 61.5% reduction in MAE). In general, the most significant 190 

decrease in error was observed using CNNs, followed by adding several pooling layers. While adding 191 

multiple convolutional layers between pooling layers did further reduce error, the gains were more minor 192 

(MAE difference 0.25 – 1.48 µg/L) but statistically significant (paired t-test p < 0.02). However, adding 193 

stacked convolutional layers resulted in a slight increase in error for total HAA prediction (-0.23 µg/L). As 194 

such, the pooling of features and reduction of dimensions is likely key to best interpreting EEMs. It is 195 

hypothesized that the success of using pooling layers is due to building in dimensionality reduction and 196 

reducing the number of nodes in the final fully-connected or dense layer.  197 

 198 

Table 1 Mean absolute error (MAE) of predictions on tests set for several model types. Range or error is 199 

the standard deviation from 8 repeated initializations of the same model (where applicable). Error (±) is 200 

calculated as the standard deviation over 8 random initialization of the network weights.   201 

Disinfection By-Product Species 

Model 

Dense  

(1 layer) 

CNN  

(1 layer) 

CNN  

(4 pooling 

layers, 1 

convolutional 

layer) 

CNN  

(4 pooling 

layers, 4-5 

convolutional 

layers) 

Total THMs 12.26 ± 0.34 6.62 ± 0.13 6.06 ± 0.22 5.57 ± 0.15 

Trichloromethane (TCM) 8.80 ± 0.32 7.00 ± 0.84 4.87 ± 0.62 3.39 ± 0.10 

Bromodichloromethane (BDCM) 6.34 ± 0.51 4.69 ± 0.33 4.11 ± 0.22 3.86 ± 0.06 

Total HAAs 10.04 ± 0.33 4.54 ± 0.24 4.20 ± 0.47 4.43 ± 0.13 

Dichloroacetic acid (DCAA) 7.82 ± 0.43 6.07 ± 1.01 4.84 ± 0.26 4.19 ± 0.08 

Trichloroacetic acid (TCAA) 8.36 ± 0.33 5.85 ± 0.90 4.58 ± 0.16 4.22 ± 0.10 

a) b) 

c) d) 
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2.3 Model explanations 202 

The objective of identifying model explanations was to confirm that that model predicts high or low 203 

concentrations of DBPs based on fluorescence features that are known or possibly associated with DBP 204 

precursors. There are scattering signals (i.e. not from organic material) or other potential artifacts from 205 

the sample analysis process that would bias the model to “know” concentrations of DBPs for incorrect 206 

reasons. The second objective was to identify fluorescence regions most highly associated with specific 207 

DBP formation potentials. This information could be used to further understanding of the characteristics 208 

of DBP precursors and potentially optimize treatment processes that preferentially remove compounds 209 

with those characteristics.  210 

An occlusion method was applied to identify spectral areas that most significantly influence prediction 211 

accuracy. The occlusion method identifies spectral regions most relevant to a prediction by randomly 212 

occluding or setting a segment of all inputs in a specified region to 0. The error incurred due to this 213 

occlusion indicates how relatively important that specific area is to accurate predictions. The error was 214 

calculated as the difference between non-occluded and occluded predictions, and the direction or sign of 215 

the error was preserved.  As such, positive values indicate that the model underestimated DBP formation 216 

with a specific patch occluded, and negative values indicate overestimated DBP formation. A total of 217 

20,000 iterations of random patches per model were chosen to build the heat maps. A random approach 218 

to selecting the patch was taken to reduce any bias from neighbouring values since the variables included 219 

in each patch would change between iterations. Figure 4 shows the average heat maps identified from 220 

training deep CNNs on total DBPs and individual species. Likewise, Figure 5 shows heat maps based on 221 

dense NNs.  222 

From occlusion heat maps of variable or spectra area importance (Figure 4), it was observed that 223 

fluorescence in the area of approximately ex: 225 – 260 nm and em: 370 – 500 nm was most impactful of 224 

prediction accuracy for all DBPs (both total and individual species). A second common area of importance 225 

at ex > 300 nm and em > 400 nm was also observed. Fluorescence in these two regions is generally 226 

considered to be humic-like and fulvic-like material.34 Several heat maps also show areas of importance 227 

in protein-like fluorescence regions (excitation: 230 – 250 nm, emission: 300 – 360 nm) associated with 228 

tryptophan-like or tyrosine-like fluorescence.34 Spectral importance in these regions conforms well to 229 

expectations of DBP precursor type material that can fluoresce, generally thought to be aromatic humic-230 

like or fulvic-like material.34 The heatmaps provide evidence that the NNs are utilizing signals from regions 231 

that are reasonable for DBP prediction. Previous DBP prediction methods based on fluorescence data have 232 

utilized the same spectral regions.15,16,35  233 

Compared to dense NNs, CNN heat maps show broader areas of importance with more gradual 234 

changes (Figure 4 and Figure 5). Gradual changes conform with the expectation of fluorescence signals 235 

from fluorophores, and sharp changes are not typically associated with fluorescence from natural organic 236 

matter.14 Furthermore, CNN heat maps emphasize higher excitation bands. Particularly for prediction of 237 

trihalomethanes, peaks at excitation > 300 nm were important for positive predictions, while dense NN 238 

heat maps placed less importance on these areas. Several CNN heat maps show signals that have several 239 

excitation peaks, with limited changes in emission. For example, the BDCM heat map shows peaks at 240 

approximately 250 nm and 330 nm, with emissions constant at 450 nm. Multiple excitation peaks at one 241 

singular emission conform well with expectations of fluorescence from individual fluorophores, where 242 

multiple wavelengths can cause excitation, however, the emission is always from the lowest singlet state 243 

and therefore only at one wavelength.36 The identification of areas of importance at several emission 244 

bands suggests several distinct fluorophores contributing to DBP formation potential rather than 245 

individual components. 246 

 247 

 248 



8 

 

 249 

 250 
Figure 4 Heat maps from random occlusion of variable importance for CNN prediction of a) total THMs, 251 

b) trichloromethane, c) bromodichloromethane, d) total HAAs, e) trichloroacetic acid, f) dichloroacetic 252 

acid. 253 

 254 

 255 

 256 

 257 
Figure 5 Heat maps from random occlusion of variable importance for dense network prediction of a) total 258 

THMs, b) trichloromethane, c) bromodichloromethane, d) total HAAs, e) trichloroacetic acid, f) 259 

dichloroacetic acid. 260 

 261 

It can also be observed that there is greater continuity of areas of importance with individual DBP 262 

species and the total levels. Since the individual species should sum to total concentrations, total THM 263 

and total HAA heat maps would be expected to show similar characteristics to the individual species. 264 

Ex/em 350 nm/380 nm is observed in CNN heat maps for total THMs (Figure 3a) and TCM (Figure 3b). The 265 

secondary peak for total THMs at approximately ex/em 325 nm/450 nm is mirrored in the BDCM heat 266 

map (Figure 3c). Similar conformance was not observed with dense NN heat maps, for example, the areas 267 

of highest importance for BDCM (Figure 4c) was not present in the total THM heat map (Figure 4a). 268 

However, while some overlap is present between CNN heat maps of species and the total DBP levels, it 269 

should be noted that not all peaks are mirrored (e.g. BDCM peak at ex/em 250 nm/450 nm not seen in 270 

total THM map).  271 

a)  b) c) 

e) f) g) 

a)  b) c) 

e) f) g) 



9 

 

Individual species of DBPs showed differences between CNN heat maps. BDCM areas of importance 272 

were shifted to higher excitation and emission areas compared to TCM. A similar pattern can be seen 273 

between DCAA and TCAA. Identified differences in spectral areas between individual species were 274 

expected since preferential yields of specific by-products from pure model compounds have pointed to 275 

certain molecular structures resulting in the preferential formation of individual DBP species.37,38 A shift 276 

to the greater importance of fluorophores at emissions > 450 nm could indicate BDCM and DCAA 277 

formation resulting from humic-like material with greater oxygen/carbon ratios and lower 278 

hydrogen/carbon ratios, implying an oxidation state ≥ 0.39  279 

A second notable difference is the increased importance of protein-like material (ex/em 230 – 250 280 

nm/300 – 350 nm) for HAA predictions. This peak location is typically associated with aromatic amino 281 

acids such as tryptophan and tyrosine.34 Previous studies show that aromatic amino acids40 and protein-282 

like fluorescence signals strongly correlate with HAA formation potentials.19,41,42 In particular, the protein-283 

like peak was observed to be most prominent for the prediction of TCAA. This observation conforms well 284 

to previous results that show higher TCAA formation than DCAA from aromatic amino acids that would 285 

contribute to the observed fluorescence signal.40 From the dense NN heat map of TCAA, regions 286 

surrounding the expected aromatic amino acid peak are positive. However, there is a strong negative 287 

relationship in the specific location of tryptophan fluorescence (ex/em 230 nm/340 nm).  288 

3 Discussion 289 

This study investigated the use of deep CNNs to interpret fluorescence spectra and predict the formation 290 

of regulated chlorination DBPs from a drinking water treatment plant. The observed results indicate that 291 

deep CNNs are well suited to the task of interpreting fluorescence excitation-emission matrices and 292 

prediction of DBPs for several reasons: 1) overall prediction accuracy for all DBP groups and species were 293 

significantly reduced compared to dense NNs and previous modelling approaches using dimensionality 294 

reduction, 2) results from random initializations were less variable using deep CNNs compared to dense 295 

and shallow CNNs, 3) deep CNN heat maps show trained networks utilize data from spectral regions that 296 

are well known to be associated with DBP formation potentials, and 4) compared to dense NNs, CNNs 297 

show heat maps with characteristics more conformant with expectations of fluorescence from organic 298 

precursor material.  299 

Compared to previous work that utilized dimensionality reduction prior to regression, the use of CNNs 300 

significantly improved the accuracy of prediction. Using the same dataset and training/test data, optimal 301 

results of total THM MAE 7.46 µg/L and total HAA MAE 10.75 µg/L were previously reported.17 Significant 302 

reduction of prediction accuracy was achieved using CNN architectures, particularly for HAA prediction 303 

(this study: total THM MAE 5.53 µg/L and total HAA MAE 4.37 µg/L). It is not straightforward to compare 304 

results to other studies given the variation in number of samples, methods for formation potential 305 

determination, range of concentrations in the training/test sets, and performance metrics. However, 306 

results found in this study also represent improvements over HAA and THM formation predictions 307 

previously reported using similar performance metrics (e.g. total THM MAE 13.5 µg/L and total HAA MAE 308 

7.7 µg/L).15 Furthermore, previous approaches to utilize fluorescence data for DBP predictions have relied 309 

heavily on dimensionality reduction to identify relevant fluorescence features, which adds complexity and 310 

may neglect to capture features of importance. In contrast, deep CNNs present an opportunity to utilize 311 

full fluorescence spectra without the need for manual or highly supervised feature selection through peak-312 

picking, regional integrations, or PARAFAC analysis. It is thought that deep CNNs provide an opportunity 313 

for complex behaviours to be represented by several simpler representations. Observation of feature 314 

maps produced by convolutional layers show a hierarchy of feature representations, with general and 315 

smooth representations in high layers and progressively coarser and more specific highlighted spectral 316 

areas as increasing numbers of convolution and pooling layers are applied.  317 
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Neural networks are often discussed as black-box type algorithms, where the internal reasoning is 318 

unknown or difficult to illustrate. However, it is imperative that the logic of prediction algorithms used in 319 

applied tasks, such as prediction of potentially toxic disinfection by-products, is discernible. There is also 320 

an opportunity to use these powerful data-driven approaches to help identify important variables or 321 

characteristics of the system. The use of heat maps generated from an occlusion approach to identifying 322 

spectral areas that highly influence predictions gives insight into the decision-making process and helps 323 

confirm that trained networks are relying on data from spectral regions associated with DBP precursors. 324 

Furthermore, heat maps can help direct future more detailed studies investigating the characteristics of 325 

precursor material. 326 

As such, the use of fluorescence spectroscopy coupled with machine learning techniques, such as deep 327 

CNNs, show promise to be used for rapid estimation of DBP formation potentials. In the context of typical 328 

regulatory thresholds for water treatment (total THMs < 80 µg/L, total HAAs < 60 µg/L) the presented 329 

methodology produced error levels (MAE 3.39 – 5.53 µg/L) that would be appropriate for rapidly 330 

informing operations and management regarding conformance with regulatory thresholds. Knowledge of 331 

DBP formation potentials in near real-time can enable tighter treatment controls and management efforts 332 

to minimize the public's exposure to DBPs.   333 

4 Methods 334 

4.1 Water samples 335 

Water samples were obtained from parallel pilot treatment trains that were fed Otonabee River water 336 

(Peterborough, Ontario, Canada). Samples were obtained throughout the treatment train for fluorescence 337 

analysis and for determining DBP formation potentials. Processes applied included coagulation, 338 

flocculation, sedimentation, ozonation, advanced oxidation (peroxide and ozone), and filtration through 339 

anthracite or activated carbon. Further information on the pilot-scale set-up and water samples can be 340 

found in Peleato et al. (2017).43 341 

4.2 Fluorescence 342 

Fluorescence spectra were collected using an Agilent Cary Eclipse fluorescence spectrophotometer 343 

(Mississauga, Canada). Excitation and emission wavelength ranges were 225 – 380 nm (5 nm increments), 344 

and 250 – 600 nm (2 nm increments), respectively.  The fluorescence spectra were blank subtracted using  345 

Milli-Q® water.  The spectrum for Milli-Q® water was also used to apply Raman corrections at an excitation 346 

wavelength of 350 nm and bandwidth of 5 nm to allow fluorescence intensities to be reported in Raman 347 

Units (RU).44 Absorbance values collected over the excitation-emission range were used to correct for 348 

inner-filter effects. Rayleigh scattering lines were removed by setting all values above 2nd order Rayleigh 349 

or below 1st order Rayleigh to 0. The absorbance corrected spectra were then scaled between 0 and 1 for 350 

each excitation/emission pair.  351 

4.3 Neural Networks 352 

All NNs were trained in Python 3.6 using the Keras library (v2.3.1; TensorFlow v1.15.0 backend). Hardware 353 

used was a Intel® Xeon® E2286G CPU and a NVIDIA GeForce RTX 2080. Training of all models took less 354 

than 20 minutes. 355 

Two general types of NNs were investigated: dense networks where there is a weighted connection 356 

between every node in subsequent layers, and CNNs. The number of nodes in each hidden layer of a dense 357 

network was defined as half of the previous layer. For example, with two hidden layers, hidden layer 1 358 

would have 3,168 nodes and layer 2 would have 1,584.  359 
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A general schematic of the CNN structure is shown in Figure 6. Convolutional layers involved training 360 

a set of 2D filters or kernels, which are weighting functions multiplied with input values in a specific spatial 361 

window. Filters are smaller than the input dimensions and are slid across the entire input to produce 362 

feature mapping of the input. Since one filter or weighting function is used for the whole input space, 363 

fewer trainable parameters are needed than dense networks. It also gives rise to feature invariance since 364 

the trained filter can identify a feature in any position of the input space. Max pooling layers look for the 365 

maximum value within a spatial window and then uses that maximum value to represent the output over 366 

that spatial window, effectively reducing dimensionality.  For more details on the mathematics of CNNs 367 

and the training process, see LeCun et al. (1998)45 and Goodfellow et al., (2016).28 CNN layers were 368 

considered as a set of convolutional layers followed by max pooling. Following convolutional layers, the 369 

structure was flattened, where pooled feature maps are vectorized into a dense hidden layer followed by 370 

a single output node. A varied number of structures were investigated to identify changes in performance 371 

based on depth (number of layers), size of convolutional filters (spatial window), number of max pooling 372 

layers, and number of convolutional filters. A summary of these structures is presented in Table 2.  373 

 374 

 375 
Figure 6 General schematic of convolutional neural network structure. The number of convolutional layers 376 

as well as the number of layers (convolution + max pooling) can be varied. 377 

 378 

Table 2 Descriptions of the general model types used.  379 

 380 

Model 

description 

Num. hidden 

layers Hidden layer 

Output 

layers 

Dense 𝑛 Dense (𝑛𝑜𝑑𝑒𝑠 = 0.5 ⋅ 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟) -> 

Batch Normalization -> 

Activation (𝑒𝑙𝑢) 

Output 

CNN 1 layer, 

no max 

pooling 

1 Convolution 2D (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟𝑠, 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟 (𝑥, 𝑥)) -> 

Batch Normalization -> 

Activation (𝑒𝑙𝑢) 

Flatten -> 

Output 

CNN n layers 𝑛 Convolution 2D (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟𝑠, 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟 (𝑥, 𝑥)) -> 

Batch Normalization -> 

Activation (𝑒𝑙𝑢) -> 

Max Pooling 2D (2,2) 

Flatten -> 

Output 

CNN n 

convolutions, 

4 layers 

4 𝒏 × { 

Convolution 2D (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟𝑠, 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟 (𝑥, 𝑥)) -> 

Batch Normalization -> 

Activation (𝑒𝑙𝑢) } -> 

Max Pooling 2D (2,2) 

Flatten -> 

Output 

 381 
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Common between all structures and types of NNs was the use of batch normalization to speed up 382 

training,46 followed by activation using an exponential linear unit (elu) activation function (equation 1). 383 

 384 𝐸𝐿𝑈: 𝑓(𝑥) =  {𝑥,                    𝑥 > 0𝑒𝑥 − 1,          𝑥 ≤ 0     (equation 1) 385 

 386 

All networks were trained with a mean squared error loss function coupled with 𝐿2 regularization to 387 

prevent overfitting (equation 2). The Adam optimization algorithm was used for all training.  388 

 389 𝐿𝑜𝑠𝑠 = 1𝑁 ∑ (𝑦𝑖 − 𝑦�̂�)2𝑁𝑖=1 + 𝜆‖𝑤2‖   (equation 2) 390 

Where,  𝑦𝑖  is the network output for sample 𝑖 (prediction) 391 

  𝑦�̂� is the true value for sample 𝑖 392 

  𝑁 is the total number of samples 393 

  𝜆 is a hyperparameter to control 𝐿2 regularization (set to 0.01) 394 

  𝑤 are all the network weights 395 

 396 

Prediction accuracy was determined on a test set (20% of all data, n=28) that was not used for training 397 

the network. The metric used to assess predictive performance was mean absolute error (MAE), primarily 398 

since it provides a metric in the same units used in analysis and is more easily interpreted.  399 

4.4    Occlusion method 400 

An occlusion approach was used to generate heat maps of spectral areas that most influence prediction 401 

accuracy. After training a network, test data was modified by iteratively setting a spectral area or patch 402 

equal to 0. These occluded or corrupted training samples are then fed through the network to produce a 403 

prediction of DBP concentration (Table 3).  404 

 405 

Table 3 Description of the occlusion method used to identify spectral heat maps or areas of importance. 406 

Occlusion method 

1: Train a network using original training data (𝑋𝑡𝑟𝑎𝑖𝑛)  

2: Predict outputs (𝑦𝑡𝑒𝑠𝑡) using original test data (𝑋𝑡𝑒𝑠𝑡) 

3: For t = 1 to 20,000 do 

4: Randomly select EEM patch from 𝑋𝑡𝑒𝑠𝑡  

5: Set patch = 0 to create corrupted test set, 𝑋𝑜𝑐𝑐𝑙𝑢𝑑𝑒𝑑  

6: Predict outputs (𝑦𝑜𝑐𝑐𝑙𝑢𝑑𝑒𝑑) using 𝑋𝑜𝑐𝑐𝑙𝑢𝑑𝑒𝑑  

7: Average error calculated over all test data.  𝐸𝑟𝑟𝑜𝑟 = 1𝑁𝑡𝑒𝑠𝑡 ∑ (𝑦𝑡𝑒𝑠𝑡 − 𝑦𝑜𝑐𝑐𝑙𝑢𝑑𝑒𝑑)𝑁𝑡𝑒𝑠𝑡𝑖=1 , 

where 𝑁𝑡𝑒𝑠𝑡  is the number of samples in the test set. 

8: Check all excitation/emission were included in random selection 

9: Calculate average error over all iterations for each excitation/emission pair 

  

The difference between initial predictions and occluded predictions provided an estimate of the 407 

importance of the occluded patch. If initial predictions and occluded predictions are identical or close, the 408 

trained network is not relying on that spectral area to estimate DBPs. On the other hand, if the error is 409 

high, the occluded region is influential on the accurate prediction of DBP levels. 410 
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